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ABSTRACT 

One continuing point of research in optimizing groundwater quality 
management is reduction of computational burden which is 
particularly limiting in field-scale applications. Often evaluation of a 
single pumping strategy, i e one call to the groundwater flow and 
transport model (GFTM) may take several hours on a reasonably fast 
workstation For computational flexibility and efficiency, optimal 
groundwater remediation design at Lawrence Livermore National 
Laboratory (LLNL) has relied on artificial neural networks (ANNs) 
trained to approximate the outcome of 2-D field-scale, finite 
difference/finite element GFTMs The search itself has been directed 
primarily by the genetic algorithm (GA) or the simulated annealing 
(SA) algorithm. This approach has advantages of 1) up to a million 
fold increase in speed of remediation pattern assessment during the 
searches and sensitivity analyses for the Z-D LLNL work, 2) freedom 
from sequential runs of the GFTM (enables workstation farming), and 
3) recycling of the knowledge base (i.e runs of the GFTM necessary to 
train the ANNs) Reviewed here are the background and motivation 
for such work, recent applications, and continuing issues of research 

BACKGROUND AND MOTIVATION 

Many researchers integrate optimization and groundwater transport 
modeling to search for efficient remediation pumping scenarios 
(Wagner, 1995) In this effort, much of the detailed character of the 
subsurface aquifer system is incorporated in a geologic model, then 
upscaled (i.e coarsened or simplified) into a groundwater flow and 
transport model (GFTM) to predict the fate and transport of 
contaminants over time. Whatever their current limitations, GFTMs 
are the current state of the art for integration of field data with fluid 
transport theory aimed at prediction of future contaminant transport 
Since we believe that such reservoir models will continue to be used to 
make groundwater quality management decisions, how do we best 
exploit or leverage the considerable effort that goes into the 
construction and computationally-intensive calibration of these 
models during our search for an optimal development scenario? 
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Neural network based optimization is one path to exploit an existing 
GFTM Optimization techniques are commonly used to find strategies 
for industrial efficiency, providing a formal, mathematical search 
which maximizes the objectives while considering the constraints on a 
system In this area, example objectives could be minimizing costs or 
maximizing contaminant mass removed, constraints might be 
avoiding dewatering or a total pumping volume limit In well-field 
design problems, optimization techniques need to evaluate the success 
of many, many individual pumping scenarios The dilemma is that 
part of the evaluation of just one of these scenarios takes a call to the 
GFTM which may take several hours to run on a fast computer How 
can one evaluate the thousands of pumping strategies necessary in the 
search for an optimal one? The use of artificial neural networks 
(ANNs) poses one possible solution to this difficult question 

ANNs can be trained to predict essential elements of the flow 
simulation results from the GFTM for different combinations of wells 
Using this technique, one may rely on the ANN as an approximator 
rather than using a full numerical flow simulation during the search 
for an optimal pumping scenario. By using the ANN, different 
pumping strategies can be evaluated in fractions of a second rather 
than several hours. In order to provide training data for ANNs an 
initial computational investment is required It is necessary to run a 
suite of actual flow simulations that would cover the range of possible 
pumping well combinations Once this database, or knowledge base, of 
GFTM runs is obtained, ANNs training runs are performed allowing 
the network to “fill-in” the predictions of performance for scenarios 
bracketed by, but not yet run by the GFTM These runs can be done in 
parallel and once the knowledge base is created, such a knowledge base 
may be recyclable (see discussion in the next section). 

Once trained to acceptable levels of accuracy on the test patterns, the 
ANNs stand in for the original GFTM, predicting the effectiveness of 
new pumping patterns generated by the optimization driver, usually 
the GA or SA It is the optimization driver which is responsible for 
generating increasingly successful patterns and which eventually 
determines the optimal set of patterns A flowchart summarizing the 
elements of the methodology is shown in Figure 1 



Train/te§t ANNs to predict 
ted model outc 
containment, 

GA or SA calls ANNs 
during multiple 

objective searches 

Figure 1: Flowchart of Methodology 

RECENT APPLICATIONS 

Previous nonlinear, large-scale, optimal, remediation design at LLNL 
has been based on 2-D numerical GFTMs of the LLNL site and vicinity. 
A finite-element/finite GFTM, SUTRA (Voss, 1984), was used to 
evaluate the outcome of remediation scenarios The upper 200 feet of 
the saturated zone were modeled in a vertically averaged, steady-state, 
saturated approach. A 2385 element grid was superimposed on the 
square mile site of LLNL and approximately 15 surrounding square 
miles. Elements ranged from 76m on a side in the center to 610 m on a 
side out on the remote northwest boundaries The SUTRA model 
was calibrated to a larger regional model which had been extensively 
calibrated to water-table conditions, known source and sink 
phenomena, and other field observations (Tompson et al., 1991). The 
general direction of groundwater flow is to the west. Flow boundaries 
were no-flow fault zones to the northeast and southeast, with flux 
boundaries directly east and more distantly downgradient to the west 
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Rogers and Dowla (1994) first used the approach of combining the GA 
with ANNs which predicted the fitness measure of the generated 
pumping patterns. A 20 well problem was used to compare the GA- 
ANN optimization with the more conventional approach of 
combining the GFTM with a nonlinear programming with a quasi- 
Newton search Rogers et al (1995) used a 28 well problem considering 
both injection and pumping as part of the possible strategies Both 
applications suggested the GA-ANN approach has the advantage of 106 
increase in pumping pattern assessment speed during the searches for 
the 2-D LLNL work For example, one evaluation of a single pumping 
strategy, i e one call to the GFTM, took approximately 2 hours on the 
SUN workstations available at the time Yet a trained ANN could 
predict selected outcomes of the GFTM at the rate of 2000 evaluations 
per second An additional advantage is freedom from sequential runs 
of the GFTM Many traditional search algorithms need the results of 
one GFTM evaluation before deciding on the next perturbation of the 
pumping pattern. In the ANN approach, the knowledge base, which is 
the GFTM runs of various well combinations used to train the ANNs, 
can be created by separate workstations in parallel. This enables 
“workstation farming”, or sending the GFTM runs out to many 
different idle workstations A third advantage is that the knowledge 
base can be recycled. If relevant results of the GFTM outcomes have 
been saved, new nets can be trained to predict different types of 
parameters appropriate to new remediation objectives This is in 
contrast to traditional approaches where a change in the objective 
function would involve less opportunity to use the knowledge or 
computational investment from past searches in the new search. (see 
Website.http://www-ep es llnl.gov/www-ep/esd/sstrans/pmp.html) 

The type of ANN used in the methodology learns by the 
backpropagation learning (Rumelhart and McClelland, 1986) named for 
its propagation of errors backwards through the network to update the 
weights. A conjugate gradient method algorithm (Johansson et al. , 
1992) was employed to implement the backpropagation learning The 
ANNs were formulated with the top or input layer using one node to 
represent each of the prospective well locations. Each input node, 
which can be thought of as an independent variable, was valued at 1 or 
0, depending on its On or Off status in the pumping pattern This 
simple binary scheme was employed because, for the current problem, 
the pump rate at each location was fixed at the maximum appropriate 
level (anywhere from 10 to 50 gpm) for the location Had pump rate 
been a design-variable being optimized, the input nodes could have 
taken on continuous values. In the 20 and 28 well problems an 
additional node was used to supply the network with what percentage 
of total possible wells were on for that particular pattern The bottom or 
output layer represents the dependent variable which the network is 
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learning to predict, in these applications the containment objective was 
expressed as a yes or no dichotomy For mass and cost, the output node 
was a continuous variable 

With the speed of the ANN predictions, a monte-carlo approach 
sensitivity analyses was possible to rigorously examine the 
performance of wells individually and in combination with high 
performing wells A demonstration of this method was applied to the 
28 well problems at LLNL, using objectives of cost, mass-extraction and 
plume containment (Johnson et al., 1995) The top 250 optimal 
pumping patterns (out of over 4 million examined) first were used to 
classify popular vs unpopular wells Sensitivity analyses further 
distinguished (1) locations which were strong performers more 
consistently from those which depended on other wells operating, and 
(2) locations which where not particularly helpful to remediation from 
those which were actually detrimental 

We have connected trained ANNs to two powerful heuristic 
combinatorial optimization techniques, the GA and the SA The GA 
derived from the analogy between the vector of components 
representing the decision variables of an optimization problem and the 
genetic structure of a chromosome. GAS have been established as a 
reasonable and robust approach to problems requiring efficient search 
The reliance of GAS on analogies to biology and genetics limited their 
appeal for some time, but this is being overcome and many new 
applications are being seen in business, engineering, and science 
[Goldberg, 19891. Using a GA, the search begins from a population of 
parameter realizations, not a single realization as more conventional 
optimization procedures might. Other strengths are the GAS use 
probabilistic not deterministic rules for perturbation of the realizations 
and the objective function information is used directly rather than 
derivatives or other secondary descriptors The three common basic 
operators of the GAS are selection, reproduction, and mutation. 
Selection determines which members of the current generation will go 
in some form into the next generation. Reproduction (connected with 
crossover) determines how the string creatures are paired up for 
mating and where the strings actually crossover. And mutation allows 
for some diversity in a population by random bit changes according to 
some rate 

The SA algorithm (Metropolis, 1953; Kirkpatrick, 1983, Reeves, 1993) 
evolved in analogy to the annealing of solids where the initial energy 
of the system is raised to allow molecules to be quite mobile; later the 
system is cooled into a lower energy crystalline form. The objective of 
the search such as cost is mapped onto the energy of the system and the 
feasible solutions onto the state of the system. At early times the 
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perturbations to the feasible solutions are allowed to be large, as 
temperature decreases change is curtailed Probabilistic rules are 
applied by the user to control the number of changes at given 
temperature steps This method has found success even in large-scale 
optimization applications and has been used in the groundwater field 
in recent years (Dougherty and Marryott, 1991, Rizzo and Dougherty, 
1996) 

We have conducted benchmarking studies finding very similar results 
from GA-ANN and SA-ANN searches and those connecting the GA 
and SA to full model runs to evaluate the objective function (Johnson 
and Rogers, 1998) For the objectives considered, the GA in general 
evaluated 30 -50% more potential pumping patterns to converge to a 
solution than the SA, but this was not a significant concern when 
using the time-saving ANN evaluation In these heuristic approaches, 
both the objectives and constraints of an optimization are often 
included in the measure of success of the optimization, i e GA fitness 
measure, and SA energy function Also a constraint can be handled by 
removing pumping patterns resulting in unacceptable conditions from 
the evolving population Both continuous and dichotomous 
formulations of a plume containment and highest remaining 
contaminant level after 50 yr of remediation were explored A 
dramatic improvement was obtained in the searches using continuous 
containment formulations This benchmarking work also 
demonstrated more rigorously how the search results using ANNs as 
approximators were comparable to results from searches using full 
model runs to evaluate the objective function Also, evaluations to 
measure computational effort expended suggested the ANN-based 
searches were three to five times more efficient than the model-based 
searches 

Concern for the expense and long time necessary to remediate a site 
with pump-and-treat technology has fueled development of 
innovative in-situ technologies Nonisothermal and biofilter 
modeling has evolved to a significant level at LLNL (see Website: 
http.//www-ep.es.llnl gov/www-ep/aet/ACI/aci-home.html) focusing 
on rapid contaminant source destruction using a combination of new 
in-situ technology including hydrous pyrolysis by steam injection and 
microbial filters A 3-D nonisothermal code has been employed for 
process simulations of hydrous pyrolysis to gauge the feasibility of field 
deployment on the LLNL site (Knapp, 1996) Ultimately some 
combinations of these technologies may be optimal for a particular site. 
There was interest in addressing the management issue of how 
resources might be balanced between pump-and-treat remediation of 
the plume and more aggressive in-situ source remediation. 
Unfortunately, there is not at this time a field-scale 
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nonisothermal/microbial model to link to the optimization As an 
approximation then three cases of increasing initial source remediation 
were considered with their associated economic estimates to 
implement hydrous pyrolysis (Rogers et al, 1998) The term tradeoffs is 
often used to indicate how emphasis of one objective compromises 
performance in another conflicting objective Tradeoff curves based on 
the SA searches were constructed to compare the economic feasibility 
of in-situ removal of the contaminated source area versus pump-and- 
treat remediation of the entire plume Note that ANNs were not used 
in this particular study because of the availability of supercomputers 
and the current size of the GFTM, but this is discussed for background 
in the following section on continuing research 

CONTINUING AREAS OF RESEARCH 

Our searches have most often involved multiple objectives It is a 
strength of optimization techniques to find a non-biased solution to a 
complex, coupled problem. However, there is an art to unraveling 
how the weights of the individual components of the objective 
function affect the final recommended solutions With this in mind 
and with the advantages of a rapid approach, we have explored the 
impact of interactive searches where the weights of the individual 
components of the objective function are varied to avoid stagnant 
areas of the search This is a continuing area of our research viewed to 
be particularly useful where many combinations of objectives need to 
be explored. Some remediation situations where this might be 
particularly necessary would be those with large numbers of 
stakeholders (i.e decision-makers or concerned parties) and 
negotiations of non-attainment of regulatory contaminant levels due 
to necessary prioritization of remediation resources. 

Access to faster computers is a welcome constant in our work; 
however, we continue to expect ANNs to be useful component in our 
toolbox with each new complexity in the groundwater remediation 
field. For example, interest in bounding uncertainty (e g , involving 
numerous geologic realizations of hydraulic conductivity), 
considerations of health risk modeling, and accelerated in-situ 
remediation (e g., steam stripping or bioremediation with their need 
for more complex field-scale models) continue to motivate 
computation efficiency in optimization (Figure 2) Our optimizations 
are currently buiIding on a pump-and-treat model and scenarios 
assuming a priori removal of different portions of the source area have 
been run to address the evolving management issue of more 
aggressive source remediation with in-situ techniques. However, 
fuller incorporation of multi-phase, nonisothermal, and biological 
transport mechanisms into the GFTM as well as health risk 



components will further encourage our use of ANNs to streamline the 
search for optimal deployment of combined in-situ and pump-and- 
treat remediations 

Remediation Integrating 

Health Risk and T~anspor 

Figure 2: Future Integration of Optimal Groundwater Remediation 
with Transport Uncertainty, Health Risk, and In-Situ Remediation 

Components 
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