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ABSTRACT

Renewable energy is a growing industry, and new technologjigresent unique challenges
for both large and small energy systems. Concentrating solpower plants utilize
thousands of mirrors to direct sunlight to a collection are# heat a thermal transfer uid,
which can then be stored or used immediately to create eleicity with a traditional steam
power-generation system. The varying amounts of solar resoes force plant operators to
cycle the power system on and o and use dispatch strategielsat can cause extra wear
and tear on the components. In order to improve plant operaig strategies, we develop a
failure and maintenance simulation model for the power syam that is integrated with a
mixed-integer program that optimizes the dispatch of eledtity. We evaluate several
operating strategies in order to maximize pro ts while acamting for long-term
maintenance costs; the strategies we create increase saleabout $3 million over the life
of the plant compared to those espoused in prior research. Newe consider the problem of
how best to wash the thousands of mirrors that lose re ectilg and therefore reduce plant
e ciency, due to soiling. We formulate a mixed-integer norihear program to determine the
number and type of wash vehicles to use, accounting for puesge and washing costs and
the loss of revenue due to soiling on the mirrors. We developdacomposition technique to
quickly provide solutions that save hundreds of thousandd dollars per year.

Other renewable energy systems can be used in commercialldings, and incorporate
combined heat and power, to lower electricity and heating sts, and provide resilience
from power outages. We apply a temporal decomposition to impve solve times for a
mixed-integer program that determines the best mix and usd cenewable technologies in a
commercial building. Our methodology enables users to selthe model to an acceptable

optimality gap on the order of minutes instead of hours for diult-to-solve instances.
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CHAPTER 1
INTRODUCTION

In 2019, the world saw the largest growth in renewable energgpacity in history,
helping to reduce carbon dioxide and other green house gafHs Using renewable energy
and storage technologies to generate electricity and meetrdand has many bene ts
including reducing costs, improving resilience to power tages, and helping the
environment. These technologies provide scalable powettiops, including large 100 MW
power plants supplying electricity to a region, and individal buildings meeting the needs
of its residents. This dissertation presents three reselrpapers that demonstrate using
operations research techniques to optimize renewable egyepower systems in two settings:
a power plant and a commercial building. The rst paper, presnted in Chapter 2,
describes an optimal operating strategy that maximizes aicity sales while considering
long-term wear and tear on components of a concentrating aolpower plant.
Concentrating solar power plants use thousands of sun-tkang mirrors to heat a thermal
transfer uid that can then be used to generate electricityn a conventional steam power
system. These plants use thermal energy storage which erebthe dispatch of electricity,
day or night. The intermittent nature of sunlight due to nighttime and clouds, and
short-term goals that maximize pro t by producing electrigty during high-value hours,
force plant operators to turn the power system on and o, andamp generation up and
down. This cycling and ramping increases the wear and tear @@amponents and raises
maintenance costs in the long term. We create a maintenancedafailure simulation that
we integrate with an existing electricity dispatch mixed#teger program, in order to
determine operating strategies that maximize pro t while onsidering future maintenance
costs. Our results, using an existing plant case study, intite a potential savings of about

$3 million over the life of the plant compared to current indusy recommendations. The



resulting paper,Using Simulation to Inform Policies Derived from a Concentrating Solar
Power Plant Dispatch Optimization Modelhas been submitted toAnnals of Operations
Research The dissertation writer's contributions to this paper indude helping develop the
maintenance and failure simulation, integrating the simwation with the dispatch model,
and conducting a design of experiments to determine the begperating strategy for an
existing power plant.

Soiling from dust and dirt degrades the re ectively of the mirors in the solar eld of
the concentrating solar power plant. Soiling can cause as ofuas a 10 percent reduction in
re ectively in a single day [2], which reduces the amount ofdat that is captured by the
thermal transfer uid and the amount of revenue that can be emed by generating
electricity using that uid. Washing the mirrors improves their performance and allows
more sunlight to be collected, resulting in more pro t, but @an be an expensive procedure
due to the equipment, water resources, and manpower expesngevolved. Current industry
practice purchases and uses vehicles in ad hocfashion to clean the mirrors, and incurs
signi cant costs for these operations in locations where W& and manpower expenses are
high.

The second paper in this dissertation, presented in Chapt&; focuses on optimizing the
size, mix, and assignment of wash vehicles in order to minimgi losses due to soiling and
the costs of washing operations. We develop a mixed-integesnlinear program that
determines wash vehicle eet size, mix, and assignment of stacrews to mirrors to
minimize the sum of (i) the revenues lost due to mirror soilg, (ii) the costs of hiring wash
crews and operating the vehicles, and (iii) the costs of purasing wash vehicles. We
establish conditions for convexity of the objective functin, and then propose a
decomposition method that enables near-optimal solutiorte the wash vehicle sizing and
assignment problem on the order of a couple of minutes. Thesalutions yield hundreds of
thousands of dollars in savings per year over current indugtpractices and we provide new

insights to a signi cant problem by modeling it in an innovatve manner and developing a



technique to solve it quickly to near-optimality. The resuling paper, Optimizing Vehicle
Fleet and Assignment for Concentrating Solar Power Plant Mirror Washings planned for
submission tolISE Transactions. The dissertation writer's contributions to this paper
include helping formulate the mixed-integer nonlinear pgram monolith and
decomposition, evaluating the performance of the monolitfiormulating the mixed-integer
program master problem, and applying the decomposition mebdology to three case
studies using several di erent parameter settings.

Renewable energy technologies can also be used on a smatiales such as decreasing
costs, improving resiliency, and meeting electricity anddating demands of a commercial
building. The National Renewable Energy Laboratory's REopt.ite™ web-based
application with an underlying mixed-integer linear progam, allows users to determine the
size, mix, and use of renewable energy and storage techn@eguch as solar photovoltaics,
wind, and batteries, in order to reduce costs and/or increasresiliency to power outages.
Including the option of a combined heat and power system anthérmal storage increases
the time to achieve an acceptable optimality gap of Reopt Lé to several hours in some
instances. The nal paper in this dissertation, presentechi Chapter 3, applies a
reformulation and temporal decomposition of REopt Lite in aler to decrease solve times.
We reformulate REopt Lite into a time-block-separable modeand apply a decomposition
technique that uses block subproblems, solved in paralléd, iteratively generate lower and
upper bounds until an acceptable gap is reached. Our methddgy improves the solve
time and optimality gap on all instances evaluated and di cdt instances reach an
acceptable gap on the order of a few minutes instead of sevdraurs. The resulting paper,
Decomposing a Renewable Energy System Design and Operation Optimization Maxlel
planned for submission to theEuropean Journal of Operational ResearchThe dissertation
writer's contributions to this paper include reformulating REopt Lite as a block-separable
model, developing the lower bound and upper bound subprobis, building the necessary

data structures to solve the subproblems in parallel, creiag the convergence algorithm,



and applying the methodology to case studies using data frothe National Renewable
Energy Laboratory.

Chapter 5 concludes and presents future research.



CHAPTER 2
USING SIMULATION TO INFORM POLICIES FROM A POWER PLANT
OPTIMIZATION MODEL

This paper has been submitted tcdAnnals of Operations Research
Jesse G. Wale's?, Alexander J. Zolar?, William T. Hamilton 3, Michael J. Wagne?,

Alexandra M. Newmar*
2.1 Abstract

Optimizing short-term decisions over a rolling horizon cafead to an excessive number
of unplanned events if the operating policies on which the disions are based do not
consider long-term adverse e ects. Scheduling models imgorate the impact of decisions
via deterministic penalties, which do not fully charactede the stochasticity of failures and
their consequences. We present a methodology that integeatan o -line optimization
model with a simulation procedure to determine the pro tablity of di erent operating
strategies; speci cally, the latter is used to generate aditbnal constraints for the former
when failures occur according to component operating lifetes that (i) are subject to
exogenous uncertainty, and (ii)) may degrade more quickly der speci c operating
conditions. We use the feedback provided by the simulationadel in a parametric analysis
to obtain penalties that can be used in short-term operatianscheduling to maximize the
long-term revenues obtained by the optimization model. Wepply this research to a
concentrating solar power plant; our results show that the ethodology can be used to
choose an operating policy that balances maximizing pro t hile managing maintenance

costs.

1pepartment of Mechanical Engineering, Colorado School of Mines, GolderGO 80401
2Ph.D. Student

3National Renewable Energy Laboratory, Thermal Energy Systems, Golden, CO 80401
4Professor of Mechanical Engineering, Author for correspondence



2.2 Introduction

Engineered systems su er from unplanned interruptions wise frequency depends on
operating decisions such as how often to start and stop maohkry, how fast to change
output, and whether to exceed recommended operational thaieolds. When only a
short-term forecast is available for key input parametersush as weather and pricing,
deterministic optimization su ers from myopia in prescribng these operating decisions to
maximize pro ts or to minimize makespan. In turn, this can case an increase in
unplanned events or system degradation in the long run. Peli@ng certain behaviors in an
optimization model can limit long-term damage if there is a tkown relationship between
operating policies and unplanned system events [3]; howeveommonly used penalties that
re ect estimated losses may not yield optimal operating desions when the total time
horizon is much longer than that of the rolling interval. We e@velop a methodology to
evaluate those penalties by integrating a simulation with @ optimization model in order to
account for long-term impacts due to decisions made over acstiterm rolling horizon. We
consider a system in which operating policies a ect failureates of components with
operating lifetimes that are subject to exogenous uncertainand may degrade at an
accelerated rate according to operational decisions.

Many optimization models addressing the scheduling of emgiered systems do not
consider stochastic interruptions, e.g., [4{6]. We impleent a procedure to simulate failure
events that result in constraining certain variables, suchs limiting capacity or operations,
when provided operating decisions from an optimization medtias input. In particular, we
simulate large component failures and maintenance eventsat may be pre-speci ed (e.g.,
a maintenance event occurs for every ve thousand hours of @@tion) or stochastic in
nature (e.g., component failure inter-arrival times are eponentially distributed with a
mean time of 10,000 hours of use).

This research applies to systems that: (i) have stochastinterruptions, i.e., have

unplanned debilitating events that are known to occur, but Wwose exact timing is



probabilistic; (ii) possess degrees of freedom as to how yhere operated; and (iii) are
solved over a rolling horizon. For example, a system couldperience component failures,
have choices on how quickly to consume a limited resourcegls@ptimal decisions over two
days, and then let the state of the system after one day serve aput to the next two-day
optimization problem.

One example of such a system is obtained by the capacitated-fizing and scheduling
model discussed by Ramezanian et al. [7], which incorporatmachine availability via
structural constraints in a multi-stage setting. They sole the problem over a rolling
horizon, while considering preventative maintenance agtties, which our methodology also
does, but via a simulation model, providing more accurate tamates of machine utilization
and subsequent analysis of operating policies.

Another application is optimizing the dispatch of a power plat. There is an increasing
need for power systems to frequently start up, shut down, an@pidly increase power
production both to maximize prot (by coordinating generation with peak pricing times)
and to compensate for the rising share of variable renewatdaergy sources. Thigycling
and fast ramping causes increased wear and tear on the components of the poplant
when compared to baseload, i.e., steady state, operatio®$. [Though previous research has
focused on optimizing the dispatch of electricity to maxinze pro ts [6], there is a need to
better quantify the impact of di erent dispatch policies, which are controlled via penalties,
on long-term availability.

We apply our methodology to a case study concerning a concettng solar power
(CSP) plant, a novel technology that is becoming increasihgprevalent as a renewable
energy source [9]. We integrate a maintenance and failurensilation with an existing
dispatch mixed integer program using a rolling horizon sdiwn method in order to provide
a more realistic dispatch schedule (versus a schedule thaie$ not account for component
availability) and the ability to quantify the maintenance and failure impacts of di erent

dispatch policies. These dispatch policies can then be usedsupport near-term on-line



(current) operations that consider long-term e ects.

The rest of this chapter is organized as follows. Section 2@&views the literature of
failure rate assessment and optimization over a rolling hiaon. Section 2.4 details our
methodology in a general sense and how it is adapted for usehna CSP plant as a case
study. Section 2.5 presents the results of implementing ouarethodology with a CSP plant.

Section 2.6 concludes.
2.3 Literature Review

Simulation optimization is commonly used for cases in whidihe true objective function
of a collection of decision variables is unknown, but may betenated using simulation
[10{12]. In stochastic programming approaches that alteaie between sampling and
optimization, Monte Carlo techniques are used to generateuttiple sample paths for
uncertain parameters. These realizations then serve as utgo an optimization model that
obtains decisions, as well as statistical lower and upper lnads. Additional sample paths
may be generated in a second procedure that assesses salufigality via statistical upper
and lower bounds [13], or in an iterative fashion within a layer procedure [14]. Other
simulation-optimization approaches evaluate a stochastblack-box function for an initial
solution, and then decision variable values are altered kér by exhaustion of a pre-de ned
collection for ranking and selection [15], or by a search, wh may be (i) tailored toward
building a response surface [16], (ii) random [17], (iii)) gdient-based [18], or (iv) according
to a metaheuristic [19]. The search terminates when every §gible decision is evaluated or
there is a failure to improve after a prespeci ed number of eluations. While we
implement a parametric analysis that can be categorized asranking and selection
procedure, and we optimize over samples of failure eventsir @approach di ers from these
classes of methods because decision variable values undigial conditions serve as input
to the simulation, and if any failure events occur, then the gimization model re-solved,
starting from the time of failure. This cycle of optimization and simulation continues until

no new failure events occur.



Some simulation-optimization research involves the use afrolling-horizon solution
approach, in which a simulation produces one run per time k. In [20], simulation is used
to generate demand realizations, and then solve mixed-igier programming subproblems
in each time block to obtain safety stocks for a supply chain amagement problem.
Alternatively, a heuristic scheduling policy with simulaton can generate delay realizations
to obtain new schedules via a metaheuristic for a yard cranereduling problem [21].
These applications possess the characteristic that deoiss for each subproblem (i.e., time
block) are optimized and evaluated exactly once. By contrgsour approach requires an
initial optimization run to determine the operating schedle and any possible events, and,
if a spontaneous failure occurs, then the corresponding paf the subproblem is
re-optimized and re-simulated. Another approach is onlineptimization [22, 23], which has
the advantage of not requiring probabilistic assumptionsrouncertain model parameters.
In some settings, constant-factor, worst-case performamguarantees can be derived. The
downside of this approach is that the resulting solutions cabe conservative.

Markov systems are used when the system can be characterizsdpossessing a
\memoryless" process for failures [24]. Multiple works uddarkov chains or a state-space
method to calculate steady state failure rates, e.g., [256R In [27], the state-space method
is used to provide a set of probabilities of the system being a certain state at any point
in time, identify the most frequently occurring failure stdes, calculate availability and
reliability of the system, and produce estimates of systenost, pro t, and output.

Many factors in uence the failure rates of components in a peer plant, such as
thermo-mechanical fatigue, creep, corrosion, plant cyolj, and fast ramping [28]. The
majority of models in the literature separate the power planinto a collection of system
components and simulate the operating states (such as fulbyperational, partially
operational, not operational) in order to conduct analysi®r optimization. The stochastic
nature of component lifetimes, repair times, and failure pbabilities leads to the use of

Monte Carlo simulation, a process of repeating an experintemany times with randomly



generated values for unknown parameters and using the disttions to characterize the
system [29]. Borgonovo et al. develop a Monte Carlo simulati of components in an
industrial plant to evaluate the e ects that di erent maint enance and part renewal
strategies have on component availability, costs, agingnd obsolescence [30]. In [31], a
similar process is used to model component failures that airgegrated with a genetic
algorithm to optimize plant revenue, including pro ts and maintenance costs. The use of
Monte Carlo simulation to generate constraints that allowdr response to disruptions
within an optimization model is also commonly used used fopntingency analysis of power
systems, e.g., [32{34]; however, these simulated contingees (and their probabilities) are
known to the decision maker, whereas our approach assumeattbnly spontaneous failures
take place.

Tia et al. develop an adaptation of a simulation to deternme a minimum-time startup
sequence for a combined-cycle power plant [35]. The goal lbéir work is similar to ours in
that we also develop a simulation that is integrated with an ptimization model; however,
we consider spontaneous component failures which have sathat change based on the
operating decisions. A variety of researchers examine thapact of cycling and fast
ramping on the wear and tear of traditional power plants as ty adapt to meet the
variable demand due to increases in renewable energy soaroa the grid and deregulated
energy markets, e.g., [36{40]. In [41], industry data is uddo quantify the cost of cycling
the power plant, both nancially and via increased expectedorced outage rates.

Most research identifying failure and repair rates is relad to organic Rankine cycles
and combined-cycle gas turbine power plants, e.g., [25, 4&imilar to our research, other
authors investigate the trade-o between plant operationshat maximize pro t using peak
pricing targets and the negative impact this strategy can hea on the frequency of critical
component failures. Mirandola et al. modify components' egvalent lifetimes due to
cycling or fast ramping by conducting analysis of a design drthermodynamic simulation

under di erent dispatch strategies [36]. Their research dirs from ours in that it is focused

10



on superheater pipes in a coal power plant and they use exmggisimulators to model
component structural reliability. Aminov and Kozhevnikov ealuate fuel and turbine
overhaul costs of a gas turbine power station under varyinggpatch decisions [40]. They
use a procedure, similar to ours, whereby the equivalentdifme of a component depends
on its number of starts; but they use a search algorithm for dermining gas-turbine power
station dispatch, whereas we use a mixed integer program andnsider a CSP plant.
Santos and Uturbey develop a mixed-integer nonlinear prograta optimize the dispatch of
a combined heat and power plant [43]. They model maintenancests by applying a
constant penalty to each startup and shutdown. Liu et al. eghate prot ranges of a
virtual power plant using a deterministic dispatch model ad solving three instances for
which all uncertain parameters are set to the (i) midpoints(ii) upper bounds, or (iii) lower
bounds of their assumed ranges [44]. They model maintenarmmwests as linear functions of
subsystem outputs. While there is signi cant overlap betweeprevious research and our
application, there are critical di erences in operation. Dspatch decisions in a CSP plant
must consider varying solar and weather conditions, whicthange the amount of
dispatchable thermal storage and increase the need for agpg and fast ramping.
Additionally, much of the current research only considers nuteling a few components
instead of all critical subsystems in a power plant.

A CSP plant maximizes pro t by optimizing a dispatch schedu¢ according to pricing
pro les, weather conditions, and thermal energy storagertiitations [6]. This introduces
decisions regarding how often to start and stop the CSP plamtiower cycle or how quickly
to ramp up generation to meet peak pricing times, while miniming maintenance costs and
downtime due to failures. Wagner et al. optimize the dispakcof a CSP plant with thermal
storage using a mixed integer program and consider the impa®f operating decisions on
maintenance by including penalties for startups and rampg Our research uses a
deterministic dispatch model similar to that of [6], but raher than using a constant

parameter that penalizes a subset of dispatch decisions imet objective function, we let the
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dispatch decisions serve as input to a simulation procedun&hich, in turn, generates
component failures.

Several papers discuss CSP system modeling and remark onrtiperformance and
e ciency, but lack in-depth discussion of reliability [45{47]; similar work has been done on
combined-cycle plants [28, 42]. Other papers discuss relidy, but are concerned with
optimizing plant design and operational scenarios, such §8]. Similarly, [39] analyze
turbine lifetimes and cost expenditures of CSP systems witkarying amounts of thermal
energy storage. To the authors' knowledge, to date, there m® research evaluating the
impact that operational decisions have on component relidily when determining an
optimal dispatch schedule at hourly delity. Our research ombines a model that simulates
failures with a mixed integer program that optimizes dispath decisions to maximize pro t.
We perform a Monte Carlo simulation with these integrated maels in order to develop
more accurate power generation policies that consider cooment wear and tear, and to
characterize the e ects of cycling and ramping on both reveiles and unplanned
maintenance events.

A separate line of research includes condition-based manance of power systems for
cases in which the condition of plant components can be assss via sensor data to
generate remaining lifetime distributions. Yildirim et al. develop a framework for
condition-based maintenance [49], and then optimize maemnance and dispatch operations
simultaneously [50]. This work is extended by [51] to incledunexpected failures, and then
the assumption of decision-dependent uncertainty [52]. Bause we do not include any
monitoring of component conditions in our application, we @ not consider any
condition-based maintenance decisions, and restrict ounalysis to the e ects of dispatch
model parameter values on expected failures.

Our contributions include a methodology for integrating adilure simulation over a
rolling horizon, such as 24 hours, and a procedure that evakes the impact of changing

penalties that are used to reduce the frequency of operat®ithat cause wear and tear.
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The outcome of this research is an operating policy that canehused in near-term
operations scheduling that considers long-term impacts.e&ion 2.4 presents our
methodology and an application to a CSP plant. Section 2.5 deribes a procedure for

using our methodology to choose penalties.
2.4 Methodology

This section describes the general methodology, then tatoit to a case study of a CSP

plant with thermal energy storage.
2.4.1 General Methodology

Our methodology integrates a stochastic event simulationithh an optimization model
as follows. An optimization model, hereupon referred to a®©|), is solved over a time
interval that is much less than the entire time horizon, to otain short-term operational
decisions for a system; using the terminology from [5], wefee to the shorter interval as
the prediction horizon, and we refer to the longer interval as thescheduling horizon A
simulation model, hereupon referred to asS), then uses the decisions fromd) to generate
component maintenance and failure events. If an event oceurO) is updated to re ect
the changes to the system, after which it is re-solved from ¢htime of the event through
the end of the original prediction horizon; then, §) is rerun using the decisions after the
event. This continues until (S) returns no new events. At this point, the prediction horizo
advances such that the end state of the system serves as tharshg state for the next
instance of O) and (S), which we then solve in the same manner. This rolling-hon
solution method continues until the occurrence of events @revaluated and operational
decisions are determined for the entire scheduling horizomhe iterative approach for
determining failures in ) and subsequently re-running the model@) is an important
distinguishing factor for our work in comparison to othersand allows the failure events to

participate in the prescriptive model rather than simply toremain descriptive.

13



Optimization Model (  O)

We present a generic formulation for@) to describe our methodology. Lefl be the
collection of time periods in the relevant interval. Then, mdel (O) chooses values for the
vector X, out of a set of feasible decisions;, fort 2 T . Through the objective function in
(2.1a), we seek decisions that maximize a pro t functiof () minus a penalty functiong( ),
while adhering to the capacity constraint (2.1b) speci cd{, and the remaining feasibility

constraints (2.1c).

Sets

T time periods

Xi: feasible operational decisions at time
Parameters

Q:: system capacity at time t

Variables

Xt - vector of operational decisions at timet
Functions

f(): prot

g(): penalty for stressing system
h(): resource consumption

(O) Formulation

X

max (F(x0)  9(xt)) (2.1a)
t2T

subject to:
h(x;) Q:8t2T (2.1b)
X¢2X:8t2T (2.1¢)

Our methodology uses model@) to obtain operational decisions for a system. Objective
function (2.1a) could take the form of maximizing pro ts, mnimizing costs, or minimizing
makespan, for example. Constraint (2.1b) restricts the cagity of the system for each
periodt. Constraint (2.1c) provides restrictions based on systemacgency, inventory, or

other considerations. We consider cases @) that are successively solved to determine

14



time-based decisions (such as hourly) over a rolling horizgsuch as a day) for a long
operating time frame (such as a year). Rolling horizons haleeen used to address the
intractability of solving the full-length problem, as desabed in [7], or the lack of long-term
forecasting for some parameters (such as weather), as in [6he rolling-horizon method
was rst developed by [3] and is applied to a variety of applations, including network
revenue management [53], queueing theory [54], and micridgdesign [5]. These models
can be used for long-term planning decisions, such as evdiing system designs.

We assume that some operating policies such as starting updashutting down
excessively, or ramping up production quickly, lead to inelased operations and
maintenance costs and system interruptions. In order to agant for the long-term impacts
of these mechanically harsh operating policies, penaltiase imposed on the objective
function, such as a cost per startup or cost per unit increase production, as represented
by the function g( ) in objective (2.1a). The magnitude of the penalties shoulde chosen
with care to balance the objective with long-term operatios and maintenance costs, and
reduced reliability. If the penalty is too small, ©O) provides a solution that overestimates
the objective (such as prot over a system life) because thegerating policy does not
account for future losses due to maintenance and interrupts. If the penalty is too large,
(O) provides a solution that underestimates the objective baase the operating policy fails
to exploit near-term pro ts for the sake of avoiding long-tem losses that are unlikely to
materialize.

Simulation Model (  S)

Model (S) generates changes to the system's capacity and/or e ciegcdue to the
failure of critical components (e.g., heat exchangers, gaators, machines, pipes, belts),
which, in turn, a ect the parameters of model Q) such that re-optimization of operational
decisions is required. We assume that components in the st may fail in a variety of
manners, i.e., a component may have multipl@ilure modes[55]. Failures may occur after

a certain number of operating hours or startups; for the forer, we usdifetimes, which are
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represented by continuous random variables, and for the tat, we usefailure probabilities
which represent the number of starts before a failure occuusing a geometrically
distributed random variable.

We initialize model (S) by providing a lifetime or failure-probability realization for each
failure mode, by either (i) generating a uniform [p1] random number and evaluating the
inverse of the random variable's cumulative distributiondnction at that point, or (ii) using
an acceptance-rejection technique that directly producesriates of the random variable's
distribution (see [29]). While these lifetimes are su cientto simulate component failures
under typical operating conditions, studies such as [41]ade that adverse operating policies
can cause accelerated wear and tear on components. Our mekblogy obtains operational
decisions from model @) as input to model (S), and treats the state of components in the
system as a non-stationary stochastic process, introdugia hazard ratefor each
component that changes with speci c operational decisionwhich serves as a multiplier for
the degradation of every failure mode. The hazard rate is ub¢o e ectively increase the
failure probability of components. For each time period ofperations, component lifetimes
are reduced by the product of the period length and the hazangte, e.g., if a component
has a hazard rate of 11, an hour of operation reduces a component's lifetime by oheur
and six minutes. Similarly, for system starts, an acceptaeerejection test is performed for
each failure probability by generating a uniform [0,1] ranoim number; the component fails
if that number is less than the product of the failure probabity and the hazard rate.
Hazard rates are initialized to 1 for new components, and aredreased permanently when
operations stress the system, such as exceeding an outputeithold or starting the system.
For example, in this setting, the number of failures causedyla component's loss of lifetime
can be characterized by a non-stationary Poisson processhié lifetime is an exponentially
distributed random variable and the operating decisions ar xed, and may be implemented
in a manner similar to that presented in [56]; however, we appour procedure to lifetimes

with other probability distributions in the case study we pesent in Section 2.5.
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When a component fails, model{) generates a repair time and a new lifetime for the
replacement component. We assume that a component's repéime is a continuous
random variable, and we use the same technigues to generaa@dom variates of these
distributions as we do for lifetimes. The failure of some cqmonents (e.g., a generator) may
preclude system operations during repair; others may limgystem operations by imposing
a capacity and/or an e ciency degradation, but still allow the system to operate when

they fail. Failures yield one or both of the following:

" a capacity degradation, resulting in a newelative capacity, if the failure of a

component reduces the maximum output of the system;

" an e ciency degradation, resulting in a newrelative e ciency , if the failure of a

component reduces the e ciency of the system.

Model (S) outputs the system's relative capacity and relative e ciency for each time
period, which are inputs to ©). Figure 2.3 in Section 2.4.2 presents a depiction of a faikur
and repair simulation for the power plant used in our case dtiy.

Integration of Models ( O) and ( S)

To implement the capacity and e ciency reduction constrairs in (O), model (S)
creates a relative capacity parametei; ", which is integrated into the capacity constraint
in (O), shown in constraint (2.2). Constraint (2.2) representsmoperations constraint that
limits the function of thermal energy used by the power cycl® a capacity amountQ; in
each periodt; we add the parameter=" to further limit the capacity due to a failure
occurring. For example, a failure could cause the system tperate at 80% capacity in
time period 10, which would result in the constraint:h(x;9) 0:80 Qqo. A relative
e ciency parameter, F° , is applied to relevant constraints or to the objective by

modifying the pro t function shown in (2.3).

h(x)) F& Q, 8t2T (2.2)
fxe)! f(x:F) (2.3)
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where,

FS @ relative capacity at time't
F. : relative e ciency at time t

The decisions from each time period (such as an hour) fror®) within a prediction
horizon provide input to the simulation model §). The decision values for each time
period are evaluated by §). If a failure occurs, then §) stores the state of the system and
all components, and Q) is re-solved for the time periods after the failure (or, reolved for
the same prediction horizon, but with all decisions up to théime of the failure xed to
their previous values); relative capacity and e ciency paameters are degraded from the
time of failure until the repair is complete. These new deén variable values are then sent
to (S), which resumes simulating events from the previously saletate, and the process is
repeated.

Figure 2.1 depicts how the optimization model®@) and simulation (S) are iteratively
solved. In this owchart, the prediction horizon has length , and the scheduling horizon
has lengthT. The input to the process includes the parameters and conaints for (O),
such as unit prot per time period t, and parameters for §), such as component failure
rate distributions. The process includes solving subpradhs containing time periods
betweens and f, which represent the start and end of the prediction horizgrrespectively.
We initialize s=1 and f'= and solve Q) to obtain operational decisions for periods
t 2 fs;::;f9. The decisions serve as input toS), and the same periods are evaluated for
system interruptions or repair completions. If a new eventazurs in the time interval
fs;:::fg, we sets equal to the period of failure and we save the state of the sgsh up to
the period of failure in (S), and parameters in Q) are updated, i.e., we degrade capacity
and/or e ciency for the system starting at the period of failure until the repair is
completed. We then again solve@) for periodst 2 f s;::::fg. This continues until (S) fails

to produce a new event. Next, the prediction horizon advanceise., s is set tof'+ 1, f'is
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incremented by , and the procedure above is repeated. The process nishesentithe end
of the scheduling horizon is reached, i.ef,= T. Section 2.4.2 describes an implementation

of this process.

Inputs:
Rolling horizon interval 7; total operating
horizon length T; parameters and constraints tet+1
for model (0) for all periodst € {1, ...,T}; s« t+1
parameters for model (S ). vy
sl ter
¢ No
AL Update parameters of
Solve model (0) to obtain . Itnodel t(O) for new
operations decisions for periods [« interruption or repair t+1=2T17
tE€{s, ...} Let s be the period of
T the new system
change.
Yes
v J
Run model (S ) to obtain system -
interruptions or repair Netw c.hange to system Outputs:
completions in periods (ie., Interruption or Operations decisions
t€{s, ..t} epair completed)? for model (0), for all

periods t € {1, ..., T}.

Figure 2.1 A owchart of the general methodology of integratig an optimization model with
a maintenance and failure simulation.

One of our contributions is the act of \surprising” the optimzation model with
component failures. Re-solving@) after the event occurs and keeping the decision variable
values xed before the event does not allonwd) to optimize around the event. This adds
realism because@) should not have clairvoyance regarding the occurrence dgbshastic

events.

2.4.2 Methodology Applied to a Concentrating Solar Power Plant

This section describes an application to a CSP plant that isugable for our
methodology because: (i) it is advantageous to maximize prdy generating electricity
during peak pricing times; and (ii) there is a need to protecthe components from

excessive wear and tear. We begin by providing an overviewafCSP plant. We then
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describe the existing model we use fof() and the simulation procedure §) that we
develop. Finally, we describe howS) integrates with the model representing @) using a
rolling-horizon solution method.

CSP Plant Overview

In a CSP tower system, shown in Figure 2.2, the sun's rays areeeted by a large
collection of heliostats, i.e., mirrors, onto a receiver ahe center of the collector eld. The
receiver heats up molten salt that is either used to generatdectricity immediately, or
stored for later use. Though other CSP technologies existge parabolic trough and linear
Fresnel systems, we focus on a power tower system with thednséorage because of its
commercial relevance and exibility in dispatch. The systen generates electricity via a
steam-Rankine cycle, in which the stored thermal energy (ithe form of heated molten
salt) is used to convert water to superheated steam via a sesiof salt-to-steam heat
exchangers; these are depicted in Figure 2.2 as the preheasmaporator, superheater, and
reheater depending on the thermodynamic state of water witlh Commercial-scale CSP
systems can have multiple series of salt-to-steam heat e&dgers ortrains in parallel to
maintain a feasible size and cost of the individual heat exahgers. By design, the
steam-Rankine cycle requires all trains to operate at maxum capacity and e ciency. In
the event of a heat exchanger failure, the train containinghie failed component can be
isolated from the cycle, which allows for continued operatn at a reduced capacity and
e ciency. Once heated, the steam passes through one or moraultir-stage turbines to
generate electricity, then to a condenser where heat is refjed from the steam until
condensation occurs and liquid water can be collected in tlendensate tank and pumped
back to the steam generator. Figure 2.2 depicts the major compents in a molten-salt
power tower system. Several components are not shown for theke of clarity; these
include the condensate pump, feedwater heaters, salt pumpsd the water chemistry
management system, among others. This case study concernmsuating maintenance and

failure events for critical components of the power cycle ithe CSP plant, represented in
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the gure as the steam generation system and power block. $iea 2.5.1 describes the

speci cs of the plant modeled.

% . Generator
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P <\ Steam Generation
<fa},g (g System
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Figure 2.2 A power tower CSP plant with molten-salt storage. Graphic © NREL/AI Hicks)

An advantage of a CSP system with thermal storage is the ab¥itto generate electricity
independent of the sun shining. Wagner et al. describe a d&ph model that optimizes a
schedule for generating electricity using immediate or sted thermal energy, given solar,
weather, and pricing data [6]. The dispatch decisions expidhe varying nature of both
solar energy and electricity pricing, through the use of lited amounts of thermal energy
storage. Because plants are usually not designed with enbugforage to operate
continuously throughout the day at full capacity, and theremay be times during the day
when it is not pro table to sell electricity, it is typically economically advantageous to start
and stop (cycle) the plant and quickly ramp up electricity gaeration to capacity in order
to meet peak pricing periods. Though a CSP system has a greasddility to vary power

output throughout the day compared to traditional power plaits that are designed to
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operate at a xed capacity, cycling and fast ramping nonetHess cause additional wear and
tear on the critical components [8].

CSP Dispatch Optimization Model

We use an existing model for®), to which we refer as OR), that is described in detail
by [6] and presented in the appendix. @R) obtains an hourly dispatch schedule for power
generation (and associated thermal power consumption) farCSP plant with molten-salt
thermal energy storage using a mixed integer program, whiéh solved over a rolling
horizon. To ensure resources are not exhausted at the end bé trolling horizon, we solve a
two-day hourly scenario and only keep decisions associatsiih the rst day. ( OR)
receives input from the National Renewable Energy Laboratgs System Advisor Model
(SAM), which takes as input solar irradiance over time, weatr, and electricity pricing
pro les, and predicts heliostat performance and tower reager operations for the rolling
horizon interval [57]. In addition to these data, cycling ad ramping penalties serve as
input to (OR) to account for component wear and tear.

CSP Simulation Model

The maintenance, failure, and repair simulation procedurgS) includes critical
components in the power cycle of the CSP plant. Hourly dispatcdecisions from OR),
which may include excessive cycling or fast ramping, serve mput to (S). The results of
(S) include failures, repair times, and reduced capacity andaency for each time period
in which one or more components of the power cycle are down doefailure. Figure 2.3
depicts a summary of the simulation model, which is descridben greater detail in this
section.

We include in (S) the critical components in the power cycle that have a wetle ned,
negative impact on the capacity and/or e ciency of the powercycle upon failure. We do
not include components outside of the Rankine cycle, such tie heliostats and receiver,
because they are outside of the explicit control of the poweycle operating strategy. We

consider failure events for the following components of theteam generation system and
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Figure 2.3 A owchart showing the basic operations of the CSPIl@nt maintenance and
failure simulation (S). The start_penalty is zero unless there is a hot, warm, or cold start,
and the ramp_penalty is one unless the ramping threshold is violated.

23



power block in Figure 2.2: (i) turbines; (ii) feedwater, evaprator, and hot salt pumps; (iii)
feedwater heaters (i.e., steam-to-water heat exchangeréy) condenser fans; (v) condenser
heat exchangers; (vi) reheaters; (vii) superheaters; (Jiievaporator; and, (ix) preheaters.
Each component can have multiple failure modes.

Though the CSP production plant consists of relatively neweichnology with respect to
the tower, receiver, and thermal storage system, many compents in the power cycle have
been used in other thermal generation plants for decades. Qzase study uses data from
two primary sources for failure modes and their corresponmdj distributions: the rstis a
report from the Idaho National Laboratory [58], which provigs information for nuclear
energy production components that are analogous to thosetime CSP components we
model; and, the second is a standard developed by [59] for coercial power systems.

A repair event begins immediately after a component failureduring which we assume
that plant power cycle thermal capacity and e ciency are rediced by a speci ed fraction
for each component. Repair rate data for the components 5] are sourced from [59] and
from a survey by [60], which provide the mean time to repair; @assume that repair times
are exponentially distributed random variables. A constans added to the time if the
system must cool down before the repair begins. We assumetthgpair and maintenance
events take place for entire time periods, even if they stagnd/or end in the middle of a
period. In addition, without loss of generality, we assumehtait any number of repair events
may take place in parallel, and that the e ects of capacity ad e ciency degradation are
additive. As an example, if one failed component reduces theasimum thermal power
consumption of the plant by 10%, and a second component casise5% reduction if it fails
in isolation, the cycle thermal power capacity is reduced b$5% when both components
are under repair.

The concept ofredundancyin a utility plant enables operations to continue in the even
of planned maintenance or a component failure by incorpoiag backup components that

are able to perform the same function as a primary componerd]. We assume that active
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redundant components continue to operate in parallel and paive redundant components
are in a standby state waiting to be used when necessary.

Cycling and fast ramping can cause adverse e ects on compatgin the power cycle of
a CSP plant. A startup decision might be classi ed, dependgnon initial equipment
temperatures, as a hot start, warm start, or cold start, eaclof which constitutes cycling
when invoked. Under normal operations,@R) determines whether the plant is in standby
mode at the start of power generation. For the purposes of oanodel, the event is
classi ed as a hot start if the plant is in standby mode. When tk system restarts after the
conclusion of a repair event,$) treats it as a warm start if its duration is less than a
speci ed threshold, and as a cold start otherwise. Fast ranmg is de ned as an increase in
power output between two subsequent time periods that exatea given threshold. We
assume that this causes accelerated wear and tear on each gonent, proportional to the
product of its hazard rate and the level of ramping. The impdaf cycling on failure rates
and the accelerated rate of component wear and tear due to ramg is described in [41].
The former is given as a percentage increase in the failuragger start, while the latter is
given as a multiple component lifetime degradation under mmal operating conditions.

Integration of (  OR) and ( S)

Figure 2.4 illustrates the development of a year-long solain, as outlined in general in
Figure 2.1, by both optimizing and simulating failures over aolling horizon; the procedure
re-solves an instance of the dispatch modeDf) with added capacity and e ectiveness
constraints when failures occur. Our application uses a Xur prediction horizon and an
8,760-hour scheduling horizon.

(OR) obtains an optimal dispatch solution for the rst 24-hour gediction horizon using
inputs from SAM by solving a problem with a 48-hour time horizo, and retaining the
decisions for the rst 24 hours. Next, §) obtains failure and repair events using the
24-hour schedule as input. If$) simulates any failures, new constraints limiting plant

capacity and e ciency, shown in Equations (2.4) and (2.5) (Mich correspond to
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(0%®), in gray, obtains dispatch, periods 1-24

Power output =T——>
0 24 48 72 96 120 8736 8760

Forced downtime (8), in yellow, uses dispatch to obtain reduced capacity events, stopping if downtime
due to repair or ~——|
maintenance

Re-solve(O™®), fixing dispatch up to failure, obtain new dispatch up to period 24

Power output
after event

\/

No new repair ($) uses dispatch to obtain reduced capacity events up to period 24

or maintenance
events {}

If no new events up to period 24, (O®) obtains dispatch, periods 25-48
/\/

\/

Capacity reduction (8) uses dispatch to obtain reduced capacity events, stopping if downtime

due to failure

Figure 2.4 Procedure associated with the optimization mod€DR) and simulation model
(S), which obtain optimal dispatch and simulated failure and maintenance events over a
rolling horizon. (OR) determines power output, e.g., electrical power generatgkW,], and
(S) simulates capacity reductions, e.g., 0.80.

constraints (A.4e) and (A.5a) in the appendix), are added to@R) beginning with the rst
period in which a failure or maintenance event occurs. For ample, if a component fails in
period 12 with a resulting 10% capacity reduction for a repatime of four periods, then a
constraint is added to OR) limiting power generation to a relative capacity of 90% for

periods 12 through 15.

Xy F2PQ'y, 8t2T (2.4)
Wi Fte f Xy, ) 82T (2.5)

where, considering a revision of@R),
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Set
T . set of all time steps in the time horizon

Parameters Units
FP . relative capacity at timet [fraction]
F° : relative e ciency at time t [fraction]
. cycle e ciency [fraction]
QY : cycle thermal power capacity [kW]
Variables
X¢ . cycle thermal power consumption at time [kW¢]
w; . electrical power generation at timet [KW ]
y: . 1if cycle is generating electric power at timé; O otherwise [-]
Function
f (Xt;¥t; )@ maximum electrical power generation function (kW]

Additionally, when a failure occurs or a repair event concluas, ©OR) is re-solved with
variables xed at their previously determined values, up tdhe rst period with a failure or
repair-concluding event, by adding constraint (2.6). Usinghe example of a failure event in
period 12, thermal power consumption is xed through period 1 (the period before the

failure). A new dispatch schedule for periods 12 through 24 obtained with the following

constraint:
X = x® 8t<TF (2.6)
where,
Parameters Units
x;®® : previously determined thermal consumption at time  [kKW;]
TF . rst period with a failure event [-]

If running (S) again yields a new failure or repair event that updates thelant's capacity
or e ciency before the time interval ends, then OR) is re-solved with added constraints.

This process continues until §) runs without producing a new event. Then, we restart the
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process after advancing the prediction horizon to period$218, and continue until
operational decisions are obtained for the 8,760-hour sduéing horizon.

Outputs

The main outputs of this methodology are: (i) a collection o$tochastic realizations of
failure and repair events over the operating time horizon,ral (ii) optimized dispatch that
accounts for power plant capacity and e ciency reductionsrbm failures. These outputs
di er from those in another model [6], which only consists abptimized dispatch. Our
output can be used to evaluate the impact that di erent operting strategies, controlled by
penalties, have on long-term system performance. Additioyg our methodology provides
a more realistic estimate of revenues compared to other intj-horizon methods in the
literature because we account for failures and repairs inehdispatch decisions we obtain.
Section 2.5 describes a parametric study, using the methddgy applied to a CSP plant,
that varies operating strategies to determine the impact oelectricity sales and the number

of failures.
2.5 Case Study Results

This section describes the application of our methodology ta CSP plant and the
corresponding evaluation of di erent operating strategie with respect to electricity sales
and failures. The optimization model OR) is coded in AMPL and solved using CPLEX
v.12.8.0.0. The simulation model$) is written in C++ and compiled with Ubuntu v.
5.4.0. The experimental design, that evaluates di erent @ling penalties, and SAM are
controlled using Python 3.6.9 and executed on a Dell Power e R430 server with two
Intel Xeon E5-2620 v4s running at 2.1GHz and with 32GB of memarpection 2.5.1
de nes the design parameters of the CSP plant and the correspding assumptions.
Section 2.5.2 details the factors and response variablesttodé experiment. Section 2.5.3

presents an analysis of the results.
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2.5.1 CSP Plant Model

For this experiment, we use a CSP power tower with molten-gadtorage, as de ned in
SAM. We evaluate a 120 MW CSP plant located in Daggett, Califoia, with 15 hours of
thermal energy storage and a solar multiple of 3, i.e., thelso eld thermal power output
is three times greater than the power cycle thermal input atesign conditions. We consider
a 30-year planning horizon using a single one-year typicaleteorological year weather le
while component degradation and failure information is caed forward from year to year;
this time frame allows us to evaluate long-term wear and teas a result of dispatch
decisions. We employ a pricing pro le that varies during thelay and by season, based on a
proposed power plant near Rice, California, that changesehprice at which the plant can

sell electricity [61]; see Figure 2.5.
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Figure 2.5 The pricing pro le used with the repeated experinté showing the rst 48 hours of
the one-year schedule, which also varies by season. This [@@s characterized by relatively
low midday prices and relatively high morning and evening poes.

Here, we describe assumptions and parameters for this expaent. We exclude the
costs of repairs due to a lack of empirical data in the literatre; instead, Section 2.5.3
examines the impact of these costs based on the total numbédrfailures. Failures impact
sales by reducing capacity and/or e ciency. We initialize §) with randomly generated

component lifetimes and probabilities and set the hazard tas to an initial value of 1.0
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because we assume that we start with a new plant. The dispatehre-solved when a failure
occurs and when a repair concludes.

We use the gas combined cycle plant data from a report contamg power plant cycling
costs [41] as our source for ramping thresholds and multits because, to our knowledge,
this data is the closest representation to CSP plants avaliée in the literature. When
ramping is between 110% and 200% of the de ned threshold, adarly interpolated
multiplier between 1.2 and 4 is applied to the hazard rate. Bause [41] only present

impacts for starting the power cycle, there is no shutdown ect.
2.5.2 Design of Experiments

We conduct a design of experiments in which we vary the cyctjrpenalty. The goal is
to determine a revenue-maximizing operating policy, whicts controlled by these penalties,
that considers lost capacity and e ciency due to failures. W also examine the number of
power cycle starts and the number of failures. We use 30 regaltes for statistical analysis;
each replicate uses a di erent random number seed i) to model new instances of
component lifetimes and probabilities. Random variates argenerated using the WELL512
implementation developed by [62]. Separate substreams arged for generating component
lifetimes, failure probabilities, repair times, and testgor failure upon startup.

Table 2.2 displays the eight cycling and two ramping penaéts we use in our
experiments. We vary the cycling penalty, the objective fuction penalty in (OR) due to
power cycle startups, betweei$0 and $100,000 per startup. The lowest cycling penalty
level, $0 per startup, represents no penalties for startups inQR) and an operating policy
that allows unlimited cycling. The highest cycling penaltylevel, $100,000 per startup,
represents four times the highest value for any type of powsgtant in [41], and yields an
operating policy that greatly reduces cycling. Thes6,250 value is near the median warm
start cost for a 120 MW power plant in [41], and corresponds tihe penalty used in [6].
We vary the ramping penalty, to which we refer a€ " in the appendix, betweer$0 and

$10 per MW change in electricity production. The low value regsents no ramping
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penalty, corresponding to an operating policy that allows nlimited fast ramping, and the
high value is greater than the highest ramping cost for a powelant in [41], which

represents an operating policy that greatly reduces fast mging.

Table 2.2 Factors and levels of experiment. All combinationsf levels between each factor
are evaluated.

Factor Levels Units
Cycling Penalty 0 6,250 12,500 25,000 37,500 50,000 75,000 100,0@start
Ramping Penalty 0 10 $IMW

2.5.3 Results Analysis

This section reviews the results from the experiment. We alyae the factors
graphically and perform a paired-test to determine which cycling penalty culminates in
the greatest improvement in sales with respect to componeatailability. We use this
method to take advantage of the positive correlation from usg common random number
substreams for each replicate. The pairedtest consists of subtracting the 30-year sales
value for each cycling penalty level and determining if thevarage di erence contains zero
using a signi cance of = 0:05. For each pair of experiments, we lgt;; and y,; be the
revenue generated by paif 1; 2g for replicate i 2 [1;30], calculated; = y;; i, and form

. po .
the estimator d equal to the mean of thed's, d = 3i0 d;, to assess the change in revenue
i=1

obtained by changing cycling and ramping penalties. Then,aMform a 95% con dence
interval on d using at distribution and conclude that there is a statistical di erence
between the two experiments if the con dence interval doesoh contain zero. A signi cant
positive di erence, represented by the lower con dence ietval bound being greater than
zero, suggests that more revenue is achieved by increasihg penalty to yield a
less-aggressive operating policy.

The fast ramping penalty does not signi cantly impact sale®r failures, in all likelihood

because our hour- delity model and pricing pro le do not inentivize rapid changes in
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power output. All results for the cycling penalty are shown usg the ramping penalty of
$0 per MW, which mirror the results for the ramping penalty of$10 per MW.

Table 2.3 displays the results of theé-test. The values in blue suggest that there is a
signi cant increase in sales revenue generated betweenngsthe cycling penalty in the
far-left column and the sales using the cycling penalty in #htop row. That is, all values in
the con dence interval are greater than zero. The cycling palty drives the operating
policy, i.e., lower cycling penalties causeO() to generate solutions with more cycling and
cause B) to simulate more failures, and vice versa. Red values indie a signi cant
decrease (i.e., all values in the interval are less than zg¢@nd black values indicate no
signi cant di erence (i.e., the interval contains zero). ' note is that there is a signi cant
di erence between using a penalty 0$6,250 per startup and penalties betwee#25,000 and
$100,000 per startup. Sinc&6,250 is the penalty recommended by [41] and used by [6],
these results show that a more conservative operating pgligields more sales revenue
when considering failures. Penalties that are too high relsun operating policies that
restrict cycling to the point that the reduction in sales is nore detrimental than losses from
failures. This table is used in conjunction with Figure 2.6(ato determine the range of

cycling penalties that generate the most sales revenue whatcounting for failures.

Table 2.3 Pairedt-test results. Displaying the 95% con dence interval for ta mean di erence
in sales gmillions) between the cycling penalty in the left column andhe cycling penalty in
the top row, with a xed ramping penalty of $0 per MW. Values in black indicate that the
interval contains zero and is therefore not signi cant. Vales inblue indicate a signi cant
increase in sales and values ird indicate a signi cant decrease in sales.

$0 $6,250 $12,500 $25,000 $37,500 $50,000 $75,000 $100,000

$0 T (0222,2.012) (-01;2.475) (0:398,2.428) (1B304.884) (B27,5.612) (288,5.081)  (1100;3.671)
$6,250 - (-0:928:1.411) (-0418;1.454) (1:147;3.776) (1482;4.667) (1086:4.292)  (G087;2.893)
$12,500 - (-0:906;1.459) (0:976;3.464) (1334:4.331) (0908;3.987)  (0111;2.387)
$25,000 - (0:620;3.267)  (1076;4.037)  (0759;3.583) (-0:257;2.202)
$37,500 - (-0:431;1.656) (-1050;1.505) (-1:824; 0.119)
$50,000 - (-1:231;0.461) (-2:464; 0.704)
$75,000 - (-2:040; 0.358)
$100,000 -

Figure 2.6(a) displays the estimated additional revenue oained with the various

cycling penalties we use in our design of experiments relagito those suggested in [41]
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(which we de ne here as a baseline &6,250), as well as the lower and upper bounds of the
95% con dence interval of the sales mean. The gure shows ththe strongest increases in
revenue are obtained with cycling penalties betwee$d7,500 and$75,000, indicating that

the use of the estimated penalties from [41] yields suboptindispatch policies (relative to
the respective inputs for the penalty function) when accouimg for additional failures that
occur due to excessive cycling. Figure 2.6(b) shows that asclizg penalties continue to
increase, the number and variance of failures decrease; bwer, excessive cycling penalties
can yield overly conservative policies with ine cient dis@tch decisions that signi cantly

reduce sales relative to a penalty of, sa$50,000 per cycle.
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Figure 2.6 Results of sales and failures by cycling penalty.eBults suggest an optimal cycling
penalty in the range 0f$35,000 to$75,000 per startup.

Integrating our cycle failure simulation with the dispatchmodel is an improvement over
using the dispatch model alone. The latter strategy with 6,250 startup penalty results
in $2.387 billion in sales with 2,280 cycle starts. Using $0,000 startup penalty results in
$2.386 billion in sales with 1,020 cycle starts. This suggsshat the lower startup penalty
achieves aboutsl million (0.05%) more in revenue and that the lower startup enalty is
preferable, though with only a slight improvement. Integréing the simulation uses
component failure and repair distributions that considerdst revenue due to reductions in

capacity and e ciency from failures that occur more frequetly with excessive startups.
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The integrated models with a$6,250 and a$50,000 cycling penalty results in average sales
of $2.372 billion and$2.374 billion, respectively. Though the$50,000 cycling penalty
results in only an improvement of about$2 million in revenue, this policy yields about
1,300 (55%) fewer startups and 50 (30%) fewer failures. If wenservatively assume that
the cost per repair is betweer$10,000 and$100,000, then this more conservative operating
policy saves an additiona500,000 to$5 million, a signi cant reduction in repair costs.
Fewer failures can have other bene ts such as presenting neareliable energy production in
the market and meeting a production schedule with less unpiaed downtime. Integrating
the dispatch model with the failure simulation shows that usg a more conservative
operating policy, i.e., by using a higher cycling penalty,esults in more revenue, fewer
startups, and fewer failures.

We provide this analysis as an example of the type of insightisat can be derived using
our methodology. Integrating a failure simulation with an ofimized dispatch model
enables us to determine cycling penalties that result in remue-maximizing operating
policies that account for lost sales due to unplanned maimance events. These results are
an improvement over exclusively using optimization or sinlation to obtain or evaluate
policies, respectively, without the bene ts of integratirg the other model. Optimization
alone would lead to a poor estimation of pro ts since unplared debilitating events are not
considered. Impacts from overestimating availability inade an inability to meet
contractual generation, negative public perception of ud@nned outages, and poor

preventative maintenance planning.
2.6 Conclusion

This chapter presents a methodology for obtaining optimalperations decisions that
account for unplanned events. We describe a procedure toegrate an optimization model
that is solved over a rolling horizon with a simulation procgure. This methodology
enables the analysis of penalties that change operating ots and their impact on both

output and the long-term wear and tear of components.
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We present a case study of a CSP plant by using an existing datph optimization
model and a component failure simulation we develop, and weaduate how various
ramping and cycling penalties impact dispatch decisions,hich, in turn, a ect revenues and
the frequency of component failures. The results of this aastudy show that we can use
our methodology to nd improved operating strategies that onsider component reliability.
Speci cally, we determine a policy that increases averagales by about$3 million over 30
years, compared to the policy suggested as a standard in [4bd used in prior research [6].

The insights gained by studying the e ect that di erent operating policies have on
long-term reliability can support higher-level decisionsuch as system design. For example,
the National Renewable Energy Laboratory’'s SAM can be used tgitimize a CSP plant
design for a given location and plant size. SAM uses dispatchtonization to help evaluate
di erent design choices, but failure to account for systenmterruptions as a function of
dispatch decisions may lead to suboptimal policies which) (@verestimate revenues, and (ii)
may, in turn, yield suboptimal designs. Our integration of anaintenance and failure
simulation with a dispatch optimization model can addresshtese potential shortcomings by
simulating stochastic failures that occur in the power cyel as a function of operating
decisions.

Future work will incorporate repair costs for components ahpreventative maintenance
strategies. This methodology can be modi ed either to evaaile strategies that consider the
timing of a repair, or to optimize system design while accoting for component availability.

Extensions of this research can be applied to complex systethat seek optimal
decisions over a rolling horizon that (i) include operatingpolicy-changing parameters and
(i) have knowledge of component failure and repair rates. @ area is machine scheduling
problems in which increasing component utilization couldnprove output, but at the
expense of more unplanned maintenance events. Another arsaptimizing nurse
scheduling in a hospital in which certain policies could imease productivity in the short

term, but lead to an increased number of leave requests andnover.
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CHAPTER 3
OPTIMIZING VEHICLE FLEET AND ASSIGNMENT FOR CONCENTRATING
SOLAR POWER PLANT MIRROR WASHING

This paper is planned for submission tolSE Transactions.

Jesse G. Wales®, Alexander J. Zolarl, Alexandra M. Newmar?8, Michael J. Wagner

3.1 Abstract

Concentrating solar power central-receiver plants use tbheands of sun-tracking mirrors
to re ect sunlight to a central receiver, which collects anduses the heat to generate
electricity. Over time, soiling reduces the re ectivity ofthe mirrors and, therefore, the
e ciency of the system. Current industry practice sends was vehicles to clean mirrors in
an ad hocfashion. We present a mixed-integer nonlinear program thatetermines wash
vehicle eet size, mix, and assignment of wash crews to mirsoto minimize the sum of (i)
the revenues lost due to mirror soiling, (ii) the costs of hing wash crews and operating the
vehicles, and (iii) the costs of purchasing wash vehicles.e/@stablish conditions for
convexity of the objective function, and then propose a desyposition method that enables
near-optimal solutions to the wash vehicle sizing and assigent problem on the order of a
couple of minutes. These solutions yield hundreds of thousds of dollars in savings per

year over current industry practices.
3.2 Introduction

Concentrating solar power (CSP) technologies can utilizéen¢ heat from sunlight that is
redirected by a eld of sun-tracking mirrors to a central loation. The heat produced by

this process may be (i) directly used as industrial proces®dt, (ii) converted to electricity
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using conventional power cycle technology, and/or (iii) peed with thermal energy storage
in the form of molten salts, which may be stored and dispatcldeat a later time. Thermal
energy storage makes the electricity produced by CSP highllyspatchable and, therefore,
unique among non-hydropower renewable energy resourcebpge intermittency can limit
their value to the grid [63]. The value proposition o ered bysolar-powered baseload and
dispatchability, combined with reductions in thermal enegy storage costs, has contributed
to growth in CSP adoption in recent years [64]. The foremost$P technologies at the
research and commercial scales are (i) parabolic troughi) @entral receiver (also known as
a \power tower"), (iii) linear Fresnel, and (iv) dish engine. Parabolic troughs and central
receivers currently compose about 95 percent of all CSP ia#lations [65], and central
receiver systems represent the greatest opportunity for €iency gains and cost reduction
[66]. Figure 3.1 displays an example solar eld for a centrakceiver CSP plant. We focus
on the washing operations costs in central receiver systemagated to soiling, which reduces
the re ectivity of the mirrors and, therefore, the e ciency of the system. We present a
model for planning wash vehicle eet size, mix, and assignmteto minimize revenue losses
due to soiling and costs due to cleaning operations.

A review of the literature dedicated to measuring the e ect®f soiling on the
performance of CSP and photovoltaic plants indicates that le e ciency reductions over
time vary widely by location, eld tests show that arid and windy locations are subject to
e ciency losses as high as 10 percent per day for a horizontstirface [2]. Several proposed
models estimate the specular re ectivity of a single helitst [67{69]. Zhu et al. [70]
develop a method to characterize the e ciency of a CSP plarg’ collection system using
measurements from a subset of the mirrors that direct sunhgjto the central receiver.
Models that seek an optimal layout of heliostats surroundga central receiver, to which
we refer as thesolar eld, are reviewed in [71] and extended to allow for mirrors of ntiple
sizes in [72]. Wagner and Wendelin develop Solar Power towategrated Layout and

Optimization Tool (SolarPILOT) [73], that characterizes the performance and operations
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Figure 3.1 An example solar eld with a radial layout for a CSP m@nt. The color map

denotes an index proportional to the expected annual energent to the receiver by each
heliostat, including blocking e ects. In general, the hetistats closer to the tower at the
center (red) provide more annual thermal energy than the hiektats further from the tower

(blue).

of a central receiver plant via integration with the NationalRenewable Energy Laboratory
System Advisor Model [74].

Several technologies can mitigate the impact of soiling oolar eld e ciency, including
anti-soiling coatings [2, 75] and automated, self-cleamjrtechnologies [76{78]; see [79, 80]

for a full review of the soiling-related mitigation technigies for both CSP and photovoltaic

systems. Currently, the most cost-e ective method for remong dust to minimize soiling
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losses is the use aash crewswho operate vehicles to move between heliostats and
manually clean the mirrors with brushes and a solution of deimeralized water and
detergent [81]. Some vehicle technologies optimize rowgito maximize thewash rate or
the rate at which mirrors are washed in a central receiver faity's solar eld [82].

Because on the order of 10,000 heliostats or more can cong#ta solar eld, assigning
wash crews is a non-trivial problem. The literature dedic&d to wash crew scheduling is
largely restricted to policies that determine either a sirlg optimal cleaning frequency for
all mirrors in the solar eld, or a policy that dictates a cleaning of the eld when
re ectance falls below some threshold. Earlier works dewg site-speci ¢ cleaning
frequencies that balance the costs of cleaning with e cielycdegradation due to dust
[83, 84]. Other studies track soiling-related e ciency loses over time, and then recommend
cleaning frequencies for CSP parabolic trough plants [85{Band for photovoltaic systems
[88]. Mani and Pillai develop a model that seeks an optimal wh crew policy for parabolic
trough plants, in which the candidate policies o er either () a constant cleaning rate, or
(i) a method using all available crews to clean the solar eélwhen average heliostat
re ectance falls below a certain threshold [89]; the autherpropose a third policy in which
additional, temporary crews are assigned at additional coehen a second threshold is
passed. Truong Ba et al. propose a similar, condition-basetéaning policy, and implement
a Markov decision process to obtain an optimal, time-varyn cleaning threshold [90].
While these models are appropriate for the subset of CSP tediagies in which each
heliostat provides a similar amount of energy to the plant @r time, they do not consider
the unequal productivity of heliostats in a central receiveplant due to atmospheric
scattering, shading, and blocking. For example, Figure 3.hews the wide variation in the
annual energy delivered to the receiver among the heliossain the solar eld. Ashley et al.
[91] develop a heuristic method that obtains a mirror-cleang schedule over a xed
collection of periods in which a clustering algorithm nds outes, a mixed-integer program

determines an initial schedule for those routes, and then allustat-switching heuristic
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further improves the route schedule for a pilot-scale plarwith two identical vehicles.

While the work of Ashley et al. allows for the wash frequency ofieh mirror to vary
according to productivity, the range of wash frequencies restricted by the prespeci ed
number of periods. Additionally, there may be an advantage tbaving fewer crews operate
during less productive seasons of the year to reduce totaleyptions and maintenance costs.

Determining the size and mix of a vehicle eet requires a bailae between procurement
expenditures and operational expenses to minimize cost \ehimeeting service
requirements. The eet sizing and utilization problem is den associated with the seminal
work by [92] on the vehicle routing problem (VRP), which detenines vehicle routing
decisions over a transportation network in order to minimiz costs and meet demands. In
Golden et al. [93], they introduce the eet size and mix vehle routing problem, in which
vehicles do not have to be identical. Several authors incarate eet sizing and routing of
a heterogeneous mix of vehicles [94{96]. Literature sungeinclude [97], who summarize
research on planning eets with heterogeneous vehicle coasition that account for
routing. Braekers et al. [98] provide a classi cation of VRPesearch and a survey of
articles pertaining to these areas. In our application, weedermine the optimal eet size
and mix of di erent types of wash vehicles and how they are udan each month of the
year to minimize pro t loss due to soiling at a concentratingsolar power plant. Speci cally,
we consider the best combination of wash vehicle types, thember for each type, and how
vehicles are used in each month of the year for the life of théapt.

Our problem is similar to many VRPs because we are optimizindgné size and mix of a
eet of vehicles. We consider the capital costs of purchagjrand, if required, replacing, any
vehicles selected for the eet; we also consider the opertal expenses incurred by
deployment. Our problem di ers from VRPs because the vehidedo not meet any demand
and we do not consider the distance between groups of helatst assuming it is negligible
compared to the time to wash them. Instead, we determine optial assignments of vehicles

to heliostats in order to minimize pro t loss which depends o the frequency with which
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the mirrors are washed and, correspondingly, the accumudat soiling and loss of

re ectivity. Additionally, each vehicle type has a di erent wash rate, cleaning e ectiveness,
and hourly cost. Because soiling rates and solar irradiancan di er throughout the year,
and because purchased vehicles do not have to be used in evaonth, we determine
separate eet assignments for each month of the year.

Our contributions include a novel policy for CSP solar eld naintenance and an
associated solution procedure. Our policy stems from a mdnteger nonlinear program
(MINLP) that seeks an optimal assignment of wash crews to grps of heliostats over time
that minimizes the sum of (i) the revenues lost due to soilindii) the costs of hiring
full-time and seasonal wash crews, and (iii) the costs of purasing wash vehicles. The

policy di ers from those presented in the literature in fourways:

we determine the number and size of the mirror-washing rowealirectly by the

optimization model;

we allow for the number of wash crews to vary during the year iresponse to

changing soiling rates and irradiance levels;

we include multiple wash vehicle types that have di erent @aning e ciencies and

wash rates;

we relax the constraint that each node be visited at least oaginstead of meeting
node demand, the number of nodes that a vehicle is assignededmines its revisit

time.

Our temporal decomposition approach greatly reduces soltimes, by dividing the

monolith into subproblems that may be solved in parallel to lastain lower and upper
bounds on the original model's optimal objective value. Werpsent a collection of case
studies using data from industry and the literature, and compare the costs of our proposed

policy to industry standards and previously published sotion methods.
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The rest of this chapter is structured as follows. Section 3 presents our assumptions,
then develops the MINLP formulation we use to determine the dinal hiring and
assignment of wash crews to heliostats in the eld. Section43describes our approach to
solving the problem. Section 3.5 presents results for a @ation of case studies, and
compares the costs of our policy to those in the literature.e8tion 3.6 concludes and

provides suggestions for future research.
3.3 Wash Crew Optimization Model

This section details the overview and assumptions of our mekl including our MINLP
formulation from which we obtain optimal vehicle eet sizirg, mix, and allocation decisions
for wash crews to clean the mirrors in a CSP plant's solar eldOur model, to which we
refer as V), minimizes the sum of capital costs, labor expenses, and/eaue losses caused
by soiling. The soiling-related e ciency losses are a funn of the average elapsed time
between consecutive washes, which, in turn, depends on (ietsubset of solar eld sections
to which the crew is assigned, (ii) the cleaning rate of the laele, (iii) the cleaning

e ciency of the vehicle, and (iv) the number of hours that a cew works per week.
3.3.1 Assumptions

Our model considers seasonal hiring decisions on a monthlgsis over a year-long
horizon, that are repeated for the entire life of the plant. Tis includes the replacement of
wash vehicles that reach the end of their serviceable livemd replacements at regular
intervals are included in these costs. The weather data weeauas input to SolarPILOT to
obtain estimates of productivity by heliostat and by time peod are taken from the
open-source EnergyPlus database [99] in typical meteorgical year format, which provides
a single year of representative weather data for a given lda; additionally, we apply the
same discount rate to both labor costs and lost revenues. Heneve assume that the

decision to hire seasonal workers in a given month is consist in each year.
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The design of the solar eld, which includes the location andxpected power output for
each heliostat, for each period, is treated as input to our ndel. We assume that crews
wash mirrors at the same rate for a given vehicle type, and théhe wash crew travel times
between heliostats are constant without regard to routingWe also assume that the crews
are composed of a exible workforce that can also be assigrnedother tasks when not
washing, such as heliostat maintenance and repair; theredp the number of vehicles in
operation may vary over time. Due to routing restrictions inthe solar eld, we group
heliostats into sections that may not be divided between twdi erent wash crews.
Additionally, we assume the average soiling-related e ciety loss of a section is a function
of the time between consecutive cleanings, which we temg( ), and is known for each
vehiclev, solar eld sectionf, and time periodt. Finally, because many of the soiling
studies in [2] report a single percentage loss per day, ancethleaning studies in [79, 80]
show that the e ciency of a newly-cleaned mirror depends onhie cleaning method, we

assume thatg,s( ) takes the form of a linear function, i.e.,

Ovit(Evt) = Sswt + st Ew;

in which s; is the e ciency loss of a newly-cleaned mirror using vehicle in period t, sy is
the ( xed) average soiling loss for the mirrors in sectiof per unit of time between
washings in periodt, and E,; is the average time between washings of all sections assijne
to vehiclev in period t. We assume the average soiling loss is constant over the entime
horizon and only varies by period.

If a solar eld section is not washed in a given month, we ass@ran average re ectivity
for that section. The parameter for the re ectivity of helicstats if they are not washed
varies by month, e.g., summer months may have a lower averageectivity when
unwashed than winter months. This parameter is independemtf whether those heliostats

were unwashed in the previous month; as such, we assume aaierbase level of
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re ectivity month-to-month for unwashed heliostats.

3.3.2 MINLP Formulation (W)

The formulations in this chapter follow the notational conentions described in [100].

We use lower-case letters to denote parameters and functprand we use upper-case

letters to describe variables. Subscripts identify elemenof sets, which, in turn, are

represented by calligraphic letters. Superscripts siggitli erent parameters which use the

same lower-case letter (e.g., capital vs. labor costs). Gataphic letters contained in

parentheses correspond to models. Below, we describe theNMP formulation of our

model, to which we refer as ).

Sets and Indices

f2F, F
V2<>f V

wash vehicles

solar eld sections (e.g., rings of heliostats)
solar eld sections that vehiclev can wash
vehicles that can wash solar eld sectioff
time periods (i.e., months)

Parameters Units
ot expected direct normal irradiance collected by solar

eld section f per periodt, with no soiling [kWh]
re expected net present value of revenue per unit direct

normal irradiance sent to receiver in period over the

operating horizon [$/kWh]
vi time required for vehiclev to wash solar eld section

f, including travel time and weekly labor limits [h]
o cost of assigning a wash crew to operate vehialan

period t [$]
o net present capital cost of vehicley, including

replacing vehicles, during the operating horizon N |
Sut soiling loss of a newly-cleaned mirror using vehicle

v in period t [fraction]
Skt soiling loss rate of mirrorf in period t [fraction/h]
Decision Variables Units

Py

th

1 if vehiclev is purchased for the entire operating

horizon (including replacements), and 0 otherwise []
1 if vehiclev is operated by a wash crew in period

t of each year in the operating horizon, and
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vat

=

0 otherwise [-]
1 if vehiclev is assigned to solar eld sectiori in
period t for each year in the operating horizon,

(W) Formulation

Z = min
P;W;X;E

subject to

Discussion

and 0 otherwise [-]
time elapsed between consecutive washings of all
solar eld sections assigned to vehicle in period t [h]
0 0 1 1
X X X X W X
@r, @, (Svt + SiEut) Xy + Cut Wy A +
t2T f2F v2 V2V V2V
X
Xuit=1; 8f2F; t2T
V20f
X
f2F,

Xuit Wy 8v2 X f2F:t2T
Wy Py;8v2V;t2T

Ew O, 8/2V;t2T

P,2f0;1g; 8v2V

W, 2f0;1g; 8v2V; t2T

Xt 2f0;1g; 8v2 0 f2F; t2T:

¢ P, (3.1a)
(3.1b)

(3.1c)

(3.1d)
(3.1e)
(3.1f)

(3.19)
(3.1h)

(3.1i)

We seek, via the objective function in (3.1a), hiring and aggxment decisions for wash

crews that minimize the sum of (i) the revenue losses due toilgay, (ii) the operational

costs of washing, and (iii) purchasing equipment. Each vethé v in setV can be a di erent

type of wash vehicle, e.g., fow = f1;2; 3; 4, 5g, we can havev 2 f 1;2g be brush trucks,

v 2 f 3;4g be high-pressure spray trucks, and 2 f 5g be aghosttruck, which we include as

an option to forgo washing a given solar eld section. The doig loss,s,, for solar eld

sections assigned to the ghost truck is the expected soililags for unwashed mirrors. We

assume that eld sections maintain an average monthly re divity when unwashed due to

weather events (such as rain), or that they are washed at ldasnce a month. The time for

the ghost truck to wash, ., is zero for all solar eld sections, which removes thgE;

term in the objective whenv corresponds to the ghost truck. Constraint (3.1b) enforcdbe
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assignment of each section of heliostats to exactly one caatiple wash vehicle for each
period. We assume that each solar eld sectiohis washed at least once in each peridd
Constraint (3.1c) tracks the time required for a wash vehielto perform a single cleaning of
all assigned solar eld sections. Constraint (3.1d) prectles the assignment of heliostats to
a vehicle without a crew, while constraint (3.1e) requireshiat the vehicle is procured if a
wash crew is hired. Constraint (3.1f) ensures nonnegatiyjtand constraints (3.19)-(3.1i)
provide binary restrictions.

Model (W) is a large-scale MINLP, which may be solved with general-ppose solvers,
such as BARON [101], Couenne [102], or SCIP [103]. Using coasit (3.1c) to substitute
E.: for P vi  Xyft In objective function (3.1a) reveals products of binary vaables as the
only so:JZche of nonlinearities when the soiling-related less are linear irE,;; while an exact
linearization of this relationship exists, the number of aditional variables and constraints
results in an intractable model in our application. As shownythe case studies in
Section 2.5, the solution times for modelW) can be computationally burdensome using
commercial solvers without decomposing the problem.

In what follows, we relax the binary restriction on the assigment variablesX s and
separate the problem into subproblems that we can solve e ently using convex
optimization methods. We then use information from the sulmpblems to serve as input to

a master problem that we solve to obtain (near-) optimal sotions.
3.4 Solution Methodology

We introduce a two-part solution methodology: (i) in Sectin 3.4.1, we propose a
decomposition scheme that exploits mathematical structerwhen embedded within an
iterative approach; and (ii) in Section 3.4.3, we suggest aadel, (M ), that uses

subproblem solutions to produce lower and upper bounds oW().
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3.4.1 Subproblem Formulation

(S)

Our approach to solving instances of modeW) creates enumerated sets of all possible

combinations of wash vehicles that may be purchaseld, and solves an associated

subproblem for each. We refer to the subproblem as mod@&)( which produces mirror

assignments; we call the optimal objective function valuef ehis subproblem ci(ts), which is

the cost of operating vehicles and the lost revenue due to lsang using the xed vehicle

collectioni in period t. While the number of subproblems is¥2 T in the worst case,

practical instances keep this number at a manageable sizepe8i cally, our application

uses a maximum of three di erent wash vehicles from which teekect, with multiple copies

of each available for purchase.

New Sets and Indices

v2Vi \/

(S) Formulation for a xed collection

(S) _
v2Vi

subject to

Discussion

X
W .
Gi Ot Wt + min Tt

wash vehicles in collection

i and time period t

0 1
X X
@dft (svt + SitEwt) XA (3.2a)
f2F V2V \V ¢
X
Xvit=1; 8f 2 F (3.2b)
V2V \V ¢
Evt = vf vat; 8v 2 vi (32C)
f2F |
Ewx O, 8v2V, (3.2d)
0 Xyt 1, 8v2V; f2F,: (3.2e)

The objective function in (3.2a), for periodt, consists of a sunk operational cost of

vehicle use in collectionn and minimizes the total revenue losses due to soiling; it dbaot

include the vehicle capital costs in (3.1a). Constraints (3b)-(3.2c) correspond to
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constraints (3.1b)-(3.1c), and constraint (3.2d) is equalent to constraint (3.1f). By
substituting E,; in the objective function with the right-hand side of constaint (3.2c), we
can represent model$) as a quadratic assignment problem. In what follows, we shavat
by relaxing the binary restriction on the assignment variale, as shown in (3.2e), a convex

optimization problem results, which can be solved e cient.
3.4.2 Convexity of Model (S) Objective Function

Proposition 1 shows that, for a xed periodt, if the soiling functions, g/( ), use a
constant soiling rate with respect to the time between cleamgs, E,, and a vehicle can
wash each section of the solar eld in the same amount of tim#hen the objective function
in (3.2a) is convex if the assignment variables{ s, are continuous. Then, because the
constraints are linear, this version of modelS) may be solved to global optimality using
nonlinear solvers that produce locally optimal solutions.

Proposition 1.  Let

g(xX)=sv+s X
in whichsf =4 > 0;8f 2 F : Let

X
Ey= vi Xyi; 8V 2V,

f2F
in which y=",>0and X, 0;8f2F;v2V:LlLetd 0; 8f2F. Then,
!

X X
h(X;E) = d or(BEv) Xur

f2F v2Vv

iS convex.
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Proof. Because a positive-weighted sum of convex functions is cervandd: 0; 8f 2 F,

it is su cient to show that for any f, the function

X
h{(X;E) = (Ev) Xy

v2Vv

is convex. We substituteE and g:( ) from the de nition to obtain

0 1
X X
he(X) = @ AX, A Xy

2v 0

v 0 f2F 1
X X

= O Xy+ X0 XA

vav f2F

All nonlinear terms of h;(X) are composed of either (i) a single squared term with the
coe cient 8%\, or (ii) two component variables, which share a common velt; v, and the
coe cient 2%57,. Moreover, for each vehicley, there exists a term of the form in (i) for each
f 2 F, and there exists a term of the form in (ii) for each pair of mnors
(f; f 0) 2F F :f 6 f°. Hence, the Hessian df;, which we refer to asHy,, can be

represented in the block diagonal form

2 3
M, O 0 0
0 M, 0 0
Hp, = ;
0 0 My, 1 O
0 o0 0 My,

in which M, is ajFj jFj sub-matrix in which all entries are equal to 8)\. Then, M, is a
rank-1 sub-matrix which has a nonzero eigenvalue equal tg=28",, for each vehiclev 2 V.
Because the eigenvalues of a block diagonal matrix are thgenvalues of the component

blocks, every eigenvalue dfl,, is nonnegative, and so the functiom;( ) is convex.
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3.4.3 Master Problem

The master problem model, which we termNl ), prescribes a vehicle purchase and

(M)

operation policy that minimizes (i) the lost revenue due todling, (ii) the cost of hiring a

crew and operating the vehicles, and (iii) the capital costforehicles purchased. Given a

solution from (S), (M ) can determine both a lower bound and an upper bound on the

objective function value of (V).

Sets and Indices

collections of wash vehicles
wash vehicles
time periods (i.e., months)

21, |1 collections that use vehicles
Parameters Units
q-(ts) operational costs and revenue losses due to soiling
from model (S)using vehicle collection in period
t for the entire operating horizon §l
c net present capital cost of vehicle, including
replacing vehicles, during the operating horizon  $[
Decision Variables Units
Ui 1 if collectioni in period t is used for the entire
operating horizon, and 0 otherwise [-]
M, 1 if wash vehiclev used for any vehicle collection
in any period, and O otherwise [-]
(M) Formulation
!
X X (S)
z = rma c Uy + M,
’ xt2T i2l vaVv
subject to Ui =1; 82T

i2l
M, U;; 8v2V;i2l,;t2T
Ui 2f0;1g; 8i21;t2T

M, 2f0;1g; 8v2V:
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Discussion

We seek, via the objective function in (3.3a), a collectionfavash vehicles to purchase
and wash crews to operate them in each time period such thatetsum of (i) the
operational costs and revenue losses due to soiling, and {iie costs of purchasing
equipment are minimized. Constraint (3.3b) enforces the Igetion of a single collection for
each time period. Constraint (3.3c) ensures that a su cienhumber of vehicles of each
type are purchased for the operating decisions chosen in legeriod. The number of
vehicles for a collection is not required to be invariant aoss all time periods, but if a
vehicle is used in any time period, then the full cost of thatehicle purchase is incurred.
For example, if the collection for the rst period uses one Vecle of type 1 and the
collection for the second period uses two vehicles of typethhen two vehicles of type 1
must be purchased. Similarly, all vehicles purchased do nbave to be used in every time
period. Not using all of the vehicles could lower labor and waisg costs.

Constraints (3.3d) and (3.3e) provide binary restrictions
3.4.4 Solution Procedure

We rst solve subproblem model §) with relaxed X s (assignment) variables for every
combination of collectioni and time periodt; we call this set of solutionsX. We then
provide the solutionsci(ts) that use X to model (M ), which incorporates purchase costs, to
create a valid lower bound. We obtain a feasible solution byunding the values inX; the
resulting evaluation in model M ) provides an upper bound. Figure 3.2 depicts a general
overview of the decomposition procedure in which subproloteresults are provided to the
master problem, which determines the best combination of kigles for each time period.
In this example, there are ve each of vehicles type one, twand three, and one ghost
truck; considering that each type can remain unused, or be e up to ve times, collection
i =216 (6%);[5;5;5; 1], represents all vehicles used.

Speci cally, we implement the procedure in Algorithm 1 to ob&in near-optimal

solutions to instances of modelW).
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Period 1

Subproblem (S)

Vehicle Collection

1:[0,0,0,1] — ¢{%)
(5)

Solution to Model (W)
Period Collection
1

=)
ql\D
L

—

]

2: [170’071} *}02,1 2 [0,3,0,1}
; 3 [0,3,0,1]
216: [5,5,5,1] — Cgé@ Master Problem (M) 4 [0,3,0,1]
Best collection i for each 5 [0,3,0,1]

: period ¢, while incurring | 6 [0,3,0,1]

Subproblem (S)  Period 12 full vehicle purchase costs. 7 [0,3,0,1]
Vehicle Collection 8 [0,3,0,1]
S 9 [0,3,0,1]

1:0,0,0,1] — ¢{%, I 0.5.0.1]
2:[1,0,0,1] — 5%, 11 0.3.01]
: 12 [0,2,0,1]

216 : [5,5,5,1] — Céi)s,lz

Figure 3.2 Decomposition overview. Subproblems for each &nperiod and collection of
vehicles (e.g., [12; 3; 1] represents the collection with 1 of vehicle type one, 2 ohvicle type
two, 3 of vehicle type three, and 1 of vehicle type four, the gist truck) are solved in parallel;
these are used by the master problem to determine the best lection of vehicles in each
time period. The nal solution requires 3 vehicles of type tw to be purchased (plus the use
of the ghost truck), though only 2 are used in January and Decdyar.

Algorithm 1

" Stepl. 82T and8i 21, solve subproblem §) with the assignment variablesX s
(i.e., those inX) relaxed to obtain a lower bound on revenue losses and opeoagl
costs,c,-(ts). Then, round up the assignment variableX with the largest fractional
values for each andt to one, and round down all other assignment variable values t

zero, to obtain a feasible solution to %), and call the resulting objective valueq-(ts).

~ Step 2. Let ci(ts) ci(ts), and solve model 1 ); call the lower bound obtained from
this instancez , and let M,, and W;, be the optimal purchase and hiring decisions,

respectively.
"~ Step 3. Let® ™ and re-solve model 1 ). Call this upper boundz .

Step 4. Returnz ,z ,M,, W,, and the (rounded) values oiX; that correspond to

hiring decisions8t 2 T .
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3.5 Results

This section describes a collection of case studies and asak using data from various
sources in the literature and from industry. We report comptational results for these
instances that: (i) demonstrate that the optimal number of vash vehicles and their use
vary by geography, largely due to changes in operational ¢ssand, (ii) recommend

di erent cleaning frequencies than do previously publistieindustry guidelines.
3.5.1 Source Data

For the case studies that follow, we consider three CSP plantthe rst of which, Case
1, is a ctional CSP central-receiver design, obtained usin§olarPILOT [73], and includes
8,279 heliostats. The data from SolarPILOT provides each hestat's location and its
estimated annual energy collectionCase 2uses a CSP central-receiver design from one of
our industry partners that includes over 10,000 heliostatsCase 3employs a CSP
parabolic trough design from one of our industry partners. ¥assume that lost revenue,
labor and materials costs, and capital costs are each sulijéx separate discount rates in
each instance.

Other di erences between the three cases follow. For the deal-receiver plants, solar
eld sections are created with an equal number of heliostgtsn which each section
increases by distance from the central receiver. This groug allows the objective function
to be convex, as described in Section 3.4.2. Case 1 considgrso ve each of three wash
vehicle types, (i) water and brush, (ii) high-pressure wastand (iii) low-pressure wash, i.e.,
\deluge,"” plus a ghost vehicle that does not wash mirrors. Ga 2 incorporates two each of
vehicle types (i) and (iii), and capital costs for the vehi@s are sunk because the plant
already owns them. Case 3 is a currently operating parabolimugh plant in which one
vehicle each of types (i) and (ii), and six vehicles of typeii)j are already owned by the
plant. In all three cases, we consider a 10-year operatingrlamn, commensurate with the

wash vehicle lifetime in [104]. Additionally, for any monthm which mirrors are not washed,
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we assume an average re ectivity of 80% for January through Aprand September
through December, and 65% for May through August. See the Apperdor a more
detailed description of Case 1 data and sources. Industrygprietary data are omitted for
Cases 2 and 3.

We evaluate how the solution changes for di erent values ohe following three
parameters: (i) electricity sales price, (ii) average sailg rate, and (iii) hourly washing
costs. Table 3.4 shows the baseline values for these threegpaeters. Multipliers between
0.1 and 2.0 are applied to the parameters, one at a time, and the case sju resolved

for each instance.

Table 3.4 Baseline parameter values for three case studidsparameter sensitivity analysis
is performed by applying multipliers between 0.1 and 2.0 the value of the parameter.

Parameter Case 1 Case 2 Case 3
Design Tower Tower  Parabolic Trough
Vehicle 1 Costs ( $/hr) 36 1,072 59
Vehicle 2 Costs ( $/hr) 44 2,072 107
Vehicle 3 Costs ( $/hr) 54 n/a 64
Electricity Price ( $/kWhr) 0.137 0.137 0.14
Soiling Rate (fraction/day) 0.0036 0.0036 0.0034

3.5.2 Comparison of Solution Methods

Attempting to solve Case 1 with model ) directly (the monolith), via many
combinations of parameter settings, does not achieve an aptable optimality gap after
one hour using AMPL 20190617 [105] with CPLEX 12.9.0.0 [106) a server with two Intel
Xeon E5-2620 v4s at 2.1GHz, 32GB RAM, and 32 cores.

We implement models §) and (M ) (the decompositior) using the Pyomo optimization
package [107] for Python 3.6 [108] on the same server. Mod®) (s solved in parallel for
every time period and collection of vehicles, as described$ection 3.4.4, using the
open-source interior point method solver IPOPT 3.12.13 [9] which provides the input to

Model (M ), that is then solved with the open-source solver CBC 2.10[210].
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Table 3.5 provides the results of solving the three cases Wwidi erent multipliers
applied to the soiling rate parameter using the monolith anthe decomposition. Solving
the decomposition, we achieve an optimality gap, de ned a%z—z of 0.03% or less in three
minutes or fewer for all cases and instances. Applying multiprs to the vehicle costs and
electricity pricing parameters yields similar results (nbshown). In every instance, the
decomposition yields a smaller optimality gap than solvinghe monolith directly, and is
faster in all but three instances (which still have solve tiras fewer than 16 seconds). Case 2
is easily solved to near-optimality with both methods, liks due to having a total of 4
vehicles (not including the ghost vehicle) to choose from rgais the 15 vehicles in Case 1
and 8 vehicles in Case 3. Additionally, the washing costs areuoh higher for Case 2, which
results in more obvious tradeo s in the optimization model ad fewer vehicles used.
Regardless, an open source combination of modeling langeia@nd solver obtains results

within an operationally feasible amount of time.

Table 3.5 Case study results of solving the monolith diregtlusing a commercial modeling
language and solver versus the decomposition with an openisce modeling language and
open-source solvers.

Monolith Decomposition
Case Soiling Rate Solve Optimality Solve Optimality
Study Multiplier Time (s) Gap (%) Time (s) Gap (%)

Case 1 0.1 76 0.0 13 0.0
1.0 3,600 11.2 43 0.1
2.0 3,600 15.3 85 0.1

Case 2 0.1 1 0.0 15 0.0
1.0 5 0.0 15 0.0
2.0 9 0.0 16 0.0

Case 3 0.1 3,600 5.1 37 0.0
1.0 3,600 19.3 52 0.1
2.0 3,600 26.8 178 0.03

3.5.3 Case Study Solutions

The baseline instance (all multipliers equal to 1.0) of Case 1 has a solution that uses

four water and brush trucks from February through November, rad three water and brush
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trucks in January and December. Figure 3.3 shows the assignrmehwash vehicles to solar
eld sections for February through November. The three vehies assigned to eld sections
closest to the receiver have a 20% shorter wash time for ther@sponding heliostats than
the vehicle assigned to the outer sections, meaning that tb® heliostats have less time
between cleanings and have a higher average re ectivity. ®his expected since the
heliostats closest to the receiver are responsible for maeergy re ected onto the receiver

than heliostats further from the receiver.
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Figure 3.3 Wash crew assignments for Case 1 in February thrdudlovember. The solution
uses four water and brush trucks with the truck assigned to #houter rings having 130 hours
between washings and the three trucks assigned to the innémgs having 104 hours between
washings. (Note: results show slightly non-concentric trecassignments due to the lack
of heliostat ring data in the ctional case, an artifact that does not occur in our industry
partner data.)
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The baseline instance of Case 2 uses a single water-and-hrushicle that is operated
from February through November. During these months, the vétie is assigned to every
solar eld section. The solution does not wash heliostatsdm November through January
because the heliostats are less productive in those monthwdat is not bene cial to pay for
the labor and materials of a crew.

Figure 3.4 shows the monthly vehicle use from Case 3, which qmamres the
recommended wash vehicle deployment at the industry partrig site versus estimated
vehicle use per shift, by month. The results indicate that weh vehicles are underutilized,
particularly in the summer months. Under the present assumpns, pro ts may be
increased by$4.26M over a ten-year horizon if the recommended schedulauidized,

compared to current practices.
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Figure 3.4 Wash crew assignments for Case 3 by month, companedh average vehicle
use by type at the time of this writing. In each pairing, the |& column denotes current
average usage of wash vehicles and the right column denotlks tecommended deployment.
*Mirror-washing activity logs for November and December wernot available.

Figure 3.5 shows the results from applying a multiplier betven 0.1 and 3.0 for the
three cases, and demonstrate that more wash vehicles areormmended when electricity

pricing and average soiling rates are higher and when wasfinosts are lower. Case 2 in
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Figure 3.5b possesses a particularly robust solution of phasing one vehicle, which holds
for changes in electricity pricing, soiling rate, and washg costs in the range of 0.5 to

2.0 of the baseline values. The other two cases have solutionstlare more sensitive to
changes in the parameters. These ranges provide a decisiaskar a lower and upper bound

for the number of vehicles to purchase if there is uncertaintyy some of the data used.

(a) Case 1

(b) Case 2 (c) Case 3

Figure 3.5 Results from applying multipliers to three paranters for (a) Case 1, (b) Case
2, and (c) Case 3. In each case, electricity pricing and avege soiling rate have a direct
relationship with the number of vehicles recommended, anti¢ washing cost has an indirect
relationship with the number of vehicles recommended.

3.6 Conclusions

We present an MINLP to determine the optimal vehicle eet and asignment of wash
crews to heliostats, to minimize the loss of revenue due toilsay, vehicle purchase, and

operations in a CSP plant. Instances of the MINLP are solved gkly and to
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near-optimality using a decomposition method and solar €l grouping that results in a
convex objective function. Industry-based case studiesditate that costs may be reduced
on the order of hundreds of thousands of dollars per year by@ping our recommendations.
Model (W) provides insights for eet sizing and assignment for an eeghded time
horizon, such as 10 years. This helps decision makers detgrenthe number and type of
wash vehicles, and the assignment of vehicles, when assugrawerage soiling rates. This
work could be expanded to include contingency planning foxeeme weather events that
severely impact re ectance in the short term, such as dust@tms. Future research includes
modifying model (W) to support decisions in a real-time environment. Possible
modi cations include determining how to best employ a eet dr the next week, based on
current heliostat re ectivity measurements and weather faecasting. For example, a eet of
wash vehicles would be used di erently depending on how helgvsoiled heliostats are, if
there is a high chance of a rain event that would improve re éwity, and if a forecast for

cloud-cover suggests a reduction in revenue.
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CHAPTER 4
DECOMPOSING A RENEWABLE ENERGY SYSTEM DESIGN AND OPERATION
OPTIMIZATION MODEL

This paper is planned for submission to th&uropean Journal of Operational Research

Jesse G. Wales!®, Alexander J. Zolart!, Tulay Flamand %%
4.1 Abstract

The National Renewable Energy Laboratory's Renewable Engrdgntegration and
Optimization tool (REopt Lite ™) is a web application using an underlying optimization
model that determines the best mix of renewable energy teablngies and battery storage
in order to reduce long-term electricity costs and improveesilience to power outages.
REopt Lite includes combined heat and power technology andhé¢rmal energy storage
options that can synergisticly operate with other technolgies. However, including these
technologies reveals computational challenges. To tackleese challenges and solve
large-size instances in reasonable CPU times to near-opélity, we develop a temporal
decomposition methodology, which decomposes the problemioi smaller, more manageable
blocks. We apply the proposed methodology to several casedies. Our computational
experiments demonstrate that the decomposition methodajg yields an acceptable

optimality gap on the order of minutes instead of hours for diult cases.
4.2 Introduction

Power generated by a customer on a distribution network, wti is then used by the

customer or sold back to the grid, is a form of distributed gearation [111]. There is a
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growing interest in optimizing distributed generation tha includes renewable technologies.
Abdmouleh et al. [112] present a research survey and descritse motivations for
increasing distributed generation: (i) environmental, sth as decreasing carbon dioxide
emissions and responding to increased energy demands;dapnomic, such as decreasing
electricity prices and avoiding excessive transmission éulistribution investments; (iii)
technological, such as advancements in renewable energshtelogies, generators, and
combined heat and power; (iv) technical, such as peak shagiand improving reliability;
and (v) regulatory, such as meeting renewable energy peredion goals and carbon
emissions standards. Most of the distributed generation search outlined in [112] focuses
on location and sizing decisions to minimize network losseSur research determines the
size, mix, and operations (dispatch) of renewable techngies to reduce costs and improve
energy resiliency for a commercial building.

REopt Lite™ is a web tool, based on the larger National Renewable Energydaratory
model REopT™ [113], that allows building managers to evaluate the addin of renewable
energy technologies, such as photovoltaics (PV), wind, armbmbined heat and power
(CHP), along with electrical and/or thermal energy storageand generators, to reduce
long-term energy costs. Additionally, managers can includée option of energy resilience
from grid outages for a speci ed time duration. Ogunmodedet al. [114] show that REopt
Lite uses a mixed-integer linear program (MILP) to minimize¢he sum of technology capital
costs, storage costs, operations and maintenance cost®duction costs, grid charges, and
the bene ts of energy exports and production incentives. T@model must satisfy
constraints that concern (i) fuel, (ii) thermal production, (iii) rate of production, (iv)
storage system size and operations, (v) cold and hot thermlalads, (vi) production
incentives, (vii) power rating, (viii) load balancing and gid sales, (ix) rate tari s, and (x)
minimum utility charges. REopt Lite includes the option for CHP technology and thermal
energy storage that causes computational challenges, padiarly, in solving large-size

instances [115]. Our main contribution to develop a temporaecomposition methodology
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that overcomes these computational challenges by decomipgsthe model into smaller
blocks, in order to solve large-size instances in manageaklPU times. Using the proposed
methodology, we establish procedures to obtain lower and pgr bounds, which enables
calculating an optimality gap in order to assess the qualitgf the prescribed solution.

The rest of this chapter is organized as follows. Section 48ovides a review of the
literature. Section 4.4 describes our methodology in a geaksense. Section 4.5 provides
the results of applying our decomposition to REopt Lite withseveral case studies.

Section 4.6 concludes and proposes future research.
4.3 Literature Review

REopt Lite belongs to a category of models that focus on engrgystem design and
operations for a microgrid or distributed site. Another Natimal Renewable Energy
Laboratory model concerning micropower systems is the HydrOptimization Model for
Electric Renewables (HOMER), which is a simulation model desbed in [116]. Relevant
research using HOMER is reviewed in [117]. An MILP is used in [8land [119] to
optimize the design and dispatch of microgrids to support ditary and other
geographically separated locations. Lara et al. [120] usevlALP model for multi-region
electric power infrastructure planning and scheduling ove80 years that includes
traditional generation sources, renewable technologiem)d energy storage. Their model
minimizes capital investment and operating costs while meeg demand and satisfying
operational constraints. Other energy models are describand reviewed in [121]. REopt
Lite di ers from these models by focusing on optimizing teatology selection and dispatch
to not only reduce costs, but achieve some level of resilieni power outages using energy
storage, and because it is an open-access web-based toal, asuch, is expected to
provide results quickly to users.

As some instances of MILPs can be computationally burdensoptecomposition
techniques are often used to improve solve times. A branchdéxbound procedure is

developed in [122] that uses a temporal decomposition witragrangian relaxation to nd
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solutions to two unit commitment problems that minimize prodiction costs. Similar to our
method, they divide a long-term time horizon into shorter sbproblems with time-coupling
constraints, and use parallel computing for the subproblesn Many researchers improve
computation time by applying temporal decomposition usingnventory time-coupling
constraints, Lagrangian decomposition for lower boundspd xing inventory variables
from subproblem solutions to nd upper bounds [123, 124]. Wapply a similar
methodology, with modi cations to support certain aspectghat are unique to REopt Lite,
such as (i) having constraints in the time-separated subprédms that require values of
variables from other subproblems, (ii) working with timeindexed sets that span several
subproblems, (iii) satisfying resource constraints basexh the full time horizon, and (iv)
having a goal to achieve solve times on the order of a few miest

There are several other decomposition techniques that arsad to improve model
tractability. Dantzig-Wolfe decomposition [125] is usedni [126] to improve solve times of
energy dispatch planning. Some authors use a nested decosipon approach, whereby
problems are decomposed into subproblems that are solvedhwbantzig-Wolfe
decomposition [127] or Benders decomposition [120]. Optility condition decomposition
is used by [128] to improve solve times in a economic dispafgfoblem that includes
traditional energy sources, renewable generation, and sige. Optimality condition
decomposition concerns variables and constraints that cdre separated into subproblems,
and complicating constraints that contain variables that annot be separated. The
complicating constraints are relaxed by moving them to thelgective function of the
subproblems and using Lagrangian penalties, which are ugdd using the complicating
variable values from the other subproblems until a stoppingriteria is reached. Progressive
hedging, rst presented by [129], separates the problem miseveral subproblems that are
solved with relaxed constraints and employs penalties thare updated over iterations to
converge to the optimal solution. Information from the submblems is used to create

implementable solutions to the full problem. The progres# hedging algorithm outlines
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how to iteratively improve the solutions with relaxed congstints, and the feasible solutions
with all constraints until a satisfactory optimality gap is achieved. Progressive hedging is
used by [130] to achieve signi cant reductions in solve tim@®r medium-term operational
planning of a large hydrothermal system. Our approach usebkd concepts of temporal
decomposition with the progressive hedging algorithm to iprove the solve times of REopt

Lite.
4.4 Methodology

In this section, we present our notation and methodology in general sense to
demonstrate the application to other models with construa similar to REopt Lite. We
begin with an MILP that determines system design and operains decisions over a \long"
time horizon, such as a year, to minimize overall costs and Btamposed constraints. We
then propose a methodology for to solve the given MILP.

To decompose an MILP, the model should be separable into stealsubproblems such
that each subproblem is solved independently. Decompositi methodologies aim to nd a
solution to a problem by solving such smaller, more managdalsubproblems, faster than
solving the monolith. Subproblems can be solved in parallethich also decreases the
overall solution time compared to the monolith. We considea time-separable MILP model,
where each subproblem spans a speci c time interval, whicheveall ablock as a part of the
given time horizon. In a time-separable model, the combinah of all time blocks forms
the entire time horizon. Hence, there should be a consecutigennection between time
blocks. For example, the ending inventory of a speci c timelbck should be the beginning
inventory of its following block. This connection is repreanted by linking variables in the
proposed methodology. These variables create continuitetiveen the blocks, which enables
the combination of subproblem solutions to form a feasiblekition for the monolith.

The variables for this model are categorized as either alh®@mpassing or
block-separable.All-encompassing variablegpply to the entire time horizon and include

design choices, such as system size and technology mix, aost-@ ecting decisions, such
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as production incentives.Block-separable variablespply to shorter time intervals and can
have values that are unique for each time block. Thereforehése variables can be solved
for within a block without regard to their values in other blacks. They include operational
decisions, such as energy production or inventory during dur. Inventory reset variables
are all-encompassing variables that are used to connect tits. For example, the
end-of-block inventory for block one must equal the beginmg-of-block inventory for block
two, in order to have a feasible solution.

We reformulate the time-separable MILP model by dividing itinto several independent
time blocks that are coupled with inventory-reset variable and forcing a single value for the
all-encompassing design variables across all the blockse Wen nd solutions that provide
a lower bound on the monolith by relaxing the single all-enoapassing design variable
constraint and penalizing violations in the objective funiton. We nd solutions that
provide an upper bound, feasible solution to the monolith,yb xing the all-encompassing
variable values to be the same across all time blocks. We dieygean algorithm to close the
gap between lower bound and upper bound solutions, and usegéel computing to
expedite solutions. Our decomposition can be extended toher models that have a
separable structure and contain all-encompassing and bkeseparable variables.

We begin with the original formulation of the problem, whichwe call (P). We use the
notation principles outlined in Teter et al. [131], such thasets are represented with
calligraphic letters, parameters and functions are in lowecase, and variables are in upper
case with indices as subscripts and superscripts di ereating variables representing
similar decisions. This work is an extension of the decompto@n presented by Zolan et al.
[124], and as such, we use a similar explanation. As much as gbke, we avoid using

notation that con icts with the REopt Lite formulation in [1 14] and [115].
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Sets

h2H =11;2,::;;;Hg
2L =112 Lg
H- H

Time steps
Time blocks indexing a partition ofH
Time steps in block

A2A All-encompassing variables
B 2B(A) Block-separable variables, given all-encompassing \atle
value A
Functions
fo() Costs associated with all-encompassing variables
fn() Costs associated with block-separable variables in timé&p h
on() Net change in inventory associated with block-separable
variables in time steph
k() Resource consumption associated with block-separableiables
Parameters
jH+j Number of time steps in block
h- First time step in block ; hy =1;h- = :%11 jHo+1; 8 2L
h- Last time step in block™; h-=h-+jH:j 1, 8 2L
b Resource parameter based on full time horizon, e.g., annual
fuel available
Variables
A All-encompassing decision
R Inventory reset value
Bh Block-separable decision at time step; B = (Bn)n2n

In
In

Boundary Condition

Inventory at start of time step h
Inventory at end of time steph

lo

Initial inventory
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4.4.1 (P) Original Formulation

X
z° = min fo(A)+  fn(Bn) (4.1a)
AR:B; I;1 hoH

subjectto A 2A (4.1b)
Bn2Bn(A); 8h2H (4.1c)
Ih = |h + gh(Bh); 8h2H (41d)
Ih=1In 1; 8h2H (416)
l,. = R; 8 2L (4.1f)

l1=1 4.1
g = o (4.19)
k(Bn) b (4.1h)

h2H

The objective for (P), (4.1a), minimizes the cost of all-encompassing decisgthat span all
the time blocks and the decisions within each time block. Cstraint (4.1b) ensures
all-encompassing decisions are feasible as de ned by Aetand constraint (4.1c) ensures
block-separable decisions are feasible with respect to thiéencompassing decisiors. A
and B represent the set of feasible all-encompassing and bloelparable variable values,
respectively, including non-negativity and integrity refrictions. Constraint (4.1d) sets the
end-of-time-step inventory equal to the beginning-of-tim-step inventory plus the net
change in that time step. Constraint (4.1e) links the inventdry from one time step to the
next. Constraint (4.1f) forces the inventory at the end of tle last time step of a block equal
the reset valueR. The reset valueR connects the end-of-inventory for one block to the
beginning-of-inventory of the next time block. Constraint(4.19g) initializes the beginning
inventory in the rst time step to the initial inventory. Con straint (4.1h) limits the
consumption of resources over the time horizon. For exampllde amount of fuel used for
the year must be less than or equal to the amount of fuel avalike for the year.

We use the block-separable structure of modeP{ to decompose it intojL]
subproblems, each of which determines values for variablksand the inventory resetR,
which is a reformulation of the original problem that we cal(P9. All-encompassing

variables are cloned for every block and their values are determined within each
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subproblem. For a solution to be implementable, the all-enmpassing variables need to

have the same value for all subproblem blocks, therefomr@nanticipativity constraints are

used in the reformulation to a enforce single value across hlocks.

Additional Sets

H. Time steps in block™, excluding the rst time step in that block;
ie,H. = H-nfhg; 8 2L

Additional Variables

A-  All-encompassing variable for subproblem
R-  Inventory reset value for subproblem

Additional Parameters

I~ Weighted contribution of block * to objective function value [fraction]

4.4.2 (P9 Block Reformulation

!
. X X |
Z(P9 = min Lo To(A) + fn(Bn)
AASRRGBIT L h2H -
subjectto A - 2A; 8 2L
Bn2Bn(A); 8h2H; 8 2L
In = In+ gn(Bn); 8h 2 H
Ih=1n 1, 8h2H.; 8 2L
I, = R: 8 2Lnf 1g

I, =R 8 2L
A-=A; 8 2L
R =R; 8 2L
I :>|(0

k(By) b
2L h2H

The reformulated model P9 is an equivalent model to P) because it clones the

(4.2a)

(4.2b)
(4.2c)
(4.2d)
(4.2e)
(4.2f)
(4.29)
(4.2h)
(4.2i)
(4.2)
(4.2k)

all-encompassing decisiom& and reset variableR using A- and R-, respectively, and adds

nonanticipativity constraints (4.2h) and (4.2i), which face these variables to have a single
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value across all blocks. The contribution to the objectiveuhction of block = associated
with all-encompassing variables is weighted by-, where‘P I~ =1. For example, the
contribution from block * can be weighted by the fractio;Lof time steps in that block, &.,
I = ’J':'—J‘ Constraints (4.2b)-(4.2d), (4.2)), and (4.2k), replica¢ constraints (4.1b)-(4.1d),
(4.1g), and (4.1h), and respectively. Constraint (4.2e) sores inventory balance between
time steps within a time block. Constraints (4.2f), (4.2g)and (4.2i) ensure inventory
balance between time blocks.

The block-reformulation can be solved directly as emonolith which may provide better
performance than the original model. The reformulation magolve faster due to the
additional structure added by the reset and cloned variabée For di cult-to-solve
instances, we create block subproblems that are solved ip@gadently in parallel. These
subproblems are used to determine a lower bound to the optiitnsolution by relaxing the
nonanticipativity constraints, and they are used to deternme an upper bound to the
optimal solution by xing all-encompassing decisions acss all the blocks. The di erence
between the lower bound and upper bound solutions de ne thgptmality gap of the
problem. This decomposition is used for instances that theanolith cannot solve to an
acceptable gap within an allotted amount of time.

We create a lower bound modelR) by using a Lagrangian relaxation with dual
variables - and - on constraints (4.2h) and (4.2i), respectively. The nonaitipativity
constraints are removed and the dual variables are used inetlobjective to penalize
di erences in all-encompassing and reset variables betwetme blocks. We remove the

free variablesA and R by forcing the penalties - and - to sum to zero across all blocks

" 2 L. This allows the block subproblems to be solved independént
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4.4.3 (P) Lower Bound Formulation

z® = min X Lo fo(A)+ X fn(Bn)+ A+ ‘R (4.3a)
A-R;R-;B; 15 o hoH -
subjectto A-2A; 8 2L (4.3b)
Bh,2Bn(A); 8h2H-; 8 2L (4.3c)
Ih = In+ gn(Br); 8h 2 H (4.3d)
lh=1n 1; 8Bh2H.; 8 2L (4.3e)
lp. = R; 8 2Lnf 1g (4.3f)
l,h. =R; 8 2L (4.39)
I)% = )I(o (4.3h)
k(Br) b (4.30)
"2L h2H -

To obtain a lower bound on the optimal solution, we solve motléP). To facilitate this,
we solve the subproblem for each blockin parallel and then combine the results. The
lower bound results are infeasible for the monolith becausach block is allowed to have
di erent values for the cloned all-encompassing variablethis causes infeasibility with
respect to the monolith constraints (4.2h) and (4.2i), whig force the cloned
all-encompassing variables to be equal across all blockse \Wse the values for the cloned
all-encompassing variables for each block to update the Lraggian penalties in the
objective function.

The Lagrangian penalties in the objective function for®) are used to force the cloned
all-encompassing variable values for each block to be tharsa After the penalties are
updated, they are used to obtain a new lower bound to the monibl that may be better
than the previous lower bound due to improved penalties. Waitialize the penalties -
and - for each all-encompassing variabld- and R-, respectively, to start at zero. Using a
step size, , we update the penalty by incrementing it by the product of tle step size and
the cloned all-encompassing variable value's di erenceofn the average value across all

blocks. That is,
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0 P 1

Ao
new — od 4 @A ‘OZjLLj A g 2L (4.4a)
P
0 Rot
new— od L @R. ”'ZJ_LTA 8 2L (4.4b)

Updating the penalties using the di erence from the averagenéorces the penalties to sum
to zero. After the penalties are updated, we can solv@} again to improve the lower
bound. Any time a better lower bound is found, we can use thosesults to obtain an
upper bound on the optimal solution, as described in Sectigh4.4.

We create an upper bound modelR) by xing all-encompassing variablesA to A and
reset variablesR to R using one of the block solutioné\: and R-, and removing the

penalties in the objective function. Additionally, we add a onstraint to ensure feasibility.

Additional Parameters

~  Weighted fraction for full-horizon resources in block, e.g.,f ‘;'4—]‘9 [fraction]

4.4.4 (P) Upper Bound Formulation

_ X X

zP) = min fo(A) + fn(Bn) (4.5a)
Bl 2L h2H -

subjectto  Bp2Bn(A); 8h2H-; 8 2L (4.5b)
Ih = In + gn(Br); 8h 2 H (4.5¢)
ln=1n 1, 8h2H.; 8 2L (4.5d)
. = R; 8 2Lnf 1g (4.5e)
I, = R; 8 2L (4.5f)
|§<: lo (4.59)
B ~ b;8 2L (4.5h)

h2H -

P
Constraint (4.5h) ensures feasibility by multiplying the @rameter!~, where ~ =1,
“2L
to the right-hand-side of any constraint concerning an altncompassing variable that has a
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maximum amount of a full-horizon resource that it can consue This restricts the amount
of the full-horizon resource used in a block subproblem to hlee ~ fraction allocated to
block . For example, if the original model has a year-long horizoméd has a constraint
that the total amount of fuel used over the year is less than agqual to an annual amount
of fuel available, we add a constraint that limits the fuel cosumed in a block to be less
than or equal to a block-allocated proportion of the annualraount of fuel. This forces the
total consumption of that resource across all blocks to bede than or equal to the total
amount available. Constraints (4.2h) and (4.2i) are not neked in P because we x all
cloned variables to the same value.

To obtain an upper bound on the optimal solution, we solve madl (P) using the results
from the jLj lower bound subproblems. We evaluate each lower bound subplem solution
* by xing the cloned all-encompassing variable values for e block *°in the upper bound
problem (P). For example, to evaluate the solutions from lower bound @) subproblem ™

using all-encompassing variableA® as a potential upper bound (UB) solution,

A=A (4.6a)

A =K 8 2L (4.6b)
This results in either a feasible or infeasible solution. Ti& is repeated for each lower bound
subproblem solution and the best feasible solution for the anolith, if it exists, is saved as

the new upper bound.

4.45 Convergence Algorithm

We close the gap between the lower bound and upper bound usig algorithm similar
to the one in [124]. The stopping criteria include achievingn acceptable gap between the
lower and upper bound, , or exceeding a time limit . Inputs to the algorithm include the
number of iterations of improving the lower bound, , the step size, , used to update the

penalty parameters and , and the time limit . Algorithm 1 repeats the process of
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nding and improving the lower bound for iterations, and then using the data from the
lower bound to nd an upper bound, until an acceptable gap oriine limit is met. The
penalty parameters are updated in accordance with equatisr{4.4a) and (4.4b). Our
algorithm di ers from [124] by enforcing a time limit and in how we choose which solutions

from the lower bound problem to use in nding an upper bound.

Algorithm 1: Decomposition algorithm to solve modelP
Result: Achieve acceptable gap between lower and upper bounds withime limit

inputs: 2f0;1g;, > 0; 2 Z,;
initialization: t 0,z2° 1 ;z2° 1 ; 0; 0;
while zP >zP ZzP andt< do
k O
while k< and zP >z? ZzPandt< do
solve (P) to obtain ZE;A\; R- 8 2L;
new. . new g 2L;
if z >zP then
* oz

end

k k+1,t time_elapsed

end

if zP>zP ZzPandt< and A-;R- not used beforeghen
solve P) with A.- = A;R- = R- to obtain z{; A;R; X; | ;
end

if z¥ <zP then

AR

end

t time_elapsed

end
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4.5 Application

This section describes how we apply the methodology from $en 4.4 to REopt Lite
and the results from several case studies. We focus on a fewesds of applying the
decomposition method and some of the successes and chalergncountered. We only
present the notation necessary to describe some of the agpeaf implementing the
decomposition, which is shown in Table 4.4. The complete RfbLite decomposition

formulation can be found in Appendix C.

Table 4.4 REopt Lite notation used to describe the decompaisin.

Sets
B Storage systems
F Fuel types
L=112::129 Time blocks
M Months of the year
M- M Months in block °
H Time steps
Hn H Time steps within a given monthm
H- H Time steps within block "
T Technologies
T T Technologies that burn fuel typef
Parameters
Time step scaling [h]
G2 Amount of available fuel for typef [MMBTU]
Variables
Rp Reset value of storage systern [kWh]
Ry Reset value of storage systerin block [kwh]
Xt Fuel burned by technologyt in time step h [MMBTU/N]
X sp State of charge of storage systemmat the
beginning of time steph [kwh]
Xee State of charge of storage systemmat the end
of time steph [kWh]
X, System size of technology [kw]
X System size of technology in block ~ [kw]
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45.1 REopt Lite Reformulation

We begin the decomposition process by reformulating the gimal REopt Lite model
into a block-separable model. For the reformulation, we usg time blocks,

L = f1;2;::;12g, that directly correspond to months because there are seaéwvariables
indexed by month and constraints that pertain to each monthEach lower bound and
upper bound subproblem time frame is a single month. Subprems with time frames
larger than a month solve slower. Subprolems with time frarsesmaller than a month
require special considerations to manage certain aspecfRiopt Lite, such as peak
electrical power pricing per month.

We classify the variables from REopt Lite as either all-encopassing or block separable.
For the all-encompassing variables, i.e., the varibles wé® values impact all the block
subproblems, we create a clone for each block by giving them aindex. For example, for
the all-encompassing variable, , we add the clone variableX .. For the block-separable
variables, i.e., their values are indexed on hour or month drdo not impact any variables
in other blocks, no change is required. The complete list ofi-@ncompassing and
block-separable variables is found in Appendix C, Table C.1.

The block reformulation of REopt Lite requires several stepincluding adding variables,
parameters, and constraints. We replace each all-encomgiaig) variable with its clone that
is indexed by block™. We change the hour and month setd;l and M , to their
corresponding block-indexed set$J- and M -, respectively. Similarly, we change the peak
electrical power demand ratchets, which a ect electricitypricing, to be indexed by block to
make decisions within the subproblem time frame.

Changes are made to the objective and each constraint. We mfydihe objective
function by weighting each term that includes an all-encongssing variable by! - = ‘J',:—J‘
and weighting each annual-based cost parameter by. We sum the objective function over

all blocks. We modify every constraint by adding8” 2 L to ensure the constraint holds for

each block. For constraints that consume resources that lman annual amount available,
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we add the multiplier =~ to the right-hand side. For example, constraint (4.7) limis the
amount a fuel consumed to an annual amount available. For tHewer bound subproblem,
we let '~ =1, which relaxes this constraint. For the upper bound submblem, we let

k= ’J':'—J‘ which ensures that the amount of fuel used over all blocks lisss than the

amount of fuel available.

Xt~ H* 8f 2F; 2L (4.7)

t2T¢:h2H -

Finally, we add nonanticipativity constraints for each allencompassing variable and its
clone, e.g., constraint (4.8). These constraints force dmcloned all-encompassing variable
to be equal to the same value; they are used to validate that ¢hblock-reformulation model
matches the original model and to solve the block-reformulan monolith for cases that

solve quickly.

Xe =X, 8t2T; 2L (4.8)

A few changes to the original REopt Lite model found in [114]ral [115] are necessary
to implement the decomposition. First, a beginning-of-pesd state-of-charge inventory
variable, X 8, is required to connect time blocks. The original model onlysed an
end-of-period state-of-charge variableX 55, because there was a single time-horizon. We
require the additional variable because we solve block subplems in parallel. The
beginning and end-of-hour state-of-charge variables arermected with the constraint (4.9).
Second, a beginning and end-of-block state-of-charge teggiable, Ry, is required to
make each block time-independent of other blocks. The staté-charge at the beginning of
the rst hour of a block, except for the rst block (which has an initial state-of-charge), is
set to the reset variable by constraint (4.10). Similarly, he state-of-charge at the end of
the last hour of a block is set to the reset variable as shown lepnstraint (4.11). These
added variables and constraints add a negligible amount thé¢ objective costs compared to

the original formulation. All other changes made to reformualte the original REopt Lite
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model into a block-separable model do not a ect the solutian

Xegh= X, 8b2B;h2H (4.9)
X =R, 8b2B; 2Lnf1ig (4.10)
XS =Ry 8b2B; 2L (4.11)

Decomposition

After developing the block-reformulation of REopt Lite, we teate lower bound and
upper bound subproblems and obtain solutions as described$ections 4.4.3-4.4.5. We
initialize penalties to zero, i.e., =0 for every all-encompassing variable. The penalties,
e.g., ¢, are updated using a step size that is proportional to the aéncompassing
variable's objective function coe cient, which we represet here asc, the step size scalar,

and the di erence of the value of the variable in block and the average value across all

blocks. For example,

P
R X
X, = —27t gi2T 4.12
f = e+t (Xp X,) 8t2T; 2L (4.13)

where,
¢ represents the objective function coe cent onX, :

We set a time limit of 300 seconds, a 1% optimality gap targegnd 3 iterations for
improving the lower bound before an upper bound is found. Weudnd that we achieve an
upper bound after only one lower bound iteration in all instaces, but we achieve better
performance using several lower bound iterations. After euating multiple penalty update
step sizes, , we choose 0.0005. Step sizes larger than 0.0005 result insedower bounds
in some cases, and step sizes smaller than 0.0005 result &3 lenprovement. For cases that
solve quickly due their attributes, we solve the block-refmulation monolith to optimality,
which includes nonanticipativity constraints. These casedo not converge to optimality

within the time limit when solved with the decomposition.
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We modify the algorithm presented in Section 4.4.5 with reget to obtaining upper
bound solutions. Evaluating every lower bound subproblenokition as a potential upper
bound solution is too time intensive. Instead, we only evaliie a single solution from the
lower bound subproblems. This block is chosen by determigirthe highest total electrical
demand for all the hours within the subproblem. This changeesults in nding an upper
bound solution on the order of a minute instead of twelve mirtas with minimal impact to

the quality of the solution.
4.5.2 Case Studies

We compare the performance of solving REopt Lite with the oginal monolith to the
results obtained with our decomposition. Six case studiestivvarying attributes are
solved with the original model and the block-reformulatioror decomposition method. Data
for the cases is provided by the National Renewable Energy Ladatory. Case 1 represents
an apartment building in Searcy, Arkansas, with solar photadtaics, tiered electricity
pricing, and a battery energy storage system. Cases 2-6 repent a hospital in San
Francisco, California, and have di erent technology and esrgy storage combinations, as
shown in Table 4.5. These cases have varying degrees of diliyudepending on the
technologies that are included and the type of electricity peing tiers used. Both the
original and decomposition methods are solved using AMPL \&on 20191223 with
CPLEX 12.10, controlled with Python 3.6.9 using the AMPL Pytlon API, on a Sun Fire
X2270 M2 with two Intel Xeon X5675 processors at 3.07GHz, 48GB RAMnd 24 cores.
The decomposition uses Python multiprocessing to solve th@ver and upper bound
subproblems in parallel.

We overcame some obstacles in implementing the decompasiti First, we must ensure
the block-reformulated model P9 is equivalent to the original model P), which we verify
by comparing the solutions of both models for cases that selto optimality. For cases that
do not solve to optimality, we use a feasible solution from enmodel and x those variable

values in the other model, and then compare the objective fation values. Additionally,
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there are computational challenges when implementing mipgtocessing to solve the lower
bound and upper bound subproblems in parallel. The AMPL objég created with the
AMPL API cannot be used as arguments for, or returned from, theadve function that is
executed in parallel. These objects must be created withité solve function; therefore, a
data structure, such as a dictionary of dictionaries, mustd constructed to contain all of
the block-speci ¢ data, variables, and penalty parameters

We present the results of the model comparison in Table 4.5n ach case, our model
outperforms the original model by achieving an optimality gp of less than 1% in a shorter
amount of time, or achieving a better optimality gap within the allotted time limit. Cases
1, 2, and 3 are solved with the block-reformulation monolithFor these cases, our model
outperforms the original model solving 23% faster, on avega. Cases 4, 5, and 6 are solved
with the decomposition method and have improved optimalitygaps within the time limit

for all cases compared to the original model.

Table 4.5 Case study results, comparing original REopt Litenodel to the decomposition.
We report the time to reach the acceptable optimality gap of%, or, *the gap achieved if 300
seconds are exceeded. Case attributes include tiered aledy pricing, solar photovoltaics

(PV), battery energy storage system (BESS), combined heat drpower (CHP), chiller, and

thermal energy storage (TES).

Case Model Time (Gap*)

Case 1 Original 94 sec.

(PV + Tiered + BESS) Block-reformulation 60 sec.

Case 2 Original 209 sec.

(CHP + chiller) Block-reformulation 177 sec.

Case 3 Original 300 sec. (1.5%)
(CHP + TES) Block-reformulation 258 sec.

Case 4 Original 300 sec. (13.8%)
(CHP) Decomposition 300 sec. (6.7%)
Case 5 Original 300 sec. (98.9%)
(CHP + PV + BESS) Decomposition 300 sec. (3.9%)
Case 6 Original 300 sec. (1.7%)
(CHP + PV + Tiered + BESS) Decomposition 300 sec. (1.2%)
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4.6 Conclusion

REopt Lite uses a mixed-integer linear program to optimizehe size and mix of
renewable technologies, and the dispatch strategy, to reckicosts and improve power
outage resilience in a commercial building. Adding the optioof a combined heat and
power technology and thermal energy storage greatly decsgamodel tractability in some
instances. We present a block-reformulation and decompiosn methodology for improving
solve times and achieving better optimality gaps. In all cas evaluated, the solutions
achieved using our decomposition improve upon those obtathwith the original model.

Future research includes improvements and further testingrhe model could be
improved by experimenting with di erent block sizes, pendy starting values, or developing
cuts to achieve better lower bound solutions more quickly. Atitionally, more case studies
that include di erent combinations of renewable energy tdmologies and alternate
electricity pricing scenarios would test the decompositomethod using more

di cult-to-solve cases.
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CHAPTER 5
CONCLUSION

As of 2019, 166 countries have renewable electricity targeted many countries are
incentivizing renewables in new buildings [1]. Employingutting-edge technologies can
create unique challenges and opportunities for improventerConcentrating solar power
plants are a part of meeting these renewable energy targebsjt maximizing prot in the
short-term can have long-term maintenance impacts. We creaa maintenance and failure
simulation model and integrate it with an existing mixed-ieger linear program dispatch
model to provide insights on the impact that near-term operttang strategies have on
long-term maintenance and down-time costs. We use the mosgl@nd methodology to
optimize operating strategies that result in potential sawmgs of over$3 million in sales over
current recommended industry guidelines. Future researehcludes incorporating repair
costs and optimizing the timing of maintenance. Extension® this work include applying
the methodology to other systems where operators make dears that balance short-term
pro ts with the long-term costs of operating strategies.

Over time, concentrating solar power plant mirror soiling educes e ciency and there is
a trade-o between the costs of washing the mirrors and the be t of increased revenue.
We build a mixed-integer nonlinear program that determinethe size, mix, and assignment
of wash vehicles in order to minimize revenue losses due tdisg, capital costs, and
washing costs of resources and manpower. Using a decompasiprocedure, we obtain
near-optimal solutions quickly. We apply our model to thregoower plants, and show that
in one case® million in savings over a 10-year horizon can be achievedmuared to
current industry practices. Future research includes mofying our model to support
decisions in a real-time environment, such as how to best eloyp a wash-vehicle eet for

the next week, based on current re ectivity measurements a@nweather forecasting.
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On a smaller scale, renewable energy and storage technasgian be incorporated in
commercial buildings to decrease costs and/or improve risncy to power outages. We
apply a temporal decomposition to the mixed-integer linegorogram REopt Lite, used by
the National Renewable Energy Laboratory, that optimizes ta size and mix of renewable
technologies to use in a building. Using the decompositiongvachieve faster solve times
with better optimality gaps compared to solving the monolih directly. Future research
includes using larger and smaller block sizes, such as a feeels or a couple of months,
and evaluating the performance with other combinations ofenewable technologies and

electricity pricing scenarios.

82



REFERENCES

[1] REN21 Secretariat. Renewables 2020 global status repoRep. Paris: REN21, 2020.

[2] T. Sarver, A. Al-Qaraghuli, and L.L. Kazmerski. A comprehesive review of the
impact of dust on the use of solar energy: History, investigains, results, literature,
and mitigation approaches.Renewable and Sustainable Energy Revig#2:698{733,
2013.

[3] KD Le and JT Day. Rolling horizon method: A new optimizatia technique for
generation expansion studieslEEE Transactions on Power Apparatus and Systems
(9):3112{3116, 1982.

[4] Je rey W Herrmann. Handbook of production schedulingyolume 89. Springer
Science & Business Media, 2006.

[5] Javier Silvente, Georgios M Kopanos, Efstratios N Pistdpoulos, and Antonio
Espuna. A rolling horizon optimization framework for the snultaneous energy
supply and demand planning in microgridsApplied Energy 155:485{501, 2015.

[6] Michael J Wagner, Alexandra M Newman, William T Hamilton, andRobert J
Braun. Optimized dispatch in a rst-principles concentraing solar power production
model. Applied Energy 203:959{971, 2017.

[7] Reza Ramezanian, Mohammad Saidi-Mehrabad, and Parviati@&hi. MIP
formulation and heuristics for multi-stage capacitated Ibsizing and scheduling
problem with availability constraints. Journal of Manufacturing Systems32(2):
392{401, 2013.

[8] Patrick Keatley. Cost modelling of coal power plant stdrup in cyclical operation. In
Coal Power Plant Materials and Life Assessmenpages 358{388. 2014.

[9] Md Tasbirul Islam, Nazmul Huda, AB Abdullah, and R Saidur. A conprehensive
review of state-of-the-art concentrating solar power (CSRechnologies: Current
status and research trendsRenewable and Sustainable Energy Review4:987{1018,
2018.

[10] Jay April, Fred Glover, James P Kelly, and Manuel Laguna. Rctical introduction to

simulation optimization. In Proceedings of the 35th conference on Winter simulation:
driving innovation, pages 71{78. Winter Simulation Conference, 2003.

83



[11] Michael C Fu, Fred W Glover, and Jay April. Simulation optmization: a review, new
developments, and applications. IfProceedings of the Winter Simulation Conference,
2005 pages 83{95, 2005.

[12] Chun-Hung Chen, Michael C Fu, and Leyuan Shi. Simulationna optimization. In
State-of-the-Art Decision-Making Tools in the Information-Intensive Agepages
247{260. 2008.

[13] Wai-Kei Mak, David P Morton, and R Kevin Wood. Monte carb bounding
techniques for determining solution quality in stochastiprograms. Operations
research letters 24(1-2):47{56, 1999.

[14] Julia L Higle and Suvrajeet Sen. Stochastic decompositioAn algorithm for
two-stage linear programs with recourseMathematics of Operations Research 6(3):
650{669, 1991.

[15] Seong-Hee Kim and Barry L Nelson. Selecting the best systeHandbooks in
operations research and management sciende:501{534, 2006.

[16] Jack PC Kleijnen. Response surface methodology for cwmaged simulation
optimization: An overview. Simulation Modelling Practice and Theory 16(1):50{64,
2008.

[17] Harold Kushner and G George YinStochastic approximation and recursive
algorithms and applicationsvolume 35. Springer Science & Business Media, 2003.

[18] Sigun Andradbdttir. An overview of simulation optimiz ation via random search.
Handbooks in operations research and management scieric@617{631, 2006.

[19] Sigurdur Olafsson, Xiaonan Li, and Shuning Wu. Operatis research and data
mining. European Journal of Operational Researchl87(3):1429{1448, 2008.

[20] June Young Jung, Gary Blau, Joseph F Pekny, Gintaras V Rektes, and David
Eversdyk. A simulation based optimization approach to sugp chain management
under demand uncertainty. Computers & Chemical Engineering28(10):2087{2106,
2004.

[21] Daofang Chang, Zuhua Jiang, Wei Yan, and Junliang He. Dewping a dynamic
rolling-horizon decision strategy for yard crane schedaly. Advanced Engineering
Informatics, 25(3):485{494, 2011.

[22] Elad Hazan et al. Introduction to online convex optimiz@éon. Foundations and
Trends® in Optimization, 2(3-4):157{325, 2016.

84



[23] Patrick Jaillet and Michael R Wagner.Online Optimization. Springer Publishing
Company, Incorporated, 2012.

[24] Mahmood Reza Haghifam and Moein Manbachi. Reliabilitynal availability
modelling of combined heat and power (CHP) systemdnternational Journal of
Electrical Power and Energy Systems3(33):385{393, 2011.

[25] V Zare. Exergoeconomic analysis with reliability andvailability considerations of a
nuclear energy-based combined cycle power plarEnergy, 96:187{196, 2016.

[26] Ravinder Kumar, A Sharma, and P Tewari. Markov approacho evaluate the
availability simulation model for power generation systenmn a thermal power plant.
International Journal of Industrial Engineering Computations 3(5):743{750, 2012.

[27] Christos A. Frangopoulos and George G. Dimopoulos. E eof reliability
considerations on the optimal synthesis, design and opei@t of a cogeneration
system. Energy, 29:309{329, 2004.

[28] Alberto Benato, Anna Stoppato, and Stefano Bracco. Comi®d cycle power plants:
A comparison between two di erent dynamic models to evaluattransient behaviour
and residual life. Energy Conversion and Managemen87:1269{1280, 2014.

[29] George S FishmanMonte Carlo: Concepts, Algorithms, and Applications1996.

[30] Emanuele Borgonovo, Marzio Marseguerra, and EnricoaZiA monte carlo
methodological approach to plant availability modeling wh maintenance, aging and
obsolescenceReliability Engineering & System Safety67(1):61{73, 2000.

[31] Marzio Marseguerra and Enrico Zio. Optimizing mainteance and repair policies via
a combination of genetic algorithms and monte carlo simulain. Reliability
Engineering & System Safety68(1):69{83, 2000.

[32] Lei Wu, Mohammad Shahidehpour, and Tao Li. Stochasti@surity-constrained unit
commitment. IEEE Transactions on Power Systems22(2):800{811, 2007.

[33] Carlos M Correa-Posada and Pedro Sanchez-Martn. 8thastic contingency analysis
for the unit commitment with natural gas constraints. In2013 IEEE Grenoble
Conference pages 1{6. IEEE, 2013.

[34] Mohammad Majidi-Qadikolai and Ross Baldick. Stochaisttransmission capacity

expansion planning with special scenario selection for @gratingn 1 contingency
analysis. IEEE Transactions on Power Systems31(6):4901{4912, 2016.

85



[35] Adrian Ti@a, Hene Gleguen, Didier Dumur, Damien Faille, and Frans Davelaar.
Design of a combined cycle power plant model for optimizato Applied Energy 98:
256{265, 2012.

[36] A. Mirandola, A. Stoppato, and E. Lo Casto. Evaluation of lhe e ects of the
operation strategy of a steam power plant on the residual &ifof its devices.Energy,
35:1024{1032, 2010.

[37] A. Stoppato, A. Mirandola, G. Meneghetti, and E. Lo CastoOn the operation
strategy of steam power plants working at variable load: Ténical and economic
issues.Energy, 37:228{236, 2012.

[38] Patrick Keatley, Ahmed Shibli, and NJ Hewitt. Estimating power plant start costs in
cyclic operation. Applied Energy 111:550{557, 2013.

[39] Rafael Gledez, James Spelling, and Bpern Laumert. Reding the number of turbine
starts in concentrating solar power plants through the intgration of thermal energy
storage. Journal of Solar Energy Engineering137(1):011003, 2015.

[40] RZ Aminov and Al Kozhevnikov. Optimization of the operathg conditions of
gas-turbine power stations considering the e ect of equipemt deterioration. Thermal
Engineering 64(10):715{722, 2017.

[41] N Kumar, P Besuner, S Lefton, D Agan, and D Hilleman. Powerlgnt cycling costs.
Technical Report, National Renewable Energy LalB03:275{3000, 2012.

[42] Hamed Sabouhi, Ali Abbaspour, Mahmud Fotuhi-Firuzabad, an&ayman
Dehghanian. Reliability modeling and availability analyss of combined cycle power
plants. International Journal of Electrical Power & Energy Systems79:108{119,
2016.

[43] Maria Izabel Santos and Wadaed Uturbey. A practical motléor energy dispatch in
cogeneration plants.Energy, 151:144{159, 2018.

[44] Yangyang Liu, Min Li, Hongbo Lian, Xiaowei Tang, Chuanqua Liu, and Chuanwen
Jiang. Optimal dispatch of virtual power plant using intervd and deterministic
combined optimization. International Journal of Electrical Power & Energy Systems
102:235{244, 2018.

[45] Rogelio Peon Merendez, JuarA. Martnez, Miguel J. Prieto, Lourdes A. Barcia, and

Juan M. Martn Sanchez. A novel modeling of molten-salt heastorage systems in
thermal solar power plants.Energies 7:6721{6740, 2014.

86



[46] Queralt Ales Buch. Dynamic modeling of a steam Rankine Cycle for concentrated
solar power applications PhD thesis, Polytechnic University of Catalonia, Barceloa,
Spain, 2014.

[47] Kody M Powell and Thomas F Edgar. Modeling and control od solar thermal power
plant with thermal energy storage.Chemical Engineering Scienger1:138{145, 2012.

[48] Oscar Aguilar, Jin-Kuk Kim, Simon Perry, and Robin Smith.Availability and
reliability considerations in the design and optimisatiorof exible utility systems.
Chemical Engineering Science63(14):3569{3584, 2008.

[49] Murat Yildirim, Xu Andy Sun, and Nagi Z Gebraeel. Sensor-dven condition-based
generator maintenance scheduling|Part I: Maintenance prdlem. IEEE Transactions
on Power Systems31(6):4253{4262, 2016.

[50] Murat Yildirim, Xu Andy Sun, and Nagi Z Gebraeel. Sensor-dven condition-based
generator maintenance scheduling|Part Il: incorporating operations. IEEE
Transactions on Power Systems31(6):4263{4271, 2016.

[51] Beste Basciftci, Shabbir Ahmed, Nagi Z Gebraeel, and Mur#ildirim. Stochastic
optimization of maintenance and operations schedules urrdenexpected failures.
IEEE Transactions on Power Systems33(6):6755{6765, 2018.

[52] Beste Basciftci, Shabbir Ahmed, and Nagi Gebraeel. Datiiiven maintenance and
operations scheduling in power systems under decision-dedent uncertainty. lISE
Transactions, pages 1{14, 2019.

[53] Dragos Florin Ciocan and Vivek Farias. Model predictiveontrol for dynamic
resource allocation.Mathematics of Operations Researgt87(3):501{525, 2012.

[54] Devavrat Shah and Damon Wischik. Switched networks witmaximum weight
policies: Fluid approximation and multiplicative state spae collapse.The Annals of
Applied Probability, 22(1):70{127, 2012.

[55] Warren Gilchrist. Modelling failure modes and e ects m@alysis. International Journal
of Quality & Reliability Management 10(5), 1993.

[56] Averill M Law, W David Kelton, and W David Kelton. Simulation modeling and
analysis volume 2. McGraw-Hill New York, 1991.

[57] Nate Blair, Nicholas DiOrio, Janine Freeman, Paul GilmanSteven Janzou,

Ty Neises, and Michael Wagner. System advisor model, SAM 204.6. General
description. Technical report, National Renewable Energydboratory, 2017.

87



[58] SA Eide, TE Wierman, CD Gentillon, DM Rasmuson, and CL Atwod.
Industry-average performance for components and initiatg events at US commercial
nuclear power plants.ldaho National Laboratory, US Nuclear Regulatory Commission
O ce of Nuclear Regulatory Research Washington, DCpages 20555{0001, 2007.

[59] IEEE. IEEE recommended practice for the design of reb& industrial and
commercial power systems. 2007.

[60] PS Hale and RG Arno. Survey of reliability and availabily information for power
distribution, power generation, and HVAC components for comercial, industrial,
and utility installations. IEEE Transactions on Industry Applications 37(1):191{196,
2001.

[61] Michael J Wagner, William T Hamilton, Alexandra Newman, Jolpn Dent, Charles
Diep, and Robert Braun. Optimizing dispatch for a concentried solar power tower.
Solar Energy 174:1198{1211, 2018.

[62] F. Panneton, P. L'ecuyer, and M. Matsumoto. Improved logrperiod generators
based on linear recurrences modulo 2ACM Transactions on Mathematical Software
(TOMS), 32(1):1{16, 2006.

[63] Gautam Gowrisankaran, Stanley S Reynolds, and Mario ®ano. Intermittency and
the value of renewable energylournal of Political Economy, 124(4):1187{1234, 2016.
doi: https://doi.org/10.1086/686733.

[64] P. Gauchke, J. Rudman, M. Mabaso, W.A. Landman, T.W. von Backtrem, and A.C.
Brent. System value and progress of CSF5olar Energy 152:106{139, 2017. ISSN
0038-092X.

[65] X. Xu, K. Vignarooban, B. Xu, K. Hsu, and A.M. Kannan. Prospectsand problems
of concentrating solar power technologies for power gengoa in the desert regions.
Renewable and Sustainable Energy Review8:1106{1131, 2016.

[66] R Margolis, C Coggeshall, and J Zuboy. Sunshot Vision Sty US Dept. of Energy
(February), 2012.

[67] R. B. Pettit. Characterization of the re ected beam prde of solar mirror materials.
Solar Energy 19(6):733{741, 1977.

[68] R. Gee, R. Brost, G. Zhu, and G. Jorgensen. An improved mett for characterizing

re ector specularity for parabolic trough concentrators.Proceedings of SolarPACES,
2010.

88



[69] S. Meyen, M. Montecchi, C. Kennedy, G. Zhu, M. Gray, J. Craford, S. Hiemer,
W. Platzer, A. Heimsath, M. O'Neill, S. Ziegler, S. Brandle, andA. Fernandez.
Parameters and method to evaluate the solar re ectance prepties of re ector
materials for concentrating solar power technology. Tecioal report, SolarPACES
O cial Re ectance Guideline Version 2.5, 2013.

[70] G. Zhu, D. Kearney, and M. Mehos. On characterization @hmeasurement of average
solar eld mirror re ectance in utility-scale concentrating solar power plants.Solar
Energy, 99:185{202, 2014.

[71] Francisco J Collado and Jesus Guallar. A review of optilped design layouts for solar
power tower plants with campo codeRenewable and Sustainable Energy Revie&f:
142{154, 2013.

[72] Emilio Carrizosa, Carmen-Ana Domnguez-Bravo, Enrige Ferrandez-Cara, and
Manuel Quero. An optimization tool to design the eld of a solapower tower plant
allowing heliostats of di erent sizes.International Journal of Energy Research41(8):
1096{1107, 2017.

[73] M.J. Wagner and T. Wendelin. SolarPILOT: A power tower dar eld layout and
characterization tool. Solar Energy 171:185{196, 2018.

[74] Janine M Freeman, Nicholas A DiOrio, Nathan J Blair, Ty W Neiss, Michael J
Wagner, Paul Gilman, and Steven Janzou. System Advisor ModebAM) general
description (Version 2017.9.5). Technical report, NationdRenewable Energy
Laboratory (NREL), Golden, CO (United States), 2018.

[75] S.R. Hunter, D.B. Smith, G. Polizos, D.A. Schae er, D.F. Le, and P.G. Datskos.
Low cost anti-soiling coatings for CSP collector mirrors ahheliostats. Proceedings of
the Society of Photo-Optical Instrumentation Engineerg9175):1{12, 2014.

[76] M. Mazumder, M. Horenstein, J. Stark, D. Erickson, A. Sayh, S. Jung, and F. Hao.
Development of self-cleaning solar collectors for mininmzy energy yield loss caused
by dust deposition. ASME 2013 7th International Conference on Energy
Sustainability, ES2013-18365:1{10, 2013.

[77] M.K. Mazumder, M.N. Horenstein, J.W. Stark, J.N. Hudelson, A. 8yyah,
N. Joglekar, J. Yellowhair, and A. Botts. Self-cleaning solar nmors using
electrodynamic dust shield: Prospects and progresBroceedings of Energy
Sustainability, Volume 1 ES2014-6696:1{10, 2014.

[78] N. Joglekar, E. Guzelsu, M. Mazumder, A. Botts, and C. Ho. Aelelized cost metric

for EDS-based cleaning of mirrors in CSP power plant$roceedings of Energy
Sustainability, Volume 1 ES2014-6496:1{7, 2014.

89



[79] Suellen C.S. Costa, Antonia Sonia A.C. Diniz, and Lawread.. Kazmerski. Dust and
soiling issues and impacts relating to solar energy systenisterature review update
for 2012{2015.Renewable and Sustainable Energy Review8:33 { 61, 2016. ISSN
1364-0321.

[80] Suellen C.S. Costa, Antonia Sonia A.C. Diniz, and Lawread.. Kazmerski. Solar
energy dust and soiling R&D progress: Literature review upde for 2016.Renewable
and Sustainable Energy Review82:2504 { 2536, 2018. ISSN 1364-0321.

[81] A. Ferrandez-Garca, L. Alvarez Rodrigo, L. Martnez-Arcos, R. Aguiar, and J.M.
Marquez-Payes. Study of di erent cleaning methods for star re ectors used in CSP
plants. Energy Procedia 49:80{89, 2014. Proceedings of the SolarPACES 2013
International Conference.

[82] L. Alon, G. Ravikovich, M. Mandelbro, U. Eilat, Z. Schop, ad D. Tamari.
Computer-based management of mirror-washing in utility<ale solar thermal plants.
Proceedings of Energy Sustainability, Volume, ES2014-6562:1{10, 2014.

[83] Raymond S Berg. Heliostat dust buildup and cleaning stue. NASA STI/Recon
Technical Report N 79, 1978.

[84] K.D. Bergeron and J.M. Freese. Cleaning strategies foamabolic-trough
solar-collector elds; guidelines for decisions. Techratreport, NASA STI/Recon
Technical Report N, June 1981.

[85] E.P. Roth and R.B. Pettit. The e ect of soiling on solar nirrors and techniques used
to maintain high re ectivity. Solar Materials Sciencepages 199{227, 1980.

[86] Virginia L Morris. Cleaning agents and techniques for agentrating solar collectors.
Solar Energy Materials 3(1-2):35{55, 1980.

[87] D.M. De enbaugh, S.T. Green, and S.J. Svedeman. The e eof dust accumulation
on line-focus parabolic trough solar collector performaacSolar Energy 36(2):
139{146, 1986.

[88] M. Mani and R. Pillai. Impact of dust on solar photovoltac (PV) performance:
Research status, challenges and recommendatiofenewable and Sustainable Energy
Reviews 14(9):3124{3131, 2010.

[89] F. Wolfertstetter, S. Wilbert, J. Dersch, S. Dieckmann, RPitz-Paal, and
A. Ghennioui. Integration of soiling-rate measurements andeaning strategies in
yield analysis of parabolic trough plants.Journal of Solar Energy Engineering140
(4):041008, 2018.

90



[90] H. Truong Ba, M.E. Cholette, R. Wang, P. Borghesani, L. Maand T.A. Steinberg.
Optimal condition-based cleaning of solar power collectrSolar Energy 157:
762{777, 2017.

[91] Thomas Ashley, Emilio Carrizosa, and Enrique FerrandeCara. Heliostat eld
cleaning scheduling for solar power tower plants: A heuristapproach. Applied
energy 235:653{660, 2019.

[92] George B Dantzig and John H Ramser. The truck dispatchingroblem. Management
Science 6(1):80{91, 1959.

[93] Bruce Golden, Arjang Assad, Larry Levy, and Filip Gheysend'he eet size and mix
vehicle routing problem. Computers & Operations Researchl1(1):49{66, 1984.

[94] George J Beaujon and Mark A Turnquist. A model for eet ging and vehicle
allocation. Transportation Science 25(1):19{45, 1991.

[95] Peiling Wu, Joseph C Hartman, and George R Wilson. An integied model and
solution approach for eet sizing with heterogeneous assetlTransportation Science
39(1):87{103, 2005.

[96] Mauro Dell'Amico, Michele Monaci, Corrado Pagani, and &niele Vigo. Heuristic
approaches for the eet size and mix vehicle routing problemith time windows.
Transportation Science 41(4):516{526, 2007.

[97] Arild Ho, Henrik Andersson, Marielle Christiansen, Geir Hale, and Arne
L kketangen. Industrial aspects and literature survey: Flet composition and
routing. Computers & Operations Researgi37(12):2041{2061, 2010.

[98] Kris Braekers, Katrien Ramaekers, and Inneke Van Nieunleuyse. The vehicle
routing problem: State-of-the-art classi cation and revew. Computers & Industrial
Engineering 99:300{313, 2016.

[99] Drury B. Crawley, Linda K. Lawrie, Frederick C. Winkelman, W.F. Buhl, Y.Joe
Huang, Curtis O. Pedersen, Richard K. Strand, Richard J. Liese Daniel E. Fisher,
Michael J. Witte, and Jason Glazer. EnergyPlus: Creating a negeneration building
energy simulation program.Energy and Buildings 33(4):319 { 331, 2001.

[100] Michael D. Teter, Alexandra M. Newman, and Martin WeissConsistent notation for
presenting complex optimization models in technical writig. Surveys in Operations
Research and Management Scienc21(1):1{17, 2016.

[101] Nikolaos V Sahinidis. BARON: A general purpose global aptization software
package.Journal of Global Optimization 8(2):201{205, 1996.

91



[102] Pietro Belotti. Couenne: A user's manual. Technicakport, Lehigh University, 2009.

[103] Stefan Vigerske and Ambros Gleixner. SCIP: Global optiration of mixed-integer
nonlinear programs in a branch-and-cut frameworkOptimization Methods and
Software 33(3):563{593, 2018.

[104] G.J. Kolb, S.A. Jones, M.W. Donnelly, D. Gorman, R. Thomas®R. Davenport, and
R. Lumia. Heliostat cost reduction study. Technical Report BND2007-3293, Sandia
National Laboratories, Albuquerque, New Mexico, 2007.

[105] David M Gay. The AMPL modeling language: An aid to formwting and solving
optimization problems. In Numerical analysis and optimization pages 95{116.
Springer, 2015.

[106] IBM ILOG. V12. 1: User's manual for CPLEX, 20009.

[107] William E Hart, Carl D Laird, Jean-Paul Watson, David L Woadru , Gabriel A
Hackebeil, Bethany L Nicholson, and John D SiirolaPyomo-optimization modeling
in python, volume 67. Springer, 2017.

[108] G. Rossum. Python reference manual. Technical reppAmsterdam, The
Netherlands, 1995.

[109] Lorenz T Biegler and Victor M Zavala. Large-scale nonkar programming using
IPOPT: An integrating framework for enterprise-wide dyname optimization.
Computers & Chemical Engineering33(3):575{582, 2009.

[110] John Forrest and Robin Lougee-Heimer. CBC user guide. Eimerging theory,
methods, and applicationspages 257{277. INFORMS, 2005.

[111] Thomas Ackermann, Geran Andersson, and Lennart SedeDistributed generation:
a de nition. Electric power systems resear¢tb7(3):195{204, 2001.

[112] Zeineb Abdmouleh, Adel Gastli, Lazhar Ben-Brahim, Molmed Haouari, and
Nasser Ahmed Al-Emadi. Review of optimization techniques agpt for the
integration of distributed generation from renewable engy sources.Renewable
Energy, 113:266{280, 2017.

[113] Dylan Cutler, Dan Olis, Emma Elgqvist, Xiangkun Li, NickLaws, Nick DiOrio,
Andy Walker, and Kate Anderson. Reopt: A platform for energy sstem integration
and optimization. National Renewable Energy Laboratory, Tech. Rep.
NREL/TP-7A40-70022, 2017.

92



[114] Oluwaseun Ogunmodede, Kate Anderson, Dylan Cutler, @di\lexandra Newman.
Optimizing design and dispatch of a renewable energy systemorking Paper, 2020.

[115] Jusse Hirwa, Oluwaseun Ogunmodede, Alexander Zolan, akldxandra Newman.
Optimizing design and dispatch of a renewable energy systemith combined heat
and power. Working Paper, 2020.

[116] Tom Lambert, Paul Gilman, and Peter Lilienthal. Micrgpower system modeling with
homer. Integration of alternative sources of energyl(1):379{385, 2006.

[117] S Bahramara, M Parsa Moghaddam, and MR Haghifam. Optirhplanning of hybrid
renewable energy systems using homer: A revieRenewable and Sustainable Energy
Reviews 62:609{620, 2016.

[118] Michael S Scioletti, Alexandra M Newman, Johanna K GoodmaAlexander J
Zolan, and Sven Ley er. Optimal design and dispatch of a sysin of diesel
generators, photovoltaics and batteries for remote locatns. Optimization and
Engineering pages 1{38, 2017.

[119] Norma Anglani, Giovanna Oriti, and Michele Colombini. @timized energy
management system to reduce fuel consumption in remote rtaliy microgrids. IEEE
Transactions on Industry Applications 53(6):5777{5785, 2017.

[120] Cristiana L Lara, Dharik S Mallapragada, Dimitri J Papageorgiou, Aranya
Venkatesh, and Ignacio E Grossmann. Deterministic eleatrpower infrastructure
planning: Mixed-integer programming model and nested demgosition algorithm.
European Journal of Operational Researgi271(3):1037{1054, 2018.

[121] Peter Tozzi Jr and Jin Ho Jo. A comparative analysis of renalle energy simulation
tools: Performance simulation model vs. system optimizat. Renewable and
Sustainable Energy Review$80:390{398, 2017.

[122] Kibaek Kim, Audun Botterud, and Feng Qiu. Temporal decmposition for improved
unit commitment in power system production cost modelinglEEE Transactions on
Power Systems33(5):5276{5287, 2018.

[123] Jennifer R Jackson and Ignacio E Grossmann. Temporal degosition scheme for
nonlinear multisite production planning and distribution models. Industrial &
engineering chemistry research42(13):3045{3055, 2003.

[124] A.J. Zolan, M.S. Scioletti, D.P. Morton, and A.M. Newman. [@composing loosely

coupled mixed-integer programs for optimal microgrid degn. INFORMS Journal on
Computing In Press, 2020.

93



[125] George B Dantzig and Philip Wolfe. Decomposition praiple for linear programs.
Operations research8(1):101{111, 1960.

[126] MVF Pereira and LMVG Pinto. A decomposition approachd the economic dispatch
of hydrothermal systems.IEEE Transactions on Power Apparatus and Systems
PAS-101(10):3851{3860, 1982.

[127] C Roger Glassey. Nested decomposition and multi-stdgesar programs.
Management Science20(3):282{292, 1973.

[128] Dinghuan Zhu and Gabriela Hug. Decomposed stochastic aed predictive control
for optimal dispatch of storage and generationlEEE Transactions on Smart Grid, 5
(4):2044{2053, 2014.

[129] R Tyrrell Rockafellar and Roger J-B Wets. Scenarios amblicy aggregation in
optimization under uncertainty. Mathematics of operations researcghil6(1):119{147,
1991.

[130] Raphael EC Gorcalves, Erlon Cristian Finardi, and Eds Luiz da Silva. Applying
di erent decomposition schemes using the progressive héaly algorithm to the
operation planning problem of a hydrothermal systemElectric power systems
research 83(1):19{27, 2012.

[131] Michael D Teter, Alexandra M Newman, and Martin Weiss. Qesistent notation for
presenting complex optimization models in technical writig. Surveys in Operations
Research and Management Scienc21(1):1{17, 2016.

[132] M. Reger, E. Lupfert, S. Caron, and S. Dieckmann. Témo-economic analysis of
receiver replacement scenarios in a parabolic trough eldIP Conference
Proceedings 1734(1):030030, 2016.

[133] M. Mehos, C. Turchi, J. Vidal, M. Wagner, Z. Ma, C. Ho, W. Kol C. Andraka, and
A. Kruizenga. Parameters and method to evaluate the solar rectance properties of
re ector materials for concentrating solar power technolgy. Technical Report
NREL/TP-5500-67464, National Renewable Energy Laborator2017.

94



APPENDIX A
DISPATCH FORMULATION

This appendix presents, verbatim, the dispatch model forntation (OR), as
summarized in the appendix of [61]. Units, where appropriatare provided next to the
corresponding parameter or variable. (Initialization paameters used to set variable values

at t = 0 follow variable notation and are not included here.)

Indices and Sets

t2T Set of all time steps in the time horizon,T = |T |
Parameters
cehs Penalty for cycle start-up (from hot idle) [$]
cesu Penalty for cycle start-up (from 0) [
cWw Penalty for a positive change in electricity production kW ¢]
crsu Penalty for receiver start-up (from 0) ]
E® Required energy consumed to start cycle [kKWh
Ehs Heliostat eld startup parasitic loss [kKWh]
E' Required energy consumed to start receiver [kWh
Ersb Tower piping heat trace parasitic loss [KWE]|
EY Energy storage capacity [KWH
Le¢ Cycle pumping power per unit energy consumed [kMkW1 ]
L' Receiver pumping power per unit power produced [KWKW ]
M A su ciently large number [-]
Py Electricity sales price in tirqgt [$/KWh ¢]
P Mean sales pricefkWh ¢]; 1 P=T
QP Standby thermal power consumption per period [KW
Q° Allowable power per period for cycle start-up [KW
in Energy generated by the solar eld in timet [kW,]
Q' Minimum operational thermal power input to cycle [kKW]
Q" Minimum operational thermal power delivered by receiver W]
Qu Allowable power per period for receiver start-up [KW
Q Cycle thermal power capacity [KW]
WP Power cycle standby operation parasitic load [K\4]
wh Heliostat eld tracking parasitic loss [kKWg]
w! Minimum electric power output from cycle [kK\W]
\Ay,min Minimum net power production in timet [kW]
Wnet Net power production upper limit in time t [kW]
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WU

Continuous Variables

Xt
X{SU
ult’SU
Xt
UESU
Wi
W,
St

Binary Variables
Vi

rsu
t
rsup

Vi
Yt
ye!

csb
Yi
csup

Yi

chsp

Vi

Cycle electric power rated capacity [kW]
Unit corrector for binary variables in objective §]
Exponential time weighting factor [-]; ®, where 0:99

Time step duration [hr]

Minimum duration of receiver start-up in period [hr]

Estimated fraction of time stept used for receiver start-up [-]
Cycle e ciency adjustment factor in time t [-]

Normalized condenser parasitic loss in time[-]

Cycle nominal e ciency [-]

Slope of linear approximation of power cycle performancereve [-]

Thermal power delivered by the receiver at time [KW]
Receiver start-up power consumption at time [KW,]
Receiver start-up energy inventory at timet [kWh,]

Cycle thermal power consumption at timet [kW;]

Cycle start-up energy inventory at timet [kWh¢]

Electrical power generation at timet [kKW ]

Positive change in electricity production at timet [kW]
thermal energy storage reserve quantity at time (auxiliary
variable) [kWh]

1 if receiver is generating \usable" thermal power at time; O

otherwise ) _ )
1 if receiver is starting up at timet; O otherwise

1 if receiver incurs a penalty for start-up at timet; O otherwise

1 if cycle is generating electric power at time; O otherwise

1 if cycle is starting up at timet; O otherwise

1 if cycle is in standby mode at timet; O otherwise

1 if cycle is starting up at timet from o state; O otherwise

1 if cycle is starting up at timet from standby mode; O otherwise

The objective function and constraints follow:

(OR) r;](ameize

Po(@  Ow LT+ x™) L%

t2T
Whyr Wbycsb (Ersb= + EhS:) yrsu
t t t

rsu,,fsup csu, ,csup chs, ,chsp w
(C™w +Ciyt +Cy T+ CTw,)

+ (P xgtyy) (A1)
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subject to

(Receiver Start-up)

rsu rsu
Ut U +

rsu ry,fsu
u= By
rsu

XU 8t2T :t
8t2T

yooS Ly gt2T it 2

Er
rsu r

Yoo T Y1
rsu ru,,rs
Xt Q™ Yy,

182T :t 2
¢ 8t2T

if Q" =0 then:

ytI'SU — O

(Receiver Supply and Demand)

r rsu
Xi + X;

r iny,r
Xt t yt

X Qi

8t2T

nogt2T
8t2T
8t2T

if Q" =0 then:

y1 =0

rsu

Yi

rsup

Yt

(Cycle Start-up)

CSu CcSu
Uy u- +

CSu CSu
Uy My;

Csu
t

Yoo ogoth

Xt + QCthSU

8t2T
yo 8t2T ot

Q™ 8t2T :t
8t2T

1+ YSh 8t2T it
QU 8t2T

X¢ QUy; 8t2T
x; Qy;, 8t2T

(Power Supply and Demand)
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2

2

(A.2a)
(A.2b)

(A.2¢)

(A.2d)
(A.2e)

(A.2f)

(A.3a)
(A.3b)
(A.3c)

(A.3d)
(A.3e)

(A.4a)
(A.4b)

(A.4c)

(A.4d)
(A.4e)
(A.4f)



amb

W L (PxeH (WY PQUYy) 8t 2T (A5a)
w, W ow g 8t2T it 2 (A.5b)
If W™ W™ then:

\Ntnet (1 f)vlt Lr(X{ + X{SU) LCXt Whytr
Ersb Ebhs
+ —

y;su o Whyesh gt 2 T (A.5¢)

else:
w; =08t2T (A.5d)

(Logic Governing Cycle Modes)

yU+y . 18t2T it 2 (A.6a)

yeb oy yeR 8t2T it 2 (A.6b)

yesu 4 yesb 1 gt 2T (A.6¢)

ye+yst 1.8t2T (A.6d)

yoouP o ysst o ysst gt2T it 2 (A.6e)

yense oy (1 yeR) 8t2T it 2 (A.6f)
t 1

(Energy Balance)

S S1 = [XP (QyF™ + Q%™+ xy)]
8t2T :t 2 (A.7a)
b, ,csb St rsu csb csb
Xer1 + Qi1 s M ( 3+yir Vet Yeer + Y0+ Yien)
t+1
8t2T :t T 1 (A.7b)

(Variable Bounds)
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rsu .

xut 0 8t2T (A.8a)
uss;wi;w, 0 8t2T (A.8b)
0 s EY 8t2T (A.8c)
vy Yy 210;1g 8t 2T (A.8d)
Yy, yosU; st yesup. \ChSP 5 £ 0 1g 8t 2T (A.8e)

We maximize the product of electricity price and power genation less parasitic losses
and cost penalties; this represents revenue associatedhatectricity sales minus total
costs, and each of these di erences is summed over the timaikon. The nal term in the
objective function incentivizes energy dumping from the & eld { if necessary { to occur
later in the time horizon to improve agreement between the eected net electricity
production and the actual modeled value, as pumping paragis associated with solar eld
operation are signi cant.

Constraint (A.2a) accounts for start-up energy \inventory", we use an inequality to
permit a zero value in time periods following completion of atart-up. Constraint (A.2b)
ensures that inventory can only be positive when the receivstarts. Constraint (A.2c)
allows the receiver to produce power under only one of the lfsking two circumstances: (i)
after the completion of a start-up or (ii) if, in the previoustime step, the receiver had been
operating. Constraint (A.2d) ensures that a receiver canndie starting up and operating
in power-producing mode simultaneously. Constraint (A.2d)mits the power used for
receiver start-up based on the ramp rate. Constraint (A.2f) gecludes receiver start-up in
time periods with insu cient solar resource.

There is a limit on the total power produced by the receiver, tich is adjusted for
start-up energy consumption by Constraint (A.3a). Constrait (A.3b) ensures that the
receiver must be in power-producing mode to generate therhnp@ower. There is also a
minimum limit on receiver energy generation by Constraint4.3c) to adhere to molten-salt
pump operating limits and heat transfer requirements. Comsint (A.3d) precludes power

from being produced in the absence of available energy. Cvamt (A.3e) governs logic
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associated with incurring a receiver start-up

Inventory associated with start-up energy is accounted fdyy Constraint (A.4a); when
the cycle is starting up, inventory can assume a positive v by Constraint (A.4b).
Typical operation of the cycle can occur only after compleain of start-up, or if the cycle
had been operating or had been in stand-by mode in the prevetime step, by Constraint
(A.4c). Use of thermal power during cycle start-ups is curtald in Constraint (A.4d), and
thermal power use by the power cycle is restricted to a maximuvalue by Constraint
(A.4e). Constraint (A.4f) ensures a lower limit on power prodction when the cycle is
operating.

Electrical power production is given by a constraint that r&ates cycle performance to
thermodynamic e ciency, allowing the model to capture the elationship between e ciency
and thermal input while maintaining a linear relationship ketween the two. Constraint
(A.5a) exploits this relationship; the power cycle does notlaays operate at maximum
e ciency owing to other cost considerations accounted forypthe model. To resolve the
nonlinearities present in the relationship between therntynamic e ciency and thermal
input, we approximate electrical output with a linear funcion of cycle thermal power
consumption, as given in Constraint (A.5a) where

b= V(\;: ‘(’?VI'; (A.9)
Constraint (A.5b) determines a positive change in electri¢gower production in any given
time step, which is discouraged in the objective function. IEctrical power production is
subject to a lower bound in Constraint (A.5c¢) which, if it liesbelow the minimum cycle
power value, forces the cycle to be turned o ; see Constraiff.5d). We refer the reader to
82.4.4 of [6] for more detail.

Start-up mode cannot occur if the cycle is operating by Constint (A.6a). Constraint
(A.6b) enforces the same type of restriction for standby mod&he modes of standby and

start-up cannot simultaneously occur (Constraint (A.6¢)),nor can the modes of standby
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and power production (Constraint (A.6d)). Penalties of starup from an o or standby
state are incurred based on logic implemented in Constrag(A.6e) and (A.6f),
respectively.

The charge state of thermal storages() is equal to the di erence between the
corresponding positive and negative amount of power. Redat constraints enforce energy
balance with respect to thermal energy storage, where thenaaneter converts from
power to energy; see Constraint (A.7a). We account for the hdy time resolution of this
model and the possible sub-hourly amount of time required tstart the receiver while the
power cycle is operating with Constraint (A.7b). If applicalke, Equation (A.10) represents

the fraction of each time step used for receiver start-up.

( ( )
. E°
S=min 1Lmax :

max ; Q%

(A.10)

Thermal energy storage state of charge is calculated in eyd@ime step by Constraints
(A.7a)-(A.7b).

Constraint (A.8a) imposes non-negativity on receiver startip power consumption and
receiver start-up energy inventory. Constraint (A.3c) guaantees non-negativity forx;.
Non-negativity for cycle start-up energy inventory, elecical power generation, and positive
change in electricity production is given by Constraint (A.8). Non-negativity for x; is
ensured via Constraint (A.4f). Constraint (A.8c) bounds themal energy storage in each

time step. Constraints (A.8d) and (A.8e) enforce binary requements.
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APPENDIX B
MIRROR WASHING CASE STUDY DATA

Table B.1 summarizes the source data for Case 1 in Chapter &c8on 2.5; the detailed
assumptions for industry cases 2 and 3 are left out. Weatheath from [99] was used as
input to generate the solar eld's layout and an estimate of nnror productivity over time
via SolarPILOT [73]. We assume that separate discount ratesay be used for revenues,
capital costs, and hourly wash crew costs, because power ghase agreements and
in ation-based wage increases can change revenues and latasts, respectively, after the
rst year of operations. We utilize vehicle wash rate data fym [89], a study on parabolic

trough plants, due to a lack of relevant sources for centraéceiver plants in the literature.

Table B.1 Categorization of data and sources used for CasenlSection 2.5

Parameter Units Case 1 Source
Vehicle capital cost (all) $ 100,000 [104], p. 139
Vehicle lifetime (all) yr 10 [104], p. 139
System e ciency / eld e ciency fraction 0.331 [132], Table 1
Dumping, heat loss fraction 0.101 [132], Table 1
Average revenue % 0.137 [133]
Soiling rate/day fraction | 0.0036 [87]
Revenue discount rate % 6 [132]
Capital cost discount rate % 6 [132]
Labor cost discount rate % 4 assume 2% in ation/year
Hourly cost $/h

Water and brush 36 See Table B.2
High-pressure water 44 See Table B.3
Low-pressure water 54 See Table B.4
Wash rate m?/h

Water and brush 3,680 [89]
High-pressure water 5,520 [B9F
Low-pressure water 9,200 [89P
Cleaned mirror / new mirror re ectance fraction

Water and brush 0.986 [81]
High-pressure water 0.983 [81]
Low-pressure water 0.971 [81]

& Assumes a 50% rate increase vs. water and brush
b Assumes a 150% rate increase vs. water and brush
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Table B.2-Table B.4 provide data to estimate the hourly cosper wash crew in
Table B.1. A technical report published by Sandia National Liaoratories [104] contains the
fuel and water usage, vehicle maintenance requirements,dadsS labor costs for our case
study; speci cally, we use data from the three wash vehiclg/pes developed by Kolb et al.
[104]. We use fuel usage rates double those in [104] due ta@ased travel between
heliostats required for central receiver layouts when coraped to parabolic troughs. We

assume that vehicle maintenance costs are 50% higher thansWarew labor costs.

Table B.2 Categorization of the hourly cost per wash crew fa water-and-brush vehicle in
Table B.1

Parameter Units | Units/m ? [ $/Unit $/Hour Source
Labor hr | 5.4310 3 20.00 20.00 | [104], p. 138
Fuel gal 7.6010 4 3.00 8.39 [104], p. 138
Water gal 0.19 3.0010 3 | 2.10 | [104], p. 138
Vehicle Maintenance hr 5.2010 ® 30.00 5.74 [104], p. 138
Total cost 36.23

Table B.3 Categorization of the hourly cost per wash crew fa high-pressure wash vehicle
in Table B.1

Parameter Units | Units/m ? [ $/Unit $/Hour Source
Labor hr 3.6210 3 20.00 20.00 | [104], p. 138
Fuel gal 7.6010 4 3.00 12.59 | [104], p. 138
Water gal 0.19 3.0010 3 3.15 [104], p. 138
Vehicle Maintenance hr 5.2010 ° 30.00 8.61 [104], p. 138
Total cost 44.34

Table B.4 Categorization of the hourly cost per wash crew fa low-pressure wash vehicle
in Table B.1

Parameter Units | Units/m 2 [ $/Unit $/Hour Source
Labor hr 21710 3 20.00 20.00 | [104], p. 138
Fuel gal 3.4010 * 3.00 9.38 [104], p. 138
Water gal 0.23 3.0010 3 6.35 [104], p. 138
Vehicle Maintenance hr 6.5010 ° 30.00 17.94 [104], p. 138
Total cost 53.67
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APPENDIX C

REOPT LITE OPTIMIZATION MODEL, REFORMULATED

Here, we present the complete block-reformulation of the RBEbLite model from [114]
and [115]. We de ne, in alphabetic order within a group, indies and sets, parameters, and
variables, in that order, and then state the objective funabn and the constraints. We
choose as our naming convention calligraphic capital letgeto represent sets, lower-case
letters to represent parameters, and upper-case letters tepresent variables; in the latter
case,Z-variables are binary. X -variables represent continuous decisions, e.g., quargg of
energy. All subscripts denote indices. Names with the same &nh" are related, and
superscripts and \decorations” (e.g., hats, tildes) di eentiate the names with respect to,
e.g., various indices included in the name or maximum and mimum values for the same
parameter.

Sets

AZXITTmMmO®

<CHwW®m

Storage systems

Technology classes

Electrical power ratchet pricing tiers

Fuel types

Time steps

Subdivisions of power rating

Months of the year

Monthly peak electrical power demand pricing tiers
Peak electrical power demand ratchets (i.e., non-monthly
billing periods)

Power rating segments

Technologies

Total electrical energy pricing tiers

Net metering regimes

Subsets and Indexed Sets

BC
Be
Bh
Bth
H9
Hm
H
Kt
K¢
Kf
M Ib

Bth
B
Bth
B
H
H
H
K
K
K

Cold thermal energy storage systems
Electrical storage systems

Hot thermal energy storage systems

Thermal energy storage systems

Time steps in which grid purchasing is available
Time steps within a given monthm

Time steps within electrical power ratchetr
Subdivisions applied to technology

Capital cost subdivisions

Fuel burn subdivisions

Look-back months considered for peak pricing
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ue
ure
us

U
U
U

S

Usb U s
us u s

Unm

U S

Power rating segments from subdivisiok applied to
technologyt

Technologies that can charge storage system
Technologies in class

Technologies that burn fuel typef

Technologies that may access electrical energy demand

tier u

Technologies that may access net-metering regime
Absorption chillers

CHP technologies

Cooling technologies

Electricity-producing technologies

Electric chillers

Fuel-burning, electricity-producing technologies
Heating technologies

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

Electrical energy curtailment pricing tiers
Electrical energy purchase pricing tiers
Electrical energy sales pricing tiers

Electrical energy sales pricing tiers accessible by stoeag

Electrical energy sales pricing tiers accessible by
technologyt

Electrical energy sales pricing tiers used in net metering

Scaling Parameters

Time step scaling

Parameters for Costs and their Functional Forms

[h]

Cafc
came
e

Gg"
Clih

Cin

W

én

omp

o
C?m

Utility annual xed charge

Utility annual minimum charge

y-intercept of capital cost curve for technology in
segments

Slope of capital cost curve for technology in segments
Export rate for energy in energy demand tieu in time
steph

Grid energy cost in energy demand tieu during time
steph

Capital cost of power capacity for storage systern
Capital cost of energy capacity for storage systeim
Operation and maintenance cost of storage systeim
per unit of energy rating

Operation and maintenance cost of technologyper
unit of production

Operation and maintenance cost of technologyper
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[$]
[3]

[$]
[S/kW]

[$/kWh]
[$/kWh]
[$/kW]

[$/kWh]
BkWh]

[$/KWh]



unit of power rating, including standby charges

Fkw]

Cle Cost per unit peak demand in tiere during ratchet r [$/kW]
c Cost per unit peak demand in tiern during month m [$/kW]
c Unit cost of fuel type f [$MMBTU]
Demand Parameters
N Cooling load in time steph [kW]
d Electrical load in time steph [KW]
g8 Maximum allowable sales in electrical energy demand
tier u [kwh]
h Heating load in time steph [KW]
p Look-back proportion [fraction]
mt Maximum monthly electrical power demand in peak
pricing tier n [kW]
! Maximum power demand in ratchete [kW]
w Maximum monthly electrical energy demand in tiemu [kwWh]
Incentive Parameters
{; Upper incentive limit for technologyt [$]
Iy Net metering and interconnect limits in net metering
regimev [kW]
it Incentive rate for technologyt [$/kWh]
{; Maximum power rating for obtaining production
incentive for technologyt [kW]
Technology-speci ¢ Time-series Factor Parameters
fed Electric power de-rate factor of technology at time
steph [unitless]
fla Fuel burn ambient correction factor of technologyt
at time step h [unitless]
fha Hot water ambient correction factor of technologyt
at time step h [unitless]
f Hot water thermal grade correction factor of
technologyt at time step h [unitless]
fo Production factor of technologyt during time step h [unitless]
Technology-speci ¢ Factor Parameters
fd Derate factor for turbine technologyt [unitless]
f! Levelization factor of technologyt [fraction]
fi Levelization factor of production incentive for
technologyt [fraction]
ftpf Present worth factor for fuel for technologyt [unitless]
£ Present worth factor for incentives for technology [unitless]
f td Minimum turn down for technology t [unitless]
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Generic Factor Parameters

fe Energy present worth factor [unitless]
fom Operations and maintenance present worth factor [unitleps
f tot Tax rate factor for o -taker [fraction]
f tow Tax rate factor for owner [fraction]
Power rating and Fuel Limit Parameters
K2 Amount of available fuel for typef [MMBTU]
o} Minimum power rating for technology class (kW]
b Maximum power rating for technologyt [kW]
s Minimum power rating for technologyt, subdivisionk,
segments [kW]
b Maximum power rating for technologyt, subdivisionk,
segments [kwW]
E ciency Parameters
ot E ciency of charging storage systemb using
technologyt [fraction]
b E ciency of discharging storage systemb [fraction]
ac Absorption chiller e ciency [fraction]
b Boiler e ciency [fraction]
ec Electric chiller e ciency [fraction]
g* E ciency of charging electrical storage using grid
power [fraction]
Storage Parameters
whkW Maximum power output of storage systenb [KW]
wpkW Minimum power output of storage systenb [KW]
wpkwh Maximum energy capacity of storage systern [KWh]
wpkwh Minimum energy capacity of storage systerb [kwWh]
w Decay rate of storage systerb [1/h]
wp'P Minimum percent state of charge of storage systein [fraction]
wi Initial percent state of charge of storage systern [fraction]
Fuel Burn Parameters
miP y-intercept of the fuel rate curve for technology [MMBTU/h]
m{bm Fuel burn rate y-intercept per unit size for
technologyt [MMBTU/KWh]
m{m Slope of the fuel rate curve for technology [MMBTU/KWh]
m/{mb Fuel burn rate slopey-intercept for technologyt in
segments [MMBTU/KWNh]
m{mm Fuel burn rate slope per unit size for technology in

segments

107

[MMBTU/KW 2h]



CHP Thermal Performance Parameters

ke Thermal energy production of CHP technology per

unit electrical output [unitless]
kP Thermal power production of CHP technologyt per

unit power rating [unitless]

Boundary Conditions

xgg Initial state of charge for storage systen [kwh]
Continuous Variables

X W Power rating for storage systenb [KW]
X Pkwh Energy rating for storage systenb [KWh]
X de Peak electrical power demand allocated to tiee during

ratchet r [kwW]
X dfs Power discharged from storage systeimduring time

steph [kW]
x dn Peak electrical power demand allocated to tiem during

month m [kW]
Xt Fuel burned by technologyt in time step h [MMBTU/h]
X [ y-intercept of fuel burned by technologyt in time

steph [MMBTU/h]
X3 Power purchased from the grid for electrical load in

demand tieru during time step h [kwW]
XE‘S Electrical power delivered to storage by the grid in

time steph [kW]
X me Utility minimum charge adder in month m [$]
XP Production incentive collected for technology [$]
X plb Peak electric demand look back [KW]
X P9 Exports from production to the grid by technologyt in

demand tieru during time step h [kW]
X{jttﬁ Power from technologyt used to charge storage system

b during time step h [kW]
X Rated production of technologyt during time step h [KW]
X Power rating of technologyt [kw]
X Power rating of technologyt allocated to subdivisionk,

segments [kwW]

oh State of charge of storage systemmat the end of time

steph [kwWh]
X5 Exports from storage to the grid in demand tieru

during time steph [kwW]
Xf,f Thermal production of technologyt in time step h [kwW]
Xfﬁb y-intercept of thermal production of CHP technologyt

in time step h (kW]
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Binary Variables

Z dmt 1 If tier n has allocated demand during monttm;
0 otherwise [unitless]
za 1 If tier e has allocated demand during ratchet;
0 otherwise [unitless]
znmil 1 If generation is in net metering interconnect limit
regimev; O otherwise [unitless]
thi 1 If production incentive is available for technology;
0 otherwise [unitless]
Zys 1 If technologyt in subdivision k, segments is chosen;
0 otherwise [unitless]
zZye 1 If technologyt is operating in time steph;
0 otherwise [unitless]
zu 1 If demand tieru is active in month m; O otherwise [unitless]
Reformulation Sets
L Time period blocks
H- H Time steps within block™
H? H Time steps in which grid purchasing is available within
block *
M- M Months in block
R- R Peak electrical power demand ratchets in block
Reformulation Parameters D
h- First time step in block *; hy =1;h = o3 jH o +1;
8 2L
h- Last time step in block ™ ; h-=h-+jH-j 1,8 2L
I Weighted contribution of block ™ to objective function
value [fraction]
~ Fraction of time periods in block’, e.g.,f ’J'L—J’ [fraction]
Reformulation Variables
X pew Power rating for storage systenbin block [KW]
X Pkwh Energy rating for storage systenbin block * [kWh]
Xt‘?i Production incentive collected for technology in block = [$]
X Pl Peak electric demand look back in block [kW]
X System size of technology in block * [kW]
Xy System size of technology allocated to subdivisionk,
segments, in block ° [kW]
XSb State of charge of storage systemmat the beginning of
time step h [kWh]
za 1 If tier e has allocated demand during ratchet in
block *; O otherwise [unitless]
z hmil 1 If generation is in net metering interconnect limit
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yas

regimev in block *; 0 otherwise [unitless]
1 If production incentive is available for technology in

block *; O otherwise [unitless]
1 If technologyt in subdivision k, segments is chosen

in block *; O otherwise [unitless]
Reset value of storage systelin [kwh]
Reset value of storage systeinin block ° [kwh]
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The objective function and constraints follow:

X X
. b
(P) minimize 8 Ge' Xye + G Zyo +
t2T ;k2K ©;52Sy
| {z }

Total Technology Capital Costs

I X QW X DKW (dWh . comb) oy bkWh

b2B
| {z }
Total Storage Costs
(1 ftOW) fom | . X om X.. + X omp er
- G £ G th
| t2T {Z } iZT f-h2H ~{Z }
Fixed6>&M Costs Variable O&M Costs 4
X X
i f) @ ¢ £ XpA +
f2F t2T¢;h2H -
I {z }
Total Production Costs
X
1 f*) f€ Chh Xih*
u2UP;h2H 9
| | rzd h }
Totgl Demand Charges
I X ol Xdeq . x cm X dn
: e re ' n mn
r2R -;e2E m2M -;n
l %hz h } l k hl 2{’% d Ch }
C C
0 Pealtf%atc et Charges Peak Monthly Deman aﬁ?ef
X X e stg X e ptg A A
@ @ Cih Xun t Cn Xwh +
h2H?  u2usb t2T ju2U¢
| {z }
Total Energy Exports
b ¢+ X e
m2Mm -
| {z }

Total Fixed Charges

#
X .

o1 o) X
[Z{z—}

Production Incentives

subject to
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(Fuel Constraints)

XL =H* o8f2F; 2L
t2Ts;h2H -
X =m" £ XP+mP z 82T 'nT; " 2L; h2H:
Xip=m"™ X 8t2T"nTHP; " 21L; h2H-
Xip = i X@+ £ m" X 82T 21L; h2H:
mP™ X. M (1 ZzZP®) XxXP 82T . 2L;h2H-

(Thermal Production Constraints)

X® min kP X, ;M ZP  8t2TC:  2L; h2H.
XP kP X, M (1 ZP) 8t2TCHP; 2L; h2H-

fo2 0 ke fh XP+ X =XP 82T, 2L, h2H-

(Switch Constraints)

X® b zP 8t2T; 2L;h2H:
f4 X, X B @ zZP®) 8t2T; 2L; h2H-

(Storage System Constraints)

Boundary Conditions and Size Limits

Xpg = wp XM 8b2B; " =1
wpVh X wpkh 8b2B; T 2L
wekW o X PR whkW e gh2 Bt 2L

Storage Operations

x§§§+x XP o fP fl XP 8b2B% t2T® “2L;h2HY
u2U¢

thtl‘sl ft‘rjw ftI Xtrr? 8b2B% t2T°® "2L; h2H-nHY

Xpe  fP X 8p2B™M; t2T,nT; 2L, h2H-

Xbwm + Xf" X 8b2B" t2TF; 2L h2H.
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(C.1a)

(C.1b)
(C.10)
(C.1d)
(C.1e)

(C.2a)
(C.2b)
(C.20)

(C.3a)
(C.3b)

(C.4a)

(C.4b)
(C.40)

(C.4d)

(C.4e)
(C.4f)

(C.49)



X

Xi= X+ (5 XED+ o X$ xXfl=;
t2T e
8b2B¢ “2L; h2H|9
sb X + pts dfs— -.
Xgh= Xpn + (ot Xpm) Xph=5p
t2T e
8b2B% "2L; h2H-nH?Y |
X I
Xon= Xgn+ w Xbeo XER=howh Xge
t2T,

8b2BM:"2L: h2H-
Xep wp® XpWh gh2B; C2L; h2H:
X wp® XQWh 8p2B; "2L; h2H-

Operational Nuance

X
X XP + X3+ X5 802B% “2L;h2H?

Ty

X Xf + X§y 8b2B¢ “2L; h2HnH?
Tb

X Xf + X§e 80b2B™M; “2L; h2H-
t2Ty

X PkWh xse 8p2B; “2L; h2H-

Cold and Hot Thermal Loads

X X X

fh X&+  X§= 5 o+ Xk ;7 2L; h2H-

toT ¢ b2B © b2Bc¢;t2T d
tp X p tp X df h b ptw
S —
Xin + fin X t Xph hoF X
t2T CHP t2T Nt nT CHP X b2B h t2T CHP

pts tp_ ac -~ . .

+ X P+ X = 2L; h2H
b2 Bh;t2T ht t2T ac

(Production Incentive Cap)

( X )
X& min =wm Z¥; ip £PfR f X 8t2T; 2L
h2H -
Xe {+h @ zP) 8t2T; 2L
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(C.4h)

(C.4i)

(C.4j)
(C.4K)
(C.4l)

(C.4m)
(C.4n)
(C.40)

(C.4p)

(C.5a)

(C.5b)

(C.6a)

(C.6b)



(Power Rating)

X
X¢ b Zys 8c2Cit2Tgk2Ky; " 2L (C.7a)
X SZStk
Z,s 1 82Ck2K; 2L (C.7b)
B%Tc;szstk
Xy b 8c2C; 2L (C.7¢)
t2T¢
X{P =X, 82T", "2L; h2H- (C.7d)
XP o4 Xe 82T nTY "2L; h2H- (C.7¢)
Xy = Xy 8t2T;k2Ky; 2L (C.79)
S2S

(Load Balancing and Grid Sales)

X p | p X dfs X g — X pts X ptg
(fin Tt Xp)t Xph + Xih = ( Xgpt Xiun)
t2T © b2B ¢ u2UP t2T © b2B*® u2U¢
+ X339+ X%+ Xf=°+ 9 82L;h2HY (C.8a)
u2usb toT © |
X p | p X dfs — X pts X ptg.
(fon fo Xp)t Xph = Xpin + X tuh
t2T © 2B € b2B€;t2T © u2uc
+  XP=°+ 9 82L; h2H nHY (C.8Db)
X t2T ©
X% X¥ 82L;h2HY (C.8c)
%Up dfs X st s
X d8 X39 8 2L; h2H? (C.8d)
b2B € u2usb |
X X '
Xsd+ XD 9 8u2US; T 2L (C.8e)
h2H 9 t2Ty
X t b. ~
XPr B ¥ 8u2UnU® 2L (C.8f)
h2H 9:t2T,

(Rate Tari Constraints)

Net Meter Module
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ZyM =1 8 2L

%v
fd Xe 00 zM™ 8v2v; 2L
t2Ty |
X X ptg X stg-

xtuh + th
h2H 9 u2unm t2T, u2unm\y sb
g ~
X3 8 2L
u2UP;h2H 9

Monthly Total Demand Charges

X
X% wzw. 82L;m2M ;u2UP
h2H m
pA R AN 81§(2Up:u 2, °2L; m2M -
A X§ p8u2UP:u 2 "2L;m2M -

h2H m

Peak Power Demand Charges: Months

xdnoomozdno gn2N;2L; m2M -

zdgm zdm  8n2N :n 2 "2L; m2M -

mozam X ., 8n2N :n 2 72L; m2M -
X dn X% 82L;m2M:; h2Hp

n2N u2UPp

Peak Power Demand Charges: Ratchets

xde L zd 8e2E;2L;r2R:
zZ& z% , 8e2E:e 2, 2L;r2R:
L,oza Xx;?gl 8e2E:e 2 "2L;r2R:

X de X% 82L;r2R-; h2H,
e2E u2uP
X Pl X 8 2L; m2M"P\M -

n2N
xde boxPb g2l r2R-

e2E
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(C.9a)

(C.9b)

(C.90)

(C.10a)

(C.10b)
(C.10c)

(C.11a)
(C.11b)
(C.11¢c)

(C.11d)

(C.12a)
(C.12b)

(C.12¢)
(C.12d)

(C.12¢)

(C.12f)



mc
Xm

(Minimum Utility Charge)

0
oM @ g X3+ X Co X+ X ¢m X dn
: uh uh re re mn mn
e e Bl Gy
ea atchet arges eal ont| arges
0 0 Total Demand Charges 1 f 1 y g
X X
@ @ & XP+ ¢, XEEPAAAB 2L; m2M - (C.13)
h2H 9  u2usb t2T ;u2U¢
| {z }
Total Energy Exports
(Additional Constraints for Reformulation)
Inventory Reset
Xeh=Xg5 . 80b2B; 2L;h2H- (C.14a)
X =Ry, 8b2B; 2Lnflg (C.14b)
XS =Ry, 8b2B; 2L (C.14c)
Nonanticipativity
Xe =X, 82T; 2L (C.15a)
Xupo = Xye 8t2T;k2K;s2S;° 2L (C.15b)
XKW = XPW - 8p2 BN 2L (C.15c)
X DkWh =\ bkWhgh2 B; 2 L (C.15d)
XP=xP gt2T; 2L (C.15€)
XPP = xPb g 2L (C.15f)
znmi = zmmil gy 2Vt 2L (C.15g)
Zyo = Zys 8t2T;k2K;s2S;" 2L (C.15h)
zP =2z 8t2T; 2L (C.15i)
Ry =R, 8b2B; 2L (C.15j)
(Non-negativity)
plb s
X! 0 82L (C.16a)
Xe 0 8t2T; " 2L (C.16b)
Xg 0 8t2T; " 2L; h2H- (C.16c)
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XP9 0 82T, "2L; h2H;u2U (C.16d)

X39x% 0 82L;h2H;u2U (C.16e)
XP 0 8t2T; 2L (C.16f)
Xd 0 82L;r2R;e2E (C.169)
Xd 0 82L;m2M-;n2N (C.16h)
XJ 0 2L;h2H- (C.16i)
X DKW x bkWh 0 8b2B; 2L (C.16))
Xyew 0 8t2T; k2K; s2Sk; ~2L (C.16Kk)
XPe 0 8b2B;t2T; 2L; h2H- (C.16l)
Sexds 0 802B;2L; h2H: (C.16m)
XX X PPox®P 0 8t2T; 2L; h2H- (C.16n)
(Integrality)

zml 2f0;1g 8v2V; " 2L (C.17a)
Z,S 2f0;1g 82T; k2K; s2Sy; " 2L (C.17b)
ZP2f0;1g 82T; 2L (C.17¢)
Z2f0;1g 82T; 2L; h2H- (C.17d)
z%2f0;1g 8 2L;r2R ;e2E (C.17e)

(C.17f)
zdm 2f0;1g 8 2L;m2M ;n2N (C.179)
Zr‘:fu\ZfO;lg 8m2M ;u2U; 2L (C.17h)

The objective function minimizes the sum of capital costs,xed operations and
maintenance costs, total energy costs and subtracts incems. The capital cost is
comprised of equipment costs and storage costs. The totaleegy costs is a combination of
total production costs, total demand charges, peak ratchetind monthly demand charges,
total energy exports, and total xed charges.

In general, the text descriptions of the constraints are witen to convey the spirit of
the constraint and may not address every index ifor all or summation statements when
they are not central to how the constraint operates. For conipte sets of indices included

in the constraint, please refer to the mathematical notatio. Every constraint applies for
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each block in the set of blocks.

Constraint (C.1a) restricts fuel consumption (which is a faction of (i) its total energy
produced, and (ii) its number of operating hours) to a presmeed limit for each fuel type,
and allows di erent technologies to burn the same type of flleConstraint (C.1b) relates
the production of a fuel-burning technology to its fuel congnption using an o set linear
function, while constraint (C.1c) de nes the fuel burn of eah non-CHP heating technology
as directly proportional to its thermal production in each lour. Constraint (C.1d) de nes
fuel consumption using a size-dependemtintercept and xed slope, for every CHP
technology and hour. Constraint (C.1e) limits they-intercept of fuel burned by CHP
technologyt in time step h based on the power rating of the technology as long as the
technology is operating, and is void otherwise.

Constraints (C.2a)-(C.2b) limit the xed component of themal production of CHP
technologyt 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 i®perating, and O if it is not.
Constraint (C.2c) relates the thermal production of a techalogy to its constituent
components.

Constraint set (C.3) restricts the rate of production to an perating window between a
system's minimum turn down and its maximum size. Constrain{C.3a) limits a system's
output to its maximum power rating if it is on, and 0 otherwise Constraint (C.3b) forces a
lower bound for the minimum power at which a technology can @pate if it is on; the
constraint is void otherwise.

Constraint (C.4a) sets the initial state of charge for each stage system as a fraction of
its energy rating, and constraints (C.4b) - (C.4c) restricthe size of the storage system
between the lower and upper bounds for capacity and output, spectively. In this sense,
we assume that the power and energy rating of each storageteys may be optimized

separately
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Constraints (C.4d) and Constraint (C.4e) restrict the eletrical power dispatched for
each technology and time period to the corresponding totak@duction, in the former case
to storage and to the grid for hours in which grid purchase isvailable, and in the latter
case to storage only when grid purchase is unavailable. Ctoast (C.4f) provides an
analogous restriction to that of constraint (C.4e) for themal production, and constraint
(C.49) provides the same restriction for the thermal produmn of CHP systems.
Constraints (C.4h), (C.4i), and (C.4j) provide inventory balance for the state of charge of
storage systenb at the end of time periodh for three di erent cases: (i) for hours in which
grid purchase is available, (ii) for hours in which grid-purhased electricity is not available,
in which case the grid-to-storage decision variable valyes 2, are zero, i.e., not included
in the constraint, and (iii) for thermal storage, in which wemust also account for decay.
Constraints (C.4k) and (C.4l) force the state of charge to bgreater than or equal to the
minimum battery power rating at the beginning and end-of-peod, respectively.

Constraints (C.4m) - (C.40) impose limits on the power useddtcharge electrical and
thermal storage; in all cases, the upper bound is the systesrpower rating. Similarly,
constraint (C.4p) limits each storage system's dischargaergy to its energy rating.

Constraints (C.5a) and (C.5b) balance cold and hot thermalblads, respectively, by
equating the power production and the power from storage witthe sum of the demand,
the power to storage, and, in the case of cold loads, from thesorption chillers as well.

Constraint (C.6a) calculates total production incentivesif available, for each
technology. Constraint (C.6b) sets an upper bound on the €zf system that quali es for
production incentives, if production incentives are avaable.

Constraint (C.7a) allows nonzero power ratings only for theelected technology and
corresponding subdivision in each class. Constraint (C.yYhllows at most one technology
to be chosen for each subdivision in each class. Constraifit.7c) limits the power rating to
the minimum allowed power rating for a technology class. Cstraint (C.7d) prevents

renewable technologies from turning down; rather, they mugrovide output at their
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nameplate capacity. Constraint (C.7e) limits rated produtton from all non-renewable
technologies to be less than or equal to the product of the pewrating and the derate
factor for each time period. Constraint (C.7f) imposes bottower and upper limits on
power rating of a technology, allocated to a subdivision in segment, and
Constraint (C.7g) sums the segments to equal a size for a giveechnology and subdivision.
Constraint (C.8a) balances load by requiring that the sum opower (i) produced, (ii)
discharged from storage, and (iii) purchased from the grid iequal to the sum of (i) the
power charged to storage, (ii) the power sold to the grid fronm-house production or
storage, (iii) the power charged to storage directly from th grid, (iv) any additional power
consumed by the electric chiller, and (v) the electrical lahon site. Constraint (C.8b)
provides an analogous load-balancing requirement for heuin which the site is
disconnected from the grid due to an outage. Constraint (Cc§ restricts charging of
storage from grid production to the grid power purchased fogach hour. Similarly,
constraint (C.8d) restricts the sales from the electricaltesrage system to its rate of
discharge in each time period. Constraints (C.8e) and (C)3festrict the annual energy
delivered to the grid by pricing tier based on pre-speci edrhits, such as those imposed by
net-metering restrictions; the former allows both storagand production to contribute
whereas the latter restricts the contribution to productio only for certain technologies.
Constraint (C.9a) limits the net metering interconnect limt to a single regime at a
time. Constraint (C.9b) restricts the sum of the power ratirg of all technologies to be less
than or equal to the net metering interconnect limit regime.Constraint (C.9c) ensures that
energy sales at net-metering rates do not exceed the powerghased from the grid.
Constraint (C.10a) limits the quantity of electrical enery purchased from the grid in a
given month from a speci ed pricing tier to the maximum avaihble. Constraint (C.10b)
forces pricing tiers to be charged in a speci ¢ order, and csinaint (C.10c) forces one

pricing tier's purchases to be at capacity if any charges aapplied to the next tier.
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Constraint (C.11a) limits the energy demand to the maximum dmand required.
Constraint (C.11b) forces monthly demand tiers to become tiee in a prespeci ed order.
Constraint (C.11c) forces demand to be met in one tier beforaoving to the next demand
tier. Constraint (C.11d) de nes the peak demand to be greatehan or equal to all of the
demands across the time horizon, where an equality is induacby the sense of the objective
function.

Constraints (C.12a)-(C.12d) correspond to constraints (@l1a)-(C.11d), but for
non-monthly billing periods to which we refer agsatchets The charge applied for each
ratchet is a linear function of the greater of the peak eledtral demand during the ratchet
and a fraction of the peak demand that occurs over a collectiaof months during the year;
we refer to this collection adook-back months Constraint (C.12e) enforces a lower limit on
the look-back demand for each look-back month. ConstraintC(12f) ensures that the peak
demand for each ratchet is no lower than a fraction of the loeliack demand.

Constraint (C.13) enforces a minimum payment to the utilityprovider, which is a xed
constant less charges incurred from total demand, peak ratets and peak monthly
payments, plus sales from exports to the grid.

Constraint (C.14a) connects the state of charge of each stge system between the end
of a period and the beginning of the next period. Constraint.14b) and (C.14c) force the
rst and last time period of each block to equal the reset forhat block, respectively, for
each storage system. This does not include the rst time peril of the horizon, i.e..,h = 1.

Constraints (C.15a)-(C.15j) force the all-encompassingaxables within each block to
equal the overall all-encompassing variables.

Finally, constraints (C.16) ensure all of the variables in auformulation assume
non-negative values. In addition to non-negativity restitions, constraints (C.17) establish
the integrality of the appropriate variables.

The lower bound and upper bound formulations follow.
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Lower Bound Parameters

¢ Penalty on system size of technologlin block ° [kW]
e  Penalty on system size of technologtyallocated to

subdivisionk, segments, in block * [KW]
Etxh genalty on power ratirlg for storage systenb in block “ [KW]
b, enalty on energy rating for storage systerbin block [kWh]
R Penalty on production incentive collected for technology

in block ° [$]
PP Penalty on peak electric demand look back in block [kW]
nmil - Penalty on if generation is in net metering interconnect

limit regime v in block ° [unitless]
N Penalty on if technologyt in subdivision k, segments
_ is chosen in block [unitless]
i Penalty on if production incentive is available for

technologyt in block * [unitless]
z Penalty on if technologyt is used for technology

classc in block * [unitless]
R Penalty on reset value of storage systeimin block °

Lower Bound Formulation

X X X
minimize z + e Xp + o+ bR\ Rp:
“2L t2T b2B

The objective function for the lower bound problem minimize the objective from @),
z-, (the sum of capital costs, xed operations and maintenanceosts, total energy costs and
subtracts incentive, over all blocks, using a block-weighd fraction on all-encompassing
variables) plus the penalty on each subproblem all-encomgsng decisions. The constraints
in the lower bound formulation include all of the constrains in (P) except for the
nonanticipativity constraints, which are accounted for inthe objective function through
Lagrangian relaxation. We also set the parametér-=1 8 2 L, which relaxes the
constraint on resources, such as fuel and production inces limits, for the lower bound

problem.
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The nonanticipativity constraints (C.15a) through (C.15) are moved to the objective
with a penalty term . We force the sum of the penalty terms in each block to be zerorf
each subproblem all-encompassing variable, i.eP.,\2L - =0, to avoid unboundedness and
remove the free variables, e.gX . This relaxation provides a lower bound to ).

Upper Bound Formulation

To achieve a feasible solution that provides an upper bound (P), we x the
subproblem all-encompassing decisions to equal a singleesicompassing decision, e.gX .
We evaluate the all-encompassing decisions from each loweund subproblem solution
and save the best feasible solution. We use the formulatioorf(P) with added constraints.

(Upper Bound Constraints)

X=X, 82T; 2L (C.18a)
Xo& = X,S 8t2T;k2K;s2S;" 2L (C.18b)
XPRW = RPkW g2 Bt 2L (C.18c)
X PlWh = R DkWh - gh2 B 2 L (C.18d)
XP=XPgt2T; 2L (C.18e)
Xde = X% gr2R;e2E;" 2L (C.18f)
X PP = XPb g 2L (C.18g)
znmil = Zmil gy 2Vt 2L (C.18h)
ZS =2, 8t2T;k2K;s2S; 2L (C.18i)
zZM =20 8t2T; 2L (C.18j)
z% = 2% 8r2R;e2E; 2L (C.18K)
Ry =R, 8b2B; 2L (C.18)
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