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ABSTRACT

Concentrating solar power (CSP) is an emerging technologymable of generating re-
newable, dispatchable power using cost-e ective thermahergy storage. Dispatchability
imparts signi cant value to a power generation technologyoth expanding the applications
in which it is useful and { perhaps more critically { enablingthe proliferation of other non-
dispatchable renewable technologies by supplementing th@erformance during transient
periods of low or variable production.

Current CSP technology is functional but sub-optimal, espmally with regard to solar
eld design and to strategies for optimally dispatching poer. A comprehensive, immediate,
and systematic optimization approach is needed to drive dowtechnology costs, thus im-
proving the competitive position of CSP in the marketplace Several tools are a necessary
part of this process, including those for solar eld design @hoptical characterization, plant
productivity simulation, optimal operations scheduling {.e., dispatch optimization), cost as-
sessment, and nancial performance evaluation. However,\@hcement in each critical area
has been uneven to-date, with solar eld design and opticaharacterization and dispatch
optimization less established than other areas. Herein liélse challenge undertaken in this
thesis { namely, to identify mathematical models and compuitional techniques that advance
these two aspects of CSP technology development.

We present methods for improved solar eld design, characteation, and optimization
that advance previous work by extending an existing technigg for analytical ux modeling
to individual heliostat re ections, enabling rapid computtional prototyping of a broader
range of eld designs. Once de ned, a plant's dispatch schel@ can be optimized to maxi-
mize revenue from electricity sales, minimize costs due tabsystem start-up or change in
production, and enforce contractual or technological cotraints. We undertake this task by

formulating a mixed-integer linear program that more reatétically and accurately accounts



for a variety of operational modes and subsystem performancharacteristics. The advances
in eld design and characterization and in dispatch optimiation are adopted by an industry-
leading project developer who demonstrates through simdilan the viability of CSP molten
salt tower technology as a dispatchable resource, where pms work had left in question

the impact of optimized dispatch.
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CHAPTER 1
INTRODUCTION

Concentrating solar power (CSP) systems are poised to beoam@n essential contributor
to global renewable energy production, as CSP with thermalnergy storage (TES) pro-
vides cost-e ective exibility in meeting electricity demand. By serving as a dispatchable
renewable resource, CSP ultimately enables signi cantlyrgater market penetration from
other variable renewables such as wind and solar photovattaPV) systems [1]. However,
realization of CSP's potential value requires e ective métods for identifying and execut-
ing electricity generation (hereafter referred to as \disptch") pro les that account for the
timing and magnitude of thermal power collection, the enerdic state of thermal storage
over time, the thermodynamic and thermal e ciencies of sysm processes, and the price at
which electricity may be sold, all of which vary with time.

CSP is a capital-intensive and relatively complex source pbwer, and each subsystem
must be e ciently utilized to minimize the price at which the technology is competitive with
other generators. This requires proactive modeling and mtetive simulation during both
the design and operations phases of a project, and robust aadcurate methods are needed
to determine solar eld layout, expected performance, plarbehavior, and optimal dispatch
strategies. Existing tools such as the National Renewable &my Laboratory (NREL)'s
System Advisor Model (SAM) [2] and the German Aerospace CenterGreenius [3] (among
others [4]) are capable of simulating the performance of CSlystems over some time horizon
of interest { typically one year at hourly intervals { thus disposing of the challenge of heat
transfer and thermodynamic analysis. However, relativelgfv publicly available options exist
for solar eld design, optical characterization, and disp@h optimization, leaving de ciencies

in the CSP technology development process.



Figure 1.1 illustrates the design and simulation processdseginning with sizing of the
TES, solar eld, and power cycle subsystems along with compent operations and per-
formance parameters. Next, the solar eld design is generadtevhereby heliostat positions,
receiver and tower dimensions, and optical design parameteare produced. Once a eld
has been de ned, it is optically characterized over a rangd possible sun positions, and the
optical e ciency and receiver ux boundary conditions are mssed to the system simulation
which determines detailed plant performance over time. Distons within the simulation re-
garding when electricity should be generated can be madehst using heuristic algorithms
that enforce operating modes based on a set of rules regaglthe current and previous state
of the plant subsystems or with an optimized dispatch pro lewhich requires expected per-
formance and pricing information. The expected performaecof the system is determined
using physics-based models which include calculation ofdbdransfer rates, temperatures,
and thermodynamic properties within the system, and the redts of the simulation are used
along with a cost model to assess project nancial performaacDepending on the outcome,
the process may be repeated with di erent plant sizing or coponent speci cations to im-
prove nancial return. This thesis undertakes research andevelopment of solar eld design
and characterization as well as dispatch optimization metids with an overarching goal of
accelerating the CSP technology design process.

The sections that follow within Chapter 1 provide addition&technology background and
introduce the topics of solar eld design and dispatch optimzation, and review engineering
models and simulation tools upon which the current researdh built. Finally, a brief reca-
pitulation of related work is provided, though more detaild analysis is given in Chapters 2
through 4, as needed.

A Note on Terminology
This work utilizes methods from engineering, software delepment, operations research, and
applied math disciplines in which familiar terms related tanodeling are often employed in

di erent and incompatible ways. This can confuse the meangnof the concepts in this doc-
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Figure 1.1: The typical project analysis process in which thgoal is to assess the techno-
economic performance of a particular system con gurationBoxes shaded blue represent
existing models or tools, and green boxes represent work @nthken in this thesis.

ument, so we de ne our usage of several common terms to prowidlarity. These de nitions

are not necessarily formal, but represent intended usagetims document.

Table 1.1: De nition of modeling terminology

algorithm A repeatable procedure that takes a set of input information andreturns a
value (or values) of interest. Often used interchangeably withcalculator.
From software development.

calculator Often used interchangeably with algorithm. More speci cally, it can be a
subset of equations or steps in evaluation of a metric of interest that are
mathematically distinct from (i.e., not solved simultaneously with) other
equations or evaluation steps in a model.

formulation A set of expressions that mathematically describe the behvior of a system.
This term describes the formal set of mathematical expressions used the
plant dispatch optimization study. A formulation is a speci ¢ type of
model. From operations research.

constraints Mathematical expressions that restrict the values that avariable can
assume as a function of xed parameters or other variables. From applied
math.



maodel A mathematical representation of a process or system of interesModels
may account for spatial and/or time dependence of a process or system.
This term is often vague because of its generality, as it forms a supersef
various other terms. It can be used instead of algorithm, calculator,
simulation, and tool, though not interchangeably. From engineering and
software development.

objective An expression that quanti es an optimization goal. From operations
research.

optimization The process of systematically manipulating variable valies to improve the
objective function value to an extremum. Primarily from operations
research.

parameter A xed quantity in a model; in opposition to variable. From operations
research. Sometimes contradicts engineering usage; e.g., a
\parameterization study" in which the goal is to determine the best
parameter values for a model.

simulation Characterization of a system by calculating its state over ime. Simulation
assumes time dependence of a system or process, and it typicallyougres
modeling the response of a system or process to varying input over nite
time series. From engineering.

software A package that combines an interface for specifying parameters an
retrieving results with one or more models. Often used in combindbn with
other terms from this list (e.g., simulation software { software whose
purpose is the con guration and execution of a simulation). From
engineering and software development.

variable A quantity whose value can be changed to achieve a desired outcamas
opposed to aparameter. From operations research.

1.1 Technology Background

CSP technologies can utilize heat from concentrated surtigfrom a eld of tracking
mirrors to generate electricity, reform fuel, provide proess heat, or augment fossil plant
heat sources. Among the four major CSP technologies { ParabmmiTrough, Linear Fresnel,
Dish Stirling, and Power Tower { the lattermost (also calleda \Central Receiver" system and
illustrated in Figure 1.2) has greatest potential for e cierncy improvement and cost reduction
[5] due to its exible con guration and high solar ux conceriration ratios. The rst US
commercial power tower facilities are only recently comingnline with BrightSource™ 's

Ivanpah I-1ll facilities and SolarReservé 's Crescent Dunesfacility (see Figure 1.3). These



facilities mark an important step for CSP in the US, but the redtive scarcity of power tower
facilities worldwide has left a dearth of knowledge on opdrans and maintenance (O&M)

costs, performance impacts, and operating strategies to mmnize cost of energy.

Receiver

Hot Salt Tank
-

Hot Salt
1050 °F
(566 °C)

Heliostats (Tracking Mirrors) -
Cold Salt

550 °F

(288 °C)

Steam Generation

Cold Salt Tank

Figure 1.2: A molten salt power tower. (Image credit SolarResve).

Current CSP cost-of-energy is competitive in some marketsapable of bidding at an
estimated 13/kWh for molten salt power towers without tax incentives [6],but the cost of
energy must continue to decrease for CSP to achieve broad pton. The United States
Department of Energy (DOE) has developed the SunShot prograto aggressively seek cost-
of-energy reduction in both CSP and PV technologies. In CSResearch is focused on
simultaneous reduction of component costs and performangaprovement in each plant
subsystem. Power tower technologies enjoy several key acheayes over renewable and fossil
alternatives, but certain challenges must be addressed tocelerate widespread commercial
deployment, as summarized in Figure 1.4.

Electricity-generating power tower systems use concenteal light to warm a heat transfer

uid (HTF) which is typically a molten nitrate salt. The HTF is th en sent to a power



@SolarReserve

Figure 1.3: SolarReserve'€rescent Dunesfacility.

generation cycle or diverted into TES for later use. Power wer systems are capable of
producing electricity in the majority of hours throughout the year (in fractional terms, this
is the capacity factor to the point of approaching base-load status [9]. However, U8arket
structures often preferentially value energy productionuting peak demand hours of the day.
Hence, cost-e ective solutions typically operate diurna§l with potential for multiple, daily
production cycles. Cycle startup and grid synchronizatiortypically require between one
and three hours, depending on the extent to which equipmenthl cooled during down-time.
Equipment manufacturers limit the startup rate because thdifetime of power generation
equipment is highly sensitive to heating and cooling rates.

Thermal storage is { in principle { a straightforward propo#ion. Heated media is stored
in an insulated tank system and dispatched on demand to heahe& power cycle working

uid to generate electricity. However, optimal utilization of a TES resource is complex and



4 Employs thermal energy storage whereby
heat transfer media (typically, a uid) en-
ergized by concentrated solar ux can be

stored in an insulated high-temperature BRI uncertamty
tank system with round-trip e ciency of Rather than operating as a_baseload_ plar?t,
>99% [7] the most cost-e ective solutions require di-

urnal thermal cycling as the plant starts and
ends operation as needed

¥ Frequent cycling increases the frequency of
required power block maintenance and in-
curs startup delays [8]

¥ System design and performance prediction
require relatively complex engineering soft-
ware

¥ Subject to variable resource availability and

4 Dispatches on demand using thermal stor-
age, providing reliable power at night, dur-
ing cloudy periods, or during hours with ex-
cess demand

4 Achieves higher concentration ratios, work-
ing temperature, and conversion e ciency
than other CSP technologies

4 Not a signi cant emitter of greenhouse gases

Figure 1.4: Technology summary

multi-faceted: thermal energy may be dispatched to producelectricity immediately upon
rst availability, or thermal energy may be reserved for nekday peak periods at risk of
ling storage and dumping energy, or a portion of the thermhenergy can be reserved to
maintain equipment temperatures, reducing power cycle stap time, etc. Many possible
dispatch permutations can emphasize producing peak poweperating through transients,
expediting daily startup, etc., in di erent ways. The best geration strategy can change
day-to-day throughout the year, depending on the weather @nmarket pricing forecasts.
CSP systems { though having a signi cant operational advarmtge due to TES { must also
utilize tools that respond to energy production uncertaint in the short term (24-72 hours).
Previous work has shown that careful energy system designdadispatch can reduce
costs, e.g., for an appropriately retro tted building, rehtive to reliance solely on the grid [10].
Rather than performing an expensive retro t, a more cost-eective and, indeed, imperative,
approach given current market competition for low-cost emgy production systems calls for

an immediate, structured optimization e ort regarding CSP



1.2 Solar Field Design and Characterization

The goal of solar eld design is to identify a heliostat eld ad receiver system that gen-
erates thermal energy over the year in the most cost-e ecevmanner while meeting thermal
rating requirements and operational constraints. The degn process begins with speci -
cation of receiver and tower geometry values, heliostat densions and optical parameters,
spacing and layout factors, and other conditions. A numberf@otential heliostat positions
are enumerated based on this geometry, and each position \&leated over a range of sun
positions to estimate annual power delivery. The most prodtive heliostats are selected
from those available until the power output at the referencédesign-point) condition is met,
and the remainder are discarded. Once a layout has been idesd, the optical performance
of the system is characterized by calculating the intensitgand spatial distribution of the
re ected ux from each heliostat on the surface of the receer. If all heliostats are aimed
such that the re ection targets a single point or centerlineon the receiver, the ux intensity
is often too high, and material failure will result. Instead heliostat aiming schemes are
applied to \spread out" the ux across the receiver, ensurig peak ux limits are observed
but minimizing losses from ux spilling o of the absorbing sirface. The aiming and ux
intensity calculations are repeated over a range of represgative sun positions to produce
lookup tables describing total solar eld optical e ciency and the ux distribution on the
receiver, and this information is used during an hourly-anral performance simulation.

This process can be computationally burdensome, though sgeimprovements might
be identi ed with some e ort. Work presented in Chapter 2 outines the eld design and
characterization procedure in more detail, and presents\&al techniques by which com-
putational e ciency is improved. The resulting methodolog is fast and relatively accurate
in comparison with other tools, thus expediting the designx@loration phase of project de-
velopment and enabling broader optimization studies that mght include typically ignored
variables such as heliostat dimensions, tower position Wit land boundaries, and heliostat

spacing parameters. Figure 1.5 shows an example heliostald éayout, receiver ux intensity



map, and aimpoint plot generated using SolarPILOT with idely focused heliostats (Figures
1.5(a), 1.5(c)), 1.5(e)) and with at heliostats (Figures 15(b), 1.5(d), 1.5(f)), illustrating the
breadth and non-trivial nature of solar eld design and chaacterization. Chapter 2 explores

these issues in more detail.
1.3 Dispatch Optimization

Thermal energy storage is an essential feature of CSP beaaus enables operational
exibility, and dispatch optimization is the process of idetifying a solar eld and power
cycle operation schedule that maximizes the value of gented electricity. Energy dispatch
can be targeted for high-value time periods, and it can be wbéo reduce both nancial and
performance O&M costs. For example, an optimized dispatcltisedule may retain a small
but su cient quantity of energy at the end of one operationalday in order to more e ciently
start the next day, or it may choose to generate power at a redad rate to conserve stored
energy and avoid shutdown altogether. Optimized dispatch ay also anticipate resource
or pricing variability to maximize revenue, and the resulthg modi ed operational scheme
necessarily impacts the initial optimal design and long-ten maintenance requirements for
the plant. The best plant design and maintenance scheme canly be identi ed when a
representative operational scheme is in place, and optirett operational schemes can di er
substantially from unoptimized ones.

Identifying an optimal dispatch schedule for CSP is a non-tvial exercise for the following

reasons:

(i) power production may vary with time, and a particular time horizon of interest (e.g.,
one year) is discretized with a large number of time steps, &arepresenting an inde-

pendent variable for power production;

(ii) electricity generation from the power cycle requiresansumption of thermal energy that
is produced by the solar eld, and these processes are laggeldependent because of

the TES system; thus, independent schedules are needed fath subsystems that
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account for the charge state of TES;

(i) CSP is subject to operational modes, and transition fsm one mode to another requires
that certain conditions or procedures be satis ed { for example, the power cycle cannot

produce output until the start-up process has completed,;

(iv) simulation accuracy is of high importance, and generain modeled by a mixed inte-
ger linear problem (MIP) lacks su cient delity when taken i n isolation of detailed

engineering model results; and

(v) revenue-maximizing schemes may encourage frequent gowycle starts and stops, and
a mechanism for valuing production continuity is necessarpoth from the standpoint

of plant operability and long-term equipment wear and tear.

This research develops methods and ultimately delivers adbfor realistic optimization
of stored energy dispatch, ensuring model validity by dirély integrating the dispatch op-
timization program within the SAM software as a \control signal provider.” In this way,
SAM predicts system performance using detailed engineerimgpdels, but establishes a target
generation pro le using a simpli ed { but tractable { MIP for mulation. This capability pro-
vides an improved understanding of best-practice operatie for CSP with TES and suggests

changes in design and maintenance policy that improves theevall value of CSP technology.
1.4 Modeling Tools and Resources

Exploring the tradeo between technology cost and performece is possible with robust
technology simulation software in which the detail of eachubsystem is captured within the
context of the entire power plant. NREL develops software tde for characterizing subsystem
cost and performance (e.g., Solar Power tower Integrated yaut and Optimization Tool
(SolarPILOT™)) and for predicting the productivity of the integrated power plant over

the course of a year using measured weather data (e.g., Syst&dvisor Model (SAM) [6]).
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These essential tools provide a framework for accurately duquickly quantifying the impact
of design and operational decisions.

SolarPILOT and SAM span the range of analysis from initial dégn to simulation and
nancial evaluation. SolarPILOT is a unique tool for layout optimization, and optical
characterization of the heliostat eld. The software is capgble of evaluating the tradeo
between heliostat cost and optical performance, the impactf mirror soiling and washing
schedules both globally and in local regions within the helstat eld, and of selecting solar
eld design variables that minimize the expected cost of engy. SolarPILOT is available as
a stand-alone software package and is utilized via an ap@iton programming interface as
the optical simulation engine in SAM { NREL's renewable technogy assessment simulation
tool. The SAM software combines performance, cost, and naia models for a variety of
renewable energy technologies, and is used to predict topdant and subsystem productivity,
detailed component behavior, and nancial metrics inclugatig cost of energy, power purchase
agreement price, and internal rate of return.

SAM's CSP technology performance models are derived from arunation of engineer-
ing physical principles and (semi-)empirical correlatiamd The SAM Molten Salt Power Tower
(SAM-MSPT) model [11] uses a streamlined version of the SARLOT optical simulation
engine and detailed thermal models of the receiver, thermslorage, and power cycle sub-
systems. SAM has received continuous funding from the DOE s& 2006, and currently
SAM-MSPT supports a generalized and stable plant control abgithm and implements a
short-time-horizon (deterministic) TES dispatch optimiation model.

The outcome of a SAM-MSPT simulation provides a single metriof interest { typi-
cally, levelized cost of energy (LCOE) { though many di ereh avors of this metric exist.
The process for obtaining such a metric involves a series @refully orchestrated proce-
dures. The rst step is to de ne the input parameters, includng system sizing, optical and
thermodynamic performance characteristics, component @®aetries, and costs. Next, the

SAM-MSPT model evaluates the system to determine an improvetesign relative to that of
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the baseline system, manipulating receiver height and diater, tower height, and heliostat
eld layout positions. This step utilizes the SolarPILOT smulation engine to balance the
optical performance of the heliostat eld against costs usg a simpli ed capital cost and
annual productivity estimate.

In the third step, SAM-MSPT invokes the SolarPILOT engine to baracterize the optical
e ciency and concentrated solar ux intensity on the receiwer surface (which is a primary fac-
tor in thermal performance and receiver lifetime) at a selésd set of sun positions throughout
the year. The resulting data sets form surrogate interpoladn models that can be quickly
evaluated at each time step in a subsequent annual simulatiogreatly improving simula-
tion speed and adding little error to energy cost estimatesNext, SAM-MSPT evaluates
the system over each hour of a \typical meteorological yearising aggregated weather data
from the selected location. This model is perhaps the mostroplex of any in the set, as
behavior in each subsystem is closely tied to the control aigthm, behavior in connected
subsystems, and the energy state of the system in the prevétime step. For example, the
thermal e ciency of the power cycle depends on the temperate of the hot HTF entering
the heat exchanger, and this temperature can vary with the soce of the uid (receiver or
TES system, or a mixture thereof), or thermal losses in TES ather connection piping. In
turn, the thermal e ciency of the receiver depends on how e gently heat is utilized in the
power cycle. Many implicit interconnections play an impownt role in determining the over-
all performance of the plant. Once the annual hourly simuladn is complete, SAM-MSPT
then calculates revenue, discounted lifetime costs, andancial metrics of interest.

This thesis is concerned with development of techniques thianprove the computational
e ciency and accuracy of solar eld design and characterizson processes (implemented in
SolarPILOT), and the formulation, implementation, and appication of dispatch optimization
technigues within SAM-MSPT. These advances build upon the &sting tools, but are distinct
from the prosaic activities of engineering software devglment, relying more heavily on

theoretical and academic principles. Nonetheless, the fanrations { however arcane { are
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readily applied because of the platform in which they are dégyed.
1.5 Literature Review

This project spans several areas of research, including ege dispatch optimization,
power plant operation, engineering process simulation Wwithermodynamic and optics con-
tributions, and engineering design optimization. Contriitions made in each eld by other
researchers therefore enable this project and are reviewadhis section.

Performance simulation of a CSP plant is nontrivial, as CSFsian amalgam of interacting
subsystems whose individual behaviors are complex and deg@®n the energetic state of each
subsystem, the current weather conditions, the desired piaproduction schedule, limited
component operating regimes, and the original design of tipdant. Power plants with TES
can dispatch stored energy according to any number of schesneTypically, a set of rules
(heuristic) is de ned whereby a control algorithm is able tocompute whether and at what
power level a plant should generate electricity. The rulesogern whether storage should be
charged, discharged, or idled, whether an auxiliary fosdbckup system (if present) should
be used to generate supplemental thermal energy, and whethte solar eld should be
deployed to collect energy. Heuristic dispatch models cancinde a variety of rules but
necessarily increase in complexity and programming e ortsathe number or rules increases.

Implementations of heuristic dispatch models are readilyvailable and include SAM [2],
which controls TES dispatch for each time step (typically, burly) based on the charge
state of the TES system, the presence or absence of solardiedion, the target power cycle
electricity generation level, and several other rules [12Herrmann et al. (2004) [13] describe a
heuristic approach for parabolic trough plant control thatis similar to the method previously
implemented in SAM. The heuristic allows storage charging vem energy generated by the
solar eld exceeds the thermal power requested by the powerate { thus prioritizing power
generation over storage charging. If energy is available TES and the power produced by
the solar eld falls below the desired thermal input to the pwer cycle, TES is discharged

until it is empty. The heuristic emphasizes turbine produabn at full load but allows shifting
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of the generation schedule to high-value time periods by necing production in low-value
periods.

The long-used Solergy [14] simulation software o ers a silaily simplistic heuristic
model, but also explores a separate and sophisticated hetic dispatch approach that in-
corporates energy production forecasting and time-depegrtt pricing. The latter algorithm
attempts to maximize revenue while minimizing discarded #rmal energy due to under-
production from the turbine and minimizing the number of tubine starts. The strategy {
dubbed MAXOUT { implements a complex set of rules that uses stored energy feaarious
purposes, including (i) day-to-day carryover of thermal esrgy for morning start-up, (ii)
scheduled dispatch that avoids storage overcharging, Jipart-load operation of the turbine
to conserve energy for high-value time periods, and othersieble plant operation features.
While the apparent exibility of this heuristic is comparable to models based on MIP for-
mulations, the functionality was originally developed andlescribed for only a single pricing
schedule. It is unclear whether the model was expanded forgigations beyond the original
study.

Guwedez et al. (2015) [15] more recently suggest another emple of heuristic dispatch.
Their method emphasizes dispatch during peaking hours andciudes decision procedures
for identifying peak production hours. Figure 1.6 shows themethod for determining peak
hours. In the gure, they use the notationj to represent the time stepQsg; is the thermal
power produced by the solar eld in time step, Qsw=1 is the thermal power required by
the power block, TESy; is the charge state of TES in step, mg, is the mass ow rate
dispatched from TES,myom is the nominal mass ow rate from TES, and ; and , are user-
speci ed threshold parameters. This process diagram shotvsw heuristic methods are often
forced to simplify dispatch in order to make the problem tra@ble. In this case, the TES
discharge rate is speci ed as either the design-point (nonal) value m,,, or zero, but the
optimal value may not be either option. However, Gledez et a(2015) show that heuristics

can be e ective in improving the dispatch of particular congurations.
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Forj=1:24

Figure 1.6: The logical dispatch control for TES presented bgledez et al. (2015) [15]
(reproduced with permission).

Formal dispatch optimization models have also been explaréy several groups [1, 7, 16{
21]. These models develop linear or mixed-integer linearggrams to approximate electricity

generation behavior and typically share several common atiutes, including:

\rolling time horizon" optimization, in which the dispatch pro le is revisited on a
daily basis, but the optimization time horizon extends beyad a single day, allowing
for day-to-day carryover of thermal energy

treatment of decision variables using energy balance terms

separation of the engineering simulation model from the aptization model and solver
in which parameter information passes unidirectionally &m the engineering model to
the dispatch optimization model with no feedback

inclusion of power cycle start-up e ects and { in some casesréceiver start-up e ects

Wittmann et al. (2008) [18] de ne an optimization model that s integrated into the
transient simulation but focuses on prioritizing high-vale time periods and neglects start-
up behavior. Recent work introduces stochastic boundary rditions as part of the set of

considerations, but does not present a formulation or redslfrom the stochastic model [19].
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Cirocco et al. (2015) [20] develop a simpli ed model with fiy linear terms, thus neglecting
start-up and sequencing e ects. Lizarraga-Garcia et al. ®@3) [22] develop a nonlinear
model that facilitates simultaneous optimization of desig and operation of a novel CSP
technology concept over short-term time horizons of a day dra week. One purpose of this
study is to investigate the e cacy of electric resistance haters as part of the larger CSP
design, and, hence, the conclusions emphasize relevanultssfor this goal. However, the
study shows the viability of applying nonlinear solution tehniques to a design and operations
optimization problem. Vasallo and Bravo (2016) [21] de nerad present a modeling approach
for dealing with weather and pricing forecast uncertainty.Their model consists of a mixed
integer quadratic problem (MIQP) for dispatch schedule optization and a module that
tracks the schedule that has been committed to as the dispattorizon progresses through
time. The forecast model is updated on an hourly basis, and aaforecast update entails
a recalculation of the optimal dispatch schedule subject tadditional requirements that
arise from the original solution for the daily time window. This model assumes that unit
commitment is established on a daily basis according to a loichg process and cannot be
revised during the day.

A number of non-CSP dispatch optimization models have beeredeloped (e.qg., [23{26]).
Garca-Gonalez et al. (2008) [26] describe a stochastioptimization method for pairing
variable energy production from wind turbines and dispatchble generation from a pumped-
hydro source. Although the technologies di er substantidy from CSP, the underlying cou-
pling of variable energy production, supplemented by dispehable generation from storage,

is analogous. Methodologies explored in this area are aplble for this work.
1.5.1 Summary of Content

The thesis is organized into ve chapters: the rst and currat has provided background
and motivating material, the fth and nal chapter provides summary and conclusion ma-
terial and outlines future work that may be derived from thisresearch, and the intervening

chapters report advances regarding solar eld design and atfacterization, dispatch opti-
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mization, and applied results, and are further previewed a®llows. The second chapter
describes a tool for design, optimization, and characteation of the power tower systems
whose operations are modeled in more detail in Chapters 3 aAd This e ort is prerequi-
site to formulating accurate dispatch models, as the solarld production pro le is derived
directly from this model. The third chapter introduces a riggrous mathematical formu-
lation whereby operational processes in a molten salt plamtre described and optimized,
and presents a case study exploring the bene ts of dispatctptimization over traditional
heuristic-based approaches. The novelty in our work lies ithe delity of the MIP for-
mulation to the molten salt power tower technology, and in tb successful integration of
our dispatch optimization model into the detailed techno-@nomic analysis SAM-MSPT
tool. The fourth chapter describes an application of the témiques presented in Chapters 2
and 3 with focus on dispatch optimization outcomes for a pre¢t under development by a
industry-leading technology provider.

The reader may note that portions of material within this doament appear more than
once, especially concerning Chapters 3 and 4. This approashintentional, and re ects the
conventions dictating inclusion of journal papers in a thes format. Each of Chapters 2-4
comprise a journal paper submission, and consequently, lbas presented in its entirety.
With regard to the MIP formulation { which appears in Chapters 3 and 4 separately, the
journal Interfaces encourages inclusion of the model formulation as an appexdilong with
the applied results. Hence, we rst present and discuss the el in Chapter 3, then restate
the model in Chapter 4 as an appendix. We ask that the reader &ethis in mind when

examining this document.
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CHAPTER 2
SOLARPILOT: A POWER TOWER SOLAR FIELD LAYOUT AND
CHARACTERIZATION TOOL

A paper accepted pending minor revision t&olar Energy

Michael J. Wagnet?34, Tim Wendelin®3
2.1 Abstract

A new Solar Power tower Integrated Layout and Optimization T ool (SolarPILOT) is
developed and demonstrated. The tool uses the analytical ximage Hermite series approx-
imation originally implemented in the DELSOLS3 software degloped by Sandia National
Laboratory in the early 1980's. By applying the analytical mdel to individual heliostat
images rather than large groups or zones of heliostats, SBIH.OT can characterize a wide
variety of heliostat eld layouts. The individual heliostat modeling approach increases com-
putational expense in comparison with DELSOLS3, so SolarPQT implements a number
of improvements to the analytical approximation method to mprove model accuracy and
computational e ciency. Several of these methods are disesed in this paper, including
dynamic heliostat grouping to reduce the expense of inteptefactor evaluation, approxima-
tion of annual productivity with a subset of time steps throghout the year, polygon clipping
to accurately calculate inter-heliostat shadowing and btking, receiver and tower geometry
optimization, and trigonometric image transformation to @sures analytical equation accu-
racy for small heliostats. SolarPILOT also integrates the @Trace Monte-Carlo ray tracing
engine, providing improved receiver optical modeling capdity, a user-friendly front end for

geometry de nition, and side-by-side validation of the anigtical algorithms.
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2.2 Introduction

Power tower systems (also known as \central receiver systeth are optically complex,
using thousands of individually-tracking heliostats to resct sunlight onto a stationary re-
ceiver throughout the day and the year. The angular acceptae window for the re ected
image from a heliostat is typically very small, requiring tacking precision with an error dis-
tribution standard deviation on the order of 1 mrad or less.rl addition, receiver operation
typically requires that the incident ux density be maintained below a maximum value, and
heliostat images must be strategically placed on the receivto achieve a workable distribu-
tion [27{29] that extends the receiver material lifetime ad minimizes optical interception
losses. The redirection of sunlight by the heliostat eld islso subject to a series of losses
that depend on the heliostat's position relative to the redeer, the position and orientation
of neighboring heliostats, the position and apparent shap# the solar disc, the particulate
content in the atmosphere, the geometry of the heliostat, dipal errors in the heliostat, and
the heliostat eld operation strategy. Many of these losseare dynamic and must be mod-
eled over a range of conditions in order to adequately chatadze the likely performance
of a CSP plant [11]. Consequently, computer software has Imeesed to generate solar eld
geometry and characterize its performance since the late78s [30{33].

The history of available software programs extending fromrst-generation tools through
current solutions is well-documented [4, 34]. A number of pgrams have been developed to
support the various stages of analysis that are necessaryduwaracterize system performance.
Tools such as the University of Houston Codes (UHC - also known d®tRCELL suite) [33],
DELSOL3 [35], TieSOL [36], and HFLCAL [37] can generate solar le&d geometry program-
matically. Other programs such as MIRVAL [31], HELIOS [38], SRAL [39], Tonatiuh
[40], and SolTrace [41] are capable of detailed eld char&eization but are not designed to
quickly generate and optimize solar eld geometry. (DLR hasleveloped an extension for
MIRVAL that facilitates automated eld layout [34].) Finally , given a particular geometry,

several codes are capable of characterizing the annual peniance of tower systems, includ-
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ing Solergy [14], SAM [42], and the TRNSYS STEC library [43]. Baase these various tools
emphasize di erent aspects of power tower solar eld desigr characterization, each must

be used deliberately within the scope of the problem that itddresses.

2.2.1 Modeling approaches

The aforementioned tools characterize optical performaaasing one of two general ap-
proaches: analytical (or semi-analytical) approximatior Monte-Carlo ray-tracing (MCRT).
The basis for analytical methods lies in modeling a re ecteonage with a closed-form den-
sity function. The re ected image density function descriks the intensity of light (ux) as
a function of position on a projection plane. Under the theoretal conditions that incident
ux on the re ector is perfectly collimated, that the re ect or geometry is perfectly parabolic,
and the projection plane contains the focal point of the re etor, the re ected image is in-
nitely small and of in nite intensity. In practice, however, various sources of re ection
error cause the image to assume the form of a distribution. Mbsimply, an image can be
approximated using a Gauss-normal distribution with standrd error deviation de ned in
one or two dimensions.

Multiple physical e ects can introduce re ected image erra For example, light from
the sun is not perfectly collimated but instead is describeby a probabilistic distribution of
incident angles. Re ector surface defects, tracking erroand imperfect or non-ideal focusing
of the re ector can also a ect the re ected image. As these swotes of error increase, the
re ected image size also tends to increase. One approachrfwdeling multiple error factors is
to simply convolve the various error sources as independerdrmal distributions into a single
normal distribution described by a standard deviation in eeh dimension. This approach
limits the shapes of the re ected images that can be modeledut may be appropriate for
heliostats with certain optical properties. A more nuance@pproach utilizes the truncated
Hermite polynomial series to describe the image shape in tworegensions [30, 32], originally
developed by the University of Houston. This method accommotés non-normal sun shape

distributions and can accurately represent ux patterns fo at, focused, or canted heliostats
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at a variety of tracking angles. This method is the basis for BLSOL3 and the University
of Houston Codes (UHC), which are related to RCELL. The primary dvantages of this
approach are its computational e ciency in comparison withray-tracing methods, exibility
in describing complex ux shapes with continuous functionsising relatively few expansion
coe cients, and its corresponding ability to accurately déermine intercepted power on the
receiver using integration by quadrature.

One limitation of the Hermite method is that directional infamation is not preserved in
the analytical approach. This makes analysis of multiple rections or beam-spread within a
cavity receiver non-trivial [44, 45]. Furthermore, unlikeMCRT, shadowing and blocking must
be handled independently of ux image calculations, and aoanting for partial shadowing
or blocking exclusions in the nal image shape is not straigforward.

The MCRT approach is widely used in optical analysis as it o easy implementa-
tion, exibility in the geometry that can be modeled, presevation of directional information
through multiple re ections, and a clear physical analog. Gdes such as SolTrace, MIRVAL,
and Tonatiuh o er solutions for power tower modeling that ca account for the various error
sources and shapes, and can characterize non-ideal re ectarfaces as obtained by high-
resolution surface slope measurements (e.g., VSHOT [46]). elprimary disadvantage of
MCRT approaches is their relatively long run times. This is gpecially true for power tower
heliostat elds where ray intersections are possible oveldl@age number of geometrical entities
and many rays are required to obtain convergence. Howeverydpn (2011) and others have
developed a program that utilizes graphical processing wsi(GPUSs) to provide enhanced
parallelization that greatly reduces run time [36] but reqires speci c graphics processing
hardware.

With these considerations in mind, the Hermite analytical apmpach has traditionally
been used in optimization tools where many simulations arequired to determine an optimal
system con guration. For example, the DELSOL3 code was im@mented in System Advisor

Model [47] and was capable of rst generating an approximdteoptimal solar eld layout,
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tower height, and receiver size, then characterizing thelao eld e ciency and receiver ux
pro le over a range of solar positions in fewer than ten secds using a standard laptop
computer. In comparison, a single run in SolTrace for a poweower system with 5,000
heliostats and a peak ux uncertainty of 1.1% (1 1P rays) requires of less than two hours
on a standard laptop computer with Intel Core i5 running 4 paallel threads. By integrating
the analytical and MCRT engines, SolarPILOT provides rapidayout capabilities with more

exible MCRT characterization options.
2.3 Tool description

SolarPILOT provides layout, characterization, parametigc simulation, plotting, and opti-
mization capabilities via a graphical user interface (Figw 2.1. Limited functionality is also
currently available through a C++ application programming interface (API). SolarPILOT
has been integrated into SAM via the API, and now serves as the\per tower characteriza-
tion engine. An important aspect of SolarPILOT is the integréon of both analytical and
raytrace methods in the software. The following sections geribe the methodologies in more

detail.
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Figure 2.1: SolarPILOT graphical interface showing a selexd region of the heliostat eld
after an afternoon simulation with shadowing e ciency dataoverlay.
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2.3.1 Analytical methods

SolarPILOT extends the Hermite method implemented in DELSOR by applying the
optical model to individual heliostats to simulate whole-eld performance. Although DEL-
SOL3 is capable of simulating elds with several thousand dividual heliostats, optimization
is done using a coarse cylindrical-coordinate grid. SoldtfDT's higher-resolution approach
di ers from DELSOL3 in its treatment of individual heliostats in all phases of calculation
and optimization. The implementation of the Hermite model foindividual heliostat images
requires several enhancements to maintain computationgbesed and accuracy. Speci cally,
this tool implements a novel method for dynamic heliostat gruping to reduce the expense
of intercept factor evaluation, methods for approximatingannual productivity with a subset
of time steps throughout the year, a polygon clipping methodot accurately calculate inter-
heliostat shadowing and blocking, methods for receiver artdwer geometry optimization,
and a trigonometric image transform algorithm that maintans intercept factor accuracy for
small heliostat images. Each of these improvements enableda®PILOT to perform accurate

and e cient computation.
2.3.1.1 Review of the DELSOL3 Analytical Method

DELSOL3 approximates each zone as a single representativdibstat in a radial-stagger
arrangement, and performance is evaluated at the center poiof the zone. Shadowing
and blocking are also calculated at this point, assuming agelar distribution of surround-
ing heliostats also in the radial-stagger arrangement. Theode adjusts for \slip planes”
(discontinuities in the solar eld layout) by reducing the $iadowing and blocking loss pro-
portionally to the number of heliostats removed at the slip lane boundary [35]. These
assumptions work well for regular, symmetric heliostat as with a large number of he-
liostats in a radial-stagger layout. However, current eld &yout techniques often di er from
this historical approach, and alternative solutions o er mproved e ciency, reduced land

area, exclusions for culturally sensitive areas or topograic features, and accommodation
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for uneven land as exempli ed by [48{50].

The computational speed advantage for the Hermite series apgimation lies in its appli-
cation of characterization coe cients that do not all requre recalculation for each heliostat
or simulation. The analytical form of the ux intensity pro le as it appears on the receiver

plane is shown in Eq. 2.2, taken from [30].

n #
2 2
X 1
FOGy) = exp 5 = 5 L @1
Xy X y
( : )
)(I XI X 1
AgH = n L T
i=0 j=0 X y B

The equation assumes that the ux intensity can be modeled pnarily as two-dimensional
normal distribution, but the intensity at any position (x;y) is modi ed by evaluating a series
expansion with Hermite polynomial termsH;(x), Hj(y), and A;; . The components of the
coe cients are evaluated for a given sun shape, mirror geortmg, optical error contributions,
and relative position to the tower. These individual terms g evaluated only when they
change during the simulation, so a ux pro le can be quickly @veloped for heliostats of
identical geometry once the initial coe cient analysis is omplete. The distribution is nor-
malized by two coe cients {  and , which represent the standard deviation of the image
distribution in the x and y directions relative to the image plane. Coe cients for miror
geometry, sun shape, and optical error need only be evaludtence because they are inde-
pendent of sun position and heliostat orientation. The nalux intensity model depends on
sun position and heliostat orientation, and these e ects & accounted for by combining the
constant distribution coe cients with position-dependert coe cients. Sun shape is modeled
as a time-independent intensity distribution, though in rality sun shape can vary with local
atmospheric composition and sun position. However, heli@stoptical errors typically dom-
inate the error distribution, and sun shape is a relatively mmor contribution to the overall

concentration error.
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DELSOLZ3 evaluates the fraction of the heliostat image thatsiintercepted by the receiver
(intercept or spillage e ciency) using a numerical integréion method known as Gauss-
Hermite quadrature [30]. Each heliostat image is modeled ngi a 2D Gauss-Hermite poly-
nomial for which no analytical integral exists, but the integal can be approximated by
evaluating the ux density expression at various points in he distribution. By carefully
choosing the location of these points to coincide with abssa in the polynomial expression,
relatively few points are required to calculate the integla DELSOLS3 uses this algorithm
along with a weighting function for each point (that has alsdeen derived analytically) to
determine the intercept factor for each image with only 16 pats. The integral bounds
coincide with the extents of the receiver, and the evaluatiopoints lie in between these

extents.
2.3.1.2 Shadowing and Blocking

SolarPILOT calculates shadowing and blocking using a vecat@rojection and clipping
method. Neighboring heliostats are tested for potential ierference by projecting vectors
from the heliostat corners along the direction of either théower (blocking) or sun position
(shadowing). If a projected vector intercepts an adjacentdtiostat, blocking or shadowing are
enforced according to the position of the interception. Thimethod assumes that neighboring
heliostats lie in parallel planes { a good assumption for allut very small solar elds where
tracking angles di er signi cantly between neighboring h&ostats. This assumption results
in the simpli cation that shadowed or blocked regions are angular, which simpli es the
computation without a ecting accuracy. Overlap of shadowig and blocking is neglected, so
the blocking-shadowing e ciency is conservative.

The shadowing and blocking algorithm is as follows:

I. Each heliostatJ is assigned a list of neighbors (se.3.1.3) that may block or shadow

(\interfere” with) the heliostat. An interfering heliostat is subsequently denoted .
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il. A vector aiming at subject of interference (the receivefor blocking or the sun position

for shadowing) is calculated for the interfering heliostaly .
iii. Heliostats are tested for the possibility of interferene:

a. The rst test requires that the interfering heliostat K is within view of the in-
terfered heliostatJ. The dot product is calculated between the heliostat normal

vector and the interfering heliostat subject vector.
v=rt; ik (2.2)

If the dot product is non-positive, K cannot interfere with J and the loss is zero.

b. The maximum interference length is calculated for helitst J based on the po-
sition in space of each heliostaP; and Py, the heliostat structure height h;,
the interfering heliostat tracking vectorfy , and the zenith angle of the heliostat
tracking vector .

I:)K;z I:)J;z‘l' hJ Sin tK
p fK;k

2 2
ity

Lint = + hyf « (2.3)

If the distance separating the two heliostats in question igreater thanL;, , the
heliostats cannot interfere and the loss is zerd.i,; is limited to 100 h; during
very low sun elevation angles to reduce the number of potealiy interfering

heliostats and the associated computational requirement.

iv. The interference vectorix is projected from the two top corners oK onto a plane

containing J. The plane intersection points are tested for containment ithin J.

v. The interfered region area is calculated based on the imgection position offx within
J. The total interference e ciency is equal to the complemenbf the interference area

divided by the total heliostat area.
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2.3.1.3 Dynamic Heliostat Grouping

Power tower solar elds contain thousands or tens-of-thoasds of individual heliostats.
Often, performance of neighboring heliostats is very simail, and one heliostat can be used
to represent the performance of a small group of neighborimgliostats. The most accurate
optical performance calculations consider each heliostatdividually (SolarPILOT default
behavior), and the least accurate consider all heliostata a group to have identical perfor-
mance, including shadowing, blocking, intercept factor,tenospheric attenuation, and cosine
losses (DELSOLS3 behavior). Accuracy improves as the zoneesepproaches the domain of
a single heliostat.

Accuracy can also improve by considering heliostat loss mactisms separately and only
approximating those losses that are computationally expsive to calculate. For example,
cosine loss is one of the most signi cant losses but its contptional expense is trivial, so
each heliostat can be considered individually. Optical iercept factor (the amount of light
captured by the receiver from any heliostat image) is equglkigni cant but is comparatively
much more expensive to calculate. Therefore, we have adapte mixed approach of calcu-
lating simple losses such as cosine and attenuation indivally and the expensive intercept
factor loss using a zonal approximation.

These so-called optical zones include groups of neighbgrieimilarly performing he-
liostats. The challenge with the zonal approach is that thentercept factor can depend
strongly on position, and change in intercept factor is nomlear as a function of radial and
circumferential position. Consider Figure 2.2 showing inteept factor as a function of radial
position for a particular heliostat and receiver con guraion. The intercept factor stays con-
stant until the image begins to spill o the receiver near 25@ radius. The intercept factor
then drops precipitously but eventually stabilizes as disince from the tower increases. This
case is provided as a qualitative example, though the exaatercept as a function of position
depends on heliostat size, heliostat position, optical pameters, receiver geometry, and sun

position.
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Figure 2.2: Intercept factor of a 4 4m heliostat on a 10 10m receiver as a function of
radial distance. The heliostat focal length is 100m and totaptical error is 5 mrad.

Both radial and circumferential position can impact interept factor, especially for re-
ceivers with a planar aperture ( at plate or cavity receives). The derivative of intercept
factor with respect to either radiusr or azimuthal heliostat position can be determined for
planar and cylindrical receivers. The higher the value of #rse derivatives, the more quickly
the intercept factor changes with position, and the smallethe group of heliostats that can
be represented by a single calculation.

SolarPILOT subdivides the heliostats accordingly, creatg a mesh in circumferential
coordinates which has varying density in both azimuthal andadial dimensions. The mesh
generation is handled recursively such that a particular ggon is subdivided if the change
in intercept factor across the zone is greater than the all@able limit, and the resulting grid
cells are subsequently and likewise analyzed. Figure 2.3wB@an example of an optical mesh
for a north-based eld. The highest gradient in intercept fator is concentrated near regions
of high ux incidence angle.

Mapping heliostats to optical zones
The approach discussed above generates an e cient and phyally meaningful optical mesh
based on local intercept factor derivatives. This mesh is noegular, and each element may

have dierent radial and azimuthal extents. Therefore, no imple transformation exists
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Figure 2.3: Optical intercept grouping mesh for a north-faog receiver. Each element cor-
responds to a maximum variation of 5% optical intercept fact.

between heliostat position in Cartesian coordinates and @e location. The zone to which
a heliostat should belong is computationally nontrivial todetermine. In the worst case, the
number of assignment computations would be equal to the procdt of the number of zones
and the number of heliostats.
To circumvent this problem, we have devised a binary elemetree that guarantees that a
small number of computationmax are required to locate a heliostat within some tolerance
. The computational expense for the binary element tree isdarithmic, with the worst case

being:
Nemax 2 10g(2) *max log Tr log — (2.4)

In order to demonstrate the computational e ciency of this method, the following exam-
ple is provided. A typical eld will have a radial extentof r = rpax  min = (8 1L)hiower =
7 hiower Whererqna and rpin equal the minimum and maximum heliostat extents radially
normalized by the tower heighthywer . A heliostat's radial position can be uniquely described

with coordinate tolerance ofr = 0:01 hywer Since this corresponds to a distance less than
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the minimum heliostat spacing for a typical eld. In the azinuthal direction, the heliostat
separation atr oy IS =2 h ower 'max, @and we user = . The number of computations
required to locate a point in the eld for this example is no mee than n¢yax = 20. The total
number to locate each of theN,, heliostats is then proportional toNy, 20, which is a vast
improvement overN2 for the worst case.

The binary element tree works by dividing the coordinate s into halves radially and
azimuthally. Each half is then divided again and again untithe size of the zone is su ciently
small. Divisions are done alternatingly between radial anazimuthal directions. The decision
to select the inner or outer (and clockwise or counter-closkse) half is determined with
an integer value. Inner and counter-clockwise values arem#ed with '0' and outer and
clockwise values with '1' { hence the binary structure.

The required resolution (size) of the zone determines thember of characters in the iden-
tifying key. Larger zones require fewer characters to unigly identify them, while smaller
zones require more. This procedure lends itself to mesh sttures with variable element size,
which is an important feature for SolarPILOT implementatian. Each heliostat is assigned a
binary coordinate tag that uniquely identi es its location using the same binary procedure.
Any heliostat that falls within a particular zone will begin with the same binary character
string as the zone itself, enabling quick association of fedtat-to-zone. The binary mesh
tree is recursive such that each element independently caaaide whether to split or remain
intact. The algorithm also allows unidirectional splitting if the required tolerance has been
met in only one direction. That is, if the mesh reaches su ciet resolution regarding deriva-
tives in the radial direction, additional splits are permited in the azimuthal direction only
while the radial extent remains unchanged. Once the mesh hhgsen de ned in the rst
element after a split, the algorithm calls again to de ne thenesh in the remaining half. The
resulting data structure resembles a tree, with the largestlements branching into many
sub-elements which can branch further. A similar but distiot k-t binary tree method is

described in [51]. Only \terminal" elements that is, elemds that contain no sub-elements
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{ are permitted to accept heliostats into their group. This @sures the uniqueness of each
element.

The impact of dynamic grouping on the heliostat eld layout aad expected solar eld an-
nual energy production is quanti ed in Figure 2.4. The numbeof heliostat eld dislocations
(positional di erences in the layout) and the annual energyerror as simulated in SAM are
shown for various zone tolerance values. As the tolerancenaases, so does the zone size and
the error in the intercept factor approximation, leading toselection of sub-optimal heliostats
for the nal layout. The cases shown are relative to the refence case de ned in Table 2.1
below with dynamic grouping disabled. Note that dynamic groping with a tolerance value

of 0:01 reduces computational time by approximately 50%.
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Figure 2.4: The impact of dynamic grouping on eld layout and anual energy production.
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2.3.1.4 E cient Annual Performance Prediction

SolarPILOT selects the heliostat positions to include in t nal layout by estimating
the annual performance of each heliostat in the eld, then r&king their performance and
selecting the most productive heliostats rst. Although habstat eld systems are optically
complex, their performance over time is reasonably trackexb a linear summation. That is,
for approximately similar sun positions (and thus optical eiencies), the power delivered
by the eld is the summation of the set of solar resource valsdimes the eld area times the
average optical e ciency. Because it is computationally gxensive to evaluate eld optical
performance, it is often impractical to determine annual & performance by simulating
all daytime hours in the year. Instead, a subset of hours carelsimulated and the annual
approximation projected from that sample. SolarPILOT inadides several methods and tuning
parameters to con gure the annual performance estimate sulation set. These are:

Single simulation point
The eld performance is evaluated at a single sun position drsolar resource. Each heliostat's
performance is characterized by a single production value.

Annual simulation
Every daytime hour of the year is simulated, and each helicgts performance is charac-
terized by the accumulation of all hours in the year. This opbn { while thorough { is
computationally expensive and most often unnecessary.

Limited annual simulation
A subset of days and hours of those days are chosen at regylapaced intervals throughout
the year for simulation. At each hour, corresponding weathedata is used to determine
heliostat eld productivity. Each heliostat is characterized by the set of productivity values
generated in the simulation. A su ciently large number of dgs must be used to achieve
convergence, and the number depends on the seasonal andydagather variability. Con-

vergence is typically achieved with 12 simulation days at amourly or bi-hourly resolution.
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Representative pro les
This option mimics the Limited annual simulation, but generates averaged weather pro les
for the selected days rather than using speci ¢ weather daym a weather le. This option
demonstrates convergence with 4 simulation days and bi-htyresolution and is observed
to be the most e ective option. Figure 2.5 shows the impact orayout \dislocations" { that
is, the number of positional di erences in a heliostat eld &yout { for the reference plant
de ned later in Table 2.1 as a function of the number of simutéon days and the hourly
frequency at which simulation occurs. Also shown is the impaof these parameters on
annual energy production as simulated in SAM, which is trividy small in all cases. This
demonstrates that for the purposes of techno-economic aysis, additional computational
expenditure in the form of increasing the sampled hours andags is not bene cial.

Annual e ciency map
SolarPILOT can also generate a lookup table of optical e ciecy as a function of solar
position, then run an annual simulation drawing from the lokup table rather than generating

performance data from the rst-principles model.

In addition to climate e ects, local markets can shape the taporal value of power
production. A plant optimized for revenue would consider icreasing power production
during the most pro table hours of the year at the expense ofverall electricity production.
SolarPILOT allows speci cation of temporal revenue weiglmg factors that are considered
during layout. Some utilities such as Southern Californi&dison, San Diego Gas & Electric,
and Paci ¢ Gas & Electric provide payments to electricity poducers based on time-of-day

and day-of-the-year that re ect increased demand during c&in time periods.
2.3.1.5 Field layout methodology

SolarPILOT is designed to generate heliostat eld layouts ith individual heliostat co-
ordinates. Several layout options are possible, includingermutations on the radial-stagger

layout and a \corn eld" layout. The code is easily extendibé to generate alternative layout
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Figure 2.5: The impact of the number of days and hourly simulain frequency used during
eld layout on layout dislocations (top) and annual energy gor (bottom) as simulated in
SAM. The cases shown are relative to a layout in using 50 days tato-hour frequency.

patterns, and heliostat coordinates can be imported and sufated by the user. The layout

procedure is as follows:
I. Generate all possible heliostat positions within the lash boundaries.

ii. Place heliostats at the positions according to the helgtat geometry template rules (if

applicable).

lii. Simulate the performance of all heliostats at the eld esign simulation time step(s)

speci ed by the user with weather data (if applicable).

iv. Sort heliostats by performance-to-cost ratio.
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v. Simulate solar eld performance at the design point solgposition and direct normal
irradiance. The single design point may be noon on the summsolstice, noon on
the equinox (spring), noon on the winter solstice, solar zi&h, or a user-speci ed sun

position.

vi. Select the rst N heliostats that generate su cient power to meet the desigmpoint

thermal power requirement.

Land boundaries can be speci ed point-wise as a set of polygo Each polygon can
represent an \inclusion" area or region of exclusion. Landdunds may also be specied
as minimum and maximum radial limits that either scale with bwer height or are xed
distances. Heliostat positions are generated within the @rg land boundary considering all
of the constraint types that are in use. Figure 2.6 shows a heditat eld built within a

non-circular boundary.
2.3.1.6 Intercept Factor for Small Images

One challenge with adapting the Hermite approximation metha to individual heliostats
is the small size of the heliostat image relative to that of th receiver surface. Intercept factor
is calculated for a Hermite expansion ux density model usin@aussian quadrature, which
is a numerical technique that approximates the de nite intgral using a sum of function
evaluationsf (x;) with weights w; (e.g., Eq. (2.5)).

Z, W
1f (x)dx = f(Xi)w; (2.5)

i=1

As applied in DELSOL3, and subsequently SolarPILOT, the methd uses a grid ofN =
16 points to evaluate the density equation. A problem arisewhen the heliostat image
is signi cantly smaller than the quadrature grid. Gaussianquadrature assumes that the
function is well-approximated by a polynomial function in he region of evaluation, and thus
gives poor results for images that are much smaller than th@parent receiver size (e.g., in?

heliostats on a 10 10m receiver). This problem can be corrected by scaling theaprature
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Figure 2.6: Land-restricted layout with land boundaries owtaid in the top right corner. The
available land area is de ned by a single inclusion area and/é exclusion regions.

grid to better match the size of the heliostat image. Unfortuately, exact knowledge of
the image size requires a full evaluation of the Gauss-Hermifunction over the receiver
domain, and executing such a computationally intensive ekation negates the appeal of
the analytical form. However, the image size can be reasonalpproximated as a simple
Gauss-normal distribution with standard deviation (s, ) describing the elliptical shape
of the image. The limits of the integral are then some constafactor times the standard

deviation. With a su ciently high factor (but su ciently low to avoid the numerical issue
described above), the quadrature grid can be scaled to t wiin the new limits and the

integral can be performed.
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This process is straightforward for cylindrical receiversEach heliostat aimpoint lies at

some vertical position along the center-axis of the receivas it appears to that heliostat. In

e ect, the heliostat image { while vertically displaced fran the receiver centerline { is always
centered horizontally on the apparent rectangle of the reiser. The image is elongated in
the vertical direction in proportion to the cosine of the ante between the receiver surface
normal and the incident image vector (heliostats closer tdhe tower are distended more so
than distant heliostats). Importantly, the heliostat images are not signi cantly skewed or
rotated in the horizontal direction because the incident v&ors from each heliostat have no
azimuthal component, only vertical displacement. The coegjuence of these observations is

that the quadrature grid can be scaled in a very simple manner

Wquad = min[4 y; rrec] (2.6)
hquad = hyec (2.7)

The quadrature grid width is the minimum of four times the x-drection image size and the
receiver radiusr.c, while the quadrature heighthq,aq is always left as the receiver height
hiec. This approach was implemented in the original DELSOL3 codand has proven to be
adequate.

The cavity and at-plate receiver case is somewhat more di alt. With the view angles
between each heliostat and the receiver surface varying rdigantly over the extent of the
heliostat eld, the quadrature grid size cannot be scaled aording to ,, , alone. The
issue is illustrated in Figure 2.7. The rst case (left) shows heliostat image projected
onto the receiver plane. The quadrature limit of the image islrawn at 5 ,, 5y, and
dotted tangent lines indicate the revised integration widt for the grid. The same image
projected from di erent points in the eld result in widely diering quadrature limits, as
shown in the remaining cases (center, right). Furthermorehe di erence between image and
receiver coordinate systems is quite pronounced. These gications apparently prevented

any practical quadrature scaling method from being implenméed in DELSOL3, and the
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resulting behavior could be severe, as illustrated in Figur2.8. Figure 2.8(a) shows the
resulting \optimal" layout positions for a large at-plate receiver with small heliostats. The
unexpected gap corresponds to images that are small enougitd @riented in such a way as
to be overlooked by the integration algorithm. The layout sbwn in Figure 2.8(b) uses the

corrected scaling algorithm.

R&@@IVer

Figure 2.7: Heliostat image on the receiver plane in three ptien scenarios. Bounding-box
image extents are shown for each case, indicating the depende of \scaled receiver" size
on the heliostat's receiver view.

The corrected scaling algorithm follows a simple procedure

I. Given the position and orientation of the heliostat and reeiver, the receiver corner
points are translated into the coordinate system of the halstat image plane. The
\image plane” is a theoretical plane that is normal to the veior following the re ected

heliostat image.

ii. The quadrature grid must be scaled while maintaining itoriginal receiver coordinate
system. The slope of the quadrature grid bounds is equal todhlslope of the receiver
bounds when projected onto the image plane. The slopes ardcotated using the

translated receiver corner point coordinates in step (i).
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Figure 2.8: lllustration of the impact of quadrature scalingon the heliostat eld layout.

iii. The quadrature limit is determined by locating the intersection point between the
ellipse of the projected image and a tangent line of slope eduo that calculated in

step (ii). (See dotted lines in Figure 2.7.)

iv. The radius of the ellipse at the two tangent points give tb quadrature width and

height in the image plane coordinate system.

v. The nal quadrature width and height are calculated by translating the width and

height from step (iv) back into the receiver plane coordinat system.

The key calculation in this process is the expression relag the ellipse radius to the slope
of a tangent line. In particular, we wish to express the radaiof the ellipse as a function of

tangent line slope. The equation of an ellipse with major andhinor axis dimensions ;

is shown in Eq. 2.8:

y=, 1 = (2.8)

40



The derivative dy=ix is:

dy yX

Equation 2.9 can be solved fox, and Eq.'s 2.8 and 2.9 can be substituted into the radius

equationr? = x2+ y? as shown in Eq. 2.10.

4 dy 2 1 dy 2 4
2 X dx 2 dx X
r<= ——= _+ 1 - — = (2.10)
2 2 dy 2 y 2 2 2 dy 2
y T ¥ & X vyt X &
which simpli es to Eqg. 2.11.
4, 4 dy 2
2= L X 9 (2.12)
24 2 dy
y X dx

This relationship provides a closed-form calculation of # required quadrature width

given receiver corner coordinates projected onto the hedtat image plane.
2.3.2 SolTrace integration

SolTrace is a MCRT code designed for solar applications [41hcoming solar radiation
can be characterized in any variety of shapes, and the codendées optical error distributions
and multiple re ections. SolarPILOT has integrated SolTrae directly through an application
programming interface (API) that calls to SolTrace's core tacing functions. The primary
strength of SolTrace is characterizing the performance ofell-de ned geometry, and typical
use involves de nition of geometry including tracking angls externally or in the built-in
scripting language. As SolarPILOT is designed for power toweystem layout, it serves
as an interface for geometry de nition, rapidly generatinghe required system geometry
for SolTrace runs. The combination of analytical and MCRT tols means SolarPILOT
can quickly calculate optimized heliostat aim points usingnalytical characteristics, then
generate a detailed MCRT ux pro le using SolTrace. This capbility is especially useful
for cavity-type receivers that analytical methods cannot dequately characterize because of

complex view factors and multiple re ections.
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While SolTrace o ers several key advantages compared to ap@tal methods such as
multiple-re ection characterization and the capability to analyze more complex geometries, it
does not provide detailed optical loss information descrl by loss mechanism. The reported
results from a SolTrace run consist of the number of intersied rays on all modeled surfaces.
Information on what proportion of the optical loss is due to @sine, atmospheric attenuation,
spillage, etc, is not directly calculated. Therefore, the ést use of MCRT techniques is in

conjunction with an analytical approach that provides ingjht into loss mechanisms.
2.4 Model Veri cation

SolarPILOT was developed as an extension to DELSOL3. Theoeé, the performance
of SolarPILOT is compared to DELSOLS3 to verify the correct irplementation of the new
model. Because SolarPILOT includes several improvementgeo DELSOL3 in eld layout
techniques, characterization accuracy, and other featugreviously discussed, the compar-
ison study matches thermal power delivered under referencenditions at the base of the
tower (i.e., after re ective, convective and emissive, angdiping losses) and inspects the vari-
ous loss components modeled by each software package. Treecudy evaluates a cylindri-
cal molten salt receiver with large multi-paneled heliosta. The eld layout is radial-stagger,
and all input parameters are matched as closely as possibtede ne analogous cases. Table
2.1 shows a summary of input parameters for each case. Thenpary di erence between
cases is the design weather model, as DELSOL3 uses a clearaghgyroach as exempli ed by
the Meinel formulation, while SolarPILOT is capable of usig historical weather data. Use
of the latter option complicates the analysis by relaxing te assumption of solar resource
symmetry about solar noon, but adds exibility by choosing hose heliostats that maximize
power production under the expected weather conditions. Fexample, a location that tends
to be subject to afternoon cloudiness may orient the eld tonicrease e ciency in the morn-
ing when sunlight is available. Ultimately, for the example wvided, the di erences in the
layout between the two weather le models is only 17 heliostgositions, which translates

into a trivially small impact on annual energy production, & discussed in Section 2.3.1.
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Table 2.1: Parameters for the comparison case study and silation results.

Parameter Units DELSOL3 SolarPILOT
Thermal power output MWt 669.9
Reference DNI W/ 950
Heliostat area nt 144.4
Heliostat total re . % 89.1

Tower height m 203.3
Receiver height m 20.41
Receiver diameter m 17.67
Receiver absorptance % 0.94
Azimuthal spacing factor - n/a 1.96
Slip plane reset limit - 43 1.31
Design weather model - Meinel mod. TMY3 data
Max. eld radius Niower 7.5 9.0

Reference design time -
Compared simulation time -

Equinox, solar noon
Solstice, solar noon

Result Units DELSOL3 SolarPILOT
Number of heliostats - 8,947 8,945
Power incident on rec. MWt 767.93 766.87
Power at receiver base MWt 680.77 679.46
Cosine e ciency % 80.3 80.6
Blocking e ciency % 99.3 99.0
Shadowing e ciency % 100.0 100.0
Atmospheric transmit. % 91.6 91.2
Heliostat re ection % 89.1 89.1
Intercept e ciency % 96.3 96.0
Absorption e ciency % 94.0 94.0
Thermal e ciency % 94.65 94.60
Total e ciency % 58.8 58.8
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The single-point simulation comparison shown in Table 2.hdicates excellent agreement
across the range of modeled physical e ects. Performanceaiso compared at a matrix of sun
positions. The discrepancy between total optical e ciencyof the solar eld (DELSOL3 sub-

tracting SolarPILOT) is shown in Figure 2.9. These results siw good agreement throughout
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Figure 2.9: The dierence in calculated optical e ciency betveen DELSOL3 and SolarPlI-
LOT as a function of sun position for the case shown in Table 2. The di erence shown is
DELSOL fractional e ciency minus SolarPILOT fractional e ciency at each evaluated sun
position.

the range of sun positions, but error increases substantiaht very low sun elevation angles.
The reason for this disagreement is not fully clear, but po&te causes include di erences
in shadowing and blocking calculations or potential inaceacy in the image shape model as
applied to single heliostats at severe re ection angles. Bardless, the heliostat eld will not
typically operate at low sun positions because of shadowigd blocking e ects, and solar
resource is diminished when the sun is near the horizon, scetlk ect of the inaccuracy is

minimal on annual energy production.
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2.5 Conclusions

A new model for calculating solar eld layouts and performage characteristics for power
tower systems is developed and described. The tool employstib an analytical Hermite
polynomial expansion ux mapping technique and MCRT with S8race. SolarPILOT is
intended for use as a third-party validation tool for existng private industry models, a
research and screening tool, and a platform for developmeaot new modeling or design
techniques. The tool models a variety of solar eld, helioat, receiver geometries, and
optical scenarios. One primary strength of SolarPILOT is & extension of the analytical
ux technique from DELSOL3 onto individual heliostats. This allows a more exible design
process, including possible asymmetry, topography variah, and geometry variation within
the heliostat eld.

SolarPILOT has been integrated into NREL's SAM software as theower tower design
and characterization engine. This integration is via an APland future work on the software

will involve improvement to the API for general use.
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CHAPTER 3
OPTIMIZED DISPATCH IN A FIRST-PRINCIPLES CONCENTRATING SOLAR
POWER PRODUCTION MODEL

A paper submitted to the journal Applied Energy

Michael J. Wagnef:’/, Alexandra Newmari-8-°, Robert Braun’°, William Hamilton 7:1°
3.1 Abstract

Concentrating solar power towers, which include a steam-Rkine cycle with molten salt
thermal energy storage, is an emerging technology whose nmaxm e ectiveness relies on an
optimal operational and dispatch policy. Given parametersuch as start-up and shut-down
penalties, expected price pro les, solar availability, ath system interoperability requirements,
we seek a pro t-maximizing solution that determines startdp and shut-down times for the
power cycle and solar receiver, and the times at which to digfch various quantities of energy
over a 48-hour horizon at hourly delity. Our mixed-integerlinear program (MIP) is subject
to constraints including: (i) minimum and maximum rates of gart-up and shut-down, (ii)
energy balance, including energetic state of the system asvhole and its components, (iii)
logical rules governing the operational modes of the poweyate and solar receiver, and (iv)
operational consistency between time periods.

The novelty in our work lies in the successful integration obur dispatch optimization
model into a detailed techno-economic analysis tool, specally, the National Renewable
Energy Laboratory's System Advisor Model(SAM). The MIP produces an optimized oper-

ating strategy, historically determined via a heuristic. Usg several market pricing pro les,
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we present comparative results for a system with and withowispatch optimization, indi-
cating that dispatch optimization can improve plant pro tability by 5-20% and thereby alter
the economics of concentrating solar power technology. Wilve examine a molten salt
power tower system, this analysis is equally applicable tdhé¢ more mature concentrating

solar parabolic trough system with storage.
3.2 Background

The ability of renewable energy to be dispatched exibly ertdes signi cant market pen-
etration compared to renewable energy systems that are higtvariable (e.g., wind) and/or
that lack associated storage systems (e.g., photovoltaiesthout storage). We examine one
type of solar technology, Concentrating Solar Power (CSPhat manifests itself as: Parabolic
Trough, Linear Fresnel, Dish Stirling, and Power Tower. Theatter, and the one we address
in this paper, is thought to possess the most signi cant poteial for improvements in e cien-
cies and reductions in cost [5]. Concentrating solar poweower technology uses thousands
of sun-tracking mirrors (heliostats) that focus on a centrareceiver to heat molten salt to
temperatures above 56% (1050 F). The molten salt can then be pumped to a power cycle to
generate electricity or e ciently stored for use when sunght is not available [52]. However,
the economic viability and widespread implementation of GStechnologies are strongly tied
to their ability to extend their diurnal operational characeristics across peak demand time
periods and during periods when solar energy is curtailed eudo the sun setting or cloud
cover [53]. Thermal energy storage (TES) is an enabling teablogy which can amass the
energy captured by the receiver as a reserve for dispatch atager, more favorable time. In
fact, TES integration enables CSP to be a dispatchable renable resource whose economics
are enhanced by both improved utilization of the power cycland an ability to shift power
production to better coincide with peak demands and high-Vae-electricity time periods
[54].

High-temperature molten salt TES has been successfully ingphented in CSP tower

systems [55, 56] and in parabolic trough systems, the lattaér an indirect manner through
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use of an intermediate oil-to-molten salt heat exchanger.o&alleddirect TES systems such
as the power tower technology use molten salt both as the sage medium and as the heat
transfer uid in the receiver, thereby avoiding the intermeliate heat exchanger and improving
system e ciency and dispatchability [13].

The maximum storage capacity of the TES system is determinetlring a plant design
process that considers several factors including the theampower rating of the solar eld
and power cycle subsystems, plant location, project econm®, and the desiredcapacity
factor, which is de ned as the quotient of total annual electrical eergy production and the
electrical energy production should the plant operate coimuously at rated power output.
Thermal energy storage sizing also depends on the operabacheme. For example, a plant
that intends to operate primarily during high-revenue moring or evening periods while
reducing production during daylight hours requires more TE capacity than a plant with
an identical capacity factor that generates power during ktlaylight hours. CSP plants that
target dispatch during high-revenue periods operate di eéntly than those that minimize the
average cost of energy. The former relies more extensively & carefully planned dispatch
schedule that anticipates the timing and level of thermal peer production in the solar eld,
energy consumption for receiver and plant start up, and theharge state of TES over time.
Formal optimization methods can determine the dispatch prte that maximizes electricity
sales revenue over a particular time horizon given a specisystem con guration, expected
solar resource, pricing or time-of-dispatch (TOD) schede) and operational constraints { a
process referred to adispatch optimization.

The intelligent dispatch of stored energy can greatly enhae the value of electricity by
providing rm capacity and ancillary services, and by geneting electricity during time peri-
ods in which rates are especially high [57]. Dispatch optig@tion involves the manipulation
of the timing and rate at which electricity is generated by tle power cycle and captures
both physical processes and time [10]. This paper presentsnathodology, implementation,

and publicly available tool for simulating CSP power tower ystems with optimized dis-
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patch. The method expands on previous work by directly incporating formal optimization
techniques into the SAM [2] simulation software, for which m@vious research has relied on
heuristics or on optimizing dispatch using simulation outpt a posteriori as optimization
model input. SAM assesses CSP performance, simulating reaéle technologies including
CSP, wind, geothermal, photovoltaic, biomass, solar hot wer, and generic systems. The
software is free to download and use, and the tools developedhe current work are freely
available [42]. Each technology can be paired with a nandianodel to evaluate the economic

performance of a project within particular market, incentve, and cost environments.

3.2.1 Related Work

Optimization modeling has been applied to many types of ergyr systems, e.g., [10]
who retro t an existing building and determine a corresponohg dispatch strategy, and [58]
who examine multiple objectives in optimizing stand-alonbybrid energy systems, also with
the corresponding dispatch. Other authors examine only giatch, e.g., [59], who apply
a simulation model to a hybrid photovoltaic and tri-generaibn power system to decrease
waste from excess heat, while [60] formulate an optimizatianodel (a mixed-integer linear
program, like ours) that combines both dispatchable and iermittent power, the latter as a
result of a virtual plant, to maximize pro ts. Similarly, [6 1] develop an optimization model
that dispatches wind, but, in contrast to the previous work,theirs focuses on minimizing
active power losses in the system while constraining reaai power; the model is solved
heuristically. Thorin et al. [62], [63] and [64] operate in aarket environment (as does [60]),
the former for a unit commitment problem, applying an exact pproach (i.e., Lagrangian
Relaxation) to a mixed-integer program; Cho et al. [63] optiize a combined cooling, heating,
and power system to optimize the tradeo s between system dopsnergy production and
emissions, and test their model on a variety of geographides in the U.S. with di ering
weather conditions; Fdarsch et al. [64] examine the expamsi of a power network and the
corresponding dispatch strategies in Europe; using an optization model which combines

both investment and dispatch decisions, they conclude thaven optimal grid extensions,
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coupled with capital cost reductions for renewable technmjies, leads to signi cantly higher
overall average electricity system costs over a time horiz@f three to four decades. Parisio
et al. [65] use model predictive control within an optimizabn (mixed-integer programming)
framework in which the goal is to minimize costs subject to rafogrid system constraints
such a capacities, minimum up- and down-times, and start-upnd shut-down requirements.
They test instances of their model on an experimental microglin Greece. Zheng et al. [66]
provide a review of bio-inspired optimization of sustaindb energy systems. These works
examine problems similar to ours in that dispatch policiesra considered, some even using
the mathematical framework we use. However, none of these exaes concentrating solar
power in particular, with its own sets of objectives and rule We next discuss the research
speci ¢ to our technology.

Simulation is used to predict the total electrical energy mrduction from an existing or
previously designed CSP plant over its lifetime in order tovaluate the nancial return on
investment, the cost of energy, the environmental (mitigabn) impact, or some other measure
of interest. The standard method for CSP simulation requie calculation of plant behavior
over a time horizon (typically, one year with one-hour time teps) [67], and it develops a
picture of long-term energy production by sequentially maaling performance at relatively
short time steps compared to the overall time window of intest (e.g., hourly calculations to
establish lifetime metrics). CSP systems are primarily catrained by immediate concerns,
such as component or subsystem operational states, conséion of mass and energy, and
heat transfer, thermodynamic, or thermo-mechanical pringles.

The previous dispatch approach implemented in SAM uses a silagheuristic that allows
the user to specify requirements before thermal storage cha dispatched; this heuristic does
not consider the expecteduture thermal energy production, TES charge state, or price at
which electricity can be sold, but instead determines the @&pational state of the power cycle
based on the current TES charge state and the hour of the day.h& heuristic can improve

plant production during high-value hours as exempli ed by 8M or Gledez et al. [15], but
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can ultimately decrease the utilization of the solar eld tlmoughout the year because of TES
over-charge situations.

By contrast, this work adopts a formal approach by formulatig the problem as a mixed-
integer program (MIP) that leverages state-of-the-art moeling languages and solvers ([68,
69]) to make the solution of a mathematical problem containg thousands of variables and
constraints tractable.

Madaeni et al. [7] present a simpli ed approach for determing an optimal dispatch
pro le while implementing MIP techniques. The authors use 8M to generate an hourly
thermal power production pro le throughout the year that is @nsidered as xed input to the
MIP model originally outlined in [16]. This approach factos in the simulated performance of
the solar eld, but omits interactions between the solar etl and thermal storage or the power
cycle. The latter subsystems are modeled as part of a MIP thaletermines the TES state
of charge and electricity production from the cycle. This ntbod improves tractability by
reserving the detailed model to generate xed input while ulizing a simpli ed energy balance
model to characterize TES charge and power cycle generatidrurthermore, Madaeni et al.
employ a rolling time horizon methodology in which they comder a 48-hour time horizon,
updated every 24 hours. Our work largely adopts this approacbut importantly, uses the
optimized schedule to control operational decisions withiSAM's detailed simulation model,
whereas the Madaeni et al. work uses the results from the MIFsdhe actual estimate of

plant production throughout the year.
3.2.2 Goals of the current work

Dispatch optimization improves the pro tability of existing or planned CSP facilities, but
it is also of great interest to policymakers and researcheno seek to better understand the
projected performance of CSP systems under various deplagmband grid operations scenar-
ios. However, previous work (cf. [7, 16, 57]) considers disgaability from the perspective of
grid integration in which CSP systems are designed at an eggr ow and system sizing level

to assess suitability for meeting grid and market demands. hE contribution of our work is
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its evaluation of the relationship between optimal dispatt pro les and technology design.
Accordingly, this work lls the gap betweenprescriptive grid-level models on the one hand
that indicate desired technology performance subject to ¢ih-level operational requirements
(e.g., plant start up, maximum energy generation) andlescriptive performance simulations
on the other hand whose primary concern is to dynamically styhresize expected plant pro-
ductivity and nancial return given speci ¢ component or slsystem thermo-mechanical
performance expectations. SAM develops these estimatesngsannual \macro-simulations”
that consist of thousands of sequential \micro-simulatiosl' within a time series, and the
plant behavior at any given time step may depend on the statef the system in the previ-
ous time step(s). The SAM Molten Salt Power Tower (SAM-MSPT) mdel is con gured as

illustrated in Figure 3.1.
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Figure 3.1. Molten Salt Power Tower system con guration thatis modeled in SAM. The
system consists of a heliostat eld, molten salt receiver,m@ct TES system, steam generation
system, Rankine power cycle, and heat rejection system. @ahic ¢ NREL/AI Hicks)
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The MIP in SAM operates under the following assumptions: (i)dar eld thermal pro-
duction over time is calculated using a simpli ed \forecast model and provided as a xed
input to the dispatch model, and (ii) power cycle e ciency dgends linearly on thermal
input to the cycle and on the ambient temperature, and these @ency corrections can be
implemented as independent terms (see Section 3.4). Disglaibptimization enables investi-
gation of detailed plant performance issues that are too cquex to be easily represented in
an energy-balance MIP model. For example, the mechanicalests associated with frequent
thermal cycling of power generation equipment may lead to ancrease in the frequency of
required maintenance [8]. A detailed model can capture theeshermo-mechanical impacts

when the plant control is in uenced by optimized dispatch steduling.
3.2.3 Operating Considerations

The plant dispatch schedule determines the timing and prodtion level from the power
cycle (turbine, generator, condenser, and associated gumuent). During operation, the
power cycle consumes stored thermal energy from the TES s1st. Thermal energy storage
is charged using high-grade thermal energy that is generdtby the solar eld during daytime
operation, and energy generation is a ected by the opticalral thermal e ciency of the solar
eld, by the intensity of the available solar resource, andythe operational state of the solar
eld. Receiver and power cycle start-up sequences are notcessarily coordinated, so both
systems may operate independently with shared interest gnih the energy state of the TES
system. In some cases, the receiver must curtail energy getien to avoid over-charging
thermal storage (thus wasting solar energy).

Before the power cycle or receiver can produce electricity thermal energy, respectively,
start-up requirements must be satis ed, including both a mimum start-up period and a
minimum energy state requirement which are surrogates foemperature considerations. In
the latter case, the plant equipment cools during shutdowngriods and must overcome the
system's thermal inertia to begin generating steam that posvs the turbine. Likewise, the

receiver consumes energy as it heats up and must complete arstip procedure before
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producing useful thermal energy. Furthermore, turbine antieat exchanger equipment man-
ufacturers limit the maximum rate of temperature increase uring start-up to avoid thermal
stress and mechanical failure risks. Both the energy and dition start-up requirements must
be met before equipment can begin producing power. These uggments are implemented
as a constraint on the maximum energy delivered for start-uguring any given time period.
Although the duration of start-up must last for at least a minmum number of time steps,
longer start-up durations are allowed in practice based omergy availability, and the model
must provide this exibility.

Two start-up scenarios are possible for the power cycle: @pld start-up, which occurs
when the power cycle has shut down for any period of time andee to restart; and (ii) hot
start-up, which occurs when the power cycle has beenstandbymode and seeks to restart.
Cold start-up requires an additional energy contribution ad incurs more component wear
and tear, whereas hot start-up can happen immediately (frorthe perspective of the hourly
model).

Standby is a mode of operation in which a small (but non-trial) amount of thermal
energy is consumed during each time period to maintain the wer cycle and/or receiver
equipment in a hot state, ready to quickly ramp up for electaity generation; however,
no electricity is produced in standby mode. Consequently, amtaining the power cycle in
standby mode is of value if multiple start-up cycles are artipated over a relatively short
time span, or if the energy penalty or ramp rate requiremenbf start-up is su ciently severe
to justify the small rate of energy consumption by the powerycle.

The receiver can also operate in a standby mode during clougheriods to avoid the
full start-up procedure. In standby, salt from the cold stoage tank is pumped through the
receiver, and the ow is diverted back into the cold tank whes the uid temperature can
decay at a rate that corresponds to the thermal losses fromdhreceiver. Finally, the model
accounts for receiver shutdown energy consumption in whidghe heliostat eld provides

su cient energy to allow the salt to drain out without freezing before the solar eld ends
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operation for the day. The draining procedure requires appximately fteen minutes while
sunlight is still available, and this e ect is modeled as theonsumption of 25% of the hourly

energy used at the minimum receiver production rate.

3.3 Mathematical Formulation

The parameters, sets, variables, objective function, andwstraining relationships are
described in this section. The model takes the parametersagets as given and determines
values for the decision variables to maximize an objectivarfction while adhering to the
constraints. Some parameters and all variables are subgteid with time t, indicating the

time-varying nature of the decisions.
3.3.1 Parameters and Sets

The following MIP, (R), requires the initial operational state of the system, theollector
eld and receiver energy generation pro le, the expected cle conversion e ciency pro le as
a function of ambient temperature and thermal input, and theenergy price or tari pro le
(Table 3.1). (Initialization parameters used to set variake values att = 0 follow variable

notation and are not included here.)

Table 3.1. Parameters and sets used ifR().

Symbol Units Description
Sets
T Set of all time steps in the time horizonT = |T |
Time-indexed Parameters
i kW, “energy generated by the solar eld in time
P o/kW ¢-hr  electricity sales price in timet
Wnet kWe net power production upper limit in time t
\y,min kWe minimum net power production in timet
£ - normalized condenser parasitic loss in time
¢ - exponential time weighting factor; ), where 0:99
s - “estimated fraction of time stept used for receiver start-up
amb - cycle e ciency adjustment factor in time t
Steady-state Parameters D
P - mean sales priceg/kW ¢-hr); .+ P=T
des - cycle nominal e ciency
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Table 3.1: Continued.

Symbol Units Description

b i “slope of linear approximation of power cycle performance

curve
hr frequency of optimization problem execution
EY kW.-hr  energy storage capacity
E' kW,-hr  required energy consumed to start receiver
E® kW:-hr  required energy consumed to start cycle
ENs kWe-hr  heliostat eld startup or shutdown parasitic loss
Q kW, cycle thermal power capacity
Q' KW minimum operational thermal power input to cycle
w KW o cycle electric power rated capacity
w! KW minimum electric power output from cycle
wWh kWe heliostat eld tracking parasitic loss
WP kWe power cycle standby operation parasitic load
\AL"sP kWe-hr  tower piping heat trace parasitic loss
Q KW allowable power per period for receiver start-up
Q" kW, minimum operational thermal power delivered by receiver
Qrsd kW, required thermal power for receiver shut-down
Qrsh kW, required thermal power for receiver standby
Q° kW, allowable power per period for cycle start-up
QP KW standby thermal power consumption per period
L' KW/KW  receiver pumping power per unit power produced
L KWe/kWi cycle Heat Transfer Fluid (HTF) pumping power per unit
energy consumed
cru $ penalty for receiver start-up (from 0)
crhs $ penalty for receiver start-up (from hot standby)
cesu $ penalty for cycle start-up (from 0)
cehs $ penalty for cycle start-up (from hot idle)
cw $/kW .  penalty for any positive change in electricity production
hr time step duration

! hr minimum duration of receiver start-up in period

M a su ciently large number

" Parameter is calculated from xed input and discussed below.

3.3.2 Variables

The variables (see Table 3.2) describe energy (thermidVt hr or electrickWe hr)
states and power ows (thermalkWt or electric kW e) in the system. Continuous variables

\x," \w," \'u,” and \' s" representing power and energy relate to the receiver, pomweycle,
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and TES. Binary variables \y" enforce operational modes and sequencing such that stanp-

must occur before normal operation, for example.

Table 3.2: Variables used inR).

Symbol  Units Description
Continuous
Xt kwt  Cycle thermal power consumption at
W, kWe  Electrical power generation ait
A kWe  Positive change in electricity production att
X{ kwt  Thermal power delivered by the receiver at
X! kWt Receiver start-up power consumption at
ursY kWt-hr  Receiver start-up energy inventory at
ugsv kwt-hr  Cycle start-up energy inventory att
St kWt-hr  TES reserve quantity att (auxiliary variable)
Binary

; 1 if receiver is generating \usable" thermal power at time;
Y 0 otherwise
yes! 1 if receiver is starting up at timet; O otherwise
yrsb 1 if receiver is in standby mode at time; O otherwise
yrsd 1 if receiver shut down at timet; 0 otherwise
yesu 1 if cycle is starting up at timet; O otherwise
ygsb 1 if cycle is in standby mode at timet; O otherwise
yesd 1 if cycle is shutting down at timet; O otherwise
Vi 1 if cycle is generating electric power at timé; O otherwise

rsup 1 if receiver is starting up at timet and was not in standby
Yt mode at timet 1; O otherwise

thsp 1 if receiver is starting up at timet and was in standby
Y mode at timet 1; O otherwise

csup 1 if cycle is starting up at timet and was not in standby
Y mode at timet 1; O otherwise
ytchsp 1 if cycle is starting up at timet and was in standby mode

attimet 1; 0 otherwise

3.3.3 Objective Function

The objective maximizes electricity sales, which are re@ented as the summation over

time of the product of electricity price and power generatioless parasitic losses. Cost penal-

ties associated with cycle start-up, receiver start-up, @hchange in electricity production

between time steps are subtracted from the revenue. Binarganablesy>® and y*s? introduce
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a small penalty that enforces receiver and power cycle shatn logic, respectively.

R) maxjmize
(R) maxi
Pt ¢ tCV!t Lr(xtr + X{SU+ er y{sb LCXt
t2T

Whyr Wbycsb E hs_ yrsb E hs_ yrsd
t t t t
t(Crsu ytrsup+ Crhs ytrhsp + ( Ehs + Wrsb)ytrSU)
(CEYE™P 4+ CoYPe s+ C Y )

+ (Pxp +y,) (3.1)
3.3.4 Constraints

The relationships among the variables and parameters aretadished with a set of si-
multaneous equations and inequalities. These constrairdse presented below topically with

a brief description.
3.3.4.1 Receiver Operations

Receiver operations constraints include:

Receiver Start-up

ut oty xS 8t2T it 2 (3.2a)
ust  EfySY 8t2T (3.2b)
vl “é_sru+y{ L 8t2T 1t 2 (3.2¢)
yel+y, 18t2T it 2 (3.2d)
X QUy 8t2T (3.2€)
if Q" =0 then:

yU =0 8t2T (3.2f)

Receiver Supply and Demand

XD+ x{SU+ Qsdyrsd Qi 8t2T (3.3a)
xt Qnyl 8t2T (3.3b)
xt Q'yl 8t2T (3.3¢)
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if Q" =0 then:
yi=0 8t2T (3.3d)

Logic Governing Receiver Modes

y;su 4 yisb 1 8t 2T (3.4a)
yr+y® 1827 (3.4b)
yrsb oyl 4yt 8t2T it 2 (3.4¢)
yiSUPyrsu iU gt T it 2 (3.4d)
yiisPyr (1 yeh) 8t2T it 2 (3.4e)
YL . YOV ) 8t2T it 2 (3.4f)

(R) considers receiver start-up inventory and the criteria tht must be satis ed in order
for it to produce useful power. Constraint (3.2a) tracks std-up energy \inventory" using
an inequality, rather than an equality, to allow inventory to reset to zero in time periods
following start-up completion; inventory is naturally maxmized by the problem and can
only be nonzero for time steps in which the receiver is stantj up by Constraint (3.2b).
Constraint (3.2c) allows receiver power production only #dr start-up has been completed
or when the receiver was operating in the previous time ste@onstraint (3.2d) ensures that
receiver start-up mode does not persist while the receives operating in power-producing
mode by disallowing start-up in the time step following norral power production operation.
Constraint (3.2e) ensures that the actual power used for relwer start-up is no more than
the ramp rate limit for each time step. Constraint (3.2f) preents receiver start-up from
occurring in time periods with trivial solar resource.

The total power produced by the receiver has an upper bound tfe available energy

inand any start-up or shutdown energy consumption detractsdm production according
to Constraint (3.3a). The receiver can only generate thernhgpower when it is in power-
producing mode (i.e.)y{ = 1) by Constraint (3.3b). Constraint (3.3c) is enforced beause of
molten-salt pump operating limits and heat transfer requements in the receiver, ensuring

that the receiver energy generation must satisfy a minimumhteshold. Constraint (3.3d)
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ensures that the receiver power-producing mode does not gist when no energy is available.
While the receiver is in standby mode, molten salt is circulad between the cold TES
tank and receiver, enabling fast restart. A smaller hot statup penalty is enforced when
beginning normal operation from standby mode. Neither staty and start-up modes (Con-
straint (3.4a)) nor standby and power-producing modes (Catraint (3.4b)) can coincide.
Standby mode can persist over time, but must follow time stegpin which the receiver was ei-
ther in standby or power-producing mode (Constraint (3.4¢) Constraints (3.4d) and (3.4e)
enforce logic associated with incurring a penalty for rear start-up from an o or standby
state, respectively. Constraint (3.4f) enforces the logior shut-down from a power produc-
ing or standby state. Constraint (3.10a) ensures non-negaty for receiver start-up power
consumption and receiver start-up energy inventory. Non-gativity for x; is ensured via
Constraint (3.3c). Constraint (3.10c) enforces binary ragrements on the variables associ-
ated with generating usable thermal power, receiver stattp, receiver standby, receiver shut

down, and receiver start-up penalties.
3.3.4.2 Power Cycle Operations

Power cycle operation constraints largely mirror those otceiver operations and include:

Cycle Start-up

u™ o ut + QyytM 8t2T it 2 (3.5a)

us™ Myt 8t2T (3.5b)
ug™" csb :

Yt EC+Yt1+yt18t2T.t 2 (3.5¢)

Xe+ Q%™ Qy 8t2T (3.5d)

Xy QYy; 8t2T (3.5e)

Xy Qly, 8t2T (3.5f)

Power Supply and Demand

amb

Wy ( Pxe+ (WY PQY)) 8t2T (3.6a)

des
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w, W ow g 8t2T it 2 (3.6b)
If W W™ then:

W W LT

rsb hs

Xth y{su + E

Wiy yeshwbgt 2 T (3.6¢)
else:
w;=08t2T (3.6d)
Logic Governing Cycle Modes

ye 'ty g 1 82T it 2 (3.7a)
YOy g+ ySD 8t2T it 2 (3.7b)
yesu 4 yesb 1 8t 2T (3.7¢)
Vi +ys® 18t2T (3.7d)
yooP oyt oy 8t2T it 2 (3.7¢)
yorP oy @ yeh) 8t2T it 2 (3.7)
YO Oe1 YOS v 8t2T it 2 (3.79)

Constraint (3.5a) tracks start-up energy inventory, and Costraint (3.5b) allows nonzero
inventory only during periods of cycle start-up. Constraih(3.5c) allows normal cycle op-
eration only when start-up has been completed, when the cgclvas previously operating,
or when the cycle has been in standby mode. Constraint (3.5dnits the cycle start-up
rate, and Constraint (3.5e) enforces a maximum thermal poweonsumption limit by the
power cycle. When operating, the cycle must produce a minimuamount of power enforced
by Constraint (3.5f). Constraint (3.6a) determines elecical power production based on a
linear cycle performance curve and the ambient temperatueeciency. The positive change
in electrical power production is determined by Constrain{3.6b). The presence oW,_in the
objective function provides a disincentive to vary power duction from one time step to
the next, thereby reducing system cycling and more closelgpresenting operator-preferred
generation pro les. The appropriate magnitude of this perty parameter is unknown but

is explored further in a sensitivity analysis provided in Sgion 4. Constraints (3.6¢) and
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(3.6d) ensure that if the net power production upper limit isgreater than or equal to that
of the lower limit in any given time period, then that former poduction level must exceed
that actually produced when e ciency is accounted for, lesghat from parasitics due to
pumping power, heliostat eld start-up, heliostat eld tracking, power cycle standby, and
tower piping heat trace. If the net power production upper it is less than the lower limit
in any given time period, the production level is zero. Staftip mode persistence is pre-
vented in Constraint (3.7a). Standby mode can persist acading to the analogous receiver
requirements (Constraint (3.7b)). Standby and start-up mdes cannot coincide (Constraint
(3.7¢)), nor can standby and power-producing mode (Consird (3.7d)). Constraint (3.7¢e)
enforces the penalty logic for start-up from an o state whi (3.7f) enforces the penalty logic
for start-up from a standby state. Constraint (3.7g) enfores the logic for shut-down from
a power-producing or standby state. Constraint (3.10b) enses non-negativity for cycle
start-up energy inventory, electrical power generation,ral positive change in electricity pro-
duction. Non-negativity for x; is ensured via Constraint (3.5f). Constraint (3.10d) enfaes

binary restrictions.
3.3.4.3 Energy Balance

The energetic state of the system implicates positive and g&tive power terms, and the
charge state of thermal storages{) accounts for the cumulative di erence between them.

Several additional constraints regarding TES state of chge are enforced as follows:

SoSt1= X (QOYSU+ QP+ x + QPy)]
8t 22T (3.83)
S
Xeep + QOYSD S M (B YUy Y Y YD
t+1
8t2T :t T 1 (3.8b)

Constraint (3.8a) ensures that energy into and out of TES bahce with the charge state,
and the conversion from power to energy introduces a time gt@arameter . Constraint

(3.8b) addresses an artifact arising from the di erence beten the modeling time resolution
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(hourly) and the amount of time required to start the plant, which may not be in units of
whole hours. If the power cycle is either running or in stangbin time step t and in time
stept+1, and if the receiver starts up in timet + 1, then the minimum charge level in TES
in time t+1 must be su cient to carry operation through the receiver gart-up period. Note
that y, + y¢* 1 is enforced elsewhere. Equation (3.9) determines the el fraction of

each time step that would be used for receiver start-up, if @ticable.

( ( )
| E°

£ =min 1, max ; . (3.9
max ; Qi

Constraints (3.8a)-(3.8b) only track TES state of charge lsed on energy ow bookkeeping,
not temperature. Accounting for energy quality in the TES sytem via temperature of the
molten salt introduces non-linear complexity and is not nessary in this formulation as
previously discussed.

Variable bounds are enforced in (3.10a)-(3.10d), with (30b) bounding both the mini-

mum and maximum amount of energy in storage.

XpxetuBtut 0 8t2T (3.10a)
X WS 0;se EY 8t2T (3.10b)
YO Y VS R v v 2 0g 8t 2T (3.10c)
Y, yoU; yosh: ygsuP NP 5 £ 0:1g 82T (3.10d)

3.3.4.4 Cycle Part-Load Correction

An optimized dispatch pro le may result in electricity production lower than the CSP
plant design-point during certain time periods in order to onserve stored thermal energy
for more favorable future market conditions, or to avoid pegities associated with shut-down
and start-up, for example. However, power cycle e ciency isdversely a ected by departure
from design, as shown in Figure 3.2 [11].

The relationship between thermodynamic e ciency and thermal input is nonlinear and,
consequently, poses computational challenges. In orderitaprove tractability in the cor-

responding optimization model, an approximately linear foction of cycle thermal power
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Figure 3.2: Cycle e ciency as a function of input thermal powe represented using a piece-
wise linear function.

consumption resolves the nonlinearity @“(x;) x; by modeling electrical output, shown in
Constraint (3.6a). The linear coe cient is the quotient of the di erence between the mini-
mum and maximum output from the power cycle and the correspdimg expression for the
thermal power input.

wu o w!

3.3.5 Dispatch Model Implementation

The typical model instance contains 912 variables and 1,6X%nstraints. AMPL and
CPLEX presolve reductions result in a problem with an averagof 442 variables and 652
constraints, and an average run time on a Dell PowerEdge R4B@rver running Ubuntu
14.04 with 12GB RAM, 16 Intel processors at 2.72GHz each of 0.48conds per 48-hour
horizon evaluation. By contrast, implementation of the modl using LPSolve [70], which is a
freeware MIP solver platform for C++, requires an average d3.83 seconds per solve. Presolve

reductions are less e ective, producing instances with 83@riables and 920 constraints.
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The number of time steps in the time horizonT) must be chosen with care, as it greatly
a ects the typical model described here as well as system bem-economic performance. The
following considerations are relevant when choosing a ticherizon duration: (i) the problem
complexity grows exponentially with the time horizon lendt, and consequently, the amount
of time needed for an annual simulation will also grow signtantly; (ii) the optimized dis-
patch pro le maximizes revenue within the allotted time hoizon, and an insu ciently long
horizon emphasizes near-term production at the expense afure, higher-value time peri-
ods; (iii) an optimal pro le may require thermal energy to beheld in storage overnight, and
an insu ciently long time horizon (e.g., 24 hours) will fail to account for next-day require-
ments; and, (iv) given limitations on the number of branch-ad-bound iterations and/or
computation time per solve, an increased horizon length sss the likelihood of adopting a
suboptimal dispatch pro le, thereby negatively a ecting expected plant performance. Fig-
ure 3.3 shows the impact of the time horizon length on the anatienergy production and
power purchase agreement (PPA) price (discussed in the nexcsion) for the reference plant

de ned in Table 3.3 below.
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Figure 3.3: The impact of time horizon length (hours) on anndaenergy production and
PPA price.
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3.4 Model Implementation

Figure 3.4 illustrates the dispatch optimization model witin SAM whose interface pro-
vides both input and output display. The user selects the témology and nancial model,
then modi es the inputs to emulate their technology con guation of interest, after which
SAM simulates technical and nancial performance by sendinmformation from the inter-
face to the SAM Simulation Core. Therein lies the molten salt gver tower (SAM-MSPT)
technology model that contains a solar eld design algoritin called SolarPILOT and detailed
calculators for determining weather data and the performame of the collector, receiver, power
block, and TES subsystems.

The SAM-MSPT model simulates annual production by evaluatig performance over a
sequence of hourly time steps, at each of which tH@SP controller determines the best
operational mode given the conditions endogenous and exoges to the system. TheCSP
solver ensures that all of the interconnected inputs and outputs aong the calculators agree
with respect to the thermodynamic state of the system. In sumary, the architecture in
Figure 3.4 characterizes a molten salt power tower plant witstorage, in which the hour-by-
hour plant operation protocol is determined using a 48-houmme horizon that rolls forward
in 24-hour increments.

The Production Forecast Modeldetermines expected future thermal energy generation
of the solar eld. While it is possible to implement a variety ¢ techniques for predicting
electricity pricing, ambient temperature, and direct nornal irradiance, this paper uses \per-
fect forecasting” in which the model generates expected pamance by reading ahead in
the weather le. SAM-MSPT incorporates the time series datardbm the weather and pricing
databases corresponding to the horizon over which the modglsolved.

The heliostat eld concentrates power on the receiverd'°) according to the instanta-

neous optical e ciency ( ff), direct normal irradiance (@), and mirror area (AS").

thelio — tsf thsf (3_12)
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Figure 3.4: Information ow in the SAM-MSPT model. The MIP formulation is solved as
a simultaneous set of equalities and inequalities, and thetrly solution pro le is used by
the CSP Controller to set target power production levels anaperational states over the
subsequent operational time horizon.

The total expected solar eld production is the nonnegativeali erence of incident power on

the receiver and convective @°") and radiative (Q!2?) thermal losses:
¢ =max 0;Q QP QY 8t2T (3.13)

The following reduced-order relationships model the exped technical performance of
the collector and receiver, providing a reasonably accuetpproximation of expected eld
productivity. The collector eld model generates a lookupable containing optical e ciency
as a function of sun position, and the CSP controller suppbehis information to the forecast
model. The complexity of modeling the receiver thermal losga convection and radiation

from the heated surface necessitates a simpli ed forecagjimodel: an area-weighted average
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molten salt temperature is given as the weighted average ¢t inlet and outlet temperatures,

where the coe cient is receiver-speci c [9].
T =0:55 (T + T™") (3.14)
Radiative losses are calculated at each tinteas:
rad = prec  (peff)4  (ambye (3.15)

in which A'™¢ is the receiver surface area, is the Stefan-Boltzmann constant, is the
temperature-weighted surface emittance, an@@™ is the expected ambient dry-bulb tem-
perature. Convective losses are expressed as a function ofdwelocity for the molten salt
technology, scaled by radiative loss. The coe cients in (36) are determined by regressing

simulated data points that are generated using the SAM-MSPT etailed receiver model.

gonv = 5:645 10 *V2 +0:0156%,2

0:0091%, +0:48124 Q™ (3.16)

whereV, is the wind velocity at time t.

The Engineering Performance Modglconsisting of the CSP controller, CSP solver, and
detailed performance calculators in Figure 3.4) predicts @ht behavior and productivity
over time using computationally expensive procedures deed from physically based, rst-
principles modeling of thermodynamics and heat transfer gimnomena. The model's engi-
neering performance behavior is validated and discusseddetail in [11] and [12].

The MIP Mathematical Formulation, when solved with an appropriate algorithm, de-
termines the performance and operation of the plant using ¢hforecast model and various
operational constraints (see Section 3.3).

The Pricing Model calculates the PPA price, which is the minimum value at whicra
power producer should agree to sell electricity in order tonsure that a specied internal
rate of return is achieved. The PPA price is a useful surrogafor the pro tability of a project

in that it accounts for the variability in electricity value with time of day and time of year.
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As it is applied in SAM, the PPA price is multiplied by the hour-by-hour TOD or \tari "
rate to determine the value of electricity generated by thelpnt over time. SAM calculates
the PPA price assuming a target internal rate of return (11%ni the current study) and an
annual escalation rate of 1%. For this reason { and somewhabunter-intuitively { a low
PPA price is desirable. From the perspective of a power proder, a low PPA price improves
its competitiveness. Alternatively, the PPA price could be geci ed and the internal rate
of return maximized, and results from either approach woulthe equivalent. Our results
translate the objective function value of R) into PPA price by taking xed costs as sunk

and maximizing revenue generated from electricity sales.

3.5 Case Studies

This study explores a range of plant TES sizes and solar mydtes, the latter of which
is de ned as the ratio of solar eld thermal power output to paver cycle thermal input
at design conditions. As the solar multiple increases, so tatwes the optimal amount of
TES and the resulting plant capacity factor, but these valug may be chosen independently.
Table 3.3 provides a summary of key design parameters whideabtained from the default
SAM-MSPT case. For this analysis, SAM automatically determies the heliostat eld layout
given the speci ed solar multiple and other design paramete Each evaluation takes as xed
the TES and solar multiple and determines the optimal dispat schedule for that system
con guration.

In addition, this analysis considers four market scenari¢sigure 3.5), three of which have
been adopted from Guedez et al., and one of which is the \geme summer peak" scenario
used as the default for the SAM-MSPT model. The two-tier tari market encourages daytime
production with an evening spike. The pool price tari introduces an additional morning
spike and weights incentives seasonally. The xed daytimeti allows sales during daytime
hours, but is unigue in its binary nature; no revenue is avaible during nighttime operation.
Finally, the SAM generic peak schedule combines features frahe two-tier and pool price

tari s.
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Table 3.3: Case study plant design and control parameters

3.5.1 Results

Parameter Units Value
Gross electrical output MWe 115
Cycle design e ciency % 41.2
Cycle design thermal input MWt 278.1
Cycle maximum output MWe 120.75
Cycle minimum output MWe 28.75
Cycle start-up energy MWst-hr 57.5
Cycle start-up time hr 0.5
Cycle standby consumption MWt 23
Receiver max. output (relative*) - 1.2
Receiver min. output (relative) - 0.25
Receiver start-up energy (relative) - 0.25
Receiver start-up time (relative) - 0.2
Receiver HTF temperature C 574
Heat rejection technology - Air cooled
Heliostat size m?2 144.4
Maximum receiver ux kW=m? 1,000
Hours of TES hr 1:::;18
Solar multiple - 08;::::3

*Relative to receiver thermal input design point.

Using SAM-MSPT, we compare the dispatch optimization methodogy to the previous
approach that relies on heuristic control which was con gued to allow power generation any
time the TES state of charge exceeded the threshold for mininm power cycle operation
(satisfying Constraint (3.5f)). The cycle generates poweat the design-point level unless
insu cient energy is available in storage. Power cycle starup occurs whenever energy in
storage exceeds the quantity needed to deliver the start-ygpwer for a single time period.
The heuristic allows power generation until energy storage exhausted each night, if appli-

cable. This approach emphasizes maximum energy generattbroughout the year.

Table 3.4 presents the results of the PPA analysis, where theported values correspond
to the con guration with the minimum PPA price for the indicated scenario. Dispatch

optimization successfully reduces PPA price compared to @éhheuristic dispatch method.
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Figure 3.5: Market pricing scenarios presented by Gledez at. [15]. These tari schedules
are implemented to determine the impact of dispatch optimation on system sizing.

Heavily weighted schedules (i.e., pool price and two-tierg¢hd to more substantial PPA price
reductions (about 10-15%), indicating that dispatch optineation is an essential aspect of
plant operation for \peaker" markets that provide relativdy short time windows of high-
value energy pricing. The reader can also observe that sysie operating in markets with
more uniform tari factors still bene t signi cantly from d ispatch optimization, which alters
the size of TES and the solar multiple at which PPA price is miimized. This implies that
dispatch optimization should not be relegated to operatial analyses, but rather should be
part of the project screening and design process.

An important feature of dispatch optimization is the apparebhimprovement in the con-
sistency of production during high-value time periods. Fige 3.6 illustrates this behavior

for the pool price tari scenario. Figures 3.6(a) and 3.6(b)msow the hourly TES charge state
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Table 3.4: Characteristics for each market scenario in whid®PA price is at a minimum
value, both for heuristic (H) and optimized (O) dispatch.

Market Solar mult. Hours TES PPA price
scenario H O H O H @)
Two-tier 2.2 2.0 5 7 897 7.71
Pool price 2.2 2.2 8 9 9.66 8.75
Fixed daytime 1.8 2.0 4 6 13.30 12.75

SAM default 2.6 2.6 12 14 10.41 10.09

pro les for each day of the year for both heuristic and optinged dispatch, respectively. Also
shown on the plot are the tari multiplier schedules for sumrer (red) and winter (blue) that
determine the revenue associated with generation during anicular hour of the day.

Dispatch optimization substantially changes the daily optional pro le. Whereas heuris-
tic dispatch allows TES to discharge in the evening and lateight hours, optimized dispatch
typically reserves some quantity of TES to allow morning st&up. The TES pro les show
that heuristic dispatch is much more operationally repetite relative to optimized dispatch,
implying that the latter strategy accounts for expected resurce availability and future pric-
ing when scheduling TES usage.

Figures 3.6(c) and 3.6(d) show the distribution of electrity generation for each hour
of the day over the course of the year. Each box-whisker ploescribes the variability in
electricity generation for each day at the specied hour, ahthe box limits indicate the
extents of the rst and third quartiles. The whiskers correpond to twice the inner quartile
range. Points that lie outside of this limit are plotted indvidually and are distribution
outliers.

Figure 3.6(c) shows that heuristic electricity production s highly variable in the early
morning, evening, and nighttime hours (tall boxes) and is $s variable during daytime hours
(short boxes). The variability in electricity generation 5 inversely related to solar resource
availability { an intuitive observation. However, production is highly variable during peak

revenue hours as shown by the tari multipliers. Figure 3.6(¥ depicts optimized dispatch
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in which electricity generation variability is reduced duing peak revenue hours.
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Figure 3.6: Comparison of performance pro les for the pool jge tari schedule. Plots (a)
and (b) show traces of the TES charge state for each day of thear. Plots (c) and (d)
show box-whisker plots of daily electricity production vaability over a year grouped by
hour of the day. Each box indicates the mean annual electrigigeneration by hour, the
rst and third quartile limits (box limits), and two times th e interquartile range (whiskers).
\Ouitliers" are shown as blue dots. Summer (red) and winter (lne) tari multipliers are
overlaid on each plot.

3.5.2 Penalty Parameter Sensitivity Study

Our study also seeks to understand the impact of operationabst parameters on both the
generation pro le and on PPA price. Plant operation that reqiires multiple daily start-ups or

frequent production ramping may be di cult to execute and lead to additional maintenance
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costs over time. We quantify the revenue and production imga of obtaining \desirable"
operational pro les (that is, relatively consistent outpu with few starts or ramp events).
The production change penaltyC %, penalizes anypositive change in power cycle elec-
tricity production from one hour to the next. Figure 3.7 presets the dispatch pro le over
several selected days in September in which four di erent palty values are used. As the
value of C W increases, the optimal solution sacri ces maximizing geration during periods
of peak revenue and cycle e ciency to improve output stabity. If increased to an extreme
(C W =10:0), the dispatch pro le approaches that of a baseload plantnly peaking for very

short periods of time.
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Figure 3.7: Plant power generation pro le with varying chang in production penalty values,
C ™. (Penalties are given in the legend.)
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This analysis leads to several considerations regardingetioptimal design of a CSP plant
given the potential ramping costs of the cycle. Namely, if pauction change costs truly are
on the order of 108 kW e, then the solar multiple, thermal storage, and power cyclezes
should generally be chosen to mimic a baseload plant. Pened#t for frequent production
changes would only be o set for the case in which TOD pricingaviations are very large.
Furthermore, an operator might reduce dispatch pro le comiexity but at some expense to
apparent near-term plant pro tability.

We also consider two TOD pricing scenarios (\Default" and \rRaker") in which the hours
of TES and solar multiple are optimized for the no-penalty . The rst scenario is the
generic summer peak pro le in SAM, and the second is the poolipe pro le with spikes in
pricing in the morning and evening and a price reduction dung the middle of the day.

Figure 3.8 shows the impact of increasing the production chge cost penalty on annual
energy generation, PPA price, and number of turbine cyclesepday, which is calculated as
the total annual positive change in cycle production normaled to a value that corresponds
to ramping the cycle from o to full load once a day for the entie year. If the number of
cycles per day is greater than unity, then the turbine expeences more than one full cycle
per day on average.

Several interesting observations arise from this analysiEirst, the number of cycles per
day decreases as the production change cost penalty incesgsas intended. If production
variability is not penalized at all, the optimal solution results in more than one cycle on
average per day for both the Default and Peaker cases. As thenpéty for changing produc-
tion increases, the number of cycles drops signi cantly, vikh may be an important factor in
increasing plant lifetime and reducing maintenance cost®emarkably, the number of cycles
can be reduced by 50% or more by manipulating this penalty wibut signi cant degradation
of the objective function value.

Second, the trends in reduction of cycles per day, annual egg generation, and PPA

price are mirrored between the Default and Peaker cases. Bathow that production change
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cost in the range of 0.5-2.0-8kW eminimizes PPA price and number of cycles per day, though
the true costs of turbine ramping are not known and thus omited from the PPA calculation.
Non-coincidence of this outcome may imply an important costhteshold regarding CSP
plants in general. Lastly, increasing the penalty leads teeduced annual output and increased
PPA price below a threshold corresponding to 0.4-0.6 cyclpsr day.

A nal study considers the cycle start-up cost penalty's impct on the same performance
metrics. This penalty is related to ramping cost, but di ersin that it represents a penalty
incurred for a discrete event that occurs only when the poweycle transitions from ano
state to anon state, after which this penalty does not in uence operationFigure 3.9 shows
the result of varying start-up cost for the Default case.

As with the production change penalty, the start-up penalty an signi cantly a ect the
behavior of the power cycle. A small cost of $100 per start ks to a relatively large
annual number of cycle starts (about 250). As a point of compigon, the number of cycle
starts incurred using heuristic dispatch is 370 per year. Ehrnumber of starts remains
fairly constant (within variance that is to be expected bas# on numerical error in the
solution) until the cost increases by a factor of 100, and adtor increase of 1,000 reduces
starts by approximately 50% without a signi cant e ect on amual energy output and PPA
price. Therefore, operational protocols that seek to miniipe full cycle starts and stops
can theoretically o er equally viable nancial performan@ compared to more traditional

approaches.
3.5.3 Applications

Results heretofore shown are readily applicable in pracéicboth for modeling and plant
operations applications. First, modeling activities are fadamental to research, project de-
velopment, and policymaking decisions, and an accurate gsate of technology performance
directly impacts each of these areas. Researchers requioels that quantify the impact of
advances in the technology, and utilize models to identifyesearch priorities. The provision

of a dispatch optimization tool in a publicly available softvare package enables assessment
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Figure 3.8: Impact of production change cost penalty on numbef turbine cycles per day,

annual energy generation, and PPA price for two pricing scarnos { a generic summer
afternoon peak schedule (Default) and a morning/evening dble-peak (Peaker) schedule.
Annual energy and PPA price are shown as fractional values at¢ive to the lowest-penalty

case.

of the value of new thermal energy storage technologies { g.f71], or power cycles { e.g.,
[72], that otherwise may not interact with other subsystemas anticipated upon deployment.
Project developers rely on models for initial plant desigrattaining nancing, project per-

mitting, and nally, during plant operation. Dispatch opti mization tools such as this are
valuable for these purposes, and the authors present additial applied results and model

validation in [73].
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Figure 3.9: Number of cycle starts per year, annual energy outf) and PPA price for the
Default case with varying scenarios for cycle start-up cast

3.6 Conclusions

We develop and implement a mixed-integer programming modeithin SAM to optimize
the TES dispatch schedule for a molten salt power tower planthis schedule provides a
target power generation pro le that is used in conjunction wh a simulation model that
evaluates plant performance at an hourly level over a yeasrlg time horizon. SAM's detailed
performance model mitigates some of the approximations gent in the MIP formulation.

The results indicate that dispatch optimization can signicantly improve plant revenue,
though the gains vary with plant capacity factor and electigity markets; scenarios with

heavily weighted pricing schemes or narrow windows of higewenue bene t the most, e.g.,
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PPA price { indicative of the pro tability of the plant { in th ese cases can improve by 10-
15%. Plant revenue is negatively a ected by the energetic dnnancial cost of starting the
solar receiver and power cycle equipment, and this paper si®that optimized generation
pro les can achieve a reduction in the number of turbine stas per year of 50% or more {
in some circumstances { with little impact on project nancial performance.

In summary, our model provides a methodology to optimize thigade-o s between com-
ponent and subsystem performance, the e ects of demand, anlkdetamount of revenue ob-
tained under various market schedules. Future work will imarporate, inter alia, forecast
uncertainty, and more precise cost estimates of componemerations and maintenance re-
quirements. It will also examine how plant design and maintence a ect the overall cost

and nature of the dispatch strategy.
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CHAPTER 4
DISPATCHING POWER AT A CONCENTRATING SOLAR ENERGY FACILITY

A paper to be submitted to the journalinterfaces

Michael J. Wagnett4, Alexandra Newmart?1314 Robert Braun'®4, Jolyon Dent!®
4.1 Abstract

Concentrating Solar Power (CSP) generates electricity byerecting the sun's rays from

a vast expanse of mirrors onto a tower, where it is absorbed #eermal energy, and either
dispatched for generation of electric power or stored fortiure use. CSP systems di er from
more commonplace photovolitaic technologies, employing sophisticated receiver, power
cycle, and a \heliostat eld" comprised of thousands of mirors spread over hundreds of acres
of land. Whereas photovoltaics may be used across a wide ranfjscales { e.g., to supplement
energy demand for a house, the technology is not currentlya@smpanied by a low-cost energy
storage mechanism. By contrast, CSP systems are most costetive at large scale and
with relatively large quantities of energy storage which cabe scheduled for dispatch using
a variety of methods. For this reason, CSP is poised to becorae essential component
of the United States' dispatchable renewable energy produeh portfolio. We present a
mixed integer programming model to determine a maximum-rewnue dispatch strategy over
a 24-hour time horizon at hourly delity, taking into consideration system con guration and
interoperability aspects such as storage tank size, prodian capacities, and ramp rates. We
apply our model to a concentrated solar power plant under delopment in California, and
owned by SolarReserve with a goal of improving modeled opkiliy and net lifetime revenue

such that nancing, permitting, and design optimization processes are expedited in the near
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term. Publicly available software contains the methodolggthat optimizes the dispatch using
simulating performance inputs from detailed engineering odels. The improved approach
yields an approximately $200M reduction in expected lifatie maintenance costs, and reduces

the number of power cycle start-up events by two thirds.

4.2 Introduction

Concentrating Solar Power (CSP), although relatively lessommon than photovoltaics,
legendarily originates with Archimedes who destroyed the Rman eet in 212 B.C. with
\burning glass" [74]. The modern rendition concentrates th sun's rays onto a ux-absorbing
receiver atop a tall tower using thousands of ray-collectinmirrors (\heliostats") spread
over hundreds or thousands of acres of land. The energy isrisported from the receiver
to a thermal energy storage (TES) system via a heat transferid. Stored energy can be
utilized to power a thermodynamic conversion cycle { typidéy using an expansion-turbine
loop, but alternative CSP technologies can also utilize he#o reform fuel, provide process
heat, or augment fossil plant heat sources. The most commorSE conversion systems
generate electricity using conventional steam turbines ia Rankine cycle, though power
cycles using supercritical carbon dioxide (s-C may represent the most promising path
forward [75, 76]. Because output is renewable and can be digghed exibly, CSP o ers a
linchpin technology within the United States' production patfolio that enables signi cantly
deeper market penetration for other cost-competitive, butnore variable, renewables such as
wind- and solar photovoltaic-only systems [1].

Although so-called \power tower" systems can achieve capgcfactors approaching base-
load status (for example, theGemasolar facility in Fuentes de Andaluca, Spain [9]), US
market structures often preferentially value energy prodtion during peak demand hours
of the day. Hence, cost-e ective solutions typically operat diurnally with potential for
multiple, daily production cycles. Because the lifetime opower generation equipment is
highly sensitive to heating and cooling rates, cycle starpuand grid synchronization typically

requires between one and three hours, depending on the extienvhich equipment has cooled
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during down-time.

Receiver

Hot Salt Tank
Ed

Hot Salt
1050 °F

Heliostats (Tracking Mirrors) -
Cold Salt
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(288 °C) Steam Generation

Cold Salt Tank

Figure 4.1: A molten salt power tower. (Image credit SolarResve)

Among the four major CSP technologies { parabolic trough, lirer Fresnel, dish Stirling,
and power tower { the lattermost (also called a \Central Recager" system and illustrated in
Figure 4.1) has greatest potential for e ciency improvementind cost reduction [5]. The rst
US commercial power towers are only recently coming onlinettviBrightSource™ 's lvanpah
I-Ill and SolarResen® 's Crescent Dunedacilities (Figure 4.2) and represent an important
step for CSP in the United States, but the relative scarcity gpower tower facilities worldwide
leaves a dearth of publicly available knowledge on O&M costperformance impacts, and
operating strategies to minimize cost of energy.

Power tower technology with TES enjoys several important aéntages over renewable
and fossil alternatives, but certain challenges must be adebsed to accelerate widespread
commercial deployment. Advantages entail: (i) employmentfdalES whereby heat transfer
media can be stored in an insulated high-temperature tank siem with round-trip e ciency

greater than 99% [7]; (ii) dispatch of power on-demand usifigeS, providing reliable power at
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night, during cloudy periods, or during hours with high demad; (iii) achievement of higher
working temperature { and thereby conversion e ciency { of hermal energy to electricity
than other CSP technologies; (iv) reduction or absence ofjsi cant emissions of greenhouse
gases; and (v) land use per unit energy output that is similato or less than large-scale
photovoltaic plants [77]. On the other hand, disadvantagest the time of this writing consist
of: (i) variable resource availability and forecast uncedinty; (ii) diurnal thermal cycling
as the plant starts and ends operation in order to be cost e &ge; (iii) high frequency
of required power block maintenance; and (iv) a signi cant ast owing to heliostat eld
equipment which must be cleaned and is potentially subjecbtoptical and mechanical failure
over the plant lifetime [78]. On the whole, power towers withTES are technologically
viable, but additional reductions in capital, operationsand maintenance costs are required

to compete in U.S. markets where carbon dioxide emissions ai@ penalized.

©SolarReserve

Figure 4.2: SolarReserve'€rescent Dunesfacility.

Optimal utilization of the TES resource is complex and multfaceted: among other

uses, thermal energy may be (i) dispatched to produce eldcity immediately upon rst
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availability, (ii) reserved for peak periods later in the sme day or during the next day at

risk of lling storage and dumping energy, or (iii) a portion can be reserved to maintain
equipment temperatures, reducing power cycle startup timeMany possible dispatch per-
mutations variously emphasize peak power production, opion through transient states

of the power and receiver cycle, and expediting daily stantu The best operation strategy
can change day-to-day throughout the year, depending on theeather and market pricing

forecasts. Careful energy system design and dispatch caduee costs, e.g., for an appropri-
ately retro tted building relative to reliance solely on the grid [79]. Rather than performing

an expensive retro t, a more cost-e ective and, indeed, imgrative, approach given current
market competition for low-cost energy systems calls for ammediate, structured optimiza-

tion e ort regarding CSP. To this end, we report on a cost-mimmizing dispatch strategy for

a concentrated solar power facility under development ne#tre abandoned township of Rice,
California, which we refer to hereafter as \Rice."

The model takes as inputs economic data such as the price aéaticity and penalties
associated with the way in which the plant and receiver are epating, and data regarding
the operating characteristics of the plant and storage dese, and determines an operating
strategy for both the plant and receiver. The model is subjéto constraints on the physical
characteristics of the plant and receiver, as well as theinteroperability. We show how the
dispatch strategy greatly enhances the e ciency of the opation.

The remainder of the paper is organized as follows: the nexdion provides a literature
review both on the background of our technology and on the alipation of dispatch policies
for related technologies. We next present a qualitative desption of the model, followed
by its results and a corresponding analysis comparing our topization tool with one used
previously by SolarReserve, and to the heuristic dispatch ethod that the novel approach
replaces in our engineering performance model. We conclwdéh a summary and extensions

of our work. The detailed mathematical model can be found irhe Appendix.
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4.3 Literature Review

There exist a variety of applications that optimize energy perations. In terms of con-
ventional sources, [80] examines Peoples Gas Light and Cdakempany, which operates in
Chicago. Their optimization model considers the uncertaiy surrounding weather and,
hence, demand, for natural gas. Deregulation of the assdeid market has prompted the
model to be used to restructure supply portfolios; savingseaestimated annually in the tens
of millions of dollars. Mexico's power system operator hadsa developed a mixed-integer
programming model to dispatch gas, coal- red, and combinecicle plants; this model has
improved management of infrastructure such as power statis and transmission lines; sav-
ings estimates are on the order of several million dollars mmlly [81]. Tampa Electric
Company, a smaller operation than the two perviously destx@d, concerns itself with en-
vironmental regulations, which it meets via fuel blending. The associated mixed-integer
program treats the supply chain in a comprehensive manner te ect the intertwined na-
ture of procurement, transportation, blending, and use desibns associated with its fuel [82];
savings amount to millions of dollars annually in fuel costs

Xue et al. [83] provides an example of an application one stegrmoved from these dispatch
models; this one manages resource planning for the largestamd natural gas producer in
China. Their two-stage optimization model circumvents ndinearities by rst estimating
physical parameters such as pipeline dimensions and netwaopology and then solving for
the gas pressures and ows; the procedure iterates until cargence. Pro ts for long-term
plans spanning several years or more are expected to inceedy billions of dollars when
determined via optimization, as opposed to the traditiond&y used manual methods.

Some authors are also concerned with maintenance plans flactric utilities. Speci cally,
[84] propose a preemptive maintenance and repair plan foretworld's oldest and largest
underground electrical system, Consolidated Edison Commpaof New York. A signi cant
impact is seen regarding safety, operating costs, and rddility of electrical service. So and

Wu [85] provides a variant on maintenance planning with anber proactive approach for
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ensuring that energy systems yield their expected output: he authors examine optimal
sampling plans to verify the e cacy of residential customerenergy-e cient installations,
and to provide the corresponding pricing incentives for saiinstallations.

There has also been work done in the renewable arena. For exdaen both Hu et al. [86]
and Johnson et al. [87] address hydrothermal scheduling ingfunited States, the former in
the Paci ¢ Northwest over a ten-day horizon and the latter in he Bay Area over a weekly
horizon. In addition to hydro-scheduling, both models comger a mix of power technologies,
primarily other renewables in the former case, while the ltdr considers other sources as well.
Both applications estimate savings of tens of millions of tlars annually, in the former case,
resulting from the consideration of stochasticity along wilh multiple necessary management
criteria (e.g., safe dam operation, recreational use arodirthe dam); in the latter case, the
model lends credibility to a decentralized decision-makinframework. Batstone et al. [88]
develops a stochastic dynamic program to test an expandee@etrical power network in New
Zealand; of critical importance is the treatment of water sirage levels for hydropower. The
model enabled implementation of the expansion with minimadlisruptions to the existing
power network.

Our work also presents an optimization model for dispatch, ub for a relatively new
technology. As such, we must consider operational charadsgrcs unique to our technology.
We build upon tools created speci cally for concentrated $ar power. For example, the
National Renewable Energy Lab develops software tools fortdemining subsystem design
and performance (e.g., SolarPILOT" ) and for predicting the productivity of the integrated
power plant over the course of a year using measured weathextal (e.g., System Advisor
Model (SAM), [6]), which accurately and quickly quantify theimpact of design and oper-
ational decisions. SolarPILOT is capable of evaluating theadeo between heliostat cost
and optical performance, the impact of mirror soiling and wshing schedules, and of selecting
solar eld designs that minimize the expected cost of energit is available as a stand-alone

software package and is utilized via an application programing interface as the optical mod-
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ling engine in SAM, which used to predict total plant and subsstem productivity, detailed
component behavior, and nancial metrics for a variety of neewable energy technologies.
SAM's CSP technology performance models are derived from andawnation of engineering
physical principles and semi-empirical or empirical cor&ions. The SAM molten salt power
tower model [11] utilizes a streamlined version of the SoRILOT optical modeling engine
and detailed thermal models of the receiver, thermal storagand power cycle subsystems.
Both of these pieces of software provide the inputs to our dptization model, and allow
for the integration of our dispatch optimization model, wheh replaces an older and less so-
phisticated dispatch heuristic. Furthermore, our model ismplemented in SAM directly to
provide a revenue-maximizing plant control scheme that theoftware attempts to follow as
it models performance over time.

Madaeni et al. [7] present a simpli ed approach for determing an optimal dispatch
pro le while implementing mixed-integer programming (MIP) techniques. The authors use
SAM to generate an hourly thermal power production pro le thoughout the year that is
considered as xed input to the MIP model originally outlinel in [16]. This approach factors
in the performance of the solar eld over time, but omits inteactions between the solar
eld and thermal storage or the power cycle. The latter substems are modeled as part of
a MIP that determines the TES state of charge and electricityproduction from the cycle.
This method improves tractability by reserving the detailed model for generation of xed
input while utilizing a simpli ed energy balance model to claracterize TES charge and power
cycle generation. Furthermore, Madaeni et al. employ a rallg time horizon methodology
in which they consider a 48-hour time horizon, updated ever®4 hours. Our work largely
adopts this approach, but importantly, uses the optimized cghedule to control operational
decisions within SAM's detailed performance model, whereti®e Madaeni et al. work uses

the results from the MIP as the actual estimate of plant prodction throughout the year.
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4.4 Current Dispatch Model

SolarReserve" develops and operates CSP molten salt power tower facilgi®oth in the
U.S. and internationally, including the Crescent Dunes falily near Tonopah, NV, which
came online in 2016 and represents the largest power towecildy with thermal storage
in the world. Various developers { including SolarReservefarget deployment of power
tower systems within electricity markets that incentivizeproduction during a subset of high-
value time periods. The California Independent System Opator (CAISO) oversees one
such market in which the price obtained by a power producer xias on an hourly sched-
ule and depends on demand, transmission constraints, anddrconnection location. The
Rice project under development by SolarReserve is located withthe CAISO operating re-
gion approximately 40 miles southwest of Lake Havasu City, AZAlthough the project has
not yet been constructed, it is emblematic of SolarResergetechnology and of the market
conditions under which future plants may be built. Consequrtly, analysis of the facility's
expected performance and responsiveness to dispatch optation is instructive with re-
spect to both existing and other future projects, and produmn modeling is critical to a
technology developer's ability to market their product andtender competitive bids. With
this motivation, we apply our dispatch optimization model b Rice.

The long-term output of a CSP plant is predicted using a deteninistic simulation model
at hourly intervals using expected or typical weather data {referred to as a \typical me-
teorological year." A simulation consists of the sequentiavaluation of plant performance
at each time step for the entire year (or more). The operati@i state of each subsystem
is determined within the model at each time step based on camcent weather data, the
energetic and operational state from the previous time stephe performance of intercon-
nected subsystems, and the modeled plant control signal. &lsystem sizing and component
geometries are xed with respect to time for the purposes oéthno-economic modeling, and
only operational parameters such as timing and rate of eledity generation and operational

state of the solar eld are decision variables. The outcom&®m simulation are distinct from
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the in situ application but of no less importance; operational policeeare demonstrated via
modeling to improve the competitive position of CSP projest facilitating nancing and de-

sign optimization processes. Therefore, it is important it the simulation both show both

maximization of economic return and maintain delity to validated models.

We brie y digress to formally de ne the term \simulation," as it retains multiple incom-
patible de nitions depending on the reader's primary disgline. In our usage, simulation
refers to the process of constructing a model of a physicalssggm whose behavior is su -
ciently complex to preclude characterization with a closetbrm or analytical solution, then
executing the model over a time series in which boundary catidns also vary with time.
This de nition stands in contrast with common usage in opergons reseach, in which sim-
ulation involves representation of a real system with a stbastic model, then performing
sampling experiments upon the model [89]. The time-serieatare of the simulation is also
not to be confused with statistical time-series models in vich characteristics or structures
are extracted from temporally related data. Instead, we enffasize that our simulations are
deterministic, predictive, and attempt to replicate timedependent processes in a physical
system via an approximate computer model.

Furthermore, we incorporate two di erent temporally-senative models. The rst is the
detailed engineering model (SAM, discussed previously) thalies on thermodynamic di er-
ential equations that have dimensionality in time (i.e., tlat model transience in the system).
This is the model that is simulated, and the relevant time haron is typically one year at
hourly intervals. The second is the MIP model that we preserelow, which accounts for
the energetic state of the system (e.g., TES charge state)theonsiders operational decision
variables to be independent in time. This model is solved asmonolith via MIP solvers
such as CPLEX and whose solution de nes an optimal dispatchrgle over a time horizon,
which is typically a rolling horizon of 48 hours. As the simuldon proceeds using the rst
model, the second (MIP) is periodically solved to identifylie optimal dispatch pro le for the

upcoming hours, providing a production schedule that the st model attempts to replicate.
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The optimized dispatch pro le replaces a \greedy" heurist approach in which the target
maximizes production (in its simplest manifestation), sut that the power cycle produces
power if any thermal energy is available.

Several di erent strategies are available for optimizing i@patch, including those men-
tioned in the Literature Review Section or in [15], for examp. One approach used by
SolarReserve for determining optimized dispatch utilizes Production Scheduler (PS) algo-
rithm which seeks to identify and allocate dispatch to hour®f particularly high revenue.
Like other dispatch optimization techniques, the productin scheduler algorithm achieves a
signi cant improvement over heuristic methods by (i) holdhg stored thermal energy until it
can be used to generate higher-value power, (i) making opé&pbnal decisions based on the
expected price of electricity and plant performance during particular time period rather
than on the current energetic state of the system alone, (iigenerating power up to the
maximum net electricity output limit, rather than producing a varying p ower output level
that depends on the operating state of each plant subsystemn; other words, operators can
account for the energy consumption of various subsystems evhdetermining the power out-
put of the turbine, maintaining delity with SolarReserve's underlying engineering model,
and (iv) demonstrating the ability of CSP to meet demand anddr market signals in a exible
and reliable manner by proactively controlling when storeénergy is used.

The production scheduler algorithm identi es high-value ime periods by examining the
expected pricing schedule. Thermal energy is generated byetsolar eld as the solar re-
source is available, and the algorithm allows use of storedergy in time periods after it
has been generated for power production. Stored energy mustimain within lower and up-
per limits, and thermal energy collection must be curtaileedbnce storage reaches the upper
threshold. The optimal prole is a time-series power genetian signal whose values fall
within a continuous range of power production limits.

This approach succeeds in allocating generation to the higét-value time periods, but

may be improved in several regards. Speci cally, the energylocation process does not auto-
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matically value continuity in generation over time, resuling in an initial pro le with frequent
turbine starts and stops, which, if implemented in an operabnal facility, would increase the
maintenance burden. In SolarReserve's use of productiorheduler, these alterations are
handled via data post-processing and manual adjustmentshieh requires additional e ort
and limits the number of analyses that can be completed dugnthe project development
phase. Lastly, the problem is nonlinear because of operajimode integrality constraints
and various functional relationships, and production sclueller lacks a mathematical model
whose convexity is guaranteed; consequently, the identdesolution carries a nontrivial risk
of suboptimality.

By contrast, we pose our problem formally as a mixed-integ@rogram (MIP) that can
leverage state-of-the-art modeling languages and solvgé8, 69] to make the mathematical
program whose instances contain thousands of variables aomhstraints tractable within a
target evaluation time of several minutes. We maximize obgéive function value (R), which
is the summation of revenue and negative cost terms as debed in the Appendix. Nonlin-
earity concerns are ameliorated by pre-processing certanbsystem models and by providing
output performance data as parameters in the MIP formulatin. Integrality characteristics
are addressed using binary variables that reconstruct tirrgeries and mode-of-operation be-
havior. Before the power cycle or receiver can produce electy or thermal energy, respec-
tively, start-up requirements must be satis ed, including loth a minimum start-up period
and a minimum energy state, both of which are surrogates foemperature considerations.
In the latter case, the plant equipment cools during shutdow periods and must overcome
the system's thermal inertia to begin generating steam thagpowers the turbine. Likewise,
the receiver consumes energy as it heats up and must complatstart-up procedure before
producing useful thermal energy. Furthermore, turbine antieat exchanger equipment man-
ufacturers limit the maximum rate of temperature increase uring start-up to avoid thermal
stress and mechanical failure risks. Both the energy and dition start-up requirements must

be met before equipment can begin producing power. These uggments are implemented
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as a constraint on the maximum energy delivered for start-uguring any given time period.
Although start-up must last for at least a minimum number of tme steps, longer start-up
durations are allowed in practice based on energy availabj] and the model must provide
this exibility.

Two start-up scenarios are possible for the power cycle: @pld start-up, which occurs
when the power cycle has shut down for any period of time andedes to restart; and (ii) hot
start-up, which occurs when the power cycle has beenstandbymode and seeks to restart.
Cold start-up requires an additional energy contribution ad incurs more component wear
and tear, whereas hot start-up can happen immediately (frorthe perspective of the hourly
model).

Standby is a mode of operation in which a small (but non-trial) amount of thermal
energy is consumed during each time period to maintain the wer cycle and/or receiver
equipment in a hot state, ready to quickly ramp up for electdity generation; however,
no electricity is produced in standby mode. Consequently, amtaining the power cycle in
standby mode is of value if multiple start-up events are artipated over a relatively short
time span, or if the energy penalty or ramp rate requiremenbf start-up is su ciently severe
to justify the small rate of energy consumption by the powerycle.

The receiver can also operate in standby mode during cloudefods to avoid the full
start-up procedure, and, in doing so, consumes thermal eggrfrom TES. The MIP accounts
for receiver shutdown energy consumption in which the he$itat eld provides su cient
energy to allow the salt to drain without freezing before thesolar eld ends operation for
the day. The draining procedure requires approximately fen minutes while sunlight is
available, and we model this e ect as the consumption of 25% the hourly energy used at

the minimum receiver production rate.
4.5 Implementation

The typical model instance contains 912 variables and 1,6X®nstraints. AMPL and

CPLEX presolve reductions result in a problem with an averagof 442 variables and 652
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constraints, and an average run time on a Dell PowerEdge R4Xerver running Ubuntu
14.04 with 12GB RAM, 16 Intel processors at 2.72GHz each of 0.48conds. By contrast,
implementation of the model using LPSolve [70], which is adeware MIP solver platform for
C++, requires an average of 0.83 seconds per solve. Presaleductions are less e ective,
producing instances with 890 variables and 920 constraints

Figure 4.3 illustrates the dispatch optimization model witin SAM whose interface pro-
vides both input and output display. The user modi es the inpts to emulate their technology
con guration of interest, after which SAM models technical ad nancial performance us-
ing parameters speci ed in the interface to the it SAM Simulabn Core. Therein lies the
molten salt power tower technology model that contains a sl eld design algorithm called
SolarPILOT and detailed calculators for determining weatér data and the performance of
the collector, receiver, power block, and TES subsystems.

The Molten Salt Power Tower Model predicts annual electrity production by evaluating
system performance over a sequence of hourly time steps, atte of which theCSP controller
determines the best operational mode given the conditionasgogenous and exogenous to the
system. TheCSP solverensures that all of the interconnected inputs and outputs aong
the calculators agree with respect to the thermodynamic s of the system. In summary,
the architecture in Figure 4.3 characterizes a molten salt p@r tower plant with storage, in
which the hour-by-hour plant operation protocol is determmed using a 48-hour time horizon
that rolls forward in 24-hour increments.

The Production Forecast Model determines expected future ¢éhmal energy generation
of the solar eld. While it is possible to implement a variety & techniques for predicting
electricity pricing, ambient temperature, and direct nornal irradiance (DNI), this paper uses
\perfect forecasting" in which the model generates expeaeerformance by reading ahead
in the weather le. SAM-MSPT incorporates time-series datarbm the weather and pricing

databases corresponding to the horizon over which the modelsolved.
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Figure 4.3: Information ow in the SAM-MSPT model. Work preseted in this paper focuses
on the Production Forecast, MIP Formulation, and MIP solver

The Engineering Performance Model (consisting of the CSPrtooller, CSP solver, and
detailed performance calculators in Figure 4.3) predicts @ht behavior and productivity
over time using computationally expensive procedures deed from physically based, rst-
principles modeling of thermodynamics and heat transfer gimomena ([11], [12]). The MIP
mathematical formulation, when solved with an appropriatalgorithm, determines the time-
series performance and operation of the plant using the fagst model and various opera-
tional constraints. In our results, we translate the objedte function value of R) into net
revenue by taking xed costs as sunk, maximizing revenue genated from electricity sales,

and minimizing operational costs.
4.6 Results

This study compares the dispatch pro le for the Rice projecthat is identi ed by the
current approach with that of SolarReserve's production seduler algorithm. Design pa-
rameters for Rice are summarized in Table 4.1. The system &ists of a power cycle capable
of 163 MW, output with 8 hours of thermal storage, or 3,142 MWhr, and a receiver ca-

pable of 691 MW production. Table 4.1 also de nes the operational limits fothe receiver
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Table 4.1: Case study plant design and control parameters.

Parameter Units  Value

Cycle design thermal input MW 393
Cycle maximum gross output MW, 163
Cycle maximum net output MW, 150
Cycle minimum gross output MW, 37.5
Cycle start-up energy consumption  MWthr 197
Cycle minimum start-up time hr 0.5
Cycle standby consumption MW 78.6
Receiver design thermal output MW 691
Receiver maximum output MW, 691
Receiver minimum output MW, 173
Receiver start-up energy MW-hr 173
Receiver minimum start-up time hr 0.2

Thermal storage maximum charge MWhr 3,142
Levelized power cycle start-up cost  $/start 16,500
Levelized receiver start-up cost $/start 950
Levelized ramping cost $/ MW 10

and power cycle, and speci es assumed cost parameters fasteyn start-up and production
change (ramping) in the power cycle which are adapted from(JP The solar eld layout
corresponding to this design is shown in Figure 4.4 and was geated using SolarPILOT,;
it is representative of the nal design, but diers slightly from the layout determined by
SolarReserve.

We select a pricing pro le based on historical data for 2015h&at was drawn from the
CAISO Oasis databasedasis.caiso.com ), and seek to demonstrate operations that maxi-
mize revenue generation in a volatile and diurnal environme Figure 4.5 shows the relative
pricing value at hourly intervals over the modeled year (top and a selection of data from
March overlaid with irradiance data (bottom). The relative pricing is calculated using the
\locational marginal price" data, and dividing each value ly the annual mean. A small set of
hours each day accounts for a disproportionate share of reue generation, and these peak
hours do not coincide with solar resource availability, aflustrated in Figure 4.5. Irradiance

data is taken from NREL's national solar radiation database sing the physical solar model
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Figure 4.4: Heliostat eld layout for Rice as generated by SalRILOT.

[91], which provides historical records at the site of the aht. Note that the irradiance and
pricing pro les are contemporaneous and co-located.

Results from the MIP embedded in SAM (hereafter referred to bghorthand as \SAM")
and production scheduler are shown in Table 4.2. Net electiigioutput measures the output
that can be sold, and the reported values exclude negativeqatuction that results from plant
parasitic consumption during hours in which the power cycles not generating electricity.
Production is also limited to 150 MW, in both models. SAM generates approximately 0.5%
more electricity over a typical year than production schedaer. A baseline PPA price of

$96/MW ¢-hr is assumed, which scales the market price multipliers wonstruct the (dimen-
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Figure 4.5: Market pricing scenario. The annual pricing prde (top) and a selection from
March overlaid with irradiance data (bottom) are shown.

sional) price schedule at which electricity can be sold oveéme. The resulting electricity sales
are shown, with production scheduler exceeding SAM by 0.5%augh the shortfall is due
to a trade-o0 in operations and maintenance costs, as re eetl in SAM's reduced expected
costs. The number of turbine starts (per annum) shows a 67%dwection from production
scheduler to SAM, and the average number of cycles per day is@lsubstantially reduced
by SAM, where one cycle corresponds with a full ramp from no gemation to design-point
generation (150 MW,) and back down to zero. The net revenue consists of nominagelric-
ity sales minus start-up costs and ramping costs using the &cients speci ed in Table 4.1,
and SAM realizes a 15.3% improvement. Extended over the projdifetime of twenty- ve
years, the benet of the current approach is over $200M, inatling revenue from sales and
avoided maintenance costs.

Also shown in Table 4.2 is a comparison with the heuristic metid used previously in
SAM and brie y introduced in the Current Dispatch Modelsection. This algorithm does not
account for pricing or weather forecasts, but rather dispahes based on a set of rules related
to the current energetic state of the system. Both the currérSAM optimization approach

and the production scheduler algorithm greatly improve prduction and electricity sales in
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comparison to the heuristic, but SAM more signi cantly improses net revenue.

Table 4.2: Metrics of interest and relative improvement of AV over the original heuristic
approach and production scheduler.

SAM Heuristic PS

Metric % Rel. % Rel.

Electricity sales ($) 69,581,282 -12.6 0.36

Net electricity output (MW ¢-hr) 631,749 -0.35 -0.54

Turbine starts 254 é - £0747 7
Expected maintenance cost ($) 4,188,621

Turbine cycles per.day 1.46 20.3 46.6
Expected maintenance cost ($) 796,797

Annualized maintenance costs ($) 4985418 381 179

Net revenue ($) 64,595,863 -16.5 -13.4

The advantage of accounting for operational costs as part thfe dispatch optimization is
apparent with respect to expected net revenue, and the opéienal advantage is furthermore
illustrated in Figure 4.6. Both SAM and production schedulerlectricity production is shown
over a span of six days in May, along with the concomitant pricg schedule. SAM and
production scheduler largely match in the timing and magnitde of production, but SAM
anticipates upcoming periods of high production and maintas turbine operation at the
minimum output threshold rather than requiring a shut-downand start-up event. Over the
period shown, SAM requires two turbine starts while productin scheduler requires fteen.
The nancial impact of improved operations will be realizedover longer periods of time in
the form of reduced maintenance frequency and longer comgon lifetime.

The revenue attained during each day (left), each week (cam), and each month (right)
is shown in Figure 4.7 for production scheduler (horizontalxés) and SAM (vertical axis).
Revenue exclusively from sales is shown on top, and net rewergelectricity sales minus start-
up and ramping costs) is shown on the bottom. For periods in wdh both models achieve
the same accumulated revenue, the plotted points fall alortpe line of perfect agreement.

These plots show that the daily revenue from each approachrcaary due to di erences in
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Figure 4.6: Electricity generation schedules from the SAM (atk) and production scheduler
(orange) simulations over a time period of May 17th-22nd. Tehelectricity price multiplier
is also shown.

the timing of turbine starts, as the current approach emphases operational continuity more
than the production scheduler algorithm does. With respectot electricity sales, increasing
time horizon length causes short-term di erences to averagut, yielding increasingly corre-
lated revenue projections. However, the SAM approach imprav@et revenue by accounting
for operational costs. This result indicates that the revare from electricity sales is fairly
insensitive to the decision variable values near the optimuy, but small sacri ces in electricity
sales may increase net revenue by reducing component wead &ar costs while also easing
the challenge to plant operators of executing a highly vaide generation pro le.

Power generators may also obtain signi cant revenue via \@acity payments,” in which
a marketplace further incentivizes reliable production ding the highest-value time periods
by making a post hoc payment based on the fraction of power delivered divided byhé
theoretical plant capacity for production during those tine periods [92]. For example, a
capacity payment might be issued at a rate of $200 per M¥¢apacity per year for the fraction
of power generated during the top 100 most highly-priced hoai From this perspective,

we consider the ability of SAM, production scheduler, and th&euristic algorithm to gain
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Revenue from electricity sales

Net revenue

Figure 4.7: Comparison of expected revenue using the prodiact scheduler algorithm (hor-
izontal axis) and SAM (vertical axis) as aggregated over thestime horizons { daily, weekly,
and monthly. Revenue from sales is shown on the top, and netvemue including costs is
shown on the bottom. The line of perfect agreement is shown @ach case. Note that the
left and center plot axes are logarithmic.

revenue from capacity payments. Figure 4.8 shows the fraatioof the capacity payment
that is gained by each algorithm as a function of the number abp-priced hours of the
year that are subject to a capacity incentive. Returning to lhe aforementioned example, if a
capacity payment is issued for the most highly-priced 100 bos of the year, both SAM and
production scheduler would receive approximately 98% of éhcapacity payment, while the
heuristic method would only gain 78%, in theory costing theperator millions of dollars in
revenue per year. This result illustrates both the value of 8P as a reliable generator and

the importance of optimizing dispatch for the market in whit the plant will operate.
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Figure 4.8: Fraction of a capacity payment gained by SAM and pduction scheduler (bottom
left) and by the heuristic (bottom right) as a function of the number of top-priced hours that
are subject to capacity incentives, with the price multiper duration curve shown (top).

4.7 Impacts and Future Work

We present a novel approach for identifying and evaluatinghe optimal energy produc-
tion schedule for both thermal and electrical power subsyams in a CSP molten salt power
tower plant, and consider its behavior in comparison with aralternate approach devel-
oped by SolarReserve. The tool is used during a multi-yeargject development period to
identify improved plant designs and facilitate contractubhagreements between the technol-
ogy provider and other stakeholders, including nancial athinvestment rms, governmental
agencies, and engineering, procurement, and constructioms. The production scheduler
approach used by SolarReserve succeeds in identifying higlhrenue operational schemes,
while our method similarly maximizes sales revenue while dekssing implementability and
long-term maintenance requirements.

In follow-on work, we plan to use stochastic programming tocaount for uncertainty in

weather and pricing forecasts when determining the optimalperations schedule such that
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forecasting errors minimally a ect a plant's ability to gererate revenue. Work presented here
is part of a larger e ort regarding plant design, operationsand maintenance modeling and
optimization. Because design decisions impact operatioand maintenance requirements
{ and vice versa a holistic design approach must account for all of these asgs. The

broader study seeks to develop methodology and tools wheygilant design, and operations
and maintenance policies are co-optimized, streamliningisting technology and providing

a systematic approach for introducing new components or ssstems into the technology

framework.
4.8 Appendix - Formulation

We refer to our dispatch model asR); this model is adapted from [93]. Units, where
appropriate, are provided next to the corresponding pararner or variable. (Initialization
parameters used to set variable values at= 0 follow variable notation and are not included
here.)

Indices and Sets
t 2 T : all time steps in the time horizon, T = |T |
Parameters

i energy generated by the solar eld in time [KW;, ]
P;: electricity sales price ¢/kW ¢-hr]
W,"': net power production upper limit,t 2 T [kWe]
W,Mn ;. minimum net power production,t 2 T [kWe]

¢ normalized condenser parasitic los$,2 T [-]

¢ exponential time weighting factor; , where 0:99

i>: estimated fraction of time stept used for receiver start-up [-]
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P: mean sales priced/kW ¢-hr); P o1 P=T
amb: cycle e ciency adjustment factor
des: cycle nominal e ciency
P: slope of linear approximation of power cycle performancerwe
. frequency of optimization problem execution [hr]
EY: energy storage capacity [K\Whr]
E": required energy consumed to start receiver [k)Ahr]
E°: required energy consumed to start cycle [k\Ahr]
EPs: heliostat eld startup or shutdown parasitic loss [kWe-ht
QY: cycle thermal power capacity [kW ]
Q': minimum operational thermal power input to cycle [KW ]
WU cycle electric power rated capacity [KW]
W!': minimum electric power output from cycle [kKW ]
W": heliostat eld tracking parasitic loss [kWe]
W?P: power cycle standby operation parasitic load [kWe]
W'SP: Tower piping heat trace parasitic loss [kWe-hr]
Q™' allowable power per period for receiver start-up [kK\W]
Q": minimum operational thermal power delivered by receivekV; ]
Q'Y : required thermal power for receiver shut-down [k\W]

Q'sP: required thermal power for receiver standby [KW]
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Q°: allowable power per period for cycle start-up [kK\W]
QP: standby thermal power consumption per period [kK\W]
L": receiver pumping power per unit power produced [KWkW ; ]
L¢ cycle HTF pumping power per unit energy consumed [kWe/kWt ]
C'u: penalty for receiver start-up (from 0) [$]
C'™s: penalty for receiver start-up (from hot standby) [$]
CesU: penalty for cycle start-up (from 0) [$]
Cchs: penalty for cycle start-up (from hot idle) [$]
CW : penalty for any positive change in electricity productior{$/kW . ]
. time step duration [hr]
' minimum duration of receiver start-up in period [hr]

M: a su ciently large number []
Continuous Variables

X¢: cycle thermal power consumption at [kW; ]
w;: electrical power generation at [KW, ]
W, : positive change in electricity production att [kKW, ]

X;: thermal power delivered by the receiver at [KW, ]

— =

X;>!': receiver start-up power consumption at [kKW; ]

uiY: receiver start-up energy inventory at [KW;-hr]
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uf®Y: cycle start-up energy inventory att [kKW,-hr]

si: TES reserve quantity att (auxiliary variable) [kW-hr]
Binary Variables

yi: 1 if receiver is generating \usable" thermal power at time; O otherwise
yi*U: 1 if receiver is starting up at timet; O otherwise

yrb: 1 if receiver is in standby mode at timet; O otherwise

yrsd: 1 if receiver shut down at timet; O otherwise

yeU: 1 if cycle is starting up at timet; O otherwise

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

yesd: 1 if cycle is shutting down at timet; O otherwise

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

yio'P: 1 if receiver is starting up at timet and was not in standby mode at timet-1; O

otherwise

yi"P: 1 if receiver is starting up at timet and was in standby mode at timet-1; O

otherwise

yo>P: 1 if cycle is starting up at timet and was not in standby mode at timet-1; O

otherwise

yehsP: 1 if cycle is starting up at timet and was in standby mode at time-1; O otherwise

The objective function and constraints follow:
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(\Variable Bounds)
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The objective maximizes electricity sales, which are remented as the summation over
time of the product of electricity price and power generatio less parasitic losses. Cost
penalties associated with start-up, shut-down, and change electricity production between
time steps are subtracted from the revenue. Several terms ihe objective function are
weighted by an exponentially decaying multiplier to priotize energy production earlier in
the time horizon. The nal term in the objective function incentivizes energy dumping
from the solar eld { if necessary { to occur later in the time horizon to improve agreement
between the expected net electricity production and the asal modeled value, as pumping
parasitics associated with solar eld operation are signcant.

We consider receiver start-up inventory and the criteria tat must be satis ed in order
for it to produce useful power. Constraint (4.2a) tracks std-up energy \inventory" using
an inequality, rather than an equality, to allow inventory to reset to zero in time periods
following start-up completion; inventory is naturally maxmized by the problem and can only
be nonzero for time steps in which the receiver is starting upy Constraint (4.2b).

Constraint (4.2c) allows receiver power production only #dr start-up has been completed
or when the receiver was operating in the previous time stegonstraint (4.2d) ensures that
receiver start-up mode does not persist while the receives operating in power-producing
mode by disallowing start-up in the time step following norral power production operation.
Constraint (4.2e) ensures that the actual power used for reiwer start-up is no more than
the ramp rate limit for each time step. Constraint (4.2f) preents receiver start-up from

occurring in time periods with trivial solar resource.
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The total power produced by the receiver has an upper bound tie available energy
inand any start-up or shutdown energy consumption detractsdm production according
to Constraint (4.3a). The receiver can only generate thernhgower when it is in power-
producing mode (i.e.y{ = 1) by Constraint (4.3b). Constraint (4.3c) is enforced beause of
molten-salt pump operating limits and heat transfer requements in the receiver, ensuring
that the receiver energy generation must satisfy a minimumhteshold. Constraint (4.3d)
ensures that the receiver power-producing mode does not gist when no energy is available.

While the receiver is in standby mode, molten salt is circulad between the cold TES tank
and receiver, enabling fast restart. A smaller hot start-upenalty is enforced when beginning
normal operation from standby mode. Neither standby and st&up modes (Constraint
(4.4a)) nor standby and power-producing modes (Constrairfd.4b)) can coincide. Standby
mode can persist over time, but must follow time steps in whicthe receiver was either in
standby or power-producing mode (Constraint (4.4c)). Consaints (4.4d) and (4.4e) enforce
logic associated with incurring a penalty for receiver staup from an o or standby state,
respectively. Constraint (4.4f) enforces the logic for skndown from a power producing or
standby state.

Constraint (4.5a) allows normal cycle operation only whenart-up has been completed,
when the cycle was previously operating, or when the cyclesbeen in standby mode. Con-
straint (4.5b) limits the cycle start-up rate, and Constrant (4.5c) enforces a maximum ther-
mal power consumption limit by the power cycle. When operatm the cycle must produce
a minimum amount of power enforced by Constraint (4.5d). Catraint (4.6a) determines
electrical power production based on a linear cycle perfoamce curve and the ambient tem-
perature e ciency. An optimized dispatch pro le may result in electricity production lower
than the CSP plant design-point during certain time periodsn order to conserve stored
thermal energy for more favorable future market conditionsor to avoid penalties associated
with shut-down and start-up, for example. However, power cy& e ciency is adversely af-

fected by departure from design [11]. The relationship beegn thermodynamic e ciency
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and thermal input is nonlinear and, consequently, poses cpntational challenges. In order
to improve tractability in the corresponding optimization model, we resolve the nonlinearity
eyele(x,) x; by modeling electrical output as an approximately linear faction of cycle ther-
mal power consumption, shown in Constraint (4.6a). The lire coe cient is the quotient
of the di erence between the minimum and maximum output fronthe power cycle and the
corresponding expression for the thermal power input.
oo .10)
The positive change in electrical power production is detarined by Constraint (4.6b). The
presence oW,_in the objective function provides a disincentive to vary p@er production from
one time step to the next, thereby reducing system cycling dnmore closely representing
operator-preferred generation pro les. The appropriate agnitude of this penalty parameter
is unknown but is explored further in a sensitivity analysigprovided in Section 4. Start-up
mode persistence is prevented in Constraint (4.7a). Stangllmode can persist according to
the analogous receiver requirements (Constraint (4.7b)Btandby and start-up modes cannot
coincide (Constraint (4.7c)), nor can standby and power-piducing mode (Constraint (4.7d)).
Constraint (4.7e) enforces the penalty logic for start-uprém an o state while (4.7f) enforces
the penalty logic for start-up from a standby state. Constrant (4.7g) enforces the logic for
shut-down from a power-producing or standby state. Power cle operation constraints
largely mirror those of receiver operations and include: @straint (4.7h) tracks start-up
energy inventory, and Constraint (4.7i) allows nonzero irantory only during periods of
cycle start-up.
The energetic state of the system implicates positive and gative power terms, and the
charge state of thermal storages) accounts for the cumulative di erence between them.
Several additional constraints regarding TES state of chge are enforced as follows: Con-

straint (4.8a) ensures that energy into and out of TES balamcwith the charge state, and the

conversion from power to energy introduces a time step parater . Constraint (4.8b) ad-
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dresses an artifact arising from the di erence between theadeling time resolution (hourly)
and the amount of time required to start the plant, which may ot be in units of whole
hours. If the power cycle is either running or in standby in the stept and in time stept+1,

and if the receiver starts up in timet + 1, then the minimum charge level in TES in time
t + 1 must be su cient to carry operation through the receiver sart-up period {*. Note
that y; + y*® 1 is enforced elsewhere. Equation (4.11) determines the exfed fraction of

each time step that would be used for receiver start-up, if @ticable.

( ( )
. E°
S=min Lmax - (4.11)
max ;Q,

Constraints (4.8a)-(4.8b) only track TES state of charge lsed on energy ow bookkeep-
ing, not temperature. Accounting for energy quality in the TES system via temperature
of the molten salt introduces non-linear complexity and is @t necessary in this formula-
tion as previously discussed. Constraint (4.9a) ensuresmaegativity for receiver start-up
power consumption and receiver start-up energy inventorjNon-negativity for x{ is ensured
via Constraint (4.3c). Constraint (4.9b) ensures non-negaity for cycle start-up energy
inventory, electrical power generation, and positive chae in electricity production, and it
constrains the upper bound of stored energy. Non-negativifgr x; is ensured via Constraint

(4.5d). Constraints (4.9¢c) and (4.9d) enforce binary reqrements.
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CHAPTER 5
SUMMARY AND CONCLUSIONS

This research consists of three speci c objectives that edk to methods for reducing
computational expense in the solar eld layout and characteation process, formulation of
a dispatch optimization model for CSP, and application of ta research in collaboration with
industry to a project under development. Of primary importaice are the advances in com-
putation and optimization for CSP applications, but a secodarily important aspect of this
research is the extension of existing modeling platformsa@uas SAM and SolarPILOT which
maximize the impact of the research outcomes. Each projedijective is reviewed as follows,
along with publication considerations, and the chapter caudes with recommendations for

future work.
5.1 Optical Modeling Methodology Development

The rst research objective seeks to identify and instanti® methods for reducing the
computational expense of designing and characterizing tiselar eld. After de ning high-
level system sizing and component geometry parameters,ghs the rst step in predicting
techno-economic performance for a particular technologgstance. Previous work has pro-
duced software that is capable of simulating CSP systems Wit large degree of exibility
and robustness but which lack expeditious initial design @hcharacterization capabilities.
Work described in Chapters 2 and 3 describe in detail the e t8 undertaken to address these
shortcomings.

Speci c accomplishments include: (i) adoption and exparan of the Hermite series model
for ux density applied to individual heliostats, o ering e xibility in the heliostat eld lay-
outs that can be modeled and in the choice of heliostat-aingnalgorithms, while executing
calculations orders of magnitude more quickly than the morommon Monte-Carlo ray trac-

ing techniques, (ii) development of heliostat grouping témiques that limit the number of

113



potential heliostat interactions that must be consideredreducing a problem of exponential
complexity to one which solves in linear time, (iii) applicdon of geometric heliostat blocking
and shading calculations that do not require expensive raydcing calculations, (iv) predic-
tion of annual heliostat power delivery using novel perforance weighting techniques, (v)
development of an exact solution for mathematical scaling the ux distribution to ensure
accurate numerical integration when small heliostats aresed, and (vi) integration of the
SolTrace ray tracing engine alongside the analytical modt provide veri cation of optical
performance results.

SolarPILOT serves as an implementation platform for advams made as part of the thesis
research. Project development { including dispatch optimaation { is only meaningful if the
energy input pro le to the system from the solar eld is realstic. Work toward this objective

has been realized through the SolarPILOT development e ort

5.2 Dispatch Optimization

Chapter 3 describes a dispatch optimization strategy for GSwith TES, the purpose
of which is to maximize the revenue stream and minimize opdi@nal costs derived from
subsystem starts and stops. Given the inadequacies of hestig plant control and the lack of
dispatch optimization methods that fully account for the conplexities of CSP plant opera-
tion, the described functionality represents a signi cantmprovement towards understanding
the impact of operational decisions on project techno-ecomic performance.

We formulate and describe an extensive MIP model that repli¢es complex and intercon-
nected processes in a CSP plant with su cient accuracy and gatly improved tractability
over alternative, purely non-linear or heuristic approaabs. Processes such as receiver start-
up, standby, power cycle start-up, stand-by, and o -desigmperation are accounted for with
constraints involving integer variables, while other progsses are approximated with linear
expressions. The objective function measures revenue gatien via electricity sales while
penalizing start-up costs, production ramping costs, andgpasitic loads, and allowing the

user to weight variables as a function of time. The formulatn emphasizes delity with the
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SAM engineering performance models, because the optimizespatch pro le is used within

the SAM simulation to set operational targets, and mismatctebetween the simpli ed MIP

and SAM's performance models can result in sub-optimal opéi@n. Constraints impose
operational limits, ensure necessary sequences (e.g.js$attion of start-up requirements)
are followed, and accommodate real-world contractual regaments { as in the case of the
net power constraint which is discussed in some detalil.

The dispatch optimization model, once formulated, is exeiged to demonstrate the value
of the approach relative to previously-used heuristic metids. The analysis considers a \typ-
ical" molten salt plant with TES under four market scenarios and explores how optimized
dispatch a ects the optimal sizing of the TES and solar eld gbsystems via an enumerative
survey of the design space; signi cant di erences in sizingnd realized PPA price result.
Cost penalties for start-up and ramping processes factortinthe optimal dispatch pro le,
and Chapter 3 presents the sensitivity of the following meits to both cycle start-up and
power output ramping cost penalties, namely: the number ottbine starts incurred annu-
ally, the number of operational cycles per day { on averagenaual energy production, and
PPA price. We observe substantial qualitative and quantitdve alterations in production
with changes to these penalty values, as exempli ed by the @)reduction in turbine starts
at elevated start-up cost penalties while PPA price and anmah energy remain essentially
constant. These results imply that substantial savings male realized through operational
changes that reduce component wear and tear without comprasing revenue from electricity
sales.

A publication describing this work was submitted to the jounal Applied Energy which
emphasizes { among other topics { issues related to energyngersion modeling and fore-
casting. The readership community foApplied Energy is relatively broad and may overlap

in dispatch optimization interests for non-CSP technologs.
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5.3 Application

The nal thesis objective is to generate new insight into digatch optimization for CSP
by exercising the modeling tools and methods developed in &jters 2 and 3. We do so
by undertaking a collaborative analysis with SolarReserwwho have made use of both the
solar eld layout and characterization tools in SolarPILOT and the dispatch optimization
techniques, and applied them to CSP plants currently undereyelopment. This adoption
has provided several bene ts. These include (i) the amountf dime needed to evaluate a
particular plant con guration under consideration is sigmcantly shorter, improving the end
product that they o er by allowing more extensive project ewluation; (i) the con dence
in the ability of a plant to increase revenue by following an mimized dispatch pro le has
increased, owing to the more operator- and equipment-fridly pro les generated by our
approach; and (iii) the transparency of implementing our ntbods in software that is publicly
available and independently developed enhances the craliifp{ and, ultimately, the ability
to obtain investment and nancing { of their technology.

Chapter 4 describes the process of modeling SolarResertethnology using our tools,
and compares the optimized dispatch pro les relative to the production scheduler tool.
The results are favorable, lending credence to SolarRes&svprivately-developed approach
while improving operational amenability and increasing fetime net revenue. Joint work with
SolarReserve has likewise bene ted our research by idewitifg practical operations require-
ments (such as the net power constraint) that a ect the mathmatical approach and nal
results but are not self-evident from an academic standpadinThe study also demonstrates
that the objective function is relatively insensitive to a sbset of variable values near the op-
timal solution; in practical terms, this signi es that practical operation considerations such
as production ramping rates can be accommodated in many caseith a trivially adverse
impact on the achieved objective function value.

A journal publication describing this work is currently beng drafted and will be submit-

ted to the journal Interfaces which focuses on the practice and applications of operati®n
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research (including dispatch optimization) in commercendustry, government, or education.
It encourages submissions in which operations research applied mathematics research is

used to improve operations, reduce costs, or improve the cpetitive position for enterprises.
5.4 Future and Recommended Work

The accomplishments presented in this thesis provide a frawork for future research

and analysis, and this section describes several such tepaf interest.
5.4.1 Dispatch subject to uncertainty

CSP systems are often designed to allow for TES charging byngeating more thermal
power than can be instantaneously consumed by the power ayclf a conservative production
schedule is implemented in which stored energy is preferiilly reserved exclusively for
high-value hours, a plant may lose revenue by reaching theag¢ of maximum charge and
being forced to curtail thermal energy collection. Alternately, if an aggressive electricity
production schedule is implemented, the plant may not retaisu cient TES state of charge
to generate electricity when revenues would be highest. Tlaecuracy of solar resource and
pricing forecasts thereby in uence whether a production sedule can realizes maximum
revenue.

Both price and solar resource forecasts are inherently untan because of the chaotic
nature of local weather patterns, and the magnitude of unceinty generally increases with
the forecast horizon. A potentially productive research astion is thus: how should CSP
plants operate to maximize revenue given uncertainty in fecasts, variable energy collection
over time, and physical system operational limitations?

An answer to this question portends a signi cant outcome. As th global community
struggles to address the reality of climate change, growtim irenewable energy technology
deployment o ers a mitigating path. However, resource varlality must be countered with
reliable and dispatchable renewable technologies. Reliktlyiis achieved at a cost, and that

cost has yet to be accurately quanti ed for CSP because prexis analyses have not sought
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an optimized dispatch strategy that directly accounts for he reality of forecast uncertainty.
This research would provide an important contribution towad quantifying the impact of
replacing fossil fuel generators with renewable energy ewmlogies.

Answering this question requires a cadre of technology simtibn and characterization
tools that include thermodynamic, heat transfer, and optial models, a mixed integer linear
program formulation and solver, forecast uncertainty modg, methods for stochastic op-
timization, and nancial modeling tools. The work presentd here has advanced research
capabilities substantially, but optimization methods andanalyses that account for forecast

uncertainty remain outstanding.
5.4.2 System optimization

The thesis research is part of a broader project at NREL on CSRstem design and O&M
optimization. NREL is partnering with Colorado School of Mires, Northwestern University,
Argonne National Laboratory, and SolarReserve to develop adband methodology for plant
design and operation optimization. Several key outcomeseatargeted by the NREL project.
The rst goal is to establish existing O&M costs following tke template provided by previous
costing studies (e.g., Turchi and Heath (2013) [94]). The neils to elucidate the ordinarily
overlooked trilateral relationship between design-pointriteria, initial component cost, and
lifetime O&M costs. A rigorous modeling and solution appra@h emphasizes a clear and
repeatable methodology, providing insight into the naturef the relationships while leaving
the detailed engineering and costing exercises to the tedhogy developers who are best
suited for that work. Ultimately, this work plans to deliver a tool and methodology for use
by entities that have access to their own proprietary desigand cost information. The thesis
research contributes to the evaluation of the system-wideptmization model by ensuring
that the dispatch schedule within the simulation is optimal maximizing revenue subject to
forecast uncertainty over each daily dispatch optimizatiorwindow. In essence, the thesis
research provides a \realistically optimal” revenue evahtion to be used by the broader

NREL project.
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5.4.3 Application to other technologies

This research considers CSP power tower systems with moltealt TES, which is one
speci ¢ manifestation of CSP with TES, albeit the most commeeially promising one at
the time of this writing. In principle, the dispatch optimization methodology described in
Chapters 3 and 4 may be applied to any system comprised of egyercollection, storage,
and production units, and is especially relevant to technogies in which operation is modal
or discontinuous, requires start-up procedures, and opéea over forecast time horizons of
one to three days. Examples include PV with battery storagejuclear power plants with
molten salt storage, and other CSP technologies capable ofga-scale energy storage such
as parabolic troughs and linear Fresnel. Extension of the ment work to these areas would
require modi cation to both the MIP formulation and any simulation models in which the
dispatch optimization model is embedded. In particular, saulation control schemes used
to determine the timing and magnitude of power production mst be modi ed to accept
a schedule generated by the MIP solution, and algorithms fqrerformance forecasting and

calculating approximate (linearized) performance coe ants must be de ned.
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