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Abstract

The current deterministic day ahead market clearing in wholesale electricity markets, which was
constructed around dispatchable and controllable electricity from conventional producers, is in need
of adaptation to address the increased uncertainty resulting from the integration of variable renewable
energy sources. Through their stochastic nature, variable renewable energy sources are non-
dispatchable and output cannot be controlled, potentially resulting in grid imbalances in cases of
forecast errors. Two-stage stochastic optimization and Adaptive Robust optimization utilizing the
Column-and-Constraint generation algorithm are proposed for the day ahead market clearing in a case
study on the Dutch, French and German wholesale electricity markets. A framework of performance
indicators is constructed to evaluate- and compare the models on their ability to maximize the social
economic welfare, increase system security of supply and integrate variable renewable energy sources
in the energy mix. The results of the case studies indicate an increased social economic welfare through
improved system security by the proposed models, drastically reducing the occurrence of load
shedding events. The stochastic model outperforms the robust formulation during the in-sample
scenarios, however proving vulnerable to unexpected stochastic output realizations during the out-of-
sample scenarios. The Robust model, showing the highest degree of system security of supply because
of its conservative nature, significantly decreases the integration of variable renewable energy sources
in the energy mix while requiring the highest amount of upward reserve capacity. Both proposed
models indicate a need for increasing the upward reserve capacity in energy systems with high
penetration of variable renewable energy sources, while decreasing the utilization of installed
stochastic producer capacity. Results of the sensitivity analyses indicate an increased system security
to unexpected output realizations of the stochastic model by increasing the in-sample size, although
increasingly extended computational time was observed for solving the problem. The sensitivity
analysis on the budget of uncertainty of the robust model showed a direct trade-off between
integration of variable renewable energy sources and system security of supply, while a relationship
between the distribution of installed stochastic producer capacity among the stochastic producers and
the budget of uncertainty revealed potential market inequalities in real-world applications of this
formulation.
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1. Introduction

To mitigate the effects of climate change caused by the emission of greenhouse gasses, the electricity
sector is transitioning from the use of fossil energy sources towards renewable energy sources (RES)
[1]. After an initial slow start, signed commitments like the Paris Climate Agreement and the European
New Green Deal have emphasized the need for implementation of RES and have committed to double
the share of RES in the EU energy mix in the upcoming decade [2,3]. While the implementation of RES
is becoming increasingly more cost competitive compared to fossil energy sources, the intermittent
availability of variable renewable energy sources (VRES) provides challenges for the current electric
power system [4].

To ensure a constant balance between supply and demand of electricity in a cost effective manner, the
EU wholesale electricity market consists of interrelated sub-markets such as the forward market, the
day-ahead (DA) market, the intraday (ID) market and the balancing market, each operating on an
increasingly shorter time frame to real time (RT) [5]. Originally designed for conventional power plants,
which can be readily scheduled and dispatched, the increased share of VRES brings along high degrees
of uncertainty to the current deterministic electricity market. Renewable energy producers are unable
to exactly predict power supply due to the variability and uncertainty of weather conditions, resulting
in forecast errors. The scheduling programs made on the DA market need to be adjusted in the ID
market or in the balancing market where expensive reserves are used, and, eventually leading to
shedding demand or spilling renewable energy, with additional costs and market inefficiencies [6,7].
To successfully increase the share of VRES in the energy mix and ensure security of supply while
offering affordable electricity for consumers, the current deterministic DA market clearing mechanism
is in need of adaptation.

Several market clearing techniques have been proposed in literature to deal with the uncertainty of
VRES. The first proposed uncertainty-based market clearing technique, stochastic optimization, aims
to find an optimal solution by representing the probability distribution of the uncertain variables as a
set of scenarios [7]. Two-stage stochastic optimization is a vastly applied optimization technique for
DA market clearing under uncertainty [8-12], since the DA market clearing can be treated as a two-
stage problem; the energy dispatch and reserve allocation corresponds to the first-stage (here-and-
now decisions), while the second stage corresponds to the wait-and-see decisions made during real
time operations when realization of uncertain output is known [13]. The use of two-stage stochastic
optimization results in decreased operational costs [8,9] or increased social economic welfare (SEW)
compared to the deterministic DA market clearing [11].

A second proposed uncertainty based market clearing technique utilizes robust optimization. Robust
optimization addresses uncertainty by optimizing decision making while meeting requirements in the
worst case scenario [13]. The conservative nature of this approach has limited the use of robust
optimization mainly to unit commitment (UC) to ensure reliability of supply [14-16], however the
technique has led to adaptations to apply adaptive robust optimization (ARO) to DA market clearing
[17,18]. The main advantage of robust optimization is the flexibility in balancing conservativeness and
performance, allowing the probabilistic protection of priori constraints to be decided. In addition, ARO
ensures feasibility of the optimal solution for any realization of the uncertainty set, optimizing under
realization of the worst-case scenario [19].

Several papers have utilized the combination of stochastic- and robust- optimization techniques [20-
22], using the uncertainty distributions of VRES output for stochastic optimization while testing the
risk probability of the results with robust optimization. By contrast, little research has focused on
comparing the performance of stochastic- and robust optimization in DA market clearing [12]. More
specifically, the existing body of literature is mainly focused on US electricity markets, which are
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concerned with minimizing operational costs, compared to European electricity markets which are
focused on maximizing SEW. Moreover, a clear framework of key performance indicators (KPIs) is
currently missing in literature to compare both optimization techniques on different perspectives of
performance. In order to compare and evaluate the performance of the Deterministic, Two-stage
stochastic and ARO DA market clearing model in a real world application, three case studies will be
conducted on the Dutch, French and German electricity wholesale markets. These countries are
selected based on their different installed stochastic producer capacity, reserve capacities, market size
and primary energy sources for electricity generation.

1.1 Aim and contributions

The aim of this study is to provide an overview and comparison of two-stage stochastic optimization
and ARO for uncertainty-based DA market clearing in Europe. This work contributes to the state of the
art by (1) formulating a two-stage stochastic and adaptive robust DA market clearing mechanism
applicable to EU electricity markets, (2) developing a framework to compare uncertainty-based
optimization techniques for application in the DA market and (3) implementing and comparing the
aforementioned optimization techniques in a case study on the Dutch, French and German DA
markets.

Specifically, the main research objective of this study is:

“to compare the performance of two-stage stochastic optimization and ARO for uncertainty-based DA
market clearing in the Dutch, French and German electricity wholesale markets.”

After describing the general characteristics of deterministic-, two-stage stochastic- and adaptive
robust DA market clearing, this study will address the main research objective, by (i) providing a
formulation of the proposed approaches suitable for the European DA markets, (ii) constructing a
framework of key performance indicators (KPIs), (iii) collecting data and constructing scenarios
representing the case studies and (iv) running the simulations and interpreting the results for the
Dutch, French and German wholesale electricity markets.



2. Conceptual framework

This section provides a description of the current European electricity market in Section 2.1, followed
by a description and literature review of the different DA market clearing optimization techniques in
Section 2.2.

2.1 European electricity markets

In 1996, most EU member states initiated the liberalization of the electricity market to introduce
market actors and competition. This shift from a vertically integrated market design allowed
consumers to choose their suppliers and stimulated market actors to innovate to gain a competitive
edge. EU electricity markets do not allow competition in transmission and distribution of electricity; a
Transmission System Operator (TSO) has a legal monopoly position to utilize economies of scale and
ensure reliable transmission and distribution of electricity [5].

While electricity can be sold on the forward market to ensure consumers and producers of reliable
sources of electricity and revenue far ahead of RT, the first market mechanism to ensure balance
between supply and demand starts in the DA market. Consumers and producers can submit bids to
their region’s power exchange (PX) containing the time, price and quantity of demand or supply of
electricity. These bids are used to derive the market clearing price (MCP) after the gate closure time,
which is set on 12:00 pm the day before.

For each time period, the PX places each demand bid on descending price order, while also placing
each supply bid on ascending price order [23]. The intersection point at which demand and supply
meet indicates the MCP; the uniform price that will be paid or received for each accepted bid. This
market clearing mechanism ensures no market actor receives a lower- or pays a higher price compared
to the submitted bidding price [23]. A visual representation is provided in Figure 1 below.

energy
price

supply curve

market

clearing
price

demand curve

energy
quantity

market clearing quantity

Figure 1. Electricity market clearing price [24]

While this market clearing mechanism ensures no market actor pays a higher price or receives a lower
price for electricity compared to the submitted bid, the opposite however is true; the MCP can be
lower than the accepted bid of buyers or higher than the accepted bid of sellers. Maximalization of
this surplus of extra received value for market actors, called the SEW, is the primary objective of the



EU market clearing mechanism. After the MCP is known, the TSO computes the flows deriving from
transmission- and generation dispatch to ensure system functioning [25].

In the intraday (ID) market, producers and consumers are able to optimize their schedule based on
updated forecasts. The ID market, starting after gate closure of the DA market and closing up until an
hour before RT, has seen a rise in prominence in recent years due to the increased implementation of
VRES [26]. After gate closure of the ID market, the balancing market opens to ensure the balancing of
supply and demand in RT to stabilize system frequency [27]. In EU electricity markets, balancing service
providers (BSP’s) are incentivized by the TSO to provide balancing services if ought necessary.
Dispatchable producing units submit upward- or downward reserve procurement orders to signal their
ability to increase or decrease their generation to the TSO. The TSO compensates BSPs for activating
upward reserves, while BSPs reimburse the TSO when activating downward reserve capacity. Since the
BSP’s supply bid was initially accepted in the DA market, the BSP is compensated for its lost opportunity
costs [28]. While a wide variety of different reserve-types exist, being able to activate on shorter time
frames, extensive description of these reserves is beyond the scope of this research. The balancing
market is the last of a sequence of the electricity markets to ensure security and stability of operations
of the system.

2.1.1 Market integration: US vs. European markets

While a variety of operational differences between US and European electricity market exist, the
differences in market integration underlie the focus in research on unit commitment (UC) in US
markets and reserves allocation in European markets [29]. To support interpretation of the literature
review in Section 2.2, this sub-section will highlight the beforementioned differences.

US DA market clearing is settled by pooling the energy- and reserve bids simultaneously, a joint market
clearing, instead of the European sequential market clearing, which splits the two processes in
different markets [30]. Joint markets are optimized by UC, which is used to determine the operation
schedule of individual producing units to meet the varying demand loads. The system operator is
responsible for determining the operation schedule based on the combined energy- and reserve bids
[31]. Subsequentially, from the US system operator’s perspective figuring out how to allocate supply
and demand within the transmission boundaries in a cost effective manner is the main objective. In
European markets, every connection to the electrical network is ought to have an appointed balance
responsibility party (BRP), which is responsible for scheduling production capacities to balance demand
and supply of their own portfolio. The schedules are communicated with the TSO, which is responsible
for checking consistency in the planning. US electricity market based literature primarily focusses on
UC and minimizing costs, while the literature on European markets is mainly focused on reserves
allocation and maximizing SEW [29].

2.2 DA Market clearing mechanisms

In this section, a description and literature review of the market clearing techniques will be provided.
Moreover, a general formulation of the two-stage stochastic- and adaptive robust market clearing
models will be provided.

2.2.1 Deterministic DA market clearing
In a deterministic DA market, the demand- and supply bids are accepted to determine the MCP without
taking into account deviations in output realization due to uncertainty [32]. Originally constructed for
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controllable electricity generation from conventional producers, the deterministic DA market clearing
model is still active in electricity markets [33]. Since deterministic DA market clearing does not take
into account the uncertainty of realized output of RES, generation deviations in RT are addressed
internally by stochastic producers in their market bids [17]. While the costs of imbalances are settled
through financial penalties for liable market participants, grid stability issues result in additional costs
for grid operators which lead to higher network charges for network users.

In this thesis, deterministic DA market clearing will be referred to as the Deterministic model and will
be used as a baseline model to compare the robust- and two-stage stochastic DA market clearing
models. The mathematical formulation of the deterministic model will be used as formulated by [17]
and will be provided in Section 3.1.1.

2.2.2 Two-stage stochastic DA market clearing

As the name would likely suggest, a two stage stochastic optimization is applied in a situation in which
decisions have to be made under uncertainty (the first stage), which result in the degree of corrective
actions that have to be taken once all information is known (the second stage) [7]. Two-stage stochastic
optimization is a widely applied optimization technique in DA market clearing, optimizing the energy-
and reserve dispatch in the DA market (the first stage), taking into account the costs for imbalances
during RT (the second stage). While high degrees of uncertainty are often limited to the output of
stochastic producers, as is the case in [9,11], uncertainty in demand has been addressed in literature
[34][35], as well as combining both short-term demand uncertainty and stochastic producer output
uncertainty [8][36]. In this thesis, only uncertainty concerned with the output realization of stochastic
producers will be addressed, a point which will be referred to later on in Section 3.3.1.3.

A general formulation of a two-stage stochastic optimization of European DA market clearing, derived
from [7], is provided as follows:

max bTx — Z ®,cly,

wWEQN

(1.1)

In this general formulation (eq. 1.1), the objective function is trying to maximize the SEW (b7) in the
first stage minus the balancing costs (cL) during the second stage. While the decision variables of the
first stage (accepted bid quantities and reserve capacities) are represented by vector x, which are
deterministic in nature, the second stage decision variables (balancing reserves, wind spillage and
demand shedding) are represented by vector y,, which are indeed subject to uncertainty. As
mentioned earlier, the uncertainty of the output of the stochastic producers is accounted for by
constructing a set of different scenarios (Q). For each scenario in the set of scenarios (w € Q), a
probability ¢, is appointed, effectively acting like a weight for each scenario. Accordingly, realization
of each scenario causes the second-stage decision variables y,, to change, resulting in a different
balancing cost c. By summing the multiplication of the balance costs realized under the values of the
second-stage decision variables with the scenario probability for each scenario, the solution will prove
optimal under the weighted distribution of the possible scenarios. A detailed formulation of the two-
stage stochastic model will be provided in Section 3.1.2.

Addressing both uncertainty in load demand and stochastic output realization, research by [8] found
decreased operational costs and required reserve capacities when applying two-stage stochastic
market clearing, while research by [10] observed reduced balancing costs. Noting a proposition for a
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more structural change in DA market clearing, research by [12] found that the current market clearing
mechanism should not clear expected stochastic production by default (i.e., the submitted bids), as
this could lead to decrease market efficiency as well as diminished profits by stochastic producers.
In this thesis, the two-stage stochastic model will be referred to as the Stochastic model.

2.2.3 Robust DA market clearing

Robust optimization is a field of optimization techniques applied for worst case analysis to realize the
feasibility of uncertainty parameters or guarantee an objective value or distance from an objective
value. While a diverse set of different techniques and applications of robust optimization are available
in literature, the conservative nature of the technique (i.e., utilizing the worst case scenario) and the
ability to apply parameter(s) to determine the degree of uncertainty to inspect the trade-off between
system performance and protection against uncertainty are prevalent characteristics of the different
techniques [37].

Robust optimization does not entail uncertainty according to a distribution of probabilities of
scenarios, as is the case in stochastic optimization, but rather utilizes an uncertainty set, a range of
uncertainty which can be flexibly parameterized to trade-off conservativeness and performance [15].
Unification of stochastic- and robust optimization techniques has been applied by [16], in which
probability distributions have been used for scenario generation, which forms the adjustable
boundaries of the uncertainty set.

Research by [18] introduced a two-stage robust optimization framework for DA market clearing,
composing a min-max-min problem, minimizing the operating costs during the first decision phase,
maximizing the realized uncertainty (the worst case) and again minimizing the dispatch costs in the
second stage (RT). A reformulation of the robust optimization problem as provided by [18] will be
proposed in this thesis. More specifically, the minimization of operating costs in the first decision stage
will be reformulated to a maximization of SEW, as is the main objective of the EU electricity market. A
general formulation is provided as:

min, —BIx — Dy, (x)

(21)

In which:
Dy (x) = maxay miny, cjy

(22)
In eq. 2.1, Bl x indicates the SEW during the first decision stage representing the DA timeframe,
entailing the decision variables in vector x. To remain close to the work by [18], please note that that
the first stage is made negative to derive a min-problem, resulting likewise in a min-max-min problem.
During the second stage, eq. 2.2, the uncertainty is realized under the max deviation of the realized
stochastic output compared to the expected stochastic output AW. Under these maximized
conditions, the worst case, balance costs are again minimized to maximize the resulting final SEW. A

detailed formulation of the ARO model will be provided in Section 3.1.3.
In this thesis, the ARO model will be referred to as the Robust model.
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3. Methodology

In this section, a description of the methodology used during this thesis is described. In Section 3.1,
the mathematical formulation of the DA market clearing models is provided whereafter the KPIs used
to measure the performance of the models are described in Section 3.2. The methods used for data
collection and the construction of the datasets are provided in Section 3.3. Finally, a description of the
approach to the data analysis and details on computational aspects are provided in Section 3.4 and
Section 3.5.

3.1 Model formulation
The mathematical formulation of the deterministic model, stochastic model and Robust model will be
provided in this sub-section.

3.1.1 Deterministic model formulation
The Deterministic model is formulated as follows:

max,op,ps,pG z qu * Py — Z ng * Pg — Z CI?S * P, — Z Ré] * PgRU + Rg " PgRD

deD gEeG SES gEeG
(3.1)
Subject to:
Zqé’D—Zqé’G—Zq?s =0,
deD gEeG SES
(32)
q)° +RY <mbé,  vgeg,
(33)
q2¢ < md% vgea
(34)
qPs <mbPS vses
(35)
q3° =R} =20, VgEQG,
(3.6)
RY < RJ™™,  vgeg,
(3.7)
RP < R)™™,  vgeG,
(38)
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z Ry = Fixed{yyntry» Vg EG,

geaG
(39)
z RY = Fixedlpyntry, Vg €G,
geG
( 3.10 )
q3” >0vd €D, q)% R},RY >0Vg€GqPS=0Vs€ES
(3.11)

Please note that some adaptations to the above provided formulation are made compared to the
deterministic model as provided by [17]. The accepted demand quantities and conventional- and

stochastic producer dispatch quantities are represented by q7°, q2¢, 25 The parameters Py, P, and

P correspond to the bid prices, while m3°, m2¢ and m2% are the submitted quantity bids of the
market actors. The objective function eq. 3.1 maximizes the SEW, while equality constraint eq. 3.2
ensures balance between total supply and demand. A notable difference from [17] is the introduction
of the upwards- and downwards reserve procurement represented by Rg and Rg, while the prices of
reserve procurement are represented by PV and P*”. Inequality constraints eq. 3.3-3.5 ensure that
accepted bid quantities do not exceed submitted bid quantities for all market actors, while inequality
constraints eq. 3.6-3.8 prevent reserve procurement exceeding the procurement capacities.
Constraints eq. 3.9 and eq. 3.10 ensure the minimal amount of upward- and downward procurement
of reserves. For each individual case study country, a fixed amount of upward- and downward reserve
procurement will be determined (Section 3.3.2.1). Finally, non-negativity constraints for the accepted
bids and procurement of reserves are represented in eq. 3.11.

Since the deterministic model does not take into account the possibility of imbalances, the model
currently does not take into account reserve activation, wind spillage or load shedding events. After
solving the objective function as provided in eq. 3.1, the solutions of the decision variables q2?, ng

and 2% are inserted into the following second-stage deterministic model, which is formulated by:

: ) U ru D rD RS DS DS spill shed shed
geG SES deD
(3.12)
s.t.
U D shed DS D spill _
ng _Tg+zqd +ZqRT_qS — (s =0,
geG deD SES
(3.13)
U U
g = Rg, Vg € G,
(3.14)
D D
g < Rg, Vg € G,
( 3.15 )
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i < qi°,  vde€D,

(3.16)
Pt < gbs,  vses,
(317)
RJ,RJ =20,vg€G; 1,10 20,Vg €G; ¢?° 20,Vs €S;
gshed > 0,vd e D; ¢P" > 0,vs €S
(3.18)
In which decision variables 7.V, 7.7, ¢3¢ and g5 denote the quantities of upward- and downward

reserve activation, shedding of demand and spillage of wind. Parameters Pg”’, PgrD and Pjhed represent

the prices for upward- and downward reserve activation and the penalty for load shedding. Equality
constraint eq. 3.13 balances supply and demand during RT. Inequality constraints eq. 3.14 and 3.15
ensure activation of reserves does not exceed procurement, while inequality constraints eq. 3.16 and
3.17 ensure load shedding- and wind spillage will not exceed the accepted quantities of demand bids
and stochastic producer bids. Non-negativity constraints are represented in eq. 3.18. Finally,
parameter qEﬁ represents the realization of stochastic producer output. This value changes for each
individual in-sample and out-of-sample scenario during the simulation runs.

3.1.2 Stochastic model formulation
The Stochastic model is formulated as follows:

maxs, Z q3P * Py — Z qss * PSS — Z[qgc * PS¢ + RY « PRV + RD « PRP| — z d,
deD SES geG wWEQN

U rU D rD Ss ss ss spill shed shed
* ngw*Pg _Tgw*Pg +ZPS *[QSw_QS —Asw ]+Zpd *qaw

g SES deD
(4.1)
Subject to:
ZqéD —Zq:g” —Zqﬁs =0,
deD gEG SES
(4.2)
5P < m3P, vdeD,
(4.3)
35 <msS, Vse€S,
(4.4)
q;° + RJ <myC, Vg €G,
(4.5)
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q;° —R} =0, Vgeg,

(46)
U Umax
Ry < Ry™,  VgEeQG,
(4.7)
D D,max
R.g = R.g ’ vg € GI
(48)
U, <RY, VwEeQVgEGQ,
(49)
b, <RP,  VweQVgEG,
(4.10)
qhed < q3P,  Vw € Q,vd €D,
(4.11 )
P < ¢SS, VweQVsES,
(4.12)
i1l
Nt b Y it Y 4SS - gl =0, veen
geaG deD SES
(4.13 )

qs” = 0,vd €D; q5¢,RY,R? > 0,vg € G 1Y, 70, > 0,VgEGVYwEQ; ¢35 > 0,VsES;

q3hed > 0,vd € D,V € Q; ¢S5 2 0,vs €S,V € Q
(4.14 )

The objective function (eq. 4.1) maximizes the SEW, having a similar framework as described in eq. 2.1.
A notable difference from the robust optimization model is the notion of g5° and g32; while g5°
indicates the accepted bid quantity of stochastic producer s, g3> indicates the realized output under

scenario w, which is indicated as the deviation AgZ® in the robust model.

Constraints eq. 4.2-4.4 serve the same purpose as in the deterministic model, while constraints eq. 4.5
and 4.6 ensure submitted bids are not exceeded when using reserves. Additional costs subtracted from

the SEW in the second stage constitute of the costs of the use of balance reserves rgU and rgD at their

price P!, deviations from stochastic producers minus the wind spillage quiu and the cost of demand

load shedding. Eq. 4.7-4.10 ensure the procurement and activation of reserves do not exceed the
maximum reserve capacity, while eq. 4.11 and 4.12 ensure shedding- or spillage events do not exceed
accepted bid demands of consumers or realized output of stochastic producers. Equality constraint eq.
4.13 ensures supply and demand are balanced during the second-stage. Non-negativity constraints are
displayed in eq. 4.14.

The decision variables of the objective function constitute of:
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S = {RU,Rg,rg%,rng,qu,qga,qggs,qsmu,qfi'(ffd,Vw €Q, Vg €GVd €D,Vs € S}

Sw

3.1.3 Robust model formulation
The Robust model is formulated as follows:

mings Z qRS « PRS + z qa « B¢ + R « PRV + R)  PRP — Z qBP « p,

SES geG deD
— max,grs Mminge Z ry * PV =10« PyP
geG
n Z PRS « (AqES — qP™) + z pshed , gshed
SES deD
(51)
Subject to:
Zqé‘D—ZQEG—Zqé‘S =0,
deD geG SES
(52)
g3 < mEP vd eD,
(53)
qBs <mBS vses,
(54)
RG U RG
qg" +Rg =my Vg € G,
(55)
q§° —R) =20 VgEgG,
(56)
U Umax
Ry < Ry Vg € G,
(57)
D Dmax
Ry < Ry Vg €QG,
(58)
1y <RJ Vgeg,
(59)
1y <R} VgEG,
(510 )
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qshe® < qRP  wvd e D,

(5.11 )
P < gRS + AgRS vs €S,
(512 )
Z ry 41y + Z AgRS — Spl” + Z gshed =0
geaG SES deD
(513 )
q;° = 0,vd €D; q;% RY,R) =0,vgeG; r/,7) =0,vg €G; q° = 0,Vs€S;
q3he? > 0,vd € D; qs’"” > 0,Vs € S;
(514 )

The objective function (eq. 5.1), different as described in section 2.2.3, contains a min-max-min
problem. The work by [18], which was used as a guideline for formulating the Robust model, is
constructed to minimize the total costs of the production units in the dispatch problem. The resulting
problem is therefore a min-max-min problem. To remain close to the used guideline, the first-stage of
the objective function (eq. 5.1) is rewritten as a minimization problem by multiplying it by —1.
The formulation of the adaptive robust model is similar to the formulation of the Stochastic model
with one notable difference; the addition of AgRS, which represents the deviation of the realized
output in RT compared to the expected output. The variables are used in the equality constraints eq.
5.2 and 5.13 and in the inequality constraint eq. 5.12.

The decision variables of the first- and second-stage constitute of:
2% = {RY,RD,qBP,q8%,q8S, vgeGvdeD,vseS}

EC =), r) ,qshed qfP™ g € G,vd € D,Vs € S}

The uncertainty set is characterized by:
|AgRS| < AgFS™™* vseS
(515)
|AqsS| -r
A RSmax —
qeaG s
(516 )

In which I acts as the budget of uncertainty, allowing the range of the uncertainty set to be manually

determined (eq. 5.16). Constraint eq. 5.15 ensures that the realized deviation in stochastic output does

RS,
not exceed the maximum deviation Ag¢~""**.

Despite including two stages in the model, namely the DA- and RT-stage, the ARO objective function
as depicted in eq. 5.1 contains three optimization problems in the form of min-max-min, called a tri-
level optimization problem. Solving a tri-level optimization problem is complex and computationally
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challenging and established solution algorithms are only applicable to very restricted classes of
problems, most not guaranteeing global optimality [41].
A solution algorithm to linear ARO problems was proposed in [42], dubbed the column-and-constraint
generation (C&CG) algorithm, as an alternative to the already established Benders-dual cutting plane
algorithm. The C&CG algorithm was found to require exponentially less computational time compared
to the Benders-dual cutting plane algorithm with increasing problem size (i.e., size of the data to
compute), making the algorithm more suitable for a market clearing optimization model with a large
number of market participants.

A detailed general step-wise guide to formulating the C&CG algorithm is provided by both [42] and
[43]. Being first published in [42], the C&CG algorithm is described in a more conceptual manner in the
article; in [43], the C&CG algorithm is applied to a non-convex UC problem.
Although both articles have established a mathematically sound description of applying the C&CG
algorithm to different optimization problemes, this section will follow with a step-wise guide to applying
the C&CG algorithm to the EU market clearing problem without falling into repetition.

Step 1. Assigning dual variables to the inner min-problem

To distinguish between the three stages, the first-stage is referred to as the outer-problem, while the
second- and third-stage problems are referred to as the inner-problem. Since the inner-problem is of
a max-min form, it is not solvable within a single stage. A method to work around this problem is
formulating the dual problem of the inner min-problem, which will become a max-problem. The first
step in deriving the dual problem of the inner min-problem is assigning dual variables to the inequality
constraints (u) and equality constraints (4) of the inner min problem, acting as penalty variables for
exceedance of constraints. The inner min-problem is formulated as follows:

minEcz TgU * PgrU _ T'gD * PgrD + z PSRS * (ACI§S _ qsspill) + z P(_ished % qcsihed

gea SES deD
(517)
s.t.
7 —R§ <0 VgEG :p,
(5.18)
1w —R§<0 VgEG :uy
(519)
a5 —q5° <0 VvdeD, :pus,
(5.20)
gsP" = (@F + AqRS)< 0y, VsES,
(521)
Y-+ ) A -+ Y qgei=0 12
geaG SES deD
(522)
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-1, -0 <0 Hs, ke, V9EG
—q5"* <0 :p;, ,¥deD
—qP"'<0 tpg, ,VSES

(523)

In which:

€=/, qéhed,q:m”, Vg € G,Vd € D,Vs € S}

(524)

Please note that inequality constraints are made < 0 when assigning their dual variables u. Likewise,
non-negativity constraints (eq. 5.23) are made negative.

Step 2. Formulating the Lagrangian function of the inner min-problem

The next step is to formulate the Lagrangian function, being denoted with L. The Lagrangian function
is derived by adding the multiplication of the dual variables with their respective constraints to the
objective function, resulting in a single function to find local maxima and minima while being subject
to the constraints. The Lagrangian function is formulated as follows:

L (ECJ :ung llzg: ,Ll3d, ,U4_s, ,U5g, .u6g' M7dJ MSS' /1)

— Z T'gU % PgTU _ T'gD % PgTD + Z PSRS " (AQ§S _ q:pill) + Z Pdshed % qéhed

gea SES deD
+ 3 1, (F = RY)+ ) o, (F = RE)+ ) s, (a3 = al?)
geG geG deD
il
+ Z Hag (qssm — (@& + Aq® )) - Z Hs, ¥ Ty — Z Mo, * Ty — Z W7y * 437
SES gea gea deD
il il
=S o a 2 o =+ g - g Y gy
SES geaG SES deD

(525)

Step 3. Derive the Karush-Kuhn-Tucker Conditions

The resulting eq. 5.25 is an unconstrained optimization problem, which can be used to find the
maximum and minimum of a differentiable function and subsequently to find a saddle-point within
the feasible set of solutions [44]. The Karush-Kuhn-Tucker (KKT) conditions, a set of first order
derivative tests, can be used to prove an optimal solution in nonlinear-programming. Due to their
extensive presence in literature, this research will not completely elaborate on the KKT conditions; a
detailed explanation and proof on the KKT conditions can be found in [45], [46], [47].

The KKT conditions include stationarity, primal feasibility, dual feasibility and complementary slackness
for the local optimum and the optimization problem. The first step in obtaining the KKT conditions is
setting the Lagrangian gradients equal to zero. This results in the following stationary conditions:
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aL(E‘C' :ulg' “ZQ' /.L3d, M4SJ #sg: ,Llég, #7‘1: #851 /1)

=Pgru+y1g—y5g+/1=0, Vg €G

U
ary
(526 )
OL(EC, Wy ) o, U3 Hags M K6 s M7 4o Hggr A)
— daTD T :_PgrD+llzg_lleg—/1=0, Vg EG
g
(527)
OL(EC, 1, ) H3g Bag s o Mo st gy L)
L9 ‘;qshedg ¢ = P54 4y, —py, +A =0, VdED
d
(528)
aL(ECrul N nu4shu5 yHe 0 U7 'MSSJ)D
— daquill = :_PSRS-I_‘U"I'S_'“BS_A:O’ Vs€S
S
(529 )

Secondly, the complementary conditions have to be derived from inequality constraints eq. 5.18-5.23
and their respective dual variables. Also, the KKT condition dual feasibility implies non-negativity for
all involved inequality constraints. From both conditions, the following complementary conditions can
be derived:

O0<RJ -7/ Lu, 20, VgeG

(5.30)
0<Ry—17 Ly, 20, Vg€eG
(531)
0<qi’—qi"* Lpus, >0, VdeD
(5.32)
os(q?s+ Aq?s)—qssl’mlmszo, Vs €S
(533)
OSrgUlyg,gzO, Vg €G
(5.34)
0<77 L pg, 20, VgeG
(535)
0<qi L p,,>20, VdeD
(536 )
0<qP™ 1 pg 20, Vs€S
(5.37)
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The total number of dual variables (and thus decision variables) in the dual problem can be reduced
by rewriting the partial derivatives (eq. 5.26-5.29). The dual variables Hs g ey M7, and ug_ can be

rewritten as follows:

s, = pyY +m,+4 VgEG

'Llég:—PgrD'l"uzg_A, ngG

py, =P + 3, +1, VdeED

pg, = =P +u, —2, Vse€S

(538)

(539)

( 5.40 )

(5.41)

Since Hs g Mo gr H7 4 and pg_are non-negative, as provided by eq. 5.34-5.37, they can be excluded from

the model formulation as depicted in eq. 5.38-5.41 by simply making the equations non-negative as

follows:

0<7/ L PAY+m,+120, VgeG
OSrgDJ_—PgrD+u2g—/120, Vg €G
0<qi L Pi"™ +pu;,+1=0, VdeD
0<qP" L —PRS+p, —120, Vs€S
Pg”’+ylg+/120 ,VgEG
—PgrD+,uzg—/120 ,Vg EG
P"? + uz, +220 ,vd €D

—PfS +py, —120 ,Vs€S

(542)

(5.43)

(544 )

(5.45)

(546 )

(547)

(548 )

(5.49)
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The final KKT condition, primal feasibility simply tells us that every solution must satisfy the constraints
in the primal problem (eq. 5.2-5.14).

Step 4. derive the dual of the inner problem

Havin derived the KKT conditions, the next step involves deriving the dual problem (or simply dual) of
the inner problem. The dual problem of the inner problem can be obtained by removing the decision
variables and parameters of the outer problem from the Lagrangian function (eq. 5.25), which are seen
in the inner problem as constants. Secondly, the complementary conditions eq. 5.46-5.49 are used as
constraints of the dual problem, while the dual feasibility conditions ensure non-negativity for the
inequality dual variables. This results in the following dual inner-problem:

M@y o giigd 2 DG = Dt 4 RY iy ¥ RE = s+ g5 =y, (@l + gl

SES JEG deD SES
( 5.50 )
s.t.
PgrU+ulg+/12 0 ,VgEG
( 5.51)
—pyP +Up, —A20 ,VgEG
(552)
P"* + 3, +220 ,vd €D
(553 )
P +pu, —120 ,VseS
(554 )
Py M2 g M3 g Hag = 0,vseSvdeDVgeG
( 5.55 )
Afree
(556 )

Now that the dual problem has been constructed in the form of a max-problem, hence it can simply
be merged with the second-level decision stage of the same form. This merging results in the following
inner-problem:

RS U D RD
maxﬂlgv#ng#3dl#4srllAq§S Az Aqs - 2 ‘Lllg * Rg + ‘leg * Rg - z #Sd * qd
SES geG deD
- Z Hay(a5° + Ag®)

(557 )
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s.t.

|AgRS| < AgRS™™*  yses

( 5.58 )
A RS
Z |Ags™| <T
AqRS,max
qgeG — 1S
( 5.59 )
FjV+u,+120 ,VgeG
( 5.60 )
—P;D+u2g—/120 ,Vg € G
( 5.61)
P"* + 3, +220 ,vd €D
(562 )
—P +pu, —120 ,Vs€eS
( 5.63)
,U.lg,/lzg,,u3d,,u4sZO,VSESVdEDngG
( 5.64 )
Afree
(565 )

Step 5. Linearize the bilinear terms

Now an inconvenience arises when looking at the objective function of the inner problem (eq. 5.57),
as the following parts of the function contain bilinear terms:

( 5.66 )

z s (a8 + AgFS)

SES

(567)

While bilinear optimization problems can be solved, finding optimal solutions is computationally
demanding as the solution space increases exponentially with the problem size. In computational
complexity theory, these problems are therefore generally classified as non-deterministic polynomial-
time (NP) hard problems [48]. By linearization of the bilinear terms through an outer-approximation
(OA) algorithm, the C&CG algorithm can solve the bilinear optimization problem with significantly
reduced computational time without reducing solution optimality [43].
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In the OA algorithm, the dual problem inner-problem as described in eq. 5.50-5.56 is solved for a fixed

feasible value of AgRS (called u,) such that u; € U, in which U is the uncertainty set. In this first

iteration j, the solution of the dual inner-problem is fixed as py, , 4y, ~’“3dj’u4sj’}{j’ Aqﬁsj. With the
J j

fixed values of the dual inner-problem solution, the bilinear terms in the inner-problem of eq. 5.66 and
5.67 are linearized as follows:

11 (2,4, 8055, AqE ZAq§S,+(A Ay) * ZAqé“’ + 2 *Z(Aq — A5 )

SES SES

(568 )

L2 (u4s.u4sj.Aq 5,005 , q5)

Z Mo, *(a5° +Aq°)) + (Z Hag = Hag ) * (45° + g5 )

SES j SES
+Zu4sj « ((aF° +8q8%) = (g + 8qF¥))
SES
(569 )
s.t.
B < 11(2,2,0055,0q85))  vj
(570 )
y < 12 (pay, Hag 0457, 0g5° , g ) v
(5.71)

The terms as provided in eq. 5.68 and eq. 5.69 show the linearized terms of the bilinear terms eq. 5.66
and 5.67. The two constraints added to the problem, eq. 5.70 and 5.71, ensure that the inner-problem
solution is at least equal or better than the solution of the dual inner-problem.

The resulting complete notation of inner-problem becomes:

U D RD
— * * — * —
AXy, by bt s AbaRS P Z Ha, * Rg + bz, * Ry Z M3, *qa” —Y

geG deD
(572)
s.t.
|AgRS| < AgFS™™* vseS
(573)
A
:E: | QS I <T
AqRSmax

qeaG

( 5.74 )

Pg”’+ulg+/120 ,VgEG
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(575)

PP +pp, —120 ,VgEG

(5.76 )
Pi"? + y3, +220 ,vd €D
(5.77 )
—PfS +py, —2120 ,Vs€S
(5.78 )
B g M2 g M3 g Hag = 0,vseSVdeDVgeG
(5.79 )
A free
( 5.80 )
B < L1(A 4,005,805 ) V)
(5.81)
y< L2 (l’l4s .‘145 ,Agy S'ACIS J'CIS ) ,Vj
(5.82)
In which
11 (2,2, 0055, Aq%5 ZAq§51+(/1 )+ ZAq§5 + *Z(Aq
SES SES
( 5.83)
L2 (u4s,u4s j,Aqs 5,0q58 a5 )
Z Ha, = (@55 +0q5° ) + (Z Hag = Hag ) * (57 + Ags®,
SES j SES
+ 2 Hag, * (057 + 845°) = (45° + 4q57 )
SES
(5.84)

After solving the inner-problem, the solution values of u1g,/izglu3d,u4s,l,Aq§5 become

Mg H2g; BBy sy
are again inserted in the dual inner-problem as provided in eq. 5.50-5.56. This process is repeated until
the objective value of the dual inner-problem becomes equal to the objective value of the inner-
problem, i.e. when convergence is met. When convergence is met, the (optimal) solution values of

Mg Ha g H3gs Hag A, AqRS are provided to the outer-problem.

/1j+1,Aq§Sj+1, and the next iteration is initiated. The solution values

Step 6. Add constraint to the outer-problem

Figure 3 below provides a visualization of the working principles of the C&CG algorithm. In the graph,
the outer-problem is dubbed the Bender’s Decomposition (BD) Master Problem, while the OA
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Subproblem and OA Master Problem are respectively the inner-problem and dual inner-problem. As
can be seen from Figure 3, the C&CG algorithm is constituted of multiple loops; only the Outer
Approximation loop has been treated thus far. The working principle of the BD Subproblem loop will
be treated in Step 6.

— BD Master Problem |

* BD Subproblem

A Subproblem |

!

OA Master
Problem

Figure 3. Flow chart of the proposed two-level algorithm. SFT stands for
simultaneous feasibility test, where security constraints, such as N-1
constraints, are tested at current solutions and violated constraints are added
sequentially [43].

An additional decision variable a is added to the outer-problem as provided in eq. 5.17-5.24, making
use of the solution values py , iy ), U3 Hagr A AqES of the optimal solution of the OA algorithm. The

decision variable a is added to the objective function of the outer-problem as follows:
minECZ 70« prU — D« pIP 4 Z PRS « (AqRS — qsspill) N Z pshed 4 gshed |
geaG SES deD

(585)

Whereafter a is subjected to the following constraint:

az= ARZAq§Sk - Z H,, * Ry + 2y *RG — Z M3, *Ad° = stk * (g8 +AqFS,) kvK
SES geG deD SES

(5.86)

By augmenting the outer problem objective function with the constrained « iteratively, it is ensured
that for each iteration (k) of the BD subproblem loop an improved solution is found. This loop will
continue until no further improvements are found by the augmented outer problem; the resulting first-
stage decision variables as denoted by ZZ will be the optimal solution for the Robust model and will
be subjected to the in-sample and out-of-sample scenarios to measure performance.

3.2 Key performance indicators
To compare the performance of robust- and two stage stochastic optimization in DA market clearing,
a set of KPIs will be defined. While the objective functions of the optimization models are oriented
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towards maximizing SEW, the KPIs offer insights in the nuances of each individual market clearing
mechanism. The KPIs are selected on the basis of the following three different performance criteria:
(1) maximizing SEW, (2) the integration of VRES in the system and (3) the system security of supply.
Each performance criteria is assigned a sub-section in which the drafting of corresponding KPIs will be
explained.

3.2.1 Maximizing SEW

The maximization of SEW is the main objective of EUPHEMIA, the algorithm used for coupling supply
and demand in the European DA markets [39]. Maximizing SEW is ought to provide for affordable
electricity for all market participants in a social- and cost effective manner, leading to long-term
economic growth [5]. From the SEW resulting from the optimization of the DA market clearing, two
performance indicators can clearly be identified; (i) the consumer surplus and (ii) the producer surplus.
The consumer surplus can be described as the cumulative underbid of all accepted demand bids
compared to the determined MCP, while the producer surplus can be described as the cumulative
overbid of all accepted supply bids compared to the determined MCP. An adaptation of Figure 1 is
made to visualize the consumer surplus and producer surplus in Figure 2 below.

energy
price

J_,— supply curve

|

At

market clearing quantity

Consumer surplus
market

clearing

PIes Producer surplus

demand curve

energy
quantity

Figure 2. Visualization of the consumer surplus and producer surplus

While the SEW only describes the total welfare of the whole power system, the consumer surplus and
producer surplus KPIs help to identify which group of market actors is benefiting under each DA market
clearing model.

The formulas used to calculate the consumer surplus and producer surplus are as follows:

ConsumerSurplus = Z qiP « P, — z ql «Mmcp

deD deD
(6.1)
ProducerSurplus = Z q5 * MCP + Z qs * MCP — Z q5 * Py — Z qs * P,
geG SES geG SES
(6.2)
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In which the MCP is set equal to the intersection point of the lowest accepted supply bid price and the
highest accepted demand bid price. In case of an imparity between the two prices, the lowest supply
bid price will be used as the MCP.

To account for the costs associated with balancing supply and demand, a third KPl is introduced. While
the two above mentioned KPIs are determined the day before during DA market clearing, potential
imbalances from realization of stochastic producer output bring along costs for liable market actors.
Moreover, recurring grid imbalances raise costs of all network users, impacting the SEW over time.

3.2.2 Integration of VRES

As mentioned earlier, the integration of VRES in the energy mix of the European power system is one
of the primary goals and challenges of the EU in the upcoming decades [3], substantiating its selection
as a performance criterium. The integration of VRES in the energy mix will be evaluated on (i) the
revenues of stochastic producers, (ii) the share of VRES in the energy mix and (iii) the utility of the
investments of stochastic producers.

The first KPI corresponding to objective (i) is the producer surplus of stochastic producers. As
mentioned in section 3.2.1, the producer surplus is an indicator of added value to producers; likewise,
the stochastic producer surplus indicates the added value to stochastic producers. This KPl is presented
both as the stochastic producer surplus after DA market clearing, as well as the resulting profits after
having paid potential imbalance costs. The formulas used for calculating the Stochastic producer
surplus and the stochastic producer profit are as follows:

StochProducerSurplus = Z qs * MCP — Z qs * P,

ses ses
(6.3)
StochProducerProfits = 2 qs * MCP — Z qs * P, — Z ry * PyU — Z pShed « gshed
SES SES geG deD
(64 )

Please note that only the costs resulting from imbalances are subtracted from the stochastic producer
surplus, namely the activation of upward reserves and costs resulting from load shedding events.

Secondly, the KPI corresponding to objective (ii) is the share of VRES in the electricity mix. To calculate
the share of VRES in the energy mix, the total amount of accepted stochastic supply bids is calculated,
whereafter the amount of activated upward reserves and curtailed demand are subtracted and the
amount of activated downward reserves is added. Finally, the used stochastic producer output is
divided by the total delivered demand, which is equal to the amount of accepted demand bids minus
the curtailed demand. The share of VRES is calculated as follows:

hed
ZSES qg + ZgEG rgD - rgU - ZdED qcsi ¢

shed

VRES = 100 *
Yaep 93° —a;

(65)

Finally, the amount of wind spillage in MWh is the KPIl to measure (iii) the utilization of investments of
stochastic producers. A low amount of wind spillage would indicate a higher degree utilization of

stochastic producer investments. The total amount of wind spillage is equal to Y. ;¢ qssz)ill.
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3.2.3 System security of supply

Given the vital role of electricity in societal functioning, reliability and security of supply of electricity
is paramount. However due to uncertainty of stochastic producer output, events can occur in which
demand cannot be met. The respective KPIs are needed to (i) indicate the frequency of load shedding
events under the analyzed approaches and (ii) indicate the magnitude of load shedding events under
the analyzed approaches. The first KPl is indicated by the percentage of simulated hours experiencing
load shedding events, while the second KPI indicates the total amount of switched-off MWh electricity
during the load shedding events. The following formulas are used:

hed
shed _ 2teT Lwea 2denlqaet. > 0]
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An overview of the performance criteria and corresponding KPls is provided in Table 1 below.

Performance criteria Key performance indicator

Maximizing SEW Consumer surplus €
Producer surplus €
Balancing costs €

Integration of VRES Stochastic producer surplus €
Share of VRES in electricity mix %
Amount of wind spillage MWh

System security of supply Frequency of load shedding events %
Magnitude of load shedding events MWh

Table 1. Overview of performance criteria and KPlIs

3.3 Data collection

While a big amount of data is freely available on the internet, collecting data for the purpose of
electricity system modelling raises concerns on cost barriers and legal barriers from copyright- and
privacy restrictions. An overview of available data sources for energy system modelling was provided
by [49], also describing the limitations of the available data sources. In the clear absence of available
data, assumptions will be made.

To replicate the DA electricity markets for the simulation runs, the constructed datasets need to
include and resemble (1) the bidding quantities and prices of the demand- and supply bids, (2) the
bidding quantities and prices of capacity reserves and (3) the uncertainty of output realization of
stochastic producing units. For each objective, a sub-section will be provided to explain the method of
creating the data for the country’s respective dataset.
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3.3.1 Day-ahead market bids

In this sub-section, the method of collecting the data and constructing the model datasets of the
guantities and prices of the DA market bids will be treated. First, the methods of constructing the
datasets of the market bids of the producers (Section 3.3.1.1) and consumers (Section 3.3.1.2) will be
explained , whereafter Section 3.3.1.3 provides an overview of the made assumptions and limitations
of the methods.

3.3.1.1 Supply bids

Both supply- and demand bids of individual market participants are sent for each timestep to the
bidding area’s PX, after which an order book is constructed to calculate the MCP. While market data
of the DA wholesale electricity market is made available by the bidding area’s PX, bidding data of
individual market participants is disclosed in compliance with the Regulation on wholesale Energy
Market Integrity and Transparency (REMIT) No. 1227/2011, Article 9.3. Among privacy regulatory
reasons, bids of individual market participants are commercially sensitive information as it reveals a
market participant’s bidding strategy. Wholesale electricity market bidding strategies have been
extensively covered in literature, explaining the market mechanics and motivations behind the
strategies [50] and modelling bidding strategies in Multi-Agent models combined with reinforcement
learning [51] [52]. However, reconstructing the supply bids while taking into account the bidding
strategies of market participants is well beyond the scope of this research. Therefore, a point forecast
bidding strategy will be used for the Stochastic producers, in which the forecasted amount of output
determines the bidding quantity.

Due to the unavailability of the order book data, a different approach is used to reconstruct the supply
bids of the different wholesale electricity markets. The technical nominal power (TNP) of generating
units, which is openly available, is used to determine the quantities of the supply bids of the
conventional producers, while the marginal costs are used as the prices of the supply bids. The
marginal costs are calculated by adding the fuel costs in $/mWheecericity to the costs of CO, in
$/tonnec,,. While this approach does not take into account the bidding strategy of the generating
units, this approach will naturally reflect the actual merit order to economically optimize the supply of
electricity.

The datasets of the active generating units in both the Netherlands, France and Germany are taken
from the Open Power system Data (OPSD), a platform created for facilitating the collection of data for
power system modelling from publicly available sources [53].

3.3.1.2 Demand bids

For each 15-minute timestep, the Entso-e Transparency platform provides the actual load in MW.
However, this data only includes the accepted (and delivered) quantities of demand, not indicating
unaccepted submitted bids. While EPEX, the PX responsible for the Dutch, French and German
markets, does provide the aggregated curves for each individual hour, this data only includes the
current- and previous day, not allowing to collect longitudinal data on demand bids. Moreover, the
aggregated curve data is provided only as a readable graph, not allowing easy extraction of data in
table form [54]. Due to the absence of the order book data of demand bids, certain assumptions have
to be made in constructing the demand bid quantities and prices.

From the EPEX market data access platform, aggregated demand curve data is gathered from the
period of May 19™ 2023 until May 25™ 2023. For this time period, the demand order bids are
categorized in 49 price steps ranging from 4000 €/MWh to 0 €/MWh. The submitted demand bid for
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each price category is expressed as a percentage of the total demand for each individual hour. While
negative bids can be submitted in reality, the use of marginal costs as the supply bid prices in this thesis
eliminates the possibility of negative supply bid prices; the negative demand bids from the aggregated
demand curve data are added to the 0 €/MWh price step. In Appendix A, an overview of the demand
bid distributions is provided.
From the Entso-e Transparency platform, the total amount of accepted (and delivered) demand is
provided for each country in 15-minute timesteps. The hourly average (00:00 —00:15 until 00:45-01:00
will be t = 1 for example) will be used to reconstruct the demand bids.

Four individual days will be simulated in the simulation runs. These days are picked at random, only
being constraint to 1 day per season. The total accepted demand, as available from the Entso-e
Transparancy platform, of these days will be used in the simulation runs. To take into account the
unaccepted demand bids, the total submitted demand for each country is assumed to be 25% higher
compared to the observed accepted demand from the aggregated demand curve data. Further
information on the selected days will be provided in Section 3.3.4.

To provide an example; on a certain day, the total accepted demand will be equal to 10,000 MW at a
certain hour. The 10,000 accepted demand will be equal to 12,500 MW in total submitted demand
bids. For each individual case study 49 demand bids will be constructed (Appendix A), multiplying the
percentage of each price range with the 12,500 MW total submitted demand bids.

Finally, the price of shedding events has to be determined. For the Netherlands, a study was conducted
by the Autoriteit Consumenten Markt (ACM) which determined the Value of Lost Load (VolLL) at 68,887
€/MWh for consumers [55]. However, a notable difference is observable in the results from the study
conducted by CEPA in 2018, indicating a VoLL of 22,940 €/MWh for the Netherlands, 6,920 €/MWh for
France and 12,410 €/MWh for Germany as a domestic average [56]. While both studies have used
different methods in the estimation of the VoLL for the different countries, the numbers as provided
by CEPA will be used in this thesis because of the provision of both the Netherlands, France and
Germany in a single study, ensuring consistency between the countries in the used method. Table 2
below provides an overview of the VolLL.

Country The Netherlands France Germany

Shedding costs[€/MWHh] 22,940 6,920 12,410
Table 2. Overview of the Value of Lost Load (VoLL) for the different case study countries

3.3.1.3 Assumptions and limitations

A first assumption made is setting the price of the supply bids equal to the marginal costs of each
individual generating unit, excluding the plant operator’s bidding strategy. Considering the exclusion
of ramping costs and ramping rates in this thesis, generating units will not apply bidding strategies to
gradually ramp-up their generation. The impact of this exclusion on the model results is rather unclear;
while the inclusion of ramping costs would increase the marginal costs of electricity production, supply
bid strategies have been found to affect demand bidding strategies through market oriented demand
response, potentially leading to lower electricity prices [57][58].

A second assumption made is the uniformity of the demand bid distributions for each day and hourly
timestep. In reality, demand bid distributions are heavily influenced by market responses. High
forecasted yields of wind energy increase the amount of lower-price demand bids, while peaks in
demand increase the amount of higher-cost demand bids. In this thesis, a uniform demand bid
distribution is used for each different simulation day; only the quantities differ between the days.
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A third assumption is the bidding quantity of stochastic producers, which is set equal to the DA initial
forecast. In reality, stochastic producers would apply a more robust bidding strategy to decrease the
chance of underproduction compared to the accepted bidding quantity, resulting in penalty costs due
to imbalances. Considering the stochastic- and robust DA market clearing models make use of wind
profile scenarios to address uncertainty, this assumption will have the most impact on the results of
the deterministic DA market clearing model.

3.3.2 Reserve bids

In this section, the method of constructing the datasets of the reserve procurement bids and reserve
activation prices will be treated. Section 3.3.2.1 explains the method of determining the quantities and
prices of the reserve procurement bids, as well as the amount of reserve procurement for the countries
in the case study, while the method used to determine the prices of the activation of the reserves is
treated in Section 3.3.2.2. Finally, section 3.3.2.3 provides an overview of the made assumptions and
limitations of the used methods.

3.3.2.1 Reserves procurement

While actual data on reserve procurement bids is limited to the Entso-e Transparancy platform, which
only discloses averaged prices and cumulative bids for each 15 min timestep, the ancillary service
market is heavily regulated which provides an opportunity for substantiated assumptions. Since the
DA market clearing models operate on 1-hour timesteps, primary- and secondary control reserves are
not accounted for in the data collection, only treating manual Frequency Restoration Reserves (mFFR).
Due to differences in regulations, this section is divided for each individual country.

The Netherlands

In the Netherlands, each generating unit is obliged to submit reserve bids if they produce >60 MW,
while smaller connections can voluntarily place bids. Bids are required to be 20 MW at minimum [59].
Due to the 1-hour timesteps used in the models, bids are placed (and consequently) paid in €/MWHh.
Reserve procurement bids can be either upward (providing energy in case of shortages) or downward
(in case of abundance). In actuality, a certain amount of mFFR reserves are contracted annually for a
fixed price; in this thesis, we assume a bidding mechanism for each respective timestep.

As provided by Tennet, the TSO in the Dutch electricity market, the minimal amount of accepted
upward mFRR procurement is settled at 350 MW, while accepted downward procurement is settled
at 200 MW [60]. This minimal amount of procurement is settled to ensure reliability of the transmission
of electricity in case of an unexpected drop in generation or demand.
To meet the above mentioned requirements, the upward- and downward mFRR bids are determined
by assuming each generating unit >200 MW TNP will submit a bid equal to 10% of the TNP. The fixed
amount of upward- and downward procured reserves for the Dutch case study is set equal to:

Fixed%etherlands =350
(71)
Fixedl?letherlands =200
(72)
France

In France, mFRR bids are to be submitted to the RACOON platform in €/MWh for each time block.
Notably, RTE makes a discrepancy for annually contracted mFRR capacities able to be activated in 13
minutes for a period of 2 hours (500 MW total) called reserve rapide and capacities able to be activated
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in 30 minutes for 4 hours (250 MW total) called reserve complementaire [61]. The total amount of
mMFRR capacities required is totaled at 1000 MW, not specifying either upward- or downward as per
Article L.321-11 of the French Energy code, with 750 MW annually contracted. Generating units are
however to submit bids; in case of an increase in economical performance, submitted bids may be
chosen over accepted annually contracted bids which are paid a compensation [62]. In this thesis, the
1000 MW is assumed either upward- and downward reserve procurement, without taking into
consideration the annually contracted mFRR reserves; all reserves are procured from DA bids.
Generating units are not obliged to submit reserve bids, however bidding quantities are obliged to
total 10 MW at minimum [61]. Due to the absence of mFRR order book data, the assumption is made
that each producing unit with a TNP of >200 MW submits a bid of 5% of their TNP as upward- and
downward mFRR reserves. This assumption will provide enough reserve capacity for the market to
comply to the 1000 MW upward- and downward reserve procurement requirement, leaves enough
reserves to increase procurement if ought to be necessary by the TSO and complies to the 10 MW
minimum reserve bid quantity. The fixed amount of upward- and downward procured reserves for the
French case study is set equal to:

FixedY, gnce = 1000
(73)

Fixed?®, 4nce = 1000

(7.4)
Germany

In Germany, mFRR bids are submitted in steps of 1 MW upward or downward in €/ MWh, with a
maximum of 9.999 MW. Bidding parties are allowed to declare their bid undividable up to 25 MW [63].
No requirements are set for generating units to submit a minimal bid. The assumption is made that
every >100 MW TNP generating unit is submitting a reserve procurement bid for 5% of the total TNP.

The minimum amount of accepted upward mFRR procurement is settled at 2048 MW, while accepted
downward procurement is settled at 1131 MW [60]. To meet the above mentioned requirements, the
upward- and downward mFRR bids are determined by assuming each generating unit >200 MW TNP
will submit a bid equal to 10% of the TNP. The fixed amount of upward- and downward procured
reserves for the German case study is set equal to:

Fixedgermany = 2048

(75)
Fixed@ermany = 1131

(7.6)

Please note that the above mentioned procurement constraint eq. 7.1-7.6 only apply to the
deterministic DA market clearing model; the Stochastic and Robust DA market clearing models make
use of the wind profile scenarios and uncertainty set to optimize dispatching of reserve procurement
and activation.

3.3.2.2 Reserve capacity activation
The prices of reserve capacity activation are different for both the Netherlands, Germany and France.
In the Netherlands, the price of reserve activation is contracted at either the generating unit’s marginal
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cost plus 10%, the EPEX day ahead market (DAM) price +200 €/MWh or at least +200 €/MWh
whichever is higher [64]. For the French and German markets, reserve activation prices are included in
the reserve bids, which are not openly available. Due to the absence of data on reserve capacity
activation prices, the assumption will be made that upward- and downward reserve capacity activation
costs are derived from the marginal costs of the generating units. For upward reserve procurement
producers are receiving 60% of the marginal cost, while receiving an additional 60% of the marginal
cost in the case of upward reserve activation. For downward reserve procurement producers are
receiving 110% of the generating unit’s marginal cost, while having to pay 90% of the marginal cost
back to the TSO for downward reserve activation. Please note that in the case of downward reserve
capacity activation a generating unit has already received at least their marginal cost + 10% as payment
for electricity; 20% of the marginal costs are received at minimum for ramping down generation. This
mechanism ensures an economic incentive for electricity producers to submit reserve bids.

An overview of the reserve bid quantities and prices is provided in Table 3 below.

Bid characteristics The Netherlands France Germany

Reserve procurement 10% of TNP 5% of TNP 5% of TNP

quantity [MWh] (=200 MW TNP) (=200 MW TNP) (=100 MW TNP)
Upward reserve 80% of marginal cost | 80% of marginal cost 80% of marginal cost

procurement price [€/MWh]

Downward reserve Marginal cost + 10% | Marginal cost + 10% Marginal cost + 10%
procurement price [€/MWh]

Upward reserve activation 60% of marginal cost | 60% of marginal cost 60% of marginal cost

price [€/MWh]

Downward reserve Marginal cost —10% | Marginal cost — 10% Marginal cost — 10%
activation recovery [€/MWh]

Table 3. Overview of reserve procurement and reserve activation prices and quantities of the case study countries

3.3.2.3 Assumptions and limitations

The first assumption made is the exclusion of automatic Frequency Restoration Reserve (aFRR) and
Frequency Control Reserves (FCR) from the DA market clearing models. Considering the timesteps used
inthe models are 1-hour, the inclusion of aFRR and FCR is not possible due to their respective operating
timeframes. Additional costs for aFRR and FCR are not taken into consideration in this thesis.

The second assumption made is the price of the reserve procurement bids. In reality, conventional
producers sent bids based on the amount of imbalance, bids of competitors and the costs of ramping
up and down for the generator. Due to limiting uncertainty only to stochastic producers and the
exclusion of ramping costs and -limits in this thesis, pursuing a method to replicate the reserve
procurement bid prices would remain redundant.

The third assumption made in this thesis is the exclusion of reserve activation failure. In the case of
reserve activation failure, contracted generating parties are obliged to pay a penalty sum to the area’s
TSO [61][60]. This assumption is in line with this research’s general assumption to not take technical
failures into account; uncertainty is limited to the realization of stochastic producer output (i.e., wind
power). However, this causes a notable contradiction when looking at the minimum reserve
procurement requirements for each individual country; these minima are determined based on the
premise that, besides demand load uncertainty, reserves have to be procured for potential technical
failures. A risk analysis will be performed to determine the impact of the different DA market clearing
models on the amount of required reserve procurement.
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3.3.3 Day-ahead wind power uncertainty

Despite improvements in forecasting of wind energy, DA forecasting accuracy is still far from
satisfactory, leading to additional costs up to 10% of the generator income [65]. Forecasting errors
have been observed to increase significantly with higher timeframes as close to four hours ahead [66].
While initial research focus was emphasized on improving forecasting wind power generation
capabilities, the past decade has seen an increased interest in utilizing DA forecasting error
distributions to averse financial risks for wind farms on the DA electricity market.

Research on DA forecasting errors has proven difficult due to the unavailability of forecasting data, as
well as actual generation data which is usually disclosed by wind power farm operators. While data on
generation forecasts is provided by TSOs, historical data on actual generation is only construed from
accepted bids and delivered electricity, rather then the maximum (potential) yield by the wind farm
during the time period. A platform created to tackle the problem of VRES profile generation was
RESgen, described as ‘an open-source platform for space-time forecasting of renewable energy
generation’ [67]. Initially designed for the Western part of the USA, work by [68] has added a list of
applicable countries for RESgen including the Netherlands, France and Germany. A notable benefit of
RESgen is the ability to generate forecast scenarios of up to 90 hours lead time, increasing the forecast
uncertainty with the increasing amount of hours lead time. With gate closure time for the DA market
at 12:00 pm in both the Netherlands, France and Germany, the lead time of wind power forecasts
ranges from 12 hours to 36 hours lead time, which can be included in RESgen’s scenario generation.
The amount of wind-farm locations for each individual country will be determined in Section 4 in the
case study descriptions.

The wind profile scenarios created by RESgen can be directly inserted into the Stochastic DA market
clearing model. However, the budget of uncertainty for the ARO DA market clearing model has to be
determined, trying to find a trade-off between conservativeness, risk and opportunity [69]. As
mentioned by [70], the budget of uncertainty can vary widely between different purposes, ranging
from very tight budgets in construction engineering or somewhat more loose budgets for commercial
inventory management. Determining the budget of uncertainty for stochastic producer output evokes
a duality; due to the stochastic nature of weather forecasting a statistical approach with a large number
of scenarios can be utilized to determine the risk factor and thus the budget of uncertainty [71], or a
sensitivity analysis can be performed to observe the effect of the budget of uncertainty on the model
results [72].

In this thesis, the uncertainty set will be derived from the generated stochastic output scenarios by the
same mehtod as conducted by [16]. For each individual timestep, the highest- and lowest stochastic

output realization will be taken (g27 and g=>) which will be used to determine the range of deviation

in stochastic producer output to {Aqg"s ER |q;’?/§ —qRS < AqRS < ¢Bs — q§5} Vs €S.

The budget of uncertainty will be determined using the following equation:

Ny
r=-=
2

(7.7)
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In which N; indicates the total number of wind farms for each individual case study. This budget of
uncertainty will be used during the case studies. After, a sensitivity analysis will be performed (Section
4.4.1) to test the effect of the budget of uncertainty on the KPI results.

3.3.3.1 Assumptions and limitations

The main limitation of the use of RESgen is its inability to specify exact locations with their latitudes
and longitudes. While RESgen does have a limited number of default locations in its source data
containing coordinates to utilize the spatial characteristics of each location, it does not, however, offer
the option to choose specific locations. It only allows for selecting the quantity of locations for which
scenarios will be generated. RESgen is not able to differentiate between off-shore and on-shore wind
farm locations in its scenario generation, therefore not taking into account the higher degree of
uncertainty in on-shore wind power forecasting due to physical interference with objects on land or
the higher observed wind speeds over water surfaces [73].

3.3.4 Seasonality

To include seasonality in the datasets, for each season one day will be selected at random using a
random number generator from the python Random-library. The selected days are May 8" 2023,
December 20" 2022, September 13 2022 and March 2" 2023 for both the Netherlands, France and
Germany. In each case study description, a short overview will be provided of the demand load- and
wind profile patterns for each of the four simulation days.

3.4 Data analysis

In this section, the methods of conducting and analyzing the model simulations will be provided. The
total number of generated wind profile scenarios will be divided in two sets; the in-sample forecasts
and out-of-sample forecasts. No general rule is constructed in setting the amount of scenarios for
either stochastic- and robust optimization, however work by [74],[75],[76],[77] and [78] applied a
range of 10 to 250 scenarios. For the simulation runs in this research, a total of 105 scenarios will be
generated using the RESgen platform, divided into the in-sample scenarios (53 scenarios) and the out-
of-sample scenarios (52 scenarios). After providing the case study results, a sensitivity analysis will be
performed on the in-sample size for the Stochastic model.

The stochastic- and ARO Da market clearing models will run on the in-sample scenarios to retrieve an
optimal solution. After the optimal solution has been found, it will be tested iteratively through all in-
sample scenarios and out-of-sample scenarios to retrieve the KPI results; the results of both the in-
sample and out-of-sample runs will be provided separately.

3.5 Model computation

The Deterministic-, Stochastic- and Robust DA market clearing models are written in Python 3.9 using
the Spyder v5.1.5 Integrated Development Environment (IDE) in the Anaconda v23.3.1 Graphical
User Interface (GUI). The solver used in the models is the Gurobi solver available in the gurobipy
library made by Gurobi TM using the full academic license [79]. The model simulations are performed
with an Intel(R) Core(TM) i5-10400 CPU 2.90GHz.

37



4. Results

In this section, the descriptive results of the case studies can be found in Section 4.1 (The Netherlands),
Section 4.2 (France) and Section 4.3 (Germany). After, the results of the sensitivity analyses are
provided in Section 4.4. A comparison of the results of the case studies and sensitivity analyses is
provided in Section 4.5, which provides an interpretation of the observed case study results and the
working principles of the models.

4.1 Case Study 1: The Netherlands

Covering a size area of 41,543 km? and having a population of roughly 17.8 million inhabitants, the
Netherlands is one of the most densely populated countries in Europe [80]. Despite its relative small
size, the Netherlands has the 5™ highest GDP of all EU members and the 7™ highest total annual
electricity consumption [81][82]. As of 2021, electricity generation was mainly sourced by coal (14%)
and natural gas (46%), although use of fossil sources has been declining due to the shift to renewable
energy sources [83]. The historical high share of natural gas in the Dutch electricity mix can be allocated
to a negative public opinion on the use of nuclear energy, (recent) policies limiting the use of coal
sourced power generation and the availability of cheap natural gas due to the exploitation of large
natural gas reserves underneath the country’s surface [84].

4.1.1 Input data - The Netherlands

In this case study, the Dutch electricity wholesale market is simulated with 52 conventional producers,
48 demand loads from consumers and 5 wind farms (stochastic producers) for 24 consecutive hours
to test the different DA market clearing models. An overview and description of the wind farm
locations and the simulation days will be provided in sub-sections 4.1.1.1 and 4.1.1.2 below.

4.1.1.1 Wind farm locations - The Netherlands

As of 2023, the Netherlands has a total of 5,745 MW installed wind capacity on land and 2,987 MW
installed wind capacity off-shore [85], although tenders have already been submitted for a large
amount of off-shore wind farms [86]. To limit the amount of different locations of wind farms or even
individual wind turbines in the model simulations, the installed wind capacity will be subdivided into 5
different proximate spatial locations. An overview of the locations is provided in Figure 4 below:
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Figure 4. Overview of stochastic production locations — The Netherlands

A description of the five wind locations is provided below:
Flevoland region

As per [b], a total of 1,647 MW installed on-shore wind capacity is placed in the province of Flevoland.
To limit the amount of different wind farm locations, the installed capacity of the provinces Gelderland
(235 MW) and Overijssel (88 MW) will be added to the Flevoland region, adding up to a total installed
wind capacity of 1,970 MW.

Northern region

The installed wind capacities in the provinces of Friesland (618 MW), Groningen (830 MW) and Drenthe
(271 MW) are added together to form the second location, the Northern region with a total installed
capacity of 1,719 MW [85].

Southern region

The Southern region constitutes of the provinces of Zeeland (573 MW), Noord-Brabant (427 MW) and
Limburg (120 MW) with a total installed wind capacity of 1,120 MW [85].

Holland region

The provinces of North-Holland (720 MW), South-Holland (770 MW) and Utrecht (34 MW) form the
Holland region with a total installed capacity of 1,524 MW [85].

Off-shore

To simplify the process of determining the wind farm locations, all off-shore wind capacity will be
allocated in a single location. This off-shore wind capacity will include the Wind farm locations Egmond
aan Zee, Princess Amalia, Luchterduinen, Gemini, Borssele I-Il and Borssele IlI-IV, having a cumulative
share of roughly 28% of the total installed wind capacity (2,460 MW) [85].

An overview of the wind farm locations of the Netherlands is provided in Table 4 below.
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Region name \ Installed wind capacity (MW)  Share of total capacity

Flevoland region (W1) 1,970 22.4%
Northern region (W2) 1,719 19.5%
Southern region (W3) 1,120 12.7%
Holland region (W4) 1,524 17.3%
Off-shore (W5) 2,460 28.0%
Total 8,793 100%

Table 4. Overview of wind farm locations — The Netherlands

4.1.1.2 Simulation days - The Netherlands
In this sub-section, an overview of the demand load profiles and the DA wind generation forecasts of
the Dutch case study will be provided.

Demand load patterns

The demand load patterns of the four selected simulation days are presented below in Graph 1. As can
be seen, the demand load patterns of May 8" 2023, December 20*" 2022 and September 13" 2022 are
quite similar except for the total electricity consumption, which can be explained by increased
consumption for heating or cooling and seasonal differences in photovoltaic generation. The different
demand load pattern of March 2" 2023 can be explained by the Dutch spring break.
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Graph 1. Demand load patterns of selected simulation days (MW) — The Netherlands
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Forecasted stochastic output profile

The cumulative DA forecasted stochastic output profiles of the 5 wind farm locations are presented in
Graph 2 below. The profiles range from low- to high expected outputs and from moderate intraday
deviations to high intermittent profiles. Please note the forecasted generation profile of December
20" 2022; due to the high forecasted wind speeds, output production is expected to be near the
nominal capacity. However, these high wind speeds have an increased chance of nearing the cut-off
speed, i.e. the point at which wind turbines are shut-off to avoid potential damage of equipment.
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Graph 2. DA forecasted stochastic generation profiles of the four simulation days — The Netherlands

When comparing both the demand load patterns and the forecasted wind profiles of the simulation
days, as is provided in Graph 3 below, some notable observations can be made for the different
simulation days. For May 8™ 2023, the forecasted wind output nears the demand load during the mid-
day, while having a much smaller share during the morning, afternoon and night. For December 20"
2022, the demand load pattern as well as the forecasted wind output profile are the highest among
the simulation days. For September 13t 2022 and March 2" 2023, the low forecasted wind output is
expected to only fulfill a small share of the demand load.
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Graph 3. Demand load patterns (solid) vs DA forecasted wind profiles (dash-dotted) - The Netherlands
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4.1.2 Model results - The Netherlands

In this section, the model results of the DA market clearing models during the four simulation days are
presented for both the in-sample scenarios and out-of- sample scenarios for the Dutch case study. The
performance criteria as described in Section 3.2 will be treated in separate sub-sections.

4.1.2.1 Maximizing SEW - The Netherlands

The results of the four simulations of the Dutch case study indicate an increased total SEW when
applying the Robust model and the Stochastic model compared to the existing deterministic model.
For the Deterministic model, the simulation days of May 8™ 2023 and December 20*" 2022, which are
characterized by highly deviating stochastic output realizations for the in-sample scenarios, resulted in
the lowest observed SEW because the fixed amount of reserve procurement proved unable to address
the imbalances. Resulting load shedding events heavily affected the SEW, even resulting in a negative
SEW for December 20" 2022. The Stochastic DA market clearing model resulted in the highest SEW for
the in-sample analysis, followed closely by the Robust model. An overview of the in-sample scenario
SEW results is provided in Graph 4 below.
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Graph 4. SEW of in-sample scenarios for simulation days — The Netherlands

When observing the results of the out-of-sample simulation runs, some notable observations can be
made: the results of the deterministic model and Robust model are quite similar compared to the
results of the in-sample analysis, while the performance of the Stochastic model is decreased by 0.01%,
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Graph 5. SEW of out-of-sample scenarios for simulation days — The Netherlands
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0.3%, 0.08% and 0.1% during the four simulation days. An overview of the resulting SEW of the out-of-
sample scenarios is provided in Graph 5 below.

Consumer surplus

Looking at the results of the consumer surplus, rather small differences are observable between the
different DA market clearing models, as can be seen from Graph 6 below. Table 5 below provides a
numerical overview of the consumer surplus results of the different models.

1eg Consumer surplus - The Netherlands (8-5-2023) Sonsumer surplus - The Netherlands (20-12-2022)

e

Consumer surplus {€)
Consumer surplus {€)

Robust Deterministic Stochastic Robust Deterministic Stochastic

ESConsumer surplus - The Netherlands (13-9-2022)

1 s Consumer surplus - The Netherlands (2-3-2023)

Consumer surplus (€]
~
2
&
&

1760

Consumer surplus (€]

1755

1.750
Robust Deterministic Stochastic Robust Deterministic Stechastic

Graph 6. DA Consumer surplus for simulation days — The Netherlands

Simulation day Robust Deterministic Stochastic

08-05-2023 €6.701 * 108 €6.708 * 108 €6.704 * 108
20-12-2022 €9.148 * 108 €9.167 * 108 €9.152 * 108
13-09-2022 €7.762 * 108 €7.763 * 108 €7.763 * 108
02-03-2023 €8.720 * 108 €8.725 * 108 €8.723 * 108

Table 5. Overview of DA Consumer surplus during the simulation days — The Netherlands

The Deterministic model results in the highest consumer surplus. The Stochastic model results in an
average decrease of 0.06% in the consumer surplus, while the Robust model yields the lowest
consumer surplus with an average decrease of 0.09%. The differences in consumer surplus are mainly
caused by the differing quantities of accepted stochastic producer bids between the models. The
stochastic producer supply bids are placed first on the merit order because of their low marginal cost
(which is set to zero). Therefore, the Deterministic model accepts all submitted stochastic producer
bids, while the Stochastic model and Robust model take into account the potential costs due to
imbalances, resulting in a lower amount of accepted stochastic producer bids. This lower amount of
accepted stochastic producer bids result in i) accepting more expensive conventional producer bids,
which could result in a higher MCP or ii) rejecting otherwise accepted demand bids due to changes in
the merit order, which would both decrease the total consumer surplus. Although the more
conservative working principles of the Stochastic and Robust models result in a lower consumer
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surplus, the observed differences are considerably low (>1%), as can be seen from the numerical
overview as provided in Table 5.

Producer surplus

Looking at the producer surplus after DA market clearing, the Deterministic model significantly
outperforms the Stochastic and Robust model for the simulation days May 8" 2023 and December 20%"
2022, which were characterized by high amounts of forecasted wind output, while the differences are
far smaller for the simulation days September 13 2022 and March 2" 2023, which were characterized
by low amounts of forecasted wind output. An overview of the DA Producer surplus results is provided
in Graph 7 below.
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Graph 7. DA Producer surplus for simulation days — The Netherlands

The higher amount of accepted stochastic producer bids by the Deterministic model results in a higher
producer surplus. The producer surplus resulting from the Stochastic model is heavily influenced by
the output realizations from the in-sample scenarios, resulting in an average decrease of 13.2% of the
producer surplus due to a decreased amount of accepted stochastic producer bids. The Robust model,
constraining the amount of accepted stochastic producer bids to the amount of procured upwards
reserves to account for the worst-case realization, results in a relatively stable producer surplus during
the simulation days. However, an average decrease of 22.1% of the producer surplus is observed
compared to the Deterministic model, with the highest decrease during the simulation day of
December 20" 2022 with an observed decrease of 44.6% due to the high potential deviations in
stochastic producer realization from the forecast.

Balancing costs

The highest balancing costs result from the Deterministic model due to the occurrence of expensive
load shedding events. Interestingly, the Robust model and Stochastic model have higher average
reserve procurement costs compared to the deterministic model, while resulting in significantly lower
average costs from upward reserve activation. Moreover, the Robust model yields the highest reserve
procurement costs, while bringing about the lowest average upward reserve activation costs. The
average results of the in-sample and out-of-sample analysis for simulation day May 8" 2023 are
provided in Table 6 and Table 7 below.
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Model
Upward reserve procurement

‘ Robust
€1,722,645.96

Deterministic
€385,942.73

‘ Stochastic
€1,590,537.08

Downward reserve expenses

€0.00

€255,405.55

€0.00

Upward reserve activation €54,780.40 €278,225.04 €205,487.08
Demand load shedding €136,712.15 €284,419,352.51 €0.00

Table 6. Average balancing costs May 8th 2023 in-sample scenarios — The Netherlands
Model ' Robust Deterministic  Stochastic

Upward reserve procurement

€1,722,645.96

€385,942.73

€1,590,537.08

Downward reserve expenses

€0.00

€255,405.55

€0.00

Upward reserve activation

€52,809.96

€281,788.97

€196,157.39

Demand load shedding

€139,341.22

€280,011,641.37

€88,173.84

Table 7. Average balancing costs May 8th 2023 out-of-sample scenarios — The Netherlands

While the performance of the Stochastic model decreases when applying the out-of-sample scenarios
during the simulation day, balancing costs still decrease 2.1% compared to the out-of-sample balancing
results of the Robust model.

A complete overview of the average balancing costs is provided in Appendix B.1 and Appendix B.2.

4.1.2.2 Integration of VRES - The Netherlands
Stochastic producer surplus

The results of the stochastic producer surplus are quite comparable to the results of the producer
surplus treated in the previous sub-section 4.1.2.1. An overview of the results is provided in Graph 8
below. When comparing the results from Graph 7 and Graph 8, it can be observed that the results for
the producer surplus and stochastic producer surplus are quite similar during the simulation days. The
main difference can be observed during the simulation days with rather high stochastic output
forecasts, May 8" 2023 and December 20™ 2022, in which the Deterministic model is outperforming
the Robust model with an increased stochastic producer profit of 52.2% and 122.2% and the Stochastic
model with 23.5% and 87.3%.
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Graph 8. DA Stochastic producer surplus for simulation days — The Netherlands
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However, when taking into account the balancing costs as provided in Section 4.1.2.1, the resulting
profits for stochastic producers are quite different for both the in-sample and out-of-sample scenarios.
Although the Deterministic model realizes a much higher stochastic producer surplus after DA market
clearing (Graph 7), balancing costs are significantly outweighing this surplus, leading to extreme net
losses for stochastic producers. A numerical overview of the balancing costs is provided in Appendix
B.

Comparing the results of the Robust model and the Stochastic model, the Stochastic model yields
higher profits for stochastic producers on average. Despite showing a higher degree of robustness in
stochastic producer profits when applying the Robust model to the out-of-sample scenarios, the
Stochastic model yields 3.7% higher stochastic producer profits on average. An overview of the
stochastic producer profits of the Robust model and Stochastic model is provided in Graph 9 and Graph
10 below. The results of the Deterministic model are left out for proper scaling of the y-axis,
considering they are significantly lower for the simulation days May 8™ 2023, December 20" 2022 and
March 2™ 2023.
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Graph 9. Stochastic producer profits from in-sample scenarios — The Graph 10. Stochastic producer profits from out-of-sample scenarios
Netherlands — The Netherlands

Share of VRES in energy mix

Looking at the share of VRES in the energy mix, the Deterministic model is clearly outperforming the
Robust model and Stochastic model due to the higher amount of accepted stochastic producer bids. A
second explanation can be found when taking into account the amount of curtailed demand, which
would increase the share of VRES in the energy mix during the day, a point which will be referred back
to in Section 4.1.2.3. During the simulation day of May 8™ 2023, which was characterized by a low
demand and high forecasted stochastic output (Graph 3), the Deterministic model averages its share
of VRES in the energy mix at 47.4% during the day, while the Stochastic model averages its share of
VRES in the energy mix at 39.7%. The Robust model yields the lowest average share of VRES in the
energy mix at 33.9%. The daily profiles of VRES share of the three models are provided in Graph 11-13
below.
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Share of VRES in energy mix
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Graph 13. Stochastic model share of VRES in energy mix (08-05-
2023) in-sample scenarios — The Netherlands

Due to the fixed amount of procured downward reserves, the Deterministic model is able to increase
the stochastic producer output in the energy mix in case of under-forecasting, as can be clearly
observed from the amount of scenarios above the average line in Graph 11. Due to the smaller amount
of accepted stochastic supply bids, the daily profile of the Robust model appears much less susceptible
to deviations in output realization compared to the other models.

Interestingly, the average share of VRES in the energy mix of the Stochastic model is higher when
running the out-of-sample scenarios, averaging 25.9% compared to 25.0% during the in-sample
scenarios. However looking at the balancing costs as provided in Appendix B.2, higher upward reserve
procurement and load shedding costs are resulting from the out-of-sample scenarios, indicating the
Stochastic model performance decreased during the out-of-sample scenarios by fitting the optimal
solution to the in-sample scenarios. The daily profiles are presented in Graph 14 and Graph 15.

A complete overview of the share of RES daily profiles for the different market clearing models for the
simulation days can be found in Appendix C.1 (in-sample) and Appendix C.2 (out-of-sample).

47



Stochastic model {02-03-2023) - share of VRES Stochastic model {02-03-2023) - share of VRES

030

Share of VRES in energy mix
Share of VRES in energy mix

0.05 1 —— In.sample scenarios o7 .05 Out-afsample scenarios

— Mverage — Mverage
R EEEEEEEEEEEEEEEEEEEE 7 3 4 5 6 7 B 9 DL 12131815 1617 18 19 2 2 22 33 M
Time Step (hour) Time Step (hour)
Graph 14. Stochastic model share of VRES in energy mix (13-09- Graph 15. Stochastic model share of VRES in energy mix (13-09-
2022) in-sample scenarios — The Netherlands 2022) out-of-sample scenarios — The Netherlands

Amount of wind spillage

Inversely proportional to the results of the integration of RES in the energy mix are the results of the
amount of wind spillage. The Deterministic model, accepting higher amounts of stochastic supply bids,
is averaging much lower amounts of wind spillage in both the in-sample as out-of-sample scenarios,
specifically in the simulation days September 8" 2023 and December 20™ 2022. Due to this higher
amount of accepted stochastic producer bids, less scenarios occur in which an excess of stochastic
producer output is realized to cause spillage of wind. Comparing the results of the Deterministic model
and Stochastic model for simulation day December 20" 2022 (Graph 16 and Graph 17), the
Deterministic model is clearly activating upward reserves during a large part of the day, while the
Stochastic model has rather decreased the amount of accepted stochastic producer bids to save costs
on upward reserve procurement and activation, resulting in an increased SEW.
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Graph 16. Deterministic model - Amount of wind spillage (20-12- Graph 17. Stochastic model - Amount of wind spillage (20-12-2022)
2022) out-of-sample scenarios — The Netherlands out-of-sample scenarios — The Netherlands

The Robust model shows the highest amounts of wind spillage during all simulation days, as could be
expected from the low share of RES in the energy mix mentioned before. The conservativeness of the
Robust model results in the lowest amount of accepted stochastic producer bids, which increases the
occurrences and amounts of wind spillage during the scenarios. A table overview of the daily average
amount of wind spillage during the simulation days is provided in Table 8 (in-sample) and Table 9 (out-
of-sample) below.

48



Simulation day Robust Deterministic Stochastic

08-05-2023 63,992 4,671 36,582
20-12-2022 107,700 785 77,602
13-09-2022 17,328 9,363 16,335
02-03-2023 38,700 3,967 8,423

Table 8. Daily average amount of wind spillage (MWh) for in-sample scenarios — The Netherlands

Simulation day Robust Deterministic Stochastic
08-05-2023 62,478 4,164 29,460
20-12-2022 104,036 752 75,260
13-09-2022 15,845 8,721 14,956
02-03-2023 41,807 4,324 9,703

Table 9. Daily average amount of wind spillage (MWh) for out-of-sample scenarios — The Netherlands

The amounts of wind spillage differ vastly between the different simulation days. Especially during the
simulation days with lower amounts of forecasted stochastic producer output, namely May 8" 2023
and December 20 2022, the Robust model stands out with much higher amounts of wind spillage
compared to the Deterministic model and Stochastic model due to its conservativeness.

A complete overview of the amount of wind spillage for the different market clearing models for the
simulation days can be found in Appendix D.1 (in-sample) and Appendix D.2 (out-of-sample).

4.1.2.3 System security of supply - The Netherlands
Frequency of load shedding events

The Stochastic model and Robust model are trying to minimize the occurrences of load shedding
events due to the high VoLL of demand curtailment by increasing the amount of procured reserves and
decreasing the amount of accepted stochastic supply bids. This results in decreased frequencies of load
shedding events, as can be seen from Table 10 below. The Deterministic model, being bound to a fixed
amount of procured reserves, is particularly prone to load shedding events during the simulation day
of December 20™ 2022, which is characterized by high degrees of wind-uncertainty.

Simulation day Deterministic Robust Stochastic
08-05-2023 9.90% 0.0096% 0.00%
20-12-2022 18.35% 0.074% 0.00%
13-09-2022 0.016% 0.0032% 0.00%
02-03-2023 1.51% 0.0064% 0.00%

Table 10. Frequency of load shedding events from in-sample analysis — The Netherlands

The results from the out-of-sample analysis show an approximately even performing Deterministic
model. The Robust model shows a high degree of robustness to load shedding events, for both the in-
sample and out-of-sample scenarios, only experiencing load shedding events during a fraction of the
in-sample and out-of-sample scenarios. The Stochastic model, not experiencing a single load shedding
event during the in-sample scenarios, performs significantly worse during the out-of-sample scenarios,
as can be seen from the results in Table 11.
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Simulation day Deterministic Robust Stochastic
08-05-2023 9.33% 0.0098% 0.018%
20-12-2022 18.60% 0.067% 0.10%
13-09-2022 0.18% 0.00% 0.046%
02-03-2023 1.04% 0.0033% 0.070%

Table 11. Frequency of load shedding events from out-of-sample analysis — The Netherlands
Magnitude of load shedding events

When looking at the amount of load shedding during the different simulation days, a perspective on
the severity of the load shedding events is provided. As can be seen from Graph 18 and Graph 19
below, showing the daily amount of load shedding events during the simulation runs, the stochastic
model and Robust model are experiencing relatively small load shedding events compared to the
Deterministic model.
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Graph 18. Amount of load shedding from in-sample scenarios — The
Netherlands

Netherlands

During the simulation runs of December 20™ 2022, the Stochastic model and Robust model are
experiencing a daily amount of around 900 MWh at maximum during the out-of-sample scenarios,
while the Deterministic model is averaging an amount of 50,979 MWh and 50,346 MWh when running
the in-sample and out-of-sample scenarios. During the out-of-sample scenarios, the Robust model is
decreasing the amount of curtailed demand by 40.7% compared to the Stochastic model.

4.1.2.4 Results summary — The Netherlands

The Stochastic model and Robust model result in a significantly higher SEW compared to the
Deterministic model due to the decrease of load shedding events. The Stochastic model has the highest
performance during the in-sample scenarios as a result of a smaller amount of procured upward
reserves compared to the Robust model; as a consequence, the Robust model yields a slightly higher
SEW during the out-of-sample scenarios.

The Stochastic model yields the highest stochastic producer profits in both the in-sample and out-of-
sample scenarios, followed closely by the Robust model. While the Deterministic model brings forth
the highest share of RES in the energy mix, the high costs to address imbalances result in the lowest
stochastic producer profits. The Stochastic model decreases the share of RES in the energy mix
significantly with around 8%, although the Robust model decreases the share of RES in the energy mix
by roughly 13%. These results are reflected in the amount of wind spillage, which is significantly higher
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for the Robust model, while differences between the Deterministic model and Stochastic model are
comparable, although substantial.

Finally, the results of the system security of supply indicate a big increase in performance from both
the Stochastic model and Robust model compared to the existing Deterministic model. While the
differences are most notable during simulation days with high stochastic output forecasts, the amount
of curtailed electricity during load shedding events is limited to <1000 MWh during a single scenario.
Performance of the Stochastic model is higher compared to the Robust model during the in-sample
scenarios, while the Robust model is the best performing model during the out-of-sample scenarios.
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4.2 Case Study 2: France

The second case study, France, covers a land area of 549,970 km? and inhabits a population of
62,814,233 people [87]. Compared to other EU countries, France's GDP and annual electricity
consumption both rank second. As of 2021, the majority of electricity generation was sourced from
nuclear energy (68%), while fossil energy sources like gas (7%) and coal (2%) have a marginal share in
the energy mix. A share of 23% of the total electricity generation was sourced by wind (8%), hydro
(12%), solar (1%), biofuels/biomass (1%) and other sources (1%) [88]. The dependence on nuclear
energy emerged from the 1973 oil crisis, after which the country, not possessing over domestically
located reserves of fossil energy sources, wanted to decrease its reliance on imports [89].

4.2.1 Input data - France

In this case study, the French electricity wholesale market is simulated with 138 conventional
producers, 44 demand loads from consumers and 7 wind farms (stochastic producers) for 24
consecutive hours to test the different DA market clearing models. An overview and description of the
wind farm locations and the simulation days will be provided in sub-sections 4.2.1.1 and 4.2.1.2 below.

4.2.1.1 Wind farm locations — France

As of 2021, France had a total of 18,908 MW installed wind capacity, of which all located onshore [90].
Although many offshore wind farms are currently under construction to be completed in the near
future, none of these have yet been operational and connected to the power grid. The installed wind
capacity of France will be divided into 7 locations. An overview of the locations is provided in Figure 5
below:

Hautes-de-France

Normandy - Bretagne

Central

- Silver Coast

Grand est - Bourgogne

Alps - Riviera

- Occitanie

Figure 5. Overview of stochastic production locations — France

The values of installed wind capacity are retrieved from [89]. A description of the different wind
locations is provided below:

Hautes-de-France region

The first location includes the installed wind capacity of both the northern regions of Hautes-de-France
(5,307 MW) and Tle-de-France (127 MW), cumulating to an installed wind capacity of 5,434 MW.

Normandy — Bretagne
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The second location includes the regions of Normandy (905 MW) and Bretagne (1,164 MW) with a
combined installed wind capacity of 2,069 MW.

Central region

The third location refers to the region of Centre Val de Loire with an installed wind capacity of 1,392
MW,

Silver Coast region

The fourth location, named the Silver Coast region, constitutes the newly established region of
Nouvelle-Aquitaine with an installed capacity of 2,507 MW.

Grand est — Bourgogne region

The fifth location includes both the regions of Grand est (4,198 MW) and Bourgogne-Franche-Comté
(940 MW) with a combined installed capacity of 5,138 MW.

Alps - Riviera

The sixth location includes both the regions of Auvergne-Rhone-Alpes (600 MW) and Provence-Alpes-
Cote-d’Azur (113 MW) with a combined installed capacity of 713 MW.

Occitanie region
The final location is the region Occitaine with an installed capacity of 1,655 MW.

An overview of the wind farm locations of France is provided in Table 12 below.

Region name Installed wind capacity (MW)  Percentage of total

Hautes-de-France (W1) 5,434 28.7%
Normandy — Bretagne (W2) 2,069 10.9%
Central (W3) 1,392 7.4%
Silver Coast (W4) 2,507 13.3%
Grand est — Bourgogne (W5) 5,138 27.2%
Alps — Riviera (W6) 713 3.7%
Occitanie (W7) 1,655 8.8%
Total 18,908 100%

Table 12. Overview of wind farm locations — France

4.2.1.2 Simulation days - France
In this sub-section, an overview of the demand load profiles and the DA wind generation forecasts will
be provided.

Demand load patterns

The demand load patterns of the four selected simulation days are presented below in Graph 20. As
can be seen, the demand load patterns of the simulation days stay somewhat stable during the day.
The simulation days during the winter (December 20" 2022) and early spring (March 2"¢ 2023) bear
the highest demand of electricity compared to the late spring (May 8™ 2023) and autumn (September
13t 2022) simulation days.
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Demand load patterns - France
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Graph 20. Demand load patterns of selected simulation days (MW) — France

Forecasted stochastic output profile

The cumulative forecasted stochastic output profiles of the 7 wind farms locations are presented in
Graph 21 below. While the forecasted stochastic output of three of the simulation days are somewhat
in line with the demand load patterns as shown in Graph 20, a notable difference is made during the
day May 8t 2023, yielding the highest forecasted stochastic producer output.

Expected stochastic DA forecast - France
20000

L — B5-2023
— 20-12-2022
17500 1 — 13-9-2022
2-3-2023
— Total Capacity

15000

12500

10000

I}
=
=

Forecasted stochastic output {MW)

=1
=
=

2500 \,—\/_/_/‘/_—\

1 2 3 4 5 6 7 B 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time (hour)

Graph 21. DA forecasted stochastic generation profiles of the four simulation days — France

When looking at a comparison of the demand load patterns and the forecasted wind profiles of the
simulation days, as provided in Graph 22 below, a relatively small share of stochastic output in the
energy mix is expected for all simulation days.
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Graph 22. Demand load patterns (solid) vs DA forecasted wind profiles (dash-dotted) - France

4.2.2 model results - France

In this section, the model results of the DA market clearing models during the four simulation days are
presented for both the in-sample scenarios and out-of- sample scenarios for the French case study.
The performance criteria as described in Section 3.2 will be treated in separate sub-sections.

4.2.2.1 Maximizing SEW — France
The resulting SEW from the simulation runs of the different models is quite comparable, as can be seen
from the results in Graph 23 and Graph 24 below.
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For the in-sample and out-of-sample scenario runs of May 8% 2023, the simulation day with the highest
forecasted stochastic producer output, the resulting SEW of the deterministic model is the lowest with
the highest deviation between the results due to higher costs resulting from imbalances. The
Stochastic model slightly outperforms the robust model during the in-sample scenarios by 0.024%,
while the Robust model slightly outperforms the stochastic model by 0.017% during the out-of-sample
scenarios due to significantly increased balancing costs resulting from the Stochastic model during the
out-of-sample scenarios. During the simulation run December 20™ 2022, characterized by a low
forecasted stochastic producer output, the Stochastic model slightly outperforms the Robust model,
as is the case for the simulation run of March 2" 2023. The SEW results from the simulation run of
September 13 2022 are extremely comparable due to low amounts of deviations in stochastic output
realization from the DA forecast. A numerical overview of the average SEW during the simulation runs
is provided in Table 12 below.
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Simulation Robust \ Deterministic Stochastic

May 8% 2023 (in-sample) €2.297 * 10° €2.211 * 10° €2.298 * 10°
May 8t 2023 (out-of-sample) €2.298 * 10° €2.207 * 10° €2.297 * 10°
December 20" 2022 (in-sample) €3.585 * 10° €3.581 * 10° €3.586 * 10°
December 20™" 2022 (out-of-sample) | €3.585 * 10° €3.582 * 10° €3.585 * 10°
September 13t 2022 (in-sample) €2.794 * 10° €2.794 * 10° €2.794 * 10°
September 13 2022 (out-of-sample) | €2.794 * 10° €2.794 * 10° €2.794 * 10°
March 2" 2023 (in-sample) €4.091 * 10° €4.090 * 10° €4.093 * 10°
March 2" 2023 (out-of-sample) €4.092 * 10° €4.090 * 10° €4.091 * 10°

Table 12. Numerical overview of average SEW - France
Consumer surplus

The consumer surplus resulting from the different DA market clearing models is comparable within a
0.01% range for the simulation days of May 8" 2023, December 20" 2022 and September 13 2022.
Due to the high amount of nuclear conventional producers, and thus, a high amount of supply bids
with the same bid price, a small increase or decrease in the amount of accepted stochastic supply bids
will not have a large effect on the MCP and the consumer surplus. However, due to the high demand
of electricity for simulation day March 2™ 2023, the MCP is determined further up the merit order,
impacting the MCP. The decrease in MCP for the Stochastic model, resulting from less amounts of
accepted stochastic supply bids and less procured upward reserves, causes a drop in the consumer
surplus, a point which will be treated in the producer surplus section. A numerical overview of the
Consumer surplus results is provided in Table 13 below.

Simulation day Robust Deterministic Stochastic

08-05-2023 €2.291 * 107 €2.291 * 107 €2.291 * 107
20-12-2022 €3.578 * 107 €3.578 * 10’ €3.578 * 10’
13-09-2022 €2.788 * 10’ €2.788 * 107 €2.788 * 10’
02-03-2023 €4.074 * 107 €4.077 * 107 €4.077 * 107

Table 13. Overview of DA Consumer surplus for simulation days — The Netherlands
Producer surplus

While the results of the simulation days May 8" 2023, December 20™ 2022 and September 13" 2022
are as could be expected, namely the highest producer surplus for the Deterministic model, followed
by the Stochastic model due to an increased amount of accepted stochastic producer output for these
models, the results of March 2" 2023 are opposed to these expectations, as can be seen from the
results in Graph 25.
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Graph 25. DA Producer surplus for simulation days — France
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The Robust model results in the highest producer surplus, increasing the producer surplus 10.7%
compared to the Deterministic model, which would seem contradicting given the conservative nature
of the Robust model. However, the producer surplus is not higher due to an increased amount of
accepted stochastic producer output, but rather because of the high amount of procured upward
reserves; these upward procured reserves retain a part of the conventional producer capacity which
leads to the use of more expensive conventional producers to meet demand. As can be seen from the
results shown in Graph 26, the MCP is higher for the Robust model, resulting in the higher producer
surplus. Recalling the consumer surplus results as depicted in Table 13, the higher MCP negatively
affects the consumer surplus, resulting in the lowest consumer surplus when applying the Robust
model.
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Graph 26. Market clearing price of March 2" 2023 - France

Balancing costs

The balancing costs resulting from imbalances are differing significantly between the simulation days,
with the highest balancing costs occurring during the simulation day May 8" 2023. During this
simulation day, characterized with the highest forecasted stochastic producer output, the
Deterministic model yields the highest balancing costs for both the in-sample and out-of-sample
analysis due to high load shedding costs. The same, albeit more moderately, applies for the results of
the simulation days December 20" 2022 and March 2" 2023. An overview of the balancing costs is
provided in Graph 27 and Graph 28.
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Graph 27. Daily balancing costs in-sample scenarios - France Graph 28. Daily balancing costs out-of-sample scenarios - France
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A noteworthy observation can be made when comparing the in-sample and out-of-sample results of
the Stochastic model. During the in-sample scenarios the Stochastic model decreases the balancing
costs by 63.8% on average compared to the Robust model. However, during the out-of-sample analysis
the Robust model decreases the balancing costs by 42.1% on average compared to the stochastic
model. This difference is due to the decreased performance of the Stochastic model during the out-of-

sample scenarios compared to the in-sample scenarios; the Robust model performs quite evenly
during the simulations.

A Complete overview of the average balancing costs is provided in Appendix B.3 and Appendix B.4.

4.2.2.2 Integration of RES - France
Stochastic producer surplus

The stochastic producer surplus turns out the highest for the Deterministic model, although very
slightly compared to the Stochastic model for the simulation day September 13" 2022, as can be seen
from the results in Graph 29. The Robust model is yielding the lowest stochastic producer surplus for
each simulation day, despite having the stochastic producers benefitting from an increased MCP
(Graph 26). Overall, the Deterministic model results in an average increase of the stochastic producer
surplus of 10.8% compared to the Stochastic model and 55.9% compared to the Robust model.
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Graph 29. DA Stochastic producer surplus for simulation days — France

However, when subtracting the balancing costs (Appendix B.3) from the stochastic producer surplus
to retrieve the stochastic producer profits, a different picture is drawn, as can be seen from Graph 30
and Graph 31. With the exception of simulation day September 13" 2022, which only experiences
moderately deviating stochastic output realization scenarios, the Stochastic- and Robust model yield
the highest profits for stochastic producers.
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Graph 30. Stochastic producer profits from in-sample scenarios — France Graph 31. Stochastic producer profits from out-of-sample scenarios -
France

While the stochastic producer profits from applying the Stochastic model are 58.6% higher on average
compared to the Robust model during the in-sample scenarios, the out-of-sample analysis results
indicate potential net losses during the out-of-sample analysis for each individual simulation day.

Share of RES in energy mix

The Deterministic model is the model yielding the highest share of VRES in the energy mix. Looking at
the in-sample daily profiles of the share of VRES in the energy mix of May 8™ 2023 (Graph 32-34), the
Deterministic model yields a share of 15.9%, followed by the Stochastic model with a share of 12.5%,
while the Robust model yields the lowest share at 11.8%. During the simulation days, the Deterministic
model averages a share of 9.8% VRES in the energy mix, while the Stochastic model (7.8%) and Robust
model (5.9%) have a significantly lower share. Note that the averages are brought down by the low
forecast scenario September 13" 2022, in which the Deterministic model averaged a share of 4.1%
VRES.
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Graph 33. Robustc model share of VRES in energy mix (08-05-
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Graph 34. Stochastic model share of VRES in energy mix (08-05-
2023) in-sample scenarios — France

Besides a higher amount of accepted stochastic supply bids, another reason for the higher share of
VRES in the energy mix of the Deterministic model is the fixed amount of procured upward reserves.
These reserves enable the Deterministic model to ramp down conventional producers in case of under-
forecasted stochastic producer output and increase generation of stochastic producers. The Stochastic
model and Robust model, not procuring upward reserves, are constrained by the amount of accepted
stochastic producer bids, regardless of output realization.

Looking at the results of simulation day September 13* 2022, an interesting difference between the
Stochastic model and Robust model can be made. Given the low forecasted stochastic output
realization, the Stochastic model allows for more frequent activation of upward reserves due to the
relatively smaller activated amounts of reserves, as can be seen from Graph 35. The Robust model
rather decreases the amount of stochastic producer bids to prepare for the worst-case scenario,
resulting in significantly less activation of upward reserves (Graph 36).
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The difference between the in-sample and out-of-sample scenario results from the Stochastic model
and Robust model are very similar. Only during simulation day May 8™ 2023 the Stochastic model
decreases its share of VRES to 12.4%, a decrease of 0.8% compared to the in-sample scenarios. Despite
highly differing balancing costs resulting from the Stochastic model during the in-sample scenarios and
out-of-sample scenarios, the results of the Stochastic model are notably similar, as can be observed
from Graph 37 and Graph 38 below.
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A complete overview of the daily profiles of the share of VRES for the different market clearing models
during the simulation days can be found in Appendix C.3 (in-sample) and Appendix C.4 (out-of-sample).

Amount of wind spillage

Compared to the Robust model and Stochastic model, the Deterministic model results in the least
amount of wind spillage during the simulation days. Looking at the results of simulation day December
20t 2022, the Robust model is experiencing the highest amount of wind spillage, followed by the
Stochastic model. The daily profile of amount of wind spillage of the in-sample scenarios is provided in
Graph 39-41 below. During this simulation day, the Deterministic model is averaging a daily amount of
12,707 MWh of wind spillage, followed by the Stochastic model (22,678 MWh) and Robust model
(42,916 MWh).

Amount of wind spillage (MWh)
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Graph 40. Robust model - Amount of wind spillage (20-12-2022) in-
sample scenarios — France

Graph 39. Deterministic model - Amount of wind spillage (20-12-
2022) in-sample scenarios — France
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Graph 41. Stochastic model - Amount of wind spillage (20-12-2022)
in-sample scenarios — France

Comparing the in-sample and out-of-sample results, the Stochastic model is providing rather similar
results. Looking at the results of the simulation day May 8™ 2023 as can be seen from Graph 42 and
Graph 43, characterized with the highest forecasted amount of stochastic producer output, the
average amount of wind spillage is even decreasing with 6.7% during the out-of-sample scenarios.
However, this increase in share of VRES can be attributed to the amount of curtailed demand during
the out-of-sample scenarios, decreasing the total amount of delivered demand.
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Graph 42. Stochastic model Amount of wind spillage (08-05-2023)
in-sample scenarios — France
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Graph 43. Stochastic model Amount of wind spillage (08-05-2023)
in-sample scenarios — France

A complete overview of the amount of wind spillage for the different market clearing models for the
simulation days can be found in Appendix D.3 (in-sample) and Appendix D.4 (out-of-sample).

4.2.2.3 System security of supply - France
Chance of load shedding events

The Deterministic model is experiencing load shedding events during all simulation days for both the
in-sample and out-of-sample scenarios, mainly during the simulation day March 5™ 2023. The Robust
model is experiencing load shedding events during the simulation day March 5™ 2023. The Stochastic
model is outperforming the other models during the in-sample scenarios, not experiencing a single
load shedding event. On the contrary, during the out-of-sample analysis the Stochastic model its
performance decreases significantly, resulting in load shedding events during all simulation days. An
overview of the chance of load shedding events is provided in Table 14 and Table 15 below.
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Graph 44. Amount of load shedding from in-sample scenarios — France

Simulation day Deterministic Robust ‘ Stochastic
08-05-2023 3.91% 0.05% 0.00%
20-12-2022 0.25% 0.00% 0.00%
13-09-2022 0.01% 0.00% 0.00%
02-03-2023 0.12% 0.00% 0.00%
Table 14. Chance of load shedding events from in-sample analysis — France

Simulation day Deterministic Robust \ Stochastic
08-05-2023 4.191% 0.038% 0.111%
20-12-2022 0.231% 0.000% 0.025%
13-09-2022 0.028% 0.002% 0.078%
02-03-2023 0.124% 0.000% 0.070%

Table 15. Chance of load shedding events from out-of-sample analysis — France
Magnitude of load shedding events

Looking at the amount of electricity curtailed during load shedding events, the Deterministic model is
clearly underperforming, averaging an amount of 12,802 MWh (in-sample) and 13,358 MWh (out-of-
sample) of curtailed demand during the simulation day of May 8" 2023. Although clearly
underperforming during the in-sample scenarios, the out-of-sample results of the Deterministic model
and Stochastic model are quite comparable during the three other simulation days. During the
simulation day September 13" 2022, the Stochastic model causes 123 MWh of curtailed demand on
average during the out-of-sample scenarios, compared to zero from the Robust model. Although the
Robust model is only experiencing rather small load shedding events during the majority of the
scenarios, a maximum amount of 2,856 MWh (in-sample) and 1,816 MWh (out-of-sample) of demand
is curtailed in outlying scenarios. An overview of the magnitude of the load shedding events during the
simulation days is provided in Graph 44 and Graph 45.
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4.2.2.4 Results summary — France

The SEW results of the three models show quite comparable performance, safe for the simulation day
May 8™ 2023 characterized by the highest forecasted stochastic producer output. The results of the
producer surplus indicate a significantly increase in the producer surplus for the Robust model due to
an increased MCP because of higher amounts of upward reserve procurement, although this producer
surplus is directly subtracted from the consumer surplus.
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Despite accepting higher amounts of stochastic producer bids, as could be seen from the higher share
of VRES in the energy mix, the stochastic producers experience net losses on average when applying
the Deterministic model. The Stochastic model and Robust model average with net profits for
Stochastic producers, while negative outlying results are appearing more frequently for the Stochastic
model during the out-of-sample scenarios. The Robust model resulted in the lowest share of VRES in
the energy mix with the highest amount of wind spillage.

Looking at the results of the system security of supply, the Robust model is outperforming both the
Deterministic model and Stochastic model. The occurrence of load shedding events during the
simulation day May 8™ 2023 for the Robust model indicate a too high degree of lenience in the budget
of uncertainty during this simulation day. The performance of the Stochastic model, not experiencing
a single load shedding event during the in-sample scenarios, significantly decreases during the out-of-
sample scenarios during all simulation days.
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4.3 Case Study 3: Germany

Germany, the third case study, is the most populated country of the three case studies with a total of
over 84 million inhabitants while covering an land size area of 348,672 km?. As of 2022, the German
energy mix for electricity generation is already heavily sourced by renewable energy sources with a
share of 48.3% in the electricity mix, of which 25.9% offshore and onshore wind, 11.4% solar PV, 2.8%
hydropower and 8.6% biomass. Despite heavily decreasing the use of coal and nuclear energy for
electricity generation, the share of coal (32.8%), natural gas (11.5%) and nuclear (8.0%) still had a high
share in the energy mix. The last remaining three nuclear power plants are planned to be
decommissioned on April 15" 2023 [91]. To draw even the results between the simulation days, these
nuclear power plants are left out from all simulation runs in this research.

4.3.1 Input data - Germany

In this case study, the French electricity wholesale market is simulated with 671 conventional
producers, 48 demand loads from consumers and 7 wind farms (stochastic producers) for 24
consecutive hours to test the different DA market clearing models. An overview and description of the
wind farm locations and the simulation days will be provided in sub-sections 4.3.1.1 and 4.3.1.2 below.

4.3.1.1 wind farm locations - Germany

As of 2023, Germany has an installed wind capacity of 64,303 MW of which 56,848 MW placed on land
and 7,455 MW placed offshore in the Baltic sea and North sea [92][93]. The installed wind capacity of
Germany will be divided into 7 locations. An overview of the locations is provided in Figure 6 below:

South-Eastern region
Western region
- Lower Saxony
Eastern region
- Mecklenburg-Western Pomerania-Baltic sea
- Schieswig - Holstein
- North sea

Figure 6. Overview of stochastic production locations — Germany

The values of installed wind capacity are retrieved from [92] and [93]. A description of the different
wind locations is provided below:

South-Eastern region

The first region represents the installed wind capacity of Bavaria (2,575 MW), Baden-Wiirttemberg
(1,729 MW), Thiringen (1,733 MW) and Saxony (1,273 MW) with a combined wind capacity of 7,310
MW,
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Western region

The second region represents the installed wind capacity of Saarland (520 MW), Rhineland-Palatinate
(3,862 MW), Hesee (2,337 MW) and North Rhine-Westphalia (6,548 MW) with a combined wind
capacity of 13,267 MW.

Lower Saxony
The third region is the northern state of Lower Saxony with an installed wind capacity of 11,785 MW.
Eastern region

The Eastern region represents the states of Brandenburg (8,067 MW) and Saxony-Anhalt (5,309 MW)
with an installed capacity of 13,376 MW.

Mecklenburg-Western Pomerania-Baltic sea region

The fifth region represents the installed wind capacity of Mecklenburg-Western Pomerania (3,556
MW) and the installed offshore wind capacity on the Baltic sea (1,096 MW) with a combined installed
capacity of 4,652MW.

Schleswig-Holstein

The sixth region is the state of Schleswig-Holstein with an installed wind-capacity of 7,215 MW.
North sea

The final region represents the 6,698 MW of installed offshore wind capacity in the North sea.

An overview of the wind farm locations of the Netherlands is provided in Table 15 below.

Region name Installed wind capacity Share of total capacity
(MWw)
South-Eastern region (W1) 7,310 11.4%
Western region (W2) 13,267 20.6%
Lower Saxony (W3) 11,785 18.4%
Eastern region (W4) 13,376 20.8%
Mecklenburg-Western Pomerania-
Baltic sea region (W5) 4,652 7.2%
Schleswig-Holstein (W6) 7,215 11.2%
North sea (W7) 6,698 10.4%
Total 64,303 100%

Table 15. Overview of wind farm locations — Germany

4.3.1.2 Simulation days - Germany
In this sub-section, an overview of the demand load profiles and the DA wind generation forecasts will
be provided.
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Demand load patterns

The demand load patterns of the German case study simulation days are showing en extremely
corresponding path, as can be seen from Graph 46. Although interseasonal differences are observable,
the demand load patterns are differing no more than 27.5% at any given moment during the simulation
days. Moreover, the simulation days during the colder months period (December 20%" 2022 and March
2" 2023) are experiencing nearly identical amounts of demand load during a large part of the day,
which can also be said for the simulation days of May 8™ 2023 and September 13" 2022.
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Graph 46. Demand load patterns of selected simulation days (MW) — Germany
Forecasted stochastic output profile

The cumulative forecasted stochastic output profiles of the 7 wind farms locations are presented in
Graph 47 below. The simulation day of May 8" 2023 has the highest forecasted stochastic producer
output, averaging around 50% of the total installed capacity of the whole day. The second highest
forecast is made for March 2" 2023, followed by September 13" 2022 and December 20%™" 2022.
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Graph 47. DA forecasted stochastic generation profiles of the four simulation days — Germany
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When comparing the demand load profiles and stochastic producer forecasts, it can be expected that
the simulation day of May 8™ 2023 will experience the highest degree of uncertainty due to the higher
share of forecasted stochastic producer output in the energy mix. During the simulation days
September 13™ 2022 and December 20" 2022, stochastic producer output will only source a small
fraction of the demand load. An overview is provided in Graph 48 below.
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4.3.2 model results - Germany

In this section, the model results of the DA market clearing models during the four simulation days are
presented for both the in-sample scenarios and out-of-sample scenarios for the German case study.
The performance criteria as described in Section 3.2 will be treated in separate sub-sections.

4.3.2.1 Maximizing SEW - Germany

From the in-sample results, the Stochastic model yields the highest SEW of the models in all simulation
days, followed closely by the Robust model. The Deterministic model is performing nearly equal during
the simulation days December 20" 2022 and March 2" 2023 compared to the Stochastic model and
Robust model, while performing much worse during the other two simulation days, resulting in a
negative SEW during all simulations of simulation day May 8" 2023. During the simulation day
September 13" 2023, a decrease of 33.6% in SEW compared to the Stochastic model and 25.7%
compared to the Robust model is observed. On average, the Stochastic model increases the SEW by
0.27% compared to the Robust model. A boxplot overview is provided in Graph 49 below.
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Graph 49. SEW of in-sample scenarios for simulation days — Germany

Looking at the results of the out-of-sample scenarios, the Stochastic model is performing slightly worse
compared to the in-sample scenario runs with an average decrease in SEW of 0.17%, while the change
in performance of the Robust model is within <0.01%. The Deterministic model, yet again, is the lowest
performing model, showing a higher degree of negative deviations in SEW during the simulation day
March 2"4 2023. The out-of-sample scenario results are provided in Graph 50.
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Graph 50. SEW of out-of-sample scenarios for simulation days — Germany
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Consumer surplus

The Deterministic model yields the highest consumer surplus during three of the four simulation days
by accepting the highest amount of stochastic producer bids. However, during simulation day May 8"
2023, the Deterministic model is yielding the lowest consumer surplus, outperformed by the Robust
model and Stochastic model, as can be shown in Table 16.

Simulation day Robust Deterministic Stochastic

08-05-2023 €2.925 * 10° €2.921* 10° €2.928* 10°
20-12-2022 €3.376 * 10° €3.380* 10° €3.379* 10°
13-09-2022 €3.025* 10° €3.027* 10° €3.026* 10°
02-03-2023 €3.334* 10° €3.388* 10° €3.337* 10°

Table 16. Overview of DA Consumer surplus for simulation days — Germany

Recalling the demand load profile and stochastic producer output forecast as provided in Graph 48, a
high share of VRES in the energy mix was forecasted during the simulation day of May 8™ 2023. One
would argue that because of the higher amount of accepted stochastic supply bids, a recurring
characteristic of the Deterministic model, the consumer surplus would by higher. However due to the
fixed amount of upward reserve procurement, for which the cheapest conventional producers are
used, the capacity of these cheap conventional producers to meet the demand load is decreased,
raising the MCP during these time hours. As can be seen from the results in Graph 51, the Stochastic
model yields a lower MCP during t = {1, 2,3,4,5, 6, 7,8, 24}, resulting in a higher consumer surplus.
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Graph 51. Market clearing price of May 8th 2023 - Germany
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Producer surplus

The producer surplus results are quite in line with expectations, indicating the highest producer surplus
for the Deterministic model, followed by the Stochastic model with an average decrease of 23.5% and
the Robust model yielding the lowest producer surplus with a decrease of 31.3% compared to the
Deterministic model. Recalling the observations regarding the MCP made in Graph 51, the significantly
higher consumer surplus of the Deterministic model during simulation day May 8™ 2023 is a direct
consequence of the higher MCP during this day. The producer surplus results are provided in Graph 52

below.
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Graph 52. DA Producer surplus for simulation days — Germany

Balancing costs

Looking at the balancing costs, the Deterministic model results are indicating much higher balancing
costs compared to the Stochastic model and Robust model. More specifically, the results of simulation
day May 8™ 2023 indicate high losses, as could also be seen from the Sew results in Graph 49 and
Graph 50. The Stochastic model and Robust model are both resulting in much lower balancing costs
during the in-sample scenarios, although the Stochastic model results in 52.9% lower costs compared
to the Robust model. During the out-of-sample results, the balancing costs resulting from the
Stochastic model increase by 276.1%, although a positive SEW on average is provided. The Robust
model is performing nearly identical during the out-of-sample analysis, with balancing costs even
decreasing by 1.4% on average, decreasing balancing costs by 49.6% compared to the Stochastic
model. An overview of the balancing costs is provided in Graph 53 (in-sample) and Graph 54 (out-of-

sample).
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A Complete overview of the average balancing costs is provided in Appendix B.5 and Appendix B.6.

4.3.2.2 Integration of VRES - Germany
Stochastic producer surplus

Showing many similarities with the producer surplus results as provided in Graph 52, the DA stochastic
producer surplus results are the highest for the Deterministic model during all simulation days. The
results of simulation day May 8™ 2023 show a much higher stochastic producer surplus in particular,
as can be seen from the results in Graph 55.
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Graph 55. DA Stochastic producer surplus for simulation days — Germany

When taking into account the balancing costs (Appendix B.5-B.6), the Deterministic model results in
stochastic producer net losses during the simulation days May 8™ 2023, September 13 2022 and
March 2" 2023 in both the in-sample analysis and out-of-sample analysis. The stochastic model
averages profits during all in-sample and out-of-sample scenarios, although the out-of-sample
scenarios indicate frequently occurring losses for stochastic producers. notably, the Robust model
yields losses when running the out-of-sample scenarios of simulation day September 13" 2022. The
stochastic producer profit results are provided in Graph 56 and Graph 57.
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Graph 58. Deterministic model share of RES in energy mix (08-05-

Share of VRES in energy mix

Note that the Deterministic model results of simulation day May 8™ 2023 are withheld from Graph 56
and Graph 57 to compensate for the scaling of the y-axis. The stochastic producer profits average €-
6.093 * 10° (in-sample) and €-6.225 * 10° (out-of-sample) for the Deterministic model during this

simulation day.

Share of VRES in energy mix

The results of the share of VRES in the energy mix show substantial differences between the models.
Looking at the in-sample scenario simulations of May 8™ 2023, the Deterministic model shows the
highest share of VRES by a large margin at 71.2%, although a standard deviation of over 5% share of
VRES in the energy mix is observable. The Stochastic model, yielding the second highest share of 31.2%
of VRES in the energy mix, followed by the Robust model with a share of 18.2%. Save for a single
scenario at t = 18, the Robust model shows an exorbitant stability in the share of VRES in the energy
mix during the simulation day. An overview of the daily profiles of the share of VRES in the energy mix
is provided in Graph 58-60 below.
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Graph 60. Stochastic model share of RES in energy mix (08-05-2023)
in-sample scenarios — Germany

Looking at the daily profile of the Deterministic model in Graph 58, an inconsistency is observable from
the demand load and forecasted stochastic output profile as provided in Graph 48; the forecasted
amount of stochastic production is not nearly as high as the share of VRES as provided in Graph 58.
Note that the results provided above indicate the share of VRES in the energy mix of the total accepted
demand minus the curtailed electricity during load shedding events (i.e., delivered demand).
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The results of the in-sample and out-of-sample are similar for both the Stochastic model and the
Robust model. Comparing these results of the Stochastic model of simulation days May 8™ 2023 and
March 2" 2023 as provided in Graph 60-63 below, the average share of VRES in the energy mix is
nearly identical, decreasing the share of VRES in the energy mix by only 0.18% for the Stochastic model
and 0.01% for the Robust model.
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Graph 62. Stochastic model share of RES in energy mix (02-03-2023)
out-of-sample scenarios — Germany

in-sample scenarios — Germany
A complete overview of the share of VRES daily profiles for the different market clearing models for
the simulation days can be found in Appendix C.5 (in-sample) and Appendix C.6 (out-of-sample).

Amount of wind spillage

Quite in line with the results in the previous section, the Deterministic model causes the least amount
of wind spillage. As could be expected from the high share of VRES in the energy mix as shown in Graph
58, the amount of wind spillage during simulation day May 8™ 2023 is equal to zero, save for a single
in-sample scenario. An overview of the amount of wind spillage of May 8" 2023 is provided in Graph
64 below. Note that this also indicate a high frequency of negative net imbalances due to shortages in
stochastic output realization, which have to be addresses by either upward reserve activation or
curtailment of demand.
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Amount of wind spillage (MWh)

Graph 64. Determinstic model - Amount of wind spillage (08-05-2023)
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However, the other simulation days do not provide such extreme results. Comparing the amount of
wind spillage of the different models during simulation day December 20 2022, the results are much
closer to one another as can be seen from Graph 65-67 below. An important difference between the
Deterministic-, Stochastic- and Robust model are the amount of scenarios with an amount of wind
spillage equal to zero, which is significantly higher for the Deterministic model. These moments

indicate a higher frequency of shortages of stochastic output realization, as described earlier.
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Graph 65. Deterministic model - Amount of wind spillage (20-12-2022)
in-sample scenarios — Germany
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A complete overview of the amount of wind spillage for the different market clearing models for the
simulation days can be found in Appendix D.5 (in-sample) and Appendix D.6 (out-of-sample).

4.2.3.3 System security of supply - Germany
The percentage of simulated hours experiencing load shedding events is provided for the in-sample
scenarios in Table 17 and for the out-of-sample scenarios in Table 18.

Simulation day Deterministic Stochastic
08-05-2023 93.11% 0.00% 0.00%
20-12-2022 0.17% 0.0016% 0.00%
13-09-2022 3.50% 0.072% 0.00%
02-03-2023 1.72% 0.00% 0.00%
Table 17. Chance of load shedding events from in-sample analysis — Germany

Simulation day Deterministic Robust ‘ Stochastic
08-05-2023 93.32% 0.00% 0.24%
20-12-2022 0.19% 0.00% 0.098%
13-09-2022 2.90% 0.074% 0.069%
02-03-2023 2.01% 0.00% 0.13%

Table 18. Chance of load shedding events from out-of-sample analysis — Germany

The first observation to address is the extreme chance of load shedding events experienced by the
Deterministic model during simulation day May 8" 2023. While this percentage seems unconceivable,
it can be explained by looking at the forecasted and realized amount of stochastic producer output, as
is shown in Graph 68 below. The simulation day had an extremely case of over-forecasting for nearly
all scenarios, clarifying the high amount of load shedding events.
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Graph 68. Day profile of Forecasted- and realized stochsatic producer output (08-05-2023) - Germany

A second observation is difference in performance of the Stochastic model between the in-sample
scenarios and out-of-sample scenarios. During all out-of-sample simulation days, load shedding events
are experienced when applying the Stochastic model, albeit during only a small percentage of the
simulated running time. A sensitivity analysis will be performed to test the effect of increasing the in-
sample size on the system security of supply for May 8™ 2023, the simulation day with the highest
percentage of load shedding events during the out-of-sample analysis.
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Shedded load {(MWh)

Magnitude of load shedding events

Looking at the amount of curtailed electricity during the load shedding events (Graph 69 and Graph
70), it becomes evident that the Stochastic model and Robust model are experiencing relatively small
load shedding events compared to the Deterministic model. During the out-of-sample scenarios of
simulation day December 20" 2022, the highest daily amount of curtailed demand is 2,528 MWh for
the Robust model, 5,159 MWh for the Stochastic model and over 292,000 MWh in a single scenario
for the Deterministic model.
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Looking at the results of simulation day May 8™ 2023, the high share of VRES in the energy mix can
clearly be assigned to the high amount of curtailed electricity, decreasing the total amount of delivered
demand for electricity. With a total amount of 1,048 GWh of accepted demand bids, the average
amount of 496 GWh of load shedding events nearly doubles the share of VRES in the Energy mix.

4.3.2.4 Results summary — Germany

The Stochastic model yielded the highest SEW, followed by the Robust model. The Deterministic model
observed extreme amounts of balancing costs during the simulation day May 8™ 2023, which was
characterized by a high degree of over-forecasting of stochastic producer output. Overall, the
Deterministic model resulted in the highest consumer- and producer surplus.

The Stochastic model yielded the highest stochastic producer profits during the in-sample scenarios,
although the Robust model resulted in the highest security of stochastic producer profits during the
out-of-sample scenarios. The results of the share of VRES in the energy mix extremely favored the
Deterministic model, although high amounts of shedding events heavily affected these results as a
significant part of the demand was curtailed.

The results on the system security of supply show an extremely high reduction in load shedding events
for both the Stochastic model and Robust model in the case of over-forecasting, as was the case in
simulation day May 8™ 2023. The Deterministic model observed extreme high frequencies and
amounts of load shedding events during this simulation day. The Stochastic model saw a slight increase
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in the frequency of load shedding events during the out-of-sample scenarios, although these events
were still rather small in magnitude.
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4.4 Sensitivity analysis

A sensitivity analysis is performed on both the budget of uncertainty for the Robust model and the in-
sample size of the Stochastic model to test the relationship between the resulting SEW, risk-averseness
of load shedding events and integration of VRES in the energy mix. Section 4.4.1 provides the results
of the sensitivity analysis on the budget of uncertainty, while Section 4.4.2 provides the results of the
in-sample size sensitivity analysis.

4.4.1 Budget of uncertainty
During the simulation runs of the Robust model, the budget of uncertainty was set equal to eq. 7.7:

(7.7)

As was shown during the case studies, the Robust model yielded the lowest chance of load shedding
events, while also yielding the lowest share of VRES in the energy mix. To measure the trade-off
between system security of supply, financial performance and integration of VRES, a sensitivity analysis
is conducted in which the results of the SEW, chance of load shedding events and share of VRES in the
energy mix are used to assess model performance. During the sensitivity analysis, the budget of
uncertainty is set equal to:

(81)

In which p = {1.5, 2.0, 2.5, 3.0, 3.5, 4.0}. Table 19 provides an overview of the budget of
uncertainty (I') with changing p values for the different case studies.

The Netherlands 3.33 2.50 2.00 1.67 1.43 1.25
France 4.67 3.50 2.80 2.33 2.00 1.75
Germany 4.67 3.50 2.80 2.33 2.00 1.75

Table 19. Overview of p value and budget of uncertainty values of the case studies

The simulation days December 20" 2022 (The Netherlands), May 8™ 2023 (France) and September 13t
2022 (Germany) will be subjected to the sensitivity analysis. During the French and German simulation
days load shedding events were experienced by the Robust model during these simulation day, while
for the Dutch case study this particular simulation day possessed the highest degree of uncertainty
due to the high amount of forecasted stochastic producer output.
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The SEW results indicate similar effects of increases in the budget of uncertainty between the case
studies. For the Dutch case study, increasing the p value to 2.5 slightly decreases the average SEW,
whereafter the average SEW significantly decreases and the amount of outlying results rapidly
increase. The results of the French case study indicate a higher degree of robustness with a p value of
1.5, limiting the effect of an increased budget of uncertainty to a few outlying scenarios. Even after
increasing the p value to 4.0, the spread of the resulting SEW of both the in-sample and out-of-sample
scenarios only moderately increases. The results of the German case study are quite comparable to
the results of the Dutch case study, although large deviations in the results are mainly observable at a
p value of 3.5. The graph results are provided in Graph 71-76 below.
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While a general theme is observable from these results, namely the increase in deviating outliers when
increasing the pvalue (and consequently, decreasing the budget of uncertainty), the degree of
deviation is much smaller for the French case study. At a first glance, an argument could be made that
this is due to the higher relative share of installed wind capacity in the Dutch and German case studies,
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resulting in a higher degree of uncertainty during this case studies. However, looking at the forecasted
stochastic output, the average output realization and average maximum deviation in stochastic output
realization of the in-sample case study scenarios during the above mentioned simulation days, as
provided in Table 20, it can be observed that the Dutch case study endures the highest relative
deviation in output realization compared to the forecasted output, indicating the prepared for worst-
case scenario for the Dutch case study would result in a higher degree of conservativeness.

Case study ‘ The Netherlands France Germany
Forecasted output 7,479.24 6,626.69 18,506.26
Mean output realization | 5,029.36 7,204.25 18,343.41
Average ¥ cs AqE¥™¥ | 5,166.75 3,006,95 5,166.75

Table 20. Overview of average forecasted output, output realization and worst-case maximum output deviation of in-
sample scenarios (MWh)

An explanation of the conservativeness of the French case study can be found when looking at the
distribution of the installed stochastic capacity over the different wind farm locations, as provided in
Table 21 below. The installed stochastic capacity is distributed much more evenly for the Dutch and
German case study, while for the French case study only 2 locations already make up for 55.9% of the
installed wind capacity. Given the working mechanism of the budget of uncertainty, which chooses a
value ranging from 0 to 1 for each individual location (read; stochastic producer) based on the relative
deviation of stochastic output realization compared to the maximum deviation, a maximal deviation
in stochastic output realization for W1 and W6 during the French case study is both appointed a value
of 1, whilst implications on the system balance can widely differ.

Case study \ The Netherlands France Germany
w1 22.4% 28.7% 11.4%
W2 19.5% 10.9% 20.6%
w3 12.7% 7.4% 18.4%
W4 17.3% 13.3% 20.8%
W5 28.0% 27.2% 7.2%

W6 - 3.7% 11.2%
W7 - 8.8% 10.4%

Table 21. Overview of distribution of installed stochastic capacity over wind farm locations of the Dutch, French and
German case study

Increasing the p value and decreasing the budget of uncertainty results in an increasingly higher share
of VRES in the energy mix. By decreasing the amount of output deviations in the worst-case scenario,
the Robust model accepts higher amounts of stochastic supply bids during the DA market clearing
stage. For the Dutch case study, decreasing the p value to 1.5 decreases the average share of VRES
during the simulation day from 25.7% to 19.4%. Increases in the p value result in diminishing increases
in the share of VRES, as can be seen form the Results in Graph 77 below. The results of the French case
study (Graph 78) indicate a far lesser effect of the p value on the share of VRES. Interestingly, a higher
increase in the share of VRES is observable for greater values of p. Recalling the corresponding
uncertainty budget as provided in Table 19 and the found relationship between the budget of
uncertainty and the distribution of stochastic capacity, it can be deduced that when I" < 2 a relatively
much larger amount of supply bids from stochastic producers W1 and W5 can be accepted, thus
increasing the average share of VRES in the energy mix.
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Share of RES in energy mix

Share of RES in energy mix out-of-sample analysis - Netherlands (20-12-2022)
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Graph 77. Average share of RES in energy mix under varying
budgets of uncertainty — The Netherlands (20-12-2022)

Share of RES in energy mix

Share of RES in energy mix out-of-sample analysis - Germany (13-09-2022)

p value
— 15

20
— 25

203 4 5 6 7 B 9 11 1213 1 15161 18 10 2 2 2 23 4
Time {hour)

Graph 79. Average share of RES in energy mix under varying
budgets of uncertainty — Germany (13-09-2022)

Share of RES in energy mix out-of-sample analysis - France (08-05-2023)
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Graph 78. Average share of RES in energy mix under varying
budgets of uncertainty — France (08-05-2023)

Looking at the results for the German case study, an interesting pattern in the results is observable;
changing the p value from 1.5 to 3.0 does not result in substantial differences in the share of VRES,
while after changing the p value to 3.5 onwards significantly increases the share of VRES. An
explanation of this observation can be found by looking at the amount of curtailed demand after
increasing the p value above 3.0, as can be seen from Graph 80 below. These large amounts of curtailed
demand increase the share of VRES in the energy mix, although the total amount of accepted stochastic
supply bids do not increase significantly because of the limited amount of available upward reserve

capacity.

Average amount of load shedding during in-sample scenarios - Germany (13-09-2022)
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Graph 80. Amount of load shedding during in-sample scenarios under varying
budgets of uncertainty — Germany (13-09-2022)
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The observed increase in curtailed demand is reflected in the occurrence of load shedding events for
the German case study, increasing almost a ten-fold after increasing the p value to 3.5. The Dutch case
study shows a more gradual increase in load shedding events relatively, although exponentially in
absolute percentages. The French case study, being subjected to the lowest amount of forecasted
stochastic producer output, only experiences relatively minor occurrences of load shedding events.
The numerical results are provided in Table 22 (in-sample) and Table 23 (out-of-sample).

p value 1.5 EX) 2.5 3.0 3.5 4.0

The Netherlands 0.00% 0.010% | 0.42% 1.18% 2.13% 3.45%
France 0.010% | 0.051% | 0.056% 0.079% 0.11% 0.14%
Germany 0.032% | 0.071% | 0.072% 0.095% 0.714% 1.47%

Table 22. Frequencies of load shedding ev

0.00%

ents under varying budgets of uncertainty (in-sam

ple scenarios)

3.99%

The Netherlands 0.0098% 0.32% 1.23% 2.43%
France 0.016% 0.038% 0.061% 0.078% 0.096% 0.13%
Germany 0.021% 0.072% 0.074% 0.085% 0.79% 1.45%

Table 23. Frequencies of load shedding events under varying budgets of uncertainty (out-of-sample scenarios)

4.4.2 In-sample size

In this research, an in-sample size of 53 scenarios was used for both the Stochastic model, as well as
for deriving the area of uncertainty for the Robust model. Given the large differences in performance
of the Stochastic model when running the in-sample scenarios and out-of-sample scenarios, a
sensitivity analysis is performed to observe the effects of an increased in-sample size on the out-of-
sample scenarios. During the sensitivity analysis, the amount of in-sample scenarios Niy, _sampie Will
chance to 100, 200, 300, 400 and 500 scenarios. The newly found solution will be tested against 53
out-of-sample scenarios.

The worst performing simulation days of the Stochastic model will be subjected to the sensitivity
analysis, namely the simulation day December 20" 2022. During this simulation run, the out-of-sample
analysis resulted in a chance of load shedding events of well over 1%, despite having a high share of
VRES in the energy mix during the day. The sensitivity analysis will test the effects of an increased in-
sample size on both KPIs for this simulation day, a well as the SEW (the objective function).

Looking at the SEW results of the sensitivity analysis in Graph 81 and Graph 82, an interesting pattern
can be observed. During the in-sample scenarios, an increased size of in-sample scenarios causes a
larger spread of outliers, increasing significantly at a sample size of Ny,_s4mpie = 300. On the
contrary, the increased in-sample size provides robustness during the out-of-sample analysis,
increasing out-of-sample performance significantly at a sample size of Ny, _gampie = 100.
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Graph 81. SEW in-sample sensitivity analysis — The Netherlands Graph 82. SEW out-of-sample sensitivity analysis — The
(20-12-2022) Netherlands (20-12-2022)

The increased amount of outlying SEW results during the in-sample scenarios can be explained by the

decreasing weight factor of each individual scenario, which is equal to — L When applying a

in—sample
small in-sample size, occurring load shedding events would heavily impact the average found
solution. The results of the simulation runs with Nin_sampte = {300, 400, 500} indicate an
increased average SEW when allowing for certain in-sample scenarios which experience load
shedding events.

This explanation is supported by the results of the amount of curtailed electricity during load
shedding events, as provided in Graph 83 and Graph 84, which a re invertedly nearly identical to the
SEW results. From these results it can be deduced that the outlying SEW results can be appointed to
load shedding events. Interestingly, the Ni,_sampie = 500 simulation run results in slightly greater
load shedding events compared to an in-sample size of Niy_sampie = 400. While increasing the in-
sample size of the Stochastic model does increase the system security of supply significantly, a great
increase in in-sample size can arise the problem of overfitting, potentially negatively affecting the
system security of supply.
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Graph 83. Amount of load shedding in-sample sensitivity analysis ~ Graph 84. Amount of load shedding out-of-sample sensitivity

— The Netherlands (20-12-2022)

analysis — The Netherlands (20-12-2022)

The results of the share of VRES in the energy mix indicate a negative impact of an increased in-sample
size on the amount of accepted stochastic producer bids. Looking at the results of the average share
of VRES in the energy mix during the out-of-sample scenarios as provided in Graph 85, the share of
VRES in the energy mix is gradually decreasing with an increased sample size, although stabilizing after
300 in-sample scenarios.
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Share of REs in energy mix in-sample analysis - Netherlands (20-12-2022)
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Graph 85. Average share of RES in energy mix out-of-sample sensitivity analysis —

The Netherlands (20-12-2022)

Looking back at the SEW results of the sensitivity analysis, a notable shift in the results is observable
in between Niy_sampie = 200 and Ny _sampie = 300. Even more interestingly, this exact pattern re-
occurred when replicating the sensitivity analysis with a different set of randomized in-sample and
out-of-sample scenarios. As the SEW results show in Graph 86 and Graph 87, again the results of the
in-sample analysis are heavily changing after increasing the in-sample size to 300 scenarios, while the
average SEW of the out-of-sample scenarios increases slightly after this point.
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Graph 86. SEW second in-sample sensitivity analysis — The
Netherlands (20-12-2022) Netherlands (20-12-2022)

Upon closer inspection, an explanation can be found by looking at the relationship between the MCP,
the VoLL and the size of Ny, _sqampie- In above mentioned scenarios, a MCP was calculated ranging from
80-90 €/MWh with a p3¢? set equal to 22,940 €/MWh. By dividing p5™¢? with the MCP, resulting in a
value range of {254.89, 286.75}, it can be argued that this exact moment during the sensitivity
analysis shifts the optimal solution towards allowing 1 MWh of load shedding to occur when an
increase of 1 MWh of accepted stochastic producer bids can be realized during the first stage of the
optimization problem. Changing the value of pf’ih"’d to €18,000 confirms this hypothesis, as can be seen
from the results in Graph 88 below. Clearly, the shifting point in spread of in-sample SEW results starts
after increasing the in-sample size to 200 scenarios.
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Graph 88. SEW in-sample sensitivity analysis (pjhe‘i = 18,000) — The Netherlands (20-12-2022)

Comparing the out-of-sample results of the Stochastic model with Nj;, _gampie = 500 to the results of
the Robust model, an increase of €314,698.82 (0.03%) in average SEW is observed using the Stochastic
model, while also showing more robustness with a standard deviation of €422,811 compared to
€3,840,453 for the Robust model. Load shedding events occurred during two scenarios when applying
the Stochastic model, totaling an amount of 48 MWh and 127 MWh, compared to 10 scenarios with
occurring load shedding events totaling 3,331 MWh from the Robust model. Finally, the Stochastic
model averages a daily share of VRES in the energy mix of 20.3% compared to 25.3% from the Robust
mode. From these results it can be observed that the Stochastic model becomes increasingly more
conservative with increased in-sample size, even surpassing the degree of conservativeness of the

S

Robust model with an uncertainty budget of I' = N?
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4.5 Case study comparison

Considering the DA market clearing models have been subjected to different input data (market bids,
installed wind capacity and stochastic producer realization), this provides difficulties in evaluating the
performance of the models through a direct comparison of the three case studies. However,
considering each case study was subjected to a simulation day with a rather high- or low amount of
forecasted stochastic producer output, the case study results of the simulation day with the highest-
and lowest forecasted share of stochastic producer output are compared in this section.

4.5.1 High-forecast simulation day

During the three case studies, the simulation days with the highest forecasted stochastic producer
output as a share of the total demand load were December 20%" 2022 for the Netherlands and May 8"
2023 for both France and Germany. Showing a rather similar share between the Dutch and German
case study, the French case study did see a much smaller share considering the much smaller share of
installed wind capacity in this country, as can be seen from Graph 89.

Share of forecasted stochastic output in total demand load
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—— France
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Graph 89. Ratio of forecasted stochastic output and total demand load of The Netherlands (20-
12-2022), France (08-05-2023) and Germany (08-05-2023)

The higher share of forecasted stochastic producer output in the Dutch and German case studies
results in a relative higher amount of stochastic producer bids and consequently, an increased degree
of uncertainty during the balancing stage. Recalling the in-sample scenario results of the SEW during
the case studies, the Deterministic model provided SEW results with a lower average and a higher
deviation compared to the Stochastic model and Robust model as can be seen from the results in
Graph 4, Graph 23 and Graph 49 below.
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Graph 49. SEW of in-sample scenarios for simulation days — Germany

A second explanation for the results of the French case study can be found by looking at the ratio
between the fixed amount of procured upward reserves and the forecasted stochastic producer output
in MWh for the Deterministic model, which averaged around 0.053 for the French case study, 0.039
for the Dutch case study and 0.032 for the German case study. A low ratio results in both a higher risk
of load shedding events, as well as a greater amount of curtailed electricity during these events.

A recurring resemblance between the three case studies is the varying performance of the Stochastic
model between the in-sample and out-of-sample scenarios. The optimal solution resulting from the
Stochastic model is tightly bound to the in-sample scenarios, therefore accepting stochastic producer
bids and procuring upward reserves just barely sufficient to address potential imbalances for
maximization of SEW. During the Dutch case study, the average SEW resulting from the Stochastic
model decreased by 0.23%, while a decrease of 0.07% % and 0.32% where observed during the high-
forecast simulation day of the French and German case studies.
The Robust model performs comparable during the out-of-sample scenarios. While the constructed
uncertainty set of the robust model is susceptible to outlying extreme deviations in output realization
during the out-of-sample scenarios, the preparation for the worst-case scenario provides significantly
more conservatism during the out-of-sample scenarios. This conservatism drastically reduces the
deviations in SEW form the out-of-sample scenarios. Compared to the Stochastic model, the Robust
model increases the average SEW 0.038% during the out-of-sample scenarios in the French case study,
although still an average reduction of 0.22% and 0.04% is observed during the Dutch and German case
studies.

Due to the relatively high cost of load shedding events and the small in-sample size, as mentioned
earlier in Section 4.4.2, the Stochastic model did not once experience a single load shedding event

88

Graph 23. SEW of in-sample scenarios for simulation days — France



during the in-sample scenarios. The penalty cost for curtailment of demand turned out higher
compared to the costs for increased procurement- and activation of upward reserves and added SEW
by increasing the amount of accepted stochastic producer bids. However, load shedding events did
occur during the out-of-sample scenarios of each individual simulation day. This demonstrates a clear
weakness of the working mechanism of the Stochastic model with the currently used in-sample size of
53 scenarios; the found optimal solution is often found just at the point at which an imbalance occurs
which cannot be addressed by upward reserve activation, leaving a high vulnerability for outlying
moments found in the out-of-sample scenario. The results of the sensitivity analysis on the in-sample
size as provided in Section 4.4.2 confirmed this finding, indicating an increase in robustness during the
out-of-sample analysis when increasing the in-sample size to 400 scenarios. Further increases of the
in-sample size indicated signs of overfitting, resulting in decreased performance of the Stochastic
model.

The results of the Stochastic model from the out-of-sample scenarios stress the importance of
conducting an out-of-sample analysis in evaluating the performance of applying stochastic
optimization to address uncertainty in DA market clearing. Work by [11], which compared a similar
two-stage stochastic optimization market clearing model with the conventional deterministic market
clearing model, explicitly stated that out-of-sample scenarios were not considered during the
comparison and all possible outcomes were contained within the in-sample scenarios, admitting this
assumption would prove unrealistic in reality. Especially considering a comparison of Stochastic
optimization and Robust optimization in DA market clearing, leaving out an out-of-sample analysis
drastically favors the performance of Stochastic optimization, which excels in goodness-of-fit of the in-
sample scenarios rather than robustness of the optimal solution to unaccounted possibilities during
the out-of-sample analysis.

The case study results of the consumer surplus indicate a decrease of <1% when applying the
Stochastic model or Robust model to the DA market clearing, while the results of the producer surplus
show a large decrease of over 15-50% of the producer surplus during the three case studies due to
lower amounts of accepted stochastic producer bids and a decrease in the MCP. However, the higher
balancing costs and frequent load shedding events resulting from the Deterministic model during the
balancing stage raise doubts on the validity and value of using the producer surplus and consumer
surplus as performance criteria for the DA market clearing models. Especially during the high-forecast
simulation days, the Deterministic model resulted in a significantly higher consumer surplus and
producer surplus after the DA market clearing, while balancing costs and load shedding events also
increased accordingly.

When comparing the results of the share of VRES in the energy mix between the three case studies, as
provided in Table 24 below, two main observations can be made: 1) the Deterministic model results in
the highest share of VRES, followed by the Stochastic model while applying the Robust model results
in the lowest share and 2) the differences in share of VRES are widely differing between the case
studies, being much smaller for the French case study compared to the Dutch and German results.

| FR (08-05-2023)

Simulation day NL (20-12-2022) | GE (08-05-2023)

In-sample/out-of-sample InS OoS InS OoS InS OoS

Deterministic 48.0% 47.8% 15.9% 15.6% 71.2% 70.4%
Robust 25.5% 25.3% 11.8% 11.8% 18.2% 18.2%
Stochastic 29.4% 29.0% 12.5% 12.4% 31.2% 31.0%

Table 24. Average share of VRES in energy mix during in-sample scenarios and out-of-sample scenarios

A first explanation can be found by looking at the amount of accepted stochastic producer bids, which
is the highest for the Deterministic model. Besides increasing the amount of procured upward reserves
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to deal with the uncertainty, the Stochastic model and Robust model also decrease the amount of
accepted stochastic producer bids to decrease the amount of uncertainty. The higher amount of
accepted stochastic producer bids also affects the amount of curtailed demand for the Deterministic
model. During the Dutch and German case studies, an average daily amount of 50,979 MWh and
496,669 MWh of electricity demand was curtailed, a share of 17.7% and 47.3% of the total amount of
accepted demand bids. Recalling the formula used for calculating the share of VRES (eq. 6.5):

hed
ZSES q_f + deG rgD - rgU - ZdED qé ¢

DD shed
Ydep da~ —dq

VRES = 100 =

(65)

The increased total amount of curtailed demand decreases both the numerator and denominator
equal, which will result in a relative increase in share of VRES. Compared to the French case study,
which only resulted in an average 1.52% of curtailment of the total amount of accepted demand bids,
a relatively much smaller amount of actually delivered electricity remains during the Dutch and
German case studies during the high-forecast simulation day, for which consequently a larger share of
stochastic output will be provided.

Comparing the results of the Robust model and Stochastic model, a larger difference is observable
during the German case study. A main explanation can be found by looking at the maximum upward
reserve capacity and the total installed wind capacity. Recalling the ratio between the fixed amount of
procured upward reserves and the forecasted stochastic producer output in MWh, the German case
study has a total maximum amount of 3,295 MWh upward reserve capacity while the forecasted
stochastic output averages around 32,429 MWh (10.2%). Comparatively, the Dutch case study has a
total maximum amount of 1,572 MWh upward reserve capacity for an average forecasted stochastic
output of 7,479 MWh (21.0%). Due to the smaller amount of upward reserve capacity during the
German case study, the amount of accepted stochastic producer bids is decreased to diminish the
deviations in output realization during the worst-case scenario to an amount for which the upward
reserve capacity can account for. A deeper look into this observation will be provided in Section 5.1.3.1.

Finally, the results on the system security of supply heavily indicate an increased system performance
from applying uncertainty-based optimization techniques to the DA market clearing during days with
high-forecasted stochastic producer output. The Deterministic encountered a frequency of load
shedding events of over 9% and 3% during the Dutch and French case studies, while the Robust model
and Stochastic model decreased these frequencies below 0.25%. The results of the German case study
indicated the robustness of both the Robust model and Stochastic model during a situation of severe
over-forecasting (Graph 68), in which the use of the Deterministic model resulted in load shedding
frequencies well over 90% (i.e., complete system failure). The Stochastic model showed improved
system security, although the frequency of load shedding events was 0.24% during the out-of-sample
analysis. The Robust model did not experience any load shedding events during both the in-sample
scenarios and out-of-sample scenarios, indicating extreme resilience from over-forecasting.
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Graph 68. Day profile of Forecasted- and realized stochsatic producer output (08-05-2023) - Germany

4.5.2 Low forecast simulation day

The simulation days with the lowest amount of forecasted stochastic producer output were September
13 2022 for both the Dutch- and French case study and December 20% for the German case study.
The Dutch case study still had an average forecasted share of VRES of 16.7% compared to the total
demand load during this simulation day, while France (5.2%) and Germany (10.5%) both had a much
lower forecast, as can be seen from the daily profiles in Graph 90 below.
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Graph 90. Ratio of forecasted stochastic output and total demand load of The
Netherlands (13-09-2022), France (13-09-2022) and Germany (20-12-2022)

During the low-forecast simulation runs, the Stochastic model is the best-performing model by a slight
margin during the in-sample scenarios, as can be seen from the results of Graph 91-93 below. The SEW
results of the low-forecast simulation day indicate a reduced increase in SEW by applying uncertainty
based optimization on the DA market clearing. In the German case study, application of ARO even
results in a reduction of SEW compared to the current deterministic model due to the much higher
reserve costs. The Stochastic model slightly improves the average SEW during the in-sample scenarios
with 0.37% (NL), 0.14% (FR) and 0.22% (GE).
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During the out-of-sample scenarios, the SEW resulting from the Stochastic model decreased for each
case study low-forecast simulation day compared to the in-sample scenarios, resulting in an average
reduction of 0.07% (NL), 0.031% (FR) and 0.17% (GE). Despite these average reductions, the Stochastic
model yielded the highest SEW during the low-forecast simulation days of The Netherlands and
Germany. During the French low-cast simulation day, the Stochastic model yielded the lowest SEW,
resulting in a reduction of 0.013% compared to the Deterministic model.

The balancing costs of during the simulation days indicate a high reduction of balancing costs during
the low-forecast simulation days by the Stochastic model and Robust model. While the costs of upward
reserve procurement are significantly higher for the Robust model, costs resulting from load shedding
events are extremely reduced to an average maximum of €13,878, compared to €8,659,267 from the
Deterministic model and €5,717,343 from the Stochastic model. The balancing costs of the Stochastic
model vary widely between the in-sample scenarios and out-of-sample scenarios. While load shedding
events are absent during the in-sample scenarios, average curtailment costs increase to €573,093 (NL),
€851,292 (FR) and €5,717,343 (GE).
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Application of the Stochastic model and Robust model result in a decreased share of VRES in the energy
mix compared to the Deterministic model. The Robust model results in a significantly higher decrease
in the share of VRES compared to the Stochastic model, although occurrences of load shedding events
can create a distorted picture of this claim. The relatively highest difference between the Stochastic
model and Robust model is observable in the French case study, as can be seen from the results in
Graph 35 and Graph 36. Despite the relatively low forecasted amount of stochastic producer output,
the heavily deviating results of the Stochastic model indicate high probabilities of extremely low-
realization scenarios. The Robust model, preparing exactly for these worst-case scenarios, is
significantly less affected by these scenarios by decreasing the amount of accepted stochastic supply
bids resulting in a low share of VRES in the energy mix.

Robust model (12-09-2022) - share of VRES

Stochastic model (13-09-2022) - share of VRES
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Given the low amount of forecasted stochastic producer output and thus the relatively minor impact
extreme deviations in output realization could make on the system security, one could argue that the
conservativeness of the Robust model seems rather unnecessary during days with low amounts of
forecasted stochastic output in energy systems with rather small penetration of VRES in the energy
mix.

The results of the system security of supply indicate a significantly lower frequency of load shedding
events for the Deterministic model during the low-forecast simulation days compared to the other
simulation days for each case study. The lower amount of accepted stochastic producer bids result in
a relatively higher amount of fixed reserve procurement to deal with this uncertainty, drastically
reducing the occurrence of load shedding events. Despite these smaller amounts of accepted
stochastic supply bids, the Robust model results in higher frequencies of load shedding events
compared to high-forecasted simulation days. Preparing for the realization of a rather ‘minor’ worst-
case scenario, average procurement of upward reserves is significantly decreased compared to upward
reserve procurement of the Deterministic model, decreasing system security. Due to the tendency to
narrowly fit the in-sample scenarios, the Stochastic model indicates vulnerability of system security to
unexpected output realizations during the out-of-sample scenarios.
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5. Discussion

The aim of this study was to formulate a Stochastic and Robust market clearing model applicable to
EU electricity markets, develop a framework of KPIs to compare the performance of the different
optimization techniques for application in the DA market and implement the DA market clearing
models on the Dutch, French and German case study. An evaluation and comparison of the
performance of the DA market clearing models will be provided in Section 5.1, followed by a deeper
look into notable observations made during the results analysis in section 5.2. After, Section 5.3
provides an evaluation of the proposed KPl framework used to measure model performance.
Limitations of this research will be discussed in Section 5.4. Finally, recommendations for future
research will be proposed in Section 5.5.

5.1. Model performance evaluation

The Deterministic model accepted the highest amount of stochastic producer bids, resulting in a higher
consumer surplus, (stochastic) producer surplus and share of VRES in the energy mix, while
experiencing the lowest amount of wind spillage during the scenarios on average. However, by not
addressing the uncertainty in output realization of stochastic producers with increased reserve
procurement or a decrease in the amount of accepted stochastic producer bids, the Deterministic
model becomes susceptible to significant imbalances which have to be addressed by load shedding
events, especially during days with high-forecasted stochastic producer output. The frequent load
shedding events heavily affect the system security of supply and impact profits for stochastic
producers, for which net losses were observed despite the high amounts of accepted stochastic
producer bids and low amounts of wind spillage. The high balancing costs resulted in the lowest SEW
results for the Deterministic model during both the in-sample and out-of-sample scenarios.

During the in-sample scenarios, the Stochastic model yielded the highest SEW by heavily reducing the
balancing costs compared to the Deterministic model. By finding an average optimal solution for the
in-sample scenarios, the Stochastic model showed a high degree of goodness-of-fit to these scenarios
with tightly amounts of accepted stochastic producers bids and procured upward reserves resulting in
zero load shedding events. However, this goodness-of-fit proved susceptible to unexpected output
realizations during the out-of-sample scenarios, in which a slight decrease (<0.5%) in SEW was
observed during each individual simulation day. Although varying for each simulation day, the
Stochastic model required an increased capacity of upward reserves to address uncertainty during
simulation days with high amounts of forecasted stochastic producer output, although the amount of
accepted stochastic producer bids decreased. This resulted in a significant decrease in the share of
VRES in the energy mix and stochastic producer surplus, as well as an increase in the total amount of
wind spillage. However, increased system security of supply drastically reduced the amount and
magnitude of load shedding events, resulting in higher stochastic producer profits.
The results of the sensitivity analysis on the number of in-sample scenarios indicated an improved
performance of the Stochastic model during the out-of-sample scenarios, along with a decrease in
performance during the in-sample scenarios. However, the amount of load shedding events started to
slightly increase when increasing the in-sample size from 400 to 500 scenarios, potentially indicating
signs of over-fitting.

Finally, the Robust model proved the most conservative model with the least amount of accepted
stochastic producer bids and highest amount of procured upward reserves compared to the
Deterministic model and Stochastic model. Despite occurrences of load shedding events during 3 out
of the 12 simulation days, the Robust model resulted in the highest system security of supply during

94



the out-of-sample scenarios, indicating increased robustness to unexpected stochastic producer
outputs compared to the Stochastic model. The high reduction in balancing costs compared to the
Deterministic model resulted in an increased SEW, however reduced integration of VRES and high
amounts of upward procured reserves resulted in a lower SEW compared to the Stochastic model.
Application of the Robust model resulted in the lowest share of VRES in the energy mix and high
amounts of wind spillage, although stochastic producer profits became significantly more stable during
the in-sample and out-of-sample scenarios compared to the Deterministic model and Stochastic
model. Application of the Robust model resulted in the highest required amount of upward reserve
capacity to address the worst-case scenario of the uncertainty from stochastic output realization.
The results of the sensitivity analysis showed a trade-off between the system security of supply and
integration of VRES in the energy system. A decrease in the budget of uncertainty resulted in a higher
amount of accepted stochastic producer bids because of a reduction in the worst-case scenario,
although frequency and magnitude of load shedding events increased significantly during both the in-
sample and out-of-sample scenarios. Interestingly, the results of the French case study indicated a
strong relationship with the distribution of installed wind capacity among the stochastic producers and
the effect of changes in the budget of uncertainty, potentially leading to market inequalities between
stochastic producers, a point which will be further elaborated on in Section 5.2.3.

The case study results indicated an increased system security of supply through the application of
uncertainty-based optimization techniques in the DA market clearing. However, trade-offs were
observed between financial performance, integration of VRES and system security of supply between
the models.
Performance of the Stochastic model in the DA market clearing is strongly dependent on the accuracy
of DA stochastic producer forecasts, and even more to the ability of DA forecasts to excluded
unexpected highly deviating output realizations. Despite vulnerability of these unexpected output
realizations, the Stochastic model provided increased system security of supply and SEW through a
reduction of imbalances. However, a reduction in the share of VRES in the energy mix and an increased
use in the amount of upward reserve capacity stress the importance of increasing the installed capacity
of stochastic producers and installed reserve capacity of conventional producers despite significant
changes in their revenue streams.
Implementation of the Robust model would result in increased system security of supply, in which the
degree of conservatism could easily be parameterized through the budget of uncertainty. A strong
relationship was observed between the total amount of accepted stochastic producer bids and the
amount of upward reserve capacity in the system. Specifically during the German case study, in which
a high amount of installed wind capacity and a relatively low amount of upward reserve capacity are
available in the system, application of the Robust model drastically decreases the integration of VRES
and reduces the stochastic producer profits compared to the Stochastic model.

The results of the sensitivity analysis indicate optimality in changing values for both the in-sample size
and budget of uncertainty on the performance of the Stochastic model and the Robust model
dependent of the case study and DA forecast of the stochastic producer output. While a one-fits-all
approach would facilitate implementation of stochastic- and robust optimization in the DA market
clearing in the real world, more research needs to be conducted on the relationship between case
study-specific input parameters (installed wind capacity and upward reserve capacity, for example)
and the optimal in-sample size and budget of uncertainty to increase system security of supply and
SEW, while limiting the reduction in integration of VRES in the energy mix.
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5.2 Observations

During the analysis of the simulation run results, some notable observations were made. This section
provides a deeper look on these observations to shed light on the working mechanisms of the
Stochastic model and Robust model and to provide comments for potential real-life application of
uncertainty based optimization techniques for the DA market clearing.

5.2.1 Maximum upward reserves procurement constraint

As mentioned earlier, the Robust model anticipates on the worst case scenario, which is determined
by the tightness of the budget of uncertainty. The robust model identifies if the risk of an increase in
accepted stochastic supply bids can be mitigated by upward reserve procurement- and activationin a
cost-effective manner (i.e., increasing the SEW overall). In case of cost-effectiveness of procuring
reserves and increasing the amount of stochastic producer bids, this constraints the maximum allowed
amount of stochastic output realization to Y.ses AqRS < 2geG Rg'max. This observation was also noted
in the work of [43] applying ARO to the UC, in which extremely high balancing costs were observed
when increasing the budget of uncertainty due to an insufficient amount of reserves in the system to
preserve system balance without load shedding events.

Extrapolating the current trends in newly installed wind capacity in both the Netherlands, France and
Germany, this limitation could constrain the integration of VRES in the energy mix or could limit the
level of uncertainty which could be applied using ARO if the system reserve capacity is not significantly
increased. As work by [30] and [94] stated, research on the applicability of flexible reserve integration
in energy systems or demand response is needed to prepare current energy systems for the
transformation to high VRES penetrated energy systems in a cost effective manner.

5.2.2 Downward reserve procurement for VRES integration

The Deterministic model yielded the highest share of VRES in the energy mix because of both the
higher amount of accepted stochastic demand bids and the fixed amount of procured downward
reserves. In case of a realized scenario in which under-forecasting has occurred, these downward
reserves activated can switch over generation from conventional producers to stochastic producers,
consequently increasing the share of VRES in the energy mix.

However, the Robust model and Stochastic model proposed in this thesis do not make use of any
downward reserves, even in the case of Rg = 0. Looking at the mathematical formulation of the
Stochastic model, the second-stage balancing constraint

U D shed ss ss spill _
ngw_rgw-l'z:qdw +Zst_QS —Asw =0, Vo € Q
geG deD SES

(4.13)

ensures balance of supply and demand during the RT balancing stage. Given the cost associated with
procurement- and activation of downward reserves, which is 20% of the marginal costs (Table 3), the
most cost-effective solution will be to spill excess wind production for which no costs are associated.
The Robust model on the other hand will prepare for the worst-case realization, which will include
shortages of stochastic producer output realization leading to high-cost imbalances. Preparing for
over-realization of stochastic producer output will not be accounted for by the model as it is not a
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viable worst-case scenario, therefore no downward reserves are procured during the DA stage of the
market clearing.

To tackle this problem in research on the application of uncertainty based optimization techniques in
the DA market clearing, a hypothetical wind spillage penalty is introduced. This penalization of wind
spillage deters from being overly conservative and aims for a form of Pareto-efficiency between the
objective function and utilization of stochastic producer capacity. While a penalty for wind spillage is
not currently applied in the Dutch, French and German wholesale electricity markets, hence the reason
for not including it during the case studies in this thesis, the above described observation does point
out the potential benefits (and perhaps necessity) of including such a penalty.
However, this does raise the question as to how to determine the penalty cost for wind spillage in real-
life applications. In experimental case studies as conducted by [8], [13], [15] and [18], the penalty cost
for wind spillage is arbitrarily chosen. Given the relationship between the penalty cost for wind spillage
to the amount of accepted stochastic supply bids, downward reserve procurement and security of
system stability, more research is needed on wind spillage penalty cost assessment in real-life
applications.

5.2.3 Budget of uncertainty and stochastic capacity distribution

A point raised during the sensitivity analysis on the budget of uncertainty in Section 4.4.1 is the
relationship between the distribution of stochastic capacity on different wind farm locations and the
budget of uncertainty as applied in this thesis. The rationale of applying the budget of uncertainty can
be supported by the impact of weather phenomena on specific locations, less much affecting the
production output of the whole system compared to the use of a boxed uncertainty set or polyhedral
uncertainty set, a claim also mentioned by [18]. However, due to differences in installed wind capacity
between wind farm locations, the Robust model is inclined to realize the worst-case scenario for
locations with higher installed capacity to maximize the second-stage balancing costs.

Research on the utilization of ARO with a budget of uncertainty as provided by [15] and [18] do not
note this observation because of two main reasons. First, a penalty for wind spillage is introduced to
deter the optimal solution from large amounts of wind spillage due to increased costs. Second, and
perhaps most important, in [15] three wind farm locations of equal capacity are used, while in [18] two
wind farm locations with rather comparable capacity are used during the case study.
Interestingly, research by [16] compared ARO using a box of uncertainty and a budget of uncertainty
using a case study with three wind units with varying size. Using lower values for both the budget of
uncertainty and the box of uncertainty, significantly increased conservativeness was observed using
the budget of uncertainty, supporting the above mentioned relationship between the capacity
distribution and the budget of uncertainty.

While this observation does not provide insight into the appropriateness of using either a box of
uncertainty or budget of uncertainty for applying ARO in the DA market clearing, it does shed a light
on the possible implications of using a budget of uncertainty. When wind farms with large capacities
are more targeted to be part of the worst-case scenario, consequently relatively decreasing the
amount of accepted supply bids from these producers, market inequalities can arise in which smaller
wind farms are heavily favored.
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5.2.4 Computational performance

The application of two-stage stochastic optimization and ARO to solve multi-dimensional problems
requires a large amount of computing power and can result in a long computation time. The
computational performance of such models is a widely discussed topic in research, especially
considering the increased computational time and computational power required for solving NP
problems with increased problem size. Contrary to comparable research on implementation of two-
stage stochastic optimization and ARO, the computational performance of the models is not included
in the KPI framework during this thesis, which focused on the market performance and implications of
the different DA market clearing models. Providing an evaluation of the performance of solving
algorithms proved beyond the scope of this thesis. However, given the practical implications in terms
of required computational power and time constraints for solving the optimal solution, some insight
into the computational performance of the DA market clearing model is provided.

Given the low-complex nature of the Deterministic model, optimal solutions are found within <0.01
for the Dutch case study, <0.015 for the French case study and <0.2 seconds for the German case study
due to the increasing amount of market actors, increasing the problem size. Comparatively, the
Stochastic model required 2.4 seconds (The Netherlands), 4.33 seconds (France) and 6.71 seconds
(Germany) to find the optimal solution, while the Robust model required computational times of 100-
250 seconds depending on the required amount of iterations needed in both the OA master problem
and subproblem. Please note that the computational time of the Robust model is also heavily impacted
by inefficiencies in the coding of the solving algorithm due to personal computational limitations and
will therefore not be discussed in detail in this thesis.

The results on the computational performance of the Stochastic model during the sensitivity analysis
also indicated a high increase in computational time with increased in-sample size, as can be seen from
the results in Table 25 below. The CPU load increases with increasing in-sample size, albeit relatively
slowly. With increased in-sample size, the number of computational iterations required indicates a
diminishing rate of increase as well. Finally, the computational time is incrementally increasing with
increased in-sample size. The increased computational time required indicates potential problems
during real world applications of two-stage stochastic optimization with a high number of in-sample
scenarios.

Ninsample 53 100 200 300 400 500

CPU load [%] 1.7 2.7 4.0 4.6 4.6 4.8
Iterations [n] 77,848 113,660 186,402 248,726 294,952 351,491
Computational 2.580 5.103 11.648 23.411 34.011 44.419
time [sec]

Table 25. Overview of computational performance of Stochastic model with varying in-sample size

5.3 Evaluation of KPI framework

One of the aims of this thesis was to develop a framework of KPIs to compare the performance of the
different DA market clearing models. This section provides an evaluation of the established framework
used during this thesis.

Initially established to capture a wide range of performance indicators regarding financial
performance, integration of VRES and system security of supply, some of the selected KPIs did fall
victim to an indirect form of double counting due to their interdependencies.
A first notable example is the relationship between the KPlIs balancing costs and Stochastic producer
profits. Since uncertainty is only limited to output realization of stochastic producers, balancing costs
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are inherently appointed to stochastic producers. As a consequence, high balancing costs directly lead
to lower stochastic producer profits, rendering the necessity of including both KPIls ambiguous.
A second example can be found in the relationship between the share of VRES in the energy mix and
the amount of wind spillage. Besides from the decreased total demand from possible load shedding
events affecting the share of VRES, a direct linear relationship is observable between both KPIs.

Another point of discussion arises from the perceived usefulness of such a KPI framework. While the
established framework proved useful as tool to keep track of model performance in widely different
aspects of performance, the observed trade-offs between economic performance, system security and
integration of VRES cannot provide an objective interpretation of overall performance. A suggestion
for future research suggestion would be to shift the research perspective from the TSO towards
different market actor perspectives to better understand the implications of including uncertainty-
based optimization techniques to the DA market clearing.

5.4 Research assumptions & limitations

The first major assumption of this study is the applied quantity of the stochastic producer bids during
the model simulations, which is assumed to be equal to the forecast due to absence of order book
data. This assumption most heavily impacted the results of the Deterministic model, considering
stochastic producers would reasonably not be assumed to take such heavy risk in their bidding
strategies, while the Deterministic model does not increase the amount of procured upward reserves
to address this increased risk of under-realization of stochastic producer output. The results of the
Deterministic model indicated large amounts of curtailed electricity during load shedding events, far
surpassing the amounts that occur in reality. While the Stochastic and Robust model are not affected
by the bidding quantities to this extend, in the case of under-forecasting the bidding quantities can
potentially constrain the optimal amount of accepted stochastic producer bids.
Looking at an overview of stochastic producer bidding strategies as provided in [95], flaws can be
identified in each individual bidding strategy; an optimal bidding strategy utilizing perfect forecasting
does not only seem highly unrealistic, it renders the application of Stochastic- and Robust optimization
techniques completely useless. A moving average bidding strategy and a one-price system both are
both focused on the optimal bidding price, not taking into account the optimal bidding quantity. The
last described bidding strategy, named Multivariate Interdependence Minimizing Imbalance Cost
Strategy (MIMICS), applies stochastic optimization to determine the optimal bidding quantity of a
single stochastic producer, although not taking into account anticipating bidding strategies of other
market actors. Moreover, no literature is yet made on the effects of stochastic bidding strategies of
stochastic producers on the performance of stochastic optimization techniques in DA market clearing,
bearing the risk of heavily skewed results in favor of the Stochastic model. Given the high amount of
used assumptions during this research, the choice for a point forecast bidding strategy, commonly
recognized as the ‘default’ bidding strategy can be considered a safe and neutral choice.

A limitation of this research is the exclusion of transmission capacities of network lines and ramping
rates of the conventional power plants in the models. Inclusion of the transmission capacities and
ramping rates creates non-convexity in the feasible region of the problem through addition of binary
variables, drastically increasing the complexity of finding the optimal solution. Moreover, addition of
transmission capacities would heavily diversify possibilities for the outer-problem to realize a worst-
case scenario; instead of targeting stochastic producers with high installed capacities to maximize the
deviation in stochastic output realization, stochastic producers could become targeted by the worst-
case scenario to cause the system unable to meet demand of certain loads, resulting in shedding
events. Comparable research on this topic by [9] found improved system security of supply through
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optimal dispatching of producing units and reserves through the application of two-stage stochastic
optimization, while research by [10] found improved system security in case of contingencies. While
this research did also indicate improved system security through the application of uncertainty-based
optimization techniques, including transmission capacities and ramping rates in future work could
increase the observed benefits from the proposed market clearing formulations, as well as providing
a better representation for real-world applications.
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6. Conclusion

In this thesis, a comparison was made between a deterministic-, two-stage stochastic and ARO DA
market clearing model using a newly established framework of performance indicators on the Dutch,
French and German wholesale electricity markets. The proposed models were compared and
evaluated based on their ability to maximize SEW, integrate VRES in the energy mix and maintain
system security of supply of electricity.

The results of the case studies indicate an increased SEW from the application of two-stage stochastic
optimization and ARO to the DA market clearing compared to the current deterministic model due to
a heavy decrease in balancing costs because of improved system security of supply. The Stochastic
model is performing better during the in-sample results due to its goodness-of-fit, while the Robust
model is better able to control unexpected output profiles during the out-of-sample scenarios.
Implementation of the proposed Stochastic model results in a decreased integration of VRES in the
energy mix, while the Robust model showed a relationship between the total system reserve capacity
and the maximum allowed integration of VRES, stressing the need for increased reserve capacity for
future energy systems with a high penetration of VRES.
The two-stage stochastic model showed a higher degree of conservativeness with increased in-sample
size to unexpected stochastic output profiles, although occurrences of permitted load shedding events
for increased SEW raises ethical doubts on real-life implementation in the DA market clearing.
Furthermore, the use of the budget of uncertainty to parameterize the level of conservatism allowed
to the ARO model indicates potential market inequalities by disproportionately affecting stochastic
producers with high amounts of installed capacities.

To conclude, the results of this thesis provide insight in the performance of two-stage stochastic
optimization and ARO in the DA market clearing of the Dutch, French and German electricity wholesale
market. Moreover, points of discussion are evoked on the implications of an adaptation of the DA
market clearing mechanism on the computational burden, market design, market actors and system
capacities. Future research suggestions would include a focus on the implications of adaptations to the
current DA market clearing mechanism for different market actors and a deeper look into the effects
of in-sample size and the budget of uncertainty to the system security and integration of VRES in the
energy mix.
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Appendix A — Demand bid distributions

Bidding ID Bid Price [E/MWh] | NL FR DE

1 4000 55,00% 50,00% 55,00%
2 3000 1,59% 0,00% 0,00%
3 2000 1,14% 0,00% 0,70%
4 1500 0,51% 0,00% 1,50%
5 1000 0,26% 0,93% 0,60%
6 750 0,26% 0,00% 0,30%
7 650 0,00% 0,75% 0,15%
8 500 0,52% 0,43% 0,31%
9 450 1,30% 1,02% 1,86%
10 400 0,88% 1,85% 1,36%
11 350 1,30% 0,46% 0,18%
12 300 1,51% 0,46% 0,25%
13 250 0,52% 0,63% 0,43%
14 200 0,52% 0,99% 0,32%
15 150 0,52% 0,00% 0,77%
16 140 0,22% 0,23% 0,50%
17 130 0,32% 0,23% 0,31%
18 125 0,36% 0,42% 0,64%
19 120 0,67% 0,34% 0,23%
20 115 0,29% 0,37% 0,48%
21 110 0,31% 0,03% 0,19%
22 105 0,48% 1,46% 0,31%
23 100 0,36% 0,32% 0,72%
24 95 0,55% 1,16% 0,42%
25 90 0,52% 0,21% 0,12%
26 85 0,41% 0,30% 0,23%
27 80 0,61% 0,60% 0,85%
28 77,5 0,52% 0,44% 0,40%
29 75 0,32% 0,62% 0,52%
30 72,5 0,11% 0,56% 0,23%
31 70 0,52% 0,28% 0,08%
32 67,5 0,14% 0,21% 0,21%
33 65 0,42% 0,31% 0,46%
34 62,5 0,36% 0,13% 0,62%
35 60 0,52% 1,06% 0,89%
36 57,5 0,30% 0,43% 0,62%
37 55 0,56% 0,21% 0,24%
38 52,5 0,65% 0,67% 0,32%
39 50 0,19% 1,13% 0,22%
40 45 0,52% 0,78% 0,46%
41 40 0,22% 0,81% 0,91%
42 35 0,89% 0,65% 0,10%
43 30 0,81% 0,78% 0,67%
44 25 0,36% 1,32% 1,02%
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45 20 0,52% 1,06% 0,51%
46 15 0,53% 0,87% 0,34%
47 10 1,21% 6,55% 0,65%
48 5 1,30% 4,80% 0,74%
49 0 18,05% 13,14% 21,06%
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Appendix B — Average balancing costs

B.1 In-sample analysis results — The Netherlands

Model Robust model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €720,665.56 €661,234.52 €109,456.91 €755,816.51
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €37,388.62 €6,262.79 €210.32 €1,993.84
Load shedding €694,137.78 €0.00 €0.00 €0.00
Model Deterministic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
orocurement | £329:142.86 | £379 14> 86 £€329,142.86 €354,098.26
Downward
reserve €213,518.67 €213,518.67
procurement €213,518.67 €213,518.67
Upward reserve
activation €159,324.51 | €65 886.56 £108,307.50 €20,339.79

Load shedding

€88,588,598.72

€5,091,988.97

€80,849.63

€2,541,728.07

Model Stochastic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €658,150.79 | €528,043.86 €215,484.97 €390,306.56
Downward
reserve €0.00
procurement €0.00 €0.00 €0.00
Upward reserve
activation €51,568.04 | €31,984.53 €19,015.33 €10,454.48
Load shedding €0.00 €0.00 €0.00 €0.00
B.2 Out-of-sample analysis results — The Netherlands
Model Robust model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €720,665.56 | €661,234.52 €109,456.91 €755,816.51
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €35,415.41 €4,465.81 €731.76 €1,619.51
Load shedding | €515,812.52 | €0.00 €1,169.98 €0.00
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Model

Deterministic model

Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €329,142.86 €329,142.86 €329,142.86 €354,098.26
Downward
reserve
procurement €213,518.67 €213,518.67 €213,518.67 €213,518.67
Upward reserve
activation €166,342.80 €65,013.00 €105,605.87 €23,951.07
Load shedding €92,436,443.40 | €4,008,645.30 €296,849.75 €2,966,535.93

Model Stochastic model

Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €658,150.79 €528,043.86 €215,484.97 €390,306.56
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €55,394.75 €30,140.02 €21,240.21 €10,530.66
Load shedding €1,614,785.82 | €537,171.13 €851,291.75 €1,750,765.24

B.3 In-sample analysis results - France

Model Robust model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €653,880.18 | €633,233.15 €109,456.91 €708,390.51
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €6,969.61 €3,324.97 €18.50 €585.07
Load shedding
€0.00 €0.00 €0.00 €0.00
Model Deterministic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €329,142.86 €329,142.86 €329,142.86 €354,098.26
Downward
reserve
procurement | €213,518.67 | £213518.67 €213,518.67 €213,518.67
Upward reserve
activation €65,738.59 €24,603.09 €47,406.77 €1,895.03
Load shedding
€65,738.59 €24,603.09 €47,406.77 €1,895.03
Model Stochastic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
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Upward reserve
procurement €589,771.65 €438,069.17 €176,771.74 €82,580.91
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €27,522.19 €14,441.78 €9,900.21 €1,812.64
Load shedding
€0.00 €0.00 €0.00 €0.00
B.4 Out-of-sample analysis results — France
Model Robust model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €653,880.18 €633,233.15 €109,456.91 €708,390.51
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €6,864.17 €708.50 €197.27 €274.99
Load shedding
€0.00 €0.00 €0.00 €0.00
Model Deterministic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €329,142.86 €329,142.86 €329,142.86 €354,098.26
Downward
reserve
procurement €213,518.67 €213,518.67 €213,518.67 €213,518.67
Upward reserve
activation €81,344.18 €23,314.76 €47,878.58 €4,092.48
Load shedding
€95,175.49 €113,372.31 €115,249.97 €115,714.22
Model Stochastic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €589,771.65 €438,069.17 €176,771.74 €82,580.91
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €31,807.63 | €10,067.68 €10,575.91 €1,296.12
Load shedding
€0.00 €0.00 €0.00 €0.00
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B.5 In-sample analysis results - Germany

Model Robust model

Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €3,430,699.41 | €3,578,359.12 €2,777,032.68 €2,979,771.54
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €1,478.34 €8,008.10 €126,257.81 €4,955.14
Load shedding

€0.00 €2,756.67 €2,288,420.10 €0.00
Model Deterministic model

Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €2,461,583.25 €2,915,434.13 €2,753,829.35 €2,855,938.04
Downward
reserve
procurement | €1,202,220.45 €1,202,220.45 €1,202,220.45 €1,202,220.45
Upward reserve
activation

€3,382,016.06

€124,094.53

€1,348,655.90

€1,059,991.39

Load shedding

€6,163,666,815.62

€7,486,428.30

€794,359,104.98

€86,267,771.87

Model Stochastic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve €9 273.463.567
procurement ! ! ’ €1,690,894.67 €1,604,073.98 €2,049,316.43
Downward
reserve €0.00 €0.00
procurement €0.00 €0.00
Upward reserve €91 010.99
activation ! ) €60,173.08 €115,821.78 €150,850.82
Load shedding
€0.00 €0.00 €0.00 €0.00
B.6 Out-of-sample analysis results — Germany
Model Robust model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve €979 771.54
procurement €3,430,699.41 | €3,578,359.12 €2,777,032.68 ! ! )
Downward
reserve €0.00
procurement €0.00 €0.00 €0.00
Upward reserve £ 481.80
activation €4,230.23 €10,042.80 €128,583.81 e
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Load shedding

€0.00 €0.00 €2,067,264.67 €0.00
Model Deterministic model

Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023
Upward reserve
procurement €2,461,583.25 €2,915,434.13 €2,753,829.35 €2,855,938.04
Downward
reserve
procurement €1,202,220.45 €1,202,220.45 €1,202,220.45 €1,202,220.45

Upward reserve
activation

€3,384,676.97

€94,040.72

€1,333,182.56

€1,087,022.63

Load shedding

€6,295,652,765.98

€8,659,267.03

€786,479,948.03

€108,542,265.38

Model Stochastic model
Day 08-05-2023 20-12-2022 13-09-2022 02-03-2023

Upward reserve
procurement €2,273,463.57 | €1,690,894.67 €1,604,073.98 €2,049,316.43
Downward
reserve
procurement €0.00 €0.00 €0.00 €0.00
Upward reserve
activation €118,378.48 €48,317.05 €109,441.20 €183,243.08

Load shedding

€9,331,434.21

€5,717,343.00

€2,012,711.52

€5,081,002.61
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Appendix C — Share of VRES in energy mix

C1ll

n-sample analysis results — The Netherlands
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Stochastic model (08-05-2023) - share of VRES

Stochastic model (20-12-2022) - share of VRES
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C.2 Out-of-sample analysis results — The Netherlands
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Deterministic model (08-05-2023) - share of VRES

Deterministic model (20-12-2022) - share of VRES
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C.3 In-sample analysis results — France

Share of VRES in energy mix
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C.4 Out-of-sample analysis results — France
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Deterministic model (08-05-2023) - share of VRES
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C.5 In-sample analysis results — Germany

Robust model (08-05-2023) - share of VRES
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Stochastic model {08-05-2023) - share of VRES
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Share of VRES in energy mix

Share of VRES in energy mix
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A

D.1 In-sample analysis results — The Netherlands

ppendix D — Amount of wind spillage

Robust model (08-05-2023) - amount of wind spillage

Robust model (20-12-2022) - amount of wind spillage
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Amount of wind spillage (MWh)
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D.2 Out-of-sample analysis results — The Netherlands

Robust model (08-05-2023) - amount of wind spillage

i}
8

Amount of wind spillage (MWh)
=1
=3
53

...
8 3
3 5

=)

—— Out-of-sample scenarios
— Average

&'\ A\‘?”ﬁ%\% f:‘%é‘
N

3 4.5 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time Step (hour)

Robust model (13-09-2022) - amount of wind spillage

3 3000 1|}

Robust model (20-12-2022) - amount of wind spillage

y —— OQut-of-sample scenarios
A
5000

1 2 3 4 5 6 7 8 9 10 1 12 13 14 7 18 19 20 21 2 23 24
Time Step (hour)

Robust model (02-03-2023) - amount of wind spillage

1750

1500

<]
&
=

1000

750

Amount of wind spillage (MWh)

500

250 1€

—— Out-of-sample scenarios
— Myerage

Time Step (hour)

Amount of wind spillage (MWh)

—— Out-of-sample scenarios
3000 { — Average
2500
2000
1500
1000

500

2 3 4 5 6 7 & 9 101 12 13 14 15 16 17 18 19 20 2 2 23 24
Time Step (hour)

126



Amount of wind spillage (MWh} Amount of wind spillage (MWh) Amount of wind spillage (MWh)

Amount of wind spillage (MWh}

1750 —— Out-of-sample scenarios 1000 { —— Out-of-sample scenarios |
\\ —— Puerage — Average lh
|
/|
1500 a0 o
1IN
Z |t
I
1250 H Al
: R
-
£ PR -
1000 S I‘ "I f \
E [ t‘u |
= Py
0 2 a0 [ TR N
] | VAN
E | l. M b‘“‘
500 f ,,){f '," WA
TUAL, )
200 \I e WRYAY
A
) A [
0 TAYA s '||\‘\-’A\
i ! ,-” \( | ) g
. / F AN ! N
04 r —_—_————————
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 0 2 2 B oM 2 3 4 5 6 7 B 9 1011 12 131415 16 17 18 19 20 21 2 2 24
Time Step (hour) Time Step (hour)
Deterministic model (13-09-2022) - amount of wind spillage Deterministic model (02-03-2023) - amount of wind spillage
1600 —— OQut-of-sample scenarics 1200 ‘--\ —— Out-of-sample scenarios
— fyerage ‘,' \ —— Myerage
| \
1400 1000 [
f \ /\
1200 E [ ! s \ /\
< goo y Y
v
1000 =
H
B0 g 600
5 AV
so E ) /
g / \ ;
200 P
200 j-ﬁ; \
Jhd A, )
200 f] l-&s“‘\
NG
. A AEVAY .
o 6 7 2
Time Step (hour) Time Step (hour)
Stochastic model (08-05-2023) - amount of wind spillage Stochastic model (20-12-2022) - amount of wind spillage
6000
\ —— Out-of-sample scenarios —— Out-of-sample scenarios
)\ S —— Average
I /\
2500 \
5000
£
2000 £ 000
»
o
=
3
0 © 3000
£
H
b
1000 4 5 2000
! i = v
A ) { f i ¢ /«&‘s‘n\? NN
500 4. i Al 1000 {4 W S
v AT AR T M ..
V! i f ,‘-?‘Q yi‘- !W\‘ _‘ Ny
) 4 I A TN A (AT S
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 1 2 3 4 5 6 7 8 9 101 12 13 14 15 16 17 18 19 20 21 2 23 24
Time Step (hour) Time Step (hour)
Stochastic model (13-09-2022) - amount of wind spillage Stochastic model (02-03-2023) - amount of wind spillage
1600
—— Qut-of-sample scenarios —— Out-of-sample scenarios .
1750 — mverage il
1400 A
1500
— 1200
=
1250 E
u 1000
g
1000 &
o 800
£
=
70 : 600
o H
500 4’,& 2 00
2
0 K‘ 3 200
= %
0 g o
5 19 2 21 2 3B A

Deterministic model (08-05-2023) - amount of wind spillage

Deterministic model (20-12-2022) - amount of wind spillage

8

9 10 11 12 13 14
Time Step (hour)

3 14

9 1 1 12
Time Step {hour)

127



D.3 In-sample analysis results — France

Robust model (08-05-2023) - amount of wind spillage
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Stochastic model (08-05-2023) - amount of wind spillage
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D.5 In-sample analysis results — Germany

Robust model (08-05-2023) - amount of wind spillage
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Stochastic model (08-05-2023) - amount of wind spillage
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D.6 Out-of-sample analysis results — Germany

Robust model (08-05-2023) - amount of wind spillage
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Deterministic model (08-05-2023) - amount of wind spillage
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Appendix E — Overview of deliveries

Content ‘ File name

Meta data — [country]

“Meta data — [country].xIsx”

Deterministic model script code

“DeterministicModel.py”

Two-stage stochastic model script code

“StochasticModel.py”

Robust model script code

“RobustModel.py”

Model input data [date] — [country]

“InputFinal — [country] [date].xIsx”

Model input data sensitivity analysis

“InputFinal - NL (20-12-2022) [in-sample size].xIsx”

Case study results — [country]

“Model Results — [country].xIsx”

Sensitivity analysis results (in-sample size)

“Model results - Sensitivity analysis (in-sample
size).xIsx”

Sensitivity analysis results (budget-of-
uncertainty) — [country]

“Model results — [country] - Sensitivity analysis
(budget-of-uncertainty).xIsx”

RESgen stochastic producer day ahead
forecasts

“[Stochastic producer].csv”
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