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ABSTRACT

This dissertation work is part of a larger research effort involving soil-aquifer

treatment (SAT). The dissertation's focus was to investigate meta-heuristic (global)

optimization methods suitable for developing water resources decision support system

(DSS), particularly to optimally design and operate groundwater storage and recovery

projects. The effort included developing an integrated simulation-optimization

management model for complex aquifer recharge/extraction operation considering water

quality transformation. The research demonstrated successful integration of three-

dimensional hydraulic, water quality, and particle tracking models with shuffled complex

evolution (SCE) optimization algorithm. It also included developing the shuffled frog

leaping algorithm (SFLA), a meta-heuristic optimization technique for solving

discrete/combinatorial problems, and its application to aid decision making in water

supply and distribution system optimization issues.

SFLA is a memetic, meta-heuristic population-based cooperative search metaphor

inspired by natural memetics. SFLA was developed by extending the logic of two

existing global optimization techniques for continuous optimization problems. The local

search is completed using an extension of the particle swami optimization (PSO) method,

and the global exploration is performed by a technique similar to that used in the shuffled

complex evolution (SCE) algorithm. SFLA was tested favorably on several literature test

functions and engineering problems that present difficulties to many global optimization

problems. The effectiveness and suitability of this algorithm has also been demonstrated

by applying it to a groundwater model calibration problem and several water distribution
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system design problems that are considered as benchmark problems in the literature. The

comparison of SFLA with other existing global optimization methods, such as genetic

algorithms (GA), in terms of the likelihood and efficiency of converging to a global

optimal solution, suggests that SFLA can be an effective algorithm for solving

discrete/combinatorial optimization problems.
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1 INTRODUCTION

1.1 Problem Statement

Decision Support Systems (DSS) can be defined as "interactive computer

programs that utilize analytical methods, such as decision analysis, optimization

algorithms, program scheduling routines, and so on, for developing models to help

decision makers formulate alternatives, analyze their impacts, and interpret and select

appropriate options for implementation" (Adelman, 1992). With the improvement of

computer technologies, system simulation and optimization models have remained at the

heart of most water resources DSSs. These widely used analytical tools have also

brought about the need for other technologies integrate them into DSS shells and make

input files and cryptic output files useful, not only to technical analysts, but also the end-

users.

The primary DSS function is to find the best solution (often the minimization of a

cost function), where the arguments may be subject to specified constraints. For some

problems, there exist efficient and robust algorithms, such as linear programming (LP),

for deriving the optimal solution; however, for many combinatorial optimization (CO)

problems, such as optimal design of a water distribution system, groundwater quantity

and quality management, etc., it may be necessary to use heuristic algorithms. During the

last two decades, probabilistic schemes have been developed for solving global

optimization problems. These methods use a combination of random and deterministic

steps, without generally requiring restrictive conditions on the nature of the objective

function.
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The focus of this research has been to develop management models to plug into a

DSS that can assist in optimizing the operation of recharge via spreading basins and

extraction via wells. The management model attempts to determine the optimal

application (recharge) and withdrawal rates and well locations within limits defined by

water quality and hydraulic constraints. These decision variables are intimately related

and determined simultaneously with the help of a series of hydraulic and water quality

simulation models. As a result, the water quality management model is a complex

problem, and identifying the optimum solution is challenging. In terms of groundwater

management, most water quality management models found in the literature have been

developed to represent groundwater remediation projects. Therefore, a need exists to

develop a heuristic-based simulation optimization management model to manage

groundwater for water supply purposes that can be integrated into a DSS. The

simulation-optimization technique is appealing because of the ability to account for the

complex behavior of the aquifer system and identify the optimum management strategy

considering the management objectives and the associated water quality and hydraulic

constraints. The combination of simulation and optimization techniques can be thought of

as organized and methodical trial-and-error methods. However, in contrast to most trial-

and-error approaches, the objective, constraints, and solution search strategies are clearly

specified.

In terms of heuristics, many local and global methods have been cited in literature

and are in use, such as local search (LS), simulated annealing (SA), genetic algorithms

(GA), shuffle complex evolution (SCE), and particle swarm optimization (PSO). Shuffled
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complex evolution (Duan et al., 1992) is a general-purpose evolutionary algorithm for

solving continuous optimization problems. It was designed to search for global optimums

of problems that tend to have multiple local minimums, such as calibration of nonlinear

hydrologic simulation models. Because of this algorithm's tested effectiveness and

efficiency, one focus of this research was to extend its application for solving such a

complex groundwater management model. However, the primary focus of this research

has been to develop the shuffled frog leaping algorithm (SFLA), a new meta-heuristic

extending the ideas of SCE and PSO, which can be used to solved discrete/combinatorial

problems.

1.2 Dissertation Organization

This dissertation consists of the main body of the dissertation, three appended

articles for publication (Appendices A, B, and C), and Appendix D, which presents a

framework for further studies. The main body of the dissertation includes:

• Literature Review and Scope of the Study: A comprehensive review of the previous

studies in groundwater management models, particularly on simulation-optimization

approaches, and a brief description of commonly used meta-heuristics for

groundwater management problems. The author summarizes the scope of this

dissertation as a part of a larger research group effort.

• Present Work Summary: A brief description of the author's contribution and its

associated background work, uniqueness of this dissertation, and a suggested

direction for future research.
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1.3 Literature Review

This section summarizes the comprehensive literature reviews undertaken in

conjunction with the development of Appendices A, B, and C.

1.3.1 Groundwater Recharge with Wastewater Effluent

In recent years, artificial recharge of groundwater is becoming an issue of great

interest among the water resource researchers, and many such projects are considered or

planned in many countries. One reason is that aquifer overdrafting has led to problems

such as groundwater mining, saltwater intrusion in coastal areas, land subsidence, and

earth fissures. Artificial recharge projects are undertaken as a part of efforts to meet the

ever-growing demand for water and conserve the subsurface resources. Artificial

recharge is used not only to augment the natural recharge process to recover the

overdrafting portion of the groundwater supply, but also to store water in times of

surplus. Underground storage and recovery is currently receiving more attention as some

of the disadvantages of conventional surface water reservoirs — such as evaporation,

potential exposure to contaminants, and large capital investment — become apparent

(Bouwer, 1996).

Nonpotable uses of recycled wastewater are very common in times of water

deficit. But the increasing need for groundwater recharge, coupled with the intent to reuse

wastewater more efficiently, has led to the development of rapid infiltration land

treatment systems. The principle of these systems is to recharge the groundwater system

with treated wastewater effluent. This process is also referred to as Soil Aquifer
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Treatment (SAT). A variety of treatment processes operate as the wastewater effluent

travels downward through the vadose zone to the water-table aquifer. These physical and

chemical processes include filtration, adsorption, cation exchange, and various

microbially mediated biochemical reactions (Mays et al., 1997).

Artificial recharge using wastewater effluent is being practiced via shallow

infiltration basins (Figure C.1). Water is ponded in the basins to allow percolation

through the vadose zone to the underlying aquifer for storage. After recharge, the water is

available for recovery and reuse through one or more pumping wells. To optimally

operate these artificial recharge systems, two fundamental questions must be answered:

• How fast should the water infiltrate into the ground? (i.e., the effluent application

rate).

• Where and to what extent should water be extracted?

These decision variables are among the most important parameters in designing

and managing recharge systems, because they determine how much groundwater storage

can be achieved while avoiding an undesirable groundwater mound, and how much water

can be reused while avoiding overdraft and giving the system enough time and travel

distance to attenuate the wastewater nutrient concentrations to within an acceptable limit.

The need to make these critical groundwater management decisions drives the need for

an efficient DSS to help the decision maker to design and optimize recharge/extraction

operation policy.
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1.3.2 Groundwater Management Models

Optimization methods have been used in groundwater management for more than

a decade. Groundwater management models based on optimization goals can be

categorized as:

• Hydraulic and Water quality Management Models: for managing pumping and

recharge and contaminant control.

• Policy Evaluation Models: incorporate the economics of water allocations.

1.3.2.1 Hydraulic Management Models

Hydraulic management models only deal with water quantity issues. Goerlick, in

his review paper (1983), classified groundwater hydraulic management models into the

embedding and response matrix approaches.

The response matrix approach generates a unit response matrix by solving a

simulation model several times. Each simulation considers a unit pumpage at a single

pumping node. The resulting response at a node is determined. The unit response is the

change in water level due to a unit change in extraction rate and the total change to a

general discharge is determined by applying the principle of proportionality.

Superposition is used to determine total drawdown from all wells.

This simplification results in a linear optimization problem, but it has two major

limitations. First, it is exact only for a confined aquifer but has good accuracy for an

unconfined aquifer with relatively small drawdowns compared to the aquifer thickness. A

drawdown correction method may be used to improve accuracy for unconfined aquifers
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with larger drawdowns, but acceptable accuracy cannot be guaranteed (Heidari, 1982).

In addition, the response matrix must be recomputed when exogenous factors such as

aquifer boundary conditions or potential well locations change. Work based on this

approach includes Maddock (1972), Heidari (1982), and Willis (1984).

The embedding approach incorporates the equations of the simulation model

(finite difference and/or finite element approximations) directly into the optimization

model. The embedded optimization problem becomes too large to solve by available

algorithms when a large-scale aquifer, especially an unconfined aquifer, is considered.

Unconfined aquifers result in nonlinear programming problems.

1.3.2.2 Hydraulic —Water Quality Management Models

In the past decade, groundwater flow and contaminant transport modeling and

optimization methods have been used to remediate contaminated groundwater. The goal

of pump-and-treat remediation systems is to identify optimal extraction rates while,

satisfying desired constraints. Both the response matrix and embedding approach have

been applied to manage groundwater contamination. In overview, optimal groundwater

quality management models have been developed using linear programming, quadratic

programming, nonlinear programming, dynamic programming, and heuristic methods.

In water quality management model, the extraction and/or injection rates are

continuous variables. When well locations are fixed, the model objective is to minimize

the operational cost. Formulations to determine optimal extraction rates are linear

programming problems (LP) if the system can be assumed as linear and nonlinear
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programming (NLP) otherwise. The following cited works are arranged according to the

assumption of linearity and nonlinearity of the problems.

Remson and Gorelick (1980) considered the determination of minimum extraction

rates for the hydraulic containment of contaminated groundwater by incorporating the

finite difference approximation of the groundwater flow equation as constraints in a

linear programming problem. These constraints control the hydraulic gradients that

prevent the plume from spreading and other restrictions related to regional groundwater

activities. This kind of management model is useful for physical containment only, and of

limited use for problems involving aquifer rehabilitation. The reason being the model

considers only the flow field and does not explicitly consider contaminant transport.

In other models, contaminant concentrations are considered more explicitly. The

management of contaminant sources has been addressed in the form of simulation-

management model as an LP model (Willis, 1979 and Gorelick and Remson, 1982).

Willis (1979) used the embedding technique to develop a model to manage groundwater

quality. He used the Galerkin finite element method to approximate both flow and

transport equations. Then the model was divided into two independent subproblems and

solved using LP. The governing equations for groundwater solute transport were

included the constraints of the linear management model. The limitation of this type of

groundwater quality management model is that it is not possible to have constraints

imposed simultaneously upon hydraulics and contaminant transport.

Gorelick et al. (1984) presented first nonlinear management model. They

proposed a methodology to address the nonlinearity in the flow and transport equations



21

when the response matrix is used. SUTRA model (Voss, 1984) was used to compute the

Jacobian of the nonlinear constraints (contaminant transport equation) with respect to

each decision variable (extraction or injection) after each iteration. This Jacobian and

other constraints were imposed as linear constraints for a subsequent nonlinear

optimization model MINOS (Murtagh and Saunders, 1987). Later, Ahfeld (1990) tested

the same procedure on a system and it was concluded that computational costs are

dominated by the repeated simulation required to compute the Jacobian and that this

limits the use of this methodology to problems with few decision variables.

Gharbi and Peralta (1994) developed a technique to consider contaminant

transport in a nonlinear groundwater quantity and quality problem. They established a

procedure via the Utah State University Embedding Model (USUEM) and MINOS to

develop optimal groundwater pumping strategies for the Salt Lake valley. They utilized a

combination of linearized and nonlinear versions of the equations where flow and

transport equations were embedded directly as constraints in the model.

1.3.2.3 Non-Gradient Algorithm-based Groundwater Management Models

In groundwater hydraulic management problems, the feasible region is typically a

convex set. On the other hand, in water quality management problems with contaminant

concentration constraints defined by the nonlinear foun of the transport equation, it is

possible that some of the constraints will be nonconvex. Therefore, the feasible region is

defined as a nonconvex set. Karatzas and Pinder (1996) present the solution of

groundwater quality management problems with a nonconvex feasible region using a



22

cutting plane optimization technique. The majority of the existing (until then)

optimization algorithms for the solution of the groundwater quality management

problems were not able to determine a global optimum when nonconvexity occurs.

Alternative non-gradient based solution methods, abstracted from some physical

processes, have been a relatively recent focus of the research in groundwater quality

management. These methods are sometimes referred to as global optimization methods

because of their ability to avoid convergence to local minimum points. These algorithms

require the computation of sensitivities of state variables (e.g., head or concentration at

certain locations in relation to the decision variables, pumping rates at other locations).

These algorithms also require excessive computational effort. The following sections

describe some of the applications of global search techniques to groundwater quality

management.

Dougherty and Marryott (1991) and Marryott et al. (1993) applied simulated

annealing (SA) to groundwater remediation optimization problem. SA was used to

optimize discretized pumping rates (extraction and/or injection) at preselected well

locations in a two dimensional, homogeneous aquifer. The model was combined with

flow and transport simulations that were used as submodels within the cost function.

McKinney and Lin (1994) applied a genetic algorithm (GA) to optimize discrete pumping

rates at fixed well locations in a two dimensional homogeneous aquifer for pump and

treat system design. They used external flow and water quality simulators to predict the

response of the system to the stresses. Huang and Mayer (1997) and Wang and Zheng

(1998) used a GA to search for optimal pumping rates for the remediation of a
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hypothetical contaminated aquifer system. In order to evaluate the candidate well location

solutions, each three-bit substring was mapped from the binary code to its decimal

equivalent, and the decimal values were substituted into the groundwater flow and solute

transport simulators (MODFLOW (McDonald and Harbaugh, 1983) and MT3D (Zheng,

1990)). Rogers and Dowla (1994) combined artificial neural networks (ANN) and GA for

solution of a static remediation model with a linear objective function. Their approach

was used to determine optimum pumping rates at selected well locations for a two

dimensional, homogeneous problem.

1.3.2.4 Management Models with Well Locations as Decision Variables

Although formulating and solving complex nonlinear groundwater models has

been a significant development, most of these models were to find the optimum operation

at predefined well locations. In most optimization-based management models (e.g.,

Ahfeld, 1990 and Ahfeld and Sawyer, 1990), the well locations were treated as implicit

decision variables via the explicit variables of pumping rates. Optimal pumping rates

were found for a set of preselected well locations known as candidate wells. These

candidate locations usually coincide with node points in a numerical discretization mesh.

Because the well locations are limited to the preselected nodal locations, the

optimal solution found by this approach may not be the true optimum or near optimum if

the actual optimum well locations are not part of that set. Moreover, adding more

candidate locations to the set adds to the computational burden of solving the problem.

Wang and Ahfeld (1994) proposed a formulation for an aquifer remediation optimization
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problem that allows the management model to explicitly select both the pumping rate and

well location, defined by the spatial coordinates. They used nonlinear optimization solver

MINOS to select the optimum location and pumping rate. This approach yields the

optimal solution to the well location problem more effectively than the fixed-well

formulations, where the optimal well locations are chosen from the set of candidate

locations. However, this method relies on an ability to represent the well locations as a

continuous function of space. A Hermite cubic interpolation function was used to

represent the well locations as a continuous function of space.

Huang and Mayer (1997) defined the pumping rates and well locations as decision

variables explicitly to formulate a groundwater remediation management model. In their

GA based foimulation, pumping rates were defined as continuous variables and well

locations as discrete variables. They used a single encoding of decision variables (i.e., all

of the variables were represented in a single string, and each variable was represented by

three bits). This approach is not robust enough to find the global optimum well locations.

Aral and Guan (1999) designed a pump-and-treat groundwater remediation system with

well locations and pumping rates selected as continuous decision variables. They used

progressive genetic algorithm (PGA) to solve the optimal design problem. PGA is a

subdomain method, which combines standard genetic algorithm with groundwater

simulation models in an iterative solution process.
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1.3.3 Optimization of Water Distribution Network Design

Optimum water distribution network design belongs to a group of inherently

intractable problems referred to as NP-hard, where NP-hard means that a rigorous

algorithm to find an optimum design using discrete diameters is not a practical

possibility. It is well known that when diameters are used as the decision variables, the

constraints are implicit functions of the decision variables and require solving

conservation of mass and energy to determine the network's pressure heads. In addition,

the feasible region is nonconvex, and the objective function is multimodal. Hence, the

network optimization problem remains challenging to date.

The old way to design pipe networks is trial and error guided by experience.

Designers make use of commercially available hydraulic simulation packages to solve the

network equations and rules of thumb are often used to provide direction in the design

process. Monbaliu et al. (1990) proposed a rule based gradient search technique to

achieve an efficient design. Initially, all pipes are set at their minimum diameters and a

simulation package is used to determine the pressures at all nodes in the network. If the

minimum pressure requirements are not satisfied, the pipe with the maximum head loss

per unit length is increased to the next available size and another hydraulic simulation is

completed. The process is repeated until all pressure constraints are satisfied.

All possible combinations of available discrete pipe sizes can be simulated in a

complete enumeration. Since complete enumeration is impractical for even mid-sized

systems, Gessler (1985) proposed a selective enumeration method for network design that

prunes the search space. He suggested guidelines to eliminate certain inferior solutions
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from being evaluated by the hydraulic simulation model, hence reducing the number of

configurations to be analyzed. However, Murphy and Simpson (1992) showed that the

approach may miss the optimal design even for a moderately sized network.

Also, mathematical programming techniques have been used to deal with the

problem of optimization of water distribution networks. In many applications, the

hydraulic relationships are simplified to a form, which is required for the solution

algorithm, e.g., linearizing the hydraulic equations or treating the discrete decisions as

continuous variables. Alperovits and Shamir (1977) developed a linearization approach

known as the linear programming gradient method that reduces the complexity of the

original nonlinear problem by solving a sequence of approximate linear subproblems.

The technique requires that a set of variables (pipe flows) be defined and a linear

program is formulated to improve the pipe selection for those flow rates. Information

available from the solution of linear programming problem is then used to update the pipe

flows. This iterative process continues until an overall convergence criterion is met. Later

their approach has been adapted and improved by many researchers (Quindry et al., 1981;

Featherstone and El-Jumaily, 1983; and Fujiwara et al., 1987).

Because of its non-linearity in nature, a number of researchers have applied

nonlinear optimization to pipe network problems (Shamir, 1974; El-Bahrawy and Smith,

1985 and 1987; Chiplunkar et al., 1986; Su et al., 1987; and Lansey and Mays, 1989).

However, NLP methods have two significant limitations. First, they also do not guarantee

global optima. Second, they typically use continuous diameters as decision variables and
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converting the continuous solutions to commercial pipe sizes may reduce the quality of

the solution.

Recently, heuristic techniques have been developed and used to solve discrete

pipe-sizing problem. Heuristics that use the heuristic function in a strategic way (i.e., an

informed search) are referred to as meta-heuristics or stochastic search methods. Genetic

algorithms, simulated annealing, tabu search are common meta-heuristics. Based only on

the objective function values of the current solutions, the search evolves through

generations, improving the features of the potential solutions through some form of

evolution. Applications to design water distribution networks include genetic algorithms

and simulated annealing. Genetic algorithms have been used for solving the network

design problem by Hadji and Murphy (1990), Murphy and Simpson (1992), Walters and

Cembrowicz (1993), Simpson et al. (1994), Dandy et al. (1996), Savic and Walters

(1997), Gupta et al. (1999), and Lippai et al. (1999). Simulated annealing was applied by

Loganathan et al. (1995) and Cunha and Sousa (1999).

1.3.4 Meta-Heuristic Optimization Techniques

In many science and engineering problems, it is important to find the minimum or

maximum of a function of many variables. For some problems, efficient and robust

algorithms exist, such as LP, for obtaining globally optimal solutions. However, for

discrete/combinatorial optimization problems, it is often necessary to use heuristics, or

so-called meta-heuristics, because the algorithms, such as branch-and-bound and

dynamic programming, may be limited by computational requirements.
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In mathematical programming, a heuristic refers to a procedure that seeks a

solution to an optimization problem but does not guarantee that it will find one.

Heuristics use a heuristic function to guide the search, as a human would. The heuristic

search can be either an infoimed search or a blind search. 'Greedy' algorithms employ

blind searches that use little information about the system. The heuristics that use the

heuristic function in a strategic way (i.e., an informed search) are referred to as meta-

heuristics.

A meta-heuristic is a general heuristic framework for solving hard global

optimization problems. Most meta-heuristics are based on some kind of natural

phenomenon. Examples of meta-heuristics are:

• Ant colony optimization, based on ant colony behavior

• Genetic algorithms, based on genetics and evolution

• Artificial neural networks, based on how the brain functions

• Particle swarm optimization, based on how birds flock

• Shuffled complex evolution algorithm, based on evolution

• Simulated annealing, based on thermodynamics

• Tabu search, based on memory-response

All of these methods except the SCE algorithm (Duan et al., 1992) and PSO

(Eberhart and Kennedy, 1995) have been used to solve combinatorial optimization

problems. Upon investigation, it has been found through this dissertation research that the

ideas used in SCE and PSO can be combined to design an improved meta-heuristic to
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solve this type of problem. The new meta-heuristic is called shuffled frog leaping

algorithm (SFLA) and is based on the memetics of living beings (Appendix A).

1.3.4.1 Commonly Used Meta-heuristics for Discrete/Combinatorial Problems

Ant Colony Optimization: 

Ant Colony Optimization (ACO) takes inspiration from the behavior of real ant

colonies and which are used to solve discrete optimization problems. Mark Dorigo

introduced this algorithm in his Ph.D. dissertation in 1992. Since then, several studies

have been done such as Dorigo and Di Caro (1999). The ACOs are inspired by the fact

that ants are able to find the shortest route between their nest and a food source despite

their near blindness state. This route is determined by using a chemical (pheromone) as a

trail that act as a form of indirect communication. Ants deposit the chemical trails

whenever they travel. Although the path taken by an individual ant from the nest in

search of food is random, the pheromone decays with time. Thus, the paths with shorter

travel times will have higher pheromone concentrations. Ants will therefore

preferentially select the short travel time paths. As more ants travel on paths with higher

pheromone intensities, the probability of other ants choosing that path increases.

However, path selection has a random component so alternatives can be selected. ACO

algorithm makes use of that colony of cooperating individuals and adopts a stochastic

decision making policy using local information.
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Genetic Algorithm: 

Genetic algorithms were first introduced by J. Holland (1975). GAs inspired by

the genetic mechanisms of natural species evolution and are based on the theory of

Darwinian evolution and the survival of the fittest. Genotypes of individuals are generally

coded as chromosome-like bit strings. The basic analogy of GAs is that a set of solutions

at an iteration represents a population; each solution represents an individual within the

population and the objective function value of each solution represents that individual's

fitness. A new population, or generation, arises from the previous generation through

competition based on fitness. The transition rules can be applied stochastically so that the

fittest individuals have the highest probability of being selected to produce the next

generation. After the selection process, genetic operators, such as crossover and mutation,

are applied to complete the transition from one generation to the next. Reproduction

population generation and fitness evaluation continues until the optimal solution is

identified.

Artificial Neural Network: 

Artificial Neural Network (ANN) technology, inspired by neurobiological

(structure of the brain) theories of massive interconnection and parallelism, is well suited

to such tasks as pattern recognition and discrimination. One of the first researchers to

extend the application of neural networks to optimization applications was Hopfield

(1984). ANN has now been successfully applied to a variety of combinatorial

optimization problems. The ANN learns to solve a problem by developing a memory
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capable of associating a large number of input parameters with a resulting set of outputs

or effects. The ANN develops a solution system by training on examples given to it.

Simulated Annealing: 

Simulated Annealing (SA) algorithms (Kirkpatrick et al., 1983) are based on an

analogy with the thermodynamic process of cooling solids. When a material is melted

and allowed to cool slowly (anneal), a crystal lattice emerges that minimizes the energy

of the system. SA uses this analogy to search for "minimum energy" configurations of

the decision variables, where energy is represented by the objective function value for a

given solution. Transition rules from one state to the next are applied stochastically, so

that, occasionally, an inferior solution will be chosen over a better solution. The

probability of this occurring is larger at early stages of the annealing process than at later

stages, when the temperature of the system has cooled.

Tabu Search: 

Tabu search (Glover and Laguna, 1993) is a search algorithm that employs

memory-based strategies. This approach contrasts with most memoryless systems that

rely heavily on the probability in the form of sampling. Tabu search is an iterative

improvement framework that uses a limited memory of past moves to help diversify the

search and avoid becoming trapped in local optima. Each time a move is made, it is

placed on a list called the tabu-list. When considering a move, it is deemed unchoosable,

or tabu, if it is on the tabu-list. Old moves are typically removed from the tabu-list after

some number of iterations.
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1.4 Scope of the Dissertation

This dissertation is a contribution to a large research group working with SAT

issues. The objective of the dissertation was to formulate and develop optimization

component of a DSS to optimize operation of an aquifer recharge system that uses

partially treated wastewater effluent. The optimization component of the DSS involved

building an integrated simulation-optimization groundwater management model that

integrates three hydraulic and solute transport simulation models. A secondary focus of

the research was on developing an optimization method for solving well location

problems. The specific contributions of the dissertation are as follows:

• Appendix A presents a new method (SBLA) for solving discrete and combinatorial

optimization problems, such as optimizing well locations in an artificial recharge

system. SFLA extends the capabilities of two existing global optimization methods,

SCE for global exploration and PSO as a local search algorithm to solve continuous

problems. Appendix A discusses the development of the SFLA and its ability to solve

a number of literature problems that were used to test its effectiveness and efficiency.

SFLA was applied to groundwater model calibration problems and water distribution

design problems and found to perform as well as or better than other well established

optimization methods in terms of the likelihood of converging to a global optimum

and solution speed.

• Appendix B presents an article that was published as part of this dissertation in the

ASCE Journal of Water Resources Planning and Management. The article

summarizes the development of SI-LANET, a computer model that links SFLA and
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the hydraulic simulation software, EPANET and its library functions. SFLANET was

applied to three literature water distribution network design optimization problems

test its effectiveness. Results were compared to solutions of these problems reached

by using GA and SA methods. In each case, after selecting the most advantageous

problem-specific parameter values, SFLA found the optimal solutions in fewer

iterations than either GA or SA. It is concluded that SFLANET is both a potentially

robust global-optimization method and that it is a very versatile framework that can

be applied to designing pumps and other distribution network components. It is

suggested that SFLA can be linked to any hydraulic model and applied to network

optimization problems.

• Appendix C describes the integration of three hydraulic and solute transport

simulation models with the SCE algorithm (Duan et al., 1992) to create an SAT

management model that achieves an efficient groundwater recharge system with

wastewater effluent. In recent years, researchers have begun to couple hydraulic

simulation models and solute transport models with mathematical optimization

techniques for remediation of contaminated groundwater. The coupled simulation-

optimization approach is appealing because it can account for the complex behavior

of the groundwater system and identifies the best strategy to satisfy management

objectives and constraints. The simulation-optimization groundwater management

model incorporates the simulation model as constraints in the optimization

formulation. While significant progress has been made in developing simulation-

optimization models for groundwater hydraulic control and water quality
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management, one of the critical issues that has not previously been satisfactorily

resolved has been addressed in this research. This issue is the transformation of water

quality in terms of chemical and biological reaction after being infiltrated from the

recharge basin while optimizing the extraction and recharge operation. The

attenuation in contaminant concentration resulting from biological reaction is

assumed to be governed by the residence time of recharged water after initial

infiltration.

As an optimization method, SCE has been shown to be effective and efficient for

calibrating watershed models, but has not previously been used for general

optimization problems. The resulting simulation-optimization model was tested on

two steady-state cases on a general hypothetical aquifer (modeled after an actual field

site) and was found to be effective.

• The development of SFLA and the capability of SCE to solve groundwater

management problems directed the research effort to formulate and develop the

methodology of a two-level simulation-optimization approach that allows to consider

the well location to be treated as explicit variables. Appendix D presents the

integration of the global simulation-optimization models, SFLA and SCE to develop a

highly nonlinear and computationally expensive management model. However, its

demonstrated potential value as an effective and efficient methodology warrants

additional research to enable its potential value to be fully realized. Future research is

recommended to focus on making the newly developed SFLA, integrated with SCE,
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parallel (i.e., able to solve groundwater management problems on multiple parallel

computers with various numbers of processors) to speed up the optimization cycle.
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2 PRESENT STUDY

The methods, case studies and their results, and conclusions of this study are

presented in a series of papers appended to this dissertation. The following is a brief

summary of the important features and findings in these papers.

2.1 Development of Shuffled Frog Leaping Algorithm: A Memetic Meta-heuristic

The high-end performance of the SCE algorithm, in terms of effectiveness and

efficiency, encouraged the author to explore possible ways to extend the capabilities of

SCE for solving discrete/combinatorial problems. The SCE algorithm is designed for

solving continuous problems. This limitation is primarily related to the use of "simplex

procedure" to generate offspring in the competitive complex evolution algorithm. To

implement the simplex procedure, the function must be continuous. So, it was necessary

to find a strategy for adapting the competitive complex evolution algorithm for discrete

functions. The evolution idea has been re-structured following the concept of another

evolutionary computation technique for continuous problems, PSO. The newly developed

algorithm, by nature, is termed as a member of the group, "memetic meta-heuristics" and

is named "shuffled frog leaping algorithm" or SFLA. The following subsections briefly

discuss PSO and memetic meta-heuristics, and include an overview of SFLA.

SFLA has been tested on a number of published literature test problems, and is

found to be very promising in terms of both effectiveness and efficiency. A detailed study

of its effectiveness (i.e., success rate), efficiency, and potentially broad applicability is

presented in the paper attached as Appendix A.
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2.1.1 Brief Introduction: Particle Swarm Optimization

PSO was originally designed and developed by Eberhart and Kennedy (1995).

PSO is motivated by the simulation of social behavior. PSO has roots in two main

component methodologies, artificial life (A-life), and swarming theory. It is strongly

related, however, to evolutionary computation, and has ties to both genetic algorithms

and evolutionary programming. It is highly dependent on stochastic processes, like

evolutionary programming. Synchrony of flocking behavior is thought to be a function of

birds' efforts to maintain an optimum distance between themselves and their neighbors in

flight. Each particle (individual) adjusts its "flying" according to its own flying

experience and its companions' flying experience.

More details on PSO are presented in the paper attached as Appendix A.

2.1.2 Memetics and Meta-heuristics

A memetic algorithm (MA) is a population-based approach for heuristic search in

optimization problems. The first use of the term MA in the computing literature appeared

in Moscato (1989). The term MA comes from "meme" (Dawkins, 1976). Meme

(pronounced `meem') is a contagious infoiniation pattern that replicates by parasitically

infecting human/animal minds and altering their behavior, thereby causing them to

propagate the pattern. The actual content(s) of a meme, called memotype(s), are

analogous to the gene(s) of a chromosome. All transmitted knowledge is memetic.

Examples of memes are songs, ideas, catch phrases, clothes fashions, and ways of

making pots or of building arches. Just as genes propagate themselves in the gene pool
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by leaping from body to body via sperm or eggs, memes propagate themselves in the

meme pool by leaping from brain to brain via a process that, in the broad sense, can be

called imitation.

A heuristic is a procedure that seeks a solution to an optimization problem but

does not guarantee that it will find one. Heuristics use a heuristic function to guide the

search, as a human would. The heuristic search can be either an informed search or a

blind search. The heuristics that use the heuristic function in a strategic way (i.e., an

infollued search) are referred to as meta-heuristics. A meta-heuristic is a general

framework for heuristics for solving hard global optimization problems. Most meta-

heuristics are based on some kind of natural phenomenon. Examples of commonly used

meta-heuristics are ACO, GA, and SA.

2.1.3 Overview of SFLA

Appendix A details the development of SFLA. A virtual population of frogs is

used to model the SFLA algorithm idea. The SFLA does not change the physical

characteristics of an individual; rather, it progressively improves the ideas held by each

frog. SFLA progresses by transforming "frogs" in a memetic evolution. In this algorithm,

individual frogs are not so important; rather, they are seen as hosts for memes and

described as memetie vectors. Each meme consists of a number of memotypes. The

memotypes are analogous to a gene representing a trait in a chromosome in a genetic

algorithm. A meme pool consists of a diverse set of frogs analogous to the population

representing a chromosome pool in a GA population.



39

The method considers a group of frogs leaping in a swamp with a number of

stones at discrete locations onto which the frogs can leap. The frogs' goal is to find the

stone with the maximum amount of available food as quickly as possible by improving

their memes. Alteration of memotypes can be possible only by discrete values, and the

meme corresponds to the position of frogs. The frogs can communicate with each other,

and can improve their memes by infecting each other with their individual sense of

optimal position. Improvement of memes results in changing an individual frog's position

by adjusting its leaping step size.

The sampled leaping frogs are partitioned into subsets described as memeplexes.

The memeplexes can be perceived as a set of parallel frog cultures attempting to reach

some goal. Each frog culture proceeds towards its goal, exchanging ideas independently

(i.e., search the space in different directions) and in parallel. Frog leaping improves an

individual's meme and enhances its performance towards the goal. Within each

memeplex, as the frogs are infected by others' ideas, they experience a memetic

evolution. After a defined number of memetic evolutionary steps, infoimation is passed

between memeplexes in a shuffling process similar to that used in SCE. This type of

global exploration idea has also been known as migration or diffusion model in

Evolutionary algorithms (Back et al., 2000). Shuffling enhances the meme quality after

being infected by the frogs from different memeplexes, and also ensures that the cultural

evolution toward any particular objective is free from bias. After shuffling, the searches

for the optimal solutions using information in the independent memeplexes are again

pursued. This local search and shuffling process continues until defined global
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convergence criteria are satisfied. Details on how the algorithm works can be found in

Appendix B.

2.1.4 Author's Contribution

Starting from the original code of SCE, which enables global optimum searches

for continuous problems, the author researched and incorporated all of the necessary code

changes to integrate SCE with PSO-derived local evolution process for discrete problems.

Then, the resultant algorithm, SFLA, was successfully tested on a number of theoretical

test functions borrowed from different journals and textbooks and some practical water

resources problems. SFLA was found to perfolin as well as or better than existing

algorithms for solving discrete/combinatorial problems. This algorithm has already been

presented in an American Society of Civil Engineers (ASCE) conference and currently is

ready for resubmittal to the Journal of Heuristics with responses to the reviewers'

comments incorporated.

2.2 Optimization of Water Distribution Network Design using SFLA

This work was undertaken as an application of SFLA, the algorithm developed by

the author as a part of this dissertation. The performance of SFLA was tested by solving

three literature standard water distribution network optimization problems. Two examples

are for new distribution network designs and the last, the New York City tunnel problem,

had the goal of determining an optimal network expansion. The description of the

networks and test results are presented in a paper, published in the Journal of Water
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Resources Planning and Management, ASCE, May/June 2003, volume 12, issue 3, pp

210-225 that is attached as Appendix B. This paper presents the development by the

author of SFLANET, a computer model that links SFLA and the hydraulic simulation

software EPANET (Rossman, 2000) and its library functions.

SFLANET found previous best solutions for the two example networks and a very

nearly optimal solution for the third. In solving these problems, SPLA found the optimal

solutions in fewer iterations than GA- and SA-based methods.

2.2.1 Author's Contribution

The author developed SFLANET, a general framework for any water distribution

network optimization problem. SFLANET was developed by linking SFLA to EPANET

via Toolkit, the EPANET library functions. Detail programming for problem formulation

and its interface with the hydraulic simulation model were accomplished using

FORTRAN and C languages in the DOS environment on a PC.

2.3 Optimal Operation of Artificial Groundwater Recharge Systems using SCE

The author developed an integrated SAT management model using the SCE

algorithm as the optimization tool. SCE is a relatively new meta-heuristic search

technique for continuous problems that has been used extensively for hydrologic model

calibration. However, to the author's knowledge, SCE has not been used to date for

general optimization problems. A literature-based comparative study was performed to

justify the selection of SCE, and almost all studies confirm the superiority of SCE over
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other global optimization techniques for continuous problems. In this application, SCE is

integrated with the simulation models (MODFLOW, MT3D, and MODPATH (Pollock,

1994)) to represent movement and water quality transformations of infiltrated water used

to artificially recharge an aquifer. Two steady-state case studies on a general hypothetical

aquifer (modeled after a field site) were examined using the management model. The

formulation, solution technique, and the results are presented in Appendix C.

2.3.1 Brief Introduction: Shuffled Complex Evolution

SCE is a population-based meta-heuristic search technique that has been shown to

be effective and efficient for calibrating watershed models. The philosophy behind SCE

is to treat the global search as a process of natural evolution. The population is partitioned

into several communities (complexes), each of which is permitted to evolve

independently. The simplex algorithm (Nelder and Mead, 1965), a direct search method,

is used to generate the offspring. This strategy uses the infoimation contained in the

community to direct the evolution in an improved direction. After a defined number of

evolutionary steps or generations, complexes are forced to mix, and new communities are

formed through the process of shuffling. This strategy helps to improve the solution by

sharing the information and properties independently gained by each community. The

SCE method is designed to improve on the best features of the (CRS) method (i.e.,

global sampling and complex evolution) by incorporating the powerful concepts of

competitive evolution and complex shuffling. Both of these techniques help to ensure that
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the information contained in the sample is efficiently and thoroughly exploited. They also

ensure that the information set does not become degenerate.

More details on SCE are presented in Appendix C.

2.3.2 Shuffled Complex Evolution (SCE) versus Other Global Optimization Methods

A literature survey was undertaken to compare the effectiveness and efficiency of

SCE with the other common global optimization methods. The following is a brief

summary of the comparisons.

There have been some studies that compare some of the widely used global

optimization algorithms. Cooper et al. (1997) investigated the performance of three

probabilistic optimization methods for calibrating conceptual rainfall runoff (CRR)

models. The global optimization methods considered were SCE, GA, and SA. In the

assessment of the performance of the methods in calibrating the model, several scenarios

were simulated. For each method, all combinations of the five parameter sets and the four

objective functions were considered. The four objective functions were the ordinary least

squares (OLS), the Nash Coefficient (NAS), the root mean square error of the peaks

(PKS) and the root mean square error of the average flows (FLW) for each stoiiii in the

calibration data set.

The three global optimization methods, SCE, GA, and SA, were compared

according to the robustness and accuracy of the method. The results of the study indicate

that, regardless of objective function and parameter set, the SCE method was the most

robust and accurate, followed by GA and SA, respectively. For the NAS and the OLS
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objective functions, the SCE method frequently found the exact solution, whereas, neither

GA nor SA was able to find the exact solution. Such performance is typical of GA and

SA. In terms of the efficiency performance of the methods, SCE consistently performed

the best. On average, SCE required 6,000 iterations as compared to 9,000 by GA and

12,000 by SA.

Franchini et al. (1998) compared SCE with the GA-SQP method (i.e., a GA

coupled with a local search algorithm, sequential quadratic programming [SQP]) and PS-

SQP (i.e., the pattern search [PS] algorithm coupled with SQP). These three global

optimization methods were used to calibrate conceptual rainfall-runoff models (CRRM).

The analyses were conducted using a model known as ADM (Franchini, 1996), the

structure of which is similar to many other well known CRRMs. The analyses were

applied both to a single basin and to a complex basin composed of three sub-basins. For

both types of basin, a theoretical case and several real-world cases were considered.

With reference to the single basin, SCE was the most reliable. In the theoretical

case, it found the exact solution in 100% of the runs, and in the real-world case, it was the

most consistent (i.e., the optimum parameter set was always the same). The GA-SQP and

PS-SQP methods yielded solutions equivalent to those of the SCE in the theoretical case,

but were less stable in the real-world case. With reference to the complex basin, none of

the methods identified the exact solution. However, the SCE was shown to be the best in

terms of effectiveness. Furthermore, the parameter values obtained by the SCE were the

nearest to the true values, and the solutions obtained by SCE were more stable than all
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the others, thus showing a higher capacity of this algorithm to identify the optimal

solution.

2.3.3 Author's Contribution

The author, under the supervision of his advisor, developed a hypothetical aquifer

and its hydraulic (MODFLOW), solute transport (MT3D), and particle tracking

(MODPATH) models (see Appendix C). Then, the author developed the framework of

the integrated simulation-optimization model to outline the mathematical formulation and

the methodology. Detail programming for the optimization algorithm and interface with

the simulation models were performed using FORTRAN language in the DOS

environment on a PC. A successful application of this integrated water quantity and

quality management model was achieved by the author and the article has been accepted

for publication in Water Resources Management.

2.4 Well Location Optimization using SFLA-SCE Approach

This part of overall study, presented in Appendix D, is an extension of the work

described in Section 2.3. The author combined the capabilities of the existing SCE

algorithm and the SFLA algorithm that was developed in this research work to identify

optimal well locations in the SAT management model to derive a more dynamic decision

support system. The objective of this part of the study was to develop a framework for an

optimization model in which well locations, extraction rates, and recharge rates are

considered as explicit decision variables. The newly developed algorithm, SFLA, is used
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to optimize the well locations by explicitly incorporating the spatial grid assignments.

The locations of extraction wells are searched in a discrete manner, which requires the

reconstruction of the simulation model, and finds the best recharge and extraction rates

for that particular set of well locations. This SFLA-SCE integrated simulation-

optimization model is highly nonlinear and computationally intensive.

2.4.1 Author's Contribution

As noted in Section 1.3.2.4, the well locations are mostly considered as implicit

variables because of computational complexity and lack of a proper algorithm for discrete

optimization. To date, very little research has been done to consider the well locations as

explicit variables in optimization problems involving recharge and extraction rates. In

this study, the author formulated the problem and designed a proper methodology to

develop the SFLA-SCE integrated management model. Despite the limitations of time

and resources, the author was able to develop the sequential version of the model. He also

developed a clear understanding and direction for developing a parallel model to facilitate

the practical application of the SFLA-SCE approach by speeding up computing time.

The formulation, solution methodology, and direction for future work are

presented in Appendix D.

2.5 Uniqueness of Dissertation

This dissertation has produced some valuable tools and models that are practically

important and suitable for implementation. Some water resources engineering firms, such
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as CH2M HILL, Inc. and Optimatics, have shown interest in exploring the possibility of

using SFLA in conjunction with groundwater management models to solve real

engineering problems. The unique features of this dissertation are as follow

D A new algorithm, SFLA, for solving discrete and combinatorial optimization

problems is developed (Appendix A). This algorithm is found to be promisingly

robust and efficient in converging to the global optimum solution of hard problems.

Successful application of this algorithm to water distribution design problems proved

its potential use to resolve other engineering problems (Appendix B).

D A new approach in a groundwater management model that considers water quality

transfo	 Illation is presented (Appendix C). To the author's knowledge, no model has

been developed that simultaneously addresses all of the conditions considered in this

work. This model is applied to a steady-state case for a hypothetical aquifer.

However, the model can be extended to apply to transient conditions. Although, this

model is developed for aquifer storage and recovery operation, it can be modified

easily to apply to any other groundwater problems, including remediation.

D The SCE algorithm is used as the optimization tool in solving the aquifer recharge-

extraction operation problem mentioned above (Appendix C). To the author's

knowledge, this is the first application of SCE to any engineering problem other than

hydrologic calibration problems.

D Formulation and solution methodology is developed for a two-layered integrated

simulation-optimization model where the well locations are treated as explicit

decision variables (Appendix D). It has been always a challenge to determine how to
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incorporate the well locations in a recharge-extraction optimization model. In the

formulation of the management model, well locations (as discrete variables) are

considered as explicit decision variables, in addition to extraction rate and recharge

rate, to get optimum net recharge (i.e. recharge-extraction), satisfying both the

hydraulic and water quality requirements. Usually, it is very difficult to include

discrete decisions, such as well startup costs, in the management model formulation.

It is also difficult to include alternation of the well locations, because the design

options are described by a discrete number of configurations. Upon the completion

and refinement of the model to increase computing speed, it is expected that this

discrete moving well model will provide a more effective solution to the recharge

operation policy than do fixed-well formulations.

2.6 Future Study

The main area that needs further research is to develop the SFLA parallel version

so that the well location solution methodology can be implemented as described in

Appendix D of this dissertation. A sequential program run is estimated to require on the

order of months on a 1.6-GHz computer to complete one set of optimization, which is not

practical. Therefore, further research is recommended to run the method in parallel on

multiple processors. An outline of how to make the algorithm parallel is presented in

Appendix D. The author exerted a reasonable amount of effort to accomplish this goal,

but undetermined hardware problems and possible network communication problems

prevented this final stage of the work (i.e., maximizing computing speed) from being
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completed. However, the entire body of work presented herein, as represented by all of

the appendices, amply demonstrates the potential of the SFLA, which was developed by

the author (Appendix A), to outperform other algorithms for solving combinatorial

problems (Appendix B); the applicability of SCE in combination with hydraulic models

to solve global optimization problems (Appendix C); and the great potential for an

integrated SFLA-SCE approach to provide a comprehensive water resources DSS

(Appendix D).

Another area of potential future work will be to investigate the parameter

selection and its effect for the SFLA. Although a reasonable degree of testing has been

performed in this research in terms of parameter selection, further investigation can help

to strengthen the contributions made in this study.
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Abstract

A memetic meta-heuristic called shuffled frog leaping algorithm (SFLA) has been

developed for solving combinatorial optimization problems. SFLA is a population based

cooperative search metaphor inspired by natural memetics. The algorithm contains

elements of local search and global infolination exchange. SFLA consists of a set of

interacting virtual population of frogs partitioned into different memeplexes. The virtual

frogs act as hosts or carrier of memes where a meme is a unit of cultural evolution. The

algorithm performs simultaneously an independent local search in each memeplex. The

local search is completed using a Particle Swarm Optimization (PSO) like method

adapted for discrete problems but emphasizing a local search. To ensure global

exploration, the virtual frogs are periodically shuffled and reorganized into new

memplexes in a technique similar to that used in the Shuffled Complex Evolution

algorithm (SCE). In addition, to provide the opportunity for random generation of

improved information, random virtual frogs are generated and substituted in the

population.

The algorithm has been tested on several test functions that present difficulties

common to many global optimization problems. The effectiveness and suitability of this

algorithm has also been demonstrated by applying to a groundwater model calibration

problem and a water distribution system design problem. Compared to a genetic

algorithm, the experimental results in terms of the likelihood of converging to a global

optimal and solution speed suggest that SFLA can be an effective tool for solving

combinatorial optimization problems.
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1. Introduction

In many science and engineering problems, it is important to find the minimum or

maximum of a function of many variables. For some problems, efficient algorithms exist,

such as LP, for obtaining globally optimal solutions. However, for discrete/combinatorial

optimization problems, no such algorithms are available for a general problem. It is often

necessary to use heuristics, or so-called meta-heuristics, because the exact algorithms,

such as branch-and-bound and dynamic programming, may be limited by computational

requirements.

In mathematical programming, a heuristic refers to a procedure that seeks a

solution to an optimization problem but does not guarantee that it will find one.

Heuristics use a heuristic function to guide the search, as a human would do. The

heuristic search can be either an informed search or a blind search. Greedy algorithms

employ blind searches that use little information about the system. The heuristics that use

the heuristic function in a strategic way (i.e., an informed search) are referred to as meta-

heuristics.

A meta-heuristic is a general framework for heuristics for solving hard global

optimization problems. Most meta-heuristics are based on some kind of natural

phenomenon. Examples of commonly used meta-heuristics are briefly described below:
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• Ant Colony Optimization: Based on the foraging behavior exhibited by ant colonies

in their search for food, Mark Dorigo introduced a meta-heuristic known as Ant

Colony Optimization (ACO) algorithm in his Ph.D. work (1992). ACO (Dorigo and

DiCaro, 1999) is inspired by the fact that ants are able to find the shortest route

between their nest and a food source despite their near blind state. This result is

achieved by using a chemical, pheromone, as trails that act as a form of indirect

communication. Ants deposit the chemical trails whenever they travel. Although the

path taken by individual ants from the nest to in search for food is random, when

many ants are searching for food at the same time, the overall paths are affected by

the trails laid by the group of ants. As more ants travel on paths with higher

pheromone intensities, the pheromone on these paths builds up more, increasing the

probability of choosing that path by other ants. ACO algorithm makes use of

approach taken by the colony of cooperating individuals and adopts a stochastic

decision-making policy using local information.

• Genetic Algorithms: Genetic Algorithms (GA), introduced by J. Holland (1975), are

inspired by the genetic mechanisms of natural species evolution. GAs are based on

the theory of Darwinian evolution and survival of the fittest. Genotypes of individuals

are generally coded as chromosome like bit strings. The basic analogy of GAs is that

a set of solutions represents a population, each solution represents an individual

within the population, and the objective function value of each solution represents

that individual's fitness. A new population, or generation, arises from the previous

generation through competition based on fitness. The transition rules are applied on a
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stochastic basis so that the fittest individuals have the highest probability of being

selected to produce the next generation. After the selection process, genetic operators,

such as crossover and mutation, are applied to complete the transition from one

generation to the next.

• Artificial Neural Networks: The ANN technology, inspired by neurobiological

(structure of the brain) theories of massive interconnection and parallelism, is well

suited to such tasks as pattern recognition and discrimination. One of the first

researchers to extend the application of neural networks into optimization was

Hopfield (1984), and has been successfully applied to a variety of combinatorial

optimization problems. The ANN learns to solve a problem by developing a memory

capable of associating a large number of input parameters with a resulting set of

outputs or effects. The ANN develops a solution system by training on examples

given to it.

• Particle swarm optimization, based on how birds flock is described in a later section.

• Shuffled complex evolution algorithm, based on evolution is also described in a later

section.

• Simulated annealing: Simulated Annealing Algorithms are based on an analogy with

the thermodynamic process of cooling solids. When a material is melted and allowed

to cool slowly (anneal), a crystal lattice emerges that minimizes the energy of the

system. Simulated Annealing uses this analogy to search for "minimum energy"

configurations of the decision variables, where energy is represented by the objective

function value for a given solution. The transition rules from one state to the next are
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applied stochastically, so that occasionally an inferior solution will be chosen over a

better solution. The probability of this occurring is larger at early stages of the

annealing process than at later stages, when the temperature of the system has cooled.

Upon investigation, it has been found that the ideas used in SCE and PSO can be

combined to design an improved meta-heuristic to solve this type of problem. The new

meta-heuristic is called shuffled frog leaping algorithm (SFLA) and is based on the

memetics of living beings.

The remainder of the paper is organized as follows: section 2 describes the basic

concepts of memetics; section 3 presents short descriptions of SCE and PSO; section 4

discusses the development of the SFLA meta-heuristic and the algorithm structure;

section 5 includes a discussion on the sensitivity tests of SFLA perfonnance to its

parameters; section 6 presents experimental evaluations of SFLA and comparison with a

genetic algorithm; section 7 provides the conclusion to the paper; and section 8 is

appendices to the main body of the paper.

2. Basic concept of Memetic Algorithm and Memetics

A memetic algorithm (MA) is a population-based approach for heuristic search in

optimization problems. This class of algorithms is gaining acceptance, in particular, given

that well-known large combinatorial optimization problems have been solved by MAs

while other meta-heuristics have failed.

The first use of the term Memetic Algorithms in the computing literature appeared

in Moscato (1989). He presented a heuristic that combined Simulated Annealing for local
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search with a competitive and cooperative game between agents interspersed with the use

of a crossover operator.

The term memetic algorithm comes from "meme" (Dawkins (1976)). Meme

(pronounced 'meem') is a contagious information pattern that replicates by parasitically

infecting human/animal minds and altering their behavior and causing them to propagate

the pattern. The actual content(s) of a meme, called memotype(s), are analogous to the

gene(s) of a chromosome. An idea or information pattern is not a meme until it causes

someone to replicate it or to repeat it to someone else. All transmitted knowledge is

memetic. Dawkins (1976), who coined the word in his book "The Selfish Gene", defines

the meme as simply 'a unit of intellectual or cultural information that survives long

enough to be recognized as such and that can pass from mind to mind. Examples of

memes are songs, ideas, catch phrases, clothes fashions, and ways of making pots or of

building arches. Just as genes propagate themselves in the gene pool by leading from

body to body via spew.). or eggs, memes propagate themselves in the meme pool by

leaping from brain to brain via a process that, in the broad sense, can be called imitation.

If a scientist hears or reads about a good idea, he passes it to his colleagues and students.

He mentions it in his articles and his lectures and may try to improve upon it. If the idea

catches on, it can be said to propagate itself, spreading from brain to brain.

2.1. Comparison of Memes and Genes

The implicit goals of genes and memes are different to the degree that they use

different mechanisms for spreading from one vehicle to another one. Memes will be
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positively selected mainly for increased communicability among the hosts (described as

frogs in SFLA). Genes will be selected mainly for sexual reproducibility (Heylighen

(1992)).

Memetic and genetic evolution are subjected to the same basic principles, i.e.,

possible solutions are created, selected according to some measure of fitness, combined

with other solutions and possibly mutated. Memetic evolution, however, is a much more

flexible mechanism. Genes can only be transmitted from parents or parent in the case of

asexual reproduction to offspring. Memes can, in principle, be transmitted between any

two individuals. Since genes are transmitted between generations, higher organisms may

take several years to propagate. Memes can be transmitted in the space of minutes. Gene

replication is restricted by the rather small number of offspring from a single parent,

whereas the amount of individuals that can take over a meme from a single individual is

almost unlimited. Moreover, it seems much easier for memes to undergo variation since

the infoiination in the nervous system is more plastic than that in the DNA and since

individuals can come into contact with many different sources of novel memes.

Therefore, meme spreading is much faster than gene spreading. The other difference

between "memes" and "genes" is that memes are processed and possibly improved by the

person that holds them — something that cannot happen to genes.

3. Description of SCE and PSO

As noted, SFLA extends two meta-heuristics applicable to continuous

optimization problems; the shuffled complex evolution (SCE) algorithm and particle
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swarm optimization (PSO). The principles in those algorithms evolved to a new meta-

heuristic for solving hard combinatorial optimization problems. As background summary

descriptions of SCE and PSO are presented below.

3.1 Shuffled Complex Evolution Algorithm

The shuffled complex evolution algorithm (Duan et al. (1992)) combines the ideas

of controlled random search (CRS) algorithms (Price (1978, 1983, 1987)) with the

concepts of competitive evolution (Holland (1975)) and shuffling.

Some important features of the SCE approach:

• The philosophy behind SCE is to treat the global search as a process of natural

evolution. The population is partitioned into several communities (complexes), each

of which is permitted to evolve independently. After a defined number of evolutions,

complexes are forced to mix, and new communities are formed through the process of

shuffling. This shuffling idea has also been known as migration or diffusion model in

Evolutionary algorithms (Back et al. (2000). This strategy helps to improve the

solution by sharing the information and properties independently gained by each

community.

• Each member of a community (complex) is a potential parent with the ability to

participate in a process of reproduction. At each evolutionary step, only subsets of the

complex, called sub-complexes, are considered. The sub-complex is like a pair of

parents except that there are more than two members.
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• To ensure that the evolution process is competitive, it is required to have higher

probabilities that better parents contribute to the next generation of offspring. The use

of a triangular probability distribution ensures this fairness.

• The simplex algorithm (Nelder and Mead (1965)), a direct search method, is used to

generate the offspring, i.e., to evolve the sub-complexes. This strategy uses the

information contained in the sub-complex to direct the evolution in an improved

direction.

• Offsprings are also introduced at random locations within the feasible space to ensure

that the process of evolution does not get trapped in poor regions, or miss promising

areas of the solution space.

• Each new offspring replaces the worst point of the current sub-complex, rather than

the worst point of the entire population. This substitution ensures that every

community member has at least one opportunity to evolve before being discarded or

replaced. Thus, none of the information contained in the community is ignored.

• The SCE method is designed to improve on the best features of the CRS method (i.e.,

global sampling and complex evolution), by incorporating the powerful concepts of

competitive evolution and complex shuffling. Both of these techniques help ensure

that the information contained in the sample is efficiently and thoroughly exploited.

They also ensure that the information set does not become degenerate.
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3.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a population based memetic evolution

motivated meta-heuristic. PSO was originally designed and developed by Eberhart and

Kennedy (1995) and it was extended by Eberhart et al. (1996) and Kennedy (1997).

Some important features of the PSO approach:

• Particle swarm optimization is motivated from the simulation of social behavior; e.g.,

synchrony of flocking behavior is thought to be a function of birds' efforts to

maintain an optimum distance between themselves and their neighborhood.

• In PSO, the particles (birds) undergo a memetic evolution while they fly. Each

particle adjusts its flying state according to its own flying experience and its

companions' flying experience.

• A population of particles (birds) is randomly initialized with position and velocities.

Each particle is treated as a point in a D-dimensional space. The ith particle is

represented as Xi =	 xD). The best previous position (the position giving

the best fitness value) of the ith particle is recorded and represented as P1=

, po). The index of the best particle among all the particles in the population is

represented by Pg. The rate of the position change (velocity) for particle i is

represented as V/ = (vii,vi2,	 ,

• The performance of each particle is measured according to a pre-defined fitness

function that is problem specific.

• The particles are manipulated according to the following equation:
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vid = w * y id + c i*ran1( )*(	 x,d) + c2 *ran2( )*(pgd —xid ); d = 1,..., D	 (1)

Xid = Xid Vid ;	 d = 1,..., D	 (2)

where ci and c2 are two positive constants, rani() and ran2() are two random numbers in

the range [0,1], and w is the inertia weight. Eq. 1 is used to calculate the particle's new

velocity according to its previous velocity and the distances of its current position from

its own best experience (position) and the group's best experience. The particles then fly

toward a new position according to eq. 2.

• The inertia weight w is employed to control the impact of the previous history of

velocities on the current velocity. It directs the trade-off between global (wide-

ranging) and local (nearby) exploration abilities of the "flying points". A larger inertia

weight w facilitates global exploration (searching for new areas) while a smaller

inertia weight tends to facilitate local exploration to fine-tune the current search area.

4. Shuffled Frog Leaping Algorithm (SFLA) — A Memetic Meta-heuristic

4.1 Philosophy Behind the Development of SFLA

A number of scientists have created computer simulations of various

interpretations of the movement of organisms in a bird flock or fish school. Reynolds

(1987) and Heppner et al. (1990) presented simulations of bird flocking. Both models

relied heavily on manipulation of inter-individual distances; that is, the memetic

evolution. In reference to the fish schooling, Wilson (1975) a sociologist, wrote, "In
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theory at least, individual members of the school can profit from the discoveries and

previous experience of all other members of the school during the search for food. This

advantage can become decisive, outweighing the disadvantages of competition for food

items, whenever the resource is unpredictably distributed in patches". This statement

suggests that social sharing of information among the population offer an evolutionary

advantage. This hypothesis is fundamental to the development of the frog leaping

algorithm.

Clearly, development of ideas works in a similar way. Individual research teams

may be attempting to solve the same problem but using different approaches. These

teams work on their own improvements and contact others to introduce better infoimation

and knowledge. Occasionally large groups may organize (e.g., conferences) and the

alignment of research teams may change to different paradigms for solving the problem.

A similar analogy can be made to the engineering design process that iteratively and

incrementally improve technology with better infoimation from other designs.

4.2 SFLA Meta-heuristic Framework

The shuffled frog leaping algorithm has been designed as a meta-heuristic to

perfoiin an informed heuristic search using a heuristic function (any mathematical

function) to seek a solution of a global combinatorial optimization problem. It is based on

evolution of memes carried by the interactive individuals, and a global exchange of

information among themselves. The following sub-sections discuss the framework in

detail.
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4.2.1 Virtual Population of Frogs

Traditional evolutionary algorithms rely on the concept of population. A

population is a set of individuals. Each individual has an associated fitness value that

measures the goodness of the individual. Time is divided into discrete steps called time

loops.

For SFLA, the individuals are not so important and the population is seen as hosts

of memes, i.e., a memetic vector. Each host carries a single meme (comprised of

memotype(s)). As noted earlier, memes and memotypes are analogous to genes and

chromosomes, respectively. In this view, SFLA does not enumerate the individuals

belonging to it; rather, it uses an abstract model, called a Virtual Population (VP).

Consider a group of frogs leaping in a swamp, the swamp has a number of stones

at discrete locations where the frogs can leap onto to find the stone that has the maximum

amount of available food. The frogs are allowed to communicate with each other, so that

they can improve their memes using others' information. Improvement of a meme results

in an individual frog's position to be optimum by changing the leaping steps

(memotype(s)) of each frog. Here, the alteration of memotype(s) is only allowed to be a

discrete value such the use of the frog analogy with discrete positions.

4.3 Algorithm Details

SFLA is a combination of deterministic and random approaches. The

deterministic strategy allows the algorithm to effectively use response surface

information to guide the heuristic search as in PSO. The random elements ensure the
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flexibility and robustness of the search pattern. The search begins with a randomly

selected population of frogs covering the entire swamp, Q. The population is partitioned

into several parallel communities (memeplexes) that are permitted to evolve

independently to search the space in different directions. Within each memeplex, the

frogs are infected by other frogs' ideas; hence they experience a memetic evolution.

Memetic evolution improves the quality of the meme of an individual, and enhances the

individual frog's performance towards a goal. To ensure that the infection process is

competitive, it is required that frogs with better memes (ideas) contribute more to the

development of new ideas than frogs with poor ideas. Selecting frogs using a triangular

probability distribution provides a competitive advantage to better ideas. During the

evolution, the frogs may change their memes using the information from the sub-

memeplex best or the best of the entire population. Incremental changes of memotype(s)

correspond to leaping step size and the new meme corresponds to the frog's new position.

Again, the visual representation of frogs is used as the analogy here but in terms of

spreading of ideas, the analogy can be teams of inventors or researchers improving a

concept or engineers iteratively advancing a design.

After a certain number of memetic evolution time loops, the memeplexes are

forced to mix and new memeplexes are formed through a shuffling process. This

shuffling enhances the quality of the memes after being infected by frogs from different

regions of the swamp. Migration of frogs (cross fertilization of ideas/designs) accelerates

the searching procedure sharing their experience in the form of infection and it ensures

that the cultural evolution towards any particular interest is free from regional bias. This
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major transfer of ideas can result in open academic forums or as new inventions and

designs are made public.

4.3.1 Steps of the Shuffled Frog Leaping Algorithm (SFLA)

The SFLA meta-heuristic strategy is described below and is illustrated in Figures

A.1 through A.4.

Global exploration 

Step 0: Initialize: Select m and n, where m = number of memeplexes and n = number of

frogs in each memeplex. Therefore, the total sample size in the swamp, F = mn.

Step I: Generate a virtual population: Sample F virtual frogs U(1),U(2),....,U(F) in the

feasible space SZCatd where d is the number of decision variables (i.e., number of

memotype(s) in a meme carried by a frog). The `ith' frog is represented as a vector U(i) =

(u, / , 	uid).

Compute the performance value, f(i), for each frog U(i).

Step 2: Rank frogs: Sort the F frogs in order of decreasing performance value. Store

them in array X = [U(i), f(i), i =1,...., F), so that i =1 represents the frog with the best

performance value. Record the best frog's position in the entire population (F frogs),

vector Px.

Step 3: Partition frogs into memeplexes: Partition array X into m memeplexes	 Y2, ,

r, each containing n frogs, such that:

yk [u wk fwki u wk u (lc+ 	1)), fus k	) 	 f(k+m(j-1)), j =1,..., n], k =1,..., m	 (3)
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For example, for m =3, rank 1 goes to memeplex 1, rank 2 goes to memeplex 2, rank 3

goes to memeplex 3, rank 4 goes to memeplex 1, and so on.

Step 4: Memetic evolution within each memeplex: Evolve each memeplex Y k, k=1, , m

according to the frog leaping algorithm (FLA) outlined below.

Step 5: Shuffle memeplexes: After a defined number of memetic evolutionary steps

within each memeplex, replace Y',..., Ynt into X, such that X = 1yk, k=1, , m). Sort X in

order of decreasing performance value. Update the best frog's position in the entire

population of F frogs, Px.

Step 6: Check convergence: If the convergence criteria are satisfied, stop. Otherwise,

return to Step 3. Typically, the decision on when to stop is made by a pre-specified

number of consecutive time loops when at least one frog carries the "best memetic

pattern" without change. Alternatively, a maximum total number of function evaluations

can be defined.

Local exploration: Frog Leaping Algorithm (FLA) 

In Step 4 of the global search, evolution of each memeplex continues

independently N times. After the memeplexes have been evolved the algorithm returns to

the global exploration for shuffling. Below are details of the local search for each

memeplex.

Step 0: Set im = 0 where im counts the number of memeplexes and will be compared to

total number of memeplexes m. Set iN = 0 where iN counts the number of evolutionary
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steps and will be compared to maximum number of steps N to be completed within each

memeplex.

Step]: Set im = im + 1.

Step 2: Set iN = iN + 1.

Step 3: Construct a sub-memeplex: The frogs' goal is to move towards the optimum

ideas by improving their memes. As stated earlier, they can adapt the ideas from the best

frog within the memeplex or from the global best. Regarding the selection of the

memeplex best, it is not always desirable to use the best frog because the frogs' tendency

would be to concentrate around that particular frog that may be a local optima. So, a

subset of the memeplex called a sub-memeplex is considered. The sub-memeplex

selection strategy is to give higher weights to frogs that have higher performance values

and less weight to those with lower performance values. The weights are assigned with a

triangular probability distribution, i.e.,

pi = 2(n+1-j)I(n(n+1)) , j = 1, , n

such that, within a memeplex the frog with best performance has the highest probability

of being selected for the sub-memeplex, = 2/(n+1) and the frog with worst

perfot	 'lance has the lowest probability, pn = 21(n(n+ 1 ))-

Here, q distinct frogs are selected randomly from n frogs in each memeplex to

form the sub-memeplex array Z. The sub-memeplex is sorted so that frogs are arranged in

order of decreasing performance. Record the best (iq = 1; iq = q) and worst (iq = q)

frog's position in the sub-memeplex as vectors PB and Pw, respectively. The concept of

sub-memeplex is illustrated in Figure A.3.
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Step 4: Improve the worst frog's position: The direction, step size and new position are

computed for the frog with worst performance in the sub-memeplex. The computation

includes identifying the direction of improvement (gradient) and the magnitude of change

in that direction. Similar to PSO, the direction of change (positive or negative) is defined

by the movement toward the sub-memeplex best or (PB - Pw) where P represents the

location vector. This direction includes both the magnitude of change in the decisions

that as well as the direction of change.

The magnitude of the step size is randomly selected as a proportion of change

direction. It is limited by the maximum step size, Sm. The present version of the

algorithm considers a pre-specified fraction of the bound of the variable value as Sm„.

Mathematically the step size is defined as

Step size, 1St = MINI NINT(rand* (PB- Pw)),

where rand is a random number in the range [0,1] and NINT is a FORTRAN

programming function that converts real number to integer by rounding up or down.

The new position is then computed by

U(iq = q) = Pw + S (4)

Note a value of rand equal to one moves the present frog to the same position as the sub-

memeplex best. In this foimulation, the frog can not leap the sub-memeplex best to a

position beyond the sub-memeplex best's location.

If U(iq = q) is within the feasible space a compute the new performance value fiiq = q) •

Otherwise go to Step 5. If the new fi iq = q) is better than the old fiiq = q), i.e., if the evolution
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produces a benefit, then replace the old U(iq q) with the new one and go to Step 7.

Otherwise go to Step 5.

An illustration of memetic evolution (infection) in a sub-memeplex is shown in Figure

A.4.

Step 5: If Step 4 can not produce a better result then the step and new position are

computed for that frog by

Step size, IS = MINI NINT(rand*(Px- Pw)), S,] and

and the new position is computed by eq. 4.

If U(iq q) is within the feasible space [2, compute the new performance value fi iq = q)

otherwise go to Step 6. If the new fi iq q) is better than the oldfi iq q), i.e., if the evolution

produces a benefit, then replace the old U(iq = q) with new one and go to Step 7. Otherwise

go to Step 6.

Note that this search differs from PSO in that no memory of the velocity is maintained

and the sub-memplex and global bests are considered separately rather than in a weighted

form.

Step 6: Censorship: If the new position is either infeasible or worse than old position, the

spread of defective meme is stopped by randomly generating a new frog 'r' at a feasible

location to replace the frog whose new position was not favorable to progress. Compute

f(r) and set (Jug = r and fiiq = q) = f( r).

Step 7: Upgrade the memeplex: After the memetic change for the worst frog in the sub-

memeplex, replace Z in their original locations in Yk. Sort Yk in order of decreasing

performance value.
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Step 8: If iN < N, go to Step 2.

Step 9: If im < m , go to Step 1. Otherwise return to global search to shuffle

memeplexes.

Steps 4 and 5 of the local search are similar in philosophy to particle swarm optimization.

A descent direction is identified for a particular frog and the frog is moved in that

direction. Here, however, since the global search is also introduced in the shuffle

operation, only the local minimum is used rather than the complete population best (Step

4) unless no improvement is made (Step 5). Since a descent direction is implicitly

applied, it may be fruitful to perfoiin a line search rather than a random step but the

simpler approach is taken here.

4.4 Typical Pattern of Memetic Evolution of SFLA

Figures A.5a through A.5d illustrate the progress of local and global explorations.

In Figure A.5a, a population of 15 virtual frogs with different memes is randomly

selected within the boundary of the swamp. They have been equally partitioned into 3

memeplexes denoted by the symbols (A), 0 ),and (*), respectively. In each memeplex, the

frogs with poor performance are affected by frogs with better performance and improve

the quality of their memes. A sufficient number of memetic evolution cycles (IV) is

allowed during a time loop to ensure that all the frogs in a memeplex have an opportunity

to exercise their ideas. Figure A.5b shows the locations of the frogs at the end of one time

loop. It can be seen that each of the memeplexes evolved independently and led to 3

different local searches.
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During the evolution it is possible to find a frog with an idea that is not favorable

to the community, and that triggers the censorship resulting a new virtual frog with a new

set of memes. In Figure A.5b, the circled frog in the (u ) memeplex is an example of

censorship.

After N evolutionary cycles the frogs are shuffled to form new memeplexes

shown in Figure A.5c. The new memeplexes now have a diversity of ideas. Again, the

memeplexes are evolved independently for a pre-defined number of cycles. Figure A.5d

shows three memeplexes at the end of another time loop. All the memeplexes (except a

few frogs) are clustering near a single spot, which is the optimum location in the swamp.

Eventually all the frogs will be infected by the unique optimal idea that represents the

optimum problem solution.

Figures A.6a through A.6f show the progress of the algorithm for an actual

problem (DeJong' s F5 function (details later)). At the end of the search the frogs will

tend towards homogeneity. The positions of the frogs in the Figures are defined

according to their memes. At the beginning of the food search (time loop 1) frogs are

randomly scattered in the swamp (in the range of -66 and +66). The unknown optimum

food spot (marked with a star in the Fig. A.6a) is their ultimate goal. After time loop 4 the

frogs are already being infected by better ideas, have started to adopt some common ideas

and begin to cluster around local optimum. As evolution and shuffling continue, frogs

start to explore more new ideas (time loops 6, 10, and 15) (Figures A.6c through A.6e).

Finally at time loop 20, all the frogs are infected by the same ideology and gather

themselves at the optimum location.
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5. Optimization Parameters in the SFLA

Like all heuristics, parameter selection is critical to SFLA performance. SFLA has

five parameters; the number of memeplexes (m), the number of frogs in a memeplex (n),

the number of frogs in a sub-memeplex (q) , the number of evolution or infection steps in

a memeplex between two successive shuffling (/V), and the maximum step size allowed

during an evolutionary step (Sm„). At this point in the development of this meta-heuristic,

no clear theoretical basis is available to dictate parameter value selection.

Based on experience, the sample size, F (the number of memeplexes (m) times the

number of frogs in each memeplex (n)), in general, is the most important parameter. An

appropriate value for F is related to the complexity of the problem. The probability of

locating the global (or near global) optima increases with sample size. However, as the

sample size increases, the number of function evaluations to reach the goal increases,

hence making it more computationally burdensome. In addition, when selecting m, it is

important to make sure that n is not too small. If there are too few frogs in each

memeplex, the advantage of the local memetic evolution strategy is lost. The response of

the algorithm performance to q is that, when too few frogs are selected in a sub-

memeplex, the information exchange is slow, resulting in longer solution times. On the

other hand, when too many frogs are selected, the frogs are infected by unwanted ideas

that trigger the censorship phenomenon that tends to lengthen the search period. The

fourth parameter, N can take any value greater than I. If N is small, the memeplexes will

be shuffled frequently, reducing idea exchange on the local scale. On the other hand, if N

is large, each memeplex will be shrunk into a local optimum. The fifth parameter, &tax,
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the maximum step size allowed to be adopted by a frog after being infected. Sma, actually

serves as a constraint to control SFLA's global exploration ability. Setting Sma, to a small

value reduces the global exploration ability making the algorithm tend to be a local

search. On the other hand, a large Sma, may result in missing the actual optima, as it is not

fine-tuned.

Although, at present, there is no guidance to select proper values for the

parameters, experimental results presented in the next section provide a better

understanding of the selection of parameters.

6. Experimental Evaluations of the SFLA

Two types of experimental evaluations of the SFLA were performed. First, the

algorithm was tested on several mathematical test functions that are considered as

benchmarks. Second, the algorithm was used as an application tool in groundwater model

calibration and water distribution system design. SFLA performance was compared with

a genetic algorithm (GA) and published results, when available.

6.1 Mathematical Test Problems and Results

Initially, SFLA was used to solve five of the DeJong's test problems. These test

functions comprise a set of benchmarks that is considered by many to be a standard for

performance comparisons of evolutionary algorithms and reflect different aspects of

global optimization problem. However, the continuous variables are considered in

discrete space here. The details of these problems are presented in the Appendix.
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For each test problem, a total of 20 runs with different combinations of the

SFLA' s parameters were executed. In each run, the stopping criterion was that at least

one frog would carry the "so far best memetic pattern" for 10 consecutive time loops

(shuffles). In 95% of all runs the criterion was met although the required number of

function evaluations varied between the runs and problems.

For comparison, the test functions were also solved using Evolver (1997), a GA

based optimizer. Again, a total of 20 runs were made for each problem with different

combination of initial genes, number in the population, and crossover and mutation rates.

In each run, the stopping criterion was that the best function value would not change for

10 consecutive generations. The GA failed to find the optimal values in 20% of the cases.

Figure A.7 summarizes the comparisons between SFLA and GA for the test functions.

The vertical bars represent average number of function evaluations to find the global

optima in successful runs.

For more robust testing of the SFLA, another set of six well established test

functions with discrete variables were selected and solved using both the SFLA and GA

(see Appendix). These functions were analyzed in more detail than the first set to test the

robustness and efficiency of the SFLA in terms of its parameters. Like any heuristic

algorithm, the performance of finding global optimum using SFLA largely depends on

the selection of algorithm parameters. It is obvious that by increasing these parameter

values, the chances of convergence in optimization or success of finding global optimum

will increase. But changing parameter values may also increase the number of function
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evaluations required. Therefore, compromise between the costs of computation and

probability of success should be made in determining the parameter values.

In order to see the influence of different parameters on, number of memeplexes,

m, number of frogs in each memeplex, n, no of evolutions between shuffles, N, and

number of frogs in a sub-memeplex, q were varied while keeping maximum step size Sma,

constant. A preliminary study was done for different Sma, values, and it was found that

that the success rate of achieving optimal solution was higher at 100% of the variable

range.

In the experiment, m was varied in the range of 10 to 50 with an increment of 10

and from 70 to 100 with an increment of 30. n was varied from 10 to 50 with an

increment of 10, from 70 to 100 with an increment of 30, from 100 to 200 with an

increment of 50, and from 200 to 300 with an increment of 100. q was varied from 5 to

20 at an increment of 5 and N was varied from 5 to 35 at an increment of 5. The same

parameters ranges were used for the all of the problems except Simpleton25 and

Simpleton50 problems. It was observed that the optimal value of Simpleton25 and

Simpleton50 was hard to achieve with the range of m from 10 to 100. Therefore, for these

two problems the range of m was extended up to 300.

For GA, many combinations of crossover and mutation rates were considered,

such as crossover rate from 0.2 to 0.9 with an increment of 0.05, and the mutation rate

from 0.01 to 0.15 in increments of 0.001.

Table A.3 lists the comparative summary results of the test problems solved by

the SFLA and GA. The SFLA was able to find the optimal solutions to all of the
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problems. Moreover, it is evident that, the SFLA performed well solving the first four

problems, however, it did not show better results than GA for the last two problems. At

this point of research, no clear reason has been identified regarding these differences.

6.1.1 Results and Effect of Parameter Selection

In this section, the effect of parameter selection on the results of the optimization

runs for the test problems are presented. First, for the DeJong's functions, it is understood

that different problems will likely have different best parameters. For example, results for

DeJong's F5 function are presented in Tables A.1 and A.2. Second, as mentioned

previously, for the second set of problems, various combinations of four parameters were

used to execute hundreds of runs for each of the problems. The list of parameter values

used in the experiment, corresponding number of runs can be found in Tables A.4a

through A.4f, and Table A.5 lists the summary of the runs. A quasi-sensitivity analysis of

the parameters was done and presented in Tables A.4g through A.4j. The analysis was

limited to the range of parameters that are shown in Tables A.4a through A.4f. Success

rate of SFLA as a function of each parameter was determined based on the runs where

other parameter values considered were equal or above the lower range of gray cells. For

example, analysis for m (value range was 10 to 100) was done based on the runs where

the minimum values of n, N, and q was 30, 10, and 5, respectively. It is apparent from the

results that number of memplexes is the most critical parameter for selection to achieve

better success.
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Because of low probability success, the following discussion does not include any

data from the Simpleton problems. Based on the test results analysis, a range of

parameters was identified that produced 97% or more success of finding optimum

solutions. The cells marked in gray in the Tables A.4a- A.4d indicate the range in which,

every combination of parameters gives 97% or more success. For example, as shown in

Table A.4a, the 1st parameter, number of complexes varies through 10, 20, 30, 40, 50, 70,

and 100, however, only the cell of 100 is shaded. The same is true for all the other

parameters. Therefore, it can be noted that every combination of parameters with m >

100, n > 30, N? 10, and q > 5 produce 100% success. For example, a total of 192

combinations with the parameters in shaded cells (in Table A.4a) produced 192

successful runs.

Although, based on the experiment results we found substantial information on

the range of parameter values, it must be realized that the selection is problem specific.

However, as an initial guidance for parameter value selection, for a problem with

variables up to 15-20, the following ranges can be recommended and may result good

probability of success. Recommended parameter values ranges are 150 _̂  m ..̂  100, 100 ^

n ^ 30, 30 ^ N ^ 20, and q = 20. Beside these parameters, for most of the problems Sma,

can be recommended to use 100%.

Overall, the success rate of the algorithm is satisfactory and encouraging. In

general, the success rate of the algorithm rises with the increase number of frogs in

population and number of frogs in a sub-complex, however, at the cost of number of

function evaluation required to find the solution. It was also noted that, the success rate
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is more sensitive to number of memeplexes than the number of frogs in a memeplex,

which reinforces the idea of exploring more spots in the domain. However, more detail

research is recommended on this feature of the SFLA.

6.2 Application Problems

6.2.1 Groundwater Model Calibration Problem

SFLA and GA were also used to calibrate a groundwater model (Figure A.8). The

simulation model was executed with extractions occurring at five locations. The purpose

of the calibration is to find the extraction well locations such that calibrated water levels

match water levels shown in Table A.6 through a minimum of the least square errors.

The benefit of this example is that it is a realistic problem and the global optimum

solution is known.

The groundwater model domain is represented by a grid with 34 rows and 36

columns. Each well location is designated by a row and column number. The GA and

SELA were linked with a groundwater simulation model, MODFLOW (Harbaugh and

McDonald (1996)). The response of the different decision variables (extraction well

locations) was reflected in the simulation results. The heuristic function (objective

function) value was calculated using the observed water level values (Ho) and the

simulated water level values (Hs). Mathematically, the heuristic function is

NW ,

Minimize Hd = E (Hsi—Hoi)2 ; NW is the number of observation wells.
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The constraints are the equations of the physical system of the model (i.e., the

groundwater equations). The range on the extraction well locations are listed in Table

A.7. Ten calibration runs with different optimization parameters were completed using

SFLA and GA. SFLA successful rate was in 100% of all runs while GA found the true

solution in 70% of its runs. For the fastest result, SFLA determined the well locations in

926 evaluations; whereas, GA found the solution in the 2281 st evaluation (as shown in

Figure A.9).

6.2.2 Water Distribution System Design Problem

In addition to the examples presented here, SFLA was used to solve three

literature water distribution system design problems (Eusuff and Lansey (2003)). All

problems minimized the piping cost subject to satisfying hydraulic considerations. The

first small problem (Alperovits and Shamir (1977)) requires selecting diameters of eight

pipes. The candidate set consisted of eight available sizes. SFLA found the global

optimal solution (determined by enumeration in a previous study) in about half of the

number of function evaluations of a genetic algorithm and simulated annealing. The

second problem (Fujiwara and Khang (1990)) consisted of selecting diameters for 34

pipes. Here the candidate set for each pipe was 14 diameters. The best SFLA solution

was equivalent to the best GA solution found to date. The final problem known as the

New York City Tunnel problem (Schaake and Lai (1969)) involves selecting pipes to

install in parallel to existing pipelines. A large number of approaches have been applied

to this model over the past 30 years. SFLA determined a solution that was less costly
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than any discrete solution found to date including several GA's and simulated annealing.

In all examples, the number of function evaluations required by SFLA was less than half

of that by GA or simulated annealing.

Overall, the results from the experimental evaluations show that SFLA produced a

better result than GA in terms of effectiveness and efficiency for all problems. However,

the comparisons made in this study should not be considered as an absolute comparison.

7. Conclusions

This paper described the shuffled frog leaping algorithm (SFLA), a memetic

meta-heuristic to solve combinatorial optimization problems. A memetic algorithm is a

population-based approach for heuristic search. SFLA starts with a sample of virtual

population of frogs leaping in a swamp for searching the optimum location for food.

Frogs act as hosts of memes. A meme is considered as a unit of ideas or cultural

evolution. Each meme consists of memotype(s). During the memetic evolution the

memes of the frogs are changed resulting in changing their position towards the goal. The

change or evolution of memes occurs when the frogs are infected by other better ideas.

SFLA performance was compared with genetic algorithms on a series of test

problems. The results for eleven theoretical test problems (functions) and two

applications show that SFLA performed better or at least comparable to the GA for

almost all problem domains, and was more robust in determining the global solution.

Four realistic engineering problems were also solved and results compared to literature
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results from several optimization algorithm. Again the results were extremely promising

in terms of robustness of finding solutions and solution speed.

SFLA is quite general, but relies strongly on suitable model parameters. No clear

guidance is available to direct the selection of the parameters. Analysis with respect to

the performance of the algorithm showed that different problems had different sets of

optimal parameters. Given a specific problem, a particular set of parameters is likely

most appropriate. Despite all these facts, based on the experimental results, the authors

have suggested a set of ranges to choose the parameter values. Further study and

extensive experimental testing is required to establish a basis for the parameter selection.

In summary, SFLA is a promising robust meta-heuristic. Although SFLA has

been developed and tested for combinatorial problems, but it appears capable of being

extended to mixed-integer problems. Also, like GA and many meta-heuristics SFLA is

very suitable for parallelization and its potential should be investigated.
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8. Appendix — Details of Experimental Test Problems

DeJong's Test Functions (Ref: http://solon.cma.univie.ac.at/—vpk/math/funcs.html )

Fnl - DeJong's Fl function (3-D paraboloid)

3

F(x)= E x?'

s. t. -512	 � 512

This 3-D function is a simple, non-linear, convex, unimodal, and symmetric

function. This test function is intended to be a performance measure of the general

efficiency of an algorithm. The global minimum solution is F(x) = 0 @ (0, 0, 0).

Fn2 - DeJong's F2 function (Rosenbrock's Saddle)

F(x) = 100(x1 2 — x2)2 + (1 — x1)2

s. t. -2018 � xi, x2 � 2018

This two-dimensional function can be quite difficult for algorithms that are unable

to identify promising search directions with little information. The difficulty lies in

transiting a sharp, narrow ridge that runs along the top of the saddle in the shape of a

parabola. The global minimum solution is F(x) = 0 @ (1,1).

Fn3 - Extended Rosenbrock's function

9
F(x) = E100( x ;2. — xi+3 2 +( 1— xi) 2

i=1

s. t. -100 -� xi , 	 � 100
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This function is similar to Fn2 but tests an algorithm's capability to deal more

variables. The global minimum solution is F(x)= 0 @ (xi = 1, i = 1,..., 9).

Fn4 - Schaffer's F6 function (Rastrigin function)

sin 2 (+ xi)" — 0.5
F(x)= 0.5

1.0 + 0.001(x +

s. t.	 Xl, X2 � 100

Fn4 contains more than 50 local minima in the region of interest. The global

maximum solution is F(x)= 1 @ (0, 0).

Fn5 - DeJong's F5 function (Inverted Shekel's foxholes)

1	 25	 1
F(x)= 	 + E 	

	

500 J=1	 r	 ,6
j	 ‘Xi aij)

i=1

s. t. -66 � xi, x2 66

where (a0 is the ith coordinate of the jth ordered pair generated by { -32, -16, 0, 16, 32}

(the ith coordinate of the jth inverted foxhole). This two-dimensional function contains

25 foxholes of varying depth surrounded by a relatively flat surface. Many algorithms

become stuck in the first foxhole that they fall into. The global minimum solution is F(x)

= 0.998 @ (-32, -32).



(

Minimize F(x) =
	

1

6.931

s. t. 12 � Xi, X2 X3, X4 � 60

•.\ 2

X I X 2 

X 3 X 4 )
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General Test Functions 

1) Gear Problem (Deb and Mayank (1997))

A compound gear train is to be designed to achieve a specific gear ratio between the

driver and the driven shafts. The objective of the gear problem is to find the number of

teeth in each of the four gears so as to minimize the error between the obtained gear ratio

and a required gear ratio of 1/6.931. The variables are coded in the range (12, 60). If there

are four integer variables say x/, x2, x3, and x4, therefore, the formulation can be written

as follows

x i integers

Optimal solution: F(x) =10 -12 @ (x = 19, x2= 16, x3= 49, and x4 =43).

2) Cutting Stock ( Speilberg et al. (2000)

A lumberyard has a supply of 10-ft boards that are cut into 3-ft, 4-ft, and 5-ft board

according to customer demand. The 10-ft boards can be cut in six different sensible

patterns in Table A.A-1. If a customer orders 50 3—ft boards, 65 4-ft boards and 40 5-ft

boards, the question is how many 10-ft boards need to be cut are to be used.
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Table A.A-1. Data for Cutting Stock Problem.

Pattern # Number of Waste

3-ft boards 4-ft boards 5-ft boards

1 3 0 0 1

2 2 1 0 0

3 1 0 1 2

4 0 1 1 1

5 0 2 0 2

6 0 0 2 0

If yi is the number of 10-ft boards cut according to pattern j, j =1,.....,6, the formulation

can be written as follows

Minimize	 + y2 + y3 ± y4 + y5 + y6

s.t.

3y i +2y 2 +y 3 50

y 2 + y 4 + 2y 5 65

y3 +y 4 +2y 6 40

yj E N o , j = 1„6
Variables' upper bounds: (yi,....., y6) = (17, 65, 50, 65, 33, 20)
Optimal solution: To cut a total of 65 10-ft boards is (yi, y2, y3, y4, ys, y6) = (0, 25, 0, 34,

3, 3)

3) Trim Loss ( Harjunkoski et al. (1998))

A design problem similar to the cutting stock problem to minimize losses from a layout

problem over eight discrete decisions of which two are binary and six are integer.

Denoting the binary variables as b1, b2 and the integers as i3, i4, is, i6, i7, and is. The

formulation can be written as follows
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Minimize 0.1b 1 +0.2 b2 +i3 +i4

s. t.

460 i5 + 570 i7 = L =1900;

460 i6 + 570 i8 = L = 1900;

-460 i5 -570 i7 = L= - 1700;

-460 i6 -570 i8 = L = - 1700;

i5 + i7 = L= 5;

i6 + i8 = L =5;

b1 - i3 = L =0;

b2 - i4 = L =0;

- 15 b1 + i3 = L =0;

15b2 +i4 = L =0;

-(j3 i5 + i4 i6 )= L = - 8;

- (i3 j7 + i4 i8 )= L = -7;

1i3 	15

1<i,<15

1 i5 � 5

1 i6 	5

1<i, <5

1 i8 	5

bi,b2 binary

Optimal solution: F(x) = 5.30 @ (b1= 1, b2 = 1, i3=3, i4= 2, i5=0, i6 - 4, i7 =7 3, and ig

0)

4) Traveling salesman problem (Ref: http://www.canb.auug.org.aul—dakin/tspimp.htm)

It is a standard TSP problem with six cities. Distances between the cities are given in

Table A.A-2.
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Table A.A-2. Data for TSP Problem

City] City2 City3 City4 City5 City6

City/ ** 44 35 18 28 23

City2 44 ** 38 28 27 42

City3 35 38 ** 26 14 14

City4 18 28 26 ** 14 20

City5 28 27 14 14 ** 15

City6 23 42 14 20 15 **

As formulated in the optimization routine, the decision variables x i correspond to the

ending journey city from the initiation city i. For example (5, 2, 4, 6, 3,1) corresponds to

the loop shown below beginning at city 1.

City 1

Figure A.A-1. Example loop for TSP problem.

The minimum traveling distance is 124 units with the City sequence of (cityl-city6-city3-

city5-city2-city4-cityl) or x = (6, 3, 5, 2, 4, 1).

5) Simpleton25 and Simpleton50 (Ref:

http://solon.cma.univie.ac.atl--vpk/math/funcs.html)

This simple summation problem formulated as:
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i=n

Maximize f( x ) = x i

s.t.

1> x i > u

> 0

x integers

The lower and upper variable bounds are 0 and 10, respectively. The problem was solved

with n equal to 25 and 50.
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Table A.1. Sensitivity test results of SFLA performance to different parameters when

applied to DeJong's F5 function (Fn5). Base values are: m = 20, n = 20, q = 5, N = 15,

and Sma,= 45 % of the variable bounds.

Sensitivity to no. of memeplex, m Sensitivity to no. of frogs/memeplex, n

No. of evaluation required. Comments No. of evaluation required. Comments

m One optimaa All optima' n One optima All optima

5 Not found Not found Bestc=1.99 5 2714 4558 Success=70%

10 2283 13506 Successd =80% 10 3507 9844 Success=80%

20 3143 21484 Success=90% 20 3143 21484 Success=90%

25 2641 30692 Success=90% 25 2664 28292 Success=90%

30 1720 41706 Success=100% 30 8200 52631 Success=100

a One optima is the event when at least one frog is infected by the global optimal idea.

b All optima is the event when all the frogs are infected by the global optimal idea.

' Did not find the global optimal (0.998) rather determined local best.

d The success rate was measured based on number of global optimal solutions found in 10 runs.
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Table A.2. Sensitivity test results of SFLA performance to different parameters for

DeJong's F5 function. Base values are: m = 20, n = 20, q = 15, N = 15, and Sma„, = 45 %

of the variable bounds.

Sensitivity to no. of frogs/sub-memeplex, q Sensitivity to no. of evolution steps/memeplex, N

No. of evaluation required. Comments No. of evaluation required. Comments

q One optimaa All optimab N One optima All optima

5 3143 21484 Success` =90% 5 3391 9297 Success= 100

10 2103 11317 Success=100% 10 3995 11034 Success=100

15 1070 8491 Success=100% 15 1070 8491 Success=100

20 5237 10466 Success=100% 20 3950 11098 Success=100

a One optima is the event when at least one frog is infected by the global optimal idea.

All optima is the event when all the frogs are infected by the global optimum idea.

The success rate was measured based on number of global optimal solutions found in 10 runs.

Table A.3. Comparison of test results between the SFLA and GA.

Test problem Function evaluations' required by

SFLA

Function evaluations' required by

GA

Gear 2074 Failed2

Cutting stock 1097 20000

TSP 1080 10000

Trim loss 1227 Failed

Simpleton25 76666 2979

Simpleton50 28167 10000

Minimum number of function evaluations to find the optimal solution
2	 •Failed to find the solution



,10/168- 0/16

Parameter value / No. of runs

10/280 20/280 30/280 40/280 5 0/2 80 70/280

g.10/2.601 , 20/260 IM251260ff

40/4551'7
,

5/455 /413
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Table A.4a. Different parameter values used for 'Gear' problem.

Parameter value / No. of runs

m 10/280 20/280 30/280 40/280 50/280 70/280 /

n 10/196 20/196 0/196 40/196 50/196 70/196 100/196 150/196 200/196 300/196

N 5/280 ‘ . 	5/28e 20/280 25/280 30/280 35/280

q 5/539 10/539 15/441 20/441

Note: There were 192 runs with the combination of parameters in gray cells, and the success rate was

100%.

Table A.4b. Different parameter values used for 'Cutting stock' problem.

Note: There were 105 runs with the combination of parameters in gray cells, and the success rate was

100%.

Table A.4c. Different parameter values used for `TSP' problem.

Parameter value / No. of runs

10/280 20/280 30/280 40/280 5 0/2 80 70/280

20/196 #50/1960 130011961

5/280 10/280 15/280 20/280 . , 25/18 /280

Note: There were 120 runs with the combination of parameters in gray cells, and the success rate was 97%.



5/280 0/28

Parameter value / No. of runs

10/280 20/280 - 30/280 40/280 50/280 70/280 1,28W-"

10/196 20/196 30/196 40/196 50/196 70/196 100/196

/630" - 	6 0/630:;„„

Parameter value / No. of runs

171 10/252 20/252 30/252 40/252 50/252 70/252 100/252 150/252 200/252

20/280 ' 3 /,28 cinso /28 /280 100/280'!- 8 200/280 -
,

R390/2890

5/360 10/360 15/360 20/360 25/360 30/360

0/6303

Parameter value / No. of runs

111 10/252 20/252 30/252 40/252 5 0/25 2 70/252 100/252 150/252 200/252

20 /280 01280 280 28 0/28011, /2806_ /280;

5/360 10/360 15/360 20/360 25/360 30/360
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Table A.4d. Different parameter values used for 'Trim loss' problem.

Note: There were 588 runs with the combination of parameters in gray cells, and the success rate was

100%.

Table A.4e. Different parameter values used for `Simpleton25' problem.

Note: There were 36 runs with the combination of parameters in gray cells, and the success rate was 67%.

Table A.4f. Different parameter values used for `Simpleton50' problem.

Note: There were 36 runs with the combination of parameters in gray cells, and the success rate was 64%.
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Table A.4g. SFLA success rate l (%) for different no. of memeplex (m) used for solving

test problems.

Test problem
No. of memplexes

10 20 30 40 50 70 100 150 200 300

Gear 29 43 63 78 88 94 100 NU2 NU NU

Cutting Stock 56 71 84 90 92 98 100 NU NU NU

TSP 28 62 76 89 89 97 97 NU NU NU

Trim loss 100 100 100 100 100 100 100 NU NU NU

Simpleton25 0 0 0 0 0 6 28 47 53 67

Simpleton50 0 0 0 0 6 19 44 58 61 64

Success rate was determined based on the runs where other parameter values considered were equal or

above the lower range of gray cells as presented in Tables A.4a — A.4f

2 NU = Not used.

Table A.4h. SFLA success rate l (%) for different no. of frogs/memeplex (n) used for

solving test problems.

Test problem
No. of frogs/memeplex

10 20 30 40 50 70 100 150 200 300

Gear 88 96 100 100 100 100 100 NU2 NU NU

Cutting Stock 100 100 100 100 100 100 100 NU NU NU

TSP 100 100 100 100 100 100 100 NU NU NU

Trim loss 67 87 95 98 98 99 100 NU NU NU

Simpleton25 0 100 100 100 100 100 100 100 100 100

Simpleton50 0 100 100 100 100 100 100 100 100 100

I Success rate was determined based on the runs where other parameter values considered were equal or

above the lower range of gray cells as presented in Tables A.4a — A.4f

2 NU = Not used.
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Table A.4i. SFLA success rate l (%) for different no. of evolution between shuffles (N)

used for solving test problems.

Test problem
No. of evolution between shuffles

5 10 15 20 25 30 35

Gear 78 100 100 100 100 100 100

Cutting Stock 100 100 100 100 100 100 100

TSP 65 75 90 90 98 98 98

Trim loss 100 100 100 100 100 100 100

Simpleton25 6 19 28 36 47 58 67

Simpleton50 0 17 28 42 56 67 67

Success rate was determined based on the runs where other parameter values considered were equal or

above the lower range of gray cells as presented in Tables A.4a — A.4f

Table A.4j. SFLA success rate l (%) for different no. of frogs/sub-memeplex (q) used for

solving test problems.

Test problem
No. of frogs/sub-memeplex

5 10 15 20 25 30 35

Gear 78 100 100 100 100 100 100

Cutting Stock 100 100 100 100 100 100 100

TSP 65 75 90 90 98 98 98

Trim loss 100 100 100 100 100 100 100

Simpleton25 6 19 28 36 47 58 67

Simpleton50 0 17 28 42 56 67 67

Success rate was determined based on the runs where other parameter values considered were equal or

above the lower range of gray cells as presented in Tables A.4a — A.4f



107

Table A.5. Summary results of problems solved by SFLA

Problems

Gear Cutting Stock TSP Trim Loss Simpleton25 Simpleton50

No. of Variable 4 6 6 8 25 50

Total runs 1960 1820 1960 1960 2520 2520

Successful runs 1198 1465 1258 1842 286 328

Success rate (%) 61.1 77.2 64.2 94.0 11.4 13.0

Table A.6. Observation well locations and observed water level data used for the

calibration of the groundwater model.

Observation well locations Water levels

(ft)Row # Column #

7 7 1301.0

8 28 1354.0

5 15 1333.0

30 24 1330.0

5 5 1249.0

14 30 1379.0

16 4 1396.0

10 9 1365.0

13 13 1453.0

10 21 1389.0

25 15 1398.0

28 22 1352.0

24 6 1369.0
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Table A.7. Possible extraction well locations with the lower and upper bounds on

withdrawl rates.

Exact well locations:

Well 1 Well 2 Well 3 Well 4 Well 5

Row Col Row Col Row Col Row Col Row Col

10 6 7 26 6 15 25 16 28 24

Bounds'
Lower 2 2 2 20 2 13 18 2 18 21

Upper 17 12 17 33 17 19 33 20 33 33

No. of possible discrete
location

150 195 240 270 180

aFor example, the bounds were set as (2, 2) and (17, 12) for the calibrated location (10, 6) of well 1.



Replace the old solutions with
the evolved solutions
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Read SFLA
parameters

•
Sample a population of frogs and

determine their performance

•
Sort and partition the frogs into
memeplexes. Record the best
frog in the entire population.

V             
Memetic evolution

(Fig. A.2)Evolve each memeplex                 

Figure A.1. Flowchart of the shuffled frog leaping algorithm (SFLA).
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Memeplex im
Set iN = 1

Total no. of memeplex = m
n frogs per memeplex

Set im =1

Sort the frogs in im th

memeplex

4v
Form a sub-memeplex of q

frogs. Identify the best and worst
frog in the sub-memeplex

Is it feasible?
N

Determine new position of
the worst frog

Update new position or
replace with new frog

Y
iN = iN + I

Go to shuffling operation

V

Is it an improvemnt?
Random new
feasible frog

Figure A.2. Flowchart of the memetic evolution in frog leaping algorithm (FLA).



Sub-memeplex of q frogs

(Jug =1) = PB

U(ki = q) = PW

Memeplex of n frogs

Entire population (F = mn)
m memeplexes of n frogs

Figure A.3. An illustration of the concept of a sub-memeplex. 138 and Pw correspond to

the best and worst frog, respectively, in the sub-memeplex.
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Meme of the worst frog in the sub-memeplex (Pw) 1 3 5 1 6

+

Meme of the best frog in the sub-memeplex (PB) 4 6 2 1 7

-
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New meme of the worst frog in the sub-memeplex 3 5 3 1 7

Figure A.4. Illustration of the memetic evolution in a sub-memeplex. Each frog carries

one meme and each meme is comprised of five memotypes. For example, if random

number rand is 0.7 and S,,,, is 3, change of the first memotype occurs according to [1 +

MINI INT(rand*(4 - 1)), 3] = 3], and the third memotype is changed according to [5 +

MAX[ INT(rand*(2 - 5)), -3] = 3]
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a) Initial population of virtual frogs (at the beginning of time loop 1).
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b) Independently evolved memeplexes (at the end of time loop 1).
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Figure A.5. Illustration of SFLA on small scale.
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c) Shuffled frogs (at the beginning of time loop 2).
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d) Independently evolved memeplexes (at the end of time loop 2).
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Figure A.5. Illustration of SFLA on small scale (contd.).
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e) Positions of the virtual frogs at the end of time loop 15.

f) Positions of the virtual frogs at the end of time loop 20.

Figure A.6. Typical SFLA search pattern for DeJong's F5 function (Fn5) (contd.).
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Figure A.8. Groundwater model grid for calibration problem.
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OPTIMIZATION OF WATER DISTRIBUTION NETWORK DESIGN

USING SHUFFLED FROG LEAPING ALGORITIEVI

Muzaffar M. Eusuffl and Kevin E. Lansey2

Abstract: Shuffled Frog Leaping Algorithm (SFLA) is a meta-heuristic for solving

discrete optimization problems. Here it is applied to determine optimal discrete pipe

sizes for new pipe networks and for network expansions. SFLA is a population based,

cooperative search metaphor inspired by natural memetics. The algorithm uses memetic

evolution in the form of infection of ideas from one individual to another in a local

search. The local search is similar in concept to particle swarm optimization. A

shuffling strategy allows for the exchange of information between local searches to move

toward a global optimum.

This paper summarizes the development of SFLANET, a computer model that

links SFLA and the hydraulic simulation software EPANET and its library functions.

Application of SFLANET to literature network design problems is then described.

Although the algorithm is in its initial stages of development, promising results were

obtained.
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INTRODUCTION

Water distribution networks are some of the most expensive infrastructure

systems. A water distribution network contains several components — pipes, pumps and

other hydraulic devices, and reservoirs. Each component is designed as a compromise

between economic and technical considerations. This paper focuses on the application of

a new optimization method to the pipe sizing problem.

Water distribution network design belongs to a group of inherently intractable

problems referred to as NP-hard. Essentially NP-hard means that a rigorous algorithm to

find an optimum design using discrete diameters is not a practical possibility. It is well

known that when diameters are used as the decision variables, the constraints are implicit

functions of the decision variables and require solving conservation of mass and energy

to detetinine the network's pressure heads. In addition, the feasible region is nonconvex,

and the objective function is multimodal. Hence, the network optimization problem

remains very challenging.

In recent years, researchers have attempted to exploit expanding computer power

and combined new optimization techniques with hydraulic simulation software. This

paper describes the development of a computer model named SFLANET. SFLANET is

based upon the shuffled frog leaping algorithm (SFLA), a new member in the family of

memetic algorithms (a kind of meta-heuristics). The optimization algorithm is linked to

EPANET (Rossman 2000) via the EPANET Toolkit and can be used for pipe network

design.
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The remainder of the paper is structured as follows. A mathematical formulation

of the design problem is presented and techniques that have been applied to solve it are

discussed. SFLA and SFLANET are then introduced and results and comments on the

performance of SFLANET for some example problems are presented. Two examples are

for new network designs and the last, the New York city tunnel problem, has the goal of

determining an optimal network expansion. The paper closes with some summary

remarks.

OPTIMIZATION OF WATER DISTRIBUTION NETWORKS

Problem Formulation

In this paper, water distribution network design is formulated as a least-cost

optimization problem with selection of pipe sizes as the decision variables. The pipe

layout and its connectivity, nodal demand, and minimum head requirements are assumed

known. In a general form, the optimization of water distribution networks can be stated

as:

Find the least cost combination of pipe sizes while satisfying the following

conditions.

• Conservation of mass — Inflows and outflows must balance at each node.

• Conservation of energy — Head loss around a closed loop must equal zero and the

head loss along a path between two reservoirs must equal the reservoirs'

elevation difference.
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• Head loss in each pipe follows a known function of the flow in the pipe, its

diameter, length and hydraulic properties.

• Pressure head and flow requirements — Minimum pressure must be provided at

network locations for a given set of demand(s).

• Acceptable pipe sizes - Diameters are selected from an admissible set.

Mathematically the formulation can be stated as:

min f( Dl, 	 ,Dnpipd = E	 Dk, Lk )
kEnpipe

Subject to:

E Qout Qe

(1)

(2)

Aflk = 0, Vie NL
kELoop I

Lk
ZIH k= Hu/ s nockk —H d / s nodk = (t)	 QklQkl" , Vice npipe

CM' IX

HiN ^HminiN eiNENN

D k e[D], VkEnpipe

where D/„Dopipe are the npipe discrete pipe diameter decisions selected from the set of

commercial pipe sizes {D} (eq. 6); Ck(Dk, Lk) is the cost of pipe k with diameter Dk and

length Lk. Eq. 2 represents conservation of mass for each node where Qin and Qout are the

flow into and out of the node, respectively, and Q, is the external inflow (negative) or

demand (positive) at the node. Eq. 3 represents the conservation of energy around loop 1

(3)

(4)

(5)

(6)
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where dHk denotes the head loss in pipe k and NL is the total number of loops in the

system. The head loss in each pipe is the head difference between connected nodes (eq.

4) where CW is the Hazen-Williams roughness coefficient (the Darcy-Weisbach eq. can

also be used). Eq. 5 requires that the nodal pressure H for any node iN (where total

number of nodes is NN) is equal to or greater than a pre-specified minimum pressure

For ease of presentation, one demand pattern is shown above. However, this

formulation and the solution method can be extended to consider more than one demand

patterns and/or extended period simulations.

Previous Studies

The traditional method for designing pipe networks is trial and error guided by

experience. Designers make use of commercially available hydraulic simulation packages

to solve the network equations (Eq. 2-4) and rules of thumb are often used to provide

direction in the design process. A common technique is to ensure that the slope of the

hydraulic grade line or the flow velocity lie within reasonable bounds for each pipe.

Monbaliu et al. (1990) proposed a rule based gradient search technique to achieve

an efficient design. Initially, all pipes are set at their minimum diameters and a

simulation package is used to determine the pressures at all nodes in the network. If the

minimum pressure requirements (eq. 5) are not satisfied, the pipe with the maximum

head loss per unit length is increased to the next available size and another hydraulic

simulation is completed. The process is repeated until all pressure constraints are
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satisfied. Because of the complex interactions between the system components it is often

difficult to ensure the effectiveness of this so-called greedy algorithm.

All possible combinations of available discrete pipe sizes can be simulated in a

complete enumeration. One then selects the lowest cost combination that satisfies the

design constraints. The main drawback is the amount of time required to complete the

task. Since complete enumeration is impractical for even mid-sized systems, Gessler

(1985) proposed a selective enumeration method for network design that prunes the

search space. He suggested guidelines to eliminate certain inferior solutions from being

evaluated by the hydraulic simulation model, hence reducing the number of

configurations to be analyzed. However, Murphy and Simpson (1992) showed that the

approach may miss the optimal design even for a moderately sized network.

A number of researchers have dealt with the problem of optimization of water

distribution networks by applying mathematical programming techniques. Virtually every

optimization method has been applied to water distribution network optimization

problem. In many applications, the hydraulic relationships are simplified to a form

required for the solution algorithm. These simplifications include linearizing the

hydraulic equations or treating the discrete decisions as continuous variables.

Alperovits and Shamir (1977) developed a linearization approach known as the

linear programming gradient method. The approach reduces the complexity of the

original nonlinear problem by solving a sequence of approximate linear subproblems.

The technique requires that a set of variables (pipe flows) be defined and a linear

program is formulated to improve the pipe selection for those flow rates. Information



128

available from the solution of linear programming problem is then used to update the pipe

flows. This iterative process continues until an overall convergence criterion is met. This

approach has been adapted and improved by many researchers (Quindry et al. 1981;

Featherstone and El-Jumaily 1983; and Fujiwara et al. 1987).

Although a linear program is solved at each iteration in the methods above, the

design problem is nonlinear and global optimality can not be guaranteed. To overcome

this limitation, some researchers (Fujiwara and Khang 1990; Eiger et al. 1994; and

Loganathan et al. 1995) have developed approaches to move toward global optimal

solutions through two-phase searches.

By its nature, the optimization of water distribution networks is nonlinear.

Therefore, it is reasonable to use standard or application-tailored nonlinear programming

methods. A number of researchers have applied nonlinear optimization to pipe network

problems (Shamir, 1974; El-Bahrawy and Smith 1985 and 1987; Chiplunkar et al. 1986;

Su et al. 1987; and Lansey and Mays 1989). NLP methods have two significant

limitations. First, they also do not guarantee global optima. Second, they typically use

continuous diameters as decision variables and converting the continuous solutions to

commercial pipe sizes may reduce the quality of the solution.

Recently, developments in the field of stochastic optimization have proved to be

useful for solving the discrete pipe-sizing problem. Numerous heuristic techniques have

been developed. In mathematical programming, heuristic refers to a procedure that seeks

a solution to an optimization problem but does not guarantee that it will find one.

Heuristics use an objective function (teimed as heuristic function) to guide the search, as
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a human would do. Heuristic searches are of two types; informed search and blind search.

Heuristics that use the heuristic function in a strategic way (i.e., an informed search) are

referred to as meta-heuristics or stochastic search methods. Genetic algorithms, simulated

annealing, tabu search are common meta-heuristics.

In general, when searching for an optimal solution with a stochastic search

method, the objective function is calculated for a set of decision variables (discrete pipe

sizes). Based only on the objective function values of the current solutions, the search

evolves through generations, improving the features of the potential solutions through

some form of evolution. The generation process varies by method but always contains a

random element.

Stochastic search methods only use objective function values to move to better

solutions compared to most mathematical programming methods that use gradient

information. As such, they can easily be used to solve the discrete pipe-sizing problem.

The drawback of these methods is the large number of simulations necessary to find an

optimum solution since gradient infoi nation about the response surface is not used.

Applications to design water distribution networks include genetic algorithms and

simulated annealing. Genetic algorithms have been used for solving the network design

problem by Hadji and Murphy (1990), Murphy and Simpson (1992), Walters and

Cembrowicz (1993), Simpson et al. (1994), Dandy et al. (1996), Savic and Walters

(1997), Gupta et al. (1999), and Lippai et al. (1999). Simulated annealing was applied by

Loganathan et al. (1995) and Cunha and Sousa (1999).
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In an effort to reduce the computational burden in solving the problem a new

meta-heuristic was applied. The approach, shuffled frog leaping algorithm (SFLA), has

shown promise in solving other problems (Eusuff 2001). The remainder of the paper

focuses on SFLA, its algorithmic procedure and its application to literature problems.

SHUFFLED FROG LEAPING ALGORITHM (SFLA): A Memetic Meta-heuristic

Shuffled frog leaping algorithm (SFLA) is a memetic meta-heuristic that is

designed to seek a global optimal solution by performing an informed heuristic search

using a heuristic function. It is based on evolution of memes carried by interactive

individuals and a global exchange of information among the population. SFLA has been

tested on several combinatorial problems and found to be efficient in finding global

solutions (Eusuff 2001).

Basic concept

Memetic algorithms are population-based approaches for heuristic search in

optimization problems. The term memetic comes from "meme" (Dawkins 1976). Memes

can be considered as the unit of cultural evolution. Ideas evolve in a manner analogous to

biological evolution. Here we introduce the term memeplex to denote a group of mutually

supporting memes that form an organized belief system, such as a religion.
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Evolution: Memetic vs Genetic 

Although memetic and genetic evolution are subjected to the same basic

principles, i.e., possible solutions are created, selected according to some measure of

fitness, combined with other solutions and possibly mutated, memetic evolution is a

much more flexible mechanism. The implicit goals of genes and memes are different to

the degree that they use different mechanisms for spreading information from one

member of the population to another member. Genes can only be transmitted from

parents to offspring. Memes, in principle, be transmitted between any two individuals.

For genes to be transmitted, it typically must occur between generations. Unlike genetic

evolution, if an improved idea is found in memetic evolution, it can be incorporated in

other memes immediately rather than waiting for a full generation of genes to be

replicated. Also, gene replication is restricted by the rather small number of offspring that

a single parent can have, whereas the number of individuals that can take over a meme

from a single individual is almost unlimited.

Overview of SFLA

The shuffled frog leaping algorithm progresses by transforming "frogs" in

a memetic evolution. In this algorithm, individual frogs are not so important, rather they

are seen as hosts for memes and described as a memetic vector. Each meme consists of a

number of memotypes. The memotypes represent an idea in a manner similar to a gene

representing a trait in a chromosome in a genetic algorithm. The SFLA does not change

the physical characteristics of a individual rather it progressively improves the ideas held
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by each frog in a so-called Virtual Population (VP). The virtual population is used to

model the meme pool consisting of a diverse set of frogs in a manner analogous to the

population representing a chromosome pool in a GA population. As noted above, the

difference and potential advantage of the memetic representation is that ideas are passed

between all individuals in the population whereas only parent-sibling interactions are

allowed in a GA.

Consider a group of frogs leaping in a swamp. The swamp has a number of stones

at discrete locations that the frogs can leap onto. The frogs' goal is to find the stone with

the maximum amount of available food as quickly as possible by improving their memes.

Here, the alteration of memotypes can be possible only by discrete values and the meme

corresponds to the coordinate position of frogs. The frogs can communicate with each

other, and can improve their memes by infecting (passing information) each other.

Improvement of memes results in changing an individual frog's position by adjusting its

leaping step size.

Based on this abstract model of virtual frogs, the shuffled frog leaping algorithm

draws on particle swarm optimization (PSO) (Eberhart and Kennedy 1995) as a local

search tool and the idea of competetiveness and mixing information from parallel local

searches to move toward a global solution from the shuffled complex evolution (SCE)

algorithm (Duan et al. 1992).

The sample of virtual frogs constitutes a population. The population is partitioned

into subsets described as memeplexes. This step is similar to SCE but SFLA considers

discrete variables whereas SCE is only applicable to continuous variables. The
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memeplexes can be perceived as a set of parallel frog cultures attempting to reach some

goal. Each frog culture proceeds towards their goal exchanging ideas independently (i.e.,

search the space in different directions) in parallel. Frog leaping (a virtual memetic

engineer) improves an individual's meme and enhances its performance towards the goal.

Frog leaping is an extension of the process used in PSO. PSO is developed for continuous

problems whereas FLA considers discrete variables. Within each memeplex, the frogs are

infected by other's ideas, hence they experience a memetic evolution.

After a defined number of memetic evolution steps, information is passed

between memeplexes in a shuffling process similar to that used in SCE. Shuffling is

analogous to the set of cultures that were working in isolation, meeting and transferring

information between the cultures. Shuffling enhances the meme quality after being

infected by the frogs from different memeplexes. Shuffling ensures that the cultural

evolution towards any particular interest is free from bias. After shuffling, the searches

for the optimal solutions using infoimation in the independent memeplexes are again

pursued. This local search and shuffling process continues until defined convergence

criteria are satisfied. The next section discusses in details on SFLA and the network

optimization strategy.
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DEVELOPMENT OF SFLANET

This section describes the development of SFLANET, a computer model that

applies SFLA in combination with the hydraulic simulation software, EPANET (v. 2),

and its library functions, EPANET Toolkit (Rossman, 2000). The technique involves the

following steps for design/augmentation of water distribution systems. Schematic

diagrams of SFLANET algorithm are shown in Fig. B.1 and B.2.

Encoding — Decoding of a set of design solution

Memotype(s), the actual contents of a meme are treated as the decision variables for

the network design problem. An npipe-dimensional problem (npipe pipes) means, a frog

with a meme comprised of 'npipe' memotypes. In this application, each memotype of a

meme is a numeric representation of a discrete pipe diameter. For example, if we have

eight available pipe sizes to select from for a pipe, then the memotypes are encoded as 1

through 8 where 1 corresponds to the smallest pipe diameter and 8 corresponds to the

largest pipe diameter. For a network of four pipes, a frog can have a meme comprised of

four memotypes for the four pipes, e.g., (2, 4, 3, and 7). SFLA uses the value of the

memotypes for the evolution. The memotypes are decoded to actual pipe sizes according

to their numeric representation before they are passed to the hydraulic simulation model.

For the description of the following SFLA steps, the readers should keep in mind

that the algorithm is using an abstract model where a frog's position (meme) is dictated
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by a selected set of pipe sizes at a particular time and the position change means a change

in pipe sizes.

Choice of initial set of design solutions

To begin the search, a population of F virtual frogs (sets of solutions) is randomly

initialized with positions [f(encoded meme of npipe memotypes)] within the feasible

space Q. The position of the `ith' frog with npipe memotypes is represented as D(i) =

(D ,D i2 , 	 ,DinPiPe).

Performance evaluation of a virtual frog

The performance of each frog is then computed based on its position. Since SFLA

is an unconstrained optimization method, performance includes the solution cost and

some penalty reflecting constraint violation. The first step of the performance evaluation

is that EPANET via Toolkit solves the conservation of mass and energy equations and

computes the nodal pressure heads for each demand.

The minimum pressure constraint separates feasible solutions from infeasible

ones. During the search infeasible solutions violating pressure constraints are not ignored.

These solutions (frogs) are considered in the process to make the exploration more

flexible but do incur a penalty cost reflecting the constraint violation.

A simple additive penalty function is applied, W* [max [ 0, H min, iN	 iN ]] where

Hmin,iN and H iN are the minimum allowable pressure and the simulated pressure at node
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iN, respectively, and W is a penalty multiplier per unit violation for the specific problem.

The total cost, TC, is then,

TC(Dp 	 ,Drzpipj = E C( Dk, Lk) + W[E 	E (max[O,Hmin, 	iN )11
kEnpipe	 tET iNENN

(7)

The penalty multiplier, W, is chosen to nolualize nominal values of the penalties to the

same scale as the pipe cost. The perfollnance function, f, to be maximized in SI-LANET

is 11TC. The detailed steps for computing perfoi 'lance is described below and shown in

Fig. B.2.

Step 0:

Input network, cost and performance function data, and required minimum nodal pressure

heads.

Step 1:

A set of pipe diameters for frog i, D(i), (Dr; iP =	 npipe) (i.e., decoded memetic

information containing npipe pipe sizes) is passed to the performance evaluation

program.

Step 2:

Total pipe cost [f(length, diameter)] is calculated using the first part of eq. 7. The network

data is updated for D(i) using EPANET Toolkit.

Step 3:

Hydraulic simulation (EPANET) is run and the nodal pressures are obtained for each

demand pattern.
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Step 4:

If the solution does not satisfy minimum head constraints, the penalty cost is evaluated as

the product of the penalty multiplier (W) and magnitude of the nodal head violation

summed for all nodes and all demand patterns.

Step 5:

The total cost for frog i, TCi, is computed as the sum of pipe cost and penalty cost (eq. 7).

Step 6:

Performance of the set of decision variables is computed as f(i) = 1 /TCi. This value is

passed to SFLA.

This process is completed for all possible sets of solutions (frogs).

Rank and Partition the frogs into memeplexes

After the performance for all frogs are calculated the frogs are sorted in order of

decreasing perfoimance value. The sorted frogs are stored in an array X = {D(ir), f(ir), ir

=1,...., F1, where ir = 1 represents the frog with the best performance value (i.e., least-

cost solution set). The best frog's position in the entire population of F frogs, Dx is

recorded. X is then partitioned into m memeplexes 17.1, Y2, 	  Y", each containing n frogs,

such that:

yk wok fwki Dok mk±m(j4)), fusk = f (k+M(i -1)), j =1,..., n], k= 	m (8)

For example, for m = 3, frog ranking 1 goes to memeplex 1, frog ranking 2 goes

to memeplex 2, frog ranking 3 goes to memeplex 3, frog ranking 4 goes to memeplex 1,

and so on. A memeplex is analogous to a complex in SCE.
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Memetic evolution within a memeplex by Frog Leaping Algorithm (FLA)

As described earlier each memeplex acts and evolves as an independent culture.

Details of the frog leaping algorithm within each memeplex that improves the frogs'

performance towards the optimum are presented below.

Step 0:

Set im = 0 where im counts the number of memeplexes and will be compared to total

number of memeplexes m. Set iN = 0 where iN counts the number of evolutionary steps

and will be compared to maximum number of steps, N, to be completed within each

memeplex. N and m are defined by the modeler.

Step I:

Set im = im + 1.

Step 2:

Set iN = iN + 1.

Step 3:

Construct a sub-memeplex: A frogs' goal is to move towards the optimum location by

improving its memes. As stated earlier, frogs can adapt their ideas from the best frog

within the memeplex or from the population's global best. Regarding the selection of the

memeplex best, it is not always desirable to use the best frog because the frogs' tendency

would be to concentrate around that particular frog that might be a local optimum. So, a

subset of the memeplex called a sub-memeplex is considered. However, the sub-

memeplex selection strategy gives higher weights to the frogs that show more promise by
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having higher performance values and less weight to those with lower performance

values. The weights are assigned with a triangular probability distribution, i.e.,

pi = 2(n+l-j)1(n(n+1)) , j = 1, 	 ,n

such that, within a memeplex the frog with best performance has the highest probability

of being selected for the sub-memeplex, 1)1 = 2I(n+1) and the frog with worst

performance has the lowest probability, pn = 21(n(n+1)). q distinct frogs are then

randomly selected from n frogs in the memeplex to form the sub-memeplex array Z. The

sub-memeplex is sorted so that frogs are arranged in order of decreasing performance

value. Record the best (iq = 1; iq =	 q) and worst (iq = q) frog's position in the sub-

memeplex as the DSB and DSw vectors respectively.

Step 4:

Improve the worst frog's position: The step size (as a vector for all the memotypes) and

new position for the frog with worst performance in the sub-memeplex are computed by

Step size, d = MIN[ INT(rand*(DSB - DSO), drna, ] for positive step

= MAX[ INT(rand*(DSB - DSw)), -dma, for negative step

where rand is a random number in the range [0,1] and dma, is the maximum step size

allowed (maximum incremental change in pipe diameter value) for a frog after being

infected. The new position is then computed by:

Dag = 0 = Dw + d	 (9)

If D(iq = is within the feasible space, Q, compute the new performance value fiiq = q).

Otherwise go to step 5.
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If the new fiiq = q) is better than the old fiiq q), i.e., if the evolution produces a better

solution, then replace the old Dag . with the new one and go to step 7. Otherwise go to

step 5.

Step 5:

If step 4 cannot produce a better solution then the step and new position are computed for

that frog based upon the present global optimal solution by

Step size, d = MINI INT(rand*(Dx- DSw)),dnia., ] for positive step

= MAX[ INT(rand*(Dx- DSw)), -dma, _I for negative step

and the new position is computed by eq. 9.

If D(iq = 0 is within the feasible space, ..(2, compute the new performance value fi iq q)

otherwise go to step 6.

If the new fiiq = q) is better than the old fiiq = q), i.e., if the evolution produces a better

solution, then replace the old Doq = 0 with new one and go to step 7. Otherwise go to step

6.

Step 6:

Censorship: If the frog's new position is either infeasible or not better than the old

position using both criteria, the spread of defective meme is stopped by randomly

generating a new frog 'r' at a feasible location to replace the frog whose new position

was not favorable to progress towards an optimum value. Compute f(r) and set DN= 0 =

r and fi iq q) =f(r).
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Step 7:

Upgrade the memeplex: After the memetic change for the worst frog in the sub-

memeplex, replace Z in their original locations in Y. Sort Yk in order of decreasing

performance value.

Step 8:

If iN <N , go to step 2.

Step 9:

If im <m , go to step 1. Otherwise go to shuffling operation to form new memeplex sets.

Shuffling of population 

After N evolutions within each memeplex the population is shuffled. Periodic

shuffling strategy promotes a global exchange of information among the frogs and helps

to concentrate the search in the direction of the most promising region identified by

individual memeplexes.

Here the newly evolved YI , 	 , Ifin are replaced in X, such that X = {Yk, k=1,....,

m). X is then sorted in order of decreasing performance value and partitioned into m

memeplexes using eq. 8. The best frog's position in the entire population (F frogs), Dx, is

updated. Memetic evolution within the memeplexes is repeated until a stopping criteria is

met.
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Stopping criteria

Two stopping criteria are used in SFLA. The first limits the number of evaluations

or shuffle operations. The second, and more desirable result, is the number of consecutive

shuffle operations over which the global best solution has not changed which implies

convergence to an optimal solution.

Selection of SFLA parameters

Like other heuristics the performance of SFLA is sensitive to the parameters used.

The primary SFLA parameters are the number of memeplexes (m), the number of frogs

per memeplex (n) , the number of frogs per sub-memeplex (q) , the number of memetic

evolutions within a memeplex before shuffling (N), and the maximum allowable step size

(dmw). A sensitivity study on the parameters has been completed by the authors (Eusuff

2001). Since no general guidelines to choose these parameters have been identified, a

parameter sensitivity analysis was completed to determine a proper set of parameters for

each test network. After the good parameters were identified, convergence tests were

performed by varying the SFLA parameters for the different networks. Results for the

New York City Water Supply Tunnel System are presented in the application section.

SFLANET APPLICATIONS

Alperovits and Shamir Network

In order to demonstrate the efficacy of SFLANET, three networks that have

appeared in the literature were designed. The first system, a two-loop network, was
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introduced by Alperovits and Shamir (1977). It was also examined by Quindry et al.

(1981), Fujiwara et al. (1987), Kessler and Shamir (1989, 1991), Bhave and Sonak

(1992), Savic and Walters (1997), and Cunha and Sousa (1999). The system layout and

network data are presented in Fig. B.3. The minimum allowable pressure is 30 m above

ground level for all nodes. Table B.1 lists the pipe cost per meter for the fourteen

available pipe diameters.

After some testing, the SFLA parameters were defined as: m = 30, n = 17, q = 9,

N = 17, and dmax = 100% of the available pipe diameter range. Each frog is characterized

by a meme of 8 memotypes where each memotype can assume any of the encoded values

of the 14 available pipe sizes. Thus 148 types of ideas are possible among the virtual

frogs.

Figure B.4 shows the evolution towards the optimal solution in SHANET for one

of the several runs. The best solution found using SFLANET is the same as Savic and

Walters (1997) and Cunha and Sousa (1999) (Table B.2). The optimum cost $419,000

was found using five different random initial points. However SFLANET found the

optimal solution more quickly than previous techniques. The least number of function

evaluations was 11,155 (with 11,323 and 11,692 runs being the average and the most

number of evaluations required respectively) using SFLANET compared to around

65,000 evaluations for the genetic algorithm (GA) (Savic and Walters, 1997) and around

25,000 evaluations for simulated annealing (SA) (Cunha and Sousa, 1999). For reference,

four continuous diameter solutions are also shown in Table B.2. Since a discrete solution

is not required these solutions are lower than the SFLANET cost.
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Savic and Walters (1997) presented two discrete diameter solutions obtained by

using GA. These two solutions are the optimal designs found for co (see eq. 4) equal to

10.5088 and 10.9031, respectively. The higher co results in higher head losses requiring

larger pipes in the final design. This issue is more critical in larger systems. Table B.3

lists the nodal pressures for the optimum design found by using SFLANET. The w value

in EPANET v. 2.0 is 10.667.

Hanoi Network

The Hanoi network shown in Fig. B.5 was first presented by Fujiwara and Khang

(1990). Its system data are summarized in Table B.4. The minimum allowable nodal

pressure is 30 m above ground level for all nodes. Table B.5 lists the pipe cost per meter

for six available pipe sizes. With these 6 discrete pipe sizes for a 34 pipe network design,

the total solution space consists of 634 different possible network designs. Results are

presented using the following SFLA parameters; m = 30, n = 30, q = 15, N = 15, and ch.

= 100% of the available pipe diameter range.

The network was solved using EPANET Toolkit for the three previously

published discrete diameter solutions listed in Table B.6. The resulting nodal pressures

are given in column (3), (5), and (7) in Table B.6. Only one solution (GA with co =

10.9031) is feasible.

SFLANET was then used to find the optimum network design with allowable

minimum pressure 29.59 m (minimum among the violated nodes in Table B.6 for the

Cunha and Sousa solution) and 30.00 m. The solutions obtained by using SFLANET are
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equivalent to results presented by Savic and Walters (1997) in Table B.6 (equivalent to

column 2 for 11,, in = 29.59 m and equivalent to column 4 for Ilmin = 30.00 m). Although

the best solution found for five runs from different random starting points using

SFLANET is slightly more expensive than Cunha and Sousa (1999), SFLANET was

more efficient. The optimum cost of $6,073,000 was found in a minimum of 26,987

evaluations (with 27,546 and 28,309 runs being the average and the most number of

evaluations required respectively) using SFLANET compared to 53,000 evaluations

required by simulated annealing. Three small pipes (pipe no. 30, 32, and 34) were

different by one diameter increment. Two of those pipes had diameters near the

boundary. This condition suggests that SFLA may have problems in these cases. Further

research is recommended for the problems when the decisions are near their limits.

Parallel Expansion of New York City Water Supply Tunnel

The New York City water supply tunnel system, shown in Figure B.6 was first

described in detail and optimized by Schaake and Lai (1969). Unlike the previous

examples, this system is in place and requires expansion. A number of other researchers

have examined this problem (Quindry et al. 1981; Morgan and Goulter 1985; Bhave

1985; Murphy et al. 1993; Savic and Walters 1997; and Lippai et al. 1999). The imperial

system of units was used here to enable comparisons with previous studies. Existing pipe

and node data are listed in Table B.7. Due to pipe aging, the existing gravity flow tunnels

are inadequate to meet the pressure requirements (node 16, 17, 18, 19, and 20) for the
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projected demands. Therefore, new pipes can be added in parallel to the existing pipes to

meet the minimum pressure head requirements.

For this problem 16 possible decisions available including fifteen pipe sizes and

the "do nothing" option. Considering all 21 pipes for possible duplication, results in 1621

possible designs. Table B.8 lists the unit pipe costs. The C value for new pipes was taken

as 100. SFLA parameters were m = 30, n = 30, q = 22, N = 22, and dn. = 100% of the

available pipe diameter range. Results of varying these parameters is described below.

The best discrete solutions found in previous studies and that obtained by using

SFLANET are summarized in Table B.9. The figures listed in the table are the new pipe

diameters to be added in parallel to the respective existing lines. The solution was found

by SFLANET performing several runs using different random starting points using the

parameters noted above. The optimal solution found by SFLANET is $38.13 million,

and was determined in 31,267 evaluations (least among five runs with 100% success). In

terms of efficiency SFLA is faster than the GA used by Lippai et al. (1999) that

detelinined its best solution ($38.13 million) after 46,016 evaluations. This solution

allowed for a violation of 0.05' so the minimum head is 0.02' below the requirement as

determined by EPANET (v. 2.0).

Table B.10 lists the optimal nodal head values for the SFLANET solution. It is

important to note that, the solutions found by Savic and Walters (1997) ($37.13 million

with co = 10.5088) resulted in infeasible pressures at nodes 16, 17, and 19 when the

network was simulated using the w = 10.667 that is used for the EPANET (v. 2.0). To

satisfy minimum pressure requirements without minor violations, SFLANET found the
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solution by Murphy et al ($38.8 million) in eight of eight runs with different initial seeds

requiring between 21,569 to 24,817 function evaluations.

The SFLA parameters used in the above problems were selected after some

testing. Like all heuristics, the best parameter values are problem dependent. The effect

of the parameter selection on convergence to the global optimal and on the number of

evaluations were examined for the NY tunnel problem (Table B.11). Four parameters

were studied the number of memeplexes, m; the number of frogs per memeplex, n; the

number of evolutions between shuffles, N; and the maximum stepsize, dm . In terms of

finding the global optimum, the method was insensitive to N and dm„. But the number of

function evaluations decreased as 4,, was increased since decreasing the step size

limited movement toward the solution. SFLA was more sensitive to m and n. It appears

that increasing either parameter increases the likelihood of finding the global solution but

at a cost of more function evaluations. All of these runs allowed the slight pressure

violation (0.05'). Since the solution has pressure heads very near the bound value (nodes

16, 17 and 19), convergence to the apparent global optimum is slower than the Murphy

solution.

CONCLUSIONS

The computational complexity in solving the optimal network design problem is

extremely high. Water distribution network design belongs to a group of inherently

intractable problems referred to as NP-hard problems. Essentially NP-hard means that a
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rigorous algorithm to find an optimum design of discrete diameters is not a practical

possibility. Traditional optimization methods have been limited by their ability to handle

the complex nature of the problem and have only been applied with simplifications and

assumptions.

Techniques have been developed in the field of stochastic optimization such as

genetic algorithm and simulated annealing that have been applied to the optimal network

design problem and retain the reality of the physical system. This paper described the

development of SFLANET, an optimization model based on Shuffled Frog Leaping

Algorithm (SFLA), a recently developed meta-heuristic for discrete problems. It is a

population based, cooperative search metaphor inspired by natural memetics. SFLANET

can be used to assist engineers develop designs for water distribution networks or

expansions of existing networks. To model the network hydraulics, EPANET is directly

linked to SFLA.

In this paper, the efficacy of SFLANET was tested by solving three water

distribution network optimization problems. SFLANET found previous best solutions for

the two example networks and a very nearly optimal solution for the third. In solving

these problems SFLA found the optimal solutions in fewer iterations than genetic

algorithms and simulated annealing. The robustness of the method was also examined

with respect to SFLA parameters.

The SFLANET framework is very versatile and can be extended to design pumps

or other network components. Also, although SFLANET uses EPANET as the network

hydraulic solver, any available hydraulic model can be incorporated for that purpose.
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Table B.1. Cost data for new pipes for the Alperovits and Shamir

Network.

Memotype value Diameter (in) Diameter (mm) Cost ($/meter)

(1) (2) (3) (4)

1 1 25.4 2

2 2 50.8 5

3 3 76.2 8

4 4 101.6 11

5 6 152.4 16

6 8 203.2 23

7 10 254.0 32

8 12 304.8 50

9 14 355.6 60

10 16 406.4 90

11 18 457.2 130

12 20 508.0 170

13 22 558.8 300

14 24 609.6 550
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Table B.3. Nodal pressures for the optimal

solution of the Alperovits and Shamir

Network obtained by SFLANET.

Node

(1)

Pressure' (m)

(2)

2 53.24

3 30.44

4 43.44

5 33.78

6 30.43

7 30.53

'Pressure must be equal or greater than 30.00 m.
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Table B.4. Data for the Hanoi Network.

Node data Pipe data

Node

(1)

Demand (m3/h)

(2)

Pipe

(3)

Length (m)

(4)

1 (source) -19,940 1 100

2 890 2 1,350

3 850 3 900

4 130 4 1,150

5 725 5 1,450

6 1,005 6 450

7 1,350 7 850

8 550 8 850

9 525 9 800

10 525 10 950

11 500 11 1,200

12 560 12 3,500

13 940 13 800

14 615 14 500

15 280 15 550

16 310 16 2,730

17 865 17 1,750

18 1,345 18 800

19 60 19 400

20 1,275 20 2,200
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Table B.4. (contd.)

21 930 21 1,500

22 485 22 500

23 1,045 23 2,650

24 820 24 1,230

25 170 25 1,300

26 900 26 850

27 370 27 300

28 290 28 750

29 360 29 1,500

30 360 30 2,000

31 105 31 1,600

32 805 32 150

33 860

34 950
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Table B.5. Cost data for the Hanoi Network.

Memotype value Diameter (in) Diameter (mm) Cost ($/meter)

(1) (2) (3) (4)

1 12 304.8 45.726

2 16 406.4 70.400

3 20 508.0 98.378

4 24 609.6 129.333

5 30 762.0 180.748

6 40 1,016.0 278.280
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Table B.6. Solutions for the Hanoi Network problem obtained by using discrete diameter

techniques.

Savic and Walters (1997)

(GA with co = 10.5088)

Savic and Walters (1997)

(GA with co = 10.9031)

Cunha and Sousa (1999)

(Simulated annealing)

Pipe/Node #

(1)

Dia (mm)

(2)

Pressure (m)

(3)

Dia (mm)

(4)

Pressure (m)

(5)

Dia (mm)

(6)

Pressure (m)

(7)

1 1016 100.00 1016 100.00 1016 100.00

2 1016 97.14 1016 97.14 1016 97.14

3 1016 61.63 1016 61.63 1016 61.63

4 1016 56.83 1016 57.26 1016 56.82

5 1016 50.89 1016 51.86 1016 50.86

6 1016 44.62 1016 46.21 1016 44.57

7 1016 43.14 1016 44.91 1016 43.10

8 1016 41.38 1016 43.40 1016 41.33

9 1016 39.97 762 42.23 1016 39.91

10 762 38.93 762 38.79 762 38.86

11 609.6 37.37 762 37.23 609.6 37.30

12 609.6 33.94 609.6 36.07 609.6 33.87

13 508 29.72a 406.4 31.86 508 29.66a

14 406.4 35.06 406.4 33.19 406.4 34.94

15 304.8 33.07 304.8 32.90 304.8 32.88

16 304.8 30.15 406.4 33.01 304.8 29.79a

17 406.4 30.24 508 40.73 406.4 29.95a

18 508 43.91 609.6 51.13 508 43.81

19 508 55.53 609.6 58.03 508 55.49



Table B.6. (contd.)

20 1016 50.39 1016 50.63 1016 50.43

21 508 41.03 508 41.28 508 41.07

22 304.8 35.86 304.8 36.11 304.8 35.90

23 1016 44.15 1016 44.61 1016 44.24

24 762 38.84 762 39.54 762 38.50

25 762 35.48 762 36.40 762 34.79

26 508 31.46 508 32.93 508 30.87

27 304.8 30.03 304.8 32.18 304.8 29.59a

28 304.8 35.43 304.8 36.02 304.8 38.60

29 406.4 30.67 406.4 31.38 406.4 29.64'

30 406.4 29.65' 406.4 30.47 304.8 29.90'

31 304.8 30.12 304.8 30.95 304.8 30.18

32 304.8 31.36 304.8 32.24 406.4 32.64

33 406.4 406.4 406.4

34 508 508 609.6

Costb 6.073 6.195 6.056

'Infeasible solutions (Pressure < 30 m) when solved by EPANET.

bTotal pipe cost in $ million.
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Table B.7. Network data for the New York City Tunnel System.

Node data Pipe data

Node

(1)

Demand (ft3/s)

(2)

Minimum head (ft)

(3)

Pipe

(4)

Length (ft)

(5)

Diameter' (ft)

(6)

1 (source) -2017.5 300.0 1 11,600 180

2 92.4 255.0 2 19,800 180

3 92.4 255.0 3 7,300 180

4 88.2 255.0 4 8,300 180

5 88.2 255.0 5 8,600 180

6 88.2 255.0 6 19,100 180

7 88.2 255.0 7 9,600 132

8 88.2 255.0 8 12,500 132

9 170.0 255.0 9 9,600 180

10 1.0 255.0 10 11,200 204

11 170.0 255.0 11 14,500 204

12 117.1 255.0 12 12,200 204

13 117.1 255.0 13 24,100 204

14 92.4 255.0 14 21,100 204

15 92.4 255.0 15 15,500 204

16 170.0 260.0 16 26,400 72

17 57.5 272.8 17 31,200 72

18 117.1 255.0 18 24,000 60

19 117.1 255.0 19 14,400 60

20 170.0 255.0 20 38,400 60

21 26,400 72

'Existing pipe diameters.
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Table B.8. Cost data for new pipes for the

New York City Tunnel System problem.

Memotype value Diameter (in) Cost ($/ft)

(1) (2) (3)

1 48 134

2 60 176

3 72 221

4 84 268

5 96 316

6 108 365

7 120 416

8 132 469

9 144 522

10 156 577

11 168 632

12 180 689
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Table B.9. Solutions for New York City Tunnel expansion problem obtained by using

discrete diameter methods.

Pipe

(1)

Gessler

(1982)

Morgan and

Goutter

(1985)

Murphy et

al.

(1993)

Savic and

Walters

(1996)a

Savic and

Walters

(1996)b

Lippai et al.

(1999) and

SFLANET

D (in)

(2)

D (in)

(3)

D (in)

(4)

D (in)

(5)

D (in)

(6)

D (in)

(7)

1 - - - - - -

2 - - - - - -

3 - - - - - -

4 - - - - - -

5 - - - - - -

6 - - - - - -

7 100 144 - 108 - 132

8 100 - - - - -

9 - - - -

10 - - - - - -

11 - - - - -

12 - - - - - -

13 - - - - - -

14 - - - - - -

15 - - 120 - 144 -

16 100 96 84 96 84 96

17 100 96 96 96 96 96

18 80 84 84 84 84 84
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Table B.9. (contd.)

19 60 60 72 72 72 72

20 - - - - - -

21 80 84 72 72 72 72

Cost' 41.80 39.20 38.80 37.13 40.42 38.13

'Solution obtained by using genetic algorithm and w = 10.5088. This solution results in infeasible pressures

at nodes 16, 17, and 19 when the network was simulated using w = 10.667 which was used for SFLANET.

bSolution obtained by using genetic algorithm and w = 10.9031.

'Total pipe cost in $ million.
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Table B.10. Nodal pressures for the optimal

solution of the New York City Tunnel

System obtained by SFLANET.

Node

(1)

Pressurea (ft)

(2)

1 (source) 300.00

2 294.23

3 286.20

4 283.84

5 281.76

6 280.15

7 277.61

8 276.56

9 273.70

10 273.66

11 273.79

12 275.07

13 278.04

14 285.53

15 293.31

16 260.00 (259.80) 6

17 272.80 (272.60)

18 261.11

19 254.98 (254.80)

20 260.65

aThe minimum nodal pressure requirement for all except nodes 16 and 17 is 255 ft. For node 16 and 17 are

260 and 272.8 ft respectively.
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bValues in parentheses for nodes 16, 17, and 19 are pressures when the network was simulated using

solutions obtained by Savic and Walters (1996) (co = 10.5088) and with to = 10.667 which was used for

SFLANET.

Table B.11. Results of SFLANET Parameter Selection Test for New York City Tunnel

System. Base values are: m = 30, n = 30, N = 22, and dmax = 100 % of the pipe size range.

Test no. Parameter
Parameter

value

aAvg. no. of evaluations

required to achieve global

optimum

Range of evaluations

to achieve global

optimum

Success rate

(%) in 5

runs

Test 1 n

10 Not found Not found 0

20 26,000 25,468 - 26,522 40

30 31,400 31,267 - 31,713 100

40 38,900 37,437 - 40,894 100

Test 2 m

10 Not found Not found 0

20 27,500 26,813 - 28,983 60

30 31,400 31,267 - 31,713 100

40 38,300 36,841 - 40,263 100

Test 3 N

10 37,900 36,437 - 39,836 80

15 32,400 32,018 - 33,145 100

22 31,400 31,267 - 31,713 100

30 41,100 39,542 - 43,211 100

Test 4 dmax

25 61,200 59,058 - 64,015 100

50 45,300 43,533 - 47,619 100

75 40,100 38,572 - 42,156 100

100 31,400 31,267 - 31,713 100

aRounded to the nearest hundred (00).
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Fig. B.1. Solving optimum network design problem with SFLANET.
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Fig. B.3. Alperovits and Shamir Network.

Note: All pipes are 1000m long.
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Fig. B.4. Evolution of solution cost for the Alperovits and Shamir Network using

SFLANET.
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Fig. B.5. Hanoi Network (Fujiwara and Khang 1990).
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Fig. B.6. New York City Water Supply Tunnel System (Schaake and Lai 1969).
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Optimal operation of artificial groundwater recharge systems
considering water quality transformations

Muzaffar M. Eusuffl and Kevin E. Lansey2

Abstract: In water limited areas as water demand increases alternative sustainable water

sources must be identified. One supply augmentation practice, that is already being

applied in the arid southwest U.S., is artificial groundwater recharge using wastewater

effluent. The objective of a recharge facility is to supplement the available groundwater

resources by storing water for the future. The resulting reclaimed water is used primarily

for non-potable purposes but under increasing stresses shifting to potable use is likely to

happen. Water quality then becomes a more pressing concern. Water quality

improvements during infiltration and groundwater transport are significant and are

collectively described as soil-aquifer treatment (SAT). To meet user needs, the recharge

operation must be efficiently managed considering monetary, water quality and

environmental concerns. In this paper, a SAT management model is developed that

considers all of these concerns.

To develop a SAT management model, the shuffled complex evolution algorithm

(SCE) is used as the optimization tool. SCE is a relatively new meta-heuristic search

technique for continuous problems that has been used extensively for hydrologic model

calibration. In this application, SCE is integrated with the simulation models

(MODFLOW, MT3D, and MODPATH) to represent movement and quality

Project Engineer, CH2M-Hill, Redding, CA 96001, email: meusuff@ch2m.com, Ph: 530-
2293307.

'Professor, Department of Civil Engineering and Engineering Mechanics, University of
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178

transformations. Two steady state case studies on a general hypothetical aquifer

(modeled after a field site) were examined using the management model.

Short Title: Artificial recharge optimization

Keywords: Artificial recharge, optimization, water quality, reuse, groundwater
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Introduction

In recent years, artificial recharge of groundwater is becoming an issue of

practical interest among the water managers in the arid and semi-arid regions. In many

water limited areas, aquifer overdraft due to groundwater mining has led to problems

such as saltwater intrusion in the coastal areas, land subsidence, and earth fissures. Thus,

artificial recharge projects can be an integral component of a long plan to meet growing

water demands, sustain the subsurface resources and ameliorate overdrafting effects. This

technique was recognized nearly 40 years ago as having potential for augmenting natural

recharge, replenishing an overdrafted aquifer and storing water during surplus periods for

future use (Baumann, 1965). Underground storage and recovery is now receiving more

attention as some of the disadvantages of conventional surface water reservoirs — such as

evaporation particularly in arid regions, potential exposure to contaminants, and large

capital investment — become apparent (Bouwer, 1996).

One source of water for recharge projects is treated wastewater. Non-potable uses

of reclaimed wastewater, such as outdoor watering and irrigation, are common.

However, as population and water demand increase, pressure for alternative water

sources will increase and groundwater recharge and recovery of wastewater for potable

uses will likely become more acceptable. In many areas, the only untapped source of

increasing supply is wastewater.

Artificial recharge using wastewater effluent is accomplished through infiltration

in shallow recharge basins known as spreading basins or via direct injection. During

recharge through the vadose zone and transport through the groundwater aquifer (Figure
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C.1), water quality improvements occur that are collectively described as Soil Aquifer

Treatment (SAT). These physical and chemical processes include filtration, adsorption,

cation exchange, and various microbially mediated biochemical reactions.

Based on studies in the late 1980's the California Department of Environmental

Quality (CDEQ) developed draft regulations that apply to new recharge projects of which

there are several proposed in Southern California. These regulations are generally relied

upon in other states as guidance for permitting. The draft regulations define the depth of

the unsaturated soil zone, the time that recharged water must remain in the aquifer, the

minimum distance between points of recharge and withdrawal and the proportion of

water that can be reclaimed relative to existing groundwater. These regulations were

based on the best knowledge of the water quality changes in the vadose zone and during

aquifer water transport with emphasis on organic carbon and pathogen removal. Ongoing

field and laboratory research on SAT has led to a better understanding of water quality

changes and potential of direct potable use of reclaimed waters (NRC report) that may

lead to changes in the draft regulations.

The focus of this paper is on recharge via spreading basins and operation of these

facilities. The operating objective is to maximize the volume of water reclamation, i.e.,

the quantity of available water from the system. In these systems, ponded water is

allowed to percolate through the vadose zone to the underlying aquifer. After recharge,

water is reclaimed for reuse through pumping wells (Figure C.1). The optimization model

attempts to optimize the application (recharge) and withdrawal rates while satisfying

water quality and hydraulic constraints. Hydraulic, water quality, and transport models of
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the physical system are linked with a global optimization method shuffled complex

evolution (SCE) (Duan et al. 1992).

Two major sets of decisions must be made for a spreading basin recharge facility

with a set of fixed extraction well locations:

• Amount of recharge in spreading basins

• Rate of pumping from local extraction wells

These decisions are critical in the design and management of a recharge facility.

They are selected to maximize the volume of reclaimed water while avoiding undesirable

groundwater mounding and maintaining water quality at withdrawal points by insuring

sufficient travel distances and residence times. This problem is somewhat similar to

groundwater remediation and general groundwater management problems that have been

widely studied in the literature. For example, pump-and-treat remediation systems

involve installation and operation of a well network. The system design is to determine

the number of wells to install, their locations and their extraction rates that optimize some

objective and satisfy the desired constraints.

In general, groundwater management problems tend to be highly nonlinear and

nonconvex mathematical programming problems, particularly when water quality is

considered. To overcome these concerns a nonlinear search technique is used as the

optimization tool and hydraulic, transport and particle tracking simulation models are

directly incorporated in the management model. This integrated model is useful for

solving a range of groundwater management/design problems.
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Groundwater Quality Management Models

During the last two decades much research has been carried out to address

important groundwater quantity and quality management issues. Most of the studies have

actively sought to integrate groundwater simulation models with mathematical

optimization techniques. The simulation-optimization technique is appealing because of

the ability to account for the complex behavior of the aquifer system and identify the

optimum management strategy considering the management objectives and the associated

constraints. Generally speaking, water quality management model has been always

developed to assist groundwater remediation processes.

Two types of decision variables must be considered in groundwater management.

First, how many extraction and injection wells are needed? Second, once well locations

are selected at what rates should water be extracted or injected to satisfy hydraulic and

water quality constraints. These decision variables are inherently related and determined

simultaneously. As a result, the water quality management model is a complex problem,

and the optimum solution has always been a challenge. In water quality management

model the extraction and/or injection is a continuous variable. When well locations are

fixed then the objective of the model is to minimize the operational cost. For simplicity

this category problems are often addressed as linear programming (LP) if the system can

be assumed as linear or as nonlinear programming (NLP) otherwise. When applied to

nonlinear systems, most simulation-optimization management models have assumed that
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at least some nonlinear aspects can be treated linearly. The following cited works are

arranged according to the assumption of linearity and nonlinearity of the problems.

One of the early works by Remson and Gorelick (1980) considered the

determination of minimum extraction rates for the hydraulic containment of contaminated

groundwater. The approach was to incorporate the finite difference approximation of the

groundwater flow equation as constraints in a linear programming problem. These

constraints control the hydraulic gradients which prevented the plume from spreading and

other restrictions that concerned regional groundwater activities. This kind of

management model is useful to do physical containment only, and of limited use for

problems involving aquifer rehabilitation. The reason being the model considers only the

flow field and does not explicitly consider contaminant transport.

In other models, contaminant concentration was considered more explicitly. The

management of contaminant sources has been addressed in the form of simulation-

management model as a LP model (Willis 1979, and Gorelick and Remson 1982). In

general, the governing equations for groundwater solute transport were used to define the

constraints of a linear management model. The limitation of this type of groundwater

quality management model is that in order to maintain system linearity the groundwater

flow field must be determined before contaminant sources can be managed. As a result it

is not possible to have constraints imposed simultaneously upon hydraulics and

contaminant transport. In other words, one can not determine extraction and recharge

rates that would ensure a pre-specified water quality criteria at a specific point.
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Furthermore, all surface reactions of the contaminant(s) must obey linear sorption; the

general class of nonlinear chemical interactions can not be considered.

The groundwater quality management solution techniques mentioned so far are

limited to linear systems and can not handle the nonlinearity. The literature by Gorelick

et al. (1984) is one of the early works that demonstrate the methodology for the

development of management model for nonlinear systems. They presented a

methodology to address the nonlinearity in the flow and transport equation when the

response matrix is used. They used SUTRA model (Voss, 1984) to compute the Jacobian

of the nonlinear constraints (contaminant transport equation) with respect to each

decision variable (extraction or injection) after each iteration. This Jacobian and other

constraints were used as linear constraints for a subsequent nonlinear optimization model

MINOS (Murtagh and Saunders, 1987). Later Ahfeld (1990) tested the same procedure

on a system and it was concluded that computational costs are dominated by the repeated

simulation required to compute the Jacobian and that this limits the use of this

methodology to problems with few decision variables.

Gharbi and Peralta (1994) demonstrated a way of considering contaminant

transport in addressing nonlinear groundwater quantity and quality problem for which the

embedding method is desirable. They established a procedure via the Utah State

University Embedding Model (USUEM) and MINOS to develop optimal groundwater

pumping strategies for the Salt Lake valley. Flow and transport equations were embedded

directly as constraints in the model. They utilized a combination of linearized and
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nonlinear versions of those equations, and cycling (reinitializing and repeating the

optimization) until a convergence is satisfied.

In groundwater hydraulic management problems the feasible region is typically a

convex set. On the other hand, in water quality management problems with contaminant

concentration constraints defined by the nonlinear form of the transport equation it is

possible that some of the constraints will be nonconvex, therefore, the feasible region is

defined as a nonconvex set. Alternative non-gradient based solution methods have been a

relatively recent focus of the research in groundwater quality management. These

methods are sometimes referred to as global optimization methods because of their ability

to avoid convergence to local minimum points. However, no proof exists that they will

actually find the global minimum. The following sections describe some of the

applications of global search techniques to groundwater quality management.

Dougherty and Marryott (1991) and Marryott et al. (1993) applied simulated

annealing (SA) algorithm for groundwater remediation optimization problem. SA

technique was used to optimize discretized pumping rates (extraction and/or injection) at

some preselected well locations in a two dimensional, homogeneous aquifer. The

pumping rates (considering discrete values) were determined such that concentration

levels in a specified area were reduced below a given threshold within a certain time

frame. The model was combined with flow and transport simulations that were used as

submodels within the cost function.

McKinney and Lin (1994) applied a genetic algorithm (GA) to optimize discrete

pumping rates at fixed well locations in a two dimensional homogeneous aquifer for
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pump and treat system design. They used external flow and water quality simulator to

predict the response of the system to the stresses. Huang and Mayer (1997), and Wang

and Zheng (1998) used GA to search for optimal pumping rates for the remediation of a

hypothetical contaminated aquifer system. In order to evaluate the candidate well location

solutions, each three-bit substring was mapped from the binary code to its decimal

equivalent, and the decimal values were substituted into the groundwater flow and solute

transport simulators (MODFLOW and MT3D).

Rogers and Dowla (1994) combined artificial neural networks (ANN) and GA for

solution of a static remediation model with a linear objective function. Their approach

was used to determine optimum pumping rates at selected well locations for a two

dimensional, homogeneous problem.

Karatzas and Pinder (1996) present the solution of groundwater quality

management problem with a nonconvex feasible region using a cutting plane

optimization technique. The majority of the existing (until then) optimization algorithms

for the solution of the groundwater quality management problems were not able to

determine a global optimum when nonconvexity occurs. In an earlier paper (Karatzas and

Pinder (1993)) the outer approximation method, a global optimization technique, was

presented for the solution of groundwater management problem with convex constraints.

While significant progress has been made in the development of simulation-

optimization models for groundwater hydraulic control and quality management, one of

the critical issues has not been addressed properly which has been considered in this

paper as the transformation of water quality in terms of chemical and biological reaction
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after being infiltrated from the recharge basin while optimizing the extraction and

recharge operation. The attenuation in contaminant concentration due to biological

reaction is assumed to be governed by the residence time of recharged water. This paper

is an attempt to explore a different approach for dealing with artificial recharge

management problem by effectively combining a global optimization method shuffled

complex evolution (SCE) (Duan et al. 1992) with groundwater flow, contaminant

transport, and particle tracking simulation models.

SCE is a population based meta-heuristic search technique that has been shown to

be effective and efficient for calibrating watershed models. In the past several years the

algorithm has been tested by many researchers on a variety of hydrologic models. (Duan

et al. (1993), Sorooshian et al. (1993), Tanakamaru (1995), Gan and Biftu (1996), and

Thyer et al. (1999)). To the authors' knowledge, to date, however, SCE has not been used

for general optimization problems. This paper is intended to encourage the researchers

explore the use of a potentially powerful optimization technique.

The remainder of the paper is structured as follows. General formulation of the

SAT water quantity/quality management model and its solution methodology, a brief

description of the shuffled complex evolution (SCE) algorithm, followed by a

comparative study among SCE and other widely used global optimization algorithms to

justify the use of SCE for this research work. Then the management model is

demonstrated in the case of two example problems with results and comments on the

performance of the model algorithm.
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Problem Formulation and Solution Methodology

Formulation:

The purpose of a groundwater recharge system considered here is to replenish the

aquifer with wastewater effluent and simultaneously withdraw water from a set of

extraction wells. It is assumed that the groundwater system is known with certainty and

the decision variables are deterministic. For this type of problem a general form of the

artificial recharge and extraction system objective function that maximizes the benefit of

operation can be written as

Maximize F(q) =NO, [h], (c], [1]] (1)

Subject to

[it] =H[[q], PM/ (2)

[c] = QM, [e], [chi ]i (3)

(1] = L[{q}, R itz]] (4)

gk[(q], (h], (c}, [I]] �0,	 k = 1, ...,M (5)

where decision variable [q] represent vector of stresses (extraction and recharge)

imposed on the groundwater system; [h] = vector of simulated heads in the cells of the

model grid system, where fhin) = vector of initial heads; (c] = simulated water quality

parameter vector, where [cin] = initial contaminant concentration vector; and [I] = vector

that represents particle locations after a specified amount of time originating from a

recharge location t/b7. In addition to the system constraints, i.e., H(*), C(*), and L(0), the

model often include operational and resource constraints. For a SAT system, the

objective function (eq. 1) will typically be related to the recharge and extraction rates

such as maximizing the volume of water recharged to the aquifer or the net recharge
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(recharge minus well extractions). Equations 2, 3 and 4 are sets of equations describing

groundwater flow, contaminant transport and particle tracking. The recharge/extraction

SAT management model developed in this research work combines the shuffled complex

evolution (SCE) algorithm with three-dimensional groundwater flow model MODFLOW

(McDonald and Harbaugh, 1983), transport model MT3D (Zheng, 1990), and particle

tracking model MODPATH (Pollock, 1994). The next section describes simulation

models that are used solve equations 2, 3 and 4 and find the response of the system to

applied stresses (extraction and recharge).

Equation 5 represents M constraints (soft and hard constraints) in terms of the

state of the variables (h, c, 1). Examples of these constraints are the bounds on the

allowable groundwater levels or contaminant concentrations or required storage time

prior to extraction. Violation of these constraints results in a penalty term that is added to

the value calculated using equation 1. Since the optimization methodology is designed

for unconstrained problems, these constraints are included in the objective function in the

form of a penalty function or

f[(q), [kJ, [c],	 -	 Wp [max (gk [[q],	 (c), [1]], 0)]	 (la)
k=1

where Wp is a penalty weight. If the constraint is violated gic will be greater than zero.

The maximum function will equal the magnitude of the constraint violation and

multiplied by a scaling factor. Since the function is to be maximized, this violation is

subtracted from the objective function. If constraint k is satisfied, the max function takes

on a value of zero.
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Simulation Models

The hydraulic response of the aquifer system due to well extraction and recharge,

H(*) as used in the eq. 2 in the formulation is represented by the continuity equation.

This nonlinear partial differential equation describes groundwater movement through

porous media. It is used to compute the piezometric levels, h, and the flow rates

throughout the aquifer. Assuming constant density, hydraulic response is written as:

r	 a'	 a r	 a h
— Kxx — ±— K yy — +—	 +W =

aX ) ay	 aY 	 az	 az1 	at (6)

where x, y, and z are Cartesian coordinates aligned along the major axes of hydraulic

conductivity K„„, Kyy ,  (UT); W is the volumetric flux per unit volume and represents

sources and/or sinks of water (1/T); Ss is the specific storage of the porous material (1/L);

and t is time (T).

The contaminant concentration at any point is influenced by the resulting

differential head values and reaction rates in the aquifer. Q.) in equation 3 represents

the three-dimensional movement of contaminant through porous earth material that is

described by the partial-differential equation:

a	 as	 a	 ac 	 a r ac [a	 a	 \ a
— Dxx — +— Dyy — 	Dzz—	 V xC )+	 yC ) -F	 zC )

ax	 aX j ay	 aY	 j aX	 ay
aCs	 c

+W — + > Rk = R —a tk=1

where, x, y, and z are Cartesian coordinates aligned along the major axes of

hydrodynamic dispersion coefficients Dxx, D  (L2IT); c is the concentration of

contaminants dissolved in groundwater (M/L3); Vx , Vi,, and Vz are the seepage velocities in

(7)
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x, y, and z directions (L/T); cs is the source or sink concentration (M/L3); 0 is the

N
porosity; E Rk is the chemical reaction terms; and R is the retardation factor. The

1c=1

majority of water quality changes in the vadose zone occur at the soil interface.

Therefore, the reactions in vadose are computed outside of the model and output from the

unsaturated zone are supplied as boundary conditions in eq. 7.

The transport equation is linked to the flow equation by:

K L,ah
vx--

e ax

K yy ah
V y = 	

B ay

K zz ah
v z ea

The system response, L(0), in equation 4 to track the particle path with time is

simulated using MODPATH (Pollock, 1994). It is a particle tracking post-processing

program designed to work with MODFLOW. Output (inter-cell flow rates) from steady

state or transient MODFLOW simulations is used in MODPATH to compute the paths

for imaginary "Particles" of water moving through the simulated groundwater system. In

addition to computing particle paths, the model keeps track travel time for particles by

defining the starting locations of particles.

As mentioned earlier rather than solve the large set of equality constraints directly

within the optimization model, the sets of equations 2, 3, and 4 are implicitly solved by

standard simulation packages that are linked to the optimization model SCE. The input
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to these simulation models are the systems' physical parameters and decisions, the

extraction and recharge rates, q, are known as control variables. The model outputs are h,

c, and 1, known as state variables. The groundwater flow simulation model, MODFLOW,

is used to solve H(*) (eq. 2) and generate the flow field including the piezometric levels,

h. To represent artificial recharge, a conventional groundwater model is formed with

desired boundary conditions and wells. Artificial recharge from recharge basins is then

represented using the recharge package. This flow field solution is then passed to the

solute transport and particle tracking model. Here, MT3D solves C(*) (eq. 3) for c and

MODPATH is used to solve L(s) (eq. 4) to track the particles originating in the recharge

cells and evaluate recharged water particle residence times, 1. Violations to constraints

(eq. 5) are evaluated based on the simulation model results and the penalty term and

modified objective function (eq. la) are computed. This information is then provided to

the optimization model as discussed in further detail below.

Global Optimization Method: Shuffled Complex Evolution

The shuffled complex evolution (SCE) (Duan et al. (1992)) is a general purpose

evolutionary algorithm for solving continuous optimization problems. It has been

designed to search for global optimums of problems that tend to have multiple local

minimums such as calibration of nonlinear hydrologic simulation models. SCE is a meta-

heuristic that is based on four concepts:

• Combining deterministic and probabilistic approaches

• Systematic evolution of a "complex" of points spanning the parameter

space
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• Competitive evolution within the complex

• Shuffling points between complexes

Conceptually the algorithm proceeds as follows. A random set of points (called a

population) is sampled from the feasible parameter space S2c9in where n is the dimension

of the problem (i.e., the number of variables to be optimized). The population is

partitioned into p complexes, each consisting of m points. p and m are user defined

parameters that set the population size, s = mp. Each complex is independently evolved

using a competitive technique based on the downhill simplex method (Nelder and Mead

1965). To introduce infonnation sharing, the entire population is periodically shuffled

(i.e., points are exchanged between complexes) and new complexes are fanned. The

evolution and shuffling steps are repeated until a pre-specified convergence criteria is

reached.

The main feature of SCE is the combination of competitive evolution and the

periodic shuffling ensures that the information on the parameter space that has been

gained by each of the complexes is shared throughout the entire feasible space. The

following steps and Figure c.2 briefly describe the SCE algorithm.

Step 0 : p^1 and m^ (n+1) are selected, and hence the sample size s = pin.

Step 1 : A population of s points (xi, x2, x ) are sampled in the feasible space

(defined by the lower and upper bounds). Then the fitness value fi  for each point x i are

computed. The population of points are then sorted in order of increasing fitness value.

The sorted points are then stored in an array B = i =1,...., s}, so that i=1 represents

the point with the smallest fitness value.
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Step 2 : B is partitioned into p complexes A1, A2, 	  , Ap , each containing m

points, such that:

Ak {x .k fjk l Xjk= Xk+p(j-1), fjk= fic+p(j-1),

Step 3 : Each complex A" ,	 p is evolved according to the competitive

complex evolution (CCE) algorithm. CCE is a direct search method based on the simplex

method of Nelder and Mead (1965).

Step 4 : Complexes are shuffled. After the complexes have been evolved a

specified number of times, Al„ AP are replaced into B, such that B = lAk, k=1,...., pl.

B is sorted again in order of increasing function value.

Step 5 : If the user specified convergence criteria is satisfied, the algorithm

tettninates. Otherwise, the process goes to Step 2.

Shuffled Complex Evolution (SCE) versus Other Global Optimization Methods

The engineering optimization problems are usually highly nonlinear and complex.

The response surface for this class of problem usually possesses the following

characteristics:

(a) The presence of several major regions of attractions into which a search can

converge

(b) The non-convexity in the vicinity of the optimal solution

(c) The discontinuity in first and second derivatives

The analytically based global optimization methods may require restrictive conditions of

continuity, convexity and twice differentiability. As a result, the analytically based global
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optimization methods are not suitable for solving most of the practical problems. On the

other hand, probabilistic global optimization methods do not impose restrictive

conditions on the response surface and therefore have been used by the researches.

Comparative studies of the widely used global optimization algorithms have been

conducted and the work by Cooper et al. (1997) and Franchini et al. (1998) is

summarized below. Cooper et al. (1997) investigated the performance of three

probabilistic optimization methods for the calibration of conceptual rainfall runoff (CRR)

models. The CRR model calibration is an optimization problem whose objective is to

determine the model parameters providing the best fit between observed and estimated

flows. The evidence from previous CRR model calibration efforts indicates that this

problem must be solved by one of the global optimization methods (e.g., Johnson and

Pilgrim, 1976; Sorooshian and Gupta, 1985). The probabilistic global optimization

methods Cooper et al. (1997) considered were the shuffled complex evolution (SCE),

genetic algorithms (GA) and simulated annealing (SA).

In this study, regardless of objective function and parameter set the SCE method

was the most robust and accurate in determining the true model parameters and efficient

with respect to the number of function evaluations required to find the optimal solution,

followed by the GA and then SA method.

Franchini et al. (1998) conducted a similar study comparing the shuffled complex

evolution with the GA-SQP, i.e., a GA coupled with a local search algorithm sequential

quadratic programming (SQP); and PS-SQP, i.e., the pattern search (PS) (Hooke and

Jeeves, 1961) coupled with SQP. These three global optimization methods were used for
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the calibration of the conceptual rainfall-runoff models CRRMs for single basin and a

complex basin composed of three sub-basins. The parameter values determined by the

SCE were the nearest to the true values and the solutions obtained by SCE were more

stable than the other methods for all cases.

Because the selection of a global optimization method for a particular application

is usually governed by at least two basic measures: 1) Effectiveness of the method to find

the solution to the global optimum and 2) Efficiency of the method in obtaining the

optimum solution, and further, based on the comparative studies presented above, it can

be concluded that the shuffled complex evolution (SCE) is a reasonable selection as the

optimization tool for a complex nonlinear groundwater management model.

Simulation — Optimization Model Linkage

To solve the recharge/extraction optimization model, the integrated MODFLOW-

MT3D-MODPATH simulation packages are coupled with the SCE optimization

algorithm. Standard MODFLOW-MT3D-MODPATH input files are used to ease data

processing. Input files are dynamically updated during the simulation-optimization

process, and the necessary information are extracted from the output files. SCE works to

find the best extraction and/or the recharge rates for the given set of well locations by

evaluating a fitness function. The optimization model fitness fi (explained in step 1 of the

algorithm description) is the summation of benefit objective function (eq. 1) and the

penalty term that arises due to the violation of soft and/or hard constraints (eq. 5), and is

minimized by SCE to seek the optimum extraction/recharge operation of the system.
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This approach of linking simulation and optimization methods has been

successfully used for other groundwater problems (e.g., McKinney and Lin (1994)) with

other global optimization methods. The benefits of search methods avoiding computing

gradients of the objective function with respect to decision variables as required by

nonlinear methods which simplifies implementation and the effort that the optimization

method takes to find the global optimum solution. As computational abilities improve,

search methods such as SCE have become more useful. Being tailored to continuous

variable problems, SCE is well suited to the SAT problem compared to other search

methods such as genetic algorithms.

Representation of Decision Variables

Each point of the population in SCE algorithm xi carries a complete set of

extraction and recharge rates for all the active wells and basins, respectively. As for

example, for a system with X extraction wells and Y recharge basins, the dimension n of

each point is (X+Y). The first X values are the extraction well rates and the final Y values

are the recharge rates in the Y basins. The SCE algorithm is performed to find an

optimum set of (X+Y) values. Once the problem's decision variables and their bounds are

defined, the simulation models' input files are updated and the models are executed to

find h, c, and 1. The objective function and constraints are evaluated to compute the

fitness fi value for each point xi as shown in Figure C.2. The operational and resource

constraints are defined in the model as the bound of the control variables. With the

penalty method approach the optimization problem (eq. 1) is reformulated as an
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unconstrained problem with the addition of a penalty term. In this management model the

water level deviation from the target value is treated as a soft constraint. Penalty term Pi

is calculated as following

P' =V V

where h i is water level at an observation well i, h i * denotes being the target water level at

that well, and Wp is a penalty parameter. If Wp is selected sufficiently large then the

deviation from the target value will add a large cost to the objective function (for a

minimization problem). Hence a solution will be sought that drives this tenu to zero.

Besides this soft constraint, the model considers the constraints related to

contaminant concentration and particle residence time as hard constraints. If any of the

hard constraints is violated (the state variables are outside their bounds defined in the

management model) the model assigns a very large penalty P2 as the objective function

value (for a minimization problem) for that point such that the point is discarded and a

new point is generated randomly within the feasible space.

Run Time Parameter Modification 

Given the search algorithm and the use of the three simulation models this model

can require long computational times. As such, two techniques were applied and found

beneficial in reducing solution times. First, rather than maintaining a constant penalty

weight, Wp is gradually increased as the search proceeds. This scheme maintains a large

solution domain and promotes a broad search.
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Second, precise simulations are not required during early stages of the search

when most of the sampling points might be far from the optimum. Therefore, the number

of simulation time steps and the length of the time steps for MODFLOW and MT3D are

altered during the search becoming finer in later iterations.

Numerical Experiments

To investigate the performance of applying the shuffled complex evolution (SCE)

algorithm to groundwater recharge management problems, two steady state case studies

were performed on a hypothetical groundwater model (modeled after a field site). The

management model was formulated and tested with two different objectives. The first

case is to maximize the net recharge to the aquifer and the second case is to maximize the

net extraction from the system.

Model Site Description

The finite difference groundwater model grid as shown in Figure C.3 covers an

area of 2,964.2 m by 3,223.3 m (9,725 ft by 10,575 ft) and consists of 34 rows, 36

columns, and 5 layers. Small cells of size 38.1 m by 38.1 m (125 ft by 125 ft) are located

in the vicinity of the effluent spreading basins while other cells are of size 121.92 m by

121.92 m (400 ft by 400 ft). Each of the recharge basin cells has an area of 1,451.61 m2

(15,625 ft2).

Boundary conditions of the aquifer include rivers on the east (elevation, 182.88

m(600 ft) and on the south (elevation, 182.88 m (600 ft)) as shown in Figure C.3. The

west side of the aquifer is a general head boundary with head equal to 185.62 m (609 ft)
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at the north-west corner and 182.88 m (600 ft) at the south-west corner of the model.

Natural recharge to the aquifer is 1.524 mm/day (0.005 ft/day). Five existing extraction

wells are located in the model domain; each with a fixed extraction rate of 2831.68

m3/day (100,000 ft3/day).

The bottom elevation of the unconfined layer is variable ranging from 64.0 m to

73.15 m (210 to 240 ft). This layer is underlain by a confining layer with the bottom

elevation of 60.96 m (200 ft) and vertical conductivity of 0.000152 m/day (0.0005

ft/day). This layer is underlain by four 15.24 m (50 ft) thick confined aquifers that are

separated from each other by thin aquitard layers. The hydraulic conductivity of the top

layer varies between 12.19 and 18.29 m/day (40 and 60 ft/day). The recharge basin cells

have conductivity of 18.29 m/day (60 ft/day). The transmissivity of the bottom four

layers is 116.13 m2/day (1250 ft2/day). The porosities are 0.35 for layer 1 and 4, 0.30 for

layer 2 and 3, and 0.20 for layer 5. A schematic depiction of this hypothetical aquifer

system is presented in Figure c.4.

In the transport model, no sorption isotherm was simulated but biodegradation

was considered. The following transport data were assumed for all aquifer layers. The

longitudinal and transverse dispersivity are 30.48 m (100 ft) and 6.1 m (20 ft),

respectively. Diffusion coefficient is 0.93 m2/day (10 ft2/day). The first-order rate

constant for the dissolved and sorbed phases are 0.027/day and 0.001/day, respectively.
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Case 1: Maximize net recharge

The objective of this example case is to maximize the net recharge to the aquifer,

by varying the extraction rates at 5 potential extraction wells (there are 5 existing

extraction wells) and the recharge rates at 18 recharge basin cells so that

1) The water level at the observation wells are as close as possible to the target

values,

2) Contaminant concentration in water at extraction wells is below the maximum

concentration level (MCL),

3) Water particle residence time in the aquifer is more than the regulatory

requirement before they are extracted.

Mathematically, this optimization model can be described as

NI)

Maximize	
{	

R,
r=1 {zQ 

(12) 

Subject to:

Aquifer system constraints as represented using equations (2), (3), and (4) plus
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where A„ = area of recharge basin r (L2), where Nb = total number of basins; Rr =

recharge rate in basin r (UT), where Rmi„ and Rnz„, are the lower and upper limits set by

the system operation and physical limits; Q, = extraction rate from well w (L3/T), where

Nw = total number of extraction wells; hi = simulated water level at observation point j

(L), hi * = target water level at point j (L), and (h i, = minimum and maximum

allowable range for simulated water level at point j (L), where Ow = total number of

observation wells; cw = contaminant concentration at extraction well w (M/L3), and c * =

maximum concentration level, which is a regulatory constraint; WIT,- = location (in

terms of model's row and column description) of water particle that originates in basin r

tracked after a specified (regulatory requirement) amount of residence time Tr; w(i,j) =

location of extraction well w in teinis of model's row and column description; D = total

demand of water that must be supplied from the extraction wells (L3/T); and QT = upper

limit of total allowable extraction from the wells (L3/T).

Transformation of the objective function to SCE form.

This case study formulates a problem that to be solved for the optimal operation

policy that maximizes net recharge (i.e., total recharge minus total extraction (eq. 12)).

As noted, SCE is an unconstrained optimization approach so the problem is converted to

a minimization problem with penalty terms for soft and hard constraints violations. The

objective function thus becomes:

Minimize	 — [Net Recharge] + [Penalty Terms] =

_{Ar Rr }+{iQw }+	 P2 +	 (19)
r=1	 w=1
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where P =Wp [hi 	 (20)

P2, P3 = 103° (21)

P I will be calculated on the basis of total absolute deviation of simulated water levels

from the target values, where Wp is the penalty weight per unit of constraint violation. P2

and P3 are applied when hard constraints are violated (eq. 13 and 14). The overall

solution methodology including penalty parameters and convergence criteria is shown in

Figure c.5.

Problem definition

Target water levels were defined as a single value of 182.88 m (600 ft). The

location of the observation wells (Figure C.3) are chosen such a way to control the

amount of water drawn from the river. At the observation wells, the water levels without

any recharge/withdrawal are between 184.1 m and 184.4 m (604.0 and 605.0 ft).

The nutrient concentration in the wastewater effluent (i.e., the influent to the

basins) is 5 mg/L (3.78e-4 lb/ft 3). The target concentration value at the extraction wells

is 1 mg/L (7.55e-5 lb/ft3). This constraint is considered as a hard constraint and its

violation incurs a very large penalty cost. The minimum travel time between recharge

basins and the point of withdrawal is also considered as a hard constraint incurring the

same penalty cost. The travel time (minimum residence time) of the effluent water is set

at the present California draft regulation value of 6 months (180 days). Allowable range

of extraction rates is 0 to 2.832e4 m3/day (1,000,000 ft 3/day) and recharge bounds (eq. 5)

is 0 to 0.914 m/day (3.0 ft/day). The minimum daily demand is defined as 2.832e2 m3
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(10,000 ft3) and the upper bound is 3.584e4 m 3/day (1,265,625 ft3/day) which is 150% of

the maximum possible recharge.

In this study all the SCE parameters and stopping criteria controlling SCE action

are set at the suggested values by Duan et al. (1994). The number of complexes and the

number of points per complex are 10 and 47, respectively, resulting in s equal to 470.

The variable penalty weight that is used to calculate the penalty value in the event

of violation of soft constraints is defined as: 100,000 for iterations 1 to 1000 of the SCE

algorithm; 500,000 for 1000 to 2000; and 1,000,000 for more than 2000 iterations. For

the same range of iterations, the hydraulic simulation iterations for each time period were

20, 30, and 40 and transport time step were selected as 50, 60, and 70 days.

Results and discussions

Evolution of the optimum solution for the base run using the data above is shown

in Figure c.6. The optimum net extraction was found to be 2.5e3 m3/day (8.84e4 ft 3/day).

The total extraction and recharge was 1.23e4 and 9.77e3 m3/day (4.338e5 and 3.45e5

ft3/day), respectively. The water levels were 182.88 m (600.0 ft) at all observation

points. Table c.1 lists the detailed results for this run. A number of sensitivity runs were

made to examine the response of the system to different constraint values.

Target water levels: The target water levels considered were 179.83, 181.36 and 182.88

m (590, 595 and 600 ft). As seen in Figure c.7, the extraction—recharge volume

decreases as the target water level increases towards an infeasible water level. The

infeasibility occurs when a "high" water level cannot be achieved due to insufficient
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water available to raise the water table to that elevation. At a lower target level, more

water can be extracted hence more recharge is possible increasing the system capacity.

However, as noted adequate vadose zones requirements will drive the target water levels.

Target concentration: The target concentration is varied with c* equal to 5 mg/L (3.78e-4

lb/ ft3) (i.e., same as the influent concentration value), 2.5 mg/L (1.89e-4 lb/ft3) and 1

mg/L (7.55e-5 lb/ft3). As expected, results in Table C.2 show that with less restrictive

constraint it is possible to recharge and extract more water to and from the system.

Travel time: Travel time or the minimum residence time for the recharged water in the

system before they are extracted considered were 90, 120 and 180 days. As seen in

Figure C.8, lower residence times allow for less extraction and an opportunity for larger

recharge volumes.

Case 2: Maximize extraction

This example maximizes the total extraction from the system subject to the

constraints described by equations included in case 1. In this case, the extraction wells

were considered as the observation points. The water levels at the wells during no

recharge-extraction in the system assumed to be 184.1 m (604.0 ft). The objective

function was

Nw

Maximize E [a (I a )- P
k

t =1	 k =1

(22)

where P is the summation of terms calculated using equations 20 and 21. Two sets of

runs were made. Table C.3 and Figure C.9 show sensitivity to target extraction
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concentration and travel time, respectively. Results are similar to the net recharge case.

Here, the response is quite flat due to the high required water level. As seen in Table C.3,

some conditions are infeasible since the level cannot be achieved with no pumping and

complete recharge of all available water while requiring long retention times (low

extraction concentrations). The response to minimum retention time (Figure c.9) is also

very flat since little flexibility is available with high groundwater level requirements.

Computational Time Requirements

Using SCE as an optimization technique for groundwater simulation-optimization

model requires computational times that are reasonable compared with many reported

studies. In this study, it typically took 5 seconds on a 1.5 GHz PC for a single simulation-

optimization cycle. Therefore, for a solution requiring about 2400 iterations, it requires 3

h 20 min computational time. Because of this magnitude of computational time, this

study has been limited to steady state case studies. However, with the possibility of

parallel version of the model, the application can be extended to transient cases.

Conclusions

A new simulation-optimization model in nonlinear groundwater management that

employs the shuffled complex evolution (SCE) algorithm, a global optimization

algorithm, has been developed. This general groundwater management model has been

formulated to assist operational decisions of an artificial recharge facility considering

water quality changes. The model as posed to optimize extraction from the system and or
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net system recharge. System, operational and regulatory constraints are included in the

model.

A groundwater management model with transport and particle tracking model is a

complex, highly nonlinear and frequently discontinuous problem. So, this paper

examined the application of the shuffled complex evolution algorithm combining a

hydraulic simulation, a transport, and a particle tracking model. As seen, SCE can be

effective in solving complicated groundwater recharge or any other management/design

problems. The formulation of the method is straightforward and constraints can be

incorporated into the formulation and do not require derivatives with respect to decision

variables.

Variable penalty weights and simulation time steps to reduce the computational

time and proved beneficial. Although, in this study, only steady state management has

been solved, the method is readily applicable in solving any transient problem without

changing the current programs.
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Table C.1. Optimum extraction and recharge rates for case study 1 (typical run).

Well no.
(row,col)

Extraction
(m3/day)

Rech. Cell no.
(row,col)

Recharge
(mm/day)

1(10,22) 1474.46 1(14,14) 278
2(13,24) 2704.63 2(15,12) 301
3 (16,25) 3305.59 3 (15,13) 649
4 (19,24) 3606.31 4 (15,14) 509
5(21,22) 1192.74 5(16,12) 774

6(16,13) 546
7(16,14) 735
8(14,15) 613
9(14,16) 405
10 (15,16) 436
11 (15,17) 317
12 (16,16) 1
13 (16,17) 341
14 (16,18) 136
15 (16,19) 77
16 (16,20) 38
17 (15,15) 251
18 (16,15) 314

Table C.2. Effect of target concentration on the optimum extraction - recharge operation

policy. Target water level = 181.36 m (595 ft), Travel time = 180 days (Case 1).

Target
Concentration (mg/I)

Total
Extraction
(m3/day)

Total Recharge
(m3/day)

Net
Extraction
(m3/day)

5.0 24,347 13,620 10,727
2.5 24,347 13,620 10,727
1.0 23,413 11,645 11,768

Table C.3. Effect of target concentration on the optimum extraction policy. Target water

level = 184.1 m (604 ft), Travel time = 180 days (Case 2).

Target
Concentration (mg/I)

Total Extraction
(m3/day)

Total Recharge
(m3/day)

Net Recharge
(m3/day)

5.0 12,546 513,222 500,676
2.5 12,010 537,836 525,826
1.0 Infeasible -
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Figure C.1. Schematic of a groundwater recharge facility.
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Figure C.2. Shuffled complex evolution (SCE) algorithm Flowchart.
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Note that, actual spatial location of the wells and recharge basins are shown in Figure

C.3.



220

/ Extraction and recharge
data from SCE

Update
basic files

No

Update
MODFLOW, MT3D

and MODPATH
files

Run MODFLOW,
MT3D and
MODPATH

V

Get water level from MODFLOW output
concentration level from MT3D output
Particle location from MODPATH output

V

Calculate total extraction, recharge

N

V

Calculate penalty
value

Update W,

Calculate fitness value of the point

Figure C.5. Flowchart for calculating groundwater management solution fitness.



8500 -

5,- 7500
co
-o

E 6500 -

.•-*4--••-•;-•—•-•,-. •2500

c
o

: c,
Q
C)

C)

C))
z

5500 -

4500 -

3500 -

221

400	 800	 1200	 1600	 2000	 2400	 2800

Evaluation number

Figure C.6. Evolution of optimum recharge — extraction policy using shuffled complex

evolution algorithm for base net extraction problem (case 1).



222

35000  

30000 -

25000 -

20000 -

15000 -

10000 -

5000 -

—*--Total Extraction

—E--Total Recharge

—A—Net Extraction

0 	

179.5	 180.0	 180.5	 181.0	 181.5	 182.0	 182.5	 183.0	 183.5

Target water level (m)

Figure C.7. Effect of target water level on the optimum extraction — recharge operation

policy. Target concentration = 1 mg/L (7.55e5 lb/ft 3), Travel time = 180 days.



23000

21000
co

19000

t 17000

'60 15000 -

z
-6 13000 -

11000 -

9000

223

60	 90	 120	 150
	

180

Travel time (day)

—111—Total extraction

--E—Total recharge

—A— Net extraction

Figure C.8. Effect of travel time on the optimum extraction — recharge operation policy.

Target water level = 181.36 m (595 ft), Target concentration = 1 mg/L (7.55e5

lb/ft3),(Case 1).



13600

13400 -

13200 -
S.:.
co 13000 -
Z.3.
'E 12800 -

oc 12600 -
:o
oEl 12400 -
"rc
co 12200 -

To
15 12000 -
t-

11800 -

11600 -

11400

60	 90	 120	 150	 180	 210

Travel time (day)

240
	

270
	

300

224

Figure C.9. Effect of travel time on the optimum extraction — recharge operation policy.

Target water level = 184.1 m (604 ft), Target concentration = 2.5 mg/L (0.000189

lb/ft3),(Case 2)



APPENDIX D

GroundWater Storage-Recovery Management Challenges: Well Location
Optimization Using Two-Level Approach

225



226

GROUNDWATER STORAGE-RECOVERY MANAGEMENT CHALLENGES:

WELL LOCATION OPTIMIZATION USING TWO-LEVEL APPROACH

1. Introduction

The purpose of this part of the research study was to develop a two-level integrated

management model that optimizes, via groundwater modeling, aquifer recharge-

extraction operation with moving extraction well placements and varying recharge and

extraction rates. In fixed-well models, a relatively large number of candidate well

locations usually must be preselected in order to find the best well locations. Preselection,

however, limits the ability to search for the true global optimal management decision

regarding well location, as fixed-well models do not explore the spatial distribution of the

well locations. Consequently, moving-well models are expected to find better solutions

because of the freedom of location (from a pool of choices).

The following sections summarize important features of the optimization model,

including formulation of the model, simulation-optimization methodology, and the

parallel algorithm development of the optimization problem.

2. Model Formulation and Solution Methodology

2.1 Formulation

In this research, the purpose of developing a groundwater recharge management

model is to replenish the groundwater aquifer with wastewater effluent and later extract

that water from a different set of locations in an optimized way. Physical properties,
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boundary conditions and physical constraints are assumed known. The optimal

groundwater recharge management can be stated as:

min filw(i,j,k)), [q], [10, [1]] 	 (1)

Subject to

[h] = WO, fell	 (2)

fc]=C[{0,[1?),[cinj]	 (3)

[1]=L[[0,fl in 	(4)

ellq],[h],k),[1]]�.0, x=1,...,M	 (5)

where the problem includes two sets of decision variables. The first set is the well

locations w(ij,k) that are selected from an admissible set of predetermined locations with

Ew iijc being the installation cost of well w at cell location (ij,k) plus a cost function of

respective optimum extraction policy; The second set of decision variables [q] are the

vector of stresses (extraction and recharge) imposed on the groundwater system at the

selected well locations and recharge basins; [h] is the vector of simulated heads in the

cells of the model grid system, where thInj is the vector of initial heads; [c] is the

simulated water quality parameter vector, where kin] is the initial contaminant

concentration vector; and [1] is the vector that represents particle locations after a

specified amount of time originating from a recharge location fez]•

Equations 2-4 are the set of equations describing the piezometric head field in the

aquifer, the equations describing water quality transport in the aquifer, and the

relationships defining the travel time to points within the aquifer, respectively. These
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equations will be solved by MODFLOW (McDonald and Harbaugh, 1983), MT3D

(Zheng, 1990), and MODPATH (Pollock, 1994), respectively.

The hydraulic response of the aquifer system resulting from well extraction and

recharge, H(*) presented as Equation 2 in the formulation, is represented by a continuity

equation (eq. 6), and numerically solved by MODFLOW. The continuity equation is a

nonlinear partial differential equation that describes groundwater movement through

porous media. It is used to compute the piezometric levels, h, and the flow rates

throughout the aquifer. Assuming constant density, hydraulic response is written as:

a ( ah\ a	 ah` a r ah	 a h
—	 +—K — +— K z — = Ss
ax	 ax	 ay YY ay 	az , z az	 at

(6)

where x, y, and z are Cartesian coordinates aligned along the major axes of hydraulic

conductivity Kxx , Kyy , K„ (LIT); W is the volumetric flux per unit volume and represents

sources and/or sinks of water (VT); Ss is the specific storage of the porous material (1/L);

and T is time (T).

The concentration at any point is influenced by the resulting differential head

values and reaction rates in the aquifer. C(*) in Equation 3 (numerically solved by

MT3D) represents the three-dimensional movement of contaminant through porous earth

material, which is described by the partial-differential equation:

	a (	 acj a	 ac` a (	 ac\ [a (

11,T 	a
	 a

	— xx—	 +— Dyy- ±-	 -(C)+-
ay 

/ yC)+- ( . z C)
	aX	 ay	 ØY) az	 az	 ax 	OZ

	Cs N 	ac
+w—+ E Rk = R

	k=1	 at

(7)
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where, x, y, and z are Cartesian coordinates aligned along the major axes of

hydrodynamic dispersion coefficients D, Dyy , D„ (L2/T); c is the concentration of

contaminants dissolved in groundwater (M/L3); V,, Vy , and V, are the seepage velocities

in x, y, and z directions (L/T); Cs is the source or sink concentration (M/L3); 0 is the

N
porosity; E Rk is the chemical reaction terms; and R is the retardation factor. The

Ic=1

majority of water quality changes in the vadose zone occur at the soil interface.

Therefore, the reactions in the vadose zone are computed outside of the model, and

outputs from the unsaturated zone are supplied as boundary conditions in Equation 7.

The transport equation is linked to the flow equation by:

K u ah
vx=— - —

0 ax

K yy ah
v y =---e ay

v , = —

The system response L(0) presented as Equation 4 to track the particle path with time is

simulated using MODPATH. MODPATH is a particle tracking post-processing program

designed to work with MODFLOW. Output (inter-cell flow rates) from steady state or

transient MODFLOW simulations is used in MODPATH to compute the paths for

imaginary "particles" of water moving through the simulated groundwater system. In

addition to computing particle paths, the model keeps track of travel time for particles by

defining the starting locations of particles.

K zz ah
0 az
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In addition to these system constraints, the model often includes operational and

resource constraints and are included in equation 5 that represents M constraints (soft and

hard constraints) in terms of state variables (h, c, and 1). The constraints include:

• Wells should be installed at locations where the extracted water satisfies the water

quality standard per the applicable regulation. The standards can be related to the

minimum distance between recharge basins and points of withdrawals or a minimum

travel time (representing necessary residence time for the water to be adequately

treated) between recharge and withdrawal.

• Wells should be located at low-cost installation points; as we can assign a different

degree of complexity (hence, installation cost) for drilling and operating wells at

different locations within the model boundary.

• Groundwater extraction should not cause the water level to fall below a pre-specified

minimum level or cause excessive mounding. The simulated water level should be as

close as possible to a target value.

• The recharge-extraction operation should be able to meet the minimum water supply

demand.

• Groundwater extraction cannot exceed the well capacity of each well, and the

recharge infiltration rate/volumetric recharge cannot exceed the recharge basin

infiltration potential.

2.2 Proposed Solution Methodology
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To simultaneously determine the best well locations and operations is difficult

and time consuming, so a two level approach is proposed. The two-level integrated

groundwater recharge management model is formulated as a least-cost optimization

problem with selection of well locations in level one and recharge and extraction rates as

the level two decision variables. Total cost of the system is the summation of well

installation cost in level 1 and operating costs in level 2 for the well locations selected in

level 1.

The first level objective function is to minimize the cost of extraction wells while

the level two objective is to maximize net recharge (total recharge minus total

extraction) or, in other words, minimize net extraction (total extraction minus total

recharge). Alternatively, the second level objective can be to minimize the operation

costs of recharge and extraction.

Mathematically, the two-level optimization model objective function can be

written as:

For Level 1:
Cri,k+EQwjj,k	 (t)CPat	

(11)

t=1

T {Nw	 Nb

For Level 2: miE	 g(t)+Pl +F2
t=i	 r=i

Subject to

Aquifer system constraints (eqs. 2, 3, and 4) plus

Wan' �_	 ; a =1,...,Ow

(12)

(13)

c n, < c * ; w = 1,... , Nw	 (14)
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{1r}Tr e w(i, j,k)	 (15)

	Q max 	for all t	 (16)

<	 < R..	 for all t	 (17)

Nw

n 5_EQ,„ � Q7	 (18)

where Cr ij,k is the installation cost of well w at cell location (ij,k); CPc t is the unit

extraction cost, which can be f(extraction rate and management period); A, is the area of

recharge basin r, where Nb is the total number of basins; R, is the recharge rate in basin r,

where Rmin and Rim, are the lower and upper limits set by the system operation and

physical limits; Q,,„ is the extraction rate from well w, where Nw is the total number of

extraction wells; ha is the simulated water level at observation point a; hmin a , ea', are

the minimum and maximum allowable range for simulated water level with ha * is the

target water level at point a, where Ow is the total number of observation wells; c, is the

contaminant concentration at extraction well w, and c* is the maximum concentration

level, which is a regulatory constraint; { } Tr is the location (in terms of groundwater

simulation model's row and column description) of water particle that originates in basin

r tracked after a specified (regulatory requirement) amount of residence time Tr; w(ij,k)

is the location of extraction well w in terms of model's row, column, and layer

description; D is the total demand of water that must be supplied from the extraction

wells; and QT is the upper limit of total allowable extraction from the wells.
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The explicit decisions in the first level problem are the discrete decisions

regarding well locations, w(ij,k). The level two decisions are the well extraction and the

recharge rates, Q and R, respectively.

Since h, c, and 1 are implicit functions of the decision variables and solved by the

noted equations, equations 13-15 are implicit bounds and not directly controlled by the

decision variables. Therefore, they are incorporated in penalty terms that are added

second level objective function. For example, the penalty term for the water levels are:

P 1= Wp [ ha (19)

Pl will be calculated on the basis of total absolute deviation of simulated water levels

from the target values, where Wp is the penalty weight per unit of constraint violation. On

the other hand, equations 14 and 15 are considered as hard constraints. If they are

violated during the selection of the decisions, a large value is assigned to the objective

function to force feasible solutions.

2.3 Optimization Approach

To implement the formulation, the model is developed as a two-level integrated

simulation-optimization technique. In level one, the location of extraction wells will be

searched in a discrete manner. For each selected well, the best recharge and extraction

rates will be determined in level two. Because of the highly non-linearity and

discontinuity nature of the optimization problem, a non-gradient-based solution technique

has been chosen for both levels. Shuffled frog leaping algorithm (SFLA), a meta-heuristic

for solving discrete problems that has been developed as a part of this dissertation work
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(see Appendix A), will be used to find the optimum well locations in level one, while the

shuffled complex evolution (SCE) algorithm is used for finding the optimum operating

policy in level two.

SCE (Duan et al., 1992) is a general-purpose evolutionary algorithm for solving

continuous optimization problems. It has been designed to search for global optimums of

problems that tend to have multiple local minimums, such as calibration of nonlinear

hydrologic simulation models. As a simulation-optimization integrated model, the sets of

Equations 2, 3, and 4 are implicitly solved by standard simulation packages that are

linked to the optimization model SCE as has been demonstrated in Appendix C. The

input to these simulation models are the systems' physical parameters and decisions, the

extraction and recharge rates, known as control variables. The model outputs are h, c, and

1, known as state variables. In this study, SCE algorithm is integrated with the three-

dimensional groundwater flow model MODFLOW, transport model MT3D, and particle

tracking model MODPATH.

2.3.1 Optimization Models

Conceptually, SFLA and SCE algorithms operate as follows. A random set of

frogs/points (called a population) is sampled from the feasible parameter space SZOE9In

where n is the dimension of the problem (i.e., the number of variables to be optimized).

The population is partitioned into a user-selected number of memeplexes/complexes;

each consisting of a pre-specified number of frogs/points. Each memeplex/complex is

independently evolved using competitive techniques. To introduce information sharing,
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the entire population is periodically shuffled (i.e., frogs/points are exchanged between

memeplexes/complexes) and new memeplexes/complexes are formed. The evolution and

shuffling steps are repeated until a pre-specified convergence criterion is reached. Brief

descriptions of the SFLA and SCE algorithms are presented below. Details on the SFLA

and SCE algorithms can be found in Appendix A and Appendix C of the main body of

the dissertation, respectively.

SFLA for Level 1 

SFLA uses an abstract model where a frog's position (meme) is dictated by a

selected set of well locations at a particular time and the position change represents a

change in well location. The actual contents of a meme are treated as the decision

variables (i.e., the well locations) for this particular problem. An Nw-dimensional

problem means a frog with a meme comprising `1n13,7' memotypes. In this application,

each memotype of a meme is a numeric representation of a location. For example, if we

have 10 possible well locations, then the memotypes can be encoded as 1 through 10. For

a system of five wells, a frog can have a meme comprising five memotypes for the five

locations (e.g., 2, 8, 5, 3, and 10). SFLA uses the value of the memotypes for the

algorithmic evolution. The memotypes are decoded to actual well location array

according to their numeric representation before they are passed to the simulation

models.

If there are nloc possible locations for a network of N,,,, wells, the total

combinations of well locations will be (nloc)Nw . To begin the search, a population of F
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virtual frogs (sets of solutions) is randomly initialized with positions [f(encoded meme of

AT,„ memotypes)] within the feasible space Q. The position of the `ith' frog with AT„,

memotypes is represented as position W(i) = (Wi l ,Wi2, ,W mv). Then the

corresponding decoded memetic information (i.e., well grid locations: row, column, and

level) is passed to level two for finding the optimum extraction and recharge rates using

the SCE algorithm, via simulation models, for that particular well network.

The performance of each frog is then computed based on its position. The

performance function MO for a frog i, to be maximized is lITC(i), where TC(i) is the

total cost that includes the installation cost and the cost of optimum extraction found in

level two. This value is passed back to SFLA. This process is completed for all sets of

well location choices (frogs). Then the frogs are ranked and partitioned into memeplexes.

After that, memetic evolution occurs within a memeplex by the frog leaping algorithm

(FLA). After a certain number of evolutionary steps within each memeplex, the

population is shuffled and goes back to the iterative processes of evaluation, partitioning,

and evolution. This cycle continues until a stopping criterion is met.

SCE for Level 2

To solve the recharge/extraction optimization model, the integrated MODFLOW-

MT3D-MODPATH simulation packages are coupled with the SCE optimization

algorithm. Standard MODFLOW-MT3D-MODPATH input files are used to ease data

processing. Input files are dynamically updated during the simulation-optimization

process, and the necessary information is extracted from the output files. SCE works to
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find the best extraction and/or the recharge rates for the given set of well locations by

evaluating a fitness function. The optimization model fitness for jth choice f2(j) is the

summation of benefit objective function (eq. 1) and the penalty term that arises from the

violation of soft and/or hard constraints (eq. 5), and is minimized by SCE to seek the

optimum extraction/recharge operation of the system. The flowchart of the SCE

algorithm and fitness evaluation are shown in Figures D.1 and D.2.

Like SFLA, SCE starts with a randomly generated set of points. Each point of the

population in SCE algorithm carries a complete set of extraction and recharge rates for all

the active wells (well locations are determined by SFLA in level one) and basins,

respectively. For example, for a system with N1 number of extraction wells and N2

number of recharge basins, the dimension n of each point will be (N1+N2). The

algorithm is performed to find an optimum set of (N1+N2) values. Once the problem's

decision variables and their bounds are defined, the simulation models' input files are

updated and the models are executed to find h, c, and 1. The objective function and

constraints are evaluated to compute the fitness f2(j) value for point j. The operational and

resource constraints are defined in the model as the bounds of the control variables. In

this management model, the water-level deviation from the target value is treated as a

soft constraint. After the fitness for each point is found, the standard algorithm procedure

is used to find the optimum extraction and recharge rates. For details of the SCE

algorithm steps, see Appendix C.
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2.3.2 Variation of model parameters in Level 2

• Penalty weights: To broaden the search space, the proposed algorithm will use a

gradually increasing penalty weight during the search. This scheme should improve

the search to consider a wide range of feasible domain.

• Simulation time step: Precise simulations are not required at early stages of the search

when most of the sampling points might be far from the optimum. Therefore, to

reduce the CPU time for simulation, the number of simulation time steps and the

length of the time steps will be varied during the run. As a result, the initial time step

will be coarse and will become finer as the search proceeds.

Even with varying parameters, this sequential solution methodology can have

long solution times because of the large number of forward flow and/or transport

simulation runs that are needed. Therefore, to solve the problem in a reasonable clock

time, it is preferable to use a parallel modeling technique. The following section

discusses the features of parallelization and its application to this two-level groundwater

management model.

3. Need for Parallelization

The formulation of a groundwater management model as a simulation-

optimization model involving well locations as explicit decision variables with recharge-

extraction operating policy subject to water level and contaminant concentration-related

constraints, results in a very complex and highly discrete non-linear mathematical

programming problem. To find the global optima, it is necessary to use global search
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optimization techniques such as SFLA and SCE. But the use of such two-level techniques

requires intensive computational demand, thus making the complex three-dimensional

field problems intractable. As an example of expensive computation, we can consider the

work of Huang and Mayer (1997); in their model, GA was directly used to search for the

optimal solution of the remediation system design (with nine wells as decision variables).

Because groundwater simulation models were executed for each member in the

population of each generation, the computational burden was excessive. On average, 250

hours of CPU time on a Sun Sparcstation 10 workstation was estimated to be required to

solve their problems.

One solution is to use a very fast machine to implement the algorithms. But,

although computer performance has been increasing during the last few decades, the limit

imposed by the speed of light indicates that the trend of ever-increasingly fast and

powerful machines may not continue indefinitely. A way of overcoming this problem is

to explore the strength of an ensemble of interconnected processors.

3.1 Parallelization of SFLA

Because of the nature of the algorithm structure, SFLA or SCE are ideal for

running in a parallel environment. However, because of the two-level model formulation,

it is advised to have SFLA (for well locations) run in the parallel environment.

Theoretically, in SFLA each of the memeplexes works toward the global optima

independently. So we can partition them and evolve each memeplex, and eventually

communicate with the main processor to exchange the information globally. This
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configuration can be designed as a Master-Slave paradigm. The master has a pool of sub-

problems to be solved by each of the processors. The slaves send the results to the master

when they are done, and wait for the next instruction. The processing steps that should be

followed are described below.

• In Master processor (MP) — Initialize the process (i.e., determine how many

processors are needed). Set number of memeplexes equals a multiple of number of

processors.

• Send group of memeplex to each of the Slave processors (SP1,SP2,..., SPn) according

to algorithm and ask to complete level 2 and the evolution process for a pre-specified

number of times.

• In Slave processors — Generate the new sets of population, and send them back to the

Master processor. Wait for the next instruction.

• In Master processor — Receive the newly generated population data from each of the

processors.

• Rank and partition the whole population into memeplexes and then send them again

to different processors. Continue for a pre-specified number of times.

Figures D.3 and D.4 present the communication structure of the two-level groundwater

management model in parallel processing environment.

3.1.1 Recommended Parallel Implementation of SFLA

A parallel program can be written using either shared variables (using Pthreads

library) or message passing (using MPI or PVM libraries). The choice is usually dictated



241

by the type of architecture on which the program will execute. In particular, a parallel

program that is to be executed on a shared-memory multiprocessor is typically written

using shared variables for communication, while a parallel program that is to be executed

on a multicomputer (e.g., Super [SGI]) or network of machines (LAN or WAN) is

typically written using message passing. In this research, MPI communication library is

recommended to make the sequential SFLA code parallel and can be implemented on the

UA's Super (SGI) supercomputer. This machine has 88 processors, with CPU speed of

400 MHz.

3.1.2 Recommended Parallel Computation Tool — IVIPI

The Message Passing Interface (MPI) is a library of message-passing routines.

When MPI is used, the processes in a distributed program are written in a sequential

language such as C or Fortran; they communicate and synchronize by calling functions in

the MPI library.

The MPI Application Programmer's Interface (API) was defined in the mid-1990s

by a large group of people from academia, government, and industry. The goal of the

group was to develop a single library that could be implemented efficiently on the variety

of multiple processor machines. MPI has now become the de facto standard for

communication between parallel processors and several versions exist (e.g., MPICH,

WinMPI, MPI-FM). In this research, we recommend MPICH.

WIPI programs have what is called an SPMD style — single program, multiple

data. In particular, every processor executes a copy of the same program, but works on



242

different data. Each instance of the program can determine its own identity and, hence,

take different actions. The instances interact by calling MPI library functions. The MPI

supports process-to-process communication, group communication, setting up and

managing communication groups, and interacting with the process environment.

3.2 Points to be Considered for Parallelization

Performance: 

Two measures, speedup and efficiency, can be used to justify the parallelization

of a program. Speedup and efficiency are relative measures. They depend on the number

of processors, the problem size, and the algorithm that is used.

Speedup

The goal of parallel implementation of a computer model is to solve a sequential

problem in a relatively shorter period of time. Let T 1 be the execution time for solving

some problem using a sequential program executed on a single processor. Let Tp be the

execution time for solving the same problem using a parallel program that is executed on

p processors. Then the speedup of the parallel program is defined as

Speedup = T1 1 Tp

Efficiency

Efficiency is the equivalent of speedup and measureshow well a parallel program

utilizes the extra processors is defined as

Efficiency = Speedup I p = T1 / (p* Tp)
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Overheads and Challenges 

Three overhead costs are incurred during parallelization that are described below.

Process creation and scheduling

A parallel program has multiple processes that have to be created and scheduled

for execution. The standard way to minimize these overheads is to create exactly one

process per processor. Moreover, if there is only one process per processor, then there

will never be context-switching overhead to switch a processor from executing one

process to executing another. However, this means that whenever a process has to delay

or took longer on one processor the other processors will be idle.

Inter-process communication

Overhead is especially prevalent in programs that use message passing because

sending a message requires taking action in the sender's and receiver's kernels and

transferring the message on the network. The kernel overheads are unavoidable, so to

minimize them, it is important to minimize the number of messages.

Synchronization

When processes are working together to solve a problem, they invariably have to

synchronize. The common types of synchronization in parallel programs are critical

sections, barriers, and message passing. To minimize overhead, we want to limit how

often synchronization is required, use efficient synchronization protocols, and minimize

delays. In a message-passing algorithm, it is better to send a message as early as possible

to increase the likelihood that it arrives by the time another process wants to receive it.
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Figure D.1. Shuffled complex evolution (SCE) algorithm flowchart.
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Figure D.4. Flowchart of the Master-Slave partitioning/exchange processes.
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