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Abstract

Renewable power generators typically participate as price-takers in current electricity markets, and
market clearing prices are determined by cost curves of conventional generators while treating
renewable generation as negative load. In this paper, we analyze a new design of electricity markets
where renewable power generators bid their risk-adjusted cost curves into the market, just like the cost
curves of conventional generators. We establish that on average, the total revenue of both conventional
and renewable generators, as well as the total cost to consumers, under the proposed market is the same
as that in current practice. However, compared to current practice, the variability in the total consumer
cost is always lower in the proposed market, i.e., the risk of price variability due to uncertainty in
renewable generation is not borne by the consumers. Further, under certain operating conditions, the
proposed market also results in lower variability in the revenue earned by the renewable generators.
We then show how these cost curves should be adjusted to incorporate the risk of shortfall into the
bidding and unit commitment process through the Conditional Value-at-Risk (CVaR) metric. Using
data from the Texas grid, we evaluate the bid curves for renewables and quantify the tradeoff between
renewable revenue and cost-to-load. We also study how CVaR-based adjustments for shortfall risk
impact allocations and payments at market clearing. While equivalent in terms of average cost and
revenue measures, the new market design insulates customers from the price risk associated with the
uncertainty of renewable power generation. Further, it allows renewables to be direct participants in
the bidding process and bid according to their risk-return tolerance level.

1. Introduction

Investment into renewable energy assets has been grow-
ing exponentially in recent years. Government subsidies on
renewable energy generators and other equipment aimed at
aiding energy transitioning are also providing strong incen-
tives in this direction (Renews.biz; PV Magazine). In the
United States, state-wide policy initiatives in New York have
aimed to deliver 70% of its energy from renewable energy re-
sources by 2030 and 100% emissions-free electricity supply
by 2040 (New York ISO, 2021), utilizing 3 GW of energy
storage and 9 GW of offshore wind power.

Despite this surge in renewable energy penetration, the
majority of renewable generators today act as price-takers in
the electricity market, that is, they are either not allowed or
unwilling to bid into the market like conventional generators.
This appears justifiable on first thought, since: (a) the oper-
ating costs for renewable generation are nearly zero, unlike
conventional generators who have to pay for fuel and bid
their generation cost curves into the market; (b) renewable
generation is associated with a high degree of uncertainty,
making it difficult to provide guaranteed day-ahead commit-
ment like conventional generators. Renewable generators,
therefore, mostly supply energy in real-time, and are paid
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at market clearing prices that are determined from the cost
curve bids of the conventional generators. In running the unit
commitment and economic dispatch problems for the day
ahead market (DAM) and the real-time market (RTM), the
system operator can treat the renewables as “negative load”.

Since the renewable production is stochastic and not
fully predictable, stochastic variants of the unit commitment
problem need to be considered. This has led to a vast amount
of work on stochastic unit commitment problems (Conejo,
Carriéon and Morales, 2010; Zheng, Wang and Liu, 2015;
Haberg, 2019), which attempt to pose and solve this prob-
lem through multi-stage stochastic optimization, chance-
constrained programming, robust optimization, stochastic
dynamic programming, and other related approaches. Re-
cent works such as Hogan (2022); Leslie, Stern, Shanker
and Hogan (2020); Frew, Clark, Bloom and Milligan (2017);
Ela, Milligan, Bloom, Botterud, Townsend, Levin and Frew
(2016); Blazquez, Fuentes-Bracamontes, Bollino and Neza-
muddin (2018); Bienstock, Dvorkin, Guo, Mieth and Wang
(2024) either directly assume renewables to be price-takers,
or that renewables will be bidding their actual cost (which is
close to zero) effectively implying the same. Such a market
structure implies that even as renewable supply increases to
meet a bulk of the energy demand, market prices are going
to be determined by a few conventional generators which
can provide nearly risk-free energy commitments. This is
undesirable from an economic perspective, as it does not
incentivize renewables to innovate, or reduce their supply
variability — the root cause behind their inability to bid
into the market — by investing in storage. Wind generators
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are increasingly investing in co-located storage (Dattaray,
Wall and Terzija, 2021), which could allow them to commit
more reliably to an energy supply, much like conventional
generators. Further, as envisioned in our recent work (Os-
ipov, Naqvi, Palepu, Onyeziju, Kirk-Davidoft and Du, 2026),
a renewable generator can segment its supply and offer a
fraction of its forecast energy as a highly reliable contract,
comparable to that of conventional generators. Without a
mechanism to bid into the market while adjusting for risk,
such technological innovations would not happen, and much
of the long-term benefits of high renewable penetration will
be forfeited.

With this motivation, this paper analyzes a market in
which renewable generators can bid into the market, just like
conventional generators. We make several contributions, as
listed below. First, we derive expressions for the expectation-
adjusted cost curves that the renewables can bid into the
market. Through theoretical analysis, we show that the ex-
pected profit earned by both conventional and renewable
generators and the cost-to-loads are similar between our
proposed market and an idealized baseline representation of
the current market. Next we derive what this renewable cost
curve should be to maximize its expected profit, and compare
it with that derived earlier for cost optimality. Afterward, we
compare the price risk borne by the conventional generators,
renewable generators, and consumers between two market
models by determining the variance of generator profits and
cost-to-load. The proposed market could either increase or
decrease the risk exposure for renewable generators, depend-
ing on the operating conditions. However, a key feature of
the new proposed market is that it consistently lowers the
price risk for consumers compared to current practice. In
other words, unlike current practice, the price risk associated
with the uncertainty (unpredictability) of renewable genera-
tion is not passed on to consumers in the proposed market.

In markets with high renewable penetration, downside
risk arises when real-time output falls short of day-ahead
commitments, exposing renewable bidders to substantial
RTM charges. To address this vulnerability, we incorporate
the Conditional Value-at-Risk (CVaR) concept into renew-
able bid curves as a risk-aware adjustment (Rockafellar and
Uryasev, 2000). CVaR captures expected losses in adverse
scenarios, weighted by a risk-aversion parameter, while pre-
serving convexity and maintaining piecewise linearity under
finite scenarios. At the market level, this adjustment steep-
ens renewable offers, moderates DAM commitments, and
improves downside protection as a transparent trade-off in
expected cost-to-load.

Finally, we present a numerical study of the new mar-
ket in terms of the above metrics using a Texas load and
generation data set, accounting for forecast errors in re-
newable generation rates. The numerical results corrobo-
rate our theoretical findings. In particular, they show that
on average the generator profits and cost-to-load remain
comparable between the two markets even under renewable
generation forecast errors, and the variability in cost-to-load
is consistently lower in the proposed market. Our evaluation

also demonstrates how varying risk-aversion weights affects
renewable commitments, profits, and load costs, thereby
quantifying the cost-risk trade-offs inherent in the proposed
market design.
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Figure 1: High-level overview of the market with both con-
ventional and renewable bidders.
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This paper is structured as follows. Section 2 reviews
related work on renewable bidding and electricity market
design. Section 3 describes the system model and the simpli-
fying assumptions made toward analytical tractability. Sec-
tion 4 computes analytical expressions for the renewable cost
curves and payments made to both conventional and renew-
able generators on market clearing. Section 5 utilizes those
expressions to establish the equivalence of the proposed
market with current practice in terms of expected social
utility, generator profit and load cost. Section 6 analyzes
an optimal linear bid for renewables and its revenue versus
cost-to-load trade-off. Section 7 compares the variability
of generator profits and cost-to-load across the two market
models. Section 8 develops risk-adjusted cost curves based
on CVaR and characterizes their implications for allocations
and payments. Section 9 discusses the results of our nu-
merical study on the ERCOT Texas grid data (Electricity
Reliability Council of Texas, 2024c). Section 10 concludes
by listing future research directions.

2. Related Work

Whether and how renewable generators should transition
from passive price-takers to active market participants has
attracted some attention in recent years. Kenis, Hoschle and
Bruninx (2022) derive closed-form best-response functions
for strategic quantity bids by wind producers acting as price-
makers in the day-ahead market (DAM). Johanndeiter and
Bertsch (2024) provide empirical evidence from the Iberian
market that a subset of solar operators submit price bids
above zero, despite their near-zero marginal costs, consis-
tent with arbitrage incentives across sequential auctions.
Both works assume or cite active market participation by
renewables but do not theoretically analyze market outcomes
resulting from such participation in comparison with current
market practice.

Several studies address bid curve design from the per-
spective of stochastic generation assets. Silva-Rodriguez,
Sanjab, Fumagalli and Gibescu (2025) propose a light-
robust DAM formulation with uncertainty bids, showing
that, under single-pricing imbalance settlement, incentives
to deviate from truthful uncertainty ranges can arise when
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positive system imbalances are anticipated. Gupta and Palepu

(2024) construct risk-free tranche bid curves through contingent-

claim pricing under a risk-neutral valuation framework,
while Herding, Ross, Jones, Endler, Charitopoulos and
Papageorgiou (2024) obtain bidding curves numerically via
a multi-objective stochastic MILP that jointly minimizes
expected cost and CVaR for a specific microgrid. Carrion,
Dominguez and Oggioni (2025) study optimal participation
of a price-taking wind producer in a hybrid intraday market,
using a multi-stage stochastic program with CVaR to trade
off expected profit and downside risk with a focus on the
producer-side trading across sessions. Closer to a system
perspective, Zhao, Delikaraoglou, Dvorkin, Lamadrid and
Botterud (2025) optimize variable renewable energy bidding
curves in a two-settlement market via a bilevel frame-
work that anticipates real-time redispatch under scenario
uncertainty. They show that, under the assumption of zero
marginal cost for renewables, a single zero-price segment
with optimized quantities can achieve the same expected
system cost as a richer price, quantity formulation and
approximate stochastic joint dispatch. In contrast to these
prior approaches, we derive closed-form cost curves directly
from the existing two-stage DAM-RTM clearing and prove
their market-equivalence to the negative-load benchmark.
We also analyze price risk of market participants (generators
as well as loads) in the proposed market, which is not done
in prior work.

Our use of CVaR for incorporating risk-sensitivity to
the bids is broadly related to risk management in renewable
trading that has been studied at the forecasting stage (Wang,
Zhou, Zhang, Lin and Wang, 2024) and through coordinated
multi-market bidding (Miskiw, Kraft and Fleten, 2025).
Unlike prior work, however, we embed CVaR directly into
closed-form analytical renewable bid curve construction,
yielding a risk-adjusted offer that steepens with the risk-
aversion parameter while preserving the piecewise-linear
convex structure required for market submission.

3. System Model

This section provides a description of the system model,
including the underlying assumptions, which will be used to
define the new market with renewable bidders and compare
it with the current practice. We make several simplifying
assumptions and approximations on electricity market op-
erations to keep our analysis tractable.

We consider the unit commitment (UC) problem in the
electricity market for an entire day, solved at an hourly
time granularity. We ignore factors that couple the UC
problems across different hours, such as ramping constraints
of conventional generators and storage capacities that may
be associated with renewable generators. This allows us
to treat the UC problem in each hour separately from the
others. As in traditional electricity markets, we assume that
UC happens in two time stages: day-ahead and real-time.
However, in the market we analyze, we assume renewable
generators bid (expectation-adjusted) cost curves, just like

conventional generators. Thus, in the first stage, which cor-
responds to day-ahead market (DAM) clearing, based on the
day-ahead forecast demand for any given hour and the bid
(cost) curves submitted by the conventional and renewable
generators, the generators are committed to provide a certain
amount of electricity in that hour. In the second stage, which
corresponds to real-time market (RTM) clearing, the actual
renewable energy supply and the demand are realized, and
renewable generators who have less supply than committed
must make up by buying the shortfall from the RTM. This
shortfall must be obtained from other renewables with excess
supply, or conventionals which sell additional supply in
the RTM to meet this real-time shortfall. We assume that
renewable energy is not curtailed; therefore, if there is an
excess of supply across all renewables, the conventionals
reduce their supply in the RTM. We also assume marginal
cost pricing, i.e., market participants have to buy or sell
energy at the marginal cost of power production, determined
from the submitted cost curves of the generators that are
committed at market clearing.

Fig. 1 provides an illustration of the day-ahead and real-
time market operations that we analyze, assuming a single
renewable generator unit. More specifically, for the hour
under consideration, we make the following assumptions:

Assumption 1. The stochastic demand, d, is always greater
than the maximum possible power available from the renew-
able generators.

Assumption 2. The cost of conventional generators is ag-
gregated into a single cost function, c,(x,), which is mono-
tonically increasing and convex in x,. However, the cost
curves of the renewable generators (c.(x,) for renewable
r) must be considered individually and will be analytically
derived in Section 4.

Assumption 3. The demand and renewable power genera-
tion realized in real-time are modeled using scenarios £* €

—
=
—.

Assumption 4. The set of conventional generators is willing
to reduce their production to accommodate excess genera-
tion by renewable generators. In addition, the conventional
generators can increase generation to cover any shortfall in
renewable generation.

Assumption 5. If a renewable r’s real-time generation,
A,(E5), differs from its DAM commitment, x,, then it can
either purchase or sell energy in RTM at the prevailing
market price, ensuring that its DAM commitment is met and
none of its produced power is curtailed.

Assumption 6. The cost function c;(x;) has no fixed costs
for any generator j. The justification for this is that our
model is a single-period model, so implicitly we are as-
suming that any start-up costs are not applicable. Mathe-
matically, this is ensured by adding a constant k; to any
calculated cost function so that ¢;(0) = 0.

Following Assumption 1, letd := Eg[d] denote the day-
ahead forecast (or expected) demand used in DAM clearing.
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Note that Assumption 2 follows from the convexity and
monotonicity of the cost curve of each conventional genera-
tor. When there are many such conventional generators, their
bids can be “stacked” to form a monotonically increasing
cost function, which can be approximated by a quadratic
or cubic cost curve. Assumption 4 implies full liquidity of
the conventional generator, which ensures that all renew-
able power produced is fully utilized (i.e., not curtailed).
Under these assumptions, the ISO can solve an optimization
problem to find the allocations of the conventional and the
renewable generators in the DAM. Depending on the par-
ticular scenario £X arising, the generators can trade among
themselves in the RTM at the market price. The RTM price
is determined by the total renewable production realized in
real-time, and the cost curve of the conventional generators.
Also note that some of the assumptions stated above are
driven by the need to keep the model tractable for mathe-
matical analysis, and to derive closed-form expressions for
the renewable cost curves, system cost, and generator profit
measures. The consideration of multi-period models and
incorporating ramping, startup, and shutdown constraints
are deferred to future work.

4. Analytical Expressions

In this section, we derive analytical expressions of the
cost curves of each renewable generator, the market clearing
payments, and profits of each type of generator in both DAM
and RTM.

4.1. Calculating a Cost Curve for Each Renewable

To submit a bid curve, a renewable generator calculates
its expected cost function for each accepted bid value. Let
R denote the set of renewable generators and x, denote the
power generated by the aggregated conventional generators,
with corresponding cost curve ¢,(x,) with derivative c; (xg)-

For each scenario 5", let the total renewable output be
denoted by

ATOTE) = 3 4. M

reR

Under Assumptions 1 and 4, total conventional produc-
tion x, in the DAM and RTM for scenario k satisfies

foM + X?TM = (- iTOT)(ék)' 2)

For a given scenario ¥ and a given renewable generator r
with accepted DAM bid of erAM , exploiting Assumptions
4 and 5, the RTM cost for r is:

& (xPAM,£K) = cf((d = ATOT)(E)) (xPAM = 2,EH). (3)

Proposition 4.1. Define the parameters

@ 1= Ezld(@-aTTE)| @
p = Ez|o(@-TTEN) 4] ©
Vr € R.

Then the expected RTM cost for the renewable r is

&(xPAM) = axPAM — g, ©6)

From Assumption 6, we use the adjusted cost function
¢ (x,) = ax,. (7N

We note that the cost curves ¢, in (6) are linear in nature, and
so are the adjusted cost curves c, in (7). The parameters a
and S, can be interpreted as the expected RTM price and the
expected revenue of renewable r in the RTM, respectively.
Here, a is independent of r, while the term f, varies with
each renewable, and depends on the power produced in that
hour by renewable r. As we will see in Section 4.2, dropping
the constant terms f, from the cost curves only changes
the objective function of DAM clearing by a constant, and
therefore does not impact the allocations. However, the term
p, does impact the revenue earned by the renewable, as we
show in Section 4.3.

Calculating a requires estimation of the price statistic
c; ((d — ATOT)(fk)) for that hour, which can be made from
study of historical prices under a similar weather pattern. It
can be calculated by the ISO—which typically utilizes third
party services for such forecasts—and communicated to the
renewables. Alternatively, a can be obtained separately by
each renewable (along with its individual revenue estimate,
p,) by utilizing similar third party analytics and forecasting
services. In either case, the ISO uses a single, system-wide
a for market clearing, since « enters every renewable’s cost
curve c.(x,) = ax, in (8). The parameter f,, by contrast,
is renewable-specific—it depends on the individual output
2,(E¥) and is naturally computed by each renewable using
its own generation forecast, independently of the ISO. The
equivalence results of Section 5 hold exactly when a =
[EE[c; ((d - XTOT)(é"))], and approximately when « is es-
timated from historical data with small error: the deviation
from exact equivalence in expected profits is proportional to
the estimation error, and diminishes as the calibration dataset
grows more representative.

Finally, note that the cost curves ¢, and c, are valid for
0 < xPAM < max g 4,(EF) for each r € R. Calculation of
a and f, using realistic data from the Texas grid is illustrated
in Appendix A.

4.2. Solving the ISO problem with these cost
curves
Given the cost curves, the ISO solves the DAM problem:

. DAM DAM
xDAMH?xr})AM } Cg(xg )+ 2 Cr(xr )
g T reR
: DAM DAM _ 7
subject to X, + Z X, =d, ®)
reR
ngAM >0, 0<xPAM < g}g):( 1,(E%),vr e R.

Substituting for cr(xf)AM ) from (7) and then using

the first constraint to eliminate z x:) AM gives a convex
rer
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TOT _
imax -

maxgez yer A(EF) and ﬂﬁfff = mingez X,ep 4(E)
denote the maximum and minimum possible production
from the renewables, respectively. The bounds on erAM
imply d — 2707 < xé)AM <d.

Hence the set of solutions x?AM to (8)is

problem in the single variable x?AM . We let

_ mﬂ)s max
=difc(d)<a
_8 _
te{[d- Ao 4] : ¢ (1) = a} otherwise.

©))

=d - MOT it c;(d_ — ATOTy 5 o
xDAM*

Once the ISO has solved for xé)AM *, it can then choose any
assignment {xf)AM : r € R} satisfying (8).

The mechanism through which estimation errors prop-
agate is through (9): an overestimate of « increases x?AM
committing more conventional generation and less renew-
able in the DAM, while an underestimate has the opposite
effect. RTM settlement prices, being determined by actual
real-time output, are independent of the a estimate and thus
unaffected.

4.3. Who gets paid when?

All the RTM payments are made at the marginal price
ey ((d = ATOT)(&")), comprising adjustments to production
schedules due to the realization of a particular scenario &.

The DAM payments would use the marginal price in the
solution of (8), namely a. Thus, we would have payments of

* .
o afoM to the conventional generators,

DAM*

k
o axPAM” to each renewable generator, where x/

is the optimal DAM allocation of renewable r.

Thus, each generator’s DAM payment would be equal to the
product of its assigned production value and its marginal
cost. The total payout by the ISO would be

cost-to-load = ad + ¢ ((d — ATOTY(EM))(d — d). (10)

With this payout, the expected DAM+RTM profit for
each renewable generator would be

_ o DAM*
profit, = ax,

— (@xP™M —py=p. (D)
From (5) and the convexity of ¢,, we observe that this profit
will be high when 4, is negatively correlated with 47T, as
we intuitively expect.

In scenario &X, the conventional generators would pro-
duce d — ATOT(£K), so the net profit for the conventional
generators would be

profit, (£°) = afoM* = ¢ ((d = ATOT)(EN)

12
+ ¢l ((d = ATOTYE)) ((d = ATOTY(EF) — xDAM™), @

where the last term is the net revenue received from the
renewable generators in the RTM. (The net revenue received

in RTM is negative if there is a renewable surplus with
3
xDAM > (d _ ATOT)(fk).)
If the conventional generators were to produce exactly
foM * in the RTM, their profit would be
DAM DAM*

profit = ax;

. DAM ) (13)

— cg(xg

The following lemma states that the profit of the conven-
tional generator increases if it adjusts its production so all
generated renewable energy is consumed. The proof of the
lemma (Appendix B) exploits the convexity of ¢, (x24*), in

particular the subgradient inequality.

Lemma 4.2. Assume we have a scenario with renewable
shortfall or surplus, so ATOT (&%) £ d — ngAM*. Then the
conventional generators make a greater profit by producing
(d — ATOTY(EKY in the RTM than by producing xé)AM*.

In particular, consider the case that the conventional
generators back off, so their production decreases by A =
ngAM* —(d — ATOT) (k). Their DAM revenue is

c;(xé)AM)xDAM, their costs are cg(ngM —A), and they also

have to buy A from the renewables at the market price of
¢/ (xPAM _ A). Because their costs decrease and they are
buying from the renewables in the RTM at a lower price than
they are selling to the ISO in the DAM, their profit increases.

5. Markets Equivalence

In this section, using the analytical expressions derived
in Section 4 for the market with renewable bidders, we
establish its equivalence with a baseline model where re-
newables are only price takers. In the baseline, renewable
energy sources bid into the DAM their forecasted energy
at zero price for each hour of the next day. Conventional
generators also submit their cost curves into the DAM, and
the ISO clears the market by minimizing the total system
cost against loads. In real time, renewable resources will
supply their available energy and settle any excess or deficit
amount based on the real-time locational marginal prices.
This baseline market clearing formulation is similar to the
two-stage stochastic unit commitment problem considered
in the literature (Zheng et al., 2015; Haberg, 2019). The
baseline model is not a practical approach, as renewable
resources normally do not submit the full amount of fore-
casted energy in the DAM, as there is risk in energy shortfall
in real time. For the loads, this model reduces the energy
prices and the cost-to-loads to ideally the lowest level in the
DAM. The next few subsections compare this baseline with
the proposed market with renewables bidding cost curves as
defined in Section 4.1, in terms of profit and revenue of both
conventional and renewable generators, and cost-to-load.

5.1. Profit and Revenue
We make the following assumption for the rest of Sec-
tion 5.
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Assumption 7. Assume the aggregated cost function of the
conventional generators is quadratic, i.e., cg(xg) = axé +

bxg + ¢ with a, b, and ¢ being some constant parczmeters.1

The use of quadratic cost curves for conventional genera-
tion is quite standard (Wood, Wollenberg and Sheblé, 2013).
Derivation of some of the results of this section exploits this
quadratic nature of the cost function. Extension of our results
to more general cost curves is left for future work. As a
consequence of Assumption 7, the gradient c; (foM )yisa

linear function of ngAM .

Consequently, a := Ez(c(d - ATOTyy = c;(d_ -
Ez(AT9T)). We denote 1 := Eg(479T). In the baseline
model, x?4M = d— 7, so this x, satisfies the optimality con-
dition (9) for the proposed model, in particular d — /IESXT <
xPAM < d Hence, we have the following proposition (proof
in Appendix C).

Proposition 5.1. Assume Assumptions 1-7 hold. The op-

timal x?AM in the proposed model (8) is the same as the
DAM
g

optimal x in the baseline model.

The equivalence of x?4M in the two markets is required

for the subsequent results in Section 5.

Both the baseline and proposed models allow for sur-
plus renewable generation, with the conventional generators
backing off as necessary. Hence the optimal choices for x, in
the real-time market are also identical. Since the DAM and
RTM values of the optimal x?TM are identical, and since
the payments to the conventional generators are determined
by the marginal costs c;, the profits of the conventional
generators in any scenario are the same in the proposed and
baseline models. However, the proposed model is practical
as the nonzero cost curves provide some price protections
for the renewables against variations in real-time energy
production. The proposed model also readily extends to risk
arbitrage, as shown in Section 7.

We now analyze the corresponding total profits, i.e.,
profit = profit?AM 4 profitRTM for the renewable generators
in each market. In any scenario (&) in the baseline market, all
electricity from the renewable generators is sold in the RTM,
so we have

profit’s (&) = cf((d — ATOT)ENATT(©).  (14)

In the proposed new market:

proﬁtf;%?sed(i) .
= axDAM" ¢! ((d=ATOT)©)ATOT () — xDAM
= profit?i " (&) + (@ — ¢} ((d=ATT)&))xD e
(15)
Hence, in any scenario &, we have
proﬁtf;%pfsed(é) - proﬁti’?ffﬂe(é ) (16)
= (a-— c;((d - ATOT)(g)))erTg% .

1Under normal operations, the higher polynomial terms can be ne-
glected because the conventional generators are not dispatched beyond their
efficient generation zones.

Using (4), the expected difference in profit between the two
models is (a — Eg [c; ((d = ATOT)®))] )xg’élru = 0. In
summary, we have the following proposition.

Proposition 5.2. Assume Assumptions 1-7 hold. The ex-
pected profits of both the conventional and renewable gen-
erators in the proposed market are equivalent to their corre-
sponding values in the baseline market.

5.2. Cost-to-Load Analysis

We define cost-to-load as the summation of the profit
of the conventional generators, the profit of the renewable
generators and the cost for the conventional generators to
produce their energy, i.e., CTL = profit, + profit,ror +
GenCost,. Equivalently, CTL = revenue, + revenue,ror.
This is what the ISO pays in total under a particular scenario.
We obtain:

e With the proposed model, cost-to-load is

CTLPP4(&) = ad +cj((d = A" OT)ENA(©) - d).
an

e For any scenario &, exploiting the equality d =

x?AM + ngM + ATOT | the baseline cost-to-load is

CTLbaseline(g)
= proﬁtgaseline(f) + Cg((d—/lTOT)(g)) + proﬁtbaseline(f)

»ToT
= axPAM" 4 el (d=ATOTYE M (@) + 2TOT (&)
= axPM" 4 ¢ (d=2TOTY(E)(d — xPAM),

18)

In a shortfall scenario & with d(£) = d, the baseline cost-
to-load is greater than the proposed cost-to-load because of
the strict convexity of the cost function of the conventional
generators, while the reverse is true in an excess scenario
with d(¢) = d.

For each scenario &, exploiting (4), (17), and (18), we
have:

[EE [CTLbascline( 3
= Eg [ax24M" 4 [ ((d = ATOT)(&)(d —xPAM")]
= Ezlcp((d—2"9T)(&)) d]
= Eg[CTLPP>(g)].

19)

The following proposition is immediate.

Proposition 5.3. Assume Assumptions 1-7 hold. The ex-
pected cost-to-load is the same in the proposed market and
the baseline market.

6. Profit-Optimal Linear Cost Function for
Renewables
While the equivalence results in Section 5 establish

that the proposed market design preserves system-wide effi-
ciency metrics relative to the baseline model, it remains to
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be examined how renewable bidders may strategically adjust
their bids to optimize individual profitability. We assume the
renewables use a linear cost function of the form ax533 +
const. We show that if the renewable generators wish to max-
imize their aggregate expected profit, they should choose
a > a if the conventional generators’ cost function Cq (x)
is strictly convex and monotonically increasing.

With a linear renewable cost function, it follows from the
solution (9) to (8) that the optimal choice is to take foM to
DN = d = <PV
and the DAM revenue for the renewable generators is &(d —

xPAM) = axBAY. The expected profit for the renewable

generators in the RTM is expressed as follows

satisfy cj(x)*M) = &. This then gives x

Expected RTM profit for renewables
= Ezlc,(d=A"T) @) (&) = xH50]

,TOT
= Ezle,(d=AT9T)(€)A"OT(&)] (20)
—Eglel((d=ATOT)@nx ey

/TOT

=Y, cr B, — ax2AM from (4)-(5).

,TOT

Therefore, the overall expected profit is

Expected DAM+RTM profit for renewables

A 21
= Serh + @-xliM. @D

Note that x24M decreases as & increases, and x24M = 0
r r

fora > c; (d). Hence the renewables’ profit is maximized for

some & satisfying @ < & < cé(J), ) xﬁ%‘” (@) < xf;’éjT”(a).
If ¢,(x,) is strictly convex then these inequalities are strict.
Setting the derivative with respect to & of (21) equal to zero

shows that & and xg’élru (&) must satisfy

L (A d N
0=x55" @+ (@- a)%xr%% (@). (22)

We have cg(foM ) = & from (9), so under Assumption 7,

we have x2AM = (& —b)/(2a), so xf;g% =d—(a—b)/(2a).
Substituting in (22) and rearranging gives the optimal choice

for &.

Proposition 6.1. Assume Assumptions 1-7 hold. The choice
of a that maximizes the profit of the renewables is

& = ad + %(b +a). (23)

DAM

This choice of & ensures X, DAM™ d),

is in the range (xg
since & = %(a + cé(d_)).

It is apparent that the expected cost-to-load associated to
@ is greater than that of a, since & > . This exposes the

natural trade-off that maximizing renewable revenue would
lead to an increase in the cost-to-load.

7. Cost and Profit Variability Analysis

The proposed market modifies renewable participation
under day-ahead and real-time settlement. To understand

the impact of electricity market redesign on suppliers and
consumers, we analyze variance of profit for both conven-
tional and renewable generators and cost-to-load under both
the baseline and proposed markets. The variance difference
between the baseline and proposed market reveals whether
the new market design increases or decreases risk for the cor-
responding party (generator or consumer), which is analyzed
in the following subsections.

7.1. Conventional Generator Profit

The DAM and RTM values of the optimal x, are identi-
cal, and the payments to the conventional generators remain
the same in both market models. As a result, the profits of the
conventional generators do not differ between the proposed
and baseline markets. Hence, the variance of profits for
conventional generators is the same in both markets.

7.2. Renewable Generator Profit

Taking the difference of the variances of (14) and (15),
and omitting the scenario index & for notational simplicity,
we obtain

Var(profit’y, ") — Var(profit’, 5’ sedy

= 2xD5M Egley(d — ATOT)? 70T
~2x00M a Egley(d — ATOT)ATOT]
DAM
—(x5ar? Var(ey(d — ATOT)).

Let

p=c(d =TT, xpey! = 1 = Es(2"OT),
where 1 = [EE[ATOT] is defined in section 5. We have the
following result (proof in Appendix D).

Proposition 7.1. The difference in the variance of renew-
able generator profit between the baseline and the proposed
markets can be expressed as

Var(proﬁt?ﬁze}i"c) — Var(profit’roPo*ed)

= A2 Var(p) + 21a Cov(ATOT | p) (24)
+22Cov(ATOT (p — a)?).

The individual terms contributing to the variance dif-
ference of (24) and the corresponding total variance differ-
ence between the baseline and proposed markets, calculated
using data from Electricity Reliability Council of Texas
(2024a,b,c), are summarized in Table 5. Since Var(p) > 0,
the first term in (24) is non-negative. After analyzing the
ERCOT 2024 data, real-time renewable output (A4TOTy and
RTM price (p) are observed to be negatively correlated,
implying that higher renewable generation is typically asso-
ciated with lower RTM prices, as intuitively expected. This
implies that the second term in (24), 2da Cov(ATOT, p), is
negative. The third term, 24 Cov(ATOT | (p—a)?) is observed
to yield a negative value in the ERCOT 2024 data. This
implies that larger price fluctuations tend to correspond to
smaller values of A70T .

Overall, the difference in variances between the baseline
and proposed markets for renewable profit tend to be both
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positive and negative values across different hours. From the
ERCOT data, we observe that during peak-demand hours,
the proposed market exhibits lower variance compared to
the baseline market, suggesting that the proposed system is
more robust for renewable profit during these high-demand
periods. On the other hand, some off-peak periods show
negative variance differences, indicating that the proposed
framework might lead to increased profit variability for
renewables under lightly loaded market conditions.

7.3. Cost-to-Load
Omitting the scenario index &k from (17) and (18), cost-
to-load for the baseline market is obtained as,

baseline __ proposed | 7./ ¢ _ 2TOTY _
CTL =CTL + /I(Cg(a’ A7) —a). (25
We have the following result (proof in Appendix E).

Proposition 7.2. The difference in the variance of cost-to-
load between the baseline market and the proposed market
can be expressed as

Var(CTLbaseline) — Var (CTLproposed)
= A2 Var(p) + 2Aa Cov(d, p) + 22 Cov(d, (p — a)?).
(26)

Table 6 summarizes the total variance difference of
cost-to-load between the baseline and proposed markets,
as well as the individual terms that contribute to the vari-
ance difference in (26). The data used in this analysis is
again derived from Electricity Reliability Council of Texas
(2024a,b,c,d). Since Var(p) > 0, the first term in (26)
is non-negative. The analysis of ERCOT 2024 data shows
that real-time demand (d) and RTM price (p) are positively
correlated, as intuitively expected. This implies that the sec-
ond term in (26), 24a Cov(d, p) is positive. The third term,
21 Cov(d, (p — @)?) is found to be positive for most hours
using ERCOT 2024 dataset indicating that higher demand
is associated with greater price variability. Consequently,
the variance difference for cost-to-load between the baseline
and the proposed market is always positive, as seen in the
last column of Table 6. This implies that as compared to
the baseline, the proposed market generally presents a lower
price risk for consumers, where the price risk originates from
uncertainty in the demand and the renewable generation.
When the demand is well predicted (i.e., the price risk arises
solely from the uncertainty of renewable generation), this
variance difference is strictly positive as established below.

An equivalent representation of (26), derived in Ap-
pendix E, is

Var(CTL®¢lin®) — Var(CTLPoPosed)

= 12 Var(p) + 21 Cov((d — d)p, p). @7

Empirical data from Electric Reliability Council of Texas
(ERCOT) (2024) indicate that the deviation (d — d) re-
mains small, typically within 3.5%. Consequently, the term
21 Cov((d—d)p, p)is empirically small relative to A2 Var(p)
leading to the following corollary.

Corollary 7.3. If (d —d) remains sufficiently small, the non-
negative term A% Var(p) dominates in (27), which implies

Var (CTLbaseline) _ Var(CTLproposed) > 0.

Therefore, the proposed design yields a lower variance in
cost-to-load than the baseline market. If demand is perfectly
predicted, i.e., d = d, then from (17),

CTLproposed =a d_,

which is constant. Hence, Var(CTLPP¢d) = 0

8. Risk-adjusted Cost Curves

While Section 6 focused on revenue-maximizing bidding
strategies for renewable generators, it is equally important to
account for risk exposure arising from real-time shortfalls.
To this end, we next develop risk-adjusted cost curves to
reduce real-time vulnerability. The study of risk-averse and
coherent risk measures is an active area of research with
an early paper being Artzner, Delbaen, Eber and Heath
(1999). Conditional Value-at-Risk (CVaR) (Rockafellar and
Uryasev, 2000) is a coherent risk measure through which a
renewable could incorporate its risk of a large RTM charge
into its cost curve. In such an approach, a renewable is
concerned with the expectation of the worst v proportion of
scenarios that can result in a shortfall. For ease of exposition,
we assume the scenarios are equally likely; the framework
however extends to scenarios being drawn from an arbitrary
distribution. We divide our analysis into two cases: (a) when
the CVaR metric captures the risk of shortfall of each re-
newable individually (disaggregated case), (b) when CVaR
captures the risk of shortfall in the total renewable supply
(aggregated case). In case (a), an individual renewable may
have a piecewise linear CVaR cost function, while in case
(b), the aggregated renewables possess a linear CVaR cost
function.

8.1. Disaggregated CVaR

. DAM . . .
For a given X, CVar® the contribution of a particular

scenario &k to the CVaR of renewable r can be written as

5o DAM  gky _

Vi, cvar €)=
v DAM k e x (. DAM k v(~DAM
(X eyare ) G0 Ly p &5 2 zr(xr,CVaR)’
0 otherwise,

(28)
where z!(xPAM ) is the cutoff for a scenario to be one of the
v proportion of scenarios with the highest cost (informally,
the “bad scenarios”), and ¢&,(xPAM &Ky i defined in (3).

r,CVaR’
s 1 (+DAM £k o1 DAM
The function V,(xr’CVa R & ) is linear as long as x is

r,CVaR
in the range where <§" is a bad scenario, and zero otherwise.
The overall CVaR for renewable r is then

v DAM ~ _ | v DAM gk
Ve = o X Vioreyn €. 29)
k
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In general, CVaR is a convex and monotonically increasing
function. If the number of scenarios is finite, it is piecewise
linear. We give an example to show the calculation of CVaR.

Example We consider a renewable, with 4 scenarios (k)
as follows. For this example, as A,(.ff) increases, the total
renewable production A7O7 decreases. The two illustrative
points (0 and 10) correspond to the minimum and maximum
renewable production levels, respectively.

k| A& | eb(d = ATOT) | &(0,€5) | &,(10,&)
1 0 2 0 20
2 5 10 -50 50
3 5 20 -100 100
4 10 20 -200 0

Assume each scenario is equally likely, and that CVaR
is calculated using the two worst scenarios. The CVaR
K(xfé% ) is then as listed in the following table and
illustrated in Figure 2.

xPAM - range ‘ worst 2 scenarios ‘ CVaR
[0, 5] {1,2} 6x%‘l]/”aR -25
DAM  _
[5,6.25] (1,3} 11xDAM 50
[6.25, 10] (2,3} 15xDAM 75

—— Scenario Based Cost Curves

—— CVaR

. Break Points

Cost
-100 5
| 1

-150
1

-200
|

Figure 2: Plot of cost for four scenarios (black lines). CVaR
V,.(x) plotted in red.

A A DAM . . . . . .
Hence V,(xh Cvar) 18 @ piecewise linear, monotonically in-

creasing, and convex function for this example.
Note that for this example, we have a = 13, so the slope
7 («+DAM  : DAM
of V,(xr,CVa r) 1s below a for X, Cvar S 5 and above for
xPAM "~ 5 Tt is possible to construct examples where the

r,CVaR
7 (~DAM DAM
slope of I/"(xr,CVaR r,CVaR’

where the slope of I7r(x ) is above « for all x

and others

DAM
r,CVaR’ O

) is below «a for all x

DAM
r,CVaR

Following Assumption 6, we set the CVaR cost function
submitted to the ISO as

Vxplyir) 1= Vi o) + ke (30)

where k,. is a constant chosen so that Assumption 6 holds. (In
the example, k, = 25.) We now give a sufficient condition

DAM : :
for V,(xn Cvar) © be a linear function.

Proposition 8.1. For a given renewable r, and for each
pair of scenarios & and &, assume that if A,(€') > A.(&/)
then (d — ATOTY(E) < (d — ATOTY(E), so the price de-
creases as renewable production increases. It then follows
that V, (xDAM WR) 1S4 linear function.

The proof of this proposition follows from the following
elementary lemma, which shows that the set of bad scenarios
is the same for all x%‘% r = 0 in the setting of the
proposition.

Lemma 8.2. Consider two linear functions of x, namely
mix — Ay and myx — A,. Assume Ay > Ay and m; < m,.
Then myx — Ay — [myx — 4,] <0 forall x > 0.

Lemma 8.2 says that the lines do not cross for x > 0. In
the context of the proposition, m; and m, represent the prices
¢’ (d — ATOT) for the two scenarios. It is worth noting that
the renewable cost curve shown in Figure 2 does not satisfy
the assumptions of Proposition 8.1, and therefore it is only
piecewise linear.

In practice, a cost function is often a convex combina-
tion of the expected cost and the CVaR. Let the CVaR be
weighted by #. For a given scenario £ and a given renewable
generator r with accepted DAM bid of xP4¥ _ exploiting
Assumptions 4 and 5, the expected rlsk-adjusted RTM cost
for the renewable r is

DAM
X Cvar)

= (L=me,ePip ) + V(P00 D (31
= q

DAM DAM

- r’)axr,CVaR + rﬂ/"(xr,CVaR)’

where the last step exploits equation 7. In general, this is a

monotonically increasing convex function of xPAM  with
) - .r,CVaR o

¢,»(0) = 0. If there is a finite number of scenarios then it is

piecewise linear.

8.2. Aggregated CVaR

We now consider the case where the renewable gener-
ators, both solar and wind energy suppliers with different
forecasted scenarios, act as a coalition and submit a single
cost curve. In practice, this situation is realized when the
renewables with excess generation will cover for others with
shortfall outside of the market, and therefore, the CVaR
function only needs to capture the risk of the aggregate
shortfall across all renewables. In this case, the CVaR for
scenario & is

7 DAM ky —
V.ror(x \TOT Vg R’é ) =
1 DAM k
_c,TOT(x JTOT Oy aR’ ,E9) 32)
DAM k v DAM
if chOT(erOT’CVaR &) 2 2, ror (erOT’CVaR)
0 otherwise.

Note that the slope c} ((d = ATOT)(£X)) is monotoni-
cally decreasing as (d — ATOT)(£K) decreases. Thus, from
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Lemma 8.2, the set of bad scenarios is the same for all

nonnegative xl;‘élru CVaR® ; in particular, the bad scenarios are

those with the largest shortfall (d —/ITOT)(é‘k ). Consequently,

V. xPAM is a linear function of x2AM which
rTOT( rTOT,CVaR) rTOT CVaR’

we write as

DAM
Viror (erOT,CVaR

CVaR _DAM

_ _ aCVaR
) =a erOT,CVaR p ¢ (33)

with
DAM )

rTOT CVaR

— CVaR\,DAM
= (= ma +na®R)xBEY

— (1 =mpB,ror +npVR).

Since the CVaR is calculated using the bad scenarios which
have the largest slopes, we obtain a®" 4R > q.
From the linearity of the renewable cost function, the
ISO solves a problem similar to (8). The optimal solution
DAM*

X, CVaR will have the same structure as (9), with « replaced

by (1-n)a +naCV R Since a€¥ R > a, we have xPAM >

g,.CVaR —
xDAM DAM DAM
g rTOT,CV.uR - rToT ° ) .

The results of this section are summarized in the follow-

ing proposition.

¢ ror (x

(34)

and x

Proposition 8.3. Assume Assumptions 1-6 hold. Assume the
renewables submit a single CVaR bid as a coalition. The
CVaR bid function is the linear function given in (33). The
slope of this linear function is greater than a, and xPAM

g,CVaR —
xPAM 5o the cost-to-load is larger than in the proposed

g
model (8).

9. Evaluation

We used MATLAB to simulate market outcomes using
the 2024 Hourly Aggregated Wind and Solar Output dataset

Hour 8: DAM & RTM Revenue

Bl Baseline
BN Exp. Adj.

Agg. CVaR (n=1)
Il Rev. Opt.

Expected Revenue (X1OA)

Disagg. CVaR (n=1)

from the Electric Reliability Council of Texas (ERCOT)
(Electricity Reliability Council of Texas, 2024c). We merged
the wind and solar data, isolating weekday data for July. For
each hour 7 (h = 0, ...,23), we selected the first 10 even-
indexed weekdays as the calibration dataset to calculate the
and p, parameters. We then evaluated our approach using the
first 10 odd-indexed weekdays. All data was proportionally
scaled based on the average hourly load of the even-indexed
weekdays. In effect, we assume d;, is accurately forecast,
which allows us to study the impact of the variability in
renewable generation which is the key focus of the paper.

9.1. Plotting Metrics of Different Models

In the baseline market, the DAM price is the conven-
tional marginal cost evaluated at expected net load, whereas
in the proposed market the DAM price parameter a is
the expected marginal cost from the calibration sample;
RTM settlements in both cases are determined by realized
marginal costs.

Figure 9.1 compares market outcomes under the base-
line, expectation-adjusted, revenue-optimal, and CVaR-based
strategies. Across all hours, conventional profit is unchanged
across market designs, consistent with the theory. We there-
fore focus on two representative hours, Hour 8 and Hour
20, to show how renewable profits and cost-to-load differ
between shortfall and excess scenarios.

Hour 8 [Figure 9.1(b)] is a total shortfall case. Because
realized renewable output falls below DAM commitments,
renewables must buy energy in real time, which lowers
renewable profit in the proposed market. Consistent with the
theory, the corresponding cost-to-load is lower than in the
baseline market.

x10* Hour 8: Market Outcomes (DAM+RTM)

Il Baseline
BN Exp. Adj.

12 Agg. CVaR (n=1)
B Rev. Opt

| — Disagg. CVaR (n=1)

Expected Value

0 ' I H H5ﬁ§

o o ‘&\c_,&‘ o \\oo“\‘ \\\“\oe’ \@o@‘ s
Q Q <

Y o\ i\ o
S o S S o
R & o &< o« o
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.

Electricity Market Clearing with Risk-adjusted Cost Curves

x10* Hour 20: Market Outcomes (DAM+RTM)
M Baseline
N Exp. Adj.

Bl Baseline
B Exp. Adj.
Agg. CVaR (n=1) 12
B Rev. Opt.

Disagg. CVaR (n=1),

Agg. CVaR (n=1)

Expected Revenue (X104)
°

Expected Value

S

[ Rev. Opt.
Disagg. CVaR (n=1)
10
8
6
ey
4
: i i
o(\

(d)

Figure 3: Comparison of expected DAM and RTM revenues across representative morning (Hour 8) and evening (Hour
20) intervals. Bars represent expected values, with error bars indicating the full range (min—max) and markers denoting
the 25th/75th percentiles. Strategies include: Baseline (status-quo), Exp-Adj. (expectation-adjusted), Rev. Opt. (revenue-
optimal), and Agg./Disagg. CVaR (n = 1) (aggregated and disaggregated conditional value-at-risk with high risk aversion).
Note that the vertical axis includes a scale break (indicated by wavy lines) to improve readability.

Hour 20 [Figure 9.1(d)] is a total excess case. In this
setting, renewables earn more in the proposed market by
selling excess energy in real time, and the cost-to-load is
correspondingly higher than in the baseline market.

Figure 9.1(a)—(d) also shows a clear risk—return trade-off.
The expectation-adjusted strategy yields the highest DAM
revenue but performs poorly in RTM during shortfall hours,
whereas CVaR-based strategies reduce DAM commitments
and provide greater downside protection.

Aggregation further changes the composition of renew-
able commitments. In Hour 8, aggregation supports higher
total DAM commitments through diversification, while in
Hour 20 it shifts commitment volume from solar to wind to
hedge evening volatility.

Table 1 shows that CVaR-based adjustments are most
conservative in the morning and evening hours, whereas the
revenue-optimal adjustment is largest around midday. All
adjusted values remain below the marginal-cost benchmark,
reflecting the trade-off between risk control and higher ex-
pected revenue.

9.2. An Illustration of Calculating Cost Curves
Here, we assume a realistic conventional cost function

¢y (x) = 0.0000146256 x? +0.107617 x

derived from analyzing actual conventional generation cost
data, with the fixed cost removed to satisfy Assumption 6.
Then
c;(x) = 0.0000292512 x + 0.107617.

Consider the following sample data in Table 2 of Hour 8 and
Hour 20. In this example, DAM commitments are set equal
to expected renewable generation, matching the baseline-
market assumption. The resulting profits and cost-to-load
are summarized in Table 3. Hour 20 is a total excess case
(2 < 2), so renewable profits and cost-to-load are both

Table 1
Hourly values of a under different cost-curve adjustment
schemes (rounded to two decimals).

Hour Xorig  OCvar=05  XCVaRpl a Cé(d)
0 1.38 1.49 1.60 159 1.80
1 1.29 1.41 1.52 150 1.71
2 1.24 1.36 1.47 1.44 1.64
3 1.21 1.32 1.43 1.39 1.58
4 1.19 1.30 1.41 137 154
5 1.21 1.31 1.41 1.37 1.53
6 1.25 1.34 1.44 1.39 1.54
7 1.29 1.38 1.47 143 156
8 1.27 1.37 1.47 1.43 1.58
9 1.20 1.32 1.43 143 1.66
10 1.19 1.31 143 147 1.74
11 1.24 1.34 1.44 1.53 1.83
12 1.31 1.39 1.47 1.61 1.91
13 1.38 1.45 1.51 1.69 1.99
14 1.43 1.49 1.55 1.75 2.06
15 1.47 1.55 1.62 1.79 2.11
16 1.52 1.59 166 1.83 215
17 1.55 1.62 1.69 1.86 2.17
18 1.56 1.64 1.72 1.86 2.17
19 1.58 1.67 1.76 1.86 2.14
20 1.66 1.74 1.82 1.87 2.08
21 1.72 1.79 1.86 1.86 2.01
22 1.64 1.72 1.80 1.80 1.96
23 1.51 1.62 1.73 1.69 1.87

higher in the proposed market, while conventional profit is
unchanged. Hour 8 is a total shortfall case, and the direction
of these differences is reversed.

10. Concluding Remarks

In this paper, we have analyzed an electricity market
where renewable generators are allowed to bid cost curves
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Table 2
Example Data with Two Renewable Generators (one Solar and
one Wind).

Parameter Hour 8 Hour 20

(MW) (MW)
d (Load) 50468 67367
w (Wind DAM Commitment) 8197 8861
s (Solar DAM Commitment) 2629 5460
A, (Wind Gen. in RTM) 7001 9178
A, (Solar Gen. in RTM) 3131 5995
1 (Agg. Ren. DAM Commitment) 10826 14321
A (Agg. Ren. Gen.) 10222 15173

Table 3
Comparison of Profits and Cost-to-Load (CTL) in the Baseline
and Proposed Markets.

Metric Baseline($) Proposed($)
Hour 8 Hour20 Hour8 Hour 20
Conv. Profit 21721 39847 21721 390847
Wind Profit 8425 14355 8280 14576
Solar Profit 3911 9744 3865 9880
Agg. Ren. Profit 12336 24099 12145 24456
CTL 64255 111462 64094 111829

into the DAM, just like conventional generators. We analyti-
cally derive the expressions for the renewable cost curves so
that they take into account the buying (in case of shortfall)
and selling (in case of excess) of electricity in the RTM, as
needed by the renewable to meet its DAM commitment and
utilize its full supply without curtailment. We theoretically
establish that compared to current practice, the proposed
market preserves overall conventional and renewable gener-
ator profits, and cost-to-load performance metrics, on the av-
erage. Conventional-generator profits coincide between the
proposed and baseline market designs in every uncertainty
scenario, but the variability in renewable generator profit
may be higher or lower in the proposed market depending
on operating conditions. However, the proposed market re-
sults in lower variability in the cost-to-load, under certain
reasonable conditions that are validated using real market
data. When the demand is well predicted, then total cost-to-
load in the proposed market is deterministic, i.e., any impact
of the variability in the renewable supply is not passed on to
the consumers. Scenario-level outcomes nonetheless redis-
tribute the generator revenues between shortfall and excess
realizations. We validate these theoretical results using a
data set from the Texas grid, considering scenarios where
the renewable forecast may not be perfect.

Other than protecting loads (consumers) from price fluc-
tuations due to the variability in renewable supply, there
are several practical benefits of the proposed market with
renewable bidders. First, it pushes some of the complexity
of market operations under renewable penetration to the
edge (namely, the renewables), allowing the ISO to clear
the market by solving a deterministic UC problem, while the

stochasticity is captured in the calculation of the renewable
cost curves that are determined by the renewable generators
individually. This avoids the need for the ISO to solve the
computationally expensive stochastic UC problem (Zheng
et al., 2015; Haberg, 2019). Second, by allowing renewables
to bid cost curves instead of a single generation amount,
it allows them more flexibility to incorporate additional
risk-tolerance measures into the cost curves. This allows
renewables to better manage their risk in the two-stage
market participation than currently possible. Incorporating
Conditional Value-at-Risk (CVaR) into renewable bidding
provides a structured means to manage downside risk. By
steepening bid curves, CVaR reduces DAM commitments
and mitigates RTM penalties in adverse scenarios. The re-
sults reveal a clear trade-off: greater risk aversion enhances
revenue stability but increases load costs. Aggregated CVaR
smooths portfolio outcomes by capturing cross-unit corre-
lations, while disaggregated CVaR retains individual sen-
sitivities and yields higher RTM variability, highlighting
how CVaR systematically modulates commitment behavior
under uncertainty.

There are several research directions that merit further
investigation. Our equivalence results depend critically on
the quadratic nature of the conventional cost curves. While
this is reasonable and widely assumed in practice, extension
to more general convex cost curves remains open. Further,
note that we assume total flexibility (large ramp rates) of the
conventional generators (Assumption 4). The commitments
of some types of conventional generators cannot be changed
easily in real-time, or they may have ramp-up/down con-
straints. Such a scenario would result in renewable curtail-
ment, and needs to be investigated further. For future work,
we also intend to look at multi-period models and incorpo-
rate ramping, storage, startup, and shutdown constraints.
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A. Sample Calculation of « and S,

Consider the data of Hour 8 in Table 4 with 10 scenarios
with d = 50468. If we use a realistic conventional cost
function

¢g(x) = 0.0000146256 x% +0.107617 x + 1666.72,

with c;(x) = (0.0000292512 x + 0.107617, we have

a

Ex [ej(@ = ATOT)@)]

16 Zasy ¢4 ((d = ATOT)(Eh))

=L
= 75(0.0000292512

X(50468—-14762)+0.107617
N (35)

+0.0000292512
X(50468—3946)+0.107617)
= 1‘—0(1.15+ o 4+ 1.47)
~ 1.28,
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pu =Ez [c'((d—ﬂoﬁ(f)) Ju®)
1
= 15 2 p(@=ATONENAE 3
= 1—10(1.15><10443 + ..
+ 1.47x2445) ~ 8419,

po =Ez [c’ (@=ATOT)() 4,0)|
= 5 GU-ATDENRE

= 5(1.15x4319 + ...
+1.47x1501) = 3910,

assuming all 10 scenarios are equally likely.

B. Proof of Lemma 4.2

Proof: From (12), the conventional generators’ profit would
be

profit,(65) = axPAM” — ¢ (d-ATOT ("))
el ((d—ATOT)(gY))
x((d—ATOT)(E) -
— axPAM* _ . (xDAM*)
+cg(xDAM) c,(d—ATOT)(Ek)  (38)
! ((d— JTOT(gh)
X((d - 3TOTY(Eh) -
DAM * DAM* )

DAM*)

DAM*)
> ax - cg(x
= proﬁté)AM from (13).

The inequality follows from the convexity of c,(x,) of
Assumption 2, which gives

cg(ePAMT) > ¢ ((d—ATOT)(Eb)
+ ¢l ((d—ATOT)(gk)) [xDAM™ — ((d—ATOT)(ER))],
(39)

showing the required result. O

C. Proof of Proposition 5.1

Proof: In the baseline market practice, we have

foM "(baseline) = Eg(d — ATOT), whereas in our proposed
market practice, x?AM *(proposed) satisfies

ch(xPAM “(proposed)) = a = Ez(c}(d —ATOT)) (from (4)
and (9)). Assuming that c,(x,) = axé + bx, + ¢ with a, b,
and ¢ being some constants, we have ¢’ (xg) = 2axg+b. Note

that the cost function ¢, (x,) for the conventional generators
is the same in both the baseline and proposed market. Then,

Ex(cy(d —ATOTY)
= Ex(2a(d—AT°T) + b)
=2a(Ez(d — ATOT)) + b
= 2a( DAM® (baseline)) + b.

(40)

We also have
[EE(C;(d —AToTy)
= c; (foM " (proposed)) 41)
= Za(foM*(proposed)) + b.

Since the cost function cg(xg) is strictly convex, the claim is
proved. Cl

D. Proof of Proposition 7.1

Proof: Squaring (15) and taking expectations, we obtain

Ex[(profit’y 2]
baseli
= Eg[(profit ;?Tlne)z]

+ 2x%§‘4 E=[profit’™ (a — ¢i(d — ATOT))]

R [ ¢l(d - ATOTY)?).

,ToT
42)
Substituting (14) and (4) in (42), we get
E-l(profit?51™)2] - Exl(profil 2]
= 2x%¢4 Ezle,(d — 470T)? 4707 )
Zx%Q’a[E [el(d — ATOT) 4TOT]

— (xBAMYR Var(e! (@ — ATOTY).

Using the notation of Sections 5 and 7, let

=c (d ATOTy and 4 = xDT‘gJT” Ex[ATOT].
The expectatlon value of renewable profit is the same for
both markets. By applying the definition of covariance,
the difference of variance between baseline and proposed

market,

Var(proﬁtbﬁsoe}me) Var(proﬁtp;oopT0 sed) 4)
=22 Cov(/lTOTp, p) — A2 Var(p).

Now, using the definition of covariance,
Cov(A"%T p, p) = Ex[27%" p*] = Es[4" 7" p]Ez[p]. (45)
Let p=p—a
Thus,
(46)
E=[ATO7 (a4 p)] = aE[ATOT1+ES[ATOT 5]
(47)

[EE[}'TOTP] —

Inserting (46) and (47) in (45) and using the definition of
covariance, we get

Cov(A"Tp, p)

= a Cov(ATOT | p) + Cov(ATOT | (p — @)?) + A Var(p).

(43)
Substituting (48) in (44), we obtain (24).
Var(profit?5; ") — Var(profit?, 7 wed)

= A2 Var(p) + 2Aa Cov(AT9T p)
+22Cov(ATOT (p — a)?).
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E. Proof of Proposition 7.2
Proof: From (25),

CTLbaseline — cpp proposed o 7 c; (d — ATOTy _ g,
Using the identity

Var(X + aY) = Var(X) + a* Var(Y) +2aCov(X,Y),
we obtain

Var(CTLbaseline)
= Var(CTLPPosed)
+12 Var(cy(d — ATOTY _ o)
+21 Cov(CTLProposed ch(d = ATOT) — a).

Since « is a constant,
Var(c;(d —ATOTy _ ) = Var(c;(d —AToTy),
Cov(CTLProposed ch(d - ATOTY _ @)
= Cov(CTLP™*%4, ¢! (d — ATOTY).

Therefore, the difference in variances is

Var(CTLP®e1in) — Var(CTLPPsed)
=12 Var(cy(d — ATOTY) 49)
421 Cov(CTLProPosed Cé (d — ATOTY).

Using the notation of Appendix D, inserting (17) in (49),
yields (27).

Var(CTLP®e1in) — Var(CTLPoPsd)
= 12 Var(p) + 21 Cov((d — d)p, p).

Now, using the definition of covariance,
Cov((d —d)p, p) = Eg[p*(d — d)] — aEz[p(d — d)]. (50)
Since Eg[d —d] =0,
Ezl[p*(d —d)] = 2a Eg[p(d — d)] +Ez[p*(d — d)], (51)
Ezlp(d—d)] = a Egld —d]+Ez[p(d —d)] = Ex[p(d —d)].
(52)
Substituting (51) and (52) in (50), we get
Cov(d - dp.p) )
=2aEz[p(d —d)] + Ez[p2(d — d)]
—akg[p(d — d)] (53)

= aEg[p(d — d)] + E[p*(d — d)]
= a Cov(p,d) + Cov(d, (p — a)?).

Inserting (53) in (27), we obtain (26).

Var(CTLbaseline) — Var ( CTLProposed)
= 12 Var(p) + 24a Cov(d, p) + 22 Cov(d, (p — @)?).

Table 5

Hourly values of the three components of the variance differ-
ence and their aggregate contribution in Proposition 7.1 (all
values x10'°, in ($§/MWh)?)

Hour A, A, A, Aprofit,
0 2.839 -2.328 -0.176 0.335
1 3.110 -2.064 -0.083 0.963
2 3.347 -2.052 -0.016 1.279
3 4261 -2.258 -0.624 1.379
4 5169 -2.485 -2.950 -0.266
5 7.202 -3.072 -8.267 -4.137
6 11.02 -4.849 -52.94 -46.77
7 1557 -5.488 -117.0 -106.9
8 1492 -5271 -1265 -116.9
9 10.23 -3.776 -13.68 -7.226
10 9.854 -3.355 -3.887 2.612
11 10.34 -3.266 -1.844 5.230
12 16.22 -3.238 -0.755 12.23
13 30.23 -4.146 -6.126 19.96
14 25.17 -3.590 -5.985 15.60
15 361.8 -8.747 -329.8 23.25
16 2305 -11.46 -207.4 11.64
17 177.2  -26.54 -52.12 98.54
18 193.6 -33.91 -87.75 71.94
19 1094 -52.40 -327.7 713.9
20 755.7 -36.74 -311.6 407.4
21 10.02 -6.079 -11.05 -7.109
22 3.078 -3.043 -0.975 -0.940
23 2491 -0.206 0.246 2.531

F. Empirical Analysis Using ERCOT Data

For convenience, the three terms in (24) are denoted by

Al = 12 Var(p)7
A, =27 Cov(ATOT, p),
Ay = 22Cov(ATOT, (p — a)?),

The aggregate contribution is given by
Aproﬁtr = A] + Az + A3

Table 5 reports the hourly values of A, A,, and A5 from
Electricity Reliability Council of Texas (2024a,b,c), aver-
aged across the 366 days of 2024, together with their ag-
gregate contribution Aprofit,.

Analogously, for (26), we define

A, =24a Cov(d, p),
As =22 Cov(d, (p — a)?),

The aggregate contribution is given by
ACTL = Al + A4 + As.

Table 6 reports the hourly values of A;, A4, and A5 from
Electricity Reliability Council of Texas (2024a,b,c,d), av-
eraged across the 366 days of 2024, together with their
aggregate contribution Acyy .
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Table 6

Hourly values of the three components of the variance differ-
ence in Proposition 7.2 and their aggregate contribution (all

values x10', in (§/MWh)?)

Electricity Market Clearing with Risk-adjusted Cost Curves

Hour A, A, A Aot
0 2839 1.162 1.880 5.8810
1 3110 1.302 1.428 5.8400
2 3347 1382 2503 7.2320
3 4261 1.447 4906 10.614
4 5169 1535 13,59 20.294
5 7.202 2459 68.80 78.461
6 11.02 3860 317.2 332.08
7 1557 5553 6285 649.62
8 1492 2765 547.4 565.09
9 1023 1.683 4253 54.443

10 9.854 2758 7.115 19.727
11 10.34 4.218 1545 16.103
12 16.22 6.740 3.362 26.322
13 30.23 9.424 1735 41.389
14 2517 11.88 4.137 41.187
15 361.8 9.956 -214.2 157.56
16 2305 8.400 -141.9 97.000
17 177.2 3.217 -8.674 171.74
18 1936 11.13 -3.077 201.65
19 1094 84.10 1204 23821
20 755.7 40.00 5129 1308.6
21 10.02 3.278 7.682 20.980
22 3.078 1.454 3.822 8.3540
23 2491 1.284 1.923 5.6980

Z. Nie, M. Afrin, J.E. Mitchell, K. Kar, J.H. Chow: Preprint submitted to Elsevier
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