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A multi-stage sampling strategy for the delineation of soil
pollution in a contaminated brownfield
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A multi-stage sampling strategy based on geostatistics provides an efficient procedure to delineate a pollution
in a contaminated brownfield.

Abstract

A multi-stage sampling strategy, based on sequential Gaussian simulation, was presented to optimize the step-wise selection of a small num-
bers of additional samples to delineate soil pollution. This strategy was applied to a Belgian brownfield of 5.2 ha polluted with lead (Pb). Starting
from an initial number of 240 samples in stage 1, additional samples were added, 25 per stage, and the reduction of the uncertainty in the Pb
delineation was monitored. Twenty stages were used. Already in stage 6 a local optimum was found based on the median conditional coefficient
of variation. An independent validation confirmed that this index was to be preferred over the median conditional variance. So for the brownfield
considered our procedure indicated that 365 selected samples would have been sufficient, representing a gain of 70.7% in sampling effort com-
pared to current practice which resulted in a sampling effort of 1245 samples.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

One of the first steps of a soil sanitation project is the three-
dimensional (3-D) delineation of polluted soil. However,
mostly the available information about the pollution has to
be extracted from a number of punctual observations, requir-
ing an interpolation procedure. It has been shown repeatedly
that geostatistical techniques are among the best available
methods to perform this step (see Jones et al. (2003) for an
overview). However, a recent survey in Belgium by De Boeck
et al. (2005) revealed that 84% of the 32 Flemish soil remedi-
ation firms rarely, or never, use geostatistics in practical cir-
cumstances. They concluded that this is mainly because the
regulatory organizations do not require a motivation of the
used interpolation methodology. We expect this situation to

be similar in many other countries. Therefore there still is
a need for convincing examples showing the advantages of in-
tegrating spatial statistics into the practice of soil remediation.
In this paper we focus on the application of geostatistics to
optimize the soil sampling strategy.

A number of geostatistical interpolation techniques (gener-
ally termed kriging) are available. Due to the often very strong
positive skewness of pollution data, the use of linear interpo-
lation methods (like ordinary kriging) is not always optimal
(Kerry and Oliver, 2007; Kishné et al., 2003; Saito and Goo-
vaerts, 2000). Some of the more suitable methods are log-nor-
mal kriging, indicator kriging and sequential Gaussian
simulation (SGS) (Goovaerts, 1997; Kishné et al., 2003; Saito
and Goovaerts, 2000).

The localization of samples and their number involves
a sampling strategy. Also, sampling aiming at quantifying
and delineating soil pollution is rarely based on a single sam-
pling event. Mostly a multi-stage sampling is used, calling for
an optimization procedure. The use of geostatistics to optimize
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a sampling strategy is not new. Burgess et al. (1981) located
new samples where the estimation variance obtained with or-
dinary kriging was the highest. But this kriging variance rep-
resents mainly the spatial configuration of the observations
because it is not dependent on the local data values (i.e. it is
homoscedastic, (Goovaerts, 1997)). Therefore it is less suit-
able as a local quality criterion of a prediction. Alternatively,
the conditional variance (s2

cðx0Þ) obtained with indicator krig-
ing or a sequential simulation method could be used, since this
parameter is heteroscedastic. But since the conditional vari-
ance depends on the predicted value (Z�ðx0Þ) at location x0,
the selection of additional sampling sites based on this param-
eter would principally be concentrated in areas with large
values. Other approaches (D’Or, 2005; Demougeot-Renard
et al., 2004; van Groeningen et al., 1999; Van Tooren and
Mosselman, 1997; Juang et al., 2005) are based on the condi-
tional probability of exceeding a critical threshold. Although
this strategy results in an accurate localization of the iso-
concentration line of the chosen threshold, it fails to identify
any remaining pollution not identified during the first sampling
steps. Goovaerts and Van Meirvenne (2001) proposed to
use the conditional coefficient of variation { CVcðx0Þ ¼
scðx0Þ=Z�ðx0Þ} as a criterion. These authors used indicator
kriging but this procedure has some limitations, mainly related
to the way the conditional cumulative distribution function
(ccdf) is constructed from discrete indicator values. Therefore
we applied a sequential simulation procedure (Goovaerts,
1997).

In Belgium, as in most neighboring countries, the identifi-
cation of soil pollution proceeds along three legally regulated
phases. In the first phase, called orientation phase, an explor-
atory sampling is conducted to investigate the nature of any
potential pollution by analyzing a range of organic and inor-
ganic variables. No delineation is required yet. If any remedi-
ation limit is exceeded, a second phase is initiated, called
descriptive phase. In this phase, the extent of the pollution
must be delineated, involving a specific sampling campaign.
De Boeck et al. (2005) reported that 72% of the Belgian soil
remediation projects involved three or more sampling stages
during this phase. In the third phase, called executive phase,
the pollution is cleaned. To reduce the risk of erroneous reme-
diation, it is common to re-sample the area during this last
phase, sometimes even exhaustively. Especially for large in-
dustrial sites, like brownfields, this procedure can result in
quite extensive sampling efforts, often without an integrated
processing or without an attempt to optimize this effort.

Taylor and Ramsey (2006) used documents by the EPA
(United States Environmental Protection Agency), ISO
(International Organization for Standardization), CL:AIRE
(Contaminated land: Application in Real Environment organi-
sation) and the Environment Agency of the UK to recommend
sampling strategies for brownfields. They recognized that site
investigation is a phased, multi-stage process. However, no
further guidance on the selection of the extra sampling loca-
tions is provided. Only in the EPA guideline QA/G-5S
(EPA, 2002) a strategy termed adaptive clustered sampling is
described. This strategy prescribes additional sampling in

areas where observations show elevated contaminant levels.
Additional sampling is then done in neighboring grid nodes.
The absence of geostatistics as a suitable tool to efficiently se-
lect additional sampling locations, confirms our proposition
that convincing examples of a multi-phased sampling strategy
based on geostatistics are still needed.

The aim of this study is to elaborate a practical method based
on geostatistics to design a multi-stage sampling campaign with
the objective to optimize the number of samples. Such a proce-
dure is required especially for contaminated brownfields since
these are often large sites with complex contaminated volumes
which are sometimes sampled exhaustively.

2. Materials and methods

2.1. Variogram

A variogram is a measure for the spatial dissimilarity between data sepa-

rated by a spatial vector h. The experimental variogram is calculated according

to Goovaerts (1997).

Armstrong (1998) proposed to compose the 3-D variogram model by mod-

eling the horizontal and vertical experimental variograms separately. This

approach has also been used successfully by Van Meirvenne et al. (2003).

Therefore, two directional variograms (assuming isotropy in the horizontal

plane, else several directional horizontal variograms would be needed) are

calculated using only pairs located in the horizontal plane or the vertical direc-

tion, respectively. After modeling these directional variograms, the models

were combined into one anisotropic 3-D model. The variogram modeling

was conducted by an automatic variogram fitting based on a least square error

approach with weights proportional with the number of couples and inversely

proportional with the magnitude of h, a procedure proposed by Cressie (1985).

2.2. Simulation

Sequential simulations are a generalization of the concept of Monte-Carlo

simulations, with the integration of the spatial structure of the observations

(via the variogram) (Dowd and Pardo-Iguzquiza, 1999). These simulations

generate a number of equiprobable realizations, each of them reproducing

the spatial variability of the data and more or less matching the original sample

histogram and variogram (detailed descriptions of this procedure can be found

in Goovaerts (1997) and Fagroud and Van Meirvenne (2002). At each location

simulated values can be summarized into an estimated value and differences

between the realizations provide a measure of the spatial uncertainty about

the interpolation.

2.3. 3-D

Most delineation studies focus on 2-D (Demougeot-Renard et al., 2004;

Saito and Goovaerts, 2003). Others, like the study by Garcia and Froidevaux

(1997) have approximated the 3-D variability by a layered approach. But

Van Meirvenne et al. (2003) has found this layered inferior compared to

a full 3-D interpolation, especially to maintain the consistency between pre-

dicted values at different soil depths. Therefore we applied a full 3-D interpo-

lation in the SGS.

2.4. Multi-stage sampling strategy

The multi-stage sampling strategy which we propose consists of six con-

secutive steps:

(a) The available data were normal score transformed (Deutsch and Journel,

1998). This resulted in values following a normal distribution with

a mean of zero and a standard deviation of one.

(b) The 3-D variogram of these normal scores was calculated.
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(c) SGS was used to generate L realizations (typically L is in the order of

100e1000) of the normal scores in 3-D.

(d) These realizations were back-transformed to original units, using the in-

verse normal score transformation, and the realizations at every location

were used to build the ccdf ½Fðx0; zjðnÞÞ��, where jðnÞ represents the con-

ditioning to the local information. Next, Z�ðx0Þ (‘‘E-type estimate’’) and

s2
cðx0Þ were derived from this function (20) and CVcðx0Þ was calculated.

Finally, the conditional probability of exceeding a critical threshold zc

was obtained by ProbfZðx0Þ > zcjðnÞg ¼ 1� Fðx0; zcjðnÞÞ.
(e) Using CVcðx0Þ and ProbfZðx0Þ > zcjðnÞg as parameters of the selection

criteria (see further), a number of locations were selected as additional

sampling locations (in 3-D). This number should best be kept small to

run the optimization procedure at a fine resolution.

(f) Once sampled and analyzed, these new data were added to the existing

data set and the procedure was restarted at step (a), until the monitoring

indices showed a local optimum (see further).

2.5. Study area and data sets

Our study area was a brownfield located in Belgium with an area of 5.2 ha.

This site was investigated by a remediation firm in 2002 and cleaned in 2003.

The site had been used for industrial activities during several decades and its

soil was found to be contaminated a.o. by lead. Pb concentrations ranging

between the analytical detection limit (1.19 mg kg�1) and 11,500 mg kg�1;

in Flanders, the remediation threshold for lead is 500 mg kg�1 (VLAREBO,

1996). The pollution was caused by the erratically dumping of heavy metal

containing residues of a cement producing industrial process.

During the remediation procedure, two sampling campaigns were carried out:

(1) A first campaign was conducted in the frame of the descriptive phase,

resulting in 240 samples located between the soil surface and a depth

of 20 m (from 17.5 m above sea level (a.s.l.) to 3 m below sea level);

60% of the samples were within the upper 3 m. The locations of these

samples were selected by a remediation expert (Fig. 1a). On the basis

of these data it was decided that this brownfield needed to be remediated

and a first delineation was drawn (without any geostatistical processing).

(2) A second campaign took place in the frame of the executive phase. The

remediation firm decided to sample exhaustively, i.e. at the center of

every remediation unit (being a block of 10 by 10 by 1 m3) down to

5 m below the soil surface (Fig. 1b). This resulted in 1005 soil samples.

No use was made of the data of the first sampling campaign to optimize

the localization of these samples.

During the first sampling campaign, soil samples were collected from a sin-

gle borehole, resulting in point measurements at each sampling depth. For the

second sampling campaign, a composite sample from four hollow-stem auger

boreholes was collected at each depth and location.

The samples from both sampling campaigns were analyzed for the total

concentration of lead according to the official national method. OVAM, the

Public Waste Agency of Flanders (Belgium) requires that soil samples should

be analyzed using a standard package of analytical determinations on the fine-

earth fraction (<2 mm) of the soil samples. This standard package includes

selected physico-chemical properties, a number of organic compounds and

heavy metals, including Pb. For the total metal analysis, 0.5 g of air dry soil

was subjected to microwave destruction with aqua regia destruction (6 ml

37% HCl, 2 ml 65% HNO3 and 2 ml 40% HF) (OVAM, 1992; method

CMA/2/II/A.3), a method in accordance with the ISO 11466 procedure (Inter-

national Organization for Standardization, 1995). Analysis were performed

with ICP-AES (inductively coupled plasma e atomic emission spectroscopy)

(OVAM, 1992, method CMA/2/I/B.1). Readings below the detection limit

were set to 1.19 mg Pb kg�1. Measurements were accepted when individual

repetitions were within a 10% boundary.

2.6. Applying the multi-stage sampling strategy to our test case

To test the multi-stage sampling strategy described above, three different

data sets were used. The data set of the first sampling campaign was used

to initiate the procedure (step 1). The data from the second sampling campaign

were split randomly: one part was used to improve the delineation of the

pollution (805 samples, referred to as ‘‘extra data set’’), the rest was kept

for validation purposes (200 samples, referred to as ‘‘validation data set’’).

Starting from the 240 data of the first sampling campaign we added in each

stage 25 data selected from the extra data set. Although this number was se-

lected arbitrarily, we considered 25 samples to be a good balance between

two opposing considerations: a sufficiently small resolution of the optimiza-

tion procedure and a sufficiently large number to motivate a revisit of the

site in practice. Each time SGS was run again, each time 500 realizations

were generated and used to delineate the pollution in 3-D (steps 2e4).

The following combination of selection criteria was used (step 5).

First, locations were selected satisfying the condition: 0:2 < ProbfZðx0Þ >
zcjðnÞg < 0:8 with zc ¼ 500 mg Pb kg�1. Following the suggestion by Garcia

and Froidevaux (1997), we considered that a location with ProbfZðx0Þ >
zcjðnÞg � 0:8, or ð1� ProbfZðx0Þ > zcjðnÞ Þg � 0:8 could be classified with

sufficient confidence as contaminated, or safe, respectively. Else it remained

undefined, and thus additional information was required. The selected grid

nodes were sorted using CVcðx0Þ and the 25 locations with the largest value

were taken as target locations for the next sampling stage. In our test case,

these 25 added data were selected from the extra data set as the closest avail-

able observations to the selected localizations (the average deviation was

6.9 m).

The 3-D grid resolution used for interpolation was 2 by 2 by 0.5 m3 and the

grid dimensions were 160 (X ) by 480 (Y ) by 5 m3 (from 17 down to 12 m

a.s.l.), since during the descriptive phase the pollution was found to be concen-

trated in the top 5 m. This 3-D grid was somewhat reduced by the irregular

boundary, yielding 117,814 locations to be simulated.

To evaluate the multi-stage sampling strategy, two monitoring indices were

used (step 6):

(1) The median conditional variance meðs2
cÞ of the 117,814 conditional

variances s2
cðx0Þ, being an absolute measure of the overall uncertainty.

(2) The average conditional coefficient of variation (CVc) of the 117,814

conditional coefficients of variations CVcðx0Þ, reflecting the relative over-

all uncertainty.

Both indices should be as small as possible. By plotting their value versus

the number of additional samples, local optima (i.e. local minimum values)

could be identified.

To validate the procedure we used, and to check which monitoring index

performed best, we calculated the root mean square estimation error

(RMSEE):

RMSEE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

nv

Xnv

i¼1

½Z�ðxiÞ � ZðxiÞ�2
s

where nv is the number of validation points (i.e. 200), ZðxiÞ are the true Pb

concentrations of the validation data set and Z�ðxiÞ is the estimated Pb

concentration at location xi. Obviously, this error should be as small as

possible.

3. Results and discussion

3.1. Data distributions

The cumulative frequency distributions of the lead data of
both sampling campaigns are given in Fig. 2 and some de-
scriptive statistics can be found in Table 1. A 3-D cell declus-
tering analysis (Goovaerts, 1997) did not change the estimated
mean value significantly, so no declustering was performed.
Generally, both distributions were very similar. But the second
sampling campaign contained a few very large values resulting
in somewhat larger values for all statistics. This result indi-
cated that the first sampling campaign missed some of the
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locations with high lead concentrations which were included
in the exhaustive second sampling campaign. So the descrip-
tive phase resulted in an underestimation of the magnitude
of pollution of this site. In both distributions a large proportion
of the data values was smaller than the threshold of
500 mg Pb kg�1 (91.3% of the first and 91.8% of the second
campaign). So most of the soil did not need cleaning.

Fig. 1. The sampling locations of the first (a) and second (b) sampling campaign.

Fig. 2. Cumulative frequency distribution of the first and the second sampling

campaign.

Table 1

Some descriptive statistics of both sampling campaigns

First sampling

campaign

Second sampling

campaign

Number of data 240 1005

Mean (mg Pb kg�1) 187.9 224.1

Standard deviation (mg Pb kg�1) 558.6 609.5

Median (mg Pb kg�1) 43.8 80.0

Maximum (mg Pb kg�1) 5378 11,499

Coefficient of skewness 6.9 9.9
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3.2. First stage of the multi-stage sampling strategy

The first step of the implemented multi-stage sampling
strategy was based on the 240 data of the first sampling cam-
paign. These data were transformed into normal scores and
the transformation table was kept for back transformation.
Both the vertical and horizontal (horizontally omni direc-
tional) experimental variograms of the normal score values
were calculated and a theoretical spherical model was fit to
them. The vertical variogram was modeled with a nugget
variance of 0.44, a sill of 1.07 and a range of 5.8 m. The hor-
izontal variogram was fit using a double spherical model
with a nugget variance of 0.50, a first structural variance
of 0.25 with a short range of 30 m, and a second structural
variance of 0.19 and a range of 120 m. By combining these
two variogram models a 3-D anisotropic model was obtained
(Fig. 3) providing variogram values for any distance and an-
gle b, where b ¼ 0� (or 180�) for the horizontal direction and
b ¼ 90� for the vertical direction.

SGS was used to create 500 realizations of the 3-D grid
using only these 240 data. The search neighborhood was de-
fined as an ellipsoid with a horizontal radius of 40 m and
a vertical axis of 4 m. Every node was simulated using at
least 4 and maximum 20 Pb measurements and a maximum
of 16 previously simulated grid nodes. The simulated values
of each of the 500 realizations were back-transformed into
the original units using an inverse normal score transforma-
tion. Fig. 4a shows the estimated values obtained from these
realizations. Only a small volume of soil, distributed over
a few isolated small volumes, was found to exceed the
threshold of 500 mg Pb kg�1. The two monitoring indices
and the RMSEE were calculated and used as a starting
value (sampling stage 1) of the multi-stage sampling
strategy.

3.3. Subsequent stages of the multi-stage sampling
strategy

To initiate the second stage, all locations of the esti-
mated grid of the first stage were selected based on the
condition 0:2 < ProbfZðx0Þ > zcjðnÞg < 0:8. Of these,
the 25 locations with the largest CVcðx0Þ were retained.
For each of these locations the nearest observation of the
extra data set was taken and added to the data set of the
first sampling campaign, yielding 265 data. The variogram
was recalculated and remodeled, SGS was run again and
the two monitoring indices and the RMSEE were recalcu-
lated (yielding their values for sampling stage 2). This se-
quence was repeated 19 times, resulting in 715 data in the
20th stage.

3.4. Monitoring indices

The evolution of meðs2
cÞ and CVc over the different stages

is shown in Figs. 5 and 6, respectively.
Up to the 3rd stage both indices did not improve: the

meðs2
cÞ even increased, while the CVc remained almost con-

stant. This was due to the underestimation of the magnitude
of the Pb pollution during the first, descriptive sampling phase,
as observed earlier. Yet, this first sampling stage identified
some of the polluted volumes, guiding the additional samples
to locations with a large uncertainty. Accidentally some of
these locations contained large Pb concentrations.

From stage 4 onwards, both indices decreased, but with
a different pattern. The meðs2

cÞ decreased continuously to-
wards stage 11 where a first local minimum was obtained.
Then this index increased slightly, up to stage 13, after which
it decreased again continuously until stage 20. The CVc drop-
ped abruptly in stage 5, resulted in a first local minimum. For
the other stages its behavior was similar to the meðs2

cÞ. Based
on the meðs2

cÞ one would decide to stop the multi-stage sam-
pling in stage 12, i.e. after having observed the first local
minimum at stage 11. But when the CVc would be used, sam-
pling would be stopped in stage 6, i.e. after the local minimum
of stage 5. The latter decision would have resulted in 125
additional samples to be taken in 5 consecutive stages of 25
samples each, yielding 365 samples in total.

Fig. 4b,c show the estimated grid obtained in the 5th and
11th stage, respectively. It will be clear that in stage 1
(Fig. 4a) the volume of soil with Pb concentrations exceeding
500 mg Pb kg�1 was underestimated and very patchy. In stage
5 (Fig. 4b, based on 340 samples) some new patches with high
Pb concentrations were identified and some continuity formed
between the patches identified in stage 1. Stage 11 (Fig. 4c,
with 490 samples) confirmed the patterns identified in stage
5. This suggests that the decision based on the CVc to stop
the sampling at stage 6 was justified.

3.5. Validation

Using the 200 data of the validation data set, the RMSEE
was calculated for each stage (Fig. 7). As could be expected,

Fig. 3. 3-D variogram model of the normal scores of the data of the first sam-

pling campaign (b represents the dip angle: 0� and 180� are the horizontal

orientations, 90� is the vertical).
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the RMSEE was largest for stage 1. Adding extra data re-
duced the RMSEE strongly up to stage 5 where a first
(small) minimum was obtained. Then the RMSEE decreases
further until stage 11 where it reached a second minimum.
In the subsequent stages this index fluctuated around this
minimum, at stage 15 it was smaller, at stage 18 it was
larger.

Fig. 8 shows the evolution of the difference in RMSEE (D
RMSEE) calculated as:

D RMSEEðiÞ ¼ RMSEEðiÞ � ði� 1Þ

with i the sampling stage. It can be observed that the biggest
difference in RMSEE occurred in the first stages, with a first
positive D RMSEE between stages 5 and 6.

These validation results confirm that the conclusions based
on CVc to stop at stage 6 was justified, and that CVc is a better
monitoring index than meðs2Þ.

Fig. 4. Estimated Pb content (mg kg�1) over the 3-D grid of the first stage (a), the 5th stage (b) and the 11th stage (c) (the transparency of the color of very low

values was increased to improve the visibility of subsurface colors).
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4. Conclusions

If the procedure we presented would have been applied to
the brownfield of our test case, 365 soil samples (240 samples
taken in the first stage followed by 5 stages of 25 samples
each) would have been sufficient to delineate the Pb pollution
with an accuracy which could be improved only marginally by
taking many more samples. According to current practice,
1245 samples were taken, so we realized a reduction by
70.7%. This illustrates the gain which could be realized by
including a geostatistically based optimization procedure in
to the sampling strategy.

To implement our multi-stage sampling strategy in a new
situation, we recommend the following procedure:

(1) Start the multi-stage sampling strategy with an initial
sampling. Depending on the circumstances one of the
following strategies could be applied. In the case where
historical information is available, the first sampling
campaign should be best based on a judgmental sampling
strategy as described by Taylor and Ramsey (2006).

When no historical information is available, a preliminary
survey with sensors could be followed by a judgmental
sampling strategy. In those cases where a sensor ap-
proach is not possible a non-judgemental sampling strat-
egy should be chosen (Taylor and Ramsey, 2006). This
initial sampling should contain no less than 100 (2-D
study) to 200 (3-D study) samples, to stabilize suffi-
ciently the variogram.

(2) Subsequently, the results of this initial sampling can be
used to design the multi-stage sampling strategy, i.e. the
number of additional samples in every stage and the num-
ber of stages. The number of additional samples in every
stage can vary, but typically should be kept as limited
(we used 25). In that way, a fine-grained monitoring of
the number of samples and stages is assured.

Even when the optimal sampling scheme can not be
achieved due to practical or budget restrictions, the above
mentioned strategy will allow attaining as much certainty as
is possible with a limited sampling effort.

Fig. 5. The median conditional variance in respect to the sampling stages and

the number of extra samples.

Fig. 6. The average coefficient of variation (CVc) in respect to the sampling

stages and the number of extra samples.

Fig. 7. The RMSEE in respect to the sampling stages and the number of extra

samples.

Fig. 8. D RMSEE in respect to the sampling stages and the number of extra

samples.
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