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ABSTRACT

Hydropower-reliant power utilities are becoming increasingly vulnerable to hy-

drologic variability in states such as California, that have suffered from exten-

sive droughts and reduced winter snowfall. One such utility is the San Fran-

cisco Public Utilities Commission (SFPUC), which operates the Hetch Hetchy

Power System. SFPUC is strongly reliant on snowmelt from the Sierra Nevada

to provide hydropower to San Francisco. Therefore, it is particularly financially

vulnerable to changes in snowpack availability and timing, which translates to

variability in yearly revenue. Evolutionary multi-objective direct policy search

(EMODPS) can be used to identify time adaptive stochastic rules that inform op-

timal financial decisions based on state and exogenous information. However,

the resulting financial risk mitigation portfolio planning problem is difficult to

optimize due to its high dimensionality and mixture of nonlinear, nonconvex,

and discrete objectives. We contribute a diagnostic assessment of state-of-the-

art MOEAs’ abilities to support an EMODPS framework for managing financial

risk. We perform comprehensive diagnostics on five algorithms: the Borg multi-

objective evolutionary algorithm, Non-dominated Sorting Genetic Algorithm

II (NSGA-II), Non-dominated Sorting Genetic Algorithm III (NSGA-III), Ref-

erence Vector Guided Evolutionary Algorithm (RVEA), and the Multiobjective

Evolutionary Algorithm Based on Decomposition (MOEA/D). MOEA perfor-

mance is evaluated by analyzing controllability, reliability, efficiency, and effec-

tiveness. The results emphasize the importance of using MOEAs with archiving

and adaptive search capabilities in order to solve complex financial risk portfo-

lio problems in snow dependent water-energy systems.



BIOGRAPHICAL SKETCH

Rohini received a Bachelor of Science Degree from the University of Illinois at

Urbana-Champaign in May 2017. She majored in Civil and Environmental Engi-

neering with a concentration in Energy-Water-Environment Sustainability. She

began her graduate studies at Cornell University in August 2017.

iii



To my family and friends for all your love and support.

iv



ACKNOWLEDGEMENTS

I would like to express my sincere gratitude to Dr. Patrick Reed for his invalu-

able guidance and support in helping to shape this thesis. I would also like to

thank Dr. Scott Steinschneider for serving on my committee and for his helpful

suggestions and comments during the review process.

This material is based on work supported by the National Science Foun-

dation Graduate Research Fellowship Program under Grant No.DGE-1650441.

Any opinions, findings, and conclusions or recommendations expressed in this

material are those of the author and do not necessarily reflect the views of the

US National Science Foundation.

v



TABLE OF CONTENTS

Biographical Sketch . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii
Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v
Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi
List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii
List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

1 Can Modern Multi-Objective Evolutionary Algorithms Discover
High-Dimensional Financial Risk Portflio Tradeoffs for Snow-
Dominated Water-Energy Systems? 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 San Francisco Public Utilities Commission Benchmark . . . . . . 7

1.2.1 Overview of the Hetch Hetchy Financial Risk Model . . . 8
1.2.2 Stochastic Scenarios . . . . . . . . . . . . . . . . . . . . . . 11
1.2.3 Defining Financial Flows and Decision Policies . . . . . . . 14
1.2.4 Summary of Financial Performance Objectives . . . . . . . 20

1.3 Algorithmic Benchmarking Methodology . . . . . . . . . . . . . . 23
1.3.1 Diagnostic Framework . . . . . . . . . . . . . . . . . . . . . 23
1.3.2 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . 25
1.3.3 Multi-objective Evolutionary Algorithms . . . . . . . . . . 26

1.4 Computational Experiment . . . . . . . . . . . . . . . . . . . . . . 31
1.4.1 Sampling of Algorithm Parameterizations . . . . . . . . . 32
1.4.2 Generation and verification of reference sets . . . . . . . . 34

1.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 35
1.5.1 Analysis of Reference Sets . . . . . . . . . . . . . . . . . . . 35
1.5.2 Algorithmic Effectiveness and Reliability . . . . . . . . . . 41
1.5.3 Algorithmic Controllability and Efficiency . . . . . . . . . 43
1.5.4 Default Parameterization Runtime Dynamics . . . . . . . . 47
1.5.5 Decision Making Implications of Algorithmic Choice . . . 49

1.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

A Notation Guide 56

B Re-Evaluation of Reference Sets 57

vi



LIST OF TABLES

1.1 Stochastic inputs, εt , into the simulation model. . . . . . . . . . . 11
1.2 Latin hypercube sampling of MOEAs’ operators and their asso-

ciated parameter ranges as well as the MOEAs’ default param-
eterizations. D corresponds to the number of decision variables
(36). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

vii



LIST OF FIGURES

1.1 The high-altitude reservoirs of Hetch Hetchy, Cherry Lake, and
Lake Eleanor drive the hydropower turbines at the Holm, Kirk-
wood, Moccasin, and Moccasin Low-Head Powerhouses to gen-
erate clean energy for the city of San Francisco and other retail
customers. Surplus power is sold to irrigation districts (Map
adapted from San Francisco Public Utilities Commission, 2018). . 8

1.2 Schematic of the evolutionary multi-objective direct policy
search (EMODPS) approach. Stochastic inputs feed into the sys-
tem model that simulates annual utility operations. The utilities
financial decisions as represented as policies whose parameters
are optimized by an MOEA. Figure adapted from Giuliani et al.,
2016. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3 (top) Probability density for the SWE index using a weighted av-
erage of February 1 and April 1 observations. (bottom) Contract
payout function, h. When stochastically generated SWE is below
25 inches, the utility receives a payout. If SWE is above 25 inches,
the utility makes payments to the contract seller. . . . . . . . . . . 12

1.4 Diagnostic assessment framework used to evaluate the per-
formance of each MOEA tested in the study (adapted from
Zatarain Salazar et al. (2016)). The parameters for each MOEA
are sampled across their full ranges using Latin Hypercube Sam-
pling. The approximation set for each MOEA parameterization
is assessed through metrics measuring the convergence, consis-
tency and diversity of approximation sets. These metrics are
used to construct visualization tools that capture the efficiency
and controllability of each algorithm and assess the effectiveness
and reliability of each algorithm. Each parameter set is further
replicated for 25 random seed trials to account for the random
initialization of populations. . . . . . . . . . . . . . . . . . . . . . 24

1.5 The overall best known tradeoffs for the SFPUC test case at-
tained across all MOEA runs. The ideal point is shown as a black
star. The fourth objective, minimizing the average maximum re-
serve fund balance is represented by the color scale (darker is
preferred). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

1.6 Histograms of the distributions of the maximum reserve fund
balances associated with the most and least complex contract
structures. The purple color indicates where the two histograms
overlap. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

1.7 The percent of the reference set was contributed by each algo-
rithm. The Borg MOEA single-handedly produced over 80% of
the reference set while the newer algorithms struggled to dis-
cover solutions that were not dominated by Borg or NSGA-II. . 38

viii



1.8 Each individual algorithm’s best attained approximate reference
sets discovered across all of its runs for all tested parameteriza-
tions.The yellow arrows indicated the preferred direction for the
objectives. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

1.9 Attainment plots that capture the best overall metric values
achieved by each MOEA (white circles) as well as their success
probabilities in attaining increasingly higher quality metric val-
ues. The red-to-blue shading indicates the probability that a sin-
gle run of an MOEA reaches a given percentage of the best pos-
sible metric value for a) generational distance b) additive epsilon
indicator and c) hypervolume. . . . . . . . . . . . . . . . . . . . . 41

1.10 Hypervolume performance control maps for the SFPUC test case
capturing the controllability and efficiency of each MOEA. The
color scale represents the percent of the best known global refer-
ence set’s hypervolume captured by each local 25-seed reference
approximation set for each tested parameterization. Ideal perfor-
mance is shown in zones of dark blue and poor performance is
designated by dark red. The control maps are a sub-space based
on the full set of Latin hypercube samples of the parameters for
each algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

1.11 Runtime dynamics of hypervolume performance across 50 seeds
of each algorithm’s default parameterization The solid line rep-
resents the mean hypervolume achieved through the search pro-
cess and the shading bounds the 5th and 95th percentile confi-
dence interval. A hypervolume of 1 with thin shading is pre-
ferred (i.e., high performance reliability). . . . . . . . . . . . . . . 47

1.12 Parallel axis plots highlighting the tradeoff reference sets that
would be attained across the 50 random seed trial runs for each
of the algorithms’ default parameterizations. Each vertical axis
in the panels represent an objective where the preferred direc-
tion is down. Each line in the figure represents a candidate so-
lution whose re-evaluated performance meets the specified per-
formance criteria. The background dark lines represent the best
known overall reference set from all runs of all algorithms. The
color gradient ranging from light to dark corresponds to high
and low expected annualized adjusted revenue respectively. . . 52

B.1 Individual reference sets were re-evaluated with a new larger
and independent set of 100,000 sets of stochastic samples. Blue
points represent the original solution set and green points repre-
sent the re-evaluated sets . . . . . . . . . . . . . . . . . . . . . . . 57

ix



CHAPTER 1

CAN MODERN MULTI-OBJECTIVE EVOLUTIONARY ALGORITHMS

DISCOVER HIGH-DIMENSIONAL FINANCIAL RISK PORTFLIO

TRADEOFFS FOR SNOW-DOMINATED WATER-ENERGY SYSTEMS?

1.1 Introduction

The Western United States (US) is strongly dependent on a complex and highly

interdependent suite of water and energy infrastructure systems (Voisin et al.,

2018; O’Connell et al., 2019; Liu et al., 2019). Growing pressures from increas-

ingly variable climate extremes as well as broader financial pressures are al-

ready significantly stressing these systems in ways that are often hard to pre-

dict and manage (Clarke et al., 2018). Snow-dependent hydropower generation

within California (CA) provides an excellent example case. There is a grow-

ing need for improved decision support frameworks that are capable of help-

ing utilities to discover and navigate the complex tradeoffs that are emerging

as they confront hydro-climatic extremes that strongly impact power gener-

ation and their financial stability. In CA, hydropower primarily comes from

snowpack runoff stored in high-altitude reservoirs in the Sierra Nevada moun-

tain range. The historic 2012-2016 drought, brought on by subsequent years

of low precipitation and high temperatures, drastically reduced water avail-

ability for hydropower production and uncharacteristically warm winters in

2014 and 2015 led to the lowest snowpack on record in CA (Gonzalez et al.,

2018). Low snowpack corresponded to less runoff and consequently, the worst

years of the drought reduced CA hydropower production from 13% to 5% of

the state’s total energy mix (Lund et al., 2018). However, in the winters of 2016
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and 2017, the Sierra Nevada saw historical snowfall from a series of strong at-

mospheric rivers (Gonzalez et al., 2018) that ended the persistent drought and

brought the percentage of hydropower production to 14.7% of California’s the

total mix (California Energy Commission, 2018). This degree of inter-annual

snowpack and hydro-climatic variability poses a significant management chal-

lenge for hydropower dependent utilities that is projected to potentially become

more severe (Gonzalez et al., 2018).

In an effort to mitigate financial volatility, hydropower-dependent utilities

often manage their hydrological risks by investing in financial risk instruments

such as hedging contracts to supplement revenue with payouts in volatile years

(Foster et al., 2015). It is not uncommon for a utility to also maintain a reserve

fund to be used as a buffer in years that result in unanticipated losses. Hamilton

et al. (a)(in preparation) introduces a financial index insurance instrument based

on an index derived from a weighted average of February 1st and April 1st snow

water equivalent depth (SWE) observations in the Sierra Nevada. The contract,

termed a contract for differences (CFD), provides the buyer of the contract with

payouts in dry years that result in revenue shortfalls. In return, the buyer makes

payments to the contract seller in years of high SWE, when the utility expects to

have ample revenue. The study shows that the CFD, especially when combined

with a reserve fund, is an effective tool to hedge against revenue volatility for

San Francisco Public Utilities Commission’s (SFPUC) Power Enterprise Division

which supplies clean energy primarily to San Francisco’s International Airport

and municipal buildings (San Francisco Public Utilities Commission, 2016).

SFPUC and power utilities in general, have a growing interest in design-

ing and optimizing portfolios of financial risk management tools. Bolton et al.
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(2011) suggests that the key to effective risk management requires consideration

of both hedging tools and financial liquidity management in a state-aware and

dynamic context. Traditionally, dynamic risk management has been framed as a

stochastic dynamic programming problem (Mulvey and Shetty, 2004), but more

recent studies suggest that simulation-optimization approaches hold promise

for better capturing the uncertainties involved in real-world financial applica-

tions (Better et al., 2008). The challenge with these simulation-optimization fi-

nancial portfolio formulations, beyond being stochastic, is that their resulting

mathematical formulations are typically severely nonlinear and must consider

a broad array of objectives. Moreover, their decision structure is analogous to

high dimensional control problems (Powell, 2019). These mathematical prop-

erties have motivated a transition towards using heuristic global search algo-

rithms such as multi-objective evolutionary algorithms (MOEAs) to discover

optimal tradeoff solutions.

MOEAs are population-based stochastic search tools that use mating, muta-

tion, and selection operators to evolve a candidate population of solutions that

compose the tradeoffs of a system (Coello et al., 2007). To date, there are very

few examples demonstrating the use of state-of-the-art MOEAs in financial ap-

plications. Early MOEA literature examples focused on the Markowitz model

which seeks to assemble a portfolio of financial assets that minimize risk and

maximize return (Markowitz, 1952; Steinbach, 2001). However, the Markowitz

model is characterized by simplistic assumptions and has brought to light the

necessity of increasing the complexity of financial models to better represent the

dynamic conditions that real-world decision-makers face by moving towards

formulations that are highly adaptive and state-aware (Ponsich et al., 2013). Di-

rect Policy Search (DPS), first introduced by Rosenstein and Barto in 2001 in
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the robotic control theory literature, is classified as a simulation-based “policy

approximation” control formulation (Powell, 2019). In short, time sequences of

decisions are abstracted as parameterized policies using universal approxima-

tors such as radial basis functions or neural networks. The parameters of these

policies are then optimized through simulation-optimization to meet system

objectives. The DPS approach has a significant history in the water resources

literature where it is also known as parameterization-simulation-optimization

and was first used to model single-objective reservoir operations (Koutsoyian-

nis and Economou, 2003).

The DPS methodology has been extended to the multi-objective context with

the Evolutionary Multi-Objective Direct Policy Search (EMODPS) framework

formalized by Giuliani et al. (2014) and Giuliani et al. (2016). The EMODPS

framework has, since its inception, garnered a broad array of applications in-

cluding multi-sector reservoir operations (Desreumaux et al., 2018; Biglarbeigi

et al., 2018; Quinn et al., 2019) and energy systems (Giudici et al., 2019). Building

off these successes, Hamilton et al. (b)(in preparation) formulates a 4-objective

stochastic application of EMODPS to create dynamic and adaptive financial risk

management strategies for SFPUC’s snowpack-dependent hydropower genera-

tion. The financial portfolio planning policies abstract SFPUC as a state-aware

agent planning a 20-year horizon of decisions for the optimal value of hedging

contracts that the utility should buy each year and the amount of money that

should be withdrawn or deposited into the utility’s reserve fund. A 20-year

time horizon is utilized to capture both a typical planning period for a utility

and system dynamics in response to dry and wet years which tend to persist

beyond single years. The resulting policies take key portfolio planning input

concerns and recommend a balanced set of actions. Policy performance can

4



be monitored and re-optimized if projected performance substantially deviates

from what was projected.

While offering many advantages, the success of the EMODPS approach for

addressing SFPUC’s financial risks is highly contingent on the ability of the

chosen MOEA to solve the highly challenging 4-objective stochastic formula-

tion. Over the past decade of theoretical developments, MOEAs can now be

classified into four categories of methods: (1) Pareto dominance techniques,

(2) decomposition-based population search, (3) reference vector and reference

point directed search, or (4) hyper-heuristics. Pareto dominance-based MOEAs

such as the Non-Dominated Sorting Genetic Algorithm II (NSGA-II) (Deb et al.,

2002), sort a population into a sequence of fronts that are ranked to determine

the next generation population. This class of algorithms faces challenges when

solving multi-objective problems that have many objectives. As the number of

objectives grow, so does the potential for solutions to be non-dominated with

respect to one another which results in a lack of selection pressure when at-

tempting to drive the search towards convergence (Palakonda and Mallipeddi,

2017). Decomposition-based approaches, such as a multi-objective evolution-

ary algorithm based on decomposition (MOEA/D) (Zhang and Li, 2007) use an

approach such as a Tchebycheff decomposition to break down a multi-objective

problem into populations of single-objective subproblems. Decomposition algo-

rithms do not utilize a dominance-based approach and therefore tend to scale

more effectively with increasing objective counts. However, as the number of

objectives increases, the number of corresponding subproblems grows expo-

nentially, substantially increasing computational demands associated with the

decomposition processes itself (Mohammadi et al., 2012). The limits in Pareto

dominance and decomposition approaches motivated the emergence of another
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class of algorithm, reference point or reference vector based-algorithms. These

algorithms such as the Non-dominated Sorting Genetic Algorithm III (NSGA-

III) (Deb and Jain, 2014) and the Reference Vector-Guided Evolutionary Algo-

rithm (RVEA) (Cheng et al., 2016), target search to a reduced finite set repre-

sentation of problems’ tradeoffs or, if appropriate, a specific sub-region of focus

in the objective space to reduce computational overhead. All of the aforemen-

tioned algorithms are non-adaptive and exploit largely the same suite of search

operators which can cause them to be limited in generalizing to new classes of

problems due to their utilization of fixed population sizes and static operators

(Burke et al., 2013). Hyper-heuristic approaches and frameworks were created

to automatically generate cooperative combinations of alternative search heuris-

tics or operators as a means of extending their applicability across a wide variety

of problems. The Borg MOEA (Hadka and Reed, 2013) implements an adaptive

population sizing strategy to escape local optima and maintain diversity and

can adaptively adjust its utilization of recombination operators to favor those

that maximize its progress during search.

Studies to date have benchmarked MOEAs’ abilities to approximate the

tradeoffs of suites of highly challenging mathematical test functions and wa-

ter resources applications (Hadka and Reed, 2012; Reed et al., 2013; Ward et al.,

2015; Zatarain Salazar et al., 2016). Reed et al. (2013) comprehensively have

not considered the latest innovations in MOEAs. Moreover, there remains a

dearth of studies focused on addressing the ability of state-of-the-art MOEAs

to solve high dimensional financial risk management problems, especially for

complex western US water and energy systems. The SFPUC benchmarking

application therefore is a valuable test case to provide insight into advancing

our understanding of the capabilities of state-of-the-art MOEAs to represent
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the tradeoffs for these complex systems. The SFPUC test case is characterized

by a high-dimensional decision space (36 decision variables) and combination

of risk-neutral (mean-focused) and risk-averse stochastic objectives. The objec-

tives are nonlinear and non-convex and the inclusion of a discrete objective to

represent portfolio complexity results in a Pareto front that is severely disjoint

with a complex geometry that has not been represented in previous benchmark-

ing studies. The policy representations for the financial decisions are inherently

complex due to the utilization of constraints and multiple sets of informational

inputs to inform the annual decisions that comprise the overall optimized pol-

icy. Thus, this study broadens the suite of MOEAs tested relative to previous

benchmarking studies and introduces a new application domain as captured

by the SFPUC financial risk portfolio problem. The benchmarking effort con-

tributed here rigorously evaluates five state-of-the-art MOEAs that capture his-

torical to emerging major classes of algorithms: the NSGA-II, MOEA/D, the

Borg MOEA, NSGA-III, and RVEA. More broadly, this study highlights inher-

ent mathematical challenges posed in balancing the tradeoffs in coupled water

and energy financial risk management problems.

1.2 San Francisco Public Utilities Commission Benchmark

As discussed in the introduction, the purpose of this study is to contribute a

comprehensive diagnostic benchmarking study to assess the ability of modern

MOEAs to solve challenging financial risk mitigation problems that are emerg-

ing for coupled water-energy systems given growing hydroclimatic uncertain-

ties. The assessment is centered around optimizing a portfolio of annual finan-

cial instruments for Hetch Hetchy Power Enterprise, the electricity division of
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SFPUC, represented in Figure 1.1. The Hetch Hetchy Power enterprise operates

three high altitude reservoirs: Hetch Hetchy Reservoir, Cherry Lake, and Lake

Eleanor, in the headwaters of the Tuolumne River, that are fed by snowmelt

from the central Sierra Nevada mountain range. Water from these reservoirs

drives hydropower turbines at the Holm, Kirkwood, Moccasin, and Moccasin

Low-Head Powerhouses. The generated power is sold to customers such as the

San Francisco International Airport, municipal buildings in San Francisco, and

a small number of other retail customer classes. Surplus power is often sold to

the Modesto and Turlock Irrigation Districts at a lower fixed rate (San Francisco

Public Utilities Commission, 2016).

Yosemite 
National 
Park

Hetch Hetchy
Reservoir

Tuolumne River Lake Don Pedro
(Modesto & Turlock 
Irrigation Districts)

Cherry 
Lake Lake 

Eleanor

Kirkwood
Powerhouse
(124 MW)

Holm 
Powerhouse
(169 MW)

Moccasin 
Powerhouses
(110 MW)San Francisco

Hetch Hetchy Aqueduct 

Bay Division Pipelines
 No. 1 and 2

Bay Division Pipelines
 No. 3 and 4

Figure 1.1: The high-altitude reservoirs of Hetch Hetchy, Cherry Lake, and Lake
Eleanor drive the hydropower turbines at the Holm, Kirkwood, Moccasin, and
Moccasin Low-Head Powerhouses to generate clean energy for the city of San
Francisco and other retail customers. Surplus power is sold to irrigation districts
(Map adapted from San Francisco Public Utilities Commission, 2018).

1.2.1 Overview of the Hetch Hetchy Financial Risk Model

The financial stability of SFPUC’s Hetch Hetchy Power Division is tied to the

variability of snowpack in the Sierra Nevada mountain range. Therefore, the
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utility could benefit from implementing financial risk management tools that

help to hedge against this hydrologic uncertainty and stabilize inter-annual hy-

dropower revenue. Hamilton et al. (a)(in preparation) introduce a snow water

equivalent (SWE) based index contract, termed a contract for differences, as a

financial risk management tool for SFPUC. The CFD allows the utility to make

payments to the contract seller in wet years and receive payouts in dry years.

The study shows that the SWE-based index insurance is highly correlated with

hydropower and therefore annual revenues, and when used in conjunction with

a reserve fund, the contract can help to stabilize the utility’s annual revenue.

Hamilton et al. (b)(in preparation) optimizes SFPUC’s use of CFD contracts

in tandem with a reserve fund using an evolutionary multi-objective optimiza-

tion direct policy search (EMODPS) framework that utilizes closed-loop feed-
11/8/2019 Figure2.svg

file:///C:/Users/Rohini/Box Sync/MastersThesis/Figures/Figure2.svg 1/1

Initial policy 
parameters

Simulate 
financial model 
trajectories

Calculate 
objectives

SelectionCrossover & 
mutation

New policy 
params, θi

Time series of 
stochastic 
inputs (snow index, 
contract payouts)

System Model

MOEA

𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑓(𝐼𝑛𝑝𝑢𝑡𝑠|𝜃)

Figure 1.2: Schematic of the evolutionary multi-objective direct policy search
(EMODPS) approach. Stochastic inputs feed into the system model that simu-
lates annual utility operations. The utilities financial decisions as represented
as policies whose parameters are optimized by an MOEA. Figure adapted from
Giuliani et al., 2016.
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back and state information to inform multi-year sequences of optimal financial

portfolio decisions. Figure 1.2 shows a schematic of the stochastic EMODPS

framework for the SFPUC benchmarking test case. The framework has four

main components: (1) stochastic scenario sampling for uncertain simulation

model inputs, (2) a coupled hydropower and financial risk simulation model,

(3) candidate parameterized policies (or “rules”) that guide state-aware finan-

cial decision sequences, and (4) an external MOEA that searches the space of

candidate policies to quantify optimal financial risk tradeoffs for the SFPUC

system.

The stochastic scenario sampling supports Monte Carlo simulations that ac-

count for three primary sources of uncertainty: snow water equivalent (SWE),

power price indices, and hydropower revenue. Each sample of these factors

are input into the system model which simulates annual utility operations and

estimates revenue dynamics. The EMODPS formulation of the SFPUC system

informs the utility’s two major financial decisions every year that dictate their

annual cash flow. At the beginning of the water year, the utility must determine

the value of the CFD contract that it will enter. Then at the end of the year, after

revenues and contract payouts are observed, the utility determines how much

money to deposit or withdraw from the reserve fund. As illustrated in Fig-

ure 1.2, these decisions are formulated as decision policies whose parameters,

θ, represent the decision variables of the optimization problem. The MOEA,

shown below the system model in Figure 1.2, optimizes the policy parameters

to approximate the Pareto frontier (or tradeoffs) across four financial objectives.

In this study, we carefully benchmark how well state-of-the-art MOEAs solve

the EMODPS formulation of the SFPUC test case, which is representative of the

class of financial risk management problems that snow-dominated hydropower
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utilities are facing.

Each of the core components of the Hetch Hetchy EMODPS problem formu-

lation are presented in greater detail in the remainder of Section 1.2.

1.2.2 Stochastic Scenarios

For the SFPUC test case, the stochastic inputs that characterize each state of the

world (SOW) are SWE, power price indices, and hydropower revenue, shown

in Table 1.1. These stochastic inputs represent the key uncertainties that drive

differences in the utility’s inter-annual revenue dynamics. The Monte Carlo

samples for these key uncertainties are synthetically generated from historical

data to model key trends while better capturing rare extreme conditions that

may not be observed in historical records. Considering only historical SWE, for

instance, would severely underestimate the impacts of hydrologic variability

and extremes on SFPUC operations and lead to myopic solutions that do not

perform well if conditions change.

Table 1.1: Stochastic inputs, εt , into the simulation model.

Stochastic Input Variable Units
SWE Index εS

t Inches
Power Price Index εP

t $/MWh
Hydropower Revenue εR

t $

Synthetic SWE, εS
t , is the amount of water that is stored in snowpack that

the utility can use to produce hydropower. It is generated by first fitting historic

February 1st and April 1st measurements from 1952-2016 (excluding 1963) to

gamma distributions. Then, a Gaussian copula is fit to capture the correlation

between the months and used to generate synthetic SWE measurements. The
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synthetically generated SWE is used to determine the CFD contract payout or

payment. The payout function, h, illustrated in Figure 1.3, dictates a contract

payout or payment, termed c. If h(εS
t ) > 0 then SWE measurements are low

and the utility receives compensation (ct > 0). However, if h(εS
t ) < 0, then SWE

measurements are high and the utility makes payments to the contract seller

(ct < 0).

Figure 1.3: (top) Probability density for the SWE index using a weighted average
of February 1 and April 1 observations. (bottom) Contract payout function, h.
When stochastically generated SWE is below 25 inches, the utility receives a
payout. If SWE is above 25 inches, the utility makes payments to the contract
seller.

The power price index, εP
t , represents the utility’s best guess for the upcom-

ing year’s power price and therefore their estimate of their ability to make rev-

enue when selling excess hydropower. This index is determined by considering

both the current power price and the generation-weighted power price over the
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previous year as shown in equation (1.1).

P̄gen−wt
t =

1
12

∑12
m=1 ḠmPm,t∑12

m=1 Ḡm
(1.1)

In equation (1.1), Ḡm represents the average excess generation sold to the

wholesale market for a given month m and Pm,t represents the power for month

m in year t. In the months that hydropower production is insufficient and the

utility must purchase power from the wholesale market, generation is negative.

Therefore, a larger index indicates the belief that the upcoming year will yield

higher, more beneficial prices, while a lower index indicates the opposite.

The last stochastic input is yearly revenue, εR
t , which is calculated from syn-

thetic hydropower generation. Historical hydropower generation is first fit to

a series of linear models that capture dependence on snowpack based on the

month of the year. An autoregressive (AR) model is fit to the residuals of the

linear models and used to generate a synthetic time series of hydropower gen-

eration. The sales of the synthetic hydropower to SFPUC’s three major classes

of customers along with respective fixed rates or wholesale prices determines

εR
t . First, SFPUC must satisfy the demand of their retail customer base, which

includes the San Francisco International Airport and government buildings.

Then, if hydropower generation is in excess of the retail demand, a portion of

the power is sold to the Modesto and Turlock Irrigation Districts (MTID). For the

SFPUC test case, 1000, 20-year Monte Carlo ensembles of the three exogenous

drivers are generated concurrently in order to preserve correlation between the

inputs and across time. A 20-year simulation period is chosen because it repre-

sents a typical planning period for a utility and can capture system dynamics in

response to dry and wet years which tend to persist beyond single years. More
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detail on the generation of stochastic inputs can be found in Hamilton et al.

(a)(in preparation).

1.2.3 Defining Financial Flows and Decision Policies

The next stage of the EMODPS framework uses the synthetically generated

stochastic samples and current state information to inform the annual financial

decision policies for the utility. These candidate decisions policies are parame-

terized and direct policy search (DPS) is employed to discover those solutions

that comprise SFPUC optimal financial tradeoffs (i.e, the Pareto frontier). More

formally, the policies are generally represented by a family of functions (e.g.

linear, piecewise linear, radial basis functions, artificial neural networks) whose

parameters, θ, are then optimized with respect to an objective vector, J. In the

SFPUC test case, the component policies are formulated using Gaussian radial

basis functions (RBFs), to provide the flexibility necessary to represent complex

financial portfolio decision dynamics while also providing flexibility for opti-

mizing heterogeneous performance objectives.

SFPUC’s cash flow for a given year, yt, can be broken down into three stages

in equation (1.2), represented by superscripts: s1, s2, and s3 respectively. At the

beginning of the water year, the first decision that the utility must make is to

determine the value of the hedging contract, uH
t , to enter. The utility then enters

the contract and proceeds through the year, generating hydropower. The cash

flow is evaluated at the end of the year. The first stage of the cash flow, ys1
t , is the

value of the revenue received by the utility from the year’s hydropower genera-

tion, represented by the stochastic input, εR
t , defined in Section 1.2.2. The second
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stage of the cash flow, ys2
t , adds in the contract payout received for the year. The

payout is represented as the value of the hedging contract, uH
t , multiplied by the

contract payout for that year, ct. The final stage of the utility’s cash flow, ys3
t ,

is also referred to as the utility’s final adjusted revenue, uR
t . The final adjusted

revenue is the utility’s final financial decision for the year. It is determined by

either adding a withdrawal to the second stage of the cash flow or subtracting

a deposit. A withdrawal or a deposit is represented by vt. A value of vt < 0

represents that a deposit was made from the current cash flow into the reserve

fund while a value of vt > 0 represents that a withdrawal was made from the

reserve fund to be added into the cash flow.

yt =


ys1

t

ys2
t

ys3
t or(uR

t )

 =


εR

t

ys1
t + uH

t ct

ys2
t + vt

 (1.2)

The two decisions that the utility must make during the year are represented

by the control variables, uH
t and uR

t , whose superscripts, H and R designate a

“Hedge” and “Revenue” policy respectively. The parameters that define each

policy will carry the corresponding superscript henceforth and a further sum-

mary of notation can be found in Appendix A. These two decisions comprise

the overall policy P as shown in equation (1.3). The overall policy is a function

of the two decisions, which in turn are functions of respective parameter vectors

θH and θR.

P(uH
t (θH), (uR

t (θR)) (1.3)

The first component of the policy, the slope of the hedge contract, uH
t , is the
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fraction of the stochastically generated contract payout that the utility should

buy into for the year. The policy-prescribed slope, normalized on [0,1], is given

by ũH
t and defined in equation (1.4).

ũH
t = φH

aH +

n∑
i=1

wH
i exp

− m∑
j=1

(
(xH

t ) j − ci, j

bi, j

)2

 (1.4)

Equation (1.4) can be decomposed into an intermediary normalized contract

slope, ũH
t
∗, before the constraint function, φH, is applied, and then the normal-

ized contract value, ũH
t , after the constraint is applied.

ũH
t
∗ = aH +

n∑
i=1

wH
i exp

− m∑
j=1

(
(xH

t ) j − ci, j

bi, j

)2
 (1.5a)

ũH
t = φH (̃uH

t
∗) (1.5b)

In the intermediary equation (1.5a), aH is an applied constant shift, and wH
i ,

ci, j, and bi, j are the weights, centers, and radii of n RBFs that represent the hedg-

ing contract slope policy, and (xH
t ) j is the value of the jth of m state characteristics

at time t. The m = 1 informational input into this policy is the current normal-

ized balance in the reserve fund, denoted by f̃t. Therefore, for a given year t,

xH
t =

[
f̃t

]
. Then, shown in equation (1.5b), the function φH applies a constraint to

the intermediary policy. This functional form of φH is represented in equation

(1.6).

φH (̃uH
t
∗) =


ũH

t
∗, if ũH

t
∗ ≥ dH

0, otherwise
(1.6)
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This constraint dictates that the normalized contract slope before constraints

are applied, ũH
t
∗, must be greater than some threshold constant, dH, otherwise

the contract is not purchased. The threshold, dH, is set during optimization.

Then, the value of the contract slope, uH
t , is determined by unnormalizing ũH

t

with a constant unit value of the contract, kH, as shown in equation (1.7).

uH
t = kHũH

t (1.7)

The last step in the utility’s annual cash flow is to decide if money should

withdrawn or deposited into the reserve fund. This value is determined implic-

itly by first fitting a policy that determines the utility’s final adjusted normalized

revenue, ũR
t . This decision is represented in equation (1.8).

ũR
t = φRO

φRI

aR +

n∑
i=1

wR
i exp

− m∑
j=1

(
(xR

t ) j − ci, j

bi, j

)2


 (1.8)

Equation (1.8) can be decomposed into an intermediary normalized adjusted

revenue, ũR
t
∗, before an inner constraint, φRI , and an outer constraint φRO is ap-

plied.

ũR
t
∗ = aR +

n∑
i=1

wR
i exp

− m∑
j=1

(
(xR

t ) j − ci, j

bi, j

)2
 (1.9a)

ũR
t = φRO(φRI (̃uR

t
∗)) (1.9b)

In equation (1.9a), aR is an applied constant shift, and wR
i , ci, j, and bi, j are

the weights, centers, and radii of n RBFs that represent the adjusted revenue

policy and (xR
t ) j is the value of the jth of m state characteristics at time t. The
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informational inputs corresponding to this decision are the normalized current

power price index, ε̃P
t , the most recent normalized reserve fund balance, f̃t−1,

and the current normalized cash flow at this point in the year,̃ys2
t . Since the

decisions at this point are being made prior to updating the reserve fund, the

balance from the year t−1 is used. Therefore, the m = 3 policy inputs for a given

year, t, are xR
t =

[
ε̃P

t , f̃t−1, ỹs2
t

]
.

We apply both an inner constraint, φRI , and an outer constraint φRO, to en-

sure that the resulting policy is feasible. The function, φRO, defined in equation

(1.10), ensures that the reserve fund never exceeds the maximum allotted size

represented by dR, a decision variable that is set during optimization. That is, a

deposit, (represented as vt < 0), cannot be larger than the available space left in

the reserve fund.

φRO(̃uR
t
∗) =


ỹs2

t + f̃t−1 − dR, if vt < 0

ũR
t
∗, otherwise

(1.10)

The inner function, φRI , constrains the amount of money that can be with-

drawn from or deposited into the fund balance and is defined in equation (1.11).

φRO(̃uR
t
∗) =


min

(̃
uR

t
∗, ỹs2

t + f̃t−1

)
if vt ≥ 0

max
(̃
uR

t
∗, ỹs2

t −max
(̃
ys2

t , 0
)

if vt < 0
(1.11)

The first case of equation (1.11) represents the constraint that if any with-

drawal, represented as vt ≥ 0, is made, it cannot be greater than the balance in

the reserve fund. The second case implies that deposits can only occur when

the incoming cash flow is positive and that the deposit cannot be larger than the

18



cash flow.

The normalized adjusted revenue, ũR
t , is unnormalized to the scale

[
−kR, kR

]
,

as adjusted revenue can be positive or negative, using a constant unit value for

revenue, kR as shown in equation (1.12).

uR
t = kR

(
2ũR

t − 1
)

(1.12)

Finally, the amount of money that has been withdrawn or deposited into the

fund, vt, can be determined by subtracting the unnormalized cash flow before

the withdrawal or deposit was made from the final adjusted revenue, as shown

in equation (1.13).

vt = uR
t − kRỹs2

t (1.13)

The decision variables for each of the decisions are represented by the pa-

rameter vectors θH and θR. Each vector is composed of a constant shift param-

eter, the RBF centers, radii, and weights, and a variable denoting either a mini-

mum contract value threshold, dH, or a maximum reserve fund balance thresh-

old, dR. These parameter vectors are shown in equations (1.14) and (1.15).

θH =
[
aH,wH

i , ci, j, bi, j, dH
]

(1.14)

θR =
[
aR,wR

i , ci, j, bi, j, dR
]

(1.15)

The weights are constrained to be positive (wH
i ≥ 0 and wR

i ≥ 0) and sum

to unity (
∑n

i=1 wH
i = 1 and

∑n
i=1 wR

i = 1). The centers and radii of each RBF are
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constrained between -1 and 1 and 0 and 1 respectively (−1 ≤ ci, j ≤ 1, 0 ≤ bi, j ≤ 1).

Combining the policy parameters from the two decisions in equation (1.14) and

equation (1.15) results in the overall vector of decision variables Θ.

Four RBFs were chosen to represent each decision. Each RBF has two

weights, one for each of the sub-policies, and m centers and radii. Adding in

the shift and threshold variables amounts to 2n (m + 1) + 4 = 36 decision vari-

ables for the overall policy vector Θ. The optimal policy parameters, Θ∗, are

determined by solving the optimization problem in equation (1.16) with respect

to the objectives defined in Section 1.2.4.

Θ(θH, θR) = [(c1,1, ..., cn,m), (b1,1, ..., bn,m), (wH
1 , ...,w

H
n ,w

W
1 , ...,w

W
n ),

(aH, aR), (dH, dR)] (1.16)

1.2.4 Summary of Financial Performance Objectives

The SFPUC benchmarking problem explores tradeoffs between four objectives

that capture the utility’s financial interests and stability. Each evaluation of

the system’s objectives are modeled over a simulation time horizon, T , of 20

years and across 1000 Monte Carlo simulations of the key uncertainties vector:

[εS
t , ε

P
t , ε

R
t ]. The resulting matrix of 1000 samples of the vector of key uncertain-

ties is denoted ε.

Maximize expected annualized adjusted revenue (AdjRev)

SFPUC wants to maximize their annualized adjusted revenue to meet their an-

nual fixed costs which consume, on average, over 90% of their yearly revenue
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(San Francisco Public Utilities Commission, 2016). As formulated in equation

(17) below, this objective maximizes the expected value of the annualized ad-

justed revenue, uR
t , experienced in a given year, t, over a T -year period. This ob-

jective maximizes the sum of all discounted adjusted revenue over the T years

and the present value of the reserve fund, fT , at the beginning of year T +1. This

sum is divided by a discount factor, rA = 0.96, to convert it to an annualized

value. The expectation operator, Eε, calculates the expectation of the objective

over the 1000 Monte Carlo simulations of the key uncertainties vector, ε.

JAd jRev
(
uR

t∈(1,...,T ), fT

)
= Eε

 1∑T
t=1(rA)t

 T∑
t=1

(
(rA)tuR

t

)
+ (rA)T+1 ( ft)

 (1.17)

Maximize expected minimum adjusted revenue (MinRev)

SFPUC also may be interested in maximizing the worst-case adjusted revenue

that they could receive in any given year to further hedge against a situation

where they cannot pay their fixed costs and must take on debt. This objective is

formulated to maximize the expected value of the minimum adjusted revenue,

uR
t , attained over the T years and the expectation of the objective is calculated

over the 1000 Monte Carlo simulations of the key uncertainties vector, ε.

JMinRev
(
uR

t∈(1,...,T )

)
= Eε

[
min

t∈(1,...,T )

[
uR

t

]]
(1.18)

Minimize expected maximum hedge complexity (Complexity)

SFPUC and utilities would prefer to limit the complexity of the portfolios that

they buy into in order to limit transaction costs and additional fees associated

with writing contracts. Therefore, this objective, formulated in equation (1.19)

is implemented to minimize the expected value of the maximum hedging com-
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plexity attained over the T years and across the 1000 Monte Carlo simulations

of the key uncertainties vector, ε. For any given stochastic sample, the indica-

tor function, 1uH
t

, defined in equation (1.20), returns a 1 if a non-zero hedging

contract was used at any point over the T years, and zero otherwise.

JComplexity
(
uH

t∈(0,...,T−1)

)
= Eε

[
max

t∈(0,...,T−1)

[
1uH

t >0

]]
(1.19)

1uH
t

=


1, if uH

t > 0

0, otherwise
(1.20)

This objective is, therefore, a measure of the likelihood that a utility will enter

into at least one contract over the 20-year period in any of the 1000 Monte Carlo

simulations.

Minimize expected maximum reserve fund balance (Reserve)

It is not viewed as politically favorable for a utility to hoard a large sum of

money in their reserve fund. Therefore, this objective is formulated to minimize

the maximum reserve fund balance, ft, seen over the T years and across the 1000

Monte Carlo simulations of the key uncertainties vector ε.

JReserve ( ft∈(0,...,T )
)

= Eε

[
max

t∈(0,...,T )

[
ft
]]

(1.21)

The optimal parameters of the financial policies, Θ∗, can now be determined

by solving the following multi-objective problem:
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Θ∗ = arg min
Θ

[
−JAd jRev(Θ),−JMinRev(Θ), JComplexity(Θ), JReserve(Θ)

]
(1.22)

All maximization objectives are multiplied by negative one to convert the

optimization into a minimization problem.

1.3 Algorithmic Benchmarking Methodology

1.3.1 Diagnostic Framework

This study contributes a comprehensive diagnostic assessment of the ability of

current state-of-the-art MOEAs to solve complex water-energy financial risk

portfolio planning problems as represented by the SFPUC benchmarking test

case. The diagnostic assessment framework utilized in this study is illustrated

in Figure 1.4.

MOEAs are heuristic search tools that use different types of parameterized

search operators to mimic the natural processes of mating, mutation, and se-

lection in order to evolve and improve a population of solutions (Coello et al.,

2007). The default parameters of an MOEA tend to be set to values that give the

best performance for a specific test instance. However, these values are not nec-

essarily generalizable to other more complex problems. Ideally, MOEAs should

perform well under a wide range of parameterizations (Goldberg, 2002). There-

fore, the diagnostic framework illustrated in Figure 1.4 tests the sensitivity of

the MOEAs to their parameterizations by sampling their full feasible parame-

ter spaces using a Latin Hypercube sample (LHS). Each sample, signified as a
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Fig.  3.  Diagnostic  assessment  framework  used  to evaluate  the  performance  of each
of the  seven  MOEAs  tested  in  the  study  (adapted  from  Reed  et  al.  (2013)  ).  The  pa-  
rameters  for  each  MOEA  are  sampled  across  their  full  ranges  using  Latin  Hyper-  
cube  Sampling.  Each  MOEA  parameter  set  is  run  in  replicate  for  30  random  seeds
to account  for  random  seed  e�ects.  The  approximation  set  for  each  MOEA  parame-  
terization  is  assessed  through  metrics  measuring  the  convergence,  consistency  and
diversity  of approximation  sets.  Probabilistic  assessments  of metric  attainment  are
then  used  to assess  the  e�ectiveness  and  reliability  of each  algorithm.  Visually  in-  
formed  metric  goals  are  then  established  to construct  control  maps  that  capture  the
e�ciency  and  controllability  of each  algorithm.

reservoir  level)  are  mapped  into  the  outputs  (downstream  release  

decisions).  Subsequently,  their  performance  is  evaluated  in  the  

objective  space.  

The  policy  parameters  (  θ)  are  determined  by  solving  the  follow-  

ing  multi-objective  problem:  

fθ� =  arg  min  
θ

J(θ)  (9)  

The  policy  parameters  θ, are  the  decision  variables,  the  ob-  

jective  functions  J are  the  reservoir’s  operating  objectives,  defined  

in  Eq.  (2)  through  (  6  ).  The  parameters  are  obtained  by  simulat-  

ing  the  system  over  the  time  horizon  H  , under  the  policy  p =  

{  p(t ,  x t ,  θ)  ; t =  0  ,  .  .  .  ,  H − 1  }  . All  the  maximization  objectives  are
multiplied  by  − 1,  to  treat  all  the  objectives  as  minimization  func-  

tions.  

Key  benefits  of  the  EMODPS  framework  include  (1)  multiple  

objectives  can  be optimized  simultaneously  in  a single  run,  (2)  

the  approach  does  not  require  that  the  objective  functions  and  

the  model  constraints  are  time  separable,  (3)  the  framework  can  

be combined  with  any  simulation  model  (including  Monte  Carlo  

ensembles),  and  (4)  the  non-linear  approximators  used  to  repre-  

sent  reservoir  policies  can  easily  incorporate  exogenous  informa-  

tion  (e.g.,  weather  observations  or  forecasts)  to  condition  the  deci-  

sion  without  significantly  increasing  computational  challenges,  en-  

hancing  the  ease  to  evaluate  further  uncertainties.  For  a more  de-  

tailed  analysis  of  the  resulting  EMODPS  policies  and  their  impli-  

cations  for  the  Susquehanna  River  Basin,  we  direct  the  reader  to  

(  Giuliani  et  al.,  2014  ).  

3.2.  Diagnostic  framework  

This  study  implements  a comprehensive  diagnostic  framework  

illustrated  in  Fig.  3  (  Hadka  and  Reed,  2012;  Reed  et  al.,  2013  )  to  

compare  the  performance  of  several  well-known  MOEAs.  MOEAs  

are  stochastic  search  tools  that  use  di�erent  mating,  mutation,  se-  

lection  and  archiving  parameters.  Examples  of  such  parameters  can  

be found  in  Table  2  . The  default  parameterizations  for  each  MOEA  

are  usually  defined  by  finding  parameter  values  that  are  highly  

tuned  and  perform  well  for  specific  applications  or  for  test  in-  

stances;  however,  as  we  deal  with  more  complex  problems,  we  en-  

counter  less  predictable  behavior  and  can  no  longer  assume  ideal  

parameters  (  Hadka  and  Reed,  2012;  Reed  et  al.,  2013  ).  The  diag-  

nostic  framework  used  in  this  study  removes  this  bias  by  sampling  

the  full  feasible  parameter  space  for  each  evaluated  MOEA  using  

Latin  Hypercube  samples  (LHS).  Each  point  drawn  from  the  Latin  

Hypercube  sample  in  Fig.  3  represents  a full  specification  of  an  

MOEA’s  parameters.  Furthermore,  each  parameterization  is  bench-  

marked  by  running  the  MOEA  using  multiple  randomly  generated  

seeds  to  account  for  random  e�ects  when  generating  initial  popu-  

lations  and  guiding  probabilistic  search  operators.  Pareto  approxi-  

mate  sets  are  then  computed  for  each  parameter  sample.  The  fit-  

ness  of  the  approximation  sets  is  measured  through  performance  

metrics  that  evaluate  the  solution’s  convergence,  diversity  and  con-  

sistency  (discussed  in  more  detail  Section  3.3  ).  The  Lower  Susque-  

hanna  test  case  has  an  unknown  true  Pareto  front,  hence  an  ap-  

proximation  of  the  front  was  obtained  by  combining  all  the  non-  

dominated  solutions  attained  across  all  runs  of  the  seven  MOEAs  

tested.  To  simplify  our  nomenclature,  in  this  study  the  best  known  

Pareto  approximation  set  will  be referred  to  as  the  reference  set,  

this  set  is  used  to  calculate  the  performance  metrics.  

Our  classification  of  the  performance  of  an  MOEA  can  be suc-  

cinctly  summarized  through  its  e�ectiveness,  reliability,  e�ciency,  

and  controllability.  E�ectiveness  measures  if  an  MOEA  attains  high  

levels  of  performance.  Reliability  captures  the  variability  in  perfor-  

mance  across  parameterizations  as  well  as  random  seed  trials.  E�-  

ciency  refers  to  attaining  high  levels  of  performance  in  a minimum  

number  of  function  evaluations  (NFE).  Controllability  measures  the  

ease-of-use  or  sensitivity  of  MOEAs’  to  their  parameterizations.  If  

an  algorithm  is  well  suited  for  a problem,  a wider  range  of  its  pa-  

rameter  combinations  will  yield  good performance;  conversely,  if  

an  algorithm  is  not  well  suited  for  a problem,  or  the  problem  is  

particularly  di�cult,  it  may  be hard  to  find  even  a single  success-  

ful  algorithm  parameterization.  Ideally,  an  MOEA  would  generate  a 

high  quality  Pareto  approximation  for  any  combination  of  its  input  

parameters;  this  is  referred  to  a large  “sweet  spot” in  its  parameter  

space  (  Goldberg,  2002  ).  
Although  the  MOEA  diagnostic  framework  employed  in  this  

study  globally  samples  the  algorithms’  full  feasible  parameteriza-  

tion  spaces,  Reed  et  al.  (2013)  demonstrated  that  showing  perfor-  

mance  with  respect  to  the  number  of  function  evaluations  and  

population  size  is  su�cient  to  visualize  the  ease-of-use  and  ef-  

ficiency  of  the  algorithms.  Hence,  the  control  maps  depicted  in  

Fig.  3  summarize  the  full  set  of  sampled  parameterizations  pro-  

jected  onto  the  two-dimensional  subspace  defined  by  the  sampled  

ranges  of  NFE  and  population  sizes.  

3.3.  Performance  metrics  

The  MOEA  search  performance  metrics  used  in  this  study  are  

generational  distance,  -indicator,  and  hypervolume.  These  metrics  

allow  the  comparison  of  the  approximation  sets  by  providing  an  

appropriate  quantification  of  proximity,  consistency  and  diversity,  

respectively  (  Coello  Coello,  2007;  Hadka  and  Reed,  2012;  Knowles  

and  Corne,  2002;  Zitzler  et  al.,  2003  ).  The  metrics  were  calculated  

relative  to  the  reference  set  as  illustrated  in  Fig.  3  . 
Generational  distance  (  Van  Veldhuizen  and  Lamont,  1998a,  

1998b  )  is  the  most  basic  measure  of  proximity.  It  consists  of  the  

minimum  point  in  the  average  Euclidean  distance  vector  between  

solutions  in  an  approximation  set  and  its  corresponding  nearest  so-  

lutions  in  the  reference  set  in  the  objective  space.  This  is  the  easi-  

est  metric  to  meet;  it  only  requires  a single  point  to  be close  to  the  

reference  set.  The  presence  of  a single  point  near  the  reference  set  

will  strongly  influence  the  calculation  of  the  minimum  Euclidean  

distance  between  each  of  the  objective  vectors  in  the  approxima-  

tion  set.  Generational  distance  does  not  account  for  diversity  and  

if  our  solution  consists  of  few  points  that  are  close  to  the  reference  
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Figure 1.4: Diagnostic assessment framework used to evaluate the performance
of each MOEA tested in the study (adapted from Zatarain Salazar et al. (2016)).
The parameters for each MOEA are sampled across their full ranges using Latin
Hypercube Sampling. The approximation set for each MOEA parameterization
is assessed through metrics measuring the convergence, consistency and diver-
sity of approximation sets. These metrics are used to construct visualization
tools that capture the efficiency and controllability of each algorithm and assess
the effectiveness and reliability of each algorithm. Each parameter set is further
replicated for 25 random seed trials to account for the random initialization of
populations.

point in the parameter block of Figure 1.4, represents one fully specified param-

eter instance for an MOEA. In this benchmarking study, each instance is used

to solve the SFPUC optimization problem defined in equation (1.22) to obtain

a Pareto approximate set of solutions. Given that MOEAs are stochastic global

search tools that can be strongly sensitive to their pseudo-random sequences of

initial random population generation and probabilistic search operators, each

sampled parameterization in benchmarking framework is run for 25 replicate

random seed trials to account for these effects. The quality of the Pareto ap-

proximate set is assessed by comparison to a reference set that is obtained by
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merging the best solutions found across all algorithms. Performance metrics are

then calculated with respect to this reference set. These performance metrics can

be visualized to assess an MOEA’s effectiveness, reliability, and controllability.

“Effectiveness” refers to an MOEA’s ability to attain high quality approximation

sets. An MOEA is considered “reliable” if it can attain these sets with minimal

variability across parametric and/or random seed trials. “Controllability” is a

measure of the sensitivity of an MOEA to its parameterization. A highly control-

lable MOEA is easy-to-use and not sensitive to its parameterization. Ideally, an

MOEA should generate a high quality Pareto approximation for any parameter-

ization; this is referred to a large “sweet spot” in its parameter space (Goldberg,

2002).

1.3.2 Performance Metrics

The metrics calculated in this study are generational distance, hypervolume,

and additive epsilon indicator. These metrics give an indication of the conver-

gence and diversity of the Pareto approximate set. Convergence indicates how

close the approximate set is to the reference set. Diversity indicates how well

the approximate set spans across the reference set (Coello et al., 2007).

Generational Distance: Generational distance is a measure of convergence of

the approximate set to the best-known reference set. In order to calculate gener-

ational distance, the Euclidean distance between each test point and the closest

point in the reference set is calculated. Then the average distance is calculated

considering all generated Pareto points. Therefore, the goal is to minimize this

metric. Generational distance is considered the most basic metric to meet as a
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near perfect value can be achieved if the reference set contains only one solu-

tion that is close to to the best approximate reference set. Therefore, this metric is

meaningful primarily to identify that when an algorithm cannot meet this met-

ric, it has exhibited poor performance (Van Veldhuizen and Lamont, 1998a,b)

Additive Epsilon Indicator: Additive epsilon indicator is a measure of the

worst-case distance that the approximation set has to be translated to dominate

the reference set. Thus, the goal is to minimize this metric value. If an approxi-

mate set has many gaps, then solutions from farther regions must be translated

a large distance to dominate the best known approximation. Thus, this will lead

to a high additive epsilon indicator value. This metric is a good measure of an

MOEA’s consistency, or ability to capture all parts of the Pareto front (Zitzler

et al., 2003; Hadka and Reed, 2012; Reed et al., 2013).

Hypervolume: Hypervolume measures the volume of the objective space that is

dominated by the approximation set. Hypervolume is generally the most chal-

lenging and comprehensive metric to meet that can be used to assess the ap-

proximation set’s convergence and diversity (Zitzler et al., 2003). In this study,

hypervolume is calculated across normalized objective function values and is

also normalized relative to the reference set hypervolume when metric results

are reported.

1.3.3 Multi-objective Evolutionary Algorithms

MOEAs are popular tools for multi-objective optimization of complex, non-

linear problems because their population-based approach requires less knowl-

edge of the topology of a problem than their deterministic counterparts. There-
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fore, they are particularly suited towards and successful in water resources ap-

plications which tend to be characterized by non-convexity, stochasticity, non-

linearity, and high dimensionality (Nicklow et al., 2010; Maier et al., 2014). The

capabilities of MOEAs have expanded over time to accommodate increasingly

relevant and challenging water application problems, a review of which is pro-

vided in Reed et al. (2013). While there have been many new MOEA search

advances over the last decade, many of the more modern algorithms have not

been rigorously tested on their ability to solve challenging real-world problems

such as the SFPUC financial risk test case. Consequently, this study contributes

a benchmark of five state of the art evolutionary algorithms on the highly non-

convex and discrete, four objective financial decision test case. These algorithms

are summarized below.

NSGA-II: First proposed by Deb et al. (2002), the NSGA-II is an elitist algorithm

that dramatically advanced the capabilities of MOEAs to address challenging

problems through three key innovations: elitism, efficient non-domination sort-

ing, and incorporation of a diversity maintenance that does not require a user-

specified parameter. The NSGA-II was one of the first algorithms to use the

Pareto dominance relationship to search for an entire Pareto front in a single

run (Coello et al., 2007). As an elitist algorithm, it first sorts a population, com-

posed of an equal number of parents and children, into a sequence of fronts.

Members in each front are non-dominated with respect to each other and are

therefore given the same rank. The next generation of solutions is determined

by incorporation of fronts that have the best ranks. When NSGA-II reaches a

front with more members than the remaining slots in the next generation, it em-

ploys a crowding distance operator that maximizes diversity by giving priority

to solutions in sparser regions of the objective space. NSGA-II’s incorporation
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of elitism helps to prevent non-dominated solutions from being lost through the

search, but when used in conjunction with a fixed population size, this greatly

limits the algorithm’s ability to incorporate new solutions into the population.

Furthermore, NSGA-II does not have an archive to store non-dominated solu-

tions and while innovative at the time, its crowding distance operator was later

found to have limitations beyond two objectives (Deb et al., 2002). In cases

where NSGA-II only finds one front, selection is only based on this crowding

operator. Thus, valid solutions may be dropped, resulting in deterioration. De-

terioration occurs when an MOEA’s solution set contains one or more solutions

dominated by another member solution. In the extreme, deterioration can cause

an MOEA to diverge away from the Pareto front (Hadka and Reed, 2012). Still,

NSGA-II remains the most popular algorithm used today and is an appropriate

historical baseline algorithm to include in the diagnostic study.

MOEA/D: Zhang and Li introduced MOEA/D, a decomposition based multi-

objective evolutionary algorithm, in 2007. MOEA/D reformulates the multi-

objective optimization problem into N single-objective optimization subprob-

lems that are solved simultaneously. The decomposition is performed using

methods such a weighted sum, Tchebycheff decomposition, or a Boundary In-

tersection approach to formulate each of the N sub-problems as a linear or non-

linear aggregation of the problem objectives. Each sub-problem is given a dif-

ferent weighting vector to maximize diversity of search that results in N so-

lutions. The next generation population is determined by mating each of the

N population member with other members that reside within a pre-defined

neighborhood around the point. Therefore, this algorithm solves each optimiza-

tion problem using information from neighboring subproblems (Zhang and Li,

2007). However, one limitation of this algorithm is the necessity of the user to
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specify the size of the neighborhood around each solution, which can be sub-

jective. Nevertheless, MOEA/D was chosen as a representative of an emerging

class of decomposition-based algorithms (Giagkiozis and Fleming, 2014) and

won the 2009 IEEE Congress on Evolutionary Computation (CEC 2009) compe-

tition (Zhang and Suganthan, 2009). This study implements the winning version

of MOEA/D that utilizes a Tchebycheff decomposition approach and proposes

a strategy for allocating the computational resource to different subproblems

(Zhang et al., 2009).

The Borg MOEA: The Borg MOEA is a unified optimization framework that

represents a class of self-adaptive algorithms whose variational operators are

adaptively selected through search based on the problem’s local topology. The

Borg MOEA contains many novel components that build off of its parent algo-

rithm, ε-MOEA (Deb et al., 2005), including implementation of epsilon dom-

inance archiving to maintain non-dominated solutions during the search pro-

cess and an adaptive population size. It also utilizes adaptive time continuation

through epsilon progress, a metric used monitor for stagnation in search process

and escape local optima. If the algorithm fails to make progress discovering so-

lutions that dominate members of the archive, it will implement a randomized

restart to inject more diversity into a population. The population is emptied

and repopulated with all archived solutions and a uniform mutation is applied

to archive solutions to fill any remaining spots (Hadka and Reed, 2013). The

Borg MOEA’s self-adaptive characteristics allow it to be to less sensitive to un-

derlying parameterizations than algorithms without these capabilities and thus

has be shown to have applicability across a wide set of problem classes (Hadka

and Reed, 2012; Reed et al., 2013).
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NSGA-III: In 2014, Deb proposed NSGA-III to bridge the frameworks of NSGA-

II and MOEA/D. NSGA-III utilizes the same non-dominated sorting as NSGA-

II but implements a different niching strategy that involves choosing population

members with the greatest proximity to a set of pre-defined reference points to

achieve diversity. After the Pareto front sorting procedure, the M problem objec-

tives are normalized in each generation based on the maximum value achieved

for each objective. A hyperplane is determined from extreme points and then

reference points are evenly space across an (M − 1) - dimensional simplex. Ref-

erence lines are specified for each reference point and population members are

assigned to the closest reference line. If no new population members are associ-

ated with the reference vector, the former population member with the closest

perpendicular distance to the reference vector is chosen to be added to the new

population. If a prospective population member is associated with a vector that

already has a member specified, then a random member is picked to move into

Pt+1. After Pt+1 is formed, it is then used to create an offspring population Qt+1

with usual crossover and mutation operators. NSGA-III suffers from the inabil-

ity to preserve non-dominated solutions due to the lack of an archive, like its

NSGA-II counterpart (Deb and Jain, 2014).

RVEA: RVEA is a reference vector-based algorithm similar to NSGA-III and

motivated by decomposition-based approaches like MOEA/D. The reference

vectors not only can be used to decompose the multi-objective problem into

single-objective subproblems but also can also be tuned to target search in a

user-preferred region of the Pareto front. RVEA adopts an elitism strategy sim-

ilar to NSGA-II where a parent population is combined with an offspring pop-

ulation that is generated using traditional crossover and mutation operations.

The prospective population is split into N subpopulations by associating each
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population member with one of N reference vectors. The main new contribution

proposed is the implementation of an Angle-Penalized Distance (APD) metric

to select which solution member associated with each reference vector will pass

on to the next generation of the population. The metric seeks to balance con-

vergence and diversity by taking into account both the distance between a solu-

tion and the reference vector along with measuring the acute angle the solution

makes with its reference direction. The metric formulation prioritizes conver-

gence early the search and diversity is emphasized in the later stages of the

search (Cheng et al., 2016). As the most modern algorithm in the suite, RVEA

has been minimally benchmarked on variety of applications.

1.4 Computational Experiment

As described in the Section 1.2.3, we introduce a DPS framework for abstracting

SFPUC’s yearly financial decisions. Gaussian radial basis functions are used to

represent well-informed policies that map utility state information and power

prices to optimal contract values and end-of-the-year adjusted revenue. Each

radial basis function has three parameters: a radius, center, and weight. Four

radial basis functions are used for this test case and there are three informational

parameters serving as inputs into the function to yield a total of 36 decision vari-

ables. The candidate optimal policies that inform yearly financial decisions over

a 20-year time period are optimized with respect to these decisions variables.

Five state-of-the-art MOEAs are used to discover optimal policies with respect

to the four objectives outlined in Section 1.2.4. The diagnostic assessment is

performed using MOEAFramework, a free and open source Java library that

allows users to design, execute, and assess the performance of a variety of pop-
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ular MOEAs. The following subsections discuss the computational experiments

that are executed through MOEAFramework to conduct the diagnostic assess-

ment. First, Section 1.4.1 elaborates on the procedure for sampling of algorithm

parameterizations. Then section 1.4.2 describes the process of generating and

verifying reference sets.

1.4.1 Sampling of Algorithm Parameterizations

The experimental setup for the diagnostic assessment requires testing MOEAs

in their default parameterizations, displayed in Table 1.2. The default instance

of the MOEAs is then used to solve the SFPUC test case. Each MOEA is al-

lowed to search for 200,000 NFE and replicated for 50 random seeds to account

for effects from the random initialization of the population. Then, in order to

test MOEAs across their feasible range of parameter values, 100 Latin hyper-

cube samples are taken from the range of acceptable parameter values for each

MOEA. Each sample is an instance of the MOEA and represented by a single

point in the parameter block in Figure 1.4. Each MOEA instance is replicated for

25 random seeds and evaluated over 200,000 NFE. Archive output and runtime

dynamics are reported every 5,000 NFE to understand how algorithm perfor-

mance evolves through the search. Performance metrics are calculated from the

results of the optimization and then visualized in figures that serve to demon-

strate algorithm behavior across search time and parameterization.
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Table 1.2: Latin hypercube sampling of MOEAs’ operators and their associated
parameter ranges as well as the MOEAs’ default parameterizations. D corre-
sponds to the number of decision variables (36).

Parameter LHS range Default Algorithms

Crossover SBX rate 0 -1 1.0 Borg, NSGA-II,
RVEA, NSGA-III

SBX distribution index 0-100 15 Borg
30 NSGA-II

RVEA, NSGA-III
DE crossover rate 0-1 0.1 All algorithms
DE step size 0-1 0.5 Borg, MOEA/D
PCX parents 2-10 3 Borg
PCX offspring 1-10 2 Borg
PCX eta 0 -1 0.1 Borg
PCX zeta 0 -1 0.1 Borg
UNDX parents 2 -10 3 Borg
UNDX offspring 1 -10 2 Borg
UNDX eta 0 -1 0.5 Borg
UNDX zeta 0-1 0.35 Borg
SPX parents 2-10 3 Borg
SPX offspring 1-10 2 Borg
SPX epsilon 0-1 0.5 Borg

Mutation PM rate 0-1 1/D All algorithms
PM distribution index 0-100 20 All algorithms
UM rate 0-1 1/D Borg

Selection Neighborhood Size 0-0.2 0.2 MOEA/D
Delta 0-1 0.9 MOEA/D
Eta 0-0.02 0.02 MOEA/D
Injection Rate 0.1-1 0.25 Borg

Population Size 10-250 100 Borg, NSGA-II
MOEA/D

Divisions 4-9 8 NSGA-III, RVEA

NFE 200,000 All algorithms
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1.4.2 Generation and verification of reference sets

Five MOEAs outlined in Section 1.3.3 are used to discover optimal policies with

respect to the four objectives outlined in Section 1.2.4. The best solutions that

each MOEA finds individually comprise the algorithm’s individual reference

set. In order to compare algorithms, performance is assessed relative to the best

known reference set for the SFPUC test case which is found by merging the best

solutions using consistent epsilon sorting across the algorithms. An epsilon pre-

cision that dictates numerical precision for each objective must be specified for

algorithms that utilize epsilon box dominance. For NSGA-II, this requires trans-

forming point dominance to epsilon-box dominance to ensure consistent com-

parisons across MOEAs (Hadka and Reed, 2012). The epsilon values are 0.05

for the average annualized adjusted revenue and the average hedging complex-

ity objectives and 0.1 for the minimum adjusted revenue and the fund balance

objective.

As stated in Section 1.2.2, the optimized objective values that define each so-

lution in the reference set are averaged across 1000 simulations of 20-year peri-

ods defined by three different stochastic inputs: snow water equivalent, power

price index, and yearly revenue. In the SFPUC test case, objectives are opti-

mized to a different ensemble of inputs in every functional evaluation, which

allows exposure to a wider variety of potential worlds that would not be pos-

sible if using a fixed ensemble. This type of noisy sampling can serve to cap-

ture extreme events in the tails of the distributions of the stochastic inputs that

would impact the utilities most severely. The sampling is also supported by

a large body of work centered around evolutionary optimization under uncer-

tainty (Smalley et al., 2000; Chan Hilton and Culver, 2005; Gopalakrishnan et al.,

34



2003; Kasprzyk et al., 2009). The stability of the approach is further confirmed by

re-evaluating the solutions on a larger set of 100,000 independent of stochastic

samples and verifying that solution performance is stable. The re-evaluated ref-

erence sets can be found in Appendix B. Re-calculating runtime dynamics with

respect to the new verified reference set is computationally intractable. There-

fore, Sections 1.5.1-1.5.4 display results and metrics with respect to the reference

set determined from the optimization. Verified overall and default reference sets

are only used in Section 1.5.5 of the results.

1.5 Results and Discussion

1.5.1 Analysis of Reference Sets

Average Maximum

Hedging Complexity 

Average 
Annualized
Adjusted 
Revenue 

($M)

Average Minimum

Adjusted Revenue ($M)

Average Maximum 
Reserve Fund 
Balance ($M)

Figure 1.5: The overall best known tradeoffs for the SFPUC test case attained
across all MOEA runs. The ideal point is shown as a black star. The fourth ob-
jective, minimizing the average maximum reserve fund balance is represented
by the color scale (darker is preferred).
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Figure 1.5 shows the overall best known reference set of Pareto approximate

solutions that represent the financial risk tradeoffs for the SFPUC test case. As

noted in Section 1.4.2, these solutions are the result of epsilon non-domination

sorting across all trial runs performed for all of the tested algorithms. The the-

oretical ideal solution is represented by a black star. The SFPUC financial risk

problem poses a challenge to MOEAs given that its best known Pareto front is

characterized by a complex disjoint geometry that contains two distinct lobes

with compromise solutions interspersed in the compromise region defined by

the portfolio complexity objective. As evident in Figure 1.5, there is a strong

tradeoff between the average minimum adjusted revenue objective and the av-

erage annualized adjusted revenue objective. The color gradient with lighter

colored points in the lower front portion of the plot highlights that increasing

average minimum adjusted revenue usually necessitates the presence of a larger

reserve fund balance. However, the lack of lighter points in the rightmost high-

est complexity lobe of solutions suggests that a larger reserve fund balance is

not necessary if a more complex portfolio structure is implemented.

Formalizing this relationship, the histogram in Figure 1.6 shows that the

minimum complexity contracts implement a wider distribution of maximum

reserve fund balances while the most complex financial portfolio solutions do

not require a reserve fund larger than $40 million on average. The high com-

plexity contract structures reduce the potential self-insurance opportunity costs

that SFPUC face when they have to fix a large amount of their funds in a reserve

account. The complexity objective is a measure of the likelihood that a utility

will enter into at least 1 contract over the 20-year period for any state of the

world. This objective can be seen as a proxy of transaction costs and minimiz-

ing it abstracts an aversion to complex financial instrument portfolios. Figure
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1.5 shows that there are zones of highly concentrated solutions corresponding

to extremes of the complexity objective (i.e., probability equal to 0 or 1). An in-

termediate complexity objective value between 0 and 1 indicates the fraction of

the 1000 statistical 20-year replicate samples in which the solution implemented

at least 1 contract during the planning period. Generally, lower complexity so-

lutions are associated with a larger annualized average revenue whereas higher

complexity solutions lead to a higher minimum revenue.

Fr
eq

ue
nc

y

Average Maximum Fund Balance ($M)

Maximum Complexity
Minimum Complexity

Figure 1.6: Histograms of the distributions of the maximum reserve fund bal-
ances associated with the most and least complex contract structures. The pur-
ple color indicates where the two histograms overlap.
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Figure 1.7: The percent of the reference set was contributed by each algorithm.
The Borg MOEA single-handedly produced over 80% of the reference set while
the newer algorithms struggled to discover solutions that were not dominated
by Borg or NSGA-II.

Figure 1.7 builds on Figure 1.5 by quantifying the reference set contributions

for each of the tested MOEAs. The percentages displayed in the bar graph take

into consideration solutions that are identified by multiple algorithms as well as

solutions identified uniquely by specific algorithms. As seen in Figure 1.7, the

Borg MOEA contributed 81% of the reference set solutions, while RVEA con-

tributed only 0.8% of reference set solutions. Notably, the reference vector and

decomposition MOEAs contributed the least to the reference set. The NSGA-II

had the second highest rate of contribution at 8.8% of the reference set solutions.

The Borg MOEA and NSGA-II found a similar number of solutions. The Borg

MOEA found 2700 non-dominated solutions while NSGA-II found 2000. Dur-

ing the sort to produce the overall reference set, many of NSGA-II’s solutions

were ultimately dominated by the Borg MOEA solutions. The key distinguish-

ing feature between the Borg MOEA and the rest of the algorithms lies in its

ability to adaptively adjust population size, selection pressure, and variational

operators as more of the problem’s decision space is explored through the search
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(Hadka and Reed, 2013). These characteristics allowed the Borg MOEA to dis-

cover more non-dominated solutions and in more diverse areas than the other

algorithms.
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Figure 1.8: Each individual algorithm’s best attained approximate reference sets
discovered across all of its runs for all tested parameterizations.The yellow ar-
rows indicated the preferred direction for the objectives.

The five panels in Figure 1.8 show the best attained reference sets obtained

by each algorithm after completing 200,000 function evaluations. Each algo-

rithm’s reference set was attained across all of its trial runs. The Borg MOEA

(Figure 1.8a) and NSGA-II (Figure 1.8b) are the only algorithms that obtain

reference solution sets that closely replicate the geometry of the overall best

known reference set in Figure 1.5. The decomposition strategy of MOEA/D

(Figure 1.8e) as well as the reference point-based search of NSGA-III (Figure
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1.8c) and RVEA (Figure 1.8d) all yield significantly fewer solutions that are

biased toward the two extreme lobes of the complexity objective. This can

be attributed to the underlying strategies employed by reference point, ref-

erence vector, and decomposition approaches to maintain solution diversity.

MOEA/D’s decomposition-based approach assigns uniform weighting to sub-

problems and NSGA-III and RVEA implement uniformly distributed reference

vectors and points to aid in search. Both approaches assume that the targeted

Pareto front is smooth and continuous. This is not the case for optimization

problems with a discontinuous Pareto front such as the SFPUC test case. Hence,

if any reference points or vectors cannot locate a new population member, they

are disregarded, reducing the density of solutions that can be discovered (Cheng

et al., 2016). Potential fixes for the reference point techniques have been pro-

posed in Cheng et al. (2016) and Deb and Jain (2014) that suggest adaptively

regenerating or re-locating reference points and vectors rather than removing

them completely. A key challenge for these proposed fixes remains: a gener-

alized open-source accessible version of the algorithm codes that is scalable to

real-world problems with more than three objectives does not exist at present.
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1.5.2 Algorithmic Effectiveness and Reliability

a) Generational Distance b) Additive Epsilon Indicator c) Hypervolume
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Figure 1.9: Attainment plots that capture the best overall metric values achieved
by each MOEA (white circles) as well as their success probabilities in attaining
increasingly higher quality metric values. The red-to-blue shading indicates the
probability that a single run of an MOEA reaches a given percentage of the best
possible metric value for a) generational distance b) additive epsilon indicator
and c) hypervolume.

Successful tradeoff analyses in decision support applications require that

MOEAs are able to effectively discover high quality approximations to the

Pareto front. Moreover, they should do so reliably across their candidate param-

eterizations and random seed trials. That is, an MOEA should be both effective

and reliable for any given run. The attainment plots in Figure 1.9 provide a

probablistic assessment of MOEA performance. Each MOEA’s best single trial

run’s overall performance in hypervolume, generational distance, and additive

epsilon indicator is designated by a white dot in Figure 1.9. For each of the met-

rics, the probability of attainment is defined as the percentage of an MOEA’s

trial runs (across all parameterization and random seed trials) that attain a given

level of the best single run metric value. Ideal performance would be indicated
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by a dark blue bar with a white dot at 100% indicating that the algorithm can

attain ideal performance 100% of the time. A white dot below the 100% mark in-

dicates that the algorithm was unable to attain ideal performance for the metric

(i.e. achieving the reference set hypervolume or a value of zero for generational

distance and additive epsilon indicator).

From Figure 1.9a, it is clear that all of the algorithms were able to obtain a

high levels of performance for generational distance consistently. Generational

distance is the easiest of the three metrics to satisfy, as a near perfect value can

be achieved if the reference set contains only one solution that is close to to

the best approximate reference set. Therefore, poor performance in this met-

ric would denote abject failure of an algorithm. Additive epsilon indicator is

a more challenging metric, measuring the worst-case distance that the refer-

ence set has to be translated to dominate a given approximation set. All of the

MOEAs show a degradation in their attainment performance for the additive

epsilon indicator. This is not surprising given that additive epsilon indicator

is particularly senstive to gaps where the approximation set is missing solu-

tions that are present in the best known reference set. The visualizations of the

best reference sets for each of the MOEAs shown Figure 1.8 highlight that sev-

eral never identify solutions in the intermediate complexity compromise region.

The worst case translation distances grow very rapidly given these gaps (see the

discussions in Hadka and Reed, 2012, 2013). Figure 1.9b indicates that the Borg

MOEA achieves the highest level of attainment for the additive epsilon indi-

cator measure, consistently achieving 79% of the overall best value. The Borg

MOEA similarly out performs the other MOEAs hypervolume attainment in

Figure 1.9c, consistently achieving 75% of the best hypervolume metric value.

Surprisingly, NSGA-II has the second best overall attainment performance in
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both the additive epsilon indicator and hypervolume. In Figures 1.9b and 1.9c, it

is apparent that MOEA/D, NSGA-II, NSGA-III, and RVEA are able to obtain ac-

ceptable metric values for their single best performing trial run but are not likely

to obtain this value consistently. The reference point (NSGA-III and RVEA) and

decomposition (MOEA/D) algorithms also have the steepest decline in their

single trial run attainments overall. In a practical context, the attainment results

in Figure 1.9 highlight that the SFPUC benchmarking problem is difficult and

that all of the algorithms would struggle to reliably attain ideal additive epsilon

indicator and hypervolume results with single random seed trials.

1.5.3 Algorithmic Controllability and Efficiency

MOEAs should provide consistent performance across any of their candidate

parameterizations (i.e., “ease-of-use”). Often in algorithmic studies, the capabil-

ities of MOEAs are reported after a trial-and-error analysis establishes a single

best performing parameterization, especially when default parameterizations

struggle (see Deb and Jain (2014); Cheng et al. (2016); Qi et al. (2019). However,

the single best parameterization is typically highly test-case dependent and un-

der emphasizes the difficulty for users in trying to parameterize the algorithms

while maintaining high levels of performance.
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Figure 1.10: Hypervolume performance control maps for the SFPUC test case
capturing the controllability and efficiency of each MOEA. The color scale repre-
sents the percent of the best known global reference set’s hypervolume captured
by each local 25-seed reference approximation set for each tested parameteriza-
tion. Ideal performance is shown in zones of dark blue and poor performance
is designated by dark red. The control maps are a sub-space based on the full
set of Latin hypercube samples of the parameters for each algorithm.

The control maps, shown in Figure 1.10, are used to assess an algorithm’s

44



“sweet spot”, or how sensitive that algorithm is to its parameterization. Each

map shows the hypervolume attained as a function of NFE and proxies of popu-

lation size, since these parameters consistently have dominant effects on MOEA

performance and computational demand (Hadka and Reed, 2012; Reed et al.,

2013). The color legend indicates the percent of the expected hypervolume that

each algorithm attained by averaging across 25 random seed trials used to eval-

uate each parameterization. In short, this represents what would be expected

from a single trial run of one of the algorithms solving the SFPUC test case.

Ideal performance would be indicated by a solid dark blue shading, which re-

quires that the algorithm achieves high hypervolume (effectiveness) even if con-

strained by a limited number of function evaluations (efficiency) for all tested

parameterizations (controllability).

The uniform blue shading in the Borg MOEA control map (Figure 1.10a)

indicates that the algorithm is less sensitive to its parameterization. The Borg

MOEA also typically requires less than 25,000 function evaluations to achieve

80% of the best known hypervolume. The control map for NSGA-II (Figure

1.10b) displays a high sensitivity to its population size as has been widely doc-

umented in prior studies (Reed et al., 2003; Hadka and Reed, 2012; Reed et al.,

2013), showing an abrupt threshold for hypervolume performance. This behav-

ior is characteristic of elitist algorithms that utilize a fixed population size and

therefore have a reduced ability to incorporate newer non-dominated solutions

in every generation. Peak performance for NSGA-II is contingent on the user

specifying a population size greater than 200, which is not the default specifica-

tion for the algorithm or apparent to any user in advance. The control map for

MOEA/D (Figure 1.10c) exhibits a nonlinear sensitivity to both population size

and search duration. Although MOEA/D exhibits an island of high hypervol-
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ume performance, it would be difficult for users to specify successful parameter

ranges a priori, meaning that this algorithm is not controllable, or “easy-to-use”.

While MOEA/D has been shown to be successful in solving test functions, its

sensitivity to the relative scaling of objective functions makes it more difficult to

predict if it will be successful for other water resources applications. Moreover,

MOEA/D’s algorithmic computational time grows very rapidly with popula-

tion size due to its neighborhood decomposition. Surprisingly, these computa-

tional demands can grow to an extent that they are no longer negligible relative

to the normal demands for the function evaluations required in search (Hadka

and Reed, 2012).

The control maps for NSGA-III and RVEA (Figure 1.10d and 1.10e) show sig-

nificant failure to attain an acceptable hypervolume for any range of parameter-

izations. Furthermore, deterioration in the algorithms is apparent by the color

fluctuations along any given vertical segment of the control map. These color

variations signify a non-monotonic variation in hypervolume as the number of

function evaluations increases (i.e., solutions that are important to hypervol-

ume progress have been lost). Overall, the Borg MOEA displays the strongest

performance by consistently achieving high hypervolume over the suite of its

parameterizations, highlighting that it would be difficult to make the algorithm

fail. This lack of sensitivity to parameterization is due to the Borg MOEA’s

adaptive search techniques which have shown to be successful for a variety of

benchmarking problems (Hadka and Reed, 2012; Reed et al., 2013; Ward et al.,

2015; Zatarain Salazar et al., 2016). The Borg MOEA implements operators that

can adaptively adjust through the evolutionary process and adaptive popula-

tion sizing helps the algorithm to be insensitive to initial population size. The

non-adaptive algorithms’ lack of these mechanisms and consequent strong sen-

46



sitivity to their parameterizations makes them difficult to use in real-world ap-

plications. The control maps emphasize that more effort should be directed

towards developing and using MOEAs that can flexibly navigate the complex

tradeoffs of real-world applications and whose endogenous self-adaptive na-

ture require no user interaction. The ultimate goal should be to facilitate efficient

and user-friendly decision-making; algorithms that only work well for specific

parameterizations that are challenging to discover do not help to facilitate this

goal.

1.5.4 Default Parameterization Runtime Dynamics

H
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Number of Function Evaluations (103)

Figure 1.11: Runtime dynamics of hypervolume performance across 50 seeds
of each algorithm’s default parameterization The solid line represents the mean
hypervolume achieved through the search process and the shading bounds the
5th and 95th percentile confidence interval. A hypervolume of 1 with thin shad-
ing is preferred (i.e., high performance reliability).
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The default runtime analyses in Figure 1.11 capture the expected perfor-

mance of each of the MOEAs using their author-recommended default param-

eterizations summarized in Table 1.2. The hypervolume runtime dynamics

allows the user to visualize how quickly and reliably each of the algorithms

achieve hypervolume performance. Reliability is assessed by running 50 ran-

dom seed replicate trials for each of the algorithm’s default parameterizations.

In Figure 1.11, the solid lines represent the mean hypervolume achieved over

the 50 trial runs for each algorithm. The shading bounds in the figure designate

the 5th and 95th percentile confidence interval. The default runtime dynamics

show that most of the algorithms achieve their best hypervolume performance

after 10,000 function evaluations. For NSGA-III, RVEA, and MOEA/D, that

found relatively few solutions, these results suggest that the algorithms con-

verged on the two extreme disjoint regions of the most and least complex fi-

nancial portfolio structures for SFPUC very quickly but were unable to discover

the interior solutions (see Figure 1.8). MOEA/D exhibits the largest variability

across its random seed trial runs, which corroborates the results displayed in the

attainment plots in Figure 1.9. All of the algorithms aside from the Borg MOEA

exhibit clear deterioration, which was first identified in the control maps in Sec-

tion 1.5.4. In Figure 1.11 deterioration (or loss of solutions) is shown with the

fluctuating, non-monotonic hypervolume dynamics. This deterioration is espe-

cially prominent in RVEA and NSGA-III. Both algorithms achieve high hyper-

volume early in the search, but then non-linearly decrease in their hypervolume

performance.

A loss in hypervolume is common for algorithms that do not exploit for-

mal solution archiving. However, if the lack of archive was the most prominent

issue, then NSGA-II and MOEA/D would have exhibited more deterioration.
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Therefore, the deterioration of the two reference point algorithms can be at-

tributed to how they exploit their reference vector and reference points. NSGA-

III normalizes objectives in every generation, which means that solutions that

are associated with a reference point in one generation may become located far-

ther away from that reference point in a subsequent generation. Thus, while

still a valid solution, the point may be excluded from the population if a new

population member becomes associated with the reference point. For smooth

Pareto fronts, this will likely not be an issue because normalization will be con-

sistent across generations. However, if part of a disjoint set is encountered that

has not been found yet, this can drastically change the normalization scheme

and cause divergent deterioration. RVEA implements a vector adaptation strat-

egy that, unlike NSGA-III’s objective normalization, is not performed during

every generation with the intent of stabilizing convergence (Cheng et al., 2016).

However, as seen in Figure 1.11, even with this solution strategy in place, RVEA

still suffers from deterioration.

1.5.5 Decision Making Implications of Algorithmic Choice

The prior results diagnose the algorithm’s search performance. It is also in-

teresting to explore how a typical user would perceive the SFPUC system’s

financial risk tradeoffs. Figure 1.12 simulates an interactive decision support

exploration in which SFPUC stakeholders specify a performance criteria that

the expected minimum revenue should be no less than 90% of the average an-

nual revenue. This criterion represents reasonable expectations that could be

set by the utility in order to be in an advantageous position to meet fixed an-

nual costs. MOEAs facilitate this type of interactive a posteriori tradeoff analyses
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where decision makers view the full suite of possible solutions and then brush,

or eliminate, solutions that don’t meet the specified performance requirements.

Less attention in literature is spent recognizing that the choice of algorithm can

distort the decision maker’s perception of their tradeoffs and the suite of so-

lutions available to them. This issue is illustrated in Figure 1.12 by showing

how the perception of tradeoffs and candidate compromise solutions changes

the algorithms. The vertical axes in each panel of Figure 1.12 represent each

of the objectives where the preferred direction of performance is down. There-

fore, the ideal solution would be a horizontal line that intersects the bottom

of every axis. Each line in the figure represents a candidate SFPUC candidate

tradeoff solution whose performance meets the specified performance criteria.

The overall best known reference set is included in gray to provide context to

what is the actual best set of possible solutions. Figure 1.12a shows that when

the requirement is imposed, a wide variety of solutions of varying complexity

remain. In focusing on the individual algorithms, it becomes clear that when

the performance requirement is imposed, the algorithm’s reference sets are not

equivalent. All of algorithms tend to preserve solutions in the extreme complex-

ity lobes of Figure 1.5. However, the Borg MOEA (Figure 1.12b) and NSGA-II

(Figure 1.12c) reference sets preserve a larger number and a greater variety of

solutions relative to the other MOEAs when the requirement is imposed. Fig-

ure 1.12c shows that NSGA-II finds solutions that most closely resemble the set

of solutions remaining in the overall reference set in Figure 1.12a. Shown in

Figure 1.12d, NSGA-III finds much fewer interior solutions. Furthermore, most

of these solutions are spaced quite closely together, offering close to equivalent

performance on the annualized adjusted revenue and maximum fund balance

objectives. Therefore, these solutions likely would not be deemed substantially
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different to the decision maker. Figure 1.12e shows that RVEA can only locate

two interior solutions, one of which leads to the worst performance in the maxi-

mum fund balance objective. Figure 1.12f demonstrates that MOEA/D is unable

to preserve any interior solutions.

From a decision-making standpoint, these results suggest that that the choice

of algorithm can strongly limit the perception of both the number and complex-

ity of solutions available. For instance, a decision maker that uses the default

parameterization of MOEA/D may erroneously assume that the only contract

structures which meet the minimum revenue requirement either have a min-

imum or maximum complexity. However, the rest of the algorithms suggest

otherwise. Using MOEA/D in this instance would severely constrain the num-

ber of options available to the decision maker while algorithms such as the Borg

MOEA and NSGA-II would offer a more flexible set of solutions. Moreover, al-

though NSGA-II happens to perform well for the SFPUC test case here using its

default parameterization, this is not a generalized expectation as several studies

have shown that non-adaptive MOEAs can yield drastically different behavior

even for modest changes in water resources problems (Ward et al., 2015). Figure

1.12 ultimately highlights that depending on performance requirements that are

imposed, choice of algorithm can severely constrain the utility’s perception of

the choices that are available to them.
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Figure 1.12: Parallel axis plots highlighting the tradeoff reference sets that
would be attained across the 50 random seed trial runs for each of the algo-
rithms’ default parameterizations. Each vertical axis in the panels represent an
objective where the preferred direction is down. Each line in the figure repre-
sents a candidate solution whose re-evaluated performance meets the specified
performance criteria. The background dark lines represent the best known over-
all reference set from all runs of all algorithms. The color gradient ranging from
light to dark corresponds to high and low expected annualized adjusted rev-
enue respectively.
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1.6 Conclusion

The increasingly variable dynamics of snow-dependent hydrology in the West-

ern US poses a significant financial risk management challenge for hydropower

utilities. There is a growing need to develop risk mitigation policies that

can incorporate the evolving and complex dynamics of these systems in tan-

dem with emerging solution tools that can represent the resulting tradeoffs

across alternative financial management strategies. The state-aware adaptive

actions that are enabled by the EMODPS framework hold significant promise

in addressing these challenges. However, the resulting financial risk portfolio

simulation-optimization problems pose significant challenges to modern evo-

lutionary multi-objective optimization tools. Our capability to access the ad-

vantages of EMODPS is highly contingent on the ability of MOEAs to solve the

resulting stochastic financial risk portfolios, including allowing users the flexi-

bility to rapidly iterate across alternative formulations if stakeholders want to

adapt their formulations (models, uncertainties, financial instruments) as they

gain insights. However, highly flexible decision framing and support assumes

that the underlying MOEA has four key properties: reliability across random

trials and parameterizations, effectiveness in attaining high quality approxima-

tions of tradeoff solution sets, efficiency in minimizing computational demands,

and high controllability (i.e., insensitive to algorithmic parameters). Our study

focuses on a highly challenging test case of using EMODPS to optimize poli-

cies that represent the major financial decisions for San Francisco Public Utili-

ties Commission. We contribute a rigorous assessment of the effectiveness, ef-

ficiency, reliability, and controllability of five state-of-the-art MOEAs (NSGA-II,

MOEA/D, the Borg MOEA, NSGA-III, and RVEA) when solving the SFPUC test
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case, which is characterized by a highly disjoint Pareto front of tradeoffs. Over-

all, the Borg MOEA was the only algorithm to display consistently high levels

of performance across all assessments. Through the use of adaptive variational

operators and population size, the Borg MOEA was able to represent the extent

of the geometry of the overall reference set and contribute the most solutions

relative to the other algorithms. Furthermore, it reliably attained high levels

of generational distance, additive epsilon indicator, hypervolume performance

and demonstrated controllability, or ease of use, across all tested parameteri-

zations. The rest of the suite of algorithms were unable to consistently achieve

high levels of performance. While NSGA-II was also able to discover acceptable

representations of the SFPUC application’s tradeoffs, many of its solutions were

ultimately dominated by other algorithms and it displayed a strong sensitivity

to initial population size. The more modern NSGA-III, RVEA, and MOEA/D

algorithms proved to struggle with solving the SFPUC test case. These refer-

ence point and decomposition techniques pose problem specific challenges if

the tradeoff solution sets are not uniform and convex. Given the complex dis-

joint, non-convex solution set for the SFPUC benchmarking test case, NSGA-III,

RVEA, and MOEA were unable to locate interior compromise points. Further-

more, while achieving high best possible metric values, all the algorithms strug-

gled to attain these values reliably. The control maps highlight MOEA/D’s poor

controllability and the abject failure of NSGA-III and RVEA to attain an accept-

able hypervolume across any of their tested feasible parameterizations. Most

concerning is that the more modern algorithms displayed clear deterioration,

or the tendency to lose solutions during the search. Deterioration can result

due to a combination of algorithm characteristics: (1) the algorithms’ lack of an

archive to preserve non-dominated solutions and (2) the implementation of a
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normalization scheme in every generation which leads to instability in conver-

gence towards the Pareto front. These characteristics along with a utilization

of a static set of search operators renders these algorithms ineffective for solv-

ing the SFPUC test case. The success of the Borg MOEA lies in its adaptive

search operators which allows it to adjust parameterizations to favor those that

advance search progress and an adaptive population size operator to help main-

tain diversity and escape local optima. Furthermore, its implementation of an

epsilon-dominance archive ensures both diversity and preservation of strong

non-dominated solutions. The results from this benchmarking study suggest

that not all algorithms can effectively and reliably approximate the tradeoffs of

the SFPUC test case, and by extension, the classes of financial problems that will

face snow-dependent hydropower utilities. In order to access the potential for

using an EMODPS framework for financial risk management, more attention

must be paid to the development of adaptive MOEAs that can effectively dis-

cover optimal policies and generalize well across a variety of water resources

applications. Only the Borg MOEA has shown the potential to do so. Therefore,

focus should be spent developing new self-adaptive hyper-heuristic algorithms,

like the Borg MOEA, that perform stably, require little user interaction, and

therefore will facilitate easier and more effective decision support. Advance-

ments in algorithm capabilities coupled with parallel and cloud computing to

increase efficiency and size of experimentation, visual analytics to enhance in-

terpretation of solutions, and effective use of state and exogenous information to

inform policies will ultimately provide the best means to approach the growing

complexity of financial challenges that Western US coupled water and energy

systems will face in the coming decades.
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APPENDIX A

NOTATION GUIDE

Indices
t/i/ j index value for a given year/RBF/information input

Stochastic Inputs

εS
t /εP

t /εR
t stochastically generated SWE index/power index/revenue for year t

Financial Variables
yt cash flow for year t

ys1
t / ys2

t /ys3
t stage 1/2/3 cash flow for year t
vt deposit or withdrawal for year t
ft reserve fund balance for year t
ct contract payout for year t

Policy Variables

uH
t /uR

t hedge contract slope/adjusted revenue for year t
ũH

t
∗ hedge contract value before application of constraints in year t

ũR
t
∗ annual adjusted revenue before application of constraints in year t

φH/φR Hedge/Revenue Constraint
φRI/φR0 Inner/Outer Adjusted Revenue Constraint

dH/dR Hedge Policy/Adjusted Revenue Constant Threshold
θH/θR Hedge Policy/Adjusted Revenue Parameter Vector

Θ Overall Policy Vector
P Overall Policy Representation

RBF Parameters

wH
i /wR

i weight of RBF (Hedge policy/Revenue policy)
ci, j center of RBF i for input j
bi, j center of RBF i for input j

(xR
t ) j/(xH

t ) j information input j for Revenue Policy/Hedge Policy in year t

Constants/Miscellaneous

rA discount rate=0.96
kH Normalization for hedge contract slope=$4 million/inch
kR Normalization for revenues and cash flows=$250 million
∼ Refers to a normalized value
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APPENDIX B

RE-EVALUATION OF REFERENCE SETS

Optimized

Re-Evaluated

Overall Borg

NSGA-II NSGA-III

RVEA MOEA/D

Figure B.1: Individual reference sets were re-evaluated with a new larger and
independent set of 100,000 sets of stochastic samples. Blue points represent the
original solution set and green points represent the re-evaluated sets
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