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Summary

In a recent paper it was concluded that an enrichment of copper (Cu) content by 6 mg kg−1 dry mass in
the soil around Ypres (Belgium) was a legacy of shelling during the First World War. This conclusion was
based on a regional database of the entire province of West-Flanders (3144 km2) containing a limited number
of soil samples in the war zone. Shells partly consisted of an alloy of Cu and zinc (Zn), and shrapnel balls
were made out of lead (Pb). We expanded the database with a two-phase sampling design, each of 100
samples, in the war zone surrounding Ypres (640 km2) to (i) increase the detail of the inventory and (ii)
expand the database to include Cu, Pb and Zn. This article focuses on the geostatistical selection of additional
sampling locations. As the enrichment was spatially continuous and our aim was to map accurately over
the range of values, rather than to delineate the enriched area, conventional selection criteria based on the
probability of exceeding a critical threshold were not suitable. Therefore the sampling locations were optimized
using a combination of selection criteria based on the kriging variance, the conditional variance and the
conditional coefficient of variation obtained with sequential Gaussian simulation. A jackknife validation with
102 independent observations indicated the improvement after each phase. Additionally, the local uncertainty
maps tended to show reduced values and a more homogenous pattern as additional samples were added. In
an overview of the final prediction maps for Cu, Pb and Zn it is clear that those for Cu and Pb reflect the
position of the main front line.

Introduction

In a study focusing on the occurrence of soil heavy metal
concentrations in West-Flanders (Belgium), Van Meirvenne et al.
(2008) concluded that the topsoil of the former war zone around
Ypres was currently characterized by an average copper (Cu)
enrichment of 6 mg kg−1 soil (dry mass, DM), resulting from
the millions of shells fired in the First World War (WWI). The
enrichment can be seen as an increase in the geochemical baseline
concentration and is spatially continuous, unlike a local point
contamination.

However, this conclusion was based on a regional database
of the entire province of West-Flanders (3144 km2) with a
limited number of soil samples located in the war zone. The
Cu concentrations were interpolated for a prediction grid with
a resolution of 500 m by 500 m. Furthermore, the chemical
composition of the WWI ordnance consisted not only of a
considerable amount of Cu, but zinc (Zn) was also used in the
top fuse and the rotating band of a shell and shrapnel balls
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were made out of lead (Pb). Therefore, the Flemish government
decided that extra samples were needed to improve the level
of detail inside the enriched region, allowing interpolation on
a prediction grid of 200 m by 200 m, and that data on Pb and
Zn were also required. This paper describes the development
of a multiphase geostatistical sampling strategy for a spatially
continuous enrichment of heavy metals in soils, thereby taking
into account budget and time constraints.

Although a multiphase sampling strategy based on geostatistical
selection criteria has already proven its efficiency (Chien, 1998;
Verstraete & Van Meirvenne, 2008), for every specific situation an
optimization is needed with respect to the number of samples, the
number of phases and the type of selection criterion. To increase
the overall cost efficiency, the challenge is to determine for each
sampling phase which selection criterion is the most appropriate
given the available data, circumstances and gathered knowledge.

A commonly applied criterion in local point pollution studies
is sampling at locations where the conditional probability of a
variable Z(x) (with x the vector of coordinates) exceeding a
critical threshold zc is around 50% (Garcia & Froidevaux, 1997;
Barabás et al., 2001; D’Or, 2005; Pardo-Igúzquiza & Dowd, 2005;

© 2011 The Authors
408 Journal compilation © 2011 British Society of Soil Science



Two-phase sampling to map heavy metals in soils 409

Verstraete & Van Meirvenne, 2008). This strategy allows an
isarithm for the concentration that corresponds to this threshold to
be accurately mapped, as is required for decisions on remediation.
However, this criterion does not ensure that variations above or
below the threshold are mapped precisely, whereas our aim is
to map the heavy metal enrichment accurately over the range
of values, rather than to delineate the enriched area. Moreover,
determining a critical threshold is not straightforward in our case.
Legal soil quality thresholds exist, but are not useful in the case
of an increase of the baseline concentration, while the methods
to define geochemical baseline concentrations are still under
development (Meklit et al., 2009).An alternative is the design of
a sampling scheme that minimizes the mean, or the maximum,
ordinary kriging variance (σ 2

OK) (Webster & Burgess, 1984; Van
Groenigen & Stein, 1998). This prediction error variance is
conditional on the variogram and the configuration of the data
points and independent of the data values, allowing the user to
predict the impact of the sampling campaign on σ 2

OK beforehand
(Burgess et al., 1981; Englund & Heravi, 1994).

In contrast to the kriging variance, the conditional variance
(σ 2

C), determined by the conditional cumulative distribution
function (ccdf), not only depends on the data configuration but
also on the data values (Goovaerts, 1997). Lloyd & Atkinson
(1999) demonstrated that maps of the conditional variance are
appropriate for sampling of data to improve existing datasets.
Because of the heteroscedasticity of σ 2

C, locations with the largest
σ 2

C are found in areas where large concentrations are predicted
(Van Meirvenne & Goovaerts, 2001). These authors proposed the
use of conditional coefficient of variation (CV C). Whereas σ 2

C

can be seen as a measure of the absolute uncertainty, the relative
uncertainty can be expressed by CV C. As each selection criterion
has its own characteristics, it is advantageous to combine them
(Chien, 1998; Verstraete & Van Meirvenne, 2008).

Methods and approaches

WWI war zone and initial dataset

A study area focusing on the WWI war zone around Ypres,
Belgium, was delineated to select the locations of additional soil
samples. In comparison with the study area of Van Meirvenne
et al. (2008), which consisted of the whole province of West-
Flanders (3144 km2), a smaller study area of 640 km2 was used
for this more detailed inventory. The delineation of our study
area was based on the final Cu map of Van Meirvenne et al.
(2008) (Figure 1). We focused on Cu values exceeding the official
background threshold value of 17 mg kg−1 soil (DM), as defined
by the Flemish Government (Vlaamse Gemeenschap, 1996).

The soil in the war zone consists of Pleistocene wind-blown
sediments deposited over Tertiary marine sediments. The topsoil
texture is mainly sandy-silt and changes gradually to silt in a
north to south direction. The topography is weakly undulating
with elevations mostly between 10 and 30 m. A chain of hills,
in which the Kemmelberg is the highest (151 m), occurs to the
southwest of Ypres.

Figure 1 Belgium with West-Flanders indicated (left), and West-Flanders
with the study area indicated (right). The initial dataset (267 locations) is
shown on the final Cu map taken from Van Meirvenne et al. (2008).

Initially, 267 topsoil (0–50 cm) observations (Figure 1) were
available from a geographical database maintained by the Public
Flemish Waste Agency (OVAM) and from a study in 1998 by
Ghent University (Tack et al., 2005). The procedure to determine
the total Cu, Pb and Zn concentrations involved a microwave
destruction of 0.5 g of the air-dry fine-earth fraction (<2 mm) of
soil with HCl, HNO3 and HF acids (OVAM, 1992, CMA/2/II/A.3)
and the metals in the digest were analysed by ICP-AES (OVAM,
1992, CMA/2/I/B.1). The OVAM samples were from a single
auger hole, while the Ghent University data refer to composite
samples from four to eight auger holes.

The OVAM data were collected in the framework of soil
pollution investigation according to standard procedures and were
analysed for eight heavy metals, among other substances. This
means that outliers in the OVAM dataset could have been caused
by local soil pollution. Therefore, an intensive clean-up of the
data was performed. After the removal of the marginal and spatial
outliers (Meklit et al., 2009) and the averaging of data pairs with
a mutual distance of less than 10 m, 250 data points remained for
Cu, 248 for Pb and 247 for Zn.

Table 1 shows the descriptive statistics of the initial dataset.
The median for Cu was 2 mg kg−1 (values are expressed on a
DM soil basis throughout) smaller than was predicted by Van
Meirvenne et al. (2008); this can be explained by the larger study

Table 1 Descriptive statistics of the initial dataset of Cu, Pb and
Zn / mg kg−1 soil (DM)

Cu Pb Zn

No of data 250 248 247
Minimum 4.5 1.0 6.7
Median 16 30 56
Maximum 120 300 520
Mean 22.0 43.9 77.3
Variance 376 2109 4999
Coefficient of variation 0.88 1.04 0.91
Skewness 2.62 2.77 3.12
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area. There was a large difference between the mean and median of
all three variables, which were positively skewed. The coefficients
of variation show that the three datasets had a considerable degree
of variation. Although the data were strongly clustered (Figure 1),
in a cell declustering analysis (Goovaerts, 1997) the estimated
mean fluctuated only slightly with increasing cell size, indicating
that there was no preferential sampling towards larger or smaller
values in the clusters.

OVAM provided the means to take 300 additional soil samples,
of which one-third was intended to be used as an independent
validation dataset. The samples were analysed in the same way
as the 267 initial samples, but the additional samples were all
composites from five auger samplings (0–30 cm) within a radius
of 5 m. To constrain the logistic costs we opted for a two-phase
sampling strategy with each phase consisting of 100 samples.

Results and discussion

Geostatistical multiphase inventory strategy

Phase 1: Selection based on the data configuration. Because
of the clustered configuration of the initial data locations, the
first objective was to target the under-represented areas. For this
selection we used the Cu dataset because all datasets were very
similar for the three metals. As the initial data were strongly
skewed, we transformed the data to natural logarithms.

When we applied ordinary point kriging to the log-transformed
data on Cu (lognormal ordinary kriging or LOK) on a 200-m
square grid using a search window with a radius of 2000 m,
which was about the range of the variogram (Van Meirvenne
et al., 2008), almost a third of the interpolation points at which
kriged estimates were computed had fewer than two neighbours.
Therefore, in a first step, 66 locations were randomly selected
from among these interpolation points with the condition that
the minimum distance between any two of the 66 locations was
above 2000 m (Figure 2a). This procedure, with this number of
locations, ensured that further predictions at nearly every location
could be made from at least two neighbouring data points inside
a search-window with a radius of 2000 m. In a second step, we
computed the LOK-variance (σ 2

LOK) at location x0, i.e. the OK-
variance of the log-transformed variable:

σ 2
LOK(x0) =

N∑
α=1

{λαγ (xα − x0)} + �(x0), (1)

where λα are the weights obtained by solving the OK kriging
system of the log-transformed Cu data, γ (xα − x0) are the
variogram values for the lag distances between the data points
at location xα , and x0, obtained after log-transformation of Cu,
and �(x0) is the Lagrange multiplier.

Because the ordinary kriging variance does not depend on the
data values, we included the 66 locations with the initial dataset to
compute the σ 2

LOK (using the variogram from the initial dataset).
The 34 prediction locations with the largest σ 2

LOK were then

(a)

(b)

Figure 2 Selection of the locations during the first sampling phase based
on the data configuration of Cu with (a) the 66 locations selected where
it was not possible to find two or more data within a search window with
a radius of 2000 m, and (b) the 34 locations selected where the σ 2

LOK was
largest.

added to the set for further sampling, subject to the condition
that no two observations among these additional ones were less
than 2000 m apart (Figure 2b). It should be mentioned that in
this phase extra samples located outside the study area were used
to calculate σ 2

LOK. Otherwise, the 34 locations would have been
selected at the boundaries of the war zone, while our objective
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was to increase the level of detail inside the study area. The
samples outside our study area were available from Van Meirvenne
et al. (2008).

During the actual sampling campaign, one location was
inaccessible and could not be sampled. The 99 soil samples
obtained were analysed for Cu, Pb and Zn using the same sample
support and analytical methods as detailed above.

Phase 2: Selection based on the data values. In a second
phase, interpolation points with the largest local uncertainty were
targeted. This could be assessed by either the conditional variance
(σ 2

C) or the conditional coefficient of variation (CV C). For such
log-normal variables, locations with large σ 2

C are expected to have
large concentrations. However, the CV C is not expected to be
correlated with the mean. Therefore we decided to select equal
numbers of locations with large σ 2

C and with large CV C. Because
both parameters are dependent on the data values, all three metals
were considered.

The cdfs required for these parameters were modelled by
applying a sequential Gaussian simulation (sGs). The sGs
algorithm is described in detail by Webster & Oliver (2007)
and Fagroud & Van Meirvenne (2002) provided a flowchart.
First, the original data had to be transformed to normal scores,
and here the normal score transformations of tied values were
adapted to the local average (Saito & Goovaerts, 2000). Then,
based on the normal score variogram, sGs was used to generate
a number of realizations of the normal scores, which were then
back-transformed to the original units. Each realization reproduced
the spatial variability of the variable Z. Differences between
realizations provided a measure of the spatial uncertainty of
Z, which is a reasonable numerical approximation of the ccdf
[F(Z(x0); z|(n))], where |(n) represents the conditioning to local
information. The simulated values at each location can also be
summarized in the local mean (E-type estimate) or local median
(M-type estimate). Two software packages were used for the sGs
algorithm: the normal score transformation was performed with
TerraSeer STIS (Jacquez et al., 2005) while SGeMS (Remy et al.,
2009) was used for the actual simulations.

Using the modelled ccdf, the σ 2
C at location x0 was calculated as

σ 2
C(x0) =

∫ +∞

0
{z − z∗

E(x0)}2f (Z(x0); z|(n))dz, (2)

where f (Z(x0); z|(n)) is the conditional probability distribution
function of Z(x) and z∗

E(x0) is the E-type estimate of the variable
Z(x) at location x0. The relative uncertainty as expressed by the
CV C is calculated as

CV C(x0) =
√

σ 2
C(x0)

z∗
E(x0)

. (3)

The data used for sGs consisted of the initial dataset plus the
samples obtained after phase 1. For each metal, the 16 locations
with the largest σ 2

C were selected as well as the 16 locations with

the largest CV C, resulting in 96 locations. Where there was an
overlap between two (or more) of the six sets of 16 locations, an
alternative location was selected using the criterion for which the
data point was ranked the smallest. For each set of 16 selected
locations, we stated as a condition that the minimum distance
between the 16 locations was more than 1000 m, according to
the obtained normal score variogram ranges (for Cu, Pb and Zn,
not shown here). Figure 3 shows the 32 locations selected for Cu
during the second sampling campaign.

(a)

(b)

Figure 3 Selection of the locations for the second sampling phase based
on the data values of Cu with (a) the 16 locations using σ 2

C and (b) the
16 locations using CV C as selection criteria.
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Figure 4 Boxplots of the 16 Cu concentrations measured at locations
using CV C (top line) and using σ 2

C (bottom line) as selection criteria.

At four points sampled in the first phase, concentrations greater
than the soil sanitation threshold were measured. Those locations
were resampled in addition to the 96 selected locations. Thus in
the second sampling phase, a total of 100 locations were sampled
and analysed for Cu, Pb and Zn.

Figure 4 illustrates the different consequences of sampling
locations with the largest CV C or the largest σ 2

C. Two boxplots are
shown: one for the 16 Cu concentrations measured at locations
selected by the CV C and another for the 16 Cu concentrations
selected by the σ 2

C. The second boxplot is much wider and
contains larger values. In addition, two outliers were measured
at locations selected according to σ 2

C. For Pb and Zn, similar
graphs were obtained. The two selection criteria were therefore
complementary.

An overview of the data configuration after each phase is given
in Figure 5. After the two-phase sampling strategy was performed,
each phase was evaluated in terms of prediction accuracy and
local uncertainty. Three datasets were used for this evaluation: the
initial, the initial + phase 1 and the initial + phase 1 + phase 2.

Validation

Validation dataset. The independent validation dataset consisted
of 102 data points sampled according to a grid with a cell size
of 2412 m by 2490 m. The cell size of the grid was calculated
by dividing the range of the x and y coordinates by 11. Because
of its irregular shape, 102 of the 121 grid nodes were situated
inside the study area. Those data points were used in a jackknife
validation to evaluate the improvement of the prediction quality
during the data collection.

Bias and accuracy. After each step, maps of the median of the
ccdfs obtained with sGs of Cu, Pb and Zn were made. Several
indices were calculated using the validation dataset: the Pearson
correlation coefficient (r) between the log-transformed data points

Figure 5 Summary of the data collection phases.

z(xα) and the log-transformed estimates z∗(xα), the more robust
Spearman rank correlation coefficient (rR), the mean estimation
error (MEE) and the root mean square estimation error (RMSEE):

MEE = 1

n

n∑
α=1

(z∗(xα) − z(xα)), (4)

RMSEE =
√√√√ 1

n

n∑
α=1

(z∗(xα) − z(xα))2. (5)

The bias of the prediction is indicated by the MEE, while
the RMSEE primarily indicates the precision of the predictions.
Table 2 lists these statistics for Cu, Pb and Zn. A similar
trend was observed for each validation index on each metal in
successive phases of the sampling: at each phase the validation
index improved and for each metal the largest improvement was
obtained after phase 1. In terms of the robust rR, the best results
were obtained for Pb; in terms of the MEE (relative to the mean
of the validation dataset) Zn scored best. Using the RMSEE, a
relative improvement from the initial dataset to the dataset after

Table 2 Validation indices for Cu, Pb and Zn obtained after each sampling phase with r = Pearson correlation coefficient, rR = Spearman rank correlation
coefficient, MEE = mean estimation error and RMSEE = root mean square estimation error

Cu Pb Zn

Initial After phase 1 After phase 2 Initial After phase 1 After phase 2 Initial After phase 1 After phase 2

r −0.08 0.20 0.27 0.06 0.30 0.37 0.11 0.18 0.22
rR 0.09 0.29 0.33 0.10 0.32 0.35 0.16 0.23 0.29
MEE −5.5 −5.1 −4.5 −14.6 −12.5 −11.4 −11.6 −11.6 −10.5
RMSEE 26.6 25.7 25.3 75.6 73.9 72.7 68.3 67.6 67.2
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phase 2 was obtained: Cu improved by 4.9%, Pb by 3.8%, and
Zn by 1.6%.

Local uncertainty. Another suitable measure to evaluate the
improvement of the predictions throughout the data collection is
the local uncertainty or the uncertainty about the prediction at
a particular unsampled location, x0 (Goovaerts, 2001). The local
uncertainty can be expressed by σ 2

C and by CV C. Note that both
parameters have already been used as selection critera.

Verstraete & Van Meirvenne (2008) indicated that the average of
the coefficient of variation, CVC, and the median of the conditional
variance, me(σ 2

C), were the best evaluation measures. For instance,
for Cu the CVC decreased from 0.925 to 0.912 after the first
phase to 0.831 after the second phase, resulting in an overall
drop of 10.1%, while the me(σ 2

C) decreased from 640 to 567
after the first phase to 438 after the second phase, resulting in
an overall drop of 31.5%. Both parameters improved most when
adding the data from the second sampling phase, in contrast to the
change in the local validation parameters. This can be explained
by the intention of the second sampling phase to decrease the local
uncertainty.

More interesting is the analysis of the change in the spatial
distribution of the local uncertainty throughout the data collection.
Figure 6 shows the maps of the predicted CV Cs for Cu created
by sGs based on 250 (Figure 6a) and 449 data points (Figure 6b).
Figure 6(a) reflects the unequal spread of the initial data points.
It is clear that with increasing size of the datasets, the CV C

generally decreases and the map becomes more homogeneous
(Figure 6b). In particular, adding the 100 samples from phase 2
caused a substantial improvement, both on the CV C map and on
the average CV C. These conclusions for Cu are also valid for Pb
and Zn.

Inventory of Cu, Zn and Pb

To create the final maps we used all available data: the dataset
obtained after the second sampling phase and the validation data.
The final maps for Cu, Pb and Zn were therefore based on 551, 548
and 548 data points, respectively. The extreme Pb concentration
of 7600 mg kg−1 soil, sampled during the first phase, was not
considered.

The descriptive statistics of the final dataset can be found in
Table 3. Because of the addition of larger values, the skewness
of the three variables increased considerably. The median for
Cu increased from 16 to 18.6 mg kg−1. The Cu mean value
increased slightly during the data collection, while the Pb mean
and median values remained steady. The Zn median increased by
1.9 mg kg−1, whereas the mean decreased by 4.9 mg kg−1. The
increase in the Pb coefficient of variation was particularly marked.

Figure 7 shows the experimental variograms, γ (h), and their
models for the normal score-transformed data points of Cu, Pb
and Zn. The variogram parameters can be found in Table 4, with
C0 the nugget variance, C0 + C1 the sill and a the range. The
variogram models for Cu and Pb were spherical whereas that for

(a)

(b)

Figure 6 The conditional coefficient of variation (CV C) calculated based
on (a) the 250 initial Cu data and (b) the 449 Cu data after sampling
phase 2.

Zn was exponential. For Cu and Pb a similar range was found
(around 1600 m), while for Zn the range was smaller (1198 m).
The nugget-to-sill ratio (NSR) was small for Cu (0.345) and
increased to 0.442 for Pb and to 0.541 for Zn.

The final predictions were obtained by using the median
estimate of the ccdfs generated by sGs with a resolution of
200 m by 200 m and a search window with a radius of 5000 m
(Figure 8). When comparing our Cu map (Figure 8a) with the final
prediction map of Van Meirvenne et al. (2008) (Figure 1), some

© 2011 The Authors
Journal compilation © 2011 British Society of Soil Science, European Journal of Soil Science, 62, 408–416



414 E. Meerschman et al.

Table 3 Descriptive statistics of the final dataset (including validation
data) of Cu, Pb and Zn/mg kg−1 soil (DM)

Cu Pb Zn

No of data 551 548 548
Minimum 4.5 1.0 6.7
Median 18.6 30 58
Maximum 250 950 620
Mean 22.8 44.0 72.4
Variance 404.8 3704 3315
Coefficient of

variation
0.88 2.67 0.80

Skewness 4.97 9.15 4.59

(a)

(b)

(c)

Figure 7 Experimental variograms (points) and variogram models
(curves) of the final (a) Cu, (b) Pb and (c) Zn data.

Table 4 Parameters of the variogram models fitted to the experimental
variograms of the normal scores of the final dataset, including the
validation data, of Cu, Pb and Zn, with C0 the nugget variance, C0 + C1

the sill and a the range. The NSR is the nugget-to-sill ratio

Cu Pb Zn
Type Spherical Spherical Exponential

C0 0.40 0.50 0.59
C1 0.76 0.63 0.50
a / m 1674 1682 1198
NSR 0.345 0.442 0.541

changes can be observed. A hotspot appeared in the southeast of
the Cu map of Van Meirvenne et al. (2008), where a large Cu
concentration was associated with a car assembly site. While Van
Meirvenne et al. (2008) only masked the large values caused by
industrial activities during variogram modelling, we removed such
values entirely during the data clean-up. In our Cu map, an area
with clearly observable large values appeared to the east of Ypres.
During WWI intensive fighting took place in this area and well-
known sites such as Hill 60, Hill 62 and Geluveld are located
there. The Pb map (Figure 8b) shows an analogous pattern with
the same hotspot east of Ypres. The pattern of the Pb enrichment
corresponds to the front line. The Zn map (Figure 8c) on the
other hand is characterized by a different pattern; the largest
concentrations were not linked with the frontline. This could be
explained by the relatively small amount of Zn in shells and by
the greater mobility of Zn in soils.

Conclusions

We have demonstrated a two-phase sampling strategy aimed at
increasing the detail of an inventory, rather than delineating a
contaminated area with respect to a critical threshold. In the
case of an initial dataset that is strongly clustered sampling
in less densely sampled regions should be the first objective.
Therefore, selection criteria based on the ordinary kriging variance
or distance measures can be used. After filling the spatial gaps,
focusing on the local uncertainty is advisable. For this purpose,
both the conditional variance and the conditional coefficient of
variation are suitable and complementary selection criteria. A
clear improvement of four validation indices demonstrated the
benefits of our data collection. It was concluded that an appropriate
combination of geostatistical selection criteria is the key to an
efficient sampling campaign.

Further research could focus on investigating whether the
selection criteria based on σ 2

C and CV C should be treated equally
and on defining multiple objective criteria in which the three
metals are considered simultaneously. The expansion of the
dataset to include other metals revealed that both Cu and Pb
showed analogous patterns related to WWI activities. Increased
concentrations of Cu and Pb were found in areas where intensive
fighting took place during WWI, whereas for Zn no apparent
relationship with WWI activities could be seen.
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(a)

(b)

(c)

Figure 8 Prediction maps for the topsoil (a) Cu, (b) Pb and (c) Zn content
obtained by sequential Gaussian simulation (using the median) with the
centre of Ypres indicated and the frontline, which remained more or less
stable between 1915 and 1917 (Chielens et al., 2006).
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