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Abstract—Incentives to encourage the uptake of renewable
energy generation have fostered wind energy in many power
systems. These incentives usually take the form of market
instruments (e.g. feed-in tariff or premium) that are not directly
amenable to optimization representations of the market. In this
paper, we propose an equilibrium model of the short term
market to address the impact of wind operation under different
structural assumptions. The model is formulated for several price
taking, risk averse firms in competition. It accounts for wind
generation uncertainty and embeds a representation of the day
ahead and balancing mechanisms. The consumer is modeled by
a linear inverse demand function. We focus on feed-in premium
as the incentive to wind as this is the instrument most favored
today in European discussions.

The model is formulated as a stochastic equilibrium problem
where the Karush-Kuhn-Tucker (KKT) conditions from the
optimization problem of each firm are simultaneously solved
together with market clearing conditions on energy, capacity
for reserve and energy for reserve. The problem for each firm
consists of a two-stage stochastic optimization problem with
a recourse function based on the Conditional Value at Risk,
(CVaRyp), as a risk measure. Due to price taking assumptions
the model is a single stage complementarity problem; it is
implemented and solved using the software GAMS. An example
based on a stylized simplification of the Spanish power market
and motivated by the impact of wind penetration on the revenue
of conventional plants is used to illustrate the proposed approach.

Index Terms—CVaR, equilibrium, market, stochastic program-
ming, Feed-in Premium.

NOTATION
A. Indices and sets
f,h, F' Indices and set for firms, f, h € F.

G Set of all the generators.

Gy Set of generators belonging to firm f.

g Index for dispatchable generators, g € G.
l Index for wind generators, [ € G.

k,Q Index and set for scenarios, k € Q.

B. Parameters

A Upper bound for the requirement of committed up-
ward reserve. In the Spanish System A = 110%.
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A Lower bound for the requirement of committed up-
ward reserve. In the Spanish System A = 90%.

B Lower rate for committed downward reserve respect to
the committed upward reserve. In the Spanish System
B = 40%.

R Upward ramping slope respect to the generation capa-
city, usually R € [0.02,0.53] per hour.

R Downward ramping slope respect to the generation
capacity, usually R € [0.02,0.53] per hour.

cdq Linear coefficient of generation cost for dispatchable
generator g, [€/MWHh].

my Balancing reserve factor for wind turbines.

My Balancing reserve factor for dispatchable generators.

pr* Probability of scenario k.

X, Maximum generation capacity of dispatchable gene-

rator g, [MW].
X Must-run capacity of dispatchable generator g, [MW].
In the case study X = 0.

?f Maximum generation capacity available for wind tur-
bine [ in scenario k, [MW].
Yy Must-run capacity of wind turbine [ in scenario k,
v [MWT]. In the case study Zf“ =0.

Y, Installed capacity of wind turbine [, [MW].

Qg Slope of the inverse demand function [€/(MWh)?].
0 Confidence level for firm f CVaR, 6 € (0,1).

As Level of risk aversion, A; € [0,1], Ay = O risk neutral.

00 Independent coefficient of the inverse demand func-
tion, [€/MWh].
pT Premium associated with the scheduled wind genera-

tion, [€/MWh].

C. Variables
Primal variables
dy Energy sales of firm f in day ahead, [MWh].

Q7 Auxiliary variable for C'VaRy calculation.

Tlg Committed upward reserve from dispatchable genera-
tor g, [MW].

rdg Committed downward reserve from dispatchable gen-
erator g, [MW].

s]; Energy deployed from upward reserve of dispatchable
generator g at scenario k, [MWh].

u’; Energy deployed from downward reserve of dispatch-
able generator g at scenario k£, [MWh].

vlk Wind energy in excess over the scheduled generation

for wind turbine [ at scenario k&, [MWh].
Zg Scheduled generation of dispatchable unit g, [MWh].



Y Scheduled generation of wind turbine /, [MWh].

Pl Energy bought by wind turbine [ at scenario k,
[MWh].
Cr Auxiliary variable for CVaRy calculation.

Dual variables

5 Upper bound for committed upward reserve.
ol Upper bound for committed downward reserve.
Eg Upper bound for upward reserve that generator g can

supply. Ramping constraint.

Upper bound for downward reserve that generator g

can supply. Ramping constraint.

Mg Upper bound for the energy from the committed
upward reserve, dispatch. generator g, scenario k.

Q’; Upper bound for the energy from the committed
downward reserve, dispatch. generator g, scenario k.

Zf Upper bound for purchases of wind turbine [ at
scenario k.

o Lower bound for purchases of wind turbine [ at
scenario k.

I Lower bound for committed upward reserve
[€/MWh].

K Lower bound for committed downward reserve
[€/MWh].

vy Power balance of firm f.

lk Upper bound for sales in excess of wind turbine [ at

scenario k.

O’Z CVaRy constraint.

T Constraint that relates the available wind in excess for

wind turbine [ and it use at scenario k.
b Upper bound capacity constraint of dispatchable gen-
erator g.
10) Lower bound capacity constraint of dispatchable gen-
erator g at scenario k.

X" Balancing with excess of wind at scenario k.

x* Balancing with shortage of wind at scenario k.

% Upper bound capacity constraint of wind turbine .
ﬂl Lower bound capacity constraint of wind turbine [ at

scenario k.

I. INTRODUCTION

renewable energy sources, in particular wind and solar,
Rare seen as key technologies for mitigating climate
change. Different economic instruments such as Green Tar-
gets and Certificates, Feed-in Tariffs or Feed-in Premiums
have been introduced to support the development of these
technologies. These instruments raise interesting economic
questions [1]-[4], but can also sometimes lead to unintended
consequences [5]-[7]. This paper assumes a feed-in premium
incentive throughout; it very occasionally touches on an unin-
tended effect, but otherwise does not discuss the relative merits
of these economic instruments.

High rates of wind and solar generation in power systems
also pose other, more micro economic and technical, chal-
lenges to market designers, system operators and generation
firms [8]-[10]. Variability and unpredictability in case of high
wind penetration may cause operational problems [11], [12]
that need to be handled by operational flexibility in real

time. We here refer to an European system with a balancing
mechanism but no real time market, and refer to “flexibility
reserve” as the reserve used in that balancing mechanism to
manage unpredictability (we deal with variability in another
paper [13]) in the sense of deviations with respect to wind
forecast errors.

The determination of the optimal quantity and price of the
flexibility reserve has been studied by several authors. In [14]
a methodology that takes into account the uncertainty of the
load and wind power forecasts and also the probability of
generation failures is proposed to quantify the requirement for
system reserve given a certain level of system reliability. This
methodology is applied to the whole Irish power system as a
case study. A common approach to deal with uncertainty is to
rely on stochastic programming, as in [15] and [16]. The value
of the operational flexibility is another important notion, which
has been explored, for instance, in [17]. In [18] it is shown how
to optimize the operation in a short-term forward electricity
market using the concept of “stochastic security”. Conditions
for an optimal balancing market have been studied by several
authors, who conclude that cost-reflectiveness with respect to
the imbalance price is a key condition for a balancing market
to be optimal [19], [20].

Generators act on both the day ahead and intraday markets
as well as on balancing. Besides the literature on balancing, a
number of strategies for optimal bidding in day ahead have
been proposed in the academic literature. These strategies
focus on uncertainty in the system and are also often based on
stochastic programming. In [21], a model to derive the best
offering strategy for a wind power producer is initially posed
as a mixed-integer nonlinear program and finally reformulated
and solved as an equivalent linear program. More microeco-
nomic analysis of the behaviour of individual agents operating
under uncertainty can be found in the literature such as in [22].

The use of stochastic programming for determining optimal
offering strategies of wind power producers under uncertainty
gives results more accurate than other methods that consider
less information. This is shown in [23] and also in [24] where
the model is posed as a two-stage stochastic program taking
into account network constraints and a pool with a significant
number of wind producers. In [25], optimal offers in quantity
are calculated for wind power producers through a two-stage
stochastic program in which the information on prices and
available wind energy is incorporated as exogenous parameters
using a scenario tree. The CVaR is used for representing risk
averse behavior.

Other approaches include second-order cone programming
as in [26], which is used to solve an optimal self-scheduling
problem for a single firm based on a security constrained
optimal power flow with risk aversion using a CVaR function.

The main contribution of this paper with respect to that lit-
erature can be summarized as follows. In contrast with most of
the literature that poses the problem of wind accommodation
through stochastic [15], [16] or robust [26] optimization, we
state it in equilibrium terms with risk averse agents. We justify
the departure from optimization on several grounds.

A first reason is that wind penetration is generally supported
by instruments that distort the market away from perfect



competition. This is the case of the feed-in premium which is
the favorite EU proposal for reforming the support to renew-
able generation, as well as the feed-in tariff which has been
the rule in many European countries. These distortions are
incompatible with the perfect competition conditions implied
by the pure optimization formulation of the short term power
markets (e.g. two prices for the same product in a single
market).

Equally relevant to justify the move to an equilibrium
model, European systems contain idiosyncrasies that add
distortions to the standard competition paradigms. One of
them, treated here, implies non backward recursive payoffs in
the sense that day ahead prices are also used in balancing,
notwithstanding the state of the world in real time. This
forward passing of price is the opposite of the backward
mechanisms that state day ahead prices as expectations of real
time prices in stochastic programming. This again departs from
what can be done by optimization formulations.

Last, instruments such as feed-in premium or tariffs also
generate risk exposures that can be quite different for conven-
tional and wind generators. Barring a US type mechanism of
the virtual bidding type that does not exist in Europe, these
risks are not tradable. This requires a multi-agent setting where
agents face different non tradable risks. This is again not
amenable to a single agent representation (whether by stochas-
tic, robust or risk function optimization) of the problem.

Summing up, we believe that the combination of balancing
markets and wind policies idiosyncrasies introduces enough
departures from the standard stochastic optimization paradigm
to justify an extension to the more general equilibrium formu-
lation at least when looking at the European market.

The balancing mechanism is thus central in this analysis.
It can be modeled through econometric relations giving bal-
ancing prices as functions of energy or through fundamental
representations that could include an unit commitment [27].
Because balancing is an evolving process subject to continuous
discussion, we do not rely on an econometric representation
but introduce a fundamental equilibrium model (without ex-
plicit unit commitment). This model can be adapted, some-
times at the cost of additional computational manipulation, to
different market designs (e.g. different pricing schemes). This
capability is also specific to equilibrium models and would not
be possible in an optimization framework. This is discussed
in more detail in Section II-D.

The content of the paper can be summarized as follows. We
develop a short-term equilibrium-based model with high wind
penetration where the wind producers benefit from a feed-
in premium, and each generator solves a two-stage stochastic
programming problem to optimize its profit. The Transmission
System Operator (TSO) runs a day ahead market for reserve
and a real time balancing mechanism. We use this set up
to provide a first insight into the loss of competitiveness
of conventional capacity that accompanied the penetration of
wind in Europe. We examine the combined impact of feed-in
premium and adequate pricing of the reserve on the revenue
of conventional plants, and come up with contrasting results.
The possibility to contract abundant reserve for flexibility
close to real time confirms the loss of competitiveness of

conventional plants. In contrast, flexibility reserves that need
to be committed many hours in advance provide revenue that
compensate the losses on the energy market.

The paper is organized as follows. In Section II the model
attributes and main assumptions for the day ahead, reserve and
balancing market are given. In Section III the mathematical
formulation is described. An illustrative case study based on
a stylized version of the Spanish power system is discussed
in Sections IV and V. Conclusions close the paper.

II. MODEL FORMULATION
A. Assumptions

Electricity markets deal with wind integration through a
wide range of organizations. The proposed model is inspired
by the Spanish case but presents some general features that are
common to all European markets and hence may also be of
interest to other countries supporting renewable energy [28].

We consider a two settlements system with a day ahead
energy market and a real time balancing mechanism. The
Power eXchange (PX) clears the energy market in day-ahead
under imperfect wind forecast. The TSO deals with deviations
with respect to these forecasts in real time. It does so through
reserves that it procures in a day ahead “market for reserve”
and uses in real time' in “balancing”. Flexibility reserves are
of the upward and downward capacity type. Here we focus on
the operation mechanism in an hour, and simplify the treatment
by not explicitly considering any intra-day market.

Reserve and balancing deal with deviations with respect to
scheduled quantities in day ahead. This can be represented by
a standard two stage stochastic tree. We represent deviations
with respect to forecast by scenarios of wind power output
realization in one hour”>. The model is set up for a day ahead
time horizon with an hourly time granularity.

Generators, consumers, and the TSO are the agents in
the market. Generators operate dispatchable (conventional)
generators with linear cost (without fixed operating cost) and
wind turbines with zero generation cost. Deviations, up and
down, are cleared by the TSO in real time within the reserve
capacities procured in day ahead from generators. Consumers
are represented by a linear inverse demand function in the
day ahead energy market. They are charged a fraction of
the socialized cost of the reserve capacity through an ex-post
network charge that, for the sake of simplicity, but also not
unrealistically, is not taken into account in the model (this
assumes that consumers do not react to fixed connection charge
in the short run). The government subsidizes scheduled wind
generation through a premium that is financed by the general
budget. The premium can be related to the spot price by
a general function (the higher the spot price the lower the
premium) but it is here taken as an exogenous parameter in

Tn some electricity markets, like the Spanish market, there exists an intra-
day market with intermediate auctions in the time between day ahead and real
time; these auctions contribute to reduce the cost associated with the wind
forecast error [21], [29].

Deviations of demand and generation contingencies can be included in
the scenario tree at the cost of additional technical developments. In order
to simplify the presentation wind deviations constitute the only stochastic
elements.



order to both simplify the presentation and allow for sensitivity
analysis.

The model is posed as a two stage stochastic market
equilibrium problem with risk averse generators. The first
stage variables of the equilibrium model are the demand and
the energy bids from conventional and wind generators in
the energy market and the capacities in the flexibility reserve
market. The second stage variables are those appearing in
balancing and the auxiliary variables used to compute the risk
function of the generators (a C'VaR involving the revenue
from balancing). We make the blanket assumption that agents
are price takers in the day ahead energy and reserve market
as well as in the real time balancing market.

The energy market is typically modeled by a technology
driven supply curve (marginal cost) and a linear demand
function (marginal willingness to pay). The need for reserves
is represented by a set of upper and lower bound constraints,
that equate the supply and demand of that energy in balancing.
These are discussed in detail in Sections II-B, II-C and II-D.
Finally, network constraints are not considered in this model
where the TSO is only involved in the organization of the
reserve market and the balancing mechanism. Many of these
features can be technically removed or modified to scale up the
model or adapt it to other markets. The model is formulated
as a complementarity problem.

B. Day ahead energy market and premium

The PX clears the energy market on an hourly basis in
day ahead. Day ahead outcomes depend on an imperfect wind
forecast but not on real time wind realization.

The energy market is modeled by a standard technology
driven supply curve (marginal cost) and a linear demand
function (marginal willingness to pay) represented by the
inverse demand function

p=po— og-dr (1)

where p is the price for energy in day ahead and dr is the
total demand. The clearing of the day ahead energy market
determines sales dj, scheduled wind y; and dispatchable
generation .

Scheduled wind generation y; receives a feed-in premium
pT (exogenous parameter), that adds to the equilibrium price
in the generators’ revenue. It is not directly paid by customers
but charged to the general budget. Only the scheduled wind
generation that is actually generated in real time receives the
feed-in premium; the wind that was scheduled, but finally
not generated, loses the feed-in premium in the balancing
mechanism. No feed-in premium is paid to the wind energy
that is generated in real time but was not scheduled.

In the Spanish market this premium was given until 12th
July 2013, by a piecewise linear function with a floor and
a cap, as described in [30]. We simplify the mechanism and
assume a fixed premium p*.

The contribution of the day ahead energy market to the
revenue of firm f is

Sur(pt o)+ Y zee(p* — cgy) (2)

leGy geGy

where p* is the value of the price p, cleared by the energy
market. Zlecf y - (pt + p*) is the revenue accruing to
scheduled wind (feed-in premium and equilibrium price) and
> 9eG; zg(p* —cgq) is the revenue collected by the scheduled
dispatchable generation (equilibrium price minus generation
cost).

C. Reserve Model

The TSO clears the market for committed flexible reserves
on an hourly basis in day ahead. Different types of reserves are
used in real power systems. It is convenient to classify them
in two groups: i) those intervening for load-frequency control
are usually very fast (seconds) and automatically operated;
ii) those devoted to load-following operate on longer times
(hours) and are part of the market [31]. This model concen-
trates on a load-following requirements due to wind that we
call flexibility reserve; these imply ramping requirements and
balancing for accommodating deviations from wind forecast.
Flexibility reserve is procured by the TSO from dispatchable
generators in day ahead and results in two products: capacities
of committed upward (rugy) and downward (rd,) reserves in
the day ahead.

In real power systems the requirement of flexibility reserves
is usually based on deterministic and/or simple probabilistic
approaches [32] with more than one criteria commonly used
for sizing the load-following reserves. We here follow [33]
and dynamically determine the required flexibility reserve on
the basis of the generation scheduled from different units. We
use the linear function Ry, = my > icq ¥ + M Y eq Ty
of the scheduled generation to determine the upward reserve
requirement R, by the TSO. The coefficients m, and m,
appearing in this relation, called balancing reserve factors, are
exogenous and reflect the uncertain need for reserve associated
with each technology. The whole set of constraints for reserve
in the model is as follows (3)-(6):

ZTUgZA' mx-Z:cg—me-Zyl ., (®R), 1
9€q@ | 9€G led

Zrdg 23~Zrug, (k), @&
geG geG

Sorug <A | me Y wgtmye Y ul. @, 6
geG L geG leG

Z rdg < Z TUg, (l) (6)
geG geG

where (3) and (4) are the upper bound constraints for the
upward and the downward reserve capacities respectively, and
(5), (6) are the corresponding lower bound constraints. These
constraints are inspired by the operation of real power systems,
in particular the Spanish system.

The revenue accruing to firm f from committing flexibility
reserve in the TSO day ahead reserve market is:

g;f(rug (R+7) +rdy- (E+7)) 7



where & + 7 (€/MW) is the shadow price of capacity for
committed upward reserve, and k + v (€/MW) is the shadow
price of capacity for committed downward reserve.

D. Balancing

The balancing of real power systems must accommodate
demand prediction errors, system contingencies, uncertainty of
non dispatchable generation and forecast errors. We simplify
the discussion by considering only wind power forecast errors,
which are usually the largest demand for load following in
the short term in system with high wind penetration [14]. The
standard economic paradigm is that these services should be
charged at marginal reserve cost to those that demand them,
and paid at the same value to those that produce them. Other
pricing mechanisms such as penalization factors on the market
prices [9], [20] can be also applied.

Here, we consider a simplified and economically standard
approach where the price and the amount of balancing energy
from committed reserve result from a perfectly competitive
market. The market is modeled as an optimization problem
that minimizes the generation cost of balancing energy. This
problem represents an auction organized by the TSO. From a
modeling point of view, the result of this auction is integrated
in the equilibrium through its KKT conditions. Let s’; and
u’; be respectively the energy deployed from upward and
downward flexible reserve rugy and rd, in real time. Let also
2 and v} be the energy bought or sold by wind turbines in
real time to compensate the discrepancy between what had
been scheduled in day head and what could be delivered in
real time. The auction is modeled, for each scenario k, as the
following optimization problem:

minimize Z (sg-cgg — ug-cgg) ®)
Sty geG
subject to: Z s’gC = Z 2F, (7*) ©))
geG 1€G
Sh-Yeh @
geG leG
s’; < rug, (77];) (11
ulgc < rdyg, (ﬁg) (12)

where the variables are sg and u¥, and the fixed input data
are the committed upward ru, and downward rd, reserve
determined in real time, as well as the real time demand and
supply of energy zl’C and vl’C by wind units. The constraints
are the balancing between the energy used by wind turbines
and energy provided by dispatchable generators for downward
reserve (9), and upward reserve (10). Each unit can provide
balancing energy only from the capacity that has been previ-
ously committed in the reserve market (11), (12). The objective
function (8) minimizes the generation cost from reserves using
the committed generators with the minimum generation cost
for upward reserve and those with the maximum cost for the
downward reserve to supply the energy from reserves.

The effect of balancing on revenue and cost differs depend-
ing on whether wind realization is short or in excess. This is

taken into account by the balancing cost for firm f at scenario
k given by the recourse function Q’}:

Q=Y [sh-(egy—7") +ub- (9" — gy — )]+
QEGf
+> {Zz’“ S(pT +7) +of - (o —p*)}
lEGf

(13)

where p* is the energy price on the day ahead market and
7% and 7" are the energy prices from committed upward and
downward reserve respectively from (9) and (10).

In case of wind shortage, the cost incurred by wind turbine
[ that is short by zF in scenario k is zf - (7% + pT): The
plant loses the premium for the energy committed in the day
ahead market and has to substitute it by conventional energy
in balancing at the equilibrium price of committed upward
reserve. On the other hand, the cost of a dispatchable generator
g for providing the upward reserve energy sg is s}; -(cgq —7F),
which is the unitary generation cost cg, minus the price of the
committed upward reserve 7.

In case of wind in excess, a wind turbine can sell an amount

v in excess on its scheduled generation (ranging from zero

to the available excess). Its revenue is v} - (p* — z*), which
involves the unitary cost of downward reserve energy 7" and
the revenue from selling the energy at the equilibrium price p*.
Alternatively, the cost incurred by the dispatchable generator
¢ in scenario k to down u’g from its committed downward
reserve to incorporate the additional wind is u’g€ -(p* —cgq —
7*). The unitary cost is the equilibrium price p*, which was
already incorporated in the day ahead revenue, from which
one subtracts the generation cost cg,, minus the non generated
energy and the price of downward balancing energy 7*.
Summing up the balancing model uses a two-price settle-
ment with one price for the upward energy and other price
for the downward energy. The wind turbines do not lose the
equilibrium price in balancing but they do not get the premium
for quantities that they scheduled in day ahead and do not

deliver in real time.

E. Scenario tree

The output of wind turbines is the only uncertainty consid-
ered in the model. It is represented by a scenario tree where
each branch stands for a realization of the wind power output
for one hour.

We use a Beta distribution to model the wind power forecast
error [34], [35]. Let ¢ = % € [0, 1] be the load factor

for wind generation, [34] and [35] argue that this load factor
fits a Beta distribution:

F(Oé +/B) a—1

1@ = wgrEe -9t qel01] (4
where FF(Ef;'lf(B ﬁ)) is a scale factor such as fol f(x)dx =1, and

the parameters o and (3 are directly related to the mean (u)
and the standard deviation (o) of the distribution:

B =a (1 - 1) (15)
w
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The analysis of empirical data shows that o properly fits a
linear function of u, o = ki-p + ko, [34], [35], [36] where
the coefficients k£ and k2 mainly depend on the time horizon
and the geographic dispersion of the wind turbines. Here we
use the expression given in [36] for a time horizon of 24 h
and large scale generation (normalized by the wind capacity
installed):
1 1
75T R
To build the scenarios, we divide the range [0, 1] for the
load factor into segments and associate each scenario with a
segment. Let n be the number of scenarios, k the index for
scenario and z, € [0, 1], then the range [0,1] is discretized
using n + 1 points, 0 = 2; < 22 < ...2p4+1 = 1. The value

and the probability of scenario k are respectively:

a) plk) = [0 FIEEXC;JIC(ﬁg)xO‘(l — 2)%~'dz, which is the
expected value on the segment that defines the scenario.

b) pr(k) = [+ Fr(g’);fg)ma—lu — x)#~1dz, which is the
integral of the probability density function of the Beta

distribution on the segment associated with the scenario.

The rule to select the points 0 = 23 < 29 < ... <
zZny1 = 1 is to get segments of equal probability: % =

[ERE T A

(in per unit) (16)

III. MODEL EQUATIONS

The model is cast as a complementarity problem, that con-
sists of three groups of equations (the whole set of equations
(30)-(48) is included in the appendix):

1) The global constraints (3)-(6) are the reserve constraints
described in Section II-C. They represent the reserve
capacity constraints of the market cleared by the TSO.
Generators sell in this market at the prevailing clearing
prices. These constraints are not included in the firms’
KKT conditions but their dual variables appear in the
objective functions of the firms.

2) The KKT conditions (34)-(39) represent the minimiza-
tion of generation cost for balancing energy (8)-(12) as
described in Section II-D.

3) The KKT conditions (40)-(48) for the problem of each
firm, which is represented by (17)-(29) and described
next. The optimization problem for each firm includes
only the conditions for which the firm can make explicit
decisions, taking market prices (energy, committed re-
serve capacity, ramping contracts and balancing energy)
as given.

Each firm f solves a two stage stochastic program that
represents the optimization of its operations between day
ahead and balancing. The objective function is a risk adjusted
cash flow E—CVaR[Profitk] = (1 — A;)-E[Profit}] +
As-CVaR[Pro fit’;é] that the firm wants to maximize, where
E[O] = Y, Pr"-0O is the expectation over the scenarios,
Ay € [0,1] is the level of risk aversion (A\y = 0 is risk
neutral) and Pro fit’; is the net profit for firm f at scenario
k. Profith = Py — Q% where Py is the net profit of firm f
in the first stage, that does not depend on the scenarios, and
Q’} is the value of the recourse function (13).

Taking into account the previous definitions we can write the
objective function (17) as Pf—(1—/\f)-E[Q’}]—)\fCVaR[Q’}].
Where CVaR[QY] = (f + ﬁ S heq Pr - Q’;’f is the
application to the recourse function of the standard definition
of the CVaR given in [37].

The net profit in the first stage Py is the sum of the income
from energy sales (po — o _j,cp dn)-dy, committed reserve
> gea, (rug-(F +7) + rdg- (£ + 7)), feed-in premium to
wind generation Zler y;-pT, minus the cost of dispatchable
generation gec; g " Cgs all accruing in day-ahead. The
optimization problem for each firm f is:

12 {(pO —o0 ) di)dr ) yept
ity i i,

+ ) (rug-(R+7) +rdy-(5+ 7))

9€Gy (17)
= D wgegy — (1= Xp)- ) PQf
geGy k
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e
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G+ Q> Qb (@h) 9

where d, x,y, z,rd, ru, s, u, v, Q’;ﬁ are positive variables.

Equations (18)-(29) comprise upper and lower bounds for
dispatchable plants (18), (19), wind turbines (20), (21), energy
balancing in day ahead (22), upper and lower bounds for
the purchases of wind turbines due to shortage of wind (23),
(24), upper bound for wind generation in excess (25), energy
balance for wind turbines (26), ramping constraints for the
upward (27) and the downward (28) reserve, and finally the
auxiliary constraint for the CVaR calculation (29). The model
is implemented and solved using the software PATH in GAMS
[38].

IV. CASE STUDY AND DISCUSSION

The model is applied to a stylized version of the Spanish
electricity system. It can, in principle, be used to study the
impact of a number of factors present in real systems such as:



1) Premium to wind generation (policy).
2) Expected wind forecast (physical characteristic of the sys-
tem).
3) Risk aversion of the firms (market characteristic).
4) Wind power forecast error distribution (physical character-
istic of the system).
5) Reserve requirement set by the TSO.
6) Level of energy demand compared to the installed power
capacity (market characteristic).
7) Mothballing of existing power plants (company decision
subject to regulatory approval).
8) Pricing scheme for capacity of balancing reserve (market
design).
9) Pricing scheme for energy from balancing reserve (a market
design).
10) Number of firms (market structure).
11) Technical capacity for ramping (technology characteristic).
12) Scheme of the balancing mechanism (market design).
13) Arbitrage between day ahead and balancing (market char-
acteristic).
We illustrate this potential by an analysis of three questions
leading to a more in depth investigation of the demand for
flexibility reserve. Even though the model is designed for
several firms operating in the market, it is only used here with
a single company to simplify the discussion.

A. Case Data

The case study only considers wind and three conven-
tional non hydro technologies: Combined Cycle Gas Turbine
(CCGT), Coal and Nuclear. The conventional technologies are
the only ones assumed dispatchable. Generators’ data are listed
in Table I; capacities, number of units and year of construction
are taken from [39], generation cost and ramping capabilities
come from [40]. The system has a total installed capacity of
66105.49 MW of which 22573.00 MW (34.15%) corresponds
to wind and 43532.49 MW to dispatchable generation. We
assume that the CCGT plants with the highest cost are
mothballed and that 50% of the CCGT capacity with the
lower cost is also mothballed. The resulting system still have
a CCGT capacity of 10632.7 MW with a generation cost of
43.45 €/MWh. It must be noticed that CCGT are often the
marginal plants in the following case studies. They then set
the day ahead price at their marginal cost while making a zero
margin.

Bounds and weights take the following values: A = 0.9,
A = 1.1 (committed upward reserve in between 90% — 110%
of the TSO requirement), B = 0.4 (committed downward
reserve at least 40% of committed upward reserve), m, = 0.15
(15 % balancing reserve factor for wind), m, = 0.02 2%
balancing reserve factor for dispatchable generation), and
confidence level 0y = 0.95 for CVaRy.

The parameters py and o of the inverse demand function
have been calculated by stating a price elasticity of -0.3 (data
from [41]) at a reference point (5, d) where 7 = pg — o -d.
Taking p = 48.42 €/ MWh and d = 28753.32 MWh that
correspond to hourly average for the Spanish system in 2012,
one obtains py = 209.82 €/ MWh and oy = 0.0056133
€/(MWh)2.

TABLE I: Summary of generator data

Net Capa. N.of  Aver. age cgg Rg= R,
Technology Yg (MW)  units (years) (€/MWh) % of Yg
CCGT 4395.86 10 10.7 45.82 53.33
CCGT 21265.40 43 6.2 43.45 53.33
Nuclear 1519.23 2 322 10.91 2.08
Nuclear 6053.35 6 28.0 10.29 2.08
Coal 2035.89 4 25.1 37.50 20.00
Coal 5119.13 18 34.8 38.44 25.00
Coal 1198.12 4 34.8 19.77 25.00
Coal 1945.51 5 34.8 20.24 25.00
Wind 22573.00 - - - -
Total 66105.49 16315.53

Uncertainty is modeled through a scenario tree with 12
branches that represent the power output of wind turbines. Sce-
narios are constructed for a given value of the expected wind
1, according to the methodology and assumptions described
in Section II-E. Four examples of scenario tree for different
wind forecasts p are listed in Table II. All these scenarios
have the same probability (% ~ 8.33%); this results from
the particular discretization of the original Beta distribution as
discussed in II-E. Notice that this does not assume an uniform
error distribution. One shall note that the variability of wind
generation is usually in the range [0.4/, 1.64] except for very
low values of expected wind (see Table II).

TABLE II: Data of the scenario tree for wind

Scenario Normalized power output (%)
1 0.59 12.64 2642 3555
2 1.20 16.13 3334 46.56
3 1.69 18.12 37.13 5244
4 2,15 19.76  40.16  56.99
5 262 2124 4283  60.89
6 312 2266 4534 64.44
7 3.66 2409 4782 67.81
8 427 2560 5035 71.13
9 500 2727 53.08 74.52
10 593 2924 56.19 78.18
11 727 3186 60.16 82.46
12 10.57 3734 67.60 89.05
w (%)T 401 23.83 4670 65.00
o (%)! 2.73 6.66 11.20 14.83
max. (base p) 2.64 1.57 1.45 1.37
min. (base p) 0.15 0.53 0.57 0.55

Given this input data, the resulting equilibrium problem has
a size of 645 variables, and takes an average time of 1.499
seconds to be solved with GAMS/PATH running on a laptop
with an Intel CORE i7 processor and 6 GB RAM. The average
computation time per case has been calculated on a sequence
of 1681 runnings with hot start. Without hot start the solving
time is ~ 4 seconds for each problem.

B. Problem statement

The price of energy in day ahead is a particularly relevant
output of markets with high wind penetration. Similarly,
the expected and risk adjusted gross margins made by the
conventional and wind technologies are crucial parameters
in the decision to invest today in the European market. We
illustrate the use of the model by concentrating on the impact
of five main factors on these elements:

a) The forecast wind level: High wind power tends to

ICalculated over the wind capacity installed.



reduce the equilibrium price. This is a direct consequence of
wind replacing the most expensive dispatchable generators. It
directly affects the margins made by conventional and wind
plants. Table III (columns 2 and 3) reports results for average
feed-in premium to wind generation and risk aversion but
with different wind forecast p. As expected, higher wind
forecast results in higher scheduled wind and lower scheduled
conventional generation. The global effect is a significant
decrease of the equilibrium price of 17% that combines to the
lower scheduled conventional generation in day ahead. At the
same time, the higher scheduled wind generation also increases
the capacity available for flexibility reserve, which reduces the
revenue from reserve in day ahead. The end result is a drastic
loss of profits of dispatchable generators (see row “lIst stage
dispatchable generators” in Table III) in the day ahead market.
Revenue from balancing only very partially compensate for
that loss (row ‘“2nd stage dispatchable generators” in Table III).
Overall, this drastic drop of revenue decreases the incentive
to invest in conventional plants and increases the incentive to
mothball or even dismantle existing capacities.

b) The feed-in premium is analyzed subject to average
wind condition and risk aversion. Columns 4 and 5 of Table
IIT reveal that the premium does not significantly affect the
day ahead equilibrium even if it induces a small increase of
scheduled wind. The high premium tends to enhance wind
scheduling in day ahead but the loss of this premium in
balancing, when wind generators are short, makes the payoff
more risky, which has an impact on the risk adjusted profit
at the second stage. Increasing the feed-in premium to wind
generation obviously increases wind revenue, but this seems to
take place without distorting the day ahead market. It is well
known however that this efficiency result only holds where
wind generation remains sufficiently low compared to demand,
so that the electricity price remains positive (see [7] for a study
of the distortion in the short run of a market with premium
and high wind penetration).

¢) The increased risk aversion is examined with average
wind condition and feed-in premium to wind generation. One
finds from columns 6 and 7 in Table III that an increase
of the level of risk aversion A of the firms only has a low
impact on the short run market. The price in the day ahead
market remains at 43.45 €/MWh that corresponds to the high
capacity of the CCGT units with this operating cost. In contrast
with the effect of a higher premium, a higher risk aversion
decreases scheduled wind, albeit not by a large amount. The
bad news is the decreasing margins of both types of plants.
Conventional plants produce more than in the case of high
wind forecast, but make the same margin due to the fact
that this additional generation comes from the same CCGTs
that make zero margin when they are marginal. Because of
the reduction of activity in balancing resulting from the risk
aversion, these plants also see their profits reduced on that
market. The conclusion of these results is that risk aversion
further reduces the incentive to invest.

d) Wind induced demand for flexibility reserve. Except
for column 2 with low wind and hence most fossil capacity
committed for generation, none of the above cases shows any
constraint on flexibility reserve in day ahead; the consequence

is the lack of revenue from the day ahead reserve market.
Wind increases the demand for reserve but at the same time
makes existing capacity available for that reserve. This lack of
revenue from flexibility reserve, combined with the lower price
in the merit order due to wind generation, is the mechanism
that eventually leads to mothballing and possibly dismantling
dispatchable capacities. The following analyzes this mecha-
nism in more detail by considering two situations that differ
by the demand for reserve and its impact on energy prices.
We motivate the analysis by sourcing it in the error on wind
forecast over different horizons. An alternative motivation, not
discussed here, can be made by invoking ramping requirement
in more detail than our equations (27) and (28).

1) Suppose first that a forecasting period of 6 hours or less is
sufficient for committing flexibility reserve, and assume
that we can move the gate closure of the energy and
reserve markets to that horizon (through some intraday
market that we do not characterize otherwise). Assume
that wind forecast is relatively accurate over that horizon.
The residual error between the forecast and the realization
can be characterized by a standard deviation o. This
defines a range for the possible wind power output values
that is relatively narrow, [ — o, u + o], where p is the
expected value for wind and usually o < % .

ii) Alternatively consider a forecasting period of 24 hours,
typical of an unit commitment problem, as necessary for
committing flexibility reserve. We are then in our generic
day ahead/real time context and now need to work with
the Beta distribution discussed in section II-E. In case
of a forecast error with mean g and standard deviation
0 = tp+ =5, (normalized values with respect to the
installed wind capacity), the range of uncertain values is
typically [0.4x,1.6u]. This implies taking a domain of
approximately +60% over the expected value p to cover
most of the uncertainty.

Depending on the amount of available reserve, the commit-
ted reserve, the expected wind and the variability of wind,
a number of different behaviors have been observed in the
model. We discuss two configurations in this section and list
other situations in the following:

1) Consider first the case where demand for flexibility re-
serve is sufficiently small that it never constraints sche-
duled wind: (scheduled wind) — (lowest wind scenario) <
(committed upward reserve). This situation occurs when
the uncertainty on wind generation is small, something
that occurs when one can move the gate closure close to
real time. Wind forecast is then good and balancing can
take advantage of a slack reserve market. The observation
shows that this is the situation where the premium pT has
little effect on the amount of scheduled wind. This is what
happens in the case depicted in columns 4 and 5 of Table
III.

2) Consider now the situation where the demand for flexi-
bility reserve can constrain scheduled wind. This occurs
in situations where a given value of the premium (that
could be zero) leads to an amount of the scheduled
wind that hits, at least the constraint (scheduled wind) —



TABLE III: Simulation results for different configurations

my = 0.15 (wind), m, = 0.02 (dispatch. gen.) my = 0.60, my = 0.02
Case 1 Case 2 Case 3 Case 4

(%) expected wind 4.01 65.00 23.83 23.83 23.83 23.83 23.83 23.83
pt (€/MWh) premium 30.00 30.00 0.00 80.00 30.00 30.00 0.00 80.00
A risk aversion (0 is risk neutral) 0.40 0.40 0.40 0.40 0.00 1.00 0.40 0.40
Energy demand day ahead (MWh) 27988.89 29639.08 29639.08 29639.08 29639.08 29639.08 27667.11 27717.02
Scheduled wind generation (MWh) 873.91 9696.58 3839.26 3850.16 4088.30 3548.96 4578.05 7012.83
Scheduled dispatch. gen. (MWh) 27114.99 19942.50 25799.82 25788.92 25550.78 26090.12 23089.06 20704.18
Equilibrium price (€/MWh) 52.71 43.45 43.45 43.45 43.45 43.45 54.52 54.24
Reserve requirement (MW) 673.39 1853.34 1091.89 1093.30 1124.26 1054.15 3208.61 4621.78
Upward reserve committed (MW) 740.72 1671.87 986.04 996.94 1235.07 1159.56 2887.75 4159.60
Downward reserve commit. (MW) 590.69 668.76 395.94 398.79 1235.07 463.83 1162.93 1673.49
Max. available reserve (MW) 740.72 4565.81 1442.10 1447.92 1574.92 1287.29 2887.75 4159.60
INCOMES (€):
Energy sales in day ahead 1475320.88  1287758.71 | 1287758.70  1287758.71 | 1287758.71  1287758.71 | 150833291  1503289.16
Premium to scheduled wind 26217.14 290897.26 0.00 308012.95 122648.97 106468.93 0.00 561026.53
Supply of upward reserve capacity 12865.72 0.00 0.00 0.00 0.00 0.00 59938.22 84151.84
Supply of down. reserve capacity 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
COSTS (€):
Cost of dispatchable generation 816662.92 505032.92 759521.40 759047.89 748701.31 772134.33 641744.35 538126.42
Contribution of the 8¢-CVaR|Q)] 21758.83 49106.75 17132.17 49217.49 0.00 64999.49 29968.62 205372.92
Contribution of the (1 — 87)-E[Q] 10662.40 -9841.11 -5713.64 -874.05 -15109.68 0.00 -9038.36 127398.48
PROFIT (€)
Total (wind + dispatch.) 679970.16  1090024.90 537760.04 838180.53 676816.04 632872.83 941590.72  1398010.31
1st stage wind turbines 72281.48 712194.06 166808.32 475294.79 300277.37 260664.32 249582.58 941381.82
2nd stage wind turbines -16886.44 -22744.77 -6950.69 -21266.15 -41874.72 -3695.82 -12996.07  -215420.27
1st stage dispatchable generators 625459.34 361428.99 361428.98 361428.99 361428.99 361428.99 676944.20 668959.29
2nd stage dispatchable generators -884.22 39146.63 16473.43 22722.90 56984.40 14475.34 28060.00 3089.47

(lowest wind scenario) < (committed upward reserve).
This occurs when the uncertainty on wind generation is
high, for instance because of the need to commit the
reserve well in advance. This can be due to a lack of
intraday market or to the impossibility to trade capacity
in intraday (e.g. in a continuous intraday energy market
without intermediate auction). In this case the premium
pT to wind generation may have a strong impact on the
amount of scheduled wind.

We analyze this situation in columns 8 and 9 of Table
III. The two cases refer to the average wind forecast
(p = 23.83%) and the average risk aversion (A = 0.4);
its characteristic is to implicitly assume a longer forecast
horizon for wind implying m, = 0.6 (in contrast with
m, = 0.15 otherwise), while m, remains at the value
0.02 used in cases 1 to 3. In short the demand for reserve
for load following due to wind is higher. We focus on
the impact of changing the feed-in premium to wind
generation.

In contrast with case 2, the increase of the feed-in premium
to wind generation now implies a significant increase of
the scheduled wind generation. But also in contrast with
case 2, the two feed-in premium to wind generation cases
lead to an increase in the price of electricity compared to
those found in all other cases (from 1 to 3). This does not
comply with the common wisdom that explicitly sees wind
increase as implying a decrease of the electricity price.
The justification is to be found in the higher demand for
flexibility reserve implied by the longer horizon necessary
for forecasting wind production and committing reserve
(moving m, from 0.15 to 0.6). One indeed observes
higher upward and downward committed reserves in case
4 compared to all other cases, and an increase of these
reserve inside case 4 when the feed-in premium to wind

generation increases. The end result is a revenue from
committed reserve in the day ahead market that restores
the profit accruing to dispatchable generators in day ahead
to a value obtained in the case of low wind as seen by
comparing the rows “lst stage dispatchable generators” in
columns 8 and 9 to the same information in column 2
(Table III).
e) Other cases of high demand for reserves: The following
circumstances, not further discussed here, can also lead to tight
constraints on reserve that, if properly priced, could restore the
profits of conventional generators and hence stop the incentive
to mothball of dismantle.

i) Dispatchable generators may not have enough capacity to
satisfy simultaneously the requirement for energy demand
and reserve commitment. Firms arbitrage between using
the generation capacity of dispatchable generators for
reserve or for generation of energy in day ahead. This
will happen at the end of a mothballing, dismantling or
insufficient investment process. It will induce capacity
cycles.

ii) Committed reserve hits technical limits. This depends on
the overall flexibility of the remaining dispatchable plants.

iii) Wind incentive can have unintended effects. Consider
a situation where the requirement for flexibility reserve
in day ahead by the TSO is sufficiently high that it
does not constraint wind generation over its whole range
of uncertainty (e.g. my = m,; = 0.3). Suppose also
that generation capacity is tight with respect to demand
(for instance as a result of mothballing). A high enough
feed-in premium (for instance p*™ = 80 €/MWh) can
make it profitable to supply more demand by scheduling
wind even in excess of the highest scenario, at the same
time as moving dispatchable generation into flexibility
reserve. The incentive for this strategy has two origins.



It first results from the premium accruing from total
wind generation in day ahead compensating the cost of
energy purchased on balancing in case of wind shortage.
The second incentive results from the higher demand for
reserve flexibility by the TSO that also increases the price
of energy. The strategy is only a consequence of the
market design (in this case the high feed-in premium)
and does not involve any exercise of market power.

V. FINAL REMARKS

It maybe useful to note at this stage that the above model
is designed to accommodate several firms and hence cannot
in principle be restated as an optimization problem. One can
further remark that the formulation of the profit of the firm
with the equilibrium prices intervening both in day ahead
and balancing also differs from a (stochastic) optimization
problem even in the single firm case. Invoking a day ahead
energy price in revenues occurring in balancing, (which seems
common in Europe), is indeed incompatible with the backward
recursive structure of stochastic optimization and requires
an equilibrium formulation. It is thus conjectured that this
more general formulation will allow for the study of various
imperfections of the market designs in the implementation
of renewable policies that are out of reach of optimization
models.

The different case studies illustrate the common idea that
the “devil is in the detail”. The first case study confirms, the
now well admitted idea, that wind penetration reduces the
revenue of conventional plants to the point that investment is
stopped and plants necessary for the system may be withdrawn
from operations because of insufficient revenue. The second
and third cases suggest that this intuitive result is robust as
one essentially observes the same losses of revenue for quite
different structuring parameters (feed-in premium and risk
aversion). The fourth case study suggests that the situation
might be more complex: The change of a single apparently
innocuous coefficient (increasing m, from 0.15 to 0.6) can
completely modify important policy conclusions. The analysis
indeed shows that conventional plants that are necessary for
the operations of the system, in this case to provide flexibility
reserve, will remain in the system even in case of high wind
penetration if their services are economically (at marginal cost)
priced. This requires that one is willing to acknowledge the
demand for these services and the need to remunerate those
that provide them. Referring to current European discussions
on adequacy, it is also useful to note that this pricing scheme
can be embedded in energy only markets (hence without
requiring a capacity market) and will not keep redundant
conventional plants on line (it does not contain any element
of “State Aid”).

From a more technical point of view, insights on how
different factors affect the day ahead energy price can be
obtained by considering the KKT conditions of the market
model. Specifically one can observe that the energy price is:

a) Reduced by the feed-in premium, the availability of down-
ward reserve (the more the committed downward reserve
the better), and the must-run capacity of wind turbines.

This latter parameter is fixed to zero in this paper, but it
could be made greater than zero for technical reasons.

b) Increased by poor wind conditions with respect to the sys-
tem capacity, a lack of committed downward and upward
reserve, shortage of wind in real time compared to the
scheduled wind generation, dispatchable generation cost,
and insufficient dispatchable generation capacity.

An analysis of the impact of different factors on plant revenue
requires some other development that will be taken up in a
future paper.

VI. CONCLUSION

We propose a stochastic equilibrium model to investigate the
impact of market design on the remuneration of conventional
and wind generation plants in a market with potentially high
penetration of renewable. The justification for resorting to an
equilibrium instead of an optimization approach even without
market power is twofold. A first reason is that the market
is now composed of different firms that trade energy and
services; the equilibrium formulation is most natural for this
situation. The second, possibly more compelling reason is
that renewable policies are implemented through different
market instruments that cannot necessarily be cast in an
optimization form. The proposed model is inspired by the
Spanish situation but the approach is general. We try to show
that the approach can embed general features of market design
(a two settlement system), market idiosyncrasies (a somewhat
detailed representation of the balancing market) and general
economic characteristics of agents like risk aversion. Like
stochastic programming, equilibrium models are amenable to
a treatment of uncertainty.

We illustrate the use of the model by focusing on a timely
European question, namely the revenue accruing to conven-
tional plants in market with high renewable penetration. The
common wisdom (and the observation of the market) is that
renewable induce a decrease of energy prices together with a
reduction of the activity of the conventional units, and hence
an overall decrease of their revenue that put their sustainability
in the market in question. We use the model to illustrate that
this phenomenon indeed seems rather stable under different
structural assumptions (same orders of magnitude in the loss
of revenue for quite different assumptions of wind premium
and risk aversion). But we also show that the phenomenon may
also crucially depend on the demand for ancillary services
(here frequency control) induced by renewable and on their
pricing by the market design. Both subjects are contentious:
The incremental demand of reserve due to renewable is not
well understood [14], [16], [27], [36], [42]-[45] and the pric-
ing of ancillary services is as diverse as the number of power
systems in Europe. We model the demand for reserve through
a coefficient and adopt an elementary, but sound, economic
principle for pricing both reserve capacity and energy.

The question of how the capacity payments, “missing
money”, is determined in systems with high wind penetration
(comparing regulation and deregulation) is also studied in [6],
and they get similar conclusions to those summarized here.
We find that a higher demand for load following reserve and



an economically sound pricing (marginal cost pricing) restore
the revenue of the conventional plants. The question of the
sustainability of conventional plants then boils down to the
proper identification of the demand for services (taking into
account their provision by wind units themselves) and the
acceptance that they be properly remunerated.

Using the framework described in this paper we plan as
future works to consider situations with several firms with
a separation of wind turbines and dispatchable generators,
a complete optimization problem for the TSO (not only the
minimization of generation cost from reserves), a comparison
of different schemes for pricing and the balancing mechanism,
and firms with different competitive behaviour (price makers,
price takers). In our model the agents are price takers in both,
day ahead and balancing market, a model with some points in
common has been proposed in [46] with the wind turbines as
price makers in balancing.

APPENDIX

Summary of the whole set of equations for the equilibrium
problem. Let be £ the Lagrangian function for firm f, Lp
the Lagrangian function for the cost minimization problem
for generation from reserve, and A’fc =(1-Xy) Pr* + J’]? (to
reduce the length of the expressions). The whole equilibrium
problem consists of three groups of equations:

1) The global constraints:
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2) The KKT conditions for the minimization of generation
cost from reserves:
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3) The KKT conditions for each firm f (here only for primal
variables):
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