OPTIMAL DESIGN AND DISPATCH OF HYBRID
CO-GENERATION MICROGRID SYSTEMS
WITH RESILIENCE CONSIDERATIONS

by

James C. Grymes



(© Copyright by James C. Grymes, 2023
All Rights Reserved



A thesis submitted to the Faculty and the Board of Trustees of the Colorado School of Mines
in partial fulfillment of the requirements for the degree of Doctor of Philosophy (Operations

Research with Engineering).

Golden, Colorado

Date

Signed:
James C. Grymes
Signed:
Dr. Alexandra Newman
Thesis Advisor
Golden, Colorado
Date
Signed:

Dr. Alexandra Newman
Director, Operations Research with Engineering
Department of Mechanical Engineering

ii



ABSTRACT

The decision to supplement conventional energy generation with an on-site microgrid
consisting of a mix of distributed generation resources and energy storage devices is motivated by
several factors, including reducing costs, increasing sustainability, and improving the resilience
and reliability of an energy system. The procurement and operational costs of installing
distributed generation are traditionally the impetus behind long-term decisions. While costs
remain a key component, decision-makers are now interested in other benefits such as improved
resilience and reliability, reduction in emissions, and public sentiment.

An open-sourced webtool, REopt®, is a mixed-integer linear program that exists to provide
users the ability to conduct parametric analysis under many scenarios. Often commercial
optimization software struggles to obtain fast and reliable solutions. Therefore we develop a
Matheuristic that yields objective function values within 5% of an exogenously produced optimal
in fewer than 30 seconds for 90% of test cases compared to only 10% by a traditional optimization
solver.

We then embellish REopt®, to explore the tradeoffs between cost and resilience for a coastal
wastewater treatment facility. We find that the facility can reduce life-cycle energy costs by 3.1%
through the installation of a hybrid combined-heat-and-power, photovoltaic, and storage system.
Furthermore, when paired with existing diesel generators, this system can sustain full load for
seven days while saving $664,000 over 25 years and reducing diesel fuel use by 48% compared to
the diesel-only solution.

Finally, we extend the concepts of the first two works by incorporating emerging technologies
(fuel cells) into a distributed generation multi-objective model that simultaneously minimizes
costs while ensuring a communities’ critical load is satisfied during a utility service disruption.
This extension requires the incorporation of challenging non-linear constraints that inhibit
state-of-the-art optimization software from finding solutions within 15%, on average, after two
hours for realistic instances encompassing five technologies and a year-long time horizon at hourly
fidelity. We devise a multi-stage methodology resulting in, on average, an 8% decrease in

objective function value. Additionally, solutions obtained using our methodology result in fuel cell
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utilization three times more often than solutions obtained with commercial solvers.

iv



TABLE OF CONTENTS

ABSTRACT . . . e iii
LIST OF FIGURES . . . . . o e e e e X
LIST OF TABLES . . . . . . o e e e xiii
LIST OF ABBREVIATIONS . . . . . . e e e e e XV
ACKNOWLEDGMENTS . . . . . e e s e xvi
CHAPTER 1 INTRODUCTION . . . . . . . e e e e e e 1
1.1 Sets and Parameters . . . . . . . . . .. 4
1.2 Variables . . . . . . e 7
1.3 Objective Function . . . . . . . . . . .. e 9
1.4 Constraints . . . . . . . . . e e 10
1.4.1  Fuel Consumption . . . . . . . . . . . 10

1.4.2  Thermal Production . . . . . . . .. .. ... 10

1.4.3 Storage System . . . . . . ... 11

1.4.4 Production . . . . . . . .. 13

1.4.5 Production Incentives . . . . . . . . . ... 13

1.4.6 Power Rating . . . . . . . . . . . . 13

1.4.7 Load Balancing and Grid Sales . . . . . . . ... .. .. .. ... .. ... 14

1.4.8 Rate Tariff Constraints . . . . . . . . . . . .. ... ... .. ... ... 15

1.4.9 Minimum Utility Charge . . . . . . . . .. ... .. L 17

1.4.10 Non-negativity . . . . . . . . . . . 17

1.4.11 Imtegrality . . . . . . . . . . 18



CHAPTER 2 A MATHEURISTIC FOR DESIGN AND DISPATCH OF A

2.1

2.2

2.3

2.4

2.5

2.6

2.7

UTILITY-CONNECTED DISTRIBUTED ENERGY SYSTEM . ... .. .. 19
Abstract . . . . . . L e 19
Introduction . . . . . . . . L 19
2.2.1 Motivation . . . ... Lo e 20
2.2.2 Literature Review . . . . . . . . . . 21
Modeling the System . . . . . . . .. L 24
2.3.1 Model Overview . . . . . . . . . . e 24
2.3.2 Model Contribution to Solution Latency . . . . . . .. ... ... ... .... 26

2.3.2.1 Design and Dispatch . . . . .. .. ... ... oL 27
2.3.2.2 Binary Variables for CHP Scheduling . . . ... ... ... ... .. 27

2.3.2.3 Peak Demand Charges and Battery Energy Storage Systems . . . . 28

Method . . . . . . o e 29
2.4.1 A Genetic Algorithm for Candidate Design Selection . . . . . . .. ... ... 29
2.4.2 Enmergy Dispatch . . . . . . . . . 34

2.4.2.1 CHP Scheduling . . . . ... ... .. 35

2.4.2.2 Economic Dispatch . . .. ... ... ... 0 00 38
Results . . . . . o o e 43
2.50.1 Inputs . . . . . . 43
2.5.2  Genetic Algorithm . . . . . . .. ... 44
2.5.3 Solution Quality . . . . . . . .. 45
Conclusion . . . . . . . . 51
Acknowledgements . . . . .. L L 52

CHAPTER 3 NORTH CAROLINA WATER UTILITY BUILDS RESILIENCE WITH

DISTRIBUTED ENERGY RESOURCES . ... ... ... ... ....... o3

vi



3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

ADStract . . . .. s 53

Introduction . . . . . . . Lo 53
Literature Review . . . . . . . . . e 56
Site Description . . . . . . . . . . e e e 58
Methodology . . . . . . . . L 60
3.5.1 Resilience Modifications . . . . . . . . .. .. 63
3.5.2 Utility Rate Tariff Modifications . . . . . . . . . .. .. ... ... ...... 64
3.5.3  Scenarios . . ... .. e 65
Results . . . . . . o e 66
Conclusion . . . . . . . e 71
Acknowledgements . . . . . .. L. 72

CHAPTER 4 OPTIMIZING MICROGRID DEPLOYMENT FOR COMMUNITY

4.1

4.2

4.3

4.4

RESILIENCE . . . . . . 73
Abstract . . . . . . L e 73
Introduction and Background . . . . . . .. .. oL oo 73
Literature Review . . . . . . . . . e 77
Modeling the Energy System . . . . . . . . . . .. 80
4.4.1 Mathematical Formulation . . . .. .. ... ... ... ... ... ... 81
4.4.2 Discussion of Formulation . . . . . . .. ... ... o oo 85

4.4.2.1 Objective function . . . . . . . . . . ... .. Lo 85
4.4.2.2 Load Balancing . . . .. ... ... ... Lo L 86
4.4.2.3 Utility Operations . . . . . . . . . . . 87
4.42.4 Power Capacity . . . . . . . 87
4.4.2.5 Electrical Efficiency . . . . . . ... ..o 87
4.4.2.6 Fuel Consumption . . . . . . ... ... oo 87

vii



4.42.7 Start-up. . . ... 88

4.42.8 Power Storage . . . . . ... 88

4.4.2.9 Heat Capacity . . . . . . . . . . e 88

4.4.2.10 Heat Storage . . . . . . . . . .. 89

4.5 Solution Methodology . . . . . . . . . . L 89
4.5.1 Linear Reformulation (Phase 1) . . . .. ... .. ... ... ......... 91

4.5.2  Transform Solution (Phase 2) . . . ... ... ... ... .. ... ... 94

4.5.3 Return of the Original Formulation (P%) (Phase 3) . . ............ 96

4.6 Inputs and Results . . . . . . . . . . 97
4.6.1 General Inputs . . . . .. .. L 97

4.6.2 Solid Oxide Fuel Cell Inputs . . . . . . .. .. ... . ... 100

4.6.3 Model Inputs from Solution-Expediting Methodologies . . . . . . . . ... .. 101

4.6.4 Solution Quality . . . . . . . . ... 102

4.6.5 Solution Implications . . . . . . . . . . . .. ... e 103

4.7 Conclusion . . . . . . . . e 107
4.8 Acknowledgments . . . . . ... 107
CHAPTER 5 CONCLUSION . . . . . . e e e e 108
REFERENCES . . . . . . e e e 110
APPENDIX A CHAPTER 2 . . . . . . e e e e 124
A.1 Dynamic Programming Formulation and Algorithm . . . . . . ... ... ... .... 124
APPENDIX B CHAPTER 3 . . . . . . e 127
B.1 Technical and Economic Parameters . . . . . . .. ... ... ... ... .. .. ... 127
B.2 Utility Rate . . . . . . . . e 129
B.3 Pricing . . . . . ..o e 130

viil



B.4 Renewable Energy Resource . . . . . . . .. .. . 131

B.5 Model Performance . . . . . . . ... 132
APPENDIX C CHAPTER 4 . . . . . . . e e e s 134
C.1 Disaster Cost Components . . . . . . . . . . . . . . e 134
C.2 Taxonomy Feeders . . . . . . . . . . . e 135
C.3 Additional Solid Oxide Fuel Cell Costs . . . . . . . .. . ... . ... ... 136
APPENDIX D COPYRIGHT AND PERMISSIONS . . . . . .. ... .. ... . .... 139

X



Figure 2.1

Figure 2.2

Figure 2.3

Figure 2.4

Figure 2.5

Figure 2.6

Figure 2.7

Figure 2.8

Figure 2.9

Figure 2.10

Figure 3.1
Figure 3.2

Figure 3.3

LIST OF FIGURES

An example of a utility-connected microgrid showing design (yellow) and
dispatch (blue arrows) components. . . . . . . ... Lo

A categorical overview of the decision variables, objective function, and
constraints that comprise the REopt® optimization model, (P), where SOC
denotes state of charge . . . . . . . ...

An example of a 24-hour load profile with unmanaged demand peaks. . . . . .

Heuristic methodology (M), including parallelization of dispatch subroutine.
n: Number of parallel processes; COx: CHP operations for process k; LPy: Linear program
for remaining dispatch for process k; Fx: Feasibility step for process k. . . . . . . . . . ..

Genetic algorithm mutation example . . . . . . . .. .. . Lo

REopt® System and Dependencies. Green, orange, and blue arrows represent
electrical, hot-thermal, and cold-thermal flows, respectively. . . . . .. ... ..

Genetic algorithm progress for which X is the wall-clock elapsed time,

G(c;x) = L°ECXL°, Lx is the objective function value associated with the
best-found design for case € at time X, and L. is the lowest overall objective
function value found by (MM) for casec. . . .. ... ... ... .. ... .. ..

Performance plot comparison of objective function values returned by (MH)
and (M©), measuring the proportion of cases (pt(X)) using method m that
are below the optimality threshold X after two minutes using method m.

Performance plot comparison of solutions returned by (M™) and (M©°),
measuring the proportion of cases (p},(X)) using method m that are below 5%

optimality gap after X seconds using method m. . . . . . . ... ... ... ...

Microgrid configuration comparison of all 12 cases. Radial length reflects the
installed capacity of the technology. . . . . . . . . ... ... ... .. ......

2019 Northside wastewater treatment plant electric demand . . . . . . .. . ..
2019 Northside wastewater treatment plant biogas production and use . . . . .

Northside wastewater treatment plan anaerobic digestion system. Source:
CFPUA .« . e

46



Figure 3.4

Figure 3.5

Figure 3.6

Figure 3.7

Figure 4.1
Figure 4.2
Figure 4.3
Figure 4.4

Figure 4.5

Figure 4.6

Figure 4.7

Figure 4.8

Figure 4.9

Figure 4.10

The REopt Lite model inputs include renewable energy, combined heat and
power, and energy storage technology options (in red), and loads, utility costs,
and technology costs (in blue). Outputs (in green) encompass recommended
technology sizes, operations strategy, and project economics. . . . . . . . . ...

If load can be reduced during the outage by storing and deferring wastewater
treatment, required system sizes and costs decrease . . . . . . . ... ... L.
Peak loads are shed to reduce the required combined-heat-and-power and
generator sizes, resulting in reduced life cycle cost, for the All Technologies
seven-day outage case. . . . . . ... ..o
A hybrid combined-heat-and-power system in the All Technologies seven-day
outage case reduces diesel consumption by 50% relative to the
Business-as-Usual scenario when meeting the full load. Diesel consumption
can be further reduced in the Business-as-Usual, CHP Only, and All
Technologies scenarios by shedding load. . . . . . .. ... .. ... ... ....

Climate-related disaster costs

Power outages in 2020

A representative microgrid and energy system.

Distributed Energy System modified from Pruitt et al. . . . . ... .. ... ..

Three-phase methodology to generate feasible solutions to (P') with improved
solutions and optimality gaps. . . . . . . . . . . ... .

Comparison of piece-wise linear and non-linear fuel consumption of a
representative solid oxide fuel cell with two segments. . . . . . . . ... ... ..

R1-12.47-2 Taxonomy Feeder. Magenta represents the slack bus (the power
source of the distribution network), while dark red depicts the loads that
require power. Green links are transformers; orange links are switches; and
gray links and nodes are triplex lines and connections, respectively. . . . . . . .

Example load profile . . . . . . . . ...
Hot thermal load profile derived from the EnergyPlus® simulation software,
representing a collection of building types, including a hospital, hotel,
apartment, large office, and supermarket. . . . . . . .. ...

Estimated electricity production of a grid-connected roof- or ground-mounted
photovoltaic system installed in Richmond, CA. The arrow shows the
approximate timeframe of the modeled utility service disruption.

X1

80



Figure 4.11 Improvement from bound-tightening procedure for the auxiliary, bi-linear
variable th X¢ reduces the magnitude between the upper and lower bound
by 57%, as an example. . . . .. ... 102

Figure 4.12 Power output by technology type from a combination of microgrid and utility.
Dashed lines show the start and end of the utility service disruption. . . . . . . 106

Figure A.1  An illustrative example of the discretized state of charge and associated
possible moves from hour htohourh+1. . . . . ... ... ... ... .. ... 126

Figure B.1 = Real-time price for 2019 . . . . . . . .. ... 130

Figure B.2  Northside wastewater treatment plant solar production factor for a
representative year. . . . . . .. oL oL Lo 131

Figure C.1  Levelized Cost of Energy for Solid Oxide Fuel Cells . . . . . . . ... ... ... 138

xii



Table 2.1

Table 2.2

Table 2.3

Table 2.5

Table 2.6

Table 3.1

Table 3.2

Table 4.1

Table 4.2

Table 4.3

Table 4.4

Table 4.5

Table 4.6

Table 4.7

Table 4.8

LIST OF TABLES

A selection of notation from model (P) . . . . .. ... ... ... .. ... 26
Notation used for the Genetic Algorithm. . . . . . ... . ... ... ... ... .. 31
Additional notation for CHP scheduling. . . . . .. . ... ... ... ....... 36
Salient features of the 12 cases. . . . . . . . . . . . . ... . 44

Solving (P) using (M®) and (M) after a two-minute time limit. Microgrid
capacity is the sum of that generated by all technologies, including the power

rating of the electrical storage system. . . . . . . .. ... ... ... ... ... 48
System Sizes and Economics for No-Outage Case . . . . . .. ... .. ... ... 67
System Sizes and Economics for Seven-Day Outage Case . . .. ... ... ... 67

Type and quantity of non-linear terms in the constraint set and how they are
modified after performing standard linearization techniques .

t: The case of the product of a continuous and an integer (vice binary) variable requires

additional model elements for its linearization, and testing yields unfavorable results. . . . . . 90

Size of (PY) in terms of set cardinality. . . . . .. ... ... ... ... ...... 90

Constraint numbers with associated quantities required to transform (P') into
(P"). The constraints in each of the rows corresponding to a particular model
are mutually exclusive. . . . . . . . . Lo 94

Technology input values (not including solid oxide fuel cells). The lithium-ion
battery has a two-hour power rating. . . . . . . .. .. ..o 97

Values used for power-only and combined-heat-and-power solid oxide fuel cells. . 101

Average size and structure of models (P%) and (P"). The (P") column shows
the percent increase or decrease in size relative to (P%). . . ... ... ... ... 102

Comparison of solutions solving (P') with and without the solution obtained

from (P"). Objective function values and optimality gap after two hours of run

time, and time until the first feasible solution is obtained. A: Reduction

between methods (MP) and (M®) . . . ... ... ... .. ... .......... 103

Solution comparison between purchasing all electricity from the utility versus
installing a microgrid that is capable of meeting a 48-hour outage occurring
during the highest electrical demand period. . . . . . . . . .. ... ... ..... 104

xiil



Table 4.9

Table B.1

Table B.2

Table B.3

Table B.4

Table B.5

Table B.6

Table B.7

Table C.1

Table C.2

Percent of total power consumed during the year by each type of installed
technology in the microgrid. No solution includes the diesel generator. CHP:

combined heat and power; SOFC: solid oxide fuel cell; PV: photovoltaics . . . . . 105
Combined-Heat-and-Power Parameters . . . . . . . ... ... ... ........ 127
Photovoltaic Parameters . . . . . . . . . . ... 127
Storage Parameters . . . . . . . . ... 128
System-wide General Economic Parameters . . . . . ... ... ... ... .... 128
Duke Energy Progress Large General Service Real Time Pricing Rate . . . . . . 129
Solver Settings . . . . . . . . L 133
Average Solve Times in Seconds . . . . . . . . .. . ... L 133

Summary of distribution feeders used to create electrical load profile. Data

obtained from the Open Energy Data Initiative
https://openei.org/datasets/files/968/pub/individualsiles/ and

sourced from work by Schneider et al. . . . . ... ... ... L. 135

Projected costs of solid oxide fuel cells. . . . . . . . . .. ... ... ... ..... 137

Xiv


https://openei.org/datasets/files/968/pub/individual_files/

LIST OF ABBREVIATIONS

Colorado School of Mines . . . . . . . . . . . . CSM
Combined Heat and Power . . . . . . . . .. .. . CHP
Department of Energy . . . . . . . . . .. DoE
Distributed Energy Resources . . . . . . . . . . .. DER
National Renewable Energy Lab . . . . . . . . .. .. . L NREL
Photovoltaic . . . . . . . oL e PV
Renewable Energy Integration and Optimization . . . . . ... ... ... ... .. .... REopt

XV



ACKNOWLEDGMENTS

I would like to express my deepest gratitude to my esteemed advisor, Professor Alexandra
Newman, for her guidance, support, and invaluable mentorship throughout my doctoral journey.
Without her expertise, dedication, and belief in my potential, this accomplishment would not
have been possible. Professor Newman, your profound knowledge in the optimization field has
been an endless source of inspiration for me. Your passion for research, commitment to excellence,
and meticulous attention to detail have shaped me into a more critical thinker and a better
researcher. Your unwavering enthusiasm and ability to challenge my ideas and push me beyond
my comfort zone have significantly contributed to the growth of my academic and professional
abilities. I am truly grateful for the countless hours you have invested in providing constructive
feedback on my work, helping me refine my research questions, and offering invaluable insights
into the complexities of the field. Your ability to ask probing questions and offer alternative
perspectives has broadened my understanding and has been instrumental in shaping the direction
of my research.

I am also indebted to you for creating a nurturing and collaborative environment within our
research group. The opportunities to engage in stimulating discussions, attend conferences, and
collaborate on projects have been invaluable experiences that have enriched my academic journey.
Your commitment to fostering a supportive and inclusive community has created an environment
where ideas flourish, and I have grown intellectually and personally.

I would also like to extend my appreciation to the members of my dissertation committee for
their valuable input, constructive criticism, and guidance throughout the various stages of my
research. Their expertise and diverse perspectives have been instrumental in shaping the
trajectory of my work.

Additionally, I would like to acknowledge the support and encouragement I received from my
colleagues and fellow researchers in the department. The exchange of ideas, collaborations, and
shared experiences have enriched my understanding of the field and have made this journey all
the more rewarding. I honestly could not have done it without you. Specifically, I am immensely

grateful for the countless hours Dr. Alexander Zolan dedicated to mentoring and advising me.

xXvi



Your patience, encouragement, and willingness to share your wisdom have ushered me through
the various stages of my research. Your guidance in refining research questions and analyzing
results has been invaluable in shaping the direction and outcomes of my work.

Last but certainly not least, I would like to express my heartfelt gratitude to my family and
friends for their unwavering support, understanding, and love. Their encouragement, patience,
and belief in my abilities have been my strength throughout this challenging yet fulfilling
endeavor.

To my loving wife Paige, and our cherished children Jackson, Hudson, and Pierson. Your
unwavering support, understanding, and encouragement have been the foundation for this
journey. Your love has been my greatest inspiration, and your belief in me has propelled me
forward, even during the most challenging moments. Paige, you have been my rock throughout
this entire process. Your boundless patience, understanding, and empathy have sustained me
during the long hours and countless late nights. Your constant encouragement, whether through a
warm embrace or a simple word of reassurance, has given me the strength to overcome any
obstacles that crossed my path. Your unwavering faith in my abilities has been the driving force
behind my success. I am forever grateful to have you by my side.

Jackson, Hudson, and Pierson, you are the light of my life. Your smiles, laughter, and playful
energy, have filled my heart with immeasurable joy. You have taught me the true meaning of
perseverance, as I have witnessed your determination and curiosity in everything you do. Your
innocence and love have reminded me of what truly matters in life, motivating me to push
through the challenges and strive for excellence. Each of you holds a special place in my heart,
and I am immensely proud to be your parent.

To my beautiful family, thank you for your sacrifices and understanding during the countless
hours I spent immersed in research and writing. Your willingness to adapt to the demanding
schedule and your ability to create a nurturing and loving home environment amidst the chaos
has been nothing short of extraordinary. I am honored to have you as my family, and I am
grateful for the love and support you have shown me every step of the way.

To all those who have supported me on this academic odyssey, I extend my deepest
appreciation. Your guidance, mentorship, and encouragement have left an indelible mark on my

professional and personal growth. I am honored and privileged to have had the opportunity to

Xvii



work with you, and I am forever grateful for your contributions to my journey.

xviil



CHAPTER 1
INTRODUCTION

Effectively deploying sustainable and alternative energy sources is becoming more feasible and
prevalent. Furthermore, the interest to acquire and operate the corresponding systems at minimal
cost is a primary focus for a diverse set of decision-makers. This interest is motivated by several
factors, including reducing costs, increasing sustainability, and improving the resilience and
reliability of an energy system, and is prompted by many factors, including increasing energy
dependence and climate-related natural disasters that contribute to or cause energy service
disruptions.

The societal shift from analog to digital technologies in almost every arena has led to the
energy system becoming a single point of failure. Communities rely on several critical services
and, in almost all instances, depend on readily available electric and thermal energy.
Communities across the United States and worldwide have experienced increased widespread
natural disaster-related energy disruptions, degrading or eliminating these critical services [4].
Additionally, climate change considerations require a more concerted investigation of
non-traditional types of energy generation to limit their impact on the future. The increased
frequency of energy system outages due to an array of natural disasters is not a novel
consideration by the research community; however, the over-dependency on electricity requires
immediate solutions [5, 6.

An important qualification of an energy system is its resilience, defined as how quickly a
system can restore its function after a disturbance [7]. Resilience in an energy system is necessary
to ensure critical functions of society are minimally impacted in the case of a disaster-induced
utility disruption. Traditional methods for reducing the impact of these outages require on-site
backup power, such as a diesel-powered generator. While backup generators are practical
solutions, they have several drawbacks. Traditional backup power generation typically requires
either a large storage tank for fuel and means for resupply if necessary or access to a fuel pipeline
that has not been compromised. Natural disasters often result in supply chain failures and

infrastructure damage, limiting or eliminating access to the necessary fuel source. Additionally,



traditional backup power generators require routine maintenance, which is costly and often
overlooked, leading to failures during outages. Power companies frequently levy restrictions that
preclude the operation of these systems during non-outage times and, therefore, they often sit
idle. Lastly, these fossil fuel-burning systems contribute higher amounts of undesired emissions
per unit of energy output.

This work intends to address the gap between modeling microgrids for a single outcome, such
as economic improvements or emissions reductions, and improving the overall resilience of an
energy system. A multi-objective approach can inform decision-makers of possible solutions using
a Pareto frontier that balances economics and resilience. Techno-economic microgrid optimization
models assist in exploring energy-sourcing alternatives and informing long-term courses of action.
However, these models rarely examine the additional benefits that accompany on-site systems.
This work utilizes and modifies these models to investigate alternative energy sources while
considering cost, baseline requirements, and disaster-related disruptions.

The first two chapters of this work begin with a pre-established model, Renewable Energy
Integration and Optimization (REopt®), that originated at the National Renewable Energy Lab
(NREL) and was documented by Anderson et al. [8] and re-formulated by Hirwa et al. [9]. We
present the full model in below and discuss solution strategies and modifications in Chapters 2
and 3, respectively. REopt® is a large mixed integer linear program with hundreds of thousands
of variables and constraints. The model often requires significant time to generate “good”
solutions, which is problematic for the end user. The contributions of the dissertation writer to
Chapter 3 include optimization modeling efforts, utility tariff inputs, outputs, and analysis of
results.

Chapter 2 designs a Matheuristic for REopt® that returns a solution within 5% of optimality
in fewer than two minutes for our test cases. The heuristic output can then be implemented
directly or used as starting point in an optimizer. Our tool allows the practitioner to incorporate
into REopt® more complicated system components, such as incorporating technologies,
non-linearities, and multi-objectives with few capitulations. We then modify REopt® in
Chapter 3 to analyze the resilience and cost benefits of an on-site distributed energy microgrid for

a coastal wastewater treatment plant.



We extend this body of work in Chapter 4 to generalize the concepts explored in Chapters 2
and 3. We incorporate more complex technologies into our optimization model while producing
good, feasible solutions. This affords the community with the ability to extend current models
beyond simple applications. Specifically, we seek to combine the salient features of Chapter 3 with
previous work by Pruitt et al. [2] who model the non-linearities of solid oxide fuel cells in a hybrid
microgrid. Our work adds resilience to a specific site; the work in this dissertation, instead,
generalizes resilience to communities by connecting to loads through the distribution network.
The optimization model is a mixed-integer non-linear program that fails to achieve better than a
15% optimality gap after a multi-day time limit for our tested cases. We create a three-phase
methodology and model modifications to induce feasible solutions. Our procedure results in 8%
improvement, on average, in the objective function value and over a 50% improvement in the
optimality gap after a two-hour solve time limit. Additionally, our method leverages the available
co-generational fuel cells by providing approximately 58% of demanded annual power, a 100%
increase over solutions returned by traditional methods.

Here, we introduce the monolith mixed-integer linear programming formulation of their design
and dispatch problem from Ogunmodede et al. [10] and Hirwa et al. [9]. Specifically, the model we
present here introduces combined heat and power into the system. We define, in alphabetic order
within a group, indices and sets, parameters, and variables, in that order, and then state the
objective function and the constraints. We choose as our naming convention calligraphic capital
letters to represent sets, lower-case letters to represent parameters, and upper-case letters to
represent variables; in the latter case, Z-variables are binary. X-variables represent continuous
decisions, e.g., quantities of energy. All subscripts denote indices. Names with the same “stem”
are related, and superscripts and “decorations” (e.g., hats, tildes) differentiate the names with
respect to, e.g., various indices included in the name or maximum and minimum values for the

same parameter.



1.1 Sets and Parameters

Sets

Storage systems

Technology classes

Time-of-use demand periods
Electrical time-of-use demand tiers
Fuel types

Time steps

Subdivisions of power rating
Months of the year

Monthly peak demand tiers

Power rating segments
Technologies

Total electrical energy pricing tiers
Net metering regimes

<SCHVZZAITMOUOW®

Subsets and Indexed Sets

B¢ B Cold thermal energy storage systems

B¢ B Electrical storage systems

Bh B Hot thermal energy storage systems

Bh B Thermal energy storage systems

H? H Time steps in which grid purchasing is available

Hn H Time steps within a given month m

Hy H Time steps within electrical power time-of-use de-
mand tier d

Ki K Subdivisions applied to technology t

K¢ K Capital cost subdivisions

Mm'b Look-back months considered for peak pricing

Stk S Power rating segments from subdivision K applied

to technology t

T, T Technologies that can charge storage system b

T T Technologies in class ¢

Te T Technologies that burn fuel type

To T Technologies that may access electrical energy
sales pricing tier u

T, T Technologies that may access net-metering regime

Y
Tac T Absorption chillers
TCHP 7T CHP technologies

Td T Cooling technologies

T T Electricity-producing technologies

Te T  Electric chillers

Tf Te Fuel-burning, electricity-producing technologies
Tht T Heating technologies



TW T

uc us
ynm us
uer u
us u
us  us
Usb us

Technologies that cannot turn down, i.e., PV and
wind

Electrical energy curtailment pricing tiers
Electrical energy sales pricing tiers used in net
metering

Electrical energy purchase pricing tiers
Electrical energy sales pricing tiers

Electrical energy sales pricing tiers accessible by
technology t

Electrical energy sales pricing tiers accessible by
storage

Scaling Parameters

r Number of time periods within a day ]

A Time step scaling [h]

e Peak load oversizing factor ]

M Sufficiently large number [various|

Parameters for Costs and their Functional Forms

cafc Utility annual fixed charge [$]

came Utility annual minimum charge $]

ceh y-intercept of capital cost curve for technology t [$]
in segment S

Ci Slope of capital cost curve for technology t in seg-  [$/kW]|
ment S

ch Export rate for energy in energy demand tier u in  [$/kWh]
time step h

Cgh Grid energy cost in energy demand tier u during [$/kWh]
time step h

ckW Capital cost of power capacity for storage system [$/kW]
b

C'gWh Capital cost of energy capacity for storage system [$/kWh]
b

comb Operation and maintenance cost of storage sys- [$/kWh]
tem b per unit of energy rating

cg P Operation and maintenance cost of technology t [$/kWh]
per unit of production

cg™ Operation and maintenance cost of technology t [$/kW]|
per unit of power rating,
including standby charges

Clie Cost per unit peak demand in time-of-use demand  [$/kW]
period d and tier e

Cioh Cost per unit peak demand in tier n during month  [$/kW]
m

cf Unit cost of fuel type f [$/MMBTU]

Demand Parameters




£ Cooling load in time step h kW]
d Electrical load in time step h kW]
o Maximum allowable sales in electrical energy de- [kWh]
mand tier u
h Heating load in time step h kW]
p Look-back proportion for ratchet charges [fraction]
mt Maximum monthly electrical power demand in [kW]
peak pricing tier n
! Maximum power demand in time-of-use demand [kW]
tier e
w Maximum monthly electrical energy demand in [kWh]
tier u
Incentive Parameters
{t Upper incentive limit for technology t [$]
i) Net metering limits in net metering regime v kW]
if Incentive rate for technology t [$/kWh]
{i Maximum power rating for obtaining production [kW]
incentive for technology t
Technology-Speci ¢ Time-Series Factor Parameters
fed Electrical power de-rate factor of technology t at [unitless]
time step h
fla Fuel burn ambient correction factor of technology  [unitless]
t at time step h
fha Hot water ambient correction factor of technology  [unitless]
t at time step h
ftr;f Hot water thermal grade correction factor of tech-  [unitless]
nology t at time step h
ft% Production factor of technology t during time step  [unitless]
h
Technology-Speci ¢ Factor Parameters
fa Derate factor for turbine technology t [unitless]
f! Levelization factor of technology t [fraction]
il Levelization factor of production incentive for [fraction]
technology t
ftIOf Present worth factor for fuel for technology t [unitless]
P Present worth factor for incentives for technology  [unitless]
t
f Minimum turn down for technology t [unitless]
Generic Factor Parameters
fe Energy present worth factor [unitless]
fom Operations and maintenance present worth factor [unitless]
ftot Tax rate factor for off-taker [fraction]



ftow Tax rate factor for owner [fraction]
Power Rating and Fuel Limit Parameters
bfa Amount of available fuel for fuel type f [MMBTU]
be Minimum power rating for technology class ¢ kW]
by Maximum power rating for technology t (kW]
Beics Minimum power rating for technology t, subdivi- [kW]
sion K, segment S
Biics Maximum power rating for technology t, subdivi- kW]
sion K, segment S
E ciency Parameters
g; Efficiency of charging storage system b using tech- [fraction]
nology t
b Efficiency of discharging storage system b [fraction]
ac Absorption chiller efficiency [fraction]
Boiler efficiency [fraction]
ec Electric chiller efficiency [fraction]
g+ Efficiency of charging electrical storage using grid [fraction]
power
Storage Parameters
wpKkW Maximum power output of storage system b kW]
wpkwW Minimum power output of storage system b kW]
wPkWh Maximum energy capacity of storage system b [kWh]
wpkwh Minimum energy capacity of storage system b [kWh)]
w Decay rate of storage system b [1/h]
\Lv{)mp Minimum percent state of charge of storage sys- [fraction]
tem b
Wg Initial percent state of charge of storage system b [fraction]
Fuel Burn Parameters
miP y-intercept of the fuel rate curve for technology t |[MMBTU/h]
mipm Fuel burn rate y-intercept per unit size for tech- [MMBTU/kWh]
nology t
mim Slope of the fuel rate curve for technology t [MMBTU /kWh]
CHP Thermal Performance Parameters
k{e Thermal energy production of CHP technology t [unitless]
per unit electrical output
k:p Thermal power production of CHP technology t [unitless]

1.2 Variables

per unit power rating



Boundary Conditions

X5 Initial state of charge for storage system b [kWh]
Continuous Variables

XPKW Power rating for storage system b kW]

XPKWh  Energy rating for storage system b [kWh]

Xge Peak electrical power demand allocated to tier € and time- [kW]
of-use demand period d

Xdfs Power discharged from storage system b during time step h  [kW]

xdn Peak electrical power demand allocated to tier n during [kW]
month m

Xfth Fuel burned by technology t in time step h [MMBTU /h]

Xfo y-intercept of fuel burned by technology t in time step h [MMBTU /h]

XSh Power purchased from the grid for electrical load in demand
tier u
during time step h kW]

Xﬁts Electrical power delivered to storage by the grid in time [kW]
step h

xme Annual utility minimum charge adder $]

xP Production incentive collected for technology t [$]

Xplb Peak electrical demand during look back periods [kW]

Xfutﬁ Exports from production to the grid by technology t in de-
mand tier u
during time step h kW]

Xt?ttrf Power from technology t used to charge storage system b [kW]
during time step h

thm Thermal power from technology t sent to waste or curtailed [kW]
during time step h

Xtrﬁ Rated production of technology t during time step h kW]

X Power rating of technology t kW]

Xics Power rating of technology t allocated to subdivision K, seg- kW]
ment S

Xeh State of charge of storage system b at the end of time step [kWHh]
h

thhg Exports from storage to the grid in demand tier u during [kW]
time step h

Xfﬁ Thermal production of technology t in time step h kW]

Xfﬁb y-intercept of thermal production of CHP technology t in [kW]
time step h

Binary Variables

zdmt 1 If tier n has allocated demand during month m; 0 other- [unitless]
wise

Zgg 1 if tier e has allocated demand during time-of-use period [unitless]
d; 0 otherwise

zhmil 1 If generation is in net metering interconnect limit regime [unitless]

V; 0 otherwise



zP i 1 If production incentive is available for technology t; 0 [unitless]

otherwise
Zuos 1 If technology t in subdivision Kk, segment S is chosen; 0 [unitless]
otherwise
ze 1 If technology t is operating in time step h; 0 otherwise [unitless]
zat 1 If demand tier u is active in month m; 0 otherwise [unitless]

1.3 Objective Function

X b
(Ib) minimize C(t:g] thss + C(t:s Ztkss +
2T ;k2KC®;s2S¢k
i X {2 }

Generating Technology Capital Costs

ClgW XkE)kW+(C|gWh+Cgmb) XkE)kWh +

{z }

Storage Capital Costs

liZB

(1 ftOW) fFom Xcom X, + > CoMP P
t t t th

2T 2T f:h2H
i —{—) i {z }
Fixed O&M Costs i
X o OX Varlabge&M Cfosts f
1 ) A cf P Xin+

f2F tZIf;hZH
Z

I }

Fuel Charges

(1 f°Y ¢ A > o XS +
uh uh

u2UP:h 9
| 1 }
Grid Energy Charges
> r de < rm dn
Cae Xde + Cmn an +
2D;e2E m2M;n2N
et (A S {z }

Time-of-Use Demand Charges = Monthly Demand Charges

X

Fixed Chargei

X X . stg X . ptg
A CUh xuh + Cuh xtuh
h2H9  y2usb t2T ;u2Ug
I {z }
Energy Export Payment
tow > pi
(1 £ Xt
2T
—{z}

Production Incentives
The objective function is the same as that in (R) and minimizes energy life cycle cost, i.e., capital

costs, O&M costs, and utility costs; it maximizes (by subtracting) payments for energy exports



and other incentives.

1.4 Constraints

1.4.1 Fuel Consumption

<

A Xt b 8f2F (1.1a)
t2T¢;h2H

Xfh=mm £ XP+mP zfe gt2TMTHPh2H (1.1b)

Xfy=m" XP 8t2TMnTCHP h2 H (1.1c)

xf=f2 xPyf mm xP 8t2TC"P;h2H (1.1d)

mP™ X, M (1 z®) XxP gt2T1HP;h2H (1.1e)

Constraint (1.1a) limits fuel consumption for each fuel type, which can be burned by different
technologies. Constraint (1.1b) uses a linear function to relate a non-CHP, fuel-burning
electricity-producing technology’s output to the corresponding consumption. Constraint (1.1c)
defines the fuel burn of each non-CHP heating technology as directly proportional to its thermal
production in each hour. Constraint (1.1d) defines fuel consumption using a size-dependent
y-intercept and fixed slope, for every CHP technology and hour. Constraint (1.1e) limits the
y-intercept of fuel burned by a CHP technology in a given time step based on the power rating of

the technology as long as the technology is operating, and is void otherwise.

1.4.2 Thermal Production

n (o]
XPP min kP XMz 8t2TCHPh2H (1.2a)
XWe )P o, M (1 z¥) 8t2TCPh2H (1.2b)
2 £t Kk R XP X =xP 827" h2H (1.2¢)

Constraints (1.2a)-(1.2b) limit the fixed component of thermal production of CHP technology
t in time step h to the product of the thermal power production per unit of power rating and the
power rating itself if the technology is operating, and 0 if it is not. Constraint (1.2¢) relates the
thermal production of a CHP technology to its constituent components, where the relationship

includes a term that is proportional to electrical power production in each time step.
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1.4.3 Storage System

Boundary Conditions and Size Limits

X8 =wp XPKWh gh2 B (1.3a)
WPKWh  sebkWh \gbiwh gp 5 g (1.3b)
wpkW kW \yPkW gh 2 B (1.3¢)

Constraint (1.3a) initializes a storage system’s state of charge using a fraction of its energy
rating; constraints (1.3b) - (1.3c) limit the storage system size under the implicit assumption that
a storage system’s power and energy ratings are independent. These constraints are identical to
those given in (R), but work in conjunction with significantly modified storage constraints that
directly follow.

Storage Operations

<
xPs o xPe o fP £l X[P 8h2B° t2T8 h2HY (1.3d)
u2Ug
xXpe fh i XP 82B% t2T% h2HnHY (1.3¢)
xpe  fh XP 8h2B™ t2T,nT P, h2H (1.3f)
XPis L P x gh2BM: t2TCHP; h2 H , (1.3g)
se se > + pts g+ gts dfs_ - )
Koh = Xpn 1+ 4 (bt Xpn) + Xp™ Xeh = p
t2T7¢®
84,2 B% h 2 HI (1.3h)
se se > + pts dfs_ - .
XKoh = Xph 1+ 4 (bt Xoen)  Xoh = b
t2T7¢®
e. g .
o 802B% h2HnH (1.31)
se se @X + pts dfs_ - d se A\
Koh = Xpzh 1+ 4 bt Xoth  Xoh= b Wo Xph
t2T,
8b2B™h2H (1.3j)
XsE wp' P XPKWh gh2B;h2H (1.3k)

Constraints (1.3d) and (1.3e) restrict the electrical power that charges storage and is exported
to the grid (in the former case), or that charges storage only (in the latter case, when grid export
is unavailable) from each technology in each time step relative to the amount of electricity

produced. Constraint (1.3f) provides an analogous restriction to that of constraint (1.3e) for
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thermal production, and constraint (1.3g) provides the same restriction for the thermal
production of CHP systems. Constraints (1.3h), (1.31), and (1.3j) balance state-of-charge for each
storage system and time period for three specific cases, respectively: (i) available grid-purchased
electricity, (ii) lack of grid-purchased electricity, and (iii) thermal storage, in which we account for
decay. Constraint (1.3k) ensures that minimum state of charge requirements are not violated.

Charging Rates

<

XpPkW XPi + X+ X3 8h2 B h 2 HY (1.31)
T

XPkW XD+ X4 8b2B%h2HnHY (1.3m)
T

XKW XPr 4+ X3 8b2BMh2H (1.3n)
t2Ty,

X% xpPkWh gh2B;h2H (1.30)

Constraints (1.31) and (1.3m) require that power available must meet or exceed that put into
or discharged from storage; the latter constraint considers the case in which the grid is not
available. Constraint (1.3n) reflects the power requirements for the thermal system. Constraint
(1.30) requires a storage system’s energy level to be at or below the corresponding rating.

Cold and Hot Thermal Loads

p tp > dfs c ec x pts
fth Xth + Xb = h + thh 8h 2 H (14&)
27 h2B¢ b2BC:t2T ©
xtp 248 fp xtp xdfs _h b
th T th Xth T bh = h
t2T CHP 2T htnT CHP b2Bh
X prw X Pt > XP= 2 gh2 H 1.4b
+ th T bth + th— (1.4b)
t2T CHP b2Bh;t2T ht t2T ac

Constraints (1.4a) and (1.4b) balance cold and hot thermal loads, respectively, by equating
the power production and the power from storage with the sum of the demand, the power to
storage, and, in the case of cold loads, from the absorption chillers as well. Here, for legacy
reasons, we have scaled the power by the efficiency of the respective technology; based on our

variable definitions, we could have equivalently adjusted these by a coeflicient of performance.
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1.4.4 Production

Xih by Z{ 8t2T;h2H
fi9 X, X b (1 zZP) 8t2T;h2H
XP X, 82TnT%h2H

(1.5a)
(1.5b)
(1.5¢)

Constraint set (1.5) ensures that the rated production lies between a minimum turn-down

threshold and a maximum system size; constraints (1.5a)-(1.5b) are copied from Ogunmodede

et al. [10], while constraint (1.5¢) is new. Constraint (1.5a) restricts system power output to its

rated capacity when the technology is operating, and to 0 otherwise. Constraint (1.5b) ensures a

minimum power output while a technology is operating; otherwise, the constraint is dominated by

simple bounds on production. Constraint (1.5¢) ensures that the thermal production of non-CHP

heating and cooling technologies does not exceed system size.
1.4.5 Production Incentives
: C - X . _ )
XP' min f zP'; AL P OfR f XP 8t2T

h2H
X; Lt +M 1z st2T

Constraint (1.6a) calculates total production incentives, if available, for each technology.
Constraint (1.6b) sets an upper bound on the size of system that qualifies for production

incentives, if production incentives are available.

1.4.6 Power Rating

X

X S2Sik
Zyo, 1 82C k2K
2T, ;sttk
X, b, 8c2C
t2T¢

XP=X, 82T h2H
X g X, 8t2TnT¥h2H
btkss Ztkss thss 6tkss Ztkss 8t2T k2K¢;s 2 S
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(1.6a)

(1.6b)

(1.7a)
(1.7b)

(1.7¢c)

(1.7d)
(1.7e)
(1.7f)



X
Xus =X¢ 8t2T;k 2K (1.7g)
S2Stk
Constraint (1.7a) permits nonzero power ratings only for the selected technology and
corresponding subdivision in each class. Constraint (1.7b) allows at most one technology to be
chosen for each subdivision in each class. Constraint (1.7¢) limits the power rating to the
minimum allowed for a technology class. Constraint (1.7d) prevents renewable technologies from
turning down; rather, they must provide output at their nameplate capacity. Constraint (1.7e)
limits rated production from all non-renewable technologies to be less than or equal to the product
of the power rating and the derate factor for each time period. Constraint (1.7f) imposes both

lower and upper limits on power rating of a technology, allocated to a subdivision in a segment,

and constraint (1.7g) sums the segment sizes to the total for a given technology and subdivision.

1.4.7 Load Balancing and Grid Sales

oo o Ny Xy XX X
(Fen ft Xen) = Xpp' + Xin= X+  Xgn)
t2T € h2B¢e u2uUp t2T¢€ h2Be u2Ug
= st ts 2 S t d
+ Xonw + X5° + Xg=“+ 5 8h2HI (1.8a)
u2usb t2T ec

(fp fl er)+ > dfs: > Xpts+ = Xptg
th 't th bh bth tuh

t2T7¢ h2B® b2Be;t2T ¢ u2uc
+  XP=e4 d gh2HnHY (1.8b)
> toT ec
X3, XP® 8h2HY (1.8¢)
" <
xdrs XS 8h2 HY (1.8d)
b2Be u2usb '
X X
A X+ XEp & gu2u®\u™ (1.8¢)
h2|—§( t2Ty
A XPY e gu2U"™MnpusP (1.8f)
h2H9;t2Ty

Constraint (1.8a) balances load by requiring that the sum of power (i) produced, (ii)
discharged from storage, and (iii) purchased from the grid is equal to the sum of (i) the power
charged to storage, (ii) the power sold to the grid from in-house production or storage, (iii) the

power charged to storage directly from the grid, (iv) any additional power consumed by the
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electric chiller (where this is an additional term relative to the original model (R)), and (v) the
electrical load on site. Constraint (1.8b) provides an analogous load-balancing requirement for
hours in which the site is disconnected from the grid due to an outage (and contains the same
additional term relative to the original model (R)). Constraint (1.8c) restricts charging of storage
from grid production to the grid power purchased for each hour. Similarly, constraint (1.8d)
restricts the sales from the electrical storage system to its rate of discharge in each time period.
Constraints (1.8e) and (1.8f) restrict the annual energy sold to the grid at net-metering rates;
only one of these is implemented in each case according to user-specified options. While a
collection of pre-specified technologies may contribute to net-metering rates in both cases,

constraint (1.8e) allows storage to contribute to net-metering while constraint (1.8f) does not.
1.4.8 Rate Tari Constraints

Net Metering

zhmil — (1.9a)
fa X, i z'™ gv2v (1.9b)
t2Ty 0O 1
< < otg < SA < ;
A @ X+ Xk A Xoh (1.9¢)
h2H9  u2U"m:t2T, u2unm\ysb u2UP;h2H9

Constraint (1.9a) limits the net metering to a single regime at a time. Constraint (1.9b) restricts
the sum of the power rating of all technologies to be less than or equal to the net metering
regime. Constraint (1.9c) ensures that energy sales at net-metering rates do not exceed the
energy purchased from the grid.

Monthly Total Demand Charges

x _
A X& oz sm2M;u2UP (1.10a)
h2Hm
Zm, Zm, 8u>% UP:u 2m2M (1.10b)
woozyet A X$ 1p 8u2UP:u 2;m2M (1.10c)

h2Hm
Constraint (1.10a) limits the quantity of electrical energy purchased from the grid in a given

month from a specified pricing tier to the maximum available. Constraint (1.10b) forces pricing
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tiers to be charged in a specific order, and constraint (1.10c) forces one pricing tier’s purchases to
be at capacity if any charges are applied to the next tier.

Peak Power Demand Charges: Months

xdn —mt Zdmt gn 2 N;m2 M (1.11a)
zdme  zdmt . 8n2N:n 2m2M (1.11b)
_gmél zdmt ))((f,’{;n . 8n2N:n 2m2M (1.11c)

xdn X3 8m2M;h 2 Hpm (1.11d)
n2N u2UP

Constraint (1.11a) limits the energy demand allocated to each tier to no more than the maximum
demand allowed. Constraint (1.11b) forces monthly demand tiers to become active in a
prespecified order. Constraint (1.11c) forces demand to be met in one tier before the next
demand tier. Constraint (1.11d) defines the peak demand to be greater than or equal to all of the
demands across the time horizon, where an equality is actually induced by the sense of the
objective function. A user-defined option precludes CHP technology production from reducing

peak demand; if selected, constraint (1.11d) becomes:

(@] 1
X an X< : X< 0 el < ots < otg
Ximn Xan + @ff, i Xg Kt X
n2N u2urp t27 CHP b2Bh u2Ug

8m2 M;h 2 Hn:

Peak Power Demand Charges: Time-of-Use Demand and Ratchet Charges

x{e L zd ge2E;d2D (1.12a)
z§ z§ | 8e2E:e 2,d2D (1.12b)
;;(1 zyt xg‘g)l( 8e2E:e 2,d2D (1.12¢)
X§  maxf  X%; ' XPPg 8d2D;h 2 Hy (1.12d)
e2E > u2UP
xPlb Xdn gm2mMmP (1.12¢)
n2N

Constraints (1.12a)-(1.12d) correspond to constraints (1.11a)-(1.11d), respectively, but pertain to
a type of charge not related to monthly use, but rather to time of use within a month. These

ratchet charges are implemented using constraints (1.12d). The charge applied for each time-of-use
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period is a linearizable function of the greater of the peak electrical demand during that period
(as given by the first term on the right-hand side of (1.12d)) and a fraction of the peak demand
that occurs over a collection of months (known as look-back months) during the year (as given by
the second term on the right-hand side of (1.12d)). Constraint (1.12d) ensures the peak demand
over the set of look-back months is no lower than the peak demand for each look-back month. In
this way, charges are based not only on use in a given month, but also on a fraction of use over
the last several months, and becomes relevant when this latter use is high relative to current use.

If CHP technologies are not allowed to reduce peak demand, constraint (1.12d) becomes:

o 1
X X X ; X ¢ X :
X Xin+ o fi X& Xt XEunA
e2E u2upr t2T CHP b2Bh u2Ug
8d2D;h 2 Hyg:
1.4.9 Minimum Utility Charge
o
X > q
Xme  came - @A ¢l X8 + Che X$  +
u2UP;h2H9 2D;e2E
| f S e R
Grid Energy Charges Time-of-Use Demand Charges
Cin Xin
m2M;n2N
I {z }
Mont8y Dem8d Charges 111
o < o X oo we. X o btoaan
A Cuh th + Cuh Xtuh (1.13)
h2H9  y2uysb 2T ;u2U3
I {z - }

Energy Export Payment
Constraint (1.13) enforces a minimum payment to the utility provider, which is a fixed constant
less charges incurred from grid energy, time-of-use demand and monthly demand payments, plus

sales from exports to the grid.

1.4.10 Non-negativity

XPIb: xme (1.14a)
X ;X' 0 8t27 (1.14b)
XP 0 8u2U;t2T,;h2H (1.14c)
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X X%, 0 8u2U;h2H (1.14d)
X% 0 8d2D;e2E (1.14e)
Xdn 0 sm2M;n2N (1.14f)
X 0 h2H (1.14g)
XPRW. xPkWh g p 2 B (1.14h)
XS 0 8t2T; k2K; s2 Sy (1.14i)
XPE 0 82B;t2T; h2H (1.14j)
X, xds o 8b2B; h2H (1.14k)
X P X X B X PP X P P 0 8t2T; h2H (1.141)
1.4.11 Integrality
z'mi 2 £0;1g 8v2V (1.15a)
Zyo.210;1g 8t2T; k2K; s2 S (1.15Db)
zP 2f0;1g 8t2T (1.15¢)
zZ{L2f0;1g 8t2T;h2H (1.15d)
Z3 2 f0;1g 8d2D;e2E (1.15¢)
zdmt 2 £0;1g 8M2M;n2 N (1.15f)
ZW 20,19 8m2M;u2U (1.15g)

Finally, constraints (1.14) ensure all of the variables in our formulation assume non-negative
values. In addition to non-negativity restrictions, constraints (1.15) establish the integrality of the

appropriate variables.
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CHAPTER 2
A MATHEURISTIC FOR DESIGN AND DISPATCH OF A UTILITY-CONNECTED

DISTRIBUTED ENERGY SYSTEM

Modified from a paper submitted to the Journal of Heuristics James Grymes':?2, Alexandra

Newman?, Alexander Zolan®, Dinesh Mehta*

2.1 Abstract

Modeling distributed power generation systems often requires complicated mathematical
expressions that present challenges for commercial optimization solvers. This paper presents a
Matheuristic to solve a mixed-integer optimization model that informs decisions regarding the
design and dispatch of a utility-connected microgrid. We deploy a Genetic Algorithm to search
the system design space and a linear program to solve the economic dispatch problem. The model
is a component of an open-source web tool that requires near-real-time solutions. Our method
yields objective function values within 5% of an exogenously produced optimal in fewer than 30
seconds for 90% of our test cases compared to only 10% of our test cases by a traditional

optimization solver in the same amount of time.
2.2 Introduction

The adoption of distributed energy resources (DER) that incorporate renewable and storage
technologies is growing, in part due to significant reductions in the cost of electrical storage
photovoltaic (PV) systems [11]. Replacing fossil-fueled power plants with renewable electricity
generation offers both environmental benefits [12] and reduced costs [13]. Furthermore, private
customers can employ a peak-shaving dispatch strategy using behind-the-meter DERs to diminish
utility demand charges [14]. However, accurate energy-system models often require complex
mathematical structures, precluding traditional optimization software from finding good solutions
under practical run-time limits. Practitioners, therefore, seek alternate strategies, such as

heuristics, to provide fast solutions of acceptable quality.

1Operations Research with Engineering Graduate Program,
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3National Renewable Energy Laboratory

4Computer Science, Colorado School of Mines
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2.2.1 Motivation

Models help decision-makers assess the trade-offs of procuring and deploying on-site
microgrids. In most cases, clients must rely on consultant work to formulate the model, conduct
analysis, and make recommendations. While appropriate for large corporations or municipalities,
this approach is not tenable for smaller-scale projects or companies devoid of large operating
budgets. Commercial software includes both paid tools such as HOMER [15] and publicly
available tools such as DER-CAM [16]. Krah [17] and Theo et al. [18] compare behind-the-meter
microgrid planning and distributed generation optimization techniques, including 51 distinct
models.

The National Renewable Energy Laboratory hosts Renewable Energy Integration and
Optimization (REopt®), an open-source web tool for microgrid planning that integrates
conventional energy generation. The tool enables users to conduct an analysis of alternatives
using their facilities’ parameters while relying on proven defaults for cost and performance of
candidate DER technologies. Figure 2.1 depicts a notional system consisting of a
utility-connected microgrid, a distribution network, a series of electrical and thermal load profiles,
and energy markets. In both DER-CAM and REopt, a mixed-integer program determines an
optimal microgrid configuration (design) and the associated system controls (dispatch), often by
minimizing life-cycle costs.

While there have been considerable advancements in commercial solvers over the last 20 years,
many types of large-scale, mixed-integer programs present challenges, especially for large
instances. Classical models, such as the Vehicle Routing Problem and the Winner Determination
Problem, present computational challenges for even the most sophisticated software [19, 20].
Similarly, distributed generation models solved with commercial optimizers can require an
unacceptable amount of time to reach a feasible solution [9, 21, 22]. Therefore, we suggest
heuristics to aid or supplant solvers in determining an appropriate design and dispatch of a

grid-connected distributed generation system.
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Figure 2.1 An example of a utility-connected microgrid showing design (yellow) and dispatch
(blue arrows) components.

2.2.2 Literature Review

Mixed-integer linear models and, more generally, combinatorial optimization problems, relate
to many applications, but can become intractable for realistically sized instances. Practitioners
may prefer to rely on near-optimal solutions generated by heuristics such as naturally inspired
algorithms (e.g., Simulated Annealing), evolutionary searches (e.g., Genetic Algorithm), and
trajectory methods (e.g., Tabu Search) [23]. These techniques afford the advantages of being

problem-agnostic and easy to implement. However, fast convergence is not guaranteed for large
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problem instances.

Various literature explores mixed-integer linear optimization models, such as DER-CAM and
REopt® discussed above, for determining optimal microgrid design and dispatch. Often,
distributed generation models that incorporate system design variables mandate the commitment
of significant capital investments that dominate the objective function. This, coupled with
discrete control variables that govern dispatch, requires solution techniques other than direct
execution of the monolith using off-the-shelf software. Jeddi et al. [24] and Xu et al. [25] present
exact approaches, specifically, Dynamic Programming, by discretizing the electrical storage
system’s state of charge and determining the optimal dispatch strategy. While theoretically able
to yield optimal solutions, distributed energy control problem instances can contain long time
horizons and many technologies, precluding exact methods in a practical amount of time due to
the “curse of dimensionality” [26]. Niu et al. [27] provide a detailed review of competing heuristics
for power-flow models. Conversely, Foster et al. [28] show how simple knapsack formulations are
capable of yielding solutions to distributed generation planning models but comment on
computational challenges relative to solution quality generated by heuristics such as genetic
algorithms.

Scheduling large-scale systems for economic dispatch of electrical and thermal power, referred
to as unit commitment, has been an active area of research for over 50 years [29]. Our formulation
contains many similarities to this classical NP-Hard problem for which researchers leverage
heuristics [30]. Valenzuela and Smith [31] propose a memetic algorithm, in concert with a
local-search genetic algorithm, for large-scale unit commitment in electrical power systems.
However, this work omits decisions concerning system configuration. Additionally, Ting et al. [32]
utilize hybrid particle swarm optimization to solve the unit commitment problem involving only
electrical generators and the utility.

Nazari-Heris et al. [33] and Alsagri and Alrobaian [34] present a detailed review of
meta-heuristic techniques for optimal dispatch of co-generational technology; however, neither
consider procurement decisions or energy storage, which necessitate our heuristic approach. Ren
et al. [35] solve a model that includes combined heat and power and present a methodology that
decouples design and dispatch using a meta-heuristic for the design and a rules-based myopic

approach for dispatch. The authors omit discussions of the efficacy of their solutions or the speed
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with which they are attained, and their model does not include peak-demand charges.

While many works utilize heuristics to handle these challenges, they differ from ours in that
they are absent the ability to source power from the grid [36-38]. Without the utility, dispatch
becomes a function of the rated capacity of the microgrid; correspondingly, the domain for the
design variables is drastically reduced. Other models consider a subset of technologies that we
incorporate and therefore do not present the complexities found in our model, such as energy
storage or the interactions between thermal and electric-producing technologies [39, 40]. Objective
function criteria differ from ours, such as reducing emissions or minimizing energy demand
through co-generational DERs [41, 42]. Some models are similar in structure; Letchford et al. [43]
use the dynamic local search heuristic for resource allocation with overloaded demand but address
wireless communication instead of power systems. Freitas et al. [44] propose a Fix-and-Optimize
heuristic to minimize power losses through grid configurations and corresponding power flows.

Moretti et al. [45] consider the electrification of rural communities and compare solving a
design and dispatch microgrid model using two different approaches. One considers a
configuration search coupled with a myopic dispatch policy; the other uses a predictive
optimization algorithm for a mixed-integer linear program. The heuristic treats hourly decisions
independently, leading to sub-optimal solutions. The predictive optimization method produces
better results, but solve times are not practical. Nikmehr and Najafi-Ravadanegh [46] show how
heuristics can handle probabilistic inputs using Monte Carlo simulation; however, design decisions
are absent in their application. Maniezzo et al. [47] explore a variety of techniques, referred to as
Matheuristic, for solving mixed-integer linear programs. This type of strategy combines
meta-heuristics with mathematical optimization. Dupin and Talbi [48] propose several
constructive Matheuristics for planning nuclear power plant maintenance and refueling
operations; these heuristics invoke pre-processing, partial solutions, a simplified model, and the
restoration of feasibility.

Our contribution is the development of a Matheuristic that includes (i) a genetic algorithm for
candidate design selection, (ii) a scheduling policy for CHP operations, and (iii) a linear program
to obtain a solution to a design and dispatch techno-economic model. We also explore multiple
microgrid configurations using parallel processing to expedite the design search. Our approach

simultaneously addresses design and dispatch decisions to obtain objective function values
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comparable to or better than those produced by commercial solvers, and in less time.

The remainder of the paper is organized as follows: Section 2.3 describes our mathematical
formulation and the components that present challenges. Section 2.4 details our methodology to
quickly generate solutions that minimize lifecycle costs. Section 2.5 presents inputs of our model,
an analysis of each sub-process of the methodology, and a comparative performance evaluation of

our method and the optimization software. Finally, Section 2.6 concludes.
2.3 Modeling the System

REopt® is a techno-economic, mixed-integer linear program hooked to a commercial solver.
This model, (P), presented by Hirwa et al. [9] and detailed in Chapter 1, minimizes the total
lifecycle cost associated with meeting electric, heating, and cooling loads at hourly fidelity. The
web-based tool consists of deterministic inputs and requires assumptions about future-technology
capital costs, utility tariffs, solar irradiance, and electrical and thermal loads. Its distinguishing
feature relative to other microgrid planning tools is its intended use to quickly assess various
scenarios. Hirwa et al. [9] show that only five of the 12 test instances achieve better than a 1%
optimality gap after 10 minutes. Furthermore, a more realistic time limit (e.g., two minutes) for a
web-tool, often used repeatedly for parametric analysis, results in two instances without a feasible
solution and more than 40% of instances failing to achieve a 5% optimality gap. This work aims

to improve the tool’s ability to return good solutions quickly by implementing a Matheuristic.
2.3.1 Model Overview

Figure 2.2 illustrates REopt’s® variables, objective, and constraints. We group distributed
energy technologies into renewable, traditional, and CHP. Additionally, the model includes
electrical (lithium-ion), hot-thermal, and cold-thermal storage for the energy produced by
distributed technologies or purchased from the utility, which can then be dispatched to meet
electrical, heating, and cooling loads, respectively.

REopt® seeks to minimize total lifecycle costs while adhering to realistic system constraints
and meeting 100% of demanded electrical and thermal load. The objective function is composed
of (i) capital and installation costs, (ii) fixed and variable operations and maintenance costs, (iii)

production costs, (iv) utility charges, and (v) variable production incentives.
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Figure 2.2 A categorical overview of the decision variables, objective function, and constraints
that comprise the REopt® optimization model, (P), where SOC denotes state of charge [9].

The constraint set is categorized into nine distinct subgroups in addition to simple variable

bounds:
e Fuel Consumption (given in 1.4.1)
e Thermal Production (given in 1.4.2)
= Storage System (given in 1.4.3)
= Production (given in 1.4.4)
e Production Incentives (given in 1.4.5)
= Power Rating (given in 1.4.6)
e Load Balancing and Grid Sales (given in 1.4.7)
* Rate Tariff (given in 1.4.8)

e Minimum Utility Charge (given in 1.4.9)
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The main components of this work address difficulties presented through the enforcement of
the italicized constraints. Table 2.1 contains relevant notation from model (P). For notational
consistency, we use math calligraphic font to denote sets, subsets, and indexed sets and lower and

uppercase math script for parameters and variables, respectively.

Table 2.1 A selection of notation from model (P)

Sets
H Time steps
T Technologies

Subsets and Indexed Sets
TCHP T CHP technologies

Parameters
fia Fuel burn ambient correction factor of technology  [unitless]
t at time step h
ft'% Production factor of technology t during time step  [unitless]
h
mim Slope of the fuel rate curve for technology t [MMBTU /kWh]
Variables
thh Fuel burned by technology t in time step h [MMBTU /h]
Xh Rated production of technology t during time step  [kW]
h
X Power rating of technology t [kW]
zR 1 If technology t is operating in time step h; 0 [unitless]
otherwise

2.3.2 Model Contribution to Solution Latency

REopt® contains hundreds of thousands of variables and constraints for realistically sized
instances. Our threshold for success is defined as a solution yielding an optimality gap of less
than 5% in fewer than two minutes. Three attributes thwart our efforts when we deploy an
optimization model: (i) the simultaneous presence of design and dispatch variables, (ii) the binary
representation of scheduling decisions of the CHP system, and (iii) the incorporation of utility

peak-demand charges coupled with electrical storage systems.
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2.3.2.1 Design and Dispatch

Distributed generation models that determine design and dispatch consist of continuous and
integer variables that govern procurement and deployment of distributed generation, respectively.
Techno-economic models attempt to balance the cost of procuring, maintaining, and deploying
the system with the economic tradeoff of purchasing electricity from the utility. We attempt a
naive approach to (P) by solving the linear relaxation, fixing the design variables, and solving (P)
with the fixed design. Empirical testing yields optimal solutions to the fixed-design model (PFP)
in fewer than 16 seconds for over 75% of test cases. However, some instances of (PP) fail to
return an optimal solution in under 10 minutes, indicating that fixing a subset of the variables

can lead to slow solve times.
2.3.2.2 Binary Variables for CHP Scheduling

Constraints (1.1d)-(1.2¢), found in Chapter 1, control how the CHP system operates,
including the amount of fuel consumed and the amount of thermal power produced as a function
of electric production. CHP fuel consumption is calculated as an affine function of electrical
production (X)) in hour h and the system size (X ). However, to enforce a fuel burn
commensurate with system size when the system is deployed, and to preclude fuel burn when the
system is off, we include the bilinear term X; Z{°. Hirwa et al. [9] use standard linearization
techniques that result in Constraints (1.1d) and (1.1e). We create a new model variant (PLF) by
performing a simple relaxation in which we approximate the CHP fuel burn using a linear
constraint by removing the binary variable Z{? and replacing Constraints (1.1d) and (1.1e) with

Constraint (2.1), in which mi™ represents a modified variable fuel burn rate m{™.
X =2 £ mim X gt2T1"P;h2H (2.1)

This approximation yields better performance; the solver returns optimal solutions to all test
cases in fewer than 35 seconds, on average, and no case requires more than 93 seconds. While
there is a significant improvement in run time, the approximation used incentivizes part-load
CHP operations when it is not economical to do so under the original model, leading solutions

with significantly greater objective function values. Therefore, we conclude that using the linear
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approximation is not suitable for the heuristic.
2.3.2.3 Peak Demand Charges and Battery Energy Storage Systems

Utility tariffs further exacerbate the run-time latency by including monthly and time-of-use
peak demand charges. According to a National Renewable Energy Laboratory report,
peak-demand charges can constitute up to 70% of a customer’s utility bill [49]. Figure 2.3 shows
an example of a 24-hour load profile, resulting in large peak-demand charges and associated
“managed demand thresholds.” Simple marginal cost computations cannot determine optimal
controls for a battery energy storage system. Including peak-demand charges and electrical
storage precludes a strictly myopic approach to determining the optimal economic dispatch.
Therefore, our methodology separates the problem into decisions related to the design, the CHP

scheduling operations, and the economic dispatch of the committed system.
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Figure 2.3 An example of a 24-hour load profile with unmanaged demand peaks.
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2.4 Method

We generate solutions to a complex, techno-economic design and dispatch mixed-integer linear
program by devising a Matheuristic (M"). Our method addresses the three main contributing
factors to solution latency: the coupling of design and dispatch decisions, the operational
scheduling of the CHP system, and the simultaneous presence of peak-demand charges with
battery energy storage.

Our methodology consists of three phases: (i) employing a meta-heuristic (genetic algorithm)
to search the state-space for a suitable microgrid design (Section 2.4.1), (ii) determining the CHP
system’s operational schedule (Section 2.4.2.1), and (iii) solving a linear program that models
economic dispatch (Section 2.4.2.2). Components (ii) and (iii) form the dispatch routine and
return the fitness value for a fixed microgrid design for the genetic algorithm. Figure 2.4 presents
a graphical representation of (M), The blocks outlined by the dashed box reflect the dispatch

decisions for each design k executed as a parallel process.
2.4.1 A Genetic Algorithm for Candidate Design Selection

We employ a genetic algorithm designed to work in continuous space [50] to search for suitable
microgrid configurations. While numerous suitable meta-heuristics exist, a genetic algorithm
presents the ability to utilize parallel processing to evaluate the design’s fitness. Each design and
the associated dispatch decisions are independent; therefore, assuming that the necessary
computing resources are available, the algorithm’s theoretical complexity is dominated by the
maximum time to solve the corresponding dispatch model over the k designs in the population for
each generation. The class of evolutionary algorithms, of which the genetic algorithm is a
member, consists of three main steps: (1) initialization, (2) iteration, and (3) termination.
Algorithm 1 documents the genetic algorithm’s process of creating new generations of candidate

designs (populations), and we present the associated notation in Table 2.2.

i=a 1 M\ (2.2a)
At = U(Ry:Rf) (2.2b)
Ry =maxf ry; re (Cq b)g (2.2¢)
Ry = minfrere (by  Cy)g (2.2d)
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Figure 2.4 Heuristic methodology (M"), including parallelization of dispatch subroutine.
n: Number of parallel processes; COx: CHP operations for process k; LPy: Linear program for remaining dispatch
for process k; Fi: Feasibility step for process k.

Cei+v1 = minth ymaxfb; (Ci + i Adi)gg (2.2e)

1. Population: Each population contains a set of individuals which are unique candidate
microgrid configurations represented by the two-dimensional array Cy; 2 [b;b;] 8t, where

t is a technology and i is an iteration of the algorithm.

2. Initialization: Through experimentation, we determine that convergence speed is strongly
influenced by the quality of the initial population, which we generate by utilizing
orthogonal, array-based Latin hypercube sampling [51]. To effect low memory requirements,
we create a conservative population size of N = ¢ 2, in which n is the size of the

population and ¢ is the number of available computer cores.

3. Iteration: The iteration step creates the next generation and consists of determining a

population’s fitness, followed by selection, and ending with crossover and mutation.
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Table 2.2 Notation used for the Genetic Algorithm.

Sets
i21 Iteration count
Parameters

i Mutation scalar at iteration i ]
a Scalar value at iteration 1 -]
by Minimum power rating for technology technology t kW]
by Maximum power rating for technology t kW]

Fraction of scalar a value as i ¥ jlj -]

- Iteration of inflection for sigmoid function ]

; probability of crossover and mutation, respectively -]
n Population size -]
re Magnitude of the range of technology t, by by kW]
Variables
pd; p?  Individual parents selected for crossover kW]
Ry Maximum of ryand ry C for technology t at iteration i kW]
Ry Minimum of ry and r¢ (b Xy) for technology t at iteration i  [kW]
At Change of technology t in iteration i, sampled from U(Ry;Rg;) kW]
Ci Intermediate size of candidate technology t at iteration i kW]
Ci Size of candidate technology t at iteration i kW]

3.1 Fitness: The fitness function determines the cost of meeting the electric, heating, and

3.2

3.3

3.4

cooling loads under the heuristic dispatch policy described in Section 2.4.2, using the
microgrid configuration as input. The dispatch cost is then paired with the system

design cost, providing the full lifecycle cost, or design fitness.

Selection: The population is then ordered, decreasing by the individual’s fitness, and
we select the dn=2e lowest-cost designs as parents for propagation in the next

generation.

Crossover: We then pair parents and execute a crossover step, also referred to as
recombination, whereby a new microgrid candidate is created using information from
well-performing designs with respect to lifecycle costs. We implement the discrete
recombination procedure described by Nissen [52], which resembles the classical
Uniform Crossover [53], in which, with equal probability, we swap sizes for technology t

between two selected parents.

Mutation: The newly created system designs (children) undergo a mutation, which is

critical to the theoretical possibility of exploring the full state-space by generating any
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feasible microgrid configuration. Each technology (allele) in the newly created child
(chromosome) is considered for mutation with probability = 0:2. If an allele is
selected for mutation, the technology size is modified by a scaled, (2.2a), uniformly
distributed value Agj between Ry; and Ry, defined by Equations (2.2b), (2.2¢), and
(2.2d), respectively. We use a sigmoid function for the decay scalar ; to generate a
wide search area which we narrow over the execution of the algorithm. Finally,
Equation (2.2e) updates the technology size t in iteration i and ensures that the new
child does not fall outside the feasible region. The mutated child is then added to the

population for the next generation if it does not already exist.

4. Termination: The genetic algorithm terminates if one of two criteria is satisfied: either an
iteration limit of " is reached or the best-found fitness fails to improve by more than after

five iterations.

Figure 2.5 shows an example of the implementation of the mutation step. The blue and red
line segments represent the feasible and infeasible regions of the variable C;; for technology t at

iteration i, respectively.

T CU' —0 CG. = bo' —0
%t "f\‘t;l l:)t —Zi+1 D¢ llf

Ciiv1 = Co+aihy Ay =U(RyRY) tiv2 = Clipn T Qip1Beivg Apiv1 = U(O,R ;1)
Ciivn B? g b? e

) Dy b t b
Kt Kp—=
. -0 . —0 *
Cgi+1 = mln{bt,max{Q“,Cf_iH}} th,ri+2 = min{b, , max{b{ ' Crival}

Figure 2.5 Genetic algorithm mutation exampleExample of two iterations of the child mutation
routine of the genetic algorithm, respectively. Blue and red line segments represent the feasible
and infeasible regions for technology t, respectively. Note: In iteration 1, the infeasible intermediate value
of Xy, is moved to the lower bound b, and in iteration 2, the random change ( +2) is restricted to the positive
direction.

Algorithm 1 documents the iterative process, beginning on Line 6, of generating a new
population. Lines 8-10 compute each individual’s fitness (e.g. lifecycle cost) in the population
and then select half of the individuals with the lowest lifecycle cost. Lines 12-16 iterate over

each parent and technology, performing crossover with probability to create the children. Lines
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17-23 form the next generation’s population (candidate designs) through mutation with

probability . The algorithm includes two possible termination criteria: (i) iteration limit or (ii)

insufficient objective value improvement after a specified number of iterations. Table 2.1 and

Table 2.2 provide the notation for Algorithm 1.

Algorithm 1 Genetic Algorithm for determining the microgrid configuration.

1: Inputs: b ; ; ;n;term_limit; I

2: Output: X

3 count O

4: best=1

5 X =b

6: popp init_latin(n) . Initialization
7. fori21 do . Iteration
8: fit;  dispatch(popi)

9: popi  sort(pop;; fit;)

10: parents;  pop;[1:dJe] [ fX g . Selection
11: children; ;

12: for p;q 2 parents; : p & g do

13: fort2T do

14: L if U(0;1) < then . Crossover
15:  swap(pt; Gr) S.

16: ~ children; = children; [ fp;qg if fp;qg 2 ,'<:11 childreny

17: for ¢ 2 children; do

18: fort2T do

19: if U(0;1) < then . Mutation
20: ‘ di =Cyi + i Aui

21: else

22: . dii =Cy

23 popj+1 = popi+1 [ fdg

24: change best minffitig

25: if change = 0 then

26: best minffit;jg

27: - X popi[1]

28: if change < then . Termination
29: count count+1

30: if count > term_limit then

31: _ return X

32: else

33 | count O

34: return X
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2.4.2 Energy Dispatch

The dependencies between technologies, the presence of peak demand charges, and the
inclusion of energy storage systems preclude the deployment of a strictly myopic procedure. For
example, Figure 2.6 depicts a notional system with various technologies and the corresponding
energy flows. The dispatch subroutine is separated into two processes: (i) CHP system scheduling

and (ii) a linear program that minimizes the cost of meeting electrical and thermal loads.

Electric Utility

Storage

Electric

Generator
Load

Storage Storage

Electric
Cooling Chiller Heating
Load —— Load

Absorption
Chiller

Figure 2.6 REopt® System and Dependencies. Green, orange, and blue arrows represent
electrical, hot-thermal, and cold-thermal flows, respectively.

The CHP system scheduling routine is accomplished through a set of myopic, policy-based
decisions that choose the least expensive strategy to meet the load in a particular hour and are
made without considering electric and thermal storage impacts. Once the operational schedule is
determined, we solve the economic dispatch problem. Due to the complex nature of the charging
and discharging decisions associated with energy storage, we explore three diverse approaches
with advantages and limitations: policy-based, dynamic programming, and linear optimization.
The policy-based method is very fast, but the quality of the solution, defined by the
corresponding objective function value, is poor for inputs in which a large energy storage system

is a component of a cost-minimizing design.
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Second, we implement the dynamic program using the procedure and notation defined in
Appendix A.1, where we discretize the state of charge of our energy storage systems. Testing
yields favorable results with respect to solution time and quality when only electrical energy
storage systems are included, and we restrict the number of discretized states of charge to at most
five. However, by introducing thermal storage systems and doubling the number of discrete states
for the battery’s charge, the solve time grows by a factor of 30.

Lastly, we solve a linear optimization model (D) with a state-of-the-art optimizer [54] to
obtain solutions for the economic dispatch problem. The solve-time of the linear program
compares favorably with that of the dynamic program. Through empirical testing, we determine
that the linear program yields the best results with respect to solution time and quality and
therefore, we choose to employ it for solving the economic dispatch for the fixed design and
pre-established CHP operational schedule. While we use a commercial solver to obtain optimal

solutions to the economic dispatch, several open-source tools perform similarly.
2.4.2.1 CHP Scheduling

Model (P) incorporates the ability to purchase electricity from the grid and therefore includes
a common representation of an electric utility tariff. The optimal solution to (P) yields an
operational schedule for the CHP system that reduces the two costs that constitute the majority
of a utility bill: energy and peak demand.

The CHP scheduling procedure is separated into two components. First, we determine the
“managed demand threshold,” or peak-shaving target (as depicted in Figure 2.3), for each
demand period, where a demand period consists of a collection of hours in which a customer is
charged according to the maximum power demanded from the utility. (Standard utility tariffs
consist of two types of demand periods, month and time-of-use.) We assume that by minimizing
the monthly demand charges, we also minimize time-of-use demand charges. However, J can be
constructed as any set of demand periods such that SJ- >3 Hj = H. We schedule the CHP system
for operation at any hour when the electrical demand exceeds the threshold, which, if set too
high, precludes the desired realization of peak-demand cost-savings. Conversely, if we set the
threshold too low, the cost to dispatch energy from the CHP system would dominate the utility

bill savings. Therefore, we employ Algorithm 2 to determine an appropriate peak-shaving target

35



for each demand period.

Second, we execute Algorithm 3 to schedule the CHP system (e.g., Z{2 = 1 for t = CHP and
hour h). We iterate over each demand period j and each hour h in demand period j and assess
whether: (i) the electrical demand is greater than the target; or, (ii) the marginal cost of meeting
electrical and thermal loads through traditional means (i.e., utility and boiler) exceeds that of
dispatching energy from the CHP system. We do not consider the cost-benefit tradeoff of dispatch
to charge electrical storage. We use these values for Z{ﬁ to set the upper and lower bounds for

CHP dispatch in phase (iii). The notation presented in Table 2.3 supports Algorithms 2 and 3.

Table 2.3 Additional notation for CHP scheduling.

Sets

P Set of CHP sizes 2 [b;; X; | for t =CHP

J Demand periods

H;j Time steps within a given demand period j

Parameters
9 Electrical load in time step h kW]
D Heating load in time step h kW]
12 Hot water ambient correction factor of technology t at time [-]
step h
fthht Hot water thermal grade correction factor of technology t [-]
at time step h
kf®¢  Thermal energy production of CHP technology t per unit [-]
electrical output
kfp Thermal power production of CHP technology t per unit [-]
power rating
fl9  Minimum turn down for technology t ]
Variables
th Peak-shaving target for demand period j kW]
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Algorithm 2 Determine peak-shaving targets, (i.e., the value to which the CHP system ought to
be deployed to reduce peak-demand charges).

10:
11:
12:

13:
14:
15:
16:
17:
18:

1
2
3
4
5:
6
7
8
9

- Inputs: P;J;H;j; ¢

Output: X
best 1
for size 2 P do
total 0
for j 2J do:
peak  maxnon;
targ; maxf0;peak sizeg
for h 2 H; do

chpn  maxf0; ¢ targjg
L gridy th chpn
chp_cost haw, (cost™™(chpp
utilcost  cost®Md(targ;) + 5y, cOSt*Y(gridn)

. total total + chp_cost + util_cost
if total best then
th targ; 8j2J . Update peak-shaving target for each tier j
.| best total
return X{

Algorithm 3 Determines hours during which to operate the CHP system using demand targets
and marginal costs.

e e e N s e

N
o

Inputs: J;Hj; X s XE 8 0 FRe £78 £ 19 ke ke
Output: Z
t CHP
chp f"dXt . set CHP dispatch to minimum turn-down
chp_cost  cost™P(chp)
for j 23 do
for h 2 H; do
zE 0
if o> X[ then
zZR o . schedule CHP if electric demand exceeds target
else
if (¢>0) then
elec  minfchp; g
thermal 0
if 0>0then
 thermal  minfff2 £ (k¢ 2 chp+k® X ); Ng
util boil  costUt!(elec) + cost”®'(thermal)
if chp_cost < util_boil then
L Z% 1. schedule CHP if its cost is lower than that associated with tradi-
L LL L tional means
: return Z{9
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2.4.2.2 Economic Dispatch

Instead of a myopic policy that produces low-quality solutions to model (P) or a dynamic
program that results in slow solve times, we incorporate an optimization model (D) to perform
the economic dispatch. Model (P) contains seven types of discrete (binary) variables, three of
which relate to the microgrid’s configuration which are fixed according to the method given in
Section 2.4.1. The CHP scheduling routine presented in Section 2.4.2.1 obtains the value of the
binary variable Zttﬁ, which constitutes more than 95% of the discrete variables, and, with that, we
calculate the fixed y-intercept EChp found in Constraint (2.6¢). We remove the remaining three
discrete variables which force utility pricing tiers to be charged in a specific order by aggregating
the utility demand tiers and eliminating the need for constraint groups (1.10)-(1.12). The removal
of the binary variables and associated constraints yields the linear model (D) for which we present
the notation and the mathematical formulation. The output of the model is the economic dispatch

associated with a fixed system design. We repair the solution returned by (D) to restore feasibility

to (P) by computing, ex post, the binary variable values for each of the utility demand tiers.

Sets
B Storage systems
H Hours
M Months
R Time-of-use demand periods
T Technologies
B® B Electrical storage system
B¢ B Cold thermal storage system
BN B Hot thermal storage system
Hn H Hours in month m
H H Hours in tier r
T T Electric producing technologies
T CHP CHP producing technologies
T
THh T Thermal energy producing technologies

T¢ T™M  Cold producing technologies

Te Tt  Electric chiller technologies

Ta T  Absorption chiller technologies

TS T¢ Technologies that can sell to the utility

Tbb T Technologies that can charge storage system
b
Load Parameters Units
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d Electric load in hour h kW]
h Heating load in hour h kW]
£ Cooling load in hour h kW]
Cost Parameters Units
ac Capital cost of absorption chiller [$/kW]
th Fuel cost for technology t in hour h [$/kWh]
d Peak demand charge in month m [$/kW]
b Energy price in hour h [$/kWh]
r Peak demand charge in time-of-use period r  [$/kW]
b Energy sales price in hour h [$/kWh]
Power Rating and Fuel Limit Parameters
by Maximum electric production available for [kW]
technology t in hour h
byt Maximum thermal production available for [kW]
technology t in hour h
g Maximum allowable grid sales [kWh)]
Storage Parameters
wprW Maximum power output of storage system b [kW]
WEkWh Maximum state of charge of storage system b [kWh]
W?cD Minimum percent state of charge of storage [fraction]
system b
wg Decay rate of storage system b [1/h]
Wg Initial percent state of charge of storage sys- [fraction]
tem b
E ciency Parameters
ot Efficiency of charging storage system b using [fraction]
technology t
b Efficiency of discharging storage system b [fraction]
ac Absorption chiller efficiency [fraction]
ec Electric chiller efficiency [fraction]
g+ Efficiency of charging electrical storage using [fraction]
grid power
mehp Thermal efficiency slope for CHP [fraction]
EChp Thermal efficiency intercept for CHP in hour [kW]
h
Scaling Parameters
r Time step scaling [h]
Decision Variables Units
xac Size of absorption chiller kW]
x4 Peak energy purchased in month m kW]
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ngs Energy discharged from storage system b in [kW]

hour h

X Energy from the grid in hour h kW]

Xﬁts Energy from the grid used to charge the bat- [kW]
tery in hour h

ti[;cg Energy produced by technology t in hour h  [kW]
and sold to the grid

tihts Energy energy from technology t used to [kW]
charge the battery in hour h

X Peak energy purchased in time-of-use period [kW]
r

Xtrﬁ Energy produced by technology t during hour [kW]
h

X5 State of charge of storage system b in hour h  [kWh)]

Xlitg Energy from the battery sold to the utility in  [kW]
hour h

Xttlg Thermal energy produced by technology t [kW]

during hour h

(D) Objective: Minimize Cost:

>< < .o, X > > «
minimize BIXP + X8 + IX| a0 XET+X09)
h2H m2M r2 h2H t2T €
< r R« .
+ SOXE + X+ ox®e
t2T CHP:h2H t2T thnT CHP:h2H

The objective function minimizes the cost of energy purchased from the utility, including peak
demand costs, less energy sales, plus the cost to dispatch available technologies and the cost to
procure the absorption chiller.

Model (D) minimizes lifecycle costs subject to the following constraints:

Load Balance

Xl’p Xg > xdfs
th T Xp + bh

t2Te b2Be
tp
g+ > Pt > XPIO 4 x93y Xt ghoH (2.3a)
h th th h h ec ’
t2Te t27s t27 ec
< < < X xt
t df h t h
X+ X h+ X+ o 8h2H (2.3b)
t27 th b2Bh b2Bh;t2T° t2Tac
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> tp > dfs o > pts
t2T ¢ b2B¢ bZBC;tZTbb
Constraints (2.3a)-(2.3c) ensure that the energy dispatched from the installed technologies
plus the energy purchased from the utility (if applicable) meets or exceeds the demanded electric,

heating, and cooling load, respectively.

Storage Operations

P pts | grpeats DX
Xon  Xpgh 1= DX+ oTxI® = gh2B%h2H (2.4a)
t21,p b
sC sc 20 S + pts g+ gts
th Xb;h 1 = thXth + FXh
270
P)(dﬁ
—Ih wiTX5 802BnB%h2H (2.4b)
b
X5% = wiwdWh 8h2 B (2.4c)
wy PPV e whkWh g2 Bih 2 H (2.4d)
P x 3t xdls whkW gh2 B h 2 H (2.4¢)
t21p
XM xds wekW 8h2BnB%h2 H (2.4f)
t21,p

Energy inventory in electrical and thermal storage is governed by constraints (2.4a) and
(2.4b). The net difference in the storage system equals the amount of energy sent to storage less
the amount dispatched from storage. We incorporate thermal loss through the parameter Wg for
the storage system b. Constraint (2.4c) dictates an initial state of charge equal to a specified
percentage of storage capacity. Constraint (2.4d) limits the state of charge of storage system b to
be between the installed capacity and a minimum percent of the capacity. Constraints (2.4e) and
(2.4f) ensure that the amount of energy sent to storage or dispatched from storage in hour h does
not exceed the specified power rating.

Utility Operations

X4 X? sm2M;h2HM (2.5a)
Xy XJ 8r2R;h2H; (2.5Db)
X3 XP* sh2H (2.5¢)
XS X9 gh2H (2.5d)

h2Be
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X X

(- TXPO9+TX) (2.5¢)
eHier® >

( XET+X) X3 (2.50)
h2H t2Ts h2H

Constraints (2.5a) and (2.5b) ensure that the peak grid purchase for month m and time-of-use
period r exceed the amount of energy purchased in all hours of the associated time frame.
Constraint (2.5¢) limits the energy from the utility used to charge the storage system to be less
than what is purchased from the grid. Likewise, Constraint (2.5d) ensures that energy sold to the
grid is less than what is dispatched from the electrical storage system. Constraints (2.5¢) and
(2.5f) prohibits grid sales from exceeding the net-metering limit and the total amount of energy
purchased.

Production

X byt 8t2T%h2H (2.6a)

X byt 82T nTCHPh2 H (2.6b)

X — pehp L mehpyiP g o TCHP b 2 H (2.6¢)
X X% 8t2T*h2H (2.6d)

XM x{P 8h2B%t2T;h2H (2.6¢)
XPE+XP9 XP 802B%t2TP\TSh2H (2.6¢)
XP® X 8b2BnB%;t2T h2H (2.6g)

Constraints (2.6a)-(2.6d) govern the production of electric and thermal technologies.
Specifically, the CHP scheduling routine determines the values of Btﬁ : behp and MR which yield
both the upper limit of electrical production for the CHP system and also the thermal
contribution. Constraint (2.6d) limits the amount of production from the absorption chiller to be
less than its rated capacity. The absorption chiller is the only technology with a sizing variable in
the economic dispatch linear program. Constraints (2.6e)-(2.6g) limit the energy (electrical and
thermal) from the microgrid that is either sold to the utility or sent to storage to what is
produced by technology t in hour h.

Non-negativity

X% 0 (2.7a)
XIE X9 X2 0 8h2H (2.7b)
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2.5 Results

This section summarizes a collection of instances of model (P), then presents the performance
of (M) relative to directly solving each instance using a commercial, off-the-shelf mixed-integer

programming optimizer. We refer to the latter method as (M©).
2.5.1 Inputs

We use the same inputs given in Hirwa et al. [9], which include differing building types, utility
pricing schedules, monthly and time-of-use demand periods, and electrical and thermal loads.
Table 2.5 reflects distinguishing features for the 12 test cases, providing only those inputs
necessary to reveal the differences. All but one of the cases (6) include electrical and heating
loads. The most complex test case (9) consists of the greatest number of technologies and

incorporates a cooling thermal load.
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Table 2.5 Salient features of the 12 cases.

Case Technologies' cd ¢ c d
($/kW) ($/kWh) (kW)
1 CHP, Boiler 20 5 01 7,752
2 CHP, Boiler 19 5 0.11 7,752
3 CHP, Boiler, TES 19 5 0.11 7,752
4 CHP, Boiler, PV, BES 19 5 0.11 7,752
) CHP, Boiler, PV, BES 16 0 0.04 7,752
6* PV, Wind, BES 19 0 0.06 30,015
7 CHP, Boiler, PV, BES 0 0 0.04 7,752
8 CHP, Boiler, PV, BES 20 5 01 7,752
92 CHP, Boiler, PV, EC, BES, TES, AC 20 5 0.1 6,325
10 CHP, Boiler 20 5 0.1 6,085
11 CHP, Boiler 20 5 0.1 2,206
12 CHP, Boiler 20 ) 0.1 229

Note: The right four columns are the average values for each parameter. We only include a subset of inputs to show
distinguishing features between cases. The parameters c9,, cf, ¢p, and 9 designate the average values for monthly
and time-of-use demand charges, hourly energy price, and hourly electric load, respectively.

tTES: Thermal Energy Storage, BES: Battery Electrical Storage, PV: Photovoltaic, EC: Electric Chiller, AC: Ab-
sorption Chiller.

1 Electric only.

2 Electric, heating, and cooling loads.

2.5.2 Genetic Algorithm

To measure the performance of our genetic algorithm, we compare the objective function value
of the lowest-cost solution from each iteration to that of the solution at termination. Figure 2.7
depicts all 12 cases, of which some overlap, and shows how quickly our implementation converges.
For all but two of the 12 cases, the genetic algorithm finds the best microgrid configuration in
fewer than 90 seconds. Case 4 struggles with convergence due, in part, to the target size of the
photovoltaic system. Case 9 is the only case that includes electric, heating, and cooling loads and
all available technologies; although it requires more time to terminate, it finds a solution with an
objective function value within 1% of the lowest-found objective function value almost

immediately.
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Figure 2.7 Genetic algorithm progress for which X is the wall-clock elapsed time,

G(c;x) = L°|’;XLC, Lx is the objective function value associated with the best-found design for case

C at time X, and L, is the lowest overall objective function value found by (M") for case c.

2.5.3 Solution Quality

Heuristics are unable to return optimality gaps; therefore, we use optimization software,
executed under a two-hour time limit, to obtain a lower bound (LB¢) for each case ¢ 2 C against
which to compare with the objective function value of the best feasible solution from (M™) and
(M©). We utilize standard performance profiles [55] to show how the objective function values
produced by (M) compare to (M®) relative to our threshold for success. We define X as the
percent difference between the objective function value of the best feasible solution after a
two-minute time limit and LB for each case ¢c. We define §cm as the percent difference from LB
for case ¢ obtained by method m. Figure 2.8 reflects pfh(X) (Equation (2.8)), the proportion of the
12 cases that achieve the percent difference (X) after a two-minute time limit for each method m.

I[Gem < X]

)= c2C (2.8)

g (x
We show that using (M), just under 80% of the tested cases result in objective function
values that achieve less than a 1% difference from LB after two minutes, whereas one-third of

the cases solved by (M®) achieve the same performance. Furthermore, only one case yields a
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solution with an objective function value that is greater than 5% or more relative to LB when
solved using (MM); conversely, fewer than 60% of the cases solved by (M®) achieve less than a

5% optimality gap in the two-minute time limit.
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Figure 2.8 Performance plot comparison of objective function values returned by (M") and
(M©), measuring the proportion of cases (pth (X)) using method m that are below the optimality
threshold X after two minutes using method m.

Figure 2.9 reflects a time-dependent (versus solution-dependent) performance measure, ideal
for users interested in obtaining good solutions without lengthy wait times. We define §cxm as the
percent difference from LBg for case ¢ at wall-clock time X obtained by method m. Equation (2.9)
defines the proportion of cases that achieve an objective function value of at most 5% gap relative
to LB, at wall-clock time X. Method (M") outperforms (M®) with respect to time. Over 90% of
the tested cases achieve the desired gap in under half a minute. Conversely, method (M©) yields

only one objective function value, of the 12 tested, below a 5% gap in the same amount of time.
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Figure 2.9 Performance plot comparison of solutions returned by (M) and (M®), measuring the
proportion of cases (pp,(X)) using method m that are below 5% optimality gap after X seconds
using method m.

Table 2.6 compares solutions returned by (M") and (M®) for each of the 12 cases after a
two-minute time limit. (M™) outperforms (M©) with respect to objective function value in eight
of the 12 cases (shown in ). Method (M©) obtains a better objective function value for cases
2, 6, 7, and 8; however, the difference between solutions is less than one-third of a percent. (MO)

is unable to return a solution for Case 4 in the allotted time.
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Table 2.6 Solving (P) using (M©®) and (M™) after a two-minute time limit. Microgrid capacity is
the sum of that generated by all technologies, including the power rating of the electrical storage

system.
hé:r;)f;ld Objective Function Cost
(II{)W) Y ($) Difference

Case (M°) (M) (M°) (M7 ($) (%)
1 1,018 1,066 13,463,711 13,431,907
2 1,014 1,013 17,557,957 17,570,920 12,963 0.07
3 25,640 24,712 18,381,833 17,423,310
4t - 6,009 - 14,022,107 Note:
5 1,804 1,330 7,228,259 7,015,378 ote:
6 2,421 2,046 34,241,073 34,284,021 42,948 0.13
7 1,185 1,185 3,851,749 3,853,632 1,883 0.05
8 3,742 3,782 11,810,342 11,849,333 38,991 0.33
9 43,286 42,996 13,889,468 11,575,754
10 2,751 3,009 12,193,062 12,005,279
11 597 597 4,139,826 4,138,999
12 169 169 868,367 865,945

Time limit for optimizer is 120 seconds, Delta: Di erence in objective function values obtained from the (M)

and (M°).

A negative value re ects that (M") outperforms the solver in the allotted time.

tSolver did not return a feasible solution within the two-minute time limit.
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A user of the REopt® tool is most interested in the microgrid configuration. Although
dispatch informs the configuration, an operational strategy would be determined under a fixed
design on a shorter (i.e., less-than-a-year) time horizon at a finer (i.e., less-than-an-hour) fidelity.
To this end, we examine microgrid configurations that the heuristic produces relative to those
determined by the optimizer. Figure 2.10 shows that, in each case, the configurations are almost
identical, with slight differences for cases 3, 6, 8, and 9. The biggest discrepancy occurs in case 3,
resulting from the added benefit of a large hot-thermal storage system which reduces the
co-generational economic impact and thus contributes to a larger amount of energy dispatched
from the CHP system associated with the solution returned by (M"). Despite these differences in
design, there is less than a 2% difference in objective function values across all cases. In addition,
the collection of top-performing configurations, examined by (M™), provides users key insights
about the types of technologies whose installation would yield cost savings. Furthermore, the

Matheuristic-produced solutions could be used to warm-start the solver.
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Figure 2.10 Microgrid configuration comparison of all 12 cases. Radial length reflects the installed
capacity of the technology.
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2.6 Conclusion

This paper proposes a custom Matheuristic for designing and dispatching a utility-connected
microgrid to combat the long solve times associated with some instances of the optimization
model. Because REopt® is leveraged by users as a web-based tool to test a variety of inputs,
timely solutions are necessary. Our method, (M), contains three phases: (i) a genetic algorithm
to obtain a design; (ii) a policy-based procedure to determine the operational schedule for the
CHP system; and, (iii) an optimization model to generate economic dispatch. We compare the
performance of our heuristic, (M), to a direct solve of the optimization model, (M®), using run
time and the objective function value corresponding to best solution found as metrics. (M)
outperforms (M®) in eight of the 12 cases under a two-minute time limit. Furthermore, there are
instances in which no solution is obtained using (M©), whereas (M") is successful. Additionally,
we show that using a more aggressive time limit of 30 seconds, (M©) yields only one case with an
objective function value within 5% of LB (the exogenously produced lower-bound), whereas
(MH) produces 11 of 12 within 5%.

In addition to obtaining good solutions quickly, (M™) can evaluate many potential, feasible
designs that could be used in a sensitivity study or as a Pareto frontier for multi-objective
optimization. The energy dispatch subroutine could be used as a stand-alone tool to inform
operational control decisions of an existing microgrid with CHP. Absent a time limit, (M©) yields
better solutions, but the required duration may be prohibitive for real-world applications.

Energy system models are becoming increasingly complicated, requiring the implementation of
alternative solution methodologies to obtain optimal or near-optimal solutions. Our heuristic
framework is extendable to mathematical programming formulations of other energy systems and
allows modelers to incorporate complexities that might prove intractable if invoked as a direct
solve of a monolithic optimization model. Additionally, while our approach is energy-focused, the
concepts of our Matheuristic are generalizable to any problem that comprises strategic decisions
utilizing operational controls, and helps to overcome the computational complexity of
optimization problems while providing practical and efficient solutions, especially when addressing

elaborate and large-scale systems.

o1



Future work entails: (i) improving the Matheuristic performance and (ii) incorporating
features to enhance the performance of microgrids. For example, including thermal storage
impacts and electrical energy sales into CHP scheduling decisions can help address inconsistencies
with system sizes, and can align solutions with optimal configurations. Users could also explore

the tradeoff between emissions reduction and lifecycle cost in a multi-objective setting.
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CHAPTER 3
NORTH CAROLINA WATER UTILITY BUILDS RESILIENCE WITH DISTRIBUTED
ENERGY RESOURCES

Modified from a paper published in the Journal of Applied Analytics

Kate Anderson®®, James C. Grymes’, Alexandra Newman®, Adam Warren®

3.1 Abstract

As the frequency and duration of grid outages increase, backup power systems are becoming
more important for ensuring critical infrastructure can continue to provide essential services.
Most facilities rely on diesel generators, which may be ineffective during long outages due to
limited fuel supplies and high generator failure rates. Distributed energy resources such as solar,
storage, and combined-heat-and-power systems offer an alternative source of on-site generation
that can provide both cost savings and resilience (i.e., the ability to respond to catastrophic
events with longer-term consequences). A mixed-integer linear program minimizes costs and
maximizes resilience at a wastewater treatment plant in Wilmington, North Carolina. We find
that the plant can reduce life cycle energy costs by 3.1% through the installation of a hybrid
combined-heat-and-power, photovoltaic, and storage system. When paired with existing diesel
generators, this system can sustain full load for seven days while saving $664,000 over 25 years
and reducing diesel fuel use by 48% compared to the diesel-only solution. This analysis was used
to inform a decision by Cape Fear Public Utility Authority to allocate funds for implementation

of a combined heat and power system at the wastewater treatment plant in fiscal year 2023.
3.2 Introduction

Climate change is increasingly exposing weaknesses in the United States power system,
evident in the widespread outages resulting from recent hurricanes, winter storms, and wildfires

Fant et al. [4]. As the frequency and duration of grid interruptions increase NOAA [56], backup
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power systems are becoming more important for ensuring that critical infrastructure such as
hospitals, water treatment facilities, and fire stations can continue to provide essential services
during natural disasters. Most critical facilities rely on diesel generators Hotchkiss [57], with fuel
storage typically sized to sustain power for periods of a few hours up to two days. For extended
outages, facilities rely on periodic re-supplies of fuel. However, failures in supply chains are
common during natural disaster-induced outages when roads become impassable due to fires or
flooding, and limited fuel supplies may be diverted to higher priority needs Anderson et al. [58].
Furthermore, generators themselves are likely to fail during longer outages Marqusee et al. [59].
For these reasons, facility managers are seeking alternative backup power options.

Distributed energy resources such as solar, storage, and combined-heat-and-power systems are
increasingly common sources of on-site power generation, and can reduce emissions and provide
some or all of the energy needed at a lower cost than purchasing energy from a utility company.
They can also be configured to yield backup power in the event of an outage Anderson et al. [60].
However, generation sized to maximize economic savings may be insufficient to sustain critical
load for an extended outage. An important concept for strategic planning in uncertain
environments is energy resilience, broadly defined as “the ability to anticipate, prepare for, and
adapt to changing conditions and withstand, respond to, and recover rapidly from disruptions”
Hotchkiss et al. [61], Bhusal et al. [62]. To increase resilience, operators may install a larger
system whose operational cost savings may not be sufficient to cover the higher capital cost; site
owners must therefore balance capital costs, operating expenses, and resilience.

We consider a wastewater treatment plant in North Carolina, a critical facility that is
susceptible to hurricane-induced outages Chinoy [63]. This area was significantly impacted by
Hurricane Matthew in 2016 Jisan et al. [64], which caused over $5 billion of damage, and again by
Hurricane Florence in 2018 Paul et al. [65] that caused approximately $17 billion of damage.
Driven by climate change, these high-magnitude storms are expected to become more frequent
Mann and Emanuel [66].

As critical infrastructure, it is essential to ensure that wastewater treatment plants remain
powered during grid outages. Pump failure may lead to direct discharge of untreated sewage to
rivers and streams or sewage backup into homes and businesses. At the same time, water and

wastewater facilities operate 24 hours a day, seven days a week, and can be among the largest
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consumers of energy in a community. Drinking water and wastewater systems account for 3-4% of
energy use in the United States, and about 35% of typical U.S. municipal energy budgets EPA
[67]. Therefore, energy efficiency measures, distributed energy resources, and operational
adjustments can provide significant savings.

For wastewater treatment plants with anaerobic digesters, combined-heat-and-power systems
can effectively reduce utility-purchased electricity and heat while providing resilience on-site.
Combined-heat-and-power systems concurrently produce electricity and thermal energy from a
single source of energy. Because they are distributed generation sources, located at the point of
use rather at a central utility plant, the heat that is normally lost in the power generation process
can be recovered to provide needed heating and/or cooling. Combined-heat-and-power systems
can use a variety of fuels, and are particularly effective at wastewater treatment plants which
require both electricity and heat, and generate free on-site methane gas in their anaerobic
digesters. As an approximation, each million gallons per day of wastewater flow can generate
enough biogas in an anaerobic digester to produce 26 kilowatts (kW) of electric capacity and 2.4
million British thermal units (BTU) per day of thermal energy in a combined-heat-and-power
system EPA [67].

Operational adjustments, such as load shifting, can also provide cost savings and increase
resilience at wastewater treatment plants by moving power demand from peak times when
electricity is more expensive to off-peak times when electricity costs are lower, and by reducing
loads during grid outage periods. Wastewater treatment plants are well suited to shed or shift
electric loads in response to financial incentives, bill savings, or opportunities to enhance
reliability of service. Variable frequency drives can be used to control the speed of aerator blower
motors and pumps in order to reduce demand. If there is advance warning of a need to induce
demand response or of an outage event, loads can also be shifted by over-oxygenating stored
wastewater prior to the event, and then turning off aerators during the event. Shifting can also be
accomplished by storing wastewater or treated efluent and then processing it later Aghajanzadeh
et al. [68]. The ability to shift loads allows the plant to continue operating with reduced energy
consumption during a grid outage.

This real-world application focuses on reducing energy costs and increasing resilience at the

Northside wastewater treatment plant run by Cape Fear Public Utility Authority, the water
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utility in Wilmington, North Carolina, which currently purchases all of its energy from the local
electric utility, and uses two emergency backup diesel generators to provide power during grid
outages. The utility identified two potential opportunities to improve current operations. First,
approximately half of the methane gas produced on-site in the anaerobic digesters is flared,
representing a free, underutilized energy source that could be converted to electricity, and used to
power the facility at lower cost. Second, the plant is reliant on diesel fuel for backup power during
grid outages, which are common due to frequent hurricanes. During emergencies, diesel fuel for
county critical infrastructure is in high demand, and re-supply can be difficult. Therefore,
reducing reliance on diesel fuel at the wastewater treatment plant would help ensure that not only
the plant, but also over 150 other pump stations and wells in the county, have sufficient diesel to
operate during grid outages. We investigate distributed energy technologies including combined
heat and power, solar photovoltaics, and battery storage using an optimization model that

balances the competing objectives of reducing cost and increasing resilience.
3.3 Literature Review

Many models minimize only the cost of designing a distributed energy system. Bollapragada
et al. [69] offer a decision support tool used to guide renewable energy investment decisions to
minimize the cost of meeting state renewable energy portfolio requirements. Udell and Toole [70]
optimize the design of solar photovoltaic systems to minimize cost while meeting desired energy
output, physical, and legal constraints, while Fischetti et al. [71] optimize offshore wind farm
design to minimize installation and interconnection costs. For additional examples, Theo et al.
[18] provide a review of 51 optimization models used in the design of distributed energy systems,
many formulated to minimize cost.

Fewer models extend the consideration of cost to incorporate multiple objectives, such as
minimizing emissions for combined-heat-and-power and district heating systems. For example,
Fazlollahi and Maréchal [72] use a multi-objective mixed integer linear program to minimize cost
and emissions of integrating biomass energy in a city district heating system via an evolutionary
algorithm. Zhang et al. [73] employ a sigma-constraint method to optimize design of
combined-heat-and-power-based microgrids for economic and environmental sustainability. Kang

and Liu [74] optimize the design of a heat pump to minimize annual cost and maximize annual
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carbon dioxide emissions reduction, while Falke et al. [75] optimize efficiency measures and
generation in a district energy system to develop a Pareto frontier of solutions that balance cost
and emissions. Wu et al. [76] minimize the weighted sum of cost and emissions for a distributed
energy network integrated with heating pipelines by considering technologies such as combined
heat and power, solar, storage, and the utility grid. Di Somma et al. [77] apply a similar weighted
sum approach to minimize cost and emissions in distributed energy systems including combined
heat and power, but focus only on operational, to the exclusion of investment, decisions.

Some literature optimizes both economic and reliability objectives, where reliability is defined
as the ability to “maintain power delivery to customers in the face of routine uncertainty in
operating conditions” Kintner-Meyer et al. [78], reflecting typical uncertainty in load, generation,
and fuel availability Murphy et al. [79]. For example, Moradi and Khandani [80] minimize energy
costs while maximizing reliability for a microgrid composed of a fuel cell, storage, and boiler.
Zhou et al. [81] present an optimal load distribution model of microgrids, in which they optimize
cost, emissions, reliability, power line loss, and power generation efficiency. Borhanazad et al. [82]
optimize a wind, PV, battery, and diesel microgrid using a power management algorithm and
particle swarm method. They consider both cost and reliability, where the latter is measured as
probability of loss of power supply. Zheng et al. [83] present a multi-objective optimization model
that generates operational, or dispatch, decisions for a large-scale electric grid connected to
heating and cooling systems. They use a multi-objective group search optimizer, with objectives
of economy and reliability. While demonstrated for large energy systems, the method could also
be applied to microgrids. Mcllvenna et al. [84] similarly optimize the control (but not sizing) of
residential microgrids for improved reliability.

While previous work focuses on reliability, less work addresses resilience; the former focuses on
routine, short-duration outages, while the latter examines lower probability, higher impact events.
Our application treats one aspect of resilience, specifically, the ability of critical facilities to
withstand disruptions in electric service using on-site backup power systems. In this context,
resilience can be quantified as hours of outage, load not served, and/or costs incurred because of
the outage Murphy et al. [79]. Previous research models resilience using a single-objective, cost
minimization function, and a constraint requiring that the full critical load must be sustained for

all outage hours at minimum life cycle cost Cook et al. [85]. However, this definition assumes that
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there is no value to meeting a portion of the critical load. The actual critical load at any given
site can often be adjusted through changes in operating conditions, such as shedding or shifting.
Therefore, we quantify resilience in terms of the percent of load served during outage hours
Murphy et al. [79].

We apply this approach to a wastewater treatment plant that purifies effluent collected via
sewers from homes, businesses and industry for discharge or reuse. Previous efforts applying
optimization to wastewater treatment have concentrated on operational control to reduce costs
Zadorojniy et al. [86] and to improve efficiency Revollar et al. [87]. Others have focused on cost
minimization incorporating renewable energy and combined heat and power on-site Gruber-Glatzl
et al. [88]. Cook et al. [85] evaluate opportunities to incorporate on-site distributed energy
resources for cost savings and backup power.

Given the importance of both cost and resilience for these plants, we develop a multi-objective
optimization model to balance cost and resilience, where resilience is measured as the percent of
load served during all hours of the outage Murphy et al. [79]. The contributions of this work are
(i) a multi-objective optimization model that considers cost and resilience; (ii) incorporation of
load shedding potential in resilience optimization; and, (iii) the application of this work to a

real-world energy system.
3.4 Site Description

The Northside wastewater treatment plant treats an average of 10.4 million gallons per day of
effluent, ranging from a low of 8.8 million gallons per day in January, on average, to a high of 11.9
million gallons per day, on average, in September. Cape Fear Public Utility Authority spent
$468,000 on 8,280,000 kilowatt-hours (kWh) of electricity purchases in 2019, amounting to an
average cost of $0.056/kWh for an average load of 945 kW. They purchase electricity from Duke
Energy Progress under the Large General Service Real Time Pricing Rate Duke Energy Progress
[89] by which Duke Energy Progress sets a Customer Baseline Load; all energy consumption
below the Customer Baseline Load is billed at the Large General Service Time of Use Rate, and
all consumption above the Customer Baseline Load is billed at a lower real-time pricing rate,
which varies by hour and averages $0.032/kWh. Figure 3.1 shows the total load and Customer

Baseline Load, and Table B.5 provides the electric utility rate (see Appendix). Two diesel

58



generators with 25,320 gallons of diesel fuel storage yield emergency backup power.
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Figure 3.1 2019 Northside wastewater treatment plant electric demand

The Northside plant includes an anaerobic digester, which decomposes organic materials in
the absence of oxygen, producing methane gas as a by-product. In 2019, the plant generated 66.8
million standard cubic feet of methane gas (also called biogas), which is used to mix digester
sludge and provide fuel for the low-pressure hot-water boiler system. Approximately 53% of the
gas was used on site in 2019, and the excess was flared (see Figure 3.2), representing an
underutilized, and free, energy resource for the site. Figure 3.3 shows (a) the anaerobic digesters,

(b) the hot water boiler system, and (c) excess gas flaring.
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Figure 3.3 Northside wastewater treatment plan anaerobic digestion system. Source: CFPUA [1]

We explore opportunities to use combined heat and power, solar, and storage to reduce energy
costs and increase resilience at the site. We evaluate an internal combustion gas engine with
combined heat and power, solar PV, and battery storage. The Appendix provides additional data
describing the solar resource, cost and performance assumptions for the systems considered, and
economic parameters for the analysis. System sizes recommended are typical of commercially
available system sizes. Typical combined heat and power system sizes can be found in the

Department of Energy’s Combined Heat & Power eCatalog DOE [90].
3.5 Methodology

REopt Lite™ is a mixed-integer linear programming model that evaluates the economic
viability of grid-connected combined heat and power, solar, and battery storage for a building or

a campus Anderson et al. [8]. The model minimizes discounted cashflow associated with costs and
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savings over the analysis period (typically, 25 years) while adhering to constraints on fuel use,
system operations, system capacities, load balancing, grid sales, rate tariffs, and a variety of other
interoperability and logical restrictions. It recommends an optimally sized mix of renewable
energy, conventional generation, and storage technologies, while simultaneously optimizing the

corresponding operating strategy. Figure 3.4 shows the model’s inputs and outputs.
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Figure 3.4 The REopt Lite model inputs include renewable energy, combined heat and power,
and energy storage technology options (in red), and loads, utility costs, and technology costs (in
blue). Outputs (in green) encompass recommended technology sizes, operations strategy, and
project economics.

Initially developed as an internal model at the National Renewable Energy Laboratory in 2007,
the model was later deployed as a public web tool and application programming interface. The
model is licensed by the National Renewable Energy Laboratory under a permissive BSD-3 open
source license, and can be used and modified by anyone free of charge. Its user base has grown to
over 40,000, and includes renewable energy developers, energy consultants, utilities, building

owners and researchers worldwide. For example, the utility Duke Energy uses the model to
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identify customers who can save money by installing solar PV and batteries. The National Rural
Electric Cooperative Association uses the model in a microgrid design tool available to more than
900 members to identify opportunities for renewable energy-powered microgrids in cooperative
territories. Commercial companies use REopt to evaluate opportunities for cost effective PV,
wind, storage, and ground source heat pumps at their properties. For example, Time Warner
Cable identified 46 MW of renewable energy projects at 306 sites that would generate 10.5% of
their annual energy consumption and save $37 million over 25 years Richards et al. [91]. Verizon
Wireless identified cost-effective opportunities and then issued the U.S. telecommunication
industry’s first Green Bond, a $1 billion offering to fund implementation of renewable energy,
energy efficiency, and water measures NREL [92]. REopt has also been used to assess
opportunities at universities, including Luther College, which installed a 950 kW PV and 370 kW
storage system Anderson and Elgqvist [93]. The U.S. Department of Defense used the model to
evaluate the economic and technical viability of distributed renewable energy and storage systems
at sites around the world. REopt analysis led to development of 262 MW of renewable energy at
Army and Navy bases Anderson [94], including, at Fort Carson, a 2 MW; 8 MWh battery, the
largest in the Army at the time of its installation Elgqvist and Christiansen [95]. The model has
also been used to evaluate renewable energy opportunities internationally, including assessing
renewable energy microgrid opportunities in Sub-Saharan Africa Booth et al. [96].

While past REopt analyses have primarily informed solar and storage implementation, the
model now considers combined heat and power. We describe how the model was used to evaluate
such a system designed to provide both economic savings and increased resilience. We modify the
objective of REopt Lite to minimize both life cycle cost of energy and load shed (i.e., not served)
during the outage. Resilience is measured by the amount of load shed during the outage; if no
load is shed, the system is 100% resilient. Typically, reducing load shed (and thus increasing
resilience) requires larger, more expensive generation and storage systems with increased life cycle
cost. Therefore, increasing resilience and reducing cost are competing objectives.

[10] provide a basic formulation of the model into which [9] integrate combined heat and
power. For the purposes of this paper, and to maintain consistency with previous work, we refer
to this basic model (with combined heat and power) as (R). Our model (R ) modifies (R) by

adding sets, parameters and variables, as well as updating the objective function and constraints
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corresponding mathematically to resilience or utility modifications. The focus of this work is on
the application of the resilience modifications; however, the utility rate tariff structure requires a
non-trivial modification to (Ib) presented in the referenced literature. We outline the updates in
the sections below, and the Appendix contains the associated mathematical formulation. The

modified code is available from the authors upon request.
3.5.1 Resilience Modi cations

The formulation (R ) seeks to measure resilience according to the amount of electric load met
or unmet during a specified grid outage. We introduce a variable that represents the difference
between the total electric load served during the grid outage and the critical load, the latter of
which is defined as the amount of power needed to maintain key operations such as treating and
processing effluent during an outage.

We extend the objective given in (Ii?) to a multi-objective function that seeks to minimize life
cycle cost while at the same time minimizing load shed during the grid outage. We introduce
scaling parameters for both the life cycle cost and the load shed to adjust the relative weighting of
cost and resilience. Appropriate selection of the magnitude of these scalars is dependent on
factors such as utility and technology costs, as well as desired amount of load shed. Scalar values
that do not sufficiently penalize load shed result in solutions that overly favor life cycle costs.
Conversely, values that overly penalize load shed can result in solutions that meet the entire
outage load with little consideration of life cycle costs.

We add a constraint which restricts the critical load parameter to be greater than or equal to
the difference between the sum of all energy not dispatched by installed technologies and the
added load shed variable, and then vary the target amount of load-shed during outage, as defined
by the deviation between load demanded and load met during said outage. Because outages are
often unplanned, we add a constraint that ensures that the model does not use its perfect foresight
to fully charge the battery in the time step before the outage occurs. Using a parameter that
represents the maximum state-of-charge of the battery storage system at the time step during

which the outage begins, we restrict the maximum state-of-charge to 50% of its energy capacity.
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3.5.2 Utility Rate Tari Modi cations

The REopt formulation (Ib) models three components of the utility rate tariff: energy
purchases, monthly demand, and time-of-use demand. Energy purchases fall into different tiers, in
which energy is priced at a lower rate up to a certain amount of consumption, and then at
subsequently higher rates for each tier. In the base model, tiers are applied on a monthly basis.
The convex nature of the pricing tiers permits a straight forward implementation. Conversely, the
case study site operates on a more complex utility tariff in which the (more expensive) time-of-use
pricing rates apply to all energy purchased up to the contracted customer base load before the
(cheaper) real-time pricing rates are accessed. In the modified formulation (R ), we introduce a
binary decision variable, indexed both by hour and by tier, that ensures higher cost time-of-use
pricing tiers are filled before accessing lower cost real-time pricing tiers. This results in the
addition of 17,520 binary variables relative to the formulation (R), which increases the difficulty
associated with solving the model.

Monthly demand is the largest total demand across all of the off-peak hours less the largest
time-of-use demand over the on-peak hours. A facilities demand charge captures the power used
in excess of the contracted demand. We add a variable that represents the maximum of the sum
of all demand in all pricing tiers over all off-peak hours in a given month. We add two constraints
to model the monthly demand charges. The first computes the maximum demand in a given
month and the second computes the difference between the maximum demand over all hours and
the maximum demand in the off-peak hours. Time-of-use demand consists of two components,
on-peak and off-peak. We add a variable to capture the largest recorded demand in all periods
(on- and off-peak). The on-peak demand is the maximum demand registered in the on-peak hours
of the current month. The off-peak demand, referred to in the tariff as the excess billing demand,
is the maximum demand registered in the off-peak hours of the current month less the on-peak
billing demand. These demand charges only apply to the time-of-use pricing tiers and are agnostic
to the real-time pricing tier demand. A constraint captures this difference. The total contribution

of the off-peak demand is comparatively small and does not significantly affect model solutions.
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3.5.3 Scenarios

For the system design optimization, we use a 7.46-day outage starting on September 20th,
2019 at 6pm, chosen to correspond to the average number of hours of interruption experienced by
Duke Energy Progress customers in North Carolina in 2019 EIA [97], and to occur at the
peak-load hour of the year (representing a worst-case outage). Additionally, this period falls
during the June-November hurricane season, when outages are likely to occur.

We evaluate four scenarios of interest to Cape Fear Public Utility Authority (hereafter
referred to as Cape Fear). The first models their existing system, and provides the baseline
against which we compare other options. This existing, or business-as-usual, system does not fully
use the free, on-site biogas resource, and relies on diesel fuel which is often in short supply during
grid outages. The second evaluates adding only combined heat and power to take advantage of
the free on-site biogas. This is an option Cape Fear considered eight years ago, but did not to
pursue due to poor economics; now, the utility would like to understand how costs and benefits of
this option may have changed with current utility prices and technology costs. After seeing the
results of the first two scenarios, Cape Fear requested a third and fourth scenario to explore
additional technology options beyond combined heat and power to further reduce cost, increase
renewable energy use, and further reduce reliance on diesel fuel. The third scenario considers
additional technologies (PV and battery) which could provide additional cost savings and
emissions reductions to meet sustainability goals such as North Carolina’s Renewable Energy and
Energy Efficiency Portfolio Standard. The final option evaluates how the site could sustain its
load during a grid outage without diesel generation in order to reduce reliance on fuel re-supply
chains that are often interrupted during natural disasters, and to conserve fuel for other critical

infrastructure sites. In summary, the four scenarios are:

1. Business-As-Usual: In this scenario, the site purchases energy from the electric utility when

the grid is available, and uses emergency backup diesel generators during the outage.

2. Combined Heat and Power-Only: This scenario considers only combined heat and power
(along with the existing utility grid and diesel generators), which can be powered both by
the free biogas generated in the on-site anaerobic digesters and by natural gas purchased

from the utility.
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3. All Technologies: This scenario considers a hybrid combined-heat-and-power system which
matches this with solar photovoltaics and battery storage (along with the existing utility

grid and diesel generators).

4. No Diesel: This scenario assumes that the site does not use diesel generators, which
eliminates its dependence on diesel fuel, but includes the options of combined heat and

power, solar photovoltaics, battery storage, and the existing utility grid.

For each scenario, we consider a no-outage case to understand the economics and performance
of the system during normal operating conditions, and a seven-day outage case to evaluate
economics and performance during major events resulting in extended grid-outage periods. In
order to understand the trade-off between cost and resilience, we solve the model multiple times
with varying objective function scaling parameters. This results in solutions that serve varying

amounts of electric load during the grid outage.
3.6 Results

With no changes, in the Business-As-Usual scenario, Cape Fear will spend $9.7M over 25
years (in 2021 dollars) in utility costs to power the Northside wastewater treatment plant (see
Table 3.1). The existing diesel generators can sustain the full load during an annual seven-day
outage at a lifecycle cost of $10.5M, an increase of $864,000 (8.9%) over 25 years compared to the
Business-as-Usual no-outage case, as shown in Table 3.2. This solution requires no upfront
capital investment, but relies heavily on diesel fuel that may be needed to power other critical
infrastructure sites during outages, requiring 14,055 gallons of fuel to power the plant during the
week-long outage.

Instead of continuing with the Business-as-Usual scenario, Cape Fear could install a 518
kW-combined-heat-and-power system at an upfront capital cost of $1.4 million. Powered
primarily by the free on-site biogas, this system would provide 42% of the site’s electricity,
off-setting utility purchases and reducing annual utility costs by 31% and life cycle energy costs
by 2.4% ($235,000 over 25 years) relative to the Business-as-Usual no-outage case. If paired with
existing diesel generators, the combined-heat-and-power-diesel system could sustain the full load

during a seven-day outage at lower life cycle cost than a diesel generator alone, saving the site
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$623,000 compared to the diesel-only solution in the Business-as-Usual seven-day outage case.
Additionally, this would reduce diesel use substantially by 50% from 14,055 gallons to 7,009
gallons per year, increasing resilience by reducing dependence on limited diesel fuel supplies.

However, this solution requires a $1.4 million capital investment.

Table 3.1 System Sizes and Economics for No-Outage Case

BAU CHP Only All Tech. No Diesel

CHP System Size (kW) 0 518 486 1160
PV System Size (kW) 0 0 50 0

Storage System Size (kW; kWh) 0; 0 0; 0 60; 100 89; 275
Biogas Burned by CHP (MMBTU) 0 38,870 38,261 40,636
Natural Gas Burned by CHP (MMBTU) 0 322 271 417
Energy Purchased from Utility (kWh) 8,747,501 5,060,556 5,064,374 4,788,343
Total Annual Electricity Cost ($) 470,524 323,911 315,960 329,903
Capital Cost ($) 0 1,398,600 1,514,500 3,525,985
Life Cycle Cost ($) 9,662,800 9,427,595  9.361,888 11,777,590
Net Present Value ($) 0 235,295 301,002 -2,114,700
Increase in Life Cycle Costs (%) 0 -2.4% -3.1% 21.9%

Note: BAU: business-as-usual; CHP: combined heat and power; Tech: Technologies;
MMTBU: million British thermal units

Table 3.2 System Sizes and Economics for Seven-Day Outage Case

BAU CHP Only All Tech. No Diesel
Combined-heat-and-power System Size (kW) 0 518 486 1160
Photovoltaics System Size (kW) 0 0 50 0
Storage System Size (kW; kWh) 0; 0 0; 0 60; 100 89; 275
Diesel System Size (kW) 1,250 731 762 0
Biogas Burned by CHP (MMBTU) 0 38,818 38,224 40,619
Natural Gas Burned by CHP (MMBTU) 0 672 522 2,060
Diesel Fuel Use (gallons) 14,055 7,009 7,352 0
Energy Purchased from Utility (kWh) 8,562,539 4,940,360 4,947,968 4,747,349
Total Annual Electricity Cost ($) 464,876 319,205 312,498 324,471
Capital Cost ($) 0 1,398,600 1,514,500 3,385,122
Life Cycle Cost ($) 10,526,777 9,903,464 9,863,124 11,904,211
Net Present Value ($) - 623,313 663,653 -1,377,434
Increase in Life Cycle Costs (%) 0% -5.9% -6.3% 13.1%

If we consider a hybrid system composed of combined heat and power, photovoltaics, and
battery, as shown in the All Technologies scenario, Cape Fear can further reduce life cycle energy

costs compared to the CHP Only scenario. Adding a 50 kW photovoltaics system and a 60 kW;
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100 kWh battery system to a 486 kW-combined-heat-and-power system at a total capital cost of
$1.5 million decreases annual utility costs by 33% and life cycle energy costs by 3.1% ($301,000
over 25 years) compared to the Business-as-Usual scenario, an additional $66,000 in life cycle
energy savings compared to the combined-heat-and-power system alone. The
combined-heat-and-power system provides 41% of the site’s energy needs, with less than 1%
coming from photovoltaics. If paired with the existing diesel generators, the combined hybrid
combined heat and power-diesel system could sustain the full load during a seven-day outage while
saving the site $664,000 compared to the diesel-only solution in the Business-as-Usual seven-day
outage case. Additionally, this would reduce diesel use by 48% from 14,055 gallons to 7,352

gallons per year, again increasing resilience by reducing dependence on limited diesel fuel supplies.

Scenario
§11.5M ' = =No Diesel
Reduced or same cost 7 BAU
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corresponding load shed s = All Tech

Life cycle cost

$10.5M for no outage

Life Cycle Cost ($)

Percent Load Met (%)

Figure 3.5 If load can be reduced during the outage by storing and deferring wastewater
treatment, required system sizes and costs decrease

Completely eliminating diesel fuel use while sustaining the full load during an outage requires
a much larger 1,160 kW combined-heat-and-power system (comprised of two 580 kW units) with
an 89 kW; 275 kWh battery to meet the load during peak hours, with a capital cost of $3.4
million. Because much of the 1,160 kW combined-heat-and-power system capacity is often
un-used during lower load hours, it does not substantially offset utility purchases relative to the
smaller combined-heat-and-power systems in the Combined-heat-and-power Only or All

Technologies scenarios. It provides 46% of the site’s energy needs, versus 41-42% in the previous
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scenarios. The utility savings do not offset the much larger capital investment, resulting in a $1.4
million increase in life cycle cost of energy, compared to the cost associated with the diesel-only

solution. While this solution eliminates reliance on diesel fuel, it comes at a significant cost.
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Figure 3.6 Peak loads are shed to reduce the required combined-heat-and-power and generator
sizes, resulting in reduced life cycle cost, for the All Technologies seven-day outage case.

Although completely eliminating diesel fuel use while sustaining the full load is not
cost-effective, if loads can be reduced by 40% during the outage, 60% of the load can be met and
diesel generation can be eliminated with no increase in life cycle cost, as denoted by the “No
Diesel” line in Figure 3.5. When all technologies are considered, a combination of combined heat
and power, photovoltaics, storage, and diesel generation can meet 80% of the critical load with no
cost increase, as denoted by the “All Tech.” line in Figure 3.5. Figure 3.6 shows how load can be
shed across all hours to reduce system sizes, and therefore life cycle cost, for the All Technologies
seven-day outage case. A smaller combined-heat-and-power, photovoltaics, and battery system

supplies approximately one-third of the load at a life cycle cost of $9.272 million in the upper left
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graph of Figure 3.6. To meet at least two-thirds of the load at lowest cost, a diesel generator must
be added to the technology mix, at a life cycle cost of $9.527 million in the upper right graph of
Figure 3.6. Increasing amounts of load are met by increasing the diesel generation capacity and
fuel use until the full load is met at a life cycle cost of $9.863 million, as shown in the lower left
graph of Figure 3.6 and in Table 3.2. Figure 3.7 shows that diesel fuel consumption can also be
lowered by reducing the percentage of load met. Approximately 50% of the load can be met by

the All Technologies solution with very little diesel consumption.
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Figure 3.7 A hybrid combined-heat-and-power system in the All Technologies seven-day outage
case reduces diesel consumption by 50% relative to the Business-as-Usual scenario when meeting
the full load. Diesel consumption can be further reduced in the Business-as-Usual, CHP Only,
and All Technologies scenarios by shedding load.
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3.7 Conclusion

This work provided Cape Fear decision makers the information needed to make investment
decisions in the face of competing objectives. The primary benefit is resilience; the combined heat
and power system provides a resilient source of on-site power in case of a grid outage, helping to
reduce dependence on diesel fuel and providing a redundant backup power source to the diesel
generators. This benefits not only Cape Fear, but also the utility and its other customers, because
the utility can prioritize restoration of other customers if they know the wastewater treatment
plant has reliable backup power. Reduced dependence on diesel is particularly important during
longer outages where the site would require re-supplies of diesel fuel to continue operating.

The system also provides economic and sustainability benefits. The savings are modest (at
most 3% for the hybrid configuration), primarily due to the site’s low utility rate (averaging
$0.05/kWh), as well as the additional standby charge the site incurs if combined heat and power
is installed. The combined-heat-and-power system contributes toward sustainability goals by
reducing carbon emissions (a reduction of 22% in the All Technologies case). The reduced
emissions resulting from the combined-heat-and-power system also provide broader social benefits
including reduced public health costs, reduced impact on climate change, and job creation for the
construction, operation, and maintenance of the system.

Balancing these benefits is the significant capital expenditure required to build the system
($1.5 million in the All Technologies case), and the increased complexity of owning and operating
a power generation system at the wastewater treatment plant. These results enabled Cape Fear to
consider the economic and resilience costs and benefits quantified in this study, as well as other
more qualitative costs and benefits as they decided whether to implement a
combined-heat-and-power system. They ultimately elected to allocate funds for implementation of
a combined-heat-and-power system in fiscal year 2023.

Many critical infrastructure sites must weigh the need for increased resilience against the cost
of resilience investments. The REopt model has been widely used by building owners to inform
deployment of distributed energy systems that power critical infrastructure sites around the
world, including at U.S. Department of Defense bases and telecommunication hubs. The case

study presented here was used to inform hybrid combined-heat-and-power implementation
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decisions at Cape Fear’s Northside wastewater treatment plant. Future work will apply this

method to other critical infrastructure sites in North Carolina and beyond, and develop methods
to generalize the results to be applicable to different sites. We also intend to expand this method
to balance additional objectives beyond cost and resilience, including minimizing impacts on the

climate and on health.
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CHAPTER 4
OPTIMIZING MICROGRID DEPLOYMENT FOR COMMUNITY RESILIENCE

Modified from a paper submitted to Operations Research with Engineering James Grymes®?,

Alexandra Newman®, Destenie Nock!?, Zana Cranmer®!

4.1 Abstract

The ability to (re)establish basic community infrastructure and governmental functions, such
as medical and communication systems, after the occurrence of a natural disaster rests on a
continuous supply of electricity. Traditional energy-generation systems consisting of power plants,
transmission lines, and distribution feeders are becoming more vulnerable, given the increasing
magnitude and frequency of climate-related natural disasters. We investigate the role that fuel
cells, along with other distributed energy resources, play in post-disaster recovery efforts. We
present a mixed-integer, non-linear optimization model that takes load and power-technology data
as inputs and determines a cost-minimizing design and dispatch strategy while considering
operational constraints. The model fails to achieve gaps of less than 15%, on average, after two
hours for realistic instances encompassing five technologies and a year-long time horizon at hourly
fidelity. Therefore, we devise a multi-phase methodology to expedite solutions, resulting in run
times to obtain the best solution in fewer than two minutes; after two hours, we provide proof of
near-optimality, i.e., gaps averaging 5%. Solutions obtained from this methodology yield, on
average, an 8% decrease in objective function value and utilize fuel cells three times more often

than solutions obtained with a straight-forward implementation employing a commercial solver.
4.2 Introduction and Background

Climate-related events that contribute to power disruptions are becoming more widespread. In
2021, the U.S. encountered 20 separate billion-dollar weather- and climate-related disasters,

almost all of which impacted the ability to deliver reliable electricity to communities. The U.S.
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Department of Energy defines reliability as the ability of the system or its components to
withstand instability, uncontrolled events, cascading failures, and/or unanticipated loss of system
components. The Federal Energy Regulatory Commission defines resilience as “the capacity to
anticipate, adapt to, and rapidly recover from disruptive incidents.”

An independent group of scientists and communicators who research climate change reports a
67% increase in major power outages between the first and second decades of the 2000s [98];
Figure 4.1 reflects the costs associated with increased climate-related disasters. The average
annual cost over the five-year period between 2017 and 2021 constituted $148.4 billion, a new
record [99]. The Department of Energy [100] estimates that power outages cost the U.S. economy
$150 billion per year and disruptions to power infrastructure are more attributable to
climate-related events than any others (Figure 4.2). To protect large-scale infrastructure, utilities
often deploy power safety shutoff measures which, without backup power generation, threaten the
safety and well-being of residents. Thus, having a policy that provides reliable, affordable
electricity in post-disaster recovery efforts will become more pressing, especially because the

number of natural disasters is expected to rise [101, 102].
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Figure 4.1 Climate-related disaster costsClimate-related disaster costs by decade [99]. See
Appendix C.1 for a description of types of costs included.
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Figure 4.2 Power outages in 2020Number of power outages affecting more than 50,000 customers
[103].

Often, the nature and severity of natural disasters require residents to shelter-in-place rather
than to evacuate. Examples of the latter include hurricanes and large-scale fires during which the
deployment of rescue and response teams to the impacted area is a higher priority than
maintaining persistent power [104]. Wildfires are particularly menacing due to their
non-predictive nature. Climate-related impacts, such as droughts and heatwaves, have increased
global wildfire risk [22, 105, 106]. In 2017, over 71,000 wildfires burned 10 million acres and more
than 12,000 structures [107]. Within the U.S., 29 million Americans live with the significant
potential for extreme wildfires [108]. Fire-related events pose risks to both the power generation
and the distribution system, which include transmission and distribution lines [109]. The area
impacted by wildfires often encompasses multiple types of power system architectures in which
the effects differ by the level (i.e., electricity delivery and generation) of electrical equipment. At
low-voltage (i.e., residential) delivery, a fire may cause system components to fail; conversely,
high-voltage transmission components may be more resilient [110]. Some electrical service
disruptions are due to preventative measures enacted by the utility service to prevent wildfires.

For example, in 2019, Pacific Gas and Electric’s planned power shutoffs left an estimated 2.7
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million people devoid of electricity, possibly the state’s largest planned blackout ever [111].

In addition to economic implications, there are social implications related to vulnerable
populations (e.g., the elderly and those with electricity-dependent health risks) such as their
inability to evacuate [112-114]. In 2017, over 65% of victims in the Northern Californian fire were
over the age of 65 [114]. Regardless of whether power outages are caused by fire-related damage
to the power system (i.e., generation and transmission) or are due to preventative measures,
communities depend on energy for infrastructure such as hospitals.

Due to the dependence of many first-world countries on electricity for communication,
healthcare, and water purification, efforts at the federal level are directed toward reducing
electrical downtime. Many utilities are investing in distributed generation to improve network
reliability and resilience with proper consideration of technology mix, size, and placement.
Abiodun et al. [115] document how distributed generation can enhance power system resilience
and improve energy equity. However, conventional microgrids, which often include technologies
such as diesel generators, produce unhealthy exhaust, resulting in those with preexisting health
conditions suffering consequences from resulting air pollution exposure. Fuel cells address this
concern in that they run without emitting fumes, particulates, or carbon monoxide; and, because
of this, fuel cells can be housed within a building, protecting it from some climate-disaster-related
risks.

We develop an optimization model that prescribes an appropriate configuration and size of a
distributed generation system to provide communities, in an environmentally sound way, with
critical services during an electrical service disruption. Figure 4.3 depicts a traditional microgrid
consisting of fossil-fuel powered combined-heat-and-power systems, reciprocating engine
generators, and solar power combined with electrical storage [116]. The microgrid market in the
U.S., with 10 gigawatts of installed capacity in 2022, is projected to grow 19% annually through
2027, with disaster mitigation being a primary use case [117].

While microgrids provide electricity resilience, threats to these types of systems include
physical destruction to solar panels (through wind, fire, and hail), damage to electrical storage
systems from extreme temperatures, and harmed fuel delivery systems [118]. Donaldson et al.
[110] show that the presence of distributed roof-top solar and wind turbines has increased the

exposure of electricity generation equipment to wildfires. The corresponding risk continues to
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grow as more homes (and, subsequently, electrical infrastructure) are built using renewable
technologies and at the wildland-urban interface. Deliberate consideration of technologies, their
vulnerabilities, and their construction mitigates these threats. For example, Anderson et al. [21]
show that during a hurricane-induced outage, the inclusion of combined-heat-and-power
technologies at a wastewater treatment facility increases the overall resilience of the system
through its ability to burn on-site biofuel. The same benefit would not be realized with a
traditional microgrid. Beigzadeh et al. [119] demonstrate that fuel cells can deliver on-demand
energy sourced from industrial-waste biogas, syngas, biofuel, and gasified biomass. The ability to
operate with on-site fuel yields a microgrid design with solid oxide fuel cells that possess the
ability to continuously operate even if the fuel supply is disrupted. We incorporate solid oxide
fuel cell technology into microgrid design to reduce these vulnerabilities and to ensure that
dependable energy sources exist.
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Figure 4.3 A representative microgrid and energy system.

4.3 Literature Review

There is an abundance of literature that addresses microgrid design, microgrid dispatch, and
power system reliability and resilience. The fundamental gap in our knowledge and ability to

deploy these technologies stems from a void of techno-economic microgrid optimization models
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addressing energy resilience and environmentally friendly, deployable technologies such as fuel
cells. HOMER (Hybrid Optimization Model for Electric Renewables), a widely used design and
dispatch program, is a simulation model that, for a year-long demand profile, uses fixed dispatch
strategies and ranks resulting solutions based on life-cycle cost [120, 121]. Some models employ
prescriptive (optimization) methods; we highlight a few examples. A mixed integer program with
wind power, batteries, and generators produces results comparable to HOMER’s [122]; however,
their model generates the following solutions sequentially: (i) procurement resulting from running
the mixed-integer program for a curtailed time horizon; and, (ii) dispatch following from a data
mining algorithm to determine an operations strategy for the entire year given procurement from
(1).

A two-phase approach fails to coordinate dispatch decisions and procurement strategies.
Another techno-economical model, REopt® [123], is a cost-minimizing deterministic
mixed-integer linear program that yields an optimal design and dispatch of distributed energy
resources, including gas-turbines, renewables, and energy storage systems, to meet a set of
predefined electrical, thermal, and cooling loads. While this model determines design and
dispatch concurrently, it does not include solid oxide fuel cells, nor does it consider the
non-linearities associated with thermal storage.

Pruitt et al. [2] develop a nonconvex, mixed-integer, nonlinear program to describe the design
and dispatch of a distributed generation system of combined heat and power using solid oxide fuel
cells for commercial buildings for a time horizon of one year at hourly fidelity. This model does
not incorporate utility-related outages and omits technologies such as gas-turbine
combined-heat-and-power systems and backup diesel generators; solutions to instances with time
horizons that extend beyond a month are cost-minimizing only when all power is sourced
exclusively from the grid. Some authors explore similar frameworks and reduce complexity by
shortening the time horizon Morais et al. [124] or by using identical daily demands [125]. Other
optimization models that incorporate solid oxide fuel cells as part of their system either: (i) omit
the design or detailed dispatch component [126, 127], and/or (ii) use heuristics, rather than exact
techniques, to determine a solution [128, 129]. Arefifar et al. [130] optimize microgrid design
under considerations of reliability and supply security. Shokoohi et al. [131] examine controls in

smart grids in line with Lin et al. [132], who review various strategies in the implementation of
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power system resilience. To lessen the health impacts and damages associated with, for example,
wildfires, Pacific Gas and Electric (California’s largest public utility) has proposed to deploy
decentralized generation such as solar panels and diesel generators [133]. Similarly, Scioletti et al.
[134] examine such a microgrid including batteries, and Goodall et al. [135] extend this system to
capture battery fade. However, these applications miss an opportunity to utilize emerging, clean
technologies, such as solid oxide fuel cells, to support critical entities such as hospitals and
community centers.

Our research contributes to the literature by creating cost-minimizing, distributed generation
solutions, including solid oxide fuel cells, while considering utility-service disruptions attributable
to a natural disaster-induced outage. Specifically, our focus is disasters that result in a significant
portion of the population remaining in place and relying on energy for sustainment and recovery.
Our optimization framework considers how fuel cells, combined with other distributed generation,
can reduce electrical outage time post-wildfire and support community rebuilding. We first
describe individual components and then present a mathematical formulation of the entire system.
The resulting output is a cost-minimizing system that prescribes the size of the solid oxide fuel
cells, as well as conventional, renewable, and co-generational technologies, to provide planners
with viable resilience solutions. We embellish a design and dispatch optimization model through
enhancements that include: (i) additional generational technologies, (ii) new procurement costs,
(iii) modifications to the electrical storage systems, and (iv) technology-specific modeling
assumptions. We expand knowledge and capabilities in the disaster-response-and-recovery
literature by creating a tool that can analyze and evaluate the value of different technology mixes
(i.e., solar and storage, fuel cells, and gas-turbine generators) for a microgrid. Our model
accounts for on-site heating loads to demonstrate the co-generational contributions of the
technology mix. We capture the temporal and seasonal nature of energy demand, and create a
cost-benefit framework for the responsible civic organization. We investigate the specific
contribution that solid oxide fuel cells make in delivering energy services due to their
co-generational capability and ability to be sourced by a variety of fuel types, including bio-waste
[136]. We provide decision-makers with solutions that would allow electric utilities to respond to

disasters (i.e., wildfires and earthquakes) that have a high probability of causing blackouts.
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4.4 Modeling the Energy System

Our optimization model, (P?), extended from Pruitt et al. [2], investigates how microgrids
bring reliability and resilience to communities post-disaster (Figure 4.4). We incorporate a
grid-related outage and additional co-generational technologies. We consider a simulated set of
electrical loads, of various quantities, for a distribution feeder. The installed microgrid is
co-located at a building site with a thermal load. We incorporate characteristics of the
technologies, such as efficiencies and start-up requirements. We utilize basic utility rate structures
that include both energy and peak demand charges. The objective minimizes total cost,
consisting of the capital, operations and maintenance (O&M), and operational costs of the
acquired technologies, as well as the existing costs resulting from demand met by the utility and
on-site hot-thermal energy system, typically, a boiler. We include an emissions penalty in the
objective function. Design variables associated with fuel cells are general integers to assist with
modeling the hourly operation of the system. We relax integrality on all other procurement
variables. We assume that all design decisions are made at the beginning of the time horizon.
The model includes both linear and non-linear constraints. We present the full mathematical

formulation (P?) in Section 4.4.1.
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Figure 4.4 Distributed Energy System modified from Pruitt et al. [2]

Note: CHP: Combined heat and power, BESS: Battery Electric Storage System, TESS: Thermal Energy Storage
System, PV: Photovoltaic

We utilize capital and lower-case letters to distinguish variables and parameters, respectively.
We use script capital letters to distinguish sets, subsets, and indexed sets. Additionally, notation

with check and hat decorations describes flows in and out of an entity, respectively. Variables X,
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Y, and Z represent continuous, integer, and binary quantities, respectively.

4.4.1 Mathematical Formulation

Sets
K Technology cost segments
Jd Power producing technologies
M Months of year
T Time steps

Subsets and indexed Sets

Js J Solid oxide fuel cell technologies

JcHP Combined heat and power technologies
JR g Renewable technologies

JB 7 Heat-only producing technologies

JE J Electrical producing technologies

Tm T Time steps in month m

T9 T Time steps when the utility is available

Time and demand parameters

A
dy
d

Demand time steps [hours]
Heating load in time step t kW]
Electric load in time step t kW]

Cost and emission parameters

¢
¢t

Annualized variable capital cost of technology j [$/unit]
Annualized fixed installation cost of technology j in [$]
size segment K

Annualized variable capital cost of electric battery [$/kWh]
Annualized variable capital cost of water storage [$/gal]

Operation and maintenance cost of technology [$/kWh]
Utility energy cost (including emissions penalty) in [$/kWh]

time step t

Utility energy purchase price in time step t [$/kWh]
Utility gas cost (including emissions penalty) in time [$/kWh]
step t

Power generation and storage parameters

bjk

—€

Maximum power rating of technology j in cost segment [kW]

k

Maximum electricity efficiency for technology ] [fraction]
Minimum electricity efficiency for technology j [fraction]
Maximum electricity efficiency for technology electrical  [fraction]
storage

Power rating of technology ] [kW /unit]
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fjb y-intercept for fuel of technology ] [unitless]
fm Fuel burn slope of technology j [unitless]
f;pt Production factor of technology j in time step t [fraction]
i Maximum turn-down of technology j [fraction]
i Amount of fuel needed to start up technology j [kWh/unit]
s Minimum capacity of electrical storage system [fraction]
S Maximum capacity of electrical storage system [fraction]
i Start-up time for each technology j to reach maximum [hours]
turn-down ( j)
Heat generation and storage parameters
Ambient heat loss for water [fraction]
Arbitrary temperature for which there is no thermal [ C]
loss
Jh Thermal efficiency for technology j fraction]
i Exhaust gas output for technology j kg /kWh]
he Specific heat of exhaust kWh/(kg C)]
hV Specific heat of water

Maximum water storage capacity

|

[

{

[kWh/(gal C)]
[gal]

[

[

_ Minimum water storage capacity gal]

Aj Average exhaust temp from hot-thermal-producing C]
technology |

V Average return water temperature to water storage [ C]
tank

- Maximum allowed temperature of water in the system [ C]

_ Minimum allowed temperature of water in the system [ C]

Continuous variables

xXW Volume of water storage tank [gal]

X ba Amount of electrical storage procured [kWh]

X¢ Power purchased from the utility in time step t kW]

X{ Power sold to the utility in time step t kW]

X Peak power purchased from the utility in month m kW]

)S-pt Power produced by each technology J in time step t (kW]

Xt Power into electrical storage system in time step t kW]

XP Power out of electrical storage system in time step t (kW]

X pse State of charge of electrical storage system in time step  [kWh)]
t

Xj:tf Electric efficiency of each tech{lology J in time step t  [fraction]

Xt Fuel consumed by technology j in time step t kW]

Xt Flow rate of fluid into thermal storage from technology [kg/hour]
j in time step t

X, Flow rate of water out of thermal storage in time step [gal/hour]
t

Xt Temperature of water in storage in time step t [ C]

Integer variables
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Y Number of each technology j procured [units]

ch;p Number of each technology j operating in time step t  [units]

thto Increased number of each technology j operating from [units]
t 1tot

Binary variables

Zﬁ'(( 1 if generating technology j in segment K is procured, [binary]
0 otherwise

zv 1 if additional water storage capacity is procured, 0 [binary]
otherwise

Zt 1 if water storage tank is above (" + ) in time step t, [binary]
0 otherwise

Zt 1 if water storage tank is above (“poiler) in time step t,  [binary]

0 otherwise

Objective function (See Section 4.4.2.1)

0 P by b k
(P”) minimize XP2 4 ik + i+ XXM D)
j2J3 k2K j23
| {z }
Capital _Costs
+A > cOMXP 4+ X ¢t (YR +AX]p
] jt tl 1t jt
J2IE 2T j2JS;t2T
12273 {z }
&M Costs F%Costs
+A XU+ cdxu A Xy
t2T m2M t27
I {z } 1z}
rid Purchase Grid Sales
h.om g f
j238;t2T

I {z

}

Existing Boiler Cost

Load balancing (See Section 4.4.2.2)

(PXP XP)+ XP+(X¢ X{)=df 8t2T¢
jJE
(°XP X))+ Xf=df 8t2TnT9
j2JE
N A 1
(5 X 1 1 L= Zf

Xt

Utility operations (See Section 4.4.2.3)
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Xy XY gn(wZM;tZTm

X )
X! XY 8m2 M
t2Tm t2Tm

Power capacity (See Section 4.4.2.4)

P kYR 8j2aRt2T
ki XE kiY® 8j23FnaRt2T
op - S.
Y OYP 8j23%5t2T
Rkvja bjkZi 8j2J;k2K
Z& 1 .8j2J
k2K

Electricity e ciency (See Section 4.4.2.5)

e e e ey
Xje{: R | _ J —J (J); 8J2Js,t2T
Lo kil §) Yt

Fuel consumption (See Section 4.4.2.6)

Xfi=214 8j235t27

Xy = kY, P + F"XF 8j =3Fn (IS [IR)t2T
_hMX G XDz
h
j

8t2T7;j2J6B

Start-up (See Section 4.4.2.7)

Vit o Yie Y, 8j 2J5,t2T :t<jTj

i+ j

Power storage (See Section 4.4.2.8)

XPe XPe = A(PXP XP) 8t2T :t<|Tj
sxbPa  xPsc  gxba gr2T

bsc __ ysbsc
X = Xjr]

Heat capacity (See Section 4.4.2.9)
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Xjp  jXfy §23%t27 (4.9)

Heat storage (See Section 4.4.2.10)

Xen (1 ZOX;
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_ 123 s 8t2T :t<jTj (4.10a
Xt o (- HzW st2T (4.10b
zE X{ o+ (0 7 )Zf st2T (4.10c
 pazh Xty (0 52t st2T;j23B (4.10d
W - (4.10e

o L LTI (4.10f)

j23cHP min;, 5 che FKjg
Non-negativity and integrality

XW:xba (4.11a

X XFa X X 0 823;t27T (4.11b

Xn 0 8m2M (4.11c

XX X XP X X Xt 0 8t2T (4.11d

Y 0;integer 8j2J (4.11e

Yit:Yje  Ojinteger 8j2J;t2T (4.11f

Z" binary (4.11g

ZLZ binary t2T (4.11h

Zja||(( binary j2J;k2K (4.111

4.4.2 Discussion of Formulation
We describe, in detail, the objective function and constraint set.
4.4.2.1 Objective function

The objective function minimizes costs associated with fixed and variable procurement,
operation and maintenance, power generation, and the net utility charge. Procurement includes
both size-dependent capital cost (variable) and installation (fixed), which may incorporate the

construction of tailored equipment housing units and the emplacement of piping and cables. The
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fixed cost segments are increasing and therefore convex, precluding binary logic to ensure
placement in the appropriate cost segment. Binary variable Zﬁ'(( enforces the piecewise-linear
installation cost. The way in which load is met is influenced by the fuel cost and grid purchase
terms in the objective function and controlled through various constraints in set (4.6).

We use a standard annualized cost computation, which includes the use of a capital recovery
factor [120]:

il+N
i=——=—— j 8]2J 4.12
J (1 + I)Nj 1 J ] ( )
where 1 is the annualized real discount rate, Nj is the expected lifetime, in years, of technology J

and ~j is the net present capital cost of technology j. Although expression (4.12) only includes

the technologies in set J, this formula is extended to the electrical storage system as well.
4.4.2.2 Load Balancing

Constraint (4.4.1) balances electrical load with the sum of: the amount of net power deployed
from the storage system, the power dispatched from all electrical power systems, and the net
power purchased from the utility. We relax, from equality, this constraint by ensuring that the
net power produced by the microgrid and purchased from the utility meets or exceeds the
electrical load. We introduce a gas turbine generator with and without combined-heat-and-power
capabilities to the set T €, in addition to fuel cells and photovoltaic panels. Constraint (4.2b)
restricts the grid interaction during utility service disruptions, requiring all loads to be met with
the microgrid. We enforce constraint (4.2c) through a set of bi- and tri-linear terms in which the
on-site heating load is met through a mixture of hot and cold water. If the water temperature in
the tank is above gy, then thermal demand is met through the product of variable water flow
out of the tank and the temperature gradient above the delivery temperature. Otherwise, the flow
out becomes fixed and is determined by equation (4.13). As the temperature of the water in the
storage tank increases, the flow of water out decreases; and, therefore, the fuel needed to power

the boiler decreases [2].

8t2T (4.13)
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4.4.2.3 Utility Operations

Constraint (4.3a) is the linearization of equation (4.14), which captures the peak power
purchased in month m. Constraint (4.3b) restricts energy arbitrage and enforces net metering,

typical for grid-connected systems.

XY = ax X! 8m2 M (4.14)

4.4.2.4 Power Capacity

Constraint (4.4a) restricts the power output of renewable technology j to be less than or equal
to the product of the capacity of the procured system and the production factor in hour t.
Constraint (4.4b) ensures that the power output of non-renewable, electric-producing technology
J is between the minimum required turn-down and the maximum amount of available power in
hour t. The former level requires the fuel cell to produce sufficient power at its minimum required
temperature. Constraint (4.4c) restricts the number of operational fuel cells to be no more than
the number acquired. Constraint (4.4d) dictates that the chosen power rating is assigned to the

correct installation cost segment. Constraint (4.4e) limits the selection to at most one segment.
4.4.2.5 Electrical E ciency

We model electrical efficiency as a decreasing function of the average output of the operational
fuel cells through constraint (4.5). In this case, as the power output increases, the electrical
efficiency of the system decreases. We assume that all fuel cells of type j operate identically. The
tradeoff, however, is the inclusion of additional bi-linear terms that include the product of a
continuous variable and a general integer variable. The variable efficiency is bounded between 7j

and 7j for fuel cell technology j [2].
4.4.2.6 Fuel Consumption

Constraint (4.6a) ensures that the amount of fuel consumed by fuel cell type J in time period t
is equal to the quotient of the total power produced and the average variable efficiency; this
constraint creates jJSj jTj additional bi-linear terms. We implement constraint (4.6b) to

compute the fuel needed to produce ijt kW of power for both the standard electrical and
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combined-heat-and-power generators. We use the linear formulation consisting of the sum of the
marginal contribution of fuel per kW (fijjpt) and the product of the y-intercept (fjb) and the
capacity of fuel cells operating in a given hour (RJ Yﬁp). We implement constraint (4.6¢) to
calculate the fuel used to power the boiler as the quotient of the amount of thermal energy
dispatched and the boiler efficiency. If the water temperature is above the delivery temperature,

then no fuel is consumed [2].
4.4.2.7 Start-up

The coarseness of time fidelity precludes the necessity of power-ramping constraints; that is,
fuel cell operation can fluctuate between the maximum power rating and minimum turn-down
within a single time step. However, when activated, solid oxide fuel cells must reach a designated
temperature prior to producing power. The parameter j dictates the number of time steps to
reach operational temperature from ambient. Therefore, we include constraint (4.7) to ensure
that if the number of fuel cells in operation in time period t+ j is greater than the number of
fuel cells operational in time period t, then thto assumes the value of the difference; otherwise, its
value is 0. This models the number of fuel cells required to turn on in time period t and ensures
that we capture the amount of time and fuel necessary to bring the fuel cell from ambient to

operational temperature prior to dispatching power.
4.4.2.8 Power Storage

Constraint (4.8a) requires that the difference in states of charge between time steps t and t+ 1
equal the net energy dispatched from the storage system in time period t. We incorporate a
constant electrical efficiency loss for charging the battery. Constraint (4.8b) dictates that the
battery’s state of charge is restricted to between the minimum and maximum allowable limit of
the procurement variable. Constraint (4.8c) requires equality of the electrical storage system’s

beginning and ending state of charge.
4.4.2.9 Heat Capacity

In our system, fuel cells with combined-heat-and-power capabilities provide the added benefit
of utilizing the thermal exhaust produced by the fuel cell to heat water in the storage tank.

Constraint (4.9) dictates that the amount of exhaust flow is a function of the fuel consumed by the
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co-generational fuel cell. We utilize an inequality to allow for curtailment of the thermal energy in
time periods in which the inclusion of the exhaust would force the water temperature to exceed its

allowable limit. The added co-generational benefit does not apply to diesel-powered generation.
4.4.2.10 Heat Storage

Constraint (4.10a) governs the temperature differential between time periods. We (i) account
for a constant heat loss due to thermal conduction; (ii) add the thermal energy provided by the
exhaust heat from the various combined-heat-and-power systems; and, (iii) subtract the thermal
energy dispatched to meet the heating load. Constraint (4.10b) limits the temperature to ~ if a
storage tank is required and to ~ otherwise. Constraint (4.10c) dictates that if the water
temperature is arbitrarily close ( ) to the return water temperature (), we do not apply the heat
loss due to thermal conduction (described in constraint (4.10a)). Constraint (4.10d) governs the
binary variable Ztt used to determine if the water temperature is above or below the delivery
temperature (“goi). Constraint (4.10f) serves two purposes: (i) it requires the procurement of
additional water storage system capacity if a combined-heat-and-power system is procured; and,
(ii) it limits the number of acquired combined-heat-and-power systems to the maximum power

demand. Constraint (4.10e) bounds the capacity of the water storage system [2].
4.5 Solution Methodology

The formulation (P?) is a mixed-integer nonlinear program that includes continuous, binary,
and integer variables, as well as constraints with non-linear terms. State-of-the-art global
optimizers yield gaps of greater than 10% after more than two hours of solution time. Therefore,
we present, in this section, our methods to expedite solutions to realistic instances of (P").

Standard approaches to expedite solutions include: (i) scaling to reduce the magnitude
between the largest and smallest values for each data set; (ii) conversion of tri-linear to bi-linear
terms and the introduction of auxiliary variables and constraints to create exact linearizations of
the product of binary and continuous variables; and, (iii) a bound tightening procedure [2].
Through scaling, we reduce the number of orders of magnitude in the data by four. We use
standard techniques [137] to create exact linearizations of eligible non-linear terms, i.e., nonlinear

terms involving the product of at least one discrete variable in which said linearization yields
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favorable results (see Table 4.1). By executing the bound-tightening algorithm, we reduce the

difference between the upper and lower bounds by more than 50% for select variables.

Table 4.1 Type and quantity of non-linear terms in the constraint set and how they are modified
after performing standard linearization techniques [137].

t: The case of the product of a continuous and an integer (vice binary) variable requires additional model elements
for its linearization, and testing yields unfavorable results.

Type Term ‘ Quantity ‘ Constraint Transformation
VI —
ZAE[>A(t J.T J (4.2c) Linear
Zi X T 4.6¢
YOPXe 1j3S) jTj | (4.5)7
Bi-linear 200 L B i
%fixft jI5j iTj | (4.6a)
X, X¢ iTj (4.2c), (4.6¢), (4.10a) | No change
XWXt iTj (4.2¢)
X X¢ iTj (4.2c)
.. ZEX XE T (4.6¢) ..
Tri-linear ZEIXWXE | T] (4.2¢) Bi-linear

Table 4.2 Size of (P') in terms of set cardinality.

Model Component | Characteristic ‘ Number

Continuous iTi (843jJ3)) +iMj+2
Variables Integer iTji (3j+1)
Binary 2Tj+jJj jKj+1
. Linear 6T] (14]3))+]Ij (1+]Kj)+jMj
Constraints Non-linear iTji (3j+1)

The full formulation of (P?), after the linearizations reflected in Table 4.1, has a size reflected
in Table 4.2 and includes 5jT j 4 2jJ Sj jTj bi-linear terms. We refer to the method of solving (P?)
using techniques (i)-(iii), outlined in the prior paragraph, as method (MP), the baseline method.
While the implementation of (MP) yields optimality gap improvements of approximately 2%, on
average, after two-hour solve time, we are still unable to generate solutions with less than a 10%
gap.

Ultimately, complications arise in two sets of constraints: (i) those ensuring that the thermal
energy produced through the co-generational technologies and the boiler is sufficient to heat the
water in the storage system and meet the hot thermal load (see Table 4.3: row (P')-Thermal);

and, (ii) those governing the fuel consumption and the efficiency associated with the solid oxide
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fuel cells (see Table 4.3: row (P)-Electric). Therefore, we present an enhanced, three-phase

solution methodology (MF€) using linear approximations depicted in Figure 4.5.

%

Inputs Outputs

{ Cost parameters System design

Solution Methodology

{ Load profiles } Hourly dispatch

[ Technology-specific values

L 2

Linear Reformulation (P?)

Techno-economic
performance values

t Solve (P")

Reinstate (P')
Non-linear SOFC fuel
consumption

Transform Solution

{ Linear SOFC fuel consumption } { Obtain X from solving (P?) J

Pass
feasible

solution,
£ to (P")

[ Linear thermal storage } [ Non-linear thermal storage }

Create feasible to }
solution (P") . R
{ Linear heating load J [ Non-linear heating load }

See Section 4.1 See Algorithm 1 See Section 4.3

k Phase 1 Phase 2 Phase 3 /

)

Figure 4.5 Three-phase methodology to generate feasible solutions to (PU) with improved

solutions and optimality gaps.
Note: SOFC - Solid oxide fuel cell

4.5.1 Linear Reformulation (Phase 1)

Phase 1 modifies (P?) by creating linear approximations for constraints in the “no change”
and “bi-linear” rows found in Table 4.1. We refer to this reformulation as (P"). Figure 4.6 depicts
a fuel consumption curve, representing a 10kW fuel cell system used in the model (PO), and a
linear approximation of that curve.

The solid, red line results from the combination of constraints (4.5) and (4.6a), while the
dashed, blue line is a piece-wise linear approximation. Without loss of generality, Figure 4.6
shows two segments, but the approximation could be made with an arbitrary number of s
segments. However, more segments, though potentially providing a more accurate approximation,
create additional integer variables and can slow model solve time.

The linear approximation creates a conservative characterization of the system in that the
resulting solution is an over-estimation of fuel consumption, resulting in a higher cost of fuel per
unit energy produced for the solid oxide fuel cell than when employing the non-linear fuel curve

used in (PY). The increased amount of fuel consumed for a commensurate amount of power results
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in a larger contribution of thermal energy to the heating load. Therefore, the approximation

overestimates the total cost, and employing it results in a restriction of our original model (P?).

Fuel Curve

== Non-linear

20 ==* Linear
K Approximation

Fuel Consumption (Gallons)

4 6 8 10
Production (kW)

Figure 4.6 Comparison of piece-wise linear and non-linear fuel consumption of a representative
solid oxide fuel cell with two segments.

Notation required in model (P’):

Notation Description Units

S Linear approximation segments

be-S y-intercept for linearization of fuel curve for technology j in [gal]
segment S

m}s Marginal fuel consumption of technology s for segment S [gal/ kW]

‘js Lower bound of power output of technology j in segment s [kW]

Ujs Lower bound of power output of technology j in segment s [kW]

Zjospt 1 if technology j is operating in segment S, in time period t [binary]
and 0 otherwise

ij:t Amount of power dispatched from technology j in segment [kW]

S in time period t

Fuel cell constraints present in (P°):

Xfp miXPS+biY M1 Z%) 8j23%s2s;t2T

Jst jst
X Y M zZh) 8j23%s28;t2T
X UisYiP +M(1 Z78) 8j2J3%s2s;t2T
Xist >'\42,-°§t 8j2J3%s2S;t2T
Xf Xfs 8123%t2T

s2S
H S.
Z7% 1 8j23%t2T

s2S
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Zy% Yy 8ij23%s2s;t27 (4.15g)

Instead of non-linear fuel consumption as a function of the variable efficiency and power
output, (P") represents fuel consumption as a linear function of power output and a fixed fuel
intercept. Constraint (4.15a) governs the fuel consumed by the solid oxide fuel cell and is a linear
combination of the power produced and an appropriately selected intercept if the fuel cell is
operating in segment S, and 0 otherwise. Constraints (4.15b)-(4.15d) require that the power
produced by technology j in time period t is restricted between the appropriate lower and upper
bound of segment S. We use constraint (4.15¢) to consolidate power from all segments.
Constraint (4.15f) limits the power output to at most one segment, and constraint (4.15g)
restricts the binary variable to 0 if there are no operational fuel cells. We replace constraints (4.5)
and (4.6a) with constraints (4.15a)-(4.15g).

The other sources of non-linearities reside in the thermal load balance constraint (4.2c) and in
the water tank temperature constraint (4.10a). We devise a way to approximate these constraints
with a linear equation that satisfies the thermal load as a convex combination of energy from the
boiler and exhaust heat produced by the solid oxide fuel cell (4.16a). The associated notation and
model modifications are found in Table 4.3 and in constraints (4.16a)-(4.16¢).

Linear thermal storage notation:

Notation Description Units
- Incremental increase of water storage tank size [gal]

X s Amount of heat sent to storage in time period t [kWh]
X ffs Amount of heat dispatched from storage in time period t [kWh]

Linear thermal energy constraints:

> p X f hf ht h
i Xt X XS X)) df 2T (4.162)
jaacHp j2as
XBC = (1 )X 4 XM xPs o toT (4.16b)
XgZSC XW t2T (4160)

To account for thermal storage, we add variables X{"® and X which model the heat to and

from, respectively, the thermal storage system. Constraint (4.16a) ensures that the heating load is
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met through a linear combination of thermal energy from the co-generational solid oxide fuel cell,
thermal energy generated by the boiler, and thermal energy from the storage system. We account
for energy lost in storage through a parameter . Constraint (4.16b) balances the thermal energy
in storage, and constraint 4.16¢ restricts the energy in storage to the capacity of the system. We

replace the constraints found in row (P') of Table 4.3 with the constraints in rows labeled (P") to

create a mixed-integer linear model.

Table 4.3 Constraint numbers with associated quantities required to transform (P?) into (P").
The constraints in each of the rows corresponding to a particular model are mutually exclusive.

Model Energy Type || Constraints Quantity
(PY) Electric (4.5), (4.6a) 2j1Jj JTj
Thermal (4.2¢), (4.6¢), (4.9),(4.10a)-(4.10e) iTj(6+jJj)

P Electric (4.15a)-(4.15g) 3 JTi(jSj+1)
Thermal (4.16a)-(4.16¢) 3T ]

4.5.2 Transform Solution (Phase 2)

We solve the linear program (P ") utilizing state-of-the-art software and obtain a solution to
which we refer as X. Utilizing the heuristic described in Algorithm 4, we obtain from X solution
X, which is feasible for (P"). We first initialize the variable values according to X from (P"). We
then compute the solid oxide fuel cell efficiency and fuel consumption in each time period using
the power produced by the associated technology. We then determine the variable values, such as
exhaust flow from the fuel cell and water temperature, corresponding to the thermal load and
thermal storage constraints. We establish a starting temperature and related binary variables Z}
and Zf. With this information and the amount of exhaust ()ZJ ) from combined heat and power
technology J, we compute the remaining variable values. For those associated with thermal
storage, we include a condition to handle a solution resulting in a temperature that exceeds ~. In
those instances, we increase the volume of the hot water storage tank by ~ and re-compute the
variable values. Lastly, we update variable bounds using information obtained by the solution
(X). If combined-heat-and-power technologies are not a component in the fixed design, the
computation of variables related to thermal load becomes explicit, as shown by Function 2

found in Algorithm 4.
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Algorithm 4 Induce feasibility in (P") from a solution to (P").
Comments (>) reflect which restored constraint is made feasible.

Require: X X
for j2J5t2T do

XjeI* j1 J;j 8 (jl ﬂ_j) %’}r if th;p* >0  otherwise
! . Constraint (4.5)
XJf: )><(jjptft* if Yj(;p* >0 0 otherwise . Constraint (4.6a)
for j 2 (IS\JICHP): 12T do
t r_),ijt* ijf: . Constraint (4.9)
if j2acHP YJa > (0 then
X¥ 2’5 . Set the initial temperature to the mid-point
Xws . Constraint (4.10e)
X  Thermal(X )
while maxfX{g > - do . Constraint (4.10b)
XWH o XWE 4T
T+ T XYW > . Constraint (4.10e)
X Thermal (X )

else
X No CHP(X)
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Function 1 - Creates feasibility for thermal energy constraints with combined-heat-and-
power

function Thermal (X )

fort2T do
ZF 1 ifXE 4+ 0 otherwise . Constraint (4.10c)
zyE o1 Xy 0 otherwise . Constraint (4.10d)
P n A s h -
X 11 = Zf hw(c,’; ) . Constraint (4.2c)
t —
XTI h R, "0y X 29, j = Boiler . Constraint (4.6¢c)
i
. S P SizgcHp PRIy XE) AR (XE )
Xty (1 ZE)xg g Zizaen G0 B0) R O4 |
| . Constraint (4.10a)
_ return X

Function 2 - Creates feasibility for thermal energy constraints without combined-heat-
and-power

function No CHP(X )

xXE o -o8t2T . Constraints (4.10a), (4.10b)
fort2T do
Z&E 0 . Constraint (4.10c)
zE 0 . Constraint (4.10d)
o h .
X %:) . Constraint (4.2c)
XT M j = Boiler . Constraint (4.6¢c)
]
return X

4.5.3 Return of the Original Formulation (P') (Phase 3)

We reconstitute (PO) by performing replacements of constraints in Table 4.3 consistent with
transforming (P") into (P?). We use the solution obtained in Phase 2 as a feasible starting point
for (P!). The solution to this problem provides an improvement over our initial feasible solution
and, as a second-order effect, tightens the lower bound. To ensure that the resulting solution is
feasible for (P'), we assume that we have access to sufficient fuel for the boiler and to solid oxide
fuel cells; we also assume that we can procure an appropriately sized hot water tank, which is
necessary to maintain the water temperature within the allowable limits. The variables we update
through Algorithm 4 are only found in the constraints we reinstate during Phase 3; through

proper ordering of variable determination, we ensure their feasibility. The remaining constraints,

96



which are feasible to (P "), remain feasible with respect to (P?).
4.6 Inputs and Results

We solve (P?) utilizing the process described in Section 4.5. This section describes the input
data, provides the performance of the model in terms of solution quality and run time, and
analyzes one such solution. Model (P") consists of a variety of inputs, including

technology-specific data, electrical production factors, and electrical and heating loads.
4.6.1 General Inputs

Table 4.4 provides parameter values for technologies other than fuel cells [138]. (Section 4.6.2

describes inputs related to solid oxide fuel cells.)

Table 4.4 Technology input values (not including solid oxide fuel cells). The lithium-ion battery
has a two-hour power rating.

Technology ‘ Capital Cost ‘ 0&M ‘ Lifetime (years)
Photovoltaic $1,592/kW | $17/ (kW year) | 20
Lithium Ion Battery | $775/kWh - 10
Generator $500/kW 10/(kW year) 20
CHP System $500/kW 0.019/kWh 20

CHP: Combined heat and power

We obtain all 16 distinct hourly electric load profiles for a representative year compiled by the
National Renewable Energy Lab from the Open Energy Data Initiative website. This dataset was
developed by the National Renewable Energy Lab’s Distributed Energy Systems Integration
group as part of a study on high penetrations of distributed solar photovoltaics [3]. Table C.1 in
Appendix C.2 provides details. We choose to highlight a moderate suburban community
combined with a light rural area (R1-1247-2) to show how a microgrid consisting of solid oxide
fuel cells can add resilience to communities at risk of fire-related utility service disruptions.

Figure 4.7 is a snapshot of case R1-1247-2 [139].
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Figure 4.7 R1-12.47-2 Taxonomy Feeder. Magenta represents the slack bus (the power source of
the distribution network), while dark red depicts the loads that require power. Green links are
transformers; orange links are switches; and gray links and nodes are triplex lines and
connections, respectively.

Figure 4.8 depicts the load profile R1-1247-2. The oval in the figure shows the time period in
which the natural disaster occurs and the corresponding unavailability of utility services. The
dark blue color (outlined by the oval) shows that, for this particular instance, we reduce the
demand to a predetermined “critical load” during the service disruption. We generate heating
loads from the EnergyPlus® simulation software hosted by the National Renewable Energy Lab
using a combination of five building types: hospital, hotel, apartment, large office, and
supermarket. Figure 4.9 depicts a heat map of the thermal load at hourly fidelity. For the
photovoltaic production factors fﬁ[, we use data obtained from the PVWatts Tool [140] given in
Figure 4.10. We annotate the time of year the utility outage occurs to highlight the amount of

solar irradiance available. The installed photovoltaic capacity for a resilience model is influenced

by the outage time period selected.
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Figure 4.8 Example load profileElectric load profile for distribution feeder R1-1247-2, given by the
network graph in Figure 4.7, shown with a utility service disruption.

Thermal

Load (kW)
3000

2500

:*I'.IH g R AT Ve
‘ 2000

1500

1000

Hour of Day
™

500

May  Jun. Jul. Aug.  Sep. Oct.  Nov.  Dec.
Day of Year

Jan. Feb. Mar. Apr

Figure 4.9 Hot thermal load profile derived from the EnergyPlus® simulation software,
representing a collection of building types, including a hospital, hotel, apartment, large office, and

supermarket.
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Figure 4.10 Estimated electricity production of a grid-connected roof- or ground-mounted
photovoltaic system installed in Richmond, CA. The arrow shows the approximate timeframe of
the modeled utility service disruption.

4.6.2 Solid Oxide Fuel Cell Inputs

The U.S. Energy Information Administration [141], Battelle Memorial Institute [142, 143], and
Whiston et al. [144] offer costs associated with equipment, installation, stack, heat recovery, and
inverters. We conduct analysis using system sizes from 10 to 250kW. Cost values in this range are
similar though minor differences exist between the 10-25kW range [142] and the 100-250kW range
[143]. A drawback of high-temperature solid oxide fuel cells is the cost associated with the stacks
whose replacement is necessary, in part, due to the stress of operating at high temperatures [144].
Specifically, over time, the high-temperature gradients degrade the system. We therefore consider
a conservative start-up (from ambient temperature) time of three hours [145] which assumes a
heating rate of approximately 5°C per minute [146]; in this way, we emphasize system reliability
over fast start up. We incorporate fixed operations and maintenance (O&M) costs, including the
cost of replacing the stack, reformer, and inverter after five years. System lifetime is assumed to
be 10-20 years, depending on the source. Stack lifetime is assumed to be five years [141],

[142, 143] and [144].

Costs are separated into three categories (high, medium, and low). The high-capital-cost case
assumes elevated equipment price and sales markup. Additionally, we consider variations by
decade which are attributable to the assumption that an inverse relationship exists between

production and price. We include a cost with sales markup for combined heat and power heat
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recovery equipment and assume a 5% discount rate. See Appendix C.3 for a more detailed
description of the economic data.

We also update the efficiency parameters (7j and 71.) and start-up time ( j). To determine
parameter values of interest, we vary parameter values and solve the model to establish that,
other than costs, the efficiency parameters and start-up time impact fuel cell operational behavior
the most. Beigzadeh et al. [119] report electrical efficiencies of solid oxide fuel cells between 57%
and 72%, depending on the type of fuel used; the lower value corresponds to gasified biomass and
the higher to natural gas. Additionally, we confirm, through discussion with commercial partners,
that deployed systems realize electrical efficiencies of around 60%. We use conservative values to
account for both lifecycle system degradation and the utilization of biofuel. However, an end-user
of our framework could choose to modify these values as the technology continues to mature.

Table 4.5 reflects parameter values that differ from Pruitt et al. [2].

Table 4.5 Values used for power-only and combined-heat-and-power solid oxide fuel cells.

Parameter | Description Value
j =CHP ‘ J =Power
- Maximum electricity efficiency 54% 54%
71? Minimum electricity efficiency 60% 60%
i Start-up time for each technology j to | 3 hours 3 hours
reach j
Maximum turn-down 20% 20%
T Capital cost $3,360/kW | $2,800/kW
C}’m O&M cost $0.024/kWh | $0.020/kWh

4.6.3 Model Inputs from Solution-Expediting Methodologies

Figure 4.11 shows how the bound tightening procedure [2] produces desired reductions in the
feasible region for variables involved in bi-linear terms. These reductions allow the spatial
branch-and-bound algorithm to find better solutions and to tighten bounds more easily.

We compare the size of models (P") and (P"), for the inputs used, in Table 4.6. Model (P?)
contains over 275,000 constraints, of which 52,000 involve non-linear terms. The reduced size and
complexity of (P") relative to (P?) affords us with the ability to generate good solutions quickly,

with which we can then initialize the original monolith.
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Figure 4.11 Improvement from bound-tightening procedure for the auxiliary, bi-linear variable
Xjt X§ reduces the magnitude between the upper and lower bound by 57%, as an example.

Table 4.6 Average size and structure of models (P") and (P"). The (P") column shows the
percent increase or decrease in size relative to (P?).

Category Type (PY) (P")
Total | 232,034 | -15%
Variables | Continuous | 179,478 | -20%
Discrete | 52,556 0%

Total | 275,897 | 0%
Constraints Linear | 223,339 24%
Non-linear | 52,558 | -100%

4.6.4 Solution Quality

Solving (P?) using (M®) yields solutions, on average, five times faster than solving (P") using
(MP). Table 4.7 shows results for a one-year time horizon. In general, (M®) generates an 8%
improvement in the objective function value and over a 50% improvement in the optimality gap
after a two-hour solve time limit. In only one of the 16 instances did (MP®) return the first

solution faster; however, even in this case, the solution obtained by (M?®) is superior.
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Table 4.7 Comparison of solutions solving (P') with and without the solution obtained from (P").
Objective function values and optimality gap after two hours of run time, and time until the first
feasible solution is obtained. A: Reduction between methods (MP?) and (M€)

Objective Function Value
Decrease ($)

Optimality Gap
Reduction (%)

Time to First
Solution (Seconds)

Case (MD) (M&) % A | (MP) (M8 % A | (MP) (M) A
R1-1247-2 | 1,012,986 931,014 8 15 7 50 178 56 122
R1-1247-3 745,548 692,023 7 14 7 48 253 56 197
R1-1247-4 | 2,164,754 1,906,774 12 18 7 62 377 73 304
R1-2500-1 | 1,556,543 1,412,495 9 16 7 54 503 63 440
R2-1247-1 | 4,483,279 4,112,745 8 13 5 61 845 63 782
R2-1247-2 | 3,269,277 2,971,911 9 15 6 58 298 60 238
R2-2500-1 | 7,825,518 7,379,453 6 10 4 57 748 68 680
R3-1247-2 | 4,085,636 3,790,034 7 13 6 54 | 1,042 63 979
R4-1247-2 | 1,744,135 1,589,823 9 15 7 53 288 47 241
R4-2500-1 | 1,914,215 1,742,076 9 15 7 55 295 75 220
R5-1247-1 | 6,076,208 5,414,754 11 15 5 68 471 69 402
R5-1247-2 | 4,500,123 4,165,739 7 13 6 56 911 73 838
R5-1247-4 | 4,470,154 4,017,051 10 15 5 64 232 69 163
R5-1247-5 | 4,165,565 3,835,660 8 13 5 58 313 181 132
R5-2500-1 | 7,932,270 7,272,899 8 12 4 66 240 356  (116)
R5-3500-1 | 5,425,448 5,078,233 6 11 5 56 425 75 350
Average Across All Cases 8 14 6 58 464 90 373

4.6.5 Solution Implications

To assess the financial benefits of distributed generation, we compare the solution with no

distributed generation to that with an installed microgrid capable of servicing a critical load

during a utility service disruption. In order to create an equitable comparison, we omit the energy

cost during the service disruption. Table 4.8 depicts the resulting values for all 16 load profiles,

along with the fraction of demanded power serviced from the utility in the presence of a

microgrid. In all cases, the cost to meet the demanded electrical load with distributed generation

is less than that associated with the “No Microgrid” solution. Along with cost savings of 8.3%, on

average, across the 16 cases, the customer also benefits from added reliability and resilience by

being able to service the electrical load during power disruptions to the utility.
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Table 4.8 Solution comparison between purchasing all electricity from the utility versus installing
a microgrid that is capable of meeting a 48-hour outage occurring during the highest electrical
demand period.

Annualized Lifecycle Cost ($) A Grid
Case No Microgrid Microgrid (%) Utilization (%)

R1-1247-2 1,007,933 929,337 -8.5 12.4
R1-1247-3 731,736 690,028 -6.0 6.5
R1-1247-4 2,115,108 1,903,575 -11.1 13.1
R1-2500-1 1,545,364 1,408,578 -9.7 8.1
R2-1247-1 | 4,419,348 4,101,889 7.7 10.8
R2-1247-2 3,239,292 2,969,497 -9.1 15.2
R2-2500-1 | 7,916,373 7,366,441 7.5 15.2
R3-1247-2 4,058,615 3,775,831 -7.5 8.9
R4-1247-2 1,731,984 1,587,963 -9.1 24.0
R4-2500-1 1,910,583 1,740,579 -9.8 20.3
R5-1247-1 5,832,474 5,402,292 -8.0 13.8
R5-1247-2 4,503,345 4,154,198 -8.4 7.4
R5-1247-4 4,343,550 4,009,787 -8.3 16.6
R5-1247-5 4,136,660 3,831,042 -8.0 21.5
R5-2500-1 7,763,028 7,263,047 -6.9 19.7
R5-3500-1 5,448,520 5,071,643 -7.4 20.3

Table 4.9 reflects the dispatched amount of each technology as a percentage of the total power
consumed throughout the year. All remaining power is met by the utility. For almost all 16 cases,
the co-generational fuel cell dominates the other technologies in dispatched power, providing
approximately 58% of demanded annual power, with an additional 25% coming from the
power-only fuel cell. Additionally, because this is a hybrid system of solid oxide fuel cells,
photovoltaics, and electrical storage, the diesel generator is not consistently relied on to provide
power. This mix of installed technologies also enhances system reliability in that there is not a
single point of failure. An additional benefit of the installed microgrid is sustaining possible
disruptions in fuel supply. Solid oxide fuel cells have the ability to utilize bio-fuels and, therefore,
if strategically located at a site that produces bio-waste, the fuel cell would have access to
low-cost fuel that is sourced on-site. This type of setup would reduce the dependency on
utility-provided fuel sources while increasing the overall resilience and reliability of the system.

Figure 4.12 compares, for two representative instances (R1-1247-2 and R1-1247-4), solutions
returned by (MP) and (M®). These two instances differ by electric demand, in which the former

services a smaller critical load during the outage than the latter. The area between the two
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dashed red lines represents the grid outage. We require the model to service the fully demanded
electric and heating load during the disruption. Plots (a) and (c¢) show the solution returned by
(MP), in which the solver is unable to leverage the benefit of a combined-heat-and-power solid
oxide fuel cell, resulting in larger objective function values (shown in Table 4.7). Instead, the
solution installs an oversized photovoltaic system and a backup diesel generator. While this is an
acceptable alternative to adding resilience to the system, the solution favors traditional methods.
Plots (b) and (d) reflect solutions obtained by (M®) which correspond to comparatively smaller
objective function values while leveraging co-generational technologies. Additionally, the solutions

returned by (M®) do not result in curtailed power during the outage.

Table 4.9 Percent of total power consumed during the year by each type of installed technology in
the microgrid. No solution includes the diesel generator. CHP: combined heat and power; SOFC:
solid oxide fuel cell; PV: photovoltaics

Dispatched Power (%)
Case CHP SOFC | Power SOFC | PV | Utility
R1-1247-2 88 0 0 12
R1-1247-3 89 0 ) 6
R1-1247-4 86 0 1 13
R1-2500-1 84 0 8 8
R2-1247-1 47 35 8 10
R2-1247-2 65 20 0 15
R2-2500-1 25 57 3 15
R3-1247-2 51 36 4 9
R4-1247-2 76 0 0 24
R4-2500-1 80 0 0 20
R5-1247-1 35 51 1 13
R5-1247-2 45 45 3 7
R5-1247-4 48 36 0 16
R5-1247-5 51 28 0 21
R5-2500-1 26 55 0 19
R5-3500-1 38 42 0 20
Average 59 25 2 14
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Case: R1-1247-2
(b)  (M7)
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Case: R1-1247-4
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Figure 4.12 Power output by technology type from a combination of microgrid and utility.
Dashed lines show the start and end of the utility service disruption.

Omitted from the plots are electrical storage operations; while they are part of the con guration, they are not utilized
during the depicted time frame. Grid sales are present directly proceeding the outage but are di cult to discern.
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4.7 Conclusion

This work demonstrates an optimization-based framework for creating solutions that enhance
community resilience during outages by increasing the reliability of the electrical infrastructure.
We present a mixed-integer, non-linear optimization model that incorporates many distributed
energy resource technologies. Our model (P?) is a member of a class of problems (mixed-integer
nonlinear programs) that often present challenges for commercial optimization solvers. Therefore,
we create a methodology capable of quickly generating solutions with better objective function
values.

The framework presented affords civic and governmental organizations the ability to develop
alternate solutions to meet their electric power needs during a utility service disruption and to
provide critical services in post-disaster recovery. Additionally, we show the benefit of
incorporating solid oxide fuel cells into a microgrid design, due, in part, to its minimal emissions,

dependable power supply, and ability to consume multiple fuel types.
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CHAPTER 5
CONCLUSION

The combination of reduced costs and the need for more reliable power has led to a surge in
microgrid utilization. Microgrids are relatively small power systems, typically located close to
demanded loads, that can operate with or without the grid (macrogrid). These benefits include,
but are not limited to, (i) reduced energy costs, (ii) incorporation of renewable energy sources and
diminished emissions, (iii) improved energy resilience and independence, and (iv) enhanced
efficiency from a reduction in power-line losses and increased co-generational benefits.
Commercial and open-source tools exist to assist planners in developing and analyzing possible
microgrid configurations. However, these tools possess shortcomings, such as the inability to
assess multiple scenarios due to run time issues, the absence of resilience metrics to provide
planners with multiple courses of action, and omitted technologies.

This work begins by applying a custom Matheuristic for designing and dispatching a
distributed energy system. In Chapter 2, we define the system and the specific complexities that
challenge optimization software and develop a methodology that decouples each problematic
component. The original formulation (P), solved with commercial optimization software, is
unable to yield optimal, and sometimes feasible, solutions in fewer than two minutes. The
procedure leverages a genetic algorithm that explores the state space of competing microgrid
configurations, a time-dependent policy for scheduling the combined-heat-and-power system, and
a mathematical optimization model that determines the economic dispatch to minimize
production and utility costs. This chapter details the model and methodology we use.
Additionally, we show an improvement in solution time and objective function value for a
practical time limit (two minutes). This improvement affords two main benefits. First, it allows
practitioners to analyze various inputs in a reasonable amount of time without sacrificing quality.
Second, the model is a component of an online web tool; therefore, timely solutions are critical.
Our methodology ensures, at a minimum, a feasible solution in fewer than 20 seconds and in all

tested cases returns a solution within 5% of the best available solution in fewer than two minutes.
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Chapter 3 creates a framework to provide the North Carolina waste-water treatment facility
the information needed to make investment decisions in the face of competing objectives. We
embellish the REopt® techno-economic mixed-integer linear formulation to include resilience
metrics. We create a multi-objective optimization model to balance the tradeoffs between
minimizing cost and maximizing resilience. Specifically, we are interested in modeling utility
service disruptions resulting from damage caused by hurricanes and coastal flooding.
Additionally, we consider potential disruptions to the diesel fuel supply, which powers the
“business-as-usual” backup generation. We create an array of solutions to provide competitive
options to our clients. Microgirds reduce dependence on diesel which is particularly important
during longer outages when the site would require re-supplies of diesel fuel to continue operating.
We show economic and resilience benefits associated with microgrid procurement. In addition to
decreasing utility dependence, the site can reduce its carbon emissions by 22%, reducing public
health and climate-related impacts.

Finally, Chapter 4 combines ideas from Chapters 2 and 3 to create an optimization-based
framework that enhances community resilience during outages by increasing the reliability of the
electrical infrastructure. We define an energy system that includes emerging co-generational
technologies not present in the other works. The formulation introduces non-linearities to
represent the physical system. Owing to the optimization model’s non-linearities, we develop a
methodology that can produce better solutions than traditional commercial solvers. Specifically,
our procedure yields an average objective function value reduction of 8% and over a 58%
reduction in the optimality gap. Additionally, on average, we expedite solutions four-fold for the
instances we test, allowing governmental organizations to implement affordable and sustainable

measures that enhance the community’s energy resilience and reliability.
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APPENDIX A
CHAPTER 2

A.1 Dynamic Programming Formulation and Algorithm

Notation
Sets
S Set of available states of charge
sy Set of available states of charge accessible ks
Parameters
g electrical demand in periodh (kwh)

xPKWh size of electrical storage system (kWh)
xPW power rating of electrical storage system (kW)
Xg° initial state-of-charge of the electrical storage system (kWh)

Variables
X DS energy sent to storage by technologyt in period h (kWh)
Xﬁ energy purchased in periodh (kWh)
Xge state of charge of storage system in periodh (kWh)
Xﬁfs amount of energy discharged storage in periodh (kWh)

Given the electrical storage system sizex®W") we determine the appropriate set of discrete
states of charge §). Additionally, given the systems power rating (x*V) we determine the states
of charge accessible}) by a previous state of charges. This restricts us to only feasible moves
from one state to the next. Function (A.1a) returns the cost associated with producing and/or
purchasing energy in time periodh to move from current state of charges to s".

Equation (A.1b) de nes the recursive relationship that returns the minimum cost of battery
operation over each of the discrete states of charge. This function is also responsible for
determining (greedily) the amount of energy that would be needed from production and/or from
the utility. The cost function considers both energy and peak demand costs. Omitted from the
math below are simple procedures to return the associated electrical production and purchasing
variables (X ¢ and X °) associated with moving between states of charge. Figure Figure A.1
depicts a set of possible states-of-charge and associated state-space moves that are possible from

hour h to hour h + 1.
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Recursive Functions and Notation

cost(h;s; s") (A.1a)
opt(h;s) = m;r;pfcost(h; s;s") + opt(h+1;sMg (A.1b)
snN2Sg¢

Algorithm 5 Dynamic program procedure to determine optimal electrical storage operations. The
functions charge(); discharge() return the minimum cost charging or discharging (respectively)
strategy for a given ow x[, in hour h.

function
Inputs:  S;SE;M ;Hp; @ . discretized states of charge,
. states of charge accessible by previous state of chasge
. months, hours in month m, electrical load in hour h
Outputs:  x@; xP'®; xbs; xdfs . energy purchased from utility,
. energy from grid to storage,
. energy produced to storage, dispatched from storage
Initialize Inputs

for m2M do
for h2H, do
for sP2S do
for s" 2 S§ do
xfsh sP

if xf> 0then

CxBix2ixP®  charge(x]; h)
else

- xds;x¥ discharge(xf; h)

if  Cepn + cost(h;xP%:x¥) < Cgpe then

Update Cost Table
Update Traceback Table
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Figure A.1 An illustrative example of the discretized state of charge and associated possible
moves from hourh to hour h + 1.
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APPENDIX B
CHAPTER 3

B.1 Technical and Economic Parameters

The technical and economic parameters used in the analysis are shown in Table B.1,

Table B.2, Table B.3 and Table B.4.

Table B.1 Combined-Heat-and-Power Parameters

Parameter Value Reference

Prime mover type Reciprocating engine [-]

Size class 100-630 kW DOE AMO [147]
Existing boiler e ciency 80% DOE AMO [147]
Electric e ciency 36% DOE AMO [147]
Thermal e ciency 41% DOE AMO [147]
Prime mover minimum electric loading 50% DOE AMO [147]
Biogas available 41,754 MMBTU/year CFPUA [1]
Capital cost $2,700/kW DOE AMO [147]
Operations & maintenance cost $0.0225/kWh DOE AMO [147]
Biogas cost $0/kWh CFPUA [1]
Incentives None [-]

Note : DOE: Department of Energy; AMO: Advanced Manufacturing O ce; CFPUA: Cape
Fear Public Utility Authority

Table B.2 Photovoltaic Parameters

Parameter Value Reference

Array type Rooftop, Fixed Dobos [148]

Array azimuth 180 Dobos [148]

Array tilt 10 Dobos [148]

DC-to-AC size ratio 1.2 Dobos [148]

System losses 14% Dobos [148]

Capital cost $1,600/kW Vimmerstedt et al. [149]
Operations & maintenance cost $16/kW Vimmerstedt et al. [149]
Incentives None [-]

Note : DC: direct current; AC: alternating current
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Table B.3 Storage Parameters

Parameter Value Reference

Recti er e ciency 96% Patsios et al. [150]
Round-trip e ciency 97.5% Patsios et al. [150]
Inverter e ciency 96% Patsios et al. [150]
Minimum state of charge 20% Patsios et al. [150]
Initial state of charge 50% []

Battery life 10 years DiOrio et al. [151]
Energy capacity cost $420/kWh Wood Mackenzie [152]
Energy replacement cost $200/kWh Wood Mackenzie [152]
Power capacity cost $840/kW Wood Mackenzie [152]
Power replacement cost $410/kW Wood Mackenzie [152]
Operations & maintenance cost $O/kW [-]

Incentives None [-]

Table B.4 System-wide General Economic Parameters

Parameter Value Reference

Analysis period 25 years Vimmerstedt et al. [149]

Net metering limit 1000 kw DSIRE [153]

Wholesale rate $0/kWh []

Host discount rate 4% Vimmerstedt et al. [149]

Electricity cost escalation rate  2.3% Energy Information Administration [154]
Fuel cost escalation rate 3.4% Energy Information Administration [154]
Operations & maintenance 2.5% Vimmerstedt et al. [149]

cost escalation rate
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B.2 Utility Rate

The utility rate is shown in Table B.5.

Table B.5 Duke Energy Progress Large General Service Real Time Pricing Rate [89]

Value Units Applied to

Fixed charges

Basic customer charge 200 $month  Not applicable
RTP administrative charge 165 $month  Not applicable
Large Load Curtailable Rider 50 $month  Not applicable
Energy charges

CBL on-peak 0.04723  $/kWh CBL on-peak kWh
CBL o -peak 0.04203  $/kWh CBL o0 -peak kWh

RTP hourly energy charge adjust- Varies $/kWh RTP kWh
ment
Rider adjustment incremental 0.00764  $/kWh RTP kWh

charge

Demand-side management opt-out  -0.00063 $/kWh Total kWh

Energy e ciency opt-out -0.00701  $kWh Total kWh

Demand charges

CBL on-peak kW summer 21.31 kW CBL on-peak kW

CBL on-peak kW rest of year 16.87 kW CBL on-peak kW

CBL o -peak excess kW 1.14 kW CBL o0 -peak minus CBL on-
peak kW

Facilities demand charge 3.8 kW Total peak kW minus CBL
on-peak kW minus CBL o -
peak kW

Large load curtailable rider credit -54 KW Average demand during
CBL on peak

Standby charge

CHP standby charge 4.36 kW CHP nameplate capacity

Note : CBL: customer baseline load; RTP: real-time price
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B.3 Pricing

The real-time price is shown in Figure Figure B.1.

Figure B.1 Real-time price for 2019
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B.4 Renewable Energy Resource

The solar resource is shown in Figure Figure B.2.

Figure B.2 Northside wastewater treatment plant solar production factor for a representative
year.
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B.5 Model Performance

Model (R ) is implemented in AMPL and solved in AMPL/CPLEX version 12.10.0.0 on a
Dell Power Edge R410 server with two Intel Xeon E5520s at 2.27 GHz 28GB RAM, and 1TB
HDD. We tuned the mode to achieve the best average performance across all cases and scenarios

using the values found in Table B.6.
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Table B.6 Solver Settings

Setting | Value
branch 1
probe 3
mipemphasis 4
mipstartalg 2

The complexities added such as the multi-objective optimization and the new energy tari
result in long solve times. In some instances we are unable to obtain anything better than an 8%
optimality gap after 24 hours. Therefore, we use an iterative approach to generate near optimal
solutions (< 1% optimality gap). In the rst iteration we solve the Linear Programming
relaxation as well as tailored sizing parameters to generate distributed energy resource (DER)
and electrical battery energy storage system (BESS) sizes. We then use the resulting system sizes
as inputs in the second iteration along with enforcing integrality on a subset of the binary
variables. The solution from the second iteration is used as a warm start for the third iteration.
Additionally, in the third iteration, we x the system size variables associated with both the DERs
and electrical BESS and enforce all integrality. The fourth and nal iteration uses the solution
from the third iteration as a warm start and un xes all variables. The purpose of this iteration is
to provide the solver an opportunity to polish the solution as well as obtain an appropriate lower
bound for optimality gap assessment. We specify a max solve time of 600 seconds and a MIP Gap
stopping criteria of 1% (whichever comes rst) for all four iterations. We compute the total solve

time as the sum of solve times from all four iterations which are found in Table B.7.

Table B.7 Average Solve Times in Seconds

Case | BAU | CHP Only | All Tech. | No Diesel
No Outage | 1.7 30.3 810.1 1351.1
Outage 1.8 82.5 813.3 1472.3
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APPENDIX C
CHAPTER 4

C.1 Disaster Cost Components

More than one dozen public and private sector data sources help capture the total, direct costs
(both insured and uninsured) of the weather and climate events. These costs include physical
damage to residential, commercial, and municipal buildings; material assets (content) within
buildings; time element losses such as business interruption or loss of living quarters; damage to
vehicles and boats; public assets including roads, bridges, levees; electrical infrastructure and
o shore energy platforms; agricultural assets including crops, livestock, and commercial timber;
and wild re suppression costs, among others. However, these disaster costs do not take into
account losses to natural capital or environmental degradation; mental or physical
healthcare-related costs, the value of a statistical life; or supply chain, contingent business
interruption costs. Therefore, our estimates should be considered conservative with respect to
what is truly lost, but cannot be completely measured due to a lack of consistently available data

[99].
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C.2 Taxonomy Feeders

Table C.1 Summary of distribution feeders used to create electrical load pro le. Data obtained
from the Open Energy Data Initiative https://openei :org/datasets/ les/968/pub/individual _les/
and sourced from work by Schneider et al. [3].

Feeder | Community Description Annual Electrical Demand
(kWh)

R1-1247-2| Moderate suburban and light rural 4,905,544

R1-1247-3| Small urban center 2,589,839

R1-1247-4| Heavy suburban 14,586,540
R1-2500-1| Light rural 9,577,933

R2-1247-1| Light urban 34,316,316
R2-1247-2| Moderate suburban 24,148,877
R2-2500-1| Moderate urban 64,973,641
R3-1247-2| Moderate urban 31,760,229
R4-1247-2| Light suburban and moderate urban | 11,047,930
R4-2500-1 | Light rural 12,409,270
R5-1247-1| Heavy suburban and moderate urban| 47,010,268
R5-1247-2 | Moderate suburban and heavy urban | 35,584,108
R5-1247-4| Moderate suburban and urban 33,908,450
R5-1247-5| Moderate suburban and light urban 31,886,294
R5-2500-1 | Heavy suburban and moderate urban| 63,259,096
R5-3500-1| Moderate suburban and light urban 43,247,521
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C.3 Additional Solid Oxide Fuel Cell Costs

Assumptions

" U.S. Energy Information Administration [141] estimates \owner costs" though the
applicability of those to this context is unclear: \typically include development costs,
preliminary feasibility and engineering studies, environmental studies and permitting, legal
fees, project management (including third-party management), insurance costs,

infrastructure interconnection costs (e.g., gas, electricity), and owner's contingency."

O&M costs from U.S. Energy Information Administration [141] are orders of magnitude
di erent from Battelle Memorial Institute [142] as the former estimates are much more

inclusive.

High capital cost case assumes high equipment costs and a high sales markup.

Costs over time are based on the assumption that production volumes increase, reducing the

costs of production.

Equipment cost includes the cost of heat recovery equipment for combined heat and power

and sales markup.

Costs assume a 5% discount rate, but given current economic conditions, a higher value may

be more appropriate and would increase the low and medium case xed O&M.

With all sources pooled together, there was agreement that production volume matters for
costs, but not system size (except at very small system sizes, 1 kW and 5 kW, which we do

not consider in the model).

The levelized cost of energy (LCOE) estimates only factor in the electricity delivered, not
the heat energy, assuming a 5% discount rate, a 10-year system lifetime, a 5-year stack and

inverter replacement, and a capacity factor of 93%.
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Table C.2 Projected costs of solid oxide fuel cells.

Based on these assumptions, we estimate fuel cell costs and report them in Table C.2.

Scenario 2020 | 2030 | 2040 | 2050
Production (units/yr) 100-500| 500-1k | 1k-10k | 10k-50k
Capital cost High 17,245 | 7,221 | 5068 | 4,967
) Medium 5425 | 4318 | 3007 | 2712
Low 2384 | 1946 | 1902 | 1813

Equipment cost | 19N 16,000 | 6,000 | 3,896 | 3,818
W) Medium 4800 | 3818 | 2557 | 2312
Low 1984 | 1546 | 1502 | 1413

. High* 934 | 795 | 731 | 692

goif (;qk%me”t Medium 471 | 462 | 453 | 444
Low 167 | 162 | 157 148

netallation cost | HiON 1245 | 1,221 | 1172 | 1,149
(W) Medium 625 | 500 | 450 | 400
Low* 400 | 400 | 400 | 400

High 318 | 318 | 318 | 318

FOM ($/kW/yr) | Medium 217 | 156 | 147 133
Low 167 | 138 | 129 116

High 0.092 | 0.090 | 0.088 | 0.086

VOM ( $/kWh) Medium 0.047 | 0.046 | 0.045 | 0.044
Low 0.002 | 0.002 | 0.002 | 0.002

High 0405 | 0.244 | 0.207 | 0.204

LCOE; ($kwh) | Medium 0.160 | 0.134 | 0.111 | 0.103
Low 0.060 | 0.050 | 0.048 | 0.045

Note: *Represents cost values for systems of projected size of 50kW or less. CHP: combined heat and power, FOM:
Fixed operations and maintenance cost, VOM: Variable operations and maintenance cost

LCOEj is the levelized cost of energy for technology, at a life expectancy ofi, where AEP is

the annual electricity production, and is computed as:

REICEE FOM

LCOEij =

Va+ i

1

+VOM

AEP
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Figure C.1 shows the projected costs over time for each category: high, medium, and low. The

purple circle shows the value we use for our modeling e orts.

Figure C.1 Levelized Cost of Energy for Solid Oxide Fuel CellsProjected levelized cost of energy
for power-only solid oxide fuel cells. Projections extend to 2050 based on the values found in
Table C.2.
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