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ABSTRACT

Effective management of groundwater resources is at the forefront of environmental

challenges confronting mankind in the 21 st century. In many regions of the world,

growing human populations coupled with decades of improper use and disposal of

chemical contaminants have diminished the quantity and quality of this irreplaceable

resource. It is projected that by the year 2025, thirty-five percent of the world population

will experience chronic water shortages [Ahfeld et al, 2000]. As much of the world relies

upon groundwater as its drinking water source (e.g. 51.7% of the United States

population), optimal management will become increasingly important. Complicating the

problem is that human use considerations must be balanced with environmental and

economic concerns. Balancing multiple concerns such as these constitutes a

multiobjective and conflict resolution problem, where trade-offs among non-

commensurable objectives must be identified to select the best compromise solution.

In this research, a Computational Neural Network (CNN) methodology has been

developed for identifying pumping policies for public supply wells that effectively

balance risk of contamination with supply objectives. Utilizing simulation results from

MODFLOW, monthly CNN's were developed to predict groundwater elevations at select

locations for a hypothetical but realistic unconfined, heterogeneous aquifer under variable

monthly pumping and recharge rates. The resulting CNN architecture, a simplified linear

approximation to the finite-difference flow equations, was embedded into a linear

optimization program, and an objective function that quantified both risk and supply was
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solved for using different weight preferences. The resulting Pareto frontier served as the

basis for multiobjective and conflict resolution analyses. The CNN and decision-making

methodologies were then applied to a real-world test case in Toms River, New Jersey,

where contaminated public supply wells, a suspected cancer cluster, and few alternative

water sources motivated the need for a formal and rigorous analysis that identified the

best compromise solution.

The new CNN methodology achieved a very high degree of accuracy in both simulation

and optimization, and, once trained, is computationally more efficient than traditional

methods. Perhaps most importantly, this research demonstrates the theoretical

possibility of training a CNN with real-world data, allowing direct optimization of the

actual groundwater system.
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CHAPTER 1

1. INTRODUCTION

1.1 Research and Contents of Dissertation

In this research, a new methodology was developed for identifying optimal operating

pumping policies for a public supply wellfield that balances the conflicting objectives of

maximizing supply and minimizing potential human health risks. The new methodology

utilized a Computational Neural Network (CNN) to simulate the behavior of a real-world

drinking water aquifer under variable pumping and climatic conditions. The results of

this research demonstrate an efficient and accurate alternative to traditional groundwater

management optimization methods. In addition, the CNN method provided the

information necessary for conducting a formal and rigorous multiobjective and conflict

resolution analyses of the water management problem.

The feasibility of training a CNN to learn the behavior of a numerical groundwater flow

model under changing conditions was first explored using a hypothetical but realistic test

case. Twelve distinct CNN's, each corresponding to a separate month, were individually

trained to estimate the final monthly groundwater elevations at specific locations of

interest in an aquifer, given some initial state of the system, monthly pumping rates, and

the monthly areal recharge rate. The twelve monthly CNN's were then linked to predict

the monthly time-evolution of the head field at locations of interest in response to
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changing pumping and areal recharge rates over an annual planning horizon. The

resulting CNN architecture, a condensed linear approximation of the finite-difference

groundwater flow equations, was embedded into a multiobjective linear programming

problem, and non-dominated pumping policies, in the form of a Pareto frontier, were

identified. This Pareto frontier served as the basis for both multiobjective and conflict

resolution methodologies.

Following development and testing, the method was then applied to the Parkway

Wellfield, located in Toms River, New Jersey. The wellfield consists of six high-

capacity public supply wells that draw their water from the regional unconfined aquifer.

Two of the supply wells were contaminated from a groundwater contaminant plume that

originated from a neighboring Superfund site. The two contaminated wells are being

used primarily to capture and remove contaminated groundwater. Because of a suspected

cancer cluster, the treated water is distributed for consumption only under drought

conditions. The four remaining non-contaminated supply wells, also in close proximity

to the groundwater contaminant plume, are at risk to contamination if pumped at

sufficiently high rates.

The supply requirements of the community must be balanced with the potential health

risks associated with the contaminated groundwater. Various stakeholders within the

community have different interests in the outcome, and their preferences must be

consolidated to arrive at an acceptable compromise solution.
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Partly to address this water management problem, the New Jersey Geological Survey

developed a multi-layer groundwater model to simulate the regional unconfined aquifer

and pumping effects at the Parkway wellfield. As in the hypothetical case, this model

was used to develop a linked CNN to estimate the effects of pumping on the groundwater

system at locations of interest. The linked CNN was embedded within a multiobjective

model and linear programming was used to identify the Pareto frontier, which represents

the set of non-dominated set of solutions between risk and supply. As in the hypothetical

case, this frontier served as the basis for both multiobjective and conflict resolution

methodologies which were used to identify the best compromise solution.

Although the CNN-derived optimal solutions are approximate, testing indicates that they

are very close to the global optimum. The advantage of the CNN approach is that once a

suitable architecture has been developed for the problem, computational difficulties

associated with conventional methods may be avoided.

Most importantly, however, this research presents the theoretical possibility of training a

CNN directly from field data, and directly optimizing management of the system without

having to rely upon a numerical groundwater simulator. This could result in significant

savings in both time and money, while possibly increasing the accuracy of the

optimization efforts.
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The remaining part of Chapter 1 overviews the background and nature of the

groundwater supply problem examined in this research, and concludes with a literature

review summarizing traditional optimization methods and algorithms applied to such

problems. The rest of this dissertation develops as follows. Chapter 2 documents the

development and application of the new CNN methodology to a hypothetical but realistic

groundwater management problem. Chapter's 3 and 4 present the results generated from

the application of multiobjective and conflict resolution methodologies, respectively, to

the hypothetical problem. Chapter 5 documents the application of the CNN

methodology, as well as the multiobjective and conflict resolution methdology results, to

a real world groundwater supply management problem in Toms River, New Jersey. The

dissertation concludes with a final section that summarizes the contributions of this

research, as well as possible future directions for research. All figures and tables are

contained in Appendices A and B, respectively. Appendices C, C-1, and C-2 contain the

fuzzy-rule based recharge methodology developed and used for the transient calibration

of the Toms River groundwater flow model, and the corresponding figures and tables,

respectively.

1.2 Introduction to the Public Supply Wellfield Management Problem

Many public supply wellfields are located in urban areas where releases of contaminants

into the subsurface are all too common. The resulting groundwater contaminant plumes

are often captured by pumping wells, contaminating the drinking water supply, and



23

constituting a potential risk to public health. Even though the Safe Drinking Water Act

requires routine water quality monitoring of public supply wells, and, if detected above

the maximum contaminant level(s), contaminant removal, the distributed drinking water

may still contain potentially harmful compounds presently not regulated. In fact, while

there are over 75,000 chemicals produced in the United States, only 80 are currently

monitored for in drinking water.

Many compounds are not regulated simply because the effects on human health from

exposure are not known. In 1997, The Environmental Defense Fund released a report

alleging that there was a lack of publicly available data on the health effects of 2,700 US

high production volume chemicals. Because many contaminant plumes consist of a

myriad of compounds, many public supply systems are distributing water that, while

meeting the requirements of the Safe Drinking Water Act, contain non-regulated

contaminants at relatively high concentrations.

The area over which a pumping well captures it water, and potentially groundwater

contamination, increases with increasing pumping rates. Because many water managers

are faced with meeting high supply demands, particularly during hot months, many wells

often pump at or near their maximum pump capacities. These high pumping rates

produce capture zones that extend over large areas and can result in eventual pollution of

the well.
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The federally mandated Wellhead Protection Program requires States to delineate

wellhead protection areas for all public supply wells. Often, these delineated areas are

based upon a computed time of travel for contaminants to the wellhead, for times ranging

from days to years. Potential and actual groundwater discharges that constitute a

potential threat to the well may be regulated to minimize the chance of well

contamination. However, this program does not adequately address existing

contamination plumes that already pose a risk to the well(s), and whose pumping rate(s)

may determine whether or not the contamination is captured. In cases like these, the

water manager may want to implement a pumping policy that balances his supply

objectives with the objective of minimizing the possibility of well contamination.

With these two conflicting objectives, the resulting water management problem reduces

to a multiobjective and conflict resolution problem, where trade-offs among non-

commensurable objectives must be identified. Because various stakeholders are

involved, often each with difference preferences in the outcome, identifying the best

compromise solution is essential for fostering an atmosphere of cooperative

understanding and preserving public trust.

1.3 Review of Traditional Groundwater Management Optimization Approaches

Over the last 30 years, various numerical models and optimization algorithms have been

conjunctively applied to groundwater management problems, ranging from water supply
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to contaminant remediation. The numerical model simulates the physical behavior of the

groundwater system of interest, and the optimization algorithm identifies the optimal

management solution(s). In the supply problem, the optimal solution enables decision-

makers to exploit the resource while minimizing to the extent practicable adverse

environmental and/or socio-economic impacts, such as land subsidence or dewatering of

wetlands. In the contaminant remediation problem, the optimal solution may minimize

cleanup times or costs.

Groundwater management problems may be linear or nonlinear in form, depending upon

the nature of the equations used to simulate the physical system and define the

optimization problem. Typical linear problems involve water-quantity management of

confined aquifers, whereas typical nonlinear problems involve water-quantity

management of unconfined aquifers, as well as contaminant remediation in both aquifer

types. Depending upon the form of the equations, and the desire to incorporate transient

conditions (i.e. multiple stress periods), a variety of optimization algorithms have been

used to solve groundwater management problems. They include linear programming

[Aguado et al., 1974; Molz and Bell, 1977; Willis, 1979; Peralta et al, 1991; Nishikawa,

1998], nonlinear programming [Gorelick et al., 1979, 1984; Wanakule et al., 1986;

Ahfeld et al., 1988a, 1988b; McKinney and Lin, 1992; Barlow et al, 1996], dynamic

programming [Adricevic, 1990; Lee and Kitanidis, 1991; Culver and Shoemaker, 1992,

1993], optimal control theory [Willis and Newman, 1977; Jones et al., 1987; Chang et al.,

1992], genetic algorithms [McKinney and Lin, 1994; Ritzel et al., 1994; Cieniawski, et
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al., 1995; Huang and Mayer, 1997; Wang and Zheng, 1998], and simulated annealing

[Dougherty and Marryott, 1991; Kuo et al., 1992; Marryott et al., 1993; Marryott, 1996;

Wang and Zheng, 1998].

Groundwater supply problems, the subject of this research, generally require hydraulic

management of the resource. That is, decision-makers must often balance supply with

other objectives, such as minimizing ecosystem impacts (e.g. dewatering of wetlands)

and preventing water quality degradation (e.g. salt-water intrusion). These conflicting

objectives may be addressed in the optimization formulation through multiple objectives

and/or constraints. Typical objectives include maximizing water supply, minimizing

supply costs, and minimizing contaminant remediation costs. Typical constraints include

limits on pumping rates, drawdowns, groundwater velocities, river leakage, and hydraulic

gradients.

Gorelick (1983) classified groundwater hydraulic management models into the

embedding method and the response matrix approach. In the embedding method, the

numerical approximations of the governing groundwater flow equations are embedded

into a linear program as part of the constraint set. For the confined aquifer case, the

governing equations are linear and complications are therefore avoided. However, for the

unconfined case, the equations are treated as linear with respect to the square of the

hydraulic head. This approach has been applied to both steady (single management

period) and transient (multiple time-period) cases. A major disadvantage of this method
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is that the size of the constraint matrix can become extremely large. For example, a

relatively small finite-difference groundwater flow model consisting of only 500 nodes

would produce 500 constraints for a single management period, each corresponding to a

single finite-difference equation. If 12 monthly management periods were considered for

a planning horizon of one year, 6,000 finite-difference equation constraints would result.

This large number neglects the management constraints included in the optimization

formulation.

The response matrix approach is a more efficient method for optimizing a groundwater

problem of interest. In general, the unit response to a unit pulse of stress is numerically

computed for all possible stresses at all points of interest in the aquifer. These unit

responses, which typically represent the derivative of head with respect to pumping, are

called response coefficients. The response coefficients are collected into a response

matrix which is used explicitly to formulate the optimization problem. Traditionally, this

method has been applied extensively to the confined aquifer case where linearity and the

principle of superpositioning apply.

Particular care must be exercised when applying the response matrix approach to

unconfined aquifer problems. Unlike the confined aquifer case, where system linearity

ensures response coefficient values independent of the perturbation value (e.g. pumping

increment), response coefficients for the unconfined aquifer are sensitive to the

perturbation value. As pointed out by Ahfeld [1999], because of system nonlinearity,
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perturbation for the unconfined case requires small increments in pumping rate to achieve

reasonable accuracy. However, it must be large enough to produce several significant

digits in the response coefficients. If the perturbation increment is too small, round-off

error may limit the precision of the response coefficient. Riefler and Ahfeld [1996] have

found that perturbation values that are either too large or too small can result in

producing an erroneous or infeasible solution during optimization, even when an optimal

solution exists.

If the groundwater management equations are linear, or may be approximated as such,

then the simplex algorithm may be used to solve the optimization problem. Assuming

problem feasibility, the simplex algorithm is robust, ensuring convergence to the global

optimum for the prescribed problem. In contrast, nonlinear problems, because of the

nonconvexity of the decision space, require complicated algorithms that may not

converge to the global optimum. Instead, identification of a local optimum may be the

outcome. Algorithms that have been used to solve nonlinear optimization problems

include sequential linearization, gradient-descent methods, genetic algorithms, and

simulated annealing, among others.

All the methods thus described combine a numerical groundwater model with an

optimization algorithm to maximize (or minimize) some desired objective subject to

various constraints. A computational neural network (CNN) was used [Rogers et al,

1994] to identify effective pumping strategies that would balance various objectives
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associated with a groundwater remediation problem. The CNN was trained to identify

the success of various pumping strategies using data generated from a groundwater flow

and contaminant transport code. Following training, a genetic algorithm was used to

direct the CNN through a search of various pumping patterns to identify the "best"

solution. In this case, the CNN was trained to recognize the "success" or "failure" of

long-term steady-state pumping strategies in meeting specific goals, such as cleanup

time, cost, and mass of contaminant removal, and not to predict the physical response of

the system (as a surrogate to the flow and transport model).
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CHAPTER 2

2. HYPOTHETICAL GROUNDWATER MANAGEMENT PROBLEM

2.1 Groundwater Management Formulation

A hypothetical but realistic isotropic, heterogeneous unconfined aquifer (Figure 2.1) was

modeled using MODFLOW, the fmite-difference groundwater flow model developed by

the United States Geological Survey. The governing groundwater flow equation,

representing transient horizontal flow (Dupuit assumption) in an anisotropie,

heterogeneous unconfined aquifer system, can be written as

V • ( kh.Vh) + Q(51 -(x - x*)(y - y*)] - R(x, y) = sy aila	 (2.1)

where k is the hydraulic conductivity tensor, h is the hydraulic head, 8 is the Dirac Delta

function, Q is a pumpage vector, x*, y* is a set of well locations, R is a vector of natural

recharge, and Sy is the specific yield.

The aquifer was modeled as a single layer unit, discretized into 676 square cells whose

sides vary in length from 61 m (interior of the domain) to 305 m (outer portion of

domain). Constant head boundaries exist along the western and eastern sides, with no-

flow boundaries fixed along the northern and southern sides. The average aquifer

thickness under non-pumping conditions is approximately 27 m, and four distinct
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hydraulic conductivity zones, ranging in value from 24.4 to 68.6 m/day, were assigned to

the domain. A specific yield value of 0.25 was used for the entire aquifer.

In the problem, a hypothetical boundary representing the upgradient (under non-pumping

conditions) extent of a contaminant plume is monitored by three "risk pairs", each

consisting of two nodes, one immediately upgradient and the other immediately

downgradient of the boundary. Three pumping wells are located asymmetrically to the

hypothetical boundary, and each can withdraw at a maximum rate of 3.8 m3/min. The

three risk pairs quantify the head differentials along the monitored boundary, and

determine whether pumping of the three wells reverses the hydraulic gradient, thereby

inducing a potential risk for well contamination.

The conflicting multiobjective problem of maximizing water supply via pumping while

minimizing risk of well contamination was considered for a 12 month planning horizon

discretized into monthly stress periods. The two goals are conflicting because increases

in pumping induce hydraulic gradient changes along the contaminant boundary that

increase the risk of well contamination. The problem is further complicated by the

introduction of multiple time periods, which despite the advantages, are often not used

because of computational difficulties inherent in conventional methods. Thus, although

the aquifer is a dynamic system with temporal changes in pumping, recharge, and head,

most problems solved with optimization have assumed a steady-state system.
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In formulating the multiobjective optimization function, supply represents the total

volume of groundwater withdrawn from the three wells over the 12-month planning

horizon. Risk was measured as the annual sum of the head differences between the

downgradient and upgradient nodes (under non-pumping conditions) at the three risk

pairs. Positive values indicate some risk since "upgradient" nodes would overall have a

lower groundwater elevation than the "downgradient" nodes, resulting in a general

gradient reversal.

For convenience, in the optimization formulation, the objective of total supply was

quantified in terms of the rate of groundwater withdrawal (m 3/min). Because supply and

risk were quantified with different physical dimensions (volume/time versus length), they

were normalized as is done in most multiobjective analysis [Szidarovszky et al, 1986] so

that comparison would be valid. The Pareto frontier was determined by using the

weighting method with varying weights. Accordingly, the following problem was

solved:

Minimize [a * Risk Normed + (1 - a) * Supply Normed]	 (2.2)

subject to

1 _̂  a > 0
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Risk = E	 + 	h7,1) + 0110,1— h9,01

and

Supply =
k=1

(2.4)

where

Risk Normed = (MaxRisk - Risk)/(MaxRisk - MinRisk)	 (2.5)

and

Supply Normed = (Supply -MinSupply)/(MaxSupply - MinSupply)	 (2.6)

Notice that risk and supply are normalized differently, since supply and risk in the

objective function are both minimized. After normalization above, unit value of each

objective corresponds to the most favorable outcome and zero to the worst outcome.

State variables h5, 1 through h10,1 are the head values at the three risk pairs (6 nodes), with

subscript i corresponding to months 1 through 12. There are 36 decision variables,

designated Pk, r corresponding to the monthly pumping rates, in m3/min, for each of the

three wells (e.g. P1,2 is the monthly pumping rate of well 1 in February).
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(2.3)
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In the objective function (2.2), a a value of 1 considers only risk, a value of 0 only

deficit, and values between, some tradeoff between risk and deficit. For example, a a

value of 0.5 weights both objectives equally. By systematically varying the value of a,

the Pareto frontier or the set of non-dominated solutions was identified. No solution

along the frontier is better in both objectives than any other solution; each simply

represents the preference, as given by the a value, that a decision-maker may have. In

this two-objective case, the Pareto frontier is a 2-dimensional graphical representation of

the trade-off between supply and risk which serves as a basis for applying multiobjective

optimization or conflict resolution methodology.

2.2 Background of Computational (Artificial) Neural Network (CNN)

Computational neural networks may be the fastest growing field in artificial intelligence

(Szidarovsky et al., 1998). A simplified physiological model of biological neural

networks in the cerebral cortex is represented by a computer model that is remarkably

flexible and fast. Biological neural networks are especially good at pattern recognition,

making associations, and organization of information because these are skills that

provided the greatest survival advantage during the millions of years that the human

cerebrum developed. Computational neural networks excel at similar tasks but because

they have a mathematical basis they can produce quantitative relationships about patterns

(Poulton, 2000). An artificial neural network may be implemented in special hardware or

software while a computational neural network is implemented only in software.
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A computational neural network is described by its architecture and learning algorithm.

The architecture defines the key components: processing elements, layers, and connection

weights (Figure 2.2). The learning algorithm defines how all the key components interact

to learn a particular pattern. The architecture used in this study is the multi-layer

perceptron (MLP) and the learning algorithm is back-propagation. The user provides a

data set that consists of input patterns and associated output patterns. In this study, the

input pattern consists of initial groundwater elevations at 14 locations, monthly pumping

rates of 3 wells, and the monthly areal recharge rate. The output pattern consists of the

14 final monthly groundwater elevations. A training set will have hundreds or thousands

of examples of different input and output pattern combinations.

The MLP shown in Figure 2.2 consists of three layers. The input layer consists of one

processing element (PE) for each element of the input pattern. The output layer consists

of one PE for each element of the output pattern that the user provides. The intermediate

layer or hidden layer has a variable size, usually determined by trial and error, and is

problem dependent. Each PE in the input layer is connected to each PE in the hidden

layer. Each PE in the hidden layer is connected to each PE in the output layer.

Each PE in the input and hidden layer performs a simple weighted sum of the input to the

PE and the value of the weight connecting it to the PE in the next layer
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SUM • = ZW jiX „
	 (2.7)

i=1

where w is the connection between input PE i and hidden layer PE j; xi is the value at

input PE i.

The weighted sum is passed through an activation or threshold function before being

passed to the next layer

act = f (Sur n i ) .	 (2.8)

The threshold function is typically sigmoidal in shape and is defined either by the

sigmoid or tanh function:

f =
1

(2.9)
1+ e -sum'

or

f =
Sum.	 -sume ' — e (2.10) 

e sum
' + e -sum

'

The activation of a PE in the hidden layer, acti, is used as the input to the weighted sum

for the output PE k,
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sumk = E wkj acti ,	 (2.11)

and,

o k = f (Sum k ).	 (2.12)

All the data used by a network fall into a [0,1] or [-1,1] range depending on whether the

sigmoid or tanh activation functions are used. In this study, linear activation functions

were used instead of the usual tanh or sigmoid functions so that the network results could

be used in a linear optimization routine.

The network starts with random values for the connection weights. The training process

changes the connection weights to minimize the mean-squared error between the desired

and calculated output values. The weight changes are commonly made based on

gradient descent but more sophisticated techniques such as conjugate gradient or

Levenberg-Marquardt method may also be used. After each presentation of an input

pattern, the weighted sums are calculated, the sums are passed through the activation

function, and the error is calculated for the pattern at the output layer. This constitutes

one forward pass through the MLP network. The error is back-propagated through the

network by changing each connection weight according to its influence in the forward

pass. One forward and backward pass for one pattern constitutes one training iteration.
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Networks are usually trained for thousands of iterations. Depending on the size of the

training set, speed of the computer, and efficiency of the learning algorithm, training

usually takes a few minutes to a few hours on a desktop PC.

For a detailed description of the historical development of CNN's, and backpropagation

training algorithms, the interested reader is referred to Rogers et al. (1994).

2.3. CNN Application to the Groundwater System

The groundwater management problem can be described in terms of traditional dynamic

systems theory [Szidarovszky, et al, 1998]. The term dynamic refers to phenomena that

produce time-changing patterns and the characteristics of the pattern in one time period

are interrelated with those in another.

All effects arriving into the system from the outside world form the input of the system.

The internal variables are summarized as the state of the system. The output either

comprises that portion of the system's state which can be directly determined by external

measurements, or summarizes the response of the system to the input.

Figure 2.3 depicts a system representation of the groundwater management problem.

The inputs are the monthly areal recharge rates and the monthly pumping rates. The state

of the system is defined by the groundwater elevations at the beginning of the month.
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The output of the system consists of the groundwater elevations at the end of each month

and the amount of water supplied. The inputs can be further classified into two groups.

First, a random input is the monthly areal recharge that is a function of climatic

conditions over which humans have no control. Second, a controlled input is defined as

the monthly pumping rates of the wells, which constitute the decision variables of the

optimization problem. Ideally, based upon the current state of the system and some

expectations on the random input, the values of the decision variables are selected in

order to maximize the possibility for achieving the objectives of the decision-makers.

The research goal is to develop a compact functional approximation that accurately

estimates the temporal evolution of head at the risk pairs under variable pumping and

recharge rates. The purpose for using the CNN, then, is to obtain, for each month, a

function that accurately estimate groundwater heads at the end of the month, given initial

monthly heads, as well as monthly pumping and areal recharge rates. In this case, the

CNN architecture utilizes nineteen inputs, consisting of initial groundwater elevations at

fourteen nodal locations, monthly pumping rates of the three wells, areal recharge over

the stress period, and a single bias unit. The desired output is groundwater elevations at

the fourteen locations at the end of the stress period. A schematic diagram of the CNN

architecture is shown in Figure 2.4.

Six of the head locations correspond to the three risk pairs used to assess risk by the value

of the head differences. The eight additional nodes are used to increase the CNN's
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predictive accuracy. The nodal head locations, pumping wells, and hydraulic control

pairs are shown in Figure 2.1.

A trial-and-error approach was used to determine optimal CNN transfer functions and an

effective configuration of nodal head locations. Accurate results were obtained using

linear transfer function for both the hidden and output layers, despite the nonlinear flow

dynamics of an unconfined aquifer system, where transmissivity changes as a function of

aquifer thickness. Although the upper pumping limit of 3.8 m3/min for the wells is high

for real-world conditions, and the wells are in close proximity to the risk pairs, the range

of head fluctuation at the six risk nodes was about 6.1 m, approximately 20 % of the

average aquifer thickness in this area. A linear approximation to unconfined flow is

sufficiently accurate when drawdown does not exceed 20 to 25 % of the saturated aquifer

thickness.

In general, one might assume a larger number of nodal locations would increase the

accuracy of the CNN for estimating head. The obvious trade-off is that more locations

necessitate a larger and more complicated CNN architecture. However, in this

hypothetical example, during which no more than 17 nodal locations were considered, it

was found that node location could be more important for increasing predictive accuracy

than the number of nodes used.
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Using a larger number of nodes that were located at and around the pumping and

hydraulic control nodes produced larger errors than a configuration that used fewer nodes

more uniformly distributed over the aquifer domain. The configuration that utilized

nodes situated at both intermediate and far distances from the pumping resulted in the

highest accuracy. Nodes located near the pumping wells, such as the risk pairs,

experienced the greatest drawdown. Nodes located further away, despite exhibiting less

drawdown, better defined the topography of the aquifer surface, particularly near the

boundaries, which influenced head responses across the domain. Perhaps equally

important, because of the telescoping grid, nodes located farther away from the pumping

wells encompassed a larger aquifer area. Thus, these nodes presented a more complete

picture of the surface topography across the domain, and how it changed in response to

stresses.

In order to generate data for the CNN, a continuous time-sequence of variable pumping

and recharge rates was introduced into the groundwater flow model at monthly time-

steps. Forty-nine years of monthly groundwater recharge data for the Toms River basin

in New Jersey was provided by the New Jersey State Geological Survey. From these data,

five yearly sequences of recharge data representing both the extreme and mean recharge

conditions for the basin were culled out. These data were combined with 30,720

randomly generated monthly pumping patterns; each well withdrawing at a constant

monthly rate, ranging from 0 to 3.8 m3/min, independent of what the other wells

withdrew. MODFLOW was then simulated for 30,720 monthly stress periods, each with
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a unique combination of pumping and areal recharge rates. During simulation, the

groundwater heads at the end of each stress period were saved to an output file.

The data were split into two sets; the first was used for training the networks and the

second for validating the networks. A separate CNN was trained and validated for each

month.

Following training, the 12 monthly CNN's were individually validated to assess their

ability to accurately estimate final monthly groundwater elevations. For the 12 CNN's,

the root mean square error, or percent difference between head values estimated by the

CNN and actual MODFLOW values, never exceeded 1.4%, and averaged 0.97%.

Following individual validation of the monthly networks, their functional forms were

sequentially linked (in Fortran language) so that the evolution of the head field over time

could be simulated.

2.4 Linked CNN Performance Assessment

To assess whether errors would accumulate over time, the MODFLOW validation data

were sequentially processed through the linked CNN functions. That is, for a given year,

the initial heads in January and the pumping and recharge rates for that month were

processed through the January function to produce final head values at the fourteen

locations. These estimated final head values were entered into the February CNN
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function, along with the pumping rates and recharge rates during this month, to estimate

heads at the end of the month. This was repeated for the remaining ten months. The

average head values estimated by the CNN functions for all months at the fourteen

locations were compared with the MODFLOW generated values. Of the 168 head

values, 86% estimated by the CNN functions matched exactly with the MODFLOW

values (recorded to the nearest 0.03 m), and the remaining 14% differed by only 0.03 m.

Figure 2.5 depicts the mean evolution of head over time for both MODFLOW and the

CNN at two representative nodes, 5 and 9, which are located close to the pumping wells.

The CNN generated values overlie the MODFLOW values for almost all months.

Similar results were achieved for nodes located farther from the pumping wells. In

addition, head differences measured at the three risk pairs ranged from —0.18 to 0.46 m.

On average, the CNN estimated head differences along these risk pairs to within an

absolute error of 0.01 m.

To gain a perspective on the dynamic nature of the system, and the CNN's ability to

capture this phenomenon, a statistical breakdown of monthly changes in both system

input and output is instructive. The average monthly change in pumping rate for each

well was 1.29 m3/min, with a maximum change of 3.73 m3/min. Monthly changes in

pumping and areal recharge rates produced mean monthly changes in head at each of the

six risk nodes of 0.40 m, with a maximum change of 2.0 m. On average, at the six risk

nodes, the CNN estimated the new head to within 0 014 m absolute value.
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Given this degree of accuracy, the CNN functions forecasted to a very high degree of

accuracy the presence or absence of risk, as measured by the head differences at the three

risk pairs. In applying risk analysis, we assumed that a head difference of at least 0.0 m

between the downgradient and upgradient nodes constitutes a risk to the wells. Table 2.1

lists the monthly frequencies of risk in the validation set, as simulated by MODFLOW at

the three risk pairs, and Table 2.2 lists the CNN's monthly predictive accuracy.

By considering the two extreme cases, the ability of the CNN to accurately simulate

system behavior is further demonstrated. Risk pair 1 experienced risk slightly more than

half the time (59%). Nevertheless, the CNN correctly forecasted risk and no risk 97%

and 93% of the time, respectively, for an overall accuracy of 95%. Risk pair 3

experienced risk 86% of the time. The CNN correctly forecasted risk and no risk 99%

and 92% of the time, respectively. Thus, the linked CNN effectively generalized system

behavior, and is not overly biased towards predominant conditions, such as gradient

reversals at risk pair 3. Overall, the CNN correctly forecasted the presence or absence of

risk 96% of the time.

2.5 Single Objective Optimization

Because the linked CNN approximates the state transition of the aquifer system using

linear equations, it was embedded into LINGO, a commercial linear optimization

software program. As a further check on the robustness of the CNN, a single objective
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optimization problem of maximizing pumping for a 12 month planning period without

reversing the hydraulic gradients along the three risk pairs was performed. The optimal

pumping rates identified by LINGO were subsequently simulated in MODFLOW to

further assess the accuracy of the CNN architecture.

As a further comparison, the optimization problem was solved using MODOFC

(MODFLOW Optimal Flow Control), a computer program [Ahfeld et al., 1998] that

couples MODFLOW with optimization algorithms for solving single objective

groundwater management problems. For the nonlinear unconfined aquifer case,

MODOFC uses a sequential linear optimization algorithm that iteratively computes the

response coefficients using incrementally changing pumping rates. When the optimal

pumping rates computed by the Simplex method have minor differences (within some

specified threshold) between the previous iteration and the current iteration, convergence

to the global optimum is assumed, and the algorithm terminates.

In this single objective optimization problem, risk was explicitly addressed by the

constraint set. The objective function and risk management constraint set for this single

objective water supply problem is:

3
Maximize Supply = Maximize Z

k=1
(2.13)
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subject to

0 m3/min < Pio < 3.8 m3/min; (1 i 12, 1 k <3)	 (2.14)

h6,1— h5,i 	 0	 (2.15)

h8, 1 —	 0	 (2.16)

h10,1— h9,i	 0	 (2.17)

The CNN functional form is embedded into the optimization problem through additional

constraints that are not explicitly given here.

Thus, the objective is to maximize pumping for the 12 month planning period without

inducing a gradient reversal at any of the three risk pairs during all 12 monthly stress

periods. Note that unlike earlier risk characterization, in this optimization problem, a

head difference of 0.0 m between the upgradient and corresponding dovvngradient risk

node was deemed acceptable.

MODFLOW was first simulated for a 12 month period with each well pumping at 0.75

m3/min each month. The final head field from this simulation, constituting a somewhat

depressed water table surface, with an average head difference of -0.09 m at the three risk

pairs, was selected as the initial condition for the optimization procedure. The 14 head

locations were initialized in LINGO with the corresponding MODFLOW values, and the

mean monthly recharge rates were used. The optimal pumping rates identified by
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mean monthly recharge rates were used. The optimal pumping rates identified by

LINGO are shown in Table 2.3. The distribution of pumping agrees with physical

intuition. Well P3, located farthest from the risk nodes, is selected to pump at the

maximum allowable rate of 3.8 m3/min for all months. Well P2, located closest to the

risk pairs, pumps the least, around 0.33 m 3/min each month. Well Pi,  relatively close to

risk pair 1, is selected to pump around 2.5 m3/min each month.

For verification purposes, MODFLOW was simulated using the optimal pumping rates,

given the initial condition head field and mean monthly recharge rates. Figure 2.6

compares the CNN results with MODFLOW by depicting head versus time at

representative nodes 5 and 10. Although the CNN slightly underestimated head, the

pattern of the system response to pumping estimated by the CNN is almost identical to

MODFLOW. In fact, the largest relative error between the CNN estimated head and the

MODFLOW head for the 6 risk nodes throughout all 12 months is 0.29% (31.6 m versus

31.5 m), with a mean relative error of 0.20%.

A comparison between the risk computed by the CNN and the actual risk as simulated by

MODFLOW is presented in Table 2.4. Overall, the CNN estimated the magnitude of risk

to a very high degree of accuracy. Of the 36 risk events, only twice did the optimal

pumping rates selected by the CNN violate a 0.0 m head differential constraint, and by

only 0.03 m. The head differentials at the risk pairs estimated by the CNN agreed

exactly with the MODFLOW generated values 25 times. Of the 11 times they disagreed,
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only once was it by more than 0.03 m (0.06 m). The CNN results also indicate that risk

pairs 1 and 3 bound the optimal pumping rates. That is, the constraints at these two pairs

appear to have zero slack, and increased pumping rates would gradient reversals along

these pairs. In contrast, the head difference constraints associated with risk pair 2 have

slack, and small increases in pumping rates would not reverse the gradient.

As a final check, the results were compared with those generated by MODOFC. The

optimal pumping rates generated by MODOFC were verified with MODLFOW, and

were found to satisfy the three head difference constraints for all 12 stress periods. In

addition, the optimal pumping solution is well bounded, with zero slack for all twelve-

stress periods at risk pairs 1 and 3. As such, the pumping rates identified by MODOFC

are considered to represent the global optimum for this problem. A comparison betweèn

this global optimum and the optimal pumping rates found using the CNN is shown in

Table 2.3.

As Table 2.3 shows, in most cases, the optimal pumping rates identified by the CNN and

MODOFC differ only slightly. The general pumping pattern identified by both is the

same. Well P3, located farthest from the risk pairs, pumps at its maximum rate of 3.8

m3/min for all months. Well P2, located closest to the risk pairs, pumps the smallest

quantity of water, and pi, located at an intermediate distance, pumps about 2.6 m3/min

each month.
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The largest discrepancy in solutions occurred at P2. In all cases, MODOFC identified an

optimal pumping rate for this well ranging from 0.23 to 0.25 m 3/min. The CNN

optimization generally identified an optimal pumping rate for P3 of about 0.24 m3/min.

However, six times, the CNN determined an optimal pumping rate for P3 exceeding 0.28

m3/min, three of which exceeded 0.38 m3/min; the maximum was 0.51 m3/min. The

higher pumping rates at P3 determined by the CNN optimization were commonly

compensated by lower pumping rates at Pi. Nevertheless, the optimal solution computed

with the CNN architecture is inferior to the global optimum computed by MODOFC.

MODOFC achieved higher total monthly pumping without violating any of the head

difference constraints.

Table 2.5 compares the head differences at the three risk pairs derived using the optimal

pumping rates obtained with the CNN and MODOFC. As shown, risk pairs 1 and 3

bound the maximum optimal pumping rates. MODOFC achieved the 0.0 m head

difference constraints at risk pairs 1 and 3 for all 12 months.

Overall, the CNN-derived optimal pumping rates compare favorably with the global

optimum. On average, the total monthly optimal pumping rates identified by the CNN

were 2.3% lower than the global optimum, and only 2 of the 36 head difference

constraints were violated, each time by only 0.03 m. This demonstrates the overall

accuracy of the CNN in estimating head responses at points of interest under stresses

variable in both space and time.
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2.6 Computation and Verification of the Pareto Frontier

Using the initial head field and mean monthly recharge rates selected previously, the

objective function (2) was minimized for different a values. It is known (see for

example, Szidarovszky et al., 1986) that all Pareto solutions can be obtained by the

weighting method with some values of a in the case of linear problems. The resulting

CNN-derived Pareto frontier is shown in Figure 2.7. Because linear optimization was

used, the solutions constitute the global optimum for the embedded problem. The non-

dominated pumping solutions for the three a values of 0, 0.5, and 1.0 agree with

intuition.

When a was set equal to zero, only supply was considered, and all three wells were

selected to pump at the maximum rate of 3.8 m3/min each month. Conversely, when a

was set to 1, only risk was considered, and all three wells remained turned off. Finally,

when a was set to 0.5, risk and supply were equally weighted, and wells P1 and P3 were

selected to pumped each month at the maximum rate of 3.8 m3/min, while well P2,

located closest to the risk boundary, did not pump at all. As the a values changed, wells

were turned on or off for different amounts of time, depending upon the weighted

preferences.
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A comparison between the CNN and MODFLOW simulated head values at the 6 risk

nodes was performed. For a = 1, the average and maximum relative errors in the CNN

estimated head values are 0.1% and 0.3%, respectively. In this instance, no pumping

occurred, and the initially depressed water levels in the aquifer recovered and then

declined in response to boundary conditions. Impressively, the CNN accurately

reproduced this time-varying aquifer behavior. For a = 0.5, the average and maximum

percent errors are 0.2% and 0.4 %. For a= 0, they are 0.1% and 0.2 %. On average, the

differences between the CNN estimated heads and the MODFLOW simulated heads was

only 0.03 m, with a maximum observed difference of 0.1 m (31.3m versus 31.2 m).

Figure 2.8 depicts the time-evolution of head at representative node 10 for alpha values 0,

0.5, and 1.0, as simulated by MODFLOW and the CNN. As the near overlap of the

curves exhibit, the CNN estimated to a very high level of accuracy the evolution of head

under the imposed pumping and recharge stresses.

The corresponding risk computed from the CNN estimated head values was compared

with that simulated by MODFLOW. Tables 2.6, 2.7, and 2.8 compare the estimated and

simulated risk values at the three pairs over time for the a values 0, 0,5, and 1,

respectively. The monthly risk observed at any of the three risk pairs ranges from —0.18

to 0.46 m. However, there is never an absolute error exceeding 0.03 m between the CNN

estimated risk and the simulated risk. In addition, the CNN correctly forecasted the

presence or absence of risk 93 % of the time. The times the CNN incorrectly forecasted

the presence or absence of risk occurred at a = 0.5, when equal preference given to
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supply and risk produced head differentials approaching 0.0 m at the three risk pairs. In

these cases, if the simulated head differential is —0.03 m, but the CNN estimates a

differential of 0.0 m, the risk forecast is erroneous, but the magnitude of the differences is

practically zero.

The optimal pumping schedules for each Pareto solution were simulated in MODFLOW

and the corresponding annual risks were computed. The simulated risks agree closely

with those generated by LINGO. The range of risk as forecasted by LINGO ranged from

—5.5 m to 9.2 m, as compared to the range of-5.2 m to 9.8 m simulated by MODFLOW.

Total annual risk for the two extreme conditions, that of minimizing risk or maximizing

supply, extends over a range of about 15 m. Figure 2.9 depicts the CNN-derived and

subsequently MODFLOW simulated Pareto frontiers. It demonstrates very close

agreement between the CNN forecasted annual risk values and those verified by

MODFLOW.

The sensitivity of temporal changes in pumping on risk, and the ability of the CNN to

capture this, was evaluated. For a = 0.35, all wells remained off except P2 in the month

of September. Simulation, however, showed that if only P2 is pumped, and in one month

only, pumping of this well in September (or December) actually produced the largest

overall annual risk, 8.96 m. If well P2 was pumped in either January or April, the risk

was the lowest, 8.80 m. The difference of 0.16 m risk, an error of less than 2 %,

demonstrates that the system is relatively insensitive to the months in which the wells
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pump. Overestimating the risk by only 0.03 m in only 5 of the 36 risk events would

produce this discrepancy in total annual risk.

Risk partials, or the unit increase in annual risk with respect to a unit increase in pumping

rate, were computed for each well in each month using the CNN. The results, plotted in

Figure 2.10, indicate that although large spatial differences between wells exist, there are

very small temporal differences in risk. MODFLOW simulations confirmed this

tendency.

In this particular example, because of the relatively simple configuration of the pumping

wells and risk pairs, the Pareto frontier could be generated heuristically. It is obvious that

in order to effectively trade-off the two objectives, well P3 should be pumped at its

maximum rate for all stress periods, followed by Pl, and lastly P2. Also, a more

complicated water management problem would have further justified the need for

multiple stress periods. For example, minimum monthly pumping requirements could

vary, depending upon seasonal water demands, and would be accounted for by the

constraint set. Nevertheless, this example demonstrates how the CNN methodology may

be used to derive a realistic approximation to a real world Pareto frontier for complicated

groundwater management problem.

The generated Pareto frontier serves as a basis for multiobjective analysis and for conflict

resolution methodology. In this manner, a solution(s) acceptable to the various

stakeholders based upon their preferences may be identified.
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2.7 Conclusions

The ability of a CNN to accurately estimate transient changes in head in a heterogeneous

unconfined aquifer system in response to time-varying pumping and areal recharge

stresses is demonstrated with this hypothetical but realistic model. The CNN

methodology combines the advantages of two traditional methods of groundwater

optimization, namely the embedding method and the response matrix approach, to

generate both single and multiobjective solutions for a transient groundwater

management problem. The relative efficiency of the response matrix approach is

retained, because only a few state-transition equations, corresponding to the nodal

locations of interest, are embedded into the optimization program. Moreover, potential

convergence problems associated with the response matrix method under nonlinear

conditions may be avoided. Of course, as system behavior becomes more nonlinear in

response to increasing drawdowns, the CNN-derived linear approximations to the

unconfined flow system become correspondingly less accurate.

If nonlinear flow effects are significant, the sigmoidal transfer function could be used in

the CNN architecture for developing an accurate and compact functional approximation

to estimate temporal system behavior. The resulting optimization problem becomes

nonlinear, but may be computationally less difficult to solve than one that utilizes the

numerical groundwater flow simulator. In this case study, using the sigmoidal transfer

function in lieu of the linear reduced the root mean square error for the January validation
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data set by 30%, from 0.0086 to 0.0060. However, because of the high accuracy

achieved with the linear transfer functions, and their applicability to the robust simplex

linear optimization method, utilization of the nonlinear sigmoidal transfer function did

not seem justified.

A surprising result found with the CNN is that even under non-pumping conditions, it

accurately forecasted transient evolution of head in response to changing boundary

conditions. This transient behavior is extremely important for evaluating groundwater

management problems that must account for head elevations, such as in river leakage or

overdraft problems. In the case of a ---- 1.0, under the initial condition of a depressed

water table, the CNN correctly forecasted a recovery of head of approximately 0.8 m in

the vicinity of the pumping wells, followed by a subsequent decline.

This demonstrated ability of the CNN to learn and generalize behavior of a simulated

groundwater system offers the theoretical possibility that others may be trained directly

using data from a real-world system for prediction and optimization. This would be a

significant departure from traditional optimization methods that have always linked a

numerical model with an optimization algorithm. The computationally more efficient

CNN could obviate the need for developing and using a numerical model, and could be

used to directly optimize the real groundwater system. Although in this test case, a large

amount of training data (1,280 records) were used, it was found that using only 100 such

training records resulted in an RMS error of only 0.0107 for the full January validation
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set. The feasibility of using limited field data to effectively train a CNN is further

supported by research conducted by Coulibaly et al. (2000), who trained several CNN's

with a relatively short time-series of measured groundwater and climate data to forecast

water table fluctuations in the Gondo aquifer, Burkina Faso.

Collecting data such as groundwater elevations, pumping rates, mean daily air

temperature, and total precipitation (as surrogates to recharge) on a weekly basis might

generate enough CNN training data within a two-year period. Hydrometeorological data

is usually collected by governmental agencies, and pumping and groundwater elevation

data is often readily available. If not, this data is relatively inexpensive and simple to

collect, particularly in comparison to conducting and analyzing aquifer-pumping tests, a

basic requirement for developing regional groundwater flow models. Furthermore, the

CNN may achieve greater accuracy in attaining the desired objective(s), such as

optimizing pumping rates or forecasting drawdowns at sensitive locations in response to

changing climatic and aquifer conditions.
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CHAPTER 3

3. MULTIOBJECTIVE ANALYSIS OF HYPOTHETICAL GROUNDWATER
MANAGEMENT PROBLEM

3.1 Background of Multiobjective Analysis

In the case of a single objective, as in the example of maximizing supply given in the

previous chapter, any alternative pair of solutions can be compared to each other, since

the goodness of the alternatives are characterized by real numbers. If multiple objectives

are present, then the goodness of each alternative is a vector, the components of which

give the corresponding objective values. Therefore, the objective function values don't

yield sufficient information for goodness comparisons. To address this problem,

additional preference or trade-off information is required from the decision-makers.

Depending upon the structure of the preference information, different solution concepts

and methods were developed. A comprehensive summary of the most frequently used

concepts and methods is presented in Szidarovszky et al. 1986.

If a strict preference among the objectives is given, then the sequential optimization

method is used. The most important objective is first optimized, and then second most

important objective is optimized while preserving the first at optimal level. In the third

step, the third most important objective is optimized while maintaining the first two at

their optimal levels, and so on. The process terminates if a unique optimum is found, or
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the least important objective is already optimized. This method has the disadvantage that

the less important objectives may end up with very unfavorable values.

In the case of epsilon constraint method, the most important objective is selected and

minimum acceptable values are defined for all remaining objectives. In the case of the

weighting method, the preferences are given by importance weights assigned to the

objectives. The resulting linear combination of the objectives is optimized. A serious

limitation with this method is that a combination of the objectives does not have a

physical or practical significance since different objectives are often measured in

different units (e.g. meters versus cubic meters). An additional problem arises from the

fact that different objectives usually have a different order of magnitude in numerical

values, so when combined, the larger objective determines the optimal outcome. In most

applications, normalization is used and will be discussed later in this chapter.

In the case of direction-based methods, a poor solution (which is usually the current

situation) is identified and the direction of improvement is selected. The objectives are

then simultaneously improved along the given line as much as possible. The most

commonly used methods are the distance-based methods. This methodology has two

major variants.

In the first case, an ideally best point is computed or identified by the decision-maker,

and the alternative that produces the closest outcome to the ideal is selected. In the
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second case, an ideally worst point is chosen and the solution having the outcome with

the largest distance from the point is selected as the best solution. In each version, there

is flexibility in selecting the type of distances used, as well as the weights. In this

research, distance-based methods were applied.

3.2 Distance-Based Multiobjective Methodology

As described in the previous chapter, combining the CNN multiobjective model with

linear programming generated the entire Pareto-frontier of the bi-objective optimization

problem. Because of the linearity of the model, the Pareto frontier also became a piece-

wise linear function. Since the objectives have different units and ranges, both objectives

were first normalized with a simple linear transformation, as given in the previous

section.

In the multiobjective optimization literature, the distance-based methods are used most

frequently. Accordingly, six particular methods were selected:

Method 1: Distance minimizing from the ideal point based on the li — metric:

Minimize wi i —	 w2 l — f21
	

(3.1)

subject to (f1,f2) E H,

where H is the feasible objective space;
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Method 2: Distance minimizing from the ideal point based on the 12— metric:

Minimize w 1 (1 — f1)2 + w2 ( 1 - f2)2 	(3.2)

subject to (f1,f2) E H;

Method 3: Distance minimizing from the ideal point based on the la, — metric:

Minimize Maximum{wi 11 — f11 ; w2 1 1 - f21}

subject to (fi,f2) s H;

Method 4: Distance maximizing from the nadir based on the 1 1 — metric:

Maximize wi 1 fi - 01 + w2 1f2 - 0 1

subject to (f1 ,f2) E H;

Method 5: Distance maximizing from the nadir based on the 12 — metric:

Maximize w i (f1 - 0)2 + w ( f 0)2 ‘ -2 - - /2

subject to (fl ,f2) c H;

Method 6: Distance maximizing from the nadir based on the la, — metric:

Maximize Maximum{w1 Ifi - 01; w2 1f2 - CO

subject to (f1,f2) s H.

(3.3)

(3.4)

(3.5)

(3.6)

Notice that methods 1 and 4 are equivalent to maximizing the linear objective wifi + w2f2

on the feasible objective space H, which is a two-dimensional linear programming
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problem. Methods 2 and 5 have quadratic objective functions and linear constraints.

Method 3 can be rewritten as a three-dimensional linear programming problem if one

introduces a new variable E for the objective function. The problem can then be

transformed into the following form:

Minimize E	 (3.7)

Subject to (fi,f2) E H

+ E wi

wzfz + E _̂  w2,

where all constraints and the objective function are linear. In our case, both (1,0) and

(0,1) are in H, so method 6 has a closed-form solution: if wi > w2, then fi = 1, f2 = 0, and

if w i < w2, then fi = 0, f2 =1 is the optimal solution. If wi = w2, then both fi = 1, f2 = 0

and fi = 0, f2 = 1 are optimal solutions.

We will next show how to rewrite the requirement (f1,f2) E H as a set of linear constraints.

Let (f1 ", f2"), (f1 (1) , 	(f.1(n), p2(n).
I ) denote the consecutive vertices of H such that

(f1 (°), f2(°)) = (0 , 1 ), (fl (n) , f2(n)) = (1,0), and fi" < f1 (1) < ...< fi ("). For each k = 1,2,...,n,

consider the linear segment connecting points

	f 2 	f2(k)	 [ (f2(k)	 f2(k4))/ (fi(k)	 fi (k-1))] (fi	 fi(k)) .

Since set H is located under this segment for each value of k, the constraint (fl,f2) E H

can be replaced by n linear constraints of the form

	f 2 < [ (f2(k)	 f2(k4))/ (fi(k)	 fi (k-1))] (fi fi (k))	 f2(k)	 (k = 1,2,...,n).

f2 ik-1)) and (f1 (k) , f200):



62

If the optimal solution is a vertex, then from the previous computations, the

corresponding decision variables (pumping rates) are already known. If the optimal (f1 ,

f2 *) solution is not a vertex, then it is an interior point of a linear segment connecting the

vertices (fi (k-1 ) 5 f2(k- 1 )) and (f
1
(k)5 

Î
2(k),) with some k. As Figure 3.1 illustrates, point (f1 * , f2 * )

divides the segment into two parts with length ratio a/P with a = f1 *- r ana

p = fi (k) - f1 * . If (k-1) and p(k) denote the optimal decision vectors (pumping rate vectors)

of the end-point vertices, then the linearity of the original model implies that an optimal

decision vector associated with the Pareto point of (fi * , f2 *) is given as

P* = ± Po) P
(k1)

 Cd(Ct P) P (k)

so a corresponding optimal decision can be easily obtained.

The application of the above procedure requires the knowledge of the importance weights

wi and w2. In cases where the decision makers are unable to supply such weights, we

have to repeat the computations for a large set of systematically incremented pairs (w 1 ,

w2) and present all answers to the decision makers who can then assess their priorities

based on the results. In a decision model like the one we consider, several interest groups

(stakeholders) are involved.

Let K denote the number of interest groups and let (w1 (k) , W2 (k)) be the weights given by

group k for k = 1, 2, ..., K. These weights can be obtained by interviewing the members

of the different groups simultaneously in a joint meeting. In an additional survey with the

representatives of the local government, we can obtain the power factors al, a2,..., ŒK for
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each group such that ai + a2 ••• aK = 1. Then the following final weight selection is

suggested:

(k)
WI	 ak wi (k) and	 w2

 =
a  W2 •

k=1	 k=1

(3.8)

If for each group, w 1 	w2 	1, then the final weights w 1 and w2 are also normalized.

(k)	 )	 (k)	 (k)In this case, wi +	 =	 (ak w	 w2(1`)= 	Œk(
	,
wi	 ) - E a= 1.

k=1	 k=1	 k=1

3.3 Results of Multiobjective Analysis

Because the results obtained by Method 1 are equivalent to those obtained by Method 4,

and Method 6 has a closed-form solution, multiobjective optimization was performed

using only four of the six methods described above. The four methods used are 1, 2, 3,

and 5.

Figure 3.2 depicts the non-normalized Pareto frontiers derived by the CNN and verified

with MODFLOW for risk versus supply, where annual risk is reported in meters (m) and

annual supply in cubic meters (m3). As the frontier shows, risk of well contamination

increases as supply increases because larger groundwater withdrawals dictate higher

pumping rates, further extending the hydraulic influence into the contamination zone.

The ideal points (f1 * , f2 *) obtained by the CNN and MODFLOW are
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(5,966,878 m 3 , -5.5 m) and (5,966,878 m3 , -5.2 m), respectively. Verification via

MODFLOW simulation of the non-dominated pumping policies reveals that overall, the

CNN slightly under-predicted annual risk.

A comparison between the normalized Pareto-frontiers is shown in Figure 3.3. Because

of the minor differences in computed risk values, the multiobjective analysis was

performed on both Pareto-frontiers to evaluate the sensitivity of the solutions.

In accordance with rewriting the constraint (fi,f2) E H, the following ten linear constraints

representing the ten piecewise linear segments were obtained for the CNN derived Pareto

frontier:

Z2+ .327Z 1 	1.000
	

(3.9)

Z2 + .238Z 1 �.. 0.998

Z2 + .242Z 1 	0.998

Z2+ .261Z1	 1.000

Z2 + .281Zi	 1.006

Z2 + .917Zi	 1.217

Z2+ 1.021Z1	 1.278

Z2 + 1.722Z i 	1.746

Z2 + 1.822Z i _� 1.823

Z2 + 1.865Z i 	1.865
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Slightly different constraints were obtained for the MODFLOW verified Pareto-frontier,

with slightly different coefficients.

In this hypothetical groundwater management case, modeled after a real-world problem

in Toms River, New Jersey, it was decided that the minimum acceptable weight for risk

is 0.5. That is, minimizing risk is at least as important as maximizing the supply.

Tables 3.1 through 3.8 display the results of the multiobjective analysis for the four

methods using the two Pareto frontiers. Generally, for the different weight sets and

methods, the trade-off policies identified from the CNN derived Pareto-frontier usually

results in a smaller supply than the MODFLOW verified frontier. This is not always the

case, however, as demonstrated by min li norm for supply weights ranging from 0.25 to

0.425. Overall, the results generated from the two frontiers compare favorably.

Unlike the min li and max 12 norms, the min 12 and min L norms both generate

incremental trade-off solutions between risk and supply with changing weights. Figures

3.4(a-b) and 3.5(a-b) compare the supply and risk values derived from the CNN and

MODFLOW Pareto-frontiers using the min 12 and min lo, norms, respectively, as a

function of relative weights. Figure 3.6 compares the supply results obtained with these

two norms. From a supply weight value of 0.15, the two distance-based methods

produced similar policies. Below 0.15, the min 12 norm produced policies with higher
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pumping rates. Accordingly, it placed greater emphasis on supply than risk as compared

to the min 1. norm.

With the exception of the max 12 norm for the CNN derived frontier, the multiobjective

methodologies, regardless of frontier, produced pumping policies that excluded use of

well P2. This pumping well, located closest to the contamination zone, is most vulnerable

to contamination. In addition, because of its close proximity to the hypothetical

boundary, it has the greatest potential for increasing risk as quantified by the three risk

pairs. Keeping well P2 turned off is consistent with the decision to weight risk at least

equal to supply.

By comparison, if wells P i and P3 pump at their maximum rates each month, the annual

risk is close to 0 meters. As such, the head differences on average at the three risk pairs

over the 12 months are close to 0 m. At this value, the two wells are around the upper

limit of withdrawing groundwater without reversing the hydraulic gradient and

potentially drawing in pollution. Numerical simulation of this pumping regime shows

that of the 36 risk events, each corresponding to a single risk pair for a single month, 12

exhibit risk, all occurring at risk pair 1. Although the overall annual risk is slightly

positive (0.15 meters), it is small relative to the extreme possible risk of 9.8 meters.

Thus, a relatively equal trade-off between supply and risk is achieved when both

objectives are weighted equally.
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3.4 Group Decision Making

As an exercise modeled after the real world Toms River problem, relative weight

preferences were assigned to three stakeholders, namely the community, a private water

company, and the chemical manufacturer whose waste contaminated the groundwater.

Ideally, the weight preferences of the stakeholders would be determined through an

interview process. The weights used here were selected by a group of experts being

familiar with the problem under consideration, and as such, do not necessarily reflect the

views of the actual stakeholders. However, in order to justify the weight selection, a

short description of the management problem is necessary.

A licensed waste hauler illegally dumped the manufacturer's chemical waste, without

their knowledge, on a local farm, contaminating the groundwater system. Although the

farm later became a Federal Superfund site, pollution reached some of the water

company's public supply wells. The existing non-contaminated supply wells remain at

risk, and may become polluted if pumped at relatively high rates.

Water withdrawn from the supply wells is stored in several large holding tanks, where

mixing of contaminated with non-contaminated water occurs. Although the drinking

water is treated before distribution, the treatment process does not remove certain

residual contaminants currently not regulated by the Safe Drinking Water Act. A cancer
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cluster in the Town and its possible connection to drinking water is currently under

investigation by State health officials.

Because of health concerns, the community does not want the water company to store

and distribute water withdrawn from the contaminated wells, except under extreme

demand (drought) conditions. In addition, they want the company to carefully control

pumping of the non-contaminated wells to minimize their risk of contamination. Faced

with increasing demands from development, the water company maintains that because

the residual contaminants are not regulated, the treated water should be presumed safe

unless proven otherwise. Caught between the interests of the water company and the

community is the chemical manufacturer. While sensitive to public perception and

potential litigation, it also recognizes that the community has no alternatives for new

water sources without significant capital investments.

In this analysis, power factors were also assigned to the three stakeholders. Ideally, these

would be determined by a decision-making entity, such as the State environmental

agency that is overseeing the water management problem. As with the weight selections,

the power factors were determined without formal input from the agency. The weight

preferences and power factors are listed in Table 3.9, and were assigned by same group

of experts who presented the weight of the shareholders. In accordance with equation

(16), the weights computed for supply and risk are 0.4 and 0.6, respectively, as shown

below:
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WI =	 ak wi (k) = 0.60(0.20) + 0.30(0.80) + 0.10(0.40) = 0.40
k=1

w2 =Œ w2 (k) = 0.60(0.80) + 0.30(0.20) + 0.10(0.60) = 0.60.
k=1

In this example, the objective of minimizing risk is given the higher priority. Using

these computed weights, all distance-based methods result in a total annual negative risk,

meaning that on average, the risk quantified at the three risk pairs is non-existent, with

some margin of safety. Simulating the largest total supply, obtained from the min 12 norm

for the MODFLOW frontier, verifies that the smallest head differential obtained at any of

the risk pairs is 0.0 feet. A 0.0 head difference indicates that the hydraulic gradient in

this region is flat, and that the contaminant plume is neither moving away or towards the

wells. At this threshold, water managers may consider the wells at risk because of the

uncertainty and the lack of safety margin. Nevertheless, even assuming the worst case

scenario for the weighted preferences, the risk of contaminating any of the wells is

marginal. The higher preference given to risk resulted in a solution consistent with the

final weight selection.

3.5 Conclusions

A multiobjective groundwater management problem, modeled after a real world situation,

was solved using a combination of a large-scale complicated finite difference
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groundwater flow model and a CNN with several distance-based methods. Using the

Pareto frontier derived with a CNN, and verified with MODFLOW, the solutions were

obtained with different weight preferences. Because three different stakeholders are

involved in the management problem, each with a different interest in the outcome, the

problem is a group-decision-making problem. The final weights used in the

multiobjective problem were obtained using a power ranking system, indicating the

relative powers of the interest groups.

In the multiobjective analysis, six distance based models were considered. The 1 1 , 12 , and

1. norms were used in minimizing distances from the ideal point as well as maximizing

distances from the nadir. Because two methods are equivalent and another has a closed

form solution, only four methods were actually applied. The numerical results were

obtained and compared to a variety of weights when it was assumed that health risk is at

least as important as water supply. The results agree with intuition, with larger supply

weights resulting in larger annual groundwater withdrawals. In addition, the wells were

selected to pump in a manner that minimized annual risk to the greatest extent possible,

with the well least vulnerable to contamination pumping first, and the well most

vulnerable to contamination rarely pumping at all.

The results of all cases for two different physical models were compared. One was the

large-scale finite difference flow model solving the governing partial differential equation

for the groundwater system; the other was a simple CNN that was trained with simulation
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data obtained from the finite difference model. The use of the CNN is much more

efficient computationally, and as the results indicate, provides a high degree of accuracy.

Finally, it is advised that the results for several alternative multiobjective methods are

obtained, compared, and in cases of discrepancies, presented to the decision-makers for

adjusting their preferences. The resulting iterative process will lead to a satisfactory final

compromise solution.
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CHAPTER 4

4. CONFLICT RESOLUTION ANALYSIS OF HYPOTHETICAL
GROUNDWATER MANAGEMENT PROBLEM

4.1 Introduction to Conflict Resolution Analysis

Based on the pioneering work of Nash (1950), increasing attention has been given to the

development of conflict resolution concepts and methods. The axiomatic approach of

Nash requires the solution to satisfy certain conditions, which are called axioms. These

conditions represent the fairness of the solution from several different points of view.

Nash proved the existence of a unique solution satisfying the axioms. Many authors

modified and extended the original axiom set of Nash, introducing alternative solution

concepts. For example, non-symmetric Nash solutions were introduced by Harsanyi

and Selten (1972), which allows us to consider the bargaining of parties with different

powers. An important modification was introduced by Kalai and Smorodinsky (1975) in

which the axiom of the independence of irrelevant alternatives is replaced by individual

monotonicity. The area monotonic solution of Anbarci (1993) is based on the axiom of

area monotonicity, and the equal-less solution of Chun (1988) requires that at the

solution, both parties axe at equal distance from their best choices. Several solution

concepts are based on the construction of fictitious bargaining process. For example, the

Nash-solution is proved to be the outcome of such a special bargaining. The alternating

offer solution of Rubinstein (1982) is based on a sequential bargaining process involving

constant break-down probabilities in case of offer rejections. This process has been
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modified by Szidarovszky (1999), in which break down probabilities depend on the

goodness of the offers presented. A one-step solution is also suggested that maximizes

the expected payoff of both parties simultaneously.

In resolving the conflict between water supply and health risk, a two-person conflict

(bargaining) is analyzed, where water supply is the payoff of the first player and risk is

the payoff of the second player.

4.2 Conflict Resolution Methodology

In the conflict resolution literature, it is usually assumed that both objectives are

maximized The normalizing equations transform both objectives into the unit interval

[0,1], where unit value corresponds to the best and zero value to the worst options.

A two-person conflict is mathematically defined by a pair (S, d), where S c R2 is the

feasible payoff set and d e R2 is the disagreement payoff vector. If the players are

unable to reach an agreement, then the components of vector d give the payoff values. It

is usually assumed that S is closed, convex, and comprehensive (that is, f E S and

f f imply f E S). Since no rational player accepts an agreement being worse than_

the outcome without an agreement, we restrict the feasible payoff set to

S+--{fifeS,f ^ 	 (4.1)
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Figure 4.1 shows this situation. For k = 1, 2, define

fk* = max { fk 1 (f1,f2) e S+ } .	 (4.2)

For the sake of mathematical simplicity, define function g: [di, f1*] ---> [d2, f2 * ] such that

S+ = { f 1 di � fi 5_ fi * , d2 < f2 � g(fi)}	 (4.3)

and assume that g is strictly decreasing and concave. Notice that the Pareto frontier is

given by the graph of function g above interval [di,fi * ].

The Nash-solution selects the unique point of the Pareto frontier which maximizes the

product of the gains from the disagreement payoff values. That is, the Nash solution is

the unique optimal solution of the following optimization problem:

Maximize (fi -d 1 )(f2-d2)

Subject to di � fi � fi *
	

(4.4)

f2 = g(fi).

Notice that at fi = di, and also at fi = fi * , the objective function is zero, and it is positive

for all fi e (d1, fi *); therefore, the optimum is interior. The second constraint allows us to

solve a single-dimensional problem:

Maximize (fi - di)(a) - d2)	 (4.5)

Subject to di � fi _�_ fi s

where a simple one-dimensional search algorithm can be used.
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The non-symmetric Nash solution is the unique optimal solution of the problem

Maximize (fi-d 1 )w i(f2-d2)W2
	 (4.6)

subject to di �. fi � fi *

f2 = g(fi),

where w i and w2 are the powers of the two players.

This is the non-symmetric generalization of problem (4.4). It is also equivalent to the

single dimensional optimization problem:

Maximize (fi - di)w i(g(f1)-d2r2
	 (4.7)

Subject to di � fi � fi * ,

which can be easily solved by any search algorithm.

The Kalai-Smorodinsky solution can be graphically represented as follows. Consider the

linear segment between the disagreement point (d1,d2) and the "ideal" point (f1 * ,f2*); then

the solution is the unique intercept of this segment with the Pareto frontier. Hence, we

have to compute the unique solution of equation

d2 + {(f2*- d2)/(f1 *- di)}(fi - di) — g(fi) = 0	 (4.8)

in interval [di ,fi * ] .
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If both objectives are normalized, as dl = d2 = 0, and fl * = f2 * = 1, then along the linear

segment connecting the disagreement and ideal points, the two objectives increase at the

same rate. If the objectives have different importance weights, then the more important

objective has to be improved more rapidly. This idea leads to the generalized Kalai-

Smorodinsky solution that computes the unique intercept between the Pareto frontier and

the straight line

f2 = (W2/W1)fl.
	 (4.9)

If the objectives are not normalized, then this equation has to be modified as follows:

f2 — d2 = (w241)(fi — di).
	 (4.10)

The area monotonic solution is the point A (shown in Figure 4.1) such that the linear

segment between d and A divides S+ into two subsets of equal area. If the conflict is not

symmetric, that is, w 1 # w2, then we might define the generalized area monotonic

solution such that the ratio of the area of the two subsets is w1/w2. Hence the first

coordinate of the solution is the root of the following nonlinear equation:

fl*

w2 [ fg(t)dt - V2(x — di)(g(x) + d2)] = w 1 [ fg(t)dt - ( - x)d2 + i/2(x - d i)(g(x) - d2)]. (4.11)
dl

The equal loss solution was also originally developed for the symmetric case, when both

of the payoffs are relaxed simultaneously with equal speed until an agreement is reached.

If wi # w2, then we may generalize this concept by assuming that the more important

payoff is relaxed slower than the other by requiring that the ratio of the speeds of the
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relaxation to be equal to w2/w1. Therefore we determine a point (x, g(x)) on the Pareto

frontier such that

	(fi*- x)wi = (f2*-g(x))w2
	 (4.12)

which is also a nonlinear equation for the single unknown x.

The one shot solution maximizing both expected profits may also be obtained by solving

a nonlinear equation. The idea behind the method can be summarized as follows. Let

(x1 ° ,x2°) and (zi °,z2°) denote the initial offers of the players such that di	 zi ° < xi ° <

and d2 < 3c2o < z2o < f2*. If the first player offers a solution (x, g(x)), then it will be

accepted with probability

P2(x) = {[g(x) - x2 °]/{ z20- x21 } W2
	 (4.13)

where w2 is the power of the second player, so the expected payoff of player one is

Ei (x) = xP2(x) + d i ( 1 -P2(x)). (4.14)

Similarly, if player 2 gives an offer (x,g(x)), then it will be accepted by player 1 with

probability

Pi(x) = [(x. zi o)I( x1 0-	 ).]
	 (4.15)

where wi is the power of player 1, so the expected payoff of player 2 is given as

E2(x) = g(x)P i(x) + d2(1-Pi(x)). (4.16)

Let a = w2/w1 be the relative power of player 2 above player 1. The one-shot solution is

the point (x,g(x)) of the Pareto frontier which maximizes simultaneously the expected

payoff of both players with some power indices wi and w2 such that w2/w1 = a. It can be
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proved that the solution exists and is unique and can be obtained by solving the nonlinear

equation

[g(x) - x21/[(x -di)g'(x)] - a [(x-zi)/(g(x)-d2)]g r (x) = 0.	 (4.17)

Notice that all equations (13) — (17) and (22) are single variable and monotonic.

Therefore they can easily be solved by standard methods. For a summary of the relevant

methods, see for example, Szidarovszky and Yakowitz (1978).

In the actual computations, the Nash and the one shot solution were not used for the

following reasons. If wi = w2, then the non-symmetric Nash solution coincides with the

original Nash concept, and as it has been shown in Szidarovszky (1999), the one shot

solution is equivalent to the non-symmetric Nash solution if, at the initial offers, each

player offers the disagreement payoff value to the other. Therefore, in this case study,

only the four methods specified below were applied:

Method 1: Non-symmetric Nash solution	 (4.6)

Method 2: Non-symmetric Kalai-Smorodinsky solution	 (4.10)

Method 3: Non-symmetric area monotonic solution	 (4.11)

Method 4: Non-symmetric equal loss solution.	 (4.12)
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There are much more solution concepts and methods presented in the literature. Only

the above six methods were discussed in some detail, since they were actually applied or

are equivalent to an applied method in our case study. A comprehensive summary of the

alternative concepts and methods is given in Roth (1979).

4.3 Results of Conflict Resolution Analysis

Figure 4.2 compares the non-normalized Pareto frontiers derived from the CNN and

MODFLOW. As shown and discussed earlier in Chapter 3, overall, the two frontiers are

very similar, with the CNN slightly under-predicting annual risk. Because of the

similarity of the two frontiers, the conflict resolution results derived from the two are in

close agreement. Figures 4.3 through 4.6 compare the resulting pumping policies for

Methods 1 through 4, respectively, when applied to the two frontiers. Interestingly,

despite the fact that the CNN-derived frontier slightly under-predicted annual risks, it

produced slightly lower annual groundwater withdrawals.

The results of the four conflict resolution methodologies applied to both Pareto frontiers

are summarized in Tables 4.1 through 4.8. As expected, in all eight cases, a supply

weight of 0.0 results in a total annual groundwater withdrawal of 0 cubic meters. Under

this scenario, the absence of well pumping obviously minimizes the potential risk of well

contamination, but no water is provided to the community. At the other extreme, when

the maximum allowable supply weight of 0.5 is used, the total annual groundwater

withdrawals for all eight cases ranges from approximately 3,600,000 to 3,980,000 cubic
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meters. At these values, P3 is pumping at its maximum rate each month and P 1 is at or

slightly below its maximum monthly pumping rate. As in all other weight assignments,

for a supply weight of 0.5, well P2 remains turned off.

The resulting pumping policies are consistent with the physical dynamics of the system.

Well P3, located side-gradient of the boundary, induces the least amount of risk when

pumped. Conversely, Well P2, located immediately upgradient of the contaminant

plume, is not only most vulnerable to contamination, but also has the greatest effect on

increasing risk as quantified by the head differentials measured along the designated

boundary.

When supply is weighted equal to risk, the estimated annual risk computed from the

frontiers ranges from —0.5 to 0.2 meters. Under these conditions, the head values on both

sides of the boundary over the 12-month planning horizon are essentially equal,

producing a flat hydraulic gradient. As such, the contaminant plume is neither moving

away or towards the wells. It is at this threshold that a very delicate equal balance

between supply and risk has been achieved. A small increase in pumping would reverse

the overall hydraulic gradient along the boundary, drawing pollution towards the wells.

Numerical simulation of the highest pumping rates obtained for this supply weight

(MODFLOW-derived Pareto frontier, Method 1) supports this. Although there was a

very small computed annual risk (0.15 m), it is insignificant relative to the highest
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possible risk (9.8 m), and for most of the 36 risk events, the hydraulic gradient is safely

inclined away from the wells in the direction of the contamination.

Figures 4.7 and 4.8 depict the total groundwater withdrawals obtained by applying the

four conflict resolution methodologies to the CNN and MODFLOW derived Pareto

frontiers, respectively. Up to a supply weight of 0.35, Method 2 produced the lowest

groundwater withdrawals, after which Method 3 produced the lowest annual withdrawals.

At the lower supply weights ranging from 0.0 to 0.1, Method 1 produced the highest

annual withdrawals. Above this supply weight, Method 4 generally produced the highest

annual withdrawals, except for the MODFLOW derived Pareto frontier, where Method 1

produced the largest annual supply for supply weights over the interval 0.4 to 0.5.

When applied to both frontiers, the operating pumping policies produced by Methods 2

and 3 are straightforward; annual supply increases linearly as a function of increases in

the supply weight. The policies derived from Methods 1 and 4 are more complicated.

Method 1 when applied to the CNN-derived frontier produced a very high rate of increase

in supply at the lower supply weight values, up to 0.1. As if to compensate for the

relatively high annual risks associated with these high supplies, it is not increased again

until the supply weight more than doubles, at which point supply increases fairly

uniformly at a rate slightly less than the initial. Method 1 applied to the MODFLOW-

derived frontier produced similar results, except at the higher supply weights, where the

rate of increase in supply suddenly increases around 0.40 weight, and then flattens



82

asymptotically at weight 0.45. Method 4 when applied to both frontiers also produced a

relatively high increase in supply at the lower supply weight values, though not as much

as Method 1. There is a sharp inflection around 0.125, where the rate of increase in

annual supply significantly decreases non-linearly with respect to supply weight along a

parabolic trajectory.

In this real-world example, there is a perception among the general public that the

government and other non-public entities initially underestimated the risk posed by the

contamination, which allowed it to reach drinking water wells. In addition, although an

environmental link between the cancer cluster and the drinking water contamination has

not been established, and, based upon similar cases, may never be establish, the suspicion

has generated widespread public and political support for the community. Consequently,

the bargaining power of the community seems to be stronger than that of the Water

Company. This is consistent with the earlier evaluation presented in the previous

chapter, where experts familiar with the problem assigned relative weights of 0.6 and 0.4

to the risk and supply objectives, respectively. Thus, minimization of risk is given higher

priority than minimization of supply deficit.

Under this bargaining scenario, all four methods produced pumping policies that provide

a margin of safety for the water supply. Estimated annual risk ranges from —2.0 to

—0.9 m, which means that overall, the pumping wells are located hydraulically upgradient

of the contaminant plume. Well P3 pumps at its maximum allowable rate, while P1
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withdraws from approximately half to two-thirds its maximum. As always, well P2

remains shut-off. Numerical simulation of the model verified these results, with an

annual computed risk of —1.1 m for the worse (highest pumping) possible risk case. In 28

of 36 of the risk events, the risk was a negative value, and the remaining 8 events had

computed risk of 0.0 m. Thus, in no single case was the hydraulic gradient reversed

towards the supply wells.

There are discrepancies between the numerical results obtained by the different methods,

which is understandable since different methods are based on different notions of fairness

and compromise. If the negotiating parties cannot agree on one particular method or

negotiating process, then the simultaneous application of several methods is the best

strategy. Presenting the results of different methods with the basic principles of the

methods helps the negotiators reach a satisfactory compromise.

4.4 Conclusions

Several conflict resolution methods were applied to a two-person conflict between a

community and a water supply company. The payoffs of the players were health risk and

quantity of supplied water. Four particular conflict resolution methods were applied: non-

symmetric Nash solution, the Kalai-Smorodinsky solution, the area monotonic solution,

and the equal sacrifice solution. Since only the first method allows assignment of
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different powers to the players, the other three methods were extended for the non-

symmetric case.

The results were analyzed and compared for a hypothetical aquifer but a real-world

management problem. The pumping policies obtained agree with the physical dynamics

of the modeled groundwater supply system. At lower supply weight values, annual

groundwater withdrawals are low, and occur at the well that induces the least amount of

risk. As the supply weight is increased, groundwater withdrawals generally increase and

a second well is turned on. Because supply never outweighs risk, the third well, located

closest to the pollution, and hence, most vulnerable to contamination, is never turned on.

The methodology of this chapter can be applied in all cases when two objectives are

conflicting and they can be associated with persons, companies, or even certain segments

of society.



85

CHAP 1ER 5

5. COMPLETE ANALYSIS OF REAL-WORLD TEST CASE IN
TOMS RIVER, NEW JERSEY

5.1 Contamination of the Drinking Water Supply

Although brief historical narratives regarding the Parkway wellfield contamination case

are given in previous chapters, a more detailed one is provided here. This is not only to

provide the reader with a more complete narrative, but to further motivate the analysis

that follows, and demonstrate that this case is unfortunately all too representative of many

other public supply wellfields.

The Toms River study area is shown in Figure 5.1. In 1971, a chemical manufacturer

located in Toms River hired a waste hauler to dispose of their chemical waste. Without

their knowledge, the hauler illegally dumped approximately 4,300 fifty-five gallon drums

of waste at a former chicken farm. When the manufacturer discovered the illegal

dumping, they immediately removed the drums. However, much of the waste had

already seeped into the subsurface, contaminating the underlying unconfined aquifer.

The site later became a Federal Superfund site. Although millions of dollars were spent

excavating and incinerating contaminated soil, the groundwater contamination was

neither controlled nor remediated. The plume migrated away from the farm towards the

eventual site of the Parkway Wellfield, located approximately one-mile hydraulically

downgradient of the Super-fund site.
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In May of 1986, wells were sampled for the first time for volatile organic compounds.

The compound trichloroethylene, classified as a probable human carcinogen, was

detected slightly above the drinking water standard in wells W26 and W28. These

elevated concentrations were confirmed in subsequent water quality analyses performed

in June 1986 and November 1987. In 1988, treatment of the contaminated water was

implemented with air strippers at the contaminated wellheads. In 1995, the

Environmental Protection Agency began investigating a suspected cancer-cluster in the

Town, and found that from 1979 through 1991, the incidence of certain types of cancer

among children under five years was more than seven times above the national average.

In addition, more detailed water quality analyses revealed the presence of a large number

of non-target compounds at relatively high concentrations in the treated drinking water.

One of the compounds tentatively identified was styrene-acrylontrile (SAN) trimer, a by-

product of Union Carbide's former plastic-manufacturing process. Preliminary

toxicological results classified it as "potentially carcinogenic."

Because sampling of the wellfield for trichloroethylene was not implemented until 1986,

it is not known at what time pollutants actually reached the wells. Based upon travel

times computed by numerical simulations, it is possible that groundwater contamination

reached the wellfield around the time at which cancer rates in the Town increased. In

addition, because the treatment process (air stripping) does not remove many of the

compounds, including the SAN trimer, residents in the community were exposed to
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contaminated drinking water for a number of years. The contaminated drinking water

and its possible connection to the cancer cluster is currently under investigation by the

New Jersey Department of Health.

Toms River is a coastal shore resort community and experiences a large influx of

vacationers during the summer months. This in combination with a growing population

and increasing development has imposed greater water supply demands. Large

groundwater withdrawals in the lower confined aquifer have induced salt-water intrusion,

and additional pumping of this aquifer is prohibited. The private Water Company

estimates that installation and development of a new unconfined supply well and its

conveyance system would cost approximately $1,000,000. Because numerous sources of

groundwater contamination (e.g. municipal landfill, gasoline stations, etc.) exist in the

Town, there is widespread contamination of the unconfined aquifer, and the Water

Company is reluctant to invest in a new well that may also become contaminated.

Accordingly, they would like to utilize the existing wells to the extent practicable.

Figure 5.2 depicts the location of the Parkway Wellfield and the approximate boundary of

the contaminant plume. The two originally contaminated municipal wells, W26 and

W28, are located within the plume, and are being used to control and remove the

groundwater contamination. Under ordinary circumstances, water removed by these

wells is treated and discharged into basins located south of the wellfield. An additional
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recovery well, designated W26B, was recently installed between wells W26 and W28 to

augment recovery.

The remaining public municipal wells in the Parkway Wellfield, W22, W24, W29, and

W44, are located outside of the existing plume boundary but remain at risk, and may

become contaminated if pumped at relatively high rates.

Water withdrawn from the supply wells is stored in several large holding tanks. During

high demand periods, treated water from the contaminated wells, which still contains the

residual non-regulated contaminants, is also used for supply, and is mixed with the non-

contaminated water prior to distribution. Because of the suspected cancer link, the

community does not want the Water Company to store and distribute water withdrawn

from the contaminated wells. In addition, they want the company to carefully control

pumping of non-contaminated wells to minimize their risk of contamination. Faced with

increasing demand, the Water Company maintains that because the residual contaminants

are not regulated, the treated water should be presumed safe until proven otherwise.

Caught between the interests of the water company and the community is the chemical

manufacturer. While sensitive to public perception and potential litigation, it also

recognizes the community has no alternatives for new water sources without significant

capital investment.
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5.2 Groundwater System and Model

The Toms River basin, an area of temperate climate encompassing 319 square kilometers,

is located within the Atlantic Coastal Plain of New Jersey. The basin overlies the

unconfined Kirkwood-Cohansey aquifer system, a major source of water supply. The

unconfined aquifer consists predominantly of coarse sand, intermixed with gravel and

finer sediments, and is underlain by a thick low-permeability clay layer, which is

considered a regionally confining layer. The strata dip gently seaward.

In the study area, the average distance from ground surface to the water table is about 6

m. The saturated thickness of the unconfined aquifer is approximately 26 m, and

groundwater in the unconfined aquifer flows in a general southerly direction, and, in the

vicinity of the wellfield, assumes a more south southwesterly direction. Analyses of

aquifer pumping tests in the area have produced estimated mean hydraulic conductivity

and specific yield values of approximately 38 m/day and 0.25, respectively. Mean annual

recharge into the aquifer, estimated from base-flow separation methods and numerical

model calibrations, averages approximately 0.50 m per year.

The river after which the community is named is located west of the wellfield and flows

in a south-southeasterly direction until it discharges into Barnegat Bay. The Toms River

is fed primarily by groundwater and has a mean monthly flow of approximately 431,000

cubic meters. The United States Geological Survey (USGS) estimates that approximately
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85 percent of its total annual streamflow is groundwater discharge (base flow), and

during dry periods, base flow accounts for 100 percent of the streamflow.

The unconfined aquifer was modeled using MODFLOW, the USGS finite-difference

groundwater flow code. The model domain, depicted in Figure 5.3, measures

approximately 4.3 by 6.2 kilometers, and consists of five layers, each discretized by 134

rows and 117 columns. The sizes of the nodes are variable, with the interior nodes

around the wellfield measuring roughly 10 by 10 m.

The aquifer system was modeled as a homogenous, isotropic unconfined system, with

constant head boundary located along the perimeter of the grid, and the bottom-confining

layer represented by a no-flow boundary. Various modules in MODFLOW were used to

account for areal recharge due to precipitation, the effects of river reaches, drains,

pumping of the supply wells, and recharge of the treated contaminated water. The stress

periods of the model were discretized into monthly intervals.

The multiple layers were used to more realistically depict changes in the topographic and

water table surfaces, as well as better define the differing screened horizons of the

pumping wells, which average about 6 m in length. The natural southeasterly dip of the

underlying confining layer was also incorporated into the grid design. Figure 5.4 depicts

two representative cross-sections of the model.
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The groundwater model was calibrated to transient conditions for a 17-month period

spanning May 1997 to September 1998. For a six-month period prior to this, the

wellfield was temporarily shutdown and water levels in the aquifer recovered. The wells

were then turned back on, and pumping rates and water levels were carefully monitored

over the 17-month period. Mean monthly recharge values over this period and used in

the numerical model calibration were estimated using a fuzzy rule-based recharge model

developed for the basin. A detailed description of the model and its development is given

in Appendix C.

The eight wells shown in Figure 5.2 were used in the simulation. Municipal supply well

W20, located just south and due west of the approximate downgradient plume boundary,

is not part of the wellfield, and does not presently appear to be at risk to the contaminant

plume. However, because of its close proximity to the study area, and its potential

influence on the flow field, it was included in the model.

5.3 Groundwater Management Problem

In this groundwater management problem, the three wells located within the contaminant

plume were constrained to pump at a cumulative rate of 4.54 m3/min. In addition, the

pumping rate of Well 20, located peripherally to the plume, was constrained to pump at a

constant rate of 1.51 m3/min. The conflicting objectives were to maximize the pumping
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rates of the four other Parkway wells while minimizing their risk of contamination over

an annual planning horizon that was discretized into monthly stress periods.

A number of "control" nodes, shown in Figure 5.5, were selected on both sides of the

plume boundary to monitor the heads, and, by pairing nodes, assess whether the recovery

wells were potentially capturing the plume under different pumping policies. Because the

pumping wells are screened in either layer 4 or 5, vertical flow effects can be significant.

As a result, the heads in both layers 4 and 5 were monitored at each of the "control"

nodes to quantify risk as a function of horizontal gradients within layers. Neighboring

nodes were paired into the risk pairs illustrated in Figure 5.6.

As in the hypothetical case, risk was measured as the annual sum of the head differences

between the desired downgradient and upgradient nodes at the 24 risk pairs. Positive

values indicate some risk since "upgradient" nodes would overall have a lower

groundwater elevation than the "downgradient" nodes, indicating capture of the plume by

the recovery wells. For example, risk pairs R1,4,1 and R1 , 5, measure the head differences

between control node locations 5 and 6 in layers 4 and 5, respectively, during month i.

The subscript 1 simply denotes this as the first risk pair. Risk at this pair is explicitly

expressed as:

R1,4,1 = h5,4,1 h6,4,1
	 (5.1)

R1,5,1 = h5,5,1	 h6,5,1
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where the first subscript in h indicates control node location, the second subscript denotes

the layer, and the third subscript the month. The twenty-four risk pairs are listed in Table

5.1. Supply was defined as the actual amount of groundwater pumped out by the four

non-contaminated Parkway wells over the 12-month period.

It should be noted that under non-pumping conditions, many of the risk pairs show

negative risk, or the absence of it. This is simply a function of the natural hydraulic

gradient and the location of the risk nodes relative to each other. However, once the

supply wells are turned on, without pumping by the recovery wells, a reversal in the

natural gradient can occur, putting the supply wells at risk. The purpose of the risk pairs

was to provide some measure of risk due to pumping. Because of spacing between the

nodes, negative risk values do not ensure the plume capture by the recovery wells, since

in between the selected nodes, there is a possibility of positive risk. The reader should

not confuse risk quantification in this analysis with a constrained optimization problem,

where the hydraulic gradients along a specified boundary are constrained to meet some

minimum threshold.

Also, the locations of the nodes were selected to monitor portions of the plume boundary

closest to the non-contaminated supply wells. A higher number of control nodes would

obviously result in a more refined quantification of gradients along the boundary and the

associated risk at the expense of a larger CNN. The consequence of incorporating more

control nodes into the CNN would not be significant in terms of time required for
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development and computational time; however, it was felt the existing network provided

the necessary resolution required for an informed decision-making process.

As done previously, supply and risk were normalized in such a way that unit value

corresponds to the best and zero value to the worst possibility in the normalized

objectives. The Pareto frontier was again determined by using the weighting method

with varying weights. Accordingly, the following multiobjective optimization problem

was solved:

Minimize [a * Risk Normed + (1 - a) * Supply Normed]	 (5.2)

subject to

12	 12	 12

Risk = E (E Ri,4 5j ±	 Ri35,j)
j=1	 i=1	 i=1

Supply =	 (W22; + W24; + W29; + W441)

(5.3)

(5.4)

and again the following linear normalizing equations were used:

Risk Normed = (MaxRisk - Risk)/(MaxRisk - MinRisk), 	 (5.5)
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and

Supply Normed = (Supply - MinSupply)/(MaxSupply - MinSupply).	 (5.6)

There are 48 decision variables, corresponding to the 12 monthly pumping rates, in

m3/min, for each of the four non-contaminated supply wells in the Parkway WeHeld.

The values of these decision variables determine the values of the state variables, or final

monthly heads at the control nodes, which in turn determines the annual risk.

5.4 CNN Development and Validation

As for the hypothetical test case, the goal was to develop a CNN that accurately estimates

the temporal evolution of head at the risk pairs under variable pumping and recharge rates

for the Toms River model. In this case, the CNN utilized forty-two inputs, consisting of

initial groundwater elevations at thirty-two locations, monthly pumping rates of eight

wells, monthly areal recharge rate, and a single bias unit. The desired output is

groundwater elevations at the thirty-two locations. Twenty-eight of the locations pertain

to the risk nodes, and the remaining four locations were selected to increase the accuracy

of the CNN. The four locations are shown in Figure 5.7. As in the hypothetical test case,

it was found that placing four nodes outside of the high pumping areas, rather than within

it, actually reduces the training and validation errors by about 0.3 percent.
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From forty-nine years of monthly groundwater recharge values for the Toms River basin,

five yearly sequences of recharge data representing both the extreme and mean recharge

conditions were culled out. This data was combined with 12,000 randomly generated

monthly pumping patterns; each well withdrawing at a constant monthly rate, ranging

from 0 to the maximum pump capacity of the well, with each rate independent of what

the other wells pumped. The maximum pump capacity for all wells is 2.65 m3/min, with

the exception of Well 20, whose maximum capacity is 1.94 m3/min. Using monthly

stress periods, the groundwater model was simulated for 12,000 consecutive stress

periods, and the heads in layers four and five were saved at the end of each. Later, an

additional 120 stress periods were simulated for reasons described later, and this data was

merged with the earlier set. The combined data were split into two sets; the first was

used to train the monthly CNN's, and the second for validation.

Despite nonlinearities associated with unconfined flow and partially penetrating pumping

wells, accurate CNN results were obtained utilizing linear transfer functions. During

validation of the 12 monthly CNN's, the average root mean square error, or percent

difference between head values estimated by the CNN and actual MODFLOW values,

never exceeded 1.06%, and averaged 1.00%. It is important to note that while a training

size of 505 patterns resulted in a validation error of 1.01% for the January CNN, reducing

the training set to only 55 patterns resulted in a minimal increase in the validation error,

up to 1.35%. This has important implications for the theoretical possibility of training a

CNN with real-world data, where, in most cases, abundant data is the exception.
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Following individual validation, the functional forms of the monthly CNN's were

sequentially linked (in Fortran language) so the evolution of head over time could be

simulated.

As in the hypothetical case, to assess whether errors would accumulate over time, the

MODFLOW generated validation data was sequentially processed through the linked

CNN functions. That is, for each year, the initial heads in January and the pumping and

recharge rates for that month were processed through the January function to produce the

final head values at the 32 locations. These estimated final January head values were

entered into the February CNN as the initial head values, along with the pumping and

recharge rates during this month, to estimate final monthly heads for February. This was

repeated for the remaining ten months. The average head values estimated by the CNN

functions for all months at the 32 head locations were compared with the MODFLOW

generated values.

Groundwater elevations at the CNN locations over the various stress periods ranged from

approximately —3.0 to 12.0 m above mean sea level. The mean monthly head change at

the 32 CNN locations was 0.70 m, with a maximum observed change of 9.3 m. Of the

384 mean head values (32 locations x 12 months), 247 estimated by the CNN matched

exactly with the MODFLOW values, 136 differed by only 0.03 m, and the remaining one

differed by only 0.06 m. The mean absolute error for all the head values was 0.03 m.

Most impressively, although 192,000 head comparisons were made between the CNN



98

estimated and MODFLOW simulated values, the maximum measured discrepancy was

only 0.30m.

Figure 5.8 compares the mean monthly values estimated by the CNN with the

MODFLOW generated values at three representative nodes. Overall, the linked CNN

achieves a high degree of accuracy in simulating the evolution of head at the nodal

locations of interest over the one-year planning period. However, as shown in Figure

5.9, there was some degradation in linked CNN accuracy over time, as the mean absolute

error generally increases with each passing month.

It is mentioned previously that while each individual CNN was validated using 1,010 data

patterns, the linked CNN was validated using only 1,000 of the training patterns (years).

The ten missing years correspond to extreme groundwater conditions that were later

simulated with MODFLOW and incorporated into the monthly CNN validation files.

During individual network validation, the minimum and maximum values observed for

each input and output variable are selected by the CNN as scaling constants in the

architecture. It is essential that these minimum and maximum values represent the full

range of possible system behavior, because during optimization, they are treated as

constraints, and as such, cannot be violated, binding the solution. The data corresponding

to these extreme simulation conditions were culled in a non-continuous fashion for

incorporation into the monthly validation data sets. Thus, these particular training
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patterns could not be introduced into the linked CNN as continuous annual time-series

during the validation process.

5.5 Computation and Verification of the Pareto Frontier

Using initial head values obtained from MODFLOW and mean monthly recharge values,

the objective function (5.2) was maximized for different alpha values. As with the

hypothetical test case, because the linked CNN and the objective function and constraint

set are linear equations, linear optimization was used to determine the Pareto solutions.

The annual risk values estimated by the CNN were verified with MODFLOW simulation.

A comparison between the CNN-derived and MODFLOW-verified non-normalized

Pareto frontiers is shown in Figure 5.10. Overall, there is close agreement. The

minimum and maximum annual risk values estimated by the CNN are —255 and —62

meters, respectively, comparing favorably with the MODFLOW simulated minimum and

maximum annual risk values of —247 and —59 meters, respectively.

Figure 5.11 compares the head evolution at representative nodes under extreme pumping

policies of minimizing risk and maximizing supply, as well as an equal compromise

between. As the figure shows, the CNN tends to over-predict the head, but overall, it

accurately captures the time-evolution response of the head field under different pumping

conditions. This is exhibited in particular for the case a 1, where after an initial decline

in water levels, the water table recovers and then declines again. The maximum

discrepancy between the CNN estimated and MODFLOW simulated head values was
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0.51 m, which exceeds the maximum observed error during validation. This larger error

may be due to the extreme pumping conditions that occur during system optimization.

Figure 5.12 is a contour map depicting the initial January head field for layer 5 in the

vicinity of the wellfield prior to pumping. The MODFLOW simulated final head fields

for the three pumping policies corresponding to a cases 0, 0.5, and 1.0 were also

contoured for layers 4 and 5 in the vicinity of the wellfield, and are depicted in Figures

5.13 through 5.18.

Under non-pumping conditions, groundwater in the area of the wellfield is flowing south

southwesterly towards W20. When the wells are turned on, however, a cone of

depression forms around the wellfield. Under the policy of minimizing risk (a = 1), there

is a relatively steep cone of depression centered around the recovery wells, as indicated

by uniformly concentric contours. The non-contaminated wells all appear hydraulically

upgradient of the plume boundary, with flow radially converging to the recovery wells.

In contrast, when supply is maximized (a = 0), although a cone of depression forms, it's

origin is not crisply defined at the recovery wells. Also, the contour lines are not

uniformly concentric, but exhibit bending due to pumping influences outside of the

plume. In particular, in layer 5, Well 22 is encircled by the lowest concentric contour ( —

5.0 m), making this well vulnerable to contamination. When supply is weighted equal to

risk, the contour lines become more concentric, but W22, the closest non-contaminated

well that pumps, still appears vulnerable to contamination. Note that the primary
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differences in the contour maps between layers 4 and 5 is the pronounced drawdowns in

layer 4 around wells W24 and W44 and pronounced drawdowns in layers 5 around the

other Parkway wells under pumping conditions. This is a simple consequence of the fact

that wells W24 and W44 are screened in layer 4, and the remaining wells in layer 5.

However, overall the general pattern of the contours between layers 4 and 5 are similar

under the same pumping policies.

Well W44, the furthest removed wellfield member, actually appears more vulnerable to

contamination when supply is weighted equal to risk (a = 0.5), than when supply is

maximized (a = 0). This occurs because under both of these pumping policies, W44

pumps at its maximum monthly rate, exerting some influence on the contaminant plume.

However, when supply is weighted equal to risk, W29 is shut-off. The resulting cone of

depression around the majority of the wells is smaller than when supply is maximized,

during which W29 pumps at its maximum monthly rate. As a result, contamination

located west of the wellfield may escape capture by the larger cone of depression located

near the recovery wells and flow into the smaller, more localized cone of depression

induced by W44.

A comparison between the risk estimated by the CNN at the 12 risk pair locations in

both layers and the verified risk as simulated by MODFLOW are shown in Tables 5.2

through 5.13. Figures 5.19 and 5.20 compare risk estimated by the CNN and verified by

MODFLOW at two representative risk pairs. Both the risk tables and figures
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demonstrate that the CNN was able to accurately estimate risk under variable pumping

conditions. For the three tabulated cases, the overall presence or absence of risk at all

risk pairs (mean annual risk, nearest 0.1 m) as estimated by the CNN always agreed with

the MODFLOW results. For example, when supply is maximized (a = 0), the CNN is

accurately forecasted risk at risk pairs 6, 7, and 11 in both layers 4 and 5, and the absence

of risk at the remaining pairs. These results also show what the resolution of the contour

maps fail to; that at maximum supply, W29 is at risk to contamination.

For the three a cases, MODFLOW monthly-simulated risk at any single risk pair ranged

from —3.57 to 2.74 m. The absolute mean error between the CNN estimated risk and the

MODFLOW simulated risk was only 0.03 m, with a maximum observed difference of

0.15 m. In addition, the CNN accurately captures the large differences in horizontal

hydraulic gradients that occur between layers at certain risk pairs as a result of vertical

gradients induced by partial penetration of pumping wells. For example, the CNN

accurately estimated that risk at risk pair 7 is more than three times higher in layer 5 than

in layer 4. This is largely due to W29, which is in immediate proximity to risk pair 7 and

is screened only in layer 5.

It should be noted that risk values greater than or equal to 0.0 were always present at risk

pair 11 in both layers 4 and 5, suggesting some ambient risk to W44. This is probably a

function of the relatively large distance between these nodes, the natural hydraulic

gradient of the problem, and the orientation of the pumping wells relative to this risk pair.
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As shown by the contour maps, the risk tables demonstrate how pumping of the non-

contaminated wells can actually reduce risk at certain risk pairs. This effect is illustrated

in Figure 5.19 with risk pair 1. When supply is at its maximum (a = 0), the risk is

actually lower at this pair than when supply is weighted equal to risk (a = 0.5). This is

due to the pumping effects of W28. Under both scenarios, the well closest to risk pair 1,

W22, pumps at its maximum rate. Only under the first scenario, when a = 0, does W28

pump at all. Since this well is closer to the desired downgradient node than the

upgradient node in risk pair 1, it will induce greater drawdown at the desired

downgradient node, thereby decreasing risk at this pair. This behavior illustrates the

complex interactions that may occur between pumping wells and risk. Because the

supply wells are located asymmetrically to an irregular boundary, pumping of a well may

increase risk in some locations while decreasing it in others. However, total risk

increases as a function of supply.

The interaction between pumping wells is also supported by the risk pairs located closest

to W44. When a = 0.5, positive risk occurs only at risk pairs R10 and R11 in both layers

4 and 5, which are located in close proximity to W44. In contrast, at maximum supply (a

= 0), although there is more overall risk to the wellfield, and positive risk is measured at

more risk pairs (R6, R7, and R11 in layers 4 and 5), only R11 is in close proximity to

W44. This agrees with the previous interpretations of the contour maps, where it was

concluded that while shutting down W29 reduces overall risk to the wellfield, this also



104

produces a smaller cone of depression near the recovery wells. This smaller cone of

depression allows a larger portion of the contaminant plume to migrate southward,

making W44 more vulnerable to contamination along the central and western fringes of

the southern plume boundary.

Overall, the non-dominated pumping policies agree with physical intuition. Pumping the

four non-contaminated supply wells at their maximum rates maximizes risk, while

keeping them all turned off minimizes risk. The order in which the wells should be used

to minimize risk is W24, W44, W22, and lastly W29, which also make sense. Although

W24 is located closer to the plume than W44, it is also closer to the selected recovery

wells W26B and W28, so the influence of W24 on the plume is counteracted to a higher

degree by the recovery wells. In addition, W24 is hydraulically side-gradient of the

plume under non-pumping conditions, while W44 is downgradient. In effect, the wells

most vulnerable to contamination are selected to pump last.

It should be pointed out that the pumping policy results are biased by the selected

locations of the risk pairs. Since most of the risk pairs occur in the vicinity of the W22

and W29, pumping of either of these wells has a greater effect on the computed risk

values than W44, which is located near a smaller number of risk pairs. Although the

modeler's subjective location of the risk nodes biases the results, the selections reflect the

anticipated vulnerability of the supply wells. This is analogous to a real field situation,

when a limited number of monitoring wells are installed in locations that the decision-
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makers believe best monitor the potential movement of the plume, and its threat to supply

wells, in response to pumping.

Both historical water quality data and trial and error simulation by the NJGS support the

credibility of the CNN-derived pumping policy results. Of the "non-contaminated"

supply wells, only water quality samples collected from W29 have contained measurable

concentrations of TCE. One of these events coincided with a temporary shutdown of one

of the recovery wells, and the other occurred when W29 was pumped at a rate above the

limit recommended by NJGS. Just recently, water quality analysis of a monitoring well

located slightly north of W44 detected TCE, prompting the Water Company to

temporarily shutdown W44.

The Water Company and their consultant believe movement of the plume towards W44

is connected to the temporary shutdown of the wellfield. However, as demonstrated

above, the research results suggest W44 may be vulnerable even during active capture of

the plume. The historical contamination of W29 and the vulnerability of W22 as

demonstrated by trial and error simulations have prompted the NJGS to advise the Water

Company to pump both these wells at lower rates. This of course increases the potential

risk to W44, which demonstrates the complex trade-off in risk between wells.

A way to address this problem is to increase the pumping rates of the three recovery

wells located within the plume. The cumulative pumping constraint imposed on these
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three wells during this analysis slightly exceeds the actual cumulative volume withdrawn

historically by the Water Company. This suggests the risk to the non-contaminated wells

under the pumping policies considered in this analysis would be higher than predicted,

and supports the NJGS contention that the recovery wells should be pumped at a higher

cumulative rate, one that approaches the value used in this research.

Applying optimization to the weighted objective function (5.2) produces pumping

policies where the wells are either pumping at their maximum rates or are turned-off

during certain months. Simulation shows that by distributing pumping over time,

nominally lower annual risk is achieved than when pumping is concentrated over discrete

months. For example, when a = 0.67, W44 was selected to pump at its maximum rate for

6 months, and for the remaining 6 months it was shut-off, resulting in an annual

simulated risk of - 226.55 m. However, by equally distributing its pumping over the full

year, a simulated annual risk of - 226.80 m results. Thus, the CNN approximation, while

overall very accurate, was not able to differentiate between these minimal reductions in

risk by uniformly distributing pumping over time.

In reality, the Water Company wants to distribute its pumping equally over the course of

the year. Thus, although MODFLOW verification of the Pareto frontier was performed

using the optimal monthly pumping rates identified by LINGO, the resulting pumping

policies, in terms of annual withdrawals per well, will be equally distributed over the

annual planning horizon. Accordingly, the final selected optimal pumping policy was
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verified as such. It is worth noting that for the previously simulated pumping policies

corresponding to a values of 0, 0.5, and 1.0, the optimal solutions had individual wells

either turned on or off for the entire year. Therefore, in these cases, the time-distribution

of pumping for individual wells was not an issue.

There is a method for ensuring that the optimal pumping rates selected for the individual

wells is distributed fairly uniformly over the course of the year. Since the Simplex

method gives only one optimal vertex, there is no guarantee that the pumping is

uniformly distributed over the whole year. The following linear programming model will

find the most uniform pumping policy among the optimal solutions.

As before, let W22, W241, W291, and W44 ; denote the pumping rates of the four non-

contaminated wells during month i. For each well, let Ak and Bk denote the lowest and

highest monthly pumping rates of well k, respectively. The difference (Bk - Ak) measures

the uniformity of the pumping policy with well k; smaller differences indicate a more

uniform policy. The modified linear programming problem will minimize the new

objective function

(B22 - A22) + (B24 - A24) + (B29 - A29) + (B44 - A44)
	

(5.7)

and preserve the original constraints while maintaining both risk and supply at optimal

levels. Accordingly, the following 48 constraints are added:

Ak	 Wk,i � Bk	 (5.8)

for k = 22, 24, 29, and 44 and i = 1, 2, ..., 12.
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5.6 Results of Multiobjective Analysis

The four multiobjective methods applied to the hypothetical test case were also applied to

the Pareto frontiers derived for the Toms River model, and the results are summarized in

Tables 5.14 through 5.21. As in the hypothetical case, the maximum weight assigned to

supply was 0.5.

As Figure 5.21 shows, the results obtained from the two frontiers are in very close

agreement. For both minimizing and maximizing the 12 distances, supply increases at a

decreasing rate with supply weight. The rate at which supply increases with weight for

both methods generally decreases with increasing weight. In contrast, the lc° distance

derived from both frontiers produces zero supply until a supply weight of 0.5, when the

maximum possible supply results, with all four non-contaminated supply wells pumping

at their maximum rates. In between these two extremes are the results for minimizing the

1 1 norm. Water is not supplied until a supply weight of 0.15 for the CNN-derived frontier

and 0.20 for the MODFLOW-derived frontier are used. For this case, supply increases in

a step-like manner.

With the exception of maximizing the 1,<, distances, with supply weighted equal to risk,

well W29, in closest proximity to the largest number of risk pairs, does not pump at all.

The other three wells pump at or near their maximum pumping rates. Wells W24 and
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W44 pump at their maximum rates for all three methods, and W22 pumps at it maximum

rate for all but the Max 12 norm, where it is slightly below its maximum.

The resulting head field for the maximum supply scenario, then, is approximately

equivalent to the a = 0.5 case. Under this condition, with the exception of risk pairs R10

and R11 in both layers 4 and 5, all of the risk pairs show negative risk. However, as

described earlier, the contour maps indicate that a non-contaminated well close to the

plume boundary, specifically W22, is at higher risk to contamination than for the a = 0

case. Under the extreme pumping policy selected with the le distance norm, risk is at its

maximum, with wells W22 and W29 most vulnerable.

5.7 Results of Conflict Resolution Analysis

The conflict resolution results obtained from the CNN-derived and MODFLOW-verified

Pareto frontiers are tabulated in Tables 5.22 through 5.29, and illustrated in Figure 5.22.

As with the multiobjective analysis, there is strong agreement between the conflict

resolution results obtained from the two frontiers. Methods 2 and 3 produce linear

increases in supply as a function of supply weight. The results of Method 1, depicted in

Figure 5.23, generally resulted in the highest supplies. After increasing supply rather

steadily, there is a rather abrupt increase around a supply weight of 0.175, where it levels

off until 0.30 weight, and then increases linearly up to 0.45 where it achieves an

asymptotic value. The asymptotic value corresponds to a supply where W22, W24, and
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W44 are pumping at their maximum rates, and W29 remains turned off. The results of

Method 4, depicted in Figure 5.24, shows an increase in supply with supply weight that

follows a concave curve, with a maximum supply achieved with W24 and W44 pumping

at their maximum rates, and W22 slightly below its maximum. In all four cases, W24

starts pumping as soon as supply weight is 0.05, and W44 usually follows shortly

thereafter; no later than a supply weight of 0.20. Except for Method 1, W22 never pumps

at its maximum rate.

As with the results from the multiobjective analysis, the conflict resolution analysis

produces a maximum pumping policy approximately equal to the a = 0.5, where wells

W22, W24, and W44 pump at their maximum rates each month, and W29 remains shut-

off. However, for three of the four methods, total pumping of W22 is approximately 84

percent of its maximum. This reduces the computed annual risk from —183 to —188 m,

providing a relatively small increase in safety.

5.8 Identification of Optimal Pumping Policy

As in the analysis performed with the hypothetical groundwater model, the computed

weights corresponding to the preferences of the stakeholders and their powers were

applied to the Toms River problem. Accordingly, the objectives of supply and risk were

weighted at 0.4 and 0.6, respectively.
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Under this bargaining solution, with the exception of the maximizing the lco distance

norm, all multiobjective and conflict resolution methods produce similar results. Both

wells W24 and W44 pump at their maximum rates, and well W29, most vulnerable to

contamination, does not pump at all. Supply well W22 pumps anywhere from about 10

percent of its maximum rate to about 80 percent, and averages just fewer than 50 percent.

Simulation of the flow field was performed, with wells W24 and W44 pumping at their

maximum rates, and W22 pumping at 48 percent of its maximum. The final head fields

are contoured for both layers 4 and 5, and are depicted in Figures 5.25 and 5.26,

respectively. They show that under this pumping policy, the contour lines would

generate flow paths that would converge to the recovery wells. Thus, unlike the a = 0.5

case when W22 pumps at its maximum monthly rate, by reducing this amount by slightly

more than half, the well appears safe from contamination. As discussed earlier, this

reduction makes W44 slightly more vulnerable to contamination, but overall, the nominal

increase of risk at this well is more than compensated for by the reduction of the closer

and more vulnerable well W22.

This subtle but seemingly critical shift from a supply weight of 0.5 to 0.6 seemingly

produced a compromise policy that effectively balances the priorities of the various

stakeholders. In effect, under this policy, the Water Company can operate the wellfield at

approximately 60 percent of its maximum, while satisfying customer concerns that the

existing supply is being protected to the extent practicable. It is interesting to note how

assigning a weight preference of 0.60 to risk, which clearly places supply at a lower
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priority, still results in a supply reduction of only 40 percent from its maximum. This

may make the outcome more acceptable to the Water Company, and leave both

stakeholders with the feeling that, given the complexity of the problem, and their

conflicting views, an equitable compromise solution was achieved.

In summary, under the optimal operating policy (Table 5.30), wells W26B and W28 are

used to control and recover the groundwater contamination, and pump at 1.89 and 2.65

m3/min, respectively. Of the non-contaminated wells, W22 pumps slightly under half its

maximum monthly rate, at 1.27 m3/min. Wells W24 and W44 pump at their maximum

monthly rates of 2.65 and 1.94 m3/min, respectively, and W29 remains shut-off.

5.9 Conclusions

The CNN methodology was successfully applied to a complicated real-world

groundwater management problem in Toms River, New Jersey. The problem was

complicated from both a physical and social standpoint. The groundwater system was

modeled with a relatively complex numerical model that had to account for a number of

factors, including variable boundary conditions, sink and source terms, vertical flow

effects, and a relatively complicated interaction between pumping wells. The almost

diametrically opposed view-points of the stakeholders constitutes a multiobjective and

conflict resolution problem which requires a framework for compromise.
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The results demonstrate that the CNN methodology is a powerful, accurate, and efficient

tool for estimating the Pareto frontier. By applying various multiobjective and conflict

resolution methodologies to the frontier, an optimal pumping policy that effectively

balances water supply with potential human health risks was achieved. It is believed that

because groundwater contamination of public supply wellfields is a pervasive problem,

this methodology has widespread application. Perhaps almost as important as identifying

the optimal pumping policy is the rigorous identification and assessment of trade-offs

between conflicting objectives. This process can promote a better understanding of the

issues, and help the stakeholders better comprehend the potential consequences of their

preferences and choices.
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FINAL CONCLUSIONS AND FUTURE RESEARCH

In my dissertation, a new CNN methodology in combination with multiobjective and

conflict resolution methods was applied for identifying the best pumping strategy under

the conflicting objectives of maximizing water supply while minimizing potential human

health risk.

A physical groundwater model is usually described by a complicated system of partial

differential equations and is solved by the finite-difference method. The resulting system

of finite-difference flow equations serves as the mathematical description of the modeled

groundwater system. This type of model, most commonly used for simulation and

prediction purposes, can be difficult to use in optimization analyses with traditional

methods. The presence of multiple objectives makes this problem more complicated.

The first contribution of my research is the construction of a CNN, which, after sufficient

training, could serve as a highly accurate approximation to the finite-difference flow

model, while having significantly fewer variables and a less complicated structure. These

features facilitate embedding of the CNN architecture as part of the constraint set into any

optimization model.

The second contribution of my dissertation is the development of a multiobjective

decision support system in which a compromise solution was found between the
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conflicting objectives of water supply and potential health risks. Distance-based methods

served as the multiobjective tool and the trained CNN served as the physical model.

Distance-based methods have flexibility in selecting the type of distance and the

particular weights. Using the developed methodology, a complete description of the

compromise solution could be obtained, while incorporating the conflicting preference

orders of the different stakeholders or interest groups into the model.

The third contribution is the development of a decision support system based upon

conflict resolution methodology. The most important conflict resolution methods

compute either an optimal solution of a composite objective or find the solution of a

certain non-linear equation. As with the multiobjective case, the constraint set consisted

predominantly of the CNN equations.

The CNN methodology was first applied to a hypothetical but realistic groundwater

management case, which served as the basis for developing and testing the new

methodology. The application of the alternative multiobjective and conflict resolution

techniques, and the comparison of the results, gives the sufficient information necessary

for the decision-makers to make an informed and intelligent decision. This case served

as the basis for developing and testing the new methodology.

The CNN methodology and decision support systems were also applied to a complicated

and real-world groundwater management problem in Toms River, New Jersey. The
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computations were based upon a numerical groundwater flow model and relevant data

provided by the New Jersey Geological Survey (NJGS). Numerical simulation of the

optimal pumping policy identified by the CNN approach verified that the solution

achieves an acceptable compromise between the conflicting preferences of the

stakeholders. Representatives of the NJGS believe this approach and the results may

serve as the theoretical basis for their decision-making process.

I plan to continue this research in two directions. First, to develop guidelines for

decision-makers facing similar environmental problems so that they may select the most

appropriate multiobjective or conflict resolution methodology. Second, I plan to explore

the feasibility of training a CNN using only real-world field data. It seems the potential

applications of this demonstrated CNN approach in simulation and optimization problems

are unlimited. For example, in addition to optimizing exploitation of water resources, the

CNN approach could be applied to subsurface fluid management, such as recovery of

petroleum and natural gas. In the world of mathematical modeling, where one of the

largest obstacles constraining simulation and optimization accuracy is data uncertainty,

CNN's may soon be a universal tool for accurately and efficiently simulating and

optimizing the dynamic behavior of highly complex natural systems.
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Figure 2.1 Grid representation of hypothetical model



Random Input
Areal Recharge —

Controlled Input
Pumping Rates-0

119

Input
	

Hidden	 w*
	

Output
Layer
	

Layer
	 Layer

Figure 2.2 Simple computational neural network

Dynamic System
Outputs

Final Monthly
Groundwater

Elevations

Amount of
Water Supplied

Figure 2.3 Block diagram representation of dynamic groundwater system



41 41in 	 11n 1110'
4b*- .401140.7P-

nodes fTlly"1411°cTnnected

000000000000000001

Output Layer (final monthly heads)

Input Layer (initial monthly heads, areal recharge, pumping rates, and bias)

120

Figure 2.4 Multi-layer perceptron architecture for monthly groundwater CNN
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Figure 2.5 Comparison of mean head evolution for validation set

Figure 2.6 Comparison of head evolution for single objective optimal pumping
solution
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Figure 2.7 CNN-derived Pareto frontier
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Figure 2.8 Comparison of head evolution at node 10 under different a values
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Figure 2.9 Comparison of Pareto frontiers
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Figure 3.1 Construction of the optimal decisions
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Figure 3.3 Normalized Pareto frontiers
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Figure 3.4(a) Supply results for minimizing 12 norm

Figure 3.4(b) Supply results for minimizing L norm
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Figure 3.6 Comparison of two norms
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Figure 4.2 Computed pumping policies using the non-symmetric Nash solution
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solution
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Figure 4.4 Computed pumping policies using the non-symmetric area monotonic
solution
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Figure 5.1 Toms River study area
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Scale: 1 inch = 165 meters

Figure 5.2 Parkway Wellfield and contaminant plume boundary
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Figure 5.3 Grid representation of Toms River model
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Figure 5.4 Representative cross-sections of model
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1

Scale: 1 cm = 30 meters

Figure 5.6 Risk pair locations
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Figure 5.7 Distant control node locations
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Figure 5.8 Comparison of mean head evolution for validation set

	0.05 	

	

0.04
	 •

	T• 1 0.03 	
17i
• 0.02

0.01
2	

0
1 2 3 4 5 6 7 8 9 10 11 12

Month

Figure 5.9 Linked CNN validation error through time
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Figure 5.10 Non-normalized Pareto frontiers for Toms River
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Figure 5.11 Comparison of head evolution under different a values
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State Plane coordinates (feet)

Figure 5.12 Simulated water levels (x .3048 meters) in layer 5 under pre-pumping
conditions



State Plane coordinates (feet)

Figure 5.13 Simulated water levels (x .3048 meters) in layer 4 for a = 0

State Plane coordinates (feet)

Figure 5.14 Simulated water levels (x.3048 meters) in layer 5 for a =0
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State Plane coordinates (feet)

Figure 5.15 Simulated water levels (x .3048 meters) in layer 4 for a = 1.0

State Plane coordinates (feet)

Figure 5.16 Simulated water levels (x .3048 meters) in layer 5 for a = 1.0
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State Plane coordinates (feet)

Figure 5.17 Simulated water levels (x .3048 meters) in layer 4 for a = 0.5

State Plane coordinates (feet)
Figure 5.18 Simulated water levels (x .3048 meters) in layer 5 for a = 0.5
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Figure 5.19 Risk at risk pair 1, layer 4    
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Figure 5.20 Risk at risk pair 7, layer 5
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Figure 5.21 Toms River multiobjective results
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Figure 5.22 Toms River conflict resolution results
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Figure 5.23 Conflict resolution results obtained with Method 1
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Figure 5.24 Conflict resolution results obtained with Method 4
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State Plane coordinates (feet)
Figure 5.25 Simulated water levels (x .3048 m) in layer 4 for optimal pumping

policy

State Plane coordinates (feet)
Figure 5.26 Simulated water levels (x .3048 meters) in layer 5 for optimal pumping

policy
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Table 2.1. Frequency of MODFLOW simulated risk in validation set.

Month Risk at
1

No
Risk at

1

% Risk
at 1

Risk at
2

No
Risk at

2

% Risk
at 2

Risk at
3

No
Risk at

3

°A Risk
at 3

Jan 780 500 61 851 429 66 1102 178 86
Feb 740 540 58 831 449 65 1077 203 84
Mar 782 498 61 883 397 69 1104 176 86
Apr 783 497 61 867 413 68 1101 179 86
May 753 527 59 853 427 67 1098 182 86
June 758 522 59 852 428 67 1091 189 85
July 762 518 6 843 437 66 1100 180 86
Aug 770 510 60 844 436 66 1104 176 86
Sept 726 554 57 822 458 64 1087 193 85
Oct 773 507 60 845 435 66 1094 186 85
Nov 749 531 59 861 419 67 1112 168 87
Dec 746 534 58 832 448 65 1066 214 83
Mean 760 520 59 849 431 66 1095 185 86

Table 2.2. Accuracy of CNN in predicting risk in validation set.

Month Risk at
1
%
Correct

No
Risk
%
Correct

Total
%
Correct
at 1

Risk at
2
°A
Correct

No
Risk
%

Correct

Total
'Yo
Correct
at 2

Risk at
3
°A
Correct

No
Risk
%
Correct

Total
%
Correct
at 3

Jan 97 93 95 96 92 95 99 90 98
Feb 98 91 95 92 97 94 98 88 97
Mar 98 88 94 95 97 95 99 90 98
Apr 95 95 95 94 96 95 99 93 98
May 96 95 96 96 95 96 99 85 97
June 98 92 95 98 88 95 99 92 98
July 98 94 96 95 95 95 98 95 98
Aug 95 95 95 98 87 95 98 93 97
Sept 97 95 96 96 89 94 99 92 98
Oct 98 90 94 97 94 96 97 94 97
Nov 94 96 95 93 96 94 98 93 98
Dec 97 95 96 95 94 95 99 93 98
Mean 97 93 95 95 93 95 99 92 98



Table 2.3. Comparison between optimal pumping rates computed using CNN and MODOFC.

Month Well Number
CNN

Optimal
m3/min

MODOFC
Optimal
m3/min

Difference
(MODOFC

minus
CNN)

Absolute
Percent

Difference
(Difference/C

NN)
January P1 2.66 2.82 0.16 6.0
January P2 0.24 0.24 0 0.0
January P3 3.79 3.79 0 0.0
January Total 6.69 6.84 0.15 2.2
February P1 2.48 2.72 0.24 9.7
February P2 0.24 0.23 -0.01 4.2
February P3 3.79 3.79 0 0.0
February Total 6.51 6.74 0.23 3.5
March P1 1.89 2.73 0.84 44.4
March P2 0.51 0.24 -0.27 52.9
March P3 3.79 3.79 0 0.0
March Total 6.18 6.74 0.56 9.1
April P1 2.54 2.73 0.19 7.5
April P2 0.24 0.24 0 0.0
April P3 3.79 3.79 0 0.0
April Total 6.57 6.76 0.19 2.9
May P1 2.49 2.73 0.24 9.6
May P2 0.48 0.25 -0.23 47.9
May P3 3.79 3.79 0 0.0
May Total 6.75 6.76 0.01 0.1
June P1 2.40 2.73 0.33 13.8
June P2 0.28 0.25 -0.03 10.7
June P3 3.79 3.79 0 0.0
June Total 6.46 6.75 0.29 4.5
July P1 2.56 2.71 0.15 5.9
July P2 0.36 0.24 -0.12 33.3
July P3 3.79 3.79 0 0.0
July Total 6.70 6.74 0.04 0.6
August P1 2.57 2.71 0.14 5.4
August P2 0.33 0.24 -0.09 27.3
August P3 3.79 3.79 0 0.0
August Total 6.69 6.74 0.05 0.7
September P1 2.55 2.71 0.16 6.3
September P2 0.23 0.24 0.01 4.3
September P3 3.79 3.79 0 0.0
September Total 6.57 6.73 0.16 2.4
October P1 2.46 2.71 0.25 10.2
October P2 0.44 0.24 -0.2 45.5
October P3 3.79 3.79 0 0.0
October Total 6.68 6.73 0.05 0.7
November P1 2.57 2.71 0.14 5.4
November P2 0.33 0.24 -0.09 27.3
November P3 3.79 3.79 0 0.0
November Total 6.68 6.74 0.06 0.9
December P1 2.69 2.71 0.02 0.7
December P2 0.23 0.25 0.02 8.7
December P3 3.79 3.79 0 0.0
December Total 6.71 6.75 0.04 0.6
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Table 2.4. Comparison between CNN estimated and MODFLOW simulated risks for single objective
optimization.

Month MODFLOW
Risk 1 (m)

CNN
Risk 1 (m)

MODFLOW
Risk 2 (m)

CNN
Risk 2 (m)

MODFLOW
Risk 3 (m)

CNN
Risk 3 (m)

Initial -0.12 -0.12 -0.09 -0.09 -0.06 -0.06
Jan 0.00 0.00 -0.03 -0.03 0.00 0.00
Feb 0.00 0.00 -0.06 0.00 0.00 0.00
Mar -0.03 0.00 -0.03 -0.06 0.03 0.00
Apr 0.00 0.00 -0.03 -0.06 0.00 0.00
May -0.03 0.00 -0.03 -0.03 0.00 0.00
Jun -0.03 0.00 -0.06 -0.03 0.00 0.00
Jul -0.03 0.00 -0.03 -0.03 0.00 0.00
Aug 0.00 0.00 -0.03 -0.03 0.00 0.00
Sep 0.00 0.00 -0.03 -0.03 0.00 0.00
Oct 0.00 0.00 -0.03 -0.03 0.03 0.00
Nov 0.00 0.00 -0.03 -0.06 0.00 0.00
Dec 0.00 0.00 -0.03 -0.03 0.00 0.00

Table 2.5. Comparison between CNN estimated and MODOFC obtained head differences for single
objective optimization.

Month

CNN
Risk 1
Head

Difference
(m)

MODOFC
Risk 1
Head

Difference
(m)

CNN
Risk 2
Head

Difference
(m)

MODOFC
Risk 2
Head

Difference
(m)

CNN
Risk 3
Head

Difference
(m)

MODOFC
Risk 3
Head

Difference
(m)

January 0.00 0.00 -0.03 -0.03 0.00 0.00
February 0.00 0.00 -0.06 -0.03 0.00 0.00
March -0.03 0.00 -0.03 -0.03 0.03 0.00
April 0.00 0.00 -0.03 -0.06 0.00 0.00
May -0.03 0.00 -0.03 -0.03 0.00 0.00
June -0.03 0.00 -0.06 -0.03 0.00 0.00
July -0.03 0.00 -0.03 -0.06 0.00 0.00
August 0.00 0.00 -0.03 -0.06 0.00 0.00
September 0.00 0.00 -0.03 -0.03 0.00 0.00
October 0.00 0.00 -0.03 -0.06 0.03 0.00
November 0.00 0.00 -0.03 -0.03 0.00 0.00
December 0.00 0.00 -0.03 0.00 0.00 0.00



153

Table 2.6. Comparison between CNN and MODFLOW risk values for a = 0.

Month MODFLOW
Risk 1 (m)

Neural Net
Risk 1 (m)

MODFLOW
Risk 2 (m)

Neural Net
Risk 2 (m)

MODFLOW
Risk 3 (m)

Neural Net
Risk 3 (m)

January 0.15 0.15 0.18 0.18 0.40 0.40
February 0.18 0.15 0.21 0.24 0.43 0.40
March 0.18 0.18 0.21 0.15 0.40 0.40
April 0.18 0.18 0.21 0.18 0.43 0.40
May 0.18 0.15 0.21 0.18 0.43 0.40
June 0.18 0.15 0.21 0.18 0.40 0.40
July 0.18 0.15 0.21 0.18 0.43 0.40
August 0.18 0.18 0.21 0.18 0.43 0.40
September 0.18 0.18 0.18 0.21 0.43 0.43
October 0.18 0.15 0.21 0.18 0.46 0.40
November 0.18 0.15 0.21 0.21 0.43 0.43
December 0.18 0.18 0.21 0.18 0.46 0.43
Mean 0.18 0.16 0.21 0.19 0.43 0.41
Total 2.13 1.95 2.46 2.25 5.13 4.89

Table 2.7. Comparison between CNN and MODFLOW risk values for a = 0.5.

Month MODFLOW
Risk 1 (m)

Neural Net
Risk 1 (m)

MODFLOW
Risk 2 (m)

Neural Net
Risk 2 (m)

MODFLOW
Risk 3 (m)

Neural Net
Risk 3 (m)

January 0.03 0.03 -0.03 0.00 -0.03 0.00
February 0.06 0.06 0.00 0.00 -0.03 -0.03
March 0.03 0.06 -0.03 -0.03 -0.03 -0.03
April 0.06 0.06 0.00 0.00 0.00 0.00
May 0.06 0.06 -0.03 0.00 0.00 -0.03
June 0.06 0.06 -0.03 0.00 -0.03 0.00
July 0.06 0.06 -0.03 -0.03 -0.03 -0.03
August 0.03 0.06 -0.03 0.00 0.00 0.00
September 0.03 0.06 -0.03 0.00 0.00 0.00
October 0.06 0.06 -0.03 -0.03 0.00 -0.03
November 0.03 0.06 0.00 -0.03 0.00 0.00
December 0.03 0.03 0.00 0.00 0.00 0.00
Mean 0.05 0.06 -0.02 -0.01 -0.01 -0.01
Total 0.54 0.66 -0.24 -0.12 -0.15 -0.15
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Table 2.8. Comparison between CNN and MODFLOW risk values for a = 1.

Month MODFLOW
Risk 1 (m)

Neural Net
Risk 1 (m)

MODFLOW
Risk 2 (m)

Neural Net
Risk 2 (m)

MODFLOW
Risk 3 (m)

Neural Net
Risk 3 (m)

January -0.15 -0.15 -0.15 -0.15 -0.12 -0.15
February -0.12 -0.15 -0.15 -0.15 -0.12 -0.15
March -0.15 -0.15 -0.15 -0.18 -0.15 -0.15
April -0.15 -0.18 -0.15 -0.12 -0.12 -0.15
May -0.15 -0.15 -0.15 -0.12 -0.15 -0.15
June -0.15 -0.12 -0.15 -0.15 -0.12 -0.15
July -0.15 -0.15 -0.15 -0.15 -0.15 -0.15
August -0.15 -0.18 -0.15 -0.12 -0.12 -0.12
September -0.15 -0.18 -0.15 -0.15 -0.15 -0.15
October -0.12 -0.15 -0.15 -0.15 -0.12 -0.15
November -0.15 -0.15 -0.12 -0.18 -0.12 -0.18
December -0.15 -0.18 -0.15 -0.15 -0.12 -0.15
Mean -0.15 -0.16 -0.15 -0.15 -0.13 -0.15
Total -1.74 -1.89 -1.77 -1.77 -1.56 -1.80

Table 3.1. Min l Norm results from CNN-derived Pareto frontier.

Supply
w1

Risk
W2

Supply
fl

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m 3/yea r

Total
Risk

m
0 1 0 0.998 0 0 0 0 -5.5

0.025 0.975 0 0.998 0 0 0 0 -5.5
0.05 0.95 0 0.998 0 0 0 0 -5.5

0.075 0.925 0 0.998 0 0 0 0 -5.5
0.1 0.9 0 0.998 0 0 0 0 -5.5

0.125 0.875 0 0.998 0 0 0 0 -5.5
0.15 0.85 0 0.998 0 0 0 0 -5.5

0.175 0.825 0 0.998 0 0 0 0 -5.5
0.2 0.8 0.023 0.992 0 0 136,145 136,145 -5.4

0.225 0.775 0.023 0.992 0 0 136,145 136,145 -5.4
0.25 0.75 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.275 0.725 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.3 0.7 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.325 0.675 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.35 0.65 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.375 0.625 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.4 0.6 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.425 0.575 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.45 0.55 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.475 0.525 0.367 0.679 202,875 0 1,988,966 2,191,841 -3.7
0.5 0.5 0.586 0.679 1,509,483 0 1,988,966 3,498,449 -0.8
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Table 3.2. Min 1 2 Norm results from CNN-derived Pareto frontier.

Supply
vv,

Risk
W2

Supply
fi

Risk
f2

Pl
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
o 1 0 0.998 0 0 0 0 -5.5

0.025 0.975 0.193 0.936 0 0 1,151,298 1,151,298 -4.6
0.05 0.95 0.329 0.892 0 0 1,964,857 1,964,857 -3.9

0.075 0.925 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.1 0.9 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.125 0.875 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.15 0.85 0.369 0.878 214,808 0 1,988,966 2,203,774 -3.7
0.175 0.825 0.39 0.858 340,113 0 1,988,966 2,329,079 -3.4

0.2 0.8 0.411 0.839 465,418 0 1,988,966 2,454,384 -3.2
0.225 0.775 0.432 0.82 590,723 0 1,988,966 2,579,689 -2.9
0.25 0.75 0.453 0.801 716,028 0 1,988,966 2,704,994 -2.6
0.275 0.725 0.473 0.782 835,366 0 1,988,966 2,824,332 -2.3

0.3 0.7 0.494 0.763 960,671 0 1,988,966 2,949,637 -2.0
0.325 0.675 0.514 0.745 1,080,009 0 1,988,966 3,068,975 -1.8
0.35 0.65 0.534 0.726 1,199,346 0 1,988,966 3,188,312 -1.5
0.375 0.625 0.554 0.708 1,318,684 0 1,988,966 3,307,650 -1.2

0.4 0.6 0.574 0.69 1,438,022 0 1,988,966 3,426,988 -1.0
0.425 0.575 0.586 0.679 1,509,483 0 1,988,966 3,498,449 -0.8
0.45 0.55 0.592 0.673 1,545,000 0 1,988,966 3,533,966 -0.7

0.475 0.525 0.61 0.654 1,651,552 0 1,988,966 3,640,518 -0.4
0.5 0.5 0.628 0.636 1,758,104 0 1,988,966 3,747,070 -0.2

Table 3.3. Max 12 Norm results from CNN-derived Pareto frontier.

Supply
w1

Risk
W2

Su ppl
Y
fl

Risk
f2

Pl
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m

0 1 0 0.998 0 0 0 0 -5.5
0.025 0.975 0 0.998 0 0 0 0 -5.5
0.05 0.95 0 0.998 0 0 0 0 -5.5

0.075 0.925 0 0.998 0 0 0 0 -5.5
0.1 0.9 0 0.998 0 0 0 0 -5.5

0.125 0.875 0 0.998 0 0 0 0 -5.5

0.15 0.85 0 0.998 0 0 0 0 -5.5
0.175 0.825 0 0.998 0 0 0 0 -5.5

0.2 0.8 0 0.998 0 0 0 0 -5.5

0.225 0.775 0 0.998 0 0 0 0 -5.5
0.25 0.75 0 0.998 0 0 0 0 -5.5

0.275 0.725 0 0.998 0 0 0 0 -5.5
0.3 0.7 0 0.998 0 0 0 0 -5.5

0.325 0.675 0 0.998 0 0 0 0 -5.5
0.35 0.65 0 0.998 0 0 0 0 -5.5
0.375 0.625 0 0.998 0 0 0 0 -5.5
0.4 0.6 0 0.998 0 0 0 0 -5.5

0.425 0.575 0 0.998 0 0 0 0 -5.5
0.45 0.55 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7
0.475 0.525 0.367 0.879 202,875 0 1,988,966 2,191,841 -3.7

0.5 0.5 0.667 0.596 1,988,966 662,989 1,988,966 4,640,921 0.4



Table 3.4. Max I,. Norm results from CNN-derived Pareto frontier.

Supply
w1

Risk
w2

Supply
f1

Risk
f2

Pl
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 0.998 0 0 0 0 -5.5

0.025 0.975 0.0727 0.976 0 0 432,148 432,148 -5.2
0.05 0.95 0.138 0.954 0 0 823,773 823,773 -4.9
0.075 0.925 0.198 0.935 0 0 1,181,073 1,181,073 -4.6

0.1 0.9 0.253 0.917 0 0 1,508,597 1,508,597 -4.3
0.125 0.875 0.304 0.9 0 0 1,814,178 1,814,178 -4.1
0.15 0.85 0.35 0.885 101,437 0 1,988,966 2,090,403 -3.8

0.175 0.825 0.38 0.868 280,444 0 1,988,966 2,269,410 -3.6
0.2 0.8 0.4 0.85 399,782 0 1,988,966 2,388,748 -3.3

0.225 0.775 0.42 0.831 519,120 0 1,988,966 2,508,086 -3.0
0.25 0.75 0.44 0.813 638,458 0 1,988,966 2,627,424 -2.8
0.275 0.725 0.46 0.795 757,796 0 1,988,966 2,746,762 -2.5

0.3 0.7 0.479 0.777 871,167 0 1,988,966 2,860,133 -2.3
0.325 0.675 0.499 0.758 990,505 0 1,988,966 2,979,471 -2.0
0.35 0.65 0.519 0.741 1,109,843 0 1,988,966 3,098,809 -1.7
0.375 0.625 0.538 0.723 1,223,214 0 1,988,966 3,212,180 -1.5

0.4 0.6 0.557 0.705 1,336,585 0 1,988,966 3,325,551 -1.2
0.425 0.575 0.577 0.687 1,455,923 0 1,988,966 3,444,889 -0.9
0.45 0.55 0.596 0.669 1,568,679 0 1,988,966 3,557,645 -0.7

0.475 0.525 0.614 0.65 1,675,230 0 1,988,966 3,664,196 -0.4
0.5 0.5 0.632 0.632 1,781,782 0 1,988,966 3,770,748 -0.1

Table 3.5. Min l Norm results from MODFLOW-derived Pareto frontier.

Supply
w1

Risk
w2

Supply
f1

Risk
f2

Pi
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 0.991 0 0 0 0 -5.2

0.025 0.975 0 0.991 0 0 0 0 -5.2
0.05 0.95 0 0.991 0 0 0 0 -5.2

0.075 0.925 0 0.991 0 0 0 0 -5.2
0.1 0.9 0 0.991 0 0 0 0 -5.2

0.125 0.875 0 0.991 0 0 0 0 -5.2
0.15 0.85 0 0.991 0 0 0 0 -5.2

0.175 0.825 0.112 0.969 0 0 668,944 668,944 -4.7
0.2 0.8 0.112 0.969 0 0 668,944 668,944 -4.7

0.225 0.775 0.112 0.969 0 0 668,944 668,944 -4.7
0.25 0.75 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.275 0.725 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7
0.3 0.7 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.325 0.675 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7
0.35 0.65 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.375 0.625 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7
0.4 0.6 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.425 0.575 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7
0.45 0.55 0.568 0.721 1,402,221 0 1,988,966 3,391,187 -1.0
0.475 0.525 0.665 0.639 1,977,127 0 1,988,966 3,966,093 0.2

0.5 0.5 0.665 0.639 ' 1,977,127 0 1,988,966 3,966,093 0.2
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Table 3.6. Min 12 Norm results from MODFLOW-derived Pareto frontier.

Supply
W1

Risk
VV2

Supply
fl

Risk
f2

PI
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 0.991 0 0 0 0 -5.2

0.025 0.975 0.234 0.933 0 0 1,395,452 1,395,452 -4.1
0.05 0.95 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.075 0.925 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7
0.1 0.9 0.338 0.902 29,834 0 1,988,966 2,018,800 -3.7

0.125 0.875 0.361 0.883 167,073 0 1,988,966 2,156,039 -3.4
0.15 0.85 0.388 0.862 328,179 0 1,988,966 2,317,145 -3.1
0.175 0.825 0.415 0.841 489,286 0 1,988,966 2,478,252 -2.8

0.2 0.8 0.44 0.821 638,458 0 1,988,966 2,627,424 -2.5
0.225 0.775 0.465 0.802 787,631 0 1,988,966 2,776,597 -2.2
0.25 0.75 0.489 0.783 930,836 0 1,988,966 2,919,802 -1.9
0.275 0.725 0.513 0.764 1,074,042 0 1,988,966 3,063,008 -1.6

0.3 0.7 0.536 0.746 1,211,280 0 1,988,966 3,200,246 -1.4
0.325 0.675 0.558 0.729 1,342,552 0 1,988,966 3,331,518 -1.1
0.35 0.65 0.568 0.721 1,402,221 0 1,988,966 3,391,187 -1.0
0.375 0.625 0.587 0.706 1,515,403 0 1,988,966 3,504,369 -0.8

0.4 0.6 0.607 0.689 1,633,793 0 1,988,966 3,622,759 -0.5
0.425 0.575 0.626 0.672 1,746,265 0 1,988,966 3,735,231 -0.3
0.45 0.55 0.646 0.656 1,864,656 0 1,988,966 3,853,622 0.0

0.475 0.525 0.664 0.64 1,971,207 0 1,988,966 3,960,173 0.2
0.5 0.5 0.665 0.639 1,977,127 0 1,988,966 3,966,093 0.2

Table 3.7. Max 1 2 Norm results from MODFLOW-derived Pareto frontier.

Supply
WI

Risk
w2

Supply
1'1

Risk
f2

PI
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m 3/year

Total
Risk

m
0 1 0 0.991 0 0 0 0 -5.2

0.025 0.975 0 0.991 0 0 0 0 -5.2
0.05 0.95 0 0.991 0 0 0 0 -5.2

0.075 0.925 0 0.991 0 0 0 0 -5.2
0.1 0.9 0 0.991 0 0 0 0 -5.2

0.125 0.875 0 0.991 0 0 0 0 -5.2
0.15 0.85 0 0.991 0 0 0 0 -5.2
0.175 0.825 0 0.991 0 0 0 0 -5.2
0.2 0.8 0 0.991 0 0 0 0 -5.2

0.225 0.775 0 0.991 0 0 0 0 -5.2
0.25 0.75 0 0.991 0 0 0 0 -5.2

0.275 0.725 0 0.991 0 0 0 0 -5.2
0.3 0.7 0 0.991 0 0 0 0 -5.2

0.325 0.675 0 0.991 0 0 0 0 -5.2
0.35 0.65 0 0.991 0 0 0 0 -5.2

0.375 0.625 0 0.991 0 0 0 0 -5.2
0.4 0.6 0 0.991 0 0 0 0 -5.2

0.425 0.575 0 0.991 0 0 0 0 -5.2
0.45 0.55 0.665 0.639 1,977,127 0 1,988,966 3,966,093 0.2

0.475 0.525 0.665 0.639 1,977,127 0 1,988,966 3,966,093 0.2
0.5 0.5 0.665 0.639 1,977,127 0 1,988,966 3,966,093 0.2

157



Table 3. 8. Max l Norm results from MODFLOW-derived Pareto frontier.

Supply
wi

Risk
w2

Supply
f1

Risk
f2

Pl
m3/year

P2
m3/year

P3
M3/year

Total
Supply
m 3/year

Total
Risk

m
0 1 0 0.991 0 0 0 0 -5.2

0.025 0.975 0.075 0.976 0 0 446,011 446,011 -4.8
0.05 0.95 0.157 0.955 0 0 936,918 936,918 -4.5
0.075 0.925 0.221 0.936 0 0 1,318,037 1,318,037 -4.2

0.1 0.9 0.279 0.919 0 0 1,663,499 1,663,499 -4.0
0.125 0.875 0.331 0.904 0 0 1,976,912 1,976,912 -3.7
0.15 0.85 0.358 0.886 149,172 0 1,988,966 2,138,138 -3.4
0.175 0.825 0.381 0.868 286,411 0 1,988,966 2,275,377 -3.2

0.2 0.8 0.403 0.85 417,683 0 1,988,966 2,406,649 -2.9
0.225 0.775 0.426 0.833 554,921 0 1,988,966 2,543,887 -2.7
0.25 0.75 0.448 0.816 686,193 0 1,988,966 2,675,159 -2.4

0.275 0.725 0.47 0.798 817,465 0 1,988,966 2,806,431 -2.1
0.3 0.7 0.491 0.782 942,770 0 1,988,966 2,931,736 -1.9

0.325 0.675 0.512 0.765 1,068,075 0 1,988,966 3,057,041 -1.6
0.35 0.65 0.533 0.748 1,193,380 0 1,988,966 3,182,346 -1.4
0.375 0.625 0.554 0.732 1,318,684 0 1,988,966 3,307,650 -1.2
0.4 0.6 0.574 0.716 1,438,022 0 1,988,966 3,426,988 -0.9

0.425 0.575 0.594 0.7 1,556,839 0 1,988,966 3,545,805 -0.7
0.45 0.55 0.613 0.683 1,669,311 0 1,988,966 3,658,277 -0.4

0.475 0.525 0.632 0.667 1,781,782 0 1,988,966 3,770,748 -0.2
0.5 0.5 0.651 0.651 1,894,253 0 1,988,966 3,883,219 0.1

Table 3.9. Weight Preferences and Power Factors of Stakeholders.

Stakeholder Supply w 1 Risk w2 Power Factor Œk
Community 0.2 0.8 0.6

Water Company 0.8 0.2 0.3
Chemical Manufacturer 0.4 0.6 0.1
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Table 4.1. Non-symmetric Nash results from CNN-derived Pareto frontier.

Supply
1N1

Risk
w2

Supply
1'1

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.105 0.972 0 0 626,826 626,826 -5.1
0.05 0.95 0.19 0.95 0 0 1,133,433 1,133,433 -4.8

0.075 0.925 0.278 0.927 0 0 1,657,472 1,657,472 -4.5
0.1 0.9 0.333 0.912 0 0 1,988,966 1,988,966 -4.2

0.125 0.875 0.333 0.912 0 0 1,988,966 1,988,966 -4.2
0.15 0.85 0.333 0.912 0 0 1,988,966 1,988,966 -4.2

0.175 0.825 0.333 0.912 0 0 1,988,966 1,988,966 -4.2
0.2 0.8 0.333 0.912 0 0 1,988,966 1,988,966 -4.2

0.225 0.775 0.333 0.912 0 0 1,988,966 1,988,966 -4.2
0.25 0.75 0.333 0.912 0 0 1,988,966 1,988,966 -4.2
0.275 0.725 0.364 0.883 184,974 0 1,988,966 2,173,940 -3.8

0.3 0.7 0.397 0.853 381,881 0 1,988,966 2,370,847 -3.4
0.325 0.675 0.43 0.823 578,789 0 1,988,966 2,567,755 -2.9
0.35 0.65 0.464 0.791 781,664 0 1,988,966 2,770,630 -2.5
0.375 0.625 0.497 0.761 978,571 0 1,988,966 2,967,537 -2.0
0.4 0.6 0.53 0.731 1,175,479 0 1,988,966 3,164,445 -1.6

0.425 0.575 0.563 0.7 1,372,386 0 1,988,966 3,361,352 -1.1
0.45 0.55 0.583 0.682 1,491,724 0 1,988,966 3,480,690 -0.9

0.475 0.525 0.597 0.668 1,574,598 0 1,988,966 3,563,564 -0.6
0.5 0.5 0.628 0.636 1,758,104 0 1,988,966 3,747,070 -0.2

Table 4.2. Non-symmetric Kalai-Smorodinsky results from CNN-derived Pareto frontier.

Supply
w 1

Risk
w2

Supply
fi

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m 3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.025 0.992 0 0 147,989 147,989 -5.4
0.05 0.95 0.052 0.985 0 0 307,816 307,816 -5.3

0.075 0.925 0.079 0.979 0 0 470,119 470,119 -5.2
0.1 0.9 0.108 0.972 0 0 644,907 644,907 -5.1

0.125 0.875 0.138 0.964 0 0 823,773 823,773 -5.0
0.15 0.85 0.169 0.956 0 0 1,008,378 1,008,378 -4.9

0.175 0.825 0.201 0.947 0 0 1,198,938 1,198,938 -4.8
0.2 0.8 0.235 0.938 0 0 1,401,407 1,401,407 -4.6

0.225 0.775 0.27 0.929 0 0 1,609,832 1,609,832 -4.5
0.25 0.75 0.306 0.919 0 0 1,826,232 1,826,232 -4.4
0.275 0.725 0.343 0.903 59,669 0 1,988,966 2,048,635 -4.1

0.3 0.7 0.374 0.874 244,643 0 1,988,966 2,233,609 -3.7
0.325 0.675 0.407 0.844 441,550 0 1,988,966 2,430,516 -3.2
0.35 0.65 0.439 0.814 632,491 0 1,988,966 2,621,457 -2.8

0.375 0.625 0.471 0.785 823,432 0 1,988,966 2,812,398 -2.4
0.4 0.6 0.503 0.756 1,014,373 0 1,988,966 3,003,339 -2.0

0.425 0.575 0.536 0.725 1,211,280 0 1,988,966 3,200,246 -1.5
0.45 0.55 0.569 0.695 1,408,188 0 1,988,966 3,397,154 -1.0

0.475 0.525 0.601 0.664 1,598,276 0 1,988,966 3,587,242 -0.6
0.5 0.5 0.632 0.632 1,781,782 0 1,988,966 3,770,748 -0.1
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Table 4.3. Non-symmetric area monotonic results from CNN-derived Pareto frontier.

Supply
w1

Risk
VV2

Supply
1.1

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m 3/year

Total
Risk

m
o 1 o 1 0 0 0 0 -5.5

0.025 0.975 0.034 0.989 0 0 201,264 201,264 -5.4
0.05 0.95 0.067 0.981 0 0 397,793 397,793 -5.3

0.075 0.925 0.101 0.973 0 0 602,717 602,717 -5.2
0.1 0.9 0.135 0.965 0 0 805,908 805,908 -5.0

0.125 0.875 0.168 0.956 0 0 1,002,423 1,002,423 -4.9
0.15 0.85 0.202 0.947 0 0 1,204,893 1,204,893 -4.8

0.175 0.825 0.235 0.938 0 0 1,401,407 1,401,407 -4.6
0.2 0.8 0.269 0.929 0 0 1,603,877 1,603,877 -4.5

0.225 0.775 0.303 0.92 0 0 1,808,151 1,808,151 -4.4
0.25 0.75 0.336 0.909 17,901 0 1,988,966 2,006,867 -4.2

0.275 0.725 0.363 0.884 179,007 0 1,988,966 2,167,973 -3.8
0.3 0.7 0.391 0.859 346,080 0 1,988,966 2,335,046 -3.4

0.325 0.675 0.418 0.834 507,186 0 1,988,966 2,496,152 -3.1
0.35 0.65 0.446 0.808 674,259 0 1,988,966 2,663,225 -2.7

0.375 0.625 0.473 0.783 835,366 0 1,988,966 2,824,332 -2.3
0.4 0.6 0.501 0.757 1,002,439 0 1,988,966 2,991,405 -2.0

0.425 0.575 0.529 0.732 1,169,512 0 1,988,966 3,158,478 -1.6
0.45 0.55 0.556 0.707 1,330,618 0 1,988,966 3,319,584 -1.2

0.475 0.525 0.584 0.681 1,497,644 0 1,988,966 3,486,610 -0.9
0.5 0.5 0.61 0.655 1,651,552 0 1,988,966 3,640,518 -0.5

Table 4.4. Non-symmetric equal loss results from CNN-derived Pareto frontier.

Supply
vvi

Risk
VV2

Supply
f1

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m 3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.087 0.977 0 0 518,337 518,337 -5.2
0.05 0.95 0.167 0.956 0 0 996,468 996,468 -4.9

0.075 0.925 0.236 0.938 0 0 1,407,362 1,407,362 -4.6
0.1 0.9 0.297 0.922 0 0 1,771,988 1,771,988 -4.4

0.125 0.875 0.34 0.906 41,768 0 1,988,966 2,030,734 -4.1
0.15 0.85 0.36 0.887 161,106 0 1,988,966 2,150,072 -3.9
0.175 0.825 0.38 0.869 280,444 0 1,988,966 2,269,410 -3.6
0.2 0.8 0.4 0.85 399,782 0 1,988,966 2,388,748 -3.3

0.225 0.775 0.42 0.832 519,120 0 1,988,966 2,508,086 -3.0
0.25 0.75 0.44 0.814 638,458 0 1,988,966 2,627,424 -2.8
0.275 0.725 0.46 0.795 757,796 0 1,988,966 2,746,762 -2.5

0.3 0.7 0.48 0.777 877,134 0 1,988,966 2,866,100 -2.3
0.325 0.675 0.499 0.759 990,505 0 1,988,966 2,979,471 -2.0
0.35 0.65 0.519 0.741 1,109,843 0 1,988,966 3,098,809 -1.7
0.375 0.625 0.538 0.723 1,223,214 0 1,988,966 3,212,180 -1.5

0.4 0.6 0.558 0.705 1,342,552 0 1,988,966 3,331,518 -1.2
0.425 0.575 0.577 0.688 1,455,923 0 1,988,966 3,444,889 -0.9
0.45 0.55 0.596 0.669 1,568,679 0 1,988,966 3,557,644 -0.7

0.475 0.525 0.614 0.651 1,675,230 0 1,988,966 3,664,196 -0.4
0.5 0.5 0.632 0.632 1,781,782 0 1,988,966 3,770,748 -0.1
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Table 4.5. Non-symmetric Nash results from MODFLOW-derived Pareto frontier.

Supply
VV1

Risk
W2

Supply
fl

Risk
f2

Pl
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.081 0.978 0 0 482,174 482,174 -4.8
0.05 0.95 0.258 0.941 0 0 1,538,372 1,538,372 -4.3

0.075 0.925 0.278 0.937 0 0 1,657,472 1,657,472 -4.2
0.1 0.9 0.331 0.921 0 0 1,976,912 1,976,912 -4.0

0.125 0.875 0.333 0.92 0 0 1,988,966 1,988,966 -4.0
0.15 0.85 0.333 0.92 0 0 1,988,966 1,988,966 -4.0

0.175 0.825 0.333 0.92 0 0 1,988,966 1,988,966 -4.0
0.2 0.8 0.333 0.92 0 0 1,988,966 1,988,966 -4.0

0.225 0.775 0.333 0.92 0 0 1,988,966 1,988,966 -4.0
0.25 0.75 0.357 0.9 143,206 0 1,988,966 2,132,171 -3.7
0.275 0.725 0.393 0.87 358,014 0 1,988,966 2,346,980 -3.2

0.3 0.7 0.428 0.84 566,855 0 1,988,966 2,555,821 -2.8
0.325 0.675 0.464 0.81 781,664 0 1,988,966 2,770,630 -2.3
0.35 0.65 0.5 0.78 996,472 0 1,988,966 2,985,438 -1.9

0.375 0.625 0.536 0.749 1,211,280 0 1,988,966 3,200,246 -1.4
0.4 0.6 0.571 0.72 1,420,122 0 1,988,966 3,409,088 -1.0

0.425 0.575 0.632 0.671 1,781,782 0 1,988,966 3,770,748 -0.2
0.45 0.55 0.667 0.644 1,988,966 0 1,988,966 3,977,932 0.2

0.475 0.525 0.667 0.644 1,988,966 0 1,988,966 3,977,932 0.2
0.5 0.5 0.667 0.644 1,988,966 0 1,988,966 3,977,932 0.2

Table 4.6. Non-symmetric Kalai-Smorodinsky results from MODFLOW-derived Pareto frontier.

Supply
VV1

Risk
W2

Supply
fi

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.081 0.978 0 0 15,391 15,391 -5.1
0.05 0.95 0.258 0.941 0 0 307,816 307,816 -5.0
0.075 0.925 0.278 0.937 0 0 470,119 470,119 -4.8

0.1 0.9 0.331 0.921 0 0 644,907 644,907 -4.7
0.125 0.875 0.333 0.92 0 0 823,773 823,773 -4.6
0.15 0.85 0.333 0.92 0 0 1,008,378 1,008,378 -4.5

0.175 0.825 0.333 0.92 0 0 1,204,893 1,204,893 -4.4
0.2 0.8 0.333 0.92 0 0 1,407,362 1,407,362 -4.3

0.225 0.775 0.333 0.92 0 0 1,621,742 1,621,742 -4.2
0.25 0.75 0.357 0.9 0 0 1,844,314 1,844,314 -4.1
0.275 0.725 0.393 0.87 71,603 0 1,988,966 2,060,569 -3.8

0.3 0.7 0.428 0.84 268,510 0 1,988,966 2,257,476 -3.4
0.325 0.675 0.464 0.81 465,418 0 1,988,966 2,454,384 -3.0
0.35 0.65 0.5 0.78 668,293 0 1,988,966 2,657,258 -2.6
0.375 0.625 0.536 0.749 871,167 0 1,988,966 2,860,133 -2.1

0.4 0.6 0.571 0.72 1,074,042 0 1,988,966 3,063,008 -1.7
0.425 0.575 0.632 0.671 1,276,916 0 1,988,966 3,265,882 -1.3
0.45 0.55 0.667 0.644 1,485,758 0 1,988,966 3,474,723 -0.8

0.475 0.525 0.667 0.644 1,698,908 0 1,988,966 3,687,874 -0.4
0.5 0.5 0.667 0.644 1,912,012 0 1,988,966 3,900,978 0.0
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Table 4.7. Non-symmetric area monotonic results from MODFLOW-derived Pareto frontier.

Supply
w1

Risk
W2

Supply
fl

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
o 1 o 1 0 0 0 0 -5.5

0.025 0.975 0.081 0.978 0 0 201,264 201,264 -5.0
0.05 0.95 0.258 0.941 0 0 409,847 409,847 -4.9

0.075 0.925 0.278 0.937 0 0 614,771 614,771 -4.7
0.1 0.9 0.331 0.921 0 0 823,773 823,773 -4.6

0.125 0.875 0.333 0.92 0 0 1,032,198 1,032,198 -4.5
0.15 0.85 0.333 0.92 0 0 1,234,668 1,234,668 -4.4

0.175 0.825 0.333 0.92 0 0 1,443,092 1,443,092 -4.3
0.2 0.8 0.333 0.92 0 0 1,651,517 1,651,517 -4.2

0.225 0.775 0.333 0.92 0 0 1,856,368 1,856,368 -4.1
0.25 0.75 0.357 0.9 59,669 0 1,988,966 2,048,635 -3.8
0.275 0.725 0.393 0.87 226,742 0 1,988,966 2,215,708 -3.5

0.3 0.7 0.428 0.84 399,782 0 1,988,966 2,388,748 -3.1
0.325 0.675 0.464 0.81 572,822 0 1,988,966 2,561,788 -2.7
0.35 0.65 0.5 0.78 739,895 0 1,988,966 2,728,861 -2.4
0.375 0.625 0.536 0.749 912,935 0 1,988,966 2,901,901 -2.0
0.4 0.6 0.571 0.72 1,085,975 0 1,988,966 3,074,941 -1.7

0.425 0.575 0.632 0.671 1,253,049 0 1,988,966 3,242,014 -1.3
0.45 0.55 0.667 0.644 1,426,089 0 1,988,966 3,415,055 -0.9
0.475 0.525 0.667 0.644 1,598,276 0 1,988,966 3,587,242 -0.6

0.5 0.5 0.667 0.644 1,775,862 0 1,988,966 3,764,828 -0.3

Table 4.8. Non-symmetric equal loss results from MODFLOW-derived Pareto frontier.

Supply
WI

Risk
W2

Supply
f1

Risk
f2

P1
m3/year

P2
m3/year

P3
m3/year

Total
Supply
m3/year

Total
Risk

m
0 1 0 1 0 0 0 0 -5.5

0.025 0.975 0.081 0.978 0 0 512,309 512,309 -4.8
0.05 0.95 0.258 0.941 0 0 1,050,063 1,050,063 -4.5

0.075 0.925 0.278 0.937 0 0 1,562,192 1,562,192 -4.3
0.1 0.9 0.331 0.921 0 0 1,904,586 1,904,586 -4.0

0.125 0.875 0.333 0.92 95,470 0 1,988,966 2,084,436 -3.8
0.15 0.85 0.333 0.92 220,775 0 1,988,966 2,209,741 -3.5

0.175 0.825 0.333 0.92 346,080 0 1,988,966 2,335,046 -3.2
0.2 0.8 0.333 0.92 477,352 0 1,988,966 2,466,318 -3.0

0.225 0.775 0.333 0.92 602,657 0 1,988,966 2,591,623 -2.7
0.25 0.75 0.357 0.9 721,995 0 1,988,966 2,710,961 -2.4
0.275 0.725 0.393 0.87 847,299 0 1,988,966 2,836,265 -2.2

0.3 0.7 0.428 0.84 966,637 0 1,988,966 2,955,603 -1.9
0.325 0.675 0.464 0.81 1,085,975 0 1,988,966 3,074,941 -1.7
0.35 0.65 0.5 0.78 1,211,280 0 1,988,966 3,200,246 -1.4
0.375 0.625 0.536 0.749 1,324,651 0 1,988,966 3,313,617 -1.2

0.4 0.6 0.571 0.72 1,443,989 0 1,988,966 3,432,955 -0.9
0.425 0.575 0.632 0.671 1,562,759 0 1,988,966 3,551,725 -0.7
0.45 0.55 0.667 0.644 1,681,150 0 1,988,966 3,670,116 -0.5
0.475 0.525 0.667 0.644 1,799,541 0 1,988,966 3,788,507 -0.2

0.5 0.5 0.667 0.644 1,912,012 0 1,988,966 3,900,978 0.0



Table 5.1 Risk pair locations

Risk Pair Control Nodes Layer
1 h5-h6 4
2 h5-h7 4
3 h12-h7 4
4 h12-h8 4
5 h9-h8 4
6 h9-h10 4
7 hi i-hio 4
8 11134114 4
9 h15-h16 4
10 h17-h18 4
11 h17-h16 4
12 h13-h16 4
13 h5-h6 5
14 h5-117 5
15 h12-h7 5
16 h12-1.18 5
17 h9-h8 5
18 h9-h113 5
19 h11-h10 5
20 h13-h14 5
21 h15-h16 5
22 h17-1118 5
23 h17-h16 5
24 h13-h16 5
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Table 5.2. MODFLOW simulated risk (m) in layer 4 for a = 1.0.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.62 -0.73 -0.94 -1.04 -0.55 -0.85 -0.52 -0.12 -0.03 0.06 0.09 -0.18
2 -1.65 -0.76 -0.94 -1.04 -0.52 -0.82 -0.52 -0.18 -0.09 0.00 0.09 -0.27
3 -1.65 -0.76 -0.94 -1.04 -0.55 -0.85 -0.49 -0.21 -0.12 0.00 0.09 -0.30
4 -1.65 -0.76 -0.91 -1.04 -0.55 -0.85 -0.52 -0.21 -0.12 -0.03 0.09 -0.30
5 -1.65 -0.76 -0.94 -1.04 -0.52 -0.85 -0.52 -0.21 -0.12 -0.03 0.09 -0.30
6 -1.65 -0.76 -0.91 -1.04 -0.55 -0.85 -0.49 -0.24 -0.15 -0.06 0.06 -0.34
7 -1.62 -0.73 -0.91 -1.04 -0.52 -0.85 -0.52 -0.24 -0.12 -0.03 0.09 -0.30
8 -1.65 -0.76 -0.91 -1.04 -0.55 -0.88 -0.52 -0.24 -0.15 -0.06 0.06 -0.34
9 -1.65 -0.76 -0.91 -1.04 -0.55 -0.88 -0.52 -0.24 -0.15 -0.06 0.06 -0.34
10 -1.65 -0.76 -0.91 -1.04 -0.52 -0.85 -0.52 -0.24 -0.15 -0.06 0.06 -0.34
11 -1.65 -0.76 -0.94 -1.07 -0.55 -0.85 -0.52 -0.27 -0.15 -0.06 0.06 -0.37
12 -1.65 -0.76 -0.91 -1.04 -0.52 -0.85 -0.52 -0.24 -0.15 -0.09 0.06 -0.34

Avg. -1.64 -0.76 -0.93 -1.04 -0.54 -0.86 -0.51 -0.22 -0.13 -0.04 0.08 -0.31

Table 5.3. CNN estimated risk (m) in layer 4 for a = 1.0.

Month RI. R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.64 -0.73 -0.90 -1.05 -0.52 -0.83 -0.51 -0.18 -0.08 0.01 0.01 -0.21
2 -1.65 -0.79 -0.97 -1.09 -0.58 -0.86 -0.55 -0.23 -0.14 -0.03 0.00 -0.30
3 -1.66 -0.82 -1.00 -1.12 -0.59 -0.89 -0.57 -0.26 -0.15 -0.06 -0.03 -0.32
4 -1.65 -0.81 -0.96 -1.05 -0.57 -0.88 -0.54 -0.23 -0.14 -0.04 -0.01 -0.29
5 -1.66 -0.75 -0.92 -1.05 -0.53 -0.83 -0.51 -0.23 -0.12 -0.02 0.03 -0.28
6 -1.65 -0.69 -0.88 -1.05 -0.54 -0.85 -0.52 -0.24 -0.09 -0.02 0.05 -0.29
7 -1.79 -0.77 -0.93 -1.14 -0.52 -0.86 -0.54 -0.26 -0.10 -0.03 0.05 -0.31
8 -1.72 -0.77 -0.96 -1.10 -0.53 -0.86 -0.52 -0.26 -0.17 -0.05 0.02 -0.35
9 -1.73 -0.78 -0.95 -1.10 -0.53 -0.87 -0.54 -0.27 -0.14 -0.05 0.04 -0.34
10 -1.85 -0.81 -0.97 -1.16 -0.53 -0.86 -0.54 -0.27 -0.11 -0.03 0.06 -0.33
11 -1.79 -0.78 -0.98 -1.16 -0.54 -0.86 -0.55 -0.30 -0.13 -0.04 0.06 -0.37
12 -1.76 -0.79 -0.98 -1.13 -0.57 -0.90 -0.55 -0.28 -0.14 -0.05 0.04 -0.35

Avg. -1.71 -0.77 -0.95 -1.10 -0.54 -0.86 -0.54 -0.25 -0.13 -0.04 0.03 -0.31
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Table 5.4. MODFLOW simulated risk (m) in layer 4 for a = 0.5.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -0.46 -0.76 -0.70 -1.01 -0.37 -0.82 -0.37 -0.12 0.03 0.15 0.34 -0.21
2 -0.49 -0.73 -0.67 -1.01 -0.34 -0.82 -0.37 -0.21 -0.03 0.09 0.40 -0.34
3 -0.49 -0.76 -0.70 -1.01 -0.30 -0.82 -0.37 -0.24 -0.06 0.03 0.40 -0.40
4 -0.52 -0.76 -0.70 -1.04 -0.34 -0.85 -0.37 -0.24 -0.09 0.00 0.37 -0.43
5 -0.49 -0.76 -0.70 -1.01 -0.30 -0.82 -0.37 -0.27 -0.09 0.00 0.37 -0.46
6 -0.52 -0.76 -0.70 -1.04 -0.34 -0.85 -0.37 -0.27 -0.09 0.00 0.40 -0.46
7 -0.52 -0.76 -0.70 -1.04 -0.34 -0.85 -0.37 -0.27 -0.12 0.00 0.37 -0.49
8 -0.52 -0.76 -0.70 -1.04 -0.30 -0.85 -0.37 -0.30 -0.12 0.00 0.40 -0.49
9 -0.52 -0.76 -0.70 -1.04 -0.30 -0.85 -0.40 -0.30 -0.15 -0.03 0.37 -0.52
10 -0.52 -0.76 -0.67 -1.01 -0.30 -0.85 -0.37 -0.34 -0.12 0.00 0.40 -0.52
11 -0.52 -0.79 -0.70 -1.04 -0.34 -0.88 -0.40 -0.30 -0.15 0.00 0.40 -0.52
12 -0.52 -0.76 -0.70 -1.04 -0.30 -0.85 -0.37 -0.34 -0.15 -0.03 0.40 -0.52

Avg. -0.51 -0.76 -0.70 -1.02 -0.32 -0.85 -0.37 -0.27 -0.10 0.02 0.38 -0.44

Table 5.5. CNN estimated risk (m) in layer 4 for a = 0.5.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -0.53 -0.75 -0.69 -1.11 -0.32 -0.80 -0.38 -0.22 -0.01 0.06 0.23 -0.28
2 -0.52 -0.83 -0.76 -1.12 -0.38 -0.85 -0.42 -0.29 -0.11 -0.01 0.27 -0.43
3 -0.51 -0.84 -0.77 -1.09 -0.37 -0.88 -0.41 -0.29 -0.11 -0.02 0.29 -0.44
4 -0.53 -0.79 -0.72 -1.03 -0.32 -0.83 -0.37 -0.28 -0.11 -0.01 0.33 -0.44
5 -0.54 -0.75 -0.68 -1.03 -0.29 -0.82 -0.36 -0.29 -0.10 0.00 0.35 -0.46
6 -0.53 -0.74 -0.68 -1.06 -0.31 -0.82 -0.37 -0.30 -0.10 0.00 0.36 -0.46
7 -0.60 -0.79 -0.72 -1.08 -0.31 -0.84 -0.39 -0.32 -0.12 -0.02 0.35 -0.49
8 -0.51 -0.74 -0.69 -1.03 -0.31 -0.84 -0.39 -0.30 -0.12 -0.02 0.36 -0.48
9 -0.58 -0.81 -0.72 -1.07 -0.31 -0.84 -0.37 -0.34 -0.15 -0.04 0.34 -0.51
10 -0.57 -0.78 -0.72 -1.08 -0.33 -0.84 -0.38 -0.32 -0.12 -0.03 0.37 -0.49
11 -0.55 -0.76 -0.70 -1.07 -0.33 -0.85 -0.40 -0.35 -0.14 -0.04 0.37 -0.53
12 -0.55 -0.79 -0.73 -1.07 -0.34 -0.85 -0.39 -0.33 -0.15 -0.05 0.35 -0.52

Avg. -0.54 -0.78 -0.71 -1.07 -0.33 -0.84 -0.39 -0.30 -0.11 -0.01 0.33 -0.46
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Table 5.6. MODFLOW simulated risk (m) in layer 4 for a = 0.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -0.70 -0.43 -0.61 -0.46 -0.06 0.21 0.79 -0.21 -0.03 0.09 0.40 -0.40
2 -0.76 -0.43 -0.64 -0.49 -0.03 0.21 0.79 -0.34 -0.12 0.03 0.49 -0.58
3 -0.76 -0.40 -0.61 -0.46 -0.03 0.18 0.79 -0.37 -0.15 0.00 0.49 -0.64
4 -0.76 -0.40 -0.61 -0.46 -0.03 0.18 0.79 -0.40 -0.18 -0.03 0.52 -0.67
5 -0.76 -0.40 -0.64 -0.49 -0.03 0.18 0.82 -0.43 -0.21 -0.06 0.49 -0.73
6 -0.79 -0.40 -0.61 -0.46 0.00 0.21 0.82 -0.43 -0.21 -0.03 0.52 -0.73
7 -0.79 -0.40 -0.61 -0.46 0.00 0.21 0.82 -0.46 -0.21 -0.06 0.52 -0.76
8 -0.79 -0.40 -0.64 -0.49 0.00 0.21 0.82 -0.43 -0.21 -0.06 0.52 -0.76
9 -0.82 -0.40 -0.61 -0.46 0.00 0.18 0.82 -0.46 -0.24 -0.06 0.52 -0.79
10 -0.82 -0.43 -0.64 -0.49 -0.03 0.15 0.82 -0.46 -0.24 -0.09 0.52 -0.79
11 -0.82 -0.40 -0.64 -0.49 0.00 0.18 0.82 -0.49 -0.24 -0.09 0.52 -0.82
12 -0.82 -0.40 -0.64 -0.49 0.00 0.18 0.82 -0.49 -0.24 -0.06 0.55 -0.82

Avg. -0.78 -0.40 -0.62 -0.47 -0.02 0.19 0.81 -0.41 -0.19 -0.04 0.50 -0.71

Table 5.7. CNN estimated risk (m) in layer 4 for a = O.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -0.77 -0.40 -0.61 -0.56 -0.03 0.25 0.79 -0.34 -0.08 0.03 0.32 -0.49
2 -0.76 -0.48 -0.68 -0.53 -0.08 0.19 0.75 -0.43 -0.20 -0.05 0.38 -0.68
3 -0.75 -0.47 -0.68 -0.51 -0.08 0.15 0.78 -0.41 -0.19 -0.06 0.43 -0.67
4 -0.78 -0.42 -0.64 -0.48 -0.03 0.21 0.82 -0.41 -0.20 -0.05 0.48 -0.70
5 -0.78 -0.40 -0.60 -0.46 0.00 0.20 0.80 -0.42 -0.19 -0.05 0.49 -0.71
6 -0.79 -0.39 -0.61 -0.49 0.00 0.22 0.81 -0.43 -0.20 -0.06 0.49 -0.73
7 -0.81 -0.44 -0.64 -0.49 -0.01 0.19 0.78 -0.45 -0.23 -0.08 0.48 -0.76
8 -0.75 -0.38 -0.60 -0.46 -0.02 0.19 0.78 -0.43 -0.20 -0.07 0.51 -0.74
9 -0.81 -0.45 -0.63 -0.49 -0.02 0.20 0.81 -0.46 -0.24 -0.08 0.48 -0.77
10 -0.75 -0.41 -0.63 -0.48 -0.05 0.17 0.79 -0.45 -0.22 -0.07 0.51 -0.75
11 -0.75 -0.39 -0.61 -0.46 -0.05 0.17 0.77 -0.48 -0.25 -0.09 0.49 -0.79
12 -0.77 -0.44 -0.65 -0.46 -0.04 0.19 0.80 -0.45 -0.24 -0.09 0.51 -0.77

Avg. -0.77 -0.42 -0.63 -0.49 -0.03 0.20 0.79 -0.43 -0.20 -0.06 0.46 -0.71



Table 5.8. MODFLOW simulated risk (m) in layer 5 for a = 1.0.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -3.57 -2.38 -1.83 -2.10 -1.01 -1.40 -0.79 -0.15 0.00 0.06 0.12 -0.18
2 -3.57 -2.38 -1.83 -2.10 -0.98 -1.37 -0.79 -0.18 -0.09 0.00 0.09 -0.27
3 -3.57 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.21 -0.12 0.00 0.09 -0.30
4 -3.57 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.21 -0.12 -0.03 0.09 -0.30
5 -3.54 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.24 -0.12 -0.03 0.09 -0.34
6 -3.57 -2.38 -1.83 -2.10 -0.98 -1.43 -0.79 -0.24 -0.15 -0.06 0.06 -0.34
7 -3.54 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.24 -0.12 -0.03 0.09 -0.34
8 -3.54 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.27 -0.12 -0.03 0.09 -0.34
9 -3.57 -2.38 -1.83 -2.13 -1.01 -1.43 -0.79 -0.27 -0.15 -0.06 0.06 -0.37

10 -3.54 -2.38 -1.83 -2.10 -0.98 -1.40 -0.79 -0.24 -0.15 -0.06 0.06 -0.34
11 -3.57 -2.38 -1.83 -2.10 -0.98 -1.43 -0.82 -0.27 -0.15 -0.06 0.06 -0.37
12 -3.57 -2.41 -1.83 -2.10 -0.98 -1.40 -0.79 -0.24 -0.15 -0.09 0.06 -0.34

Avg. -3.56 -2.38 -1.83 -2.11 -0.98 -1.41 -0.80 -0.23 -0.12 -0.03 0.08 -0.32

Table 5.9. CNN estimated risk (m) in layer 5 for a = 1.0.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -3.53 -2.35 -1.81 -2.09 -0.98 -1.38 -0.77 -0.16 -0.09 0.00 0.01 -0.20
2 -3.61 -2.45 -1.87 -2.18 -0.99 -1.36 -0.80 -0.25 -0.14 -0.03 0.01 -0.31
3 -3.55 -2.48 -1.92 -2.19 -1.04 -1.44 -0.82 -0.26 -0.16 -0.05 -0.02 -0.32
4 -3.56 -2.45 -1.90 -2.15 -1.01 -1.40 -0.76 -0.23 -0.14 -0.04 -0.01 -0.29
5 -3.60 -2.39 -1.82 -2.08 -0.93 -1.39 -0.81 -0.21 -0.12 -0.02 0.03 -0.29
6 -3.51 -2.30 -1.75 -2.03 -0.94 -1.46 -0.88 -0.21 -0.10 -0.03 0.04 -0.27
7 -3.75 -2.50 -1.84 -2.15 -0.96 -1.53 -0.90 -0.23 -0.11 -0.06 0.03 -0.30
8 -3.68 -2.40 -1.90 -2.20 -0.97 -1.46 -0.84 -0.26 -0.17 -0.05 0.02 -0.35
9 -3.74 -2.49 -1.88 -2.17 -0.94 -1.41 -0.82 -0.27 -0.15 -0.05 0.04 -0.35
10 -3.79 -2.51 -1.90 -2.22 -0.98 -1.48 -0.86 -0.26 -0.13 -0.05 0.04 -0.34
11 -3.76 -2.53 -1.90 -2.21 -0.97 -1.40 -0.80 -0.28 -0.15 -0.06 0.04 -0.37
12 -3.78 -2.49 -1.89 -2.16 -1.00 -1.44 -0.82 -0.26 -0.15 -0.06 0.04 -0.34

Avg. -3.66 -2.45 -1.86 -2.15 -0.98 -1.43 -0.82 -0.24 -0.13 -0.04 0.02 -0.31
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Table 5.10. MODFLOW simulated risk (m) in layer 5 for a = 0.5.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.04 -2.41 -1.58 -2.07 -0.79 -1.37 -0.67 -0.09 0.06 0.12 0.34 -0.18
2 -1.07 -2.41 -1.58 -2.07 -0.76 -1.37 -0.64 -0.18 -0.03 0.06 0.37 -0.34
3 -1.04 -2.38 -1.55 -2.07 -0.76 -1.37 -0.64 -0.24 -0.06 0.06 0.40 -0.40
4 -1.07 -2.41 -1.58 -2.07 -0.76 -1.40 -0.64 -0.24 -0.09 0.00 0.37 -0.43
5 -1.07 -2.38 -1.55 -2.07 -0.76 -1.40 -0.67 -0.27 -0.12 0.00 0.37 -0.46
6 -1.07 -2.38 -1.55 -2.07 -0.73 -1.37 -0.64 -0.27 -0.09 0.00 0.40 -0.46
7 -1.07 -2.38 -1.55 -2.07 -0.73 -1.37 -0.64 -0.27 -0.09 0.00 0.40 -0.46
8 -1.07 -2.41 -1.58 -2.10 -0.76 -1.40 -0.64 -0.30 -0.12 -0.03 0.37 -0.49
9 -1.07 -2.41 -1.58 -2.07 -0.73 -1.40 -0.64 -0.30 -0.12 -0.03 0.40 -0.49
10 -1.10 -2.41 -1.55 -2.07 -0.73 -1.40 -0.67 -0.30 -0.15 0.00 0.40 -0.52
11 -1.07 -2.38 -1.55 -2.07 -0.73 -1.40 -0.64 -0.30 -0.15 0.00 0.40 -0.52
12 -1.10 -2.41 -1.58 -2.10 -0.73 -1.40 -0.67 -0.34 -0.15 -0.03 0.40 -0.52

Avg. -1.07 -2.40 -1.57 -2.08 -0.75 -1.39 -0.65 -0.26 -0.09 0.01 0.38 -0.44

Table 5.11. CNN estimated risk (m) in layer 5 for a = 0.5.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.00 -2.40 -1.55 -2.04 -0.76 -1.29 -0.56 -0.15 -0.02 0.05 0.23 -0.24
2 -1.07 -2.53 -1.65 -2.14 -0.78 -1.31 -0.60 -0.28 -0.12 -0.01 0.26 -0.42
3 -1.07 -2.52 -1.66 -2.17 -0.81 -1.41 -0.66 -0.29 -0.12 -0.02 0.29 -0.44
4 -1.11 -2.47 -1.61 -2.09 -0.74 -1.32 -0.58 -0.27 -0.11 -0.02 0.32 -0.43
5 -1.11 -2.40 -1.54 -2.05 -0.71 -1.37 -0.65 -0.27 -0.10 0.00 0.35 -0.45
6 -1.08 -2.41 -1.55 -2.06 -0.71 -1.41 -0.69 -0.27 -0.10 -0.01 0.35 -0.45
7 -1.14 -2.42 -1.55 -2.07 -0.73 -1.42 -0.69 -0.30 -0.12 -0.03 0.35 -0.48
8 -1.03 -2.35 -1.55 -2.06 -0.74 -1.42 -0.69 -0.29 -0.13 -0.02 0.36 -0.49
9 -1.12 -2.46 -1.59 -2.09 -0.72 -1.37 -0.62 -0.32 -0.16 -0.04 0.34 -0.52
10 -1.07 -2.42 -1.60 -2.10 -0.77 -1.41 -0.66 -0.31 -0.13 -0.04 0.35 -0.49
11 -1.07 -2.41 -1.55 -2.07 -0.74 -1.37 -0.65 -0.33 -0.14 -0.04 0.36 -0.53
12 -1.13 -2.43 -1.61 -2.11 -0.75 -1.36 -0.63 -0.33 -0.16 -0.05 0.35 -0.53

Avg. -1.08 -2.44 -1.58 -2.09 -0.75 -1.37 -0.64 -0.28 -0.12 -0.02 0.33 -0.46
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Table 5.12. MODFLOW simulated risk (m) in layer 5 for a = O.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.28 -2.01 -1.49 -1.25 -0.27 1.80 2.68 -0.21 -0.03 0.09 0.40 -0.40
2 -1.34 -2.01 -1.49 -1.25 -0.27 1.77 2.68 -0.34 -0.12 0.03 0.49 -0.58
3 -1.34 -1.98 -1.46 -1.25 -0.27 1.77 2.68 -0.40 -0.15 0.00 0.49 -0.67
4 -1.34 -1.98 -1.46 -1.25 -0.27 1.77 2.71 -0.43 -0.18 -0.03 0.52 -0.70
5 -1.34 -1.98 -1.46 -1.25 -0.27 1.77 2.71 -0.43 -0.18 -0.03 0.52 -0.70
6 -1.34 -1.98 -1.49 -1.25 -0.24 1.77 2.71 -0.43 -0.21 -0.03 0.52 -0.73
7 -1.34 -1.98 -1.49 -1.28 -0.27 1.77 2.71 -0.46 -0.21 -0.06 0.52 -0.76
8 -1.37 -1.98 -1.49 -1.25 -0.24 1.77 2.71 -0.46 -0.24 -0.06 0.52 -0.79
9 -1.37 -1.98 -1.49 -1.28 -0.27 1.77 2.74 -0.46 -0.24 -0.06 0.52 -0.79

10 -1.37 -1.98 -1.49 -1.25 -0.24 1.77 2.74 -0.46 -0.24 -0.09 0.52 -0.79
11 -1.40 -1.98 -1.49 -1.28 -0.27 1.74 2.71 -0.49 -0.24 -0.09 0.52 -0.82
12 -1.40 -1.98 -1.49 -1.28 -0.27 1.74 2.71 -0.49 -0.24 -0.09 0.52 -0.82

Avg. -1.35 -1.99 -1.49 -1.26 -0.27 1.77 2.71 -0.42 -0.19 -0.04 0.50 -0.71

Table 5.13. CNN estimated risk (m) in layer 5 for a = 0.

Month R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12
0 -0.15 0.00 0.00 0.00 -0.09 0.00 -0.06 0.21 0.21 0.21 0.06 0.27
1 -1.26 -1.98 -1.45 -1.22 -0.28 1.87 2.76 -0.26 -0.09 0.02 0.32 -0.45
2 -1.33 -2.12 -1.55 -1.32 -0.31 1.86 2.73 -0.42 -0.20 -0.04 0.38 -0.67
3 -1.33 -2.09 -1.56 -1.34 -0.33 1.77 2.70 -0.42 -0.19 -0.05 0.44 -0.68
4 -1.38 -2.03 -1.49 -1.26 -0.25 1.83 2.75 -0.41 -0.20 -0.06 0.47 -0.70
5 -1.37 -1.98 -1.44 -1.23 -0.25 1.74 2.66 -0.41 -0.19 -0.05 0.48 -0.71
6 -1.37 -1.99 -1.45 -1.24 -0.24 1.74 2.66 -0.42 -0.20 -0.06 0.49 -0.72
7 -1.41 -1.99 -1.46 -1.26 -0.25 1.74 2.64 -0.46 -0.22 -0.07 0.49 -0.76
8 -1.30 -1.96 -1.41 -1.19 -0.26 1.74 2.65 -0.44 -0.21 -0.07 0.51 -0.75
9 -1.39 -2.02 -1.48 -1.27 -0.25 1.78 2.70 -0.48 -0.25 -0.08 0.48 -0.79

10 -1.32 -2.00 -1.49 -1.26 -0.30 1.76 2.70 -0.45 -0.22 -0.07 0.51 -0.76
11 -1.31 -1.98 -1.44 -1.23 -0.29 1.78 2.68 -0.48 -0.24 -0.09 0.50 -0.79
12 -1.34 -1.98 -1.52 -1.30 -0.29 1.81 2.73 -0.47 -0.25 -0.08 0.51 -0.79

Avg. -1.34 -2.01 -1.48 -1.26 -0.27 1.78 2.70 -0.43 -0.20 -0.06 0.47 -0.72



Table 5.14. Min 1 1 norm results from CNN-derived Pareto frontier.
Supply

w1

Risk
w2

Supply
f1

Risk
f2

W22
X 1000
m 3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000
m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0 1 0 0 0 0 0 -255
0.05 0.95 0 1 0 0 0 0 0 -255
0.075 0.925 0 1 0 0 0 0 0 -255

0.1 0.9 0 1 0 0 0 0 0 -255
0.125 0.875 0 1 0 0 0 0 0 -255
0.15 0.85 0.09 0.986 0 468 0 0 468 -252
0.175 0.825 0.09 0.986 0 468 0 0 468 -252

0.2 0.8 0.268 0.948 0 1393 0 0 1393 -245
0.225 0.775 0.268 0.948 0 1393 0 0 1393 -245
0.25 0.75 0.268 0.948 0 1393 0 0 1393 -245

0.275 0.725 0.268 0.948 0 1393 0 0 1393 -245
0.3 0.7 0.318 0.928 0 1393 0 260 1653 -241

0.325 0.675 0.318 0.928 0 1393 0 260 1653 -241
0.35 0.65 0.365 0.904 0 1393 0 504 1897 -236

0.375 0.625 0.487 0.836 118 1393 0 1020 2531 -223
0.4 0.6 0.487 0.836 118 1393 0 1020 2531 -223

0.425 0.575 0.732 0.658 1393 1393 0 1020 3806 -189
0.45 0.55 0.732 0.658 1393 1393 0 1020 3806 -189

0.475 0.525 0.732 0.658 1393 1393 0 1020 3806 -189
0.5 0.5 0.732 0.658 1393 1393 0 1020 3806 -189

Table 5.15. Min 12 norm results from CNN-derived Pareto frontier.
Supply

w1

Risk
w2

Supply
f1

Risk
f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000
m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.268 0.948 0 1393 0 0 1393 -245
0.05 0.95 0.318 0.928 0 1393 0 260 1653 -241

0.075 0.925 0.365 0.904 0 1393 0 504 1897 -236
0.1 0.9 0.365 0.904 0 1393 0 504 1897 -236

0.125 0.875 0.487 0.836 118 1393 0 1020 2531 -223
0.15 0.85 0.487 0.836 118 1393 0 1020 2531 -223
0.175 0.825 0.487 0.836 118 1393 0 1020 2531 -223

0.2 0.8 0.499 0.827 181 1393 0 1020 2594 -221
0.225 0.775 0.523 0.81 306 1393 0 1020 2719 -218
0.25 0.75 0.547 0.792 430 1393 0 1020 2843 -215
0.275 0.725 0.57 0.776 550 1393 0 1020 2963 -211

0.3 0.7 0.592 0.76 664 1393 0 1020 3077 -208
0.325 0.675 0.614 0.744 779 1393 0 1020 3192 -205
0.35 0.65 0.634 0.729 883 1393 0 1020 3296 -202
0.375 0.625 0.654 0.715 986 1393 0 1020 3399 -200

0.4 0.6 0.674 0.7 1090 1393 0 1020 3503 -197
0.425 0.575 0.692 0.687 1184 1393 0 1020 3597 -194
0.45 0.55 0.71 0.674 1278 1393 0 1020 3691 -192

0.475 0.525 0.728 0.661 1371 1393 0 1020 3784 -189
0.5 0.5 0.732 0.658 1393 1393 0 1020 3806 -189
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Table 5.16. Max 1 2 norm results from CNN-derived Pareto frontier.
Supply

w1

Risk
W2

Supply
1.1

Risk
f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.129 0.978 0 671 0 0 671 -250
0.05 0.95 0.217 0.959 0 1128 0 0 1128 -247
0.075 0.925 0.283 0.942 0 1393 0 78 1471 -244

0.1 0.9 0.324 0.925 0 1393 0 291 1684 -240
0.125 0.875 0.357 0.908 0 1393 0 463 1856 -237
0.15 0.85 0.365 0.904 0 1393 0 504 1897 -236
0.175 0.825 0.365 0.904 0 1393 0 504 1897 -236

0.2 0.8 0.384 0.846 0 1393 0 603 1996 -225
0.225 0.775 0.448 0.84 0 1393 0 936 2329 -224
0.25 0.75 0.493 0.832 150 1393 0 1020 2563 -222
0.275 0.725 0.515 0.816 264 1393 0 1020 2677 -219

0.3 0.7 0.535 0.801 368 1393 0 1020 2781 -216
0.325 0.675 0.556 0.786 477 1393 0 1020 2890 -213
0.35 0.65 0.576 0.771 581 1393 0 1020 2994 -211
0.375 0.625 0.595 0.758 680 1393 0 1020 3093 -208

0.4 0.6 0.615 0.743 784 1393 0 1020 3197 -205
0.425 0.575 0.634 0.729 883 1393 0 1020 3296 -202
0.45 0.55 0.653 0.715 981 1393 0 1020 3394 -200

0.475 0.525 0.671 0.702 1075 1393 0 1020 3488 -197
0.5 0.5 0.689 0.689 1168 1393 0 1020 3581 -195

Table 5.17. Max I. norm results from CNN-derived Pareto frontier.
Supply

vvi
Risk

W2
Supply

fi
Risk

f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000

m 3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0 1 0 0 0 0 0 -255
0.05 0.95 0 1 0 0 0 0 0 -255
0.075 0.925 0 1 0 0 0 0 0 -255

0.1 0.9 0 1 0 0 0 0 0 -255
0.125 0.875 0 1 0 0 0 0 0 -255
0.15 0.85 0 1 0 0 0 0 0 -255

0.175 0.825 0 1 0 0 0 0 0 -255
0.2 0.8 0 1 0 0 0 0 0 -255

0.225 0.775 0 1 0 0 0 0 0 -255
0.25 0.75 0 1 0 0 0 0 0 -255

0.275 0.725 0 1 0 0 0 0 0 -255
0.3 0.7 0 1 0 0 0 0 0 -255

0.325 0.675 0 1 0 0 0 0 0 -255
0.35 0.65 0 1 0 0 0 0 0 -255

0.375 0.625 0 1 0 0 0 0 0 -255
0.4 0.6 0 1 0 0 0 0 0 -255

0.425 0.575 0 1 0 0 0 0 0 -255
0.45 0.55 0 1 0 0 0 0 0 -255
0.475 0.525 0 1 0 0 0 0 0 -255

0.5 0.5 1 0 1393 1393 1393 1020 5199 -61
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Table 5.18. Min l norm results from MODFLOW-derived Pareto frontier.
Supply

W1

Risk
W2

Supply
f1

Risk
f2

W22
X 1000

m3/y r

W24
X 1000

m3/yr

W29
X 1000

m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

o 1 o 1 0 o o 0 0 -247
0.025 0.975 0 1 0 0 0 0 0 -247
0.05 0.95 0 1 0 0 0 0 0 -247

0.075 0.925 0 1 0 0 0 0 0 -247
0.1 0.9 0 1 0 0 0 0 0 -247

0.125 0.875 0 1 0 0 0 0 0 -247
0.15 0.85 0 1 0 0 0 0 0 -247
0.175 0.825 0 1 0 0 0 0 0 -247

0.2 0.8 0.09 0.98 0 468 0 0 468 -243
0.225 0.775 0.268 0.935 0 1393 0 0 1393 -234
0.25 0.75 0.301 0.925 0 1393 0 172 1565 -232

0.275 0.725 0.301 0.925 0 1393 0 172 1565 -232
0.3 0.7 0.301 0.925 0 1393 0 172 1565 -232

0.325 0.675 0.415 0.872 0 1393 0 764 2157 -223
0.35 0.65 0.415 0.872 0 1393 0 764 2157 -223

0.375 0.625 0.487 0.831 118 1393 0 1020 2531 -215
0.4 0.6 0.487 0.831 118 1393 0 1020 2531 -215

0.425 0.575 0.732 0.661 1393 1393 0 1020 3806 -183
0.45 0.55 0.732 0.661 1393 1393 0 1020 3806 -183

0.475 0.525 0.732 0.661 1393 1393 0 1020 3806 -183
0.5 0.5 0.732 0.661 1393 1393 0 1020 3806 -183

Table 5.19. Min 1 2 norm results from MODFLOW-derived Pareto frontier.
Supply

WI

Risk
w2

Supply
fl

Risk
f2

W22
x 1000
m3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000

m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.268 0.935 0 1393 0 0 1393 -234
0.05 0.95 0.306 0.923 0 1393 0 198 1591 -232

0.075 0.925 0.387 0.884 0 1393 0 619 2012 -225
0.1 0.9 0.415 0.872 0 1393 0 764 2157 -223

0.125 0.875 0.438 0.859 0 1393 0 884 2277 -220
0.15 0.85 0.476 0.837 61 1393 0 1020 2474 -216

0.175 0.825 0.487 0.831 118 1393 0 1020 2531 -215
0.2 0.8 0.502 0.821 196 1393 0 1020 2609 -213

0.225 0.775 0.528 0.803 332 1393 0 1020 2745 -209
0.25 0.75 0.553 0.785 461 1393 0 1020 2874 -206

0.275 0.725 0.577 0.769 586 1393 0 1020 2999 -203
0.3 0.7 0.6 0.753 706 1393 0 1020 3119 -200

0.325 0.675 0.622 0.737 820 1393 0 1020 3233 -197
0.35 0.65 0.643 0.723 929 1393 0 1020 3342 -194

0.375 0.625 0.663 0.709 1033 1393 0 1020 3446 -192
0.4 0.6 0.683 0.695 1137 1393 0 1020 3550 -189

0.425 0.575 0.702 0.682 1236 1393 0 1020 3649 -187
0.45 0.55 0.72 0.669 1330 1393 0 1020 3743 -184

0.475 0.525 0.732 0.661 1393 1393 0 1020 3806 -183
0.5 0.5 0.732 0.661 1393 1393 0 1020 3806 -183
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Table 5.20. Max 1 2 norm results from MODFLOW-derived Pareto frontier.
Supply

W1

Risk
W2

Supply
fl

Risk
f2

W22
x 1000
m3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000
m 3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.102 0.977 0 530 0 0 530 -242
0.05 0.95 0.181 0.957 0 941 0 0 941 -239
0.075 0.925 0.251 0.939 0 1305 0 0 1305 -235

0.1 0.9 0.305 0.923 0 1393 0 192 1585 -232
0.125 0.875 0.332 0.905 0 1393 0 333 1726 -229
0.15 0.85 0.374 0.89 0 1393 0 551 1944 -226
0.175 0.825 0.409 0.875 0 1393 0 733 2126 -223

0.2 0.8 0.437 0.859 0 1393 0 879 2272 -220
0.225 0.775 0.464 0.844 0 1393 0 1019 2412 -217
0.25 0.75 0.489 0.83 129 1393 0 1020 2542 -215
0.275 0.725 0.511 0.814 243 1393 0 1020 2656 -212
0.3 0.7 0.532 0.8 352 1393 0 1020 2765 -209

0.325 0.675 0.553 0.785 461 1393 0 1020 2874 -206
0.35 0.65 0.574 0.771 571 1393 0 1020 2984 -203
0.375 0.625 0.594 0.757 675 1393 0 1020 3088 -201
0.4 0.6 0.614 0.743 779 1393 0 1020 3192 -198

0.425 0.575 0.634 0.729 883 1393 0 1020 3296 -196
0.45 0.55 0.653 0.716 981 1393 0 1020 3394 -193

0.475 0.525 0.672 0.703 1080 1393 0 1020 3493 -191
0.5 0.5 0.69 0.69 1174 1393 0 1020 3587 -188

Table 5.21. Max L norm results from MODFLOW-derived Pareto frontier.
Supply

VV1

Risk
W2

Supply
fl

Risk
f2

W22
X 1000
m 3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000

m 3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0 1 0 0 0 0 0 -247
0.05 0.95 0 1 0 0 0 0 0 -247

0.075 0.925 0 1 0 0 0 0 0 -247
0.1 0.9 0 1 0 0 0 0 0 -247

0.125 0.875 0 1 0 0 0 0 0 -247
0.15 0.85 0 1 0 0 0 0 0 -247

0.175 0.825 0 1 0 0 0 0 0 -247
0.2 0.8 0 1 0 0 0 0 0 -247

0.225 0.775 0 1 0 0 0 0 0 -247
0.25 0.75 0 1 0 0 0 0 0 -247
0.275 0.725 0 1 0 0 0 0 0 -247

0.3 0.7 0 1 0 0 0 0 0 -247
0.325 0.675 0 1 0 0 0 0 0 -247
0.35 0.65 0 1 0 0 0 0 0 -247
0.375 0.625 0 1 0 0 0 0 0 -247

0.4 0.6 0 1 0 0 0 0 0 -247
0.425 0.575 0 1 0 0 0 0 0 -247
0.45 0.55 0 1 0 0 0 0 0 -247
0.475 0.525 0 1 0 0 0 0 0 -247
0.5 0.5 1 0 1393 1393 1393 1020 5199 -58
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Table 5.22. Non-symmetric Nash results from CNN-derived Pareto frontier.
Supply

w1
Risk

W2

Supply
fl

Risk
f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.118 0.98 0 613 0 0 613 -251
0.05 0.95 0.235 0.955 0 1222 0 0 1222 -246

0.075 0.925 0.268 0.948 0 1393 0 0 1393 -245
0.1 0.9 0.268 0.948 0 1393 0 0 1393 -245

0.125 0.875 0.318 0.928 0 1393 0 260 1653 -241
0.15 0.85 0.318 0.928 0 1393 0 260 1653 -241

0.175 0.825 0.365 0.904 0 1393 0 504 1897 -236
0.2 0.8 0.365 0.904 0 1393 0 504 1897 -236

0.225 0.775 0.487 0.836 118 1393 0 1020 2531 -223
0.25 0.75 0.487 0.836 118 1393 0 1020 2531 -223

0.275 0.725 0.487 0.836 118 1393 0 1020 2531 -223
0.3 0.7 0.491 0.833 139 1393 0 1020 2552 -222

0.325 0.675 0.532 0.803 352 1393 0 1020 2765 -217
0.35 0.65 0.573 0.774 565 1393 0 1020 2978 -211

0.375 0.625 0.614 0.744 779 1393 0 1020 3192 -205
0.4 0.6 0.655 0.714 992 1393 0 1020 3405 -199

0.425 0.575 0.696 0.684 1205 1393 0 1020 3618 -194
0.45 0.55 0.732 0.658 1393 1393 0 1020 3806 -189

0.475 0.525 0.732 0.658 1393 1393 0 1020 3806 -189
0.5 0.5 0.732 0.658 1393 1393 0 1020 3806 -189

Table 5.23. Non-symmetric Kalai-Smorodinsky results from CNN-derived Pareto frontier.
Supply

W1

Risk
W2

Supply
f1

Risk
f2

W22
x 1000
m 3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.026 0.996 0 135 0 0 135 -254
0.05 0.95 0.052 0.992 0 270 0 0 270 -253

0.075 0.925 0.08 0.988 0 416 0 0 416 -252
0.1 0.9 0.109 0.982 0 567 0 0 567 -251

0.125 0.875 0.139 0.976 0 723 0 0 723 -250
0.15 0.85 0.171 0.969 0 889 0 0 889 -249

0.175 0.825 0.204 0.962 0 1060 0 0 1060 -247
0.2 0.8 0.239 0.954 0 1242 0 0 1242 -246

0.225 0.775 0.274 0.946 0 1393 0 31 1424 -244
0.25 0.75 0.31 0.931 0 1393 0 218 1611 -241

0.275 0.725 0.346 0.914 0 1393 0 406 1799 -238
0.3 0.7 0.366 0.848 0 1393 0 509 1902 -225

0.325 0.675 0.406 0.844 0 1393 0 717 2110 -225
0.35 0.65 0.452 0.839 0 1393 0 956 2349 -224

0.375 0.625 0.497 0.829 170 1393 0 1020 2583 -222
0.4 0.6 0.534 0.802 363 1393 0 1020 2776 -216

0.425 0.575 0.572 0.774 560 1393 0 1020 2973 -211
0.45 0.55 0.611 0.746 763 1393 0 1020 3176 -206
0.475 0.525 0.65 0.718 966 1393 0 1020 3379 -200

0.5 0.5 0.689 0.689 1168 1393 0 1020 3581 -195
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Table 5.24. Non-symmetric area monotonic results from CNN-derived Pareto frontier.
Supply

w1

Risk
w2

Supply
f1

Risk
f2

W22
x 1000
m 3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000

m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.036 0.994 0 187 0 0 187 -254
0.05 0.95 0.072 0.989 0 374 0 0 374 -253
0.075 0.925 0.108 0.982 0 561 0 0 561 -251

0.1 0.9 0.143 0.975 0 743 0 0 743 -250
0.125 0.875 0.179 0.967 0 930 0 0 930 -248
0.15 0.85 0.215 0.959 0 1118 0 0 1118 -247
0.175 0.825 0.25 0.952 0 1300 0 0 1300 -245
0.2 0.8 0.285 0.941 0 1393 0 88 1481 -243

0.225 0.775 0.319 0.927 0 1393 0 265 1658 -241
0.25 0.75 0.352 0.911 0 1393 0 437 1830 -237
0.275 0.725 0.387 0.846 0 1393 0 619 2012 -225
0.3 0.7 0.427 0.842 0 1393 0 827 2220 -224

0.325 0.675 0.468 0.838 20 1393 0 1020 2433 -223
0.35 0.65 0.503 0.824 202 1393 0 1020 2615 -221
0.375 0.625 0.533 0.803 358 1393 0 1020 2771 -217
0.4 0.6 0.563 0.781 513 1393 0 1020 2926 -212

0.425 0.575 0.593 0.759 669 1393 0 1020 3082 -208
0.45 0.55 0.624 0.736 831 1393 0 1020 3244 -204
0.475 0.525 0.654 0.715 986 1393 0 1020 3399 -200

0.5 0.5 0.684 0.693 1142 1393 0 1020 3555 -195

Table 5.25. Non-symmetric equal loss results from CNN-derived Pareto frontier.
Supply

w1

Risk
w2

Supply
f1

Risk
f2

W22
x 1000
m3/yr

W24
x 1000
m3/yr

W29
x 1000
m3/yr

W44
x 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -255
0.025 0.975 0.129 0.978 0 671 0 0 671 -250
0.05 0.95 0.217 0.959 0 1128 0 0 1128 -247
0.075 0.925 0.283 0.942 0 1393 0 78 1471 -244

0.1 0.9 0.324 0.925 0 1393 0 291 1684 -240
0.125 0.875 0.357 0.908 0 1393 0 463 1856 -237
0.15 0.85 0.365 0.904 0 1393 0 504 1897 -236
0.175 0.825 0.366 0.848 0 1393 0 509 1902 -225

0.2 0.8 0.384 0.846 0 1393 0 603 1996 -225
0.225 0.775 0.448 0.84 0 1393 0 936 2329 -224
0.25 0.75 0.494 0.831 155 1393 0 1020 2568 -222
0.275 0.725 0.515 0.816 264 1393 0 1020 2677 -219

0.3 0.7 0.535 0.801 368 1393 0 1020 2781 -216
0.325 0.675 0.556 0.786 477 1393 0 1020 2890 -213
0.35 0.65 0.576 0.771 581 1393 0 1020 2994 -211
0.375 0.625 0.595 0.758 680 1393 0 1020 3093 -208

0.4 0.6 0.615 0.743 784 1393 0 1020 3197 -205
0.425 0.575 0.634 0.729 883 1393 0 1020 3296 -202
0.45 0.55 0.653 0.715 981 1393 0 1020 3394 -200
0.475 0.525 0.671 0.702 1075 1393 0 1020 3488 -197

0.5 0.5 0.689 0.689 1168 1393 0 1020 3581 -195



Table 5.26. Non-symmetric Nash results from MODFLOW-derived Pareto frontier.
Supply

W1
Risk

W2
Supply

f1
Risk

f2
W22

X 1000
m 3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

o 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.099 0.978 0 515 0 0 515 -242
0.05 0.95 0.198 0.953 0 1029 0 0 1029 -238

0.075 0.925 0.268 0.935 0 1393 0 0 1393 -234
0.1 0.9 0.301 0.925 0 1393 0 172 1565 -232

0.125 0.875 0.301 0.925 0 1393 0 172 1565 -232
0.15 0.85 0.318 0.917 0 1393 0 260 1653 -231
0.175 0.825 0.415 0.872 0 1393 0 764 2157 -223

0.2 0.8 0.415 0.872 0 1393 0 764 2157 -223
0.225 0.775 0.438 0.859 0 1393 0 884 2277 -220
0.25 0.75 0.487 0.831 118 1393 0 1020 2531 -215
0.275 0.725 0.487 0.831 118 1393 0 1020 2531 -215
0.3 0.7 0.505 0.819 212 1393 0 1020 2625 -212

0.325 0.675 0.548 0.789 436 1393 0 1020 2849 -207
0.35 0.65 0.59 0.76 654 1393 0 1020 3067 -201

0.375 0.625 0.632 0.73 872 1393 0 1020 3285 -196
0.4 0.6 0.674 0.701 1090 1393 0 1020 3503 -190

0.425 0.575 0.716 0.672 1309 1393 0 1020 3722 -185
0.45 0.55 0.732 0.661 1393 1393 0 1020 3806 -183

0.475 0.525 0.732 0.661 1393 1393 0 1020 3806 -183
0.5 0.5 0.732 0.661 1393 1393 0 1020 3806 -183

Table 5.27. Non-symmetric Kalai-Smorodinsky results from MODFLOW-derived Pareto frontier.
Supply

W1
Risk

W2
Supply

1.1
Risk

f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000
m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.025 0.994 0 130 0 0 130 -246
0.05 0.95 0.052 0.988 0 270 0 0 270 -244
0.075 0.925 0.08 0.982 0 416 0 0 416 -243

0.1 0.9 0.108 0.975 0 561 0 0 561 -242
0.125 0.875 0.138 0.968 0 717 0 0 717 -241
0.15 0.85 0.169 0.96 0 878 0 0 878 -239
0.175 0.825 0.202 0.952 0 1050 0 0 1050 -238

0.2 0.8 0.236 0.943 0 1227 0 0 1227 -236
0.225 0.775 0.271 0.934 0 1393 0 16 1409 -234
0.25 0.75 0.307 0.922 0 1393 0 203 1596 -232
0.275 0.725 0.342 0.901 0 1393 0 385 1778 -228

0.3 0.7 0.38 0.887 0 1393 0 582 1975 -225
0.325 0.675 0.419 0.87 0 1393 0 785 2178 -222
0.35 0.65 0.457 0.848 0 1393 0 982 2375 -218
0.375 0.625 0.495 0.825 160 1393 0 1020 2573 -214

0.4 0.6 0.533 0.799 358 1393 0 1020 2771 -209
0.425 0.575 0.571 0.773 555 1393 0 1020 2968 -204
0.45 0.55 0.61 0.746 758 1393 0 1020 3171 -199
0.475 0.525 0.65 0.718 966 1393 0 1020 3379 -194

0.5 0.5 0.69 0.69 1174 1393 0 1020 3587 -188
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Table 5.28. Non-symmetric area monotonic results from MODFLOW-derived Pareto frontier.
Supply

NV1

Risk
w2

Supply
f1

Risk
f2

W22
X 1000
m 3/yr

W24
X 1000

m3/yr

W29
X 1000
m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.036 0.992 0 187 0 0 187 -245
0.05 0.95 0.073 0.984 0 379 0 0 379 -244

0.075 0.925 0.109 0.975 0 567 0 0 567 -242
0.1 0.9 0.145 0.966 0 754 0 0 754 -240

0.125 0.875 0.181 0.957 0 941 0 0 941 -239
0.15 0.85 0.217 0.948 0 1128 0 0 1128 -237

0.175 0.825 0.254 0.939 0 1320 0 0 1320 -235
0.2 0.8 0.289 0.929 0 1393 0 109 1502 -233

0.225 0.775 0.323 0.913 0 1393 0 286 1679 -230
0.25 0.75 0.357 0.896 0 1393 0 463 1856 -227
0.275 0.725 0.392 0.882 0 1393 0 645 2038 -224

0.3 0.7 0.426 0.866 0 1393 0 821 2214 -221
0.325 0.675 0.459 0.847 0 1393 0 993 2386 -218
0.35 0.65 0.491 0.828 139 1393 0 1020 2552 -214
0.375 0.625 0.522 0.807 300 1393 0 1020 2713 -210

0.4 0.6 0.553 0.785 461 1393 0 1020 2874 -206
0.425 0.575 0.585 0.763 628 1393 0 1020 3041 -202
0.45 0.55 0.616 0.741 789 1393 0 1020 3202 -198
0.475 0.525 0.647 0.72 950 1393 0 1020 3363 -194

0.5 0.5 0.678 0.698 1111 1393 0 1020 3524 -190

Table 5.29. Non-symmetric equal loss results from MODFLOW-derived Pareto frontier.
Supply

wi

Risk
VV2

Supply
fl

Risk
f2

W22
X 1000
m3/yr

W24
X 1000
m3/yr

W29
X 1000
m3/yr

W44
X 1000

m3/yr

Total
Supply
x 1000
m 3/yr

Total
Risk

m

0 1 0 1 0 0 0 0 0 -247
0.025 0.975 0.102 0.977 0 530 0 0 530 -242
0.05 0.95 0.181 0.957 0 941 0 0 941 -239

0.075 0.925 0.251 0.939 0 1305 0 0 1305 -235
0.1 0.9 0.306 0.923 0 1393 0 198 1591 -232

0.125 0.875 0.332 0.905 0 1393 0 333 1726 -229
0.15 0.85 0.374 0.89 0 1393 0 551 1944 -226
0.175 0.825 0.409 0.875 0 1393 0 733 2126 -223

0.2 0.8 0.437 0.859 0 1393 0 879 2272 -220
0.225 0.775 0.464 0.844 0 1393 0 1019 2412 -217
0.25 0.75 0.489 0.83 129 1393 0 1020 2542 -215

0.275 0.725 0.511 0.814 243 1393 0 1020 2656 -212
0.3 0.7 0.532 0.8 352 1393 0 1020 2765 -209

0.325 0.675 0.553 0.785 461 1393 0 1020 2874 -206
0.35 0.65 0.574 0.771 571 1393 0 1020 2984 -203

0.375 0.625 0.594 0.757 675 1393 0 1020 3088 -201
0.4 0.6 0.614 0.743 779 1393 0 1020 3192 -198

0.425 0.575 0.634 0.729 883 1393 0 1020 3296 -196
0.45 0.55 0.653 0.716 981 1393 -	 0 1020 3394 -193

0.475 0.525 0.672 0.703 1080 1393 0 1020 3493 -191
0.5 0.5 0.69 0.69 1174 1393 0 1020 3587 -188
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Table 5.30. Optimal pumping rates for Parkway Wellfield

Well Number Pumping Rate (m i/min)
22 1.27
24 2.65
26 0

26B 1.89
28 2.65
29 0
44 1.94
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A FUZZY RULE-BASED METHODOLOGY FOR ESTIMATING MONTHLY

GROUNDWATER RECHARGE FOR THE TOMS RIVER BASIN

ABSTRACT

A fuzzy rule-based methodology is developed for estimating monthly groundwater

recharge using the Toms River basin in New Jersey as a case study. As an alternative to

a water budget approach, which depends upon difficult-to-measure parameters, the fuzzy

methodology simplifies model input by using air temperature as a surrogate for

evapotranspiration, and streamflow as a surrogate for both soil-moisture deficit and direct

runoff The accuracy of the fuzzy rule-based method is compared with that of linear

regression. It is found that for the most accurate fuzzy rule-based model, the mean

percent difference between its estimate and the "actual" recharge is 14.0 percent, slightly

larger than the 12.5 mean percent difference achieved with linear regression. However,

as noise was synthetically introduced into the data, the difference in predictive accuracy

between fuzzy logic and linear regression decreases. In addition, unlike linear

regression, the fuzzy rule-based approach provides physical insights into the system

which may be used to forecast recharge.



INTRODUCTION

The primary purpose of this paper is to demonstrate how a fuzzy rule-based methodology

can provide reasonable monthly estimates of groundwater recharge for a medium-sized

(319 square kilometer) basin in a temperate climate using a limited parameter set.

Reasonable recharge estimates are critical for developing accurate models of groundwater

systems. These models are often used as a tool for protecting and managing water

resources. In the Toms River study area, the New Jersey Geological Survey is

conducting a groundwater study to investigate a possible linkage between contaminated

municipal wellfield and a cancer cluster. Concurrently, a computational neural network

methodology for optimizing wellfield pumping so that possible health risks may be

appropriately balanced with supply objectives is under development by the first author.

In order to calibrate a groundwater flow model used for simulation and wellfield

optimization, the fuzzy rule-based model has been used to estimate monthly recharge

values in the basin. In addition, to help make decisions in real time, the fuzzy-rule-based

model may be used to forecast monthly recharge values.

Despite the importance of estimating temporal groundwater recharge, there is no
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universally accepted method for doing so (Hill, 1992). A common approach is to use a
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water budget equation that accounts for the fate of all water that reaches the land surface

as precipitation. This requires estimation of difficult-to-measure parameters (e.g. soil-

moisture deficit, actual evapotranspiration, direct runoff, etc.) which often vary

significantly over space and time (Freeze, 1979). The United States Geological Survey

(USGS) applied this approach to the study basin and found it seriously underestimated

recharge during summer months, producing values approaching zero (USGS). During

these months, estimated values for actual evapotranspiration (ET) typically exceed the

total sum of precipitation. USGS concluded that monthly discretization of the water

budget method does not capture recharge phenomena that occur during intense rainstorms

of short duration, typical of summer in most continental climates, such as that of New

Jersey. During these extreme events, precipitation typically exceeds ET values and soil

moisture deficits, resulting in significant groundwater recharge.

The fuzzy rule-based approach presented herein simplifies model input by using more

easily measurable parameters such as air temperature and streamflow as surrogates. Even

in these parameters, there is vagueness (imprecision) in the data. Fuzzy set theory,

introduced by Zadeh (1965) is especially well suited for handling imprecise or vague

data. Overlap of fuzzy rules smoothes out measurement error and noise in the data. In

addition, derivation of the fuzzy rules from historical record preserves an inherent

consistency between the model and the hydrologic characteristics measured in the basin.

Finally, unlike regression, the fuzzy-rule approach is "transparent", providing insight into

the physical behavior of the system under different conditions. Thus decision-makers,
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utilizing existing and projected hydroclimatological conditions for the basin, may

forecast bounds for expected monthly recharge.

STIJDY AREA

The Toms River basin, an area of temperate climate encompassing 319 square kilometers,

is located within the Atlantic Coastal Plain of New Jersey (Figure 1F). The basin overlies

the Kirkwood-Cohansey aquifer system, a major source of water supply. The vadose

zone and water-table portion of this system consist predominantly of layers of coarse

sand, intermixed with gravel and finer sediment, with all layers dipping gently seaward.

The average distance from ground surface to the water table is about 6 meters.

Based upon data from the National Oceanic and Atmospheric Administration (NOAA),

over the past five decades, mean annual air temperature for the basin has been 11.7° C.

The mean annual precipitation is 117 cm, half of which is lost to ET, according to IJSGS

estimates. Although summer is the wettest season, recharge is lowest because ET rates

and soil-moisture deficits are at their highest.

Toms River is primarily fed by groundwater, and has a mean monthly flow of

approximately 431,000 cubic meters. The river flows south-southeast and discharges into

Barnegat Bay. USGS estimates that approximately 85 percent of the total annual
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streamflow is groundwater discharge (base flow), and during dry periods, base flow

accounts for 100 percent of the streamflow.

According to USGS, increasing development in the basin has reduced both the mean

streamflow and mean annual groundwater recharge. Concomitantly, the potentiometric

surface of the aquifer is declining due to overpumping and reduced recharge. Based upon

NOAA data for the last five decades, the 1980's and most of the 1990's (through August

1996) have had the lowest mean annual streamflows and recharge, despite average or

above-average precipitation and moderate temperatures.

DATA

A variety of hydrologic and climatic data have been collected over time in and near the

study area at the locations shown in Figure 1F. Daily streamflow data have been

collected at the Toms River gauge since 1929. Prior to 1949, daily air temperature and

precipitation measurements were measured only at the Hightstown station, sometimes

intermittently. From 1949 to 1960, daily low and high temperatures were measured at the

Pemberton and Hightstown stations, only. From 1960 to the present, daily low and high

temperatures have been measured at three climate stations located near the basin. Total

daily precipitation has been measured at all three stations since 1949.
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Based upon data availability and the high spatial correlation in air temperature between

the three stations, the years 1949 through August 1996 were used for training and

validating various fuzzy rule-based recharge models and linear regression models. From

1989 to 1996, the precipitation and temperature data used in this study consisted of

measurements collected at most two stations.

Daily groundwater recharge rates in the basin were estimated by the New Jersey

Geological Survey using the sliding interval method. This method examines streamflow

time series and attempts to separate the base flow component, which is assumed to

represent groundwater recharge. Mean monthly values obtained with this method range

from 1.27 to 10.70 cm/basin area, with a mean value of 4.30. Annual recharge values

obtained with this method are in close agreement with those obtained using other

streamflow separation methods, and calibrated numerical groundwater flow models for

the region (USGS report).

The method, like any other, has limitations. For some months, estimated recharge values

exceeded total precipitation. This could be due to measurement error, insufficient spatial

resolution of precipitation, limitations in the sliding interval methodology, a time lag in

groundwater recharge, or any combination thereof. It is worth emphasizing that the

"real" monthly recharge values used in this study represent estimates, and as such, have

an inherent amount of indeterminable error.
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FUZZY METHODOLOGY

Fuzzy Sets, Fuzzy Numbers, and Membership Functions

A fuzzy set A is a set of objects without clear boundaries. What distinguishes fuzzy sets

from ordinary sets is the concept of partial membership. An example of a fuzzy set is

temperatures belonging to the class "very low". There are clearly temperatures that

belong (have membership) to this class, and others that do not. However, there is a

transitional region between temperatures that have either full membership or no

membership at all, to the class. Membership in these transitional regions becomes a

matter of degree. A temperature of 1°C will likely have a higher degree of membership

to the "very low" temperature class than a temperature of 5°C.

The degree of membership in a fuzzy set is defined through a membership function, uA.

The value of the membership function ranges from 0 to 1, with 0 denoting no

membership, 1 full membership, and values in between, partial membership. If we let U

represent a set (universe), A is called a fuzzy subset of U if A is a set of ordered pairs:

A = { [u, I-LA(u)], u E U}

where iiik(u) is the degree of membership of u in A.
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Fuzzy numbers are special cases of fuzzy sets, and are defined by having a non-

increasing and non-decreasing part (quasiconvexity assumption), and at least one value

such that its membership function is 1 (normality assumption). Triangular fuzzy numbers

are often used to define membership functions for different classes. The base of the

triangular fuzzy number defines the range over which membership exists, and is known

as the support of the number.

Figure 2F shows membership functions for both the "very low" and "low" temperature

classes. In this example, a triangular fuzzy number represents the membership function

for the "low" class, with its support ranging from 00 to 10.0°C, and its vertex (full

membership) at 5.0°C. In contrast, a fuzzy number (triangular or otherwise) does not

represent the membership function for the "very low" class. For this class, all

temperatures at and below freezing have a membership function value of 1. Above

freezing, membership to this class decreases linearly until it reaches 0 membership at

5.0°C. In this example, because the "very low" class constitutes the extreme low

temperatures in the classification scheme, its lowest temperature limit cannot be precisely

defined. What can be said, and is quantified through the membership function, is that any

temperature at or below freezing is "very low", and has full membership to this class.

This is called a semi-infinite fuzzy number.
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Overlap between the "very low" and "low" classes occurs between freezing and 5.0°C.

This overlap quantifies the region of vagueness where one cannot attribute a single

classification to a temperature. In this region, air temperatures closer to freezing than

5.0°C have predominant membership to the "very low" class, but they also have partial

membership to the "low" class. As the temperature approaches 5.0°C from the left,

membership to "very low" decreases, whereas it increases for the "low" class. Note that

in this example, perfect overlap occurs between classes. That is, within the transitional

region, the degree of membership to "very low", designated liTemvL, is simply the

complement of the degree of membership to "low", or LTemL ( 1 .0 1-1,TemVL)

Derivation of the membership functions is both an objective and subjective process. Data

distribution may help the modeler identify obvious separations or clusters amenable to

classification. For example, a relatively small number of extreme highs and/or lows may

necessitate further classifications (e.g. "very high") to capture system behavior under

extreme conditions. Subjectively, the authors selected 0°C as an obvious classification

boundary for temperature. This choice agrees with common intuition that freezing

temperatures are indeed "very cold." From a physical modeling standpoint, one also may

expect the dynamics of recharge to differ under freezing conditions. Precipitation in the

form of snow and a frozen ground surface introduce physical conditions not ordinarily

present. Classification of the data on this basis may enable the fuzzy rules to more

effectively represent recharge behavior under these extreme conditions.
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Fuzzy Rules and their Construction

A fuzzy rule-based model operates on an "if' —> "then" principle, where "if' corresponds

to a vector of explanatory or input variables, and "then" corresponds to consequences

(Bardossy, A., Duckstein, L., 1995). Fuzzy rules consist of an vector of arguments Ai,k in

the form of fuzzy sets, with membership functions pAi,k, and a consequence Bi, also in the

form of a fuzzy set, where i signifies the rule number, and k the input number.

Fuzzy rules describe a function, sets of ordered pairs, whose domain is the Cartesian

product of fuzzy classes, defined on each of the input variables, and whose range is the

fuzzy set defined on the output variable. For a rule-based model to be a good

representation of the physical reality, rule outcomes must reflect actual outcomes.

Degree of fulfillment calculations and adjustment of membership functions to reflect the

training data accomplish that. Inputs to the model will not be fuzzy but "crisp" (precise);

in most cases, they will be included in many fuzzy n-tuples. These n-tuples are in the

domain of many rules, which will then apply, each with a fuzzy outcome. The rule-based

model combines these outcomes in a manner that reflects the credibility of the fuzzy n-

tuple representation of the input. Finally, the combined fuzzy outcomes are defuzzified

to produce a crisp value.

There are a number of methods for constructing fuzzy rules utilizing "training" data.

Training data consist of a representative sample of input vectors and their corresponding
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consequences. In this recharge model, the three components of the input vector are mean

monthly air temperature, the previous month's streamfiow, and monthly precipitation.

This input vector, consisting of the element ak(s), obtained at time s, is matched with its

corresponding consequence, monthly recharge, designated b(s), for all months used in the

training set. Formally, this training set T derived from the data may be expressed in

vectorial form as:

T = {(ai(s), a2(s), a3(s), b(s)); s = 1,..., S}	 (1)

Model calibration consists of deriving fuzzy rules from an algorithm that uses the

membership functions of the input premises in conjunction with the "training" data. In

this study, a hybrid of the so-called counting and weighted counting algorithm was

initially used to derive the fuzzy rules. The algorithm is as follows:

1. Classify inputs (e.g. mean monthly air temperature) into classes (e.g. low) with

membership functions. Rule premises (causal input vectors) arise through

combination of the input classes.

2. Calculate the Degree of Fulfillment (DOF) v i(s) for each input vector corresponding

to the training set T and each rule i whose premises were defined in Step 1. The
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DOF is defined as the product of the values of the membership function for the

inputs, symbolically expressed for this case as:

yi( A1 and A2 and A3) = P-An(ai) x pAi2(a2) x liA3(a3)
	

(2)

3. Select a number c> 0 such that only responses with a DOF at least equal to c are

considered in the construction of the input fuzzy numbers, and the corresponding

response, for each rule.

4. Both the input premises Ai,k and the corresponding response 131 are assumed to be

triangular fuzzy numbers for all rules i. The triangular fuzzy number response for

rule i, designated (13;-, 13i, f3+) T, where Pi- is the minimal "answer" with a DOF of at

least e, 13; is the mean "answer" of all input premises with a DOF of at least s, a Pi+

is the maximal "answer" with a DOF of at least E. The triangular fuzzy numbers

ai,k, ai,k+ ) T are similarly defined for the k inputs for rule i.

Fuzzy-rule Construction Example: 

As an example, consider the translation of the following linguistic rule into a fuzzy-rule

for the 125-rule case (described in detail later).
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"If the mean monthly temperature is low and monthly precipitation is medium

and the previous month's streamflow is medium, then monthly recharge is

some triangular fuzzy number."

The membership functions for the input premises are shown in Figures 3F, 4F, and 5F.

During training, the membership function values are computed for each of the three input

premises for each training month. Assume that during training, four months were

identified that partially fulfill this rule by having a DOF > O. The monthly inputs, their

corresponding membership and DOF values, and output, are listed in Table 1F.

One may verify from Figure 4F that the total monthly precipitation of 9.4 cm in month 3

has a 0.98 membership (almost full) to the medium precipitation class. In contrast, 11.9

cm in month 2 has a much lower membership in this class. The other membership values

may be similarly verified using Figures 3F, 4F, and 5F.

In accordance with step 2, the degree to which each month i fulfills the input premise,

namely its DOF for the rule of interest, is given by the product:

Vi = PfremL X RPrecM X P, StFIM
	

(3)
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For month 1, it's DOF = .52 x .70 x .50 = .182. The DOF's for months 2, 3, and 4 were

similarly computed, and may be verified by the reader.

In accordance with step 3, if an c of at least 0.10 is selected, then month 2 is not included

in the fuzzy-rule formulation. That is, this month does not have a sufficiently high DOF

to warrant inclusion in this fuzzy rule formulation.

In accordance with step 4, the triangular fuzzy number for the temperature input premise

becomes:

Temp" — Min(1.6,2.9,3.4) = 1.6°C

Temp = Mean(1.6,2.9,3.4) = 2.6°C

Tempt — Max(1.6,2.9,3.4) = 3.4°C

The triangular numbers for the remaining input premises and corresponding consequence

are similarly computed. The resulting form of the fuzzy-rule is shown in Figure 6f

Following identification of the most effective fuzzy-rule set, the mean fuzzy "answer" 13;

for all rules was subsequently recomputed as the weighted mean answer of the responses.

The equation is:
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pi = z vi(s)>e vi(S)b(S)/ E vi(s)>e vi(s)	 (4)

In this example, the mean recharge for the fuzzy-rule would be computed as:

Recharge = [(.182)(4.4) + (.142)(4.7) + (.128)(5.8)]/(.182 + .142 + .128)] = 4.9 cm/area,

slightly less than the arithmetic mean previously computed.

The value of s must be selected so that for each rule, a sufficient number of elements of

the training set are considered. For higher values of E, fewer elements are used to define

the responses, and there will be less overlap of rules.

Defuzzification

Following calibration of the fuzzy rules, the model is now ready for validation. This

procedure utilizes a "validation" set of monthly values not used during calibration to

obtain estimated recharge values from the fuzzy rule-based model. The estimated

recharge values are compared with the "actual" values to assess the predictive accuracy

of the model.

In a well-defined fuzzy rule system, there will be overlap of rules. That is, given some

input vector, there will usually be more than one rule whose premises at least partially
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satisfy the input. The amount that any single rule satisfies the input vector is again

defined by the DOF.

For any input vector, all rules are checked to see if they fulfill some minimum DOF. For

rules that do, their responses or consequences are combined and then defuzzified to

produce a "crisp" or single numerical value. There are various methods for

defuzzification. A common one, the weighted fuzzy mean, combines the weighted sum

of the DOF's, v i, with their corresponding fuzzy mean responses, M(Bi), to produce the

corresponding crisp value M(B). For a fuzzy triangular number, where 131= (Pi, 132, 133)T,

it can be shown that:

	

M(Bi) = ([3,-F [32 + [33)/3
	

(5)

The weighted fuzzy mean is computed as:

I	 I

	

M(B) = Ei= 1 vi M(Bi)/ E 1.1 v1 	(6)
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Defuzzification Example:

As a working example, consider a validation month with the following inputs: a mean

monthly temperature of 20.5 C, a monthly precipitation of 7.47 cm, and a previous

month's streamflow of 5.23 cm/basin area. Assume this input vector satisfies a selected

DOF criterion of at least 0.01 for three rules. The linguistic and the corresponding fuzzy

structures for the three rules are shown in Figures 7F, 8F, and 9F.

Table 2F lists, for each rule, the membership function values for each input premise, its

computed DOF vi, and the corresponding mean recharge value.

In accordance with equation (6), the "crisp" recharge value is computed as:

Recharge = [(0.3)(4.07) + (.44)(3.66) + (.19)(3.75)]/(.03 + .44 + .19) = 3.70 cm/basin

area.

This example demonstrates how defuzzification weights the rules with higher DOF (truth

grade) proportionately higher. Accordingly, in this example, the computed recharge

value is closest to the mean recharge for rule 83, which had the highest DOF.
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FUZZY RULE-BASED RECHARGE METHODOLOGY

In this study, all fuzzy rule-based models used three input premises: mean monthly air

temperature, monthly precipitation, and the previous month's streamflow. The mean

monthly temperature is used as a measure of potential evaporative and transpiration

losses. The previous month's streamflow is used as a measure of both existing soil-

moisture deficit, and the potential for runoff during precipitation events. Lower

streamflows are assumed to reflect drier periods, indicative of higher soil moisture

deficits and lower potential for direct runoff.

In general, the fuzzy rule-based models developed and tested in this study differ from

each other in at least one of the following ways: the number of rules used, manner in

which support for the fuzzy numbers were obtained, DOF threshold for rule activation,

and computation of the mean fuzzy responses for each rule.

The number of rules in a fuzzy rule-based model is a function of both the number of input

premises and the number of classes. Three cases were examined to assess the sensitivity

of model performance to the number of rules. The three cases are:

1) Inputs were each classified into three classes, low, medium, and high, for a

total of 27 rules.
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2) Inputs were each classified into low, medium, high, and very high for a total

of 64 rules.

3) Inputs were each classified into very low, low, medium, high, and very high

for a total of 125 rules.

Membership functions of the input premises for the first two cases are shown in Figures

10F through 15F. Membership functions for the third case are represented in Figures 3F

through 5F.

Initially, four training and validation data sets, each with successively more training and

fewer validation months, were used for two different trials. For all fuzzy rule training,

we used c = 0.01. Later, a fifth training set was used to yield the best model. The data

sets used are listed in Table 3F.

For the first and second trials, a minimum DOF of 0.05 was used for validation. For the

second trial, the support of the fuzzy numbers for the input premises was increased

approximately 10 percent to increase rule overlap, while maintaining the mean response

fixed. A third trial, which utilized only the first and fourth data sets, used a DOF of 0.01

during validation, with no support extension. Following identification of the most
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effective fuzzy rule-based model, the fifth data set was used for training, and the

weighted mean method was used for computing the mean fuzzy response for each rule.

FUZZY RULE-BASED MODELING RESULTS

Table 4F is a statistical summary of the results, presenting the mean error between the

fuzzy estimated recharge and the "actual" value, the standard deviation of the error, the

maximum percent error, and the percent of validation points that had at least one rule fire

(i.e. becomes active with DOF > c). For those months that did not have at least one rule

fire, no fuzzy recharge value was calculated.

Under heading set (1), the general naming convention Fuzzxy is used, where "x"

designates the number of membership classes used for the inputs, and "y" the data set

used for training the model. When only xy appears, a minimum E of 0.05 was used for

firing the rules during validation. The suffix "ext" signifies that the rule support was

extended approximately 10 percent. For those models ending with an "n", a DOF

threshold of 0.01 was used for firing the rules, and the last model, Fu7z55nRev, utilized

the weighted mean method for computing the fuzzy mean response of each rule.

A few observations can be drawn from the table. First, on average, the mean percent

error decreases with the number of rules used in the model. Thus, the 125-rule set

generally outperformed the 27- and 64-rule sets. Second, the accuracy of the fuzzy-rule
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models generally improves with increasing training data. Deviations from this occur, as

we would expect, when there is a relatively large statistical difference between the

training and validation sets, as is the case of data set three. Third, more training data

produce greater rule overlap, resulting in a larger percentage of validation months that

fire at least one rule. Conversely, as the number of rules in the model increases, the

amount of data required for sufficient rule overlap also increases. Expanding the support

of input premises increased the percentage of validation months fired, but resulted in

lower overall accuracy.

For Trial 3, the accuracy of the models improved with increasing number of data and

rules. In addition, all the validation points fired for all rule sets trained with the 4 th data

set, slightly outperforming Trial 2. Overall, the 125-rule case trained with the 4'  data set

achieved the lowest mean percent error, standard deviation of the error, and maximum

percent error. In addition, all validation points fired at least one rule.

Following identification of this case as the most accurate one, approximately eight years

of training data, spanning October 1989 to September 1997, were obtained from the

NOAA website, and were added to the fourth training set. Precipitation data for this

period were available for only two stations in the basin, and temperature data for one

station. Despite these gaps in the data, the accuracy of the fuzzy rule-based model

improved. The mean percent error, standard deviation of percent error, and maximum

percent error declined from 15.3, 13.0, and 56.5 to 14.6, 12.6, and 55.9, respectively.
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Lastly, the sensitivity of the model to the training algorithm was evaluated. The mean

responses for the rules during training were recomputed using the weighted mean (Eqn.

(4)), resulting in improved performance. The mean percent error, standard deviation of

percent error, and maximum percent error declined to 14.0, 12.1, and 53.9, respectively.

Figure 16F represents a time-series plot of the fuzzy estimated recharge, compared

against the "actual" recharge values. Overall, the fuzzy model reproduces the time series

of the "actual" recharge. Deviations are most pronounced at the extreme high recharge

values, where the fuzzy-rule model underestimates recharge. Relatively large errors also

occur for some of the low recharge events. These deviations may partially be due to an

insufficient number of extreme records in the training set. In addition, the resultant

"crisp" response is computed from the weighted means of the consequences. These mean

values tend to underestimate extremely high recharge values and overestimate extremely

low recharge values. Additional membership classifications and rules would provide

better resolution at the extremes, but would also require more training data.

LINEAR REGRESSION RESULTS

Linear regression was applied to the five data sets as a means of providing a datum for

assessing the performance of the fuzzy rule-based models. Training sets used for the

fuzzy models were used to obtain the constants and coefficients for the linear regression
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equations. For all validations, the fourth validation set was used. A statistical summary

of the linear regression results is shown in Table 5F.

There was slight degradation between the linear regression results obtained with the 4 th

and 5 th training sets. A time-series plot of the estimated versus "actual" recharge for the

fifth training set is shown below in Figure 17F.

As with the fuzzy rules, the linear regression captures the overall trend, but tends to

underestimate the high recharge events. Linear regression required relatively few data to

achieve better performance than the fuzzy rule-based model. However, there was little

statistical variation in predictive accuracy between the most accurate fuzzy rule-based

model and the most accurate linear regression model.

EFFECT OF NOISY DATA

To compare model performance further, the fourth validation data set was corrupted with

noise. Three different "noisy" sets were composed. For the first, designated data set A,

the Hightstown temperature and precipitation station data were removed, and 25%

random noise was added to the streamfiow data. In data set B, the Hightstown

temperature station data and the Hightstown and Pemberton precipitation station data

were removed, and 25% random noise added to the streamflow. Data set C was identical
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to the second except that 40% random noise was added to the streamflow. A statistical

summary of the results is shown in Table 6F.

As the "noise" in the data increases, differences in predictive accuracy between the fuzzy

and linear regression decreases. This may be due to more effective"smoothing" of the

noise by fuzzy-rule overlap. As expected, the data set with the most noise resulted in the

lowest percentage of points that fired during validation of the fuzzy rule-based model.

DISCUSSION

Linear regression achieved a slightly greater predictive accuracy than the fuzzy rule-

based model. In this case, monthly recharge rates are highly correlated with mean

monthly streamflow, resulting in highly linear linkage between the inputs and output. As

noise is added to the data, particularly streamflow, the difference in predictive accuracy

between the fuzzy and linear regression models decreases. This is probably due to a

combination of decreasing system linearity and smoothing of noise by fuzzy-rule overlap.

Arbitrarily extending the support of the fuzzy rules by about 10 percent increases the

number of validation points that fire but also decreases forecasting accuracy. Fuzzy

support extension was evaluated to assess the possibility of using fuzzy rules to forecast

extreme conditions under global warming scenarios. This extension assumes system

behavior will adjust in a linear fashion, which may not be the case. If not, it would be
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indispensable to collect data under extreme conditions for retraining the fuzzy-rule

system.

Simply noting the number of training months used in constructing each rule provides

insight into historical system behavior, and may serve as an index for predicting future

behavior. For example, the best fuzzy rule-based model was trained with 429 training

months. On the average, each rule was constructed utilizing data from 23 training

months. Of the 125 rules, only one was "constructed" with only one training month (all

others had at least 3); "If mean monthly temperature is very high and monthly

precipitation is very low and the previous month's streamflow is very high, then recharge

is some fuzzy number." This low incidence demonstrates that the simultaneous

occurrence of very high temperatures and streamflow do not correlate with very low

precipitation. In qualitative terms, one would rarely expect a very hot, dry month to

follow a very wet one.

Thus, the number of training months used in individual rule construction is a useful index

for forecasting For example, the Water Company in Toms River may, at the end of a

very dry July, review the number of months used in constructing each relevant rule, and

forecast the expected range of recharge for the month of August. This could help

decision-makers better manage the resource by taking appropriate steps to ensure a safe

and adequate supply (e.g. impose water use restrictions).



CONCLUSIONS

1)The fuzzy rule-based method provides a robust estimate of recharge even under noisy

conditions.

2) The most accurate fuzzy rule-based recharge model was achieved with a 125 rule-set

trained using the weighted mean training algorithm with a E training criterion of 0.01, and

a DOF threshold of 0.01 during validation. In general, the larger rule-sets were able to

estimate more closely monthly groundwater recharge values. Larger rule sets allow

greater resolution of system behavior through finer discretization of the input parameters

and corresponding recharge values. 	 Larger rule sets, however, also require more

training data to ensure adequate rule overlap. Sufficient rule overlap is essential for

achieving a robust rule system. This can be seen by the percentage of validation points

that fire which generally increases with increasing months of training data.

3) A robust feature of the fuzzy rule-based method is that it has provided reasonable

estimates of recharge rates for the summer months, a feature that the water budget

approach failed to do on a monthly scale.
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4) One highly desirable feature of the fuzzy rule-based model is it provides a bound on

recharge for all rules through the fuzzy recharge number. Given any input vector, one
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can identify all relevant rules, and determine what the minimum and maximum recharge

values "observed" under similar conditions were. Because mean monthly recharge

ranged from 1.27 to 10.7 cm/month/basin area, this can be very useful for bounding

reasonable estimates. In the example presented in the Deffizzification section, the

estimated monthly recharge obtained from the three relevant rules was 3.15 cm/basin

area. However, one could review the rules and determine that under similar conditions,

recharge in the basin has historically ranged from 1.73 to 6.71 cm/area. This information

is useful to decision makers who want to consider worst and best case scenarios in real-

time when field data are not readily available, as is often the case.

5) Another advantage of the fuzzy rule-based approach is the transparency of the rules.

That is, one has a linguistic rule structure that, following "translation" into fuzzy

numbers, provides decision-makers with insights into historical recharge phenomena

under diverse climatic conditions.

6) Whereas linear regression provides a correlation between parameters, it does not

provide insights into expected behavior based upon historical records. The ability of the

fuzzy rule-based method to do this is a decided advantage over both linear regression and

the mass balance approach. This may even provide decision-makers with a tool for

forecasting monthly recharge at the beginning of the month.
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Figure 1F Toms River basin study area
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Figure 5F Streamflow membership functions for 125-rule case



If mean monthly temperature is low and monthly precipitation is
medium and previous month's streamflow is medium,

then monthly recharge is some triangular fuzzy number.
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Figure 6F Example translation of linguistic statement into fuzzy rule

If mean monthly temperature is medium and monthly precipitation is
low and previous month's streamflow is medium,

then monthly recharge is some triangular fuzzy number.
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Figure 7F Fuzzy rule 58
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Figure 8F Fuzzy rule 83

If mean monthly temperature is high and monthly precipitation is
medium and previous month's streamflow is medium,

then monthly recharge is some triangular fuzzy number.
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Figure 9F Fuzzy rule 88
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Figure 10F Temperature membership functions for 27-rule case
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Table 1F. Fuzzy rule construction example.

Month Temp in TemL Precip mprecm StreamFlw MStFIM DOF Recharge
(1) (2) (3) (4) (5) (6) (7) (8) (9)

1 2.9 .52 10.5 .70 4.4 .50 .182 4.4
2 3.0 .54 11.9 .26 6.2 .40 .056 6.6
3 1.6 .28 9.4 .98 4.5 .52 .142 4.7
4 3.4 .39 7.5 .38 5.3 .87 .128 5.8

Table 2F. Defuzzification example.

Rule MTemp MPrec MStFI DOF Mean Recharge
(1) (2) (3) (4) (5) (6)
58 .055 .526 .938 .03 4.07
83 .722 .605 1.0 .44 3.66
88 .650 .303 .941 .19 3.75

Table 3F. Training and validation sets.

Data Set
(1)

Training Years
(2)

Validation Years
(3)

1 1949-1960 1961-1989
2 1949-1970 1971-1989
3 1949-1980 1981-1989
4 49,52,53,54,55,56,60-89 50,51,57,58,59
5 49,52,53,54,55,56,60-97 50,51,57,58,59
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Table 4F. Fuzzy rule based models statistical summary.

Model Mean % Error Standard Deviation
% Error

Maximum %
Error

% Validation Points
Fired

(1) (2) (3) (5)
(4)

Fuzz31 23.3 20.5 123.1 77.7
Fuzz41 22.3 20.8 121.9 79.1
Fuzz51 18.8 14.5 81.3 66.7
Fuzz32 23.1 21.0 128.3 84.0
Fuzz42 23.8 21.0 126.0 84.4
Fuzz52 18.1 13.7 81.3 77.8
Fuzz33 26.8 22.6 126.6 89.5
Fuzz43 27.0 22.2 124.7 89.5
Fuzz53 21.6 15.7 81.3 85.7
Fuzz34 20.8 19.4 82.1 93.3
Fuzz44 18.9 17.6 75.2 96.7
Fuzz54 15.8 13.5 56.5 93.3

Fuzz3lext 31.0 26.9 133.7 77.7
Fuzz4 1 ext 30.8 25.7 136.3 84.3
Fuzz5lext 28.0 23.8 127.5 73.6
Fuzz32ext 28.7 24.5 122.0 84.0
Fuzz42ext 30.4 24.3 119.7 89.3
Fuzz52ext 26.4 21.3 100.4 82.7
Fuzz33ext 29.9 25.3 112.0 89.5
Fuzz43ext 27.5 23.0 120.2 94.3
Fuzz53ext 26.6 21.8 92.0 89.5
Fuzz34ext 28.5 25.2 107.1 93.3
Fuzz44ext 29.3 24.4 93.6 100.0
Fuzz54ext 25.1 21.2 90.7 100.0
Fuzz3ln 23.2 21.3 123.5 84.9
Fuzz4 1 n 22.8 20.7 121.9 84.6
Fuzz5 In 20.7 14.1 81.3 73.9
Fuzz34n 21.1 19.0 82.1 100.0
Fuzz44n 20.2 18.6 75.2 100.0
Fuzz54n 15.3 13.0 56.5 100.0
Fuzz55n 14.6 12.6 55.9 100.0

Fuzz55nRev 14.0 12.1 53.9 100.0

Fuzzij where "i" designates the number of membership classes, and "j" designates training data set.

If just ij, then DOF of 0.05 was used in firing rules.

If "ext", then rule support was extended approximately 10% for all rules
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Table 5F. Linear regression statistical summary.

Training Set Mean % Error Standard Deviation % Error Maximum % Error
(1) (2) (3) (4)
1' 13.4 12.7 55.0
2" 13.0 12.9 58.4
3' 12.8 12.5 59.3
4th 12.4 12.8 54.6
5' 12.5 13.2 52.8

Table 6F. Comparison of fuzzy and linear regression models with noisy data.

Data
Set

(1 )

Fuzzy
Mean '%

Error

(2)

L.R.
Mean

%
Error

(3)

Fuzzy
Standard
Deviation
% Error

(4)

L.R. Standard
Deviation
% Error

(5)

Fuzzy Maximum
% Error

(6)

L.R.
Maximum
% Error

(7)

% Validation
Points Fired

(8)
A 15.5 13.7 12.2 10.5 59.0 47.4 93.3
B 16.1 14.7 12.6 10.1 57.0 46.9 93.3
C 18.8 17.6 16.2 15.5 69.9 67.6 91.6
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