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Abstract—Long-term investments within the European Union
have typically relied on zonal price signals, which are unable
to capture locational information. This has created a motivation
for resorting to locational capacity auctions in order to steer
investments to appropriate locations in the grid. The current
work provides an algorithm for clearing bids in the context of
capacity auctions for renewable investments, while accounting for
nodal network constraints at the scale of the full European power
system. The corresponding monolithic optimization problem
would comprise approximately 760 million variables and 1.5
billion constraints. The proposed framework models bid selection
in renewable auctions as a large scale continuous two stage
stochastic capacity expansion problem, subject to constraints
on the amount of renewable energy that is integrated into the
system. The algorithm is designed in order to tackle large scale
systems with a particular emphasis on (i) volumes of renewable
targets, (ii) nodal resolution, (iii) high temporal resolution and (iv)
uncertainty of climate patterns. The developed algorithm relies
on a variety of reformulations and decomposition techniques, and
it is specifically designed to exploit high performance computing
infrastructure.

Index Terms—Stochastic capacity generation expansion, Par-
allel algorithms, Large-scale optimization

NOMENCLATURE

Sets and Indices

F(n) Set of lines that originate from node n

G(n) Set of thermal generators at node n € N

G™V(n) Set of candidate investments at node n € N
GTF(n) Set of existing renewable generators at node n € N

H(n) Hydro generators at node n, I € {RoR, R, PS}!
LAC/PE et of AC/DC lines

N Set of nodes

Q Set of scenarios

T Set of time steps of the economic dispatch
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IFor ease of exposition, technology-specific quantities, including sets, vari-
ables, and parameters, are distinguished by superscripts: run-of-river (RoR),
reservoir (R), and pumped storage (PS).

T(n) Set of lines that have as a destination node n

Parameters

By Susceptance of line k

C0O2,  Cost of CO;z emissions of technology g (€/MWh)

D, Pump capacity of unit g (MW)

Mp/Ng Pump/turbine efficiency of hydro storage unit (%)

1C, Annualized investment cost of technology g¢g
(€/MW-year)

Ly Maximum capacity of line £k (MW)

Lipin Minimum capacity of line k (MW)

MC, Marginal cost of technology g (€/MWh)

prex Maximum generation capacity (MW)

PfE Installed capacity of renewable generator g (MW)

Qé Turbine capacity of unit g, I € {R, PS} (MW)

TV Total target volume of net renewable production

thf Storage capacity of unit g, I € {R, PS} (MWh)

VOLL Value of lost load (€/MWh)

Xy Capacity expansion limit (MW)
Parameters with Uncertainty

A_(I],t,w Hydrological inflow, I € {RoR, R, PS} (MW)

D, +.  Demand at node n, time ¢, scenario w (MW)

TSy Normalized time series production profile

Variables

dg .t Pumped power of unit g (MW)

Ot Voltage angle at node n

St w Power transferred through line £ (MW)

Isptw  Load shedding (MW)

Dy, t.w Power produced by thermal generator g (MW)

p_ﬁfw Power produced by existing renewable generator g
(MW)

DSn,tw  Production shedding (MW)

pgfff, Power produced by newly invested renewable gen-
erator g (MW)

4.+,  Turbined power, I € {RoR, R, PS} (MW)

Sg,tw Amount of spillage of unit g (MW)

Vgt State of storage of reservoir g (MWh)

24 Capacity invested in technology g (MW)

I. INTRODUCTION
A. Context

Recent geopolitical developments and evolving climate and
environmental policies justify the European Union’s ambi-
tious drive towards an accelerated integration of renewable
energy into the European power grid. This is outlined by
a recent communication of the European Commission [1]
that proposes a 90% reduction in emissions by 2040. These
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envisioned goals are highly dependent on the large scale
deployment of renewable generation resources throughout the
grid. Unfortunately, the current European market design does
not provide appropriate locational investment incentives [2].
Consequently, this can lead to situations where investments
are misplaced and cannot be used to their full potential due
to transmission network constraints. Thus, the integration of
renewable resources leads to novel challenges in power system
planning, since it requires a targeted placement of new plants
in locations where the system can integrate these resources.

The European electricity market design is based on a zonal
pricing approach. This approach considers an aggregation of
the network into large clusters of nodes, referred to as zones.
The nodes within a zone share a common energy price when
the market clears. In the literature, numerous works have
pointed out challenges related to the zonal design. These
include the delineation of bidding zones [3], distortions to
long-term investment signals [4], [5], and short-term ineffi-
ciencies in system operation [6], [7]. From the perspective of
investment, zonal designs distort locational signals and thus
cloud the ability of the market to stimulate investments at
non-congested parts of the network. These distortions may
also create arbitrage opportunities between zonal and redis-
patch prices and thereby further distort long-run investment
incentives [5]. Recent studies by the European Commission [7]
indicate that the magnitude of the problem can be substantial,
with redispatch exceeding 800 TWh and 100 billion € by
2040 under uncoordinated renewable deployment. Instead,
locational investment signals alone could reduce system costs
by 12-29 billion € per year. A related analysis of renewable
auction design finds that redispatch may reach up to 1113 TWh
under a zonal auction design that neglects intra-zonal grid
constraints, which is more than three times the level observed
under a locational auction design [8]. These observations
highlight the importance of steering renewable investments
toward locations that are compatible with the topology of the
network.

Given the tight physical interdependency of national power
system operations due to power flow constraints, coordination
at the stage of investment will be critical to ensure a least-
cost deployment of renewable energy infrastructure. In order
to assess the value of coordination and ensure that investments
are compatible with the physics that governs the flow of power,
it becomes relevant to develop a model that accounts for the
entire European continent at nodal resolution.

The volatile and variable supply of renewable energy im-
plies that any generation capacity expansion model should
be capable of representing operations at a sufficiently fine
temporal resolution to capture renewable supply variability.
This further escalates the computational complexity of the task
at hand due to strong temporal interactions in addition to the
exogenous uncertainty and the broad geographic scope of the
required model.

The deployment of renewables will unfold in a highly
uncertain environment. Electricity demand depends on climatic
conditions, which evolve unpredictably from year to year.
Moreover, massive geopolitical uncertainty is introducing ma-
jor uncertainty in future fuel costs of alternative technologies.

Investment in power generation capacity in this uncertain envi-
ronment can be represented as a two stage stochastic problem
[9], where the first stage of decision making is investment
and is followed by the operation of the system in a second
stage. However, achieving the renewable integration targets
envisioned by the European Union motivates the introduction
of a renewable integration target, which distorts the standard
two stage stochastic programming framework.

Leveraging recent advances in decomposition techniques,
we tackle this challenge by proposing an algorithm that clears
auctions to select renewable investments on the scale of the
entire European system.

B. Stochastic capacity generation expansion

Stochastic programming formulations of capacity expansion
models have been widely studied in the literature [10]-[21].
This has led to a wide range of solution techniques that are
differentiated depending on the specific characteristics of the
problem at hand. There are examples of authors who have
directly used an optimization solver when the problem is not
prohibitively large [14], [15]. There are publications where
scenario reduction has been employed in order to reduce the
complexity of the problem [16]-[19]. Decomposition methods
have also received considerable attention, including Benders
decomposition [10]-[12], subgradient-based algorithms [21],
and column-generation schemes [13]. A recent alternative
framework for large scale stochastic expansion was presented
in [22], where a variant of the progressive hedging algorithm is
applied to instances with 360 representative days on a system
with thousands of nodes.

The decomposition approaches that are most relevant for
our setting face three major limitations for our purposes.
Firstly, these schemes require the problem to be a standard
two stage stochastic problem. Our problem of interest aims
at investing while ensuring that the expected net renewable
energy integrated into the system reaches a prescribed target.
This constraint departs from the typical structure of two stage
stochastic problems, as it introduces a coupling constraint
between scenarios and thus impedes the direct application of
standard decomposition schemes. Secondly, these decompo-
sition algorithms work under the assumption that the sub-
problems can be solved efficiently. However, the modeling
requirements for our problem imply that the subproblems
themselves are large scale optimization problems. A third lim-
itation is that the application of high performance computing
with these decomposition schemes is typically constrained by
the number of scenarios, since a scenario is typically handled
by a processor [21]. Our target applications involve just a few
tens of scenarios, thus severely limiting our ability to exploit
high performance computing clusters with very large numbers
of processors.

Some recent developments in decomposition schemes have
allowed for a relaxation of temporal coupling constraints by
the introduction of so-called budget variables [23], which
become first stage decisions. Other recent developments have
considered Lagrangian relaxations of scenario coupling con-
straints and a variety of decomposition algorithms to cope with
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these scenario coupling constraints [20]. In [20], it is further
empirically demonstrated that the approach of budget vari-
ables offers a favorable tradeoff in terms of performance and
simplicity of implementation. Some recent work has applied
the idea of budget variables to extend Benders decomposition
to the sectoral and spatial domains in multi-sector capacity
expansion models [24].

Leveraging these recent developments, we propose a decom-
position scheme for tackling expansion models at EU scale
and at nodal resolution. These models lead to large scale
optimization problems with thousands of nodes, thousands of
time steps, thousands of dispatchable units, and hundreds of
storage facilities. The model represents exogenous uncertainty
explicitly through scenarios and includes a constraint requiring
the net renewable energy absorbed by the system to lie within
a target band. The overall solution is tailored to exploit high
performance computing infrastructure by allowing a large
collection of processors to evaluate subproblems in parallel.

C. Organization and contributions

The current work contributes as follows to the literature. (i)
From a methodological perspective, we formulate bid selection
in renewable auctions at full-EU scale as a continuous linear
problem with a renewable energy integration target band,
a nodal representation with more than 4000 nodes, high
temporal resolution, and 15 climate scenarios. To the best
of our knowledge, this is the first study addressing nodal
stochastic generation expansion planning at the scale of the full
European power system. (ii) From an algorithmic perspective,
we use budget variables, in the spirit of [23], [25], to decom-
pose the stochastic target band constraint and stored energy
boundary variables to exactly decompose intertemporal storage
constraints while preserving the long-term energy storage
behavior of hydro units. The resulting scheme combines an
initialization strategy, level set stabilization with dynamic level
parametrization, cut consolidation in the spirit of [26], cut
sparsification, and problem-specific valid inequalities for both
master problems, enabling the solution of an instance the
monolithic stochastic equivalent of which would comprise ap-
proximately 760 million variables and 1.5 billion constraints.
(iii) From an institutional standpoint, this work, carried out in
collaboration with the European Commission Joint Research
Centre, develops a proof of concept for coordinated renew-
able auctions as a corrective instrument for weak locational
investment signals under the zonal design in Europe.

The paper is organized as follows. Section II presents the
mathematical formulation of model-based bid selection in
renewable auctions. Section III develops the decomposition
scheme for the resulting large scale stochastic problem. Sec-
tion IV describes the high performance computing implemen-
tation enabled by the resulting array of subproblems. Section
V presents the case study, and Section VI concludes.

II. MODEL FORMULATION

The bid selection model in the context of renewable auctions
is formulated as a two stage stochastic capacity expansion
problem [9]. Nevertheless, the model differs from standard

two stage stochastic problems due to the introduction of a
second stage constraint that couples scenarios (uncertainty
realizations) directly. Within the model, the first stage deter-
mines the locations and amounts of investments of renewable
assets, while the second stage solves an economic dispatch
over a target year. Uncertainty is introduced in the second
stage. Each scenario consists of a time series of demand,
solar production, wind production, and hydro inflows. The
second stage includes a constraint that ensures that the average
total net renewable production lies within a target band. The
notation used throughout the formulation is summarized in the
nomenclature.

A. Investment constraints

The model aims at optimizing the selection of renewable
investment bids, specifically for photovoltaic (PV) and wind
projects, within the auction framework [8], [27]. There is a
maximum amount of investment capacity, which we model
with the following constraint:

zg < X, Vg€ GNV(n),n € N (1)

B. Target band constraint

The constraint is modeled as follows:

Zmz( S L Y z)
N

weN teT neN ne nenN
geGRE (n) geG™V (n)
eV, 14+a) -TV] 2)

We highlight that this constraint departs from the typical
structure of two stage stochastic problems. The introduction
of the expected value has the effect of coupling the scenarios
directly (as opposed to indirectly in the standard programming
literature, i.e. through first stage decisions)?. In this expres-
sion, 7, denotes the probability of scenario w, pf;fw and
pgfﬁ denote the production of existing and newly installed
renewable units, and ps, ;. denotes production shedding.
Subtracting ps,, ;. from the expectation in Eq. (2) accounts
for production shedding and avoids satisfying the requirement
by overbuilding of RES and then shedding their production.
Moreover, T'V denotes the baseline target level, and « denotes
the relative upward deviation allowed above T'V. In our
application, @ = 5%.

C. Photovoltaic and wind generation constraints

Given a scenario w € ), we model the production of
renewable resources as follows:

Pt =Pf TSy VgeG™(n)neNteT (3)

p;]fﬁ =a4-TSg 1w Vg € GINV(n),n eN,teT @)

Eq. (3) models the production of existing PV and wind
capacity by multiplying installed capacity by a normalized
availability profile. Eq. (4) applies the same profile to newly

2This implies that existing decomposition techniques, such as Benders

decomposition or subgradient-based schemes, are not directly applicable to
the problem.
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installed capacity x,. The parameter 1S, ;. denotes the
availability of renewable generator g at time ¢ under scenario
w.

D. Transmission network

We consider both DC and AC transmission lines within the
model. The AC lines are modeled using the B-theta linear
approximation of the power flow equations [28]. Given a
scenario w € {2, the B-theta model is formulated using the
following constraints:

fk?,t,w - Bk: . (6m,t,w - 6n,t,w) =0 (5)
L™ < frp < LY ©)
Vk = (m,n) e LA teT

Eq. (5) links the AC-line flow on line k = (m,n) to the
voltage angle difference between its terminal nodes through
the susceptance By, while Eq. (6) enforces the transmission
capacity limits. On the other hand, for a given scenario w € €2,
the DC lines obey the following constraints:

L < frpw < LT Vke £LPC teT (D)

Eq. (7) models DC lines as controllable flows that are limited
only by their transmission capacities.

E. Thermal generation constraints

Given a scenario w € €2, the maximum power generation
capabilities of the units are described by the following con-
straints:

Pgtw < P Vge G(n),ne N, teT (8)

F. Hydro power

We consider three hydropower generation technologies: run-
of-river, reservoir and pumped storage. For a given w € €,
each one of these technologies is modeled as follows.

« Run-of-River: There is no storage capability, therefore, the
net inflows are considered as turbined water.

RoR __ RoR
4gtw = Ag,t,w

Vg e HR(n), ne N,teT (9

o Reservoir: Water can be stored in the reservoir or released
for power generation.

R
4y,
ol =l AR, g (10)
g
Vgt S Vg (11)
af, . < QF (12)

Vg€ HR(n),ne N,teT

Eq. (10) describes the energy storage dynamics of the reser-
voir. In particular, inflows Agjtw increase the stored energy,
turbine generation qgtyw depletes the reservoir after accounting
for turbine losses through 7, (turbine efficiency), and spillage
54w represents water released without generation. Eqs. (11),
(12) describe the maximum storage and maximum power

production capacities, respectively.

o Pumped storage: We model pumped storage with the fol-
lowing set of constraints:

al’?
Ugly::f:w - U;f—l,w +Mp - dg-,tv‘/J - % 13)
g
vy, < VS (14)
alt., <Q® (15)
dg,t,w < Dg (16)

Vge HS(n),ne N, teT

Eq. (13) describes the energy balance of the pumped-storage
reservoir, where 7, and 7, denote the pumping and turbine
efficiencies, respectively. Thus, stored energy increases by less
than the electricity consumed during pumping and decreases
by more than the electricity delivered during generation.® Eq.
(14) bounds the maximum storage, while Egs. (15), (16) bound
the turbine output and pumping power respectively.

G. Nodal energy balance

For each scenario w € €2, nodal energy balance is enforced

as follows:
Z pg,t,w + Z

I
4g,t,w

geG(n) I€{RoR,R,PS}
geH (n)
Y Pl D pet Y frew
gEGRE (n) geEGINV (1) kET (n)
_ Z Srtw — Z Ay tw + USntw — PSntw
keF(n) gEHPS (n)
=Dptw VnEN, tET (17)

Eq. (17) balances, at each node and time period, thermal,
hydro, and renewable generation, net imports, pumping con-
sumption, load shedding, and production shedding. The vari-
able ps,, ; ., represents production shedding and absorbs excess
renewable output when this output cannot be accommodated
by the system.

The load shedding term in Eq. (17) is bounded by nodal
demand for each scenario w € 2:

lsn,t,w < Dn,t,w Vn € N, te T (18)

H. Objective function

The term (19) is the first stage cost and consists of the
investment cost.

neN,geGINV (n)

IC, -z, (19)

For a given w € (), we define the following quantities:

> (MCy+CO2) pyi

neN, geG(n)
teT

(20)

3Short-term storage technologies, such as battery units, can be modeled
analogously by introducing upper bounds on the storage level and on the
charging and discharging variables, as in Egs. (14)-(16), together with an
intertemporal balance equation with charging and discharging efficiencies, as
in Eq. (13).
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> VOLL -lsp . Q1)

nenN
teT

The cost of producing pg ¢ ., units of power is described by
term (20). Term (21) assigns the VOLL penalty to the nodal
load shedding variable introduced in (18).

1. Problem formulation

Putting these elements together leads to the problem of
model-based bid selection in renewable auctions (MRA),
which is described as follows.

(19)+ Y m, [(20) + (21)}
weN

s.t. (1), (2)

(3) —(18)

For compactness, we denote by 1,,* the collection of second
stage operational variables under scenario w. The constraints
in (MRA) are separated into three sets. The first set contains
the first stage constraints, represented by (1), which do not
depend on w € €. The second set corresponds to the scenario-
coupling constraint, represented by (2). The third set contains
the second stage operational constraints, represented by (3)-
(18), which depend on uncertainty and are imposed separately
for each scenario w € ().

(MRA)

min.
mv{yw}weﬂ

Yw € Q

III. DECOMPOSITION STRATEGY

As discussed in section II, the problem of interest consists
of three main blocks of constraints. In subsection III-A, budget
variables [23] decouple the scenario-coupling target band
constraint, yielding a standard two stage stochastic problem.
Subsection III-B applies the L-shaped method to handle the
linkage between the first and second stage. Because the
economic dispatch within each scenario is too large to solve
in a single shot, subsection III-C introduces a temporal de-
composition based on budget variables [25] and intertemporal
subproblems [21]. Subsection III-D describes a fixed param-
eter level set stabilization scheme. Subsection III-E presents
several enhancements, including a dynamic level parameter,
cut consolidation, cut sparsification, and valid inequalities,
whose detailed derivations are provided in the electronic
supplement [29].

A. Decomposition of the target band constraint

The typical structure of two stage stochastic problems fol-
lows the logic that once the first stage decision is determined,
uncertainty materializes, and one can react to each scenario
without taking into account other scenarios. The situation with
the scenario coupling constraint of Eq. (2) that is present in
this problem introduces a more complex setting. Once the
first stage decision is determined, one cannot consider each
scenario independently of every other scenario, since there is

4Here, y., collects all second stage operational variables under scenario w.
When temporal decomposition is introduced, yg,., denotes the restriction of
these operational variables to temporal segment k under scenario w.

a constraint that couples the decisions taken across different
scenarios.

To tackle the coupling between scenarios, we resort to the
methodology developed in [25]. For each scenario w €
we introduce a so-called budget variable ¢q,,, representing the
net renewable production budget allocated to scenario w, and
reformulate the (MRA) problem as:

(19)+ > {(20) + (21)}

(B-MRA) min.
Z,q,{Yuw }wea e
s.t. (1)
> Mg =TV 22)
we
S5 e X S
teT neN neN neN
gEGTE (n) g€GNY (n)
>q, YweQ (23)
Sl D pet X ppEE - D psure
teT neN neN neN
gEGRE(n) gEGINV(n)
<(l4a) q Ywe (24)

(3) — (18) Yw e Q

In reformulation (B-MRA), the scenario-coupling target
band constraint (2) is replaced by the (master) constraint
(22) and the scenario-wise operational constraints (23)-(24).
The auxiliary (master) variable g, allocates a net renewable
production budget to scenario w. Eq. (22) ensures that these
budgets recover the baseline target 7'V in expectation, while
Egs. (23)-(24) require the realized net renewable production
in each scenario to lie between ¢, and (1 + «)q,,. Hence, the
coupling across scenarios is moved to the master problem, and
the operational constraints become scenario-wise separable.
The exactness of this reformulation follows from Theorem 1 of
[25], which establishes the equivalence of the budget variable
reformulation.

B. Decomposition at scenario level

The L-shaped method allows us to break down a standard
two stage stochastic problem [9]. We decouple the first and
second stage into a master and subproblem structure. We then
create a subproblem for each uncertainty realization for the
second stage.

We proceed by considering the reformulation of (B-MRA).
For each w € Q, we define the value function V,(z,q,) as
the minimum second stage operating cost for given first stage
decisions x and q,. For fixed master values Z and g, the
corresponding optimization problem reads:

Vo (T, Gw) = IIgl}fl.(?O) + (21)
s.t. (23) — (24)
(3) — (18)
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Using V,,(z, q,,), we re-write the (B-MRA) problem as:

n;ug (19)+Ew[vw(x7qw)}
s.t. (1), (22)

Standard results from the two stage stochastic programming
literature imply that the function E, {Vw (x, qw)} is convex and
piecewise linear on its domain in the first stage decisions x and
q¢ = {qu}wea [9]. The L-shaped method under-approximates
this function by means of supporting hyperplanes, commonly
referred to as optimality cuts, which are derived from the
subgradients of the value functions V,(x,q,) [9]. In the
present formulation, we adopt a multi-cut variant of the L-
shaped method and generate one optimality cut per scenario
at each iteration. As discussed in [30], such multicut variants
typically yield a tighter master approximation, although they
increase the size of the master problem.

A related_ consideration concerns the domain of
E, |V.(x,q.)|.- When the second stage problem is infeasible
for a given first stage decision, the standard remedy is to add
feasibility cuts derived from rays of unboundedness [9]. In
our approach, we instead introduce slack variables, highly
penalized in the objective, in order to arrive at a formulation
with complete recourse [9], so that V,(z,q,) is finite for
every pair of first stage decisions (z,q,). This choice is
motivated by the fact that extracting rays of unboundedness
requires the simplex algorithm, which is significantly slower
than the barrier algorithm for the problem at hand. The
resulting algorithm therefore relies exclusively on optimality
cuts.

For each w € 2 and iteration v, let ¢/, denote the cut
generated under scenario w at iteration v. Since one cut is
generated per scenario at each iteration, the master problem
at iteration j contains the cuts {c”(z,q,)}._} for all w € Q.
The previous problem can then be approximated as follows:

w > (x,q,) Yre{l,....,j—1}, we

This problem is commonly referred to as the master prob-
lem of the L-shaped method. Within iteration j, the master
problem is first solved, yielding the trial point (Z7,¢’). Each
subproblem V,,(Z7, /) is then solved, and a subgradient of
V., at (z7,g)) is used to compute an optimality cut ¢/,, which
is added to the master problem. Throughout this section and in
the remainder of the paper, barred quantities denote fixed val-
ues passed from the master problem to the subproblems. As the
cuts accumulate, the master approximation of E,, [Vw(ac7 qw)}
is progressively refined, and finite convergence is guaranteed
[9].

An upper bound is computed at the current trial point by
adding the first stage investment cost to the expected second
stage operating cost evaluated at that point. A lower bound
is given by the optimal value of the master problem. The
resulting optimality gap serves as a stopping criterion.

Figure 1. Temporal decomposition of the second stage. The second stage is
partitioned into several consecutive chronological segments.

C. Decomposition of intertemporal constraints

Due to the scale of the problem, solving each scenario
subproblem V,(z,q,) in a single shot is computationally
intractable. Loading the full subproblem into memory is pro-
hibitive, and even in simplified instances where this is possible,
the solution time remains unacceptably large. We therefore
seek an additional level of decomposition within each scenario
subproblem. To this end, we combine the chronological de-
composition of [21] with stored energy boundary variables that
link adjacent temporal segments and preserve intertemporal
storage dynamics.

We partition the second stage horizon {1,...,7T} into the
set of K consecutive temporal segments K = {1,..., K},
namely {1,...,t:},{ts +1,...,ta}, ..., {txk—1+1,....T},
where tp = 0 and tx = 7, as illustrated in Figure 1. For
each temporal segment k£ and scenario w, and for fixed master
values Z, @k, Ut , w, and 7y, o, we define the following
subproblem:

Vk,w ("E? Qk,wa @tk,hwa {}tk,w) =

[(20) + (21)} t'“

min.
Yk, w t=tr_1+1
tr
.. [(3) - (18)}
t=tp—1+1
tr
> (X R X mEE Y psare)
t=tr_1+1 neN neN nenN
9EGRE (n) 9€G™NY ()
2 Qkw (25)
ty
(X R X mREY pswes)
t=tr_1+1 neN neN neN
geGRF (n) 9eG™V (n)
< (14 )Gk, (26)
T
Vg tr—1,w0 = Ygty_1,w @7
T
vg,tk,w = vg,tk,w (28)

VI e {R,PS}, gc H (n),ne N

In the preceding problem, the bracket notation indicates that
the corresponding terms are restricted to the time interval
t € {tk—1 + 1,...,tx}. Egs. (25)-(26) assign to temporal
segment k under scenario w a net renewable production budget
dr, and require the realized net renewable production over
that segment to lie between G ., and (1 + &)@ ., While Eqgs.
(27)-(28) prescribe the hydro storage level at the beginning and
at the end of the segment. In circular indexing approximations
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such as those adopted in [23], [25], the storage level at the
end of each subperiod is set equal to the storage level at its
beginning. As a result, hydro storage is represented separately
within each subperiod and long term storage dynamics are
not represented accurately. Under the proposed reformulation,
adjacent temporal segments are linked through common stor-
age boundary variables’, so that the hydro trajectory remains
chronologically consistent over the full horizon. This exact
treatment of hydro storage allows problem (B-MRA) to be
reformulated as follows.

I’wn(lzl’%) (19) +]Ew|:z Vk,w(xaqk,wvvtk_l,wﬂvtk,w)
” kEK
s.t. (1)
[(11), (14)} Lok
weN
Eo| Y arw] =TV (29)

keKk

In the temporally decomposed reformulation, the master
problem determines the investment vector x, the segment-
scenario net renewable production budgets gy, .,, and the stored
energy boundary variables vy, . Eq. (29) ensures that the net
renewable production budgets recover the baseline target TV
in expectation, while Eqgs. (25)-(26) enforce the segment-level
tolerance around each budget. Constraints (11) and (14) bound
the feasible values of the storage boundary variables.

Following the procedure described in subsection III-B, we
apply the L-Shaped method to this temporally decomposed
reformulation. The segment-scenario value functions V , are
treated analogously to the scenario value functions of subsec-
tion III-B, but now with respect to the first stage decisions
T, Qk,ws Vi ,w» and vy, . At each iteration j, one cut c,iyw
is generated for every pair (k,w), and the resulting master
problem reads:

M) min. (19) —HEw[Z ak,w}
Y kek
st (1), (29)
(1), (19)],
we

Okw > CZ,w(% Ak,w, vtk—la‘/)7vtk,’w)
Yve{l,....,.j—1}L keK,we

As in subsection III-B, the master problem (M) provides a
lower bound at each iteration, and the segment-scenario sub-
problems are evaluated at the resulting trial point to compute
an upper bound and generate new cuts. Complete recourse
ensures feasibility and thus there is no need for feasibility
cuts. Because |K| - |2 new cuts are added per iteration, (M)
contains a total of (j — 1) - || - [ cuts before iteration j,
provided that no previously generated cuts are dropped.

SFor short duration storage technologies, such as batteries, introducing
storage boundary variables in the master problems can be avoided. Instead,
their stored energy can be approximated within each temporal segment,
for example by imposing a cyclic energy condition or by prescribing a
representative charge-discharge pattern. Such approximations do not increase
the number of first stage variables and are generally reasonable for batteries,
since their limited energy capacity usually prevents them from materially
affecting system states across long planning horizons.

The advantage of this decomposition is that each segment-
scenario subproblem V), ,, is significantly smaller and therefore
faster to solve. On the other hand, the number of subproblems
and the number of first stage decision variables both increase,
and the master problem grows faster since the number of cuts
per iteration now scales with |K| - || rather than |2| alone.

D. Level set stabilization scheme

Stabilization aims to address well-known drawbacks of
cutting plane methods. In early iterations, the approximation
may contain little information about the neighborhood of an
optimal solution, and the algorithm may spend many iterations
producing trial points that explore extreme points of the
feasible region [9].

A broad literature has developed around stabilizing Benders
algorithms. Trust region, proximal bundle, and level set meth-
ods have all been proposed to mitigate oscillatory behavior
and improve the quality of trial points in early iterations
[30], [31]. Proximal bundle methods penalize deviations from
a stability center through a quadratic term in the objective,
whereas trust region methods impose an equivalent restriction
by constraining the next iterate to a neighborhood of that
center [31]-[33]. Level set methods [34] instead project the
stability center onto a level set of the cutting plane model,
with the level defined through an interpolation between lower
and upper bounds [31]. In the energy systems literature, [23]
studies several level set variants for capacity expansion, and
[32] compares trust region and bundle stabilization techniques
for energy planning under climate uncertainty. Related level
methods have also been used in Lagrangian decomposition,
for example to compute locational convex hull prices [35]
and to address stochastic expansion planning with endogenous
adequacy targets [20].

Among the available stabilization schemes, preliminary ex-
periments on smaller instances of our problem indicated that
level set stabilization outperforms the proximal bundle method
for our application. We therefore adopt level set stabilization
and first describe a fixed parameter variant, where the level
is determined by a prescribed value of A. Let z = (z,q,v)
denote the vector of first stage decisions and let Z be the
current stability center, that is, the incumbent first stage point
associated with the best upper bound found so far. At iteration
j, let LB be the lower bound provided by the master problem
M), let (UB?’~1')* = ming<,«; UB" denote the best upper
bound available prior to iteration j, and let 0 < A < 1 be the
fixed level parameter, so that A = X for all j. Defining the
level #/(N) = N - LB/ + (1 — M) - (UB’71)* as a convex
combination of the current lower and upper bounds leads to:

(LS-M)  min. ||z - 2|2

Z,q,7,

s.t. (1), (29)
[(11), (14)} rex

we
v
Gk,w > Clc,w(x7 Ak,w; Vty_1,w Utk’w)

Yve{l,....,j— 1} ke K, we
(19) + E., [Zkelc ek,w} <E(N)  (30)
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Problem (LS-M) preserves the feasible region described by
the cutting plane model and selects, among all points satisfying
(30), the one closest to the stability center z. We denote the
optimal solution of this problem by z7. At each iteration, z’
is the trial point returned by the level set master problem
and is passed to the subproblems for evaluation. The upper
bound UBJ is computed by adding the investment cost at
%7 to the scenario-weighted sum of the segment subproblem
values evaluated at z7. The stability center Z is updated only
when 2’ yields an improved incumbent upper bound. Since
(LS-M) includes the same multi-cuts as (M), its size increases
analogously, provided that no cuts are dropped.

The objective used in (LS-M) is not unique. In [23], the
quadratic choice ||z — Z]|3 is compared with an unregularized
level set variant, in which any point satisfying the level set
and cutting-plane constraints can be selected as the next trial
point. In our setting, however, this variant would not be able
to exploit the initialization strategy described in Algorithm S1
of the electronic supplement [29], because it does not contain
any term measuring the distance from the initialized stability
center z°. By contrast, distance-based objectives such as
[z = Zll1, ]z — 213, or ||z — Z]|o reflect the magnitude of
the deviations from the stability center and therefore guide
the next iterate toward promising trial points [36]. In our
tests, the /5-norm combined with the initialization described
in Algorithm S1 of the electronic supplement [29] outperforms
the corresponding ¢;-norm and ¢,.-norm alternatives, as well
as the unregularized level set variant proposed in [23].

The resulting fixed parameter level set decomposition
scheme is presented as Algorithm S1 of the electronic sup-
plement [29]. The initial stability center Z" is obtained by
solving one deterministic wait-and-see problem per scenario
and averaging the resulting first stage decisions. This provides
a meaningful starting point and reduces the number of itera-
tions required for convergence.

E. Enhancements of the stabilization algorithm

Several enhancements are introduced on top of the fixed
parameter level set scheme of Algorithm S1 of the electronic
supplement [29]. Their detailed derivations are provided in
the electronic supplement [29]. The key ideas are summarized
below.

« Dynamic level parameter: Motivated by [37], we replace the
fixed \ with a coefficient A/ € [Ayin, Amax| that evolves over
iterations. Unlike [37], our progress ratios and update steps are
tailored to the bound evolution observed in our application,
where the incumbent upper bound typically improves early
while later convergence is mainly driven by lower bound im-
provements. A quadratic step adjusts the parameter when both
bounds stall, a milder linear correction is applied when only
one bound stalls, and the parameter is left unchanged when
progress is satisfactory. The detailed update procedure is pre-
sented as Routine S2 of the electronic supplement [29], while
the resulting level set algorithm with dynamic parametrization
is summarized in Algorithm S3 of the same supplement.

« Cut consolidation: Following the consolidation technique of
[26], inactive cuts are periodically aggregated. In our temporal

Algorithm 1 Proposed Decomposition Algorithm

R B
INPUT- )\ s Jmaxs €tols Tmaxs Vs Tmins T"'max> >\min, )\max’ Nm

R.S.
INITIALIZATION: Solve the deterministic wait-and-see
problem for each scenario and define z2° = (z°,4°,79)

as the average of the resulting x, ¢, and v decisions. Set
Z « 2V, initialize (UBY)* with a sufficiently large value,
set j <+ 1, and €0+ +o00.
while j < jnax, €71 > €01, and elapsed time < Tyax do
Solve (VC-M) and set LB equal to its objective value.
If j > 2, update \J with Routine S2 of [29].
Compute ¢/ (N) =N - LB + (1 - M) - (UB~1)*.
Solve (VC-LS-M) to obtain z7 = (z7, ¢, v7).
for ke IC, w e Q do ‘
Solve Vy (%) and generate cut ¢, .
end for
Compute UB, set (UB7)* = min{(UB’~')*, UB7}.
If (UBY)* < (UB771Y)*, set 2 + 2.
Compute ¢/ = ((UB?)* — LB7)/LB7.
Add the cuts ¢}  to (VC-M) and (VC-LS-M).
Consolidate inactive cuts as described in [29].
Set j 5+ 1.
end while

multi-cut setting, cuts sharing the same temporal segment and
iteration are collected into a single group and, when a sufficient
fraction has been inactive for enough consecutive iterations,
they are replaced by a single aggregated cut. Related strategies
include adaptive multicut aggregation [38] and cut selection
based on violations [39]. Because cut consolidation weakens
the cutting-plane approximation, the lower bound computed by
the LP master problem may temporarily decrease. To avoid
this, we impose in both master problems the lower bound
preservation constraint reported in the electronic supplement
[29], which requires the LP master objective expression to
remain at least as large as the best lower bound obtained in
previous iterations.

o Cut sparsification: In the proposed algorithm, during cut
construction, coefficients with absolute value at most 1076 are
set to zero. This removes numerically negligible terms, yields
sparser cuts, and improves numerical stability.

o Valid inequalities: To improve the quality of early trial
points, we strengthen the master problems with valid inequal-
ities, following the general idea in [30], [32], [40], while
deriving the specific inequalities from the structure of our
subproblems. These include RES production capacity bounds
that anticipate the penalty cost when the renewable target
exceeds available capacity, intertemporal bounds on pumped
storage that account for physical limits on turbine output and
pumping power, and reservoir inflow bounds that account
for the nonnegativity of spillage. The derivation of these
inequalities and the resulting strengthened master problems,
denoted (VC-M) and (VC-LS-M), are presented in the elec-
tronic supplement [29].

SAll input parameters of Algorithm 1 are described in the electronic
supplement [29].
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Figure 2. Parallel computing strategy. The set of second stage subproblems
is distributed among the available CPUs.

Algorithm 1 summarizes the proposed decomposition algo-
rithm with the enhancements described above.

IV. PARALLELIZATION SCHEME

As discussed in section III-C, the proposed approach in-
creases the number of subproblems relative to standard two
stage stochastic programming decomposition techniques. This
section describes the parallelization scheme used to exploit
high performance computing (HPC) infrastructure. In standard
scenario decomposition, the available parallelism is typically
limited by the number of scenarios. With temporal splitting,
the decomposition creates a larger collection of independent
segment-scenario subproblems, which allows a finer distribu-
tion of work across the available workers.

In our implementation, the subproblems are assigned to
workers through a static allocation fixed before the iterative
procedure starts. As discussed in [39], this avoids the com-
munication overhead associated with relocating subproblems
during the algorithm.

Within the developed scheme, the set of subproblems is

{Vk’“’(" R ')}ke)c,wesz'

All subproblems in this set are independent, unlike temporal
decomposition techniques such as [21], where subproblems
remain linked. Consequently, once a master solution has been
computed, all segment-scenario subproblems can be evaluated
in parallel. Assigning one worker to each subproblem allows
the implementation to exploit up to |K| - |[©2| worker CPUs,
resulting in the parallel computing structure presented in Fig-
ure 2. When fewer workers are available, the static allocation
assigns several segment-scenario subproblems to each worker.

V. CASE STUDY

This section presents the results of the proposed decom-
position strategy for a realistic all-EU instance of the power
network. The dataset spans 34 countries’ and an overview of
its main characteristics is provided in Table L.

7Compared with the entries listed on the ENTSO-E members page, the
dataset does not include Cyprus, Iceland, Northern Ireland, or Ukraine. It
additionally includes Great Britain and Kosovo, which are modeled in the
dataset but are not taken into account in the target volume calculation.

8The term solar hsat denotes solar units with horizontal single-axis tracking.

Table 1
OVERVIEW OF THE DATASET

Characteristics | Data source |

- Full European system
34 countries
- Nodal model
- 4054 buses,
- 5704 AC lines,
36 DC lines
- Unit-based model
- 1491 generation units
- Unit-based model
- 3 technologies:
run-of-river, reservoir,
pumped storage
- 595 reservoirs,
142 pumped-storage units,
612 run-of-river units
- 3942 solar units,
4050 wind units
- 471 solar,
453 solar hsat,8
396 onshore wind,
94 offshore wind projects
- 15 scenarios
- Each scenario consists
of a yearly demand,
inflow, solar and
wind profiles
- One operational year
with 6 time periods per day

Geography

Transmission network PyPSA [41]

Thermal generation PyPSA

Hydrological generation
PyPSA

Solar & wind generation PyPSA

Candidate RES investments PyPSA

PyPSA
ERAA [42]

Uncertainty

Time horizon

A. Algorithmic setup

The decomposition algorithm is implemented in Julia
v1.12.4 using the JuMP v1.30.0 modeling framework, and
all linear and quadratic continuous problems are solved with
Gurobi 10.0.3. The computational experiments are carried
out on the ARIS HPC facility, operated by the National
Infrastructures for Research and Technology S.A. of Greece
(GRNET S.A.). ARIS comprises 48 thin computational nodes
(512 GB RAM each) and 16 fat computational nodes (1 TB
RAM each), all equipped with 128 AMD EPYC 7763 cores
per node. For the full-EU instance, we allocate 4 fat nodes,
using 27 cores and 650 GB of RAM per node, for a total of
108 cores and 2600 GB of RAM.

Based on empirical experiments, we opt to partition each
year into 14 temporal segments per scenario. This yields
2] - 14 = 210 segment-scenario subproblems in total and
provides a favorable tradeoff between the solution time of the
subproblems and the size of the two master problems. Addi-
tional sensitivity results supporting this choice are reported in
the electronic supplement [29]. The collection of subproblems
is distributed across the available cores, thus leading to 1-
2 subproblems per core. Each subproblem is solved using
one Gurobi thread with the barrier algorithm, which we have
empirically observed to be faster than the simplex (or dual
simplex) algorithm for our application. Empirical evidence
from previous research (e.g. [20]) indicates that for these types
of problems, enabling the multi-threading option in Gurobi
severely increases the computational usage of resources in the
cluster without providing a substantial decrease in run time.
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Figure 3. Convergence evolution of the full-EU instance. The upper and lower
panels report convergence over iterations and elapsed time, respectively. In
both panels, the lower and best upper bounds are shown on the left axis, while
the optimality gap is shown on the right axis.

Furthermore, we set the crossover option to 0 to decrease the
run time per iteration.

B. Initialization strategy

As described in Algorithm 1, the decomposition scheme is
initialized at the stability center 2, obtained from the average
wait-and-see solution. For smaller instances, this requires
solving one deterministic problem per scenario and averaging
the first stage decisions. However, for the full European
instance each monolithic single scenario problem comprises
approximately 100 million constraints and 51 million vari-
ables, rendering a direct solve intractable.

To circumvent this limitation, we partition the European net-
work into four regional subsystems (Central-Western Europe,
Northern Europe, Eastern Europe, and Southern Europe) and
solve a deterministic problem for each region independently.
The resulting regional solutions are then combined to form the
initial stability center for the full-EU instance. This regional
initialization provides the algorithm with a reasonable starting
point, from which the iterative procedure refines the first stage
decision variables.

C. Convergence

Figure 3 presents the convergence evolution of the full-
EU instance, with Panels 3a and 3b reporting convergence
over iterations and elapsed time, respectively. The regional
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Figure 4. Time breakdown per iteration for the full-EU instance. The
elapsed time per iteration is divided into three components: time to solve
the subproblems, time to solve the level set master problem (QP), and time
to solve the lower bound master problem (LP).

initialization described in the previous subsection provides a
tight initial upper bound, as evidenced by the best upper bound
already being close to its final value at the first iteration.
The lower bound rises rapidly during the first few iterations,
and the optimality gap drops below 4% by iteration 25.
After approximately 25 iterations the upper bound has largely
stabilized and subsequent iterations are mainly devoted to
improving the lower bound. The algorithm terminates after
49 iterations with an optimality gap of approximately 3%.

Panel 3b presents the same quantities over elapsed time.
The total elapsed time is approximately 58 hours, with the
upper bound stabilizing after roughly 27 hours. The remaining
elapsed time is spent closing the gap by tightening the lower
bound.

D. Computational run time

Figure 4 presents the elapsed time per iteration, broken
down into three components. Over 49 iterations, the average
time per iteration is approximately 70 minutes. The subprob-
lem solve time dominates throughout the runs. As the iteration
count increases, the time required to solve the level set master
problem (QP) and the lower bound master problem (LP)
grows, owing to the accumulation of cuts. Cut consolidation
and cut sparsification mitigate this growth, keeping the sub-
problems as the computational bottleneck at every iteration. In
this synchronous implementation, each iteration can proceed
to the next master problem solve only after all workers have
completed their assigned subproblems. As shown in the elec-
tronic supplement [29], the relative synchronization overhead
ranges between 75% and 83% during the subproblem-solving
phase’, indicating substantial heterogeneity in worker com-
pletion times. This motivates asynchronous parallelization and
improved load balancing strategies for allocating subproblems
to workers.

9For each iteration, the relative synchronization overhead is computed as the
difference between the slowest and fastest worker completion times, divided
by the slowest worker completion time, during the subproblem-solving phase.
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E. Comparison to the wait-and-see solution

As discussed in the initialization strategy of Section V-B,
the monolithic wait-and-see problem for the full-EU instance
is of excessive scale. Given our limited computational budget
on ARIS, we therefore restrict this comparison to the Central-
Western European (CWE) subsystem, for which the stochastic
solution can be obtained via the proposed decomposition
scheme and the wait-and-see solution can be computed by
solving each scenario problem independently. Additional CWE
results, including detailed breakdown tables, sensitivity anal-
yses, and maps of invested capacities, are reported in the
electronic supplement [29].

We quantify the cost of uncertainty through the so-called
expected value of perfect information (EVPI) [9], defined as
the additional cost incurred by the stochastic solution relative
to the wait-and-see solution. The latter adapts first stage
decisions to the realization of uncertainty, so a small EVPI
suggests a limited role for uncertainty in investments. Based
on the best incumbent solution of the stochastic problem, the
estimated EVPI is approximately 3.9%, meaning that system
costs would increase by roughly this amount if decisions
were made without perfect foresight, highlighting the value
of incorporating uncertainty into the optimization model. This
additional cost stems almost entirely from higher annualized
investment expenditure (6.44 billion € for the stochastic
solution compared to 4.87 billion € for the wait-and-see),
while economic dispatch costs remain comparable between
the two solutions (27.18 and 27.49 billion €, respectively).

Figure 5 compares the stochastic and wait-and-see solutions
for the CWE subsystem. Panel 5a presents the differences in
the newly installed capacity between the wait-and-see solution
and the stochastic solution. Under the stochastic solution,
approximately 76.5 GW of new capacity is installed in total,
compared to roughly 59.3 GW under the wait-and-see solution.
Both wind and solar capacities are substantially higher in the
stochastic solution, reflecting the additional hedging required
when future conditions are unknown. By contrast, the wait-
and-see solution is less aggressive in terms of investment, as
it is able to perfectly anticipate the future conditions of the
system and adapt its investment to these conditions.

The impact of these additional investments on system oper-
ation is illustrated in Panel 5b, which compares the renewable
energy production of both solutions. The stochastic solution
yields higher total renewable energy volumes, accompanied
by higher production shedding, as the extra installed capacity
generates output that cannot always be absorbed by the system.
Nevertheless, this surplus ensures that sufficient renewable
resources are available across a range of climate outcomes.

VI. CONCLUSIONS

Renewable energy auctions can be an important policy
instrument for steering investment in appropriate locations
in the face of the ambitious renewable energy integration
targets set by the European Union. Geographical coordination
is essential, while network constraints, flexibility and storage,
and uncertainty must all be accounted for. The formulation
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Figure 5. Comparison of the stochastic and wait-and-see solutions for the
CWE subsystem. The upper panel shows the installed solar and wind capacity
by technology, while the lower panel shows renewable energy production and
shedding by technology.

of this problem leads to a massive continuous stochastic ca-
pacity expansion problem, further complicated by a scenario-
coupling renewable target band. We present a decomposition
scheme specifically designed to exploit high performance
computing infrastructure for tackling this problem on the
scale of the full European power system. The algorithm relies
on budget variable reformulations for the scenario-coupling
target constraint and stored energy boundary variables for
intertemporal storage coupling, dynamic level set stabilization
to accelerate convergence, valid inequalities to strengthen the
master problems, cut consolidation and cut sparsification to
control their growth, and an initialization strategy that supplies
a good starting point to the algorithm. The computational study
on the full-EU instance demonstrates that the resulting prob-
lem can be solved to a 3% optimality gap within approximately
58 hours on 108 cores.

Future work will compare coordinated pan-European auc-
tion designs with country-level designs. Another line of re-
search is to develop asynchronous parallelization strategies to
mitigate synchronization delays caused by heterogeneous sub-
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problem solution times and thereby reduce overall computation
times. Finally, it is of interest to explore representative hour
selection, grid aggregation, and scenario reduction techniques
as means of reducing the dimensionality of the problem.
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