Abstract

PARANDEKAR, AMEY, VIJAY. Development of a Decision Support Framework for
Integrated Watershed Water Quality Management and a Generic Genetic Algorithm
Based Optimizer. (Under the direction of Dr. S. Ranji Ranjithan.)

The watershed management approach is a framework for addressing water quality
problems at a watershed scale in an integrated manner that considers many conflicting
issues including cost, environmental impact and equity in evaluating alternative control
strategies. This framework enhances the capabilities of current environmental analysis
frameworks by the inclusion of additional systems analytic tools such as optimization
algorithms that enable efficient search for cost effective control strategies and uncertainty
analysis procedures that estimate the reliability in achieving water quality targets.
Traditional optimization procedures impose severe restrictions in using complex
nonlinear environmental processes within a systematic search. Hence, genetic algorithms
(GAs), a class of general, probabilistic, heuristic, global, search procedures, are used.
Current implementation of this framework is coupled with US EPA’s BASINS software
system.

A component of the current research is also the development of GA object classes
and optimization model classes for generic use. A graphical user interface allows users to
formulate mathematical programming problems and solve them using GA methodology.
This set of GA object and the user interface classes together comprise the Generic
Genetic Algorithm Based Optimizer (GeGAOpt), which is demonstrated through
applications in solving interactively several unconstrained as well as constrained function
optimization problems.

Design of these systems is based on object oriented paradigm and current
software engineering practices such as object oriented analysis (OOA) and object
oriented design (OOD). The development follows the waterfall model for software
development. The Unified Modeling Language (UML) is used for the design. The

implementation is carried out using the Java™ programming environment.
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1 Overview

Environmental management problems associated with water quality in watersheds
are inherently complex and are difficult to analyze due to many interactions among
governing physical, chemical and biological processes and the impacts they undergo as a
result of anthropogenic activities. Further, finding good management alternatives
becomes exceedingly difficult due to conflicting issues such as cost, environmental
impact and equity that need simultaneous consideration. Solutions to these problems
require an integrated approach to the modeling, analysis and management of the
watershed system.

The Better Assessment Science Integrating Point and Nonpoint Sources
(BASINS) software system, (USEPA 1998) integrates a geographic information system,
national watershed data, and state-of-the-art environmental assessment and modeling
tools under a single platform. Within the current scope of BASINS, a user can employ
existing computational utilities to develop alternative total maximum daily load (TMDL)
strategies to achieve desired water quality targets. Although efficient, the BASINS
system supports, at best, a trial-and -error approach to determining feasible TMDLs. This
is still limiting given the large number of variables that a user can change and the needs
for considering targets on numerous water quality parameters and multiple management
criteria. The number of feasible combinations is very large, which makes a trail-and-error
search process inefficient. A systematic search process is therefore recommended.

The primary focus of the ongoing research is to develop a computer-based
framework that integrates formal optimization procedures with BASINS to enhance the
existing capabilities for decision support in watershed water quality management. This
decision support system (DSS) enhances the environmental analysis and management
capabilities of BASINS: by automating the search for feasible as well as optimal
environmental management strategies; by estimating the uncertainty in the achievement
of environmental targets by these strategies; and by facilitating comparisons of these
alternatives with respect to quantified and unmodeled issues. A formal optimization
procedure that is integrated into this DSS enables the user to identify good strategies that

meet cost, environmental and reliability goals. Using the highly interactive capabilities of



the DSS, the user may further modify these alternative strategies by trail-and-error to
explore and examine more alternatives. Using these capabilities collectively, the user
may engage in iterative search to efficiently identify “good” alternatives. The ambient
watershed water quality is simulated by using water quality models supported within
BASINS. The current implementation uses the Hydrologic Simulation Program -
FORTRAN (HSPF) that is embedded within BASINS.

The DSS enables users to formulate various point source control strategies such as
command-and-control (CAC), effluent charges and transferable discharge permit (TDP)
programs, and non-point source control strategies such as land use planning, riparian
buffer zoning, and system-wide detention ponds. An explicit quantitative analysis of the
uncertainty to estimate the reliability of achieving the water quality targets is also
supported within the DSS. The DSS also facilitates the propagation of the uncertainty in
model parameters by using various stochastic sampling procedures such as Monte Carlo
and Latin Hypercube sampling.

The mathematical models including the HSPF-based water quality modeling that
represent the governing processes associated with watershed water quality are typically
non-continuous and nonlinear. Therefore, the management optimization models that
integrate these non-linear models are inherently nonlinear. As solving these management
models using conventional optimization procedures such as linear programming (LP) and
non-linear programming (NLP) solvers are not viable, a heuristic search procedure based
on genetic algorithms (GAs) is employed.

The primary contribution of the work reported in this thesis is the design of a
decision support framework that supports these models, analysis and search procedures,
and interactive capabilities. To maintain the modularity of the various components and
achieve better system design and promote code reusability, the software design of this
framework is based on object oriented (OO) paradigm and design principles.
Development of the DSS is based on current software engineering practices such as
object oriented analysis (OOA) and object oriented design (OOD). This approach
integrates front-end activities of requirements engineering based on use cases with the
back end design and implementation. The development follows the waterfall model for
software development. The Model-View-Controller (MVC) architecture is used to couple



the domain classes of the DSS with the user interface components. The Unified Modeling
Language (UML) is used for the design. The implementation is carried out using the
Java™ platform (JDK1.2 and JFC 1.1).

A major component of this thesis research is the development of GA object
classes and optimization model classes for use in solving optimization problems. A
graphical user interface allows users to formulate non-linear, unconstrained as well as
constrained optimization problems and solve them using a GA procedure. This set of GA
object and user interface classes together comprise the Generic Genetic Algorithm-Based
Optimizer (GeGAOpt). This tool improves upon existing general purpose GA tools and
software by:

» allowing multiple decision variable representations;

e building optimization model structure that allows users to define the objective
function and the constraints as functions of the decision variables;

» allowing for the use of various penalty function approaches for solving constrained
optimization problems; and

* enabling users to access and run the GeGAOpt over the internet

The development of the GeGAOpt is also based on object oriented (OO)
paradigm and design principles. A subset of the Unified Modeling Language (UML) is
used for the OO design for the GeGAOpt. The implementation is carried out using the
Java™ platform. The use and performance of the GeGAOpt in solving interactively
several standard unconstrained as well as constrained test problems are also

demonstrated.



2 A Generic Genetic Algorithm-Based Optimizer

2.1 Introduction

Genetic algorithms (GAs) are adaptive, global search procedures that are designed
to mimic the underlying processes governing natural selection and evolution. A GA
works on a population of individuals to identify relatively better individuals among the
population, and combines the information embedded in the individuals to form newer
individuals that are generally better. Each individual represents a solution to an
optimization problem and the fitness of the solution is evaluated based on the
performance of that solution in solving the given optimization problem. Through repeated
application of a set of basic GA operators, including selection, mutation, and crossover,
on the population of the individuals, the population generally converges to a solution that
performs well with respect to the evaluation criterion. Although GAs do not guarantee
global optima, in practice a population based search is robust as compared to local search
approaches, and has been demonstrated to be quite successful in finding good solutions in

an efficient manner. The following figure briefly illustrates a simple steady state GA
Apply Genetic Operators
(Crossover, Mutation)

Create Mating Population
by Selection
Evaluate
Population

Figure 2.1 A Simple Genetic Algorithm

procedure.
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Over the last decade, there has been considerable research addressing the
development of GA methodology and its use in finding benchmark solutions to a gamut

of engineering applications. However, very few implementations enable users to



formulate generic mathematical optimization problems and solve them using a GA
approach.

Various class libraries that include tools for using GAs to solve optimization
problems have been designed. Wall (1995) developed the “GALib — A C++ Library of
Genetic Algorithm Components” that enables users to perform optimization in C++
programs using several representations and genetic operators. The “GA Optimization
Toolbox for Matlab” developed by Houck et al. (1995) implements simulated evolution
in the Matlab environment using both binary and real representations and offers
flexibility in choosing genetic operators, selection schemes and termination criteria. A
user of these tools, however, should be knowledgeable of the various GA representations
and operators, and sufficiently knowledgeable about the specific programming
environment. To model problems that require multiple decision variable representations,
the core modules of these tools need to be extended and built upon. For example, a mixed
integer non-linear programming problem may require real and binary decision variables
and the real decision variables may need to be represented by either real or binary
numbers. For these mixed representations, the crossover and mutation operators need to
be customized. The solution of complex constrained optimization problems using GAs
requires these tools be supplemented with a complex fitness evaluation module that
considers the relative significance of the constraint violations and their contribution to the
fitness function. This requires the evaluation function to be hard coded for each problem.

The approach discussed in this paper results in the development of the tool
Generic Genetic Algorithm Based Optimizer (GeGAOpt) that improves upon earlier GA
tools by:

» supporting multiple representations within a single problem;

» obviating the need to re-code conventional genetic operators for complex problems
that require multiple representations;

» constructing an optimization model structure that allows users to define the objective
function and the constraints as functions of the decision variables and use various
penalty function approaches to specify the relative significance of the constraint

violations in the fitness function;



» enabling all of the above tasks with minimal user knowledge of the programming
environment or of the coding of the GA operators; and

» enabling users to access remotely and run the GeGAOpt over the internet.

The objectives of this research are to:

» develop GA object classes and classes that represent a generic optimization model for
generic use;

* implement a graphical user interface that enables users to formulate generic
mathematical function optimization problems and solve them by selecting from a
combination of various decision variable representations, GA operators, and various
approaches for handling constraint violations;

» demonstrate the use of the above interface for solving standard unconstrained and
constrained optimization problems; and,

» assist users in understanding and exploring the working of GAs and in learning about
GA:s.

2.2 Organization

Section [2.3] discusses the software design and development approach adopted for
the development of the GeGAOpt. Section describes the development of the core GA
modules, i.e., the data structures, representations, GA operators, etc. Section describes
an optimization model structure that allows users to define generic mathematical
optimization problems and the use of various penalty function approaches for solving
constrained optimization problems. The software design of the GeGAOpt is discussed in
Section Section |2.7| describes the features of the user interface of GeGAOpt. Section
discusses the solution of examples of non-linear and constrained function
optimization problems that are solved using the various representations, operators, and

penalty function formulations supported within the GeGAOpt.
2.3 Object Oriented Modeling and Design

Developing a flexible, generic, and modular system that is capable of representing
the GA data structures and operators calls for better modeling and design approaches to

build the software system. Object oriented (OO) modeling and design promotes better



understanding of requirements, cleaner designs and maintainable systems. OO

technology is a way of thinking abstractedly about a problem using real world concepts,

rather than computer concepts. The primary themes underlying OO technology are
discussed briefly below:

» Abstraction consists of focusing on the inherent aspects of an object and
functionality. This avoids design and implementation decisions being made before the
problem is understood.

» Encapsulation consists of separating the external aspects of an object that are
accessible to other objects from the internal aspects of the object. This prevents small
changes in object structure from having massive ripple effects that affect the entire
class hierarchy.

» Inheritance of the data structure and behavior allows common structure to be shared
among various classes. Inheritance is implemented using abstract classes and
interfaces. These are used as templates for creating subclasses.

The development of the GeGAOpt is based on these OO paradigm and design
principles.

2.3.1 The Object Model

The object model captures the static structure of a system by showing its objects,
the identity of and interrelationships among the objects. An object is defined as a concept
or an abstraction. It captures concepts from the real world that are important to the
application. A class is a static abstraction of a set of real world entities that have the same
characteristics and share the same behavior. The principal features of a class are its
attributes, operations and its relationship to other classes. An attribute is a data value
held by objects in a class. An operation is any function that may be performed by objects.
Classes are arranged into hierarchies sharing common structure and behavior.

An association is a semantic relationship that exists between two classes. There
are three kinds of associations: aggregation relationship, inheritance relationship, and
association relationship. The relationships among the classes are discussed briefly below.



Aggregation Relationship

This is an association based on the ‘whole/part’ concept. There are two types of

aggregation relationships:

» Aggregation is a relationship where the ‘whole’ class does not have to create its ‘part’
class, but refers to the “part’ classes by reference,

» Composition is a relationship where the ‘whole’ part is responsible for creating its
‘part’ classes directly. This indicates a tighter coupling between the ‘whole’ and
‘part’ classes than is indicated by aggregation with reference.

Inheritance Relationship

This is an association between classes that focuses on similarities and dissimilarities
among the classes with respect to their attributes and methods. An inheritance
relationship exists between a superclass and a subclass. A subclass is a class derived
from its superclass and inherits all the attributes and methods of its parent superclass.

Association Relationship

An association relationship defines the nature of the coupling between two classes. In
this relationship, the interacting parts are visible to each other and may be shared between

different aggregation hierarchies.
2.3.2 Object Model Representation

The object model is represented graphically with diagrams containing classes.
Classes are arranged into hierarchies sharing common structure and behavior. A package
is a collection of classes that are logically related. A class diagram describes the types of
objects in the system and the various kinds of static relationships that exist among them.

Class diagrams also show the attributes and operations of a class.
2.3.3 Visual Modeling — The Unified Modeling Language

The Unified Modeling Language (UML) is a standard graphical language for
specifying, constructing, visualizing, and documenting software-intensive systems. It
covers concepts such as system processes and functions, as well as specific items such as
programming language classes, database schemas, and reusable software components.
The UML represents a collection of best engineering practices that have proven

successful in the modeling of large and complex systems. The UML provides:



» aready-to-use, expressive visual modeling language that can be used to develop and
exchange meaningful models;

» extensibility and specialization mechanisms to extend the core concepts;

» asystem representation that is independent of particular programming languages and
development processes; and

» aformal basis for understanding the modeling language.
2.4  GeGAOpt Design and Implementation

This section discusses the conceptualization, the design, development and
implementation of a set of object classes to represent the data structures and operators
used in GeGAOpt.

2.4.1 Data Structure

Designing appropriate data structures to represent the hierarchy of genetic
information content is of central importance to the GA search procedure. It is also
essential to keep the design modular and sufficiently abstract so that it facilitates
flexibility for further development.

Typically, the hierarchy can be represented adequately by a gene at the lowest
level. A chromosome is a vector of similar types of genes. An individual is a container for
a set of chromosomes. The information necessary for evaluation of the fitness properties
is encapsulated within the individual. A population comprises of a set of individuals and
is the basic evolving unit. Individuals in a population undergo crossover and mutation to
produce the next generation of individuals. [Figure 2.2 depicts the composition of the
various GA classes. The ovals represent the classes and the nested structure reflects the

composition relationship amongst the classes.



Generation

Individual

Evaluation
Function

Chromosome

Figure 2.2 Composition of GA classes

The links represent the association relationships between the classes. A
unidirectional link, i.e. an arrow, indicates that the association relationship is one sided.

In this case, Chromosome ‘is visible’ to Evaluation Function.
2.4.2 Decision Variable Representations

The representation of a potential solution by an individual is the manner in which
the genetic material is coded. Defining an appropriate representation is part of the art of
using GAs. The representation should be minimal but completely expressive. The user
should select a representation so that short, low-order schemata are relevant to the
underlying problem and relatively unrelated to schemata over other fixed positions
(Goldberg 1989).

The current GeGAOpt implementation supports real (r) and binary (b)
representations for decision variables. A set of real decision variables can be represented
either as a real string, as a set of binary strings, or a combination of both. Integer
programming problems can be formulated by specifying the real decision variable to be
of type r(0) or of type b(0) where the number in the parentheses indicates the number of
decimal digits desired.

These representations are adequate for solving function optimization problems.

Different problems, however, need different representations and these can be easily
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coded by the user by writing a class that implements the interface Operators. The primary
operations implemented are crossWth(), mut at e() and
get Deci si onVari abl eVal ue(). The user must select the crossover and mutation
operators so that the integrity of the chromosome is preserved. For example, in a problem
that depends on a sequence of items that lends itself to an order-based representation,

crossover must generate reordered lists without duplicating any element in the list.
2.4.3 Selection Schemes

The selection operator ensures that the GA yields incrementally better individuals
in each generation. The individuals with larger fitness values get higher probability of
being selected for mating than individuals having low fitness values. The selected
individuals are then placed in a mating pool. Individuals from this mating pool then
undergo crossover. The following selection schemes are supported:

Roulette Wheel

In this type of selection, the probability of an individual being selected and placed in the
mating subset is proportional to its relative fitness.
P

__f
select — N
2"
where
f, = fitness of individual i
N = population size

(2.1)

This ensures that individuals with higher fitness have a better representation in the mating
subset.

Binary Tournament Selection with Replacement

Two individuals are drawn at random from the population and the individual with the
higher fitness score is placed in the mating subset. Both individuals are returned to the
population and this procedure continues until the mating subset is full. A characteristic of
this selection scheme is that the worst individual in the population is never selected for
inclusion in the mating subset whereas the best individual may carry multiple copies into

the mating subset.
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2.4.4 Crossover Operators

The crossover operator defines the procedure for generating child individual(s) by
mating two parent individuals. A crossover probability determines if the parent
individuals will cross to produce child individuals and the level of mixing of genetic
information. Convergence is rapid with higher crossover probabilities and may lead to
premature convergence. The ideal crossover probability is problem dependent.
Individuals may consist of multiple chromosomes, in which case the corresponding
chromosomes of the two parent individuals P; and P, undergo crossover.

illustrates the crossover procedure.

Procedure ‘Crossover’
1. Select two parent individuals, R and P,, for crossover.
2. if(Crossover) then
Do (P4 [Chromosome;] X P, [Chromosome;]) L i=1,N,
where N is the number of chromosomes in an individual
3. else

Place P; and P, in the next generation.

Figure 2.3 Crossover Procedure

In the current implementation, the following crossover operators are supported.

Single Point Crossover

For chromosomes c§ =(g,,...d,) and ¢; =(h,,...,h, ), a position k O (L) is determined

randomly. The resulting child chromosomes are c;“:<gl,...,gk,hk+1,...,hn> and

e = (hys My Gt 8, )

Multi Point Crossover

For chromosomes ¢ =(g,,..d,) and c; =(h,..,h), a set of positions

K ={k|kO@n)} is determined randomly. The resulting child chromosomes are

combinations of the genes of the parent chromosomes generated in a manner similar to

the single point crossover.
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Uniform Crossover

For chromosomes c; =(g,,...,) and ¢ =(h,..,h,), a binary template

t+1 and Ct+1

; . rare

T :<tl,...,tn>|ti =01 is generated randomly. The child chromosomes c

constructed as follows:
if(ti = 0) then g, Dc;+l and h, Oc;™ (no gene crossover)

t+1

! and g, Oct™ (the parent genes g; and h; are interchanged)

else h; Uc,

Uniform Crossover with Recombination

This operator is similar to the uniform crossover except that the genes gi and h; are

combined to generate the child genes g™ = fg, +(1— f)h, and h'™ =(1- f)g, + fh,.
The fraction f is chosen randomly. A recombination rate controls the probability of
recombination.

User defined crossover

The user may extend the abstract class Chromosome to implement specific crossover
operators. illustrates an example of this.

cl ass MyChronosone extends Chronosone {

public Qbject[] conventional Cross {
.user fills in code...
}

Figure 2.4 User-Defined Crossover

2.4.5 Mutation Operators

The mutation operator defines the procedure for mutating each chromosome.
Mutation introduces new genetic material into the gene pool of the population of
individuals. This may result in the exploration of previously unexplored points in the
decision space or reintroduce lost genetic material. The mutation operator contributes to
the global search by enabling the procedure to explore potentially new parts of the
decision space as well as to maintain population diversity. The mutation is controlled by
a mutation probability that determines if a particular chromosome undergoes mutation.
Larger mutation probability increases the probability of disruption of good schemata, but

13



increases population diversity. The ideal mutation rate depends on the characteristics of

the decision and objective spaces. Hessner and Manner (1991) suggest that a good

estimate of the mutation probability is ( , Where M is the population size and L is

1
(M)
the length of the chromosome.

Mutation is different for different data types. For example, a typical mutation for
a binary gene is flipping the bit with a given probability. In the current GeGAOpt, the
following mutation operators are supported.

Random change mutation

This operator changes the value of a randomly chosen set of genes. The number of genes
in this set can be specified by the user. For example, for a real number gene, this operator
will randomly set the value of this real number to be a number between the minimum and
maximum bounds of that real number gene. This mutation operator is suitable for
chromosomes of real number genes and genes having more complex data structures.

Swap mutation

This consists of randomly selecting two distinct locations within the chromosome and
swapping the genes between the selected locations. This mutation is suitable for
chromosomes of binary genes and chromosomes where the permutation of genes needs to
be preserved, but is not applicable to complicated chromosomal data structures where the
types of genes at different locations are different.

User Specific Mutation

The user can specify mutation operators in either of the ways shown in

class MyGene inplenments Qperators { cl ass MyChronpsore ext ends Chronosone {
public void userSpecificMitate { public void userSpecificMitate {
.user fills in code... .user fills in code...
} }
} }

Figure 2.5 User Defined Mutation

Elitism
Elitism is an optional GA operation that ensures that the best individual in a

population is not lost during the iterative search process. The current implementation
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supports generational elitism in which the worst individual in a generation is replaced
with the best individual from the previous generation.
Figure 2.6]shows the different types of operators discussed above.

Crossover Mutation SelectionScheme  Elitism Representation
SinglePoint
MultiPoint Roulette Binary
) S Wheel
Uniform wap
Random Bina No Real

Uniform w/ ReCombination |  cpange Toment Elitism Number

User Defined User Defined User Defined Generational ~ User Defined
Elitism

Figure 2.6 Operators and Representations supported in the current implementation
of GeGAOpt

2.5 A Flexible Framework for Optimization Model Formulation

2.5.1 Optimization Model Structure

A typical mathematical programming problem consists of the definitions of the
decision variables, the objective function, and a set of constraints. The constraints and the
objective function are expressed as mathematical expressions written in terms of the
decision variables.

In the framework presented here, the mathematical programming problem is
represented by a dynamic set of data structures. A set of classes is developed that
emulates the conceptual framework of a mathematical programming problem. Using this
set of classes, an instance of a user’s definition of the optimization problem can be
constructed. This instance can then be solved to yield a solution to the optimization
problem.

The system of classes so developed provides the user the powerful capability of
specifying the optimization problem in an algebraic format that is similar to that used by
conventional mathematical programming solvers such as LINDO, MATLAB, etc. A
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user’s definition of an optimization problem is then translated by a problem translator to
an internal system representation of the optimization problem.

shows the composition among the classes that collectively represent
the optimization model. In the following discussion, the Courier New font is used for the
name of a class. The name of a class that represents an entity or object is placed in
parentheses, immediately following the entity or object.

The optimization model consists of the decision variables, the objective function,
the set of constraints, and the fitness function. The objective function consists of a
function (Function). A constraint (Constraint) is composed of the classes,
Function, Si gn, Penal t yFuncti on and an instance of Bound. The dashed ovals
indicate that Bound, Vi ol ati on and Penal ty are instances of the same class. The
arrows indicate the uni-directional associations that imply that one class in the

participating association is visible to the other.

Optimization Model

Decision Variables
(DVs)
Constraint

Objective UV,
Function (OF) ’

Set of Constraints

Figure 2.7 Optimization Model Structure

The aggregation hierarchy shown represents the mathematical
definition of an optimization problem given by:
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MAX  f(X)
subject to:
X OF,,
where : (2.2)
X =vector of decision variables
f =objective function
F.. = feasible search space
The feasible search space F_, is defined by the constraints that are represented as:
g,(X)<rhs, Oi=1q
h,(X)=0 Oj=qg+1m
where
g;,h; = constraint functions (2.3)
rhs, =the bound for constraint i
g = number of inequality constraints
m = total number of constraints

The objective function f and the constraint functions g, and h; can be expressed in terms
of any combinations of standard functions of the decision variables. Without loss of
generality, the optimization model described above considers maximization problems

only. Minimization of the objective function f is achieved by maximizing the function -f.
2.5.2 A Framework for Solving Constrained Optimization Problems

It is difficult to develop a generalized constraint handling method that maintains
the feasibility of solutions in a GA. Many approaches have been proposed for handling
solutions that violate one or more constraints. Some of these approaches are described
below:

2.5.2.1  Eliminating infeasible solutions

In this approach, infeasible individuals are eliminated from the population. It has
been shown by Michalewicz (1995) that this approach is not effective for problems

. . Fan S, : : -
having a small ratio (%) of the feasible search space to the entire decision space
RN

S, - Eliminating good individuals that slightly violate some constraints, but are not too

far from the feasible search space, may result in loss of good genes.
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2.5.2.2  Repair operators for infeasible solutions

New genetic material is introduced into the population by the crossover and
mutation operators. The GA can be seeded initially with feasible individuals and the
feasibility is maintained by application of repair operators. The design of this approach,
however, is problem specific and involves having knowledge about a particular set of
genes that causes the infeasibility. In complex problems, it may be difficult to check for
all possible sets of genes for infeasibilities. The repair operators may add a significant
computational burden to the GA, or they may distort some of the superior parent genes.
In many cases, the problem of finding a feasible solution is itself NP-hard. The user
should consider these shortcomings while designing the repair operators. The current
GeGAOpt framework provides the user the flexibility to code specific repair operators
such that feasibility is maintained, or use penalty functions to penalize the constraint

violations.
25.2.3 Penalty Function Approach

Most methods proposed for handling constraints in GAs handle infeasible
solutions by penalizing individuals for constraint violation. The constrained optimization
problem is converted to an unconstrained problem by including the penalty explicitly in
the objective function. This modified objective function becomes the fitness function for
the GA. The modified fitness function is written as:

F(X) = F(F(X), F,[p(X)uemes Pi(X)srmes PR (X)])
where
F = fitness function

f =objective function
f, = function of constraint penalties

(2.4)

p, = penalty function for constrait i, i =1,m

The penalty for constraint i, p;, is zero for no constraint violation and is negative
otherwise. The functions F and f, are based on the users’ judgement of the relative
significance of the constraint violations to the GA search procedure. These functions can
be defined to impose an adaptive penalty that changes as the GA progresses The
following penalty functions (are supported in the current implementation:
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Linear Penalty Function
The penalty varies linearly with constraint violation and varies linearly with the

generation number.
Exponential Penalty Function
The penalty varies exponentially with constraint violation and varies linearly with the

generation number.
These penalty functions along with the function f, can be used to formulate fitness

functions used in most penalty approaches, notably those reported by Homaifar (1994),
Joines and Houck (1994), Michalewicz and Attia (1994) and Harrell and Ranjithan
(1999). The users can define the optimization problem and then experiment with various

penalty functions and their associated parameters.

Penalty
Penalty

: Constraint Yiolation Generation Number Constraint Violation
Generation Number

N . Penalty = a{Constraint \.’iulatioﬂ)b {1+c{Generation Number))
Penalty = a{Constraint Violation) {1+b({Generation Number))

Figure 2.8 Linear and Exponential Penalty Functions

A problem that has equality constraints cannot be optimized easily for by GAs
using the penalty approach. Even the slightest deviation from feasibility can cause an
oscillatory behavior. In such cases, specifying a tolerance for constraint violation is
known to result in stable convergence and improved performance. The constraint

violation tolerance ¢ can be specified for the constraints that are particularly hard to

satisfy. The penalty for constraint i is then calculated as:

penalty, =0 if Violation < ¢,

2.5
penalty, = p,(X) otherwise (25)

It is difficult to find an ideal combination of the penalty functions, p;, and the

weights on the penalties that will yield feasible, near-optimal solutions. Frequently, this
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combination is highly problem specific and depends on the response surface of the actual
problem domain. The penalties obtained by using the above penalty functions are not
dynamic, i.e., they are not varied based on observed population characteristics. A number
of adaptive penalty methods that use the population characteristics for scaling the
penalties based on the severity of the constraints have been proposed in the GA literature;
e.g. Siedlecki and Sklansky (1989) and Smith et al. (1996).

The difference in the fitness values of the best feasible solution and the best
infeasible solution is a measure of the severity of the constraints. This measure can be
used to adaptively adjust the contribution of the constraint penalties to the fitness

function as follows:

F(X) = T(X)+(f, =R ) 1P (X)seers P (X)) PR (X)]
where

f, = objective value of the best solution

F,, = fitness value of the best feasible solution

(2.6)

In this formulation, the best feasible solution yet found is comparable to infeasible
solutions that have higher fitness values. As the sum of the penalties is weighted by the
term (f, — Fyy), this term adjusts the magnitude of the imposed penalty during the progress
of the GA search. This approach is adequate for representing various adaptive penalty
formulations including the one by Smith et al. (1996). This procedure is included in the
current implementation of the GeGAOpt.

2.5.3 A Flexible Optimization Model Representation

A graphical user interface (GUI) is developed to provide the user the capability of
formulating the optimization model in an algebraic textual format that is similar to the
one used by conventional solvers. To provide this capability, an “intelligent problem
convertor” is developed that converts a users’ mathematical definition of the problem to

an internal problem representation that is based on the data structure shown in

Users Definition Intelligent
AP :"> Problem :’> Internal optimization
:\)}I‘Oodz:lmlzatlon Converter model representation

Figure 2.9 The Intelligent Problem Converter
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Providing the flexibility for users to define an optimization problem that consists
of user defined decision variables and functions requires the use of an intelligent function
parser that calculates the values of the user defined functions. The development of a
function parser or interpreter is not a difficult task, but this results in considerable
performance loss due to the fact the Java is an interpreted language itself.

To provide users the flexibility of defining a generic function optimization
problem and to reduce the time associated with the evaluation, a Java Expressions
Library (JEL), developed by Metlov (1998) is used. JEL enables the evaluation of the
user-defined functions. JEL compiles mathematical expressions directly to Java byte-
codes, allowing their fast evaluation. JEL supports all the Java primitive types as well as
object types. Functions in JEL are methods of the Java objects. It does not require any
front-end development for the functions. It is possible to use Java objects directly,
exporting their functions to JEL. The integration of the optimization model with classes
in JEL, the GA classes, and the linkage with the user interface are described in the next

section.
2.6  Design Features

The design of the GeGAOpt is based on UML methodology. The implementation
of this system is carried out using the Java'™ platform. The Java programming
environment provides a portable, interpreted, high-performance, simple, object-oriented
programming language. This makes the design and implementation of the system simple,
highly modular and promotes code reusability.

Figure 2.10|shows the GA classes and the inter-relationships among them. This
figure is an UML class diagram that represents the conceptual GA structure discussed in
Section The gene classes as well as the class Chr onbsone implement the interface
Deci si onVari abl es. This facilitates the construction and evaluation of mathematical
functions of objects that implement this interface. The class GAUpdat e facilitates the
synchronization of update threads (Updat eThr ead) spawned from the user interface
seeking to update the GA operators and parameters.

Figure 2.11]shows the classes that facilitate the evaluation of an individual. This
figure is an UML class diagram that represents the optimization model structure
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discussed in Section The class | ndi vi dual Funct i on represents the optimization
model and is responsible for the evaluation of the objective and fitness values. The arcs
indicate the linkages between these classes and the GA data structure classes, the Java
Expressions Library (JEL), and the wuser interface classes. The class
Functi onEval uat or facilitates the evaluation of user-defined mathematical functions
of the decision variables. The class FitnessFuncti onEval uator enables the
evaluation of the fitness function that is a function of the objective function and
individual constraint penalties. The user interface classes | nput Panel and
Pr obl enEchoAr ea are responsible for enabling users to input and visualize any
function optimization problem. The class Pr obl enfor nmul at or converts the users’
definition of the optimization problem to an internal optimization problem representation.
In this context, it represents the ‘intelligent problem converter’ in

Table 1 in Appendix B explains the class diagram conventions.
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Figure 2.10 Class Diagram depicting the Genetic Algorithm classes
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Figure 2.11 Class Diagram depicting the Optimization Model classes and linkages
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2.7 GUI features — Interactive problem solving

2.7.1 Problem Formulation

The user can formulate a function optimization problem through the problem
formulation interface by specifying decision variables, an objective function, constraints,
and a fitness function. The problem formulation panel is shown on the left in

Frablern Formulation /IFunction Optimization Problem
5 //Saved file: omagosh.prb
Mumbser of OYs /INon-Linear Constrained Optimization Demo
//Decision Space R(0,100) x R(0,100)
oy //Solution: at (x, y) = (17, 0)
DCheec | sl Van sl
Number of DVs: 2
RA
o I o PR Decision Variables: x,y
BB .
0N Rapraseniaiion Types of DVs: R,R
w0, 1 000 (0,1 00) DV Representation: B,B
Fange Trmin, mas)’
Range '(min, max)": x(0,100);y(0,100)
e+ - Ty
Chbjeckve Funchion (Max) Objective Function (Max): 10*x + 6%y - 2*x*y
1 H .
e a— Number of Constraints: 1
il' 1 Funetion I'+?ﬁ'l [..- jl 17 ;:O]-NSTRAlNTS
Penalty Funetion |Lirear ﬂ[ 1000 X + 2%y <= 17
Finess Funcgon J Penalty Function: Linear
P Parameters: 2.0,0.0
EEET
C etk P 5 Fitness Function: OF + 0.1*P(1)

Figure 2.12 Problem Formulation Panel and Sample Input File

The problem formulation can be stored in the form of specially formatted files. An
example of an input file is shown on the right in[Figure 2.12] The input file follows a free
algebraic format. This gives the user the capability of formulating constrained, non-linear
or combinatorial problems in a format similar to that used in conventional solvers. The
user can then solve the problem by selecting from a combination of various decision
variable representations, genetic operators and penalty functions.
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2.7.2 Controlling the GA Run

The user can dynamically control the GA parameters and operators listed below.
» Crossover Probability
» Mutation Probability
* Rate of recombination
» Type of crossover
* Type of mutation
» Selection scheme
» Elitism
» Population Size
* Number of Generations
» Seed for the random number generator.

Any combination of these parameters can be changed by the user at any point
during the course of the GA run. The changed parameters take effect in subsequent
generations. Based on the number of generations, the number of iterations that the GA
population is allowed to evolve, the GA thread is suspended when this number is reached.
The user can then either increase the number of generations to continue the GA run, or
stop the GA run. The values for these parameters can be set by the user via the control
panel which is shown on the left in

2.7.3 Monitoring Progress

The user can follow the progress of the GA run by monitoring the following:

» Fitness function, objective function and penalty function(s) values. A dynamic
display plots the convergence of the GA. The penalty values for the constraints can
also be viewed.

» Decision space that depicts the values of the decision variables in the current
population (supported only for a two-variable problem).

* Objective space that depicts the values of the objective and fitness functions of

individuals in the current population (supported only for a two variable problem).
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* Generation Statistics. The best as well as the mean fitness and objective function

values of individuals and the standard deviation of the fitnesses of individuals in a

population can be viewed on another dynamic display.

* The best solution. The characteristics of the best solution, i.e., the decision variable

values, the constraint violations, penalties, objective function and fitness values can

be monitored.
A display of these outputs is shown on the right in
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Figure 2.13 Control Panel and the Results Display

2.8 Test Problems and Results

The GA class library and the GUI implemented within GeGAOpt was used for

solving interactively unconstrained as well as constrained function optimization

problems. These test problems were selected from GA literature. The GeGAOpt features

that provide users flexibility in defining an optimization problem, choosing the type of

representations, experimenting with different penalty function formulations, selecting

from a range of genetic operators and tweaking the GA parameters during the course of

the GA run were utilized in solving these test problems. The following sections discuss

the test problems, the solution methodology and the GA run characteristics.
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2.8.1 Unconstrained Optimization Problems

shows the results of a series of GA runs for unconstrained function
minimization problems. It reports the best, mean, and the worst solution found over a
series of five independent runs that were carried out with different random number seeds.
The solution over a run is the individual that has the best objective function value. A
population size of 30 was used for these problems. The crossover probability varied from
0.5-0.7 and the number of generations required for convergence varied from 50-100. The
source of each function optimization problem is shown in italicized parentheses below

the function name.

28



6¢

Table 2.1 Results for Unconstrained Optimization

# Problem Problem Description Bounds on Known Solution Objective
Decision Function
Variables Value
1 Delong F1 e, -5.12<x,<5.12 Min=0 best 0
(DeJong, 1975) Min Z X Qiz123 (Xu,Xo%s) = (0,0,0) medium | -6.67E-6
B " worst -2E-5
2 DelJong F2 Min 100(x? = x,)* +(1-x,)? —-2.048<x, <2.048 | Min=0 best 0
(DeJong, 1975) Oi =12 (X1,X2,) = (1,1) medium | 0
’ worst 0
3 Rosenbrock’s Min 100(x, — x,)* + (1 - x,)? Min=0 best 0
Function (x,%,) =(11) medium | O
(Mathworks, 1997) worst 0
4 Goldstein-Price Min [1+(x, +X, +1)°(19-14x, + | —2<X, <2 Min=3 best 3
Function . X1,X2) = (0,-1 medium | 3.001947
(Goldstein and Price, 3x; —14x, +6x,X, +3%;)]. Oi=12 Caxe) =(0.-1) worst 3.0057
1971) [30 +(2x, —3x,)?(18 - 32x, +
12x7 +48x, —36X,X, + 27x2)]
5 | Test UF1 Max —{21.5+ x,.sin(47x,) + -3<x, <121 Min = 38.85 best 38.85
(Michalewicz, 1996) Xz.sin(20775(2)} 4.1< X, < 5.8 (X]_,Xz) = (11626, 5725) medium 38.182
worst 37.127
6 Test UF2 Min e"1(4)(12+2)(§+4)(l)(2 +2x, +1) Min=0 best 0
(Mathworks, 1997) (x,,%,) =(0.5,-1) medium | O
worst 0




2.8.2 Constrained Optimization Problems

reports the results of a series of GA runs for constrained function
optimization problems. It reports the best, mean and the worst solution found over a
series of five independent runs that were carried out with different random number seeds.
The solution over a run is the individual that has the best objective function value and is
feasible with respect to all the constraints. A population size of 50 was used for problems
TestCF1 through TestCF4. The crossover probability was varied from 0.5-0.7 and the
number of generations required for convergence varied from 50-100.

A population size of 60-70, a generation number of 300-400, crossover
probability of 0.4 and a mutation probability of 0.04 were used for problems TestCFb5,

TestCF6 and TestCF6. The value r, = FRNS” Ser , which indicates the ratio of the feasible

search space to the total search space, reported by Michalewicz (1995) for these problems
are also shown in this table. The low r; values indicate that these are highly constrained
problems. Due to the highly constrained nature, the performance of the GA search is
sensitive to the penalty functions and fitness formulations used in solving these problems.
A suitable set of the penalty functions was identified through a trial-and-error process and
then five independent runs were carried out with different random number seeds.

The performance of the GA can be improved further by fine tuning the penalty
and fitness functions, and running the GA for a larger number of generations with lower

crossover probability.
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Table 2.2 Results for Constrained Optimization

# Problem Problem Description Bounds on Decision | Known Solution Objective
Variables Function
Value
1 Test CF1 Max:10x + 6y —2xy Max = 170 best 170
st x+2y <17 (X1,X2) = (17,0) medium | 169.62
worst 169.12
2 Test CF2 Min:e* (4x2 +2x2 +4x X, +2X, +1) Min =0.0236 best 0.0236
(Mathworks, 1997) st (X1,X2,) = (- 9.5474, 1.0474) | medium | 0.0258
' worst 0.0296
15+ XX, - % -X,<0
- XX, <=10
3 | TestCF3 #2 X, 20, Min = 8.5 best 8.5
(Mathworks, 1997) X >0 (X1,%2) = (0,1.5) medium | 8.5
2= worst 8.5
4 Test CF4 Min (-12*x - Ty + y*y) Min =-16.7389 Best -16.739
(Floudas and _ X, y) =(0.71751,1.470 medium | -16.728
Pardolas,. 1997) st.—2x*+2-y=0 (0 y) =( ) worst 16.703
5 Test CF5 ] 4 ) 13 0<x <10i=1..9 Min = -15 best -14.91
(Michalewicz, 1995) | Min : 5(Z X~ X)) - Z X;) <y <100 — 1011 X = medium | -14.21
. = T ~1@11111111,33,31) worst -13.64

st.
2(X, +X,)+ X, + %, <10

1 =
2(X1 + Xs) Xy T X <10
2(X2 + Xs) Xy + Xy <10
-8x, +X,,, <00 =123

=2X, = Xs + X, <0

<0

1 =

9+i

—2X; =X, +X
—2Xg —Xg + X, <0

0<x,<1

13 —

Six constraints active at the
global optimum all except,
-8X, +X,,; <00 =123

F.nS_,
R R_=111E-4

RN
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able 2.2|Continued

# Problem Problem Description Bounds on Decision | Known Solution Objective
Variables Function
Value
6 Test CF6 Min : (x, —=10)® +5(x, —12)* + -10<x, <10 Min=680.63 best 681.34
(Michalewicz, 1995) . ) . ) . X= medium | 684.93
X; +3(x, —11)" +10x5 +7x; + HE=1..7 (2.3305, 1.9514, -0.4775, | worst | 688.8
X7 —4XsX, =10, —8x,, 4.3657, -0.6245, 1.0381,
st 1.5942)
127 - 2% = 3x; =X, —4x; =5%; 20 The first and last
282 -7x, —3x, —10x. = x, +x, =0 constraints are active at the
196 — 23x, — x? —6x2 +8x, =0 gFIongSoptlmum.
—4x? =X} +3x%, X, —2x2 =5x, +11x, =0 : N —=5121E-3
7 Test CF7 Min:x? +x; +x, X, =14x, =16X, +(x, =10)*| —10 < x, <10, Min =24.306 best 24.49
(MiChaleWiCZ, 1995) +4 X _5 2 +(x _3 2 +2 X _l 2 +5X2 - X= medlum 26536
i=1..10
(X, =8)° (6 =3)" *+20x, 1) ! (2.172, 2.3639, 8.7739, worst 38.439

+7(X, —11)° +2(X, —10)° + (X, —7)* +

45

st.

105-4x, —5x, +3x, —9%, =20

—10x, +8x, +17x, —2X, =0

8X; —2X, =5X, +2X,, +1220

-3(x, —2)* —4(x, —3)* =2x2 +7x, +120=0
-5x7 —=8x, = (X, —=6)* +2x, +40=0

-x? =2(x, =2)® +2x,x, —=14x, +6X, =0
-0.5(x, —8)° —2(x, —4)* =3x; +x, +30=0
3x, —6x, —12(X, —8)* +7x,, =0

10 =

5.096, 0.9906, 1.4306,
1.3216, 9.8287, 8.2801,
8.376)

Six out of eight constraints

are active at the global

optimum

(all except the last two)

Fov NS,
S

R

=3E-6




2.9 Conclusions and Recommendations

2.9.1 Conclusions

The GA object classes and the optimization model classes can easily be
customized for application to a wide range of problems and be used in education and
research. The GeGAOpt developed in this study facilitates the formulation of non-linear
unconstrained as well as constrained optimization problems and their solution using the
underlying GA framework. This makes it possible for a user familiar with mathematical
programming to solve optimization problems using GAs and explore the effect of various
representations, genetic operators, penalty functions, and static and adaptive penalty
techniques on the GA search. The results discussed in Section p.8|effectively demonstrate
the use of the GeGAOpt in this solving various unconstrained as well as constrained
optimization problems.

This framework has been developed based on OO paradigm and design
methodology. This makes it easier for further development and enhancement of the
current capabilities. The framework is generic in that, it can be easily extended to
represent complex chromosomal data structures such as trees and networks.

The graphical user interface to this framework currently enables only the
formulation of function optimization problems. The availability of the GeGAOpt via the
internet enables users to explore the features of the GeGAOpt with the help of a Java

compatible web browser.
2.9.2 Recommendations for Future Development

The current framework can be extended to support two as well as three-
dimensional matrix representation of chromosomes and complex data structures such as
n- ary trees, graphs and networks. Genetic operators that are appropriate for these data
structures have been discussed in GA literature. These operators can be implemented so
that other conventional optimization problems, such as the Travelling Salesman Problem
(TSP), the Knapsack Problem, and Network Optimization problems, can be solved. This
will further enhance the ability of this framework to solve other classes of optimization

problems using the underlying GA methodology.
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3 Decision Support Framework for Integrated Watershed

Water Quality Management

3.1 Introduction

Environmental problems associated with water quality in watersheds and
associated ecosystems are becoming increasingly critical. These problems are inherently
complex and are difficult to analyze due to conflicting issues such as cost, environmental
impact and equity that need simultaneous consideration while evaluating alternative
management strategies. Solutions to these problems require an integrated analysis and
modeling of the watershed system. Traditionally, the water quality problems and
subsequent degradation of environmental resources have been attributed to point sources.
In recent years, despite strict controls on point sources, the adverse affects on water
quality in watersheds have not decreased proportionately. It has been well documented
(Line et.al, 1997) that non-point sources such as nutrient runoff and atmospheric
deposition are significant sources of pollution. The modeling of these sources and their
control is a complex problem that transcends city or county boundaries. A watershed is a
hydrologic unit that can be used for effectively addressing the water quality issues. The
watershed approach is a coordinating framework for environmental management that
focuses public and private sector efforts to address the water quality problems in an
integrated manner within hydrologically defined geographic areas. The focus of this
research is to develop an integrated watershed management approach that can be used for
the characterization and solution of the water quality problems within watersheds in an

efficient manner.
3.1.1 Current Frameworks for Watershed Management

A framework that integrates point and non-point source data, monitoring and
meteorological data, and environmental simulation models is required to address the
watershed management problem in a holistic manner. Better Assessment Science
Integrating Point and Nonpoint Sources (USEPA, 1998) is a multi-purpose environmental

analysis system used in performing watershed water quality studies. It integrates
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environmental data, analytical tools and modeling tools to support these studies. It
facilitates the assessment of large amounts of point source and nonpoint source data and
the water quality at selected stream sites.

An integral part of watershed management is the use of watershed models to
characterize the ambient water quality. Some of the existing models are Storm Water
Management Model (SWMM), Soil and Water Assessment Tool (SWAT), and
Hydrologic Simulation Program — FORTRAN (HSPF). These models are mechanistic
simulation models that use weather driven non-point source sub-models and river reach
contaminant transport models to model the water quality indicators on land segments and

in river reaches.
3.1.2 Limitations of Current Watershed Management Frameworks

The solution to a watershed management problem requires the formulation of
control strategies that meet the water quality targets for particular water bodies. A control
strategy is defined by a set of controls that curb source emissions. Within the current
scope of BASINS, a user can employ existing computational utilities to develop
alternative total maximum daily load (TMDL) strategies to achieve desired water quality
targets. This approach is a trial-and-error process. It is difficult to modify the point and
non-point source information in the BASINS databases or the input files to the watershed
model (HSPF) to simulate the water quality impacts of a particular control strategy.
Given the large number of combinations of the decision variables, it is unlikely that a
random search will identify a cost efficient control strategy that meets reliably the water
quality targets. A systematic search can be used to identify feasible as well as cost
efficient control strategies that achieve desired water quality targets with acceptable

reliability and perform well with respect to unmodeled issues such as equity.
3.1.3 Objectives of the Decision Support Framework

Decision support frameworks facilitate efficient search for ‘good’ control
strategies. A ‘good’ control strategy is one that is cost efficient and meets the water
quality targets. The objectives of this study are to develop a decision support framework
to assist decision-makers in efficiently exploring watershed management alternatives

through creation, modification, evaluation and comparison of various control strategies.
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This framework enables the efficient search for cost efficient and robust control strategies
by the inclusion of additional systems analytic tools such as optimization algorithms
uncertainty analysis procedures. This system enables a decision-maker to analyze the
water quality impacts, the cost-benefits, the equity issues and the reliability of the

following control strategies.
Point Source Control Strategies

e Command and control (CAC) regimes
e Effluent charge programs
» Transferable discharge permit (TDP) programs

» Optimization of point source control strategies
Non-point Source Control Strategies

e Land use planning
* Riparian buffer zoning
* Regional detention ponds

The optimization algorithms integrated into this framework enable the user to
identify optimal control strategies with respect to several criteria including cost, water
quality and equity. Robust decision making calls for explicit quantitative analysis of the
effect that the parameter uncertainties have on the outcome of any control strategy. The
uncertainty analysis procedure facilitates the explicit quantification of the uncertainty in
achieving the water quality targets.

Founded on this decision support framework, a decision support system (DSS) is
implemented to enhance the current capabilities of BASINS with these additional
watershed management capabilities. Section describes individual components of the
DSS and their capabilities. Section describes the inter-linkages among these

components and their integration into the DSS.

3.2 DSS Components and Capabilities

3.2.1 BASINS

BASINS integrates a geographic information system (ArcView GIS), national

watershed data, and state-of-the-art environmental assessment and modeling tools into
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one convenient software system. This makes watershed and water quality studies easier

by bringing key data and analytical components together under a single platform. The

significant features of BASINS are the following.

» It facilitates the examination of environmental information.

» It provides a watershed modeling framework that integrates national databases,
watershed models such as the Hydrological Simulation Program Fortran (HSPF) and
other watershed analysis utilities.

» It supports analysis of point and nonpoint source management alternatives.

» It supports the development of total maximum daily loads (TMDLSs).

The current version of BASINS incorporates the Hydrologic Simulation Program
Fortran (HSPF) to simulate hydrologic processes. BASINS uses processed emission,
meteorological and other data as an input to HSPF for modeling the watershed water
quality.

3.2.2 Watershed Water Quality Modeling with HSPF

HSPF is a comprehensive model for simulation of watershed hydrology and water
quality for both conventional and toxic organic pollutants. Contaminants that can be
modeled using HSPF include organic tracers, sediments, carbon, nitrogen and
phosphorous cycles, etc. HSPF incorporates various submodels into a basin-scale
framework for water quality analysis that includes pollutant transport and transformation
in one- dimensional stream channels. This model allows the integrated simulation of land
based pollutant runoff processes with point sources and in-stream contaminant transport
and sediment chemical interactions.

Each model segment contains information generated by a hydraulic submodel, a
nonpoint source submodel, and a river submodel. The hydraulic submodel uses rainfall,
evaporation, and meteorological data to calculate runoff and subsurface flow for all the
basin land uses including pervious (PERLND) and impervious (IMPLND) lands. The
surface and subsurface flow ultimately drives the nonpoint source submodel that
simulates soil erosion and the pollutant loads from the land to the river reaches. The river
reach submodel (RCHRES) routes flow and associated pollutant loads from the land

through the lakes, rivers, and reservaoirs.
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The result of these simulations is a time history of runoff flow rate, sediment load,
nutrient and organic pollutant concentrations, along with a time history of water quality

and quantity at any location in the river reach file.
3.2.3 Control Strategies for Watershed Management

A control strategy is defined by a set of controls that curb source emissions. Point
source emission controls may consist of particular control technologies or processes.
Non-point source emission controls may consist of approaches such as land use planning
to reduce pollutant runoff and implementing best management practices (BMPs) to
reduce the non-point source runoff and concentration. The decision variables that
characterize a control strategy are the emission controls, their efficiencies and costs, the
water quality impacts of the new emissions that result due to the application of emission
controls, etc.

The formulation of any practical policy for pollution abatement requires the
analyses of the costs of implementing the targeted reductions in pollutant loads.
Typically, the implementation of a control strategy on a system-wide scale can result in
annualized treatment costs of the order of millions of dollars to the sources that are
targeted by the strategy. Hence, it is imperative to estimate the costs involved in
controlling the various sources in the design stages of the control strategy. The relevant
costs in watershed management are the treatment costs incurred by point sources, the
economic and social costs of the land use plans, and the costs associated with the
implementation of various best management practices (BMPs). The eventual goal of this
decision support system is to integrate the cost information within a single framework.

Currently, the framework has the capability of including the point source
treatment cost in the analyses. An already existing detention pond cost module developed

by Harrell (1998) will be integrated in the future into the decision support framework.
3.2.4 Analysis of Control Strategies

Analysis of controls strategies consists of defining the decision variables of the
individual control strategies and performing a simulation of the water quality indicators
to assess the environmental impact and the costs of the control strategies. The control
strategy can be defined by users through a convenient interface. The DSS then performs
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the necessary data manipulations to reflect the changes in the input files (UCI) required
by the watershed model (HSPF), runs the model, and then displays the results.

3.24.1 Point Source Management

Analysis of point source control strategies consists of defining point source
emission values either directly or indirectly and simulating the water quality indicators to

assess the environmental impact and the incurred treatment costs.
Command and Control

Traditionally, command and control (CAC) approaches have been used to control
point source emissions. The regulatory agency mandates the reduction of the emissions
by a certain amount. Uniform reduction consists of applying a certain emission reduction
to all baseline point source emissions. In zoned uniform reduction, the point sources are
classified into groups and a uniform reduction is applied to each group. These regulations
do not account for the geographical locations of the point sources, and therefore, are
inefficient in terms of incurred treatment cost. The DSS facilitates the analysis of CAC
strategies.

Effluent Charges

An effluent charge is a charge levied by a regulatory agency that is intended to
provide an economic incentive for a discharger to reduce their emission to an acceptable
level (Brill, 1997). The discharger is expected to increase the efficiency of controlling the
emission as long as the marginal cost of doing so is less than the incremental cost of
paying the charge. The DSS enables a user to assess the response of the dischargers to
specific effluent charges and estimate the associated water quality impacts. This feature
can also be used in an iterative analysis (Brill 1997) to determine the effluent charge that
ensures that the water quality targets are met. Analysis of zoned effluent charge programs

can be performed by grouping the point sources into groups.

3.24.2 Non Point Source Management

Land Use Planning Analysis

Since 1973, the U.S. Water Resources Council has recommended the inclusion of
national economic development and environmental quality as two essential non-

commensurable objectives in water and related land resource planning.
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Land use planning analysis consists of defining either directly or indirectly the
incremental changes in land use plans and simulating the change in the water quality
indicators. The user defines incremental changes to the baseline land use plans of various
land use management units. Sub-watersheds and watersheds are examples of land use
management units. The DSS then performs a water quality simulation for the changed
land use scenarios and presents results to the user. This enables users to perform a ‘what-
if” analysis that can be used to refine benchmark land use planning solutions to facilitate

iterative decision making.
Analysis of Best Management Practices (BMPs)

Various BMPs can be used to reduce the weather driven non-point pollution
processes. Examples of such BMPs are riparian buffers and system-wide detention ponds.
Harrell (1998) developed a procedure for the estimation of the costs and environmental
benefits of system-wide detention ponds. The watershed model used (HSPF), however, is
not designed to simulate directly the effect of other non-point source controls such as
buffer zoning and detention ponds. With the incorporation of these capabilities within
HSPF, the current DSS framework can be extended easily to facilitate analysis and

optimization of these other BMPs
3.2.5 Optimization Models for Control Strategies

Optimization algorithms can be used to enhance to the practices used in
environmental management and decision making. Lack of use of optimization in solving
environmental problems can be attributed to several reasons such as the complex
nonlinear nature of contaminant transport processes and the inadequacy of representing
these processes by explicit mathematical functions. On the other hand, the formulation of
system-wide or regional control strategies for pollution abatement requires the detailed
analyses of the cost and environmental impacts of the control strategy. When designing a
control strategy for a region with a large number of varied pollutant sources such as point
source dischargers, non-point source runoff, agricultural nutrient loading, the number of
potential solutions is very large. There has to be an efficient method of searching through

this non-finite set of potential solutions to identify a ‘good’ control strategy.
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Typically, optimization implementations in water quality management seek to use
information, such as point source inventories, available costs and contaminant transport
models to predict cost efficient ways of complying with the water quality standards. An

optimization procedure facilitates a systematic search for “‘good’ control strategies.
3.25.1 Point Source Control Strategy Optimization

The point source control strategy can be optimized for point source treatment
costs and water quality impacts. The optimization model consists of defining the decision

variables, objective function and the constraints.

Optimization Model Formulation

Primary Decision Variables: The choice of control technologies that are used to curb the
point source emissions and their efficiencies are the primary decision variables.

x; =1if control technology j is used at sourcei, (3.1)

0 otherwise

Dependent Decision Variables: The application of control technologies results in reduced

emissions. These reduced emissions are a function of the applied control technologies
and hence are the derived decision variables.

€ = fq(’]il”]izi""nin)

\Nif =Wis(1_ei)

where

e, = total emission control efficiency for source i

n,; = efficiency of control technology j at source (32)
n =number of control technology optionsat source i '

f, =a function that models the combined effect of the
individual control technologies
W." =final emission level for source i
W.* =initial emission level for source i
In cases where the emission reduction cannot be strictly attributed to set of control
technologies, the reduced emissions may be treated as the decision variables. For
example, this approach might be necessary for example, in the case of the removal of
nitrates and ammonia from effluents. This treatment process cannot be modeled as
discrete control technologies. Hence, the final emissions along with the appropriate cost

curves are used for modeling the control strategy.
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Objective Function: The objective function is typically a cost function that sums the

treatment costs incurred by the point sources.

Total Cost = .Z Z Cy%;

where (3.3)

¢, =cost of control technology j applied at source i
The cost may also be obtained from treatment cost curves particular sources that estimate
the costs of treatment (c;) as a function of the emission reduction (g;).
Constraints: The total amount of emissions is constrained in an emissions least cost(ELC)

formulation as indicated by Eq. 3.4.

YW <E 3.4)

E, = Emission Reduction Target

To identify cost efficient control strategies that meet the water quality targets the ambient
least cost (ALC) formulation is used. If the environmental impacts of the source

emissions are quantifiable, then the ALC constraints are represented as:

ZWi'aik <std, Ok

where (3.5)
a, = water quality impact of source i at location k

std, = water quality standard at location k

The aggregate water quality impacts may also be obtained by running a watershed model
such as HSPF.
The ELC and ALC formulations are discussed in the context of air quality

management by Loughlin (1998).
3.25.2  Transferable Discharge Permit (TDP) programs

Transferable discharge permit (TDP) programs are market-based strategies for
reducing pollutant loading. In a TDP program, a permit represents the right of a
discharger to discharge a certain amount of a pollutant. The total number of permits is
controlled by the regulatory agency, effectively limiting the total amount of pollutant
discharged into the environmental system. After the initial allocation of permits, the
permits may be bought or sold among interested parties. The strength of a TDP program

is the flexibility that sources have in complying with the standards. Those sources with
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higher marginal cost of treatment can buy excess permits from sources with lower
marginal costs. The result would be an efficient solution in terms of cost and equity to the
point source management problem. The water quality is influenced by the geographical
locations of the permits. Hence, the effectiveness of a TDP program in achieving ambient
water quality targets needs careful evaluation. Brill et al. (1984) describe a framework to
analyze the water quality impacts of BOD under transferable discharge permit programs.
Loughlin et al. (1997) and Gillon (1999) have also done similar work in the air quality
area. Tietenberg (1985), Atkinson and Tietenberg (1991) discuss various mathematical
formulations of TDPs.

The objective of this component of the DSS is to develop an optimization
procedure that can be used for the analysis of a TDP program implemented in any river
basin. The procedure developed can used to estimate the worst case and best case
scenarios resulting under the TDP program and to obtain a least cost solution that can be
used as a benchmark for identifying management strategies.

Initially each discharger is allocated permits equal to its emission reduced by the
targeted reduction factor ry. It is assumed that the dischargers behave in a rational manner;
there is no accumulation of unused permits and the market is ideal. A mathematical
programming approach for simulating scenarios resulting under a TDP program is given

below.
Optimization Model Formulation
Primary Decision Variables: Individual permit trades:

t 0@, j)O(N,N)

]

N
T=3t.
i i=1 ij
where : (3.6)
t, represents a permit trade between dischargersi and j

Oj#i

T, is the total amount of permits traded by discharger i
N is the total number of dischargers participating in the TDP

In a real market, a typical discharger either buys permits or sells permits. If discharger i is
a buyer then all the dischargers j with which discharger i trades will be sellers. The

following (N X N) matrix of individual trades (T) represents the entire TDP scenario.
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t, . . O
where : (3.7)
T =represents all the trades occuring under a TDP

It suffices to model the upper triangular matrix of trades, since the above matrix T is

skew symmetric.
Dependent Decision Variables: The final emission levels result due to the permit trading

and are hence, the dependent decision variables.

Wif =W +T, Oi O, N)
where

. (3.8)
T, = traded permits

N = Number of dischargers

Objective Function: Optimize for the objective function F=F(W,"). The objective

function F used for a least cost simulation is a cost function that sums the treatment costs
of all the dischargers. F used for the estimation of the best and worst case water quality
impacts is a function of the water quality indicators.

Constraints: The above problem is constrained by constraints on total emission levels or
constraints on the predicted water quality impacts. The problem is additionally

constrained by a set of Trading Restrictions (R).
Formulation of Trading Restrictions

Each discharger has a minimum limit below which it cannot treat its waste load.
This limit is imposed by the existing control technology for the emission reduction. The

following set R represents a set of trading restrictions operating in the market.
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R={ |Ti|sWiS(1—r7i), 0ios }
where

7, =min(™, 1),
R =set of trading restrictions
. = the targeted reduction (3.9)

W.* = baseline emission levels
n, =control efficiency for discharger i

limit

n™ = control efficiency limitimposed by BACT
(BACT : Best Available Control Technology)
S =set of sellers

The set R does not include any restrictions such as zoning restrictions that may be
imposed by decision-makers. However, these can be easily integrated into the existing
model by grouping point sources into groups and then implementing a TDP within each
group.

This approach simulates the trading market as an instantaneous, multilateral
trading process. This approach improves over conventional emissions trading modeling
approaches by modeling the individual trades. This information might be necessary to
estimate the behavior of the permit cost in real trading market simulations.

Trading Algorithms

The optimization model simulates an ideal multilateral trading market. However,
Atkinson and Tietenberg (1991) argue that actual trading is a bilateral process and hence
the market outcomes are considerably different as compared to the results of the
multilateral trading simulations. The TDP optimization model used in this DSS can be
extended easily to such formulations by generating each of the trades t;; in the matrix of

individual trades T in a bilateral and sequential manner.
3.25.3  Land Use Planning Optimization

The amount of non-point source runoff that pollutes streams can be managed
through appropriate land management plans. The land use plans are designed to meet
future land use development requirements. A typical optimization formulation for land-
use planning is given below:

Optimization Model Formulation

Decision Variables: The land use acreages in the various land-use management units.
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I

0i=1,...,N/

Ok =1,...,N,

where (3.10)
I = acreage of land use of typei in land use management unit k

N/ = number of land use types in land use management unit k

N, = number of land use management units

Objective Function: The objective function is either the weighted sum of the acreages of

particular types of land uses or is a function of the water quality indicators. For e.qg., if the
objective is to maximize a certain type of development, then the objective function can be

written as:

NCU NCU
. k k
Max.wlZIl +WZZI2

where

I, =area of land use of typel (3.11)
I, = area of land use of type 2

w, and w, are user defined weights

Constraints: The search is typically constrained by constraints on the land use changes or
constraints on the water quality indicators. Land use change constraints specify the
bounds within which the areas of a particular land use can change.

Allowable Changes: The typical decision variables for the land use planning model are

the final land use plans. In such land use planning models, the fact that the final land use
distribution may not be achievable because certain land use changes are not practically
feasible is conveniently ignored. An example of such an infeasible change would be the
change of urban land to forest land. Therefore, the following approach is used to model
the land use planning problem. Within this formulation, the actual decision variables are
the pair-wise land use changes. These are represented the matrix that is given as:
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0 df

12

k
DK=% O - %) geog N
I .. 0 df
. . . 0
where (3.12)

n = number of land use types
d; = percentage of land use of typei to type j

le =matrix of land use changes
k = land use management unit

An allowable change matrix in Eq. 3.13 indicates the inter-convertibility of land uses.

0 bfy . bf
0 0 . b
A]k - | Ok =1,.,N,
.. 0 by
b, . . 0
where
b; = binary variable (3.13)

=1if land usei — land use j
=0 otherwise

Alk =matrix of allowable land use changes

k = land use management unit
- represents a 'can be converted to' relation

In this model formulation, the land use acreages are then the dependent variables that are

given by:

j

N,
e Zdikb; Oi=1..,N, and Ok =1,..., N, (3.14)
4

This approach yields the final land use plans as well as the land use inter-conversions that
led to it. This represents a more realistic land use planning solution.
Hierarchical Structure: The land use constraints and the land use allowable change

matrices can be specified for individual land use management units. For e.g., in a
watershed that consists of multiple sub-watersheds, the constraints can be specified for

the subwatersheds as well as watershed.
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3.2.6 Optimization Procedures

In the past, optimization has been applied to water quality management with
varying degrees of success. Researchers have been able to solve water quality
management problems for non-reactive and weakly reactive pollutants where reactivity
may be neglected or accounted for easily. These problems have been solved by a number
of traditional optimization methods, including linear programming, non-linear
programming, mixed integer programming and dynamic programming.

The comprehensive modeling of water quality constituents by simulation models
such as HSPF significantly complicates the problem. One potential difficulty is the
complex nature of the required optimization formulation. Factors that contribute to the
complexity include:

» large number of decision variables and constraints needed to represent the sources
and controls;

* non-linear cost functions that might be required to reflect the economies of scale of
control equipment; and

e processes modeled by the watershed model (HSPF) cannot be represented as a set of
mathematical equations.

Traditional optimization procedures impose severe restrictions in using complex
nonlinear environmental models such as HSPF within a systematic search. Due to these
reasons, conventional LP and NLP solvers are not suitable for optimizing the control
strategy formulations. Genetic Algorithms (GAs) are general probabilistic heuristic
search procedures for global optimization and have been shown to be powerful in
addressing these issues successfully in environmental issues by Loughlin (1998) and
Harrell (1998).

Genetic algorithms (GA) are adaptive, global search procedures that are designed
to mimic the underlying processes governing natural selection and evolution. A genetic
algorithm works on a population of individuals to identify relatively better individuals
among the population, and combine the information embedded in the better individuals to
form newer and improved individuals. Each individual represents a feasible solution and
the evaluation of the solution is based on the objective function value of that solution.

Through repeated application of a set of basic GA operators, including selection,
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mutation and crossover, on the population of the solutions, the procedure converges to a
solution that performs best with respect to the evaluation criterion. Although genetic
algorithms do not guarantee global optima, in practice they are quite successful in finding
good solutions in an efficient manner. [Figure 3.1]briefly illustrates the GA optimization
methodology.

Mathematical Model Apply Genetic Operators Generate New Set of

Formulation of the (Selection, Crossover, Mutation) > ‘better” Control Stratedi
L etter’ Control Strategies

Control Strategy Maintain Feasibility X

| J
Random Control
Strategy Generator Convergence ?
Evaluation
f';\;lvfgt'gn = Cost Model
| ost
Cost ‘)/
Generate Initial Set WQ'\ b
i Optimal Solution

of Feasible Control
Strategies

Water Quality Model

 Land Uses
(HSPF)

- ;@ - BPs

Sources

Figure 3.1 Genetic Algorithm-based Search Procedure

3.2.7 Uncertainty Analyses

Most of the models used to assess the environmental impacts of potential control
strategies utilize several parameters that require extensive calibration and are highly
uncertain. These uncertainties are introduced due to factors such as random and
systematic measurement errors and reliance on other models or surrogate indicators. An
explicit quantitative analysis of the uncertainty in the achievement of water quality

targets is useful in determining whether environmental goals will be met.
3.2.7.1  Sources of Uncertainty

The DSS utilizes HSPF for modeling the watershed water quality. The model
requires extensive calibration and utilizes empirical parameters that are highly uncertain.

Hence, quantifying the uncertainties in the model outputs that are induced by the
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uncertainties in the model inputs and comparing the relative contributions to the output
uncertainties are very crucial. Considering the imprecise nature of information about the
emissions and control processes, the uncertainties in these also needs to be considered

while assessing the reliability with which the water quality targets are achieved.
3.2.7.2 Framework for Robust Decision Making

The DSS allows the user to perform uncertainty analysis of the model parameters
and thus characterize the uncertainty in achieving the water quality targets. The capability
of modeling real world entities such as emissions in a probabilistic manner will be
included in extensions to the DSS.

The uncertainty propagation methodology involves the generation of a set of
representative samples for each uncertain parameter. A realization of these parameters is
then formulated by sampling a single value from a sample set generated for each
uncertain input parameter. The model is run for several realizations and output
distributions are constructed from the output values for each run.

The distinction in the methods used to propagate uncertainty predominantly lies in
the generation of the representative sample set for each of the parameters. Monte
Carlo sampling and Latin Hypercube sampling are classical probabilistic sampling
techniques that are used as the sampling procedures in the DSS. These techniques are
discussed extensively by Morgan and Henrion (1995). A realization is a set of values,
sampled from the probability distributions of the uncertain parameters. Several
realizations of the uncertain parameters are generated and the model is run in an iterative
framework for each of the realizations generated. The output probability distributions are
a measure of the uncertainty in achieving the water quality targets.

Although several watershed analysis applications have used HSPF to model
watershed water quality, there are very few studies addressing the sensitivity and
uncertainty issues in the model parameters and their effect on the simulated water quality
in a quantitative manner. A few preliminary sensitivity analysis studies were performed
by Fontaine et.al (1997) and Jacomino et.al (1997). It is thought that with the DSS
capability to perform the uncertainty analyses in a systematic manner, users would find it

convenient to carry out such studies in the future.
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3.3  Design of the DSS

The DSS comprises of the control strategy representations, the control strategy
formulations, analysis and optimization procedures, the uncertainty analysis procedures
and the user interface components. These components of the DSS are integrated into a

single system to realize the objectives stated in Section
3.3.1 Integration of the Watershed Model (HSPF)

The integration of HSPF into the DSS facilitates iterative decision making, the
incorporation of the HSPF run results into the optimization model and the estimation of
the uncertainties in achieving the water quality targets. This integration is brought about
by a set of components that make the necessary modifications to the input file to HSPF,
and run HSPF in an iterative framework.

The HSPF simulation requires two types of input files:

1. The user control input (UCI) file is a text file and is the principal input file for a
HSPF simulation.

2. Watershed data management (WDM) file is a binary file containing input time series
meteorological data such as the precipitation, ambient and dew point temperatures,
atmospheric deposition, etc.

The UCI file contains the simulation period, parameters that characterize the
hydrological and the contaminant transport processes, linkages between pervious,
impervious land segments and the river reach file, specific pollutant loading information
and output control information. This file contains the parameters that represent the
decision variables for the various control strategies and the modeling parameters.
B.2]shows the structure of the UCI file.

For large watersheds with multiple sub-watersheds having detailed river reach
files and a larger number of land units, the UCI file can be significantly large (several
MB). Considering the large number of decision variables that define a control strategy, it
is very difficult for a user to perform ‘what-if’ analysis by changing these decision
variable values in the UCI file either directly or by manipulating BASINS databases. The
integration of the watershed model (HSPF) with the DSS facilitates such analysis.
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Users Control Input (UCI) File
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Required Data Files: WDM files, Point Source Input
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EXT Time Series - (External contaminant loading, for e.g. Depositons)

Output Control Information

Network Connectivity

Connectivity of Perlnd segments to Rchres
Connectivity of ImpInd segments to Rchres
Rchres connectivity

Figure 3.2 Users Control Input (UCI)

The DSS can be customized to incorporate different watershed models such as the
Soil and Water Assessment Tool (SWAT) and the Storm Water Management Model
(SWMM).

3.3.2 User Interfaces

The core components of the DSS that consist of the control strategies and
uncertainty analyses and optimization algorithms are linked to the following user

interfaces:
ArcView Interface

The user interacts with the system through the ArcView GIS interface. Additional

utilities are included into the existing BASINS ArcView interface that enable a user to:
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» Formulate various point and non-point control strategies
» Specify the uncertain parameters and the probability distributions for these

parameters.
The DSS Graphical User Interface

A graphical user interface (GUI) enables users to:
» Edit the control strategy and the uncertainty analysis formulation.
» Change the GA parameters.

» Control the progress of the GA run and the uncertainty propagation procedure.
3.3.3 Integrating the DSS with BASINS

illustrates the DSS components and the coupling of the DSS with
BASINS. The components of the DSS interact with the BASINS interface through a text
based files. The arrows in [Figure 3.3]illustrate a typical control strategy optimization or
an uncertainty analysis run. The numbering of the arrow heads represents the sequence in
which these tasks are carried out. The user enters the problem formulation through the
ArcView interface (1). This formulation is then written to problem files (2, 3). The
control strategy and the uncertainty analysis procedures are formulated (4, 5a, 5b). The
genetic algorithm is used to optimize the control strategy (6a) or the uncertainty
propagator is used to propagate the uncertainty (6b). The GA evaluation function and the
uncertainty propagator then update the UCI file to reflect the decision variables (7a) and
uncertain parameter values (7b) and run the watershed model HSPF with the updated
UCI file. The results of the optimization procedure and the uncertainty analysis run are
then returned for display to the ArcView interface (8,9,10).

Reliability based optimization can be performed for identifying cost effective
control strategies that achieve the water quality targets with specified reliability. This is
done by running HSPF for a specified number of realizations of the uncertain parameters
and using this probabilistic information in the GA evaluation function.

This integration enables users that are familiar with BASINS, but are not aware of
detailed control strategy formulations, optimization and uncertainty analyses algorithms
to use these systems analytic tools in the identification of cost effective and robust control

strategies.
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The structure and functions of these components form the requirements that are
the basis of a software development approach that is followed for better DSS design and
development. The following chapter discusses the design and development of the DSS.
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4 DSS: Design and Implementation

4.1 Introduction to a Software Development Approach

This decision support framework integrates environmental simulation models
with systems-analytic tools that aid a decision-maker in the formulation of cost efficient
as well as reliable environmental management strategies.

This framework enhances the environmental analysis and management
capabilities of existing environmental analysis frameworks by including an automated
search for feasible as well as optimal environmental control strategies, estimation of
uncertainty in achieving environmental targets and comparison of the economic
implications of various control strategies.

The development of this framework involves the design of software modules for
analyzing the scenarios resulting from the application of environmental control strategies,
various optimization algorithms that search for efficient control strategies, and
uncertainty analysis algorithms. These conceptually different tools need to be integrated
under a single platform in order to bring the decision support capabilities to the desk-top.

To maintain the modularity of the various components, achieve better system
design and promote code reusability, the software design of this framework is based
object oriented paradigm and design principles. Development of a model for the software
system prior to its construction is as essential as having a blueprint for a large building.

The design of this decision support system is based on the Unified Modeling
Language (UML) methodology. The implementation of this system is carried out using
the Java™ platform. The Java programming language environment provides a portable,
interpreted, high-performance and simple, object-oriented programming language. This
makes the design and implementation of the system simple, highly modular and promotes
code reusability.

The following sections describe the development of the DSS based on current
practices for software engineering such as object oriented analysis (OOA) and object
oriented design (OOD).
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4.2 Object Oriented Modeling and Design

Developing a flexible, generic and modular system that is capable of representing
the environmental control strategy data structures, optimization and uncertainty analysis
procedures calls for better modeling and design approaches to build the software system.
The design of the system is based on object oriented (OO) paradigm. OO modeling and
design promote better understanding of requirements, cleaner designs and more
maintainable systems. OO technology is a way of thinking abstractedly about a problem
using real world concepts, rather than computer concepts. The themes underlying OO
technology are briefly discussed below:

e Abstraction consists of focusing on the inherent aspects of an object and its
functionality. This avoids design and implementation decisions being made before the
problem is understood.

» Encapsulation consists of separating the external aspects of an object that are
accessible to other objects from the internal aspects of the object. This prevents small
changes in object structure from having massive ripple effects that affect the entire
class hierarchy.

* Inheritance of the data structure and behavior allows common structure to be shared

among various classes.
4.2.1 The Object Model

The object model captures the static structure of a system by showing the objects
in a system - their identity and their relationships to other objects. An object is defined as
a concept or an abstraction. It captures concepts from the real world that are important to
the application. The following terms define the various components that collectively
represent an object model:

Class

A class is a static abstraction of a set of real world entities that have the same
characteristics and share the same behavior. The principal features of a class are its
attributes, operations and its relationship to other classes.

Attribute

An attribute is a data value held by objects of a class.
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Operation
An operation is any function that may be performed by the objects.

Association

An association is a semantic relationship that exists between two classes. Each
association has two roles; each role is a direction on the association. The role also has a
multiplicity that indicates the number of objects participating in the given relationship.
There are three kinds of associations: aggregation relationship, inheritance relationship
and association relationship.

Aggregation Relationship

This is an association based on the ‘whole/part’ concept. There are two types of

aggregation relationships:

» Aggregation is a relationship where the ‘whole’ class does not have to create its ‘part’
class, but refers to the “part’ classes by reference.

» Composition is a relationship where the ‘whole’ part is responsible for creating its
‘part’ classes directly. This is a tighter coupling between the ‘whole’ and ‘part’
classes than is indicated by aggregation.

Inheritance Relationship

This is an association between classes that focuses on similarities and dissimilarities
between the classes with respect to the classes’ attributes and methods. An inheritance
relationship exists between a superclass and a subclass. A subclass is a class dependent
from its superclass and inherits all the attributes and methods of its parent superclass.
Association Relationship

An association relationship defines the nature of the coupling between the two classes. In
this relationship, the interacting parts are visible to each other and may be shared between
different aggregation hierarchies.

Aggregation Hierarchy

Is defined as a set of classes related through an aggregation relationship, with one root
class. All other classes are parts of and help comprise the hierarchy.

Inheritance hierarchy

Is defined as a set of classes related through inheritance relationships with one root class.
All other classes in the hierarchy are subclasses of the root class.
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4.2.2 Object Model Representation

The object model is represented graphically with diagrams containing classes or
packages. Classes are arranged into hierarchies sharing common structure and behavior.
A package is a collection of classes that are logically related and represent collectively a
real-world or algorithmic system.

Package Diagram

A package diagram acts as a logical road map of the software system and helps one
understand the logical pieces of the system and see the dependencies. A package diagram
shows packages of classes and the dependencies among them. A dependency exists
between two elements if changes to the definition of one element may cause changes to
the other.

Class Diagram

A class diagram describes the types of objects in the system and the various kinds of
static relationships that exist among them. Class diagrams also show the attributes and

operations of a class.
4.2.3 Visual Modeling — The Unified Modeling Language

The Unified Modeling Language (UML) is a standard graphical language for
specifying, constructing, visualizing, and documenting software-intensive systems. It
covers concepts such as system processes and functions, as well as concrete things, such
as programming language classes, database schemas, and reusable software components.
The UML represents a collection of best engineering practices that have proven
successful in the modeling of large and complex systems. The UML provides:

» aready-to-use, expressive visual modeling language that can be used to develop and
exchange meaningful models;

» extensibility and specialization mechanisms to extend the core concepts;

* asystem representation that is independent of particular programming languages and
development processes; and

» aformal basis for understanding the modeling language.
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4.3 A Software Development Approach

The development of the DSS is based on current practices for software
engineering such as requirements engineering, object oriented analysis (OOA) and object
oriented design (OOD). This approach integrates front-end activities of requirements
engineering based on use cases with OOA, OOD and implementation. The basis for this
approach is the use case introduced by Jacobsen (1994). The software engineering
approach illustrated in is adopted for the development of the DSS.

The Model View Controller (MVC) architecture is used in the development.
MVC architecture consists of three types of classes. The model consists of the DSS
domain classes that represent the control strategies, optimization and uncertainty analysis
algorithms. The view consists of the DSS view classes that display the information
content of the domain classes through a combination of graphics and text. The controller
consists of the controller classes that define how user interaction is handled by the DSS.
The controller interprets inputs from the user and maps these user actions into commands
that are sent to the model and/or the view to effect the appropriate change. The MVC
architecture de-couples these functional components, allowing for easier reuse of code
than in a traditional user interface.

Sections through describe the tasks in each phase of the development
approach. Section shows the class diagrams that form the basis of the DSS structure.
Section describes the components of the DSS and their interactions.
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4.4  Requirements Engineering

Requirements engineering revolves around the identification and description of
the various tasks that the software system is designed to perform. It is defined as the
process of establishing a set of software requirements for the system development
process. The process begins with the explicit representation of requirements as a table
called the ‘Requirements Trace Matrix (RTM)’ that maintains all the requirements for the
system as individual entries. Each software functional requirement is expressed in a
format that clearly defines the actions performed by the software system. A functional
requirement expressed in this manner is called the use case. This phase consists of the

following activities.
4.4.1 Capture ‘shall’ Statements

Each functional requirement is expressed in a statement that includes the word
‘shall’. This word emphasizes that the software system ‘shall’ fulfill the expressed
requirement. These requirements then become the cornerstone of all future development

activity.
4.4.2 Allocate Requirements

The responsibilities of the software system are defined clearly. Each entry in the
RTM is categorized according to its ‘type’. The following are examples of various ‘types’
of requirements:
e Performance Requirement (P) is a task that the software system is required to
perform.
» Software Requirement (SW) is a task that shall be executed by the software system.
» Software Constraint (SWC) is a restriction potentially placed on the software
implementation.
* Nice to Have (NTH) is a task that will be good feature to have in the software system,
but which is not critical.
[Table 4.1]shows some of the use cases in the RTM for the DSS.
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Table 4.1 Requirements Trace Matrix (RTM)

Requirements Trace Matrix

Entry #|Problem Statement Type |Build]Use Case Name Category Implement
WOQMDSS Requirements
The WQMM shall consist of three modules:
1) Point Source Control Module (PSCM)
2) Non-Point Source Control Module (NPSCM)
2]3) Uncertainty Analyses Module (UCAM) P Bl [N/A
The Point Source Control Module (PSCM) shall consist of modules Tor
the following point source control strategies:
1)Effluent Charge Programs Module (ECPM)
2)Trading Permit Programs Module (TDPM)
3)Command and Control Module (CACM)
3|4)Cost Optimization Module (COM) P Bl [N/A
The NonPoint Source Control Module (NPSCM) shall consist of
modules for the following management strategies:
4.1|1)Land Use Planning (LUPM) P BL |NA
UCAM shall enable the propagation of uncertainty through the various
5|models. P BL |NA
Feature Selection Requirements
The user shall be able to group the point sources into various
6.3|categories. There shall be a default classification scheme SW Bl |UC6.3 User_Groups_Point_Sources Avenue/Java
Problem Formulation Requirements
The user shall be able to formulate his/her own optimization model UC13_User_Formulates_Optimization_M
13|formulation. SW B2 [odel Avenue/Java
The user shall be able to formulate the Cost Optimization model for UC13.1 User_Formulates_Cost_Optimiza
13.1|point sources. SwW B2 |tion_Model Avenue/Java
The user shall be able to formulate the Trading Permit Program (TDP)
13.2|model for point sources. SW B2 |UC13.2_User_Formulates_ TDP_Model Avenue/Java
The user shall be able to formulate the Land Use (LU) Planning UC13.3_User_Formulates_LU_Optimizati
13.3|Optimization model for selected watersheds and subwatersheds. SW B2 |on_Model Avenue/Java
The user shall be able to formulate the Water Quality(\WQ) UC13.6_User_Formulates WQ_Optimizat
13.6|Optimization model (WQOM) SW B2 |ion_Model Avenue/Java
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able 4.1|continued

Entry # [Problem Statement Type |Build|Use Case Name Category Implement
14| The user shall be able to formulate his/her analysis model formulation. [SW B2 |UC14_User_Formulates_Analysis_Model Avenue/Java
The user shall be able to formulate the Command and Control analysis UC14.1_User_Formulates_Command_An
14.1|model for point sources. SW B2 |d_Control_Analysis_Model Avenue/Java
The user shall be able to formulate the Effluent Charge Program UC14.2_User_Formulates_Effluent_Charg
14.2|analysis model for point sources. SW B2 |es_Analysis_Model Avenue/Java
The user shall be able to formulate the Land Use Planning analysis UC14.3_User_Formulates_LandUse_Anal
14.3|model. SW B2 |ysis_Model Avenue/Java
The optimization model formulation: decision variable names,
objective function, constraints etc. shall be mapped to the internal SWC19_Users_Optimization_Model_Map
problem representation that is used by the optimization / uncertainty s_To_lInternal_Optimization_Problem_Re
19]analysis algorithms. SWC |B2 |presentation Java
Input / Output Requirements
The user shall be able to save a particular problem formulation to a file UC23.1_User_Saves_WQM_Problem_For
23.1|or a set of files.B124 SW B1 |mulation_To_File Java
Optimization Model Requirements
27| A Genetic Algorithm shall be used as the Optimization Algorithm P Bl |[N/A Genetic_Algorithm |Java
The Genetic Algorithm design shall be fairly general such that it can Genetic_Algorithm
28|model various entities such as point-sources, land uses etc. SWC |B1 |N/A _CAT Java
The objective function and constraints for the Genetic Algorithm UC29_OptModel_Controller_Dynamically
Optimization run shall be dynamically set based on the user's problem _Sets_Optimization_Model_For_GA_Eval|Genetic_Algorithm
29|formulation SW B1 [uator _CAT Java
The UCI Controller shall make incremental changes / additions to the
user control input (*.UCI) file to HSPF based on the instructions given UC30.1_UCI_Controller_Changes_UCI_F
30.1]to it by the Genetic Algorithm. SW B1 |ile WQModel_CAT [Java
The Water Quality Model Runner shall run the HSPF model UC31_WQModel_Runner_Runs_HSPF_
31]|(xnpsm1lx.exe) . SW B1 |Model WQModel_CAT [Java
HSPF output parser shall parse the HSPF output and return appropriate UC32_
32|values to the Evaluation Function SW B1 |HSPF_Output_Parser_Parses HSPF_Outp|WQModel_CAT |Java
Uncertainty Analysis Procedure Requirements
The Uncertainty shall be propagated through the models by Latin
34.1|Hypercube Sampling or Monte Carlo Simulation. P Bl |N/A Uncertainty CAT |Java
The user shall be able to represent any quantity in the model as a
34.2|uncertain parameter i.e. model it as a probability distribution SWC |B1 |N/A Uncertainty CAT |Java
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able 4.1|continued

Entry # [Problem Statement Type |Build|Use Case Name Category Implement
The user shall be able to select the uncertain parameters from a list of UC35_User_Selects_Uncertain_Parameter
35|Parameters SW B2 |s Uncertainty CAT |Avenue/Java
The user shall be able to select the type of Sampling Procedure:
1) Monte Carlo
39]2) Latin Hypercube Sampling SW Bl |UC39 User_Selects_Sampling_Procedure |Uncertainty CAT |Java
The UCAM shall propagate the uncertainty through water quality UC40_UCAM_Propagates_Uncertainty T
40|model for a finite set of realizations SW B1 |hrough_WQModel Uncertainty CAT |Java
Optimization Model Formulation Requirements
An optimization model shall consist of an objective function and a set Optimization_Algo
52|of constraints. The set of constraints shall consist of constraints. SWC |B1 |N/A rithm_CAT Java
The constraints shall be handled by the penalty function approach. The Optimization_Algo
53|user shall have the choice of selecting types of penalty functions. SW B1 |User_Selects_Penalty Functions rithm_CAT Java
The objective function or the Ihs functions of the constraints shall
consist of any 'function’. A function shall be any mathematical function Optimization_Algo
54]of various objects. SWC |B1 |N/A rithm_CAT Java
Point Source Management
The user shall be able to select controls that are applied on the
58|emissions. SW B1 |UC58 User_Selects_Emission_Controls |PS_Strategy_ CAT |Java
59| The controls shall be of two types:Discrete and Continuous SWC |B1 |N/A PS_Strategy CAT |Java
Continuous Control implies that the control efficiency shall be a real
continuous variable. The cost for this control shall be represented in a
60]cost curve type format SWC |B1 |N/A PS_Strategy_CAT |Java
Discrete control shall consists of a number of control technologies.
Each control technology shall have an efficiency and an associated
61|cost. SWC |B1 |N/A PS_Strategy CAT |Java
62| A point source shall have a list of emissions SWC |B1 |[N/A PS_Strategy_CAT |Java
The objective function and the Ihs functions of the constraints can be
64|an Emission Function or a Cost Function SWC |B1 |N/A PS_Strategy CAT |Java
Land Use Planning
LandUse_Planning
67| A subwatershed shall be the basic unit for land use planning. SWC |B1 |N/A _CAT Java
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able 4.1|continued

Entry # [Problem Statement Type |Build|Use Case Name Category Implement
The levels of land use planning shall be regional, watershed level and LandUse_Planning
68|subwatershed level. SWC |B1 |N/A _CAT Java
Land use Constraints shall specify the upper limit on any land use type LandUse_Planning
69|change in an unit SWC |B1 |N/A _CAT Java
Allowable Change Matrices shall specify whether one type of a land LandUse_Planning
70]use can be converted to another type of land use. SWC |B1 |N/A _CAT Java
The land use constraints and allowable change matrices can be LandUse_Planning
71|specified at all the levels of land use planning. SWC |B1 |N/A _CAT Java
The land use planning optimization model shall consist of an objective LandUse_Planning
73|function and/or constraints on land use change. SWC |B1 |N/A _CAT Java
Water Quality Management
The water quality optimization model shall consist of an objective
74|function and/or water quality constraints SWC |B1 [N/A WQ_Model_CAT |Java
The functions shall typically consist of math functions of water quality
75| constituents. SWC [B1 [N/A WQ_Model_CAT |Java
Modules Type
WQMM|Water Quality Management Module SW |Software Requirement
PSCM [Point Source Control Module SWC |Software Constraint
NPSCM|Non-Point Source Control Module P Performance Requirement
UCAM |Uncertainty Analysis Module NTH |Nice To Have
ECPM |Effluent Charge Programs Module
TDPM |[Trading Permit Programs Module
CACM |Command and Control Module Build Status
COM |Cost Optimization Module B1 |Core model and data structures Implemented
LUPM |Land Use Planning Module B2 |User Interface Ongoing
Abbreviations
ucC Uncertainty Analysis
HSPF |Hydrologic Simulation Program in Fortran
UCI User Control Input - The Input File to HSPF
Programming Languages
Avenue|The programming environment for ArcView GIS
Java |JavaTM (Java Development Kit 1.2)




4.5 Systems Object Oriented Analysis (OOA) — Static View

The RTM developed in the requirements engineering phase contains the set of
software specifications. This phase begins with the reformatting the set of software

requirements in the RTM into a use case format.
4.5.1 Identification of Software Use Cases

A use case is a typical interaction between a user and a system. Use cases are an
essential tool in requirements capture and in planning. The software requirements in the
RTM are reformatted to aid the discovery of potential categories. The use case is a
statement of software functionality written in the format:

Actor Action Subject
where, Action represents the capability of the software, Actor represents a stimulus to the
software system, and, Subject represents the entity whose data structure is accessed by
the action. The use cases in the RTM enable the development of categories and a

thorough requirements trace.
4.5.2 Development of Scenarios

A scenario provides the operational concept behind a use case. It is a description
of software actions that are required for the completion of a use case. The scenario
represents an operational concept and is hence independent of the implementation. The
following is an example of a scenario for use case # 40.

This scenario illustrates the software actions that are required for the completion
of use case # 40. In this use case, the uncertainty in the model parameters is propagated
through the water quality model in response to the users stimulus. The ‘action’ is the
users stimulus and the “software reaction’ is the set of tasks carried out. The task numbers
indicate the order in which the tasks are carried out. The ‘pre-conditions’ and ‘post-
conditions’ specify the states of the software system prior to and after the ‘software
reaction’ occurs. The ‘exceptions’ specify any error conditions that may occur during the
execution of the ‘software reaction’. The ‘use cases utilized” specify any other use cases
that may be used in the execution of the ‘software reaction’.
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Use Case # 40: UC40_UCAM_Propagates_Uncertainty Through_ WQModel

Overview:
This use case enables the UCAM to propagate the uncertainty through water quality model for
a finite set of realizations

Preconditions:
1. The DSS Java GUI is displayed.
2. The Uncertainty menu is active.

Scenario:
# Action Software Reaction
1. | User clicks “Propagate Uncertainty” 1. UCAM requests a realization from the
in the Uncertainty menu in the DSS sampling procedure.
Java GUL. 2. The Sampling procedure formulates a

realization and returns it to UCAM.

3. UCAM instructs the UCI controller to
modify the UCI file based on the
realization and the selected parameters.

4. The UCI controller modifies the UCI

file.
5. UC#30.3
6. UC#3L

7. Steps 1 through 6 are repeated for the
number of realizations input by the
user.

8. UC#41.

Scenario Notes: None

Post Conditions: Uncertainty in the selected uncertain parameters is propagated through the
water quality model.

Exceptions:

1. IOException

2. Output Parser Exception.

Required GUI: DSS Java GUI.

Use Cases Utilized: UC #30. 3, #31, #41

Timing Constraints: May be done only after UC #39.

Primary Implementation: Java.

Figure 4.2 Sample Scenario
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4.5.3 Establishment of Project Categories

A category is a collection of logically related classes, related through inheritance
and aggregation. Categories provide the kernel for all future development efforts and lay
the foundation for the entire project structure. The following tasks comprise the process
of extraction of project categories:

» Development of candidate category list. Actors and subjects from the use cases form
the basis for a candidate list of categories.

» Extraction of a category as the root of an inheritance hierarchy. The candidate
category list is examined for similar features that can potentially lead to the
development of an inheritance hierarchy. The category that is the root of this
hierarchy is retained as the project category.

» Extraction of a category as the root of an aggregation hierarchy. The candidate
category list is examined for whole-part relations between categories that can
potentially lead to the development of an aggregation hierarchy. The ‘whole’ class is
retained as the project category.

4.5.4 Allocation of Use Cases to Categories

The use cases are allocated to the project categories discovered in the previous
task. This allocation clarifies the responsibility for the development of a specific use
case. This is depicted by the ‘Use case’ and ‘Category’ columns in [Table 4.1

4.5.5 Development of System Category Diagram

The system category diagram (SCD) depicts the high-level associations that exist
between the categories. Each category on the SCD is a package. shows the
SCD for the DSS. The association between the categories is one of dependency. A
dependency implies visibility requirements in the subsequent design. For example, in the
SCD illustrated by the category ‘water quality management’ depends on the
categories ‘point source control strategy’ and ‘non-point control strategy’. The SCD

explains the overall view of the system and validates the categories.
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Figure 4.3 System Category Diagram

4.6  Systems Object Oriented Analysis — Dynamic View

The previous phase of design focused on the identification of the major
components of the software system, categories and the associations between them. This
phase focuses on the dynamic view of the system i.e. the interaction between the

categories that is necessary for the implementation of a use case.
4.6.1 Development of Interaction Diagrams

An interaction diagram (ID) defines the functional behavior of the system. It
depicts the collaboration of classes for the implementation of a use case. It determines
which class has the responsibility for implementing a specific portion of functionality for
a use case. Figure 4.4|shows the ID for use case # 40. A rectangle represents an instance
of a class. The horizontal arrows represent the sequential order in which messages are

passed among the classes.
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4.7  Software Object Oriented Analysis — Static View

This phase involves the design of the various classes, identification of their
attributes and methods, and the development of the associations between the classes. For

each category, a category class diagram is produced.
4.7.1 |Initiation of the Category Class Diagram

A category class diagram (CCD) is a class diagram that depicts all the classes
owned by the category, all classes required that are owned by other categories and all the
associations between these classes. There is one CCD per category. A CCD may also
depict child categories. A child category is a category owned completely by another

category and represents a subset of logical collection of classes of the parent category.
4.7.2 Refinement of Inheritance and Aggregation hierarchies

The inheritance and aggregation hierarchies for each category are developed and
refined. The attributes and operations of the root class are identified. If these are
applicable to other similar classes, this points to the existence of an inheritance
hierarchy. The identification of the associations that exist between the part and the whole
classes leads to the discovery of potential aggregation hierarchies. This validates the

envisioned hierarchies.
4.7.3 Decomposition and Analysis of Scenarios

The scenarios developed in Section 4.5.2| are analyzed to verify whether the
scenario implementation supports the particular use case. During this process, classes
required for the scenario implementation and appropriate attributes and operations for
these classes are identified. Nouns in the scenario are represented as attributes or classes,
verbs are represented as operations and adjectives indicate the possibility of the existence
of inheritance hierarchies. The newly discovered classes, attributes and operations and

the class associations are added to the category class diagrams.
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4.7.4 Addition of View Classes

A view class is a class that defines the manner in which information in a domain
class is displayed by the system. It may additionally provide controls for user interaction.
A domain class is a class that defines a real world entity from the problem definition.
Graphical User Interface (GUI) or view classes are added to the current object model that
is represented by the category class diagrams. The association relationships that relate

the view classes to the domain classes are also added.
4.8 Software Object Oriented Design — Static View

The static logical view of the software system developed during the preceding
phases is transitioned to an implementation view. The category class diagrams (CCDs)
are modified to include additional collection classes and abstract classes. Access rights
for attributes and operations are specified. Exceptions that need to be thrown by
particular operations are identified. This activity consists of the following tasks.

4.8.1 Inter-Class Visibility

An association relationship does not explicitly identify the class that provides the
services and the class that uses the services. The association relationships are changed to
uni-directional associations that explicitly specify the client and supplier classes. A client
class is a class that depends on the supplier class for some functionality. A client class
contains a reference to its supplier class in the form of an attribute. The uni-directional
association relationship implies that the client class needs visibility to the supplier class.

The visibility is characterized by the public, protected and private access
identifiers. A public access allows all client classes visibility to a class’s public attributes
and operations. A protected access permits only subclasses to access their superclasses
protected attributes and operations. A private access right prohibits access by external
classes to a class’s private attributes and operations. These identifiers control the hiding
and visibility of data and operations. It is a good OO practice to not have any public

attributes.
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4.8.2 Exception Handling

An exception is an error condition that occurs during run-time and that without
associated corrective processing, results in system failure. Those operations of particular
classes that might encounter error conditions are identified. These operations are then
documented by declaring the operation to throw the particular exception. Exception
handling results in fewer runtime problems and error conditions and is an efficient way of

handling errant program flow conditions.
4.8.3 Abstract Classes

An abstract class is the superclass of an inheritance hierarchy that does not have
any instances. Abstract classes organize features common to several classes. It is useful
to create abstract superclass to encapsulate classes that participate in the same
associations. Some abstract classes are deliberately introduced as a mechanism to
promote code reuse. Programming with abstract classes and interfaces make the

software system more flexible, scalable and promotes code reuse.
4.9 Class Diagrams for the DSS

The software development process illustrated in Sections [4.4]to .8] was carried
out in an incremental manner. The results of this process are the class diagrams for each
of the individual project categories of the DSS. [Figure 4.5]through [Figure 4.18]show the
class diagrams for of the DSS and their child-categories. The UML notations and
conventions are explained in Appendix B. The class diagrams are discussed in Section

Only principal classes in a category and the their associations are depicted on the

class diagrams. The important operations of these classes are shown on the CCDs.
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Figure 4.9 Class Diagram 3 for the category PS_Managenent
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Figure 4.10 Class Diagram for the category NPS_Managenent
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Figure 4.11 Class Diagram for the category LandUse_PI anni ng
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Figure 4.12 Class Diagram for the category WQ Mbdel
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Figure 4.13 Class Diagram for the category Opt i mi zati on_Al gori t hm
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Figure 4.14 Class Diagram for child category Genet i cAl gori t hmof Opti mi zati on_Al gorithm
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Figure 4.16 Class Diagram for the child Category PS of Genet i cAl gorithm
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Figure 4.17 Class Diagram for the category Uncert ai nty
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Figure 4.18 Class Diagram for the category Vi ew




The class diagrams shown in Figures 1.4 through 1.17 relate to the package structure

shown in

) Worndss

=] MFS_Sinadedgy
I Landllge_Flarnnig

= Optimizetion_&lgoeiam

Figure 4.9

Figure 4.10
Figure 4.12
Figure 4.13

il

o Sechigontm Figure 4.14
- Figure 4.15
21 Pe |
1 Helpars Figure 4.6, 4.7, 4.8
1 PS_Simlegy F!gure 4.16
1 Uncestmry Figure 4.17
L Wiew —— —/ Figure 4.4,4.5
| "W _Managesnent / Figure 4.11
i Wi_Moce

Figure 4.19 Package Structure

Section [#.10.1]through Section P]describe the principal components of the class
diagrams and relate the decision support methods and algorithms discussed in Chapter 2

with the software components.
4.10 System Description

The following notation is used in the discussion.

* The Courier Newfont is used for the name of a class or a category.

 The name of a class or a category that represents an entity or object is placed in
parentheses, immediately following the entity or object. For e.g. the phrase,
‘...and the associated environmental impact (Envi r onnent al _I npact)...’
implies that the class Envi r onnment al _I npact represents the entity environmental
impact.

* A coordinator class coordinates the operations of its various attributes and is
responsible for passing messages from other objects to its attributes.

» A container class serves as a data structure grouping similar objects.

e The formulator (ABC_For nmul at or ) classes are design constructs and are responsible
for creating the instances of class ABC by parsing information from input files or

extracting required information from other objects.
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4.10.1 Water Quality Management — Category WQ_Management

The classes in this category collectively contribute towards the:

* Formulation of watershed water quality management (WWQM) control strategies.
This is facilitated by the class WQ Managenent that acts as the coordinator class for
the point source management (PS_Managenent ) and non-point source management
(NPS_Managenent ) categories.

e Simulation of water quality indicators by linking with the class
W) Model _Managenent.

* Analysis of control strategies by computing decision variables, cost, emissions and
environmental impact. This is facilitated by the classes CSt r at egy_Anal yzer and
Anal ysi s_Model .

» Optimization of control strategies by linking the representation of the point and non-
point control strategies to the genetic algorithm classes. This is facilitated by the class
GA Initializer.

The class WQ_Managenent coordinates all of the above activities and is the root
class of this category. The WWQM solution is represented by the class WQM Sol ut i on.
This category contains a set of decision variable classes that represent the
decision variables of the WWQM problem such as cost (Cost ), emission (Eni ssi on)
and environmental impact (Environnental _Inpact). The Cost_Functi on,

Em ssi on_Function and Environnental _| npact _Function are classes that

enable the formulation of summation functions that sum these decision variables over a

set of objects. This provides the flexibility of grouping together a dissimilar set of objects

such as point sources and non-point sources to sum over the desired decision variables.

The implementation of the interface Eval uabl e by the decision variable classes

imposes on these classes the operation get Val ue() . This imposition facilitates the

formulation of weighted functions of the decision variable classes that are required for

representing the objective function in a multi-objective problem formulation.
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4.10.2 Point Source Management — Category PS_Management

The classes in this category represent real world emissions, emission controls,
point sources and the point source control strategies that are required to control the
emissions.

illustrates the emission control, the associated control cost and the
emission classes. The point source emissions (PS_Emi ssi on) are controlled by applying
a control (Cont rol ). Controls on point source dischargers to streams can be typically
classified as continuous (Continuous_Control) and discrete control (
Di screte_Control ). A continuous control has an efficiency n(0,1) that is a continuous
real variable. The cost function for this control is represented by a cost curve
(Tr eat ment _Cost _Cur ve) that can be linear (Li near _Tr eat ment _Cost _Curve) or
can be a mathematical function (Function_Treat nent_Cost_Curve). A discrete
control (Discrete _Control) consists of a set of control technologies
(Cont rol _Technol ogy) that have a fixed efficiency and cost. Most real world point
source models can be adequately represented by this set of classes.

Figure 4.7]depicts the classes that represent the point source (Poi nt _Sour ce),
the control strategy (PS_CSt r at egy), the grouping scheme (G- oupi ng_Schene) and
the point source management formulation (PS_Managenent). Point sources can be
classified into groups, and various control strategies can be applied to different groups.
The class PS_Managenent acts as the coordinator class and container class for control
strategy formulations, and is the root of this category.

illustrates the various types of point source control strategies that can
be implemented. These are broadly classified as control strategy analysis
(PS_CsStrat egy_Anal ysi s) and control strategy optimization
(PS_CStrategy_Optim zation).

Analysis consists of defining either directly or indirectly the emission values and
simulating the water quality indicators to assess the environmental impact. The emission
reductions can be specified either directly (Conmand_And_Control ) indirectly by
specifying effluent charges (Ef f | uent _Char ges) as discussed in Section
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Point source control strategy optimization is facilitated by the class
PS Cstrategy_Optim zati on. Users can define the objective function and optionally
the constraints for the point source optimization model (PS_Opti mi zati on_Model ).
Users can specify the objective function and the constraint left hand side functions to be a
cost function, emission function or an environmental impact function. The
PS Optim zati on_Model class adequately represents most optimization problem
formulations including the ambient least cost (ALC) and emissions least cost (ELC)
formulations discussed by Loughlin (1998).

The class PS _Cost _Optim zation facilitates the solution of optimization
problems discussed in Section by linking with the appropriate classes in the
category Geneti c_Al gorithm The class Tr adi ng_Perm t _Program facilitates the
formulation of a transferable discharge permit (TDP) program model as discussed in
Section This TDP model is then solved by linking with the appropriate classes in
the category Geneti c_Al gorithm PS.

4.10.3 Non Point Source Management — Category NPS_Management

The principal classes in this category are NPS_Managenent and
NPS_CSt r at egy. These classes mainly serve as container and coordinator classes for
various types of non-point source control strategies such as reducing runoff by effective
land use planning, buffer zoning streams and constructing system-wide detention ponds.
The current state of system implementation supports non-point source management only
by land use planning. This is because the watershed models are not designed to simulate
directly the effect of other non-point source control strategies such as buffer zoning and
detention ponds. With the incorporation of these additional strategies, the principal
classes in this category will assume more significant roles.

The child category LandUse_Pl anni ng represents various land use planning

formulations.
4.10.3.1 Land Use Planning — Category LandUse_Planning

The classes in this category represent the formulation of a land use analysis or

land use planning problem as discussed in Section
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Land use analysis (LU_Anal ysi s) consists of defining the incremental changes
in land use plans (LU_PI an) and simulating the change in the water quality indicators.
This enables users to perform a ‘what-if’ analysis for different scenarios of land uses.
This enables the refinement of benchmark solutions.

Land use planning optimization discussed in Section consists of defining
an objective function and/or constraints. The objective function and the left hand side
constraint functions can be land use functions (LU Functi on) that are weighted
functions of land use changes or environmental impact functions. Usually, for a land use
planning problem, the constraints are specified as upper bounds on the change of a
particular land use acreage. This is facilitated by the class LU Constrai nts. The land
use allowable change matrix (LU_Al | owabl e_Change_Matri x) is a user specified
binary matrix that indicates if one type of a land use can be changed to another.

The land use constraints and the allowable change matrices can be formulated at
the watershed and the sub-watershed levels. These are then assembled into an instance of
the land use optimization model (LU _Opt i mi zat i on_Mbdel ) that is solved by linking
with the appropriate classes in the category Genet i cAl gorit hm LU.

The class LU Managenent is the container and coordinator class for the land

use analysis and land-use planning formulations.
4.10.4 Water Quality Model — Category WQ_Model

The classes in this category collectively contribute towards running the water
quality model for values of decision variables and model parameters given by the
optimization and uncertainty algorithms and returning appropriate water quality
indicators. This set of tasks is carried out in the following manner.

1. Theclass UCI _Control | er isinstructed by either the:
» Control strategy analyzer (\\Q_Managenent . Cstr at egy_Anal yzer) with user
defined values of point source emissions, land use plans etc, or
» Evaluator (Opti m zati on_Al gorit hm Eval uat or) with the decision variable
values. If the genetic algorithm is used as the optimization algorithm, these

decision variable values represent the genetic information decoding.
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* The uncertainty propagator (Uncertai nty. Uncertai nty_Propagat or) with
the uncertain parameter realizations.

2. The UCI _Control | er reads the users input file (UCI), instructs the corresponding
UCI controllers to change the input file content and commits the changed information
to the input file.

3. The WQ Model runner runs the water quality model (HSPF), waits for the run to
complete and instructs the output parser to formulate the water quality indicators
represented by the class WQ | npact and returns these to the calling algorithm.

The water quality optimization model (WQ Opti mi zati on_Mbdel ) is the users’
formulation of the objective function and optionally the constraints. The objective
function and the left hand side functions of constraints may be environmental impact

functions.
4.10.5 Optimization Algorithm — Category Optimization_Algorithm

A typical mathematical programming problem consists of the definitions of the
decision variables, the objective function and constraints that are functions of the
decision variables. shows the classes that represent collectively a generic
mathematical programming problem given by:

MAX /MIN  f(X)

subject to :

X OF,,

where : (4.2
X =vector of decision variables

f = objective function

F.. = feasible search space

The optimization model (Optim zati on Mbdel) consists of an objective
function (Obj ecti veFunction) and a set of constraints Set Of Constrai nts. The
objective function (Cbj ect i veFuncti on) consists of a direction and the function that
is optimized (Funct i onabl €) . A constraint (Const r ai nt ) is composed of a left-hand
side function (Functi onabl e), a sign (Oper at or), a bound (Qoj ect) and a penalty
function (Penal t y_Functi on). Functi onabl e can be any object that implements an

operation get Val ue(). Thus, any subclasses of the class Function such as
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Cost _Function, Em ssion_Function etc. as well as any mathematical function
(Jel Functi on) of the decision variables can be used directly in the objective function
or the constraints.

The abstract class Functi on defines a summation function over the decision

variables (Deci si onVar s).
4.10.5.1 The Java Expressions Library (JEL)

To augment the evaluation process with the evaluation of generic mathematical
expressions of objects that are instances of different classes, a Java Expressions Library
(JEL) developed by Metlov (1998) is used. JEL enables the evaluation of the user-defined
functions. JEL compiles mathematical expressions directly to Java byte-codes, allowing
their fast evaluation. JEL supports all the Java primitive types as well as object types.
Functions in JEL are methods of the Java objects. No front ends for functions have to be
written. It is possible to use Java objects directly, exporting their functions to JEL.
Appendix A discusses an example of the manner in which JEL can be used in the

evaluation process.
4.10.5.2 Genetic Algorithm — Category GeneticAlgorithm

Designing appropriate data structures to represent the hierarchy of genetic
information content is of central importance to the GA search procedure. Typically, the
aggregation hierarchy can be represented adequately by a gene at the lowest level. A
chromosome (Chronosone) is a vector of similar types of genes. An individual
(I ndi vi dual ) is a container for a set of chromosomes. A population comprises of a set
of individuals and is the basic evolving unit. Individuals in a population undergo
selection, crossover and mutation to produce the next generation of individuals. The
binary tournament and roulette-wheel selection schemes are supported. The crossover
and mutation operators are implemented by subclasses of Chr onbsone. The genetic
algorithm (GA) is the coordinator class that evolves the generations, implements elitism
etc.

The abstract class Chr ombsoneFuncti on represents the optimization model
formulation. The genes of the Chronpsone represent the decision variables of the

optimization model. Subclasses of this class obtain the information regarding the
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objective function values, constraint violations etc. from the decision variable values. The
class WQChr onosonmeFunct i on represents the water quality optimization model. Each
instance of this class needs to be evaluated for objective function value and constraint
violations. The water quality decision variable values that are required for this evaluation
are obtained from a run of the water quality model. The class | ndi vi dual Functi on
represents the complete optimization model formulation for the watershed water quality

management problem.
Point Source GA Classes — Category PS

The classes in this category mimic a subset of the class hierarchy in the category
PS Managenment. The class PSChronosone is similar to the class
PS Cstrategy_Optim zation and is the basic evolving unit for the point source
control strategy optimization. This class implements a uniform crossover. It crosses
corresponding instances of point source genes (PSGene) which in turn cross
corresponding instances of the emission genes (Em ssi onGene). The real mixing of
genetic information occurs at the control gene (Cont r ol Gene) level.

The class Tr adi ngPSChr onosone facilitates the simulation of a multilateral
trading market as discussed in Section [3.2.5.2. The source status indicates the status of
emitter, if a buyer (B) or a seller (S). The allowable trade matrix is a binary, N x N, skew-
symmetric matrix that represents the occurrence of a trade between emitters i and j. The
trade matrix is a real-valued, N x N, skew-symmetric matrix each element of which, t; ,
represents a trade between the emitters i and j. The crossover procedure implemented by

this class is designed to maintain feasibility of the resulting child chromosomes.
Land Use Planning GA Classes— Category LU

The classes in this category mimic a subset of the class hierarchy in the category
NPS_Managenent . LandUse_Pl anni ng. This set of classes was designed and
implemented by another member of the research group, S.Kishan Chetan. The class
LUChr onosorre is similar to the class Wat eshed_Pl anni ng and is the basic evolving
unit for the land use planning optimization problem. The crossover and mutation
operators are designed such that feasibility is maintained.
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4.10.6 Uncertainty Analysis — Category Uncertainty

The classes in this category represent the uncertainty analysis procedures
discussed in Section Most of these classes were implemented by another member
of the research group, S. Kishan Chetan. An uncertain parameter
(Uncert ai n_Par anet er ) is modeled as a probability distribution (Di st ri but abl e).
[Table 4.2]shows the types of probability distributions that are supported. Some of these
distributions were extended from the class library or . dr asys. pr ob that was obtained
from (ORObjects for Java). The sampling procedure (Sanpling_Procedure)
formulates a set of realizations (Real i zat i on) of these uncertain parameters. Monte
Carlo and Latin Hypercube Sampling are the types of sampling procedures implemented.
The class Uncertai nty_ Anal ysi s is the coordinator class and is the root of this
category. The class Uncert ai nty_Pr opagat or propagates the uncertainty by linking
with the classes UCI _Control | er and WQ_Model _Runner in the category WQ_Model .

Table 4.2 Probability Distributions

Probability Distribution Extended Form
Normal drasys.or.prob.NormalDistribution
Poission drasys.or.prob.PoissionDistribution
Uniform drasys.or.prob.UniformDistribution
Exponential drasys.or.prob.ExponentialDistribution
Triangular -
Weibull -
LogNormal -

4.10.7 Graphical User Interface Display — Category View

The set of classes in this category are linked together to form the user interface to
the DSS core model classes discussed above. The development of these classes is

assigned to the build category B2 in the Requirements Trace Matrix (RTM) shown in

able 2.1)and is part of the ongoing research.
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4.11 Hotspots and Plug-Points for the DSS Framework

The set of classes developed to represent the various control strategies,
optimization model structure, genetic algorithm and the uncertainty analysis algorithms
offer considerable flexibility for customization of this framework. The customization is
done for incorporating additional or different utilities specified by the user.

The classes WQ _Managenent , PS_Managenent and NPS_Managenent are the
coordinators that handle different control strategies. Additional control strategies can
easily be added to the existing framework. For e.g., a different point source control
strategy can be constructed by extending the classes PS _CStrat egy_Anal ysi s or
PS CStrategy_Optim zation in the category PS_Strategy. Non-point control
strategies such as riparian buffer zoning and regional detention pond can be added by
developing child categories of the category NPS_Managenent that are similar to
LandUse_PI anni ng.

Currently, genetic algorithms are used as the optimization procedures. Other
heuristic optimization techniques such as simulated annealing (SA) can be integrated into
the DSS framework by developing a child category containing the SA classes to the
category Opt i m zati on_Al gorithm

Currently, the DSS provides the capability of providing stochastic sampling by
using Monte Carlo and Latin Hypercube sampling procedures. Other sampling
procedures can be included by extending the class Sanpl i ng_Procedure in the
category Uncertai nty. Additional probability distributions can be included by
implementing the interface Di st ri but abl e in the category Uncert ai nty.

The watershed model HSPF is currently used for simulating the water quality.
Other watershed models such as Soil and Water Assessment Tool (SWAT) and Storm
Water Assessment Model (SWMM) can be easily integrated into this framework by
replacing the class UCI _Cont r ol | er with an appropriate classes and implementing the
necessary input and output parsers.

All the categories of the DSS except the categories NPS_Managenent and
WQ Model are generic and can be used for the development of decision support

frameworks for other applications. For e.g., the categories PS_Str at egy,
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Uncertainty, Optim zati on_Al gorithm GeneticAl gorithmcan be used in the
development of a decision support framework to aid environmental decision making that

addresses cross-media issues in an integrated manner.
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5 Summary

A collection of genetic algorithm (GA) tools is developed for generic use. A
subset of the Unified Modeling Language (UML) is used for object oriented design and
the implementation of the classes for a simple steady state GA was carried out using
Java™. This set of classes represents various data structures, representations, GA
operators such as crossover and mutation and various selection schemes. A set of object
classes to represent a generic optimization model structure is also developed. This set of
classes enables the construction of a generic mathematical programming problem by the
specification of the objective function and the constraints. The Java Expressions Library
(JEL) is used to assist in the evaluation of user defined functions. A penalty function
approach is used to handle constraint violations for solving constrained optimization
problems using GA methodology. Different forms of penalty functions can be selected to
penalize the constraint violations. The GA fitness function is a user defined function of
the objective function and the constraint penalties.

A graphical interface is developed that enables a user to formulate a any
mathematical function optimization problem in a simple algebraic format and solve it by
choosing from a combination of various decision variable representations, GA operators,
penalty functions etc. The decision variables, their representations, objective functions,
constraints and fitness function that characterize the optimization problem are specified
interactively by the user. The problem formulation can be saved to and loaded from
specifically formatted problem files. The system is capable of checking the optimization
formulation for errors and reporting these errors to the user. The interface also has an
online help system that explains various functionalities and operations. The GA
parameters and operators such as the crossover, mutation operators and probabilities,
selection schemes, elitism, population size can be dynamically controlled during the GA
run. This feature can be used to gain an understanding of the effect that the GA operators
have on the GA search. The progress of the GA run can be monitored by viewing
dynamically, the characteristics of the best solution, the generations statistics, the

convergence of fitness and objective function values and the constraint violations.
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The GA object classes, the optimization model classes and the user interface
comprise together the Generic GA Based Optimizer (GeGaOpt). The use of the
GeGAOpt is demonstrated for the solution of various unconstrained as well as
constrained optimization problems. The GA object classes and the optimization model
classes can be customized easily for application to a wide range of problems and be used
in education and research.

A decision support framework is developed to enhance the capabilities of existing
watershed management framework (BASINS) by including a systematic search for
‘good’ environmental control strategies and procedures for the estimation of uncertainty
in achieving water quality targets. This framework enables users to formulate various
point source control strategies such as command and control (CAC), effluent charges,
transferable discharge permit (TDP) programs and non-point control strategies such as
land use planning. It also allows the user to perform uncertainty analysis of the model
parameters by various stochastic sampling procedures such as Monte Carlo and Latin
Hypercube sampling. The integration of HSPF into this framework enables a user to
easily perform ‘what-if” analysis to aid iterative decision making and enables the HSPF
run information to be included in the users’ definition of the control strategy. As
traditional optimization procedures impose severe restrictions in using complex nonlinear
environmental processes within a systematic search, genetic algorithms (GAs), general,
probabilistic, heuristic search procedures are used for global optimization.

The primary objectives of the decision support framework, the various control
strategy formulations, analysis, optimization models, genetic algorithms, uncertainty
analysis procedures form the basis of the requirements for the design. The design of this
system is developed using the software engineering approach such as object oriented
analysis (OOA) and object oriented design (OOD). Unified Modeling Language (UML)
was used for the design. The core model classes of the framework are implemented using
the Java™ programming environment. All the core classes that are required to represent
the control strategies, optimization and uncertainty analysis algorithms, have been
implemented in the current implementation. The graphical user interface (GUI) classes

and the controller classes that link the GUI classes to the model classes are being
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developed. The design of user interfaces to integration with BASINS to build a state of

the art watershed management decision support system is an ongoing effort.
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Appendix A

A.1 The Java Expressions Library (JEL)

Java Expressions Library (JEL), developed by Metlov (1998) is used in the
development of GeGAOpt and the DSS. JEL enables the evaluation of the user-defined
functions. The key feature of JEL is that it is a compiler. To write the interpreter for
expressions is not a very difficult task but it results in huge performance losses because
Java is an interpreted language. JEL compiles mathematical expressions directly to Java
byte-codes, allowing their fast evaluation. JEL supports all the Java primitive types as
well as object types. Functions in JEL are methods of the Java objects. No front ends for
functions have to be written. It is possible to use Java objects directly, exporting their
functions to JEL through gnu. j el . Li brary class. During evaluation, expressions are
converted into the Java byte-codes on the fly. Then, they are loaded into the Java virtual
machine and returned to the caller as an instance of the class that is a subclass of the
class gnu. j el . Conpi | edExpr essi on.

If the Java virtual machine has JIT compiler, then the expressions can be
transparently compiled into the native machine code, resulting in performance higher that
for most C written interpreters. JEL is easily portable across platforms and does not
require recompilation.

JEL is available under the GNU General Public License. This license guarantees
freedom to share and change free software. The detailed terms and conditions of this

license can be found at pttp://www4.ncsu.edu/~avparand/GeneticAlgorithm/license.txt|

A.2 Using JEL

JEL can be instructed to use specific libraries of functions. For e.qg., the following
Java code enables the use of functions of the class j ava. | ang. Mat h and of the class

whose instance is the object vari abl es.
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i nport gnu.jel.Eval uator;

i mport gnu.j el . Conpil edExpression;

i nport gnu.jel.Library;

i mport gnu.jel.ConpilationException;
i nport java. nmath. *;

i mport java.util.*;

public abstract class AnyFunctionEval uator {
String expression;
Conpi | edExpr essi on expr_c;
Library library;
oj ect[] variabl elbj ects;

voi d set UpLi brary(Obj ect variables) {
// Construct Static Library
Cl ass[] staticLib=new dass[1];

try {
staticLib[0] = dass.forNane("java.lang. Math");

}

cat ch(d assNot FoundException e) {};
/1 Construct Dynami c Library

Cl ass[] dynami cLi b=new d ass[1];
dynami cLi b[ 0] = vari abl es. get d ass();

/1 Construct the variabl es instance
vari abl eObj ect s=new Obj ect[ 1] ;
vari abl eObj ects[0] = vari abl es;

//Set up library
library = new Library(staticLib, dynam cLib);

publ i ¢ Compi | edExpressi on get Conpi | edExpressi on(String expr) {
expressi on = expr;
conpi | eExpression();
return expr_c;

}

/*Conpi |l e the expression*/
public String conpil eExpression() {
try {
expr_c = Eval uator. conpil e(expression, library);
return "conpiled";

}
catch (Conpil ati onException ce) {//Conpilation Error nessage }

}
}

/*Eval uate t he Expression*/
public doubl e eval uate() {
Nunber result = null;
if (expr_c !'=null) {
try {
result = (Numnber) expr_c.eval uate(vari abl eCbjects);

catch (Throwabl e e) {//Error message;}
return ((Double) result).doubl eval ue();

}//end of class
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A.3 Limitations of using JEL

JEL uses a ‘classloader’, a privileged Java operation, to evaluate to compile the
expressions. The implementation of this operation requires that JEL be used as a
application. The Java security manager prohibits applets from successfully implementing
privileged operations. Therefore, the use of JEL as an applet, requires that the source
code be trusted. This means that web users of the GeGAOpt will have to grant
permissions to the GeGAOpt code in the either of the following ways:

* By downloading the .java.policy and .keystore files from the GeGAOpt webpage at

URL: http://www4.ncsu.edu/~avparand/GeneticAlgorithm/download|

» By granting the code from the URL.:

http://www4.ncsu.edu/~avparand/GeneticAlgorithm/classes|full permissions. These

permissions are specified in the users’ .java.policy file.
A detailed discussion of the Java security implications is outside the scope of this report.
Interested readers should refer to the references at the end of this Appendix.
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Appendix B

No Visual Formalism Represents Notes
1 A package
Package_P Also a category
2 i e An interface
Interface_|
B0
3 al A class a, b, ¢ are attributes of this class.
ass A . .
p, g, r are operations of this class.
LA
E Visibility
a, b, c are public, protected and private
'ﬁ':zg attributes respectively.
&0
4 Class_B Class A An inheritance Class_B extends Class_A
- relationship
5 e AEEESS An implements Class_B implements Interface_|
= | Interface_| relationship
6 Class B [1Ns.B  4ns C class C An association ins_C is an instance of Class_C
1 1 ins_B is an instance of Class_B
‘1’ and “1..*’ are the multiplicities.
These imply that Class_C points to
only one instance of Class_B, and
Class_B points to multiple instances of
Class_C
7 Class B #ins C| Class C An aggregation Class_C is an aggregate of Class_B
relationship
8 Class B +ins C| class C A uni-directional Class_B points to Class_C by
association reference.
9 A dependency Package_P depends on or needs
Package P Package_Q visibility to Package Q.
10 +, #, - notation in the associations Indicates access + indicates a public access

# indicates a protected access
- indicates a private access
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