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Abstract

Variations in a two settlement market that trades both energy and reserve, first
in day-ahead and then in real-time, are analysed through a stochastic equilibrium
framework. This framework takes into account the real-time uncertainty and the
introduction of the risk-aversion paradigm. Variations in the markets take the form
of design choices, namely (i) allowing or not virtual trading of energy in day ahead
and (ii) holding or not a real time market for energy. We proposed a decomposition
heuristic that iterates until convergence is reached between (i) the resolvent of the
modified risk-neutral market and (ii) the aversion problem from the day-ahead
point of view. The technique is then tested on a simple market to extract general
trends.
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List of symbols

Sets

RL

Set of possible generators.

Set of possible loads.

Set of possible reserve loads.

Set of possible scenarios.

il



Variables
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R,DA
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Real time production of generator ¢ in the scenario w.

Real time demand of load [ in the scenario w.

Real time reserve of generator g in the scenario w.

Real time demand of reserve for the reserve load [ in the scenario w.

Marginal benefit of generator ¢ in the scenario w. Dual variable
relative to the real-time physical constraint on production.

Marginal benefit of load [ in the scenario w. Dual variable relative to
the real-time physical demand.

Marginal benefit for reserve of generator g in the scenario w. Dual
variable relative to the real-time ramp constraint for reserve.

Marginal benefit of reserve load [ in the scenario w. Dual variable
relative to the real-time physical constraint for reserve.

Real-time price of energy in the scenario w. Dual variable relative to
the real-time market clearing constraint on energy.

Real-time price of reserve in the scenario w. Dual variable relative to
the real-time market clearing constraint on reserve.

Day-ahead production of generator g.

Day-ahead demand of load .

Day-ahead reserve of generator g.

Day-ahead demand of reserve for the reserve load I.

Dual variable relative to the Day-ahead physical constraint on pro-
duction. Active when virtual trading is not allowed.

Dual variable relative to the real-time physical demand. Active when
virtual trading is not allowed.

Marginal benefit for reserve of generator g. Dual variable relative to
the day-ahead ramp constraint for reserve.

Marginal benefit of reserve load [. Dual variable relative to the
day-ahead physical constraint for reserve.
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APA Day-ahead price of energy. Dual variable relative to the day-ahead

market clearing constraint on energy.

MDA Day-ahead price of reserve. Dual variable relative to the day-ahead
market clearing constraint on reserve.
Yg Unit commitment value of the generator g.

The day-ahead position of reserve and energy are the quantity of forward contract
bought. The prices of those forward contract are the day-ahead prices.



Profit maximisation problems

RT,US
Gy

RT\US
‘Cl,w

RT\US
Su
gDA,US

g9

DAUS
Ly

SDA,US

The generator g real-time profit maximisation problem in the scenario
w for the US model.

The load [ real-time profit maximisation problem in the scenario w
for the US model.

The system operator real-time profit maximisation problem in the
scenario w for the US model.

The generator g day-ahead profit maximisation problem for the US
model.

The load [ day-ahead profit maximisation problem for the US model.

The system operator day-ahead profit maximisation problem w for
the US model.

For other models, the notation remains identical except for the US that needs
to be replaced with the appropriate name.

Parameters
Cy Marginal cost of production for generator g.
P;fw Maximal production of generator ¢ in the scenario w.
R, Reserve ramp of generator g.
V Marginal value of energy for load [.
Dy, Maximal demand of load [ in the scenario w.
VR Real-time marginal value of reserve for reserve load (.
Df Maximal demand of reserve for reserve load [.
K, Start-up cost of generator g.
VlR’DA Day-ahead marginal value of reserve for reserve load [.
P, Probability of the scenario w.
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Risk-measure
Ra Risk-measure of agent a.
M, Risk-set of agent a.
E, () Risk-adjusted expecation of agent a.
CVaR, Conditional value at risk with risk-aversion «.

MV aRg ,Mean value at risk with risk-aversion o and weight of the real expec-
tation 1 — 3.

I1, Profit function of agent a.

Others

ORDC Operating reserve demand curve.
RA Risk-averse.
RN Risk-neutral.
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CHAPTER 1

Introduction

Even if the 2020 objective of 20.9% of production of energy through renewable
technology [3] will not be met, we should expect an increase of renewable electricity
in order to meet the global european objective of 2030.

But the integration of renewable energy in our electric power system is more
easily said than done. Renewable technology is inherently an unpredictable source
of electricity and in our developed country, electricity is seen as a necessity that
should be available at all time. There should be no uncertainty about whether the
lamp will light, or the stove will heat when turned on.

In order to incorporate smoothly renewable technology in our electricity genera-
tion mix, flexibles generators are needed. The role of those flexibles generators is
to ensure an appropriate supply of electricity at all time. They should be able to
make up for the low renewable electricity production period cause by unfavorable
weather by activating swiftly their production. The other way around, when the
weather is beneficial and the market is full of renewable energy, they should be
able to lower their production to balance the market.

As we could expect it, flexibility does not come at no cost. Flexible generators
are usually more expensive than standard generators and even more than renewable
generators which does not need to pay for fuel. There is a paradox in the fact that
on the one hand the market needs more and more flexible generators to compensate
the growing unpredictability of renewable production but on the other hand the
expensive flexible generators are being pushed out of the merit order by cheap
renewable generators, making it less and less worth it to invest in flexible technology.
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Figure 1.1: Ilustration of merit order effet

The process of the flexible generators being pushed out of the merit order is shown
in picture [I.1]

In this global discussion on the integration of renewable technology and the
remuneration of flexible generators, this master thesis is comparing how different
policies might affect the behaviors of a 2-stage market for energy and reserve. The
thought process behind this master thesis is to extend the analysis from [1| under
the risk-averse paradigm.

The novelty brought by risk aversion is that the weight of a scenario in the
decision-making process of a risk-averse agent is not only established by its real
probability of happening P, but also by whether the scenario is beneficial to the
agent or not. A risk-averse agent will want to play it safe so if a scenario is
unfavorable to him, the “risk-adjusted” probability of that scenario to happen will
be higher than the real probability. In contrast, if a scenario is beneficial to the
agent, the “risk-adjusted” probability of that scenario to happen will be lower than
its real probability.

From there, the main questions we will address in this thesis are:

1. What is the impact of the no-virtual trading policy on the day ahead price
and on the commitment of the generators?

2. To what extend does the risk aversion of an agent impact the back-propagation
of real-time prices?

3. Who are the "losers" and "winner" of the different market?
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This master thesis can be structured into three components: the modeling part,
the algorithmic part and the interpretation of the results.

In the modeling part, the markets are formally defined. We start in chapter
2 with the introduction of the core model which is like a US-style market. The
market is characterized by the profit maximization of its different agents. The
risk-measures used to model risk aversion as well as the operating reserve demand
curve (or ORDC) used to value reserve are defined in this chapter. We continue
the modeling part with chapter 3, that introduce the two policies, namely the
no-virtual trading policy and the no real time market for reserve policy, used to
make the US model closer to a European style market.

The following component is the algorithmic part in chapter 4. The heuristic
used to find equilibrium point of our markets is explained in this chapter. Because
of the risk-aversion of our agents, the markets cannot be solved with classical solver
and instead we used an algorithm called the forward-backward algorithm. This
method is used to solve variational inequalities which are a unifying framework for
classic optimization problem.

In the last part of the thesis, we will test the algorithm on a toy system and
try to extract trends from the results obtained. The toy system is introduced in
chapter 5. As for chapter 6, it will be dedicated to the interpretation of the result
and the extraction of general trends.



CHAPTER 2

Core model or US model

The core model of our research is introduced in this chapter. This model is based
on the core model of [1].

This chapter is built as followed. We begin with a bit of background on the
problem as well as its definition. Then we will introduce the concept of risk measure
and of coherent risk measure. We complete the explanation on the risk-measures
with a series of examples. Then we will explicitly state the equilibrium by beginning
with the real time optimization problems and ending with the day ahead ones.
After that we will introduce the concept of ORDC whose goal is to valuate the
reserve. We close this chapter with a brief conclusion.

2.1 Definition of the problem

Our model is a two settlement electricity market for energy and reserve. Energy is
simply the electricity traded and reserve is the generating capacity available to the
system operator in case of unforeseen event such as a plant breaking down.

The first stage of the market is the day ahead. The different agents take position
in function of an uncertain future. They make forward contract to hedge their risk
and the generators have to decide wheter to turn their plant on. The second stage
of the market is the real time market. At that point in time, there is no more
uncertainty as the state of the world is revealed.

The agents in our model can take two types of decision. The first stage decisions
take place in the day-ahead when the future real-time state of the world is not
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known yet. Those first stage decisions are taken in function of the different possible
scenario w from the set of all possible scenario 2 that may happen. The second
stage decision are the decision taken in real time to clear the market when the
state of the world is known and finite.

The problem can be characterized as followed : a series of risk-averse or risk-
neutral generators and loads wants to maximize their day ahead profit in function
of the different scenarios that may happen in real time. Each of those agents’ day
ahead profit maximization problem will vary in function of their real time profit
maximization problems. Next to them, there is a system operator whose goal is to
ensure that the market’s reserve is appropriate. This system operator also solves
an optimization problem in the day ahead in function of what happen in real time.
Finally, the market clearing constraints need to be fulfilled for both the real time
and the day ahead market and for both energy and reserve.

Each agent’s profit maximization problem as well as the market clearing con-
straints can be characterized by a set a KKT conditions. The union of all those
sets of equations and inequations will form the full equilibrium problem that will
define the market.

Given a finite set of scenarios w belonging to the set of all possible scenarios {2
with known probability to happen F,,, each generator g in the set of generator GG
will have to solve a real time profit maximization problem G/1>U% for each scenario.
Each generator will also solve its day ahead profit maximization problem P4V,
Both the real time and the day ahead profit maximization are linked because the
real time profit will depend on the activation of the plant that is decided in day
ahead, and the day ahead problem is defined in function of the real time profits.

Similarly, each load [ in the set of load L will solve a day-ahead profit maxi-
mization problem EZD AUS that will be impacted by the solution to their respective

real time profit maximization problem £V

We also have to introduce the system operator’s day-ahead and real-time
optimization problem SPAUS and SETUS,

We are looking for an equilibrium that would satisfy the union of the Karush-
Kun-Tucker (KKT) condition of every agent’s profit maximization problem, includ-
ing the system operator, as well as the market clearing constraints.

2.2 Risk measure

For any risky situation where we have to take decision based on the probability of
getting a profit for a given scenario, the concept of risk measure can be introduced.
This is particularly true in a two stage settlement such as the electricity market we
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are working with. When an agent is risk-neutral, it will take decisions in function
of the expected profit it would get from the different scenarios. On the other
side when an agent is risk-averse, the decisions are based on its own risk-adjusted
expectation of the profits.

An agent defines its risk-adjusted probabilities by modifying the real probabilities
in order to put more emphasis on the disadvantageous scenarios and less emphasis
on the beneficial scenario.

In this section, we will discuss the concepts of risk-measure and of coherent
risk measures from [2] and [14] adapted to fit our problem. We will also introduce
two different coherent risk measures and their optimization formulation: (i) The
conditional value at risk and the (ii) a weighted sum of the conditional value at
risk and the risk neutral expectation

2.2.1 Risk measure and coherent risk measure

A risk measure R is a function that maps uncertain outcomes Z(w) to the extended
real line R = RU {400} U{—o0}. The space Z which Z(w) belongs to is defined
in [14].

If on top of that the risk-measure respects the four following axioms, the
risk-measure is said to be coherent.

1. MOHOtOHiCityI If Zl, ZQ € Z and Z1 S ZQ then R(Zl) Z R(ZQ)
2. Sub-additivity: If Z;, Z, € Z then R(Z; + Z) < R(Z1) + R(Z»)
3. Positive homogeneity: If « > 0 and Z € Z then R(aZ) = aR(Z)

4. Translation invariance: If Z € Z and a € R then R(Z + o) = R(Z) — «

The uncertain outcomes in our settings are the profit of the generators and
loads in real time: I and IIf. Those profits are the solutions to the real time
profit maximization problems GFl and L[]

We can now define the coherent risk measure (CRM) R, of an agent a as the
minimum of the expectation of the profit II, over a risk-adjusted distribution ¢,.
This profit function is specific to each agent and depends on the decision of the
agent that depends on the different scenarios w.

Ra(Ha) = qu}\l}ta Eg, [Ha] = qgrel}\IAla Z Gaw * aw (2'1)
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with M, being a space of PDFs where the risk-adjusted probability distribution
qa belongs. This space is called the risk-set. This risk set is dependant on the risk
measure used.

[14] defines the differential of a coherent risk measure as
OR.(Il,) = G, = arg min E,[I1,] (2.2)
qa€Mq

The formula for the partial derivation in function of a variable z of a risk
measure R, can be obtained trough the chain rule:

aRa<Ha) _
ox N Z

weN

OR, Ol ) [(‘3Ha]
oll,,, Ox T oy

2.2.2 Conditional value at risk

The first coherent risk measure we want to introduce is the conditional value at
risk. We based our research on [13] and modified the notation to accommodate
positive random variable. An example of implementation applied to the capacity
expansion problem can be found in [5].

In this thesis we are going to define the conditionnal value at risk with averse
coefficient o € [0,1] as CVaR,. The value of o determines the risk aversion of
an agent. A coefficient @ = 0 means a completely risk averse agent whereas a
coefficient o = 1 will represent a completely risk-neutral agent.

An intuitive interpretation about the value CVaR, (1), where II is a positive
continuous random variable, is to compute the expectation over the 100 x a% worst
scenario of II.

The C'VaR is introduced in the continuous case even though it will be applied
in the discrete case. This choice has been done to ease the explanation of the
concept and to simplify the notation.

The value of CVaR, is intricately linked to the value at risk with coefficient a.
The VaR,, of a profit random variable is defined as

VaR, = max{z: I11(z) < o}

with Fri(z) being the cumulative distribution function of the profit. The VaR,
is a non-convex and discontinuous function that lacks coherence as a risk-measure.

The CVaR can then be defined as

o0

OVaR, = / 2 dF2(2)
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with F}3(z) defined as follow:

o Y

. a2 - if 2 < VaRe(ID)
Fi(z) = .
0, if z > VaR,(II)

For the proof of coherence of CVaR for negative random variables that would
represent a loss and not a profit, the reader is referred to [11] .

The problem of finding the C'VaR, can then be defined as a linear program
by using equation (2.1). The primal formulation of this problem can then be
characterized as followed.

min > -1 (2.3)

quCVaRa weD

with the risk set of the conditional value at risk with aversion coefficient «
defined as follow.

P,
MCVaRa :{q: ZQM:L%J < EaQW ZO>WGQ} (24)
we

We can convince ourselves of the formulation of (2.4]) by looking at the following
example. We want to compute CV a5 from the profit function from table

i 1 2 3 4 5 6
U 100 | 200 | 400 | 800 | 900 | 1000
PIl=m) | 01]02] 05018 |0.01]| 0.01

Table 2.1: Profit function example

We understand from that we should put as much weight as possible on
the smallest profits. We make ¢; as big as possible so ¢g; = 0.2. We do the same for
@2 80 g2 = 0.2. We try to do the same for g3 but the total would be too big so we
reduce g3 to 0.6. The value of the conditionnal value at risk can then be computed
as follows:

CVaRys =0.2x 1004 0.2 x 200 4 0.6 x 400 4+ 0 x 800 + 0 x 900 + 0 x 1000 = 300

As CVaRy 5 is the expectation over the 50% worst profit, the result is correct.
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The dual of this linear program can also be formulated. We need to apply the
dual variable VaR to the constraint on the unicity of the risk adjusted probability
and the dual variable u, to the constraint on the maximum value of q,,.

max CVaR (2.5)
CVaR,VaR,u.,
1
(x): CVaR=VaR——=> P, u, (2.6)
o we
(qw) : wuy, >VaR -1,
U, > 0

Let’s note that the variable C'VaR is introduced in an illustrative way and is
not needed as such. We can replace it in (2.5 by its value in (2.6]).

The KKT condition of the linear program can be computed as follows.

0<q, Lu,—VaR~+1I,>0 Yw € Q)
ogquZ’—qwzo Yw € Q
(VaR): > q.—1=0
we
CVaR:VaR—lZPw-uw
we

The variable VaR represents the Value at risk.

2.2.3 Mean value at risk

The mean value at risk can be understood as a weighted sum of the real expectation
and of CVaR,. Inspiration was taken from [12]. It can be defined as followed:

MVaRso(I1) = (1 — B) - Ep,[II] + 3 - CVaR.(II)

The risk set of the mean value at risk can be defined in a similar way than the
CVaR,:

I
MMVaR&a = {q: er =1r, < E»’rw >0, qu :Brw'f_(l_ﬁ) 'Pwaw € Q}
weN
The risk-adjusted probability r are computed as if it was the risk adjusted
probability of the C'VaR and the next step is to build the risk adjusted probability
of the MVaR with a weigthed sum.
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Let’s note that a value of 8 equal to 1 make the MVaR equal to the CVaR.

The primal formulation of the linear program can be built exactly as in ([2.3])
by changing the risk-set. The dual can also be constructed similarly as in by
maximizing the intermediate variable MVaR. The dual variable u,, is associated
to the constraint relative to the maximal value of 7, the risk adjusted probability
relative to the CVaR. The dual variable o, is associated to the constraint relative
to the weighted sum of the real probability and the C'VaR risk adjusted probability.
This weighted sum build the MV aR risk-adjusted probability.

1
Jpax (1-0) %PM 0, +VaR Oégzpw Uy, (2.7)
(ro): uy—VaR+p-0,>0 (2.8)
(qw): H,—0,>0 (2.9)
U, >0

The KKT condition for a risk aversion problem with the mean value at risk can
then be characterized.

0<r, Lu,—VaR+p-0,>0 Yw € Q)
0<q, LI, —0,>0 Yw € Q)
Ogqu_&—TMZO Yw € Q)

o
(VaR): > r,—1=0

we
(0w): @—(1=B)-P,—B-1,=0 Yw € 0

1
MVaR:(l—ﬁ)-ZPw-aijVaR——ZPw-uw
weN aweﬂ

2.2.4 Real time market

In real time, the agents know what is happening and the scenarios are independent
from each other. Here we will present the optimization problem for one scenario
but it can easily be extended to all scenarios.

We begin with the profit maximization problem of the generator ¢ in scenario
w in real time:

10
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Real time profit maximization of generator g in scenario
w gRT,US
N
RT _ RT | \RRT  , RT _ RT
pg%%}éT A "Pgw A Tg,w Cg pgw
G,RT
(:ugw ) pgw +rgw — P g,w y!] (210)
(WSRRT). ¢ < R, @.11)
RT .RT
pgw? gw)yg 0

Given the prices of energy and reserve \F7 and AT and the value of its first
stage decision the unit commitment variable y,, the generator will maximize its
profit with its second stage decision: the real time production of energy and of
reserve in scenario w (pfl, and 7).

The prices of energy and reserve are exogenous variable that the generator g
cannot impact. Similarly, the value of the unit commitment variable is taken in
the day ahead the generator cannot influence it anymore.

The generator needs to take into account two constraints. Constraint
states that the maximum production of energy and reserve in a particular scenario
must be lower or equal to the maximum production of that generator in that
particular scenario PJr multlphed by the value of the unit commitment variable.

The constraint (| expresses the condition that the maximum reserve the
generator can allocate must be lower or equal than a ramp value R,. As reserve
must be available in a given time frame, the maximum value of reserve that a
generator can commit is bound by its own physical limitation on the speed of
activation of its reserve.

GITUS can also be characterized in function of its KKT condition then:

0<pRTJ_C ART—’—/,LGRT>0
O<TRTJ_—)\RRT+/L?L§T+/LGRRT>O
0<;LGRTJ_P9+ “Yg — pgw—rf’ZZO

w

0 < SR LRy — Bl >0

Equations (2 and ( allow us to interpret the dual variables puJ7 " and
G,R.RT
Hgw”

If a generator is not producing reserve, uG T is interpreted as the marginal
benefit of producer ¢ in scenario w.

11
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In the case where a generator g produces reserve but its production is not
bounded by equation ([2.11] - MG BT ig equal to the price of reserve and can be seen
as an adder on the energy price.

We can also characterize the profit maximization problem of the load [ in
scenario w:

Real time profit maximization of load [ in scenario w :
£RT Us

max Vi -di — NI -dft

dRT
(:uleRT) : dl N p— Dl
d >0

(2.16)

,w

Similarly to the generator, the load will maximize its proﬁt with its second
stage decision, the quantity of energy bought in real time d*% %> given the exogenous
price of energy and its valuation of energy V.

The loads are not allowed to trade reserve in our setting.

As shown in constraint (2.16) the maximum quantity of energy bought is
bounded by the maximum demand of energy for that load in that scenario lew

The KKT condition of the problem Efg U5 is then:

0<dff LA — Vit >0 (2.17)
0<MLRTLDlw—d >0 (2.18)

The last step in real time will be to define the optimization problem of the
system operator for the scenario w: SETUS,

Real time profit maximization of the system operator in
scenario w : SETUS

R,RT R,RT
max > V- 5 — \BRT i
dR.RT

leERL
(o) ™ < Dl Vie RL (2.19)
iy > Vi € RL

12
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The system operator maximizes its profit with its consumption of reserve in
R,RT . . .
real time d; ;" in function of its valuation of reserve.

The value of the reserve for the system operator is defined with an operating
reserve demand curve (ORDC). The demand in reserve is composed of different
blocks that are valued in a declining importance. The first block of reserve will be
valued very highly but on the contrary, the last block will have almost no value.

The blocks are valued this way because when there is no reserve, the system
operator is willing to pay a lot for reserve in order to avoid shortage when facing
perturbation in production. But on the other hand, when there is already a lot of
reserve available, the system operator does not really need to buy more of it.

The constraint (2.19)) sets the maximum demand of a block of reserve.

The system operator can be seen as an aggregation of reserve load [ belonging
to the set of reserve load RL. They value the reserve at different prices V;* and
have a demand of D{*.

The readers are referred to section 2.3] for more information on how ORDCs
are built.

The KKT condtion of the problem SfT'US can be identified as follows:

0<dib™ L —ViE+ N 4 v >0 Vil € RL, (2.20)

0<p RRT L Df —af%; BT >0 Vvl € RL, (2.21)

As for the generator’s and load’s problems, the KKT formulation allows us to
interpret the dual variable ,uR HT a5 a surplus for the reserve load [ in scenario w.

To those problems, we have to add the market clearing constraints for every
scenario in order to complete the real time market. This means that the equation
and need to be fulfilled so that the energy or reserve sold in a scenario
is the same as the energy or reserve bought.

S opir=>"d" Vw € 0 (2.22)
geG leL

Sl = N gttt Yw € Q (2.23)
geG leERL

2.2.5 Day ahead market

In the day ahead, the generators, the loads and the system operator have the
possibility to trade forward contracts on their production or consumption. Those
forward contract are a way for the agents to hedge their risk.

13
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The profit maximization problem of the generator ¢ in day ahead
be stated as follows.

ng’US can

Day ahead profit maximization of generator ¢ : QfAvUS
max APA . pDA | \RDA DA _ K, -y,
y,pDA DA g g

+ Rg(ILF L (y) — AE" -pfA — ABRT DAY (9 94)

7w g

(p P P4 <R, (2.25)
(0g): yg <1 (2.26)
Yo, 704 >0

\. J

The first stage decisions are the unit commitment variable y, that are directly
impacting the real time profit through equation and the day ahead production
of energy and reserve pgDA and 7’5“. Those day ahead productions are used for the
forward contract.

The forward contract works as follows. A price AP4 is defined for a quantity

pf 4 of energy in the day ahead and is used in real time for that quantity instead of
the real time price of the scenario )\575. For a generator that is only trading energy;,
the profit for a scenario w with a forward contract IT}'C is defined in equation
(12.27)).
[FC = ADA . pDA | \RT ()T _ DAY _ ¢y . pRT (2.27)
The day ahead price is fixed whatever happens in real time so this process
allows the generator to hedge its risk. A similar reasoning can be applied for the
trading of reserve.

In day ahead a generator g will want to maximize its earning from (i) the
forward contract, (ii) minus the price of activating its plant K, - y,, (iii) plus the
risk measure of random outcomes over every real-time scenario. This random
outcome for a scenario consists in the real time profit Hig(yg) for that scenario
minus what was already traded in day ahead multiplied by the real-time prices of
that scenario. The real time profit of a generator ¢ in scenario w Hgg is defined as
the solution to the problem GFYS. This random outcome is dependant on the
real time scenario that is happening. Equation describes the function to
maximize.

Constraint limits the trading of reserve in day ahead to the physical
capacity of the generator. We notice that there is no constraint on the energy
trading. This lack of constraint for energy in day ahead is a characteristic of the
US day-ahead market and is called virtual trading.

14



CHAPTER 2. CORE MODEL OR US MODEL

The constraint (3.10]) is a relaxation on the unit commitment variable. Instead
of only allowing the generator to be ON or OFF, it is allowed to only be partially
ON.

We can state the KKT condition for the problem QfA’US of a generator g as
follows:

0<yy Lo+ Ky— qgu- Pl - ps >0 (2.28)
weN
0<dg L1-y,>0 (2.29)
0 <P L —NBPA LN gy AP 4 04 > 0 (2.30)
weN
0 < pdPA L Ry —rP4 >0 (2.31)
() AP =37 g AT (2.32)
wel
Gy € ORI (yg) — AT - pgt = AT - ] (2.33)

The inspection of those KKT conditions reveal some interesting facts.

First of all, equation ([2.33)) displays the fact that the risk adjusted probabilities
must belong to the risk-set of the the risk measure that is defined by its subgradient.

Then, equations and give some hindsight about the behaviour of
the unit commitment variable. The unit commitment variable is defined by the
relation between (i) the start up cost K, and (ii) the risk-adjusted expectation over
the real-time scenarios of the product of the maximum possible production by the

surplus from selling energy (or energy and reserve) Y,cq g - Byl - 155"

- If Ky > Yocadgw - P, - nSFT then the generator will not commit.

- If Ky = Y eq Qg - Byl - 15 then the generator will commit between 0 and
1 excluded. The dual variable d, that can be interpreted as a surplus for each
generator will be equal to 0.

- If Ky < YpcaQow - Py, - 155" then the generator will commit, fully and the
dual variabke 6, will be greater than 0. This can be considered as a surplus

from committing.

After that, equations (2.30) and (2.31)) show us that the dual variable p$>%P4
is a scarcity surplus from selling reserve in day ahead when a generator trade up to
its maximum reserve capacity.

Finally, the equation (2.32)) displays the day ahead price as the risk-adjusted
expectation of the real-times prices. This constraint shows us that the risk-adjusted
probabilities of the different agents will be linked together by the day-ahead price.

15
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The same kind of reasoning can be done for the profit maximization problem of
the load in the day ahead £*Y%.

Day ahead profit maximization of load [ : EZDA’US
max — APA . dPA ¢ RITET + \ET . gP4) (2.34)
dDA ?

In (2.34), there is also a forward contract but it is done the other way around

than in (2.24). The first stage decision here is the quantity traded in day-ahead
dPA.

We can notice the lack of constraint of the quantity traded that is typical from
virtual trading.

The KKT condition of the problem ElDA’US can be presented as followed:

dP?): AP =3 g AT (2.35)
weN
@ € ORI + NET - aPA] (2.36)

The last problem to characterize is SP4YS | the optimization problem of the
System operator in day ahead,

Day ahead profit maximization of the system operator :
SDA,US

DA DA DA
max ) Y EPA L gEPe — RBP4 g
dR,DA

leERL
+§:a<§:mf+&@fﬁwA—wf#@ﬁ
we leRL
2.37)
(P4 . P4 < DF vieRL (2.38)

dfP"* >0 VieRL

In day ahead, the system operator values the reserve with a day ahead ORDC
VlR’DA that is different from the real time one. We assume that the system operator
is risk neutral so that it considers the random outcomes from the real time with
the real probability P, instead of risk-adjusted probability. HﬁwT is defined as the
profit for each load of reserve [ in every scenario w.
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Constraint gives a bound on the day ahead reserve bought.
The KKT conditions of the problem SP4VS are defined as follows:

0 < le,DA 1 )\R,DA - VER’DA + IMZR,DA _ Z Pw . ()\f,RT . V;R) > 0 VIeRL
weN

(2.39)

0< pP4 L DE —aftP* >0 VI € RL
(2.40)

Those KKT conditions and particularly equation (2.39)) allow us to interpret
the dual variable y;"”*. When the consumption of a block I /" is at the limit
DE, ;LZR’DA can be seen as the marginal benefit of selling in day ahead instead of

selling in real time.

Equation ([2.39)) states that a load of the system operator will only buy in real
time if its marginal profit in day ahead VIR’DA — M&PA s bigger than the expected
marginal profit in real time 3" cq B, - (V;® — ABIT),

As we expect our market to be balanced, we have to add the market clearing
constraint in the day ahead market.

S Pt =3 dP (2.41)

geCG leL
SorPA= N gt (2.42)
geCG leRL

2.3 Operating Reserve Demand Curve or ORDC

This section’s aim is to define the operating reserve demand curve for the real time
and day ahead system operator problem. The approach is based on [9].

The ORDC can be characterized as the marginal expected value of the unserved
energy as written in ([2.43).

ORDC(r) = (VoLL — C) - Lolp(r) (2.43)

Wherein VoL L is the value of lost load defined as the money lost by a consumer
if the energy is not served or as the maximum amount of money that a load is
willing to pay for electricity. C' would be the marginal cost of production and
Lolp(r) the loss of load probability so the probability of the shortage being bigger
than the reserve.

We consider here a real time ORDC for a single product of reserve. Multiple
products of reserve are studied in [9).
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Random variables will be differentiated from other variables by wearing a tilde.
We will start by defining the real time ORDC and we will then move to the
day ahead one.

2.3.1 Loss of load probability in Real time

The loss of load probability in real time for a particular scenario w is the probability
that the random shortage in that scenario, Z%' is greater than the total reserve
available %" as stated in equation (2.44)).

LolptT (1) = P{ZET > rfT} (2.44)

w

If the random variable Z#’s cumulative distribution function Fjgr is known,
it is possible to rewrite the loss of load probability as in equation ([2.45)).

Lolpfr (rF1y =1 — P[ZfT < rfT]
=1 — Fare(rf") (2.45)

w

The random variable of real time shortage in a particular scenario is built as
the difference between the random variable of the actual demand from the market
in that scenario L, and the real time demand of the loads for that scenario DI+,

ZRT = [, — DR (2.46)

In general, a specific loss of load probability could be defined for each scenario.
This specific loss of load probability would then result in specific real time ORDC
for each scenario. However, in this thesis, we make the assumption that the real
time loss of load probability for each scenario Lolp® (r27) can be assimilated to a
global real time loss of load probability LolpfT (rfT).

As the total demand of a given scenario is assumed to be dependant on this
scenario, we can approximate the shortage of each scenario by a global shortage.

2.3.2 Loss of load probability in day ahead
In day-ahead, the loss of load probability in function of the day ahead reserve is

the probability that the uncertain shortage in real time Z%7 is greater than the

uncertain real time reserve 777

LolpP(rP*) = P[ 2T > #17] (2.47)

The random variable of the real time shortage ZHBT is taken as the difference
between the random actual demand L and the random total demand load DT,
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ZRT — [ — DR (2.48)

The difference between equation and is twofold. Firstly, we have
less information on the actual demand in day ahead than in real time because we
do not know yet which scenario is going to unfold. Secondly, we do not know yet
the actual demand of the load in day ahead for the same reason.

We assume in our model that there is a strong interaction between the day
ahead reserve schedule and the changes in the real time demand’s load.

This strong interaction leads to equation (2.49). We see that the real time
reserve schedule 77 change with the real time energy schedule D%,

FRT — pDA 4 (DDA+ _ DRI+ (2.49)

We can then insert equations (2.49) and (2.48)) into the day ahead loss of load
probability from (2.47)).

Lolp”*(rP*) = P|L — DPA+ > P4 (2.50)
We can now introduce the random day ahead shortage ZP4 as the difference
between the random actual demand and the demand scheduled from the day ahead

point of view.
7P4 = [ — pPAT* (2.51)
Equation (2.50) can then be written in function of the shortage from the day
ahead point of view.
LolpP4(rP4) = ]P’{ZDA > rDA} (2.52)
If we know the cumulative distribution F;p4 we can then rewrite the loss of
load probability as follows in equation ([2.53)).
LolpPA(rPA) = 1 — Fypa(rP4) (2.53)

To conclude this discussion about the ORDC, we point out the equations
and . It can be deduced from them that the random variable of the shortage
from the day ahead point of view ZP4 has a greater variance than the one from
the real time point of view Z%T. This can be explained from the fact that in the
day ahead we have less information about the actual demand so the prediction on
the shortage is going to be less accurate.
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2.4 Conclusion

Appendix summarises the core model with the KKT conditions extracted from
the agent’s profit maximization problem as well as the market clearing constraints.
This equilibrium represents a two settlement reserve capacity market whose agent
can be risk-averse. From now on the core model will be refferred to as the US
market and the full equilibrium problem of the US model as the US equilibrium.

Our objective will be to find an equilibrium for the US market. The problem
that we are facing is similar to the one studied in [5]. The heuristic used to find a
solution to the US equilibrium will be described in chapter [4
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CHAPTER 3

Market design variants

In addition to the core model defined in chapter [ a series of market design variants
will be introduced in this chapter.

All the variants introduced in this chapter will keep a structure similar to the
one the core model. There will be a day ahead and a real time market and every
agents will try to maximize their profit in function of the state of the world. Sets
of KKT condition will be extracted from the different agents’ profit maximization
problems to form the stochastic equilibrium that will constitute a specific model.

We will consider two types of variants:

1. Allowing or not virtual trading of energy in the day ahead. The opposite of
virtual trading is physical trading.

2. Holding or not a real time market for reserve.

Table summarises the different possible combinations of the policies.

On one side of the spectrum, the core model allows virtual trading of energy
and holds a real time market for reserve. This model is the closest to a "US
style" market. On the other side of the spectrum we have what we call the EU
market that does not allow day-ahead virtual trading and does not hold a real time
market for reserve. This model is closer to a "European style" market. Between
the two edges, we have (i) the real time reserve model or RTR model that does
not allow day-ahead virtual trading but holds a real time market for energy and
the (ii) EUVT market that does not hold a real time market for reserve but allows
virtual trading.
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Virtual trading | No-virtual trading

Real time and day ahead
US RTR

market for reserve

Day ahead only EUVT EU

market for reserve

Table 3.1: Summary of the different models considered

3.1 No virtual trading policy

This section introduces the variant of forbidding virtual trading. Virtual trading
will be defined as the action of trading energy in day ahead regardless of the real
time physical production (or demand for the loads) capacity.

Whether or not allowing virtual trading is a question that is currently raised by
the CREG [1]. The motivation behind allowing virtual trading is to make the day-
ahead backpropagation of real time closer to the real-time reality. If virtual trading
was allowed, it would give exterior bidders the opportunity to take advantage of
day-ahead prices that would be under or over-valued compared to the expected
real time prices.

The core model can be altered into the RTR model that forbids virtual trading.
In this model, the generator g day ahead profit maximization problem GP4#"# can

be built by adding constraints (3.1)) and (3.2) to the profit maximization problem
GDAUS

DA,RTR
L,

Similarly the load | day ahead profit maximization problem is con-
structed by adding constraints and to EIDA,US.

WGP gt < gy B m

pyt >0 (3.2)

W s Pt < pp 53)

dP4 >0 (3.4)

DA
DT

In those constraints, the parameter PgD 4+ and is defined as the maximum

over w € §Q of Pg‘fw and D ,.

The others profit maximization problems of the RTR model are the same as for
the US model.
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The full equilibrium of the RTR model can be found in appendix [A.2] As for
the US model, the equilibrium is composed of the KKT condition of every agents’
profit maximization problem both in day ahead and in real time as well as the
market clearing constraints.

The most notable differences from the US equilibrium can be found in equations
(37) and (A20).

Those equations state that the day ahead price of energy when virtual trading is
not allowed is not the risk adjusted expected price anymore. The marginal surplus
relative to the no-virtual trading constraints ,ug’DA and ug’DA need to be taken
into account. The day ahead price is now bounded by equation (|3.5)).

N e AT — P <A< ST g AT 4 uGPA Wle LVge G (3.5)

weN we

The bounds are tight when the generator g (or the load [) sell (or buy) energy
in day ahead.

3.2 No real time market for reserve policy

In this section, we introduce two new models: the EUVT model and the EU model.
The EUVT and EU models are two stage-market where energy is traded both in
real time and in day ahead but where reserve is only traded in day ahead. The
difference between the two models concerns the authorisation or not of virtual
trading. The EUVT model allows virtual trading whereas the EU forbids it.

In those models, reserve is interpreted as the available capacity that should be
kept available even after the activation of energy. If one megawatt of reserve was
promised in day ahead, one megawatt of reserve should be kept available at all
time even after the current interval.

Holding or not a real time market for energy is in fact one of the differences
between a US style market and a more European style market. The difference of
nodal and zonal pricing are here ignored.

The generator g real time profit maximization GJ'2""YV" can be stated as follows.
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Real time profit maximization problem of generator g for
scenario w: gffvEUVT

RT RT RT
IEI%X Aw "Pgw — Cg "Pgw

(WG . piEL+ DA< Pl -y, (3.6)
Pge >0

Equation (3.6) shows that the day ahead reserve should still be available after
the activation of energy.

The load [ profit maximization problem in real time of the EUVT market is
similar to the one of the US market. As there is no real-time market for energy,
there is no real-time system operator profit maximization problem for the EUVT
market and the real time market clearing constraints are restricted to equation

(3.7

Yopil=>"dT Vwe (3.7)

geqG leL

The generator g day ahead profit maximization problem GP4#UVT is defined
as followed.

e B

Day ahead profit maximization problem of generator g:
GDAEUVT
g

)\DA . pgDA + )\R,DA . ’I“DA . Kg Y,

max g

y,pPA,rDA

+ Ry (yg, rD4) — AET - pP4) (3.8)
(ugG’R’DA) c Té)A <R, .
(0g) 1 y, <1 (3.10)

Yo, 704 >0

We can note that the real time profit of a generator is now not only in function
of the unit commitment variable y, but also in function of the day ahead reserve
DA

r, " as seen in equation (3.8]).

The day ahead profit maximization problem of the load is similar to the one of

the US market. The day ahead profit maximization problem of the system operator
in the EUVT model SPAFUVT can be defined as follows.
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Day ahead profit maximization problem of the system op-
erator: SPAFUVT

max > VP4 @A \mPAL gRDA (3.11)
CH I€RL
(uitP4y . aP4 < DE 1 e RL (3.12)
4?4 >0

The day ahead market clearing constraints are similar to the one from the US
model. The full EUVT equilibrium formed from the agents’ profit maximization
problems as well as the market clearing constraints can be found in appendix [A.3]

Forbidding virtual trading on the EUVT model can be done to build the EU
model. Similarly as in the previous section, adding constraints and to the
EUVT day-ahead profit maximization problem of the generators and constraints
and to the EUVT day-ahead profit maximization problem of the load
generators form the EU profit maximization problem of the generators and of the
loads.

The EU equilibrium can be found in appendix [A.4]

3.3 Conclusion

This chapter consisted of the introduction of three new models in addition to
the US model. The difference of policies between those models is whether or not
allowing day ahead virtual trading and whether or not holding a real-time market
for reserve. Table [3.1] gives an overview of those models and their full equilibrium
problems can be found in appendix [A]
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CHAPTER 4

The forward-backward Algorithm applied to a 2 stage market

In this chapter, we explain the algorithm we used to find an equilibrium for our
different models. Finding risk averse equilibrium can be a tricky exercise. We
decided to forego classic equilibrium finder such as the "path" solver that was used
in [8] and to work with a more heuristic approach. The use of alternative technique
to find risk-averse equilibrium in electricity market can be found in [10] and [7].
While the former used an ADMM-based method for solving the capacity problem,
the latter used a decomposition similar to the one we will use.

We will start by introducing the theory on the variational inequality, which are
a generalisation of our equilibrium problem. Then we will take a look at the risk
neutral version of our equilibrium and finally we will explain the heuristic used
to find the risk-averse equilibria. This heuristic is called the forward backward
algorithm.

We emphasize on the fact that the method described in this chapter is a heuristic.
We make no claim on the property that our markets should satisfies to fulfil the
hypothesis of the technique introduced.

4.1 Theory of the variational inequalities

The equilibrium problems we are trying solve can be generalised as a variational
inequality. An extensive theory about variational inequality and how to solve them
can be found in [6]. For this master thesis we restricted ourselves to some basic
definition.
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Definition 1. Given a subset K of the Euclidea n-dimensional space R™n and a
mapping F': K — R", the variational inequality denoted VI(K, F') is to find a
vector x € K such that:

(y—2)'F(x) >0, VyeK
The set of solution is denoted SOL(K, F').

Definition 2. The normal cone to the set K at 2’ is defined as the following set.
N(@' K)={deR":d"(y—2') <0,Vy € K}

From those two definitions, we can state that a vector x € K solves VI(K, F') if
and only if —F(x) is a normal vector to K at x or equivalently in equation (4.1).

0eT(x) with T(x)=F(z)+N(z;K) (4.1)

If K is a cone, we can define the complementarity problem as an equivalent
form of the variational inequality.

Definition 3. Given a cone K and a mapping F': K — R", the complementarity
problem, denoted as C'P(K, N) is to find a vector z satisfying

K>z 1 F(x)e K*
With K* being the dual cone of K.

The proof of the equivalence between the complementarity problem and the
variational inequality can be found in proposition 1.1.3 from [6]. The equivalence
between (i) finding a solution to our equilibrium problem and (ii) finding the zeros
of the mapping of the corresponding variational inequality to which the normal
cone was added results from this proof.

4.2 The risk neutral problem

A special algorithm is needed in order to find the equilibrium of the KKT conditions
of the different problems because risk measure are involved. If the agents were risk
neutral, the equilibrium problem would become a simple optimisation problem that
would be solvable with a standard solver.

The risk neutral optimisation problem of our US model can be stated as follows.
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The risk neutral problem:
. R,DA ;R,DA RT
pRT7dRT1T}~}%I:}‘,dR,RT’ Z Kg "Yg Z Vl . dl T Z e (Z Cg "Pyw
pDA pDA gDA qR.DA’y g€@ IERL weN g€qG
: DA
=Y Virdi = 3 VR (dg™ = dP)
leL IERL
(5 F) . Pu(Pl, - yg —pih — i) >0 Vg € G,Vw € Q
(™) = Po(Bg—r30) 20 Vg € G,Vw € Q
(k™) = Pu(Dif, —df) 20 Vi€ LVweQ
(™) : Pu(Dff —d5™) >0 Vi € RL,Vw € Q
(u?’R’DA) 3 iy — rfA >0 Vge G
(P4 . DE —afP4 > 0 VI € RL
MY PPl =Y d) >0 Yw € Q
geG lel
AEETY Py (Y BT — S an ™) >0 Yw e Q
geG I€ERL
(AP SopPA=>"dPt >0
geG leL
(AR:DA) Z FDA _ Z d{%,DA >0
9€G ! lERL
(0g) 1 1—yy20 VgeG
pi£>rggarfA,ngO VQGG,VUJGQ
dftt >0 Vie LVweQ
e a4t > 0 Vi € RL,Vw € Q

The KKT conditions of this optimisation problem are equivalent to the KKT
conditions of risk neutral agents’ day ahead and real time profit maximisation
problem as well as the market clearing constraints both in day ahead and real time.

4.3 Description of the backward forward algo-
rithm

The idea behind the backward-forward algorithm is an extension of the one behind
the proximal point algorithm. With the proximal point algorithm, we iterate over
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the resolvent operator of a mapping 7'(z) maximal monotone in order to find the
zeros of this mapping. The iteration is stated in (4.2)).

2D = J o (2®) (4.2)

Before defining the resolvent of F', we need to introduce the "relation" also
called multifunction or a set valued map. We warn the reader that the intention of
the explanation below is not to give solid and stable theory but to convince the
reader of the mechanisms behind the proximal point algorithm.

Definition 4. A relation is a map F from R" into the power set of R™. It is
characterised by:

- its domain: dom F = {z € R": F(x) # 0}
- its range: ran F' = Uge qom rF (7)
- its graph: gph F = {(z,y) e R" : y € F(x)}.

We can define operator on those relation and one of such operator is the inverse.
The inverse of a relation F' is given hereunder.

F~' ={(y,2)|(z,y) € gph F}
Definition 5. The resolvent of a mapping 7' is defined as
Jor = (I +pT)~" = {(z + My, 2)|(2,y) € gph F}. (4.3)

Equation (4.2)) allows us to find the fixed point of its resolvent and, as stated in
proposition 12.3.5 of [6], the fixed points of the resolvent of a monotone mapping
are also the zeros of this mapping when this mapping has zeros.

To convince ourselve that the fixed points of the resolvent of a monotone
mapping are also the zeros of this mapping we use equation (4.3) to obtain the
following result.

03 F(zx) < (2,0) € gph F < (z,z) € gph J,p

The recursion on the resolvent of T'(x) is expected to reach its fixed point
because resolvents of monotone maps are nonexpansive maps.

Definition 6. A mapping F' with Lipschitz constant L such that
1F(z) = F(y)ll2 < Ll|lz —yll; Va,y € dom F (4.4)

is said to be non-expansive if L = 1 and a contraction if L < 1.

29



CHAPTER 4. THE FORWARD-BACKWARD ALGORITHM APPLIED TO A 2
STAGE MARKET

pDA, d‘DA, rDAJdR'DA,

G,RDA  RDA DA IR,DA
u B S
9g,w Qe
i

s S

Backward step:
Resolvent of the
modified Risk-
Neutral problem

Forward step:
Risk aversion
problem

i S

RT RT aRT
Hg.w’ Hl,m'/lw

Figure 4.1: Information shared between the forward and the backward step of the
algorithm

However, the complexity of computing the resolvent of an operator can make the
proximal algorihtm impractical. The alternative solution is then to use the forward
backward algorithm. Instead of computing the resolvent of the complete mapping
T we decompose it into a mapping A maximal monotone and B, a single-valued
function from the domain of A into R™. Instead of computing the resolvent of T
the resolvent of A is computed at each iteration. The iteration follows .

7 = Joa((1 = pB) (=) (4.5)

The complete formulation of the mappings T', A and B for our US model can be
found in appendix [B.1] T (see equation (B.1])) is decomposed into A (see equation
(B.2])), being the risk neutral problem that can be seen as a pure optimisation
problem and B (see equation (B.3)) as the deviation from our pure optimisation
problem caused by the risk aversion of the different agents.

As stated earlier, the algorithm consists of two steps: the forward step and
the backward step. The backward step needs the day ahead variables from the
forward step whereas the forward step will need the real time profit computed in
the backward step.

The figure [4.1] shows a schematic view of the algorithm.

4.3.1 The backward step

The backward step involves the computation of the resolvent of the mapping A. We
know from proposition [I] in appendix [B] that the resolvent of a pure optimisation
problem can be computed by solving a modified pure optimisation problem. The
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original idea as well as the proof from proposition |1} come from Professor Yves
Smeers.

Applied to our setting, computing J, A(([ — pB)(:r(k))) is equivalent to solving
the following problem.
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4.3.2 The forward step

In the forward step, we solve the risk aversion problem with the new iteration of
the real time profit of the generators and load, Hif’("’“) and waT ’(k+1), character-
ized below. From this risk aversion problem, we can compute the risk adjusted
probabilities of the different agents as well as the values of the primal and dual
variables relating to the day ahead market.

HRT,(k-l-l) pfz; L(k+1) ()\Ule,(k—H) . Crg) + rﬁg,(k—i—l) X )\ﬁ,RT,(k-i-l) vg e G’vw 0

Hle k;+1)dRT (k+1) (Vi — /\fT,(kH)) Vie L,Vw e

The forward step can be stated as the following optimisation problem.

. R,DA
min Z q . HRT,(k—H) + Z MG,R,DA "R+ Z 0 X DR
g,w g,w g g l l
q9€EMR,VgeGUL
LG RDA RDA \DA \R,DA geGUL,we geG leRL
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After solving this optimisation problem, it is possible to compute the deviation
from the risk neutral optimisation (as defined in equation (B.3])) problem as follows.

A = S (B, = D) - B - pGAT vge G
we
R(k+1 Z g (k+1) . ARRT J(k+1) Vge G
weN 7
(k+1 Z qgk;+1) )\RT (k+1) Vge G
we
g = Ql(,]fjl) - BT (k1) VielL
we

4.3.3 Application to other models

The algorithm needs some adjustments to be applied to other models.

The RTR model: The no-virtual trading constraints are added both in
the backward and forward optimisation problems. The deviations from the pure
optimisation problem need to be modified to fit the RTR version of the mapping
B.

The EUVT model: The backward step needs to be modified to account for
the risk neutral problem of a market that does not hold a real time market for
reserve.

For the forward step, it is easier to formulate the dual of the risk averse problem
than the primal. This is caused by constraints that mix both real time and day
ahead variables. The dual formulation of the forward step is defined below.

RT (k+1 RT,(k+1 DA
DIEE:%{A ZR H - AW ( )'pg )
dDA gR.DA 9€G
+ ZR RT (k+1) + )\gT,(kH) _dlDA)
leL
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We have to intoduce a slack variable e, in the constraint to make the
problem feasible in the first iterations of the algorithm. There is a regularisation
term in equation to make the slack variable drop to zero when the algorithm
has done some iterations and is running.

The EU model: The process is similar to the modification from the US model
to the RTR model but from the EUVT model.

4.3.4 Limitation of the algorithm

The algorithm as it is now has some limitations when applied to practical problems.

Firstly, the equilibria obtained do not strictly respect some of the equilibrium
constraints. This is particularly true for the perpendicularity constraints where
a slackness of up to 0.15 was allowed. This means that for a constraint = L y,
that either x < 0.15 or y < 0.15 was considered good enough for the constraint to
be satisfied. Obviously this slackness was only allowed for the constraints with
big numbers. The equilibrium constraints regarding the risk-adjusted expectation
needs to be tight to be considered as an equilibrium.

Secondly, some day-ahead variables are both computed in the backward and
the forward step. The way those variables should be updated is unclear as of
now. The most elegant solution would consist in using the day ahead variables
of the forward step as the new value for the next iteration of the backward step.
Unfortunately, the algorithm does not converge when using this technique. The
solution used consists in separating the day-ahead variables from the forward and
the backward step and using the values from either the backward of the forward
step in the equilibrium. The choice of the forward or the backward step’s value
needs to be done on a case-by-base basis.

Thirdly, the method cannot be applied to every risk-measures. Convergence
was relatively easily reached for the mean value at risk in most test situations but
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the conditional value at risk was another story. The method would only work under
relatively controlled parameters.

4.4 Conclusion

This chapter explained a heuristic to solve risk-averse 2-settlements reserve capacity
markets. The technique used has the potential to be extended to a wide range of
2-settlement markets with risk-averse agents and to find solutions for the broader
framework of risk-averse stochastic equilibrium.

35



CHAPTER b

Description of the test system

In order to test the different policies, we built a toy system. We consider four

generators in this system: nuclear, coal, gas and wind. Their characteristics are
shown in the table 5.1l

C Pt K R
Nuclear | 6.5 7100 1000 | 1000
Coal 25 2000 1000 | 1000
Gas 80 2200 1000 | 1000

Wind 0 | 1000 0or 0| O 0

Table 5.1: Characteristic of the generators

The wind generator is particular in two ways. Firstly, its maximum production
is variable. It can either produce 1000 units of energy or 0 with equal probability.
This represent the probability of a day being windless or not. Secondly, the wind
generator cannot trade reserve.

We then have three "classic" generators. The nuclear one which would be the
base production, the coal one which would be the shoulder and the gas one which
would generate during peak demand.

The production functions of the two different scenarios can be found in 77.

We consider that the demand is aggregated by one big load whose size depends
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on the scenario. We consider six scenarios for the demand whose characteristics
can be found in the following table.

D Probability
Scenario 1 | 10000 0.5
Scenario 2 | 10050 0.1
Scenario 3 | 10104 0.1
Scenario 4 | 10168 0.1
Scenario 5 | 10256 0.1
Scenario 6 | 10618 0.1

Those numbers are a discretization of the normal law. The figure shows this
operation.

—— Cumulative distribution function
—— Discrete Cumulative distribution function

9400 9600 9300 10000 10200 10400 10600
Demand

Figure 5.1: Discretization of the normal law with mean g = 10000 and standard
deviation o = 200

The value of lost load is set at 8300 and is in accordance with the Belgium
Federal Planning Bureau [4].

We deem the probability of a day being windy or windless and the probability
of the different quantity of demand as independant. As such we can define 12
scenarios, 6 for windy day and 6 for windless day, with the probability of each
of them being the product of the probability of the quantity of wind and of the
quantity of demand for the day.

The ORDC for both the day ahead and real time reserve market has been
computed in accordance with section [2.3 The loss of load probability is defined by
a normal law and the parameter for the real time ORDC can be found in table [5.2]

The same parameters are used for the day ahead ORDC excepted that P4 =
210. The numerical value of both the day ahead and real time ORDC can be found
in table
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VoLL 8300
C 50
Lolp™™ | 1 — N (i, 0)
7 0
o 200

Table 5.2: Parameters of the real time ORDC
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Comparison of designs under different risk aversion sets and
the mean value at risk risk-measure

This chapter will present the results obtained by our algorithm on different market
designs. They will replicate the toy system defined in chapter [5

The purpose of this analysis is twofold: firstly we want to compare the different
market designs and secondly we want to understand how the behaviours of the
agents are influenced by their risk aversion in a given design.

We will focus our comparison on the back-propagation of the prices, the value
of the unit commitment variables, the goods traded in the day ahead and the profit
generated by the different agents.

We will define four different sets of risk aversion. The first set is for a risk
neutral market and can be used as a benchmark. The second one is for a risk
averse market where all the agents share the same risk aversion. The third and
fourth sets will represent a market where the load will be more risk averse than
the generators and the contrary. Those risk aversion sets can be found in table [6.1]

It is important to remind the reader of the simplicity of the system used. The
conclusions drawn from the equilibria may not necessarily apply to more realistic
systems. Nevertheless, the general trends of the models can give interesting insight
to better understand the markets.

This chapter is built as follows: we will begin by explaining our choice of risk
measure. Then, we will give some insight on the equilibria of the different markets
under the different risk aversion sets. For this section we will focus on the day ahead
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an | ac | ag | aw | af
Risk neutral 1 1 1 1 1
Similar risk aversion | 0.9 | 0.9 | 0.9 | 0.9 | 0.9
Load more risk averse | 0.9 | 0.9 [ 0.9 | 0.9 | 0.8
Load less risk averse | 0.9 [ 09 (0.9 0.9 | 1

Table 6.1: Set of risk aversion of the different agents

profits of the agents, the day-ahead position of the agents, the unit commitment
value of the generators and the back-propagation of prices. Finally, we will report
the reaction of the US and the RTR markets when we modify the risk aversion of
a specific agent.

6.1 Choice of risk measure

In order to make a comparison of the different policies, we have to commit ourselves
to a single risk-measure. We settled on the mean Value at risk over the conditional
value at risk because of stability issues.

Even if the mean value at risk is not as well known as the conditional value
at risk, the MVaR can be seen as a generalisation of the CVaR. We noticed more
stability as soon as 1— [, the parameter relative to the weight of the real expectation,
was different than 0.

An intuitive reasoning behind the better behaviour of the MVaR lies in its
attenuation of the risk aversion. The lowest the risk-adjusted probability of a
scenario could go is P, /(1 — ) compared to the 0 of the CVaR.

In order to reduce this attenuation of the risk aversion but at the same time
keep the result as close as possible to the CVaR, the choice was made to set 3
equal to 0.99.

6.2 Analysis of the agents’ day ahead profit

The profits of the agents for the different markets can be analysed to begin this
study. The tables [D.1], [D.2] [D.3] and [D.4] from appendix [D] list the profits of the
agents in function of the risk aversion set. Table reminds the reader on how
the different profits of the models are computed.
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US and RTR market

EUVT and EU market
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Table 6.2: Definition of day ahead and real time profit for a generator g € GG and a
load [ € L.

Global comments: Figure [6.1] with the legend in figure represents the
day-ahead profit of the agents in function of (i) the market used and (ii) the
risk-aversion set used. We see from that figure that the EU and EUVT market
are beneficial to the generators. The wind generator is kind of a outlier because
its day ahead profit is more impacted by the virtual trading policy than by the
holding of a real time market for reserve policy. The US and RTR markets are
more beneficial to the load.

We also notice that the day ahead profit of the gas generator for the US and
RTR markets is equal to zero.

Impact of virtual trading: the effect of virtual trading on the day ahead
price is minimal. When there is a real-time market for reserve, forbidding virtual
trading is detrimental to the nuclear and coal generator in the "load less risk averse"
and the "load more risk averse'. The impact on the load is too small to be seen on
the figure. Similarly, when there is no real-time market for reserve, the nuclear and
coal generators are making more day ahead profit when virtual trading is allowed
with the "load less risk averse" aversion set than in the EU market.

6.3 Analysis of the agents’ day ahead position

We are also interested in the day ahead positions of the agents. Tables [6.3] shows
the amount of energy traded in day-ahead and the amount of reserve traded in
day ahead.

Day ahead trading of energy: the first thing to notice is that no generator
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Figure 6.1: Comparison of the day ahead profits of the different agents
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Figure 6.2: Legend for figure
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Aversion set | Model piA pEA pE4 pA db4
US 0 0 0 0 0
RN RTR 0 2000 1418 0 3418
EUVT | 602,92 | -1479,55 | -1831,06 | -2449,58 | -5157,27
EU 2390,48 890,55 687,75 | 461,92 4430,7
US 7100 2000 85,73 | -121,22 9064,5
RA RTR 7100 2000 85,73 0] 918573
EUVT 7100 2000 | 1165,73 -9,73 10256
EU 7100 2000 1156 0 10256
US 7100 2000 586,39 1000 | 10686,39
Load less RTR 7100 2000 704,45 813,55 10618
risk averse | EUVT 7100 2000 | 1220,06 1000 | 11320,06
EU 7100 2000 | 1229,35 288,65 10618
US 7100 2000 85,73 | -4172,79 | 5012,94
Load more | RTR | 5331,06 0 0 0] 5331,06
risk averse EUVT 7100 2000 | 1077,73 -9,73 10168
EU 7100 2000 1068 0 10168

Table 6.3: Day ahead production under the MVaR risk measure
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Aversion set | Model | rR4 | rB4 rBA4 | rBA
UsS 0] 750 0 0
RN RTR 0 0 750 0
EUVT 0 0 682 0
EU 0 0 | 682,01 0
US 0 0 750 0
RA RTR 0 0 750 0
EUVT 0 0 | 700,03 0
EU 0 0 | 700,03 0
US 0 0 750 0
Load less RTR 0 0 750 0
risk averse | EUVT 0 0 682 0
EU 0 0 682 0
US 0 0 750 0
Load more | RTR 750 0 0 0
risk averse EUVT 0 0 | 700,03 0
EU 0 0 | 700,03 0

Table 6.4: Day ahead reserve production under the MVaR risk measure

ever trades higher than its maximum possible physical production. We also notice
that most of the time, the nuclear and the gas generators trade up to their maximum
physical capacity. The stability of their real time production allows them to hedge
most of their risk by trading fully in day ahead.

The wind generator trades differently in day-ahead compared to the nuclear
and coal generators. It is the only generator that might buy energy in day ahead
instead of selling it when virtual trading is allowed.

The load usually trades more energy in day ahead in the EU and EUV'T markets
than the US and RTR markets. We also see that in the "load less risk averse"
risk-aversion set, the load tries to take advantage of its lower risk-aversion compared
to the generator. When virtual trading is allowed, it trades more energy than when
it is not allowed.
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Day-ahead trading of reserve: not much can be said about the day ahead
trading of reserve for the US and the RTR markets excepts that the entire reserve
asked in day ahead (750 units) is served.

On the other hand, we see that two possible equilibria can be reached for the
EU and EUVT markets. Either 682 units of reserve is served for the "RN" and
"Load less risk averse' risk aversion set, either 700 units of reserve are served for
the "RA" and "Load more risk averse' risk aversion set. The difference between
those equilibria is that in the latter case, there will be a shortage of energy in one
scenario because too much reserve was sold in day-ahead by the gas generator.

This is due to the risk aversion of the generators and more specifically to the
risk aversion of the gas generator. The more the gas generator is risk averse, the
more it will be tempted to sell reserve in the day ahead to make sure it will earn
something. But when the gas generator is risk neutral, it takes more risks and
decides to keep some production available to sell energy in the extreme scenario
instead of reserve. We can see that the risk neutrality of the load in the "load less
risk averse' risk aversion set achieves the same result. This illustrates the fact that
the market is lead by the most risk-neutral agent. Its risk-neutrality influences all
the other agents and makes them behave with a less aversion-driven mindset.

6.4 Analysis of the unit commitment variable of
the generators

The unit commitment variables can be seen in table [6.5]

Global comments: every generator decides to fully commit with every risk
aversion set and in every model excepted for the gas generator in the US and RTR
markets.

The intuition we can get from the table is that the more risk averse the gas
generator is, the less it will decide to commit. In the "load risk averse" aversion
set, this outcome is counterbalanced by the risk neutrality of the load. Allowing
virtual trading helps to increase the unit commitment for the "load less risk averse"
risk aversion set. We could also extrapolate from those data that virtual trading is
good for the unit-commitment of marginal generator.

6.5 Analysis of the back-propagation of price

The back-propagation of price can be seen in table [6.6] This table represents four
different quantities: the day ahead price of energy and of reserve as well as the
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Aversion set | Model YN Yo Ya Yw
US 1 1 0,9855 1
RN RTR 1 1 0,9855 1
EUVT 1 1 1 1
EU 1 1 1 1
US 1 1 0,8264 1
RA RTR 1 1 0,8264 1
EUVT 1 1 1 1
EU 1 1 1 1
US 1 1 0,94 1
Load less RTR 1 1 0,9173 1
risk averse | EUVT 1 1 1 1
EU 1 1 1 1
US 1 1 0,8264 1
Load more | RTR 1 1 0,8264 1
risk averse | EUVT 1 1 1 1
EU 1 1 1 1

Table 6.5: Unit commitment variable under the MVaR risk measure
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expected real time price of energy and of reserve with the real probability P,. We
can note that because there is no real time market for reserve for the EUVT and
EU model, there is no expected real time price for reserve for those models.

To understand this table, we firstly need to understand how the day-ahead
prices behave. There are two possible scenarios: either virtual trading is allowed,
either virtual trading is not allowed. When virtual trading is allowed, the day ahead
price for energy is the risk adjusted expectation of the real-time prices. When
virtual trading is forbidden, the marginal surplus relative to the no-virtual trading
constraints uf’DA and ,ulL P4 peeds to be taken into account. The day ahead prices
of energy are then bounded by the equation (6.1]).

S G AT — P <P <N g N pGPA Wle Lvge G (6.1)
weN weN

The tightness of the bound is determined by the day-ahead position of the
agents concerning energy.

Global comments: the first comment we can make on the back-propagated
prices is that adding a real time market for reserve (as in the US and RTR models)
helps to control the real time prices of energy. The explosion of the expected real
time prices that we see under the "risk averse" and "load more risk averse" aversion
sets for the EU and EUVT model is avoided. This explosion of the prices is caused
by the shortage explained previously.

We also notice that the day-ahead prices are higher for the EU and EUVT
markets. We see that the more risk averse the agents are, the higher the expected
real time prices of energy and reserve. In the the "risk-neutral" and the "load less
risk averse" risk aversion sets, the risk neutrality of at least one agent allows the
real time prices to stay low.

Risk-neutrality and virtual trading: One of the conclusion of [1] was that
virtual trading has no real impact on the back-propagation of price under risk-
neutrality. Our results are in agreement with that. If we examine under risk
neutrality we obtained the following bounds.

NP AT P < NPASN PN 1 ) GPA Wie LVge G (6.2)

g
we) wef)

The day-ahead price without virtual trading is equal to the day-ahead price
with virtual trading. Those prices are equal to the expectation of the real-time
prices because of (i) the tightness of the bounds from (6.2) when the generators
and loads trade in day-ahead and of (ii) the positivity of z,"”* and ps A,
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Virtual trading effect: the virtual trading effect is most easily interpreted
on the "load less risk averse' aversion set. In this set, the load is risk neutral so the
day ahead prices of the models where virtual trading is allowed (US and EUVT)
are equal to the the real expectation of the real time prices.

When virtual trading is not allowed (RTR and EU models), the day ahead
prices are lower than the expected real time prices. This behaviour is explained by
the equation . Because the load trades up to its maximal physical constraint
(see table its marginal surplus pj’DA can be greater than zero. This leads to
the lower bound on AP4 from equation to be lower than the real expected
prices.

The economic interpretation is that the load is taking advantage of the risk
aversion of the generators to push the price down in day-ahead. A risk averse agent
is more vulnerable to the action of a less risk averse agent in a market without
virtual trading than in a market with virtual trading.

Day ahead price of reserve for US and RTR models: another interesting
result concerns the day ahead price for reserve for the US and RTR models. This
prices remains the same at 0.455 in every setting used and does not reflect the
real-time prices of reserves.

This is explained by two facts for the US model. Firslty the real time price
for reserve ABET will be equal to the surplus ugﬁz with gas being the marginal
generator for the corresponding scenario w. Secondly, dgqs Will be equal to zeros
because ygqs is lower than 1 in every setting we tried. Because of that Kg,.s =
S e QGasw * Plras., - ug;fzi. The day ahead price of reserve can then be computed

from equation (6.3)).

ANEPA =N g o MNERT Vg e GUL

weN

o G,RT
- Z dgw - luGas,w
weN

_KG’as
- p+
PG’as

(6.3)

We note that the physical constraint of the gas generator Py, .  remains constant

Gas,w
throughout the scenarii.

When there is no-virtual trading, the results are similar because the gas generator
never trades reserve up to its limits in day ahead (see table [6.4]).
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Aversion set | Model APA T ARDA L Ry (NET] | Ep, [NBET]
US | 63955 | 0455| 63,955 0,455
RTR 63,955 | 0,455 63,955 0,455
RN

EUVT | 71,601 | 8,101 71,601
EU 71,601 | 8,101 71,601

Us 62,382 | 0,455 | 96,828 33,328
A RTR | 62,382 | 0,455 | 96,595 33,095

EUVT | 68,82 | 4,11 A74.5

EU 68,82 | 4,11 A74.5

US 65,704 | 0,455 | 65,704 2,204
Load less | RTR | 65,501 | 0,455 | 66,938 3,438

risk averse | EUVT | 74,761 | 8,101 74,761
EU 74,685 | 8,101 75,212
US 62,382 | 0,455 96,828 33,328
Load more | RTR 62,14 | 0,455 98,815 35,315
risk averse EUVT | 68,82 4,11 474.5
EU 68,82 | 4,11 474.5

151N

Table 6.6: Price back propagation under the MVaR risk measure
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6.6 Analysis of the gas generator in the US and
RTR models

Through the previous sections, we saw that the risk aversion of the gas generator
and, by extension, its unit commitment have a huge impact especially for the US
and the RTR markets. To study this effect, we investigated the effect of varying
risk-aversion for the gas generator in the US and RTR market. In this experiment,
the other agents follow the "risk averse" and "load less risk averse" aversion sets.

Figures and show the effect of varying the risk aversion of the gas
generator on its unit commitment value, on the expected real-time price and on the
day ahead price. The figures on the right display markets with the "load less risk
averse' aversion set and the figures on the left with the "risk-averse" aversion set.

Impact on the unit commitment: figures [6.3a) and [6.3D] show that as the
risk aversion of the gas generator increases, its unit commitment decreases. This
result is in line with our intuition from section [6.4l This makes sense because the
less a generator commits the less risk it takes.

On a mathematical point of view, this behaviour can be explained by the KKT
condition (A.11)) for the US market. This equation states that when a generator is
not committing fully, equation (6.4) is true.

Kg = Z Qgw * P;w : MgiuRT (64)
we

As the risk aversion of a generator increases, its risk adjusted probabilities of
the beneficial marginal scenarios will decrease. For the following equation to keep
being satisfied, the marginal benefit ugng of those scenarios will automatically
increase. In the case of the gas generator, the marginal benefit is equal to the real
time price of reserve. If the real time price of reserve increases too much, some of
the reserve loads might not be valued enough anymore to be traded. This reduction

in reserve traded leads to the gas generator committing less.

As figure [6.3b| shows it, virtual trading is beneficial to the unit commitment
value.

Impact on the expectation of the real time prices: the risk aversion of
the gas generator has also an impact on the real time prices as it is shown in figures
and [6.4b] The increase of the expectation of the real time prices can be directly
explained by equation (6.4)) and the previous discussion on the increase on the
marginal benefit ,ug;szu. We remind that this marginal benefit is here equivalent to
the real-time price of reserve that directly increases the real-time price of energy.

Virtual trading has no impact when the other agents follow the "risk averse'
aversion set as shown in figure but things are different when they follow the
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0.825
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100 095 0.90 085 0.80 075 070 100 095 0.90 085 0.80 075 0.70
d5as d5as

(a) "Risk averse" aversion set (b) "Load less risk averse" aversion set

Figure 6.3: The unit commitment value of the gas generator in function of its risk
aversion «ag,.s under the mean value at risk risk-measure

"load less risk-averse' aversion set as shown in figure With that risk aversion
set, the price increases more slowly when there is virtual trading. This effect is
similar to the slower decrease of unit commitment noticed in [6.3bl

Impact on the day ahead prices: figures and show the impact of
the risk aversion of the gas generator on the day ahead prices. We see that globally
the day ahead prices increase with the risk aversion.

In the "load less risk averse" aversion set, the load is risk neutral so the day ahead
price follows closely the real time price as seen in figure [6.4bl This is especially
true when virtual trading is allowed. When virtual trading is not allowed, the day
ahead price is lower than the expected real time price.

In the risk averse case (see figure , the day ahead price does not follow
closely the expectation of the real time price even if there is an increase due to an
overall increase in the expected real time prices. Virtual trading has an impact on
the day ahead price when a g, is between 1 and 0.9. The US day-ahead price follows
closely the expected real time price whereas the RTR day-ahead price is lower.
No-virtual trading allosw the price to be different than the risk-adjusted expectation
and (as stated in equation (6.4)) lower than the risk-adjusted expectation of the
generators.
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110 7%
—— A7) for US model
1 E[A%7] for RTR model
100
g0
a0
70 —— A7) for US model
E[AF7] for RTR model
100 0.95 0.90 0.5 0.80 075 070 100 095 0.0 085 0.80 075 070
5as 5as
(a) "Risk averse" aversion set (b) "Load less risk averse" aversion set

Figure 6.4: The expectation of the real-time price in function of the risk aversion
of the gas generator ag,s under the mean value at risk risk-measure

B0 —— AP for US model —— AP for LS model
A% for RTR model I A% for RTR model
£3.5
3.0
£2.5
2.0
100 095 0.90 0.5 0.80 075 070 100 095 0.90 0.5 0.80 075 070
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(a) "Risk averse" aversion set (b) "Load less risk averse" aversion set

Figure 6.5: The day ahead price in function of the risk aversion of the gas generator
Qgas Under the mean value at risk risk-measure
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Conclusion

In this thesis, we developed a series of models to represent the impact that different
policies had on the reserve capacity market under the risk-averse paradigm. The
two policies studied were (i) allowing or not virtual trading for energy in day-ahead
and (ii) holding or not a real-time market for reserve. The combination of those
policies allowed us to build four markets: (i) the US market that allows virtual
trading and holds a real-time market for reserve, (i) the RTR market that holds a
real-market for reserve but does not allow virtual trading, (iii) the EUVT market
that does not hold a real time market for reserve but allows virtual trading and
(iv) the EU market that does not allow virtual trading and does not hold a real
time market for reserve.

Those markets were characterized by a stochastic equilibrium under the varia-
tional inequality unifying framework. A heuristic inspired by the forward-backward
algorithm was proposed to solve those equilibria. The proposed algorithm will
iterate until convergence was reached between (i) the backward step that would
solve the resolvent of the modified risk-neutral version of the market and (ii) the
forward step that would solve the risk-aversion problem from the day ahead point
of view.

Finally, a simple system was introduced in order to test the algorithm and to
analyse general trends regarding the application of the policies. This allowed us to
answer the questions raised in the introduction.

1. What is the impact of the no-virtual trading policy on the day
ahead price and on the commitment of the generators?
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CHAPTER 7. CONCLUSION

Unlike risk-neutral markets, risk-averse markets are impacted by the no-
virtual trading policy. Differences in back-propagation of price appeared and
allowing virtual trading had the effect of improving the unit commitment of
marginal generators.

2. To what extend does the risk aversion of an agent impact the back-
propagation of real-time prices?

The risk-aversion of marginal generators can cause the real-time prices of ex-
treme scenarios to increase sharply. This increase in price is back-propagated
on the day-ahead price but the back-propagation was kept minimal if no
risk-neutral agent was present in the market. We add that back-propagation
is more efficient when virtual trading is allowed.

3. Who are the "losers" and the "winners" of the different markets?

Under the risk-averse paradigm, virtual trading was shown to impact benefi-
cially the generators. We noticed that holding a real time market for reserve
was good for the generators but harmful to the load because it may cause
shortage in real-time.

Below are listed a number of improvements to go further on the topic.

On the modeling part: the four models studied can be refined to better
reflect the real European and US markets. Models where deviation from day ahead
position were considered in [1] and could be an example of a direction to pursue.
The discussion of creating specific ORDC for every real-time scenario was raised in
[9] and could also improve the models.

On the algorithmic part: the heuristic is in its infancy stage. The extension
of the algorithm to more complex market has not been implemented yet and might
prove challenging. The discussion of the link between the backward and the forward
steps remains open and is a key component to better understand the mechanisms
of the heuristic. Some works are needed to steady the theory behind the algorithm.
Finally, the extension of the heuristic to other risk-measure would be interesting.

On the result part: under the condition that the algorithm finds equilibrium
to more extensive example, extending the discussion to more realistic model might
prove insightful.

To conclude this thesis, I would say that modeling electricity market with
risk-averse agents broadens the policy discussion but, at the same, raises a series of
technical difficulty.
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APPENDIX A

Equilibrium of the different model

A.1 The equilibrium of the US market

The US market represent a 2-stage market with reserve and energy traded both in
real time and in the day ahead. Virtual trading is allowed for energy but not for

reserve in day ahead.

0 <P L Cy— AT 4
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A.2 The equilibrium of the real time reserve mar-
ket or RTR market

The RTR market represent a 2-stage market with reserve and energy traded both
in real time and in the day ahead. Virtual trading is neither allowed for energy nor
for reserve in day ahead.
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A.3 The EU market with virtual trading or EUVT
market

The EUVT market represents a 2-stage market with energy traded both in real
time and in the day ahead and reserve only in the day ahead. Virtual trading is
allowed for energy but not for reserve in day ahead.
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A.4 The EU market

The EUVT market represents a 2-stage market with energy traded both in real
time and in the day ahead and reserve only in the day ahead. Virtual trading is
neither allowed for energy nor for reserve in day ahead.

0<pil LCy = NI+ pSl >0 Vg e G,VweQ (A.64)
0<uSF L Py —pil —rPA >0 Vg € G,Vw € Q (A.65)
0<df LA Vit p >0 Vie LYweQ (A.66)
0< T LDf, —dff >0 Vie LVweQ (A67)
Iy Yo et =S Vw e Q (A.68)

geG leL

60



APPENDIX A. EQUILIBRIUM OF THE DIFFERENT MODEL

0<y, L
0y + Ky — Zng w [LgGwRT—I—[LGDA PDA+>O Vg € G
we
0<8 L1—y,>0 Vge G
O<7“DAJ_
)\RDA_FZQng NGRT+M?RDA+M§’DAZO VQGG
we
0 < udRPA L Ry —rP4 >0 Vg e G
O<pDAJ_ )\DA—i—qu,w-)\fT—l—uf’DAzO Vge G
weN
O<M§;’DAJ_PDA’+ Yg —p?A—rgDAZO Vg € G
Gy € ORGIIEE (yg, vy — NET pD 4] Vg€G
OgdlDAL)\DA—qu-)\fTJrulL’DAzO VieL
weN
0 < ppPh L DPAY —dPA >0 VieL
q € ORI + 5T aP ) VieL
0< P4 L DE—af*P* >0 VI € RL
AP Soppt=3dP!
geG leL
()\R,DA)z ZTDA Z dRDA
geG lERL

61



APPENDIX B

Variationnal inequality

Proposition 1. Suppose that the operator A corresponds to the following optimi-
sation problem:

mmin T
(u): Ax>b
x>0
T
The result of the operator J,. 4 is the solution to the following optimisation
u

problem:

1
Iguvn ch—l—Tp(x—ff—l— gv2+ﬂTU
Ar+v>b
z>0

Proof. The KKT conditions of the optimisation problem corresponding to operator
A can be written as

0<zlc—ATu>0
0<ulAr—b>0
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We can then define the operator F' as followed.

LoR SR

We notice that the operator A can be defined as F'+ N. Now, let’s consider the
following optimisation problem.

1
r%ivn clr+ M(x—x)2+g7)2+uTv
Az +v>b
x>0

The KKT condition of this regularised optimisation can be defined as followed.

ngJ_p-c—i-x—T—p-ATuzO
0<ulp-Ar4+u—u—p-b>0

We can then define the operator F), zz) as followed.
p-c I —p-AT) [z T
Fp@m) = + —|_
—p-b p-A 1 u U
x x T
U U u

The proposition 12.3.6 from [6] conclude the proof. It states that for K being
nonempty closed and convex and F': K — R" continuous, the resolvent of a map
T =F + N(-; K) can be computed as followed as followed.

Jor(T) = SOL(K, F,z), where F,z(z) =z —T+p- F(z)
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B.1 Formulation of decomposed mapping
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APPENDIX B. VARIATIONNAL INEQUALITY

RT
pg’w

RT
g7w

G,RT
Hg.

G,R,RT
Fgi”

it

L RT
lul,w

R,RT
di e,

R RT
lw

C /\RT+uGRT
)\RRT+MGRT+MGRRT
qg,w

Pl yy —
Ry
Al
D

—VR+)\RRT+ulw

Dft -

6Q+KQ_ZWEQP Pw /’ng

Py — Tgw
_rfg
V+[LLRT
L —dir

R,RT
T
dRR

G,RT

1 -y, — ARDA _|_ﬂGRDA
R, — rfA
NRPA DAL P85 Py (N
DF — 4+P4
_\DA
\DA
deG pr — YlelL dzRT
ZgEG rk — D leRL dR i
>geG pg — leL dl
ZgEG rp — 2 leRL dR b4

65

-V

RT
pg’w

RT
rg7w

G,RT
Mg

G,R,RT
Fgi”

it

L RT
:ul,w

R,RT
dp,

RRT

lw

+N




APPENDIX B. VARIATIONNAL INEQUALITY

RT
Pg.

RT
g,w

G,RT
ug7w

G,R,RT
Mg’w

RT
dl,w
L,RT
lw

R,RT
dl,w

R,RT
Ml,w

o O O O o o o O

ZwEQ(Pw - Qg,w) : PgJ,rw ’ :ung
0

R,RT
>wen dgw " Ay

0

0

0
2 wen dgw )\ET
— Y o - AET

0

0
0
0

66

o O O o o o o o

(B.3)



APPENDIX C

ORDC

67



APPENDIX C. ORDC

‘/ZR

R,DA
‘/l g

0—250
50 — 100
100 — 150
150 — 200
200 — 250
250 — 300
300 — 350
350 — 400
400 — 450
450 — 500
500 — 550
950 — 600
600 — 650
650 — 700
700 — 750

4125
3310,673
2545,435
1869,676
1308,906
871,6106
551,1594
330,488
187,6886
100,8519
51,22974
24,58305
11,13666
4,760457
1,91919

4125

3348,705
2614,997
1959,583
1406,228
964,6695
631,6507
394,2704
234,3455
132,5139
71,23027
36,37245
17,63328
8,112017
3,539748

Table C.1: Day ahead and real tiem ORDC
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APPENDIX D. RESULT TABLES

Model Profit | Nuclear Coal Gas Wind L Total
HfA 406927 76909 0 23500 | 83343425 | 83850761

Us Ep, [Hig] 407927 77909 985 23500 | 83343425 | 83853746
Eg, . [Hgg] 407927 77909 985 23500 | 83343425 | 83853746

HfA 406927 76909 0 23500 | 83343425 | 83850761

RTR Ep, [Hgg] 407927 77909 985 23500 | 83343425 | 83853746
Eq, . [Hfﬂ] 407927 77909 985 23500 | 83343425 | 83853746

Hf“‘ 461215 92201 16822 23500 | 83262240 | 83855978

EUVT | Ep, [Hf}f] 462215 93201 12297 23500 | 83262240 | 83853453
Eg, . [Hig] 462215 93201 12297 23500 | 83262240 | 83853453

HfA 461216 92202 16822 23500 | 83262246 | 83855986

EU Ep, [Hﬁg] 462216 93202 12297 23500 | 83262246 | 83853461
Eq, . [Hﬁg] 462216 93202 12297 23500 | 83262246 | 83853461

Table D.1: Profit of the different agent under the MVaR risk measure and the risk

neutral aversion set
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APPENDIX D. RESULT TABLES

Model Profit | Nuclear Coal Gas Wind L Total
HfA 395765 73765 0 21685 | 82908502 | 83399717

Us Ep, [Hig] 641331 | 143657 60591 23500 | 82994501 | 83863580
Eg, . [Hgg] 396765 74765 826 21685 | 82908502 | 83402543

HfA 395765 73765 0 17285 | 82908501 | 83395316

RTR Ep, [Hgg] 639673 | 143189 60166 23500 | 82996980 | 83863508
Eq, . [Hﬁg] 394890 74237 826 17285 | 82908501 | 83395739

Hf“‘ 441472 86640 8042 21656 | 82841109 | 83398919

EUVT | Ep, [Hf}f] 3322801 | 899001 | 616488 23500 | 78984264 | 83846054
Eg, . [Hig] 442472 87640 6165 21656 | 82841109 | 83399042

HfA 441472 86640 8042 17285 | 82841105 | 83394544

EU Ep, [Hﬁg] 3322801 | 899001 | 616488 23500 | 78984260 | 83846050
Eq, . [Hﬁg] 424413 82442 6165 17285 | 82841105 | 83371410

Table D.2: Profit of the different agent under the MVaR risk measure and the risk
averse aversion set
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APPENDIX D. RESULT TABLES

Model Profit | Nuclear Coal Gas Wind L Total
Hf A1 419350 80408 0 18858 | 83324848 | 83843464

Us Ep, [Hig] 420350 81408 4558 23500 | 83324848 | 83854664
Eg, . [Hgg] 420350 81408 940 18858 | 83324848 | 83846404

HfA 417905 80001 0 17285 | 83327012 | 83842203

RTR Ep, [Hif] 429107 83875 6937 23500 | 83311755 | 83855174
Eq, . [Hfﬂ] 392058 73439 917 17285 | 83311755 | 83795454

HfA 483656 98523 16822 17861 | 83228680 | 83845542

EUVT | Ep, [Hf}f] 484656 99523 17095 23500 | 83228680 | 83853454
Eg, . [Hig] 484656 99523 12297 17861 | 83228680 | 83843017

HfA 483116 98371 16822 17285 | 83229486 | 83845080

EU Ep, [Hﬁg] 487855 | 100424 17779 23500 | 83223894 | 83853452
Eq, . [Hﬁg] 396107 75111 12297 17285 | 83223894 | 83724694

Table D.3: Profit of the different agent under the MVaR risk measure and the load
less risk averse aversion set
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APPENDIX D. RESULT TABLES

Model Profit | Nuclear Coal Gas Wind L Total
HfA 395765 73765 0 21685 | 82726073 | 83217288

Us Ep, [Hig] 641328 | 143656 60590 23500 | 82994504 | 83863578
Eg, . [Hgg] 396765 74765 826 21685 | 82726073 | 83220114

HfA 394041 73279 0 17285 | 82726453 | 83211058

RTR Ep, [Hif] 655434 | 147629 64202 23500 | 82973409 | 83864174
Eq, . [Hﬁg] 395041 74279 826 17285 | 82726453 | 83213884

Hf“‘ 441472 86640 8042 21656 | 82645931 | 83203741

EUVT | Ep, [Hf}f] 3322801 | 899001 | 616488 23500 | 78984264 | 83846054
Eg, . [Hig] 442472 87640 6165 21656 | 82645931 | 83203864

HfA 441472 86640 8042 17285 | 82645927 | 83199366

EU Ep, [Hﬁg] 3322801 | 899001 | 616488 23500 | 78984260 | 83846050
Eq, . [Hﬁg] 425242 82430 6165 17285 | 82645927 | 83177049

Table D.4: Profit of the different agent under the MVaR risk measure and the load
more risk averse aversion set
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