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Abstract A total of 540 topsoil samples (0-15 cm), 188
subsoil samples (2040 cm), and four individual soil pro-
files were collected in this study for mapping the Cu- and
Pb-contaminated areas in soils of Zhangjiagang city, an
industrialized city in the Yangtze River Delta region of
China. Robust geostatistical methods were applied for
identifying possible spatial outliers of Cu and Pb data, and
then a sequential Gaussian simulation was employed for
delineating the potential areas where Cu or Pb concentra-
tion was affected by diffuse pollution. The results showed
that the spatial outliers of Cu and Pb were strongly asso-
ciated with various types of factories. The anthropogenic
input of Cu to soils at local hotspots was closely related to
emissions of printing and dyeing, metallurgical, and
chemical factories, whereas a lead oxide factory and a
chemical factory resulted in a considerable increase of Pb
in the topsoil of the study area. Approximately 30% of the
total land area of the study was at potential risk from the
Cu or Pb diffuse pollution resulting from rapid industrial-
ization of the area over the past 20 years.
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Introduction

With the quick progress of industrialization and urbaniza-
tion in developing countries, the dispersion of heavy metals
into the environment through poorly treated waste-water
discharge, solid waste disposal, atmospheric deposition and
the use of agrochemicals has gained great concerns due to
their potential impacts on the environment and on public
health. As the core of the superficial ecosystem of the earth
and the pivot for material and energy exchanges among the
atmosphere, hydrosphere, biosphere, and lithosphere, soil
is being affected by the human activities which are stronger
than ever before. Consequently, soils are subjected to a
number of pollutants due to different human activities.
Among the soil and environmental pollutants, heavy metals
have received considerable attention over the last few
decades (Franssen et al. 1997) due to their accumulation
with time and their mobility resulting from changing
environmental conditions or by saturation beyond the
buffering capacity of the soil (Facchinelli et al. 2001).
Information and knowledge about the spatial patterns
of heavy-metal contaminated areas and hotspots are
important for decision makers to develop effective man-
agement recommendations. To delineate the heavy-metal
contaminated areas, the kriging estimation, which pro-
vides the best linear unbiased prediction at unsampled
locations, has been widely used for quantifying the spatial
patterns of heavy metals (Atteia et al. 1994; Zhang and
Selinus 1997; Meuli et al. 1998; Van Meirvenne and
Goovaerts 2001). In practice, however, it is difficult to
accurately characterize heavy-metal polluted areas be-
cause of their complex spatial pattern, high coefficient of
variation, and occurrence of hotspots with locally strong-
contaminated soils (Franssen et al. 1997). The kriging
estimator is a smoothing interpolator characterized as
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locally accurate but globally inaccurate, and kriging
estimation cannot reproduce basic statistics of the input
data. Another drawback of the kriging estimator is that
the smoothing effect depends on the local data configu-
ration. For these reasons, the kriged maps should not be
used for applications sensitive to the presence of extreme
values and their patterns of continuity (Goovaerts 1999).
Therefore, uncertainty associated with the delineation of
heavy-metal contaminated areas by the kriging estimator
needs to be considered in decision making for future
management (Goovaerts 2001) because such uncertainty
can be propagated into the subsequent environment
modelling and has fundamental impacts on the ultimate
results of the model. The stochastic simulation method
was recently proposed to overcome the shortcomings of
kriging variance (Goovaerts 1999) and the limitations
inherent in indicator kriging for assessing this kind of
uncertainty (Deutsch and Journel 1998; Juang et al.
2004). The equiprobable realizations generated by con-
ditional stochastic simulations allow to establishing
models to quantify the uncertainty. The stochastic simu-
lation provides either an estimated mean value of heavy-
metal concentration or the probability of exceeding a
given threshold level (Cattle et al. 2002), thus it can be
used for determining the heavy-metal contaminated areas
and associated uncertainty through setting a given critical
probability and calculating the joint probability of the
obtained areas. In studies by Mowrer (1997) and Wang
et al. (2001), sequential Gaussian simulations were ap-
plied to generate estimations of variables for old-growth
forest conditions and to assess the uncertainty of the soil
erodibility factor for a revised universal soil-loss equa-
tion, respectively. Juang etal. (2004) assessed the
uncertainty of delineating heavy-metal contaminated soils
using a sequential indicator simulation and discussed the
local uncertainty and spatial uncertainty of mapping Cu
concentrations.

The heavy-metal data in polluted areas often contain
outliers; the existence of outliers will strongly influence the
estimation of polluted areas. Spatial patterns of heavy
metals in soils affected by industrialization process involve
spatially continuous variations arising from parent material
and the effects of diffuse pollution. Superimposed on this is
point contamination at local hotspots (Rawlins et al. 2005).
Sites influenced by point contamination are likely to be
spatial outliers. In the studies of Lark (2002) and Rawlins
et al. (2005), a robust geostatistical method was applied for
detecting the spatial outliers of heavy metals. An obser-
vation will be called a spatial outlier if its value is notably
different compared to those distributed at the sites around
it. In geostatistics, the spatial outliers are interesting by
themselves because they can provide additional informa-
tion about the model (Militino et al. 2006) and potential

@ Springer

point sources of contamination. The removal of spatial
outliers can also eliminate the influences of spatial outliers
on conventional geostatistical analysis using Matheron’s
estimator of the variogram (Lark 2000). Therefore, the
detection and removal of spatial outliers before mapping
the potential ‘‘areas’” of heavy-metal contamination will
help identify the point sources of contamination and im-
prove the estimation of areas that are under the influences
of non-point sources of contamination.

The Yangtze River Delta region is one of the most
developed areas in China. Soil quality in the area has been
greatly impacted by rapid industrialization, urbanization
and intense agricultural uses. In this area, industrialization
has occurred even in small towns and villages with limited
land area and many small factories are intermixed with
farmlands. Consequently, soil properties and pollutants
vary dramatically even across very short distances due to
scattered industrialization and human activities. Identifi-
cation and delineation of heavy-metal contaminated areas
and local hotspots in this area are important because they
can serve as a basis for planning management strategies to
achieve better environmental quality.

The aim of this study is to combine robust geostatistical
analysis, conditional stochastic simulation and sampling
analysis of topsoil (015 cm), subsoil (20—40 cm), and
individual soil profiles to delineate the possible areas of Cu
and Pb contamination in topsoil of a rapidly industrialized
city, Zhangjiagang City, in the Yangtze River Delta region
of China. The specific objectives of this study were: (1) to
identify local hotspot of Cu and Pb contamination in the
study area; (2) to delineate the potential areas where the Cu
or Pb concentration were affected by diffuse pollution; and
(3) to assess the uncertainties associated with the delinea-
tion of Cu/Pb-contaminated areas.

Materials and methods
Study area

The study area is Zhangjiagang city, which is situated on a
flat alluvial plain on the Yangtze River Delta (Fig. 1). The
total area of Zhangjiagang city is 999 km? of which
799 km? are terrestrial areas, inhabited by a population of
860,200. With a north sub-tropical monsoon climate,
Zhangjiagang has a mean annual temperature 15.2°C and
an annual rainfall of 1039.3 mm. The main soil types in the
study area are fluvo-aquic soils (Aquic Cambosols) and
paddy soils (Stagnic Anthrosols) (SSOSC 1984; STRG
2001). Prevailing in the fields along the Yangtze River in
the northern part of the city are slightly alkaline fluvo-aquic
soils, most are grey fluvo-aquic soils (Anthrostagnic-Dark-
Cambosols), which were derived from alluvial parent
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materials with medium-light loamy texture. Derived from
fairly clayed, neutral and slightly acidic lagoon-phase
alluvial materials, paddy soils were mainly distributed in
flat fields in the southern part of the city; most are identified
as waterloggogenic paddy soils (Typ-Fe-accumuli-An-
throsols).

Since the 1980s, Zhangjiagang has become one of the
most rapidly economically developing areas in the Yangtze
River Delta region. With a greater than 60% share of the
city’s total GDP, industries in the city consist of chemical,
metallurgical, electroplating, printing and dyeing, paper
making, breeding, etc.

Sampling and chemical analysis

A total of 540 topsoil samples (0—15 cm) were collected in
2004 (Fig. 1), of which 379 samples throughout the study
area were collected according to the soil types and land
use, as well as an even coverage of the whole study area.
When sampling, soils in the top layer of 68 points in each
site of an area of about 0.17 ha were collected and then
fully mixed, and finally divided into parts of approximately
1-2 kg each. Only one of the parts was packed in a bag and
brought back for laboratory analysis. In 27 out of the 379
sampling sites, samples for subsoil (2040 cm) were also
collected. One hundred sixty-one samples around various
factories (the factory locations with pollutant discharging
were provided by the local environmental authority) were
also collected; sampling sites were mainly decided by
waste discharging forms of industries. When sampling
around a waste-water discharging industry, topsoil (0-
15 cm) and subsoil (20-40 cm) at 68 points distributed in
an area of about 0.08 ha at points 50-100 m away in the
downstream direction from the water-discharging outlet
were collected and mixed, respectively. Of the mixed soils,
1-2 kg were packed and taken back to the laboratory. For
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atmospheric discharging cases, topsoil and subsoil samples
were collected at sites at 50-100 m away from discharging
outlets in the windward or counter-windward direction. For
solid-waste disposal sites, samplings (topsoil and subsoil)
were taken 50-100 m away from the disposal site. Fur-
thermore, four profiles were also selected and sampled
according to their degree of surface contamination and the
soil types. All sampling sites were recorded by global
positioning system (GPS) and the related information such
as land-use history, vegetation, soil type, and present and
potential pollutant sources were also recorded in detail.

The collected soil samples were air dried and then
ground to 100 meshes for chemical analysis. The soil
samples were digested by reverse aqua regia (HCl/
HNO; = 1/3) and the total concentrations of Cu and Pb
were determined by flame atomic absorption spectrometry
(AAS) (Burt et al. 2003). Quality control was based on the
use of certified samples (GBW 07413, ASA-2 and GBW
07415, ASA-4) and duplicates of the analysis.

Detection of high-value spatial outliers

The robust method proposed by Lark (2000; 2002) was
employed in this study to detect the probable spatial out-
liers in Cu and Pb data. This mainly involved two proce-
dures:

(1) Define a proper aggregation function and neighbor-
hood set to estimate the expected value of the spatial
point using its neighbors’ non-spatial value.

Here, the kriging estimator was selected as the aggre-
gation function and the range of the variogram for Cu (Pb)
was set as the boundary of the neighborhood set. The key to
procedure was to select the proper estimator of the vario-
gram. Matheron’s estimator and three robust estimators,
Cressie and Hawkins’s (1980) estimator, Dowd’s (1984)
estimator, and Genton’s (1998) estimator, were applied to
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determine whether the robust estimator was necessary or
which robust estimator was best (see Lark 2000, 2002 for
detailed information about the equations for calculating the
four estimators of the variogram). The experimental semi-
variances of each estimator and the corresponding fitted
models were calculated by using R (R Development Core
Team 2005), GeoR (Ribeiro Jr. and Diggle 2001) and qn
packages for R (Furrer and Genton 1999).

A variogram model for each estimator was then used in
kriging to estimate each observation in the data set by
cross-validation, and the variogram models were compared
with respect to the median of 0(x). The statistic 6(x) can be
used for evaluation of the variogram used in the kriging
(Lark 2000).

0(x) — 1208 — 20} 0

Ok,
where Z(x;) denotes the estimate of ordinary kriging, z(x;)
is the observed value, and a?c ; represents the kriging
variance. The best variogram models for each of the two
metals can be judged by comparing the median of 0(x) with
0.455, if the median of O(x) is close to 0.455, then proper,
otherwise not.

(2) Define a proper difference function to evaluate the
contrast of the estimated value and the measured
value, and then define a statistical test to identify
spatial outliers by examining the difference func-
tion.

The difference function was defined as Z(xo) — z(xo),
and the standardized kriging error &,(x) was calculated for
identifying spatial outliers.

(x) = Z(x0) — 2(x0) 2)

0K 0

A datum was classified as a high-value spatial outlier if its
standardized kriging error was less than —1.96, i.e., if it fell
below the lower 95% confidence interval for a standard
normal variate (Rawlins et al. 2005).

Modeling the contaminated areas and associated
uncertainty

The Cu (Pb) data without spatial outliers and the condi-
tional sequential Gaussian simulation (SGS) were used to
generate 1,000 equiprobable realizations (cell size 50 m X
50 m) for obtaining the potential areas where the Cu (Pb)
concentration was mainly affected by diffuse pollution.
The SGS algorithm (Deutsch and Journel 1998) involves
the following steps: (1) A random path visiting each node
of the regularly spaced grid covering the study area was
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established; (2) For each unsampled location, the normal-
score-transformed data values were used to estimate the
expected value of the multivariate Gaussian probability
distribution function for that grid node using ordinary
kriging; (3) The conditional probability density function
for the grid node could be determined because of the
assumption of Gaussian spatial behavior; (4) A simulated
value was randomly drawn from that probability distribu-
tion as one possible simulation of the variable at that
location; this simulated value is then added to the condi-
tioning data set and the calculation proceeds to the suc-
cessive node along the whole random path through the grid.
All nodes at the random path are visited and each node
received a simulated value will obtain a realization of SGS.
Repeating L times of SGS, and each time using the dif-
ferent path to visit all nodes of the grid defined over the
study area will result in L equiprobable realizations. A set
of realizations generated by SGS can be used to calculated
the probability that the unknown Cu or Pb concentration
z(x") at location X” is greater than a given background value
z, of Cu or Pb, it can be denoted as Prob[z(x") > z], and this
probability can be calculated based on the following
equation:

Prob[z(x') >z] = 3)

The SGS was carried out 1,000 times and n(x") is the
number of realizations that the simulated Cu (Pb) values
generated by SGS were greater than the background value
in each of the 1,000 realizations.

With a given critical probability P, the areas where Cu
and Pb concentrations were probably affected by diffusion
pollution process can be obtained using the rule
Prob[z(x")>background value] > P, and the reliability of
the obtained areas can be assessed using joint probability.
Suppose there are n locations, m, ms,..., m,, in area A, the
probability of Cu (Pb) concentration of n locations in area
A all being greater than the threshold z, namely the joint
probability, can be calculated based on the following
equation:

Probz(m;) >z, z2(m2) >z, ..., 2(my) >z

n(my, my,...,my,)
B 1,000 ’ )
where 1,000 is the simulation times, n(m,, m,,..., m,) is the
number of realizations that have all simulated Cu (Pb)
values of n locations in area A all being greater than the
threshold value z; in each realization in the 1,000 realiza-
tions.

The sgsim and postsim subroutines in the software
package GSLIB (Deutsch and Journel 1998) were used to
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perform the SGS and the post processing of the realiza-
tions.

Results
Descriptive statistical analysis

Figure 2 is the histogram and descriptive statistics of the
raw data on soil Cu and Pb concentrations and the same
data transformed to natural logarithms. The descriptive
statistics showed that the mean values of Cu and Pb
concentrations in topsoil of the study area were 31.87
and 30.32 mg kg ™', respectively. The ranges between the
minimum and maximum of Cu and Pb concentrations
were estimated at 218.43 and 202.48 mg kg™', respec-
tively. The Cu and Pb concentrations observed in this
study highlighted the large variation of Cu and Pb data,
and the skewness is 7.70 for Cu data and 9.75 for Pb
data. The histograms of Cu and Pb raw data showed a
long right-tail distribution, indicating that there existed
some higher Cu and Pb concentration values and that the
spatial distribution of Cu and Pb concentrations in top-
soil of the study area is not homogeneous. The skewness
of Cu and Pb data decreased after the log transformation
(natural logarithm) was applied (Fig. 2), and the log-
transformed histograms exhibited the similar shapes to a
normal distribution excepted that several high values of
Cu and Pb data existed in the right tails, indicating that
outliers of Cu and Pb concentrations might exist in the
data.

Identification of spatial outliers

The isotropic variograms of the log-transformed Cu and Pb
concentrations estimated by Matheron’s estimator and the
three robust estimators of variograms are shown in Fig. 3.
Compared with the result from Matheron’s classical esti-
mator, the nugget (Cy) and sill estimated by the three ro-
bust estimators of the variogram were significantly lower,
whereas the ranges were larger than the result of Mather-
on’s estimator, which could be attributed to the fact that the
robust estimators of the variograms are of great resistances
to extreme values.

Table 1 presents the median values of 6(x) calculated
from the cross-validations based on four variogram models.
It could be inferred that the median value of 0(x) obtained
by using Matheron’s estimator was significantly smaller
than 0.455 and Matheron’s estimator appears to overesti-
mate the variogram. All the robust variogram estimators
give median values of 0(x) in the 95% confidence interval
about 0.455 (the expected confidence interval for the
median of O(x) is 0.338-0.572 for 540 samples), with
Dowd’s estimator for Cu and Pb closest to this target value,
thus Dowd’s robust estimator of variogram was selected to
compute the standardized kriging error of the log-trans-
formed data for identifying the spatial outliers in Cu and Pb
data. The kriged maps of Cu and Pb, derived from the
back-transform of ordinary kriging estimates of the log-
transformed data (Webster and Oliver 2000), were also
presented for giving a first idea of the Cu and Pb distri-
bution trends before and after the spatial outliers were
removed.

Fig. 2 The descriptive statistics 20| [ 160
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Fig. 3 The variograms and fitted models of log-transformed Cu and
Pb data estimated by four estimators of variograms

Table 1 The median values of 0(x) from cross-validation based on
four variogram models

Matheron Cressie— Genton Dowd

Hawkins
Log-transformed Cu data  0.202 0.338 0.444 0.451
Log-transformed Pb data  0.258 0.348 0.369 0.404

Fig. 4 The identified spatial

A total of 35 unique sample locations were identified as
high-value spatial outliers, the number of high-value spatial
outliers for Cu (Fig. 4) and Pb (Fig. 5) were 21 and 17,
respectively. There are three locations where Cu and Pb
concentrations were all spatial outliers. The three locations
were distributed around an electroplating factory, a non-
ferrous metal solvent factory and a paper making factory,
respectively, according to the field investigation.

Delineation of contaminated areas and assessment
of associated uncertainty

The diagnosis of Cu and Pb diffuse accumulation in soils
requires information of the pedogeochemical background
of the elements in soil. The Ministry of Agriculture of
China (Agricultural Environment Background Value Re-
search Group 1997) provided the background values of
heavy metals in soils of Suzhou city (Table 2) and the
study area, Zhangjiagang city, is part of Suzhou city.
Fortunately, this background value survey project was
conducted from 1978 to 1985 and this period was imme-
diately before the industrialization of the study area. The
dominant soil types in Suzhou are waterloggogenic paddy
soils and grey fluvo-aquic soils, and these two types of soils
covered more than 85% of total land area of Suzhou, which
were similar to the study area, thus these background
values might be used for determining the areas where Cu or
Pb were mainly affected by non-point sources of pollution
(diffuse pollution).

The mean values of the background values of Cu and Pb
concentrations in topsoil of Suzhou city (Table 2) were
selected to calculate the probability of Cu or Pb concen-
tration being larger than the background values to map the
potential areas affected by diffuse pollution. The upper
concentration limit of the Cu and Pb background values
were also applied for obtaining the most probable areas.
Figure 6 shows the calculated probabilities of Cu and Pb
being greater than the corresponding background values
and upper concentration limit of background values,
respectively. It demonstrated that areas where Cu concen-
trations were probably affected by diffuse pollutions were

Cu concentration

outliers and ordinary kriging ssioe

estimates of Cu concentrations
(figures labeled on corners of
the map are coordinates of
Albers projection; ‘East (m)’
and ‘North (m)’ indicate the
direction of the coordinate
system, and the coordinate

-= North (m }
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Fig. 5 The identified spatial
outliers and ordinary kriging
estimates of Pb concentrations

3511008

== North {m )

3479106

1424575 >East(m)

a Using 540 sampling points

Table 2 The background values of copper and lead in topsoil of
Suzhou city

Number Coefficient ~ Mean Lower—upper
of samples  of variation  (mg kg™)  concentration limit
(%) (mg kg™)
Cu 45 19.5 24.88 15.35-34.41
Pb 45 25.3 25.48 12.86-38.10

mainly located in the center of northern parts of the study
area (Fig. 6a), whereas for Pb the dispersed areas covered
most of the study area (Fig. 6¢).

With a given critical probability P, the areas where Cu
and Pb concentrations were probably affected by diffuse
pollution were obtained from Fig. 6 based on the rule
Prob[z(x")>background value] > P.. Here, 0.95 was se-
lected as the critical probability. The obtained areas are
presented in Fig. 7a, b, respectively. The black zones in
Fig. 7 indicate that the Cu (Pb) was affected by diffuse
pollution more so than the gray zones due to application of

Fig. 6 Probability of Cu/Pb 3511006
being greater than the

background value

-> North (m )

1470475
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the upper concentration limit of background values in the
former. Here, the black zones may be considered the most
possible areas affected by diffuse pollution whereas the
gray zones indicate the potential areas. The potential areas
were mainly distributed in the northern part of the study
area where metallurgical, chemical and dyeing factories
were dense and intermixed with farmlands. Table 3 shows
that approximately 30% of the total land area is at potential
risk resulting from the diffuse pollution.

However, the probability distributions in Fig. 6 cannot
provide any measure of the reliability of the obtained areas
in Fig. 7, because the conditional cumulative distribution
function obtained by SGS only provides a measure of
single-point uncertainty, and a series of single-point con-
ditional cumulative distribution functions do not provide
any measure of spatial uncertainty (Goovaerts 2001). The
joint probability obtained from the realizations generated
by SGS can be used to assess the reliability of obtained
areas affected mainly by diffuse pollutions. Table 3 indi-
cates that the obtained areas by SGS are of relatively high
reliability because the joint probability of the obtained

Probability
value
1.0

Probability
value
1.0

3511008
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S
Al\._/ 0.0

3479108 0.0 3479106
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a Prob [Cu > 24.88 mg kg''] C  Prob[Cu>3441mgkg’]
3511006 Probability 3511006 | Probability
value value
1.0 1.0
E £
= et
t £
2
K 4
3479106 0.0 2475106 | 0.0
1424575 ->East(m) 1470475 1424575 >East(m) 1470475
b Prob [Pb > 25.48 mg kg d  Prob[Pb>38.10mgkg’]
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Fig. 7 The areas where Cu or 3511006 :
Pb was affected by diffuse j
pollution .

-> North (m)

3479108

1424575 >East(m)

a Cu

Table 3 The joint probability for areas where heavy-metal concen-
tration is greater than the background value

Heavy metal Background Area Joint
value (mg kg’l) percentage (%) probability
Cu 34.41 1.30 0.79
24.88 33.3 0.72
Pb 38.10 0.14 0.84
25.48 29.2 0.70

The critical probability is 0.95

areas were all greater than 0.7; therefore, the spatial
uncertainty of the obtained areas is small.

Discussion

Relationship between spatial outliers and the type
of factories

The high nugget-to-sill ratio of the variograms coupled
with the long range would cause a great deal of
smoothing. Therefore, a high value with few sample
points near it would likely appear as an outlier, not
because it is indeed a hotspot, but because too few
samples were taken near it. However, no such situations
for the identified spatial outliers were observed in this
study. The spatial outliers of Cu and Pb were strongly
associated with various types of factories. Figure 8
shows the relationships between Cu/Pb spatial outliers
and the type of factories closest to each outlier. It could
be inferred from Fig. 8 that the anthropogenic input of
Cu to soils was mainly connected to emissions of
printing and dyeing, metallurgical, and chemical facto-
ries, whereas the lead oxide factory and chemical factory
resulted in the significant increase of Pb in the topsoil of
the study area. Based on the Chinese Environmental
Quality Standard for Soils (GB 15618-1995) (State
Environmental Protection Administration of China 1995),
the Cu concentrations of five samples exceeded the Cu
guide value (the guide value is 50 mg kg™ when
pH < 6.5, and 100 mg kg when pH > 6.5) (Fig. 8,
samples with concentrations exceed the guide value were
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labeled by dashed rectangles). As for Pb in topsoils of
the study area, no samples fell outside the guide value
(the guide value is 250 mg kg~' when pH < 6.5, and
300 mg kg™' when pH > 6.5). There are also samples
around breeding farms or even in farmland without po-
tential influences of factories that were identified as
spatial outliers (Fig. 8), these could be related to the
intensive use of agricultural soils in the study area, and
Cu and Pb are also present in some chemical fertilizers
and organic or inorganic pesticides, as well as in
domestic sewage sludge.

The concentrations of Cu and Pb in topsoil were
significantly higher than those in subsoil (Fig. 8), and the
maximal ratio of metal concentration in topsoil to those
in subsoil for Cu and Pb were 6.2 and 7.6, respectively,
indicating that Cu and Pb accumulated mainly in topsoil.
The vertical distributions of Cu and Pb in two profiles
near the spatial outliers with the highest Cu and Pb
values are presented in Fig. 9. To obtain detailed infor-
mation about the vertical distribution of Cu or Pb, the
profiles were sampled carefully by fixed-depth intervals
ranging from 2 to 10 cm without taking into account the
podogenic horizons. Figure 9 also shows that Cu and Pb
concentrations decreased abruptly from the surface
downward, indicating that the accumulations of Cu and
Pb were mainly restricted to the upper 20 cm whereas no
significant changes in concentrations were observed be-
low 20 cm. The highest Cu concentration was found at
about 13 cm, which may be the result of anthropogenic
disturbances, e.g., the farmland is plowed every year and
generally the ploughed depth would be less than 20 cm.
Thus, it could be inferred that Cu and Pb in soils of the
study area might have a very low geochemical mobility.
Furthermore, various reports on the vertical distribution
of metals in soil also showed a superficial accumulation
of non-indigenous metals, whether these originate from
the spreading of waste or from atmospheric fallout of
industrial contamination (Kuo et al. 1983; Chang et al.
1984; Li and Shuman 1996; Sterckeman et al. 2000). It
may be insufficient, however, to evaluate the depth that
has been reached by the contamination because the
profile depths examined in this study did not exceed
1 m.
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Fig. 8 The comparison of Cu and Pb concentrations of spatial outliers between topsoil and subsoil and factory types (*Here, the lead oxide
factory was separated for facilitating to identify the potential point-source pollution)
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Fig. 9 Vertical distributions of Cu and Pb in profiles around spatial
outliers of Cu and Pb with the highest concentrations (grey fluvo-
aquic soils, near chemical factory)

Representing background concentrations of Cu and Pb
before industrialization

The pedogeochemical background of Cu and Pb in soils of
the study area may also be determined by analyzing the
corresponding horizons of non-contaminated soils of the
same type (Sterckeman et al. 2000). In terms of pedogenic
influences, the two main soil types in the study area, grey
fluvo-aquic soils and waterloggogenic paddy soils, were
derived from different parent materials. As the underlying
lithology is not readily accessible, the influence of parent
material was studied through the analysis of the C (parent
material) and G (gley) horizons of two profiles taken from

the two main soil types. Figure 10 shows that the Cu
concentrations in the C horizon of the grey fluvo-aquic soil
profile and the G horizon of the waterloggogenic paddy soil
profile were 25.39 and 26.62 mg kg™', respectively, and
the two figures were approximately equal to the average
background values of Cu in Suzhou city (Table 2). The Pb
concentration in the G horizon of the paddy soil profile was
slightly higher than that in the C horizon of the grey fluvo-
aquic soil (Fig. 10), indicating that the parent materials
might have considerable influences on the Pb concentra-
tions in soils of the study area. However, when quantifying
the potential areas of Pb contamination due to the indus-
trialization process over the past 20 years, the average
background value of Pb of Suzhou city (Table 2) was still
reliable in representing the Pb background levels because
this value was obtained immediately prior to the industri-
alization of the study area. The profile used for analysis
here is just one profile for each of the two main soil types
and the search for a suitable profile site without influences
of factories in or near the study area was very difficult due
to the factories being intermixed with farmland and resi-
dential areas in this region.

It should be pointed out that this study only dealt with
the spatial patterns of total Cu and Pb concentrations in
soils. However, for better understanding the sources of
heavy-metal pollution in the area, studies on element bio-
availability in soils should be intensified because element
bioavailable parts are a primary factor affecting element
pollution in plant and water bodies in the environment
instead of the total components.
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Fig. 10 Vertical distribution of Cu and Pb in profiles of grey fluvo-
aquic soils and waterloggogenic paddy soils

Conclusions

Great variations exist in Cu and Pb concentrations in top-
soils of the study area. The variability of Cu and Pb con-
centrations at the local hotspots was strongly associated
with various types of factories, and the anthropogenic input
of Cu into soils around the hotspots is closely related to the
emissions of printing and dyeing and metallurgical facto-
ries, whereas the lead oxide factories and chemical facto-
ries resulted in the significant increase of Pb in topsoils.
Approximately 30% of the total land area of the study area
is of potential risk resulting from the non-point sources of
contamination of Cu and Pb due to the rapid industriali-
zation over the past 20 years.

It should be noted that the economy of the study area is
still rapidly expanding and a decrease of soil pH was also
observed in the area over the past 20 years (Shao et al.
2006), which may increase the concentrations of available
Cu in soils, thereby enhancing the accumulations of Cu in
crops or vegetables. Moreover, although Pb in soils ab-
sorbed by crops or vegetables was very limited, the accu-
mulations of Pb in soils may also increase the risks of
people exposed directly to soils. Therefore, effective
managements and powerful control measures should be
taken immediately and persistently in the area.
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