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In this article, we provide a new methodology for optimizing a portfolio of wind farms within a market
environment, for two Market Designs (exogenous prices and endogenous prices). Our model is built on an
agent based representation of suppliers and generators interacting in a certain number of geographic de-
mand markets, organized as two tiered systems. Assuming rational expectation of the agents with respect to
the outcome of the real-time market, suppliers take forward positions, which act as signals in the day-ahead
market, to compensate for the uncertainty associated with supply and demand. Then, generators optimize
their bilateral trades with the generators in the other markets. The Nash Equilibria resulting from this Signal-
ing Game are characterized using Game Theory. The Markowitz Frontier, containing the set of efficient wind
farm portfolios, is derived theoretically as a function of the number of wind farms and of their concentration.
Finally, using a case study of France, Germany and Belgium, we simulate the Markowitz Frontier contour in
the expected cost-risk plane.

Keywords:

Game Theory

Market Design

Renewable capacity investment
Markowitz Frontier

© 2015 Elsevier B.V. and Association of European Operational Research Societies (EURO) within the
International Federation of Operational Research Societies (IFORS). All rights reserved.

1. Introduction

Market Coupling is the most advanced Market Design in the re-
structuring of the European (EU) electricity market. Market Coupling
is the current outcome of a long and possibly never ending process
toward an integrated electricity market (Glachant & Ruester, 2014).
The path toward Market Coupling developed from an initially very
decentralized view of an electricity market that only cared for access
to the grid; development toward centralization then came as one pro-
gressively became aware of the very particular need for coordination
required by electricity. Market Coupling takes some of these require-
ments into account but still remains far from the central organiza-
tion that drives the United States (US) Independent System Operator
(ISO) system. Market Coupling indeed relies on a separation of the en-
ergy market (organized by Power Exchanges) and transmission ser-
vices (congestion and grid support services) operated by Transmis-
sion System Operators (TSOs). As several other electricity markets,
Market Coupling is a two tiered system with a day-ahead market fol-
lowed by a real-time market or, more exactly, a balancing system. The
system is zonal in the sense that the European (EU) market is decom-
posed into zones (often, but not always, corresponding to countries)
where Kirchhoff’s laws are ignored and it is assumed that there is no
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congestion. Power Exchanges operate in national markets and a spe-
cial supra national organization clears the global energy market on
the basis of the bids submitted to the national Power Exchange and
a representation of the grid coming from the TSOs (Euphemia Public
Description, 2013).

Our work can be related to two streams of previous work. The first
stream of literature is that related to the application of stochastic pro-
gramming models to the electricity markets. Because events can al-
ways occur between day ahead and real time, the TSO can encounter
in real time network difficulties that have not been anticipated in
the day ahead. This phenomenon is enhanced in Market Coupling be-
cause market clearing in the day ahead uses an imperfect represen-
tation of the grid. In their paper, Smeers, Oggioni, Allevi, and Schaible
(2012) assessed the amount of counter trading that might arise in real
time as a result of using an approximate description of the grid in the
day ahead. This problem takes a further dimension with wind pene-
tration as wind forecast remains imperfect and any market clearing
based on such forecasts in the day ahead is bound to be in imbalance
in real time. The issue was examined in Oggioni, Murphy, and Smeers
(2014) under strong assumptions of perfect coordination among TSOs
to organize counter trading. In both cases, the work compared the re-
sult of a stylized representation of Market Coupling with an equally
stylized representation of nodal pricing. Our second stream for in-
spiration comes from the computer systems literature (Nair, Adlakha,
& Wierman, 2014). In their model, Nair et al. explicitly characterized
the impact of growing wind power penetration on electricity Mar-
ket Design by optimizing the placement of an intermediate market
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between the day ahead and real time, assuming supply and demand
balance each other (Nair et al., 2014). The originality of their model
stemmed from its capability to derive closed form expressions for the
optimal energy procurement strategy by making the analogy with a
variant of the well-known newsvendor problem.

Market Coupling is considered as a major achievement on the path
to internal energy market; its progress has been discussed at length
in EU circles such as the Regulatory Forum in Florence. Surprisingly
the literature and in particular the formalized literature on the sub-
ject has remained relatively limited in contrast for instance with the
extensive literature in the US nodal pricing system (Newbery, Strbac,
& Viehoff, 2012).

Our model extends the approach of Nair et al. by introducing com-
petition among the geographic demand markets subject to Market
Coupling and characterizing the optimal investment policy in renew-
able energy supply capacity, which is becoming a major consideration
for utilities that are subject to aggressive renewable portfolio stan-
dards.

Accurate short-term forecasts of wind farm power output over
the next few hours to days are important factors for secure and low
cost operations of power systems with high wind power penetration
(Morales, Zugno, Pineda, & Pinson, 2014; Papavasiliou & Oren, 2013).
According to Girard, Laquaine, and Kariniotakis (2013), it is difficult to
quantify the economic benefit of improved forecasting. The recent lit-
erature dealing with the placement of wind turbines concludes that
the aggregation of wind farms can produce significant effects in terms
of variability and cost reduction (Girard et al., 2013) since forecast er-
rors might compensate each other. Furthermore, a portfolio of wind
farms is likely to give better results in terms of the trade-off between
cost and profit and its variability than relying on a single wind farm
(Green & Staffell, 2013). Considering both problems of wind farm
expansion and optimal wind farm portfolio generation, Girard et al.
checked, using real data from Western Denmark, that power genera-
tor revenue is linear with respect to the wind farm capacity factor and
that the accuracy of short-term wind power forecasts has only a very
small impact on revenue. However, as the authors explained, their re-
sults do not quantify the benefit of predictability from a global system
point of view. Adopting a more systemic approach, Green showed, us-
ing 18 years of hourly wind speed data coming from 120 sites around
Great Britain, that careful market analysis is needed if investors are
to build optimal portfolios of wind stations (Green & Staffell, 2013).
Baringo and Conejo already made the link, dealing with the optimiza-
tion of a strategic wind power investor who sells wind power in a
two tiered market (including a day-ahead and a balancing market)
(Baringo & Conejo, 2014).

The main contribution of our work is an analytical treatment of
the strategic positioning of suppliers in two tiered electricity mar-
kets, where real-time conditions are dictated by the uncertainty of
renewable energy supply. A by-product of this analysis is the charac-
terization of the optimal investment policy in renewable energy sup-
ply capacity, for suppliers acting as investors in wind power.

According to the literature mentioned above, a careful (simpli-
fied) modeling of Market Coupling is the most crucial modeling as-
pect. We consider a certain number of geographic demand markets,
described in Section 2. Since we want to characterize the agents’
general behaviors, we do not consider explicitly Kirchhoff’s laws
and aggregate the supply and the demand at the market level. The
originality of our approach relies on its capability to cope with com-
petition among suppliers that are operating in spatially separated
electricity markets, which was ignored in the previously cited mod-
els. After having defined the agents’ roles in Section 2.1, we assume
that a Signaling Game occurs over each geographic demand market in
the day ahead. Its timing is described in Section 2.2. The link between
day-ahead and real-time markets is guaranteed by the existence of a
forward position in the day-ahead energy market that compensates
for the uncertainty of supply and demand in real time. The Game is

solved for two Market Designs: two tiered with exogenous prices in
Section 3 and two tiered with endogenous prices in Section 4. Effi-
cient wind farm portfolios are then characterized on the basis of the
Markowitz Frontier definition. Its exploration is detailed in Section 5.
Contrary to traditional approaches that ignore the occurrence of rare
events when performing risk minimization, the Markowitz Frontier
is defined in a context of rare events, guaranteeing the robustness
of the wind farm distribution. Illustrations based on real wind speed
and energy consumption data for France, Germany and Belgium are
provided in Section 6.

1.1. Specific notation and modeling assumptions

Parameters:

tr Day-ahead market time of occurrence

to Real-time market time of occurrence

N Number of geographic demand markets

K Equivalent capacity between markets i and j

Probability density functions:

I'(a) Gamma function evaluated in a

Iinc(a, x) Incomplete Gamma function evaluated in a, x

N(0; 02) Gaussian density function centered in 0 and of standard
deviation o

Market isetting:

Day-ahead price for one unit of conventional energy
p? Real-time price for one unit of conventional energy
Ci Market i cluster set
pN? Compensation tariff for wind over-supply
U; Supplier expected cost
I1; Conventional generator expected profit

slf Supply of conventional in the day ahead
0 . . .

S; Supply of conventional in real time

cif Marginal cost of conventional at ¢

c? Marginal cost of conventional at tg

a b Marginal cost parameters at
a® b?  Marginal cost parameters at fo

qif Market i demand of conventional at t;

q? Market i demand of conventional at t,

q~? Market i over-supply of wind production at t;

Ti Day-ahead position

o Average wind production of a single wind farm

Vi Number of wind farms

0; Concentration of the wind farms

)LL i Bilateral trade between market i and j at t;

k?ﬁ i Bilateral trade between market i and j at t,

A Sum of market i trades in real time (energy balance)

AF Sum of market i exports in real time

d; Market i total demand in real time

ﬁ,» Day-ahead forecast of market i total demand

Vi Forecast error made on the demand prediction

o Demand forecast error standard deviation

w; Wind power produced in real time

w; Day-ahead forecast of wind power production

€; Forecast error on wind power prediction

A Difference between wind power and demand forecast er-
rors

of Wind power forecast error standard deviation

oy Forecast error difference standard deviation

€ Forecast error on a single wind farm

(ff Single farm forecast error standard deviation

FAi Complementary cumulative distribution function associ-
ated with A;
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Normality of the deviations:

Vi~ N(0; (67)%) €~ N(0; (65)?)

& ~N(0; (07)?) Aj~N(0:03)
Ajisindependentofany A; Vj=1,.. .I,N, j#I

Strategic wind capacity investment problem:

T Investment problem horizon

(i, T) Market i supplier investment function

& Construction cost for a single wind farm

) Construction cost for the wind farm portfolio

RVar(i,T) Market i supplier risk
Market modeling simplifications:

» Balancing is offered by a different set of technologies than those
used in the day-ahead market, as a proxy of the existing practice
in Europe where the energy power exchange (administered by the
power exchange operator) is separated from the operation of the
balancing market (administered by TSOs).

» We invoke rational expectation of suppliers and generators with
respect to the outcome of the real-time market, which implies
that agents correctly anticipate the congestion patterns of the
real-time market. This is an extension of the usual assumption
of stochastic programming to a game context. In other words,
first stage decisions are optimal with respect to the outcome that
they influence. Suppliers then anticipate the outcome of the mar-
ket (this does not imply anticipating the realization of demand
and wind supply, which is inherently uncertain and cannot be in-
ferred by rationality), and since line congestion in real time is an
outcome of the market, suppliers are able of predicting real-time
congestion patterns and optimally adapting their day-ahead strat-
egy. Conventional generators are subject to market power in each
stage: they are subject to the strategic decisions of suppliers.

o We assume, in our paper, that in the balancing phase, excess wind
is compensated by a feed-in-tariff'; whereas under-supply is pe-
nalized at the real-time price, higher than the compensation price.
This is an extreme case of a monotone kinked deviation price
where agents are charged more for a shortage than they are remu-
nerated for excess supply. This form of balancing penalty is com-
mon in European balancing systems (Martin, Smeers, & Aguado,
2014; Potential Cross-Border Balancing Cooperation between the
Belgian, 2014). Although the exact closed form solutions depend
on this choice of penalty, the qualitative results (existence of an
equilibrium) extend beyond this particular case.

2. The market model

We consider suppliers (distributors or utility companies) with
long term contracts for renewable energy. Given such a long term
contract, the suppliers participate in a two tiered market for conven-
tional energy production. It consists of a day-ahead market occurring
at ty > 0 and of a real-time market, occurring at ty > t;; meaning that
to occurs after ¢. It is worth mentioning that we do not address bilat-
eral forward contracting but adopt a standard assumption in the lit-
erature focusing on two-settlement systems (Baringo & Conejo, 2014;
Martin et al., 2014).

In the European Union (EU), the real-time markets introduced in
this article can be assimilated to the EU balancing system (Girard
etal., 2013; Le Cadre & Bedo, 2014) where positive and negative devi-
ations are treated asymmetrically. Positive deviations are reimbursed
on the basis of a fixed tariff by excess unit, supposed smaller than
the real-time price (this can be compared with the so called feed-in-
tariff), whereas negative deviations pay the real-time price as in Nair
et al. (2014) model. This reflects an uninstructed deviation penalty

1 The Feed-in-tariff, http://www.uswitch.com/solar-panels/guides/feed-in-tariff/.

Market 1

Market 2

I I “78Tia

Market 3
@TenneT
——&nBW

Ponprion 172

Fig. 1. Stylized representation of three split geographic demand markets: France,
Belgium and Germany, with their associated TSOs.

for discouraging an unscheduled over-supply of renewable power in
real time, and is consistent with existing market practices. Asymmet-
ric settlements of real-time deviations have also been modeled in the
literature (Martin et al., 2014; Nair et al., 2014; Pritchard, Zakeri, &
Philpott, 2010).

Our model is based on the assumption that competition is pure
and perfect within each geographic demand market in the day ahead
and in real time. That is why we assume throughout the article that
offer equals demand (and also, price equals marginal cost). Further-
more, we invoke rational expectation in order to argue that agents
correctly anticipate the congestion of a certain set of lines.

Inside the economic system formed by the power markets, bilat-
eral trades occur among the markets. We let )LH]. (resp. A?%j) be the
bilaterally traded flow of energy between market i and marketj in the
day-ahead market (resp. real-time market). A negative sign indicates
an import fromj to i, whereas a positive sign indicates an export from
i to j. Throughout the article, we will use the simplifying notations:
A2 Y )\?ﬂ., Af £ Z#i(k?ﬂﬁ and the following conventions:
(%) £ max{x; 0} and (x)_ = max{—x; 0}, Vx e R.

Market Coupling clears energy and transmission in the day ahead
with an “implicit auction” of transmission capacity (Hagspiel et al.,
2014; Neuhoff, Hobbs, & Newbery, 2011), and is followed by intra-day
trading and real-time balancing. Commonly, markets having smaller
prices export to markets having higher prices, until a common price
is reached or congestion occurs due to limited Available Transmission
Capacities at the interconnections (Daxhelet & Smeers, 2007; Kunz,
2013; Smeers et al., 2012). Congestion management remains a contro-
versial issue in the restructured European electricity sector. Conges-
tion occurs when the infrastructure constrains transactions, thereby
influencing the long term evolution of generation and consumption
(Daxhelet & Smeers, 2007).

Our network model is based on a virtual representation of the Eu-
ropean area where each node coincides with a geographic? demand
market containing one or more TSOs and is fully interconnected with
other geographic demand markets. We give an illustration of this rep-
resentation in Fig. 1 for three geographic demand markets (N = 3).
Inside each demand market, the balancing markets (managed by the
TSOs) are coupled whereas they are split with the N — 1 other de-
mand markets. We introduce the following definition: geographic de-
mand markets are coupled in real time if, and only if, their real-time
prices coincide i.e., no congestion occurs in real time.> Otherwise,
they are said to be split. We introduce the equivalent interconnec-
tion capacity between market i and market j: «; ; € R such that k; ; <
+00,1 # j. According to Hutcheon and Bialek’s representation of the
European system (Hutcheon & Bialek, 2013), for any i, j=1,...,N,

2 The term “geographic” will be understood in the rest of the article.
3 The case of uncongested markets in real time is studied in Le Cadre and Didier
(2014).
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i# Jj, ;j can be either positive or negative; furthermore, we have
the relation: k; ; = —«;;. We assume that all agents correctly antici-
pate the congestion of a certain set of lines leading to a virtual rep-
resentation of the European area in N split demand markets. Such
an anticipation has already been done by Borenstein, Bushnell, and
Stoft (2000) for two geographic markets sharing a constrained trans-
mission line. As a by-product of congestion anticipation, for any cou-
ple of demand markets, real-time trade equals equivalent intercon-
nection capacity minus day-ahead trade i.e., A?_}J. =Kjj— Aifﬂj,‘v’i,
j=1,....Ni#]j.

2.1. The agents

There is a certain number of geographic demand markets, each
characterized by a price insensitive* and random demand. Only fore-
casts of the demand are available in the day ahead and the true values
of the demand (i.e., its realizations) are revealed in real time. Simi-
larly, wind generation in each geographic market is price insensitive
and random: only forecasts are available in the day ahead and the
true values (i.e., the random variables realizations) are revealed in
real time. We now describe the different categories of agents inter-
acting in each demand market.

o Suppliers (distributors or utility companies) deliver energy to
consumers characterized by their aggregated demand. They are
price takers in the first Market Design (MD 1) detailed in
Section 3. In contrast with standard assumptions, they are not
price takers in the second Market Design (MD 2), described in
Section 4. In this latter Market Design, they are aware that their
decisions modify prices and take that knowledge into account to
minimize their procurement cost. Since consumers are exposed
to a retail price that is unrelated to wholesale market conditions,
we assume an inelastic consumer demand whose real-time level
is uncertain in the day-ahead time frame. Additionally, we assume
that the suppliers are driven by renewable portfolio standards
to invest in renewable capacity. Suppliers have to decide how to
compose an optimal wind farm portfolio for participating in the
electricity market.

o Conventional energy generators are characterized by their sup-
ply function. There is conventional generation in each market.
Marginal costs are higher in real time than in the day ahead for
a given output level. We assume that generators do not exercise
market power, and suppliers buy electricity at marginal cost.

2.2. A Signaling Game

We make the assumption that a clearing price is reached at ¢;. Be-
cause the transfers are limited by the equivalent interconnection ca-
pacity, it will be harder to align the market prices at ty.

We now describe the optimization program faced by each market.
Over each market i, at time instant ¢:

(i) The suppliers optimize independently and simultaneously
their purchase of conventional energy so as to minimize their
expected cost while ensuring that the total purchased quantity
satisfies the residual demand.

(ii) Anticipating what will happen in the real time market i.e., at
time instant ty, the conventional generators optimize indepen-
dently and simultaneously the bilateral trades with the other
markets so as to maximize their expected profit under equiva-
lent capacity constraints.

4 We do not consider demand side management in the present article. Models deal-
ing with decentralized demand response integration through distributed learning ap-
proaches can be found in Le Cadre and Bedo (2014). In Le Cadre and Mercier (2012), the
end user’s demand is price responsive and storage is possible either at the end users’
level, or at the microgrid aggregator level.

Under congestion anticipation of all the equivalent interconnec-
tion capacities, the trades at t; are linked to the optimal trades at

to according to the relation: ALJ. =Kjj— )\?ﬂ., Vi, j,i# j. The dis-
tributed optimization of the program described above gives rise to a
game belonging to the family of Signaling Games (Sobel, 2009). Here
the signal is based on the suppliers’ forward positions which can be
expressed as mappings of the suppliers’ wind and demand forecasts
of the underlying state of the system (unknown in the day ahead):
Wi, d)i1,..N-

The bilevel game described above is solved by backward induc-
tion: we start by optimizing the generator’s bilateral trades, assum-
ing that the suppliers’ forward positions are fixed. Then, the supplier’s
expected cost are optimized by derivating their utility with respect to
their purchase of conventional energy.

2.3. Description of the markets

Market i is defined by:

e d;, the end users’ total demand of energy at time tq. It satisfies
the relation: d; = (f, — v; where dA, is the forecast made at ¢ of the
end users’ total demand of energy at ty. v; is a random variable,
representing the forecast error made on the demand prediction,
and distributed according to a Gaussian density function centered
in 0 and of standard deviation o,”: v; ~ N (0; (crl.“)z).

» w;, the energy produced at time t; by the market renewable en-
ergy generators. It satisfies the relation: w; = W; — €; where W; is
the forecast made at t; of the quantity of renewable energy that
market i generator will produce at ty. €; is a random variable, rep-
resenting the forecast error made on the prediction of the renew-
able production, distributed according to a Gaussian density func-
tion centered in 0 and of standard deviation o : €; ~ NV'(0; (0f )2).
The forecast error on the production of a single wind farm will be
denoted €;. Being consistent with the assumption made on ¢; gen-
eration, it is distributed according to a Gaussian density function’
centered in O and of standard deviation 6: & ~ N (0; (6i€)2).
The relation between ¢; and €; will be discussed explicitly in
Section 2.5.

o The forecast error vector for wind production and demand:
(& v;)Tb is also supposed to be a Gaussian random vector. Ac-
cording to Sinden (2007), wind power output in the United King-
dom (UK) has a weak positive correlation to current electricity
demand patterns i.e., ]i[f—gg] > 07. This implies that A; £ ¢; — v;,

which is the differencelbetween renewable production and de-

mand forecast errors, is distributed according to a Gaussian dis-

tribution function centered in 0 and of variance O‘ii =(0f)? -
2E[€;v;] + (al.")z. In the rest of the article, we will let: A; ~ fa, =

N(O; Gi,-)3 FAI. will represent the associated complementary cu-

mulative distribution function. A; is supposed to be independent

ofany A;,Vj=1,...,N, j#1iie, the prediction errors made on
one geographic market are independent of the ones made on the
other geographic markets.

s/ (resp. s?) market i supply of conventional energy in day-ahead

1 1

(resp. real-time) markets.

. cl.f (sif) = alf + b{sif (resp. c?(s?) = a? + bYs?) the marginal cost
function of conventional energy produced by market i and pur-
chased at t;(resp. to), with a? > aif >0and b > bl.f > 0 guarantee-
ing that the marginal cost on the real-time market remains larger

5 Other density functions might be considered without adding any changes in the
derived theoretical results except in the numerical illustrations where the Gaussian
assumption greatly simplified the computations.

6 T stands for the transpose of the vector.

7 Data analysis ran on 66 onshore weather recording sites for the period 1970-2003
in the UK showed a correlation of 0.28 (Sinden, 2007). This is the value that we will use
in the simulations.
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than in the day-ahead market for a given output level. Indeed,
balancing is often supplied from machines that are reserved on a
long-term basis, and these are the older machines. The two supply
curves are then different because they come from different ma-
chines. If so, the current formulation that separates day-ahead and
real-time machines, the latter having a higher marginal cost than
the former, may be seen as a simplification made to preserve an-
alytical tractability but is also in line with EU type systems where
there are separated fleets of capacity for balancing and for the
day-ahead market. Balancing capacity is contracted one year in
advance (ELIA, 2014a; 2014b; 2014c; Potential Cross-Border Bal-
ancing Cooperation between the Belgian, 2014). In addition, since
the balancing market is pay-as-bid there is anyway no way of em-
pirically verifying or refuting whether strong links between day-
ahead market and balancing system exist. Our modeling approach
is an alternative that facilitates the development of our analysis
and approximates non-convexities associated with real-time op-
erations such as the wear and tear of machinery in emergency
operation (emergency startup costs, wear due to emergency
ramping, etc.).

. ql.f (resp. q?) market i demand of conventional energy in day-
ahead (resp. real-time) markets.

The amounts of conventional energy purchased by market i at t;
and at ty are defined as follows: qif = (tfi —W; +1;)+ and q? = (d; —

wj — q,f)Jr where r; is a position in the day-ahead (lower cost) mar-
ket. This day-ahead position is determined by the energy supplier in
market i for the consumers’ demand d; to be satisfied at ¢ty at the low-
est possible cost; taking into account the uncertainty of supply at to.
Market i knows d; and w;. Hence it is equivalent for the supplier to
determine qif or r;. The hypothesis that q,.f > 0 holds as long as the
demand exceeds the average wind capacity.? In the rest of the article,
we will assume that: qlf £ d; — W; + ;. The over-supply of wind pro-

duction in real time is defined as: q~? = (A; —r;)_. Depending on the
market mechanism, excess wind supply can be:

e Curtailed and compensated based on a feed-in-tariff. However,
feed-in-tariffs are highly controversial and many countries wish
that renewable energy generators directly participate to the mar-
ket (Percebois, 2014; Résner, 2014). We focus on this mechanism
in this article.

Bought by hydro-power generators and stored in their Energy
Transfer by Pumping Stations. Hydro-power generators will re-
inject extra supply later into the system in case of peak demand.
This mechanism would require to introduce dynamicity in the
agents’ decisions and explicitly model the storage capabilities of
the hydro-power generators. It is therefore out of the scope of this
article.

Re-injected into the system. If the ramp down of conventional
generators (especially, gas and coal) is not committed in the day
ahead (the startup costs being so high that the generators prefer
producing power in excess than turning off their units), negative
prices might appear. This mechanism is also out of the scope of
this article because it would require to explicitly model the unit-
commitment and the start-up cost of the conventional generators.

2.4. Suppliers’ expected cost and generators’ expected profits

We let p/ be the day-ahead price, p? be market i real-time price

and p~? < pY, the compensation price in case of excess wind. We de-
fine U;, as the expected cost at t;, that the supplier has to pay for its
end user energy consumption. The supplier is penalized paying the

8 It is sufficient to impose an upper-bound on the degree of wind penetration that
we consider i.e., 41 > ¥i, to ensure that this inequality holds.

ar

real-time price per missing unit and is compensated on the basis of

p? per wind unit in excess (Pritchard et al., 2010):

Ui =q/p’ +E[q"p) — 0] (1)

We let IT; be the expected profit at t; of market i conventional
energy generator. It is defined as the difference between the price
paid by all the markets for the purchase of conventional energy and
the cost of the energy. We assume that all the supply is sold at each
time. Then:

s.f
I, :Sifpf_/o c/(s)ds+E| (2 ) p’
J#

cof (4-Xar). )| -2 [T@os] @

J#

2.5. Renewable energy modeling

The renewable wind energy production of market i is a function of
the number of wind farms and of their concentration which is char-
acterized by their spatial distribution over market i geographic area.
To determine the renewable energy procurement for market i, we use
the model of Nair et al. (2014). For market i, we introduce:

e «;, the average wind production of a single wind farm over the
geographic area of market i.

 y;, the number of wind farms over market i geographic area.

o 0; € [4: 1] (resp. 1 - 6; € [0; 1]), a constant capturing the concen-
tration (resp. the scattering) of the wind farm locations over mar-
ket i geographic area. The more (resp. the less) concentration, the
more (resp. the less) correlation there is between the wind farm
productions.

We suppose that, at t;, «; is the best forecast of wind energy pro-
curement of a wind farm (Nair et al., 2014). Then: W;(y;) = o;¥;. The
forecast error will depend on the wind farm concentration too, and
we choose the coefficient 6; so that €;(y;) = yieié*,' where €, as al-
ready introduced, represents the forecast error for the production of
a single wind farm. We propose the following interpretation for the
scaling of 6;: If the wind farms are co-located they will all produce
the same quantity of energy at the same time i.e., their productions
are strongly correlated. This is the case when 6; = 1. This implies in
turn that: €; = ;€; and that: w; = w; + y;€;. On the contrary, if they
are spatially distributed so that their productions are independent
from one another i.e., uncorrelated, and under the assumption that
the forecast errors are distributed according to Gaussian distribution
functions, the Central Limit Theorem tells us that: o = /736 (Nair
et al., 2014). Therefore, the wind farm productions are independent
from one another if, and only if, 6; = % Note that in case of more gen-
eral forecast error distribution functions, it can be interpreted as an
approximation for y; large enough. Finally, in case where 6; e]%; 1[,
the wind farms are randomly located over the market geographic area
and their spatial distribution is intermediate between perfect inde-
pendence and co-location. With these notations, we obtain:

wi(1) = Wi(y) — &(v) = i — V&
of(y) = y6¢
&) = v'é

In the rest of the article, for the sake of simplicity, the dependence of
w;, of and €; on y; will be omitted.

In the following sections, we solve the Signaling Game described
in Section 2.2 for two Market Designs.
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3. MD 1: two tiered with exogenous prices

In this first Market Design, the prices are supposed exogenous and
such that:

0<pf<p?, Vi=1,....,N

Going backward, we start with Step (ii) in the bilevel game
described in Section 2.2. Derivating market i generator’s expected
profit with respect to )L?_”. and assuming that )L?_d >0, we ob-
tain: 3(;1.521. =—pl +al + /(i — Wi+ 1+ Ty — A + p—af -
b?IE[ (A; — 1)+ + Aj]. We will now prove that market i generator’s op-
timal trades with the other markets is either zero or is reached at the
saturation of the equivalent capacities.

Reasoning by contradiction, if there exists a A?ﬂ. > 0 such that
ATy,
ax?qj
a function of market i parameters. Suppose that there exists another
market k # j and k # i such that k?ﬂk > 0, then necessarily, pg and
p‘j? should coincide. But, by assumption, real-time prices in different
geographic demand markets do not coincide. Therefore, if there are
more than two geographic demand markets, the maximum of I1; is
reached at one boundary i.e., either A?ﬁj =0or )\?ﬁj

We now turn to Step (i) in the bilevel game described in
Section 2.2. Market i supplier’s expected cost takes the form:

= 0, this would mean that p‘]? can be expressed exclusively as

:Ki,j'

Ui = a/p + E[ap) - *p}]
= (di—-Wi+r)p + PPE[(A; —17)4] - IJ?E[(Ai —1i)-]

We solve Step (i) of the optimization program described in
Section 2.2. In Step (i), each market i supplier determines indepen-
dently and simultaneously the quantity of energy to purchase, g; , or,
equivalently, its day-ahead position, r;, so as to minimize its expected
procurement cost:

mr_in U; (3)

The decision variable r; is in fact defined on a smaller space than the
real coordinate space. Indeed, we need to have r; > 0 since otherwise
this means that a supplier could be short in the day ahead, something
that one may find unrealistic given that conventional plants are more
expensive in real time.

Derivating market i expected cost with respect to r;, we obtain:

T = = p0) — (00 — P (A — ril{A = 1)) = (0 — p?) -
(p? — pO)Fa, (7). Then:

ay; - S — pd

S —oen=fy (B0 (4)
Tilrer: = p

Since %zrg" = (p? - p?)fAi(ri) > 0, it coincides with a minimum for

1
U;. Furthermore, market i’s optimal position being independent of the
other markets’ optimal positions, Eq. (4) leads to a unique Nash Equi-
librium for the market positions.

4. MD 2: two tiered with endogenous prices

In the following subsections, we derive analytically the endoge-
nous prices in the day-ahead and in the real-time markets.

The global day-ahead market is characterized by the equilib-
rium between the supply and the demand: q{ot(N) = Z,‘:L___’Nqif =
it Nsif which is the global quantity of conventional energy ex-
changed on day-ahead markets. Furthermore, for any market i, we
suppose, at tg, that the difference between the supply and the de-

mand for conventional energy in market i coincides with the sum of
bilateral trades with the other markets:

Z )»?ﬂlzs?—q?@A,-zs?—q? (5)
=1

We make the assumption that the prices p/ and p? paid by mar-
ket i suppliers for the energy purchased at tr and ty respectively equal
the marginal costs. This assumption is justified in Section 2.3 by the
decoupling of the cost functions at the day-ahead and real-time mar-
kets and the assumption of perfect competition which holds within
each geographic demand market. In two-stage market models, rep-
resented by stochastic programming, such an assumption does not
hold (Pritchard et al., 2010). There are two major reasons why we
do not work with a two stage stochastic program at the generation
side. One is the analytical character of our work. Our model assumes
suppliers that obey a two-stage optimization paradigm with mar-
ket power. Adding generators that also solve a two-stage optimiza-
tion problem and finding the equilibrium between the suppliers and
these generators is not amenable to an analytical solution. But, we
also believe that this additional technical complexity would bring lit-
tle in terms of realism in the EU context where the day-ahead mar-
ket and the balancing are quite different systems that can in no way
be modeled or approximated by two-stage stochastic program. The
2013 Survey on Ancillary Services Procurement and Electricity Bal-
ancing Market Design by ENTSO-E (Survey on Ancillary Services Pro-
curement & Balancing Market Design, 2014) shows that there is no
relation in EU mind between what takes place in the energy mar-
ket and in balancing. The maps contained in Survey on Ancillary Ser-
vices Procurement and Balancing Market Design (2014) also show
that quite different systems can prevail in neighboring countries that
are part of the Market Coupling, with the consequence that it is sim-
ply unrealistic to formulate the coupling of the day ahead and real
time as a stochastic program. This separation is in fact our justifica-
tion for our modeling of the system as two separate markets. It im-
plies that: plf = clf (sif )and p? = c?(s?). Furthermore, we assume that
aclearing price is reached at ti.e., pif = pf 2pf Vi j=1,... Ni#j
meaning that all the markets are integrated in a single one at that
time. Because the transfers are limited by the available transmis-
sion capacities, it will be harder to align the market prices at ty:
if the markets clear then p? = p‘j? 2 p0 Vi j=1,...,N, i+ j; other-
wise there exists at least one market i € {1, ..., N} in which the sup-
plier pays p? # p? for je{1,...,N} and j # i. This raises a combi-
natorial problem since all the possible combinations of split/coupled
markets should be included in the model. But, the number of coun-
tries involved in the Central Western Europe area is currently lim-
ited to 6 (Netherlands, Belgium, France, Luxembourg, Germany and
Italy since February 2015). Therefore, the number of combinations of
split/coupled markets remains reasonable.

4.1. Derivation of the coupling price

We set: Af £ ¥,

Lemma 1. The coupling price for the day-ahead market is: pf =

Zi:l...,.Nqifo
Bf .

Proof of Lemma 1. Using the assumption of the supply and demand
equilibrium guaranteed by the day-ahead market rules, we have:

alo (N)

Il
™
™

—a .
7f’ under the assumption that pif = cif .

Il
™
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pl - a a Nash Equilibrium for the day-ahead positions and detail algorith-

= > T’ since the N markets are coupled at t;. mically how day-ahead positions and bilateral trades at the optimum

i=1,..N i should be computed.
f
1 a;
=X - X o |
i=1,...N bi iz1n b 4.3.1. Optimization of the bilateral trades

We infer from the following equations the day-ahead price on the
coupling zone. [

4.2. Derivation of the split market prices

We set: A) £ —{) >0and BY £ 4 > 0. As in the proof of Lemma 1,
we infer the real-time price on the zth split market.
Lemma 2. The N markets being split in N geographic areas, at time tg,

q; 04 A0 +[Z] 1. Nj#lklﬂj]
BO

market i price for the real-time market is: p? =

Proof of Lemma 2. Using the real-time market rules defined through
Eq. (5), we have: q? =s? — ZJ 1N jih H] This implies that: q? +

Y it NN = pl x—- usmg the fact that ¢ = p?. Then: p?

Y
0, % . .20
qi+b? +[Z]:1 ..... N,]#l)‘,_,J] q +A0+[Z] - Nj#l)‘l_”]

BO

. by definition of A?
b0
and BY. O

Day-ahead and real-time prices being now determined analyti-
cally, we let r_; be a N — 1 dimensional vector containing the day-
ahead positions of all the suppliers except market i supplier.

Proposition 3. The sum of the bilateral trades of market i in the real-
time market, A;, can be expressed as a linear function inr; and r_;.

Proof of Propesition 3. By definition: q == i AL i +s and
pf—a +bf f. This implies, in turn, that: Z]#l i ql. fs,.
pffa,f . . . pf—u.f
and sisz'. This implies that: Z#, i q{_ =
1

1

Food
+ b—*f using the definition of p/ obtained in Lemma 1.
i

i Bfb!
Then, under congestion anticipation' P M A0 = PiziKij—
f
O PR SR oL i _ T W,
Zj;éi)‘jﬁj—Z#sz,j—(qi - be{ ) (bef 1)(dz—Wz+

1 T ~
i) + oror L (d = Wy 1)) + Fji ki j = bj(ai - 37)- O
1 1

This means that there exists a linear function ¢; : RY — R such
that Ai = (pi(r,», l',i).
As a corollary of Proposition 3, we obtain: %[r\

8A
ﬁ 1and fbf JVj#i.

ar, (ZJ#I 1%1

4.3. Solving the Signaling Game

The Signaling Game assumes that the supplier substitutes the day-
ahead and real-time prices with linear functions of r; and r_; (this was
proved in Proposition 3), and optimizes with respect to r;, given r_;.
Day-ahead positions and bilateral trades cannot be derived analyti-
cally since, as we will see, it is intractable to inverse the complemen-
tary cumulative distribution function FAI. in the fixed point equation
defining the Nash Equilibrium in the day-ahead positions.” However,
we provide conditions guaranteeing the existence and uniqueness of

9 Except for simple distribution functions such as the uniform density function.

Assuming that the agents correctly anticipate the congestion of
the lines, we observe that the supplies of conventional energy on day-
ahead and real-time markets can be expressed as functions of the bi-
lateral trades in real time: sf =2z lf_)] + qf = (Xjaikij— A+

(d fw,+r,)ands _Z]#, Jrql =N+ (Aj—T1))4.

Proposition 4. The optimal bilateral trade between market i and any
market j # i can be expressed as a linear function in rj, r_;, (E[(Ay —
rk)+])k|p?<pg and E[(Aj —1j)+].

Proof of Proposition 4. Substituting sif and s? described above in the
conventional energy generators’ expected profit given in Eq. (2), we
obtain:

Il; = dAi*VT/i+ri+ZKi.j*

J#i

1 c .
A ﬁ Z(djo+Tj)+Af>
J

—a,.f cﬂ—Wi+r,'+ZK,~,j—A,~

J#
2
.
sy di—Wi+ri+ZKi.j—Ai
J#
j—rj)++A°+Aj
+Y l_)])+1[<:|: = J
j#i J

bo
= 5 E[((Ai = 1)+ + A

+E| (A1), 0((A rl-)++A?+Ai)]

—a?]E[(A — )4 + A

+E[ A=Y A+
Jj#

Aj—1i) s +AY + A
B?
1

We suppose that there exists ajin {1,..., N} such that )\?_)j >0

(meaning that market i is exporting to market j). We compute the
derivative of IT; with respect to A?

14>j
O Yp(de— Wi +1) + A
930 B
pf
+alf+blf ZK,-_,{—A,-—FCI:—W,-—i-rj )\'?%j
k#i
clf(s{)
1
+E[p)] + | i D i)+ +E[(A =) ]| —a)

1 k#i
—bE[(A; — 1)+ + Af]

We observe that the first line of the above equation vanishes since,

by assumption, p/ = cif(sif). Furthermore, since E[pg?] = Bl—O]E[(Aj -
i
ri)+] +c§?(AJ-) and after a few simplifications, we obtain: a’igl =

i j
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4]+ C?(Aj) —c(A}) — a. Then:

l~>]

AO + HEl(A; -
J

3H
370 =0& A, ;=

l~>j

= B[] (A~ AD]+ELA; =] (©)

over all the j such that A?

i—j

Summmgko >0ie., {jp? <p0} we

obtain:

A= Y (B[)A) =P (AD]+E[(A; ~1p.])

jlpY<pf
Separating the equation in Ai+ we obtain:

1
At = —
boo1+h] 2 j1p0<p? BY

x 3 Y BN AN +E[(A -1 —ad > BIE (7))

ilpY<pg jlpY<pf

By substitution of Eq. (7) in Eq. (6), we obtain:

0o _ % 0
A= &(A) <1+b Zmpﬁoo{ Y. (B (Ap)

k|p?<p?

+E[(A -1 D) —a) Y Bﬁ})}mum—rm]

k|p?<p?

This means that A?_}J, can be expressed exclusively as a linear function
of Aj, 1j, (E[(Ay — rk)+])k|p?<pg and E[(A; —rj)4]. But, we proved

in Proposition 3 that there exists a linear function ¢; : RY — R such
that Aj = ¢;(rj,r_;). As a result, at the optimum, )\?ﬂ. can be ex-
pressed as a linear function in rj, r_j, (E[(A; — rk)"’])k‘po<p0 and

i k
E[(Aj-rj)+]. O

4.3.2. Minimization of the suppliers’ expected cost

We determined the analytical expressions of the endogenous
coupling price for the integrated day-ahead market in Section 4.1
and of the endogenous prices for the split markets in real time in
Section 4.2. Substituting these values in the suppliers’ expected costs
and using Proposition 3, each market i supplier determines indepen-
dently and simultaneously the quantity of energy to purchase, g; , or,
equivalently, its position, r;, so as to minimize its expected procure-
ment cost, as described in optimization Program 3.

Market i supplier determines the best answer, rIBA (r_;), which
minimizes its expected procurement cost. The decentralized pro-
gram output is a Nash Equilibrium, (r7);_; . defined by: rf =
rBA(r ). Vi=1,....N.

Proposition 5. If market i energy balance is high enough (ie., A; >
(ﬁ?B? —A?) ), there exists a positive Nash Equilibrium solution of Pro-
gram 3. Otherwise, the result still holds provided the standard deviation
[Z}#; ] (POBO—AO)]

i 1
of A; is smaller than =

2 (Bf of T Ry
Proof of Proposition 5. It is provided in Appendix A. O

Using the methodology described in Proposition 5 proof, mar-
ket i determines the best answer: 1 = r?"‘ (r*;) which minimizes
its expected cost. Going a step further in the computations de-
tailed in the proof of Proposition 5, we prove that this best answer
is obtained as the solution of a fixed point equation' FA () =

BOA + (=1 — 1)(d; — W + pPBO +17) + iy Sy =y ¢

3 (d W)+ o 15T HAS
17 & j#iT
[ Bf +

bef

7 _
1)+ Xjpikij— bl]_,(alf— 27) - 2rf}
1

d; w1+r

- P + (Bf]bf + 1)80\/7 ] This fixed point equa-

tion is solved 51mu1tane0usly by all markets Nash Equilibria are
obtained at the intersections of the best answers.

To show uniqueness of the resulting Nash Equilibrium, we apply
the contraction mapping approach. As shown in Bertsekas (1999), it

is sufficient to check that the Hessian of the expected cost functions
fulfills the diagonal dominance condition ie., >l (;’réjr | <
|" ”'| Vi=1,.

Nash Equilibrium heavily relies on the number of geographic
demand markets.

,N. We show, below, that the uniqueness of the

Proposition 6. We assume that market i energy balance is high enough
(ie, Aj > (p?B? - A?)). If there are less or exactly three geographic de-
mand markets then there exists a unique Nash Equilibrium solution of
Program 3.

Proof of Proposition 6. The assumption that A; > (ﬁ?B?—A?)
guarantees that Proposition 5 holds. Derivating first U; with re-
spect to r; and then, a second time, with respect to rj, j # i, we

82y
ar, dr Bf + bf ; i) > 0. We remind that, by definition,

bef >1,Vi=1,...,N. The assumption that A; > (p?B? —A?) im-

2y,
plies, according to Proposition 5: = s ifr-i;]rl- = Bl—f(3 —N) +
i97j

fA,m) > L @-N)+3 -

obtain:

N \F 'f(P,-B-fA-))
bif?)FAi(ri)+71 B?I !
Aq— (POBY — A)

BO

1

BO(3 -

N)IEAI, (ri) + fAi (r,'), Vi=1,...,N. Then, it

>0
is sufficient to have

3-N) [% + b?l-:Ai (r;)] > 0 to guarantee that the diagonal dom-
——— ——

317(3 =N) +b(3 = N)Fp,(1}) > 0

>0
inance condition holds. We conclude that if N < 3 then diagonal
dominance is checked. O

We have proved in Propositions 5 and 6 that for less or exactly
three geographic demand markets, there exist parameter values guar-
anteeing the existence of a unique Nash Equilibrium solution of the
Signaling Game described in Section 2.2. There is no guarantee about
the uniqueness of a Nash Equilibrium for N > 3. From a policy per-
spective, the existence of multiple Nash Equilibria implies that the
outcome of the Market Design cannot be predicted. Computationally,
multiple Nash Equilibria imply that the output of the model may de-
pend on the initial conditions of the algorithm.

5. Wind farm portfolio optimization under direct participation
of wind generator to the market

When wind farm investor participates directly in an electricity
market i.e., without subsidy-based supporting schemes, it influences
the day-ahead positions, by putting wind in the system. In the fol-
lowing section, excess wind is not reimbursed anymore, leading to
p? =0,Vi=1,...,N. We assume that the investment strategy in re-
newable capacity is defined over a finite horizon 0 < T < +oc. In this
setting, the Signaling Game described in Section 4.3 is repeated over
a finite horizon T.

There can be significant year-to-year variations in wind condi-
tions, which would have an impact on profitability, and these may dif-
fer between regions (Green & Staffell, 2013). Furthermore, the higher
the terrain complexity, the lower the wind predictability. We assume
that each market i is clusterized in a subset C; of clusters where, over
c € C;, the estimated demand zf,-(c) and the wind mean production
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o;(c) are supposed constant and such that at each time period t:
di(c.t) = di(c) — vi(c, t) 8)

wi(c, t) = Wi(c) — €(c, t) (9)

We assume that the geographic market i clusters are defined so
that there is no correlation among the cluster forecast errors be-
cause correlation among wind farms decreases with the distance
(Girard et al., 2013) but that, inside each cluster, there remains a
positive correlation between the wind production and the demand
forecast error. Making the parallel with the previous notations, we
have: d;(t) = ZCEC; di(c,t) and o; = Zceci a;(c). Clustering may be
performed through one of the automatic partitioning algorithms used
in Machine Learning (Kogan, 2007), as illustrated for Germany in
Section 6.

We let Aj(c, t) be the difference between the wind power sup-
ply and the demand forecast errors in market i cluster c, at time pe-
riod t. Transposing Section 2.3 assumptions to a finer scale (i.e., clus-
ters instead of geographic markets), we assume that (A;(c, £))ce; 1S
distributed according to a |C;|-dimensional Gaussian density func-
tion centered in the zero |C;|-dimensional vector and with a diago-
nal variance-covariance matrix having on its principal diagonal all
the variances (UA,- (c))2, VYc e ¢; and zeros everywhere else since the
covariance between any A;(c, t), A;(c,t), Ve, ¢’ € C;, ¢ # ¢ vanishes.
Furthermore, over each cluster c € ¢;, the wind production and the
demand forecast errors are correlated due to the assumption that

(&(c,t) vi(c,t))T is a Gaussian random vector centered in (8) and

of variance-covariance matrix

(65 (0))? E[é(c. vi(c. D]
E[é(c. t)vi(c.D)] (0 (0))? '

Modern Portfolio Theory is an alternative to the traditional
method of analyzing each investment’s individual merits. When in-
vestors look at each investment’s individual merits, they are analyz-
ing one investment without worrying about the way the different
investments will perform relative to each other. On the other hand,
Modern Portfolio Theory places a large emphasis on the correlation
between the investments. Markowitz defines as efficient the portfo-
lios which are characterized by a maximum expected revenue for a
fixed risk (or, equivalently, for a minimum risk for a fixed expected
revenue) (Markowitz, 1952). Risk and volatility are treated as the
same thing: Markowitz uses risk as a measurement of the likelihood
that an investment still goes up and down in value, and how often
and by how much. The theory assumes that investors prefer to min-
imize risk. The Efficient Frontier, also called the Markowitz Frontier
(MF), is then defined as the set of all the portfolios which are effi-
cient. In this article, the supplier applies Modern Portfolio Theory to
determine the wind farm portfolio that minimizes its expected in-
vestment while minimizing its risk conditionally to the occurrence of
rare events (Marling & Emanuelsson, 2012) caused by discrepancies
between forecasts and realizations. Note that since wind generator
directly participates to the market and excess wind is curtailed, only
under-supply is considered as a rare event.

In the numerical illustrations we will test two assumptions on the
construction cost function for the wind farm portfolio on the clus-
ter ¢ € C;: either it is linear in the number of wind farms: E(y;(c)) =
&yi(c) or it is quadratic: E(y;(c)) = £y;(c)? with & > 0 representing
the construction cost for a single wind farm.

5.1. In the (y;(c), 6;(c)) plane

In this subsection, we characterize analytically the MF in the
(i(c), 6;(c)) plane. Theorem 7, described below, states that the opti-
mal concentration of the wind farms 6;(c) in cluster ¢ € C; is obtained
as the unique output of an explicit function of the number of wind

farms y;(c), provided y;(c) satisfies the conditions of the second and
third equations introduced in the theorem. This is a strong result as
we prove that the form of this explicit function is identical for MD 1
and MD 2. It is worth mentioning that Theorem 7 does not define a
unique optimal portfolio but, in fact, a multiplicity of solutions.

Theorem 7. Whatever the Market Design (i.e., two tiered with exoge-
nous prices, two tiered with endogenous prices), the Markowitz Frontier
in the

(y;(c), 6;(c)) plane is completely described by the following set of
equations:

s
9O =m0
El©u©] _ o _ (Eléa©@w©l)’
G0 —V’(C)—( G502 )
yi(c) e N*¥

Proof of Theorem 7. When optimizing its wind farm portfolio, mar-
ket i supplier’s problem is to determine the optimal number of wind
farms y;(c) e N* and their concentration % < #;(c) <1, over each
cluster c € C;, such that its expected investment is minimal and the
variance of its investment conditionally to the occurrence of rare
events is minimal.

MD 1: Over each geographic demand marketi =1, ..., N, the sup-
plier investment function is defined as the sum of the cost resulting
from its conventional energy demand, repeated T times, and of the
cost devoted to the construction of the wind farm portfolio:

IG,T) = Y (af O ©) +g?Op°©) + Y E(xi(0))

T ce;

= XF‘ (;(&(c) —a;i(0)yi(0) + ri(t)> pl(t)
> KZC@,«, DR — vi(c.0) - n(r)) p?(t)}
+ XC: E(Vi(;)) +

- Z{: (Z;(d}(c) —ai(0)yi(0) + ri(t)>pf(t)

+ Y (A - 1)1 (0
+ Y E(i(0)

ceCy

where, we recall: A;(t) = Y e (€(c. 1) = vi(c. 1) = Y pee, (14(0)4©
€;(c,t) —vi(c,t)). We obtain quite easily the analytical expression of
the variance of A;:

03, = Y 03,(0) = Y Var(&(©) - vi(0)

ceCy ceCy

= Y Var(A @& (e) ~ vi(©))
ceCy

= Y AG (©)*1(0*"9 = 21" OE[E&(c)vi()] + 07 (¢)*}
ceCy

(10)

Then, we compute the supplier's risk i.e., the variance of
its investment conditionally to the occurrence of rare events:
Var(Z(, T){Ai(®) = 1i(0)}e) = Var(Z, Ai©)pf (6) = X, (i (OpY (©) +
> cec, (di(©) — i (©)yi(0) + r(O)pf () + > ce; 2(vi(0))). We note
that it is only the first term of this equation that depends on A;(t).
Using properties of the variance operator (i.e., variance of a constant
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equals zero, variance is a quadratic operator) and the fact that there
is no dependence between two time consecutive forecast error
differences, we infer that:

Var DA = 1)) = o3, © 2 e
ceC;
(G

ceCy

— 27" OE[&(Ovi(O] + 0 ()] ) Pl (1)
t

€(0)?yi(c)?9©

using Eq. (10
RVar(i,T) &

). In the rest of the article, we let:
Var(Z(i, T)[{Ai(t) = ri(t)}e)

be the risk of market i supplier.
The expectation of the supplier’s investment is:

E[Z(.T)] =) (Zdﬁ-(c) +Fy ("ﬁ“))pf(r)
ceC; "\ Pi ®

t

-y (Za,-(c)yxc))pf ©

t ceC;

(a2 (53)
+;p.(t)E[< (t) <Pi(f) )

+ Y Eio)

ceC;

Derivating RVar(i,T) with respect to 6;(c) and solving

In E[€(c)v;(0)]
r (i G.€(0)2
3R$/;1(25T) =0, we obtain: 6;(c) = liulxiéc))) But % <6i(c) <1
! i
which is equivalent to W <y(0) < (E[(Z(C():;;E)])Z Us-

ing the fact that wgy,-(c), we check that 6;(c) co-

(6;5(0)?
incides with a minimum for RVar(i,T) indeed: %:
1

2y;(0)%9 In(y;(€))?[2(65 (0))?y;(c) — B[ (c)vi(0)]] > 0.

MD 2: In Egs. (8) and (9), d;(c) and w;(c) do not depend on
time. This implies that in the algorithms described in Section 4.3,
the optimal positions are also independent on time; contrary to MD
1, where the optimal positions are functions of the day-ahead and
real-time price ratio, which is time dependent. Using this observa-
tion, we infer that the day-ahead price is time independent; indeed:
of = Zj(‘frvgjjfj)“*f ‘

In case of endogenous prices, market i supplier investment takes

the following form:

0Ty =) <Z(cﬁ-(6) —Wi(c)) +r,->pf(t)

t ceC;

- Z Y@ Oy©% —vi(c. ) —ri | P (©)
ceC;
Ai(t) +
+ > Ei(©) (an)

ceCy

Compared to MD 1, we observe one additional difficulty: at the
optimum r; relies on r_; and the bilateral trades rely on the decisions
of the other markets.

Market i supplier’s risk is similar to the one derived for MD 1:

RVar(i,T) = Var(Z(i, D{A(0) = 1} =02, Y2 (12)
t

Therefore, the same result holds about the optimal wind farm con-
centration. In MD 1 and MD 2, the MF is completely described by the
set of equations summarized in the statement of Theorem 7. O

5.2. Inthe (E[Z(i,T)],RVar(i, T)) plane

The representation of the MF in the (E[Z(i, T)], RVar(i, T)) plane
is not straightforward. Indeed, in case of endogenous prices, the op-
timal number of wind farms to construct in each cluster cannot be
computed analytically. The optimal positions and the optimal bi-
lateral trades can only be obtained algorithmically, as explained in
Section 4.3.

In each cluster c € C;, the supplier can construct a fixed num-
ber of wind farms y(c). For each combination of (y;(c));., we de-
rive the optimal wind farm portfolio concentration (6;(c)); . using
Theorem 7. We substitute the resulting (y;(c), 6;(c)); in (O‘Ai),- as
derived in Eq. (10) and in the Nash Equilibrium in the positions and
bilateral trades (r}, A¥); obtained through the algorithm detailed in
Section 4.3.

We substitute (", A}); and (A;(t)); in the real time price: p? (t) =
A+ (A (0)-TF) 1 +AT
e
can infer the supplier’s risk using Eq. (12).

At the same time, we note that the expectation of market i sup-
plier investment can be simplified to give:

Vi=1,..., N derived in Section 4.2. From this, we

E[I(i, T)] = %(&1 7V,\7i + rl-){ Z(J] - Wj + rj) +Af}
j
+ %{A? i e EL(AD) 1),

IE[(A ) =31+ Y Ei(0)

ceCi
where, as detailed in Appendix A: E[(A;(t) —1i)+]
rl)'{A (t) = T,}] =

=E[(Ai(t) -

o exp(—%) ~nfa () and B[ -

2] =E[(Ai(t) — )2 [{Ai(0) = 1;}] =

i (3 7 i
ﬁr(j)rlnc(j»ﬂ N
1

¢ with I'(a) the Gamma function evaluated in a € R,

and I‘mc(a X) = fo u®lexp(—u)du the Incomplete Gamma
function with lower bound, evaluated in a, x € R,.

6. Numerical illustrations for three geographic demand markets:
France, Germany and Belgium

In the numerical illustrations, we consider three geographic de-
mand markets: France, Germany and Belgium. Wind farm portfolio
optimization is restricted to the French area, since our energy con-
sumption data focus on this country.

The marginal cost parameters are based on Chao and Peck’s six
node toy network (Chao & Peck, 1998): for France (Fr) we take aﬁr =

42.5, a2 = 4250, b£r = bl = 0.025; for Germany (Ge) we take aée =
15,02, = 1500, bL = b2 = 0.05 and for Belgium (Be) af,, = 10, a3, =
1000, bl = b3, = 0.05.

The equivalent interconnection capacities are set so that: Kpe ge =
2(gigawatt), kpe pr = 6(gigawatt) and K¢e pr = 5(gigawatt).

6.1. Description of the data and clustering of the geographic demand
markets

For Germany, our database is made of time series of 75 sen-
sors located all over Germany, providing one year wind speed mea-
sures (from 03/19/2013 until 03/18/2014) with one measure per hour

Please cite this article as: H. Le Cadre et al., Wind farm portfolio optimization under network capacity constraints, European Journal of
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Fig. 2. Partitioning Germany wind speed sensors, using a Machine Learning automatic partitioning algorithm (k-means or SVM outlier detection) (a). The sensors’ locations in GPS
coordinates are represented in (a) by circles. In (b) and (c), the sensors are represented in the mean-variance plane depending on their wind speed time series mean and variance.
We partition Germany and France’s wind speed sensors in (b) and (c) respectively; each marker symbol being associated with a specific class.

(Deutscher Wetterdienst). The exact GPS coordinates of the sensors
are depicted by circles in Fig. 2(a). We use two Machine Learning
techniques to partition the sensors based on the mean and variance of
their wind speed time series: firstly, k-means algorithm clusters data
by separating samples in an a priori determined number of groups,
minimizing a criterion known as the inertia of the groups. The opti-
mal number of classes for the sensors (4) has been estimated a pri-
ori using an unsupervized clustering method known as affinity prop-
agation (Scikit-Learn). Secondly, one-class Support Vector Machine
(SVM) can be used as a type of unsupervised learning algorithm, for
novelty detection: given a set of samples, it will detect the soft bound-
ary of that set so as to classify new points as belonging to that set or
not. Both techniques give identical (or, at least, very close) classes,
which are represented in Fig. 2(a) and (b). The convex hull of the sen-
sor classes gives an approximation to the clusters geographic area for
Germany.

For France and Belgium, we use data provided by the Météociel
Platform for the year 2013. Each country is clusterized using one
of the automatic partitioning tools, described above for Germany,
applied on the historical wind speed measurements. We infer that
France (resp. Belgium) can be partitioned in 8 (resp. 2) clusters, as
represented in Fig. 2(c) for France. The geographic coordinates of the
cluster areas can be found in Biégala and Coulondre (2011). We asso-
ciate an index with each French cluster area. The wind power pro-
duction at the various points in the clusters is then inferred from

the wind speed measurements using the Betz limit.!” Finally, over
each cluster, the wind power productions are averaged. The mean
and standard deviations are then calculated on the basis of each
cluster average time series of wind power production. We consider
a constant average and standard deviation for wind power produc-
tion throughout the time horizon. The numerical values of mean con-
sumption and consumption standard deviation per French cluster are
detailed in Table 1.

Estimated wind production for Germany and Belgium is fixed
so that: Wge = 15(gigawatt) and Wge = 10(gigawatt). The forecast
error difference standard deviations are set so that: oa,, = 0a, =
5(gigawatt). For France, if 10 turbines were placed in each cluster,
Wr = 4.97(gigawatt) and the forecast error difference standard devi-
ation would be: o5, = 5.79(gigawatt).

For estimating the variance associated to the demand forecast, we
use a data base containing one year (2013) power measurements (in
kW) for each French region, with a granularity of one measure per 30
minutes (French Regional Consumption Data). The French regions are
then mapped to the French clusters, as defined in RTE report (Biégala
& Coulondre, 2011). Then, over each cluster, we take the average of
these time series to obtain one value per day. In Fig. 3, we com-
pare the empirical distribution function of one French cluster (PACA
region) energy consumption with the best fit Gaussian density

10" Source for Betz limit: http://www.wind-power-program.com/betz.htm .
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Table 1
Mean consumption (gigawatt) and consumption standard deviation per French cluster (gigawatt).
Clust. ind. 1 2 3 4 5 6 7 8
Mean conso. 19.890 6.043 2.480 2.947 9.104 4.875 3.736 7.098
Conso. stand. dev. 5.048 1.196 0.496 0.654  2.010 1.032 0.953 1.874
— Energy conso. empirical distribution PACA 10 __ Markowitz frontier ,
09+ E
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Fig. 3. Energy consumption empirical distribution function (in kilowatt hour) com-
pared to the best fit Gaussian density function for PACA region.

function. This comparison validates our assumptions on demand
forecasting, captured in Eq. (8).

For France, the end users’ total demand is estimated by: dp. =
56.173(gigawatt); for Germany and Belgium we fix: the :Jge
40(gigawatt).

6.2. Optimal forward positions and Markowitz Frontier representations
for France

In Fig. 4(a), we plot market i optimal position for the two tiered
market with exogenous prices (MD 1) described in Section 3 as a

0
function of the exogenous price ratio % and of the forecast error

standard deviation o5 . In Fig. 4(b), we plot the optimal position for
the two tiered market with endogenous prices (MD 2) and positions

osition in case of exogenous price

8ptlmal

25 . i A g 5.0
O-A»

(a)

Fig. 5. Over each French cluster, the Markowitz Frontier for the wind farm portfolio is
represented as a function of the number of turbines and of the concentration between
the wind farms over the cluster. Each of the 8 French clusters is characterized by a
specific color.

described in Section 4 as a function of the wind forecast W, and of the
forecast error standard deviation o, . The endogenous prices corre-
sponding to the interval of variation of W; and o, are such that i
belongs to the interval [0; 95; 1.30] and p° to the interval [3.52; 4.16].
For the exogenous prices, we choose p® = 4 which is close to the cen-
ter of the interval of variation of the real-time endogenous price. The
day-ahead endogenous price then varies in the interval [0.15; 1.35].
The endogenous and exogenous prices are now in the same range of
values. We observe that in case of exogenous prices, Z—? weakly im-
pacts the optimal position whereas o4, clearly makes the position
increase; in case of endogenous prices, both w; and 0, make the po-

sition increase. Reciprocally, the increase of the position makes %

25
OA.

(b)

Fig. 4. In (a) (resp. (b)), we represent the optimal position r; in case of exogenous prices (resp. endogenous prices) as a function of the forecast error difference standard deviation

o, and of the exogenous price ratio (g—i ) (resp. of the wind forecast w;).
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Fig. 6. Markowitz Frontier (MF) in red in the (w . RVar(Fr, T)!/2) plane. In (a), we represent all the portfolio combinations and the MF for % = 1and a linear cost of construc-
tion. In (b), we plot all the portfolio combinations and the MF for £ =900 and a linear cost of construction. In (c), the same setting holds but we select exclusively the portfolios
associated with two construction costs: ..., M =24 x 10% and 36 x 10°. In (d), we plot the portfolio combinations and the MF for % = 1 and a quadratic cost of construction.

decrease in case of endogenous prices whereas it has only a thresh-
old effect in case of exogenous prices.

In Fig. 5, we plot the MF for the wind farm portfolio over each
French cluster as a function of the number of turbines and of the con-
centration of the wind farms over the cluster. These plots are issued
from the theoretical relation derived in Theorem 7.

We assume that the supplier can construct 0, 60 or 120 turbines
over each cluster leading to 38 combinations for France. This choice
of numerical values is justified by the fact that largest US wind farms
nowadays have around 600 turbines'' and by coming down on the
scale of France. Assuming that a wind farm counts on the average 60
turbines, the supplier has the choice between constructing 0, 1 or 2
wind farms per cluster. We observe in Fig. 6 that the value of & and
the form of the investment cost (i.e., linear, quadratic, etc.) deeply
influence the MF shape.

7. Conclusion

We considered a stylized network model representing a certain
number of geographic demand markets and assumed rational expec-
tation of the agents. The originality of our work relies on the intro-
duction of competition among the geographic demand markets and
of our choice to model the agent interactions as a Signaling Game.
In each geographic demand market, supplier optimizes selfishly its
day-ahead position which acts as a signal for the generators which
optimize their bilateral trades with the other markets. We proved
analytically that firstly, there exist conditions guaranteeing the ex-
istence and the uniqueness of a Nash Equilibrium for less or exactly
three geographic demand markets and secondly, that the set of ef-
ficient wind farm portfolios can be expressed as a function of the
number of constructed wind farms and of their concentration in-
dependently of the Market Design. Finally, we simulated, on a real
case study, the contour of the Markowitz Frontier in the expected
investment-risk plane.

11 For example, the Roscoe wind farm in Roscoe, Texas, is one of the world’s largest
capacity wind farms with 634 turbines and a total installed capacity of 781.5 magawatt.

The linearity of the cost functions, the inelasticity of demand and
day-ahead Market Coupling are necessary assumptions in our analy-
sis. The relaxation of these assumptions is an interesting direction of
future research but will lead us to the limits of analytical tractability.
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Appendix A. Proof of Proposition 5

By substitution of the day-ahead and real-time prices at equilib-
rium obtained in Lemmas 1 and 2 in market i expected procurement
cost, we obtain:

o fzjqu‘JrAf E[(Q?)Z A?+Zj¢i)\'?4,j 0

R ]

1 1
Using Proposition 3 and the fact that E[q?] = E[(A; — ;)] = E[(A; —
r)l{A; = r;}] and E[¢] = E[(A; — ;) -] = E[(A; — i) [{A; < 13}], we
obtain:

f f f
au,  2iq+A g 0 (1 2
TH_T—FE—FTH E?E[(Ai_ri) HA; = 1i}]

B? Br,v

Ui q; Bf

E[(A; = r)|{A; = 1i}]

+b?(Bf1bf — 1>E[(Ai —){A; =1}

i
~ 0
- P?TE[(Ai —-rp)l{A; =1}l
1
Since the forecast error differences A; are distributed according to

Gaussian distribution functions centered in 0 and of standard devia-
tion o, it is possible to express the first and second derivatives of
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(A; —r1;) and (A; — ;)2 conditionally to the event {A; > r;} as func-
tions of the Incomplete Gamma function which enables us to derive
the following closed forms:

BlA-r Azl = [ AfaM)dA-r [ £y (a)dA

= %A e i riFa. (17)
_m P zaii ita \Ti

%E[(Ai —r)l{A; = 1i}] = —Fa, (1)
2
O B =)l = )] = a ) (13)
and

Bla - mHA =)l = [ A2 (A)dA

P /W Afa (A)dA + 12 /+OC Fa(A)dA

0
TnE[(Ai — )2 {A; = 1i}]

_ 2[r,-/+°° fa (A)dA — /_m AfA,.(A)dA:|

32

ﬁE[(Ai —1)?{A; = 1i}] = 2F5, (1) (14)

Using the same principle, we obtain:
d
37 El(Ai =) {Ai = 1i}] = Fa, () (15)
1
Using Egs. (13), (14) and (15), we obtain:
02U; 2 1 -
= = +b%3 - — |F\ (1
ariz Bf+ ,< fb{) A,(r)

L Zjatl— (2B~ AY)
BO

Ia ()

Since Fa, (1) > 0 and fa, (1) > 0 for any 1 € R, bef > 1 by defi-

92

nition and Bf > 0, B0 > 0, the sign of

for 1; € [0; +-00[ depends on

Z_}#l i—j (pOBO )

l

Y i A9~ (p0BI-AD)
Zyuihl =R -AY) JB_ 206 YAl = > (pPBY — A?)

This first case corresponds to the case where the quantity of im-
ports is not too high compared to the quantity of exports, for market

the sign of . Two cases are possible:

Case 1:

92U
i. In this first case, we infer that 2 2’ > 0, Vr; > 0. Hence U; is convex

in r; > 0. Therefore, there exists a unique r; > 0 minimizing U;.
Case 2: T AR _ <06 Y. A0 < (pPBY —AD)
BQ J#—l i—j i i
This second case corresponds to the case where the quantity of
imports is high compared to the quantity of exports, for geographic
market i.
Derivating three times U; with respect to r;, we obtain:

33U, . 1
ri3 = —b,' (3 - W)fA,»(ri)
(A? BO >+Z]#l i—j I
- B? 52 A ()

A

fa(r) 1 1
— o7 [(3- 27 )94,
i GAi be,

g

j#i

_ dfa
using the fact that f?i’r_r' =
1

fA (r)),Vr; e R since A; is

distributed according to a Gau551an distribution function cen-

tered in 0 and of standard deviation o,,. Then: 3)‘3’ =0er=
(37%»:2_
(A0 B°p°>+21¢i 2
3-_1 )52
0 & ( be,f)UAl
Weset: ) & — ————————_Then, we note that:
A =B+ Y i M
0 Giﬁ)ai 1 2
oIf rp<r) then r;<-— —@(3—7)0A_+

(AQ—BOp9)+3 s 2 .
ri((AY —B9p?) + ;A2 ) > 0. This implies in turn that

i>j
33y;
Bri3 <0
» Identically, if r; > r? then Bg > 0.
1

and increasing on [r0 +oo[. Furthermore, the number of points where

83 12] = 0 depend on the value of

|r:r?'

1. Case 2(a): ﬁlr:

0 >0

%zr?f > 0, Vr; > 0. This implies that U; is convex on R, . There-
fore it admits a unique minimum on [0; +oo].

2. Case 2(b ): " ua im0 <0
Then two sub cases should be distinguished depending on the
sign of {%}, Ir,—0

277, . )
(a) Case2(b)(i): % |r,—o < 0 There exists a unique r] & [r?; +-o0[

2 2, .
such that 3,) 121, <0 on [0;r][ and 837(2]' >0 on [r}; +oo[. This
i

implies that alr” is decreasing on [0; ][ and increasing on

[rl, +oo. Hence =0in 0, 1 or 2 points for r; > 0. Then:

either W|rv_r1 > 0 which implies that U; is strictly increas-
i i

ing on R, reaching its minimum in r; = 0 ; or there exists a
92U;
or; 21
[ril; +-oo[ only, this implies that r} is the unique minimum of U;
onR,.

Case 2(b ) (ii ): &M:O > 0 There exist 0 <r? <9 and r? <

>0 on

point 1} € [ri‘; +oo[ such that %M:r; = 0. Since
1

(b

~

r? such that %lzj >0 on [0;

r2[, < 0on [r?;r}[ and > 0 on

[13; +ool.
i If 5 94 |r —o > O then there exists a unique r} € [r3 +oo[ such

aul d a u,

that |r —rr = 0 an Ir, - > 0. In this case, r} is the

unique minimum of U; over Ry.

ii. Otherwise i.e., ’|r _o < 0 then: either Br‘| — 0 in
which case U; admlts a unique minimum over R . belong—
ing to [r}: +oo[ ; or %—r i Z 0 in which case U; admits
two minima over R*, the first one in [0;
one in [r}; +oo[.

r2[ and the second
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The case % |,i:0 > 0 should be avoided since it might give rise
i

to a large number of equilibria (2N) for Program 3. Therefore, in the
case where Y ;A0 i< (p?B? —A?). it might be reasonable to im-
pose some conditions on the problem parameters so that Case 2(b)(ii)
is avoided. In other words:

2o, 2 1 (3 1
o7 " BT 280" prp!

Yt — (PUBY —AP)

i B fa,(0) <0
28) 1( 1 )
AN L]
& fa(0) > — _ B
s M — (PPBY — A7)
0 0RO _ A0
& Op, < — 1 Zj#i)‘i_)j—(PiBi _Ai)

2 ﬁ-ﬁ-l( 1)
2

B T

Therefore, to avoid Case 2(b)(ii), the standard-deviation related to the
S jsi A~ (PPB)-AD)

1
knowledge of A; should be smaller than ﬁ[ 550 I

References

Baringo, L., & Conejo, A. ]. (2014). Strategic wind power investment. [EEE Transactions
on Power Systems, 29, 1250-1260.

Bertsekas, D. P. (1999). Nonlinear programming. Athena Scientific.

Biégala, N. Coulondre, ].-M. (2011). Report on fixed characteristics assessment of inter-
mediate scaled model. RTE Optimate D1.2 Deliverable.

Borenstein, S., Bushnell, J., & Stoft, S. (2000). The competitive effects of transmission
capacity in a deregulated electricity industry. RAND Journal of Economics, 31, 294-
325.

Chao, H. P, & Peck, S. C. (1998). Reliability management in competitive electricity
markets. Journal of Regulatory Economics, 14, 198-200.

Daxhelet, O., & Smeers, Y. (2007). The EU regulation on cross-border trade of electric-
ity: A two-stage equilibrium model. European Journal of Operational Research, 181,
1396-1412.

Deutscher Wetterdienst. https://werdis.dwd.de/. Online. 2015, May.

ELIA. (2014a, July). The Cipu contract, a set framework for taking part in the
high-voltage grid management. http://www.elia.be/"/media/files/Elia/Products-
and-services/ProductSheets/S-Ondersteuning-net/S5_F_CIPU_08_07.pdf.

ELIA. (2014b). Tertiary production reserve, a solution to major imbal-
ances and congestion. http://www.elia.be/"/media/files/Elia/Products-and-
services/ProductSheets/S-Ondersteuning-net/S3_F_RES_TERT_PROD.pdf.

ELIA. (2014c, May). Régles de Fonctionnement du marché relatif a la compen-
sation des déséquilibres quart-horaires - entrée en vigueur partiellement en
2014 et intégralement a partir du 1-er janvier 2015. http://www.elia.be/”/
media/files/Elia/Products-and-services/Balancing/Balancing_Rules_06052014.pdf.

Euphemia Public Description (2013, November). http://www.npspot.com/globalassets/
Download.

French Regional Consumption Data. http://www.rte-france.com/fr/eco2mix/eco2mix-
telechargement. Online. 2015, May.

Girard, R., Laquaine, K., & Kariniotakis, G. (2013). Assessment of wind power pre-
dictability as a decision factor in the investment phase of wind farms. Applied En-
ergy, 16,51-63.

Glachant, J.-M., & Ruester, S. (2014). The EU internal electricity market: Done forever?
Utilities Policy, 30, 1-7.

m5G;June 23, 2015;9:37

Green, R., & Staffell, I. (2013). How large should a portfolio of wind farms be?. In Pro-
ceedings of the economics of energy markets, TSE.

Hagspiel, S., Jagemann, C., Lindenberger, D., Brown, T., Cherevatskiy, S., & Troster, E.
(2014). Cost-optimal power system extension under flow-based market coupling.
Energy, 66, 654-666.

Hutcheon, N., & Bialek, ]. W. (2013). Updated and validated power flow model of the
continental european transmission network. In Proceedings of IEEE PowerTech.
Kogan, J. (2007). Introduction to clustering large and high-dimensional data. Cambridge

University Press.

Kunz, F. (2013). Improving congestion management: How to facilitate the integration
of renewable generation in Germany? The Energy journal, 34, 55-78.

Le Cadre, H. Bedo, ].-S. (2014). Distributed learning in the smart grid: A
learning game approach. https://hal.archives-ouvertes.fr/hal-00740893v7/
document (preprint online in HAL).

Le Cadre, H. Didier, M. (2014). Quantifying the impact of unpredictable generation
on market coupling. https://hal.archives-ouvertes.fr/file/index/docid/1038387/
filename/OPTE_623_Version_1_coupling_journalV4.pdf (preprint online in HAL).

Le Cadre, H., & Mercier, D. (2012). Is energy storage an economic opportunity for the
eco-neighborhood. NETNOMICS: Economic Research and Electronic Networking, 13,
191-216.

Markowitz, H. (1952). Portfolio selection. The Journal of Finance, 7, 77-91.

Marling, H. Emanuelsson, S. (2012). The markowitz portfolio theory. http://www.math.
chalmers.se/ (survey online).

Martin, S., Smeers, Y., & Aguado, ]. A. (2014). A stochastic two-settlement equilibrium
model for electricity markets with wind generation. IEEE Transactions on Power
Systems, 30, 233-245.

Météociel Platform. http://meteociel.fr/obs/pays.php. Online. 2015, May.

Morales, ]. M., Zugno, M., Pineda, S., & Pinson, P. (2014). Electricity market clearing
with improved scheduling of stochastic production. European Journal of Operational
Research, 235, 765-774.

Nair, J., Adlakha, S., & Wierman, A. (2014). Energy procurement strategies in the pres-
ence of intermittent sources. ACM SIGMETRICS Performance Evaluation Review, 42,
85-97.

Neuhoff, K., Hobbs, B. Newbery, D. (2011). Congestion management in European power
networks (discussion paper). Deutsches Institut fiir Wirtschafsforschung.

Newbery, D., Strbac, G. Viehoff, 1. (2012). The benefits of integrating european elec-
tricity markets (EPRG working paper no. 1504, Cambridge Working Paper in Eco-
Nomics).

Oggioni, G., Murphy, F. H., & Smeers, Y. (2014). Evaluating the impacts of pri-
ority dispatch in the european electricity market. Energy Economics, 42, 183-
200.

Papavasiliou, A., & Oren, S. (2013). Multi-area stochastic unit commitment for high
wind penetration in a transmission constrained network. Operations Research, 61,
578-592.

Percebois, J. (2014). Les mécanismes de soutien aux energies renouvelables. Cahier de
recherche CREDEN no. 14.03.107.

Potential Cross-Border Balancing Cooperation between the Belgian (2014, November).
Dutch and German electricity transmission system operators. http://www.tennet.
eu/nl/fileadmin/downloads/About_Tennet/Publications/Technical_Publications/
balancing/141008_Final_report.pdf.

Pritchard, G., Zakeri, G., & Philpott, A. (2010). A single-settlement, energy-only electric
power market for unpredictable and intermittent participants. Operations Research,
58,1210-1219.

Rosner, S. (2014). Compléments de rémuération: La vente directe en alle-
magne. https://enr-ee.com/fr/nouvelles/article/150/presentation-de-lofaenr-sur-
la-vente-directe-delectricite-renouvelable-en-allemagne/.

Scikit-Learn. Python toolbox for machine learning. http://scikit-learn.org/. Online.
2015, May.

Sinden, G. (2007). Characteristics of the UK wind resource: Long-term patterns and
relationship to electricity demand. Energy Policy, 35, 112-127.

Smeers, Y., Oggioni, G., Allevi, E., & Schaible, S. (2012). Generalized Nash equilib-
rium and market coupling in the european power system. Networks and Spatial
Economics, 12, 503-560.

Sobel, J. (2009). Signaling games. In Encyclopedia of complexity and systems science
(pp. 8125-8139).

Survey on Ancillary Services Procurement and Balancing Market Design (2014, March).
https://www.entsoe.eu/fileadmin/user_upload/_library/publications/entsoe/ENT
SO-E_2013_Survey_on_AS_Procurement_and_EBM_design.pdf.




