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Selective soil remediation aims to reduce costs by
cleaning only the fraction of an exposure unit (EU) necessary
to lower the average concentration below the regulatory
threshold. This approach requires a prior stratification of
each EU into smaller remediation units (RU) which are
then selected according to various criteria. This paper
presents a geostatistical framework to account for
uncertainties attached to both RU and EU average
concentrations in selective remediation. The selection of
RUs is based on their impact on the postremediation probability
for the EU average concentration to exceed the regulatory
threshold, which is assessed using geostatistical stochastic
simulation. Application of the technique to a set of 600 dioxin
concentrations collected at Piazza Road EPA Superfund
site in Missouri shows a substantial decrease in the number
of RU remediated compared with single phase remediation.
The lower remediation costs achieved by the new
strategy are obtained to the detriment of a higher risk of
false negatives, yet for this data set this risk remains below
the 5% rate set by EPA region 7.

Introduction
Soil remediation goals set by the U.S. EPA are to ensure that
averaged concentrations over remediated sites are not
harmful to those being exposed over a certain period of time
(1, 2). Contaminant concentrations corresponding to a
permissible level of risk, referred to as “risk based concen-
trations,” are simply calculated from equations developed
by U.S. EPA (1) depending upon the type of chemicals,
exposure processes, duration of exposures, or acceptable risk
levels. The target concentration is then compared with an
average concentration computed from data obtained within
an “exposure unit (EU)”, defined as a spatial area to which
humans or ecological subjects are exposed. The size of the
exposure unit depends on the postremediation use of the
site and is typically 5000 ft2 for residential lots (3, 4).

Because of the uncertainty attached to concentration
estimates at a site, the U.S. EPA recommends to use as the
EU average concentration the 95% one-sided upper confi-
dence limit (UCL) of the sample mean (5). One approach (3)

is to take three grids of 50 soil samples and to form three
composite samples which are then analyzed separately to
yield three individual measurements per unit. The three
concentrations are averaged and a t-test is used to compute
the 95% UCL (3). If the UCL exceeds the target concentration,
the topsoil of the entire exposure unit is remediated. If the
UCL is below the target, no remedial action is required. The
question one might ask is then “do we really need to
remediate the entire unit to meet the target level?”.

Selective remediation has been introduced as an alterna-
tive to cleaning the entire unit (3, 6-8). The basic idea is to
treat only the hot spots within the unit so that the pollutant
level of the entire EU becomes lower than the target
concentration. In selective remediation, the exposure unit is
subdivided into smaller units (remediation units, RU), the
optimum size of which is case-specific. The average con-
centration of each RU is usually required prior to remediation
to decide which RUs will be remediated. Unfortunately, the
concept of selective remediation has been wrongly imple-
mented in many remediation plans. The target or risk-based
concentration was frequently applied to remediation units
not to exposure units, potentially leading to unnecessary
remediation and costs. In selective remediation, the final
assessment is conducted only at the EU level, while the
treatment decision is made at the RU level. Selecting
remediation units is then a crucial step in the remediation
procedure, and efficient selective remediation plans rely on
a correct estimation of average hazardous level of remediation
units.

Geostatistics provides a set of statistical tools for analyzing
and processing sparsely sampled observations leading to a
probabilistic model of the spatial distribution of pollutant
concentrations. Geostatistical delineation of contaminated
areas usually proceeds in two steps: (1) pollutant concen-
trations are mapped using interpolation techniques such as
kriging, and (2) a decision rule is applied to the estimated
concentrations; for example the sites where the estimated
concentration exceeds a regulatory threshold are classified
as hazardous. Most practitioners are aware that these
estimates are uncertain and that such uncertainty must be
accounted for in the decision making process. Geostatistical
modeling of uncertainty has thus received an increasing
attention the past few years (9), and techniques fall into two
main classes: nonlinear kriging and stochastic simulation.

Among nonlinear kriging techniques, indicator kriging
(10) is one of the most commonly used (11, 12). The
uncertainty about unknown concentrations is modeled by
a conditional cumulative distribution function (ccdf), which
provides the probability that any regulatory threshold value
is not exceeded at an unvisited location. The technique is
referred to as nonparametric because neither a particular
shape nor analytical expression is assumed for the ccdf.
Instead, the ccdf value (i.e. cumulative probability) is
determined for a series of threshold values discretizing the
range of attribute values. For each threshold, the ccdf value
is estimated by kriging of indicator transforms of data. The
indicator coding is generally hard in that indicators are either
zero or one, which means that there is no uncertainty about
whether the threshold is exceeded or not at sampled locations.
Measurement errors may however be nonnegligible, in
particular when cheap recording devices are used. This source
of uncertainty can be incorporated using soft indicators which
are valued between zero and one (13).

The model of uncertainty provided by indicator kriging
applies only to the measurement support (size of soil cores)
which is usually much smaller than the size of remediation
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units and can be assimilated to a point. Point ccdfs thus
need to be aggregated or “upscaled” to derive the probability
that the RU average concentration does not exceed particular
thresholds (block or RU ccdf). Several authors (14-17) have
used stochastic simulation to perform such change of
support. The idea is to simulate the spatial distribution of
pollutant concentrations across the site. The simulated RU
concentration is then computed as the arithmetic average
of simulated point values within the RU. Many realizations
are generated, and the RU ccdf is numerically approximated
by the empirical distribution of simulated block values.

Nowadays uncertainties attached to EU concentrations
are modeled using mainly confidence intervals (5), implicitly
assuming a normal distribution for concentrations and
independence of observations. The main objective of this
paper is to present a new geostatistically based methodology
to account for uncertainty at both RU and EU levels in
selective remediation. The technique is illustrated with a
large soil data set that includes 600 dioxin concentrations
measured in a 20 000 ft2 (1858.60 m2) site.

Theory
Soft Indicator Kriging. Consider the problem of modeling
the uncertainty of the value of an attribute z (e.g., a dioxin
concentration) at an unsampled location u, where u is a
vector of spatial coordinates. The information available
consists of z-values at n locations uR, z(uR), R ) 1, 2, ..., n.
The uncertainty at u is modeled by the conditional cumulative
distribution function (ccdf) of the random variable (RV) Z(u):

The function F(.) gives the probability that the unknown
is no greater than any threshold z. Ccdfs are modeled using
a nonparametric (indicator) approach which estimates the
probability (eq 1) for a series of K threshold values zk

discretizing the range of variation of z:

The indicator approach requires a prior coding of each
observation z(uR) into a series of K values indicating whether
the threshold zk is exceeded. The error attached to a
measurement at uR is accounted for by replacing the single-
valued datum z(uR) by a normal distribution with a standard
deviation s(uR) ) CV‚z′(uR) where CV is the coefficient of
variation of the analytical error (18). To incorporate any bias
in the laboratory measurement the mean of the distribution
is shifted by an amount that is proportional to the observed
value, that is the new mean z′(uR) is z(uR)‚(1 + bias). Thus,
the K indicators are given by

where G(.) is the standard normal cdf (19). The indicators
j(uR;zk) have values between 0 and 1 (soft indicators), which
expresses the uncertainty about whether thresholds are
exceeded at sampled locations.

The ccdf value F(u;zk|(n)) at the unvisited u is estimated
by a linear combination of soft indicator transforms of
neighboring z-data

where the weights λR(u;zk) are solutions of a system of
(n(u)+1) linear equations for each threshold zk. A technique,
known as “linear interpolation between tabulated bounds”,
is used to interpolate within each class (zk, zk+1) and

extrapolate beyond extreme thresholds z1 and zk (see ref 20,
pp 284-328 for details).

Probability Field Simulation. The uncertainty about the
average z-value over a unit V of much greater size than the
soil core (i.e. RU or EU) can be quantified by the block ccdf
FV(u;z|(n)) (21):

Despite its computational cost, stochastic simulation is
increasingly preferred to multi-Gaussian block kriging and
affine correction of point ccdfs for deriving block ccdf (9).
The function FV(u;z|(n)) is numerically approximated by the
empirical cumulative distribution of many simulated block
values (22, p 511)

where iV
(l)(u;z) ) 1 if zV

(l)(u) e z, and zero otherwise. Each
simulated block value zV

(l)(u) is obtained by averaging a set
of z-values simulated at J points u′j discretizing the block
V(u):

The practical implementation of this approach relies on
the fast generation of many simulated fields. Probability field
simulation (23, 24) is probably one of the most straightforward
and less CPU demanding (i.e. fastest) geostatistical simulation
techniques. The basic idea is to sample the set of ccdfs using
a set of autocorrelated probability values {p(l)(u′j), j ) 1, ...,
N}, known as probability or p-field, so that the histogram
and semivariogram of the resulting set of simulated values
{z(l)(u′j), j ) 1, ..., N} are close to target ones (i.e. sample
histogram and model fitted to sample semivariogram):

The probability field is generated as a nonconditional
realization of a random function P(u) with a uniform marginal
cdf. The p-field does not need to be conditional since at any
datum location uR the ccdf is a unit-step function centered
on the datum value z(uR). Thus, whatever the simulated
p-field value p(l)(uR) at that location

Multiple realizations over large grids can be generated
reasonably fast because ccdfs need to be modeled only once,
and only multiple nonconditional p-fields need to be
generated. The combination of soft indicator kriging and
p-field simulation was used in a previous study to illustrate
the impact of measurement errors in the modeling of the
block ccdf (13).

Selection of Remediation Units. Once the RU ccdf, FV-
(u;z|(n)), is modeled, the decision has to be made whether
the unit V needs to be remediated. Among many available
techniques (16, 17), the most straightforward approach
consists of classifying as contaminated all RUs where the
probability of exceeding the regulatory threshold zt is greater
than a critical probability threshold pt (25):

F(u;z|(n)) ) Prob{Z(u) e z|(n)} (1)

F(u;zk|(n)) ) Prob{Z(u) e zk|(n)} k ) 1, ..., K (2)

j(uR;zk) ) Prob{Z(uR) e zk|(n)} ) G{zk - z′(uR)/s(uR)}
(3)

[F(u;zk|(n))]* ) ∑
R ) 1

n(u)

λR(u; zk) j(uR; zk) (4)

FV(u; z|(n)) ) Prob{ZV(u) e z|(n)} (5)

FV(u; z|(n)) ≈ 1

L
∑
l ) 1

L

iV
(l)(u; z) (6)

zV
(l)(u) )

1

J
∑
j ) 1

J

z(l)(u′j) l ) 1, ..., L (7)

z(l)(u′j) ) F-1(u′j; p(l)(u′j)|(n)) j ) 1, ..., N (8)

F-1(uR; p(l)(uR)|(n)) ) z(l)(uR) ) z(uR) ∀p(l)(uR) ∈ [0, 1]

(9)

RU at u is hazardous if Prob{ZV(u) > zt} )
1 - FV(u; zt|(n)) > pt (10)
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An alternative approach simply declares contaminated
all units with an average concentration (i.e. estimated by the
mean of RU ccdf FV(u;z|(n))) greater than the threshold zt.
In both approaches the decision is made only at the RU
level, hence the magnitude of EU contamination is not
considered in this process.

In this paper we propose to conduct the decision-making
process both at RU and EU levels. The basic idea is to treat
only highly contaminated RU within the EU until the
probability that the average EU concentration does not exceed
the threshold zt is above the probability threshold pt. Although
the remediation decision is made at the RU level, the final
assessment is conducted only at the EU level. There are a
few techniques available for the critical step of selecting RUs.
For example, all locations with concentrations greater than
an analytically derived “not to exceed” concentration are
remediated to bring the average concentration of the site
below the target concentration (7, 26). Another approach
ranks RU according to their average concentrations and units
are cleaned until the EU average concentration is below the
cleanup target (8). A common shortcoming of these tech-
niques is that the uncertainty attached to EU concentration
is not accounted for in the selection of RU. Modeling
simultaneously the ccdfs of EU and RU concentrations is

proposed as a way to reduce both the remediation cost and
the risk of wrongly selecting RU. The new approach proceeds
as follows:

1. Multiple realizations of the spatial distribution of
pollutant concentrations over the site are generated using
Monte Carlo simulation (p-field simulation). Simulated values
falling within an EU are arithmetically averaged and the
empirical distribution of simulated block values forms the
EU ccdf.

2. The probability of not exceeding the target concentra-
tion is computed from that ccdf and used as the prereme-
diation probability (ppre).

3. For each exposure unit, the postremediation ccdf
resulting from cleaning a single RU is derived by replacing
the average simulated concentration of that RU by zero
(mimicking the actual remediation process) for all realiza-
tions. The postremediation probability (ppost) for cleaning
that RU alone is then computed from the ccdf. The process
is repeated for each RU.

4. The difference between postremediation and prer-
emediation probabilities is computed (ppost - ppre), and the
remediation unit that increases the probability most is ranked
first and is considered to have the greatest impact or influence
on the EU ccdf.

FIGURE 1. Dioxin data at Piazza Road, MO, and the corresponding sample histogram (µg/kg).
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5. Starting with the most influential RU, units are
remediated until the exposure unit meets a given cleanup
goal, that is the probability of not exceeding the target
threshold is greater than a specific probability pc.

The selection of RUs is based only on the impact on the
EU ccdf, which implies that as long as the level of contami-
nation of the EU after remediation is lower than the target
the remediation is considered a success. If the postrem-
ediation exposure unit does not meet the goal, the reme-
diation process is categorized as false negative (27). Con-
versely, the cleaning of RUs that are not necessary to make
the EU safe (case when EU concentration is already small
enough) is referred to as false positive.

Materials and Methods
Study Site. The study area is a U.S. EPA Superfund site called
Piazza Road located in Rosati, MO. In 1971, dioxin was
introduced along with a waste oil serving as a dust sup-
pressant; later the site was found to be contaminated (6, 15,
27, 28). Policy in EPA Region 7 has set the acceptable risk due
to residual dioxin at less than one additional cancer in
1 000 000 population (e.g. 10-6 carcinogenic risk), which
corresponds to a concentration of 1 µg/kg in a residential
exposure scenario. The size of the study site is 100 ft × 200
ft (Figure 1), consisting of four 50 ft × 100 ft exposure units
(average residential lot). In this paper, remediation units are
10 ft × 10 ft, yielding 50 RUs per EU. The RU size can be
determined in many different ways depending upon, for
example, the size of machinery in the remediation process:
a well-trained operator of a front end loader can take 6 in.
off a area of 10 ft × 10 ft in a single pass, resulting in a volume
of slightly less than 2 cubic yards of material which is
convenient for incineration or disposal activity.

Two sets of samples were collected: (1) 200 pairs of
tablespoon soil samples and (2) 50 composite samples formed
at 50 randomly selected locations in each of the four exposure
units: at each location, nine tablespoon samples were taken
from a 4-in. square grid (details of sampling procedure are
summarized in ref 27). The sole isomer of dioxin at the site
is 2,3,7,8-tetrachlorodibenzo-p-dioxin. The laboratory tech-
nical procedure (HRGC/MS/MS or HRGC/LRMS) has a high
analytical precision (4.5%), a low bias (-2.6%), and a detection
limit of 0.3 µg/kg. Readings below the detection limit are
reset to half the limit, 0.15 µg/kg, in accordance with previous
studies (29). For the purpose of this study, measurement
errors include laboratory (analytical) errors and errors
resulting from incomplete mixing of the field samples. The
coefficient of variation (CV) for sampling errors ranges from
11% for composite samples to 15% for single spoon samples
which were not homogenized, and these two rates were used
for the soft indicator coding (eq 3) of the 200 and 400
concentration data, respectively.

Figure 1 shows the location and histogram of 600 dioxin
data. The distribution is highly positively skewed (median )
1.17 µg/kg < mean ) 4.94 µg/kg). Of the observations 27%
are below the detection limit, while the threshold of 1 µg/kg
is exceeded by 53% of the samples. High concentrations are
located mainly in the left lower area of the site due to the
accumulation of dioxin by water erosion (27). A previous
study (30) showed larger spatial connectivity along the N-S
direction which is consistent with the direction of the stream
channel located in this pilot.

Selective Remediation Performance. Selective remedia-
tion amounts at subdividing each EU into smaller RUs and,
starting from the most contaminated RU, RUs are cleaned
until the remediation goal is met. The proposed two-level
multiphase remediation technique is compared to two single
phase remediation approaches based on either the prob-
ability for RUs not to exceed the threshold or the average RU
dioxin concentrations (ccdf mean). For the multiphase

strategy, the remediation goal is that the probability of
exceeding a 1 µg/kg dioxin concentration is less than 5% for
the EU, which corresponds to the EPA remediation goal. For
the single phase remediation techniques, RUs with a greater
than 5% probability of exceeding 1 µg/kg or an average dioxin
concentration greater than 1 µg/kg are selected. To investigate
the impact of sampling intensity on remediation decision
and to show the benefit of the new methodology, the following
procedure is applied to the three different remediation
strategies:

1. Select a sample size corresponding to a percentage S
of observations with 10% e S e 90%. For each size, 100
different random subsets were selected to account for
sampling fluctuations.

2. For each random subset and sample size: (a) Model
the ccdf at the nodes of a 5 ft spacing grid using soft indicator
kriging and eight threshold values corresponding to the
detection limit and the 7 deciles of the sample distribution
that are larger than 0.3 µg/kg. Generate 100 realizations of
the spatial distribution of dioxin concentrations using p-field
simulation. (b) Compute the arithmetical average of simu-
lated values for each exposure and remediation units and
construct the preremediation EU ccdf (see Figure 2). (c) Select
RUs according to the three remediation strategies and record
the number of RU selected for each strategy. (d) Compute
the postremediation “true” EU concentration by replacing
“true” dioxin concentrations of selected RUs by zero. The
“true” concentration is taken as a weighted average of all

FIGURE 2. Preremediation ccdfs for EUs 1 and 4 which are
numerically approximated by the empirical distributions of 100
simulated block values. The probability of not exceeding the
threshold (1 µg/kg) is above 95% (horizontal dashed line) for EU 4
which entails no remediation needed. For EU 1 selective remediation
is conducted until the postremediation probability exceeds 95%.
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observations within that unit: paired observations received
half the weight of randomly located composite samples. If
the postremediation concentration is greater than the
threshold, the remediation is categorized as failure (false
negative). (e) Compute the proportion of selected RUs whose
true concentration actually exceeds the threshold to inves-
tigate the efficiency of the three remediation strategies.

Results and Discussion
Figure 2 shows EU 1 and 4 ccdfs which were derived by
p-field simulation using 50 randomly selected observations.
Unlike EU 4, the probability of exceeding the threshold (1
µg/kg) for EU 1 is greater than the target probability of 5%,
which leads to remediation. Using the multiphase strategy,
the 5% threshold is reached after 36 RUs have been cleaned,
see the postremediation ccdf in Figure 2 (top graph, dashed
line). Figure 3 (top left graph) shows the first realization of
RU values with the ones selected according to the new
selective remediation strategy (top right graph) and two single
phase remediation strategies (bottom graphs). This example
already indicates the tendency of the proposed strategy to
reduce the number of RUs selected for remediation. This
result is confirmed by Figure 4 that shows the average number
of RU selected over 100 random subsets as a function of the
relative sampling intensity. The 95% probability intervals
(both upper and lower bounds) of the distribution of 100
values are also plotted to illustrate the impact of sampling
fluctuations. The thick horizontal line depicts the optimum
number of RU that should be selected as obtained from the

original data set: RUs are ranked according to the weighted
average concentration of all observation within these units
and are removed until the EU dioxin concentration is below
1 µg/kg. The number of selected RUs generally decreases as
the sampling intensity increases. This is not the case for EU
3 because of the narrow range of concentrations in that unit
(see Figure 1), which facilitates its modeling using fewer
observations. Overall, the proposed method outperforms (i.e.
lower remediation costs) the two single phase remediation
strategies except when few data are sampled in EU 2. Unlike
EU 3, there are a few extreme values along the left edge of
this unit (Figure 1), which would have a large impact on the
remediation plan especially when only a few data are available
for site characterization. When either of single phase strategies
is adopted, the number of RU selected is far more than
necessary leading to false positive in almost all cases (i.e. the
postremediation concentration is below the regulatory
threshold). This overselection of RUs results in additional
cleaning costs which usually increase as a linear function of
the number of units selected. Despite the lack of regulation
regarding the proportion of false positives, the budget for
the remediation project is always limited and the lower the
cost, the better the design. This unnecessarily large reme-
diation effort can be easily lowered by the new remediation
strategy.

The false negatives generated by each remediation strategy
are investigated by computing for each EU the proportion
of random subsets where the post remediation “true”
concentration exceeds the regulatory threshold. In all cases

FIGURE 3. First realization of the spatial distribution of dioxin concentration within EU 1 generated using p-field simulation conditionally
to 50 randomly selected dioxin data. 36 RUs are selected as a result of the new selective remediation procedure, while 48 and 43 RUs
are selected under the two single phase strategies.
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there is no false negatives for EU 2 and 4 which contain the
lowest pollutant concentrations, recall Figure 1. Figure 5
displays the proportion of false negatives for the two other
EUs. The horizontal line corresponds to an acceptable false
negative rate of 5%, which was set by EPA Region 7 (13). As
expected, the lower remediation costs achieved by the new
strategy are obtained to the detriment of a higher risk of false
negative. Yet, for EU 1, the proportion of false negatives is
below 5% for most sampling intensities. For EU 3, as long
as more than 20% of the original data are used (i.e. 120
observations), the proportion of false negatives generated
by the new method is acceptable.

A risk associated with selective remediation is that,
because of the smaller number of RU selected, one may fail
to meet the remediation goal (false negative). Results however
demonstrate the overall superiority of the new technique,
especially its ability to decrease the remediation cost while
keeping the proportion of false negatives acceptable. The
efficiency of the technique can also be assessed by calculating
the proportion of selected RU whose true concentrations
actually exceed the threshold, which indicates how well the
technique pinpoints the units to be cleaned. The proportion
for EU 1 is plotted as a function of sample size in Figure 6.
Clearly, the new technique selects RUs more effectively than
the other two methods, and the same trend is observed for
other exposure units.

The technique presented in this paper indeed minimizes
the remediation cost, while keeping the risk of leaving the
site hazardous (i.e. false negative) below the regulatory target
(e.g. 5%). Regardless of the technique used, the risk is never
drastically reduced as long as only a limited number of
samples is available, since estimation results are conditioned
to samples. The detection of all the hot spots is ensured only
by remediating or sampling the entire site. However, in
practice, time and cost always limit the number of samples

FIGURE 4. Impact of the sample size on the average number of RU
selected for EUs 1 to 4 by the three remediation strategies. Both
lower and upper bounds of the 95% probability intervals are also
plotted.

FIGURE 5. Impact of sampling intensity and remediation strategy
on the proportion of false negatives for EUs 1 and 3.
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or the area being remediated. Minimizing the risk of missing
any hot spot could be achieved by a multiphase sampling
scheme (i.e. Bayesian updating approach), in which ad-
ditional samples are collected based upon the results from
initially sampled observations. The combination of the
multiphase selective remediation strategy and the multiphase
sampling design would be the best approach to minimize
the false negative in soil remediation designs.

The last concern one might have is the potential existence
of small areas of high dioxin concentration (i.e. hot spots),
while the average hazardous level of the EU is lower than the
regulatory threshold. Then one needs to reexamine how the
remediation goal has been set. In general, long-term exposure
is of concern (31), especially when the site is used as a
residential lot, and the proposed method is designed to deal
with such conditions. When the focus is on short-term
exposures or in the presence of other site uses or exposure
pathways (e.g. a child’s sand box set on the ground),
alternatives in terms of EU size and remediation strategy
should be considered. In such a case, simply drawing contours
(i.e. delineating areas, eq 10) to identify locations where a
contaminant concentration or a risk level is above a given
threshold (32, 33) may be an appropriate approach. The size
of EU/RU in this direct hot-spot detection method can be
anything but not less than the size of soil sampling cores.
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FIGURE 6. Proportions of RUs that actually exceed the target
concentration (1 µg/kg) among units selected within EU 1 as a
function of the sample size and remediation strategy.
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