
 

ABSTRACT 

 
DORN, JASON LIAM. Evolutionary Algorithms to Aid Watershed Management. (Under the 
Direction of S. Ranji Ranjithan.) 
 
Watershed management is a complex process involving multiple uses, diverse stakeholders, 

and a variety of computer-based hydrologic and hydraulic simulation models.  Exploring for 

efficient solutions and making decisions about the best integrated management strategies to 

implement can be improved through the use of quantitative systems analytic techniques. In 

addition to identifying mathematically optimal solutions, these techniques should also be able 

to consider issues that may not be properly represented in the models or may be in conflict 

with one another.  As the complexities of the system models grow, contemporary heuristic 

search methods, including evolutionary algorithms (EAs), are becoming increasingly 

common in quantitative analysis of such challenging decision-making problems. More 

research is needed to enhance and extend the capabilities of these newer search methods to 

meet the growing challenges.  Further, these new systems analytic capabilities are best made 

accessible to practitioners through a generic computational framework that integrates the 

system simulation models with the suite of search techniques.  Therefore, the purpose of this 

research is to develop new EA-based system analytic methods for addressing integrated 

watershed management problems and a computational framework within which their 

capabilities are enabled for watershed management applications.  EA-based methods to 

generate good alternative solutions and for multiobjective optimization have been developed 

and tested, and their performances compare well with those of other procedures.  These new 

methods were also demonstrated through successful applications to realistic problems in 

watershed management. These techniques were integrated into and implemented within a 



 

new computer-based decision support framework that supports the integration of the user’s 

preferred watershed models, methods to perform uncertainty and/or sensitivity analyses 

thereon, and multiple state-of-the-art optimization heuristic search procedures to identify 

good management strategies that meet the problem-specific (e.g., fiscal or environmental) 

objectives and constraints. The design of the software framework is described with a 

demonstration of its capabilities via a case study involving several scenarios of a watershed 

management problem.
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CHAPTER 1: Introduction 
Watershed management offers numerous challenges to landowners, regulators, and municipal 

officials across the country. Significant effort, time and money is expended developing 

complex watershed simulation models to aid watershed management. In general, once these 

models are developed, they are used to evaluate a handful of alternative management 

strategies. Meanwhile, with an incremental increase in effort, systems analytic techniques in 

concert with these same models can be employed to provide insights and valuable 

information to decision-makers regarding the scope of the problem and possible alternative 

solutions to help identify better overall management strategies. 

 

Evolutionary algorithms (EAs) are becoming increasingly popular in applications to real-

world engineering design problems, and offer unique benefits in the context of watershed 

management problems. While classical optimization techniques often require numerous 

simplifying assumptions regarding the manner in which the watershed is modeled, complex 

computer simulation models may be incorporated directly into an EA approach to identify 

good strategies.  

 

The goal of this work described herein is the development of tools to improve the watershed 

management decision-making process through prudent application of appropriate EA-based 

systems analytic methods and tools. This research focuses on the development of new EA-

based techniques for systematic generation of alternative solutions (via the Modeling to 

Generate Alternatives (MGA) technique), and multiobjective optimization. Meanwhile, there 

are hindrances to the application of such tools that limits their use by watershed managers. 

Therefore, a generic modeling and systems analytic-based decision support system, 

incorporating the various EA-based tools, is also developed. The specific goals of this work 

are to: 

• Develop and test a new method for performing MGA, as well as apply it to a realistic 

problem in watershed management (Chapter 2: Niched Cooperative Coevolutionary 

Algorithm (NC2A) to Generate Alternative Solutions: A Watershed Management 

Application); 
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• Develop and test a new method for performing multiobjective optimization 

(CHAPTER 3: Hypervolume Maximizing Multiobjective Evolutionary Algorithm for 

Multi-Criteria Optimization (HM2EA) ); 

• Apply HM2EA to a realistic problem in watershed management (CHAPTER 4: 

Application of the Hypervolume Maximizing Multiobjective Evolutionary Algorithm 

to Watershed Management). 

• Develop a convenient software framework within which computer models may be 

coupled with various powerful EA-based systems analytic techniques, and 

demonstrate its capabilities via an illustrative watershed management case study 

(CHAPTER 5: The Urban Watershed Decision Support System). 
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CHAPTER 2: Niched Cooperative Coevolutionary Algorithm to 
Generate Alternative Solutions: A Watershed Management 
Application 

1.0 Introduction 
The effective management of a watershed involves the consideration of numerous objectives 

including protecting public safety, minimizing flooding, and protecting or enhancing water 

quality. Effective watershed management is achieved through an integrated approach, 

considering multiple objectives and implementation strategies concurrently [1]. The 

development of integrated management strategies is limited, however, in the real world due 

to complexities, including the presence of a multitude of potential uses for the receiving 

water body, and therefore multiple affected stakeholders with a diverse set of decision 

criteria.  Based upon simulation models, systems analytic procedures are often used to 

identify optimal management strategies in such public sector decision-making problems, 

requiring a quantitative representation of the problem as a mathematical programming model. 

Such an approach provides a systematic process for developing an efficient watershed 

management strategy.  

 

While mathematical programming models are often valuable in analyzing and solving 

complex real-world decision problems, solutions obtained through their use are only 

“optimal” with respect to the factors explicitly represented in the model. Many factors, e.g., 

social and political considerations, and individual preferences shaped by historical or 

institutional biases, in public sector decision-making problems are not easily quantified.  

Thus the ability to identify “good” alternative solutions is important as it is often infeasible to 

implement the mathematical optimum obtained based on models that are inherently 

incomplete and ill-defined [2]. When the objective space of the mathematical programming 

model contains fewer objectives than that of the “real” problem, the true solution to the 

problem is likely located in the inferior region of the feasible set of solutions to the modeled 

problem [3]. Furthermore, decision-makers are best able to give consideration to the various 

un-modeled objectives when presented with a small set of maximally different solutions [3]. 

Therefore, it is useful to provide the decision-maker a small set of alternatives that are 
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maximally different from the optimal solution and each other in decision space as well as 

near the optimal solution with respect to the modeled objective(s). When the solutions are 

maximally different from one another in their individual decision attributes, it is reasonable 

to anticipate that they represent unique design features and therefore perform differently with 

respect to the unmodeled issues. Consequently, the decision-makers may use this set of 

solutions as a basis for further exploration and final decisions.  

 

Building upon the optimization model, the modeling to generate alternatives paradigm 

provides a means for systematic search for alternative solutions that are as far apart a 

possible from each other [3-6].  Many alternatives generation techniques have been 

developed and applied to a wide variety of real-world problems [3, 5, 7-10]. Most of these 

approaches developed to date are based on mathematical programming-based search 

procedures. Classical optimization techniques, however, require simplifying assumptions 

when applied to watershed management problems, thus limiting the practical utility of 

solutions thus obtained. Global heuristic search techniques such as evolutionary algorithms 

(EAs), meanwhile, are able to incorporate complex simulation models directly and are 

becoming popular methods in watershed management [11]. Furthermore, EAs appear to be 

ideally suited for generating alternatives as they function with a population of solutions. 

While there has been significant success in applying EAs to single and multi-objective 

optimization problems, relatively little research in the area of applying EAs to aid in 

alternative generation have been reported.  

 

This paper describes a new method for generating alternatives with EAs, the Niched 

Cooperative Coevolutionary Algorithm (NC2A). After briefly discussing existing techniques 

for generating alternatives, the new algorithm is described. Results are then presented for two 

test problems. A realistic illustrative problem in watershed management is then described. 

Finally, alternative solutions found via the application of NC2A for this problem are 

evaluated with respect to their decision attributes and several un-modeled objectives. 
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2.0 Procedures for Generating Alternatives 
As described in [4], modeling to generate alternatives can be represented mathematically as 

follows for a problem where ψ is the objective to be optimized: 

Minimize        Ψ = f(X) (1) 

Subject to      gi(X) ≤ bi ∀ i = 1, 2, …, m (2) 

 

where f(X) is the modeled objective function, gi(X) is a vector of constraints, X={xj; 

j=1,…,n} is the vector of n decision variables, and m is the number of constraints. Solving 

this formulation identifies the optimal solution X* with an objective function value of ψ*. ψ* 

is not the solution, however, to the “real” problem if additional objectives that are unmodeled 

exist. To find a single alternative solution that is maximally different from the optimal 

solution X* in the decision space but not too far away from ψ* in objective space, a new 

mathematical programming model is formulated as follows.  This updated model maximizes 

a difference function, D, between the alternative and the original optimal solution X*: 

Maximize        D = Σj=1, n | xj – xj
*| (3) 

Subject to        gi(X) ≤ bi ∀ i = 1, 2, …, m (4) 

                         h(X) ≤ T(ψ*)  (5) 

where T is a user-specified target that is a function of the original objective function value, 

ψ*. Eq. 5 ensures that the new solution is relatively close to ψ* in objective space and is a 

“good” solution to the original problem. The magnitude of T(ψ*) represents the degree of 

relaxation from the optimal solution.  For example, if $1.0 million is the optimal cost to an 

optimization problem where cost is being minimized, then the target might be set at $1.1 

million, representing a 10 percent relaxation.  

 

Additional alternative solutions may be found in an iterative manner by modifying the 

difference function, D, to include the decision variables associated with all solutions 

previously found. This process could be repeated until a sufficient number of alternatives are 
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generated or until no additional different solutions can be found. Mathematical programming 

techniques for generating alternatives in this iterative manner are presented in [5], [8] and 

[12].  

2.1 EA-Based Techniques for Generating Alternatives 
While generating alternatives via the iterative process described above using an EA-based 

solution approach is feasible [13], the computational demand for repeated solution of an EA 

could become prohibitively burdensome. Alternatively, the population-based heuristic search 

properties of an EA can be appropriately exploited to guide the population to converge to the 

optimal solution as well as to a set of alternative solutions concurrently in a single 

application of the algorithm. A procedure using a niching operator through fitness sharing in 

decision space to generate a number of alternatives was reported by Loughlin et al. [6]. By 

adjusting the sharing distance parameter or the niche count, the niche size and therefore, the 

number of niches (or alternative solutions) can be controlled. Although this requires setting 

of additional parameter values, multiple solutions can be represented in the population and a 

set of good alternative solutions can be identified simultaneously. The search process is not 

designed, however, to ensure that the alternative solutions are as different in decision space 

as possible. To overcome this shortcoming, Loughlin et al. [6] suggested a post-screening 

step to select among the different niches a handful of alternatives that are maximally different 

as indicated by some difference metric. 

 

Loughlin et al. [6]  also presented the Genetic Algorithm for Modeling to Generate 

Alternatives (GAMGA) procedure that uses specialized niching operators to guide the search 

such that the population converges to a set of good and maximally different alternatives. 

Within each generation, the best solution in the population is identified, as well as a set of 

solutions whose fitness values are within a predefined target percentage (i.e., Eq. 5) of that of 

the current best solution. This candidate pool of alternative solutions is processed to 

determine a handful of solutions that are most different in decision space from the current 

best solution as well as from each other. To ensure the survival of these good alternative 

solutions, their fitness values are appropriately boosted and subpopulations of solutions are 

promoted to evolve around these alternative solutions.  Along with the standard EA operators 
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(e.g., selection, crossover, mutation), restrictive mating is imposed to maintain stable 

subpopulations. An apparent shortcoming of this approach is that the selection pressure to 

force the alternative solutions to be maximally different from one another is relatively weak. 

This is a significant challenge for an EA-based algorithm that relies on a single population 

since the selection pressure to find the optimum attempts to converge the population to one 

solution while the selection pressure to find alternatives counters it. The use of multiple 

cooperatively evolving subpopulations overcomes this problem as illustrated by the 

Evolutionary Algorithm to Generate Alternatives (EAGA) [14]. 

 

EAGA is a multi-population approach where one subpopulation searches for the optimal 

solution to the original problem while the remaining subpopulations search for good, but 

maximally different alternatives [14]. The selection pressure directs each subpopulation to 

converge to its own unique region of the feasible decision space. The best solution found at 

each generation in the first subpopulation serves as a benchmark for evaluating the relaxation 

constraint (Eq. 5) when evaluating solutions in the other subpopulations. At each generation, 

the centroid in decision space of each subpopulation is used to evaluate a distance metric. 

Standard operators such as selection, crossover and mutation are applied to evolve each 

subpopulation.  While the fitness of solutions in the first subpopulation is based on the 

original modeled objective and constraint functions (Eqs.1-2), the fitness of solutions in the 

other subpopulations is based on the distance metric and the relaxation constraint Eq. 5. 

During the bulk of its execution time, EAGA functions as multiple parallel EAs and can be 

implemented by extending an existing EA-based search procedure structured to solve the 

desired optimization problem through incorporation of the multiple subpopulations and 

EAGA-specific operators described above. Building upon a similar algorithmic structure, the 

following Section describes a new approach for generating alternatives within any existing 

EA framework. 

3.0 Niched Cooperative Coevolutionary Algorithm 
The Niched Cooperative Coevolutionary Algorithm (NC2A) is structured upon multiple 

subpopulations, each of which evolves to find a good solution in a unique niche. The first 

subpopulation searches for the optimal solution to the original problem while the others 
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search for near-optimal solutions that are maximally different from the optimal and one 

another in decision space. The fitness of solutions in the first subpopulation is defined as a 

function of how well they perform relative to the original optimization problem (Eqs. 1-2). 

The fitness of solutions in the other subpopulations is defined as a function of how they 

perform with respect to the original optimization problem as well as the distance in the 

decision space from solutions in the other subpopulations. The latter is evaluated using a 

collective distance metric associated with sets of solutions formed by randomly sampling 

from each subpopulation. For example, in Fig. 2.1, the solutions in Set 1 are collectively 

more different from each other than those in Set 2, and therefore solutions in Set 1 are 

considered “fitter” with respect to difference in the decision space.  A large number of sets of 

solutions are put through such pair-wise comparisons, and the solutions in each winning set 

have their counters incremented. Thus, the more frequently a solution appears in winning sets 

of solutions, the greater the count of that solution, indicating relatively more difference in the 

decision space.  An overall flowchart of the algorithm is presented in Fig. 2.2, and the details 

of the key steps and their implementation are described below.   

Figure 2.1 . Comparison of two sets of solutions in decision space for a two-dimensional example.  
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Figure 2.2 . NC2A flowchart. 
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3.1 Initialization of Population  
To initialize the algorithm, subpopulation p (=1,…,P), where P is the total number of 

subpopulations, is randomly created with a population size of Np. P is a user-specified 

number of candidate alternative solutions to be found. While Np could be different for each 

subpopulation, all subpopulations are assumed to be of the same population size Np = N. All 

solutions in every subpopulation are first evaluated with respect to the modeled objectives 

and constraints of the original mathematical programming model to identify the “elite” 

solution, which is, by design, the solution with the best fitness, Fj, in subpopulation 1. The 

objective function value of the elite solution is used to define the relaxation constraint (Eq. 

5).  All solutions in the other subpopulations (i.e., p = 2,…P) are then evaluated for 

feasibility with respect to the relaxation constraint, and a Boolean “tolerance flag” (τj) is 

accordingly set to true or false for each solution j.    

3.2 Estimation of Difference Metric 
The fitness of each solution in all but the first subpopulation is dependent on how different in 

decision space it is with respect to other solutions. To assess this, a solution is selected 

randomly from each subpopulation to form a set of P solutions. This is repeated until each 

solution is placed in ν sets, where ν is typically larger than the size of the subpopulations (N).    

For each set (s) of solutions, a collective difference metric (Ds) is then defined based on the 

distances in decision space among all unique pairs of solutions in that set as:  

Ds = Min {Djk; ; j = 1, 2, …, P; k  = j+1, …, P} (6) 

 

where Djk (=Dkj) is the distance between a pair of solutions j and k in set s, and Djk is: 

 

 

 

where xi
j is the decision variable i of solution j, and xi

k is decision variable i of solution k. 

 

The number of sets of solutions formed, i.e., ν, can significantly affect the performance of 

the algorithm. A sufficient number of sets must be formed to identify feasible and different 

Djk = ( Σ i=1, n (xi
j – xi

k)2 )1/2 (7) 
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solutions in each subpopulation. The maximum possible number of unique sets formed is 

equal to NP. While the formation of numerous sets is not computationally burdensome, 

limiting the number of sets formed to the minimum necessary is of practical importance. The 

required number of samples (i.e., sets formed) can be estimated, however, for maintaining, 

with a specified level of confidence, the average difference (i.e., mean of Ds) across all sets 

formed to be within a small percentage of the true population average.  Since the means of 

samples are calculated from multiple subpopulations, a normal distribution can be assumed 

based on the Central Limit Theorem. The required sample size ν* for a specified level of 

confidence can therefore be specified as: 

ν *= d⋅ (1 − d)⋅ (Z/q)2 (8) 

 

where d is the estimated solution set mean difference metric, Z is the Z-statistic for the 

desired level of confidence (i.e., Z=1.96 for 95 percent confidence) and q is the half-width of 

the desired interval (i.e., for ± 5 percent, q=0.05*d). 

 

Given that initially there is no information regarding the estimated solution mean difference 

metric, a small number of sets (i.e., a small value for ν) are created and the associated 

average difference metric, Ds, is calculated. Using Eq. 8, an estimate of the number of sets is 

obtained, and correspondingly additional sets are created.  As more sets are created, the 

population average of Ds and the associated value of ν* are updated iteratively, until ν 

approaches ν*.  Consequently, the number of sets formed is significantly less than the 

maximum value NP. 

3.3 Comparison of Sets of Solutions  
Based on the difference metric defined above, the sets are compared pair wise, analogous to a 

binary tournament, to determine the winning set, i.e., the one with the larger value of the 

difference metric.  In the case of a tie, both sets are declared as winners.  When two sets 

contained the same solution, they were not compared with each other.  For each solution j in 

the winning set, a counter (Cj) is incremented to tally the number of wins. The value of this 

counter C represents a surrogate that indicates how different a solution is from others in the 
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decision space, and is later used in selecting the mating population in all but the first 

subpopulation.   

3.4 Implementation of Operators  
An elitism operator is designed to preserve the best solution in each subpopulation between 

generations. An “elite set” of size P is formed using the best solution from each 

subpopulation. The elite solution in subpopulation 1 is the best solution to the original 

optimization problem.  In subpopulation p∈{2,…P}, the elite solution is the maximally 

different alternative solution, which is determined by iterating over all feasible solutions in 

that subpopulation.  The feasible solution that contributes the most to the distance metric of 

the elite set is added to the elite set. When there are no feasible solutions in a given 

subpopulation, the solution with the highest fitness is selected as the elite solution, thus 

encouraging that subpopulation to find feasible solutions. 

 

A standard binary tournament selection is applied in subpopulation 1 where Fj for solution j 

defines how well a solution performs with respect to the original optimization model (i.e., 

Eqs. 1 and 2).  Selection in subpopulation p (p � 1) is based on not only whether a solution j 

meets the relaxation constraint Eq. 5, but also how different it is in decision space from other 

solutions based on the value of Cj.  A rank-based selection scheme is used where only the 

rank ordering of the individuals within a subpopulation determines its probability of selection 

[15]. The subpopulation is first divided into two subsets, one consisting of the feasible 

solutions (i.e., τj = true) and another of infeasible solutions (i.e., τj = false). The objective 

function values play no role in the sorting of the feasible solutions. The feasible subset is 

sorted, in descending order, based on the values of Cj, and the infeasible subset is sorted, in 

descending order, based on the values of Fj (j = 1,…N). The sorted infeasible subset is then 

appended to the sorted feasible subset. Linear ranking was used so that higher ranked 

solutions have higher probabilities of selection than lower ranked solutions and the best (and 

worst) solutions always have the same probability of being selected across generations [15].  

 

Uniform crossover and flip mutation for binary encoded decision variables, and random 

mutation for real encoded decision variables are applied to each subpopulation, treating each 
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as an independent population. The counter Cj for solution j in all newly formed 

subpopulations is reset to zero. Any standard stopping criterion, e.g., a maximum number of 

total generations or consecutive generations without improvement, is enforced for each 

subpopulation.  The following Section illustrates the application of NC2A using a pair of test 

problems identified by [14]. 

4.0 Illustrative Test Problems and Results 

4.1 One-Dimensional Test Problem  
The first test problem maximizes a one-dimensional, sinusoidal function with five peaks as 

shown in Fig. 2.3 and is defined mathematically as: 

Maximize    F(x) = (0.5(x-0.55)2 + 0.9)sin6(5x) (9) 

Subject to    0 ≤ x ≤ 1 (10) 

 

The optimal solution (point A in Fig. 2.3) to this problem is at x = 0.1 with an associated 

function value of 1.001.  The two maximally different alternative solutions (point B at x = 

0.51 and point C at x = 0.92 in Fig. 2.3) are within an 80% relaxation of the optimal.  NC2A 

was applied with three subpopulations, each conducting a real-valued genetic algorithm-

based search, to find the optimal and the two maximally different alternative solutions.  The 

algorithmic parameter settings are given in Table 2.1.  Multiple random trials were 

conducted, and a representative set of results shown in Fig. 2.3 include the final population 

from the three subpopulations.  The optimal solution, point A, was found in every instance, 

while there was some scatter around points B and C. 
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Figure 2.3 . Representative results obtained using NC2A for the one variable test function.  

 

Table 2.1. The Parameter Settings for the Test Problems  

Parameter Setting 

Subpopulation Size 

Number of Generations 

Crossover Rate 

Mutation Rate 

Stopping Criterion 

100 

100 

0.6 

0.01 

100 generations 

4.2 Two-Dimensional Test Problem 
The second test problem seeks to maximize the following two-variable multi-modal problem: 

Maximize   F(x,y) = sin(19πx) + x/1.7 + sin(19πy) + y/1.7 + 2.0 (11) 

Subject to   0 ≤ x ≤ 1 (12) 

                   0 ≤ y ≤ 1 (13) 

 

Fig. 2.4 illustrates the objective space for this problem. The maximum value of this function 

is located at point A (0.97, 0.97) with a value of 5.15. Fig. 2.5 illustrates the associated 

feasible decision space corresponding to an 89.25% relaxation from the optimal, i.e., F(x,y) > 
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4.60).  The three maximally different alternative solutions are located at points B, C, and D 

(Fig. 2.5).  NC2A was applied to this problem with four subpopulations, and the algorithmic 

parameters are specified in Table 2.1.  Fig. 2.6 illustrates the convergence of the four 

subpopulations during the search process for a representative random trial.  

Figure 2.4 . Objective landscape and the decision space for the two-variable test problem. 

A 
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Figure 2.5 . The feasible set, the optimal solution (point A) and three maximally different alternative solutions 

(points B, C and D) for the two-variable test problem with a 89.25% relaxation target.   
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Figure 2.6 . Progression of the four subpopulations over 100 generations of NC2A for the two-variable test 

problem.  

 

NC2A results, based on 100 random trials, for the two-variable test problem are compared 

(Fig. 2.7) with those reported by [14]. This figure shows the mean difference across the four 

alternative solutions found by a niching (with post-screening) approach, GAMGA, EAGA, 

and NC2A. A higher mean difference measure indicates a better performance. NC2A 

performs comparably well with respect to finding more different alternative solutions, and 

exhibits good robust behavior as evidenced by the narrower standard error bars. 
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Figure 2.7  Comparison of mean difference for 100 different random seeds for the GA with sharing (for four 

different values of sigma share), GAMGA, EAGA, and the NC2A all applied to the 2-Dimensional problem. 

Error bars represent one standard deviation to either side of the mean. 

5.0 An Illustrative Watershed Management Example 
Use of optimization procedures to find efficient integrated watershed management strategies 

is getting increasingly more attention [1, 16]. An example watershed management problem is 

used in this paper to demonstrate the application of NC2A. The goal of this problem is to 

design a cost-effective system of pipes and dry detention ponds to convey runoff generated 

by a design storm event while maintaining a specified surplus conveyance capacity for a 

proposed development site. Consideration is also given to the effect of low impact 

development (LID) on the size of the required facilities.  

 

The example watershed used in the problem is based on the tutorial model provided with 

EPA’s newly redeveloped Storm Water Management Model (SWMM) Version 5 [17]. 
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SWMM is a commonly used design tool for urban drainage systems due to its ability to both 

simulate storm water runoff (hydrology) and predict time-varying flows, velocities, and 

stages throughout a given drainage network (hydraulics). This example illustrates the 

generation of storm water runoff from multiple subwatersheds for a single design event (i.e., 

2.05 inches in 6-hours in this example) and the associated routing through a simple drainage 

network including storage elements to represent detention ponds as BMPs. A 24-hour 

continuous simulation is used to evaluate the solutions. 

 

The example watershed includes eight subwatersheds (labeled A through H) with a total 

drainage area of 71 acres (Fig. 2.8). Dry detention ponds are modeled as SWMM storage 

nodes located in the subwatershed, each with a four-inch-diameter orifice-type outlet. It is 

impractical to construct dry detention facilities in small watersheds as the outlets are 

necessarily small to attenuate peak flows and are prone to clogging.  Therefore, dry detention 

was allowed only in those five subwatersheds (i.e., A, B, E, F, and H) whose drainage areas 

were greater than or equal to 10 acres. Subwatersheds A-E exhibit 50 percent 

imperviousness, while subwatersheds F-H are 10 percent impervious. The SWMM model 

includes 14 circular pipes, and drains to pipe 9 (Fig. 2.8). The network layout and invert 

elevations of all model nodes (i.e., manholes) were assumed to be fixed, thus the slope and 

length of a given pipe remains constant.  
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Figure 2.8 . The SWMM 5.0 Model used for the demonstrative case study that simulated a drainage network 

design problem for a 71-acre development. 

 

In addition to evaluating decisions associated with the pipe diameters as well as the location 

and size of the dry detention facilities, the amount and location of low impact development 

(LID) is allowed to vary in this illustrative case study. In practice, LID relies on a suite of 

various management practices in the watershed that function together to mitigate runoff 

volumes and peak flows. Examples of LID practices include bioretention, dry wells, filter or 

buffer strips, grassed swales, rain barrels, cisterns, and infiltration trenches [18]. These 

practices have the effect of increasing the initial abstraction of the watershed, thus altering 

the hydrology of the watershed. In this case, LID was simulated implicitly in SWMM using 

the pervious and impervious depression storage lumped model parameters to represent a 

combination of unspecified LID practices in the watershed. 

 

A mathematical formulation of the watershed management problem as defined below (Eqs. 

14-23) is designed to identify the least-cost combination of pipe diameters, dry detention 

pond locations and sizes, and LID allocations in each subwatershed. The model is solved to 

identify the least-cost combination of improvements to meet the various performance criteria. 
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Minimize Fj = Ói=1,Nponds Cd(zi, SAi)*yi + Ój=1,Npipes Cp(Dj, Lj) + Pflow + Pdepth (14) 

Subject to: 

                  Dj ∈ {12, 15, 18, 21, 24, 27, 30, 33} ∀j = 1, 2, …, Npipes 

 

(15) 

                  Qj ≤ 0.5 ∀j = 1, 2, …, Npipes (16) 

                  yi ∈ {0,1} ∀i = 1, 2, …, Nponds (17) 

                  0.005*DAi ≤ SAi ≤ 0.025*DAi ∀i = 1, 2, …, Nponds (18) 

                  zi ≤ 6.0 ∀i = 1, 2, …, Nponds (19) 

                  0.05 ≤ SIk ≤ 0.5 ∀k = 1, 2, …, Nsubwatersheds (20) 

                  0.05 ≤ SPk ≤ 0.5 ∀k = 1, 2, …, Nsubwatersheds (21) 

                  {Ók=1, Nsubwatersheds DAk*[ (SIk*PIk) + SPk*(1 - PIk)]}/Atotal  ≤ Stot (22) 

                  ε < 0.05 (23) 

 

where Nponds is the number of potential pond locations (5 in this example), Cd is the cost 

function for the dry detention ponds, zi is the peak depth (feet) in dry detention pond i 

calculated by SWMM from routing the design storm through the pond, SAi is a decision 

variable representing the surface area of dry detention pond i, yi is a binary decision variable 

indicating whether or not pond i is to be constructed, Npipes is the number of pipes to be sized 

(14 in this example), Cp is the cost function for the reinforced concrete pipe (RCP), Dj is a 

decision variable indicating the selected diameter of pipe j (inches), Lj is the length of pipe j 

(feet), which is fixed for a given drainage network, Pflow is a penalty function for violating the 

pipe capacity constraint, Pdepth is a penalty function for violating the maximum pond depth 

constraint, Qj is the percent of full capacity flow utilized in pipe j as calculated by SWMM, 

DAi is the drainage area of the watershed upstream of dry detention pond i, SIk is a decision 

variable indicated the amount of LID storage to be added to the impervious area of 
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subwatershed k, SPk is a decision variable indicating the amount of LID storage to be added 

to the pervious area of subwatershed k, Stot is a user-defined parameter representing the total 

amount of storage allowed in the watershed representative of LID (inches) (0.25-inches in 

this example), PIk is the percent impervious of watershed k, Nsubwatersheds is the number of 

model subwatersheds for which LID is being considered (8 in this example), and ε is the 

continuity error of flow volume in the SWMM model simulation (dimensionless). 

 

The objective function (Eq. 14) seeks to minimize the construction cost of the pipes and dry 

detention facilities. In this study, the cost functions for pipes and dry detention are based on 

those provided by [19]. The cost of a dry detention pond is a function of its volume, which is 

calculated by multiplying the surface area decision variable by the observed maximum depth 

in the given pond during routing of the design storm.  The hydrologic routing was simulated 

in SWMM. The total cost of the pipes is a function of their selected diameter and length. 

Cost of LID was not considered in this illustrative case study. 

 

The constraint given by Eq. 15 ensures that the selected pipe diameter is one of the pre-

determined eight standard sizes. This constraint is captured implicitly via appropriate 

encoding of the decision variable in the EA. Each pipe size was represented by a binary array 

of length three, allowing the coding of 23 different pipe sizes. For example, a pipe diameter 

coded as 000 corresponds to the smallest diameter pipe available (i.e., 12-inches), and 111 

corresponds to the largest size (i.e., 33-inches). For the 14 pipes in the network, there is a 

maximum of 148 different alternative pipe configurations.  

 

The constraint given by Eq. 16 ensures that pipes flow less than 50 percent full during peak 

flow conditions for this design event, thus reserving 50 percent of the given pipe’s capacity 

for larger storms. This constraint requires SWMM to be executed to be evaluated. Solutions 

that violate this constraint have a penalty function, Pflow, added to their fitness, Fj, for solution 

j. 

Pflow = Ój=1,Npipes [ (Qj/0.5) – 1.0 ] (24) 
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Eq. 17 indicates that yi is a binary decision variable associated with the potential locations for 

dry detention. A value of 1 indicates that the specified pond location is active, a value of 0 

indicates otherwise. The constraint given by Eq. 18 ensures that the surface areas of the dry 

detention ponds size are between 0.5 and 2.5 percent of their respective drainage areas. The 

size and location of wet detention is coded using two different variables. The decision 

whether to locate a pond at one of the five alternative sites, corresponding to pond locations 

A, B, E, F, and H, is coded as a binary string of length 5. The surface area of each pond is 

coded as a real decision variable that varies within the range specified by Eq. 14. Therefore 

the total length of the string representing the decisions to locate dry detention ponds is 10 

(five binary and five real values). The constraint given represented by Eq. 15 ensures that the 

maximum depth of a dry detention pond does not exceed 6.0-feet during peak flow 

conditions. Depths greater than this specified limit in dry detention facilities are considered 

unsafe. The depth of each detention facility is estimated based on the simulation using 

SWMM, and solutions that violate this constraint have the following penalty function, Pdepth, 

added to their fitness, Fj: 

Pdepth = Ói=1,Nponds [ (zi – 6.0)/(zmax – 6.0) ]  (25) 

 

where zmax=10.0 ft, is the maximum possible depth in each pond in this implementation. 

 

The constraints given by Eqs. 20 and 21 ensure that the amount of added LID storage on the 

pervious and impervious portions of the subwatershed, respectively, are greater than the 

default initial value (i.e., 0.05 inches), and less than a specified maximum amount (i.e., 0.5 

inches). The amount of impervious and pervious LID to implement in a given subwatershed 

was coded as a string of 16 real variables (i.e., eight pervious and eight impervious) whose 

values varied within the specified range. The constraint given by Eq. 22 ensures that the total 

amount of watershed-wide LID storage does not exceed the specified amount, Stot. This 

constraint was incorporated into the EA via a repair operator, where any solution that 

violated this constraint had its decision variables adjusted proportionally such that this 

constraint was met. In this illustrative case study, Stot was set to 0.25-inches, which 

represents 0.2-inches of additional storage associated with various unspecified LID practices 
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in the watershed. Increasing LID storage has the effect of reducing the amount of detention 

storage and/or pipe capacity required without incurring any cost impacts. Solutions to the 

mathematical programming model, therefore, are anticipated to force this constraint to be 

binding for all alternatives. The amount of LID implemented, however, at the subwatershed 

level will be allowed to vary across subwatersheds and across alternative implementation 

plans. Limited LID resources therefore may be allocated to subwatersheds where they will 

provide the greatest benefit.  

 

Numerical stability of the computations is an issue in dynamic simulation models. Eq. 23 

ensures that model simulations that are numerically unstable (and thus inaccurate) are not 

included in the final set of alternatives if the model continuity errors exceed 5 percent. 

Solutions that violate this constraint have the following penalty function, Pstability, added to 

their fitness Fj: 

Pstability = ε - 5.0 (26) 

 

When designing a drainage network, it is important to examine its behavior under different 

design storms. NC2A could be applied repeatedly with different rain events and performance 

criteria to develop a continuum of tradeoff information. Such information could be used to 

identify a network that performed well across a spectrum of design storm events. 

Alternatively, a continuous simulation with historical rainfall data for the given site could be 

used to evaluate the network. A continuous simulation would result, however, in a significant 

increase in computational burden. The analysis performed here for illustrative purposes 

considers only a single design storm event. 

5.1 Unmodeled Objectives 
In addition to the issues represented in the model (Eqs. 14-26), the following two un-modeled 

objectives were considered when comparing the alternative solutions: system reliability and 

easement area impacts.  
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When comparing similarly expensive storm water drainage networks, a reliable drainage 

network with a lower probability (and therefore expected cost) of damage due to flooding is 

more desirable. In this illustrative example, a network design is considered more reliable than 

another if the probability of exceeding the specified pipe capacity limits is reduced under 

conditions of uncertainty corresponding to a number of SWMM model parameters. Table 2.2 

summarizes the uncertain parameters and their assumed characteristics. The default value 

listed was that used to when generating the alternative solutions.  A uniform distribution was 

assumed for the uncertain parameters and Latin Hypercube sampling was conducted to 

propagate uncertainty across the SWMM model for 100 realizations.  For each realization, 

the associated probability of exceeding the pipe capacity limit associated with a specific 

drainage network design was noted.  Then overall system reliability of that network design 

was calculated.  

 

Table 2.2. Assumed characteristics of the uncertain SWMM parameters. 

SWMM Model 

Parameter 
Description 

Default 

Value 

Range for 

Uniform 

Distribution  

Roughness 

 

Manning’s n roughness coefficient for pipes 

(dimensionless) 

0.013 0.011 – 0.013 

N-Imperv 

 

Manning’s n for overland flow over impervious areas of 

the watershed (dimensionless) 

0.012 0.011 – 0.013 

N-Perv Manning’s n for overland flow over pervious areas of the 

watershed (dimensionless) 

0.07 0.06 – 0.08 

Max. Infil. Rate Maximum infiltration rate on the Horton curve (in/hr) 3.0 2.0 – 4.0 

 

Another unmodeled objective is that associated with the impact of the proposed 

improvements in the drainage network and the dry detention ponds on the amount of land 

available for development.  Utility easement areas are required for all storm water drainage 

improvements, providing a right-of-entry to the public agency responsible for the long-term 

maintenance of the facilities. No structures may be built within these easement areas, 

although other utilities such as water, sewer, sidewalks, and roads may encroach on these 

utility easements under certain circumstances. These easements are for construction and 



 26

maintenance access during the design-life of the drainage network (e.g., to clear obstructions 

from pipes, to mow dry detention facilities, etc.). For this illustrative case study, the amount 

of easement required for dry detention is assumed to be equal to 105 percent of the surface 

area of the dry detention facility. The width of the easement required for the pipe network 

was assumed to vary as a function of pipe diameter as larger diameter pipes would require 

bigger equipment to construct and maintain (Table 2.3). 

 

Table 2.3. Assumed easement widths for the sewer pipes. 

Pipe Diameter 
(inches) 

Easement Width 
(feet) 

12 
15 
18 
21 
24 
27 
30 
33 
36 

15 
15 
20 
20 
25 
25 
25 
25 
25 

 

Although it is possible to incorporate system reliability and developable land impacts into the 

mathematical model (e.g., as an added objective and/or chance constraint), they are treated as 

unmodeled issues for illustrative purposes.  

6.0 Application of NC2A to the Watershed Management Example 
To identify the least-cost and three alternative solutions for the watershed management 

problem, NC2A with four subpopulations was applied. Section 6.0 described the decision 

variable encoding in the EA framework. Difference between two solutions, l and m, in a set 

of alternatives is calculated as follows: 

Dlm = {Ói=1,Nponds {[(SAi
l⋅yi

l) - (SAi
m⋅yi

m)]/(0.02⋅DAi)}
2.0 +  

            Ók=1,Nsubwatersheds{ [(SIk
l - SIk

m) + (SPk
l - SPk

m)]/0.45}2.0}0.5 
(27) 

The pond surface area, represented by a real variable, is multiplied by the binary variable 

representing the active pond location prior to calculating a difference between two solutions. 

This difference is normalized by the maximum pond surface area prior to adding it to the 

difference associated with the LID decision variables. The LID decision variable differences 
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are normalized by the maximum feasible difference, which is 0.45 inches, prior to adding to 

Dlm. The overall difference for a given set, Ds, is calculated as given by Eq. 6. 

 

The cost of the three alternative solutions was constrained to be no more than 20% over the 

lowest cost.  The distance between two solutions was represented based on the differences in 

the values of the decision variables associated with the size and location of each dry 

detention pond and the amount of LID storage in each subwatershed.  NC2A parameter 

settings for this problem are shown in Table 2.4. Selection probability indicates the 

probability that the higher fitness solution is selected to enter the mating population during 

binary tournament selection. A maximum number of generations of 100 was used as the 

stopping criterion for each subpopulation. 

 

Table 2.4. NC2A Parameter Settings for the Illustrative Case Study Problem. 

Parameter Setting 

Number of Subpopulations 

Subpopulation Size 

Number of Generations 

Selection Probability 

Crossover Rate 

Mutation Rate 

Relaxation Target 

4 

100 

100 

0.9 

0.75 

0.0075 

1.2 

 

The watershed management problem is complex with 40 decision variables corresponding to 

a large decision space that is difficult to search. The problem was solved via NC2A for seven 

random trials. The average cost of all least-cost solutions obtained via the seven different 

random seeds was $175,000, with a standard deviation of $10,700 (or 6 percent of the 

average cost). This observation suggests that further tuning of the GA parameters, including 

larger population sizes and/or more generations, may be warranted to reduce the observed 

sensitivity to the random seed. Figs. 2.9 to 2.11 illustrate a representative set of results. Fig. 

2.9 illustrates the details of the least-cost solution, including the location of the dry detention 

ponds, the amounts of pervious and impervious LID storage in each subwatershed, and the 

pipe sizes. Fig. 2.10 compares these details for the least-cost solution and the three 



 28

alternative solutions found using NC2A. Fig. 2.11 shows the allocations of the pervious and 

impervious LID storage at the subwatershed-level across all four solutions. 

Figure 2.9 . Least-cost solution found via application of NC2A to the watershed management problem. Dry 

detention storage was implemented in subwatershed A only. Conduit width and shade is a function of the final 

diameter. Bar charts indicate the amount of pervious and impervious LID storage implemented in each of the 

subwatersheds. 
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Figure 2.10. Results across all alternatives found via NC2A for the watershed management problem are 

presented for comparison. Filled circles indicate active locations of dry detention for each alternative solution 

and the size indicates relative area of each storage unit. Conduit width and shade in the figure is a function of 

the final diameter. 
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Figure 2.11. Comparison of impervious and pervious LID storage depth allocations in each subwatershed 

across the four alternative solutions. 
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6.1 Comparison of Decision Attributes 
The locations and areas of dry detention storage facilities for these alternatives are given in 

Table 2.5. These results show that in all cases it was cost-effective to locate at least one dry 

detention pond. Across all alternatives, each of the five potential dry detention pond locations 

was selected at least once. In the least-cost alternative, dry detention was selected for 

subwatershed A only, which is upstream of the most conduits, as it is expected to have the 

greatest net effect system-wide on peak flows downstream. Meanwhile, Alternative 1 

selected dry detention in subwatersheds A, B, and H, and dry detention facilities were located 

in subwatersheds A, B and E in Alternative 2.  In Alternative 2, the size of the Pond A is 

significantly (~28 percent) smaller than the size of the same pond in the least-cost alternative, 

and Alternative 1.  Dry detention ponds were most often included in subwatersheds A and B, 

which are located in the headwaters of the watershed. Conversely, the downstream 

subwatersheds E, F, and H were each selected only once. 

 

Table 2.5. Summary of dry detention storage areas (square feet) of the four alternative drainage networks 
generated by NC2A. 

Subwatershed 
Location 

Least-Cost Alternative 1 Alternative 2 Alternative 3 

A 

B 

E 

F 

H 

8,573 

- 

- 

- 

- 

8,290 

10,794 

- 

- 

10,681 

6,053 

10,024 

15,767 

- 

- 

- 

8,751 

- 

10,632 

- 

 

Fig. 2.10 illustrates the pervious and impervious LID allocations by subwatershed across all 

alternatives. While a significant variability in the subwatershed-specific allocation of LID 

(for example, from 0.11 to 0.48 inches of impervious storage in Subwatershed A) among the 

different solutions is observable, all alternatives achieve the target watershed-wide 0.25-inch 

storage, Stot (Eq. 22). Land planners can make use of this information when formulating the 

land use plan associated with the proposed development and locating LID features 

accordingly. 

 



 32

Table 2.6 summarizes, for the four alternative solutions, the pipe diameter, and percent full 

under peak flow conditions. These results show that, in general, the pipe sizes increase in size 

from the upstream to the downstream sections of the drainage network as the flows increase 

toward the downstream watershed outlet. This is a desirable characteristic in the design of 

drainage networks since it avoids hydraulic bottlenecks and the potential for blockages. The 

maximum amount of full flow capacity utilized is 50 percent only in conduits 8 and 16 in the 

least-cost solution and only in conduit 6 in Alternative 3. As only discrete pipe sizes are 

allowed in the design, all pipes are not at the maximum allowable capacity, resulting in 

additional reserve capacity in many of the conduits. 

 

Table 2.6. Summary pipe diameters (inches) and their associated utilization capacities for the four alternative 
drainage networks generated by NC2A. 

Pipe 

ID 
Least-Cost Alternative 1 Alternative 2 Alternative 3 

 Diameter 
(inches) 

Capacity 
Utilization 

Diameter 
(inches) 

Capacity 
Utilization 

Diameter 
(inches) 

Capacity 
Utilization 

Diameter 
(inches) 

Capacity 
Utilization 

Main Trunk: 
1 

6 

7 

8 

15 

16 

10 

9 

12 

18 

24 

24 

30 

30 

30 

30 

20 % 

49 % 

28 % 

50 % 

44 % 

50 % 

45 % 

49 % 

15 

12 

15 

24 

33 

33 

27 

27 

12 % 

44 % 

42 % 

28 % 

26 % 

31 % 

47 % 

48 % 

12 

12 

24 

24 

24 

24 

24 

27 

24 % 

49 % 

12 % 

29 % 

39 % 

49 % 

44 % 

38 % 

18 

18 

21 

27 

30 

30 

30 

30 

40 % 

50 % 

43 % 

37 % 

45 % 

46 % 

41 % 

46 % 

Tributary Storm Drains: 
4 

5 

12 

15 

21 % 

7 % 

30 

12 

2 % 

15 % 

12 

12 

24 % 

14 % 

12 

15 

27 % 

9 % 

11 

12 

13 

27 

15 

30 

8 % 

49 % 

31 % 

15 

18 

27 

39 % 

31 % 

40 % 

24 

24 

18 

12 % 

15 % 

46 % 

24 

21 

30 

12 % 

21 % 

31 % 

14 15 31 % 21 13 % 18 18 % 15 7 % 

 

These results suggest that (1) it is cost-effective to include dry detention along with 

improvements in pipe sizes as well as LID to achieve the stated reserve capacity in the 
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drainage network, and (2) there is flexibility in the design choices to achieve the same goals 

within marginal differences in the total cost. In a real case, such information related to the 

range of choices would be useful, for example, when land planners and permitting agencies 

attempt to make development decisions.  For this example problem, a range of good 

combinations is available for the allocation of subwatershed-specific LID storage, location of 

dry detention facilities, and pipe sizes.    

6.2 Comparison of Alternatives With Respect To The Modeled Objectives  
Table 2.7 summarizes the costs of the four alternative solutions. The pipe cost is more costly 

than the dry detention in each alternative. All alternatives are approximately 11-12%, well 

within the specified 20%, relaxation of the lowest cost. These costs do not represent the 

entire cost of implementation of any of the alternative designs as numerous additional cost 

items (e.g., land, manholes, etc.) must be incorporated. 

 

Table 2.7. Cost components of the four alternatives. 

Item Least Cost Alternative 1 Alternative 2 Alternative 3 
Cost of Pipes: 

Cost of Storage: 

Total Cost: 

Percent of Least Cost: 

$147,800 

$20,900 

$168,700 

$138,500 

$62,500 

$201,000 

119% 

$122,300 

$72,900 

$195,200 

116% 

$153,700 

$37,700 

$191,400 

113% 

 

6.3 Comparison of Results with Respect to Unmodeled Objectives 
Fig. 2.12 compares the probability that the specified pipe capacity constraint would be 

violated when there is uncertainty in a representative set of hydrologic and hydraulic model 

inputs to SWMM.  This information is estimated based on the statistics generated for the 100 

realizations as described in Section 5.1. Results indicate that the least-cost alternative had the 

highest likelihood of failure under these conditions. The overall system reliability for each 

alternative solution is the probability that any single conduit would violate its capacity 

constraint. 
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Figure 2.12. Comparison of the four alternative solutions generated using NC2A with respect to the probability 

that any given conduit violates the specified 50 percent full pipe capacity constraint. 
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solutions found. This observation is further supported by examination of Table 2.6, which 

shows that there are six conduits in the least-cost solution flowing at more than 45 percent 

full, giving little surplus capacity under peak flow conditions. This result should not be 

surprising as the goal of the design optimization model is to minimize the total cost, which is 

best achieved by minimizing pipe sizes. Meanwhile, all three alternatives yield slightly more 

expensive designs, but with more built-in surplus capacity and greater overall reliability. 

 

Examination of Table 2.8 also indicates that the least-cost alternative and alternative 2 have 

the lowest impacts on developable land area, offering potentially useful choices to 

landowners who are concerned about the ultimate value of their property. Furthermore, 

examining these solutions during the decision-making process may provide helpful insight 

into the degree of flexibility in identifying a solution to this problem.  

0%

5%

10%

15%

20%

25%

30%

35%

40%

45%

50%

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Conduit ID

P
ro

b
ab

ili
ty

 5
0%

 C
ap

ac
ity

 U
til

iz
at

io
n

 E
xc

ee
d

ed
Least Cost

Alt. 1

Alt. 2

Alt. 3



 35

 

Table 2.8. Unmodeled objectives for the four alternatives 

Item Least-Cost Alternative 1 Alternative 2 Alternative 3 
System Reliability: 10% 70% 58% 70% 

Total Easement Area (acres): 

Percent of Least Cost: 

2.48 2.90 

117% 

3.06 

123% 

2.79 

113% 

 

7.0 Final Remarks 
A new EA-based approach to generate alternatives has been developed and tested. The new 

NC2A method builds upon existing mathematical programming techniques for generating 

alternatives that are good as well as maximally different in decision space. It is difficult, 

however, for an EA to maintain the selection pressure to find solutions that are maximally 

different from one another as well as to find ‘good’ solutions to the optimization problem. In 

NC2A, this problem is overcome by using multiple subpopulations that are each encouraged 

to evolve to different regions of decision space. This is achieved by introducing new 

specialized operators to measure difference. The difference information is then used in the 

selection of mating populations, thus guiding the subpopulations to different regions (i.e., 

niches) of decision space. Furthermore, the algorithm exploits features of EAs in a 

cooperative coevolutionary framework to overcome the problems associated with forming 

niches in a single population.  A specialized elitism operator queries each subpopulation to 

find the individual feasible solutions that are maximally different overall.   

 

NC2A was applied to two test problems that illustrated the functioning of the algorithm. 

Results indicated that the algorithm is able to find good alternative solutions. The 

performance of the NC2A was consistent over a range of parameter settings and random 

trials. NC2A was shown to perform comparatively well as the other EA-based techniques 

with regards to average difference of alternatives found and robustness (sensitivity to random 

seed). 

 

NC2A was applied to a realistic problem in watershed management. The algorithm found a 

least-cost solution and three ‘good’ alternatives. The alternatives were shown to be different 
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with regards to numerous decision attributes. For this illustrative problem, significant 

flexibility in the location of dry detention and LID was observed among the alternative 

solutions. Furthermore, the alternative solutions were found to behave differently with 

respect to two un-modeled objectives; (1) system reliability, and (2) easement area. These 

solutions, therefore, may be presented to a decision-maker to elicit information regarding 

preferences for the final watershed management implementation plan.  

 

In this example application, MGA has been shown to be of potential utility in aiding 

watershed management decision-making. The tool was able to find a ‘good’ solution to the 

original optimization problem, and to find a number of obviously different alternative 

solutions. NC2A is not restricted, however, to the mathematical model formulated here. 

While the demonstrative model is complex, the problem could be extended to make it more 

realistic by including additional considerations such as: 

 

1. Selection of pipe material – In this example, Manning’s n and pipe cost are based on 

reinforced concrete pipe (RCP) material. Alternative pipe materials (e.g., corrugated 

metal) with different hydraulic characteristics may be less expensive than the RCP 

assumed here. The associated cost functions for the pipe would be required to 

incorporate pipe material selection into the model. Furthermore, the model would 

adjust the corresponding Manning’s n roughness values for each conduit based on the 

decision. 

2. Alternative Best Management Practices (BMP’s) – This example case study 

explored dry detention ponds and Low Impact Development (LID). The problem 

could be extended to incorporate additional storage-type BMPs such as wet detention, 

or underground storage. In addition, the LID modeling approach could be refined to 

consider the effect of LID on imperviousness at the subwatershed level. 

3. Adjustment of slope/invert elevations – Pipe invert elevations, and thus pipe slopes, 

were held fixed in this problem formulation. Topography plays an important role in 

the design of drainage networks that might be explored with a revised mathematical 

programming model. Decision variables associated with manhole inverts and 



 37

associated pipe invert offsets would be required. Constraints would be required to 

ensure that selected pipe diameters met some minimum cover requirements. Cost 

functions would need to be developed to capture the cost associated with varying 

levels of depth of pipes (i.e., deeper pipes would be more expensive). It would also be 

prudent to capture the cost of manholes varying with depth. [20] provides an example 

of incorporating pipe material and pipe slope into the mathematical programming 

model for an application involving the design of a gravity sanitary sewer network. 

4. Additional Cost Considerations – This illustrative case study did not capture all 

costs associated with a comparison of alternative drainage networks. Additional costs 

of importance include the cost of land and operation and maintenance of the facilities. 

Incorporation of these costs into the mathematical programming model formulation is 

expected to yield different, more realistic and useful results than those presented 

herein. 

 

Finally, water quality could be explored, but would require significant modification to the 

model described here. Regardless, a more complex mathematical programming model, with 

more constraints and decision variables will be more difficult for any EA to solve. This will 

have the effect of requiring more model evaluations and longer run times to converge. 

 

The NC2A method is generic and is applicable to a broad array of public sector system 

optimization problems. A benefit of the proposed algorithm is that it may be applied to any 

problem that one may solve with any evolutionary algorithm (EA). NC2A may be added to 

any existing EA-based optimization framework with relatively little effort. Furthermore, no 

additional algorithm-specific parameters beyond the number of alternatives requested and the 

tolerance on the objective function value are necessary when applying NC2A, which 

simplifies tuning to get good performance. Performance of the algorithm is affected, 

however, by the convergence properties of the underlying EA. Poor convergence properties 

will prevent the subpopulations from converging to different regions of the decision space. 

Therefore, an EA properly tuned to solve first the optimization problem formulation is 

required. 
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CHAPTER 3: Hypervolume Maximizing Multiobjective Evolutionary 
Algorithm for Multi-Criteria Optimization 

1.0 Introduction 
Many real-world planning and design problems inherently involve the consideration of 

multiple simultaneous and conflicting objectives. No single solution can be said to be the 

only solution to the problem. In such cases, developing the non-inferior tradeoffs amongst 

the objectives is useful and requires the identification of a set of Pareto-optimal solutions to 

approximate the true Pareto front. Evolutionary algorithms (EAs) are becoming increasingly 

useful in the analysis of complex real-world problems. As EAs work with populations of 

solutions, it is possible to extend single objective EAs to identify the set of Pareto-optimal 

solutions to multiobjective problems. Over the past 10-20 years, a great deal of research has 

been conducted developing EAs capable of solving multiobjective optimization problems 

[21] such that now they are considered the premiere method of identifying Pareto-optimal 

solutions for complex problems [22]. As a result, a wide variety of multiobjective 

evolutionary algorithms (MOEAs) have been reported in the literature and are 

comprehensively reviewed by Deb [23], Coello [24], and Van Veldhizen and Lamont [25]. 

 

This paper presents a new MOEA, the Hypervolume Maximizing Multiobjective 

Evolutionary Algorithm (HM2EA). The following Section describes a variety of other 

existing multiobjective algorithms. This is followed by a description of HM2EA. Multiple 2-

objective test problems with varying degrees of complexity in the search space were solved 

using HM2EA. Results obtained with HM2EA are compared to the true Pareto-front, when 

available. In other cases, the performance metrics of S-factor and/or Spread are used to 

compare the performance of HM2EA with those reported for other MOEAs in the literature. 

The results demonstrate that HM2EA performs well with respect to these test problems. 

2.0 Multiobjective Optimization with Evolutionary Algorithms 
A general multiobjective optimization problem consists of n objective functions, Zi. Each 

vector of decision variables, x, produces n objective function values that corresponds to a 

single point in decision space. If one has identified all feasible solutions to a given problem, 
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Pareto optimal solutions are those that cannot be improved in any objective without an 

associated degradation in at least one other. In a maximization problem, one decision vector, 

a, is said to dominate another, b, if [21]: 

Zi(a) ≥ Zi(b) ∀ i = 1, 2, …, n 

∃ Zj(a) > Zj(b) ∀ j = 1, 2, …, n 

(1) 

 

When neither solution dominates the other they are said to be nondominated or noninferior 

relative to each other [23]. When considering sets of solutions, all decision vectors that are 

not dominated by any other decision vector in a given set are said to be nondominated with 

respect to the given set. These sets of mutually nondominated solutions may be referred to as 

’fronts’. The best set of nondominated solutions (i.e., the set that dominated all others in a 

given population of solutions) is assigned a rank of 1. Disregarding this set (i.e., removing 

this set from the population), the new set of nondominated solutions in the remaining 

population is assigned a rank of 2, and so on. Finally, a is said to cover b if a dominates b or 

the objective vectors are equal to one another.  

 

Various researchers have concluded that elitism plays an important role in MOEAs [21]. 

Elitism preserves the best solutions found so far by an algorithm for a specific problem and 

has been found to both speed up the performance of the MOEA and ensure that good 

solutions are not lost [26]. The Strength Pareto Evolutionary Algorithm (SPEA) uses the 

notion of an archive to store all nondominated solutions found so far by the algorithm [21]. 

Fitness of the solutions in the nondominated set is a function of the number of solutions in 

the combined population that are dominated by that solution. Meanwhile, the fitness of 

dominated solutions in the combined population is proportional to the sum of the fitness’s of 

all the solutions in the nondominated population that dominate the given solution. One is 

added to this sum to guarantee that members of the nondominated population have better 

fitness than those of the dominated population. By combining the archive population with the 

current population at the start of each generation, the archive population participates in 

crossover and mutation. Individuals are selected from the combined population to enter the 

mating pool from both the general population and the archive population via binary 
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tournament selection. If the new nondominated set exceeds the pre-specified size for the 

archive during the formation of the new archive set, solutions are removed from the 

nondominated set via a ‘clustering’ operator in a manner designed to preserve diversity. 

SPEA was improved by its original developer and renamed SPEA2 [27]. Enhancements 

included an improved fitness assignment scheme, a nearest neighbor density estimation 

technique to more precisely guide the search process, and a new archive truncation method 

that preserves the boundary solutions. 

  

The Nondominated Sorting Genetic Algorithm II (NSGA-II) is an elitist MOEA [26] that 

appears to be ascending in popularity for application to real-world problems in public sector 

planning and design. NSGA-II uses a single population to identify the Pareto-front. Fitness is 

based on the degree of dominance within the population. Constraint handling is an important 

element in the design of a MOEA. In NSGA-II [26], the notion of constrained dominance is 

used, where a solution i is said to constrained-dominate solution j if: 

 

1. Solution i is feasible and solution j is not. 

2. Both solutions are infeasible, but solution i has a smaller overall constraint violation. 

3. Both solutions are feasible, but solution i dominates solution j in objective space. 

 

In a constrained nondominated sort, a feasible solution will dominate an infeasible solution, 

regardless of the objective function values. This procedure is generic and can also be used for 

problems with no constraints. 

  

NSGA-II seeks to preserve diversity along the non-dominated front to encourage the finding 

of the entire Pareto-optimal region via a quantitative measure that represents the degree of 

crowding along a given front. For a given solution, its density in objective space is estimated 

as the average distance between the adjacent solutions relative to each of the n objectives. 

This distance is referred to as the crowding distance, and may be thought of as the average 

length of the sides of the cuboid formed by adjacent solutions on the same domination front 

as shown in Fig. 3.1. The boundary solutions in a given front are assigned a crowding 
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distance of infinity. A solution with a smaller value of the crowding distance is considered to 

be residing in a more crowded region of objective space than one with a larger crowding 

distance.  

 

Figure 3.1 . Illustration of the calculation of the crowding distance in NSGA -II. 

 

Elitism is incorporated in NSGA-II through the combination of parent and offspring 

populations prior to selection. The combined population is sorted according to constrained 

non-domination and the best solutions are allowed to survive to the next generation. The 

selection operator is applied as follows: 

 

• If the two solutions selected are of different rank, the solution with the lower rank is 

selected to undergo recombination. 

•  If the two solutions are of the same rank, the solution with the higher crowding 

distance is selected to undergo recombination. 

 

An example application of NSGA-II to a real-world problem in watershed management is 

included in Appendix A [28]. 
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SPEA, SPEA2, NSGA-II and other similar algorithms seek to identify noninferior solutions 

by converging the entire population as closely as possible to the Pareto front in a single pass. 

These algorithms often have difficulty, however, in effectively spreading the solutions to 

cover the entire Pareto front. A MOEA designed to address this limitation is the ε-Constraint 

Method-Based Multiobjective Evolutionary Algorithm (CMEA), which relies on the ε-

Constraint method described in the mathematical programming literature as its basis [29]. As 

in the traditional ε-Constraint method, CMEA converts all of the objectives except one into 

constraints, and solves the single-objective problem in an iterative manner. The constraint 

levels are varied following population convergence of each iteration so that a family of 

noninferior solutions is found. The performance of the algorithm is improved by seeding 

each successive iteration with the final population of the previous iteration, which works well 

for those classes of problems where the adjacent noninferior solutions in objective space map 

to adjacent points in decision space [29]. By adjusting the initial constraint values and 

magnitude of the incremental change in objective space of each constraint, the user can 

control, to a degree, which region of decision space is searched and the number of 

noninferior solutions obtained in a single execution of CMEA. [29] found the algorithm 

provided good coverage and spread for a suite of test problems as compared to both SPEA 

and NSGA-II. 

2.1 Performance Metrics 
The performance of MOEAs is evaluated by comparing appropriate metrics for Pareto 

optimality. For example, the idea of coverage is used to compare the performance of different 

MOEAs on the same problem in the coverage test. The function C(X, Y) calculates the 

percentage of solutions obtained by algorithm Y that are covered by those obtained by 

algorithm X. C(X,Y) does not necessarily equal C(Y, X), therefore, both must be calculated. 

 

The two goals of multiobjective optimization are to find a set of nondominated solutions that 

are (1) as diverse as possible (spread), and (2) are as close as possible to the true Pareto-

optimal front (accuracy) [23].  Diversity refers to the distance between points in objective 

space. One metric for measuring diversity, therefore, is spread. Spread is defined as the 

fraction of the total maximum possible range of a given objective covered by the noninferior 
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set [30]. Spread is calculated for each objective and a larger value of this metric means better 

spread (i.e., more diversity). Spread requires information regarding the true Pareto front to be 

calculated. 

 

Zitzler and Thiele [21] introduced the ‘S-factor’ to indicate the size of the noninferior 

objective space covered as a measure of accuracy. For a two objective problem, each 

noninferior solution found by an algorithm covers an area of objective space defined by the 

points (0,0) and (Z1(x), Z2(x)). The non-overlapping area of all rectangles formed by a set of 

Pareto optimal solutions is a measure of the objective space covered as shown in Fig. 3.2. 

Similarly, for higher dimensional cases, a corresponding hypervolume, µ, can be computed 

to represent the degree of coverage. Fleischer [31] extends this idea in several important 

ways and describes a set function that maps a set of noninferior points to a scalar quantity 

(referred to as a hypervolume metric) and proves that maximization of this metric is a 

sufficient condition for the associated points in objective space to be (1) Pareto optimal, and 

(2) maximally diverse. Fleischer [31] provides an innovative and computationally efficient 

algorithm for calculating this scalar metric. [31] also discusses the potential utility of this 

metric serving as the objective function in a multiobjective Simulated Annealing (SA) 

algorithm. 

 

The new MOEA proposed in this paper uses the hypervolume metric as an aggregate 

measure of fitness when comparing solutions of the same rank during elitism and mating 

selection. The spread of the solutions in the noninferior objective space is also encouraged 

since maximizing the global population-based hypervolume metric implicitly favors more 

spread. The next Section describes the new algorithm. 
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Figure 3.2  A 2-dimensional objective space with a set of four Pareto-optimal solutions, where both Z1 and Z2 

are being maximized, is shown to illustrate the S-factor. The area of objective space covered by the solutions 

(i.e., the shaded area) is a measure of the set’s utility as an approximation of the true Pareto front. In this 

example, the S-factor equals 18. 

3.0 HM2EA Methodology 
A flowchart of the HM2EA algorithm is provided in Fig. 3.3. In existing MOEAs the Sf or 

hypervolume is maximized indirectly through various operators and then evaluated a 

posteriori. The goal of H2MEA is to identify the set of solutions that maximizes the 

population-based aggregate Sf as part of the search. An initial population of size P is 

randomly created. Each solution is evaluated with respect to its objectives and constraints. 

After the first generation, the parent and offspring generations are combined in this step to 

create a total population of size 2P. Next, a constrained nondominated sort is performed to 

determine the rank of each solution in the combined population [26]. In HM2EA, the notion 

of constrained dominance is used [26], where a solution i is said to constrained-dominate 

solution j if: 

1. Solution i is feasible and solution j is not. 

2. Both solutions are infeasible, but solution i has a smaller overall constraint violation. 

3. Both solutions are feasible, but solution i dominates solution j in objective space. 
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Figure 3.3 . Flowchart for HM2EA. 

 

In a constrained nondominated sort, a feasible solution will dominate an infeasible solution, 

regardless of the objective function values. The rank of each solution is noted. The total 
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number of fronts (F) created will vary depending on the characteristics of the population at 

that generation (i.e., many fronts will be found early in the search, while only a handful will 

exist at convergence). Furthermore, the number of solutions in each front, Pf, will also vary. 

As part of this step, each front is stored in its own vector of solutions, such that F vectors are 

created. 

 

The algorithm next iterates across each of the F front vectors independently. In the first 

iteration, the algorithm calculates the hypervolume metric, Sf, of each of the F fronts based 

on the methodology presented by Fleischer [31], which has time complexity of O(Pf
3, n2). 

The algorithm then iterates across the elements in each front vector Pf – 2 times removing 

one of the points in the front at each iteration, i. A new S-factor is calculated with the point 

removed based on the remaining points in the front, and the positive difference between this 

value and the original Sf is calculated as shown in Fig. 3.4. This difference in S-factor, �Sfi, is 

assigned to the solution that was removed from the front vector. This value is representative 

of the hypervolume of the objective space dominated by the inclusion of this point in the 

population. Solutions that are representative of an extreme objective function value have 

their �Sfi value set to positive infinity. Each front vector that contains more than 2 solutions 

is iterated over Pf -1 times. If Pf is of size 1 or 2, then �S fi  is set to positive infinity for each 

point. Meanwhile, duplicate points will have a �Sfi value of 0.  This calculation of �S fi is the 

most computationally burdensome and complex aspect of the algorithm, but is also 

responsible for its powerful search capabilities. The magnitude of �S fi is used by HM2EA to 

identify points that contribute the most to the population’s overall Sf. 
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Figure 3.4 . This figure illustrates the calculation of the ‘�S-factor’ in HM2EA for the same nondominated front 

as shown in Fig. 3.1. Extreme points in the objective space have their ‘�S-factor’ value set to infinity. 

Meanwhile, the crosshatched area represents the area of objective space uniquely dominated by the given point. 

Point (3,4) has a �S-factor value of 2, and (4,3) has a �S-factor value of 1. 

 

An Elitism operator is applied to identify the top P solutions in the combined population to 

enter the mating population. Solutions are selected based on rank, so that all nondominated 

solutions (rank 1) enter the next generation. After all of the rank 1 solutions are added, the 

rank 2 solutions are added, and so on until you have a population size of P. In instances 

where the number of solutions required to fill the population yielding a total size of P is less 

than the size of the next available front (or when the first front contains more than P 

solutions); solutions in that front are selected based on �S fi. In this way, solutions that 

contribute the most to the overall hypervolume metric for that front are the solutions to 

survive, thus encouraging accuracy and spread along each noninferior front. 

 

The algorithm is halted if the stopping criterion is met, such as maximum number of 

generations is exceeded or an observed lack of overall improvement in the estimate of the 
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Pareto front, otherwise the algorithm proceeds. Improvement may be measured by relative 

changes in Sf for the nondominated front.  

 

A standard GA binary tournament selection operator is applied to each subpopulation to find 

the respective mating populations. Selection of the mating population in the new population 

is based on the rank of the solutions being compared, such that the lower rank solution will 

be selected to enter the mating population. In the case of a tie where both solutions have the 

same rank, selection is based on �S fi. Crossover is carried on the mating population found in 

this way (i.e., selected individuals are randomly selected to undergo crossover and mutation). 

HM2EA is designed to be built upon and extend an existing EA framework. The associated 

crossover and mutation operators are the same as that of a standard GA. The crossover and 

mutation operators, therefore, are those that best suit the given problem, independent of 

HM2EA. 

4.0 Testing and Evaluation of HM2EA 
HM2EA has been applied to a number of unconstrained, and constrained test problems with 

different levels of complexity. A binary tournament selection operator, uniform crossover 

operator and a random mutation operator were used for all runs. The probability of crossover 

was set at 1.0, and the mutation rate was set at 0.01 for all runs. There are no new additional 

parameters required by HM2EA as described herein. 

 

Details of two unconstrained test problems, for which the true Pareto front is known, are 

given in Table 3.1 including the number of variables and their bounds. Both problems are 

solved with 25,000 function evaluations (population of size 100 for 250 generations) and 

were real-value encoded. Solving each problem with different random seeds tested the 

robustness of the algorithm. The results for the different random seeds were similar, so that 

results for a representative random seed are shown here. 



 49

Table 3.1. Unconstrained test problems with known Pareto fronts used in the study. The objective functions are 
denoted by Zn(x), 1� l � n, where n denotes the number of objectives and N the number of decision variables. 

N Domain Objective Functions 

Schaffer’s Function [8] (SCH) 

1 [-103:103] 
Minimize Z1(x) = x2 

Minimize Z2(x) = (x – 2)2 

Kursawe’s Modified Function [32] (KUR) 

3 [-5:5]N 
Minimize Z1(x) = ∑ −

=

+⋅− 


− +1

1

2.0( 2
1

2

10
n

i

xx iie  

Minimize Z2(x) = ( )∑ =
+n

i ii xx
1

38.0
)sin(5  

 

The convex, unconstrained 2-objective test problem defined by Schaffer [33] has been solved 

by almost all proposed MOEAs in the literature [34] and was used to evaluate the 

performance of HM2EA. Optimal solutions to this problem are for values of x between 0 and 

2 (inclusive). This problem has only one decision variable and is thought to be relatively 

“easy” to solve [34]. Results for HM2EA, where the entire final population was 

nondominated, and the true Pareto-front are shown in Fig. 3.5. Results for this problem yield 

a spread value of 1.0 for both objectives, as the extreme points in objective space were 

identified via HM2EA. 
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Figure 3.5 . The results for HM2EA applied to Schaffer’s two-objective problem (SCH) [12]. The true Pareto-

front is also shown. 

 

The next test problem considered is the non-convex, unconstrained multiobjective 

optimization test problem attributed to Kursawe [32], which is actually a modified version of 

his original function that is often used to compare the performance of various MOEAs 

(KUR). This problem is more complicated than the Schaffer function [23] and in its current 

version is attributed to Veldhuizen’s thesis, but is referenced in many places in the literature 

[23]. The true Pareto-front is nonconvex and disconnected into four discrete regions as 

shown in Fig. 3.6 [35]. Furthermore, the Pareto front is contrived of points that are also 

disconnected in decision space [23]. The middle of the three curves shown on Fig. 3.6, 

although it is itself continuous is comprised of discontinuous decision variables. The discrete 

nature of the decision space and the objective space may make it difficult for some 

algorithms to find Pareto-optimal solutions in all regions. HM2EA performed admirably as 

shown with the entire population being nondominated. Results for this problem yield a 
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spread value of 1.0 for both objectives, as the extreme points in objective space were 

identified via HM2EA. 

Figure 3.6 . The results for HM2EA applied to the three variable, modified Kursawe’s two-objective problem 

(KUR) [12]. The true Pareto front is also shown. 

 

The next pair of test problems are also unconstrained, but are considered more difficult than 

the previous two. The true Pareto front for these problems is unknown so that the spread 

cannot be calculated. Details of the two functions are provided in Table 3.2. These problems 

were solved with 1,000,000 function evaluations over 30 different random trials and were 

compared with the published results for NSGA-II, PESA, SPEA, and SPEA2 for the same 

problems by [27], available on the original authors’ web page. Comparisons were made at 

100,000, 500,000, and 1,000,000 function evaluations. 
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Table 3.2. Unconstrained test problems with unknown Pareto fronts used in the study. The objective functions 
are denoted by Zn(x), 1� l � n, where n denotes the number of objectives and N the number of decision 
variables. 

N Domain Objective Functions 

Quagliarella and Vicini’s Function [27] (QV) 

100 [-5:5]N 

Minimize Z1(x) = ( )
25.0

1

2 10)2cos(10
1





 +⋅⋅−∑ =

n

i ii xx
n

π  

Minimize Z2(x) = ( ) ( )( ) 25.0

1

2
10)5.12cos(105.1

1




 +−⋅⋅−−∑ =

n

i ii xx
n

π  

 

Kursawe’ Function [27] (KUR2) 

100 [-103:103]N 

Minimize Z1(x) = ( )∑ =
++n

i ii xx
1

38.0
5828.3)(sin5  

Minimize Z2(x) = ∑ −

=

+⋅− 


 − +1

1

2.0 2
1

2

1
n

i

xx iie  

 

The unconstrained concave, continuous test problem attributed to Quagliarella and Vicini 

introduced difficulties to a MOEA due to its multi-modality and its extreme concave Pareto-

optimal front [27]. Furthermore, there is a diminishing density of solutions towards the 

extreme points. A statistical comparison after 30 random trials of results for this problem 

comparing HM2EA to other MOEAs is presented in Figs. 3.7 and 3.8. Fig. 3.7 presents box 

plots comparing the value of the S-factor after the specified number of function evaluations. 

The S-factor was calculated based on the Utopian point being arbitrarily located at (10.0, 

10.0). The central ‘x’ is the median, the top of the box is the upper quartile, and the bottom of 

the box is the lower quartile. For this problem and this metric HM2EA outperforms SPEA 

and PESA at all function evaluation levels. HM2EA performs similarly to NSGA2 and 

SPEA2 at 100,000 function evaluations, but is then outperformed by these two algorithms at 

higher number of function evaluations. Fig. 3.8 presents a similar comparison for the 

coverage function C. Examination of this figure indicates that solutions obtained for this 

problem by HM2EA are never covered by those of any other algorithm at any time during the 

search. In conclusion, HM2EA was able to find solutions to QV closer to the true Pareto-

front than other methods, but without the same degree of spread. 
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Figure 3.7 . Box plots of global S-factor obtained by H2MEA and four other MOEAs after 30 random trials for 

the QV problem. The top chart is results after 100,000 function evaluations, the middle after 500,000, and the 

bottom after 1,000,000 function evaluations. 
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Figure 3.8 . Box plots of statistics for the coverage function after 30 random trials comparing HM2EA to other 

MOEAs for the QV test problem. The top chart is results after 100,000 function evaluations, the middle after 

500,000, and the bottom after 1,000,000 function evaluations. 
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Objective one is multi-modal, and objective two has pair-wise decision variable interactions. 

The true Pareto-front for this problem is not known [27]. Of the four algorithms tested on this 

problem, NSGA-II was found to yield the best results. Representative results for a single trial 

obtained via HM2EA in comparison with representative results of NSGA-II are presented in 

Fig. 3.9 at both 100,000 and 1,000,000 function evaluations. At 100,000 function 

evaluations, HM2EA is much closer to the true Pareto-front. HM2EA has identified 15 

nondominated solutions, while NSGA-II reports a full complement of 100. After 1,000,000 

function evaluations, both methods include 100 nondominated solutions, but the front 

obtained via HM2EA dominates all but 18 of those obtained via NSGA-II (i.e., C( HM2EA, 

NSGA-II) = 0.82). These 18 points are located on the edges of the front obtained via NSGA-

II and is a result of less spread being obtained with HM2EA than NSGA-II. 

 

Figs. 3.10 and 3.11 present summary statistics for HM2EA applied to the 100-decision 

variable version of the Kursawe function (KUR2) in comparison with four other MOEA’s. 

HM2EA outperformed the other algorithms with respect to the S-factor and C function. Fig. 

3.12 illustrates the progress of the algorithm for the KUR2. Two properties of the search are 

being presented with respect to the current generation. The first is the change in the global S-

factor based on the generation’s current nondominated population relative to a baseline value 

of 0 at generation 1. This plot shows that the population has effectively converged to the 

vicinity of the Pareto-front by generation 1,000. Secondly, the graphic shows the total 

number of nondominated solutions in the population over time. This graphic shows that it 

takes slightly longer (generation 1,600) for a full complement of 100 nondominated solutions 

to emerge within the population. 
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Figure 3.9 . Results for both HM2EA and NSGA -II for the KUR2 function are shown.  The top figure is the 

state of the algorithms after 100,000 function evaluations, while the bottom figure is after 1,000,000 function 

evaluations. 
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Figure 3.10. Box plots of global S-factor obtained by HM2EA and four other MOEAs after 30 random trials for 

the KUR2 problem. The top chart is results after 100,000 function evaluations, the middle after 500,000, and the 

bottom after 1,000,000 function evaluations. 
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Figure 3.11. Box plots of statistics for the coverage function after 30 random trials comparing HM2EA to other 

MOEAs for the KUR2 test problem. The top chart is results after 100,000 function evaluations, the middle after 

500,000, and the bottom after 1,000,000 function evaluations. 
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Figure 3.12. Graphic illustrates the progress of HM2EA for a representative trial when applied to the modified 

Kursawe (KUR2) unconstrained 2-objective, 100 decision variable for a total of 1,000,000 function evaluations. 

 

A set of constrained test functions solved by HM2EA are detailed in Table 3.3 including the 

number of variables, their bounds, and constraints. These problems are solved with 25,000 

function evaluations (population of size 100 for 250 generations) and were encoded as real 

variables, except for the Knapsack problem, which was binary encoded. 
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Table 3.3. Constrained test problems used in the study. The objective functions are denoted by Zn(x), 1� l � n, 
where n denotes the number of objectives and N the number of decision variables. 

N Domain Objective Functions Constraints 

Srinivas and Deb [36] (SRN) 

2 [-20:20]N 
Minimize Z1(x)= 2 + (x1 – 2)2 + (x2 – 1)2  

Minimize Z2(x)= 9x1 – (x2  – 1)2 

x1
2 + x2

2 � 225 
x1 + 3x2 + 10 � 0 

Osyczka and Kundu [37] (OSY) 

6 

0 � x1, x2, x6 � 10 

1 � x3, x5 � 5 

0 � x4 � 6 

Minimize Z1(x)= -{25(x1 – 2)2 + (x2 - 2)2 + (x3 – 1)2 + (x4 – 

4)2 + (x5 – 1)2} 

Minimize Z2(x)= x1
2 + x2

2 + x3
2 + x4

2 + x5
2 + x6

2 

 

x1 + x2 � 0 
6 - x1 - x2 � 0 
2 - x2 + x1 � 0 

2 – x1 + 3x2 � 0 
4 – (x3 – 3)2 – x4 � 0 
(x5 – 3)2 + x6 – 4 � 0 

Multiobjective Knapsack Problem [21] (Knapsack) 

750 {0, 1}N 

Maximize Zl(x) = i

n

i il xp ⋅∑ =1 ,     2,1=∀l  

Zl(x) = total profit associated with knapsack l 

pl,i = profit of placing item i in knapsack l 

wl,i = weight of item i in knapsack l 

cl = capacity of knapsack l 

xi = 1 if selected, 0 otherwise 

n = number of available items  

k  = number of knapsacks 

lj

n

j ji cxw ≤⋅∑ =1 ,   

2,1=∀l   

 

The first constrained test problem is that of Srinivas and Deb [36]. This problem is referred 

to as SRN in Table 3.3. SRN is a continuous 2-objective problem. The difficulty that the 

constraints introduce into this problem is that they eliminate part of the unconstrained Pareto-

optimal set. HM2EA conforms to the true Pareto-front well for this problem as shown in Fig. 

3.13. Results indicate high spread values of 0.984 and 0.998 for objectives 1 and 2 

respectively. 
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Figure 3.13. Results for HM2EA applied to the two variable, constrained two-objective problem SRN used by 

[15]. The true Pareto front is also shown. 
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linear, and was first used by Osyczka and Kundu. This problem is referred to as OSY in 

Table 3.3. The optimal results for OSY, provided by the authors, are a concatenation of five 
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considered difficult to solve. HM2EA conforms to the true Pareto-front well for this problem 
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objectives 1 and 2 respectively. However, there are noticeable gaps in the nondominated 

front found. In particular, in the region of Z1 ranging between approximately –50 to –100, 

there is a large gap where no nondominated solutions were found. As the slope of the Pareto-

front in this region is very flat, interior points are expected to contribute very little to the 

overall S-factor, once the two extreme points in the region were found. One way to overcome 
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this problem would be to increase the population size and/or to normalize the objective 

function value prior to the calculation of the �S. 

Figure 3.14. Results for HM2EA applied to the six variable, constrained two-objective problem OSY used by 

[15]. The true Pareto front is also shown. 

 

The extended 0/1 knapsack problem presented by Zitzler and Thiele is a combinatorial 

constrained problem encoded as a binary string, s, of length N [21]. It is an extension of the 

traditional single objective knapsack by incorporating multiple knapsacks that are filled 

according to the single binary decision vector. Performance comparisons of several MOEAs 

solving this problem were presented in Zitzler and Thiele and are used in comparing the 

performance of HM2EA. In solving this problem for this paper, the constraints were handled 

in a manner similar to that of the original authors for this problem via a greedy repair 

operator [21]. If infeasible, the repair operator removes items from s step by step until all 

capacity constraints are met. The order in which the items are removed is based on the 

profit/weight ratio given by the equation: 
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 pi,j = profit of item j in knapsack i 

 wi,j = weight of item j in knapsack i 

 

The items are considered for removal from the knapsack in ascending order of the ratio, qj, 

those achieving the lowest value of this ratio removed first. 

 

[21] solved problems with knapsacks containing 100, 250, 500, and 750 items. HM2EA was 

applied to the two-objective knapsack problem with 750 items with a population size of 250 

(i.e., the same as in the original study). Results are presented in Fig. 3.15. The true Pareto-

front for the 750-item knapsack problem is not known. However, the top of Fig. 3.15 shows 

the estimated Pareto-front for representative seeds for both HM2EA and SPEA. The 

estimated Pareto-front obtained with HM2EA was found to dominate that obtained via SPEA 

for all random seeds evaluated. The S-factor was calculated for both fronts shown in the top 

of Fig. 3.15. The S-factor was normalized based on the larger of the two and yielded 1.0 and 

0.964 for HM2EA and SPEA respectively. The bottom of Fig. 3.15 illustrates the progress of 

HM2EA in solving this extended 0/1 multiobjective knapsack problem. Examination of the 

progress of the global S-Factor and the total number of nondominated solutions indicates that 

HM2EA had yet to converge after 500 generation (125,000 function evaluations). Therefore, 

additional evaluations with HM2EA may be expected to yield improvement in the estimated 

Pareto front. 
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Figure 3.15. The top figure is a comparison of the noninferior sets obtained via HM2EA and SPEA for a single 

trial of the extended 0/1 multiobjective knapsack problem. The bottom figure illustrates the progress of HM2EA 

in solving the Knapsack problem. 
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5.0 Final Remarks 
This paper presented a new approach for performing multiobjective optimization using 

evolutionary algorithms. Recently, a set function has been described [31] that maps a set of 

noninferior points to a scalar quantity (referred to as S-factor (2 objectives) and hypervolume 

metric (more objectives)). The maximization of this hypervolume metric has been proven to 

be a sufficient condition for the associated points in objective space to be (1) Pareto optimal, 

and (2) maximally diverse. Furthermore, an efficient methodology for calculating this scalar 

quantity has been provided by [31].In existing MOEAs this metric is maximized indirectly 

through appropriate operators. HM2EA uses this metric explicitly in the fitness function, in 

addition to rank information, in a population-based elitist MOEA.  

 

The proposed algorithm requires the calculation of the hypervolume, and also a change in 

hypervolume, but no new parameters settings are required to be tuned for good performance 

of the algorithm. However, this paper did not explore the effect of varying EA parameter 

settings on the performance of HM2EA, but generally used the same settings as those of the 

published results it was being compared to. The algorithm requires no previous knowledge 

regarding the objective space.  

 

The paper presented the underlying steps of the proposed algorithm, application of the 

algorithm to a number of multiobjective test problems of varying complexity, and a 

comparison with other MOEAs applied to the same test problems. Problems evaluated were 

both constrained and unconstrained, with both convex and concave Pareto-fronts. Decision 

variables were encoded using both real and binary variables. Analysis of the results for 

different random seeds found them to be similar, indicating that HM2EA is robust and not 

sensitive to the initial population. Overall, HM2EA performed well with consistently good 

accuracy. However, for OSY the algorithm appeared to have difficulty identifying interior 

points along the portion of the Pareto-front that closely paralleled one of the axes. In another 

instance, spread (diversity) was less than desired. For example, although it converged much 

more rapidly and closer to the true Pareto-front than other MOEAs for QV, the degree of 

spread was less. This was thought to be due to the fact that such points contribute little to the 
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overall S-factor of the population. Additional testing and comparison with existing MOEAs 

is warranted (e.g., CMEA). 
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CHAPTER 4: Application of the Hypervolume Maximizing 
Multiobjective Evolutionary Algorithm to Watershed Management 

1.0 Introduction 
Urban development increases the imperviousness of a watershed resulting in higher storm 

water flows relative to the pre-development condition [38]. Increased flows can potentially 

create downstream flooding problems and degrade receiving stream habitat quality. Prudent 

urban watershed management planning endeavors to mitigate flooding and drainage 

problems to economically protect public safety and stream health. The drainage infrastructure 

(e.g., pipe culverts, etc.) in an urban area represents a significant capital investment whose 

overall cost is proportional to the peak storm water flows to be safely conveyed. 

Furthermore, increasing the conveyance capacity of the system with larger pipes to 

accommodate larger flows leads to higher discharge velocities, more erosion, and degraded 

water quality and aquatic habitat  [39]. Therefore, hydraulic design performance criteria must 

be selected carefully and the associated trade-off with costs well understood. 

 

A number of tools are available for reducing peak flows that should be explored during 

planning for potential reduction in the overall system costs. Structural flood management 

best management practices (BMPs), such as dry detention, are commonly constructed to 

reduce storm water flows prior to discharge to the drainage network. If they are not designed 

carefully, however, a system of BMPs can not only increase net costs, but also exacerbate 

downstream flooding and stream problems at key locations [39]. Meanwhile, low impact 

development (LID) practices at the site level are becoming increasingly popular methods for 

reducing peak flows in urban environments. LID relies on a suite of management practices in 

the watershed that function together to mitigate runoff volumes and peak flows. Examples of 

LID practices include bioretention, dry wells, filter or buffer strips, grassed swales, rain 

barrels, cisterns, and infiltration trenches [18]. These practices have the effect of increasing 

the initial abstraction of the watershed, thus altering the hydrology of the watershed and 

reducing discharge flows. While the use of LID in practice remains controversial [40], a few 

localities mandate a specific level of implementation as part of the urban watershed 

management process. LID offers, however, significant potential benefits that should be 
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considered in conjunction with other BMPs and structural improvements in the drainage 

network. 

 

To explore these issues systematically, an integrated watershed management planning 

approach is required, through which cost savings and overall better designs may be 

identified.  Many researchers have explored the use of mathematical programming models to 

solve complex watershed management problems [1, 16, 41]. Classical optimization 

approaches are limited, however, since they require numerous simplifying assumptions when 

applied to watershed management planning and design problems [1]. The accuracy may be 

improved by incorporating the hydrologic and hydraulic simulation model directly into the 

search to represent the detention effects of various LID practices and structural BMPs on the 

drainage network. Global search heuristic methods, such as evolutionary algorithms (EAs), 

allow flexible problem formulations and the incorporation of complex simulation models 

directly into the search, and are gaining in utility and popularity for application in the water 

resources problem domains [11].  In addition, the competing nature of the multiple objectives 

in typical water resources problems demands the generation of Pareto-optimal solutions that 

represent the non-inferior tradeoff among these objectives. Building upon the population 

structure of EAs, many multiobjective evolutionary algorithms (MOEAs) have been 

developed and reported [42], [23], [24], and [25]. Furthermore, there have been a number of 

previous application of MOEAs to solve various integrated watershed management problems 

[1, 16, 41, 43, 44]. 

 

This paper reports the development and application of an EA-based methodology to analyze 

an illustrative multiobjective urban watershed management problem.  A new algorithm, the 

Hypervolume Maximizing Multiobjective Evolutionary Algorithm (HM2EA), is briefly 

described in the following Section, including a demonstration of its application to a pair of 

test problems. This is followed by a description of a multiobjective problem in urban 

watershed management. Finally, the results of application of HM2EA to the watershed 

management problem, with a comparison of results obtained using a commonly reported EA-

based multiobjective optimization approach, are presented. 
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2.0 Background 

 

2.1 General Multiobjective Optimization Problem 
A general multiobjective optimization problem consists of n objective functions, Zi (i=1,…n). 

Each vector of decision variables, x, produces n objective function values, corresponding to a 

single point in objective space.  Pareto optimal or noninferior solutions are those that cannot 

be improved in any one objective without degrading at least one other objective [21]. In a 

maximization problem, one decision vector, a, is said to dominate another, b, if: 

Zi(a) ≥ Zi(b) ∀ i = 1, 2, …, n 

∃ Zj(a) > Zj(b) ∀ j = 1, 2, …, n 

(1) 

 

When neither solution dominates the other they are said to be nondominated or noninferior 

relative to each other [23]. 

2.2 Multiobjective Evolutionary Algorithms 
A wide variety of multiobjective evolutionary algorithms (MOEAs) have been reported [23], 

each exploiting different strategies of evolving noninferior solutions to general 

multiobjective optimization problems. In fact, a single objective EA may be used to solve a 

multiobjective problem by casting all but one of the objectives as constraints and solving the 

transformed problem iteratively (i.e., the ε-constraint method). An automated and efficient 

method based on this approach is the Constraint Method Evolutionary Algorithm (CMEA) 

[30]. Conversely, other MOEAs try to solve multiobjective problems in a single application 

of the algorithm, where the population represents the set of noninferior solutions (e.g., 

Strength Pareto Evolutionary Algorithm (SPEA) [45] and the Nondominated Sorting Genetic 

Algorithm-II (NSGA-II) [26]). This paper compares the performance of HM2EA with 

NSGA-II for a problem in watershed management. 

2.3 Nondominated Sorting Genetic Algorithm-II 
The Nondominated Sorting Genetic Algorithm II (NSGA-II) is an elitist MOEA [26] that is 

commonly reported and often applied to real-world problems in public sector planning and 

design. NSGA-II uses a single population to identify the Pareto-front. Fitness is based on the 
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degree of dominance, or ‘rank’ within the population. Rank is defined for sets of solutions, 

where all decision vectors that are not dominated by any other decision vector in a given set 

are said to be nondominated with respect to the given set. These sets of mutually 

nondominated solutions may be referred to as ’fronts’. The best set of nondominated 

solutions (i.e., the set that dominated all others in a given population of solutions) is assigned 

a rank of 1. Disregarding this set (i.e., removing this set from the population), the new set of 

nondominated solutions in the remaining population is assigned a rank of 2, and so on. In 

NSGA-II, a rank 1 solution would have higher fitness than a solution of rank 2, and so on. 

 

Diversity is preserved along the non-dominated front to encourage the finding of the entire 

Pareto-optimal region via a quantitative measure that represents the degree of crowding along 

a given front. For a given solution, its density in objective space is estimated as the average 

distance between the adjacent solutions relative to each of the n objectives. This distance is 

referred to as the crowding distance, and may be thought of as the average length of the sides 

of the cuboid formed by adjacent solutions on the same domination front as shown in Fig. 

4.1. The boundary solutions in a given front are assigned a crowding distance of infinity. A 

solution with a smaller value of the crowding distance is considered to be residing in a more 

crowded region of objective space than one with a larger crowding distance.  

Figure 4.1  Illustration of the calculation of the crowding distance in NSGA -II. 
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Constraints are incorporated into the multiobjective search in NSGA-II via constrained 

dominance-based ranking. Solution i is said to constrained-dominate solution j if (1) Solution 

i is feasible and solution j is not, (2) both solutions are infeasible, but solution i has a smaller 

overall constraint violation, and (3) both solutions are feasible, but solution i dominates 

solution j in objective space. In a constrained nondominated sort, a feasible solution will 

dominate an infeasible solution, regardless of the objective function values. 

  

Elitism is incorporated in NSGA-II through the combination of parent and offspring 

populations prior to selection. The combined population is sorted according to constrained 

non-domination and the best solutions are allowed to survive to the next generation. If the 

two solutions selected are of different rank, the solution with the lower rank is selected to 

undergo recombination, otherwise, if the two solutions are of the same rank, the solution with 

the higher crowding distance is selected to undergo recombination. 

2.4 Performance Metrics 
The performance of MOEAs is evaluated a posteriori by comparing appropriate metrics for 

Pareto optimality. For example, the coverage test is used in the coverage function, C, to 

compare two algorithms, where x is said to ‘cover’ y if x dominates y or if their objective 

vectors are equal. The coverage function C(X, Y) calculates the percentage of solutions 

obtained by algorithm Y that are covered by those obtained by algorithm X [21]. A value of 

C(X, Y) of 1 indicates that all solutions in Y are dominated or equal to those in X, a value of 0 

indicates none of Y’s solutions are dominated or equal to those in X. C(Y, X) does not 

necessarily equal C(X, Y). 

 

Additional performance metrics are used to evaluate the two goals of multiobjective 

optimization, which are to find a set of nondominated solutions that are (1) as diverse as 

possible (spread), and (2) are as close as possible to the true Pareto-optimal front (accuracy) 

[23].  Diversity refers to the distance between solutions in objective space. One metric for 

measuring diversity, therefore, is spread. Spread is defined as the fraction of the total 

maximum possible range of a given objective covered by the noninferior set [30]. Spread is 

calculated for each objective and a larger value of this metric means better spread (i.e., more 
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diversity). To calculate spread, information regarding the true Pareto front or a reference 

Pareto front is required.. 

 

Zitzler and Thiele [21] introduced the ‘S-factor’ (Sf ), as a measure of accuracy, to indicate 

the size of the noninferior objective space covered. For a two objective problem, each 

noninferior solution found by an algorithm covers an area of objective space defined by the 

origin and the point (Z1(x), Z2(x)). The non-overlapping area of all rectangles formed by a set 

of Pareto optimal solutions is a measure of the objective space covered as shown in Fig. 4.2. 

Similarly, for higher dimensional cases, a corresponding hypervolume can be computed to 

represent the degree of coverage. Fleischer [31] extended this idea in several important ways 

and describes a set function that maps a set of noninferior solutions to a scalar quantity 

(referred to as the hypervolume metric) and proves that maximization of this metric is a 

sufficient condition for the associated solutions in objective space to be (1) Pareto optimal, 

and (2) maximally diverse. Fleischer [31] provided an innovative and computationally 

efficient algorithm for calculating this scalar metric and also discussed the potential utility of 

this metric serving as the objective function in a multiobjective Simulated Annealing (SA) 

algorithm. H2MEA exploits these features of the hypervolume to guide the evolutionary 

search for the Pareto front. 
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Figure 4.2 Estimation of hypervolume formed by a set of four Pareto-optimal solutions for a 2-objective 

problem, where both Z1 and Z2 are being maximized. In this example, the hypervolume, the objective space 

covered by the set of solutions, is equal to 18. 

3.0 The Hypervolume Maximizing Multiobjective Evolutionary Algorithm 
(HM2EA) 
A flowchart of the HM2EA algorithm is provided in Fig. 4.3. In existing MOEAs the Sf or 

hypervolume is maximized indirectly through various operators and then evaluated a 

posteriori. Instead, HM2EA is structured to identify the set of solutions that maximizes the 

population-based aggregate Sf as part of the search. By definition, these solutions represent a 

noninferior set [31]. An initial population of size P is randomly created. Each solution is 

evaluated with respect to the multiple objectives and constraints. After the first generation, 

the parent and offspring generations are combined to create a total population of size 2P. 

Next, a constrained nondominated sort is performed to determine the rank of each solution in 

the combined population [26]. In HM2EA, the notion of constrained dominance is used [26], 

where a solution i is said to constrained-dominate solution j if: 
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Figure 4.3. Flowchart for HM2EA. 

 

1. Solution i is feasible and solution j is not. 

2. Both solutions are infeasible, but solution i has a smaller overall constraint violation. 

3. Both solutions are feasible, but solution i dominates solution j in objective space. 
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In a constrained nondominated sort, a feasible solution will dominate an infeasible solution, 

regardless of the objective function values. The rank of each solution is noted. The total 

number of fronts (F) created will vary depending on the characteristics of the population at 

that generation (i.e., many fronts will be found early in the search, while only a handful will 

exist at convergence). Furthermore, the number of solutions, Pf, in front f will also vary. Each 

front is stored in its own vector of solutions, such that F vectors are created. 

 

The algorithm next iterates across each of the F vectors independently. In the first iteration, 

the algorithm calculates the hypervolume metric, Sf, for front f based on the methodology 

presented by Fleischer [31], which has time complexity of O(Pf
3, n2). The algorithm then 

iterates across the elements in each front (Pf – 2) times removing one of the solutions in the 

front at each iteration, i.  For a solution i, a new S-factor is calculated based on the solutions 

remaining after removing solution i from the front, and the positive difference between this 

value and the original Sf is calculated as shown in Fig. 4.4. This difference in S-factor, �Sfi, is 

assigned to the solution that was removed from the front. This value is representative of the 

hypervolume of the objective space uniquely dominated by the inclusion of this solution in 

the population. Solutions that are representative of an extreme objective function value have 

their �Sfi value set to positive infinity. Each front that contains more than two solutions is 

iterated over Pf -1 times. If Pf is of size 1 or 2, then �S fi  is set to positive infinity for each 

extreme solution..  Duplicate noninferior solutions will have a �Sfi value of 0.  This 

calculation of �S fi is the most computationally burdensome and complex aspect of the 

algorithm. The magnitude of �S fi is used by HM2EA to identify solutions that contribute the 

most to the total Sf. 
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Figure 4.4 . Estimation of �S-factor for the noninferior solutions shown in Fig. 4.2. The crosshatched region 

represents the area of objective space uniquely dominated by a given point. In this example, noninferior solution 

(3,4) has a �S-factor value of 2, and (4,3) has a �S-factor value of 1. 

 

An elitism operator is applied to identify the top P solutions in the combined population to 

enter the mating population. Solutions are selected based on rank, so that all nondominated 

solutions (rank 1) enter the next generation. After all of the solutions of rank 1 are added, the 

rank 2 solutions are added, and so on until the population size becomes equal to P. In 

instances where the number of solutions required to fill the population yielding a total size of 

P is less than the size of the next available front (or when the first front contains more than P 

solutions), solutions within that front are selected based on the values of �S fi to ensure that 

solutions contributing the most to the overall hypervolume metric for that front survive. 

 

The algorithm is terminated depending on a stopping criterion, such as a maximum number 

of generations or a number of generations without improvement in the estimate of the Pareto 

front.  Improvement may be measured by relative changes in Sf for the nondominated front.  
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A standard binary tournament selection operator is applied to each population to generate the 

respective mating populations, where selection is based on the rank of the solutions being 

compared, such that the lower rank solution will be selected to enter the mating population. 

In the case of a tie where both solutions have the same rank, selection is based on �S fi. 

HM2EA is designed to be built upon and extend an existing EA framework. The associated 

crossover and mutation operators are the same as that of a standard GA. The crossover and 

mutation operators, therefore, are those that best suit the given problem, independent of 

HM2EA. 

3.1 Testing and Evaluation of HM2EA 
HM2EA has been shown to perform well across a number of unconstrained, and constrained 

test problems with different levels of complexity as presented in Chapter 3. Results for a pair 

of test problems are presented herein for illustrative purposes. A binary tournament selection 

operator, uniform crossover operator and a random mutation operator were used for all the 

runs. The probability of crossover was set at 100 percent, the mutation rate was set at 1 

percent, the population size was set to 100, and the algorithm was executed for 250 

generations for all the runs. 

  

The first test problem is the Kursawe function [23, 32] which is defined below. 

Minimize Z1(x) = Ói=1, n-1 {-10⋅exp[-0.2⋅(xi
2 + xi+1

2)0.5] } (2) 

Minimize Z2(x) = Ói=1, n {xi0.8 + 5⋅sin(xi
3) } (3) 

Subject to: 

-5.0 ≤ xi ≤ 5.0     ∀ i = 1, 2, 3 

 

(4) 
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The true Pareto-front is nonconvex and disconnected into four discrete regions as shown in 

Fig. 4.5 [35]. Furthermore, the Pareto front is formed by points that are also disconnected in 

decision space [23]. Although continuous in the objective space, the middle of the three 

curves shown on Fig. 4.5 is comprised of discontinuous decision variables. The discrete 

nature of the decision space and the objective space pose a unique challenge for some 

algorithms when searching for the Pareto-optimal solutions in all regions. As indicated by the 

solutions in Fig. 4.5, HM2EA performed well by yielding solutions that accurately trace the 

Pareto front as well as achieve maximum spread for both objectives.  

Figure 4.5 . Comparison of HM2EA results for the three-variable, two-objective problem. The true Pareto front 

is also shown. 

 

The second test problem, which is defined below, is the continuous, 2-objective, constrained 

problem proposed by [36]:  

Minimize Z1(x) = 2 + (x1 – 2)2 + (x2 – 1)2 (5) 

Minimize Z2(x) = 9x1 - (x2 – 1)2 (6) 
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Subject to: 

-20.0 ≤ xi ≤ 20.0     ∀ i = 1, 2 

 

(7) 

         x1
2 + x2

2 ≤ 225 (8) 

         x1
2 + 3x2 ≤ 0 (9) 

 

The difficulty that the constraints introduce into this problem is that they eliminate part of the 

unconstrained Pareto-optimal set. HM2EA conforms to the true Pareto-front well for this 

problem as shown in Fig. 4.6. Results indicate that 98.4% and 99.8% of the maximum 

feasible range for objectives 1 and 2 respectively is covered by the nondominated front. 

Figure 4.6. Comparison of HM2EA results for the two-variable, constrained, two-objective problem. The true 

Pareto front is also shown. 

4.0 Urban Watershed Management Problem Description 
The proposed integrated watershed management problem explores the trade-off between the 

total cost of improvements for runoff control and system-wide capacity to avoid overflow 
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from the sewer network.  The system-wide capacity is represented by the percentage of 

utilization of the full-flow capacity of all conduits during the routing of a given design storm 

event. The minimum value of the excess capacity available among all conduits is used to 

characterize the degree of robustness of the system to avoid flooding problems in response to 

any storm event.   

 

The example watershed used in the problem is based on the tutorial model provided with 

EPA’s newly redeveloped Storm Water Management Model (SWMM) Version 5 [17]. 

SWMM is a commonly used design tool for urban drainage systems due to its ability to both 

simulate stormwater runoff (hydrology) and predict time-varying flows, velocities, and stages 

throughout a given drainage network (hydraulics). This example illustrates the generation of 

stormwater runoff from multiple subwatersheds for a single design event (i.e., 2.05 inches in 

6-hours in this example) and the associated routing through a simple drainage network 

including storage elements to represent detention ponds as BMPs. A 24-hour continuous 

simulation is used to evaluate the solutions. 

 

The example watershed includes eight subwatersheds (labeled A through H) with a total 

drainage area of 71 acres (Fig. 4.7). Dry detention ponds are modeled as SWMM storage 

nodes located in the subwatershed, each with a four-inch-diameter orifice-type outlet located 

at the invert so that the pond drains fully between storm events. It is impractical to construct 

dry detention facilities in small watersheds as the outlets are necessarily small to attenuate 

peak flows and are prone to clogging.  Therefore, dry detention was allowed only in those 

five subwatersheds (i.e., A, B, E, F, and H) whose drainage areas were greater than or equal 

to 10 acres. Subwatersheds A-E exhibit 50 percent imperviousness, while subwatersheds F-H 

are 10 percent impervious. The SWMM model includes 14 circular pipes, and drains to pipe 

9 (Fig. 4.7). The network layout and invert elevations of all model nodes (i.e., manholes) 

were assumed to be fixed, thus the slope and length of a given pipe remains constant.  
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Figure 4.7 . The SWMM 5.0 Model used for the demonstrative case study, which represents a drainage network 

design problem for a 71-acre development. 

 

A mathematical formulation of the watershed management problem as defined below (Eqs. 

10-16) is designed to identify the least-cost combination of pipe diameters, and dry detention 

pond locations and sizes. This model is solved to identify the associated trade-offs between 

the two objectives. 

Minimize Z1 = Ói=1,Nponds Cd(zi, SAi)*yi + Ój=1,Npipes Cp(Dj, Lj) (10) 

Minimize Z2 = maxj=1,Npipes { Qj } (11) 

Subject to: 

                  Dj ∈ {12, 15, 18, 21, 24, 27, 30, 33} ∀j = 1, 2, …, Npipes 

 

(12) 

                  yi ∈ {0,1} ∀i = 1, 2, …, Nponds (13) 

                  0.005*DAi ≤ SAi ≤ 0.025*DAi ∀i = 1, 2, …, Nponds (14) 
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where 

Nponds = number of potential pond locations (5 in this example) 

Cd = cost function for the dry detention ponds 

zi = peak depth in dry detention pond i calculated by SWMM from routing the design 

storm through the pond (feet) 

SAi = decision variable representing the surface area of dry detention pond i 

yi = binary decision variable indicating whether or not pond i is to be constructed 

Npipes = number of pipes to be sized (14 in this example) 

Cp = cost function for the reinforced concrete pipe (RCP) 

Dj = decision variable indicating the selected diameter of pipe j (inches) 

Lj = length of pipe j (feet), which is fixed for a given drainage network 

Qj = percent of full capacity flow utilized in pipe j as calculated by SWMM 

DAi = drainage area of the watershed upstream of dry detention pond i 

ε = continuity error of flow volume in the SWMM model simulation (dimensionless) 

 

The first objective function (Eq. 10) seeks to minimize the construction cost of the pipes and 

dry detention facilities. In this study, the cost functions for pipes and dry detention are based 

on those provided by [19]. The cost of a dry detention pond is a function of its volume, which 

is calculated by multiplying the surface area decision variable by the observed maximum 

depth in the given pond during routing of the design storm.  The hydrologic routing was 

simulated in SWMM. The total cost of the pipes is a function of their selected diameter and 

length. The second objective function (Eq. 11) seeks to maximize system-wide reserve pipe 

capacity under peak flow conditions by minimizing the maximum percent full across all 

conduits in the network. The determination of the percent full flow of each conduit is 

evaluated based on hydraulic flow simulation using SWMM. 

 

                  zi ≤ 6.0 ∀i = 1, 2, …, Nponds (15) 

                  ε < 0.05 (16) 
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The constraint given by Eq. 12 ensures that the selected pipe diameter is one of the pre-

determined eight standard sizes. This constraint is captured implicitly via appropriate 

encoding of the decision variable in the EA. Each pipe size was represented by a binary array 

of length three, allowing the coding of 23 different pipe sizes. For example, a pipe diameter 

coded as 000 corresponds to the smallest diameter pipe available (i.e., 12-inches), and 111 

corresponds to the largest size (i.e., 33-inches). Pipes larger than 33-inches were not allowed 

due to insufficient cover. For the 14 pipes in the network, there is a maximum of 148 

different alternative pipe configurations.  

 

Eq. 13 indicates that yi is a binary decision variable associated with the potential locations for 

dry detention. A value of 1 indicates that the specified pond location is active, a value of 0 

indicates otherwise. The constraint given by Eq. 14 ensures that the surface areas of the dry 

detention ponds size are between 0.5 and 2.5 percent of their respective drainage areas. The 

size and location of wet detention is coded using two different variables. The decision 

whether to locate a pond at one of the five alternative sites, corresponding to pond locations 

A, B, E, F, and H, is coded as a binary string of length 5. The surface area of each pond is 

coded as a real decision variable that varies within the range specified by Eq. 14. Therefore 

the total length of the string representing the decisions to locate dry detention ponds is 10 

(five binary and five real values).  

 

The constraint given represented by Eq. 15 ensures that the maximum depth of a dry 

detention pond does not exceed 6.0-feet during peak flow conditions. Depths greater than this 

specified limit in dry detention facilities are considered unsafe. The depth of each detention 

facility is estimated based on the simulation using SWMM. Numerical stability of the 

computations is an issue in dynamic simulation models such as SWMM. Eq. 19 ensures that 

model simulations that are numerically unstable (and thus inaccurate) are not included in the 

final set of alternatives if the model continuity errors exceed 5 percent. The magnitude of 

each constraint violation, if any, is calculated in HM2EA and summed. This information is 

used in the constrained nondominated sort to calculate rank, such that solution with less 
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violation will be of higher rank than other, regardless of objective function values. Higher 

rank solutions are preferred over lower rank solutions in the mating selection operator. 

 

Two different versions of the mathematical formulation described above were solved. In the 

first version, no LID was simulated. The second simulation, however, explore the trade-offs 

between objectives in an environment where LID is a watershed management option. In this 

case, LID was simulated implicitly in SWMM using the pervious and impervious depression 

storage lumped model parameters to represent a combination of unspecified LID practices in 

the watershed. Cost of LID was not considered in this illustrative case study. The total 

amount of LID storage, Stot was fixed at 0.45-inches in each model subwatershed. Increasing 

LID storage has the effect of reducing the amount of detention storage and/or pipe capacity 

required without incurring any cost impacts. 

  

When designing a drainage network, it is important to examine its behavior under different 

design storms. HMEA could be applied repeatedly with different rain events and 

performance criteria to develop a continuum of tradeoff information. Such information could 

be used to identify a network that performed well across a spectrum of design storm events. 

Alternatively, a continuous simulation with historical rainfall data for the given site could be 

used to evaluate the network. A continuous simulation would result, however, in a significant 

increase in computational burden. The analysis performed here for illustrative purposes 

considers only a single design storm event. 

5.0 Results and Discussion 
HM2EA was applied to the multiobjective integrated watershed management problem with 

the EA parameter settings shown in Table 4.1. A binary tournament selection operator, 

uniform crossover operator and a random mutation operator were used for all the runs. The 

stopping criterion used was based on the maximum number of generations. Selection 

probability indicates the probability that the higher ranked solution will be selected to enter 

the mating population. 
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Table 4.1. HM2EA Parameter Settings for the Case Study Problem 

Parameter Setting 

Population Size 

Number of Generations 

Selection Probability 

Crossover Probability 

Mutation Rate 

200 

200 

90% 

75% 

0.75% 

  

5.1 Integrated Watershed Management Problem 
As described above, the first application of HM2EA examined the multiobjective 

mathematical model formulation with no allowance for additional LID storage in the model 

subwatershed. Results are presented in Fig. 4.8. 

Figure 4.8 . Noninferior tradeoff for the integrated stormwater management problem obtained through 

application of HM2EA. Solutions are numbered from the lowest to highest cost (i.e., right to left). 
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Examination of the decision attributes of the solutions presented in Fig. 4.8 found that for 

lower capacities (i.e., less than 50 percent) at least one dry detention facility was included in 

all nondominated solutions found. This result indicates that for this problem dry detention 

ponds are not required for a cost-effective solution at maximum pipe capacities greater than 

50 percent of the full pipe (i.e., solutions 1-17). However, if cost-effective solutions are 

desired at lower pipe capacities, then dry detention is a critical component of the solution 

(i.e., all of the solutions below the 50 percent threshold include some combination of dry 

detention). This behavior may be a result of the limited number of pipe sizes available in the 

mathematical formulation.  

 

Implementation details of solutions 1 and 17 including the selected pipe diameter, peak 

velocity, cost, and capacity of each pipe in the network are given in Table 4.2. Neither of 

these solutions included any dry detention. Solution 1 is the least cost solution and has the 

highest maximum capacity. Examination of the implementation details of solution 1 in Table 

4.2 finds that there is one critical conduit flowing 99 percent full. Conduit 12 is located on 

the second tributary branch (Fig. 4.7). Meanwhile, solution 17 is the lowest capacity solution 

identified without the implementation of any dry detention (i.e., pipes only). Solution 17 has 

two critical conduits flowing at 51 percent full; conduit number 7 and number 16, which are 

both located along the main trunk. In general, pipe diameters associated with solution 17 are 

one to two sizes bigger than those associated with solution 1. Increasing system conveyance 

capacity as evidenced by Solution 17, relative to Solution 1, has the effect of generally 

increasing pipe velocities. For some systems, high velocities may be problematic. For 

example, high discharge velocities from conduit 9 may cause erosion of the receiving 

channel. 
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Table 4.2. System details for solutions 1 and 17 in Fig. 4.8. 

Solution 1 Solution 17 
Model 

Conduit 
Length (ft) Dia.  

(in) 

Peak Vel. 

(fps) 

%   

Full 
Cost 

Dia.  

(in) 

Peak Vel. 

(fps) 

%   

Full 
Cost 

1 400 15 5.15 69%  $6,203  18 5.44  43%  $8,343  

4 200 12 6.46 28%  $2,158  12 6.45  29%  $2,158  

5 200 12 3.69 16%  $2,158  12 3.54  16%  $2,158  

6 400 18 6.76 95%  $8,343  24 6.98  44%  $13,319  

7 300 24 6.46 51%  $9,989  24 6.90  51%  $9,989  

8 300 24 6.21 79%  $9,989  30 6.52  44%  $14,358  

10 400 27 9.42 77%  $16,130  33 9.54  45%  $22,353  

11 400 12 5.3 77%  $4,315  15 5.82  42%  $6,203  

12 400 12 4.1 99%  $4,315  18 3.37  34%  $8,343  

13 400 24 4.49 59%  $13,319  27 4.94  43%  $16,130  

14 400 12 3.57 60%  $4,315  15 3.08  33%  $6,203  

15 100 27 8.6 78%  $4,033  33 8.33  46%  $5,588  

16 400 30 8.95 65%  $19,144  33 8.92  51%  $22,353  

9 400 33 9.75 84%  $16,130 33 9.91  49%  $22,353  

Total: 4,700 Solution 1 Total Cost: $120,541 Solution 17 Total Cost: $159,850 

 

Fig. 4.9 illustrates the progress of HM2EA when solving the integrated watershed 

management problem. Both performance metrics, change in global S-factor and number of 

non-dominated solutions, appear to have converged after 200 generations. This indicates that 

further iterations of the algorithm are not likely to yield significantly improved results. The 

final number of nondominated solutions found is significantly less than the population size, 

which suggests that there are a fixed number of noninferior solutions. 
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Figure 4.9 . Convergence of HM2EA for the integrated watershed management problem with no LID.  

5.2 Integrated Watershed Management Problem with LID 
HM2EA was applied to the integrated watershed management problem a second time, 

allowing for 0.45-inches of LID to be implemented in the watershed. LID practices are often 

designed to retain and treat the first 0.5- to 1.0-inches of runoff [18]. For this problem, 0.45-

inches of LID in every watershed corresponds to 7.5 percent of the total land area being 

dedicated to various LID practices assuming an average depth of 6-inches. Modeling of 

greater levels of LID storage via the technique used here was judged to be inappropriate. The 

resulting sets of noninferior solutions are presented as points comprising the lower curve 

(Curve B) in Fig. 4.10, previous results are also shown along Curve A. Points along both 

curves are numbered sequentially from right to left in Fig. 4.10 for reference.  
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Figure 4.10. Results of application of HM2EA to the multiobjective watershed management problem, including 

LID are presented as ‘Curve B.’ Previous results without LID are shown as ‘Curve A.’ 

 

Examination of Fig. 4.10 indicates that significant cost savings is achieved by allowing LID 

to occur in the watershed. For example, at 69 percent maximum capacity allowing 0.45-

inches of LID, with no dry detention, created a cost savings of $19,473 (i.e., between 

solutions B6 (LID) and A9 (No LID)) or 10 percent of the pipe-only cost. The cost savings 

associated with this same level of LID when dry detention is included is similar. For 

example, at 18 percent maximum pipe capacity allowing 0.45-inches of LID, with dry 

detention, created a cost savings of $26,543 (i.e., between solutions B41 (LID) and A34 (No 

LID)) or 9 percent of the pipe-only cost (Fig. 4.10). This information could be used to 

determine whether it was cost-effective to implement the specified level of LID in the 

watershed if the associated cost of the various LID practices is known. Larger values of total 

LID will yield greater cost savings. 
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Implementation details regarding the dry detention pond locations found for the points 

comprising the two Pareto-fronts in Fig. 4.10 are presented in Table 4.3. 

 

Table 4.3. Dry detention pond implementation details for HM2EA results (reference Fig. 4.10). 

No LID Points 0.45” LID Points Active Ponds  

A1-A17 B1-B13 No Ponds 

A18-A21 B14-B26 Pond A 

A21-A23 B27-B35 Ponds A and B 

A24-A25 --- Ponds A and E 

A26-A30 B36-B37 Ponds A, B, and E 

A31-A33 B38-B41 Ponds A, B, E, and F 

A34 B42 Ponds A, B, E, F, and H 

 

Examination of Table 4.3 provides valuable information regarding the cost-effectiveness of 

the various pond locations. Such information could be used in a phased integrated watershed 

management plan. Based on the information provided in Table 4.3, Pond A is the most cost-

effective location and would be constructed first. Pond A is located at the headwaters of the 

watershed as shown in Fig. 4.7. In this location Pond A affects flows in a majority of the pipe 

network. Pond location B would be the next pond selected, which is also located high in the 

watershed. Pond E is the third, likely because of the size of its watershed, which is the largest 

of the eight and so has a large peak attenuating effect. 

5.3 Comparison of Results with NSGA-II 
Finally, a comparison was performed between HM2EA and another popular multiobjective 

EA, the Nondominated Sorting Genetic Algorithm (NSGA-II), which was described 

previously. The same parameter settings were used in NSGA-II as were used in application 

of HM2EA.  Results of this comparison are presented graphically in Fig. 4.11 for the LID 

scenario. The two algorithms find seven identical nondominated solutions between maximum 

pipe capacities of 59 to 67 percent. Elsewhere along the final nondominated front they differ 

slightly. 
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Figure 4.11. Comparison of results obtained using HM2EA and NSGA -2 for the integrated watershed 

management with maximum LID (i.e., 0.45-inches) and dry detention. 

 

Performance metrics for the two algorithms are summarized in Table 4.4, indicating that they 

performed similarly when applied to this problem. Both algorithms were able to obtain a 

similar number of nondominated solutions. HM2EA exhibited a slightly larger S-factor and 

spread along the cost objective than NSGA-II. Meanwhile, NSGA-II was able to obtain more 

spread along the capacity objective. 

 

Table 4.4 Comparison of HM2EA with NSGA -II Results for the Case Study Problem. 
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% 

None 

42 

95,010 

154,986 

73 

32 

41 

93,741 

120,545 

76 

23 

 

$100,000

$120,000

$140,000

$160,000

$180,000

$200,000

$220,000

$240,000

$260,000

$280,000

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Max. Capacity

To
ta

l C
os

t

HM2EA
NSGA2



 92

The final nondominated fronts obtained by HM2EA and NSGA-II were combined and a 

nondomination comparison performed on the combined solutions. This analysis found a total 

of 48 unique nondominated solutions. For seven of these, both algorithms found the same 

solutions. Of the remaining nondominated solutions, 16 were those obtained via NSGA-II 

and 25 were obtained via HM2EA. In conclusion, for this problem, HM2EA was found to 

perform slightly better than NSGA-II. 

 

6.0 Final Remarks 
This paper presented a new approach for performing multiobjective optimization using 

evolutionary algorithms. Recently, a set function has been described [31] that maps a set of 

noninferior points to a scalar quantity (referred to as S-factor (2 objectives) and hypervolume 

metric (more objectives)). Further, the maximization of this hypervolume metric has been 

proven to be a sufficient condition for the associated points in objective space to be (1) 

Pareto optimal, and (2) maximally diverse. Furthermore, an efficient methodology for 

calculating this scalar quantity has been provided by [31]. In existing MOEAs this metric is 

maximized indirectly through appropriate operators. HM2EA uses this metric explicitly in 

the fitness function, in addition to rank information, in a population-based elitist MOEA. No 

new parameters settings are required to be tuned for good performance of the algorithm and 

it requires no previous knowledge regarding the objective space. HM2EA was applied to a 

number of test problems and shown to perform well.  

 

In this paper, HM2EA was used to explore a realistic illustrative problem in integrated 

watershed management. Results were compared with those obtained via application of 

NSGA-II. This Chapter also demonstrated the utility of EA-based multiobjective 

optimization for solving watershed management problems. A new algorithm, HM2EA, was 

found to perform well for this problem. HM2EA was able to obtain diverse nondominated 

fronts with a range of varying performance criteria. The noninferior tradeoff information thus 

obtained was demonstrated to be of extreme utility to decision-makers. A benefit of the 

proposed algorithm is that it may be applied to any problem that one may solve with an EA 

and allows evaluation of more complex watersheds and the incorporation of more complex 
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simulation models. HM2EA requires no additional algorithm-specific parameters, such as 

niche size, which simplifies tuning to get good performance when solving real problems. 

HM2EA was also shown to slightly out-perform an existing popular algorithm, NSGA-II, 

which might also be used to solve similar problems in watershed management. 

 

This paper demonstrated a methodology for solving integrated watershed management 

planning and design problems. The approach is generic and applicable to a broad array of 

watershed management problems. Decision-makers may use the generated tradeoff 

information when determining reasonable watershed management goals or prior to 

mandating specific performance criteria in a watershed. Various researchers have shown that 

an integrated design approach is more efficient than one where elements of the drainage 

network are designed independently based on pre-specified performance criteria, but 

available tools are limited. In an integrated approach, unique sub-watershed characteristics 

can be exploited to benefit the overall watershed. In this example, locating a dry detention 

pond in the most upstream watershed was found to have significant benefit for the remainder 

of the network. Furthermore, incorporation of various LID practices at the subwatershed 

level was found to have a significant cost savings benefit. 

 

LID is becoming more popular because of its obvious benefits. The modeling approach used 

herein to simulate LID is limited. The initial abstraction effects of LID practices were 

simulated with lumped storage parameters in the SWMM model. LID practices, meanwhile, 

also effect the overall amount of imperviousness in the watershed and the percentage that is 

directly connected to the drainage network. Furthermore, LID practices effect significant 

reduction in pollutant loadings, which were not considered. However, the approach presented 

here was developed for demonstrative purposes only. The methodology remains valid when 

coupled with more complex simulation approaches that better simulate LID practices, and 

also can support the incorporation of water quality goals and constraints into the search 

process. 
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CHAPTER 5: The Urban Watershed Decision Support System 

1.0 Introduction 
Watershed management is a complex and broad problem domain where the key issues vary 

depending on the size and complexity of the watershed to be managed and the problems to be 

addressed. Decision support is an oft-used term in watershed management and there are 

numerous examples of watershed management decision support systems in the literature [46]. 

There exists a class of such systems that aggregate a set of existing computer simulation 

models into a single framework, often with GIS support, and focus on the interaction 

between the user and the data, the user and the models, and/or the models and the data [47, 

48]. These frameworks are useful for the class of problems that can be addressed via the 

models supported, however, in the absence of any powerful systems analytic tools for 

performing optimization, the user must search for viable watershed management strategies in 

an iterative and time-consuming manner. Given the complexity of a typical watershed of 

some size, it is very unlikely that a random search will result in obtaining a cost-effective 

management strategy. 

 

It has been recognized that for many problems the number of potential watershed 

management strategies is high and that an optimization model is necessary for an efficient 

search [49]. As a result, there exists another class of Decision Support Systems that 

incorporate some form of optimization, and may include GIS, but are either problem-

specific, model-specific, or both [50-52]. These frameworks are not sufficiently generic to be 

applied to new problems and are not readily extensible to incorporate new search methods or 

techniques. Furthermore, these tools rarely consider uncertainty analysis, whose role is 

increasingly being recognized as a necessary component to the development of a defensible 

watershed management strategy [53].  

 

The EPA’s Multimedia Integrated Modeling System (MIMS) is a powerful generic modeling 

framework within which to explore various urban watershed management strategies. The 

Urban Watershed Decision Support System builds upon and adds functionality to MIMS. 

MIMS provides the ability to abstract a model such that it conforms to a user-specified 
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protocol. Exploiting this feature of MIMS, the Urban Watershed Decision Support System 

described herein offers various state-of-the-art optimization and uncertainty analysis 

capabilities and represents a significant departure from many other Decision Support 

Systems (DSS) described in the literature for watershed management. Due to its generic 

design, the user is free to focus on the problem to be addressed and is not constrained to 

specific mathematical programming model formulation or set of computer modeling tools as 

in other similar software systems for decision support. 

  

This Chapter describes the Urban Watershed Decision Support System using MIMS. MIMS 

is described in the next Section. The framework is generic and supports a broad spectrum of 

systems analytic tools as described in Section 3. Section 4 demonstrates the functionality of 

the developed tools using a hypothetical, but realistic case study in watershed management 

using the EPA’s new Storm Water Management Model (SWMM) Version 5. Finally, Section 

5 presents concluding remarks. 

2.0 MIMS Framework 
The Multimedia Integrated Modeling System (MIMS) was developed by the U.S. EPA 

Office of Research and Development (ORD) [54] and continues to evolve to meet the needs 

of new users. Multimedia refers to the goal of the framework to support the integration of 

models of different media (e.g., air, water, groundwater, etc.) into a single software package 

for use by EPA scientists. MIMS provides a modeling framework and tools to support 

composing, applying, and evaluating systems of models via the following features: 

• Supports a wide range of models and complex applications.  

• Provides feedback and performs consistency checks between models based on 

information provided by the modeler [55].  

• Designed to aid repetitive work, such as modeling multiple locations, optimization, 

and sensitivity and uncertainty studies.  

• Provides user interfaces when desired, in most cases with little or no programming 

required.  

• Designed to manage computations (via distributed computing) and data (via database 

capabilities) associated with complex modeling and analysis activities.  
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• Has been designed to run on multiple operating systems (e.g., Windows, Macintosh, 

UNIX, Linux) and is public domain and open source.  

• Finally, the framework is modular and follows an extensible object oriented design. 

 

The EPA, primarily in the air quality problem domain, has applied MIMS in a number of 

studies [55]. MIMS provides the ability to link different environmental quality models in one 

integrated modeling scenario to support better understanding of cross-media pollutant 

transport. In watershed management, this functionality has a very useful application in, for 

example, streamlining the linkage between watershed models, and receiving water body 

models in studies to determine the Total Maximum Daily Load (TMDL). MIMS relies on a 

number of abstractions regarding models to make the framework generic and model 

independent. Fig. 5.1 illustrates some of the key features/capabilities of MIMS, which are 

discussed below.  

Figure 5.1 . Hierarchy of MIMS components within the MIMS database. 

2.1 MIMS Database 
MIMS’ database capabilities build upon the notion of a MIMS ‘Project’, which is the 

outermost container for all of the components in MIMS. Within the MIMS Project are 

various modeling ‘Scenarios’, which describe how the various models communicate and the 

details of, generally, a single execution or model run. Scenarios are recorded in the database 
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at a level meaningful to the user and above that of raw model inputs and outputs. As such, the 

database supports experiment management and parameter tuning. In a MIMS modeling 

Scenario the models do not communicate directly with each other or other MIMS modules, 

but communicate through what are referred to as Domain Objects. 

2.2 Domain Objects 
Domain Objects are representations in the framework of some real-world item being 

modeled. Domain Objects often represent the part of the environment to be modeled (e.g., a 

watershed or a river) and contain information about it, in terms of Parameters, and behaviors, 

in terms of Processes [54]. Examples of Processes that might be implemented by a 

Watershed Domain Object include generating rainfall runoff, or generating pollutant loads. 

Legacy models often implement processes as illustrated in Fig. 5.2. Legacy codes are 

existing, validated and trusted computer programs that often cannot be rewritten to interface 

cleanly with or run in a new computer environment [46]. For example, the user might select 

the Storm Water Management Model (SWMM) [56] or the Hydrologic Simulation Program-

FORTAN (HSPF) [57] to implement ‘Watershed’ Domain Object’s Processes. Processes are 

implemented via Modules in MIMS as discussed below. 

Figure 5.2 . Legacy models often provide functionality to the various processes associated with a given 

‘Domain Object’ in MIMS. 
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2.3 Modules 
Modules are often programs to be executed within MIMS [54]. For example, legacy codes 

are often used to implement the processes defined by a Domain Object and Modules might 

be called ‘wrappers’ around the legacy codes. In such a case, Modules contain all of the 

information necessary to execute the model, such as the path to the executable, the name of 

the input and output files, etc. The Module would also contain a list of input or output 

parameters to the model. Within the framework it does not matter what computer models are 

being used as long as they meet the user-specified protocol for communication between the 

domain objectives via the parameters in MIMS. As a result, a modeler may replace one 

model with another implementation of the associated process without affecting other models 

in the Scenario [55]. 

2.4 Parameters 
A MIMS Parameter is any data, metadata, or placeholder that defines a domain object and 

determines (or limits) its performance and serves as a standard for any information about that 

Domain Object [55].  Within the MIMS Framework, parameters provide the input, output, 

and operational configuration of a domain object and examples include: 

• Integers and floating point numbers describing physical phenomena, 

• Files with input data, 

• Time steps, 

• File names for output data, 

• Geospatial data set, 

• Geographic projection, and 

• Choice of chemical mechanism [58]. 

 

In addition to the parameter types listed above, MIMS provides the ability to pass Parameters 

between Objects and construct new parameters that are defined by complex functions of 

other parameter values using a scripting language. This powerful functionality is useful in the 

definition of parameters that customize a watershed management-modeling scenario. For 

example, one might be interested in the overall construction cost of given a drainage network 

as one analyses its various performance characteristics during the planning process. New cost 
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parameters could be defined in terms of model variables of pipe diameter and length, for 

example, to calculate overall system cost. This value would be updated continuously as 

modifications to the implementation details of the given modeling scenario were made. 

 

2.5 Framework Objects 
Framework objects are similar to domain objects except that they do not represent anything 

that exists in the real world, but rather typically represent computational functions [58]. In 

the context of the current paper, framework objects consist of the various Scenario iterators 

to perform optimization and uncertainty analysis. 

 

The current status of MIMS, software downloads, and documentation is available at 

http://www.epa.gov/asmdnerl/mims/index.html. 

3.0 Design and Implementation 
The Urban Watershed Decision Support System is designed to be a generic and extensible 

computational framework within which to perform a variety of model-based systems 

analyses. The tool is designed for the experienced modeler, who is somewhat proficient in 

MIMS, but likely does not have sufficient expertise to implement their own systems analytic 

software. Anticipated users of the software include urban watershed modelers who routinely 

perform modeling studies to support watershed management planning and implementation. It 

is hoped that such users will recognize the benefits of the powerful model coupling, 

optimization, and uncertainty analysis tools and will, therefore, be willing to learn the 

rudiments of MIMS sufficient to execute their watershed models therein and thus take 

advantage of the developed tools. The developed Urban Watershed Decision Support System 

includes the following components: 

 

• Project/Scenario Management Capability – provided by the underlying MIMS 

database as described above. 

• Model Parameter Management Capability – the ability to screen out specified 

model parameters, so one can focus on those of interest in a complex system. 
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• Optimization Tools – a suite of powerful optimization tools are provided that have 

been implemented in a generic and extensible fashion to function with any modeling 

scenario developed in MIMS. The optimization tools all meet the same standard 

protocol for interacting with MIMS modeling scenarios, so the user has no additional 

burdens to use the suite of tools. 

• Uncertainty Analysis Tools – multiple sampling procedures, and post-processing 

analysis tools are available and are designed to function generically with any 

modeling scenario. 

• What-If Analysis – tool supports the ability for the user to incrementally modify 

model parameters, execute the modeling scenario, and explore the associated effect 

on the various outputs of interest. 

3.1 Software Design Overview 
The developed software is fully object-oriented, coded in Java, and designed to be extensible. 

Information flow between the major software elements is illustrated in Fig. 5.3. A graphical 

user interface (GUI) was developed to support the ability to generically define optimization 

and/or uncertainty propagation analysis problems and to otherwise allow the user to interact 

with the various tools. The MIMS_Controller class provides communication between the 

GUI and the rest of the software package, thus isolating the GUI from the rest of the 

software. In this way, future development of the GUI can continue with little danger of 

otherwise disrupting other elements of the overall software package. Meanwhile, the 

MIMS_Driver class orchestrates information flow and event handling between MIMS and 

the various other software elements. As a result of this design, the optimization tools have 

been designed to be fully functional in a stand-alone mode that has no dependencies on 

MIMS. This was a conscious design decision as it was recognized that some optimization 

problems were relatively straightforward and would not require the powerful model coupling, 

distributed computing, etc. capabilities of MIMS. Furthermore, this allows developers who 

are unfamiliar with the coding details of MIMS, which is relatively complex; to more easily 

contribute to ongoing improvements/additions to the optimization software libraries 

themselves. The uncertainty tools, meanwhile, are more tightly coupled with MIMS and 

cannot function presently in a stand-alone mode in the absence of MIMS. In this design, 
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MIMS is called on to perform various modeling functions as needed to perform the various 

analyses. The following Sections discuss the major software components of the overall 

framework. 

 

Figure 5.3. Information flow between various software elements of the Urban Watershed DSS. Italics indicate 

Java classes, while the underlined element indicate Java packages. 

3.1.1 Main Graphical User Interface 

The main graphical user interface (GUI) has two major components: (1) a ‘Scenario Wizard’, 

and (2) a ‘Tabbed Panel.’ The Scenario Wizard, Fig. 5.4, provides access to MIMS’ database 

functionalities including deleting, duplicating, and opening Scenarios. The ‘View/Edit’ 

button allows the user to input a text description of the selected Scenario. From the ‘Wizard’, 

the user selects the MIMS Scenario to be analyzed. After opening a Scenario, the ‘Tabbed 

Panel’ appears, as shown in Fig. 5.5, providing the user with access to the various Urban 

Watershed Decision Support Tools.  
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Figure 5.4. The ‘Urban DSS Wizard’ provides access to the various MIMS scenarios stored in the MIMS 

database. The user may perform various database management functions from this screen, including opening 

and scenario and launching the tool from this wizard. 
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Figure 5.5. The ‘Tabbed Panel’ provides access to the various tools in the Urban Watershed Decision Support 

System. The ‘Scenario’ panel provides a view of the MIMS Scenario’s inputs and outputs. From this panel, the 

user may remove parameters from further viewing to focus on only those parameters of interest at that time. 

 

The Tabbed Panel has a separate tab for each of the major activities to be undertaken by the 

typical user of the tool: 

 

• Scenario – The panel under this tab provides the user with the ability to edit the open 

MIMS Scenario. For a complex modeling scenario, the user may ‘screen out’ selected 

parameters so that they do not appear in the GUI with the ‘Filter’ button (Fig. 5.5). In 

this way, the user can focus their attention on only those parameters of interest at that 

time. Note that these parameters are not changed or deleted from the underlying 

MIMS modeling Scenario and are still available following the ‘screening’ process 

(via the ‘Unfilter’ button). 
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• ‘What If’ – The panel under this tab allows the user to interact with the Scenario by 

(1) editing the various parameter values, (2) executing the scenario, and (3) viewing 

the updated output values. This tab is also used to display results of the optimization 

analysis as discussed below. 

• Uncertainty – The Uncertainty panel is used to define an uncertainty analysis by (1) 

selecting a sampling procedure, (2) specifying the number of realizations to be 

executed, and (3) specifying the sampling distributions on the various inputs. A 

toolbar menu option provides access to a suite of powerful uncertainty analysis tools, 

as discussed below. 

• Optimization – The Optimization panel provides an interface for the optimization 

engine where the user can specify all of the information necessary to perform such an 

analysis; (1) specifying the search procedure, (2) specifying the associated search 

parameters, and (3) encoding the mathematical programming model. 

 

In addition to the various tabs, which contain analysis-specific information, the GUI also 

includes a menu bar for access to features that are independent of the specific analysis. For 

example, there is an option on the menu bar labeled ‘Execute’ as shown in Fig. 5.5. This 

menu contains a command that will initiate the current analysis, if fully defined, regardless of 

whether one is performing ‘What-If’, optimization, or uncertainty analysis. Other menu 

options include file management features, analysis post-processing tools, and a help menu 

(including a User’s Guide). 

3.1.2 Optimization Component 

The optimization package implements a number of global search heuristics all operating 

under a common interface such that they can be used interchangeably. Supported single-

objective optimization procedures include the following: 

• Simple genetic algorithm (GA) - GA’s are a class of stochastic, global search 

techniques that simulate processes of natural selection and reproduction in a 

population of potential solutions in order to ‘evolve’ solutions to complex 

mathematical programming models. The benefit of such an approach is that no 

derivative or gradient information is required to find optimal solutions to a given 
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problem. As a result, GA’s are often coupled with complex simulation models of 

water resources systems during the search process to evaluate the ‘fitness’ of a given 

solution. Traditionally, the simple GA only coded decision variables with binary 

arrays. Real-valued codings are supported in this implementation. 

• Simulated Annealing (SA) – An optimization strategy based on thermodynamic 

evolution, which works with one trial solution and generates a new solution by means 

of a variation (or mutation) operator. The new solution is always accepted if it 

represents a decrease of energy, and it is also accepted with a certain parameter-

controlled probability if it represents an increase of energy. The control parameter (or 

strategy parameter) is commonly called temperature and makes the thermodynamic 

origin of the strategy obvious [59]. 

• Evolutionary Strategy (ES) – Evolutionary strategies are similar to GA’s except that 

they normally employ real-value parameters to define the solutions and stress 

mutation over genetic crossover as the primary driver for finding new solutions. 

• Hybrid GA – The Hybrid GA combines a Simple GA with the Nelder-Mead Simplex 

Algorithm [60], a numerical search technique. GA’s are often coupled with classical 

gradient search methods to facilitate local search at various times during execution of 

the hybrid algorithm. In this implementation, a GA’s population is used periodically 

as the basis for the formation of a Simplex from which a number of “pattern moves” 

are executed with the goal of finding local optima [61]. The improved population is 

then passed back to the GA and the global search is continued until some stopping 

criterion is met. 

 

Global search heuristics require multiple evaluations via the modeling scenario, which can 

lead to long computer run times. This problem can be overcome in the framework by taking 

advantage of MIMS distributed computing capabilities to split up the evaluations amongst a 

network of available PC’s. In addition to the single objective search procedures described 

above, the tool also includes the Nondominated Sorting Genetic Algorithm-II (NSGA-II) and 

the Hypervolume Maximizing Multiobjective Evolutionary Algorithm (HM2EA) for 

performing multi-objective analysis [26] as described in Chapter 3.  



 106

 

In addition, the tool supports the Niched Cooperative Coevolutionary Algorithm (NC2A) for 

performing Modeling to Generate Alternatives (MGA) [62]. MGA provides a means for 

considering unmodeled objectives by systematically exploring the decision space [3-6]. In 

public systems decision-making, the ability to identify “good” alternatives is important as it 

is often infeasible to implement the mathematical optimum obtained based on the models that 

are inherently incomplete and exclude unmodeled objectives. These alternatives should be 

maximally different in the decision space while performing well with respect to the modeled 

issues. These alternatives with different design features are expected to perform differently 

from one another with respect to the numerous unmodeled issues, thus providing decision-

makers a means of considering them. NC2A is a new multi-population, co-evolutionary 

approach to performing MGA described previously in Chapter 2. In the current 

implementation, the user specifies the number of alternatives desired and the tolerance on the 

objective function values such that the alternatives may be considered ‘good’ with respect to 

the mathematical programming model. Following execution, the optimal and all alternatives 

are displayed in a table side-by-side in the ‘What-If’ Panel. 

3.2 Coding the Mathematical Programming Model 
One of the goals of the design of the optimization package was that it be generically 

applicable to any mathematical programming formulation. This presented a significant 

research challenge associated with the ability to link unknown model variables in a generic 

manner to unknown decision variables in a mathematical programming model that is not 

specified a priori. Two features unique to the Urban Watershed Decision Support System 

help to overcome this challenge.  

 

The first feature comes from the design of the optimization software package itself, and is 

referred to internally as a ‘widget.’ The role of the widget is to perform the translation 

between model variables and decision variables (i.e., the ‘coding’) and to also implicitly 

handle constraints on the decision variables, when appropriate. An example of such a 

translation might be associated with the diameter of pipes in a management scenario that 

seeks to minimize the cost of a piped drainage network, where a model is being used to 
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evaluate pipe capacity. In the mathematical programming model the diameters of the various 

model conduits are the decision variables. Meanwhile, not all possible positive real values 

are feasible values for pipe diameter, as pipes are only available in a set of standard 

diameters (e.g., 15”, 18”, 24”, etc.) in the real world. In this case, there is a one-to-one 

correspondence between the model variable (pipe diameter) and the pipe diameter decision 

variable. However, to capture the discreteness of the decision variable, it may be encoded in 

the mathematical programming model as a binary array as shown in Table 5.1, where each 

unique combination of binary elements in the array correspond to a different commercially 

available pipe diameter. The binary array exists only in the mathematical programming 

model, and has no meaning in the model. This “Pipe-Size Widget” performs this translation 

between the binary array decision variable and real-valued model variable.  

 

Table 5.1. Generic encoding of mathematical programming models is supported by the ‘widget’. 

EA Action Widget’s Role Pipe-Size Widget Example 
Generate Initial Population Define encoding of the various 

decision variables and associated 
mathematical programming 
constraints in the EA  

Pipe diameters are encoded as 
binary arrays of length 3, for a 
given pipe: 
 

Evaluate Fitness of Solution Convert decision variables to a 
format understandable by the model, 
so model may be run to evaluate 
solutions 

Translate binary array into its 
associated value understandable 
by the model: 

 
 

 

A complete description of currently supported ‘widgets’ follows: 

 

• Double Widget – This widget performs a translation between a double model 

variable and a real-valued decision variable. When this widget is selected, a GUI 

appears asking the user to set an upper and lower bound on the decision variable, thus 

setting an implicit constraint on the given decision variable. 

• Integer Widget – Similar to the “Double Widget” except for integer type 

decision/model variables. 

0 0 1 12” 
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• Pipe-Size Widget – This is a custom widget for water resources applications 

representative of a decision variable associated with the diameter of a circular 

conduit. In the model the pipe diameter is assumed to be a real variable with units of 

feet. The pipe sizes are constrained to be ones commercially available (i.e., 12”, 15”, 

18”, 21”, 24”, 27”, 30”, 33”, and 36”), hence the binary array encoding.  

• Storage-Routing Widget – This is a custom widget for water resources applications 

specific to the SWMM (version 5) model. This widget encodes decision variables 

associated with selecting whether or not a wet detention pond is installed at a given 

location. A GUI appears when selected where the user is asked for the following 

information (it is assumed that the reader is familiar with the SWMM model): 

o Storage Node ID – This input indicates the ID (in the SWMM model) of the 

storage node to be considered for implementation.  

o Bypass Node ID – This input indicates the bypass node a watershed will 

discharge to if no pond is selected at this location.  

o Flap Gate Name  – This input indicates the ID of the flap gate associated with 

the wet pond. Flap gates were included to prevent backflow from entering 

storage nodes that were not active and thus leading to erroneous results. 

• Land Use Widget – This custom widget for water resources applications 

representative of decision variables related to the percentage of a given set of land 

uses to allocate in a model subwatershed. This would be used in a pollutant-loading 

model, where loads are a function of land use, such as SWMM or the Hydrologic 

Simulation Program-FORTRAN (HSPF). The land use percentages are coded as an 

array of real values. The length of the array is equal to the number of land uses 

allowed by the model. Each value is a percentage of the watershed dedicated to the 

specified land use. Conservation of area is maintained implicitly by the widget. 

 

The ‘widget’ is a software construct and is easily extensible so that new widgets may be 

added as needed to support new mathematical programming model formulations. 
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The second device used to encode the mathematical programming model and to support the 

goal of making the developed optimization software generic relies on one of the features of 

MIMS Parameters discussed previously, namely the ability to construct complex functions 

based on model variables using MIMS’ scripting language. In this way, the user can 

construct custom objective(s) and constraint(s) based on their own unique design goals. In 

the current implementation, any parameter contained in an ‘Objective’ Domain Object will 

be recognized by the optimization engine as an objective to be optimized. Similarly, any 

parameter contained in a ‘Constraint’ Domain Objective will be treated as a constraint by the 

selected search algorithm. Fig. 5.6 illustrates a modeling scenario as viewed in MIMS with 

multiple domain objects. 

Figure 5.6 . View of the MIMS Scenario used as the basis of the Illustrative Case Study. The Scenario contains 

5 Domain Objects. The ‘Graph View’ illustrates the connectivity amongst the various domain objects, and the 

table at the bottom illustrates the various ‘visible’ inputs and outputs. Note the equations used to calculate total 

cost and total penalty (i.e., constraint violation) in the Parameter Table. 
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3.1.3 Uncertainty Analysis 

Uncertainty analysis plays an important, but under-utilized role in watershed model based 

management decision-making. Most watershed models utilize several parameters that require 

extensive calibration and are highly uncertain. These uncertainties are introduced due to 

factors like random and systematic measurement errors, or the reliance on other models or 

surrogate indicators. Uncertainty analysis in watershed management modeling has 

traditionally been weak due to a lack of (1) data, (2) appropriate computational tools, and (3) 

guidance and training [63]. Furthermore, there is the challenge of propagating uncertainty 

across model domains (e.g., from runoff stressor model to water body response model). For 

example, the ‘margin of safety” (MOS) in Total Maximum Daily Load (TMDL) studies is 

added to account for any lack of knowledge, or understanding of the relationships between 

pollutant loads and their associated water quality impacts. However, few TMDLs are 

accompanied by actual estimates of forecast uncertainty, instead conservative modeling 

assumptions are made or an arbitrary MOS is selected. Meanwhile, it is not known the degree 

to which these decisions increase the cost of implementation of the TMDL [53].  

 

A better approach (than conservative modeling assumptions) would be to perform 

uncertainty analysis which would improve the decision making process [53]. Risk is not 

evident from deterministic predictions of decision attributes. Decisions would be improved, 

however, if the decision makers have some idea of the range of possible outcomes from 

proposed pollutant reductions, the decision maker is likely to be better informed with risk 

assessment made possible through estimation of prediction uncertainty. As the tool builds 

upon MIMS, which supports model coupling , it is straightforward to propagate uncertainty 

across model domains. The uncertainty analysis tool in the Urban Watershed Decision 

Support System provides both Latin Hypercube and Monte Carlo sampling methodologies. 

Furthermore a variety of sampling distributions are supported. Finally, the tool supports the 

following post-sampling data processing capabilities: 

 

• Graphical Plots – Tool supports the ability to plot the resultant realization data in a 

number of forms including the CDF, PDF, and histograms. The data is also provided 

in tabular format. 
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• Uncertainty Importance Plots/Tables – This feature provides information regarding 

the relative contributions to uncertainty provided by all the various uncertain inputs 

via a correlation analysis [64]. A high positive value (i.e., correlation approaching 

one) indicates a positive correlation between the specified input and the given output. 

In order to improve overall model results, the user may then focus efforts on refining 

those parameters with the highest correlation coefficients that are, therefore, the ones 

most responsible for output uncertainty. 

• Exceedence Probability – This feature calculates the probability (risk) that a given 

output exceeds a user-specified value, based on the realization data obtained. 

 

In addition, the tool supports the ability to export the realization data to a comma separated 

text file for import to spreadsheets or other statistical analysis software of familiarity to the 

user. 

4.0 Demonstrative Case Study 
This Section presents a sequence of user interactions with the Urban Watershed Decision 

Support System designed to demonstrate most of its current functionality and an example 

potential usage. The goal of this illustrative case study is to design a cost-effective system of 

pipes and dry detention ponds that will convey runoff generated by a design storm event 

while maintaining a specified surplus conveyance capacity for a proposed multi-parcel 

residential development tract while also considering the implications of low impact 

development (LID). This example illustrates the generation of stormwater runoff from 

multiple model subwatersheds for a single design event and the associated routing through a 

simple drainage network including storage elements. The example watershed used in the 

problem is based on the tutorial model provided with EPA’s newly redeveloped Storm Water 

Management Model (SWMM) [17]. SWMM is a commonly used design tool for urban 

drainage systems due to its ability to simulate stormwater runoff and predict time-varying 

flows, velocities, and stages throughout a given drainage network.  

 

The user begins by performing optimization to find the least-cost network. With the optimal 

solution in hand, the user elects to explore minor modifications to this solution through 
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“What If” analysis. Satisfied with the selected alternative, the user performs an uncertainty 

analysis to evaluate the robustness of the selected alternative.  

4.1 Description of the Hypothetical Case Study 
The example watershed is shown in Fig. 5.7 and includes eight subwatersheds (labeled A 

through H) with a total drainage area of 71 acres. All subwatersheds exhibit 50 percent 

imperviousness, except F, G, and H, which are exhibit 10 percent imperviousness. The model 

includes 14 circular pipes, and drains to pipe 9 (i.e., bottom of Fig. 5.7). The connectivity of 

the network is fixed in this illustrated case study, thus the length of a given pipe remains 

constant in this model implementation.  

Figure 5.7 . Model watershed used in the illustrative case study, as represented in the SWMM Version 5.0 GUI. 

The potential model subwatershed locations for dry detention are shown as circles. 

 

After establishing the layout of the proposed pipe drainage network based on site topography 

and the proposed location of roads and other features, the design process involves the 

selection of sizes of the various components of the proposed drainage network while 
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considering watershed hydrology and peak flow routing corresponding to an appropriate 

design storm event for the proposed development. The minimum standard pipe sizes to 

convey the given design storm event at a desired level of surplus conveyance capacity are 

identified, typically through a trial-and-error process. In this case, optimization via a Simple 

GA will be used to find this least cost network. Constraints will be set on the maximum 

capacity of the various conduits under peak flow conditions as reported by SWMM during a 

24-hours simulation (including 6-hours of rainfall) so that a surplus 50 percent of the pipe’s 

full capacity is maintained.  

 

Land development inevitably alters the hydrology of the watershed with detrimental impacts 

on the functioning of receiving streams [39]. To address this concern, many localities require 

that new development reduce post-development peak flows to levels similar to what existed 

prior to development. This is to be achieved by incorporating various watershed management 

practices into the development process, in this example. In this example, these management 

practices include both a structural best management practice (BMP), storm water detention, 

and a non-structural BMP, Low Impact Development (LID) practices. 

 

Dry detention ponds are modeled as SWMM storage nodes with orifice-type outlets. It is 

impractical to construct dry detention facilities in small watersheds as the outlets are 

necessarily very small and are prone to clogging, therefore, dry detention was only an option 

in those five subwatersheds whose drainage areas were greater than or equal to 10 acres. In 

addition to selecting the pipe diameters, and the location and size of dry detention facilities, 

LID allocation is allowed to vary in the case study. In practice, LID relies on a suite of 

various management practices in the watershed that function together to provide water 

quality controls and to mitigate runoff volumes and peak flows. Examples of LID practices 

include bioretention, dry wells, filter or buffer strips, grassed swales, rain barrels, cisterns, 

and infiltration trenches [18]. These practices have the effect of increasing the initial 

abstraction of the watershed, thus altering its hydrology. In this case, LID was simulated 

implicitly in SWMM using the pervious and impervious depression storage lumped model 

parameters to represent a combination of LID practices in the watershed. The amount of LID 
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to be implemented at the subwatershed level is allowed to vary between 0- and 0.45-inches. 

However, watershed-wide LID storage is constrained to be less than or equal to 0.20 

watershed inches. Additional constraints are set on the maximum depth of water in the dry 

detention ponds (i.e., 6 feet), and on the maximum continuity error of the model execution (5 

percent), to eliminate unstable model results from the search. The detailed formulation of the 

mathematical programming model is provided in [62] and Chapter 2. 

4.2 Creating the Modeling Scenario in MIMS 
In order to utilize the Urban Watershed Decision Support System, one must create a 

modeling Scenario using MIMS. For this illustrative case study, such a MIMS modeling 

Scenario was created based on the tutorial model (i.e., “Example1”) provided with SWMM 

Version 5, and is shown in Fig. 5.7. Detailed steps for creating a similar Scenario are 

provided in the Appendix to this document. This involves various steps including specifying 

the model executable, defining appropriate Domain Objects and Modules, and making 

appropriate model parameters visible at the Scenario level. In this case the user would define 

the following SWMM model parameters in MIMS: pipe diameter, pond surface area, pipe 

Manning’s roughness, impervious storage, pervious storage, watershed outlet ID, and pond 

flap gate ID and associated flap gate setting. In this formulation flap gates are used to 

hydraulically isolate potential pond locations, and their associated storage volume, from the 

rest of the system when the decision vector indicates they are not active. It is also necessary 

to define constraints and objective parameters. In this example, in order to facilitate 

optimization, the user has also defined Domain Objects associated with total pipe cost, total 

pond cost, and any pipe capacity constraint violations as shown in Fig. 5.6. Cost functions for 

pipes and dry detention used in the case study are based on those provided by [19]. The cost 

of the dry detention ponds is a function of their volume, which is calculated by multiplying 

the surface area decision variable by the maximum depth reported by SWMM in the given 

pond during routing of the design storm. The total cost of the pipes is a function of their 

selected diameter and length. Cost of LID was not explicitly considered in this illustrative 

case study. 
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Once the Scenario is created, the user executes the Urban Watershed Decision Support 

System and the ‘Scenario Wizard’ appears (Fig. 5.4). The analyst selects the newly created 

Scenario from the list of available MIMS Scenarios in the Wizard and clicks the ‘Open’ 

button, which launches the ‘Tabbed Panel’ (Fig. 5.5).  

4.3 Defining and Executing an Optimization Scenario 
Once the tabbed panel appears, the user selects the tab labeled ‘Optimization’ to setup the 

analysis. From here the user has the ability to select the optimization algorithm to be used via 

the combo-box labeled algorithms at the top of the panel as shown in Fig. 5.8.  

For the illustrative case study, the user would select ‘Simple GA’, but options exist for all of 

the optimization techniques described above. Once the search type has been selected, the 

central table is updated and lists the various ‘Simple GA’-specific parameters, which may be 

modified prior to execution. For the ‘Simple GA’ case the user may modify the following 

search related parameters (It is assumed here that the reader is familiar with GA’s, their 

parameters, and associated operators): 

 

• Random Number Seed  

• Population Size  

• Maximum Generations  

• Selection Probability (in percent) 

• Crossover Probability (in percent) 

• Mutation Probability (in thousandths) 
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Figure 5.8 . The optimization panel is used to set up an optimization analysis and indicates the various options 

related to the search procedure being used. 

  

The optimization engine was designed with flexibility in mind such that different 

implementations of the various GA operators are supported. In this way, operators may be 

selected that perform best for a given problem formulation and future users may add their 

own operators conveniently, which would then be supported by the GUI. The currently 

implemented GA operators include: 

 

• Selection Operators  - Binary Tournament, Stochastic Universal Selection, and 

Constraint-Based Tournament are all supported and may be used interchangeably. 

• Crossover Operators  - One Point Crossover, Simulated Binary Crossover, and 

Uniform Crossover are all currently supported and may be used interchangeably. 

• Mutation Operators  - only one mutation option (random) is currently supported. 
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If any of the selected custom operators require additional parameter settings, they appear in a 

table at the bottom of the panel labeled “Minor Parameters” as shown in Fig. 5.8. The analyst 

may set them accordingly therein. In addition, this table also includes a parameter setting for 

the maximum number of generations without improvement, which, in conjunction with the 

specified maximum number of generations, is used as stopping criteria for the simple GA. 

 

The next step is to define the mathematical programming model to be used to solve this 

optimization problem. Recall that in this case we are seeking the least cost system of pipes 

and ponds for this drainage network. The objective, therefore, is the overall system cost, and 

it was defined in MIMS via the visible output parameter labeled ‘Objective’ as shown in Fig. 

5.6. The constraints associated with pipe capacity and maximum depth in the various dry 

detention ponds were defined by the creation of an appropriate Domain Object in MIMS (i.e., 

‘Constraints’). By using MIMS parameters to define some elements of the mathematical 

programming model, the developed search procedures are effectively de-coupled from the 

problem being solved, and thus are highly generic in their application. However, at this point 

it is still necessary to define the various required translations between model variables and 

decision variables via ‘widgets’. 

 

To begin to define the ‘widgets’ the user pushes the button labeled ‘Set Optimization 

Encoding’ on the Optimization panel (Fig. 5.8). The Optimization Sub-Panel appears as 

shown in Fig. 5.9 and the user would first make a selection indicating whether the search is 

to minimize or maximize the objective value. The central table contains a list of all model 

variables. The user is required to define a widget for each model variable by accessing the 

pull-down menu for each model variable located in the adjacent cell in the column labeled 

‘Set Widget’. Each widget has its own custom GUI that will then appear prompting to user to 

specify additional information. For example, the ‘Double Widget’ will require the user to 

specify the maximum and minimum value for this model/decision variable. The user can 

select the ‘Show’ button at any time to view the details of the widgets specified thus far for 
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error checking. Once all the ‘widgets’ are defined, the analyst would press the ‘OK’ button to 

close the Optimization Sub-Panel and set the widgets.  

Figure 5.9 . The optimization sub-panel is used to define the mathematical programming model to be solved 

including specification of the search sense (i.e., minimization or maximization) and the ‘widgets’ to be used to 

encode/translate decision/model variables. 

 

Defining the widgets is a necessary but somewhat time-consuming activity. In order to avoid 

performing this activity repeatedly, the GUI provides an option under the ‘File’ menu option 

(located in the Menu bar of the GUI) to ‘Save Optimization Parameters/Results’. This menu 

option would be selected at this point to save the widget settings. The analyst is asked to 

specify the filename and location to store the optimization parameter settings. This menu 

option can be used again later to save the results of the optimization analysis once they are 

ready. In this way, the user can later load in optimization settings/results for further analysis. 
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Once all necessary parameters are specified, the user may execute the uncertainty analysis 

via the ‘Execution’ menu option located in the Menu bar. A progress graph of average 

population fitness and the fitness of the elite solution versus current generation appears to 

indicate the current state of the search (Other search algorithms will necessarily generate 

progress plots with different progress information). Once the optimization search is 

complete, details of the optimal solution are presented in the “WhatIf Panel”, which is 

updated with the results of the search. The user would then examine this table to view the 

details of the best solution found. 

 

The least-cost solution for this problem is presented graphically in Fig. 5.10. Summary 

information regarding the least cost solution is provided in Table 5.2. The least-cost solution 

found only one detention pond to be cost-effective and it is located in model subwatershed A, 

one of the most upstream watersheds. Pipe diameters generally increase as one moves 

downstream through the network, as expected. Implementation of LID practices varied 

across the model subwatersheds, but the watershed-wide total LID storage met the specified 

constraint value of 0.25 watershed inches. All other constraints on model continuity error; 

pipe capacity and maximum pond depth were also met as summarized in Table 5.2. 

 

Table 5.2. Details of the Least Cost Drainage Network 

Item Description Value 

Total Pipe Cost 
Total Pond Cost 
Total Cost 
Total LID Storage (watershed inches) 
Max. Peak Flow Capacity (pipe) 
Flow Continuity Error 
Max. Pond Depth 

$147,793 
$20,951 

$168,744 
0.20” 

50% (16) 
0.006% 
3.85 ft 
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Figure 5.10. Results of the optimization analysis are presented graphically here thematically (thicker lines are 

larger pipes). Pipe diameters increase as one moves downstream. One pond was activated in the most upstream 

watershed A. 

4.4 ‘What-If’Analysis 
After examining the details of the optimization analysis, the analyst may find that some 

feature of the ‘optimal’ solution is undesirable to the decision-maker. In real-world decision-

making there are often factors that cause an optimal solution to become either infeasible or 

impractical because they either are not or cannot be modeled explicitly via an optimization 

algorithm. However, the optimal solution still has tremendous value and may yet serve as an 

excellent starting point for further consideration.  

 

For example, the least-cost solution included only one active pond of the five potential pond 

locations as shown in Fig. 5.10. Considering this, the landowner or other decision maker may 

ask whether the single pond is really necessary out of concern regarding the associated loss 

of developable land or the long-term maintenance requirements of the pond. Via the What-If 

panel, the analyst can modify the model variables associated with the pond to hydraulically 
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isolate it from the network (i.e., watershed outlet ID, and flap gate settings). Following these 

modifications, the user can execute the model scenario from the ‘What-If’ Panel and 

determine what effect this has on model results as shown in Fig. 5.11. The ‘What-If Panel’ 

may be used to examine the details of a modeling scenario or the results of an optimization 

analysis. The user may also make incremental changes and execute the model to see what 

effect is had on outputs. In this case, the total system cost is found to decrease to $147,793 

due to the elimination of the pond, but there are also capacity constraint violations, indicating 

that this new configuration is infeasible and that the pond is a necessary component of the 

drainage network in order for it to function as required. 

Figure 5.11. The ‘What-If Panel’ is shown where the outputs, in this case, are the total cost of the drainage 

network (i.e., “Objective”) and the magnitude of constraint violations (i.e., “Total_Penalty”). 

4.5 Uncertainty Analysis 
After performing the optimization analysis to identify a least-cost solution that meets the 

specified performance criteria, and incrementally modifying the solution to explore the 
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implementation details and associated flexibility, a drainage network has been identified for 

implementation. Recognizing that uncertainties exist in model parameters used as the basis of 

the analysis and prior to final selection (i.e., design and construction), the Engineer asks 

whether the reliability of the selected system can be evaluated. This question can be 

answered via an uncertainty analysis. The hydrologic and hydraulic SWMM model 

parameters listed in Table 5.3 are identified as being uncertain. Table 5.3 provides the default 

value used in the optimization model and the identified feasible range of each parameter. 

 

Table 5.3. Uncertain Parameters in the SWMM Model 

Range Parameter Units Default Value 
Min. Max. 

Manning’s n (Pipes) 
Pervious Area Manning’s n 
Impervious Area Manning’s n 
Initial Soil Infiltration Rate 

None 
None 
None 
In/hr 

0.01 
0.07 
0.012 
3.0 

0.01 
0.045 
0.011 
2.0 

0.013 
0.09 
0.013 
4.0 

 
 
In order to perform the analysis at this point, the analyst selects the ‘Uncertainty’ tab and the 

Uncertainty Panel appears as shown in Fig. 5.12. The ‘Uncertainty Panel’ may be used to set 

up an uncertainty analysis. From this panel, the user indicates the sampling procedure, the 

number of realizations to be executed and the distribution associated with each of the 

uncertain model inputs. At this point in the demonstration, all of the decision model inputs 

associated with decision variables are set based on the results of the optimization analysis as 

discussed above. The remaining model inputs are set to their default values as listed in Table 

5.3. As it is the model inputs other than those associated with decision variables that are to be 

treated as uncertain in this analysis, the user is encouraged to ‘screen out’ the decision 

variables via the ‘Scenario’ panel, or to create a new MIMS Scenario whereby these 

variables are not visible at the Scenario level (i.e., remain at the Domain Object level). 
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Figure 5.12. The ‘Uncertainty Panel’. 

 

Both Monte Carlo and Latin Hypercube sampling techniques are available and either may be 

selected. In addition, the realizations to be executed may be set. In this example, Latin 

Hypercube is the selected sampling procedure and the number of realizations is set to 100. 

The panel contains a table listing all of the model inputs. The user must specify the sampling 

distributions for each uncertain parameter by clicking in the column labeled ‘Distribution’ 

next to the parameter name. A selection box appears listing the currently supported sampling 

distributions. The uncertainty analysis engine is designed to be extensible, so new sampling 

distributions may be added relatively easily. For this example, a uniform distribution was 

assumed for all visible inputs with the minimum and maximum values for each the same as 

that shown in Table 5.3. 
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Once all of the distributions have been specified, selecting the ‘Execute’ menu option begins 

the analysis. A progress bar appears to indicate the percentage of realizations completed. 

Once all realizations have been executed, as indicated by the progress bar, the user may 

query the generated realization data to answer various question by selecting the ‘Uncertainty 

Post-Processor’ option in the ‘Tools’ menu. A new GUI then appears as shown in Fig. 5.13. 

In order to answer the hypothetical Engineer’s question, the analyst would use the “Calculate 

Exceedence Probability” feature for each conduit based on a 50 percent exceedence value. 

This information is summarized for all model conduits in the fourth column of Table 5.4. By 

exporting the realization data to a spreadsheet, via the File menu, the user can further process 

the realization data to determine that the probability of any single conduit’s capacity 

exceeding 50 percent, given the uncertainty in the model input parameters, is relatively high 

at 90 percent. While the designed system performed well for the selected storm event, little 

reserve capacity remains for larger storm events as might be anticipated as the results were 

obtained via cost minimization optimization analysis. 

 

The tool can also be used to summarize the data by generating various plots that may be of 

interest as shown in Fig. 5.13. The ‘Uncertainty Analysis Post-Processor’ encourages the 

user to interact with the realization data generated by the Uncertainty Analysis Tools in 

multiple ways. In this example, the user has selected a Histogram Chart of the realization 

data for the percent full output parameter for model conduit number 9. In addition, the user 

has calculated the probability of the pipe capacity in conduit 1 (highlighted in the list in the 

upper left-hand corner) exceeding 50 percent. Based on this information, it may be decided to 

upsize some of the critical conduits (6, 8, 9, 12, and 16) to provide improved overall system 

reliability. 
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Figure 5.13. The ‘Uncertainty Analysis Post-Processor’. 

 

 

Table 5.4. Results of the uncertainty analysis on the probability of pipe capacity exceeding 50 percent (the 
design constraint) for the least cost drainage network. 

Model Conduit 

 

Pipe Diameter 

(inches) 

Peak Percent 

Full 

Probability 

Capacity 

> 50 Percent 

Full 

1 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 

12 
12 
15 
18 
24 
24 
30 
30 
27 
15 
30 
15 

20 % 
21 % 
7 % 

49 % 
28 % 
50 % 
49 % 
45 % 
8 % 

49 % 
31 % 
31 % 

0 % 
0 % 
0 % 

26 % 
0 % 

42 % 
36 % 
0 % 
0 % 

30 % 
0 % 
0 % 
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15 
16 

30 
30 

44 % 
50 % 

0 % 
49 % 

System-wide Failure Probability= 90 % 

 

5.0 Final Remarks 
This Chapter discusses a prototype computer-based decision support system for watershed 

management. The framework has been designed to provide those involved in the 

development of watershed management strategies access to numerous powerful systems 

analytic tools without constraining them in the models that may be used, or in the 

formulation of the mathematical programming models to be solved. Furthermore, the 

framework seeks to minimize the intellectual burden on the analyst with respect to the 

various supported state-of-the-art systems analytic tools available to aid watershed 

management. The prototype framework leverages the capabilities of EPA’s Multimedia 

Integrated Modeling System (MIMS) to form a suite of generic systems analytic tools that 

may be used with one or more computer models concurrently, as the watershed problem to be 

addressed dictates. The resultant framework streamlines many of the activities necessary for 

prudent watershed management, such as the management of modeling scenarios, the efficient 

generation of good alternatives and the estimation of system uncertainties. 

 

The primary components of the design of the Urban Watershed Decision Support System 

were described. These components include tools to perform uncertainty analysis, what-if 

analysis, single-objective optimization, multi-objective optimization, and modeling to 

generate alternatives (MGA). The tool also includes user-friendly graphical interfaces. The 

framework is designed to be flexible, as all features will interact equally well with any MIMS 

modeling scenario, and extensible, as new features to address future problems may be added 

with relative ease.  

 

A relatively simple case study in watershed management was presented that illustrated many 

of the developed tools. Optimization via a genetic algorithm (GA) was used to find a least-

cost system of pipes and dry detention ponds for a hypothetical urban watershed, subject to 

numerous performance constraints. The tool provided the capability of summarizing the 
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solution in tabular format to aid decision-making. Furthermore, the user performed a "what-

if" analysis where the optimal management strategy was modified and evaluated relative to 

concerns that might be expressed by a hypothetical decision-maker. A simplified uncertainty 

analysis was performed to evaluate the robustness of the selected strategy. 

 

Further development of the tool is ongoing.  Future work with the tool includes the 

implementation of a more complex real-world total maximum daily load (TMDL) case study 

for the Rouge River watershed in Michigan. This case study includes linked SWMM and 

WASP models to simulate pollutant loadings, and water body response respectively. In the 

current prototype it is necessary for the potential user to be somewhat proficient in the use of 

MIMS. Future work will explore minimizing this requirement, especially as it relates to users 

familiar with models similar to SWMM and WASP. Finally, the framework will continue to 

provide a set of core functionalities useful in the refinement of existing systems analytic 

techniques and the development of new techniques. 
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8.0 Appendix: Steps That A SWMM Version 5.0 User Would Take To 
Create a MIMS Modeling Scenario 
 

1.) User would need to run MIMS and open the MIMS project containing various templates 

and example problems (available from the Authors). 

2.) Open the template SWMM default external module (DEM) in MIMS that performs the 

runoff process. 

3.) Edit the execution path if they want to use a different executable or if it is located at a 

different location on their machine. 

4.) Edit the control file by flagging all of the visible inputs they want to include in 

subsequent analyses. An example of a flag would be ${str("Outlet_1")} for a watershed 

outlet node ID. 

5.)  Add each of the visible inputs to the parameter table by clicking the “+” button and 

entering the visible input name, which is the same as that given in the flagged control 

file (e.g., “Outlet_1”). They also must indicate the parameter type, most of the model 

parameters will be floating point type. Close the default external module window in 

MIMS. 

6.) Perform steps 4 and 5 again for the output file. Flag all outputs that are to be visible in a 

previously executed output file, and add the visible outputs to the template DEM that 

performs the SWMM post-process. 

7.) Open our template “Watershed” domain object in MIMS. Execute the Parameters->Copy 

From Module Menu option and select the DEM that was edited in Step 5 above. Repeat 

this step for the DEM created in Step 6. This copies the selected model parameters to the 

domain object. 

8.) Create a new MIMS Scenario by hitting the “New” button 

9.) Add the “Watershed” domain object. 

10.) Right-click on the runoff process in the watershed domain object and select appropriate 

DEM. A new MIMS GUI will appear, hit the “Create Connections” button. Repeat for 

the post-process DEM. 
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11.) Scenario is more-or-less ready to execute. In order to execute in MIMS must first 

provide default values for all of the “visible inputs”. Right now the default parameter 

values must be set in MIMS in order for our GUI to read the Scenario correctly. This can 

be changed so that the user can provide default values in our GUI directly, if desired. 

 

Note that many of the widgets and distributions, etc. needed to perform various analyses are 

available in the GUI. So the task described above would only be done once. 
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CHAPTER 6: Conclusions 
 
This dissertation focused on developing new EA-based tools to enhance decision-making for 

problems in watershed management. EAs provide significant flexibility for solving complex 

real-world engineering design problems and their population-based search characteristics 

suggests their suitability for generating maximally different alternatives and multiobjective 

optimization. New EA-based techniques were developed for these purposes, and were 

successfully tested and applied to illustrative problems in watershed management. Finally, a 

convenient and generic software framework was developed and demonstrated. 

 

Watershed management strategies found via application of optimization techniques have 

frequently been observed to not necessarily be the best solutions to the real-world problem 

due to the prevalence of un-modeled or un-quantifiable objectives being harbored by the 

various decision-makers. In such cases, near-optimal solutions may better serve the real-

world problem. Modeling to generate alternatives (MGA) is a systematic optimization-based 

technique to find near-optimal alternatives that are maximally different from one another 

with respect to their decision attributes. While numerous researchers have solved watershed 

management problems with EAs, limited work in EA-based MGA techniques is reported. A 

new EA-based technique for performing MGA, the Niched Cooperative Coevolutionary 

Algorithm (NC2A), was presented and found to perform well with respect to test problems. 

NC2A promises to be a flexible technique for performing MGA for real-world engineering 

design problems. 

 

NC2A was applied to a real-world engineering design problem involving the design of an 

economical drainage network. The goal of the integrated watershed management problem 

was to identify a least-cost strategy and a set of maximally different improvement options for 

storm water management in a developing watershed. Design decisions related to pipe sizing, 

the surface area and location of various dry detention facilities, and the implementation of 

varying levels of low-impact development (LID) in the subwatersheds were explored. NC2A 

was used to obtain a least-cost solution and set of ‘good’ alternative solutions, which were 
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compared relative to the un-modeled objectives of system reliability and developable land 

impacts. Unique design characteristics were observed amongst the generated alternatives, 

which were also found to behave differently with respect to the unmodeled objectives. NC2A 

was found to be a useful technique for exploring good alternative solution that could 

potentially assist in the watershed management decision-making process. 

 

Watershed management decision-making often requires the consideration of numerous 

competing objectives due to system complexity, the number of affected stakeholders, 

competing uses for the receiving water, etc. Meanwhile, the utility of EA-based 

multiobjective techniques for solving such problems has advanced rapidly in recent years. A 

new EA-based multiobjective optimization algorithm was developed, which was based on the 

hypervolume metric (or ‘S-factor’) that maps a set of solutions found via a given 

multiobjective EA to a scalar quantity indicative of the amount of objective space dominated 

by the given set. The maximization of this hypervolume metric has recently been proven to 

be a sufficient condition for its arguments (i.e., the given set of solutions) to be Pareto 

optimal. While this metric is often used in post evaluation and comparison of noninferior sets 

in the literature, it has not been used to guide the search for Pareto optimal solutions. This 

scalar quantity was used as the basis for comparing fitness of solutions in the new 

evolutionary multiobjective optimization method, the Hypervolume Maximizing 

Multiobjective Evolutionary Algorithm (HM2EA).  This method was found to perform well 

with respect to numerous test problems. 

 

HM2EA was applied to a real-world engineering design problem involving the design of an 

economical drainage network via integrated watershed management similar to that solved 

previously via NC2A. The illustrative case study was designed to be generic and extensible, 

and explored the noninferior trade-offs between competing objectives for different sets of 

improvement options for storm water management in a developing watershed. The 

competing objectives explored in the example were system cost and maximum pipe capacity. 

Analysis of the results obtained via HM2EA found interesting design features responsible for 

the resultant trade-off between the two objectives, and illustrated the utility of an integrated 



 132

watershed management approach. Multiobjective optimization via EAs was found to be a 

useful technique for exploring and assisting the watershed management decision-making 

process. Results obtained with HM2EA were compared with those obtained via application 

of the state-of-the-art Nondominated Sorting Genetic Algorithm II (NSGA-II). HM2EA was 

found to perform better than NSGA-II when applied to this problem. 

 

The real-world application of EA-based techniques for aiding watershed management 

decision-making is limited for a number of reasons including insufficient expertise on the 

part of analysts, and the lack of generally applicable tools. To address these issues, the Urban 

Watershed Management Decision Support System was developed. This is a generic software 

framework for enhancing the analyses capabilities of modeling tools in watershed 

management studies. This unique software framework builds upon and extends the existing 

Multimedia Integrated Modeling System (MIMS) developed by the EPA. The Urban 

Watershed Decision Support System leverages the powerful model abstraction and coupling 

capabilities of MIMS to create a truly generic systems analytic framework for watershed 

management. MIMS also provides valuable distributed computing, and model scenario 

management capabilities. The new framework supports the integration of the user’s preferred 

watershed models, methods to perform uncertainty and/or sensitivity analyses thereon, and 

multiple state-of-the-art optimization heuristic search procedures to identify good 

management strategies that meet the problem-specific objectives and constraints. The tool 

also includes a user-friendly interface that facilitates utilization of these components by 

practitioners. The use and value of the tool in a typical watershed management scenario was 

demonstrated through a hypothetical, but realistic, case study using EPA’s Storm Water 

Management Model (SWMM) in which an economical urban watershed management 

strategy is generated and examined. Such generic frameworks make previously under-

utilized systems techniques available to a broader audience of practitioners, thus enhancing 

watershed management decision-making. 
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Appendix A: Evolutionary Multiobjective Optimization in Watershed 
Water Quality Management 

1.0 Introduction 
Public sector planning and management problems require, in general, consideration of 

multiple competing objectives that represent the interests of a diverse set of stakeholder 

groups.  In addition to the consideration of cost during the evaluation of alternative solutions, 

the government agencies or elected officials that are responsible for making the final decision 

are compelled to incorporate the stakeholders’ interests during the decision making process. 

As most public sector problems are complex to analyze and have numerous feasible 

solutions, systematic evaluation of the decision space in consideration of the multiple 

objectives becomes important.  Thus the decision making process can potentially be 

improved by presenting the pertinent information associated with the nondominated solutions 

and the noninferior tradeoff among the competing objectives.  In this paper, such a public 

sector problem associated with watershed management is analyzed using an evolutionary 

multiobjective optimization approach. 

 

Watershed management is a broad term that generally refers to how a unit of land (i.e., the 

watershed) is managed with respect to its associated water resources primarily for economic, 

water supply, and recreational benefit to society.  Generally, watershed management is only 

concerned with surface water, but in some instances (especially is coastal areas) 

consideration is also concurrently given to groundwater supplies.  The primary problem 

watershed managers face is the impact of urban growth or land use changes on water quality. 

Urban growth impacts can be managed through proper land use planning, as well as through 

implementation of structural best management practices (BMPs), such as buffer strips or wet 

detention ponds, to treat urban runoff before it is discharged to the receiving water bodies. 

While the land use allocation choices and BMP requirements affect the cost as well as 

property tax revenues, they contribute to water quality improvements, necessitating the 

examination of the multiobjective tradeoff. The physical-chemical relationships that 

characterize the impact of management choices on water quality are often complex, and are 

typically represented within water quality simulation programs.  A systematic search for 
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good solutions (i.e., efficient management choices) thus requires coupling of the search 

algorithms with these simulation programs. Given the complexity of the simulation programs 

and the decision space, such search is conducted typically via nongradient-based heuristic 

search procedures such as genetic algorithms (GAs). 

1.1 Evolutionary Multiobjective Algorithms 
Numerous evolutionary algorithm-based multiobjective optimization procedures are 

available [1]. Single-objective evolutionary algorithms may be used to solve multiobjective 

optimization (MO) problems by transforming, for example, via the å-constraint method, the 

MO problem to a single-objective problem, and then solving it iteratively using an 

evolutionary algorithm. This approach is automated and made computationally more efficient 

in the Constraint Method-based Evolutionary Algorithm [2]. Alternatively, a number of 

multiobjective evolutionary algorithms (MOEAs) are designed to solve the problem in a 

single pass, where the population represents the set of nondominated solutions (e.g., Pareto-

Archived Evolution Strategy (PAES) [3], Strength-Pareto EA (SPEA) [4], and the 

Nondominated Sorting Genetic Algorithm-II (NSGA-II) [5]). 

 

One problem with applying MOEAs to real-world engineering problems is the immense 

computational burden associated with evaluating thousands of potential solutions using 

complex simulation models. This problem is exacerbated when the algorithm contains 

numerous “tuning” parameters (e.g., a sharing parameter in a niching-type algorithm) that 

affect the quality of the results. These parameters cannot be estimated with confidence a 

priori, requiring the execution of a number of test runs to explore good settings before 

analysis may begin in earnest. 

 

Among the commonly used MOEAs, NSGA-II contains fewer tuning parameters, making it 

more attractive for real-world applications. Comparisons of performance of PAES and SPEA 

with NSGA-II for a wide variety of test problems are presented in [5]. NSGA-II was 

generally found to provide a better spread of solutions and to converge better to the non-

dominated set for the test problems. This paper investigates the use of NSGA-II in solving a 

realistic multiobjective optimization problem associated with watershed management. 
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1.2 Scope of the Paper 
The purpose of this paper is to study the applicability of NSGA-II to solve a realistic 

watershed management problem in which urban growth and the resultant water quality are 

treated as conflicting objectives. In this two-objective problem, water quality is expressed in 

terms of the total mass of the nutrient phosphorus being discharged to the receiving river, and 

urban growth is expressed as the total area allocated to urban land use types. NSGA-II is 

coupled with a complex continuous water quality simulation model. The Pareto-front is also 

estimated through an iterative application, via the å-constraint method, of a hybrid search 

technique utilizing a single-objective GA and a local search technique. This nondominated 

front is compared with that obtained using NSGA-II. The effect of population size and 

random seed on the performance of NSGA-II for this problem is also explored. Finally, the 

authors present conclusions and recommend future related activities. 

 

2.0 Nondominated Sorting Genetic Algorithm II 
In NSGA-II, fitness is based on the degree of dominance within the population (i.e., if a 

given solution is not dominated by any other solution, that solution has the highest possible 

fitness). In addition, the algorithm seeks to preserve diversity along the first non-dominated 

front so that the entire Pareto-optimal region is found. NSGA-II is designed to overcome 

criticisms of MOEAs that rely on nondominated sorting and sharing, including their 

computational complexity, reliance on a non-elitist approach, and the need for specifying a 

sharing parameter [5]. 

 

As stated previously, a significant practical limitation of all MOEAs is their potentially 

prohibitive run times when applied to real-world engineering design problems. Run times are 

proportional to the algorithmic computational complexity. Some nondominated sorting 

algorithms have computational complexity of O(MN3), where M is the number of objectives 

and N is the population size [5]. One of the ways by which computational complexity is 

managed in NSGA-II is through the rapid non-dominated sort [5] as described below. 

At the beginning of every generation, the domination count, np, is calculated for every 

solution p, where np is the number of solutions that are dominated by p. All of the solutions 
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in the first non-dominated front, therefore, will have np equal to 0. In addition, every solution 

has associated with it a set, Sp, of solutions that it dominates. After identifying the solutions 

that comprise the first non-dominated front, the second non-dominated front is found where, 

for every solution in the first non-dominated front, the domination count of each member in 

the associated domination set, Sp, is reduced by 1. After processing all members of the first 

domination front, the solutions with a domination count of zero form the second domination 

front. This process is repeated until all solutions are assigned to a domination front. The 

domination front to which a solution belongs is referred to as its rank. This procedure results 

in a computational complexity of O(MN2), a slight improvement over other MO algorithms. 

In MOEAs that use a sharing operator to induce spread, the sharing parameter sets the extent 

of sharing desired along a given front. The performance of the MOEA in maintaining a good 

spread of solutions along the noninferior front, therefore, is a function of this parameter. It is 

difficult to know what constitutes a good value for this parameter a priori. When applying a 

sharing operator, each solution must be compared to every other solution in a given 

population, adding further to the computational burden. 

 

Instead of a sharing parameter, NSGA-II uses an alternative quantitative measure that 

represents the degree of crowding. For a given solution, its density is estimated as the 

average distance between the adjacent solutions relative to each of the n objectives. This 

distance is referred to as the crowding distance, and may be thought of as the average length 

of the sides of the cuboid formed by adjacent solutions on the same domination front. The 

boundary solutions are assigned a crowding distance of infinity. A solution with a smaller 

value of the crowding distance is considered to be residing in a more crowded region of 

objective space than one with a larger crowding distance. Figure A.1 illustrates the notion of 

a crowding distance for a two objective problem.  
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Figure A.1. Illustration of the calculation of the crowding distance for a given solution, i, along a given non-

domination front, F. 

 

Elitism offers multiple benefits to a GA including improved efficiency, and preventing the 

loss of good solutions once found. Elitism is incorporated in NSGA-II through the 

combination of parent and offspring populations prior to selection. The combined population 

is sorted according to nondomination and the best solutions are allowed to survive to the next 

generation. The selection operator is applied as follows: 

 

• If the two solutions selected are of different rank, the solution with the lower rank is 

selected to undergo recombination. 

• If the two solutions are of the same rank, the solution with the higher crowding 

distance is selected to undergo recombination. 

 

The overall NSGA-II algorithm is presented in Figure A.2. In the implementation of NSGA-

II used in the study presented in this paper, no explicit stopping criterion was implemented. 

The algorithm was terminated after a pre-specified number of generations were evaluated. 

However, as in other MOEAs, it is possible to track the generation number at which a new 

solution entered the population. Therefore, it is possible to implement a stopping criterion 

that would halt the algorithm when no new solutions have entered the first non-dominated 

front after a pre-specified number of generations. 
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Figure A.2. Flowchart illustrating the NSGA -II algorithm. 

 

3.0 Watershed Water Quality Management Problem 
Gwinnett County, located near Atlanta, Georgia, already the third largest urbanized area in 

the USA, is also one of the most rapidly growing areas in the country [6] (Figure A.3). As a 

result, the water quality of streams and rivers has been detrimentally impacted by increased 

pollutant loadings due to urban growth, which may be anticipated to get worse as growth 

continues. County government agencies initiated a watershed management process to help 

gain insight into prudent land use planning and pollution control practices [7]. As part of this 

plan, a complex water quality simulation model, the Hydrologic Simulation Program – 

FORTRAN (HSPF), was developed that linked land use development and pollution control 

with the resultant in-stream water quality impacts. HSPF is a comprehensive model for 

simulation of watershed hydrology and water quality for both conventional and toxic organic 

pollutants that includes fate and transport in one-dimensional stream channels [8].  
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Figure A.3.  The case study model watershed is located in Gwinnett County, northeast of Atlanta. 

 

Only the five upstream subwatersheds in Southwestern Gwinnett County (highlighted in 

Figure A.3) were considered in this case study [9]. In addition, eight different land use types 

were considered. Figure A.4 shows the relative areas currently allocated to each of the eight 

different land use types in the study area. The combined areas of high-density residential, 

low-density residential, office parks, and roads are representative of urban development, 

resulting in a net urbanization of 68 percent currently in the watershed. As more development 

in this watershed is being considered, the goal of the study is to investigate how much urban 

development may be accommodated while protecting the water quality, resulting in two 

conflicting management objectives.  
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Figure A.4. Existing land use allocation in the study area in Gwinnett County, Georgia, USA. 

 

The problem discussed in this paper explores the trade off between urban land development 

and water quality. To enable more development while minimizing water quality impacts, 

future urban development that incorporates pollution mitigation options are also considered. 

Thus two new land uses, namely office parks with buffer and high-density residential with 

buffer, which simulate the use of stream buffers for pollution mitigation are included. Other 

land use types in the watershed, as shown in Figure 4, include vacant land, estate residential, 

agricultural, and parks. These land use types do not contribute to the overall level of urban 

development in the watershed, but existing areas of these land use may be redeveloped into 

urban land uses. 

 

3.1 Multiobjective Optimization Problem Formulation 
The two objective optimization problem can be mathematically represented as follows: 

Max Z1 = Σ i=1,N Σk=1,K  LUik 
(1) 

Min Z2 = W(LUik) (2) 
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Subject to: 

Σ i=1,M LUik = Ak, ∀ k =1, …, K  
(3) 

P0
ik + Σj=1,M (pk

ij – pk
ji) ≤  Pmax

ik, ∀ k = 1, …,K , ∀ i = 1, …, M, i ≠ j (4) 

P0
ik + Σj=1,M (pk

ij – pk
ji) �  Pmin

ik, ∀ k = 1, …,K , ∀ i = 1, …, M, i ≠ j (5) 

0 ≤ pk
ij ≤ 1, ∀ k = 1, …,K , ∀ i = 1, …, M, j = 1, …, M, i ≠ j (6) 

 

where,  

N = total number of urban land use types 

M = total number of all land use types 

K = total number of subwatersheds 

LUik = dependent variable representing the area of land use, i, in the future land use 

plan in subwatershed k, where, for 1 � i � N, corresponds to urban land uses and for 

N < i � M, corresponds to non-urban land uses. 

 

 LUik =  [P0
ik + Σj=1,M (pk

ij – pk
ji)] * Ak,  

        ∀ k = 1, …,K, ∀ i = 1, …, M 

(7) 

 

W(LUik) = The function (implemented within a simulation program (i.e., HSPF)) that 

estimates the water quality in response to future land use allocations and pollution 

control options   

Ak = Total area of subwatershed k 

P0
ik = Original percentage of land area dedicated to land use i in watershed k 

Pmax
ik = Maximum allowable percentage of land use i in watershed k 

Pmin
ik = Minimum allowable percentage of land use i in watershed k 

pk
ij = Decision variable that represents the percentage of area of subwatershed k to be 

converted from land use i to land use j. Note that pk
ij is forced to zero if the associated 
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land use conversion is infeasible. Furthermore, i � j, so that a land use cannot be 

converted into itself. 

 

The constraint given in Equation 3 ensures conservation of land area. The constraint 

represented by Equations 4 and 5 limit the amount of a land use that could be allowed in any 

single subwatershed and ensures that the future land use plan provides a wide-variety of land 

uses to support an economically vibrant community such as Gwinnett County. The variable, 

pkij, is required to maintain feasible land use conversions, thus preventing land use 

conversions that do not make sense or are impractical. For example, it is unlikely that an 

existing road would be replaced with another land use type. 

 

The decision variable, pk
ij, which represent fractions between 0 and 1, was encoded as real-

valued variables in the GA.  In this case study, where there are five subwatersheds and ten 

different land use types, a total of 500 of these real variables are used to represent the 

problem.  The selection was carried out using a binary tournament procedure.  Crossover was 

implemented using a uniform crossover operator.  A linear recombination operator was 

employed to combine the values of the real-valued variables that underwent crossover.  

Mutation was implemented via random assignment of the real value between the allowable 

ranges for a given variable.  All the land use conversion constraints (i.e., Equations 3-6) were 

handled implicitly through repair operators.   

 

The goal of the MO analysis is to generate the noninferior tradeoff between urban 

development and water quality for different levels of point source pollution control. Typical 

tradeoff curves are shown in Figure A.5.  To generate each tradeoff curve, the level of point 

source control (i.e., percent reduction of the existing load) is assigned a fixed value, and then 

the noninferior tradeoff between urban development and water quality is identified by 

determining the efficient assignment of nonpoint source pollution via land use allocation.  

Solution of this problem was attempted previously [9] based on a single-objective GA that 

was used iteratively to identify noninferior solutions through a series of å-constraint 

formulations.  The following section describes the solution of this MO problem using NSGA-
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II.  In this paper, the results and discussion are focused on only one of the tradeoff curves 

(corresponding to one fixed level of point source controls). 

 

Figure A.5. Typical tradeoff between land development and water quality at different levels of point source 

control. 

 

4.0 Evolutionary Algorithm-Based Solution 
The MO problem described by Equations 1-6 was solved using NSGA-II.  To enable a 

comparison of the NSGA-II results, this MO problem was also solved using a single-

objective GA via an å-constraint approach. The single-objective GA solutions were then 

refined using a local-search method. The hybrid-GA approach is described below. The 

solutions obtained using the hybrid-GA approach are used as the baseline noninferior 

solutions when comparing the NSGA-II solutions. 

4.1 Hybrid GA/Nelder-Mead Simplex Algorithm 
The MO problem (Equations 1-6) was first converted to a series of single-objective 

problems, such that their solutions represent a noninferior point on the Pareto tradeoff.  Using 

the å-constraint approach, the water quality objective (Equation 2) was converted to a 

constraint with varying water quality targets.  The transformed single objective problem (that 

maximizes the urban land use acreage) was solved iteratively for different values of the water 



 149

quality target.  A single-objective GA was used to solve a series of such transformed 

problems.  The parameter values used for this single-objective GA are provided in Table 1.  

Based on these parameter settings, over 6,000 model evaluations were required to complete 

the 100 generations for each noninferior solution. Model run-times are approximately 30 

seconds each, resulting in an overall run time of about two days for a single-objective GA 

solution. To generate the tradeoff curve, several separate single-objective GA runs were 

carried out, requiring a total of approximately 100,000 model evaluations. 

 

Table A.1. GA parameters and settings for the single-objective GA. 

 

 

 

 

 

 

 

 

Each single-objective GA solution was then refined using a local search procedure based on 

the Nelder-Mead Simplex algorithm [10].  The starting solutions for the local search 

algorithm were seeded using the GA solutions. The Nelder-Mead Simplex algorithm is a 

numerical local search technique or “hill-climbing” strategy. The approach may be linked 

with a simulation model as discussed herein since it does not require any gradient 

information, which would be difficult to obtain for the HSPF model. This algorithm searches 

the decision space by forming a simplex (or convex hull) of n+1 points, where n is the 

number of decision variables. Each point is a potential solution to the problem and is 

evaluated relative to its fitness. The algorithm proceeds by finding the worst of the points and 

reflecting opposite of it in decision space to find a new point, which is then evaluated. If this 

point is an improvement, then an expansion step is carried out, extending along this vector, 

until a point of no improvement is found. A new simplex is formed with this point, 

discarding the previous worst, and the algorithm proceeds. Alternatively, if the expansion 

GA Parameter Value 

Maximum number of generations 100 

Max number of generations with no improvement 15 

Population size 100 

Crossover rate 0.6 

Mutation rate 0.001 
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step does not lead to any improvement, a contraction step is carried out. The procedure 

continues until all points in the simplex are close to each other as defined by some tolerance, 

δ. The tolerance in this case was set at 10-4 acres. 

 

The result of the application of the single-objective GA followed by application of the 

Nelder-Mead Simplex algorithm is an estimate of the nondominated front. As the run-time 

for each noninferior solution was long, only a handful of noninferior solutions were 

generated using the iterative approach described above.  The noninferior front identified by 

this iterative approach using the Hybrid GA is shown in Figure A.6. 

  

Figure A.6. Noninferior points (triangles) found with the Hybrid GA. Figure also shows the tight range of 

nondominated fronts found with the NSGA -II algorithm across 10 different random seeds, for a population size 

of 50. 

4.2 NSGA-II Results 
The NSGA-II algorithm was applied to the same MO watershed management problem 

discussed above. The two objectives, maximizing urban land use and minimizing total 

phosphorus loadings to the stream, were treated as the two conflicting objectives in NSGA-

II. The NSGA-II algorithm was implemented by building upon the single-objective GA 
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described previously. This allowed the use of the same initial random populations, crossover, 

mutation, tournament selection and other operators and parameter settings common to both 

the single-objective GA and NSGA-II. While NSGA-II doesn’t require setting of any new 

parameters, the underlying GA parameters were set as shown in Table 1, except for the 

crossover rate, which was set to 100 percent of the selected mating population. 

NSGA-II was first run with a population of 50. The random seed was varied and the results 

were found not to vary greatly. A summary of the results corresponding to 10 different 

random seeds is shown graphically in Figure A.6. Given the small variation in the results 

with different random seeds, the rest of the results are presented in terms of a representative 

set of noninferior solutions. 

 

 

Figure A.7. Progression of the noninferior front obtained using NSGA -II for the MO watershed management 

problem. 

 

Figure A.7 illustrates the progression of the non-dominated front in NSGA-II over the course 

of 100 generations for a population of 50. Initially only a few (8 of the 50 in this case) 

solutions are nondominated. As the search proceeds, the noninferior set gets increasingly 

larger with greater coverage.  The noninferior set generated by the iterative approach using 

the Hybrid GA is also shown in this figure as a basis for comparing the NSGA-II solutions. 
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The NSGA-II algorithm was also run with different population sizes (30 and 100) for a 

number of random seeds. Representative results are shown in Figure A.8, which illustrates 

the effect of varying the population size on the quality of the noninferior set. As expected, 

increasing population size leads to better approximations of the Pareto front over most of the 

range. However, increased populations also require additional model evaluations. For a run 

of 100 generations, the average number of model evaluations for population sizes of 30 and 

100 is 3,000 and 10,000 respectively. These number of fitness evaluations are still an order of 

magnitude smaller than that required by the iterative approach using the hybrid GA. 

Furthermore, while only seven noninferior solutions were found by the hybrid GA approach, 

NSGA-II was able to find a larger number of noninferior solutions (i.e., the majority of the 

population) in the final nondominated set. 

 

While all the runs conducted in this study are based on 100 generations, it is important to 

consider a stopping criterion that could potentially reduce the number of fitness evaluations, 

which are typically expensive for realistic MO problems.  The age of the solutions in the 

final nondominated set was tracked to determine when the population converges. Table 2 

summarizes the typical solution ages for the three different population sizes considered in 

this study. The maximum age indicates that the final nondominated set is identified 

significantly early, indicating the potential for an alternative-stopping criterion to terminate 

the search.  One possible stopping criterion that is being considered is a specified number of 

generations within which little or no change in the nondominated set is observed.  This 

investigation is underway, and the results will be reported in a later publication. 
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Figure A.8. Nondominated fronts generated using the NSGA -II algorithm with different population sizes. 

 

Table A.2.  Summary of ages (in generations) of the nondominated solutions obtained using NSGA -II that was 
run for a maximum of 100 generations. 

Population 

Size 

Minimum 

 Age 

Average 

Age 

Maximum 

Age 

30 1 14 40 

50 1 14 36 

100 1 15 69 

 

4.3 Comparison of Noninferior Solutions in Decision Space 
The results of the MO analysis provide the decision maker with important insights into the 

nature of the problem and its solutions, which may potentially assist during the decision-

making process. To highlight this fact, representative solutions from the noninferior set are 

examined in more detail. Noninferior solutions 1, 4, and 7 from the noninferior set shown in 

Figure A.6 are considered. Table A.3 summarizes the land use areas for all five 

subwatersheds for these three solutions. 

 

The pollutant loading is more limited for noninferior solution 4 than noninferior solution 7. 

Examination of Table A.3 shows that to achieve similar (within 3 percent) levels of overall 

urban development, more area of the buffered land uses is required for noninferior solution 4 



 154

(17,241 acres) than that for noninferior solution 7 (14,740 acres). This is because a buffered 

area discharges less pollution to the receiving stream than a non-buffered area. Further, a 

significant improvement in water quality (more than an 8 percent reduction) is achieved via 

noninferior solution 4 when compared to solution 7 with only a slight reduction in urban 

area, a trend that continues through noninferior solution 2. This observation would be critical 

to decision makers in developing a watershed management plan. The solution space also 

indicates that subwatershed 4 shows the greatest change in urban development.  This could 

be attributed to the relative location and size of that subwatershed and thus its implications 

on water quality. Consequently, the noninferior tradeoff is greatly affected by the changes in 

that subwatershed and by those in subwatershed 2. 

 

Table A.3. Land use areas for solutions 1, 4, and 7 along the noninferior tradeoff (see Figure A.6). 

 

Area (acres) 

 

Sub-

Watershed 

 

 

Land Use Non-

inferior 

Solution 

1  

Non- 

inferior 

Solution 

4 

Non- 

inferior 

Solution 

7 

 

1 

Non-Urban 

Urban without buffers 

Urban with buffers 

648 

2,970 

81 

234 

2,993 

472 

58 

3,261 

379 

 

2 

Non-Urban 

Urban without buffers 

Urban with buffers 

3,149 

4,946 

4,597 

1,168 

7,830 

3,694 

18 

9,379 

3,295 

 

3 

Non-Urban 

Urban without buffers 

Urban with buffers 

35 

111 

43 

21 

143 

27 

15 

171 

4 

 

4 

Non-Urban 

Urban without buffers 

Urban with buffers 

8,321 

11,359 

7,151 

303 

13,609 

12,918 

12 

16,077 

10,741 

 

5 

Non-Urban 

Urban without buffers 

Urban with buffers 

67 

731 

253 

141 

779 

131 

76 

654 

320 
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Totals 

Non-Urban 

Urban without buffers 

Urban with buffers 

12,220 

20,117 

12,124 

1,867 

25,354 

17,241 

179 

29,543 

14,740 

 

5.0 Conclusions 
NSGA-II was applied successfully to a real-world engineering multiobjective optimization 

problem dealing with watershed management.  The results were confirmed using the 

approximate noninferior front obtained via the å-constraint method, which was solved by a 

Hybrid GA/local-search procedure.  The noninferior solutions obtained using the 

multiobjective evolutionary algorithms indicate a strong trade off between urban 

development and water quality, especially at tighter water quality targets. The NSGA-II 

approach was an order of magnitude more efficient at generating a good approximation of the 

Pareto front than the iterative application of a single-objective Hybrid GA/local-search 

algorithm.  The NSGA-II results show little sensitivity to the random seed, and indicate that 

relatively smaller population sizes can yield the noninferior front with relatively minor 

sacrifice in accuracy. As no other algorithmic parameter needs to be set, NSGA-II promises 

to be a stable approach to solving this real world multiobjective optimization problem. 

Preliminary investigations suggest that different stopping criteria can be employed to avoid 

unnecessary fitness evaluations towards the end of the search. Future work will explore 

extending the problem discussed above through the consideration of additional objectives 

(e.g., other pollutants or levels of point source control) and constraints, as well as larger 

problem sizes that would constitute more subwatersheds and land use types. In addition, 

other MOEA approaches will be evaluated and their results will be compared with those 

reported in this paper. 
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