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Abstract—This paper considers the evolution of electricity
market design as systems shift toward carbon-free technologies.
Growth in wind and solar generation is likely to lead to
increased price volatility on diurnal and seasonal timescales. In
the standard risk-neutral optimization framework, volatility does
not pose any theoretical issues for market design. Because revenue
volatility has the potential to lead to a higher cost of capital for
investments in competitive markets, however, many observers
have questioned the viability of competitive models for resource
adequacy as wind and solar grow in importance. To assess the role
of risk management in overall market performance, we construct
a stochastic equilibrium model incorporating financial entities
as hedge providers for investors in generation capacity. Unlike
in the standard optimization framework, the cost of capital
in the equilibrium framework is endogenously determined by
interannual revenue volatility and the risk measures used by
market participants. Surprisingly, exploratory numerical tests
suggest that overall investment risk may be lower in systems
dominated by variable renewables due to reduced exposure to
fuel price uncertainty. However, changes in investment risk are
not uniform across resource types, and increased risk for peaking
and backup resources contributes to lower reliability in the
modeled future systems.

Index Terms—Equilibrium, market design, power systems,
resource adequacy, risk trading

I. INTRODUCTION

MACRO-ENERGY systems models routinely reach the
conclusion that the majority of electricity in deeply

decarbonized systems will be supplied by weather-dependent
and/or low or zero-marginal-cost resources like wind, solar,
geothermal, and nuclear power [1]. Much higher levels of wind
and solar may increase price and revenue volatility in future
electricity systems and could pose a number of challenges for
market design [2], [3], raising widespread concern that existing
market structures will not support an efficient transition [4].
To a large degree, this skepticism represents a continuation
of a longer-standing debate about the degree to which mar-
ket operators can rely on decentralized investment decisions
made by producers and consumers of electricity to lead to
an efficient and reliable system. To date, very few systems
have fully embraced the logic of competitive markets. Many
areas remain vertically integrated, with generation capacity
centrally planned and subject to rate regulation, while most
nominally competitive systems place mandatory procurement
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requirements on retailers to ensure resource adequacy, e.g.,
through a centralized capacity market [5].

Growing discontent with the performance of these manda-
tory procurement requirements has prompted discussion of
what might replace them. The underlying issue is that, due
to flaws in short-term price formation, most energy markets
fail to produce high enough prices to support investment over
the long run. Without the threat of high prices, consumers of
energy have insufficient incentive to enter forward contracts
with generators, necessitating some form of mandatory pur-
chase obligation. Accordingly, for advocates of a decentralized
approach to resource adequacy, the first step is ensuring prices
in the short-term markets that are strong enough to avoid the
need for a separate resource adequacy construct [6]. The most
forceful arguments for a centralized mechanism, meanwhile,
also recognize that such prices are an important input to
designing coherent long-term mechanisms [7], [8]. Others
contend, however, that as a practical matter many jurisdictions
will simply be unwilling to sustain the high scarcity prices nec-
essary to make a decentralized model successful, necessitating
a more direct approach to long-term procurement.

This paper proposes a model and conducts exploratory
numerical tests to consider how the terms of this long-
standing debate may change with a transition to carbon-free
technologies. In the analytical framework descending from [9],
the central logic of idealized competitive markets is invariant
to technology [10]. However, embedded in that analytical
framework is the assumption that the cost of capital for
investors is invariant to revenue volatility. Given the effort
expended on arranging contracts to ensure stable revenues
for project finance, it would be surprising if this assumption
held in practice. In this context, while restoring full-strength
scarcity prices is necessary to the success of a decentralized
framework, it is not sufficient. Success hinges on the pres-
ence of financial markets enabling risk trading over the long
durations required for financing new assets. Since modeling
of systems with high levels of variable renewables typically
projects greater price volatility, it may be hypothesized that
markets in risk will grow in importance as the technology mix
changes. Correspondingly, the effect of incomplete markets in
risk could be amplified in the future, motivating regulatory
interventions to encourage or mandate risk sharing.

Our approach is as follows. First, we construct an opti-
mization model of an energy-only electricity market in the
mold of [9], with the cost of capital exogenously speci-
fied. Next, building most directly from [11], we construct a
stochastic equilibrium model describing a market with risk-
averse investors and incomplete risk trading, in which the
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cost of capital is endogenously determined by the distribution
of input random variables, the risk measures used by market
participants, and the types and level of risk trading included.
Using 18 years of data from the Electric Reliability Council of
Texas (ERCOT), we then calibrate both stylized models so that
they each result in a capacity mix resembling the more detailed
optimization modeling of ERCOT given in [12]. Having tuned
the equilibrium model in this way to identify plausible risk
measures and trading volumes, we then modify the input costs
of the resources available to the system to produce future
scenarios with dominant shares of wind and solar power.
The “constant cost of capital” optimization model is in effect
guaranteed to succeed with these future technology costs. Our
goal is to assess whether an increase in investment risk leads
to degradation of consumer surplus in the “endogenous cost
of capital” equilibrium framework.

As expected, thermal resources see a higher cost of capital in
the future cases due to greater concentration of inframarginal
rents in fewer of the modeled weather years. This concen-
tration of net revenues leads to greater investment risk for
these resources, less installed capacity, and lower reliability in
the future cases. Surprisingly, however, fleet-wide investment
risk actually decreases with the future technology costs under
the calibrated parameters. Wind and solar see a lower cost
of capital, as their exposure to fuel price risk diminishes
with thermal resources setting prices less often. Since the
clean technologies receive the majority of capital investment
in the future cases, the net effect is a reduction in the total
risk premium paid by consumers. Caution is warranted in
interpreting these modeling results, which we do not expect to
be fully general. More important than the results themselves
is our effort to be precise about the assumptions required to
achieve them. With this precision, we hope to add nuance to
debates about whether markets will “break and thus require
a fundamental rethink” [10] in the transition to carbon-free
resources. In our results, the market can hardly be described
as broken: consumer surplus in the equilibrium, incomplete
markets framework increases relative to what we would expect
in the optimization framework. At the same time, the results
indicate growing challenges to ensuring resource adequacy in
a market context and invite further analysis on different test
systems or using different assumptions.

Perhaps the most important caveat for interpreting the
results is that, in calibrating to the optimization results of [12],
our study assumes by design that risk is manageable in current
energy-only markets. The belief that current decentralized
markets achieve efficient levels of reliability is by no means
universally shared, and has received even more scrutiny in the
wake of the shortages experienced in ERCOT during severe
weather in February 2021. With a similar modeling approach
to this paper’s, [13] argues that the implied cost of capital for
incremental investments protecting against rare “tail events”
may be substantially greater than that assumed for typical
investments in generation capacity.

At least four areas for further inquiry emerge from the
study. First, in both the present and future mixes, annual
revenues for peaking generators in energy-only markets exhibit
substantial positive skewness. It is thus important to refine

estimates of how the distribution of revenues may evolve
over time, as well as how investors may respond. Second,
if estimates of the value of lost load (VOLL) are held
constant, a shift to variable technologies implies that it is
efficient to shed firm load more often than in present systems
despite significant growth in responsive demand. An increase
in the VOLL to compensate would lead to an increase in
skewness of annual generator revenues. Third, most modeling
indicates that managing risks in systems reliant on variable
technologies depends on aggregating a large portfolio of
assets with diverse performance characteristics. A financial
consequence is that there may be greater benefit to multilateral
risk sharing mechanisms in future energy markets, as opposed
to the bilateral hedging mechanisms which are dominant
today. Fourth, while the discussion focuses on the viability
of decentralized approaches, it is likely that many systems
will continue to use some form of centralized mechanism
for resource adequacy. Since the success of any centralized
approach will rely in part on its ability to efficiently allocate
risk across market participants, the modeling approach could
be useful in the context of designing such a mechanism. Since
current centralized capacity mechanisms offer an incomplete
set of risk hedging products [11], they may not adequately
support systems dominated by low-carbon resources.

Section II describes the strongest arguments for why some
form of central planning may be required for resource ad-
equacy in electricity markets. The “constant cost of capital”
optimization model is developed in Section III, followed by the
“endogenous cost of capital” equilibrium model in Section IV.
Results of the numerical study are discussed in Section V, and
Section VI concludes.

II. RISKS TO THE DECENTRALIZED FRAMEWORK

A common but imprecise statement of the primary concern
about the future viability of competitive electricity markets
is that, since the clearing price of electricity is determined
by marginal cost and the marginal cost of wind and solar
is zero, the growth of these resources (along with other
zero- or low-marginal-cost resources such as geothermal and
nuclear power) will cause electricity prices to collapse and
lead to insufficient incentives for future deployment of needed
resources. This line of reasoning is incomplete for two reasons.
First, while it is clear that wind and solar lead to lower prices
when their output is high, both theoretical and empirical evi-
dence suggests that their effect on average prices is muted [14].
Second, in the basic model of theoretically ideal markets [9],
if prices fall below the level required to support deployment
of a resource, it simply indicates that the resource in question
is not needed by the system. In this context, several authors
have made the observation that variability and zero (or even
negative) marginal costs do not change the logic of idealized
competitive markets [6], [10], [15].

More precise versions of the concern therefore focus on
ways in which the expansion of wind and solar could exacer-
bate imperfections already present in real-world implementa-
tions of the theoretical ideal. Three possible lines of argument
are as follows:
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1) Due to price and offer caps used to mitigate market
power, as well as the difficulty of pricing intertemporal
constraints and certain actions taken by system operators
to guarantee reliability, prices in energy markets are
suppressed below the level needed to support an efficient
capacity mix [16]. Growth of variable renewables could
exacerbate this suppression, leading to greater reliance
on supplementary revenue streams to ensure resource
adequacy [14]. Existing resource adequacy constructs
may not be equipped to the task of supporting a tran-
sition because they preferentially support financing of
technologies with higher marginal costs [11], do not
adequately address the need for flexibility [17], and may
be more subject than short-term markets to pressures
of deregulatory capture [18], through which incumbents
can steer market rules to their own advantage [19].
Designing resource adequacy mechanisms that resolve
these issues without fixing the underlying flaws in short-
term price formation amounts to a new form of centrally-
organized integrated resource planning. In this context,
skepticism about the future viability of markets equates
to a belief that systems will fail to address underlying
flaws in short-term price formation.

2) If markets do manage to address flaws in short-term
energy market prices, it could imply a substantial in-
crease in investment risk. Modeling of energy-only
markets regularly shows that annual revenues exhibit
extreme positive skewness, with investors recovering
fixed costs in a relatively small number of hours of
supply scarcity [12]. Projections of systems with high
levels of renewables predict an increased frequency of
these scarcity events [20]. Given the risk associated with
such positive skewness, restoring price volatility without
ensuring conditions for long-term risk sharing could
lead to a higher cost of capital for investors and poor
market outcomes overall [21], [22]. Given that regulators
may hesitate to rely on what some might consider
irrational exuberance to guarantee resource adequacy, it
is important to understand attitudes toward risk and the
health of markets for risk trading.

3) Even if an optimal long-run capacity mix would heavily
feature variable renewables, decarbonization ambitions
may dictate a pace of transition that is faster than would
occur on normal investment timescales. This mismatch
could imply persistent out-of-market policy support for
multiple technologies, leading to a question of whether
markets as currently designed will be the most efficient
way to attract investment in resources that do not enjoy
current policy support [4]. While we do not directly
address this question in the present article, it bears
mentioning that out-of-market subsidies do not pose
any issues in partial equilibrium models incorporating
a constant cost of capital: when a new subsidy regime
is incorporated, the market simply shifts to a new
equilibrium incorporating the lower prices implied by
the subsidies, similarly to how equilibrium adjusts to
changes in fuel or technology costs. While this shift
may entail distributional consequences, reduced input

costs cannot degrade total surplus within the market.
Accordingly, skepticism about the viability of a residual
market for unsubsidized resources instead rests on the
possibility that the threat of future subsidies to competi-
tors will exacerbate the uncertainty in future revenues
for unsubsidized resources, leading to an increase in the
hurdle rate for investors.

Our focus is on the second of these arguments. Since
the introduction of competitive markets, substantial effort has
gone into understanding the impact of long-term contracts for
risk sharing on market outcomes, leading to a rich literature
on stochastic equilibrium models with incomplete financial
markets [11], [23]–[27]. Consumers of electricity, and the
retailers that serve them, are exposed to price risk in the
opposite direction from generators and would in principle
be natural counterparties for long-term contracts. However,
asymmetric information, transaction costs, and other frictions
can prevent an ideal risk allocation between buyers and sell-
ers [28]. While the phenomenon of insufficient demand-side
interest in hedging is common to all commodity markets [29],
it may be particularly acute in electricity because retailers have
downside protection in the form of rolling blackouts, which
reduce their obligations in scarcity events [30]. In energy-
only markets like the Electric Reliability Council of Texas
(ERCOT) and the Australian National Electricity Market, one
solution to insufficient hedging has been a shift toward vertical
integration, with companies operating both generation assets
and a competitive retail entity [31]. Instead of contracts with
loads or retailers, marginal entrants into the capacity mix in
US markets are typically supported by hedging arrangements
with banks [32], [33].

The key differences between our model and those in the
prior literature on stochastic equilibrium stem from these
observations. The first difference is that financial institutions,
rather than loads or retailers, act as hedge providers for
marginal investors in generation. The main consequence of
this modeling choice is to ensure that generators and storage
sacrifice some expected return when they enter into contracts.
A second difference is our effort to include a broader variety
of contract forms tailored to the resources in the market, as
observed in real-world markets. A third difference is the in-
clusion of electricity storage (e.g., batteries), which introduces
intertemporal constraints that complicate the identification of
an equilibrium. The fourth difference between our model and
prior stochastic equilibrium models is scale: we include 18
years of hourly data on demand, wind, and solar availability
in our numerical examples (for 18 · 8760 = 157, 680 hours),
relative to the 89 representative time periods used in [11].

Two separate lines of argument for mandatory long-term
contracts beyond that pursued in this paper warrant mention.
The first emphasizes their potential to reduce incentives to
exercise market power in the short term [34]. While we
assume perfect competition through this paper, a transition
to variable and opportunity-cost based resources is likely to
also have implications for the future evolution of strategies
for market power mitigation. The second, motivated by the
electricity crisis in ERCOT in February 2021, is that such
contracting may improve resilience to extreme events. For an
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uncontracted generator, a failure to produce during scarcity
events leads to large lost opportunity costs but zero cash flow;
for a contracted generator, a failure to deliver on obligations
leads to concrete penalty payments. Assuming risk aversion,
a contracted generator may therefore be more likely to take
steps to guarantee availability during scarcity [13].

III. CONSTANT COST OF CAPITAL MODEL

Here we formulate a two-stage stochastic program de-
scribing a capacity expansion problem in which investment
decisions are made in the first stage and operational decisions
for one year in the second. Uncertainty comes from two
elements. The random vector CEN , with scenarios indexed by
f ∈ F , incorporates the fuel cost of each technology, while the
random vector (A,Dfix), with scenarios indexed by s ∈ S ,
indicates the availability of each generator as well as the non-
price-responsive load in each hour of the year. These sources
of randomness are assumed to have finite support, and we
indicate the probability of scenario (f, s) with pfs.

A. Dispatch

We begin by defining a perfectly competitive economic
dispatch problem covering one year of operations with the
outcomes of all random variables known, i.e., the second stage
of the problem. Several simplifications to the true operational
problem are made for the sake of computational convenience
in the equilibrium model developed in Section IV. To avoid
defining extra notation for features that could be more readily
added in the optimization setting, we mention these simpli-
fications here. First, a single agent will be responsible for
investment and financial trading decisions for each technology.
Second, the model represents load as a single entity and
omits unit commitment constraints and ramping constraints
for generators, as well as conversion losses for storage. Third,
decisions within the operational stage are made with perfect
foresight. Given these simplifications, we do not provide
a detailed description of the hourly prices arising in the
modeled systems; price duration curves in future systems are
investigated in more detail in [35] and [36]. Instead, given our
interest in long-term investment decisions, the primary intent
of the model is to capture the distribution of annual revenues.
While we assume these simplifications have limited impact
on the timescale of interest, understanding the importance
of each of these for price formation and price volatility is
an important area for further work. Alternative approaches
to modeling investment equilibria, such as the agent-based
simulation proposed in [37], may offer a more promising
route to including more detailed operational constraints in the
analysis.

1) Notation:
Sets:

f ∈ F : set of scenarios for fuel prices
g ∈ G: set of all generation technologies
j ∈ J : set of all storage technologies
i ∈ I = G ∪ J : set of all technologies
s ∈ S: set of scenarios for generator availability and
demand profiles

t ∈ T : set of time periods
Parameters:

B: value of non-price-responsive load ($/MWh)
ĈINV

i : investment cost for technology i, annualized at
exogenous cost of capital ($/MW)
Dres

t : amount of price-responsive demand, which bids at
a value declining linearly from B to 0 (MW)
Lt: length of time period t, assumed to be one hour (hr)
Qj : conversion factor for duration of storage j
(MW/MWh)

Scenario-specific parameters (i.e., realizations of random vari-
ables):

Agst: availability of generator g in time period t under
profile scenario s (%)
CEN

fg : marginal cost for generator g under fuel price
scenario f ($/MWh)
Dfix

st : baseline level of non-price-responsive load in time
period t in profile scenario s (MW)

First-stage decision variables:
xi: quantity installed of technology i (MW)

Second-stage decision variables:
ygt: production by generator g in time period t (MW)
zjt: net injection from storage j in time period t (MW)
wjt: state of charge for storage j at end of time period t
(MWh)
dfixt : non-price-responsive demand cleared in time period
t (MW)
drest : responsive demand cleared in time period t (MW)

2) Formulation: The second-stage problem is a year-long
economic dispatch given first-stage investment decisions x,
with Hfs denoting the total surplus given scenarios f for fuel
price and s for generator availability and demand. The model
is stated as follows:

(ED)fs

max
d,w,y,z

Hfs =
∑

t∈T LtB
(
dfixt + drest − (drest )2/(2Dres

t )
)

−
∑
t∈T

∑
g∈G

LtC
EN
fg ygt (1a)

s.t.

dfixt + drest =
∑
g∈G

ygt +
∑
j∈J

zjt ∀t ∈ T (1b)

0 ≤ ygt ≤ Agstxg ∀g ∈ G, t ∈ T (1c)
wj,t−1 − Ltzjt = wjt ∀j ∈ J , t ∈ T (1d)
0 ≤ Qjwjt ≤ xj ∀j ∈ J , t ∈ T (1e)
− xj ≤ zjt ≤ xj ∀j ∈ J , t ∈ T (1f)

0 ≤ dfixt ≤ Dfix
t ∀t ∈ T (1g)

0 ≤ drest ≤ Dres
t ∀t ∈ T . (1h)

The objective in equation (1a) includes a quadratic term
describing the value of price-responsive load (elastic demand)
and linear terms for the value of non-price-responsive load
(emergency involuntary demand curtailment or rolling black-
outs) and the cost of producing power. Equation (1b) enforces
power balance, while Eq. (1c) limits generators to produce no
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more than the amount available given the installed capacity
and the realization of the random variable Agst. With an
appropriate adjustment for the state of charge at the beginning
of the year, equations (1d) and (1e) ensure consistency for
the state of charge of storage. To limit end-of-horizon effects,
Eq. (1d) is defined to be circular in numerical tests. The lone
storage technology included in the numerical tests is a 1-hour
battery, such that the net injection from storage in any hour
is limited by its state of charge. Accordingly, the redundant
constraint in Eq. (1f) can be dropped in our numerical tests.
While this choice was made primarily for computational
convenience, initial tests suggested that the energy rating of the
storage resource dominated its total value in future systems;
accordingly, with appropriate unit conversions, the modeled
resource could be interpreted in terms of its cost per MWh.

B. Capacity expansion

Employing the variable Hfs defined in Eq. (1) as the surplus
arising in the second stage of the problem, the full capacity
expansion problem can be written as follows:

(OP ) max
x≥0

−
∑
i∈I

ĈINV
i xi +

∑
f∈F

∑
s∈S

pfsHfs. (2)

Here the parameter ĈINV
i indicates an annualized invest-

ment cost using an estimated weighted average cost of capital.
Replacing Hfs with the objective function from (ED)fs and
adding constraints for each scenario (f, s) gives a convex
quadratic extensive form stochastic program. While we omit
network constraints, the linear approximations of network
flows typically used for electricity market clearing and analysis
preserve convexity. Due to the assumed convexity, it can
readily be shown that prices λfst, calculated as the dual
variables associated with the power balance constraints in
Eq. (1b), provide the correct amount of revenue to support an
optimal solution to model (2). Since the marginal cost CEN

fg

and generator availability Agst are simply parameters in this
model, this result does not change with the introduction of
zero-marginal-cost or variable generators.

IV. ENDOGENOUS COST OF CAPITAL MODEL

In this section we modify the model in [11] to construct a
two-stage stochastic equilibrium model that offers a different
interpretation of the cost of capital. Instead of using an ex-
ogenous estimate, the model computes an endogenous cost of
capital that results from the risk-free rate, underlying volatility
in net revenue (i.e., revenue minus operating cost), the risk
preferences of investors and financial traders, and the results of
any financial trades. If we were willing to assume that markets
include a complete set of instruments for long-term risk trading
with no transaction costs, this equilibrium problem could be
reformulated as a risk-averse optimization problem [24], [25].
Instead, we specify a small set of instruments with constrained
transaction volumes. While real-world projects encounter a
much broader set of risks, the model includes only risk arising
due to the volatility of prices in the spot market.

Generation
Investors

Market
Operator

Load-
Serving
Entities

Hedge
Providers

1

2 3

4

5

Fig. 1. Relationship of agents in the equilibrium model. Solid lines (1), (2),
and (3) represent explicit financial transactions, whereas dashed lines (4) and
(5) represent implicit trades that may affect the risk parameters calibrated
in our numerical study but are not directly modeled. A consequence of the
chosen structure is that the decisions of marginal entrants into the capacity
mix are driven by the risk preferences of the hedge providers.

Figure 1 depicts the overall structure of the equilibrium
model described in this section. We highlight a key structural
difference from the prior literature in that the risk preferences
of end consumers are not explicitly modeled. Instead, the risk
attitudes of hedge providers (e.g., banks) with no other mod-
eled exposure to electricity prices heavily influence contract
prices and therefore investment decisions.

A. Contracts

In order to reduce the risk of investments made in the first
stage, investors in generation and storage can trade a variety
of instruments that settle against the spot prices that arise in
the second stage. Here we define a set of contracts K. Let
λfst be the price of energy in hour t given fuel price f and
profile s, calculated as the dual variable corresponding to the
power balance constraint in Eq. (1b), and let ηkfs represent the
payout of contract k ∈ K given this scenario.

The numerical studies use three classes of contracts. While
real-world investors can combine different instruments, to
simplify interpretation we specify one contract tailored to the
risk profile of each technology. A heat rate call option [32],
also called a spark spread option, is employed for the thermal
technologies and gives the purchaser the right to buy power
from a generator at a price that tracks its underlying fuel cost.
When k indexes a heat rate call option covering all hours for
generator g, the payout is calculated

ηkfs =
∑
t∈T

Lt max{0, λfst − CEN
fg }. (3)

A unit contingent contract, used for the variable technologies,
is a futures contract in which the volume of the trade tracks
the availability of sun or wind at the given location. When k
indexes a unit contingent contract for generator g that pays
price λk, the payout is calculated

ηkfs =
∑
t∈T

AgstLt(λfst − λk). (4)
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A revenue put, defined for storage resources, guarantees a
minimum net revenue from energy sales over the course of
a year. With µfjst as the dual variable corresponding to the
state of charge constraint in Eq. (1e), annual net revenue per
unit of storage j under scenario (f, s) can be calculated as
πfjs =

∑
t∈T µfjst. Then, when k indexes a revenue put

for storage technology j guaranteeing net revenue at the level

¯
CINV

j , the payout is calculated

ηkfs = max{0, CINV
j − πfjs}. (5)

B. Market participants

We construct models for two classes of market participants:
investors in generation and storage and providers of hedge
contracts. The risk attitude of market participants is charac-
terized by a weighted sum of the expected value of profit,
with weight β, and conditional value at risk (CVaR) of the
α-level tail of profit, with weight 1 − β. This convex com-
bination is a coherent risk measure, facilitating its inclusion
in a mathematical optimization model [38], [39]. Investors in
generation and storage resources solve a linear program to
determine a quantity of financial contracts that maximizes risk-
adjusted profit, while hedge providers solve a linear program
that prices these contracts. The models incorporate generator
and storage capacities, dispatch outcomes for each scenario,
and contract prices and payouts as fixed parameters in these
models. We define notation here that will be used by both
classes.

1) Notation:
Sets:

a ∈ A: set of market participants
h ∈ H ⊂ A: set of hedge providers
k ∈ K: set of contracts

Parameters:
αa: tail probability at which CVaR is evaluated by market
participant a, 0 < αa ≤ 1
βa: weight given to expected value in risk measure for
market participant a, 0 ≤ βa ≤ 1
ρa: risk measure for market participant a

¯
vka , v̄

k
a : minimum and maximum volume of contract k to

be purchased or sold by market participant a (MW)
pfs: nominal probability of scenario (f, s)

¯
CINV

i : investment cost for technology i, annualized at
risk-free rate ($/MW)

Provisional parameters (i.e., values calculated by other
agents):

λfst: price of energy in hour t under scenario (f, s)
($/MWh)
πfis: operating profit for generation or storage resource
i under scenario (f, s) ($/MW)
ηkfs: payout of contract k under scenario (f, s) ($/MW)
φk: price of contract k incurred in the first stage ($/MW)

Variables:
vka : volume of contract k purchased or sold by market
participant a (MW)
ra: auxiliary variable equal to VaR for market participant
a at the optimal solution ($)

uafs: surplus for market participant a under scenario (f, s)
($)
ua+fs : auxiliary variable used in calculation of VaR ($)

2) Investor model: We distinguish between different agents
by using i ∈ A for investors in generators and storage and h ∈
A for hedge providers. In the case of generation and storage,
a single agent will be responsible for each technology. Given
the assumption of perfect competition, the resulting decisions
are equivalent to those that would arise from a large number
of identical firms. The problem faced by project investors is
stated as follows:

(INV )i

max
vi,ui,ui+,ri

ρi = (1− βi)
[
ri − 1/αi

∑
f∈F

∑
s∈S pfsu

i+
fs

]
+ βi

∑
f∈F

∑
s∈S

pfsu
i
fs

 (6a)

s.t.

uifs = −
¯
CINV

i xi −
∑

k∈K v
k
i

(
φk − ηkfs

)
+ πfisxi

∀f ∈ F , s ∈ S (6b)

ri − uifs ≤ ui+fs ∀f ∈ F , s ∈ S (6c)

0 ≤ ui+fs ∀f ∈ F , s ∈ S (6d)

¯
vki ≤ vki ≤ v̄ki ∀k ∈ K. (6e)

Investors maximize a convex combination of CVaR and
expected value of profit. Constraint (6b) calculates profit in
every scenario resulting from the sale of contracts in the first
stage and energy in the second. Net revenue from operations
πfjs was previously defined for storage for use in Eq. (5). For
generator g, with νfgst as the dual variable to the maximum
generation constraint in Eq. (1c), operating profit under sce-
nario (f, s) can be calculated as πfgs =

∑
t∈T Agstνfgst.

Constraints (6c) and (6d) determine the value of auxiliary
variables used in the CVaR calculation. Constraint (6e) sets a
maximum volume that can be bought or sold for each contract
and guarantees that the investor problems are bounded.

3) Hedge provider model: Characterizing the supply of
hedge contracts is a complicated problem. Whereas the “com-
plete trading” benchmark assumes Arrow–Debreu securities
corresponding to each possible state of the world, we instead
limit the set of contracts to a smaller set drawn from the classes
defined in Section IV-A. Our approach is to assume we can
identify the marginal hedge provider for each contract and set
contract prices equal to the marginal risk-adjusted value of the
contract to that hedge provider’s portfolio, as measured by a
coherent risk measure ρh. The hedge provider’s problem is
stated as follows:

(HED)h

max
uh,uh+,rh

ρh = (1− βh)
[
rh − 1/αh

∑
f∈F

∑
s∈S pfsu

h+
fs

]
+ βh

∑
f∈F

∑
s∈S

pfsu
h
fs

 (7a)

s.t. uhfs = −
∑
k∈K

vkh
(
φk − ηkfs

)
∀f ∈ F , s ∈ S (7b)
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rh − uhfs ≤ uh+fs ∀f ∈ F , s ∈ S (7c)

0 ≤ uh+fs ∀f ∈ F , s ∈ S (7d)

¯
vkh ≤ vkh ≤ v̄kh ∀k ∈ K. (7e)

Models for the investors and hedge providers differ in that
the investment cost and operating profit in Eq. (6b) do not
appear in Eq. (7b). Inclusion of risk-averse consumers creates
an interpretation challenge in previous stochastic equilibrium
models of capacity expansion, since it is not clear in advance
which agent’s risk attitude will drive the results. Our model
makes the simplifying assumption that the marginal hedge
provider has no other exposure to electricity prices. In princi-
ple, a more detailed model could be constructed with hedge
providers acting as an intermediary between generators and
retailers and loads. For our purposes, the important outcome is
that the net position of hedge providers is such that generators
will pay a risk premium in order to enter into contracts, and
that the size of this premium will grow with the volatility of
the underlying revenue stream.

A second difference is that contract volumes enter the hedge
provider model as exogenous parameters determined by the
solutions to the investor models, rather than decision variables.
Instead of seeking a set of prices that clears the financial
markets, the algorithm enforces consistency in volumes and
then finds an implied price. Solving a risk-averse problem
with a coherent risk measure is equivalent to solving a risk-
neutral problem in which nominal scenario probabilities have
been adjusted to place more weight on scenarios with negative
outcomes [38]. In the hedge provider model, the CVaR cal-
culation identifies the worst (100 · α) percent of second-stage
outcomes and gives higher weight to those scenarios. When
scenario utility uhfs is within the α-level tail of profit, Eq. (7c)
is binding and the dual variables τfs can be used to calculate
this adjusted weighting. The marginal risk-adjusted value θk

of contract k to hedge provider h can then be calculated as

θk =
∑
f∈F

∑
s∈S

(τfs + βhpfs)η
k
fs. (8)

C. Solution approach

Given perfect competition, equilibrium requires that the spot
market clears in every hour of every year-long scenario, finan-
cial trades are balanced, and the risk-adjusted profit ρi = 0
for every technology. Algorithm 1 describes the decomposition
approach used to identify capacity quantities x and contract
prices φ that solve the equilibrium problem, which we label
(EQ). Tolerance δ is used as a stopping criterion for capacity
quantities, while ε is used for contract prices. As in [11],
the outer loop updates capacity quantities using the step size
parameter γ, while the inner loop sets contract prices. Relative
to [11], however, identification of contract prices is simplified.
By constructing the system such that each specific contract
is only offered by one hedge provider and defining the sets
Kh ⊆ K to contain the contracts offered by hedge provider
h, contract prices φk can be set equal to the marginal risk-
adjusted value θk for the relevant hedge provider.

Although convergence cannot be guaranteed, we were able
to obtain solutions with near-zero risk-adjusted profit by exper-

Algorithm 1
Input: An instance of (EQ) defined by models (ED),

(INV ), and (HED).
Output: near-equilibrium solution to (EQ)

define γ, δ, ε > 0; let ρa = 0 ∀a ∈ A; initialize x, φ
loop outer
xi ← max{0, xi + γρi/

¯
CINV

i } ∀i ∈ I
solve (ED)fs; update λfst, πfis, ηkfs∀(f, s) ∈ F×S, k ∈
K
loop inner

solve (INV )i ∀i ∈ I
vkh ← −

∑
i∈I v

k
i ∀h ∈ H, k ∈ Kh

solve (HED)h; update θk ∀h ∈ H, k ∈ Kh

if maxk∈K|φk − θk| < ε then
break

else
φk ← θk ∀k ∈ K

end if
end loop
if maxi∈I |ρi| < δ then

return x and φ
end if

end loop

imenting with the step size γ. While the models are a heavily
stylized representation of reality, they are nevertheless far more
complicated than the narrow cases on which uniqueness of
equilibria can be shown [27]. While we performed limited tests
from different starting points in an attempt to identify alternate
equilibria, the potential for multiple equilibria remains an
important topic for further inquiry [40].

V. NUMERICAL STUDY

To assess the importance of risk trading to investment
outcomes, we construct a test system using 18 years of
wind, solar, and load data for ERCOT with hourly resolution.
Historical demand is for years 2002-2019 is from ERCOT,
while wind and solar time series are simulated output from
Renewables.ninja derived from reanalysis models and satellite
observations [41], [42]. Solar irradiance data is converted
into power output using the Global Solar Energy Estimator
model [43] and wind speeds are converted into power output
using the Virtual Wind Farm model [44]. We produce two wind
time series to capture differences in prevailing wind patterns
across the state: one representing the average of capacity
factors at three locations across the interior portions of Texas
and one representing the average of three sites along Texas’s
Gulf Coast. One solar series consists of the average of capacity
factors at three sites across the state. These 18 years constitute
the scenarios indexed by s ∈ S. We use two scenarios for fuel
prices, giving a total of 36 year-long second-stage scenarios.

The coastal wind, interior wind, and solar resources are
supplemented by three dispatchable or “firm” resources: a
baseload technology (e.g., combined cycle gas turbine), peak-
ing technology (e.g., open cycle gas turbine), and a high-
marginal-cost backup technology (e.g., demand response),
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each of which are assumed to have availability Agst = 0.95.
Given this simplification, the model underestimates the po-
tential for scarcity prices arising from correlated thermal
outages or contingencies. The system also includes a 1-hr
storage technology; since results are driven by the energy
capacity needs, rather than the charge/discharge power rating,
the choice of duration is less important than the assumed
capital cost.

By changing the investment and fuel costs of the input
technologies, we create three cases: the first a base case aimed
at approximating the current mix observed in the system,
the second with a high variable renewable energy (VRE)
share of total energy, and a third removing the baseload and
peaking technologies entirely, leading to an extreme VRE
contribution. Given the stylized nature of the model, it should
be understood that neither the high-VRE nor the extreme-
VRE case is intended to be a projection of future outcomes.
Moreover, since the base case is trying to approximate the
current mix, which is rapidly changing and cannot be said to
be in a long-run equilibrium, costs in the base case do not
reflect the actual cost of recent projects. Given these caveats,
our discussion emphasizes the directional impacts that high
levels of VRE could have on financial and reliability outcomes
rather than assessing the magnitude of those impacts.

Seven financial contracts are defined corresponding to the
seven technologies: unit contingent contracts for each of the
variable resources, heat-rate call options for each of the three
firm generators, and a revenue put for the storage technology.
To allow greater control in the model, technologies are limited
to only trading the contract specifically designed for them; i.e.,

¯
vki = v̄ki = 0 for all other contracts. The value of lost load B =
$9, 000/MWh, and the quantity of responsive demand Dres

t =
500 MW. In general, higher levels of responsive demand can
reduce price volatility [35]. Given that one interpretation of our
modeled backup resource is as demand response, we limit the
assumed price-responsive demand to this relatively low level
(500 MW) and then allow the model to determine how much
additional backup resource capacity is installed endogenously.

The models are implemented in AMPL and solved using
Gurobi.

A. Two representations of the current mix

To construct a base case, our goal was to identify plau-
sible values for risk parameters α and β, trade limits

¯
vki

and v̄ki , investment costs
¯
CINV

i , and energy costs CEN
fg to

lead to outcomes similar to those resulting from the detailed
modeling of ERCOT performed in [12]. Three outcomes are
particularly important for our purposes: the distribution of
annual net revenues, expected unserved energy, and the total
share of energy provided by VRE. We choose αi = 0.1
and βi = 0.4; in project finance terms, this risk measure
can be interpreted as arising from risk-averse debt investors
supplying 60% of capital and risk-neutral equity investors
providing the remaining 40%. A single hedge provider uses
αh = 0.9 and βh = 0.2, with values chosen such that hedge
providers will apply a discount to the top ten percent of
outcomes. We model illiquidity in the financial markets by

limiting trade volumes for each contract to 60% of installed
capacity for each technology; alternatively, this limit can be
seen as a way for the two-stage model to reflect the fact that
contracts typically cover only some fraction of a project’s
life. The value of 60% was chosen to calibrate the level of
expected unserved energy in the base case of our model to that
of [12], and is binding for all resources in all of our numerical
examples. In general, tightening this constraint would lead
to greater unserved energy and reduce consumer surplus in
equilibrium [26]. Input cost parameters for the six generation
technologies in the base case are shown in Table I. Investment
costs

¯
CINV

i and energy costs CEN
fg are tuned such that solving

(EQ) with the chosen risk and trading parameters results in
a mix approximating the present ERCOT system.

In the perfectly competitive, risk-neutral optimization set-
ting of model (OP ), investors would add capacity until the
expected net revenue of each technology precisely matched
the upfront investment cost. In the solution to model (EQ),
expected net revenue for technology i, i.e., operating prof-
its before accounting for hedging, can be calculated as∑

f∈F
∑

s∈S pfsπfis. Since investors are risk-averse and pay
a risk premium on hedging contracts, this value must be greater
than the investment cost

¯
CINV

i used in model (EQ) and
implies an estimated weighted average cost of capital (WACC)
for the investment. Using this expected net revenue as the
investment cost ĈINV

i in model (OP ) gives rise to the same
capacity mix that results from model (EQ). In other words,
we construct the base case such that solving the models (EQ)
and (OP ) gives nearly identical results, with the cost of capital
endogenous in the former and exogenous in the latter.

B. Hypothetical futures
To assess how risk may evolve in systems heavily reliant on

VRE, we modify input cost parameters to reflect technological
improvements for solar and wind combined with a higher
price for carbon-intensive fuels for the baseload and peaker
generators. The cost of storage, which is artificially reduced
in the current mix to result in a non-zero installed capacity,
is the same in all three cases. In the “high VRE” mix, the
investment cost for wind is halved, while that for solar drops
60%. In order to result in a system with consumer surplus
roughly equal to that of the current mix, the energy cost for the
baseload resource increases by $150/MWh in both fuel price
scenarios, while the energy cost for the peaker technology
increases by $300/MWh in both fuel price scenarios. In
principle, these cost changes can represent either changes
in the technologies themselves (e.g., due to learning effects)
or changes in government policy (e.g., due to subsidies or
a carbon tax). The resulting parameters are summarized in
Table II. The “extreme VRE” mix takes this further, reducing
the investment cost of wind by 64% and solar by 72% from
the base case, while raising the fuel price of the baseload and
peaker technologies so high that they are eliminated from the
capacity mix. The parameters for the “extreme VRE” mix are
shown in Table III. With these scenarios, our intent is not
to forecast a likely future but rather to create a stress test
for market design reflecting conditions with high shares of
variable renewable energy.
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TABLE I
COST ASSUMPTIONS: CURRENT MIX

Tech Investment (Risk-free) Investment (Estimated) Fuel price 1 Fuel price 2
i

¯
CINV

i ($/kW-yr) ĈINV
i ($/kW-yr) CEN

1i ($/MWh) CEN
2i ($/MWh)

Baseload 81 110 15 45
Peaker 50 75 30 90
Backup 22 36 900 900
Solar 134 168 0 0
Interior Wind 143 171 0 0
Coastal Wind 141 172 0 0
Storage 17 29 N/A N/A

TABLE II
COST ASSUMPTIONS: HIGH VRE MIX

Tech Investment (Risk-free) Investment (Constant) Fuel price 1 Fuel price 2
i

¯
CINV

i ($/kW-yr) ĈINV
i ($/kW-yr) CEN

1i ($/MWh) CEN
2i ($/MWh)

Baseload 81 110 165 195
Peaker 50 75 330 390
Backup 22 36 900 900
Solar 54 68 0 0
Interior Wind 71 85 0 0
Coastal Wind 70 86 0 0
Storage 17 29 N/A N/A

TABLE III
COST ASSUMPTIONS: EXTREME VRE MIX

Tech Investment (Risk-free) Investment (Constant) Fuel price 1 Fuel price 2
i

¯
CINV

i ($/kW-yr) ĈINV
i ($/kW-yr) CEN

1i ($/MWh) CEN
2i ($/MWh)

Baseload 81 110 900 900
Peaker 50 75 900 900
Backup 22 36 900 900
Solar 37 47 0 0
Interior Wind 51 61 0 0
Coastal Wind 50 62 0 0
Storage 17 29 N/A N/A

C. Outcome summary

In the solutions resulting from solving (EQ) under the three
sets of cost assumptions, variable resources produce 18.6%
of energy in the current mix, 96.4% of energy in the high
VRE mix, and 99.2% of energy in the extreme VRE mix.
If the backup resource is interpreted as demand response,
the VRE share in the extreme mix is 100%. In other words,
the cost parameters are chosen such that both future mixes
have a share of energy coming from variable, zero-marginal
cost resources that is well above the share typically found in
system optimization models using more realistic projections
of technology costs. The future mixes also feature somewhat
less storage than found in other macro-energy systems models,
relying instead on wind and solar capacities that greatly exceed
maximum demand. The installed capacity in equilibrium for
the three cases is shown in Table IV.

Key outcome measures for the performance of the market
are cost, measured as the average price paid for electricity, and
reliability, measured as the quantity of non-price-responsive
load that must be shed in order to maintain power balance.

We make two observations from Tables V and VI. First,
in the high VRE case, the equilibrium solution exhibits both
lower cost and higher reliability than the optimum solution.

TABLE IV
INSTALLED CAPACITY IN EQUILIBRIUM SOLUTIONS (MW)

Tech Current High Extreme
Mix VRE Mix VRE Mix

Baseload 51,022 19,741 -
Peaker 19,681 6,331 -
Backup 4,874 8,537 25,053
Solar 3,051 52,599 70,446
Interior Wind 10,390 49,558 67,108
Coastal Wind 2,689 50,191 72,684
Storage 12 42,654 90,006

TABLE V
AVERAGE PRICE ($/MWH)

Mix Constant WACC Endogenous WACC
Current 51.73 51.73
High VRE 49.60 46.44
Extreme VRE 47.07 45.46

Second, the optimal solution in both the high VRE and
extreme VRE cases exhibits much higher levels of unserved
energy than is optimal under the current mix. One way to
assess the tradeoff between cost and reliability is through
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TABLE VI
EXPECTED UNSERVED ENERGY (MWH/YR)

Mix Constant WACC Endogenous WACC
Current 4,663 4,661
High VRE 10,377 8,273
Extreme VRE 9,523 17,080

the assumed VOLL of B = $9, 000/MWh. Annual consumer
surplus under each mix can be calculated as

CS =
∑
f∈F

∑
s∈S

∑
t∈T

pfsLt

(
(dfixt + drest )(B − λfst)

−B(drest )2/(2Dres
t )

)
.

We instead report change in consumer surplus, defining the
surplus in the optimal solution for the current mix as the base-
line. Overall change in surplus is shown in Table VII. In both

TABLE VII
CHANGE IN CONSUMER SURPLUS RELATIVE TO CURRENT OPTIMUM

($M/YR)

Mix Constant WACC Endogenous WACC
Current - -1
High VRE 753 1,979
Extreme VRE 1,724 2,276

the high VRE and extreme VRE mixes, lower prices outweigh
the impact of higher unserved energy at the assumed VOLL.
Under both sets of assumptions, however, the equilibrium
solution yields higher surplus than the solution that assumes
a constant cost of capital. This is in direct contrast to the
motivating hypothesis for this work: that exposure to risk will
be greater in high VRE systems, resulting in a degradation of
surplus as market participants are less able to manage risk. The
results indicate that, contrary to what may have been expected,
overall financial risk in the system actually falls in high VRE
scenarios, at least given the parameters and somewhat-stylized
equilibrium model assumed herein. We discuss this finding
further in the following sections.

D. Interannual revenue volatility and the cost of capital

The premise of the equilibrium model is that the cost
of capital will change as risk-averse investors and hedge
providers respond to the changing distribution of annual rev-
enues. It is widely understood that variable, zero-marginal-
cost resources will increase volatility on diurnal, seasonal, and
annual timescales. While the findings in Section V-C cannot be
considered conclusive given the assumptions required in con-
structing the model, they suggest that this growth in volatility
may not have as significant an effect on interannual timescales,
which are likely of greater concern for investors. Here we
investigate the changing distribution of net revenues for each
technology and the impact on modeled cost of capital. Beyond
the assumptions, we note that the model omits broader market
factors affecting the cost of capital; accordingly, our emphasis
is on a comparison between different sets of technologies
with all else equal. Future work could extend and apply this

analytical framework to assess the impact of other factors
affecting the distribution of annual revenues and market risks,
such as the differential impacts of various policy instruments
(i.e., subsidies, emissions taxes or limits, etc.) on the cost of
capital of different electricity resources.

Overall revenues in energy-only markets depend heavily on
times of scarcity, which we define as hours with a price higher
than the $900/MWh marginal cost of the backup resource. In
our model, such prices can be set either by flexible demand
or by involuntary load shedding (e.g., rotating blackouts).
Since our model dispatches with perfect foresight within the
second stage, it cannot precisely replicate changes in the price
distribution that may be expected with significant quantities
of storage bidding based on opportunity costs. With that said,
since those opportunity costs are likely to depend heavily on
the potential for scarcity, the results assume that our simplified
representation of the price formation process appropriately
describes the distribution of annual revenues.

Table VIII shows how interannual variability in scarcity
events increases, with scarcity events becoming more concen-
trated in certain years in the high and extreme VRE mixes.
While the number of scarcity hours across the 36 modeled
years does not appreciably change, the number of years with
any such events falls from 18 to 12. In conjunction with this
drop, while the year with the highest number of scarcity hours
in the current mix sees prices above $900/MWh in 27 hours,
the equivalent year for the extreme VRE mix has prices above
$900/MWh in 58 hours.

TABLE VIII
CONCENTRATION OF SCARCITY EVENTS

Current High VRE Extreme VRE
Number of 216 214 230high-priced hours
Number of years with 18 16 12any high-priced hours
Max # of hours with 27 41 58high prices in 1 year

Tables IX–XI provide descriptive statistics on the distri-
bution of annual revenues in the equilibrium solutions for
the three mixes. We first observe that comparing across the
tables confirms the hypothesis that revenue volatility is likely
to be greater in VRE-reliant systems: skewness (as well
as kurtosis, not shown) grow for most technologies, with
the largest increases coming for the baseload, peaker, and
backup resources. A second observation is that risk for the
renewable resources is inherently lower than that for the other
technologies. Because of their low marginal cost, solar and
wind are less reliant on rare scarcity events for their revenue.
Despite frequent occurrence of prices at $0/MWh, wind and
solar resources accrue smaller inframarginal rents on a more
regular basis when firm units (including demand response) set
the marginal price.

With additional assumptions on the risk-free rate of return
Rf and the length of project life N , the mean net revenue
can be used to calculate an implied cost of capital for each
technology. With CINV

i as the mean net revenue earned by
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TABLE IX
DISTRIBUTION OF NET REVENUES IN EQUILIBRIUM SOLUTION:

CURRENT MIX

Median Mean Std Dev Skew
($/kW-yr) ($/kW-yr) ($/kW-yr)

Baseload 79 110 83 1.08
Peaker 37 75 79 1.14
Backup 2 36 50 1.28
Solar 175 168 82 0.44
Interior Wind 185 171 81 0.06
Coastal Wind 199 172 81 0.16
Storage 16 29 27 1.19

TABLE X
DISTRIBUTION OF NET REVENUES IN EQUILIBRIUM SOLUTION: HIGH

VRE MIX

Median Mean Std Dev Skew
($/kW-yr) ($/kW-yr) ($/kW-yr)

Baseload 106 113 92 2.13
Peaker 57 76 83 2.48
Backup 0 39 72 2.91
Solar 54 61 21 0.70
Interior Wind 75 77 19 0.46
Coastal Wind 81 79 19 0.22
Storage 21 21 7 0.67

technology i in equilibrium, the WACC Rm can be found by
solving the equation

N∑
n=1

CINV
i

(1 +Rm)n
=

N∑
n=1

¯
CINV

i

(1 +Rf )n
. (9)

Table XII shows the WACC implied by the equilibrium
solution for each mix assuming a risk-free rate of return of
4% and a 20-year life for all technologies. We note that
while this “risk-free” rate is higher than currently observed
in many areas, the model excludes many other sources of risk
faced by generation projects. The implied cost of capital for
each technology corresponds to the skewness of its underlying
revenue distribution, with the effect that renewable resources
see the lowest cost of capital. Recent empirical evidence
suggests that this separation is not merely a modeling artifact,
but a directionally correct reflection of market outcomes [45].
The magnitude of the difference, however, is more subject
to scrutiny, particular given our model’s narrow focus. In
particular, we note that inclusion of transmission congestion
would likely compress this difference, since the best wind and
solar resources are often located far from load centers [46].

A more surprising result is that, while the WACC increases
for the baseload, peaker, and backup resources when moving
from the current mix to the high and extreme VRE cases,
it falls for solar, wind, and storage. The increase in cost of
capital for the firm resources is consistent with the observation
above that high VRE systems increase interannual variability
in scarcity periods, which contribute the vast majority of
inframarginal rents for these resources. Renewable resources
are likewise impacted by this increased variability in scarcity
periods. However, wind and solar resources also face reduced
exposure to fuel cost uncertainty, as the Peaker and Baseload
resources set prices less frequently in the modeled future sys-

TABLE XI
DISTRIBUTION OF NET REVENUES IN EQUILIBRIUM SOLUTION:

EXTREME VRE MIX

Median Mean Std Dev Skew
($/kW-yr) ($/kW-yr) ($/kW-yr)

Backup 0 44 104 3.31
Solar 45 47 23 0.20
Interior Wind 0 59 20 -0.10
Coastal Wind 60 61 24 0.74
Storage 19 22 9 1.93

TABLE XII
IMPLIED WEIGHTED AVERAGE COST OF CAPITAL IN EQUILIBRIUM

Current High VRE Extreme VRE
Baseload 7.8% 8.1% -
Peaker 9.2% 9.4% -
Backup 10.3% 11.7% 13.7%
Solar 6.7% 5.4% 6.6%
Interior Wind 6.1% 5.0% 5.6%
Coastal Wind 6.4% 5.3% 6.2%
Storage 11.0% 6.6% 6.8%

tems. Fuel costs vary by a factor of three between the two fuel
scenarios for these resources, making these random variables
the most important source of risk for the zero-marginal-cost
resources. It thus appears that reduced exposure to fuel price
uncertainty outweighs the increased interannual uncertainty in
scarcity pricing periods, resulting in decreased risk overall
for wind and solar resources under these assumptions. Given
uncertainty about the future course of policies related to carbon
emissions in addition to underlying volatility in the price
of natural gas, a large range in potential fuel costs may be
plausible over the lifetime of new power plants. With that
said, a reduction in the spread between fuel price scenarios
would decrease the magnitude of the effect shown in Table VII,
and the sensitivity of the WACC for all resources to the
types of risk considered as well as the specified marginal
distributions of uncertain parameters highlights the need for
further numerical research on this topic.

E. Reliability and the revenue distribution

A distinguishing feature of electricity markets is the pres-
ence of a large share of inelastic demand. While it is hoped
that the proliferation of connected devices will enable more
active demand-side participation, the lack of a clear valuation
for electric service during times of scarcity poses a problem
for market design. With low levels of price-responsive demand,
economic efficiency dictates that demand curtailment or load
shedding must occasionally set the market price in order for
generators to earn sufficient inframarginal revenues to recover
fixed costs. There are significant disagreements as to the
appropriate frequency of involuntary loss of load events and,
correspondingly, the price systems should be willing to pay
to avoid them. For example, while ERCOT uses a VOLL of
$9,000/MWh, parameters used in the PJM capacity market
imply a VOLL of approximately $700,000/MWh [47].

The results from Table VI demonstrate that debates on the
appropriate VOLL could grow in importance over time. As the
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relative cost of firm and variable resources changes, it becomes
optimal to shed larger quantities of firm load in expectation.
This increased load shedding occurs despite the significant
expansion of the Backup resource, to 25 GW of capacity
in the extreme VRE case. The economic and public health
consequences of load shedding on this scale in the February
2021 Texas blackouts suggest a marginal VOLL during the
event well above the administrative value used in the market.
Maintaining current standards for involuntary load shedding
implies an increase in the VOLL used to compute prices
during times of scarcity. An increase in VOLL, however, has
the potential to inject even more volatility into the distribu-
tion of net revenue. To illustrate this numerically, we solve
model (EQ) using technology costs from the high VRE case,
but raising the VOLL from $9,000/MWh to $20,000/MWh,
a value sufficient to reduce expected unserved energy from
8,273 to 6,161 MWh/yr in equilibrium (closer to the 4,663
MWh/yr in the Current scenario). The effect of this increase
in VOLL on the cost of capital is shown in Table XIII. Cost

TABLE XIII
EFFECT OF THE VALUE OF LOST LOAD ON COST OF CAPITAL

VOLL = $9,000/MWh VOLL = $20,000
Baseload 8.1% 8.9%
Peaker 9.4% 10.8%
Backup 11.7% 15.2%
Solar 5.4% 5.1%
Interior Wind 5.0% 4.9%
Coastal Wind 5.3% 5.3%
Storage 6.6% 7.1%

Note: assumes cost parameters from high VRE mix

of capital increases further for firm resources, with the backup
resource seeing the largest increase.

VI. CONCLUSION

Amid projections that wind and solar will come to provide a
majority of energy in many systems worldwide, operators and
regulators of liberalized electricity markets are examining how
to guarantee resource adequacy with high levels of variable,
zero-marginal-cost resources. In the optimization modeling ap-
proach that has become the standard analytical framework for
examining power markets, neither variability nor zero marginal
cost poses any problem. A key consideration in real-world
markets, however, is how market participants will respond to
growing price volatility. In systems relying on decentralized
investments by market participants, successful market design
includes the ability for generators to manage risk through
vertical integration, long-term contracts with loads, or bank
hedges. In systems counting on centralized long-term market
constructs, such as capacity markets or reliability options, a
challenge in the design of a resource adequacy mechanism is
ensuring that the resulting financial obligations are compatible
with the diverse risk profiles of resources in the market.
This need for specificity in risk management is potentially
in tension with the broader goal of promoting competition
between resources.

To help answer these questions, we develop a stochastic
equilibrium model in which risk-averse investors are able

to trade several resource-specific long-term hedging products
with hedge providers to help manage risk. In exploratory
numerical tests using data from ERCOT, we confirm that a
shift to higher shares of variable and zero-marginal-cost wind
and solar resources increases the interannual variability and
concentration of scarcity pricing periods responsible for a
substantial portion of the intramarginal rents collected by all
resources. This shift results in a higher cost of capital for
firm resources. However, we observe a lower cost of capital
for zero-marginal-cost renewable resources, due to reduced
exposure of these resources to fuel price uncertainty, given a
sharp decline in the number of hours when fuel-consuming re-
sources set market prices. The net effect of these two changes
is that overall investment risk for the system as a whole is
lower in the future system with higher shares of wind and
solar resources. This finding stands in contrast to commonly-
expressed concerns that power systems with high shares of
renewables will entail substantial increases in market risk
that may make current electricity market designs untenable.
However, increased risk for the firm resources contributes
to lower reliability in the future systems, suggesting that
existing challenges to ensuring resource adequacy will only
grow without market adaptations or policy interventions to
facilitate long-term risk sharing. Overall, the results highlight
the need to understand the evolving distribution of revenues,
investor risk attitudes, the role of storage and the demand side
in price formation, and the need for multilateral risk sharing
in future systems.
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