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Abstract. This paper reviews the main challenges associated with the geostatistic-
al modeling of the spatial distribution of contaminants in sediments and estimating 
the volume of sediment targeted for removal in a remediation project. The full po-
tential of geostatistics for modeling contaminated sites cannot be achieved through 
the blind application of off-the-shelf methods. Tools need to be tailored to the cha-
racteristics of each site and contaminant of concern. Solutions include the use of 
declustering methods to attenuate the impact of redundant information provided by 
nearby cores, the straightening of river spatial coordinates, the indicator and nor-
mal-score transforms of data, the use of block-to-block kriging algorithms to ac-
count for the shape and size of measurement and prediction supports, and the gen-
eration of simulated models as an alternative to smooth kriging models for propa-
gating the uncertainty associated with various dredging scenarios. Cross-validation 
can facilitate the selection of the most appropriate methodology. 

1 INTRODUCTION 

In the environmental industry, sediment remediation projects often involve dredging and 
removal of contaminated sediments. The volume of sediment targeted for removal must 
be estimated prior to the project to identify appropriate dredging equipment and ensure 
sufficient disposal options. These volumes also are often used in remedial contracts to 
develop and monitor achievement of project goals and assess payment. Over- or under-
estimating these volumes can have significant adverse impacts on the project scope, 
budget, and schedule. It is therefore imperative to make as accurate an estimate as poss-
ible of sediment volumes targeted for removal. Site complexity and data scarcity often 
result in significant uncertainty about the spatial distribution of the contaminant of con-
cern, which translates into uncertain volume estimates (Apitz, Davis et al. 2005). This 
fact is being increasingly acknowledged by practitioners as they trade single estimates 
computed using deterministic methods (e.g., inverse distance weighting) for probabilis-
tic assessment based on geostatistical models (Reed, Chappell et al. 2001; Ouyang, 
Higman et al. 2003). Yet, the application of geostatistics to sediment data poses signifi-
cant challenges that are often overlooked and can lead to vastly different estimates. 



             
Figure 1: Two contaminated sites - Site 1 (polychlorinated biphenyls or PCB contamina-
tion in river) and Site 2 (mercury contamination). Color legend is missing for confiden-
tiality reasons. 

Common issues that complicate the geostatistical modeling of contaminated sites in-
clude: 1) the preferential sampling of the most contaminated areas leading to biased 
sample statistics and unstable variogram estimates; 2) the complex geometry of the site 
(e.g., meandering rivers) that prohibits the use of Euclidian distances; 3) the presence of 
large proportions of non-detects and strongly asymmetric histograms that deviate from 
the lognormal model; 4) the orders of magnitude difference between the spatial support 
of the data (e.g., 1 foot core) and the spatial support used for remediation decision (e.g., 
cubic meter blocks); and 5) the nature of the remediation process that requires the proc-
essing of three-dimensional concentration models to estimate the maximum depth at 
which contaminant concentrations exceed the thresholds of concern. These challenges 
and the ways that traditional geostatistical tools can be adapted to meet these challenges 
are reviewed and illustrated using data from two different sites (Figure 1). EPA’s Great 
Lakes National Program Office (GLNPO) is conducting sediment investigations at these 
sites in support of potential Great Lakes Legacy Act cleanup projects.   

2 CHALLENGES 

2.1 Preferential Sampling 

The high costs associated with sediment sampling and analytical procedures often lead 
practitioners to sample more densely areas where larger pollutant concentrations are 
expected. For example, samples were collected preferentially close to the shore at Site 2 
(Figure 1). A consequence of the preferential sampling is that sample statistics, such as 
the mean and standard deviation, are not representative of the whole site. The equal 
weighting of observations in the analysis is also questionable given the wide range of 
length of the core sections (0.5 to 4.8 ft). To derive a histogram of mercury concentra-
tion representative of the entire site, each observation was assigned a declustering 
weight computed as the product of the section length by the two-dimensional polygon of 
influence of the core. This declustering attenuates the importance of samples of short 
length and redundant cores located in densely sampled areas, resulting in a smaller dec-
lustered mean of 0.70 ppm for mercury (arithmetical average = 0.89 ppm). 



 
Figure 2: Straightening of the spatial coordinates of core samples (red dots) and interpo-
lation grid nodes for Site 1 channel. 

   
Figure 3: Histograms of mercury concentrations at Site 2 before and after log-transform. 

2.2 Complex Geometry 

The cornerstone of any geostatistical analysis is the variogram which measures the spa-
tial variability as a function of the Euclidian distances between any two locations. In 
many sites, such as meandering rivers, physical distances between observations cannot 
be identified with a mere Euclidean distance as some of them would necessarily be 
measured over land. To ensure that all distances are measured within the water, sample 
coordinates need to be transformed prior to analysis. This amounts to mathematically 
“unbending” the meanders (e.g., Barabas, Goovaerts et al., 2001). The geostatistical 
analysis is conducted in the transformed space, and the results are simply mapped into 
the original coordinate system. Figure 2 shows the Site 1 channel data and interpolation 
grid before and after straightening using an extension in ArcMap (FIELDS software). 

2.3 Complex Distributions 

Two common features of environmental datasets are the occurrence of a few very large 
concentrations (hot-spots) and the presence of data below the detection limit (censored 
observations). Extreme values can strongly affect the characterization of spatial patterns 
and the prediction. Several approaches exist to handle strongly positively skewed histo-
grams. One common approach is to first transform the data (e.g., normal score, Box Cox 
or lognormal transform), perform the analysis in the transformed space, and back-
transform the resulting estimates. Such transforms, however, do not solve the problems 
created by the presence of numerous censored data because they either yield a spike of 
similar transformed values (see Figure 3) or, in the case of the normal-score transform, 
it requires a necessarily subjective ordering of all equally-valued observations. Further, 



 
Figure 4: Three-dimensional variogram and the kriging results for mercury at Site 2. 

except for the normal score transform, it does not guarantee the normality of the trans-
formed histogram, which is required to compute confidence intervals for the estimates. 
Lastly, the back-transform of estimated moments is not straightforward and can intro-
duce bias if not done properly (Saito and Goovaerts, 2000). Another way to attenuate the 
impact of extreme values is to use more robust statistics and estimators, such as the non-
parametric technique of indicator kriging (IK). The basic approach is to discretize the 
range of variation of the environmental attribute against a set of thresholds (e.g., deciles 
of sample histogram, detection limit, and regulatory threshold) and to transform each 
observation into a vector of indicators of non-exceedence of each threshold; see Murray, 
Lee et al. (2002) or Barabas, Goovaerts et al. (2001) for examples.  

2.4 Three-dimensional Models 

Because sediments are typically several feet thick and concentrations can greatly change 
with depth, a three-dimensional modeling approach is needed to capture the heterogene-
ity present in most sites. An additional complexity is the uneven sediment thickness 
which needs to be estimated first, e.g., using 2D kriging of sediment depth data. Al-
though geostatistics offers tools (variogram, kriging) that allow consideration of both 
vertical and horizontal variability in an integrated fashion, they are seldom used by prac-
titioners who either work in two dimensions (Reed, Chappell et al. 2001), focus on a 
specific depth (e.g., surficial samples), or make the simplistic assumption that the vari-
ability is isotropic (Ouyang, Higman et al. 2003). Figure 4 shows the three-dimensional 
model for the spatial distribution of mercury normal score data at Site 2. The zonal ani-
sotropic variogram model includes a 5% nugget effect, an exponential model with a 
vertical range of 1.40 feet and lateral range of 280 feet, and an exponential model with a 
range of 700 feet that contributes only to the direction of azimuth 30º (NE-SW). This 
model is used by multiGaussian block kriging to estimate mercury concentrations for 
147,995 blocks of 200 cubic feet (20×20×0.5) or 7.41 cubic yards. 

2.5 Heterogeneous Spatial Supports 

Any measurement or prediction relates to a non-zero, finite sample volume (e.g., 1 foot 
sample core or 200 cubic feet estimation blocks) which is too often assimilated to a 
point in practice. Whereas most software offer only point or block kriging algorithms, 
the theory of kriging applies to any type of spatial support. The only difficulty is the 
inference of a point-support variogram which requires the deconvolution of the vertical 
variogram since the length of sediment cores is non-negligeable relatively to the sedi-
ment thickness (i.e. they cannot be assimilated with points).  



 
Figure 5: Use of stochastic simulation to propagate the uncertainty attached to the distri-
bution of total PCB across Site 1 through the computation of the volume of sediments to 
be dredged. 

 
Figure 6: Cross-validation results for Site 1 model: scatterplots of observed versus esti-
mated PCB normal scores, ROC curve (false positives) and accuracy plot. One core is 
removed at a time and all its observations are estimated from remaining cores. 

2.6 Propagation of Uncertainty 

Modeling the spatial distribution of contaminants is a preliminary step towards the de-
sign of a remediation project, including estimation of the sediment volumes targeted for 
removal. The natural heterogeneity of the sites, combined with data scarcity (e.g., 134 
samples collected at 67 locations for Site 1), typically causes significant uncertainty in 
the model, resulting in uncertain volume estimates. Such a propagation of uncertainty is 
best tackled using a stochastic simulation approach, whereby multiple realizations of the 
spatial distribution of contaminants are generated and subjected to a particular reme-
diation scenario. For example, PCB concentrations were simulated over Site 1 river 
channel using probability field simulation (Deutsch and Journel, 1998). The maximum 
depth at which a simulated concentration exceeds the Threshold of Interest (TOI=50 
ppm) was computed for each node of the 2D grid and multiplied by the pixel size (25 
square meters) to derive the volume of sediments to be dredged. The operation was re-
peated for 100 simulation models to account for uncertainty in the spatial distribution of 
PCB concentrations, yielding a histogram of 100 volume estimates (Figure 5). Best and 
worst case scenarios in terms of dredging costs, as well as the probability that the vo-
lume of sediments exceeds any target figure, can be derived easily from the histogram. 



3 CONCLUSIONS 

Geostatistics provides a wide range of tools to accommodate the complexity of sediment 
data and model the uncertainty attached to any dredging scenario. Despite recent at-
tempts to automate the geostatistical characterization of contaminated sediments (Raspa, 
Innocenti et al. 2008), expert knowledge is critical to tailor these tools to the characteris-
tics of each site. Visual exam of the 3D model and computation of cross-validation sta-
tistics, such as the correlation between estimated and observed data, the proportion of 
samples wrongly classified as exceeding the threshold of concern, or comparison be-
tween expected and observed coverage probabilities in the accuracy plot (Figure 6), 
should also be used to detect any systematic bias in the procedure. 
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