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Abstract
This paper surveys economic assessments of concentrated solar power (CSP)
technologies. We find that the majority of studies reported in the literature are
based on the levelized cost of electricity (LCOE), while only a small subset of
studies consider time-varying meteorological and electricity market conditions.
Several studies argue that LCOE undervalues dynamic flexibility provided by
thermal energy storage and does not consider revenue opportunities provided by
electricity markets at different time scales. As a result, some studies find that
both LCOE and revenue can in fact be conflicting metrics for certain designs
and market conditions. We also find strong variations in LCOE and revenue
estimates in the literature. As comparisons between CSP and other generation
technologies (e.g., fossil, wind, and photovoltaic) are dictated by the chosen economic metric, we conclude that policy and investment decisions should carefully
consider time-varying effects and flexibility. We thus propose research directions
aimed at increasing the fidelity of economic assessments and at mitigating discrepancies.
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1. Introductory Remarks
Concentrated solar power (CSP) technologies harness thermal energy from
the sun to drive a thermodynamic cycle. Thermal energy storage (TES) is
realized through the addition of tanks, which allows CSP systems to generate
5

electricity at times of little or no solar irradiance. This includes operating 24hours a day (baseline generation) or adjusting electricity generation during times
of increased demand and high prices. The economics of CSP systems depend
on the selected operating mode, regional subsidies, solar availability and market
prices for electricity and electricity services. This paper reviews different techno-
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economic methodologies and assessments for CSP systems, with an emphasis on
the value of flexibility provided by TES and other design considerations.
1.1. CSP Technologies
There are four different types of solar collector designs: parabolic troughs,
heliostats (for power towers), linear Fresnel lenses, and dish receivers. The first
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two are the most prominent for large installations. In parabolic trough systems,
shown in Figure 1, heat is transferred from the solar collectors (loop 1) to the
thermodynamic cycle (loop 2). Optionally, the first loop may contain hot and
warm storage (thermal storage) tanks for the heat transfer fluid or a supplemental fossil fuel boiler or both. In the second loop, the input heat is used
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to generate high pressure steam (or heat another working fluid), which is expanded in turbines to generated electrical power. In power tower systems, solar
energy is reflected from a field of mirrors (heliostats) onto a central receiver (the
power tower). This design allows for higher levels of concentrations and higher
working fluid temperatures, and thus higher thermodynamic cycle efficiencies.
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Optionally, both parabolic troughs and power tower systems may directly heat
high pressure steam [1–3] or another working fluid as part of a Brayton cycle
[4]. The selection of heat transfer fluid and storage system depends on operating temperatures. Synthetic oils and similar heat transfer fluids experience
rapid degradation at temperatures above 400◦ C [5–7], and thus are typically
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found in parabolic trough systems only. In contrast, molten salts are suitable
for higher temperatures, but solidify at ambient conditions and this complicates
operations. The typical operating conditions and cycle efficiencies for these two
categories of CSP systems are given in Table 1. Additional CSP process details
are provided in several review papers [7–12].

Figure 1: Parabolic trough CSP systems contain two interconnected loops. In the first loop,
heat transfer fluid (e.g., Dowtherm A) is circulated through the solar collectors, where it is
heated, and either sent to the hot storage tank or immediately used to generate steam. After
transfering heat to the loop 2, the cooled heat transfer fluid is sent to the warm storage
tank. The second loop is a standard regenerative Rankine cycle, where the economizer, steam
generator, superheater and reheater are heated with the heat transfer fluid. Other standard
steam cycle equipment, including a condenser, feedwater heaters and deaerator are also used.

Table 1: Comparison of CSP technologies.
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Collector Type

Heat Transfer Fluid

Parabolic Trough

Synthetic Oil

Parabolic Trough

Dowtherm A

Parabolic Trough

Direct Steam Gen.

Power Tower

Molten Salt

Power Tower

Direct Steam Gen.

Max. Temp.
480◦ C[5, 6]; 400◦ C[7]
400◦ C[10]
400◦ C[1, 2]
650◦ C[10]; 565◦ C[7]
600◦ C[1]; 680◦ C[5]; 565◦ C[7]

Solar-to-Electricity Efficiency
13.6% [13]; 18% [5]; 16.1% [6]; 14% [7]
11-16% [10]
8-12% [1]; 10-15% [2]
7-20% [10]; 14% [7]
12-18% [1];13.8% [5]; 13.6% [7]

Several aspects of CSP technologies provide flexibility at multiple timescales.
3

For example, TES enables CSP systems to delay electricity generation to subsequent hours and days. Similar, the steam cycle provides ramping flexibility,
around 3% per minute for generic Rankine cycles, that allows for minute-byminute adjustments. Electric heaters for electricity buy-back [14, 15] provide
40

flexibility on the order of seconds. CSP systems may exploit this spectrum
of flexibility by transacting energy and energy services on multiple timescales,
resulting in a diverse stream of revenues.
1.2. Economic Assessment Methods
Two types of economic assessment methodologies are popular for CSP tech-
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nologies. The simplest and most common economic metric is Levelized Cost
of Electricity (LCOE), defined as the required revenue (dollars per unit energy) needed to recover operating and investment costs for a specific generator
design over a specified length of time. Joskow [16] succinctly demonstrated
that LCOE analysis does not capture the time-varying value of electricity. In
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particular, the author compared dispatchable (90% capacity factor) and intermittent (30% capacity factor) energy sources in a two tier electricity market
(on- and off-peak prices). Despite the near identical LCOEs, intermittent systems presented negative profits (losses of $42k to $45k per MWe per year) when
most of the energy is provided during off-peak. This represents wind turbines
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producing electricity at night. In contrast, the dispatchable source was moderately profitable ($8k per MWe per year) and the intermittent source was highly
profitable ($87k per MWe per year) when all of the energy is supplied during
on-peak hours. We analyzed California real-time energy market prices from
2015 (http://oasis.caiso.com/) and found similar results: shifting 10 MWe
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of generation from the average price (30 $/MWh) to the 1% most extreme prices
(97 to 1,621 $/MWh) yields additional revenues of $400,000/yr. This represents
a 6% increase in revenue for a hypothetical 50 MWe CSP system operating at
50% capacity factor and selling energy at the average market price. Several authors have expressed criticisms of LCOE comparisons and have demonstrated
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that certain CSP design modifications that increase LCOE also lead to short
4

pay-off periods when the time-varying value of electricity is taken into account
[14, 15].
Alternately, net present value (NPV), return on investment (ROI) and similar financial metrics are computed by estimating revenues from historical elec70

tricity prices, government subsidies and meteorological data. This more accurately captures the time-varying value of delivered energy, and offers a more
holistic analysis for potential investors. A few studies also consider supplemental revenue from ancillary service provisions, such as regulation and spinning
reserves, available to CSP generators with TES. For example, Madaeni et.al.
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[17] determine that providing spinning reserves increased CSP annual revenues
by 17% compared to the case in which only energy arbitrage is performed (i.e.,
generation is adjusted based on time-varying energy prices). Based on data
from the California markets, we determine a hypothetical CSP system providing 10 MWe of regulation capacity for all hours of 2015 would have received
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$500,000/yr in regulation capacity payments alone. The dispatchability of CSP
systems with regard to energy and ancillary services depend on the size of the
TES system. Thus the flexibility from TES is undervalued in LCOE analyses.
Revenues estimates from time-varying meteorological and price data depend
on the selected operating policy and CSP design decisions (which influences flex-
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ibility). As such, this analysis is typically posed as an optimization problem:
maximize revenues (or net profit) by manipulating the electricity production
schedule subject to time-varying market specifications and physical constraints
(which determine available flexibility). The assumptions and mathematical
models used for this analysis are very diverse. Broadly speaking, revenue fo-
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cused studies consider long time horizons (months to years), optimize on/off
decisions, and use simplified (linear) physical models, whereas control-focused
studies consider shorter horizons (hours to days), assume fixed on/off schedules,
and use detailed (nonlinear) physical models. The impacts of these different assumptions on techno-economic analyses are largely unstudied.
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1.3. Objectives and Structure
This paper reviews economic studies of CSP systems from the perspective
of investors and operators. It establishes trends in LCOE literature, compares
LCOE and generalized economic assessment methods, explores similarities between revenue estimation and optimal control frameworks, and presents research
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directions to improve CSP techno-economic evaluations. The paper does not
consider financial benefits of CSP deployment and technology decisions from the
perspective of grid operators, such as in [18–21]. Nor does the paper emphasize
environmental concerns (e.g., resource consumption, greenhouse gas emissions,
water emissions, waste and solid pollutants, etc.), which have been quantified
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using life cycle analysis in [22–26].
The remainder of this paper is organized as follows. In Section 2, LCOE
estimates from 27 literature sources are reviewed and compared. Motivated by
recent critiques of LCOE, more general economic assessments are reviewed in
Section 3. In Section 4, we contrast operation-focused and revenue estimation
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studies. We summarize our findings in Section 5, present new research opportunities in Section 6 and provide concluding remarks in Section 7.

2. Levelized Cost of Electricity Estimates
LCOE is an economic metric commonly used to compare a wide range of
electricity generation technologies. Such comparisons are often used to inform
115

investment in research and technology development and to design appropriate
policies (e.g., government incentives). LCOE is calculated as the ratio of the
sum of the cost over the expected lifetime to the sum of the electrical energy
production over the expected lifetime [27], as shown in (1). Both future cash and
energy flows are discounted at rate r. Sheu et.al. [12] present LCOE extensions
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for hybrid fossil fuel-solar thermal systems.
n
P

LCOE =

t=1

(It +Mt +Ft −Ht )
(1+r)t
n
P
t=1

6

(1)
Et
(1+r)t

where,
It : Investment expenditures in the year t
Mt : Operations and maintenance expenditures in the year t
Ft : Fuel expenditures in the year t
Ht : Avoided heat production costs in the year t
Et : Electricity generation in the year t
r : Discount rate
t : Year
n : Assumed lifetime of system (integer, in years)
LCOE is commonly computed from CSP simulations obtained with software
packages such as the System Advisor Model (SAM) [28, 29] and TRaNsient
SYstem Simulation (TRNSYS) [30]. The former simulation tool focuses on the
performance of energy systems in a power grid and includes detailed cost cor125

relations for financial calculations, while the latter focuses on capturing system
dynamic transients. In the reviewed LCOE literature, SAM was used in six
studies [31–36] and TRNSYS was used in four studies [5, 7, 12, 37].
Table 2 summarizes the estimated LCOE for several different CSP technologies at different geographic locations and times. Among the 27 studies reviewed,
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parabolic trough and power tower were the most commonly considered collector
types (reported in 17 and 13 studies, respectively). Molten salt and synthetic oil
heat transfer fluids were considered in 12 and 7 studies, respectively. The combination of parabolic trough collectors with molten salt thermal energy storage
was the most common configuration (considered in 6 studies). The ranges of
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LCOE values are shown in Figures 2, organized by technology type. Trends in
LCOE estimates for different CSP technologies are discussed in the remainder
of this section.
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Figure 2: LCOE estimates by technology type. Key: P=Parabolic Trough, T= Power Tower,
H=Hybrid System, B=Backup System, D=Dish, O=Other CSP System, MS=Molten Salt,
SO=Synthetic Oil, S=Steam, U=Unspecified TES. EPCM=Encapsulated Phase Change Material TES, HP=Latent TES with Embedded Heat Pipes. Triangles indicate single values for
LCOE reported in the study, whereas bars represent ranges.

2.1. Technology Comparisons
Comparisons of LCOE estimates across multiple studies are difficult, given
140

the high variability in assumed parameters and data, which include: geographic
location/solar irradiance, capital cost estimates/forecasts, storage size and efficiency, lifetime/analysis horizon, government incentives, and base year for mon-

8

etary estimates. Six studies compare LCOE estimates for multiple CSP technologies with consistent assumptions across technology types. These results are
145

summarized graphically in Figure 3, grouped by year into nine sets of LCOE
estimates. Initial analysis suggests that the LCOE of power tower collectors is
slightly lower than parabolic trough systems in the surveyed literature, although
there are outliers on this trend. In four of the estimate sets, the LCOE ranges
of parabolic trough and power tower systems overlapped [1, 7, 38]. For two of
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these sets the minimum LCOEs of power tower systems were lower than those
for parabolic trough systems [1, 7]. Power tower systems are less expensive than
parabolic trough systems in four estimate sets [1, 2, 34]. In contrast, Janjai et.al.
[5] determined power tower systems are more expensive.
Boukelia et.al. [32] offers the only direct comparison of working fluids. The
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authors compared eight different 50 MW parabolic trough CSP system configurations located in Algeria, and estimated LCOE of $78.5/MWh to $116.2/MWh
(synthetic oil) and $75.9/MWh to $102.9/MWh (molten salt). For CSP systems
with optional fuel-backup system and TES, the authors determined molten salt
working fluid (operating temperatures of 286-550◦ C) resulted in a 16.4% lower
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LCOE relative to a similar system using a synthetic oil working fluid (operating
temperatures of 296-393◦ C).
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Figure 3:

Comparisons of LCOE, organized by technology type and time frame (see

vertical axis).

The text to the left of each symbol encodes technical specifications:

storage technology (SO = synthetic oil, MS = molten salt, N = no storage, ?

= not

specified) / storage size (number = size in hours, N = no storage, ? = not specified) /
thermodynamic cycle operating temperature (number = temperature in
fied). The LCOE estimate is given to the right of each symbol.
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◦

C, ? = not speci-

Table 2: Survey of CSP LCOE estimates in literature, organized by collector technology. Consistent with the nomenclature in [12],
alternate heat source only used for backup purposes, such as cloudy weather, whereas

H

B

indicates the

marks a hybrid design where both solar and the alternate

heat source are used in normal operation to generate electricity. The working fluid for Brayton/topping cycle is included in the parentheses if known.
Temperatures are also given after the cycle type, if reported.
First
Key

Author

Collector
Year

Heat Transfer

Storage

Alternate

LCOE

Time

Ref

Location

Technology

Cycle Details

Fluid

Technology

Heat Source

($/MWh)

Frame
2006

Aso-a-P-SO

Astolfi

2011

[13]

U.S.A.

Par. Trough

None

None

166.59-194.35

Astolfi

2011

[13]

Italy

Par. Trough

Organic Rankine; 145◦ C
Organic Rankine; 145◦ C

Synthetic Oil

Aso-b-P-SO

Synthetic Oil

None

None

255.44-308.74

2006

Bee-a-P

Beerbaum

2000

[38]

India

Par. Trough

Rankine

unspecified

None

None

89-122

2000

Bou-a-a-P-SO

Boukelia

2015a

[32]

Algeria

Par. Trough

Direct 2-tank

2014

2015a

[32]

Algeria

Par. Trough

Molten Salt

Direct 2-tank

Fossil FuelB
Fossil FuelB

78.5-116.2

Boukelia

75.9-102.9

2014

Bou-b-a-P-SO

Boukelia

2015b

[33]

Algeria

Par. Trough

Rankine; 296-393◦ C
Rankine; 286-550◦ C
Rankine; 296-393◦ C

Synthetic Oil

Bou-a-b-P-MS

Synthetic Oil

Direct 2-tank

101.3

2014

Bou-b-b-P-MS

Boukelia

2015b

[33]

Algeria

Par. Trough

Molten Salt

Direct 2-tank

75.5-128.8

2014

Chi-a-P-U

Chien

2011

[1]

China

Par. Trough

Rankine; 286-550◦ C
Rankine; 100-400◦ C

Fossil FuelB
Fossil FuelB

unspecified

unspecified

None

70-100

2005-2020

11

Her-a-P-MS

Hernández-Moro

2013

[39]

U.S.A.

Par. Trough

Rankine

Molten Salt

unspecified

None

110-270

2010-2050

Her-b-P-MS

Hernández-Moro

2013

[39]

U.S.A.

Par. Trough

Rankine

Molten Salt

unspecified

None

130-320

2010-2050

Her-c-P-MS

Hernández-Moro

2013

[39]

U.S.A.

Par. Trough

Rankine

Molten Salt

unspecified

None

150-380

2010-2050

Jan-a-P-SO

Janjai

2011

[5]

Thailand

Par. Trough

Rankine; 480◦ C

Synthetic Oil

Stratified Tank

None

300

2003

Kay-a-P

Kaygusuz

2011

[2]

Turkey

Par. Trough

Rankine

unspecified

None

None

56-91

2010

Dowtherm A

Direct 2-tank

None

10.0-50.0

2012-2020

Dowtherm A

Indirect 2-tank

None

270-300

2008

Dowtherm A

unspecified

None

290

2007

Kur-P-SO

Kuravi

2013

[10]

U.S.A.

Par. Trough

Lil-a-P-SO

Lilliestam

2012

[40]

Spain

Par. Trough

Lil-b-P-SO

Lilliestam

2012

[40]

U.S.A.

Par. Trough

Mor-P-SO

Morin

2011

[6]

U.S.A.

Par. Trough

Rankine; 400◦ C
Rankine; 393◦ C
unspecified; 393◦ C
Rankine; 400◦ C

Synthetic Oil

Direct 2-tank

None

147.7-157.1

2010

Pur-a-P-MS

Purohit

2010

[3]

Spain

Par. Trough

Rankine; 400◦ C

Molten Salt

unspecified

None

140-430

2010

Shi-P-SO

Shinnar

2007

[41]

U.S.A.

Par. Trough

Indirect 2-tank

Natural GasB

62.1

2003

Turchi

2010

[34]

U.S.A.

Par. Trough

unspecific; 399-427◦ C
Rankine; 391◦ C

Dowtherm A

Tur-a-P-SO

Synthetic Oil

Stratified Tank

None

165-179

2010-2015

Rankine; 450-500◦ C
Rankine; 225-393◦ C
Rankine; 225-393◦ C

Molten Salt

Stratified Tank

None

99-142

2015-2020

Molten Salt

Direct 2-tank

None

190-240

2009

Molten Salt

Direct 2-tank

None

160-220

2009

Molten Salt

Direct 2-tank

None

120-150

2009

unspecified

None

Natural GasB
Natural GasB

185-220

2009

155-190

2009

120-150

2009

40-43

2008

170-200

2012

Tur-b-P-MS

Turchi

2010

[34]

U.S.A.

Par. Trough

Wag-a-P-MS

Wagner

2014

[36]

U.S.A.

Par. Trough

Wag-b-P-MS

Wagner

2014

[36]

U.S.A.

Par. Trough

Wag-c-P-MS

Wagner

2014

[36]

U.S.A.

Par. Trough

Wag-d-P

Wagner

2014

[36]

U.S.A.

Par. Trough

Wag-e-P

Wagner

2014

[36]

U.S.A.

Par. Trough

Rankine; 225-393◦ C
Rankine; 225-393◦ C
Rankine; 225-393◦ C

unspecified

None

Wag-f-P

Wagner

2014

[36]

U.S.A.

Par. Trough

Rankine; 225-393◦ C

unspecified

None

Zha-P-U

Zhang

2010

[35]

U.S.A.

Par. Trough

unspecified

unspecified

unspecified

Natural GasB
Natural GasB

Zhan-a-P-SO

Zhang

2013

[7]

Worldwide

Par. Trough

Rankine; 20-400◦ C

Synthetic Oil

None

None

Bee-c-T-MS

Beerbaum

2000

[38]

India

Power Tower

Rankine

Molten Salt

None

None

99-146

2000

Chi-b-T-U

Chien

2011

[1]

China

Power Tower

unspecified

unspecified

None

60-400

2005-2020

Jan-b-T-U

Janjai

2011

[5]

Thailand

Power Tower

Rankine; 400-600◦ C
Rankine; 680◦ C

unspecified

Air & Rock-bed

None

350

2003

Jor-T-MS

Jorgenson

2013

[42]

U.S.A.

Power Tower

unspecified

Molten Salt

unspecified

None

120-230

2012

Kay-b-T-U

Kaygusuz

2011

[2]

Turkey

Power Tower

Rankine

unspecified

None

None

33-54

2010

Kol-T-MS

Kolb

2011

[43]

U.S.A.

Power Tower

Rankine; 565◦ C

Molten Salt

Direct 2-tank

None

78-150

2013-2020

Lil-c-T-U

Lilliestam

2012

[40]

Spain

Power Tower

unspecified; 250-300◦ C
Brayton(CO2 ); >650◦ C
Rankine; >650◦ C

unspecified

unspecified

Natural GasB

300

2007

KCl-MgCl2

EPCM-TES

None

53.7

2020

Molten Salt

EPCM-TES

None

90.5

2020

Brayton(CO2 ); >650◦ C
Rankine; >650◦ C

KCl-MgCl2
Molten Salt

HP-TES

None

57.7

2020

HP-TES

None

96.9

2020

Nit-a-T

Nithyanandam

2014

[44]

U.S.A.

Power Tower

Nit-b-T-MS

Nithyanandam

2014

[44]

U.S.A.

Power Tower

Nit-c-T

Nithyanandam

2014

[44]

U.S.A.

Power Tower

Nit-d-T-MS

Nithyanandam

2014

[44]

U.S.A.

Power Tower

Pur-b-T-S

Purohit

2010

[3]

Spain

Power Tower

Rankine; 500-1500◦ C

Water/Steam

unspecified

None

130-410

2010

Spe-T-U

Spelling

2012

[37]

U.S.A.

Power Tower

Combined(Air)

unspecified

Air & Packed-bed

None

124-234

2010

Tur-c-T-MS

Turchi

2010

[34]

U.S.A.

Power Tower

Molten Salt

Stratified Tank

None

94-137

2015-2025

Wan-T-U

Wang

2010

[45]

China

Power Tower

unspecified

unspecified

None

40-60

2025
2012

12

Zhan-b-T-S

Zhang

2013

[7]

Worldwide

Power Tower

Rankine; 565-650◦ C
Combined; 600-1300◦ C
Rankine; 300-565◦ C

Steam

None

None

180-240

Zhan-c-T-MS

Zhang

2013

[7]

Worldwide

Power Tower

Rankine; 300-565◦ C

Molten Salt

Direct 2-tank

150-180

2012

Bee-b-H

Beerbaum

2000

[38]

India

Par. Trough

Rankine

unspecified

None

Natural GasB
Fossil FuelH

86-111

2000

Bee-d-H

Beerbaum

2000

[38]

India

Power Tower

Rankine

unspecified

None

2000

Kosugi

2003

[46]

U.S.A.

Par. Trough

Combined(CO2 ); 600◦ C

Steam

unspecified

Fossil FuelH
MethaneH

95-130

Kos-H-S

44.2-85.2

2002

She-a-H-MS

Sheu

2012

[12]

U.S.A.

Power Tower

Combined(CO2 )

Molten salt

unspecified
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1996

She-b-H-MS

Sheu

2012

[12]

U.S.A.

Power Tower

Brayton(CO2 )

Molten salt

unspecified

Fossil FuelH
Fossil FuelH

210-220

2006

She-c-H-MS

Sheu

2012

[12]

U.S.A.

Power Tower

Brayton(CO2 )

Molten salt

unspecified

Fossil FuelH

109.73-111.50

2006

Tri-H-U

Trieb

2011

[2]

Middle East

unspecified

unspecified

unspecified

None

Fossil FuelH

80-280

2010-2050

Bee-e-D

Beerbaum

2000

[38]

India

Dish

Stirling

unspecified

None

None

113-158

2000

Chi-c-D-U

Chien

2011

[1]

China

Dish

Stirling; 600-1500◦ C

unspecified

unspecified

None

60-150

2005-2020

Kay-c-D

Kaygusuz

2011

[2]

Turkey

Dish

Stirling

unspecified

None

None

40-60

2010

Hos-O

Hosseini

2005

[47]

Iran

Generic

Combined; 400-500◦ C

unspecified

None

None

20.35-41.16

2004

Tim-O

Timilsina

2012

[48]

U.S.A.

Generic

unspecified

unspecified

None

None

194-336

2008

Wil-O

Williges

2010

[49]

Europe

Generic

Combined

unspecified

None

None

150-250

2005

2.2. LCOE Predictions and Trends
No CSP technology combination is unanimously expected to be LCOE superior by 2020. This is due, in part, to inconsistent cost assumptions (see Table
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3). For example, Chien and Lior [1] estimated power tower systems ($40/MWh)
will be significantly cheaper than parabolic trough systems ($70/MWh) by
2020. This dramatic difference assumes that surface, operation, and maintenance (O&M) costs will remain/become lower for power tower systems by 2020.
Overall, the authors predicted only a moderate 30% reduction in LCOE for
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parabolic trough CSP systems, and less certain 33 - 64% reduction for power
tower systems. In contrast, Turchi et.al. [34] predicted parabolic trough systems
will be LCOE superior in 2020 due to cheaper installed cost and O&M costs.
The authors expect low melting-point molten salts will be successfully deployed
for 100 MW parabolic trough systems by 2015-2020, but will not be feasible for
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100 MW power tower systems until 2025. Consequently, Turchi et.al. predicted
that as storage capacity increases, installed cost will also increase for power
tower systems build during 2015 to 2020. Kolb et.al. [43] analyzed LCOE
reductions from 16 CSP technological improvements for power tower/molten
salt systems, which include: heliostat drive improvements, heliostat structure
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optimization, heliostat manufacturing improvements, anti-soiling/cleanliness of
mirrors, optical efficiency improvements, receiver materials testing & database,
selective absorbers, flux measurements, high temperature hardware, high temperature storage, single tank thermocline, parasitic load reductions, and O&M
cost reductions, high temperature receivers (600 to 700◦ C), supercritical steam
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cycles, supercritical CO2 Brayton cycles. The authors found the latter three improvements were the most significant, and led to LCOE decreases of $20/MWh
per improvement (relative to a modern subcritical Rankine cycle). Overall, the
considered technological factors are expected to decrease LCOE by 48% (from
$150/MWh to $78/MWh) for power tower/molten salt systems from 2013 to
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2020 with a 10% investment tax credit.
A few studies estimate CSP cost reductions as a function of installed capacity. Hernández-Moro and Martı́nez-Duart [39] used a learning rate model to
13

estimate future cost reductions from 2010 to 2050. The authors assumed CSP
system costs will decrease 11% every time the installed capacity doubles. The
195

authors estimated 37.5% LCOE reductions for 2010-2020 (from $320/MWh to
$200/MWh), and then anticipated the learning will slow during 2020 to 2050
yielding only a 35% LCOE reduction ($200/MWh to $130/MWh). Similarly,
Trieb et.al. [50] assumed a progress ratio of 0.88, indicating 12% reduction
in LCOE will occur each time the global installed capacity doubles.
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This

produces more drastic LCOE predictions during 2010-2020 (48.9% reduction
from $280/MWh to $143/MWh) than 2020-2050 (44.1% LCOE reduction from
$143/MWh to $80/MWh).
2.3. Value of Thermal Storage
Thermal energy storage is expected to greatly improve the performance of
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CSP systems by increasing overall energy efficiency and annual capacity factor,
as well as decreasing O&M costs [32, 34–36, 39, 44]. Table 4 compares the
anticipated benefits for storage. Hernandez-Moro et.al. [39] estimated capital
cost increases from $4.2/W (no storage) to $8.6/W (7.5 hr storage), which
resulted in LCOE increasing from $270/MWh to $295/MWh. Similarly, Wagner
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and Rubin [36] found that the integration of a 12 h direct two-tank molten salt
TES system increased LCOE from $190/MWh to $240/MWh. Out of the six
studies reviewed that compared CSP configurations with and without TES,
five found that the addition of TES increased LCOE. In contrast, studies that
considered the time-varying price of electricity from energy markets concluded
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that, even if storage increased capital costs, it also increased revenue. In several
cases the revenue increases greatly outweighed the cost increases, and resulted
in shorter pay-back periods. This, again, indicates inconsistencies that can be
observed with LCOE as storage flexibility is not taken into account under this
metric.
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Table 3: Survey of CSP cost reduction estimates, organized by collector technology. Intra-study comparisons are separated by dashed lines, different
studies are separated by solid lines.
Study

[1]

[1]

[1]

[34]

15

[34]

Timeframe

2005 to 2020

2005 to 2020

2005 to 2020

2015 to 2020

2015 to 2020

CSP Technology Considered

Cost Reduction Assumptions/Estimates

LCOE Reductions

Capital cost

O&M cost

Surface cost

46.1%-61.1%

60%

56.3%

30%

(2.6-3.6 to 1.4 $/W)

(87.6 to 35.0 $/kW-yr)

(630 to 275 $/m2 )

(100 to 70 $/MWh)

Capital cost

O&M cost

Surface cost

10.7%-73.2%

70%-75%

57.9%

33.3%-63.6%

(2.8-4.1 to 1.1-2.5 $/W)

(87.6-105 to 78.8 $/kW-yr)

(475 to 200 $/m2 )

(60-110 to 40 $/MWh)

Capital cost

O&M cost

Surface cost

76%

77.5%

89.3%

60%

(5.0 to 1.2 $/W)

(350 to 78.8 $/kW-yr)

(3000 to 320 $/m2 )

(150 to 60 $/MWh)

Installed cost

O&M cost

Capacity factor

parabolic trough with molten salt TES

1.5%

25%

increase 39.5%

30.3%

(6 hr storage in 2015, 12 hr in 2020)

(6.6 to 6.5 $/Wh)

(60 to 45 $/kW-yr)

(43% to 60%)

(142 to 99 $/MWh)

Installed cost

O&M cost

Capacity factor

power tower w/ molten salt TES

increase 15.9%

23.1%

increase 39.5%

20.4%

(6 hr storage in 2015, 12 hr in 2020)

(6.3 to 7.3 $/Wh)

(65 to 50 $/kW-yr)

(43% to 60%)

(137 to 109 $/MWh)

parabolic trough w/ unspecified TES

power tower w/ unspecified TES

dish w/ unspecified TES

Table 4: Value of thermal storage and alternate heat sources

Study
[51]

Technology

Key Findings

Parabolic trough CSP with supplemental heat

Addition of storage increased solar share by up to 47% and decreased

source and optional two-tank molten salt TES

supplemental fuel usage by 43%

[42]

Dry-cooled power tower CSP

[52]

CSP with optional TES and wind coordination

Addition of 9 hours of TES increased annual capacity factor from
26.5% (no storage) to 52.7%
Dramatic increase in profits from 34,014 e (no storage) to 75,084 e
with addition of TES (for nearly same amount of energy sold)
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Addition of TES and fossil fuel backup system resulted in highest over[32]

Parabolic trough CSP with optional fossil fuel

all energy efficiency (increased from 18.28% to 18.48%), overall ex-

backup and optional two-tank TES

ergy efficiency (increased from 20.01% to 21.77%), and capacity
factor (increased from 26.40% to 38.20%)
CSP capital cost increased from $4.2/W (no storage) to $8.6/W

[39]

Parabolic trough CSP with molten salt TES

(7.5 hr storage), LCOE increased from $270/MWh (no storage) to
$295/MWh (7.5 h storage)

[36]

[34]

Parabolic trough CSP with optional two-tank

Addition of 12 h thermal storage increased LCOE from $190/MWh to

molten salt TES and optional natural gas backup

$240/MWh, increased annual capacity factor from around 30% to

system

55%

Power tower with stratified tank molten salt TES

Increasing storage from 6 hr to 12 hr raised capacity factor from 43%
to 65%
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2.4. Sunshot Goals and LCOE Optimization
The U.S. Department of Energy (DOE) initiated the SunShot goal to reduce the LCOE for solar energy technologies to $60/MWh by 2020 with no
incentives [53]. Using SAM and stochastic analysis, Ho et.al. [54] estimated a
50% likelihood of achieving an LCOE of $100/MWh, a 25% likelihood of reach-
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ing $90/MWh, and a near zero likelihood of achieving the SunShot goal with
current technology options. The authors estimate a 15% (scenario 1) or 46%
(scenario 2) of achieving the SunShot goal if the minimum heliostat cost was
reduced from $75/m2 to $38/m2 (scenario 1) or to $19/m2 (scenario 2), and the
maximum solar field heliostat image error was reduced from 0.003 rad to 0.002
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rad (scenario 1) or to 0.0015 rad (scenario 2). Nithyanandam and Pitchumani
[44] also predicted an exergetic efficiency greater than 95% and storage cost less
than $87.95 million are required for a 20 MW power tower CSP system to reach
the SunShot goal.
Parametric analysis with SAM was the most commonly used approach to
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reduce the LCOE of CSP systems [29, 33, 35, 36]. For example, Boukelia et.al.
[33] adjusted the solar multiple (from 1 to 2.4) and TES capacity (from 0 to 10
hours), resulting in LCOE reduction from $128/MWh to $86/MWh (32.8%) for
a molten salt parabolic trough. Similarly, Wagner and Rubin [36] found changing the solar field area from 0.58 km2 to 1.05 km2 and adding 12 hours of TES
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resulted in LCOE reduction of 25%. Likewise, Zhang et.al. [35] manipulated
solar multiple and TES capacity, ultimately obtaining a 7% reduction in LCOE
with 10.5 hours storage. Engineering insights and iterative design revisions have
also used to improve CSP systems and reduce LCOE [7, 13].
Other researchers used optimization algorithms to automate LCOE mini-
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mization. For example, Morin [6] used a genetic algorithm [55] to minimize
the LCOE of a 50 MW parabolic trough CSP system with molten salt TES.
Morin manipulated the solar field area, distance between collector loops, storage size, operating temperature and pressure, resulting in a LCOE reduction
from $157.1/MWh to $147.7/MWh (6.0%). Spelling et.al. [37] used a similar
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optimization approach to consider two design objectives, investment cost and
17

LCOE, for a combined-cycle solar power tower. Sheu et.al. [12] used HFLCAL
[56] to optimize the solar field layout, and found LCOE reduction of 1% to 5%.
Despite these improvements from optimization and forecasted cost reductions, CSP technologies may remain unattractive from a LCOE-perspective rel255

ative to other renewable technologies (e.g., wind, photovoltaic). A key advantage of CSP technologies, however, is the relative ease of energy storage and
dispatchability, which is missing from LCOE. It is thus critical to analyze CSP
systems with alternate economic metrics, as we discussed next.

3. General Economic Assessments
260

In many countries and regions (e.g., North America, Europe, Australia, New
Zealand, India), electricity is completely or partially acquired through competitive markets [57]. Modern electricity markets offer revenue opportunities for
flexible energy systems by buying and selling energy or by providing ancillary
services (e.g., frequency regulation, spinning reserves and non-spinning reserves
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in the US) or both. Moreover, prices in these markets strongly fluctuate over
time and thus offer additional incentives for energy storage. Figure 4 shows
the average hourly (day-ahead market) energy price for Daggett, California and
solar irradiance for Las Vegas, Nevada for 2015. Note that, during non-summer
months, electricity prices and solar irradiance are out of phase. The lowest
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average electricity prices (20 - 25 $/MWh) occurred during the early morning
(1 - 5am) and around solar noon, whereas the highest average prices (45 - 50
$/MWh) occurred in the late evening (6 - 9pm). Thus, by utilizing TES and
having the ability of shifting electricity generation, a CSP system may approximately double its revenue. Ancillary services provide frequency and voltage

275

support to help stabilize power grids, and thus are inherently valuable, even
without competitive markets.
Several researchers have developed frameworks to optimize operating policies and estimate revenues for a variety of energy systems (e.g., CSP systems
with thermal storage, batteries, flywheels, photovolatic systems with electricity
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Figure 4: Comparison of average day-ahead electricity prices (energy) and solar irradiance for
2015. Notice that price and solar irradiance are out of phase. Market and solar data are from
CAISO (http://oasis.caiso.com/ ) and UNLV [58], respectively.
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energy storage), while considering technology specific efficiencies and physical
limitations. These frameworks are reviewed in the remainder of this section,
with an emphasis on CSP systems.
3.1. Electricity Markets and Multiple Time Scales
Electricity markets are run in a hierarchical manner to capture multiple

285

time scales. In the day-ahead market, sufficient energy and ancillary services
are procured for each hour of the next day based on the forecasted demand
minus non-dispatchable variable renewable generation. Participation in dayahead markets requires energy system operators to commit to providing energy

19

and/or ancillary services in the morning the day before. In the real-time
290

market, energy and ancillary services are procured in shorter time intervals
(e.g., five, fifteen minutes) anywhere from five minutes to a few hours in advance.
This structure is especially prevalent in the U.S. Historical market data for
energy and ancillary services from California are presented in Figures 5 and 6
to illustrate each market level. As can be seen, prices are more volatile in the
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real-time market and sometimes they become negative. This creates financial
incentives for fast and dispatchable energy systems that may quickly respond to
price fluctuations (prices commonly double or triple in the real-time market).
Moreover, energy prices are lower in the early morning and higher in the late
afternoon and evening. Storage systems may thus be used to collect energy
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at low prices and (re)sell it later, which is known as energy arbitrage or timeshifting.
Ancillary services help stabilize the electricity grid at high frequencies and
offer contingency for when scheduled generation is misaligned with net demand.
Four ancillary services are procured through markets in California: regulation
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up, regulation down, spinning reserves, and non-spinning reserves1. When an
energy system is providing regulation up and/or down, the Automatic Generator Control (AGC) layer may adjust its power output set point within the
awarded capacity every 4 seconds. Such energy systems are compensated for
both the provided regulation capacity and mileage (amount their power out-
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put setpoint changes). Spinning reserves are synchronized to the grid but do
not generate electricity. Within ten minutes of being called upon, the reserve
must deliver the full power output for 30 minute (real-time) to one hour (dayahead), depending on which market the reserve was procured in. Non-spinning
reserves have similar requirements, except the resources are not synchronized to
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the grid. Reserves are rarely dispatched, and resources are paid for the reserve
capacity even when not dispatched. The increasing adoption of intermittent
1 The

frequency regulation and reserve systems in Europe are structured differently, with

primary, secondary, and tertiary reserves [59].
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Figure 5: Comparison for energy and ancillary prices from node in CAISO near Daggett, CA
for Sunday, August 2nd , 2015, for all three market layers: Integrated Forward Market (IFM),
Fifteen Minute Market (FMM) and Real Time Dispatch (RTD). The IFM is part of the dayahead market, and schedules in 1 hour intervals. The FMM and RTD are both real-time
market processes, and schedule in 15 and 5 minute intervals, respectively.

renewable energy sources (e.g., wind, photovoltaics) is expected to grow the demand for ancillary services. For instance, regulation capacity requirements are
anticipated to increase increase by 10 to 15% if wind penetration increases from
320

5,000 MW to 15,000 MW in Texas [60]. Similarly, CAISO anticipates doubling to quadrupling regulation capacity requirements relative to current levels
for 33% renewable power generation scenarios [61]. Finally, the retirement of
coal-fired generators is anticipated to reduce the supply of ancillary services
[61], creating additional opportunities for flexible and dispatchable generation
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Figure 6: Histogram of electricity prices for all of 2015 for node near Daggett, CA. Probabilities
were calculated using a time-weighted average. The dashed lines mark the mean prices for
the entire year for each market (IFM, FMM, RTD). These figures illustrate a few common
trends: larger price variations in the fast markets, and higher average prices in the day ahead
(hourly) market and during the evening.
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systems such as CSP.
Several markets throughout the world also include government subsidies to
promote installation and operation of CSP capacity. In Spain, for instance,
operators of 50 MWe or smaller CSP systems are allowed to select once a year
between a fixed price or a market-based subsidy structure [62, 63]. Under the
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former scheme, CSP operators receive a fixed price for electricity, regardless of
the time of day. In the latter scheme, CSP operators receive the market price for
electricity plus a fixed e per kWh incentive subject to a price floor and ceiling.
Additional e per kWh subsidies are available for CSP operators using biomass
as supplemental heat sources [63]. The economic opportunities of these pricing
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schemes were analyzed in detail in [15, 62–64]. All of these studies concluded
that the market-based incentive structure offers greater revenue potential (up to
10% [62]) for carefully operated CSP systems because it captures time-varying
effects.
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3.2. Economic Assessments using Historical Data and Futuristic Scenarios
340

Scheduling-based assessment frameworks have been used to estimate revenue
potentials for other renewable energy storage technologies, including batteries
[65–70], flywheels [67], underground pumped-hydro [66] and generic electrical
energy storage [71], selling energy and/or ancillary services in competitive electricity markets. In general, these methodologies share three key components:
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(1) a mathematical model for the energy storage system, (2) a mathematical
model for electricity markets (typically based on historical data) and (3) an
algorithm or operational policy to dictate how the energy storage system operates (buys and sells) in the markets. In several studies, these three components
are combined into a numerical optimization problem to calculate the theoretical
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maximum amount of revenue available for a specific storage technology participating in a specific market [67, 69–71].
Three groups of researchers have used historical market data to assess the
economics of CSP technologies with TES. Madaeni, Sioshansi and Denholm
[17] analyzed parabolic trough CSP systems in two specific locations in the
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American West. The authors determined that providing spinning reserves (an
ancillary service) may increase average annual revenues by up to 17%, compared
to performing only energy arbitrage. The economic benefits of storage further
improved when capacity value was also considered. The authors also calculated
the breakeven capital cost for CSP systems in these two regions ranging from
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$2,500 to $5,000 per kW, as a function of solar field and storage sized relative
to the power block (110 MW). The authors concluded that no CSP systems
were economically feasible using 2010 capital costs (from [34]) in conjunction
with historical weather and market data. The authors determined, however,
that a significant spectrum of CSP sizes are economically feasible using 2020
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forecasted capital costs from [34]. Interestingly, all of the economically feasible
designs included at least one hour of thermal energy storage, emphasizing the
critical role that storage and dynamic operations play in the economics of CSP
systems.
More recently, González et.al. [63] compared parabolic trough CSP systems
23
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with optional natural gas and biomass fired backup boilers participating in the
Spanish energy spot market. Their model of the CSP process includes four
distinct operating modes (generation, off, start-up, and antifreeze) and several
operating constraints imposed by process start-up. Using historical electricity
price data from 2013, the authors increased profits 10.18% (gas fired backup) and
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12.86% (biomass fired backup) by optimizing the energy generation schedule.
The system without a backup heat source provided 107 GWhe per year resulting
in profits of 7.8 million e per year (73.5 e/MWhe average). Optimized operation
with gas-fire backup produced 120 GWhe and 8.6 million e per year (71.8
e/MWhe average) and optimized operation with biomass-fired backup produced
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130 GWhe and 8.9 million e (67.9 e/MWhe average). This study illustrates that
economic performance of CSP systems with storage is not only driven by design
but also by operating policy and, as such, both tasks need to be integrated.
Again, such integrated effects are not captured in LCOE.
Usaola [62] compared operating strategies for a 100 MW CSP system with
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6 hours of molten salt storage under three different subsidy structures in Spain.
Using 2010 prices, the author found that operating under the fixed tariff payment structure resulted in 9.14% less revenue (97 versus 107 million e) compared to non-optimal participation in the spot market (baseline case). With
optimization, revenues were improved by 1.42% and 1.33%, using a one and two
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day planning horizon, respectively. Most of the performance improvements occurred during winter, when less solar energy was available and the operational
policy was more constrained. The small increase in revenue was a consequence
of the market structure: CSP systems receive the market price plus a fixed
subsidy, subject to the price floor and ceiling. Without this subsidy, optimized
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operating policies would achieve 6.42% and 6.44% higher revenues (one and two
day planning horizon, respectively) compared against the non-optimized reference policy. With the subsidy, the CSP systems produced 328 to 337 GWhe
resulting in revenues of 97 to 109 million e per year. Without the subsidy, the
CSP system would only realize revenues of 13 to 14 million e per year. Usaola
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thus concluded (similar to Kost et.al. [15]) that the analyzed subsidy structure
24

in Spain does not properly incentivize full utilization of the thermal storage capacity, but does dramatically benefit CSP operators. This study illustrates that
guiding policy making (design of incentive schemes) without properly capturing
dynamic behavior in CSP systems (i.e., by using LCOE) is dangerous and can
405

lead to reduced opportunities for these systems.

4. Optimal Control and Operation Policies
The revenues potential of a CSP system in an energy market depends on
its operating policy (e.g., when to sell electricity and in which market) and on
the state of the system (e.g., storage level at a given time). In Section 3, CSP
410

system operating policies are approximated using coarse time discretizations
(e.g., 1 hour) and simplified (often linear) steady-state models replicated over
time. In contrast, optimal control-focused frameworks consider the (nonlinear)
dynamics of CSP systems and can predict the minute-by-minute performance.
This fidelity is necessary to properly capture dynamic flexibility and constraints.
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In addition, optimal control studies use weather and price forecasts in a rolling
horizon framework to capture the actual nature of operations. The overall goal
is to maximize revenue (or a similar objective function) over a one day or longer
horizon, by exploiting several trade-offs in the CSP system. Most notably, these
optimal control frameworks seek to sell energy (and/or ancillary services) when

420

the price is the highest, subject to the availability of solar energy and capacity of the thermal storage. In this section, we review control focused studies
and emphasize their similarities with revenue estimation methods reviewed in
Section 3.
Powell and co-workers explored control and optimal operating strategies for
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parabolic trough CSP systems with both a supplemental heat source and two
tank thermal storage with eight hours of capacity [51, 72, 73]. First, the authors studied base load generation and found the addition of TES was most
pronounced for clear days, increasing the solar energy share from 47.6% to
70.1%. In comparison, solar energy share only increased from 34.3% to 35.4%
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for cloudy days. In a follow-up study [73], Powell et.al. minimized the combination of supplemental fuel usage and pumping work, resulting in significant
system performance improvements: for intermittently cloudy days, the amount
of solar energy collected increased from 4.85 MWt to 7.25 MWt and the solar
collection efficiency increased from 44.0% to 65.7% with standard [51] versus op-
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timized operational policies, respectively. Less impressive improvements were
realized during sunny days: the total solar energy collected increased from 15.4
MWt to 16.79 MWt and the solar collection efficiency increased from 65.6% to
71.5%. For cloudy days especially, the improvements were mainly due to hybrid
mode operation for which the parabolic troughs operated at a lower tempera-
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ture to reduce radiative losses in the collectors and the supplemental burners
simultaneously provided heat to reach standard boiler operating temperatures.
Camacho et.al. [74] investigated similar operational trade-offs, and found that
as the temperature of the heat transfer fluid increased, the steam cycle efficiency
and heat losses in parabolic troughs also increased. Similarly, at higher temper-
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atures, the heat transfer fluid was less viscous and pumping work decreased. By
optimizing the heat transfer fluid temperature throughout the day, the authors
anticipated a 4% increase in solar energy production for the Plataforma Solar
de Almerı́a facility in southern Spain (parabolic trough, stratified tank thermal
storage). Unfortunately, solar energy production was used as the primary per-
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formance metric in these two bodies of work, and time-varying electricity prices
and economic metrics were not considered.
In contrast, Lizarraga-Garcia et.al. [14] studied revenue maximizing operational strategies for an integrated volumetric solar heater and thermal energy
storage system [75] with electric heaters in the storage tanks. These heaters
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enable electricity buy-back and are intended for markets where the real-time
electricity price is volatile and commonly goes negative, such as Germany and
West Texas. The latter market experienced negative prices during 23% of April
2009 [76]. For the studied system (35 MWe nominal net output capacity, 15
hours of molten salt thermal storage), the authors found the addition of 20

460

MW of electric heaters increased the capital investment by 10% ($982,000), but
26

resulted in a revenue increase of $6,600 to $7,850 per day compared against
optimal operation without electric heaters. The authors estimate a half-year
pay-off for the addition of electric heaters, but also note this design modification increased the LCOE of the system.
465

In general, these control focused studies consider detailed mathematical
models (e.g., systems of partial/ordinary algebraic differential equations) of
CSP and TES systems, which are used to identify performance enhancements
(e.g., pumping and heat loss trade-offs) and assess economic opportunities (e.g.,
electricity buy-back) at faster time scales. In contrast, the studies reviewed in
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Section 3 emphasize market rules, start-up/shutdown constraints, and economic
assessment (e.g., revenue estimation and net present value calculation). Understanding the true value of CSP systems with TES requires merging these two
types of studies and evaluating opportunities at multiple time scales.

5. Discussion
475

We review CSP techno-economic literature, and find two preferred types of
metrics: LCOE and market-based revenue (e.g., NPV, ROI, etc.). A majority of studies use LCOE as the primary metric. Although power tower and
molten salt technologies are popular in literature, there is no consensus if these
technologies provide superior LCOE values. In particular, assumptions used
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in LCOE analyses differ significantly, making comparisons nearly impossible.
In many studies that compared multiple technologies (e.g., parabolic trough
against power tower, synthetic oil against molten salt), the range of LCOE estimates typically overlapped, and the conclusions about future LCOE superiority
highly depend on the assumed cost reductions.
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We find that the value of TES capacity depends on the selected economic
metric (see Table 4). Because LCOE does not capture the economic opportunities arising from the time-varying value of electricity (which are increasing as
more non-dispatchable renewable power is absorbed in the power grid), many
studies find that storage increases LCOE (decreases value). In contrast, storage
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capacity increases the flexibility and the available revenues to CSP generators
interacting with markets. We conclude that LCOE analysis undervalues flexibility and energy storage, and does not capture novel features of emerging
technologies. As demonstrated in [14], LCOE and payback period metrics may
give divergent investment decisions for CSP design modifications. Market-based
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methods are preferred, as they are more inline with investment criteria used by
potential investors.
In baseline load operation, flexibility and storage capacity for CSP systems
is underutilized and undervalued, as reflected in LCOE analysis. In contrast,
adjusting electricity generation to follow time-varying electricity prices offers
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much higher revenue opportunities. One study found 10% higher revenues
are available through energy sales in Spanish market relative fixed tariff alternatives [62]. Another study found ancillary service provisions further boost
market revenues by 17% [17]. Additional revenues are also available at faster
timescales via real-time markets for CSP systems with sufficient dynamic flexi-
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bility [14]. Economic assessments based on market conditions are necessary to
properly value the inherent dynamic flexibility of CSP systems, and highlight
advantages relative to alternate non-dispatchable renewable technologies, such
as photovoltaics. LCOE improvments are expected to be driven by cost reductions, with small probabilities of reaching SunShot performance targets. In
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contrast, market-based assessment considers new revenue streams, and provide
many more degrees of freedom for optimization.

6. Research Opportunities
In light of the reviewed literature, we identify four unanswered questions
regarding techno-economic analysis of CSP systems participating in organized
515

electricity markets:
1. What are the economic opportunities from different market layers (timescales)?
2. What level of model detail is required to capture the flexibility of CSP
systems and accurately estimate their revenue potential from markets?
28

3. How should the design and operation of CSP systems be co-optimized?
520

4. What is the impact of uncertainty on market revenues and techno-economic
analyses for CSP systems?
We explored the first question by analyzing parabolic trough CSP systems
with TES operating in Southern California [77]. We estimate the maximium
available market revenue by optimizing the market participation and CSP oper-
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ation of these systems using historical coincidental price and meterological data.
A novel optimization strategy is developed to consider both start-up/shutdown
restrictions [78] and nonlinear performance correlations for the power block and
solar collector field [79]. This model tracks the mass and energy levels in the
storage tanks with 5 minute timestep, and is a hybrid of those considered in
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studies from Sections 3 and 4. We ultimately find only 53% to 62% of the available market revenues are accessible through sole participation in the day-ahead
market (hourly intervals). We conclude that substantial economic opportunities are only available in the real-time market (5 and 15 minute intervals), but
note most previous studies, such as [17, 62, 63], only consider slower timescale
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(hourly intervals).
In the remainder of this section we propose three research directions to
answer the above mentioned questions.
6.1. Unified Framework for Multiscale Economic Assessments
A unified framework is needed to systematically identify economic oppor-
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tunities at multiple time scales and accelerate the adoption of market-based
assessments.

LCOE calculations are simpler and standardized, which con-

tribute to their popularity. In contrast, there are a variety of optimization
models used for revenue and net present value assessments of CSP systems.
For example, a constant steam cycle efficiency was assumed in several studies
545

[14, 51, 52, 72, 73, 78, 80, 81], whereas other studies used simplified correlations
[62, 74, 82] and some extensively modeled the power block [83–85]. Similarly,
some researchers used System Advisor Model (SAM) [15, 17] or a constant energy conversion factor [52, 78, 80, 81] to tabulate solar collector output, whereas
29

other researchers considered (partial) differential algebraic equation models to
550

capture operational trade-offs in the solar collector system [51, 72–74, 86]. Some
papers considered start-up and shut-down decisions in detail [63], whereas others
consider simultaneous sale of energy and ancillary services [17, 52]. All of these
models should be compared and a standard library of models should be established. The impact of model simplifications on the quality of economic metric
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estimates needs to be quantified and balanced against the computational cost,
input data requirements, and complexity of higher resolution models. Similarly,
a library of region-specific electricity models in conjunction with aggregated
weather and price data sets needs to be assembled.
Several numerical challenges associated with the proposed unified framework
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also need to be addressed. First, start-up and shut-down models require discrete optimization variables and detailed physics-based models use nonlinear
equations. Together, this results in non-convex mixed integer nonlinear optimization problems, which are computationally challenging to solve with existing
tools. Simplifications made to overcome this complexity should be carefully jus-
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tified and assessed to maintain physical fidelity. Furthermore, optimization of
the operating policy over a long time-span, such as a month or year, significantly
increases the problem size and exacerbates the other numerical challenges. Yet
these long horizons are desirable for CSP system design problems. These two issues may be mitigated by decomposition schemes and new parallel optimization
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algorithms [87–91].
The greatest revenues are available through simultaneous participation in
both day-ahead and real-time electricity markets [77].

Although simplified

steady-state models may be sufficient for assessing economic potentials from
day-ahead markets (which typically operate with 1 hour time steps), dynamics
575

will likely be important for real-time markets (which operate on minutes time
scales). Ramp rate constrains may not accurately capture important dynamics
(e.g., changes in steam cycle efficiency) and detailed models, such as those in
[92–95], may be required. Simultaneously considering both time scales creates
additional numerical difficulties. This might explain why none of the reviewed
30
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studies except [77] consider participation in both types of electricity markets.
Economic evaluations for CSP systems may benefit from new approaches for
coupled scheduling and optimal control [96–100].
6.2. Coupled Design and Operational Policy Optimization
Design and operation are intimately coupled in CSP systems. Design deci-
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sions, such as the sizes of the thermal storage and the solar collectors, impact
the operational policy to be used and vice versa. Furthermore, revenue potential of a CSP system depends on the operational policy, available solar radiation, and market conditions. Martı́n et.al. simultaneously optimized the design
and operation of a few hybrid CSP systems tailored to conditions in southern
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Spain [83–85]. The authors designed a wet-cooled power tower CSP systems
with molten salt storage that produced between 9.5 MW (winter) and 25 MW
(summer) by maximizing energy production over an entire year. The authors
calculated electricity production costs at 0.15 e/kWh (260 Me investment),
and estimated the cost would decrease to 0.07 e/kWh by scaling up to 400MW
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capacity [83]. In a follow-up study, the authors compared these results to an
optimized air-cooled CSP system: the wet cooled system produced 6 GWh more
energy in a year (117 GWh versus 111 GWh) and required 5 Me less investment (260 versus 265 Me), but also consumed 2.1 Lwater /kWh compared to no
water consumption for the air-cooled system. This is because air-cooled sys-
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tems require more energy to run fans and blowers than the pumps in wet-cooled
systems. The authors also estimate CO2 savings of 7.39 × 104 (wet-cooled) and
7.39 × 104 (air-cooled) t/yr for the two CSP designs. Similarly, Madaeni et.al.
[17] explored the interplay between design and operation of CSP systems using
a two-step approach. The authors generated over 100 solar collector and ther-
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mal storage system size combinations and, for each of these candidate designs,
they optimized the operating policy to maximize revenue using real market data
and estimated the break even cost. Kost et.al. [15] extend this work to consider supplemental heating with natural gas and energy buyback using electric
heaters in addition to sizing the solar collector and thermal storage systems.
31
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The authors analyzed the impact of different subsidy structures on the optimal
designs and operational policies, and found that subsidies were required for CSP
investment (i.e., positive net present value). Their approach, similar to Martı́n
et.al., uses advanced optimization techniques to simultaneously manipulate the
design decisions (e.g., equipment selection and sizes) and operational policies.
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The above reviewed methodologies should be extended and improved in several ways. Most notably, averaged or typical weather data are almost exclusively
used in the analysis of CSP systems. For example, Martı́n et.al. consider a single
daily radiation profile for each month to calculate yearly performance metrics
[83, 84]. Unfortunately, by using only averaged weather data, extreme events
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are ignored and thus storage capacity is likely underestimated. Furthermore, for
markets with significant solar penetration, prices and available solar irradiance
are correlated. Using average weather data with daily market prices does not
fully capture economic opportunities for CSP systems. Instead, it is preferred to
optimize the design and operation of a CSP system over a long horizon (e.g., one
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year) while considered coincidental historical weather and market data for each
day. Long computational times for such a large optimization problem may be
addressed using a variety of decomposition methods, or by constructing smaller
representative weather-market price data sets that preserve the frequency and
severity of extreme events [7].
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6.3. Understanding the Impact of Uncertainty on Economics
At least two significant sources of uncertainty directly impact CSP operations and economics: market prices and solar irradiation. Undoubtedly, this
uncertainty impacts CSP operations and profitability. Several studies have
demonstrated the ability of TES and/or supplemental heat sources to miti-
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gate uncertainty in solar radiation and maintain electricity generation during
cloudy periods. These benefits are typically reported as increased utilization
of solar energy and/or increased capacity factor (see Table 4). Motivated by
a negative correlation between solar irradiance and wind availability, Pousinho
et.al. [52, 81] studied operational policies for hybrid wind-CSP systems. The
32
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authors estimated daily profits for 34,000 e for seven 50 MWe CSP systems
without storage in the Iberian Peninsula, compared with 75,000 e daily profit
for the same system with 14 hours of TES. Profits for the TES enabled CSP systems increased to 254,000 to 260,000 e through coordination with one hundred
nearby 2 MWe wind turbines [52]. A variety of mathematical models have been
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used to capture uncertainty in weather and price forecasts, including ARIMA
[64, 78], truncated Gaussian [82] and Weibull [52] probability distributions, and
artificial neural networks [80]. These uncertainty models are typically used in
conjunction with stochastic programming [78, 82, 101] and/or robust optimization [78, 80, 102] techniques to construct resilient CSP operating policies and
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bidding curves.
Despite this large body of work, the impacts of weather and market price
uncertainties on CSP economic evaluations is not well understood. This is
especially important, as improperly considered uncertainty may bias the impact
of economic assessments. Sioshansi et.al. [71] studied the value of forecasts for
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dispatch of large scale (order 1 GW) generic electrical storage devices in the
PJM (Pennsylvania-Jersey-Maryland) market using historical data from 2002 2007. The authors considered both perfect information (actual historical prices
in retrospect) and simple forecasts based on two previous weeks, and maximized
the revenue for the storage device by determining the optimal times to purchase
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and sell energy and ancillary services. The authors found that the forecasting
approach realized 85 to 90% of the theoretical maximum revenue but the impact
will likely change with storage size, system flexibility and market participation
(day-ahead vs. real-time). This type of analysis is critical for CSP economic
assessments using historical weather and market price data, but is typically not
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performed [14, 62].
Economic evaluations of CSP systems without a supplemental heat source
may be especially sensitive to uncertainties in weather forecasts. Due to the
nature of the day-ahead market, a CSP operator must commit to providing
energy and ancillary services approximately fifteen to forty hours in advance.
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If the operator is too aggressive and the weather is worse than anticipated, the
33

CSP system may be unable to meet its awarded bid capacities and would incur
penalties. Thus, it is likely that a CSP operator would hold back some stored
thermal energy when participating in the day-ahead market and sell this excess
energy on the real-time market in the evening after the weather uncertainties
675

are realized. The interplay between solar availability, operational policies, risk
tolerance and economic performance are largely unstudied. Although robust
optimization and stochastic programming have both been applied to manage
these uncertainties, further work is required to fully capture complexities of the
CSP system. For example, it is unclear how the approach used in [78] should
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be extended to consider two time scales for decision-making (bids into the dayahead and real-time markets) and correlations between both solar irradiance
forecast errors and market price.

7. Concluding Remarks
Electricity markets are undergoing paradigm shifts. The categorization of
685

generation technologies as “baseload” and “peaking” is outdated and being replaced with a broad spectrum of exciting new technologies with different dynamic response and flexibility capabilities. LCOE based technology comparisons
are being replaced with general economic assessment frameworks to understand
revenue opportunities from multiscale electricity market signals. Several re-
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searchers have demonstrated significant revenue opportunities for CSP systems
participating in electricity markets. We also find LCOE literature significantly
undervalues energy storage relative to the market-based studies. This is because LCOE analysis neglects the time-varying value of electricity. We conclude
that more general techno-economic assessments are necessary to understand the
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competitive advantages of CSP technologies relative to other renewable energy
sources. To this effect, we identify three research directions to improve technoeconomic assessments: i) standardization of models and methods, ii) new approaches for design and operational policy co-optimization, and iii) quantification of the impact of uncertainty and assumptions on economic assessments.
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