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When enough is enough: The worth of monitoring data 
in aquifer remediation design 
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Department of Geological and Environmental Sciences, Stanford University, Stanford, California 

Abstract. Given the high cost of data collection at groundwater contamination 
remediation sites, it is becoming increasingly important to make data collection as cost- 
effective as possible. A Bayesian data worth framework is developed in an attempt to 
carry out this task for remediation programs in which a groundwater contaminant 
plume must be located and then hydraulically contained. The framework is applied to a 
hypothetical contamination problem where uncertainty in plume location and extent are 
caused by uncertainty in source location, source loading time, and aquifer 
heterogeneity. The goal is to find the optimum number and the best locations for a 
sequence of observation wells that minimize the expected cost of remediation plus 
sampling. Simplifying assumptions include steady state heads, advective transport, 
simple retardation, and remediation costs as a linear function of discharge rate. In the 
case here, an average of six observation wells was needed. Results indicate that this 
optimum number was particularly sensitive to the mean hydraulic conductivity. The 
optimum number was also sensitive to the variance of the hydraulic conductivity, 
annual discount rate, operating cost, and sample unit cost. It was relatively insensitive 
to the correlation length of hydraulic conductivity. For the case here, points of greatest 
uncertainty in plume presence were on average poor candidates for sample locations, 
and randomly located samples were not cost-effective. 

Introduction 

Data collection at groundwater contamination sites may 
be used to guide effective remediation decisions by reducing 
uncertainty in site conditions. The importance of proper 
remediation design cannot be overstated. An overly conser- 
vative remediation program, for example, can needlessly 
waste tens of millions of dollars. On the other hand, a 
minimal cost solution may be inadequate and can lead to 
greater environmental damage. But as important as data 
collection is, its cost can be immense, typically one of the 
largest components of the clean-up cost of a site. Collection 
and chemical analysis of a single water sample, for instance, 
may require thousands of dollars. 

Two primary issues with data collection are concerned 
with knowing where to take the next sample and when to 
cease sampling. With unlimited variability in site conditions, 
every additional sample will yield new information. The 
temptation is to sample more and more, particularly given 
the consequences of poor remediation decisions. 

The purpose of this paper is to present an approach that 
deals with these issues in the design of exploration programs 
involving the collection of data for monitoring groundwater 
quality. Our premise is that it is important to make data 
collection as cost-effective as possible, the ultimate objec- 
tive being to minimize the combined costs of both data 
collection and aquifer remediation. The idea is simple. First, 
the selection of each sample should be based upon its value 

1Now at Oak Ridge National Laboratory, Oak Ridge, Tennessee. 

Copyright !994 by the American Geophysical Union. 

Paper number 94WR01972. 
0043-1397/94/94 WR-01972505.00 

in reducing remediation costs. Second, collection of data 
should cease when its cost of acquisition is greater than its 
benefit in reducing remediation cost. 

We develop a Bayesian data worth framework for the case 
of aquifer remediation in which the location and extent of a 
contaminant plume are both uncertain, yet the plume must 
be contained hydraulically by pumping. Consider the hypo- 
thetical contamination problem displayed in Figures 1 and 2. 
Here, there exists a single plume which must be prevented 
from reaching a compliance surface. Although we display a 
plume in Figures 1 and 2, there is uncertainty about its 
location and extent because of three major factors: (1) the 
source location is only vaguely known, (2) the time that the 
source has been active is uncertain, and (3) the spatial 
variability of the hydraulic conductivity field is unknown. 
Given this uncertainty, in order to prevent with certainty the 
plume from reaching the compliance surface, a width much 
larger than the actual plume width must be contained. This 
results in excessively high remediation costs. Fortunately, 
uncertainty can be reduced by searching for the plume by 
installing monitoring wells and collecting water quality sam- 
ples. The worth of installing a monitoring well is linked to 
how much the information that it provides can be used to 
reduce the width of the containment zone and hence the 

expected remediation cost. 
The foundation of the framework is Bayesian decision 

analysis. The framework is developed by adapting Bayesian 
decision analysis to handle spatially heterogeneous contam- 
inant transport situations. This adaptation is done using 
three basic modules. The first module uses Monte Carlo 

simulation combined with numerical modeling to predict the 
probable location of the plume. The second, based on 
capture zone theory, is used to estimate the remediation cost 
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of containing the unknown plume. The last module uses 
indicator geostatistics to combine prior information with 
sample information to revise the prediction of plume location 
and remediation cost. 

The implementation of the framework presented here is 
limited in complexity. For example, major assumptions 
include •1) steady state, two-dimensional, advective trans- 
port, (2) samples are taken one at a time, and (3) samples 
measure the presence or absence of contamination with 
certainty ignoring actual concentration values. However, 
the modular nature and Monte Carlo design of the frame- 
work allow adaptation to a wider range of contaminant 
transport problems involving spatial heterogeneity. Adapta- 
tions and limitations of the methodology are discussed at the 
end of the paper. 

We study the sensitivity of the optimal sampling effort to 
economic factors and geostatistical parameters governing 
hydraulic conductivity. We also examine the efficacy of 
three different sampling strategies. 

Previous Work 

The earliest applications of Bayesian decision analysis in 
hydrology focused on stream flow and groundwater flow 
problems. Davis et al. [1972] evaluated the worth of addi- 
tional streamflow measurements in the design of a bridge. 
MaddocL [1973] estimated the worth of hydrogeological and 
other kinds of information in the management of a farm. 
Gates and Kisiel [1974] evaluated the worth of measure- 
ments of hydraulic head, hydraulic conductivity, and stora- 
tivity when predicting hydraulic head with a computer 
model. 

In the application of Bayesian decision analysis to ground- 
water contamination, Grosser and Goodman [1985] deter- 

mined the optimal sampling frequency for chloride at a fixed 
water supply well. Ben-Zri et al. [1988] evaluated the worth 
of a borehole used to determine the hydraulic connection 
between a contaminated and an uncontaminated aquifer. 
More recently, Reichard and Erans [1989] assessed the 
value of groundwater monitoring efficiency in choosing a 
remedial action alternative for a groundwater contamination 
problem involving one-dimensional transport. 

While the above works dealing with groundwater contam- 
ination made significant contributions, they were restricted 
to spatially uniform, or univariate, systems. In addition, 
none addressed the question of where to locate a sample. 
Incorporating spatial variability into Bayesian decision anal- 
ysis is important for handling data worth problems in many 
realistic contamination situations. Marin et al. [1989] and 
Medina et al. [1989] outlined a Bayesian risk methodology 
for sampling cont•tmination in spatially heterogeneous aqui- 
fers for permitting of waste disposal sites. However, the 
worth of a measurement was quantified by the degree that it 
increased the precision of an estimate of contaminant con- 
centration rather than in monetary terms. Evaluating the 
monetary worth of data is valuable in many cases; it ad- 
dresses the question of whether it is worth paying for 
sampling in the first place. 

Freeze et al. [1992] conceptually showed how to evaluate 
the worth of spatially correlated measurements of hydraulic 
conductivity in a heterogeneous aquifer when predicting 
contaminant travel time. James and Freeze [1993] developed 
a Bayesian data worth framework for evaluating the worth of 
spatially correlated boreholes when searching for aquitard 
discontinuities in ,• contamination problem at the Savannah 
River Site, South Carolina. While the above two works dealt 

with spatially variable contamination problems, neither dealt 
with the delineation of contamination plumes or handled 
measurements of contamination. 

The contributions of this research are twofold. First, the 

developed framework evaluates the monetary worth of spa- 
tially correlated measurements of contamination when de- 
lineating a contamination plume. Second, it estimates the 
stepwise optimum number of measurements in an explora- 
tion program. Stepwise refers to taking one sample at a time. 
This latter component provides a way of estimating the 
optimum number of measurements in a sampling program 
before exploration begins. It also provides a means of 
addressing broad data worth questions to increase the un- 
derstanding of how data can be collected more efficiently. 
For example, for some problems of plume detection or 
parameter estimation, the best sample location is often taken 
as the point of greatest uncertainty [Graham rind McLaugh- 
lin, 1989b; de Marsily, 1986]. However, Christakos and 
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Killam [1993] and James and Freeze [1993] suggest that the 
best sample location may also depend both on uncertainty 
and on the decision being made. The results for the case 
studied here found that the latter view resulted in lower total 
remediation costs. 

Much excellent work similar in nature has been carried out 
in sampling network design. For example, Bogardi et al. 
[1985] and Rouhani [1985] designed networks for optimally 
sampling spatial!y correlated parameters. Wagner et al. 
[1992] and Tucciarrelli and Pinder [!991] designed optimal 
sampling networks in conjunction with groundwater man- 
agement problems. Attention is also drawn to Christakos 
and Killam [1993], who used simulated annealing to design 
sampling programs for locating contamination. 

A major difference, in general, between work in sampling 
network design and work based on Bayesian decision anal- 
ysis, such as this framework, lies in their goals. The goal in 
optimal network design has been to minimize sampling costs 
while estimating some quantity, such as the water table 
elevation, to a specified precision. The goal in Bayesian 
decision analysis is to estimate whether additional informa- 
tion will save more money than it costs. In addition, the 
worth of information in sampling network design has been, 
in general, based only on a sample's location. Here, the 
worth of a sample is dependent upon its value (or outcome) 
as well as its location. 

Overview of Bayesian Data Worth Framework 
The flamework consists of four main parts. The first three 

are •he prior, posterior, and preposterior analyses. The prior 
analysis estimates the remediation cost, based on known 
information. The posterior analysis updates this prior esti- 
mate, given new information. The preposterior analysis 
evaluates whether a samp!e will be cost-effective before it is 
taken. These three components are standard parts of Bayes- 
ian decision analysis and form the framework's core. They 
can be used alone to search for a contamination plume. The 
s•eps in carrying out such a search are shown in Figure 3. 

The fourth part ties the first three together in a procedure 
for carrying out exploration programs for randomly gener- 
ated plumes that are assumed to equally likely represent the 
real unknown plume. It is used to estimate the stepwise 
optimal number of samples before exploration begins and to 
determine a role for when exploration should cease. The 
framework is introduced by using the following hypothetical 
contamination problem. 

Hypothetical Contamination Problem 
A landfill rests on top of an unconfined aquifer with a 50-m 

saturated thickness (Figures 1 and 2). The landfill contains a 
single, continuous source of a sorbing contaminant that is 
leaching into the groundwater. The contaminant plume has 
been sampled at one existing observation well. However, its 
location elsewhere is unknown because of uncertainty in 
three factors. First, the source initiation time can only be 
bracketed by landfill records to be between 30 and 40 years 
ago. Second, the source location is uncertain. Landfill 
records indicate that the source is linear in shape and 
approximately 70 m long and that it lies just inside the 
!andfill's southern boundary. However, its center may be 
located anywhere in a zone 30 m to either side of the 
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Figure 3. Outline of steps in using the prior, posterior, and 
preposterior analyses to search for a contamination plume. 

observation well (Figure 1). Finally, the spatial variability of 
the hydraulic conductivity is unknown. All other parameters 
governing flow and transport are assumed to be known. 
Consequently, the plume could be situated anywhere in a 
zone that is much larger than the actual plume. This zone is 
bounded by what is referred to here as the contamination 
envelope, marked with a dashed line in Figure 1. 

The remediation task is to prevent any part of the plume 
from reaching a compliance surface (Figure 1) by containing 
it with a pumping well over a fixed time period of 40 years. 
Neither the removal of the source nor the clean-up of the 
aquifer is dealt with here. Since the actual plume boundary is 
unknown, all groundwater within the envelope must be 
contained in order to ensure that all contamination is pre- 
vented from reaching the compliance surface. However, 
since the actual plume is probably much smaller than the 
envelope, this containment strategy is likely to be overly 
conservative. It would then result in excessive remediation 

cost, that is, the pumping, treatment, and maintenance costs 
associated with capturing the plume. Therefore, in an effort 
to potentially reduce the size of the containment zone and 
subsequent remediation cost, a sampling program is to be 
carried out with the aim of reducing the uncertainty in both 
the location and extent of the plume. The objective is to 
minimize the total cost, (b (in dollars), which is the sum of the 
remediation cost and the cost of a sampling program aimed 
at delineating the plume boundary. 

An exploration program for the plume consists of the 
installation of monitoring wells to collect water samples that 
will provide point measurements of the presence or absence 
of the plume. It is assumed that both sampling and remedi- 
ation design will be carded out in a short period of time 
relative to the existence of the plume. Consequently, only 
one sample is taken per well. The cost of such a sampling 
program, •bs (in dollars), is assumed to be 

ohs = CsNs (1) 
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where Cs is the cost of installing one well and analyzing one 
water sample (dollars per sample) and Ns is the number of 
monitoring wells installed. The sample unit cost, Cs, is set to 
$20,000/sample, a ballpark estimate based on values pub- 
lished by James [1992]. 

Flow is assumed to be at steady state and two dimen- 
sional. Hydraulic boundary conditions over the flow region 
are shown in Figures 1 and 2. The change in the saturated 
thickness due to pumping is assumed to be small compared 
with the total thickness. Transport is assumed to be domi- 
nated by advection through a heterogeneous conductivity 
field, and local scale dispersion is ignored. The effective 
porosity is assumed to be uniform, with a value of 0.22. The 
retardation factor is assumed to be uniform, with a value of 
2. 

The source loading time is represented by the random 
variable T. Since there is no prior information about T's 
distribution, T is assumed to be uniformly distributed be- 
tween t 1 = 30 years and t 2 = 40 years. The center of the 
unknown source location is represented by the random 
variable X. Similarly, X is assumed to be uniformly distrib- 
uted between 30 m east and 30 m west of the observation 

well. For convention, a random variable is represented by a 
capital letter. A lowercase letter represents a value of the 
random variable. 

We assume that the hydraulic conductivity, K, is a single 
realization of a second-order stationary random field. The 
logarithms of the hydraulic conductivities, Y, of the cell 
blocks used in the flow model are assumed to be normally 
distributed, isotropically spatially correlated random vari- 
ables. No direct measurements of Y exist, but a mean/z r = 
-12.5 (/x K = 1 x 10 -5 m2/s2), variance Or2 r = 2.0 (or•: = 
6.4 x 10 -•ø m/s), and correlation length A •, = 30 m are 
assumed for this case here, based on data from nearby, 
geologically similar areas. Later sensitivity studies explore 
the influence of other values. The covariance function has 

the following form: 

or 2 • h/A -- or•e r• (2) 

where Or2rj k is the covariance between Y at block bj and at 
block b k and h is the separation distance between bj and bk 
(in meters). T, X, and Y are assumed to be independent of 
each other. 

Given the hypothetical contamination problem, our next 
step is to introduce the data worth framework. 

Framework Part 1: Prior Analysis---Estimating 
Remediation Cost Based on Existing Information 

The purpose of the prior analysis is to design and estimate 
the remediation cost of a containment system that will 
capture all possible contamination, based on existing infor- 
mation. The worth of collecting additional information is not 
considered in the prior analysis. 

For this paper, the remediation cost, •r (in dollars), is 
assumed to be represented by 

Tc CQQ 
•r ---' Z (1 q- i) t 

t=O 

(3) 

C Q unit operating cost for pumping, treatment, and 
disposal of groundwater ($ m-3 s - • yr- •); 

Q discharge rate of containment well (m3/s); 
Tc length of containment period (years); 

t year number; 
i annual discount rate (decimal percent). 

The remediation cost represents the net present value of 
all future operating and maintenance costs for pumping, 
treatment, and disposal of contaminated groundwater. Note 
that the installation costs of well and water treatment facil- 

ities have also been included in the unit operating cost. They 
are generally small compared with operating and mainte- 
nance costs [Lehr and Nielson, 1982] and are assumed to be 
fixed. An important point in designing this containment 
system is that we are concerned only with whether contam- 
ination is present or absent. The actual concentration value 
is ignored. 

The unit operating cost, C Q, was arbitrarily set to $63 
million m -3 s-1 yr-• of water pumped, a number between 
two estimated values of $31.5 million m -3 s -• yr -• (J. 
Massmann, University of Washington, personal communi- 
cation, 1993) and $320.2 million m -3 s -• yr -• [Evans et aI., 
1992]. The value of i was set to 0.1, a value used by 
Massmann and Freeze [1987] and James and Freeze [1993]. 
The value of Tc was arbitrarily set to 40 years. 

To determine the remediation cost, the contamination 
envelope must first be estimated. This estimation is done 
through Monte Carlo simulation of contaminant transport. 

Estimation of Contamination Envelope Through Monte 
Carlo Simulation 

The modeling of contaminant transport is not discussed in 
detail. Model parameters are defined in the section on the 
hypothetical contamination problem. Groundwater flow is 
modeled by using MODFLOW [McDonald and Harbaugh, 
1989]. The flow region where contamination can occur is 
discretized into equally sized 10-m blocks or cells. Contam- 
inant transport is modeled by using the MODPATH particle- 
tracking program [Pollock, 1989]. The source is represented 
by a 70-m-long east-west line. 

The contamination envelope is determined by estimating 
the probability of contamination, Pc(bj) at each block bj. 
The approach used to obtain this initial estimate is to 
generate a series of equally likely plumes (or realizations) 
through a Monte Carlo analysis. The Monte Carlo analysis is 
carded out by generating a series of N x, N?, and Nr 
equally likely realizations of X, T, and Y, respectively. 
Since X, T, and Y are independent of each other, contami- 
nant transport is simulated for each combination of the Nx, 
N?, and N r realizations, for a total of Np equally likely 
plume realizations, 

Np = N yNTN x. (4) 

We now discuss the generation of the N r, Nx, and Nr 
realizations. Realizations of Y are generated through 
Cholesky decomposition. The covariance matrix [or•,•] of 
block Y is first factored into two matrices, [U] and [ U]4, by 
Cholesky decomposition, where [U][ U] r = [or•,jk]. Realiza- 
tions are then generated by [Grewal and Andrews, 1993]' 

{y} = + JUl{e} (5) 

where where 
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{y} N x 1 vector of the value of Y for each block by; 
N number of aquifer blocks; 

{/z} N x 1 vector of the mean Y at each by; 
[U] N x N lower triangular matrix from Cholesky 

decomposition; 
{e} N x 1 vector of random N(0, 1) numbers. 

Realizations of Y are unconditional because no measure- 
ments of Y exist. Therefore, each element of {/x} is set equal 
to the mean/x r- The value of N r was set to 500. 

Since T and X are independent, uniformly distributed 
random variables, realizations of them are much simpler to 
produce. Realizations of T were generated by first dividing 
the interval between t• = 30 years and t2 = 40 years into 
Nr equally sized classes. The median time of each class was 
then taken to represent one realization of T. For this 
example, N r was set to 5. Realizations of X were similarly 
produced by dividing the interval between the maximum and 
minimum values of X into N x equally sized classes. Here, 
Nx was set to 7. Consequently, a total of 17,500 plume 
realizations were generated in this example. The values of 
Nx, Nr, and Np were set to the maximum size allowed by 
the capacity of the computer used in this analysis. It was 
found that these numbers were sufficiently large to provide a 
stable and consistent data worth analysis, given the degree 
of uncertainty in the three random variables T, X, and Y. 

Returning to the plume realizations, the presence or 
absence of contamination at block bj is recorded by an 
indicator random variable I(bj) [see Journel, 1989], where 
i(b i) = 0 if no contamination is present at by and i(bi) = 1 
if contamination is present at by. 

For each of the Nv plume realizations, every block will be 
either contaminated or not contaminated. Hence, for each 

plume realization, every i(by) will have a value of either 0 or 
1. The probability of contamination at by, Pc(by), is esti- 
mated from the N•, plume realizations by 

N• i(bj)n 
Pc(by) = • Nj, (6) 

where i(bj)n is the value of l(bj) for the nth plume realiza- 
tion. 

A contour map of the estimated probabilities of contami- 
nation is shown in Figure 4a. The contamination envelope is 
represented by the zero contour, marked by a dashed line in 
Figure 4a. (Note that the size of the envelope is dependent 
upon Np. This point is discussed later in Extensions and 
Limitations.) In reality we need only know whether 
Pc(by) > 0 to determine the envelope, not its actual value. 
However, we estimate the actual probabilities here because 
they are used later in the analysis. 

Now that we have a first estimate of the contamination 

envelope, the next step is to design an initial hydraulic 
containment system and estimate the remediation cost. 

Design of Containment System and Estimation 
of Remediation Cost 

The containment system is designed using a capture zone 
concept similar to that proposed by Javandel and Tsang 
[1986]. Here, a pumping well (or perhaps more than one 
well) is located at the downgradient end of the plume 
(Figure 5). The pumping well creates a capture zone. All 

groundwater outside of the capture zone will flow past the 
pumping well. The discharge rate Q can be calculated 
analytically for steady state flow in a confined, infinite, 
homogeneous aquifer [Javandel and Tsang, 1986]. Here, Q 
will be estimated by using the numerical model because the 
assumptions of the analytical solution are not met. 

As an example, consider estimating the discharge rate, 
Q n, to capture just a single plume from some plume realiza- 
tion, n. For a minimum value of Q n, the capture zone width 
is equal to the widest part of the plume. This requires that 
the pumping well be placed sufficiently downgradient of the 
plume, as shown in Figure 5. The value of Q n is estimated by 
adding the groundwater flux through each block along a 
cross section through the capture zone by: 

Nbn 

Qn = Z qk 
k--I 

(7) 

where qk is the flux through b• and N h• is the number of 
blocks along the cross section. The cross section is taken 
along an east-west line because the overall regional flow 
direction is from north to south. An example of 11 blocks is 
shown in Figure 5. 

The designed containment system must capture all possi- 
ble contamination, corresponding to any of the N•, plume 
realizations. Therefore, the capture zone must surround the 
entire estimated contamination envelope. Consequently, the 
widest part of the capture zone is set equal to the maximum 
width of the contamination envelope, taken along an east- 
west cross section. 

In reality we must consider multiple plume realizations 
rather than a single one. Consequently, the block flux cannot 
be calculated directly by the numerical model. Therefore, 
the flux through each block is taken as the average of all of 
the block fluxes, qk, used to calculate the Qn needed to 
capture each of the Nj, plume realizations. Hence, when 
estimating Q, (7) simplifies to 

Q = Nt, qavg (8) 

where qavg is the average block flux and No is the number of 
blocks along the cross section. 

The above approximation allows Q to be estimated 
quickly without placing a pumping well as a fixed sink in the 
flow model. A quick estimate is important here because of 
the large number of Monte Carlo simulations carried out 
during the analysis. The limitations of this method, as well as 
alternative methods for designing the containment scheme, 
are discussed later. 

Substituting (8) into (2) yields 

T½ C QN bq avg 
•br=Z (1+i) 

t=0 

(9) 

For this prior analysis, the estimated width of the capture in 

zone is 320 m, or 32 aquifer blocks, and qavg =l TM x 10 -5 m 3 s -• resulting in Q = 6.2 x 10 -4 m 3 s- . Using the 
stated cost coefficients for our hypothetical problem, the 
estimated prior remediation cost is found to be $388,000. 
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Framework Part 2: Posterior Analysis-- 
Reestimating Remediation Cost, Given 
a New, Known Measurement 
of Contamination Detection 

When new measurements of contamination detection from 

a monitoring program are known, posterior analysis uses 
these new measurements to update the prior estimates both 
of the capture zone and of the remediation cost. Posterior 
analysis also provides a sample's posterior value, or value 
after it has been taken. However, the important problem is 
to estimate a sample's value before it is actually taken. This 
problem is discussed in the preposterior analysis. 

Imagine that a new sample is taken (by installing an 
observation well) at an arbitrary block b 0, and assume that 
contamination is found (i(bo) = 1). The sample has con- 
firmed the presence of contamination with certainty. The 
first step is to update the original map of probabilities of 
contamination (Figure 4a) and subsequently update the 
estimate of the remediation cost using the new measure- 
ment. The probability map is updated exhaustively. Each 
plume realization is compared with the information provided 
by the new sample. Plume realizations that do not agree with 
the new datum, i.e., ones not exhibiting contamination at b 0 , 
are discarded. The updated probability of contamination, 

P'c(bj), at each block is calculated from (6), using the N[, 
remaining realizations. By convention, an updated estimate 
will be marked with a prime. 

The updated map of the estimated probabilities of contam- 
ination is shown in Figure 4d. The width of the updated 
envelope, and hence that of the capture zone, has been 
decreased from 320 m to 270 m. This decrease results in a 

lower discharge rate and a remediation cost of $328,000, a 
reduction of $60,000 from its prior value of $388,000. When 
calculating the remediation cost using (9), the average block 
flux, q avg, is assumed to remain constant. Experience in our 
research found that its value was relatively insensitive to 
new sample information. 

Consequently the posterior value of sampling contamina- 
tion at b 0 is $60,000. Therefore, given the lower $20,000 
sample unit cost, taking the sample was cost-effective. In 
reality we are concerned with estimating the value of a 
sample before it is taken, which is addressed next. 

Framework Part 3: Preposterior Analysis--- 
Evaluating the Worth of Additional Information 

The preposterior analysis is used not only to estimate the 
likely worth of additional information before it is collected, 
but also to locate the best sampling point. The worth of 
additional information can be estimated in two ways: from 
the expected value of perfect information (EVPI) and from 
the expected value of sample information (EVSI). 

Expected Value of Perfect Information 

The EVPI represents the estimated value of a perfect 
sampling survey that will reduce uncertainty everywhere to 
0 and hence locate the plume exactly. The EVPI can be 
explained by using the concept of regret. The regret, R, is 
the difference between the remediation cost based on prior 
information alone, •b,., and the remediation cost of contain- 
ing only the true plume, •br r [Freeze et al., 1992]' 

N 

•"""-- bloc ks along 
cross section 

pumping capture 
well zone 

Figure 5. Example capture zone for a contamination 
plume. Arrows indicate direction of groundwater flow. 

= br r. 

It represents the maximum improvement in the prior reme- 
diation cost that can be achieved by reducing uncertainty to 
0, or, in other words, it represents an estimate of the 
maximum budget that should be spent on exploration. It is 
not worth spending more money on exploration than the 
possible savings that are achieved from the exploration. 
Unfortunately, R is unknown because the extent and loca- 
tion of the true plume are not known. However, each one of 
the Nt, plume realizations is assumed to be an equally likely 
representation of the true plume. Therefore, the EVPI is 
readily estimated from the expected regret taken over all Ar e 
plume realizations: 

EV'PI -- E(/•): E(•r - •) 

Nv • r,, 

where E(R) is the expected value of R and •r n is the 
remediation cost of containing plume realization n. The 

value of •,, for each plume realization is calculated by using 
(2) and (7). The average remediation cost of containing each 
of the N• plume realizations is thus found to be $96,000. 
Since the prior remediation cost is $388,000, the EVPI for 
the hypothetical problem ca•ied out here is $388,000 - 
$96,000 = $292,000. Consequently, no more than $292,000 
should be spent on exploration. It will be seen later that, for 
this example, this estimate was in fact much larger than the 
expected optimal size of an exploration budget. 

Expected Value of Sample Information 

The EVSI represents the estimated value of a typical, 
imperfect sampling program. It forms the foundation of the 
data worth flamework. This framework is specifically devel- 
oped for sampling programs in which measurements are 
taken one at a time. Each successive phase bases its sam- 
pling location on the latest existing information. Samples are 
assumed to be 100% reliable and able to confirm the pres- 
ence or absence of contamination with certainty. 
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We will now show how the EVSI is estimated for a single 
sample taken at a block bo. Formally [James and Freeze, 
1993], 

EVSI(b0) = 0r - E[ qb 'r/(b0)] (12) 

where E[O•li(bo)] is the expected, updated estimate of 
remediation cost, given sample i(bo). The EVSI(b0) repre- 
sents the expected reduction in remediation cost due to 
taking a sample at b0. Recall that two sample outcomes are 
possible, contamination or no contamination. Both out- 
comes must be considered. Equation (12) can be expanded 
into 

EVSI(b0) = Ckr-{P[i(bo)= 1]•b[[i(b0)= 1] 

+ P[i(bo) = 014);[i(b0) = 0]} (13) 

where •b•[i(b0) = 1] is the updated estimate of remediation 
cost given that contamination has been found at b0, 4)[ 
[i(b0) = 0] is the updated estimate of remediation cost given 
that no contamination was found, and P[i(b o) = 1 ] is the 
probability of sampling contamination at b0. Since a sample 
is assumed to be !00% reliable, P[i(bo) = 1] = Pc(bo), and 
(13) becomes 

EVSI(b 0) = •b r -- Pc(bo)qb [[i(b 0) = 1] 

- [ - c(b0)]4, = 0] 

The updated values of •b;[i(b 0) = 1] and 0;[i(b0) = 0] are 
estimated by carrying out a "posterior" analysis for i(bo) = 
1 and i(bo) = 0, by assuming that each outcome is real. For 
example, say that b0 is the same block that was sampled 
earlier in the posterior analysis. Recall that sampling for 
contamination reduced the remediation cost from $388,000 
to $328,000. However, no contamination could also be 
found. Finding no contamination would also reduce the 
width of the containment zone and reduce the remediation 

cost to $328,000. Even though, by chance, this is the same 
remediation cost as that from finding no contamination, the 
two updated contamination envelopes will have different 
locations; therefore, one could not obtain the savings in the 
remedial cost without taking the measurement. From calcu- 
lations in the prior analysis, P c(b 0) is known to be equal to 
0.51. Hence, from (14) 

EVSI(b0) = $388,000 - (0.51)($328,000) 

- (1 - 0.51)($328,000) = $60,000. 

It is worth taking a sample at b0 since its EVSI is greater 
than the sample unit cost of $20,000. 

In a more intuitive way of visualizing the EVSI, (13) can 
be rearranged 

EVSI(b0) = P[i(bo)= 1][(•r- 0;[i(b 0) = 1]] 

+ = 0][4r - 4, ;[i(b0) = 0]] ( 

where the EVSI equals the average reduction in remediation 
cost given each outcome, weighted by the probability of 
sampling that outcome. 

Although there are many locations where a sample may be 
cost-effective, it is important to determine the best location 
to take a measurement. This is done by estimating the EVSI 

at every block where contamination could occur. The best 
sampling location has the maximum EVS!. To carry out 
these calculations, the map of probabilities (and the contam- 
ination envelope) is updated by simple indicator kriging 
(S!K) instead of by the exhaustive updating that is done in 
the posterior analysis. The reason for using the combination 
of SIK in the preposterior analysis and exhaustive updating 
in the posterior analysis is discussed at the end of the next 
section. 

Updating Map of Probability of Contamination 
by Simple Indicator Kriging 

For the case of estimating the mean value of the indicator 
random variable I(bj) at a single block bj, given a single 
measurement i(bo), the SIK equations can be written as [see 
Journel, 1989] 

2 

o' ij ø 
rn}(bj) = mi(bj) + -'T' (i(bo) - mi(bo)) (16) 

0'1oo 

where rn;(bj) is the updated estimate of the mean of I(bj), 
rnl(bj) is the prior estimate of the mean of I(bj), trio is the 
covariance between I(bj) and I(b0), and try0 is the variance 
of I(b0). 

Noting that P•(bj) -- rni(bj), for the general case of 
updating the probability of contamination at every block 
within the contamination envelope, the above equation can 
be written in matrix form: 

(P[} = {Pc} + {(rl2j0} [i(bo) - Pc(bo)] 2 (!7) 
O'100 

where {P•} is the o r x 1 vector of probability of contamina- 
tion at each block, {P•} is the o r x 1 updated vector of {P•}, 
• is the number of blocks within the contamination envelope, 
and {try0 } is the J x 1 vector of covariances between 
and I(b 0). 

The covariances, try, are estimated directly from the j0 

plume realizations by [Iaaaks and Sri•asta•a, 1989] 

•2 (18) m(b0)] n=l mp 

where i(bj)n is the outcome at block bj for the nth plume 
reflization. 

A shaded map of the EVSI at each block is shown in 
Figure 4c. A sample taken anywhere within a large area has 
an EVSI •eater th• $0. Note the shaded scale below the 
map. However, a sample is only likely to be cost-effective in 
two smaller •eas near the source where the EVSI is •eater 
than the sample unit cost of $20,000. These areas 
enclosed by the dashed lines shown in Figure 4c. The EVSI 
reaches a maximum of $60,700 in each area. These two 
points are equally best sampling locations. Theoretically, the 
map should be symmetrical about a noah-south axis. In 
reality, it is not quite symmetric because of the limited 
number of plume re•izations. 

One can see the effect of linking a sample's worth to its 
impact on the remediation cost by examining Fibre 4c in 
more detail. For example, a sample's EVS! can be veu 
different from its likelihood of detecting the plume. One of 
the likeliest places to sample the plume is in the central pan 
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of the zone of potential contamination; however, it is one of 
the worst places to sample because it will give little infor- 
mation about the edges of the plume and have little ability to 
reduce remediation costs. Note that the EVSI is relatively 
high in two elongated zones on either side of the central area. 
The EVSI at the south end of each zone is more than 
$!2,000. From Figure 4a, the probability of contamination at 
those locations is less than 0.0!. Even though it is unlikely 
that contamination will be sampled at these extreme loca- 
tions, if it is found, then uncertainty about the plume 
location would be greatly reduced, causing a large drop in 
the remediation cost. It is noted that Figure 4c can change if 
different types of information were accounted for, such as 
contaminar/t concentration. 

Ideally, the updating of probabilities of contamination in 
the posterior analysis should also be done by using SIK 
instead of by exhaustive updating, because SIK is much 
more computationally efficient. However, SIK is used only 
in the preposterior analysis because experience in our re- 
search found that it gave unsatisfactory estimates of the 
contamination envelope, and hence the remediation cost, 
when updating was done with more than a single sample. 
Using SIK, updated probabilities could not be reduced to 0, 
even when they were known to be 0, causing the width of the 
updated capture zone to be artificially large. This problem 
intensified as the number of conditioning data increased. 

The problem is that the form of SIK used here is based 
only on the mean and covariance of data, or two point 
statistics. This form of SIK is identical to Bayes' equation 
for the case of updating the probability of contamination at 
one location when using only a single datum. In this circum- 
stance, updating by SIK is exact; it is also identical to 
exhaustive updating. However, for more than one datum, 
the SIK equations represent a Taylor series type approxi- 
mation of Bayes' equation [Alabert, !987], and the updating 
is only approximate [Guardiano and Srivastava, 1992; Ala- 
bert, 1987]. It is noted that this limitation reflects our interest 
in the tails of a probability distribution and not in the general 
applicability of SIK. 

The following example will illustrate how the prior, pos- 
terior, and preposterior analyses can be used to carry out a 
sampling program. 

Example Sampling Program Using Prior, 
Posterior, and Preposterior Analyses 

This example sampling program demonstrates the search 

remediation cost using the newly collected sample informa- 
tion. 

Stage 1 

A preposterior analysis is used to determine the best point 
for the first, new sample. In this case, there are two equally 
good locations, indicated by the darkly shaded areas of 
Figure 4c. The EVSI at these points is the maximum 
estimated ($60,700); see the shaded bar under Figure 4c. The 
sample is arbitrarily taken at the western one. Given the 
preselected plume, this new sample finds contamination. A 
posterior analysis updates the estimated probabilities of 
contamination (Figure 4d), contamination envelope, and 
remediation cost. New indicator covariances are calculated 
using plume realizations that honor existing data. 

Stage 2 

A preposterior analysis is repeated to select the best 
location for the second sample (Figure 4e), using the esti- 
mates of probability of contamination and indicator covari- 
ances that were updated in stage 1. Note that the maximum 
EVSI is close to the eastern, best sampling location deter- 
mined in stage 1. The maximum EVSI has now decreased 
from $60,000 in stage 1 to approximately $20,000. The EVSI 
of the location sampled in stage i has been reduced to 0. The 
second sample finds no contamination. Once more, a poste- 
rior analysis is carried out to update the estimated probabil- 
ities of contamination (Figure 4f), the contamination enve- 
lope, the remediation cost, and the indicator covariances. 

Stage 3 

The results of a third preposterior analysis are shown in 
Figure 4g. The finding of no contamination in this last sample 
has moved the maximum EVSI to the southwest of the first 
additional sample. A sample taken here would find contam- 
ination. Its strong effect on updating the probabilities of 
contamination is shown in Figure 4h. 

Summary of All Stages of Example Sampling Program 

The changes in the total cost, sampling cost, and remedi- 
ation cost versus the number of samples collected, Ns, while 
searching for the preselected plume are shown in Figure 6. 
The first six samples are most effective in reducing the 
remediation cost. The remediation cost is reduced more than 

the sampling cost rises, causing the total cost to decrease. 
However, as Ns becomes larger, the sampling cost starts to 
increase more than the remediation cost declines, and the 
total cost reaches a minimum when the number of samples is 

for a plume which has been randomly selected from the Np six, the optimum. 
plume realizations. Figure 4 illustrates the program, which is Rexroll that ever•_y ti•me a posterior analvsis is carried out, 
carded out in stages, a single sample collected in each stage. all plume realizations are eliminated if they do not honor the 
Figure 4b shows the randomly selected plume which is being 
sought. 

Starting Point 

The starting point is the prior analysis, which gives the 
initial map of the contamination envelope (Figure 4a) and 
estimate of remediation cost, based on existing minimal 
information. The indicator covariances are also estimated. 

Following the prior analysis, each successive sampling 
stage consists of (1) a preposterior analysis, which selects 
the best location for the next sample, and (2) a posterior 
analysis, to update the contamination envelope and the 

new sample outcome. The change in the number of plume 
realizations that honor existing data versus Ns is also shown 
in Figure 6. 

Figure 7 shows the decrease in the maximum EVSI with 
increasing Ns. This decrease shows the declining effective- 
ness of later samples in reducing the remediation cost. 
Normally sampling could stop when the maximum EVSI of 
a sample is less than the sample unit cost. However, this 
may not always be true for the case of taking one sample at 
a time. For example, note that the maximum E¾SI at Ns = 
1 is equal to the sample unit cost. Hence the second sample 
is estimated to be break-even in value before it is taken. 
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Figure 6. Sampling cost, remediation cost, total cost, and 
number of remaining plume realizations versus number of 
samples collected in example sampling program for prese- 
leered plume. 

When taken, it was not cost-effective because the total cost 
increased (Figure 6). However, it is cost-effective when 
combined with information from sample 3 because the total 
cost at Ns - 3 is less than that at N s -- 1. Note also that 
sample six is estimated to be not cost-effective even though 
we know it is because the total cost is at a minimum at six 

samples. 
Consequently, the preposterior analysis for a single sam- 

ple determines the best location for a sample and estimates 
whether the sample is cost-effective; however, it may not 
correctly indicate when to stop sampling. If the above 
sampling program had been stopped at two measurements, 
then the penalty for not reaching the minimum total cost 
would have been $34,000 (Figure 6). However, this penalty 
is known after the fact. When should sampling be stopped in 
a real exploration program? This question is addressed by 
the fourth component of the framework, discussed next. 

Framework Part 4: Monte Carlo Pseudo- 

Sampling Programs 
The fourth part of the framework utilizes the first three 

parts to carry out pseudo-sampling programs. In this part of 
the analysis, a number of plumes are randomly drawn from 
the original Np plume realizations generated. Each selected 
plume is assumed to be equally likely to represent the true 
unknown plume. Each one is then searched for, as in the 
above example sampling program. 

The purpose of the fourth component is twofold: first, to 
estimate the optimum number of samples in an exploration 
program before sampling begins, and second, to provide a 
rule for when to stop sampling. 

Estimating Optimal Number of Samples 

The estimation of the optimum number of samples, N's, is 
examined first, by computing the average remediation cost, 
average total cost, and sampling cost for 20 pseudo-sampling 
programs. Figure 8 shows the results versus number of 
samples collected. The average remediation cost initially 
decreases relatively rapidly but then becomes almost con- 
stant after 12 samples. The average total cost initially 
decreases but then reaches a minimum at six samples; 
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Figure 7. Maximum EVSI versus number of samples col- 
lected in example sampling program for preselected plume. 

therefore, the average N*s is six, which is by chance the 
same as that found in the above example sampling program. 

We can also estimate the range of values for N*s and hence 
the confidence in our estimate of the optimum number of 
samples. The values of N*s produced from 83 pseudo- 
sampling programs were approximately uniformly distrib- 
uted between 1 and 10. At $20,000 per sample, the average 
cost of an exploration program would be $120,000, but it 
could vary at least between $20,000 and $200,000. Note that 
this maximum sampling cost is less than the maximum 
exploration budget of $292,000 estimated from the EVPI. In 
other test cases carried out in our research, the values of N*• 
were approximately normally distributed. 

Determining a Stopping Rule 

Either of two criteria can be used as a stopping rule for 
sampling. The first criterion is that sampling should be 
stopped when the total cost is a minimum. This point can be 
estimated from the Monte Carlo pseudo-sampling analysis. 
This estimate could be updated at each stage of a sampling 
program. Sampling would halt when the most recently 
updated estimate of the minimum total cost had been 
reached. The disadvantage of this method is its computation- 
ally intensive nature. 

Alternatively, sampling can be stopped when the maxi- 
mum EVSI is less than the sample unit cost. As shown in the 
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Figure 8. Average total cost, average remediation cost, 
and sampling cost versus number of samples collected in 20 
pseudo-sampling programs. 
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above example sampling program, this may result in a 
penalty because sampling is stopped before the minimum 
total cost is reached. However, it has the advantage of being 
much simpler computationally. A number of Monte Carlo 
pseudo-sampling programs could be used to estimate the 
penalty of using this stopping rule. In the above example of 
20 pseudo-sampling programs, it was found that the maxi- 
mum EVSI became less than the sample unit cost at an 
average of three samples, which is three less than the 
estimate of six from the first criterion. 

However, from Figure 8, the penalty for stopping at three 
samples would be only of the order of $1000. Fortunately, 
for the case studied here, we do not need a precise estimate 
of the optimum number of samples because of the flat bottom 
on the curve of total cost versus number of samples col- 
lected. Hence for this case, sampling gould likely be stopped 
using the simpler criterion of when the maximum EVSI is 
less than the sample unit cost. 
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Figure 10. Sensitivity of average optimum number of sam- 
ples, prior remediation cost, and average optimum total cost 
to annual discount rate. 

Sensitivity Analyses 
in this section, we use a series of pseudo-sampling pro- 

grams to study the sensitivity of an optimum sampling 
program to geostatistical parameters governing hydraulic 
conductivity and economic parameters. We also examine the 
efficiency of three sampling strategies in reducing the total 
cost. 

Economic Parameters 

Economic parameters studied include the sample unit 
cost, annual discount rate, operating cost, and length of 
containment period. Results in this section are based on 50 
pseudo-sampling programs. 

The average optimum number of samples -* , Ns, is sensitive 
to the sample unit cost, Cs, for Cs < $32,000 (Figure 9). It 
drops from almost 14 at Cs -- $6,000 to approximately 2 at 
Cs - $32,000. As C s increases, it becomes more cost- 
effective to take fewer samples and to accept a higher 
optimum remediation cost. However, the average optimum 
sampling cost is relatively insensitive to Cs for $6,000 < 
Cs < $32,000. The average optimum total cost, (b*, rises 
from about $200,000 at Cs = $6,000 to approximately 
$350,000 at Cs - $32,000. 
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Figure 9. Sensitivity of average optimum number of sam- 
ples, average optimum sampling cost, average optimum 
remediation cost, and average optimum total cost to sample 
unit cost. 

The value of N's, and hence the optimum sampling cost, is 
sensitive to the annual discount rate, i, for i ( 0.15 (Figure 
10). It drops from almost 14 at i -- 0.01 to approximately 2 
at i • 0.15. As i increases, the prior cost of remediation 
decreases, making it less important to find the true plume. 
The value of •* changes significantly from almost $600,000 
at i • 0.01 to $200,000 at i -- 0.15. The optimum sampling 
and remediation designs were relatively insensitive to the 
discount rate for i • 0.15. 

The value of -* Ns was also sensitive to the unit operating 
cost. A change in unit operating cost over a range between 
$0.2/m 3 and $4/m 3 resulted in -* N s increasing from 0 to 
approximately 11 The value of -* . Ns was less sensitive to the 
length of the containment period. An increase in the con- 
tainment period from 0 to 30 years resulted in a growth of 
from zero to about five. The optimum sampling and remedi- 
ation designs were relatively insensitive to changes in con- 
tainment period for times greater than 30 years. 

Geostatistical Parameters 

The geostatistical parameters studied include the mean, 
variance, and correlation length of hydraulic conductivity. 
Results in this section are based on 10 pseudo-sampling 
programs. 

The value of -* Ns is sensitive to the variance, cr• (Figure 
2 11). It increases from about 2 at cr• = 0.1 to almost 11 at crr 

slightly greater than 3.0. As cr• increases, the plume can 
travel in a greater range of directions, enlarging the area of 
potential contamination that must be contained. This en- 
largement in turn causes an increase in the prior remediation 
cost, making it cost-effective to spend more effort searching 
for the plume. The value of the optimum total cost, •*, 
doubles from approximately $200,000 to almost $400,000. 
Interestingly, this increase is predominantly due to the rising 
sampling cost, because the optimum remediation cost re- 
mains relatively constant. 

In the sensitivity analysis for the variance, the mean 
hydraulic conductivity was adjusted to maintain a constant 
geometric mean and a constant average block flux, qavz. 
Therefore, the remediation cost for containing a unit cross 
section of the containment zone remained constant as the 

variance changed. Consequently the results shown in Figure 
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Figure 11. Sensitivity of average optimum number of sam- 
ples, prior remediation cost, average optimum remediation 
cost, and average optimum total cost to variance of log 
hydraulic conductivity. 

Figure 13. Sensitivity of average optimum number of sam- 
ples, prior remediation cost, and average optimum total cost 
to mean hydraulic conductivity. 

1 ! are caused only by changes in uncertainty about plume 
location. 

As the correlation length, X r, increases from 10 to 30 m, 
Ns rises from two to approximately only six (Figure 12). 
This in turn causes only about a $100,000 increase in •*, 
from $250,000 to $350,000. As with the variance, the in- 
crease in qb* was due to the rising sampling cost because the 
optimum remediation cost remained relatively constant. The 
optimum sampling and remediation designs were relatively 
insensitive to X r for 30 m < ,k r < 90 m. 

The value of N s is particularly sensitive to the mean 
hydraulic conductivity,/•ir (Figure 13). It rises from 0 to 12 
over a change in tzir from 4.8 x 10 -6 to 1.5 x 10 -5 m/s, a 
small change in/a/c relative to the possible change in/z/c. As 
tzg increases, the prior remediation cost rises, increasing 
N s- However, there is a coupled effect here. Not only does 
the area of potential contamination enlarge, but the average 
block flux rate also rises, necessitating an increased pumping 
rate to contain a given area. The value of •* increases almost 
linearly from approximately $100,000 at/z/c = 4.8 x 10 -6 
rn/s to almost $600,000 at /zg = 1.5 x 10 -5 m/s. This 
sensitivity demonstrates the value of including uncertainty 

of tz/c in the data worth analysis and the worth of measure- 
ments of K. 

Sampling Strategies 

In this section we compare two other sampling strategies 
with that of selecting the best sample location at the point of 
maximum EVSI. The first strategy is to select the best 
sample location at the point of greatest uncertainty in plume 
presence. Since the plume presence is governed by an 
indicator random variable, uncertainty is greatest where 
Pc(bj) is closest to 0.5. The second strategy is to select 
sample locations randomly. The results in this section are 
based on 10 pseudo-sampling programs carried out for each 
strategy. 

The changes in the average total cost versus number of 
samples taken for the three different strategies are shown in 
Figure 14. Choosing the best sample location at the point of 
maximum uncertainty was not as effective in reducing the 
average total cost as selecting the best sample location at the 
point of maximum EVSI. The total cost decreased by only 
approximately $10,000 after se:ven samples were collected, 
compared with a reduction of approximately $50,000 for the 
maximum EVSI strategy. The reason is that knowing the 
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presence of the plume at the location of greatest uncertainty 
can have little effect on the objective of reducing the 
remediation cost. For instance, the point of greatest uncer- 
tainty can be located towards the center of the contamina- 
tion envelope. As already shown for this case, the center is 
a poor place to sample because it gives little information 
about the plume edges, which is what affects the remediation 
cost. 

On average, the strategy of randomly selecting sample 
locations was not cost-effective. The average total cost 
increased immediately with the number of samples taken. 
One of the 10 pseudo-sampling programs reduced the total 
cost by $53,000. The total cost was reduced by $8000 or less 
in two of the programs. In the remaining seven programs, the 
total cost increased immediately with the number of samples 
taken. Hence, for this strategy, it would likely be cheapest to 
take no samples at all. 

These results illustrate the value of linking sample loca- 
tions to the objective of the remediation program. Taking 
samples at locations that are poorly linked to remediation 
cost may result in a needless waste of sampling resources. 

Extensions and Limitations 

Because of many of the assumptions made, the data worth 
framework model developed here is limited in practice by 
the complexity of problems that can be handled. Neverthe- 
less, it is adaptable to more complex situations. The Monte 
Carlo approach and the modular nature of the framework 
allow significant flexibility in carrying out these adaptations. 
We discuss some of these adaptations and limitations below. 

If dispersion were an important transport process, it could 
be handled by replacing the particle-tracking algorithm with 
a numerical model that accounted for dispersion. Concen- 
trations would be converted to indicator random variables 

by defining a cutoff concentration, such as level of compli- 
ance. A wide variety of sources of uncertainty about plume 
location could potentially be accommodated, such as uncer- 
tainty about geostatistical parameters governing hydraulic 
conductivity, regional hydraulic gradient, or boundaries of 
hydrostratigraphic units. 

An important limitation comes from the exhaustive tech- 
nique used for updating the probability of contamination. 
Recall that with exhaustive updating the number of plume 
realizations decreases as the sampling program progresses 
because plume realizations are systematically rejected. The 
reliability of the estimates of probability of contamination 
can deteriorate when based on too small a number of plume 
realizations. This limitation could be most easily handled by 
carrying out the analysis in steps. Once the number of plume 
realizations reached a critical lower value, a second batch of 
realizations could be generated. A second, more compli- 
cated way could be to do all updating of probabilities of 
contamination by three-point SIK [see Guardiano and 
Srivastava, !992]. This type of SIK, utilizing higher statisti- 
cal moments than the second moment presently accounted 
for by the two-point SIK used here, may overcome the 
problems encountered in estimating the containment zone 
width with two-point SIK. Consequently, might also allow 
the evaluation of the worth of taking multiple samples 
simultaneously. 

Other kinds of information, not presently accounted for, 
also have value in designing a capture zone. Measurements 

of contaminant concentration, in addition to indicating the 
presence or absence of a plume, yield information about the 
concentration gradient, which could also be valuable in 
delineating plume location. Incorporating this extra informa- 
tion could result in different optimal sampling patterns. For 
instance, sampling locations towards the center of a plume 
could have greater value. Concentration information could 
be incorporated into the framework using indicator geosta- 
tistics by having multiple concentration thresholds. For 
instance, one could have thresholds for negligible contami- 
nation, low contamination, and high contamination. It could 
also be incorporated by other methods, such as Kalman 
filtering, discussed below. 

The hydraulic head, hydraulic conductivity, and contam- 
inant concentration fields are all interrelated. Measurements 

of each field could potentially be used to update estimates of 
the other fields through cokriging (see Kitanidis and Vom- 
voris [!983] or Wagner and Gorelick [1989]) or the Kalman 
filtering approach of Graham and McLaughlin [1989a] and 
hence reduce remediation costs. The Kalman filtering ap- 
proach could also allow the data worth analysis to be more 
computationally efficient and, in addition, may overcome the 
limitations of exhaustive updating. 

The minimum number of samples is only stepwise optimal 
because the analysis ignores the fact that subsequent sam- 
ples may also be taken. The true optimal number could be 
lower than the stepwise optimal number, and the true 
optimal sampling patterns could differ from the stepwise 
ones. The framework could be modified to account for later 

samples by picking out different patterns of sampling points. 
For each pattern, the reduction in remediation cost could be 
evaluated for all possible combinations of sample outcomes. 
The best pattern would have the greatest expected reduction 
in remediation cost. This modification would be very numer- 
ica!ly intensive. An alternative way would be to improve the 
statistical updating routine (discussed above) so that the 
EVSI could be evaluated for patterns of samples taken 
simultaneously. Both of these modifications would only find 
the best pattern out of a number of preselected ones. 
Loaiciga [1989] presents a network design approach for 
designing optimal sampling programs for collecting multiple 
samples. 

The present method for estimating the discharge rate, Q, 
is approximate. A better estimate of Q could be obtained 
directly by numerically modeling a pumping well on a 
trial-and-error basis until it captured any possible plume. 
Alternatively, one could design a containment system based 
on optimization [see Wagner and Gorelick, 1989]. Yet it is 
noted that an a.ccurate estimation of Q is less important than 
an accurate estirffate of the change in Q, given new sample 
information. 

The computationally intensive nature of the Monte Carlo 
approach provides practical limitations. For example, 20 
pseudo-sampling surveys took approximately 24 hours of 
single-user CPU time on an HP 750 workstation with 41.8 
megaflops and 128 megabytes of RAM. This limitation will 
lessen as computer speed and capacity increase. However, 
since much of the computational effort is related only to the 
Monte Carlo pseudo-sampling component, greater complex- 
ity could be cheaply incorporated into the analysis by using 
only the first three components of the methodology. 

Computer size limits the number of plume realizations. 
This point is important because the number of plume real- 
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izations must be large enough to be statistically representa- 
tive of the true population in order for the data worth 
analysis to be consistent. This limitation could be handled by 
writing plume realizations to disk rather than by storing them 
in memory. It could also possibly be reduced by using more 
efficient Monte Carlo techniques, such as the Latin Hyper 
Cube method [see Iman and Conover, 1980]. 

An apparent problem is that the size of the prior contam- 
ination envelope will keep growing with increasing number 
of plume realizations as more extreme outlying plumes are 
generated. However, the data worth analysis here was 
relatively insensitive to this problem because of the large 
number (17,500) of plume realizations. The reason for this is 
that the initial best sampling locations are relatively insensi- 
tive to these out!iers. The extreme outlying plumes are then 
quickly eliminated when a few conditioning data exist. In the 
event of a problem, it could be alleviated by ignoring 
extremely improbable plumes. 

Summary and Conclusions 
A Bayesian data worth framework is developed to im- 

prove the cost-effectiveness of data collection in groundwa- 
ter remediation programs. This improvement is made by 
locating samples to maximize their value in reducing the 
remediation cost and by balancing the benefits and costs of 
data collection. Establishing this balance is important, par- 
ticularly at major sites where large sampling programs are 
carried out. Collecting too few data can result in poor site 
characterization, which in turn can cause a poor, expensive 
remediation decision. Collecting too many data can be a 
significant waste of money. 

The specific remediation problem dealt with is the location 
and hydraulic containment of a groundwater contaminant 
plume. The framework is applied to a hypothetical contam- 
ination problem where uncertainties in plume location and 
extent are due to uncertainties in source location, source 
loading time, and aquifer heterogeneity. The problem is 
simplified as a starting point to describe the overall ap- 
proach. The objective is to minimize the total cost of 
sampling and remediation. 

The framework was used to make three data worth deci- 
sions under our stated limitations: (1) finding the best loca- 
tions for a sequence of monitoring wells, (2) determining 
when to stop sampling, and (3) estimating the optimum 
number of samples in an exploration program, and hence its 
budget, before sampling has begun. 

For the example presented here, an average of only six 
samples was needed to achieve a minimum total cost. 
However, the optimum number ranged from 1 to 10. Points 
of greatest uncertainty about plume presence were found on 
average to be poor candidates for sampling locations. Ran- 
domly placed samples were not cost-effective. Conse- 
quently, taking samples at locations that are poorly linked to 
remediation cost may result in a needless waste of sampling 
resources. 

The results also indicated that a sample can be worth 
taking even if its estimated value is less than its unit cost. 
The information contained in the single sample may not be 
enough to reduce remediation costs by more than the sam- 
p!e's unit cost. However, it may be cost-effective when 
combined with information provided by additional samples. 

The optimum number of samples and optimum total cost 

were particularly sensitive to the mean hydraulic conductiv- 
ity. They were also sensitive to the unit operating cost and 
annual discount rate. Interestingly, while the optimum total 
cost and the optimum number of samples were sensitive to 
the sample unit cost, the overall sampling budget was 
relatively insensitive. With respect to aquifer heterogeneity, 
the optimum number of samples and optimum total cost 
were sensitive to the variance of the hydraulic conductivity 
but relatively insensitive to the correlation length. 
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