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Abstract: For almost 100 years, the Asarco Company op-
erated a copper smelter in Tacoma, Washington State. Air
pollution from the smelter settled on the surface soil over
more than 2,600 square kilometers of the Puget Sound
basin. As part of the Tacoma Smelter Plume project,
there have been a number of studies looking at soil ar-
senic contamination, leading to the collection of more than
5,000 surface soil samples over the years. The present
study aimed to pool all of the sampling results to create
a model that can be used to further prioritize areas for ad-
ditional sampling and remediation since not enough money
is available to clean all residential parcels. This paper de-
scribes a geostatistical simulation-based approach to com-
pute for each block-group the expected number of residen-
tial parcels where a given arsenic concentration threshold
is exceeded with a minimum probability. This informa-
tion is being currently used to select widely contaminated
block-groups where all residential parcels are systemati-
cally sampled and the ones exceeding a target threshold of
100 ppm are remediated.
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1. Introduction

Etymologically, the term “geostatistics” designates the
statistical study of natural phenomena. The early devel-
opments of geostatistics in the 1950’s and 1960’s aimed
to improve the evaluation of recoverable reserves in min-
ing deposits (Journel and Huijbregts, 1978). Since then its
field of application has expanded considerably to include
most fields of geoscience (e.g. geology, geochemistry, geo-
hydrology, soil science) as well as a vast array of disci-
plines that all deal with the analysis of spatial data, such as
oceanography, hydrogeology, remote sensing, agriculture,
and environmental sciences. One of the main characteris-
tics of the aforementioned data is their structured distribu-
tion in space which reflects the impact of various factors
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(e.g. geology, weather, human activities, land cover) oper-
ating at different spatial scales. Geostatistics (Goovaerts,
1998) provides a set of tools to model this spatial struc-
ture and interpolate scattered measurements to create spa-
tially exhaustive layers of information and assess the cor-
responding accuracy and precision.

The cost of collecting field data is often prohibitive,
leading to targeted sampling and areas that might be
sparsely sampled. It is thus critical to incorporate any
source of information available in the interpolation of en-
vironmental attributes. For example, the information avail-
able for site characterization impacted by incinerators typ-
ically includes air and soil measurements collected near
the source, complemented by data about the source and its
environment — such as meteorological data, wind speed
and direction, the characteristics of the stack, and exhaust
emissions. Geostatistics allows the combination of de-
tailed process-based modeling of atmospheric deposition
and monitoring data within a probabilistic framework in
order to incorporate and propagate the uncertainty attached
to the different pieces of information (Goovaerts et al.,
2008).

This paper illustrates the application of geostatistics to
the characterization of a large area including 583,291 res-
idential and undeveloped parcels whose soil has been po-
tentially contaminated with arsenic as the result of the 100-
yr operation of a copper smelter. Parcels are used for tax
assessment with an average size of 728 m? in urban envi-
ronment. Field data are combined with secondary infor-
mation such as proximity to smelter and wind rose data to
model the uncertainty about soil arsenic concentrations at
the parcel and block-group levels.

2. Material and methods

2.1 Study area and data available for spatial
modeling

The study area covers five counties of Washington State
centered on the city of Tacoma where the Asarco Company
operated a copper smelter for over 100 years. Air pollution
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Fig. 2 Experimental semivariogram of regression residuals
with the model fitted for each of the three zones (Stratum 1 &
2, Vashon Maury Island).

3. Digital Elevation Model (DEM) attributes, such as
elevation, slope and aspect.

2.2 Geostatistical analysis

The study area was stratified into three zones (Fig. 1)
that were deemed more homogeneous than the entire study
area for modeling purposes: Stratum 1, Stratum 2, and
Vashon Maury Island (VMI). On VMI, the average sin-
gle family parcel is much larger than in urban neighbor-
hood (8,094 m? versus 728 m?) and these parcels gener-
ally are more predominately forested. The wind rose for
the Tacoma Smelter has two dominant (seasonal) down-
wind directions: north-northeast and south-southwest axis,
which controlled to a large extent the distribution of the
contamination. The area usually gets south winds during
cloudy or rainy weather, while north winds usually come
with the sunny, dry weather. The division of the study
area into zones is consistent with a separation of primary
downwind areas according to the wind rose. The follow-
ing methodology developed in Goovaerts et al. (2008) was
implemented for each of the three modeling zones:

1. All arsenic concentrations (forest and residen-
tial values) were first normal score transformed
(Goovaerts, 1997) to correct for the strongly posi-
tively skewed sample histogram.

2. The transformed arsenic values were regressed

against covariates (explanatory variables) that were
based on separation distance and azimuth with re-
spect to the location of the smelter, as well as DEM-
related attributes. This spatial trend model took the
form:

Trend =Intercept + bl x Cos(Azimuth — 6)
+ b2 x Log(Distance to smelter)
X |Cos{Azimuth — 6,)| (1
+ b3 x Log(Distance to smelter)
+ b4 x Elevation

where the offset angles 6;, 6, and 83 were selected
through a sensitivity analysis that aimed at maxi-
mizing the linear correlation between the covariate
and the transformed arsenic values. For all three
zones and two types of land use stepwise linear
regression indicated that slope and aspect consis-
tently did not contribute significantly to the regres-
sion model, hence they were not included in the
final model. For VMI, the trend model for resi-
dential parcels was fitted using the forest data be-
cause they were more numerous, covered the island
uniformly (Fig. 1) and reflect the undisturbed im-
pact of the smelter on the soil in the island. For
the two other zones, the trend model for residential
parcels was fitted using the residential data. The R>
of the regression model, which represents the per-
centage of the variance in arsenic values explained
by the covariates, ranged from 4 % for Stratum 2
to 63 % (VMI) and 66 % (Stratum 1). The low
R? for Stratum 2 means that the secondary infor-
mation explains little of the spatial variability of ar-
senic values and the interpolation will be based al-
most essentially on the field samples. This regres-
sion model was used to predict the arsenic concen-
tration and standard error at each sampled location
and at the geographical centroid of each residential
parcel.

. The spatial variability of regression residuals (i.e.

field data minus trend model) was characterized
using the experimental semivariogram which de-
scribes how the average half squared difference be-
tween pairs of observations changes as a function of
the separation distance. Fig. 2 shows the omnidi-
rectional residual semivariogram with the isotropic
model fitted for each of the three zones. The semi-
variogram is well structured for Stratum 1 which
has been sampled exhaustively (4,133 soil sam-
ples). Only 99 residential samples were available
for VMI, which explains the more erratic semivari-
ogram; the value for the first lag was ignored during
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Fig. 3 Results of the geostatistical simulation approach: (A)
Map of average block-group arsenic concentration, (B) Map of
the average number (expected value) of residential parcels per
block group that exceed an arsenic concentration of 100 ppm,
and (C) Map of the estimated fraction of residential parcels per
block group that exceed an arsenic concentration of 100 ppm with
probability above 0.50.

the modeling because if was based on only a few
data pairs.

4. Sequential Gaussian simulation (Goovaerts, 1997)
was used to simulate the spatial distribution of ar-
senic values conditionally to the sampled data, the
trend model inferred in step 2 and the pattern of cor-
relation modeled in step 3. A set of 999 realizations
were generated over all 501,505 residential parcels
located in the study area.

5. Parcel-level simulated values were post-processed
to compute for each of the 1,452 block-groups: 1)
the mean arsenic concentration, 2) the average (ex-

pected) number of residential parcels that exceeds a
threshold of 100 ppm, and 3) the fraction of the res-
idential parcels for which the threshold of 100 ppm
is exceeded with a minimum probability of 0.5.

3. Results and discussion

The end-result of the simulation procedure is a set of 999
maps of simulated parcel-level concentrations for each of
the three modeling zones. The most straightforward way to
summarize this information is to simply average the sim-
ulated arsenic values within each block-group and across
all 999 simulations. These average block-group concentra-
tions are mapped in Fig. 3A which illustrates the higher
arsenic concentrations observed closer to the smelter and
along the prevailing wind directions. There is however
some uncertainty attached to these average concentrations
which can be assessed empirically using the histogram of
999 simulated block-group values.

In 2009, the State of Washington received a settlement
from Asarco, including a lump sum to pay for partial
cleanup. The clean-up procedure requires the systematic
sampling of residential parcels suspected of being contam-
inated followed by the remediation of the ones exceeding
a target threshold of 100 ppm. Since remediation involves
digging up contaminated soil and taking it to a landfill, it
is more efficient to conduct the cleaning one neighborhood
at a time to avoid moving heavy equipment around. Also,
because of the high sampling and analysis costs resulting
from the systematic investigation of all residential parcels
within a block group, it is desirable to start with neighbor-
hoods where a large proportion of residential parcels are
likely contaminated to avoid a low “hit rate” (e.g. sam-
pling 1,000 parcels to only find 5 contaminated) .

The simulation-based approach allowed the computation
of different quantities that can guide the selection of neigh-
borhoods where resources should be allocated first because
of the extent and likelihood of the contamination. For ex-
ample, Fig. 3B shows a map of the expected number of res-

idential parcels per block group that exceed an arsenic con-
centration of 100 ppm. This map reflects the spatial distri-

bution of the contamination displayed in Fig. 3A and the
population density: number of parcels is higher in down-
town Tacoma in the vicinity of the smelter compared to
inland VMI where residential lots are larger. Still this map
does not account for uncertainty in the prediction since it
is based on an average. Uncertainty assessment is tackled
by the map of Fig. 3C that shows for each block-group
the estimated fraction of residential parcels that exceed an
arsenic concentration of 100 ppm with a probability above
0.50.
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4. Conclusions

Any quantitative assessment of soil contamination is in-
complete as long as it ignores the spatial coordinates of
observations. Geostatistics allows one to capitalize on the
first law of geography which states that “Everything is re-
lated to everything else, but near things are more related
than distant things” to estimate pollutant concentrations at
unmonitored locations. Geostatistics offers a palette of al-
gorithms to incorporate different types of information in
the interpolation process, such as wind direction and lo-
cation of the point source of contamination in the present
case-study. Results can take the form of arsenic concen-
tration maps or maps of the probability to exceed critical
values, such as regulatory thresholds. An additional diffi-
culty is the need to upscale the modeling results for resi-
dential parcels to the level of block-groups which are the
geographical units considered for the prioritization of sam-
pling and remediation sequence. This can be accomplished
using stochastic simulation to generate many maps of res-
idential parcel soil concentrations that all honor the data
and reproduce aspects of the patterns of spatial dependence
or other statistics deemed consequential for the problem at
hand. This ensemble of realizations enables the derivation
of concentration estimates and answer complex questions,
such as “What is the fraction of residential parcels exceed-
ing a target threshold T with a minimum probability P?”,
over block-groups of different size and shape as required
by the decision-making process. The use of this geosta-
tistical model in the ongoing clean-up phase demonstrates
the applicability of the methodology for real-world envi-
ronmental projects.

It is noteworthy that the model is known to be incom-
plete in some respects. First, the absence of air dispersion
model forced us to use an empirical modeling approach
where the impact of deposition was approximated on the
basis of the separation distance and azimuth of each parcel
with respect to the location of the smelter. However, the
fact that the study area is highly urbanized and the smelter
stopped operating 30 years ago means that the site has been
greatly disturbed since the pollution event and the current
local distribution of contaminants might bear little relation-

ship to the original deposition pattern that would be pre-
dicted by an air dispersion model. On the other hand, the
global trend of contamination level declining away from
the smelter and at smaller pace in the downwind direction
can be easily captured by the large number of samples that
were collected throughout the study area. Second, since
age of residence was not available for many sampled prop-
erties it is not included in the model, but it is very likely

to be an important variable affecting soil arsenic concen-
tration. A block group where a large fraction of residential

parcels are for homes built well after smelter operations
ended (1986), with few or no sampling results for those
residences in the modeling data set, may be overestimated
by model outputs. Some larger parcels characterized as
residential are known to have relatively small cleared and
developed areas within a largely forested or undeveloped
area (e.g., VMI). The undeveloped portions of such prop-
erties are likely to have higher soil arsenic concentrations
than shown by the residential models for the small devel-
oped portions of the parcels.
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