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ABSTRACT

Policymakers today face many, interrelated uncertainties. In addition, they have to strike a balance
between efficiency, cost-effectiveness, and overarching social objectives. Addressing these prob-
lems requires a coupling of several approaches. Thus, we model the power generation expansion
planning (PGEP) problem as a combined simulation-optimization problem. Since agent-based sim-
ulations (ABM) are able to effectively represent markets, we formulate the PGEP as a multi-stage
multi-scale mixed-integer linear optimization problem, where the results of the ABM are integrated
into a stochastic optimization model using affine cuts. First, we propose a double decomposition
framework combining Benders decomposition and stochastic dual dynamic programming (SDDP)
algorithms to solve the PGEP problem. Second, we couple the stochastic optimization model with
an agent-based electricity market simulation (AMIRIS) to evaluate power portfolio decisions from a
market perspective. We discuss the process of extracting dual values from agent-based simulations
with the goal of calculating optimality cuts for the Benders decomposition, to incorporate the
simulation results into the optimization model. In particular, we investigate three coupling strat-
egies connecting the optimization and AMIRIS models. Our results show that integrated simula-
tion-optimization approaches vyield superior portfolio decisions using both centralized and
decentralized operations. Furthermore, they combine recourse and wait-and-see solutions, enhanc-
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ing resilience against uncertainties.

1. Introduction

Renewable energy sources are an essential component of
most power systems and have been thoroughly assessed for
long-term power expansion planning. Studies have analyzed
integrating renewable technologies by using energy storage
systems and for complementing them with conventional
technologies (Parker et al., 2019). With the rising penetra-
tion of renewable sources, the need for expansion planning
models with high temporal and spatial resolutions and long-
term planning horizons has increased significantly. Such
models are typically of massive size, posing challenges in
solving these models. However, many uncertainties, e.g., due
to price changes and weather-dependent production, have to
be integrated into modeling. Given the inherent computa-
tional burden from discrete characteristics and high time-
resolution requirements, the stochastic nature of the PGEP
increases computational complexity. Using advanced decom-
position algorithms is one solution used in this paper and
elsewhere to handle these computational complexities.

Yet, the profit-maximizing behavior of actors also has to
be considered. Agent-based simulations are a particularly

effective tools for that, analyzing the effects of different mar-
ket designs. Furthermore, their computational performance
can be considered a competitive advantage for large-scale
problems. There is some research in the literature focusing
on the coupling of several short-term and long-term deci-
sions, including the use of optimization models within
agent-based simulations (Tao et al., 2021). This paper cou-
ples a stochastic optimization model with an ABM to be
able to address both the uncertainties of expansion planning
and market-oriented behavior of actors at the electricity
markets. Combining modeling approaches addresses struc-
tural weaknesses inherent in relying solely on a single mod-
eling method. However, integrating models is challenging
for several reasons: First, different models often operate on
distinct spatial and temporal scales. Second, the underlying
assumptions of the approaches differ. Third, ensuring con-
vergence to a stable system state poses a significant chal-
lenge. Even with meticulous calibration, coupled models
may diverge into incompatible system states. Given these
problems, we design a framework for model coupling ensur-
ing convergence. In addition, we examine coupling strategies
to determine long-term power portfolio decisions. We are
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Figure 1. A framework for power expansion planning.

not aware of any research that couples decomposition algo-
rithms with agent-based simulations for PGEP problems.

The primary research question in this study is focused on
the PGEP framework for the development of conventional
and renewable power plant capacities under multiple uncer-
tainties. Evaluating both centralized and market-based
frameworks enables policymakers to establish a balance
between efficiency, cost-effectiveness, and social objectives
when planning long-term power expansion. While a market-
based structure can increase efficiency through competition,
a centralized structure is required to achieve greater social
goals (e.g., power sustainability). Thus, we address the
effects of uncertainties, the long planning horizon with an
hourly time resolution, the centralized economic dispatch
decisions and market clearing operations, all of which result
in complicated interactions for power portfolio decisions.
This paper addresses multiple uncertainties, with a particular
focus on political, economic, and socio-economic uncertain-
ties in the context of our case study. These include fuel and
CO, prices, influenced by political and economic factors, as
well as demand, shaped by the market penetration of emerg-
ing technologies, as discussed in Section 7. Given such mul-
tiple uncertainties and operational constraints, our aim is to
determine a long-term power expansion planning by mini-
mizing total costs, including investment and operational
costs. Thus, we model a dynamic PGEP problem under mul-
tiple uncertainties, taking both optimization and simulation
into account (Figure 1). Importantly, since dual values are
not generated directly from the agent-based simulation, this
study demonstrates how to extract dual information from a
non-LP-based simulation model and incorporate them
through affine cuts. In this way, we couple the optimization
model with an agent-based electricity market simulation
(AMIRIS) to solve the PGEP problem by evaluating power
portfolio decisions through both centralized and electricity
market operations, and to employ both recourse and wait-
and-see approaches for addressing uncertainty.

The unique contributions of this paper are:

1. We model the PGEP problem under uncertainty as a com-
bined simulation-optimization problem with a long plan-
ning horizon and an hourly time resolution to evaluate
both centralized and market-based frameworks. In particu-
lar, we explain the process of obtaining dual values from an
agent-based simulation to be used in the coupling process.

2. For the optimization approach, we propose a double
decomposition framework to combine Benders decom-
position and Stochastic Dual Dynamic Programming
(SDDP). To connect the optimization and simulation
models, we examine three strategies that incorporate the
results of the agent-based simulation into the optimiza-
tion model by using affine cuts.

3. We present a case study of the German power system,
discussing the performance of coupling strategies. This
integration of models yields accurate, plausible and
robust results, allowing policymakers to analyze both
centralized and market-based factors in future energy
systems while considering multiple uncertainties.

The remainder of the paper is organized as follows: In
the next section, we review the related literature. In Section
3, we introduce the standard problem formulation and the
double decomposition framework. In Section 4, we discuss
AMIRIS. We outline the coupling of the optimization model
with AMIRIS in Section 5. The coupling strategies are pre-
sented in Section 6. The case study of the German power
system is presented in Section 7. Lastly, Section 8 empha-
sizes key directions and concludes the paper.

2. Literature review

The power expansion planning is a core problem in power
systems optimization that has been extensively researched; a



substantial and increasing body of literature exists. We
evaluate the literature on four key research streams that are
important for our context: power expansion planning,
decomposition methods, agent-based simulation and model
coupling.

Starting in the 1990s, operational and system limitations
have appeared in PGEP problem formulations; environmen-
tal constraints (Ishfaq et al., 2016; Rebennack, 2014), the
utilization of renewable sources (Zhan & Zheng, 2018),
incorporating unit commitment and economic dispatch
problems (Lara et al., 2018) have been commonly studied in
the literature. It is now necessary to address operational
constraints in PGEP problems. To consider operational con-
straints, many studies in the literature utilize an hourly reso-
lution; however, they generally apply it to representative
time periods rather than throughout the complete planning
horizon (Kaya et al., 2026). Thus, representative time peri-
ods (Lara et al, 2018; Yagi & Sioshansi, 2024) are typically
used to simplify the computational process. However,
Merrick (2016) investigated how representations can disre-
gard technological capabilities in PGEP models. It is worth
mentioning that the full hourly time resolution allows for
capturing system dynamics, while representative time peri-
ods can only capture certain aspects. In this paper, we
model hourly time resolution across a full planning horizon
to consider all system dynamics. On the other hand, the
objective function of the PGEP problem switched from cost
minimization to profit maximization with the shift from a
centralized to a decentralized power market structure. Thus,
the market clearing mechanism has been considered in the
PGEP problem (Lohmann & Rebennack, 2017). Equilibrium
problems with equilibrium constraints (EPEC) and mathem-
atical program with equilibrium constraints (MPEC) have
been employed to solve the market-based PGEP problem
(Baringo & Conejo, 2012).

Integrating discrete decision and uncertainties into power
generation expansion planning coupled with an hourly time
resolutions results in gigantic stochastic mixed-integer (lin-
ear) optimization models. For practical applications, such
models cannot be solved monolithically by the current state-
of-the-art MI(L)P solvers. To account for the uncertainty in
power expansion planning, stochastic dynamic programming
(Mo et al.,, 1991), bundle methods (Sagastizabal & Solodov,
2012), robust optimization (Dehghan et al., 2014), fuzzy logic
(Aghaei et al,, 2012) and multi-stage adaptive robust opti-
mization (Abdin et al., 2022) have been used. Decomposition
algorithms were mainly utilized in the literature for solving
power expansion planning problems, where Benders decom-
position is a natural choice. It separates the original problem
into a master problem and a sub-problem (Sudermann-Merx
et al.,, 2021). The master problem represents the investment
problem, whereas the sub-problem refers to the operational
decisions used to assess trial investment decisions. In add-
ition to the standard Benders decomposition (Benders, 1962),
several extensions have been proposed for multi-stage prob-
lems such as nested Benders decomposition (Birge, 1985) and
nonconvex nested Benders decomposition (Fiillner &
Rebennack, 2022). Nested Benders Decomposition (NBD),
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presented by Birge (1985), iteratively applies Benders decom-
position on nested two-stage problems. NBD carefully gener-
ates optimality and feasibility cuts to ensure a finite
convergence to an optimal solution, if the algorithmic strat-
egy is chosen carefully, especially with respect to the feasibil-
ity cuts. Stochasticity is considered through its deterministic
equivalent. As such, NBD faces a “curse-of-dimensionality”.
In an effort to overcome this curse, Pereira and Pinto (1991)
proposed a sampling-based version of NBD, namely the
Stochastic Dual Dynamic Programming (SDDP) algorithm.
In SDDP, sample path(s) of the scenario tree are sampled
independently to generate the optimization problem to be
solved with NBD. Through the update of the sampled path(s)
within the algorithm, a statistical convergence can be
achieved. The stochastic dual dynamic integer program
(SDDiP), which was developed to handle integer recourse
decisions (Zou et al., 2019), has been applied to solve a power
expansion planning problem (Lara et al., 2020). Benders
decomposition was used in Gorenstin et al. (1993) to solve a
two-stage stochastic planning problem. Sub-problems were
tackled using an earlier SDDP methodology. In Rebennack
(2014), Benders decomposition is employed to address the
hydrothermal expansion planning problem. The sub-prob-
lems are multi-stage stochastic linear optimization problems
handled using SDDP. In this study, we combine Benders
decomposition with SDDP as a double decomposition
method, like in Rebennack (2014). However, an important
aspect of this paper is coupling the optimization model with
a non-LP-based simulation model using the decomposition
technique. In particular, we explain how to extract dual infor-
mation from a non-LP-based simulation model and apply
coupling strategies. Here, we integrate the feedback of
AMIRIS through affine cuts, interpreting the results of the
simulation as an additional value function for the double
decomposition algorithm. Thus, we evaluate power portfolio
decisions from a policymaker’s perspective using both cen-
tralized and market-based operations.

When examining electricity markets, factors such as mar-
ket power, renewable technologies, and market regulations
need to be taken into account. Agent-based modeling is par-
ticularly well suited to analyze the heterogeneous preferences
of actors (Frey et al., 2020) and to check optimization mod-
els for the realizability of solutions in an economic sense.
Particularly, the question is answered whether actors are
really able to refinance themselves, given optimal system sol-
utions. Agent-based modeling is also able to host various
modeling paradigms (Klein et al., 2019) and is thus well
suited for coupling (Axelrod, 2006). A number of agent-
based models have been proposed in the literature to evalu-
ate short-term power market operations and investment
decisions such as PowerACE (Genoese et al., 2005), EMCAS
(Botterud et al., 2007) and AMIRIS. We use AMIRIS (acro-
nym for Agent-Based Market Model for the Investigation of
Renewable and Integrated Energy Systems) as a simulation
tool for electricity markets (Deissenroth et al, 2017;
Schimeczek et al,, 2023) to inform the optimization model
of our PGEP problem. Its code base is openly available
(Schimeczek et al., 2023). There have been several studies on
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power expansion planning that integrate agent-based simula-
tion with optimization models. Genoese et al. (2005) utilize
a linear program in an investment agent to determine
expansion decisions. Tao et al. (2021) employ an optimiza-
tion model as part of the simulation to obtain the price
projection.

3. Optimization model

This section explains the optimization model using a stand-
ard and compact formulation. We also present a double
decomposition framework to solve the proposed model.
Note that the results of an agent-based simulation are inte-
grated into this formulation in Section 5.

3.1. Problem formulation

We model power portfolio decisions through integer varia-
bles and the operational decisions through continuous varia-
bles. Since we also consider stochastic uncertainty, this
yields a multi-stage stochastic mixed-integer linear optimiza-
tion problem of the following form:

T 1 T H I
(P)z" = ZZ (it + E ZZZ ey (D)
=1 i=1 =1 h=1 i=1
1 1 1
s.t. Zyiht - Zeiht + Zf,-ht = Dy, Vte T,Vh € H,
i=1 i=1 i=1
(2)

VieT,Vhe H:h>1Viel,
(3)

bi(n—1)¢ + Ainteint — Bintfint = bins

bir(t-1) + Aireinr — Binyfir = bis VieT,Viel, (4)

Tjtxl't + Wiht}’iht S Hiht Vt S T, Vl’l S H, Vl S ]I, (5)

Uit.xit S Mit Vt € T, Vi e I[, (6)
yiht; biht: eiht)ﬁht 2 0 Vt S Ta Vh € H; VI S H) (7)
xy €% VteT,Viel, (8)

with non-negative integer power portfolio decisions x;; and
non-negative continuous operational decisions yins, bint, enr as
well as fi. Let there be I investment projects i€l =
{1,..,I}, and there are T stages, t € T ={1,..,T}, and H
hours, h € H = {1, ..., H}. Vectors C;; € ]R”tc, M, € R™" and
matrices Uy € R™ x R™ , Ty € R™ x R™ are deterministic
along with the decision variables x;; € Z' fort € T andi € 1.

Let (Q,%,P) be a random space and let ¢ be a random
vector on Q. Vectors Dy = Dj:(&)) € R™ for t € T, he
H, and G = Gu(&) € Rn?y Hipy = H (&) € R™' for
teT, he™H, iel, and matrices Ap =
Ame(€) ER™ X R™, By = Bye(&) € R™ x R™ | Wy, =
Wit (&) € R™ x R™" for t € T,heH,iel are functions

of random process &1, ..y Er. The decision vectors
Vint = yine (&) € R" b = bim(&) € Rn{aa einr = eint (&) €
R"™ and fir = fie(&;) € R™ are determined after uncertain
realization in stage t € 7. Problem (P) incorporates both
expansion and operational problems. Power portfolio deci-
sions (x;) are scenario independent and hedge against
uncertainty in the operational problem, which is a multi-
stage stochastic optimization problem. Based on portfolio
decisions, the operational problem is optimized for each
short time step (h € H) given the uncertain realizations at
each stage t € 7. Please refer to Section 3.2 for details.
Operational decision variables (yine, bins, €, fine) typically
represent generation output, storage state of charge, and
charging/discharging quantities, respectively. Constraints
(2)-(4) capture operational limitations that are not impacted
by power portfolio decisions. Constraints (5) ensure align-
ment between power portfolio decisions and operational
decisions. Constraints (6) impose restrictions on power port-
folio decisions. We now make the following assumptions.

(A1) Problem (P) has a finite number of realizations of &, for
all t=2,...,T. The complete path of realizations over all
stages is defined as scenarios, indexed by s € § = {1,..., S}.

(A2) The random data process is stage-wise independent, i.e.
random vector ¢, is independent of &, fort =1,..., T.

Assumptions (AI) and (A2) imply that the distribution of
&, has a finite support with respective probabilities py,s =
1,..,8t=2,..,Tand 3.  py =1, foreach t = 2,..., T.

3.2. Double decomposition method

We present a double decomposition method, introduced
(Kaya et al., 2024; Rebennack, 2014) as a state-of-the-art
solution method, to combine Benders decomposition and
SDDP. As presented in Figure 1, this approach involves lev-
eraging both the two-stage nature of the problem—one mas-
ter problem (M) and one sub-problem (S)—along with the
multi-stage structure—the sub-problem (S) is a multi-stage
stochastic linear optimization problem—to solve the multi-
stage, multi-scale stochastic mixed-integer linear optimiza-
tion problem (P).

3.2.1. Benders decomposition

Benders decomposition separates the optimization problem
(P) into a master and a sub-problem. In our application, the
master problem is a deterministic investment and decom-
missioning problem, while the sub-problem is a stochastic
operational problem. The master problem can now obtain
optimality cuts based on the sub-problem’s response to trial
investment and decommissioning decisions X;1, ..., X;r. If all
possible optimality cuts are added—there are finitely
many—the master problem is equivalent to (P). The
(restricted) master problem then reads as follows

ZZcﬂxlt +1 ©)

t=1 i=

(M) z:= min



T H I
var
E E E Aihek) x,t

st >0+ Vke K, (10)
t=1 h=1 i=1

Uit.xit S Mit Vit c T, Vi S I[, (11)

xy €Z%  YteT,Viel, (12)

where k € K is the cut (and iteration) index and K is a sub-
set of all cuts. For cut k € K, 2™ represents the cut con-
stant and A3 is the cut variable at time f € 7. We derive
the formulas for 4™ and 4}, below. Because (M) consid-
ers only a subset of all cuts, it is a relaxation of (P) implying
that its objective function value is a lower bound on z*.
Note that # is an unrestricted continuous decision variable
of dimension 1. Thus, problem (M) is a deterministic mixed-
integer linear optimization problem. Given the trial decisions
Xi1, ..., X7 from the master problem, the sub-problem is for-
mulated as follow

(S)Z(S)(.;Cil,...,.fCiT) =

B Ly (13)

min E ZZZGEJ””

=1 h=1 i=1

Z}’zht Zezht + Zfzht =DyvteT, VheH: Szhtk

(14)

bith-1)t + Aint€int — Bintfine = bine (15)
VteT,YVhe H:h>LViel: 9,

biri(t-1) + Aireinr — Bigfinr = bine VteT,Viel: 9,

(16)

Wiht}’iht S Hiht - it';cit Vl‘ S T, Vh S H, Vl S H . S?htk
(17)
)’iht’ biht’ el‘ht,fh[ Z 0 Vt E T, Vh 6 H, Vl E H (18)

Sub-problem (S) evaluates the operational costs associated
with trial decisions X;1,...,X;r. This problem (S) is a linear
program. Hence, z(x) is a piece-wise linear and convex
function in all state variables x = (x},...,x}) . This
implies that the value function z(x) can be linearly approxi-
mated for any x;, ..., %7r. The dual value vectors 9., 9.,
93, and 93, correspond to the constraints (14), (15), (16)
and (17), respectively. Duality theory yields the following
cut coefficients, which are iteratively integrated into the
master problem,

= (94,) Ty VteT,Vhe H,VicLVke K, (19)

T H I

)= YO () ke VkeK. (20)
=1 h=1 i=1

Thus, the Benders sub-problem (S) serves two purposes:

(1) it generates optimality cuts for the master problem (M)

and (2) it provides the optimal value function value
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z(Xi1, ..., X;7). Please note that the constructed optimality cut
underestimates z(x) and is tight for the trial decisions
Xi1» ..., x;7 (Rebennack, 2016).

3.2.2. Stochastic dual dynamic program (SDDP)

The sub-problem (S) is the operational problem. It’s multi-
stage nature makes the stochastic sub-problem (S) of large-
scale. Representing uncertainty with a scenario tree can
result in an exponentially large number of potential realiza-
tions in the number of stages T; a curse-of-dimensionality.
This curse makes the sub-problem intractable to be solved
by a monolithic method or even nested Benders decompos-
ition. With the help of SDDP, we can break this curse-of-
dimensionality and obtain a solution algorithm for our
sub-problem (S). Sampling is here the key ingredient. While
this leads to a tractable algorithm, its convergence to an
optimal policy is no longer guaranteed in finite time. For an
in-depth introduction into SDDP, we refer to Fiillner and
Rebennack (2025).

Sub-problem (S) is a T-stage problem. This nested for-
mulation can be broken apart into one-stage problems
which are connected among each other through value func-
tions and associated state variables. Therefore, let ¢,(,")
represent the expected f-stage cost-to-go function corre-
sponding to the trial power portfolio decisions (Xy;, ..., Xir),
the trial state variables (EiH<t_1)), and uncertain realization.
For t € T, the t-stage problem (S;) is then given by

(St> ¢t(5cit) --->5CiT, BiH(t—l)) =
CdLd . ) A a1
min ZZGiht}}"ht +E [¢t+1 (X,'H_l, e XiT bilt)]
h=1 i=1
1 1 I
St Y ym—Y ew+ Y fw=Du VhEH, (22)
i=1 i=1 i=1

bitn-1)r + Aint€int — Bingfine = by~ Vh € H:h > 1Viel,

(23)

I;iH(t—l) + Ajrenr — Bidfir = bin Viel, (24)
Wineyine < Hine — TisXit Vh e H,Viel, (25)
Yint> Vint> €ine> fine > 0 Vh € H,Vi€l, (26)

with Z’iHO =0, Xi711 = 0 and ¢, (- ) = 0. By construction,
(S) = (Sl) and Z()ACil, ...,56,']‘) = (],’)1(5(1'1, ...,5C1T, biHO)-
We make the next assumption to avoid feasibility cuts:

(A3) We assume that problem (P) has relative complete
recourse, i.e., sub-problem (S;) is feasible for any x; satisfy-
ing (6) & (8) and b,_; satisfying (15)-(16) for t € 7.

Next, we look into the details of the sampling, forward
pass, backwards pass and the approximate cut calculation.



6 A. KAYA ET AL.

3.2.2.1. Sampling. The complete scenario tree contains S
scenarios as a result of assumption (Al). We build a sub-
tree of the entire scenario tree for the problem (P) during
the sampling process. In particular, M < § different sample
scenarios are selected from the set of scenarios S by using a
Monte Carlo technique. These sampled scenarios are
indexed by m, representing the random process realizations,
and occur with probability p,, with 2 p,, = 1.

3.2.2.2. Forward pass. In the forward pass, the constructed
sub-problems are solved for the M sampled scenarios. This
way, the existing cuts are utilized to calculate a feasible pol-
icy for (S), an approximate upper bound on z(X;, ..., Xir)
and new trial values used in the backward pass. Specifically,
we solve the optimization problems (S;) for m=1,...M
and t =1,...,T. Linear optimization problem (S;) approxi-
mates (S;) by using affine cuts, exploiting that the cost-to-go
functions ¢, (X, ..., XiT, lA),-H(t_U)A are piecewise linear and
convex in the state variables biy(_;). With the iteration
index [ in SDDP, the LP then reads

(S¢) Z(8)t (Xts o X1 biH(t—l)m) =

min 37, 3 G + @7)
Sty > T, 4+ Z T ) bine VL ¥meM,  (28)
I I 1
Zyiht - Z einr + Zfiht = Dy Vh € H, (29)
i=1 i=1 i=1

bint = bign—1)¢ + Ainceins — Binefine VYhE€H:h>1LViel,
(30)
by = i)iH(t_1>m + Anrenr — Bafar : ,ufﬂmVi el, (31)
Wityine < Hipy — TiXit Vh e H,Viel, (32)
Yint> Vint> €ines fine > 0 Vh e H,Viel. (33)

Note that we omit the scenario index m for the decision
variables and stochastic data to enhance readability. We
store the trial values of state variable vectors (bjym = b3,,,),
along with optimal solutions ¥, €} fim- For each sam-
ple with index m, the objective function is assessed

1

§ : thtmyxhtm

The approximate upper bound is then given through the
sample mean

(34)

(35)

3.2.2.3. Backward pass. The forward pass provides the trial
state variables vectors (by(—1)m) associated with the M

samples drawn during sampling. This allows us to solve
problem (S;) in a Dbackwards manner—ie., for
t=T,...,1—for those trial variable vectors. We do so for
each m = 1,..., M. This backwards pass further allows us to
compute the coefficients of the Benders optimality cut (28)
as follow

var

T
it = (M?tlm> (36)

—~

const

o by b3 7. Val‘
UTIES Et(xtwwa) iH(t— l)m g ,tlm (37)

th 1)m

3.2.2.4. Approximate cut calculation. SDDP approximately
solves the sub-problem (S); since we evaluate each calculated
policy only at the M sample paths drawn, the upper bound
is only an approximation; the lower bound is valid, though.
Next to the approximate upper bound, we also obtain the
dual solution vectors only for those M scenarios drawn in
the final iteration of SDDP. However, by setting up the dou-
ble decomposition like we do, we both need a valid upper
bound and all optimal dual variables associate with the
entire scenario tree to obtain a valid cut for the master
problem (M). As we do not have these, we work with their
approximations. In particular, given the M independent sce-
narios from the last iteration of SDDP, the corresponding
dual solution vectors 9, ., 9. . 9 . 9. and the
upper bound Z—all obtained from the final forward pass—
we can compute approximate cut coefficients as follows

Aihte R Eptm (=3ae) " Ti (38)

a const

(39)

3.2.2.5. Discussion. The resulting double decomposition
algorithm provides an approximately optimal policy of (P).
The reason why we cannot guarantee optimality is the large
size of the scenario tree. So, if we can solve the sub-problem
(S) to optimality (in finite time)—for example with NBD—
then the resulting double decomposition will also yield a
proven optimal solution. However, for the purpose of this
research, an exact algorithm seems not immediately neces-
sary, as we also incorporate the simulation results. This inte-
gration also comes at the cost of loosing exactness.

4. Agent-based electricity market simulation
(AMIRIS)

AMIRIS is designed to study the integration of renewables
into electricity markets. It simulates the behavior of individ-
ual market participants under various conditions, such as
changes in power generation portfolio and policy regula-
tions. Unlike optimization models, which operate with a
central objective function to find optimal solutions, AMIRIS
models a decentralized system where individual agents make



independent decisions. This agent-based approach enables a
more flexible and realistic representation of market behavior,
capturing diverse strategies and interactions. Thus, the
model focuses on agents within the electricity system, each
with their own goals and decision-making processes (Nitsch
et al.,, 2021). AMIRIS (Schimeczek et al., 2023) is based on
the day-ahead electricity market, which facilitates clearing of
the hourly market with uniform pricing. AMIRIS, with all of
its agents and their relationships in terms of information,
energy and revenue streams, is shown in the online supple-
ment. Traders submit bids to the market, informed by key
data including fuel prices, CO, prices, and marginal costs
obtained from power plant operators. Traders may incorpor-
ate markups and markdowns to accommodate non-convex
expenses. Integration of neighboring markets is realized
through time series of imports and exports.

The agent-based simulation AMIRIS enables the exami-
nation of how energy policy tools influence the economic
outcomes of power plant operators and marketers. It oper-
ates on an hourly basis, generating wholesale electricity pri-
ces internally by simulating the strategic bidding strategies
of various market participants. These strategies not only
account for marginal pricing but also incorporate the impact
of support mechanisms such as market premiums. Bidding
decisions are based on electricity prices and generation fore-
casts. AMIRIS emphasizes understanding the perspectives,
interactions, and competitive dynamics among actors in the
energy system. It accommodates uncertainties inherent in
these actors’ decisions, such as variations in market premi-
ums or renewable energy feed-in, shaping their strategies
accordingly. Each agent pursues its own objectives and
adheres to different decision-making protocols; for example,
traders seek profit maximization. Actors with different strat-
egies can be modeled on different time scales. Some agents
tulfill specific roles within the simulations, like an energy
exchange agent facilitating energy market clearing on the
day ahead market. This granular approach allows for a
detailed simulation of the energy system, dissecting its com-
ponents and stakeholders. In particular, AMIRIS lacks a pre-
defined overarching objective function; instead, it derives
simulation outcomes from the collective actions of individ-
ual agents operating under specified regulatory conditions. It
enables users to model in detail short- to mid-term dispatch
decisions. The validation of the day-ahead spot market
model spanning the years 2015-2019 for Germany and 2019
for Austria (Nienhaus et al., 2024) ensures the reliability of
assertions regarding electricity price trends.

Executing AMIRIS on a typical laptop computer for one
year requires less than one minute, providing day-ahead pri-
ces, power plant dispatch, market values, emissions, and sys-
tem costs for an entire year with hourly precision. In
AMIRIS, the electricity markets are modeled and fine-tuned
using a fundamental approach for the merit-order model,
drawing upon empirical data. While the optimization model
determines the capacities of power generation, storage, and
transmission technologies, AMIRIS evaluates these results
each year, determining whether the optimized scenarios are,
in fact, economically viable for the actors.
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Given the emphasis on model coupling in this paper, it is
essential to highlight the key features of both models: the
optimization model and AMIRIS. Both models are evaluated
from the policymakers perspective. In the optimization
model, the objective is to minimize the total system cost
while taking into account the centralized economic dispatch
problem. The merit-order market clearing mechanism
implemented in AMIRIS maximizes social welfare implicitly.
Given inflexible demand, the objective of AMIRIS becomes
the minimization of generation costs, which aligns with the
optimization model. This is accomplished through the
energy exchange agent, calculating the intersection of
demand and supply curves. Market bids to the energy
exchange agent are submitted by both conventional and
renewable traders, each seeking to maximize their profits.
Additionally, storage, as a flexible agent, plays a crucial role
in the market by submitting bids to the operator. There are
two primary strategies for the storage agent: minimizing the
total costs and maximizing its profits. For both strategies,
forecasted market clearing prices from the forecaster agent
is used to determine submitted bids. Here, dynamic pro-
gramming is employed in the storage agent to apply a strat-
egy of minimizing the total costs. As a result, in AMIRIS,
the market clearing price serves as the pivotal factor influ-
encing the decisions of the storage agent.

5. Coupling AMIRIS to the optimization model: the
power generation expansion planning (PGEP)
problem

In this section, we discuss the coupling of the optimization model
(P) with AMIRIS to yield our PGEP problem framework. The
key idea here is that we utilize the already existing double decom-
position framework for problem (P). This allows us to incorpor-
ate additional information into the master problem (M). Our
proposed approach treats AMIRIS as a gray-box simulation
model, which allows the extraction of information through affine
cuts. These cuts can then be readily integrated into our master
problem (P). Specifically, among the many components in
AMIRIS, we utilize its hourly electricity market clearing mechan-
ism. Given the merit order model in AMIRIS, we explain
the process of extracting dual values from the agent-based
simulation—AMIRIS—even though AMIRIS does not have a
single objective function which is taken into account; see
Section 4.

5.1. Benders decomposition

The Benders decomposition breaks problem (P) into a mas-
ter problem and a sub-problem. The master problem (M) is
a deterministic investment problem while the sub-problem
(S) is an operational problem (as explained in Section 3.2.1).
To couple AMIRIS to this framework, we add another sub-
problem, the market clearing problem. Since the energy
exchange agent is responsible for market clearing and
resource allocation in AMIRIS, we utilize a standard market
clearing problem (Tanaka et al., 2022) to represent the
energy exchange agent and its process. This additional sub-
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problem (A) for trial power portfolio decisions X, ..., X is
then given by
(A) Z(A)(.xll,... 5C,'T) =
s T H I (40)
mind pe|D > > Gitins + ZZZ s

s=1 t=1 h=1 i=1 t=1 h=1 j=

1 J ]
St Yis+ > s = Y Djps i ds Yt € T,Vh € H,Vs €S,

i=1 =1 =1

(41)
Yints < Xit ¢ Uiy Vie T,Vhe H,VieLVse€ S, (42)
ens >0 o VteT,VheH,Vje J,VseS, (43)
Yints 2> 02 Binss Vie T,YVhe H,VieLVse S, (44)
yis € R™, ejs €R" Vi€ T, Vhe H,VieLVje J,¥seS (45)

with continuous operational decisions yj;; and ejs. We
note that the sets 7, H and I are identical to the ones in
model (P) as explained in Section 3.1. The uncertainty is
again modeled through the same scenario tree as in formu-
lation (P), where these scenarios are hidden in the expect-
ation operation in the objective function. The number of
scenarios S grows exponentially in the number of time peri-
ods T. Given the market context, we also assume that there
are J customers j € J = {1,...,J} to allow a description of
the AMIRIS process. Because supply and demand agents (as
well as their interactions) play an essential role in the mar-
ket clearing, constraints (41) assure supply-demand balance,
while constraints (42) & (44) and (43) apply supply and
demand bounds, respectively. Thus, the sub-problem (A) is
a market clearing problem. The dual values Ay of the bal-
ance constraints (41) represent the market clearing price.
Linear optimization problem (A) decomposes with the
scenarios, hours and stages. The reason lies in AMIRIS and
the market clearing procedure. The agents’ behaviors and
interactions in AMIRIS are followed by predefined rules
without any uncertainty. That is, AMIRIS is considered as a
deterministic agent-based simulation. In order to consider
uncertainty and calculate the expected value function, a
wait-and-see approach is utilized. As a market clearing prob-
lem, (A) has no hourly coupling; hence, there is also no
stage coupling. Algorithm 1 exploits this separability in solv-
ing (A). Note that r € R is an iteration index of the Benders
decomposition algorithm, calling the subproblem (A).

Algorithm 1 Wait-and-see solution process for the market
clearing problem

Input: Trial value vectors Xy, ..., X7; iteration index r
Output: Duals u;,,, on the capacity constraint

fors=1, ..., Sdo
fort=1, ..., T do
for h=1, ..., H do;

solve problem (Ay) and store (L)

L ]
(Ants)  Z(ayns(X¢) = min ZGihtsyihts + Zthtsejhts (46)

i=1 j=1

I ] ]
> s+ D _eiws = D _Dims (47)
i=1 j=1 j=1
Yints < Xit * iy VIEL (48)
ens >0 VieT (49)
Yints = 0 Viel (50)
end for
end for
end for

The idea is now to approximate the subproblem (A)
through affine cuts. These cuts are then integrated into the
master problem (M) of Section 3.2.1. We discuss three dif-
ferent strategies for this incorporation in Section 6. In a
multi-cut version, we obtain one cut for each scenario and
this cut reads

T H I
const var
20743 > > (07 5

t=1 h=1 i=1

VreRVseS  (51)
with scenario-dependent free variable 7, which is to be
minimized. With the solution of (A), we can compute its
cut coefficients

o 1= i Vi €1, Yhe HNt € T,Vs€ S,Vre R (52)
T H T H I
0 = 3" (i) = YD Y (05 ) Tk VseSWreR
=1 h=1 =1 h=1 i=1
(53)

When inspecting problem (A), we encounter a similar
challenge as in problem (S) in that the number of scenarios
might be too large to allow for an efficient solution. Even
though problem (A) decomposes with the scenarios, there
might just be too many sub-problems to be solved. Therefore,
we utilize again sampling and consider only N < § different
sample scenarios. These sampled scenarios, indexed by #,
occur with probability p, satisfying -~ | p, = 1.

5.2, Efficiently solving the market clearing model

Linear optimization problems (Aj;) are continuous
knapsack problems with an upper bound on the decision
variables y;u;. As such, (Aps) can be solved very effi-
ciently. An optimal solution can be iteratively computed
by selecting the variable with the lowest objective func-
tion value coefficient and by choosing this variable as
large as possible, while respecting constraints (47)-(48).
This process is repeated until the supply-demand balance
constraint (47) is satisfied. This boils down to sorting the
objective function coefficients in increasing order. As
such, problems (Aj;) can be solved in a worst-case run-
ning time of O((I+])log(I+J)) (Lohmann &
Rebennack, 2017).

When executing this sorting algorithm, we obtain the val-
ues Vi, €y, and zu(x). However, for the affine cut (51),



we also require the dual values y,,,, which are not obtained
directly from AMIRIS. The Lagrangian function incorporates
both the objective function and the constraints, using dual
variables. Since the primal market clearing model (46)-(50)
is separable for each year, and hour, the
Lagrangian function is formulated for each scenario, year,
and hour as follows:

scenario,

I ] ]
{Lhts = (ZG,hfsythts + Z }h[se]hts> — Ahts ( E Vints + Zejhts - ZDjhts)
=1 =1 =1
I
- Zﬂihrs(f‘it ~ Yints)
i=1

]
- Z/fims}’ihts - Zajhtsejhts}Vt €T,Vhe H,Vs €S,

i=1 =1

(54)
where the KKT conditions imply that

Wings = Ants — Gipts, 1 Yings > 0, Viel,

(55)
Vte T,Vhe H,Vse S

We provide a formal proof in the online supplement.

Here we can use the interpretation of dual variables. If
the right-hand-side, X; increases by +1, then the objective
function value does not decrease, if y}, < Xi, i.e., the add-
itional capacity does not help to reduce the objective func-
tion value. With other words, since the generator i is not
used in stage t, hour h and scenario s at its full capacity,
additional capacity does not help. Now, if y} = X, then
the objective function value decreases by Ap; — Gings > 0,
where /j; is the largest objective function value among all
non-zero decision variables. This is true as the largest cost
generator is replaced by a cheaper generator with the add-
itional capacity. Notice that Ay is the market clearing price.

Thus, for iteration index r, we obtain

0)
*
Hipesr = 9
Ahts —

As mentioned before, AMIRIS does not solve optimiza-
tion problems but is rather built on decision rules. As such,
AMIRIS uses an algorithm based on the merit-order curve
as described above to solve the market clearing problems.
With the help of formula (56), we can then compute the
affine cut (51) to be included in our master problem (M).
We discuss possible coupling strategies next.

if v <X
1L Yipts xt\v/ie]l,\v/hEH,\V/teT>V5€S

Gihts: O/W

(56)

6. Coupling strategies

We examine three coupling strategies connecting the opti-
mization and simulation models. In particular, when cou-
pling AMIRIS to the optimization model (P), we discuss the
sequence for applying the double decomposition method
and the affine cuts generated from each sub-problem
through AMIRIS.
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6.1. Coupling strategy 1 (baseline simulation (market)
approach)

The first strategy involves coupling AMIRIS as the only sub-
problem with the master problem (M). AMIRIS, which rep-
resents the electricity market operation, is thus considered
as the only sub-problem of the PGEP problem. That is,
power portfolio decisions are decided based on the extracted
affine cuts from AMIRIS, without taking the sub-problem
(S) into account. In particular, SDDP is not involved in this
strategy. Given the cut coefficients (52)-(53) from problem
(A), the master problem for coupling strategy 1 reads

(M;) z :=min chlt Xit + ZpsnfMIRIS (57)
t=1 i=

T H I

s.t.  pAMIRIS > geonst 4 ZZZ W) xye VreRYVseS
t=1 h=1 i=1

(58)

Uitxl‘[ S Mil‘ Vt € T, Viel (59)

xy €ER"™  VteT,Viel (60)

As such, coupling strategy 1 extends AMIRIS to an
expansion planning problem which is itself a significant
contribution.

6.2. Coupling strategy 2 (robust approach)

In the second strategy, a double decomposition framework is
used to solve the PGEP model before it is connected to
AMIRIS. Then, AMIRIS receives initial power portfolio deci-
sions based on the double decomposition and generates mar-
ket outputs required to calculate dual values and optimality
cuts. All generated cuts are kept throughout the process.

Given the cut coefficients (52)-(53) from problem (A)
and (38)-(39) from problem (S), the master problem for
coupling strategy 2 reads as follow:

ZZC” Xit + n

t=1 i=

(M) z:= (61)

M~

s.t. nSDDP > ) «const ET:Z

t=1 h=1 i=1

;’;{k Xit Vk € K,

(62)
T H 1
MRS > 05 N NN " (Oh) "X Vr € RV ES,
t=1 h=1 i=1
(63)
n> > maX{V]SDDP Zp ],’AMIRIS} (64)
s=1
Uitxi[ S Mit Vit € T, Vi < I, (65)
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xy €Z"  NteT,\Viel, (66)

Master problem (M,) considers affine cuts, from both
sub-problems (S) and (A) by selecting the maximal ones
among the two groups, i.e., the largest cost associated with
the chosen expansion decision x; among both (S) and (A).
This makes coupling strategy 2 a robust approach in the
sense that it chooses the worst cost predictions among the
two models (S) and (A). Different strategies here also exist
on when exactly in the algorithm the cuts are calculated.
Instead of solving the master problem (M) until conver-
gence taking first the cuts from (S) into account, one could
also alternate between the cuts from (S) and (A), or first
take the cuts from (A) into account. All these strategies
would lead to the same optimal objective function value if
the cuts are valid and tight—which they are not in our case.

6.3. Coupling strategy 3 (multi-objective approach)

In the last coupling strategy, we acknowledge that AMIRIS
and the subproblem (S) look at the same operational prob-
lem from different perspectives, leading to different cost pre-
dictions. As both approaches have their merits, we want to
incorporate both approaches through a multi-objective
approach. Each sub-problem (S) and (A) contribute their
own objective function to be minimized.

To resolve the multiple objectives, we choose the
weighted sum approach. In particular, we assign weight
w(s) > 0 to the expected value function of SDDP and weight
w(a) > 0 to the expected value function of AMIRIS. Both
weights should sum to one, i.e.,, w(s + w(a) = 1. This yields
the master problem of our PGEP model for coupling strat-
egy 3 as

AMIRIS

SDDP T, A) n

(M3) z =

mmZZCn Xi + w(s

t=1 i=

(67)

T H I
st nSPPP > Zont L NN N ) e VK EK,

t=1 h=1 i=1

(68)
T H I
MRS > 0 4N NN (O5a) Txe VREK, Vs €S,
t=1 h=1 i=1
(69)
yyAMIRIS Z AMIRIS
sl (70)
Ui[xit S Mit Vt S T, Vl S I, (71)
xp €2 VteT,Viel, (72)
where 5PPP and yAMIRIS represent the expected value func-

tion of SDDP and AMIRIS, respectively. The iteration index
is k € K; it is the same for both the SDDP and the AMIRIS

sub-problems as we solve both sub-problems (S) and (A)
per iteration.

In the above formulation, we use fixed weights for each
expected value function. As an improvement, we adjust
weights based on the performance of each sub-problem over
a given number of iterations. The process includes three
steps: (i) We start with equal weights for both expected
value functions, i.e., wé = W,lq = 0.5. The weights carry now
the additional iteration index k. (ii) After each Benders iter-
ation k, the absolute optimality gap of each value function
and its approximation is calculated through

6I<(A) = |Z(A) (%7]5 s Xp) — ;,IAMIRIS,*I o
and 61((5) = |z(5) (XFy s X)) — ;,,SDDP,*|.

(iii) We increase the weight of the value function that has
a smaller optimality gap and decrease the other weight
accordingly, as

€
k+1 _ WW ( l//) (4) and
) T €ls) (74)
k+1 k+1
Wiy = 1=y

with adjustment factor ¥ € [0,1] to avoid high fluctuations.
Based on real-time feedback from each iteration, these
weight adjustments will continue until the solution
converges.

7. Case study for Germany
7.1. Case study description

We develop a PGEP model of the German power system
using data from 2020 following the ARIADNE REMIND
reference scenario (Luderer et al., 2021). We examine all
existing technologies, including coal, natural gas, nuclear,
oil, bio-energy, geothermal, hydro, solar photovoltaic (PV),
wind and storage. Throughout the planning horizon, annual
decommissioning of all existing technologies is allowed. A
maximum of 40% of the existing capacity for each technol-
ogy may be decommissioned annually. In addition to exist-
ing technologies, annual investment opportunities are
considered throughout the planning horizon with invest-
ment projects. These projects contain five technologies:
wind, solar photovoltaic (PV), natural gas, coal and nuclear.
Due to construction limitations, we assume that the total
invested capacity cannot exceed 15 GW per year. The PGEP
model combines a 10-year planning horizon (with 2020 as
the starting year) with hourly resolution, representing the
temporal characteristics of a large-scale power system.

For the case study, Germany is subdivided into 16 mul-
tiple zones, each sharing common characteristics such as
geography and climate. This regional division simplifies the
problem and provides an efficient representation of genera-
tors in the planning process by assigning a single node to
each technology for each region. Hence, the PGEP model
considers 113 existing and 19 potential generation nodes
across 16 zones. Furthermore, it is assumed that all genera-
tors are centrally located within each respective region.



Conventional generators of the same technology have uni-
form parameters regardless of their location. Each solar and
wind technology has different hourly capacity factors based
on their location. We aggregated weather data for the years
2018-2020 to generate a representative year. In particular, as
a representative year, we synthesized the hourly capacity fac-
tors for each hour and day to determine their capacity fac-
tors for each zone. Hydro and bio-energy technologies, like
wind and solar, exhibit hourly capacity factors, however
these factors are not location-dependent. The capacity fac-
tors are considered to remain constant across the planning
horizon (please see the online supplement for more details).

Demand is an important driver for any future energy sys-
tem. We use the specific demand time-series from the
ARIADNE-project (Luderer et al., 2021). Within this project,
the REMix-model calculated hourly electricity demand
profiles from 2020 for every five years up to 2030. These
time-series are thus calibrated exactly to the total electricity
consumption of ARTADNE (model used: REMIND) that are
used for starting the simulations in 2020. The diffusion of
PV and storage systems and electric vehicles in AMIRIS is
calculated with a diffusion model that is based on a repre-
sentative survey of around 900 participants and a latent class
analysis, 20 household types were identified. Three out of 20
types have a PV rooftop, 2 an electric vehicle. These proto-
typical households were fed into a BASS diffusion model,
resulting in the estimated number of households for each
year up to 2030. Heat pump diffusion is aligned with the
political targets (BMWK.,, 2022) of 6 million heat pumps for
2030, and 11 million for 2040 (Sperber et al., 2020). These
numbers were then used to parametrize AMIRIS and opti-
mization model. From an economic perspective, natural gas
and emission prices are considered as uncertain parameters.
In order to address these uncertainties, we model them
using a scenario tree approach. Due to page limits, we
include all information regarding the scenario tree, model
and data in the online supplement.

7.2. Computational results

We utilize Julia-version 1.9.4 to implement the SDDP and
Benders decomposition algorithms (Dowson & Kapelevich,

Table 1. Comparison of computational performance of BD-NBD and BD-SDDP

IISE TRANSACTIONS 11

2021). The generated optimization problems are solved
using Gurobi version 10.0.3. AMIRIS version 1.2.17 has
been tested with Java Development Kit (JDK) versions 11—
21. We execute the numerical tests on an AMD Ryzen
Threadripper PRO 5955WX Prozessor with 4.0 GHz CPU
for the Benders and SDDP algorithms and on an Intel Core
I7 on a Dell Latitude 5431 for AMIRIS. Benders decompos-
ition algorithm (for both double decomposition and cou-
pling methods) is terminated if a relative gap of 0.1% is
obtained, and the SDDP algorithm is stopped after six back-
ward-forward iterations. Furthermore, in order to couple the
optimization model and AMIRIS (Schimeczek et al., 2023),
an automatic workflow had to be established. Each compo-
nent of the workflow—i.e., preparing the data, running
AMIRIS, transferring the results to the optimization model,
running that model, converting the results into a format
that can be used by AMIRIS—was programmed in Python
to be executed on remote servers connected by the RCE
software (RCE Environment, 2024).

7.2.1. Double decomposition method

As a benchmark for our simulation-optimization methods
developed in this paper, we solve the PGEP problem without
considering AMIRIS. The resulting model is solved through
the double decomposition algorithm. To enhance computa-
tional performance, we incorporate the total power demand
as a valid inequality in the master problem of the double
decomposition algorithm. As an initial step, we compare the
double decomposition method (BD-SDDP) with the existing
method (BD-NBD), where the subproblem is solved using
the nested Benders decomposition. We test these two meth-
ods on small- to mid-size cases with planning periods from
3 to 5years and scenarios from 8 to 243. Each case is exe-
cuted 10 times across the different scenarios. Table 1 reports
their summary statistics (M), the size of the scenario (S), the
total number of years (T) and hours (H), and computational
results, including computational time (s), the number of
Benders iterations, and the optimality gap (%). BD-NBD
requires a considerable amount of time to compute the opti-
mal value because it considers every possible scenario. In
the first three cases, reaching a zero optimality gap
demanded significant computational effort. Starting with

BD-NBD BD-SDDP
No T H S M Time (s) Benders It (#) Gap (%) Time (s) Benders It (#) Gap (%)
Min 2,524 3.0 0.00 522 3.0 0.00
1 3 26,280 8 Avg 2,745 3.1 0.00 615 3.1 0.23
Max 3,663 4.0 0.00 822 4.0 1.03
Min 13,703 3.0 0.00 586 2.0 0.00
2 3 26,280 27 Avg 14,733 3.1 0.00 997 34 0.1
Max 20,571 4.0 0.00 2,019 7.0 0.19
Min 9,352 3.0 0.00 1,132 3.0 0.01
3 4 35,040 16 Avg 12,094 3.9 0.00 1,245 33 0.12
Max 13,048 4.0 0.00 1,570 4.0 0.36
Min 77,251 5.0 0.00 2,263 4.0 0.01
4 5 43,800 32 Avg 84,204 6.1 0.06 2,627 45 0.18
Max 86,400 7.0 0.44 2,963 5.0 0.58
Min 86,400 1.0 53.62 4,896 4.0 0.03
5 5 43,800 243 Avg 86,400 1.0 57.73 5,950 438 0.12
Max 86,400 1.0 59.86 6,354 5.0 0.18
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Figure 2. Results computed by double decomposition algorithm.

Case 4, the BD-NBD approach fails to achieve a zero opti-
mality gap within a 24-hour time limit; therefore, the last
achieved optimality gaps are shown in Table 1. A significant
optimality gap is observed for Case 5. On the other hand,
BD-SDDP attains a small optimality gap (<0.6%) with the
best runtime efficiency for all cases.

Regarding the main case study, the results of the double
decomposition method are shown in Figure 2. The double
decomposition method requires 7 iterations to reach conver-
gence in the Benders algorithm. Figure 2(a) illustrate the
convergence of upper and lower bounds and the evolution
of total system cost for the double decomposition solution.
Figure 2(b) indicates yearly total generation capacity per
technology. Oil is totally decommissioned, while wind and
natural gas have 87% and 15% capacity increments,
respectively.

7.2.2. Comparison of coupling strategies
Next, we compare the coupling strategies of Section 6 and
the double decomposition method of Section 3. That is, we
consider two baseline approaches: a double decomposition
method—a stochastic optimization with centralized opera-
tions—and coupling strategy 1—agent-based simulation
approach with a wait-and-see approach. Apart from the
baseline approaches, the coupling strategies 2 and 3 are con-
sidered to address both stochastic optimization and agent-
based simulation. The results of all coupling strategies are
presented in Figure 3, illustrating the convergence, the total
system cost and power portfolio decisions.

First, we compare the total system cost. While this seems
a natural comparison, any conclusions can hardly be drawn
since the four methods tested have different objective func-
tions. The double decomposition method yields the lowest
cost, while coupling strategy 1 results in the highest cost,
with a difference of nearly 0.1% compared to the double
decomposition method. Since investment costs and the asso-
ciated constraints in the master problem dominate oper-
ational costs, they impose an unavoidable cost across all
strategies. As a result, both the double decomposition
method and the coupling strategies tend to converge toward
similar values. The observed differences between the meth-
ods are relatively small. The main variation arises from the

(b) Generation capacity (MW)

operation of storage units, which introduces slight differen-
ces in the resulting portfolios. The reason is that coupling
strategy 1 uses only the agent-based simulation AMIRIS as a
sub-problem. Although the market-clearing process by the
energy exchange agent and power plant decisions are well
aligned with the optimization model, note that agents are
not optimized in the agent-based simulation, because its
main aim is to examine the interactions and behaviors of
agents rather than to achieve optimal results across a simu-
lation. In particular, the storage agent places bids to the
energy exchange agent based on forecasted market clearing
prices, operating on a shorter horizon. Thus, it may be
impacted from forecasted price fluctuations or be unable to
utilize storage fully over the entire planning horizon. In the
double decomposition method, the usage of storage is opti-
mized over a planning horizon. This would lead to a bal-
anced storage usage. Furthermore, coupling strategies 2 and
3 vyield a total system cost that is between the double
decomposition method and the coupling strategy 1.

Second, power portfolio decisions show a similar trend
across all strategies; oil technology is decommissioned, while
wind and natural gas technologies expand capacity by
81-87% and 15-18%, respectively. Specifically, for coupling
strategy 1, Figure 3(d) shows that oil is completely decom-
missioned, while wind and natural gas increase their capaci-
ties by 81% and 18%, respectively. In addition to the
decommissioning of oil, coupling strategy 2 has capacity
increases of 82% for wind and 17% for natural gas cf.
Figure 3(e). Coupling strategy 3 provides a capacity expan-
sion of 84% for wind and 16% for natural gas cf. Figure 3(f).
On the other hand, the double decomposition approach
invests less in natural gas (15%) and more in wind technolo-
gies (87%). Overall, the total power portfolio capacity of all
strategies in year 10 is around 293-295 GW.

Last, in our context, the number of iterations in the
Benders algorithm is directly related to how quickly each
method converges to a solution. With respect to this, the
double decomposition method requires 7 iterations to
achieve convergence, whereas the coupling strategy 1 needs
8 iterations. As a robust approach, coupling strategy 2 needs
10 iterations due to sequential solving. Since coupling strat-
egy 3 connects the PGEP model’s master problem with
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Figure 3. Results computed by coupling strategies.
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Table 2. Computational performance of double decomposition and coupling strategies

DD CP1 CP2 CP3
No Time It Z (x1000€) Time It Z (x1000€) Time It Z (x1000€) Time It Z (x1000€)
Min 22,277 5 256,881,423 20,666 5 257,079,770 32,169 8 257,199,208 22,787 5 257,125,543
Avg 26,726 6.2 257,175,816 27,571 6.8 257,353,139 40,505 10 257,358,123 25,691 5.6 257,312,998
Std 3,063 0.8 143,858 3,745 1.0 150,881 5,400 13 125,482 2,703 0.5 111,781
Max 31,041 7 257,307,653 32,169 8 257,595,371 49,214 12 257,571,069 28,148 6 257,484,078

AMIRIS and SDDP simultaneously using dynamic multi-
objective optimization, it has an advantage in the solution
process. Thus, it outperforms other strategies, reaching con-
vergence in 6 iterations yielding also faster runtimes.

7.2.3. Sensitivity analysis and out-of-sample test

Next, we want to study the robustness of the obtained
results and we give a first attempt to evaluate the additional
benefits by the proposed
framework.

As a sensitivity analysis, we run all four strategies ten times
to capture the range of possible outcomes. The resulting com-
putational performance of all strategies is presented in
Table 2. Again, the costs cannot be compared to each other, as
the models have different objective functions. The reason that
we obtain different results when re-running the algorithms is
the sampling within the methods, implying that only an
approximate solution is computed instead of a guaranteed

simulation-optimization

optimum. We observe that coupling strategy 3 has the lowest
spread among the four strategies. In addition, coupling strat-
egy 3 achieves the fastest convergence with an average of less
than 6 Benders iterations. As such, CP3 yields preferable com-
putational performance in this comparison.

Next, we apply out-of-sample tests to evaluate the
obtained portfolio decisions under both stochastic and
AMIRIS frameworks, to finally yield some first attempt to
compare the total costs obtained by the four methods. As an
out-of-sample test, we evaluate the power portfolio decisions
of each strategy under both stochastic and AMIRIS frame-
works to analyze their performance. As we do not have a
unique solutions, but there is a range of possible solutions—
see above discussion and Table 2—we choose one solution
randomly for the out-of-sample test. Regarding this evalu-
ation, we fix the power portfolio decisions from each model
(three strategies + double decomposition) and then solve
their operational stages in both SDDP and AMIRIS separ-
ately. This provides comparable values. We consider a total
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Figure 4. Out-of-sample test results.

of 500 scenarios—250 scenarios for SDDP and 250 scenarios
for AMIRIS. Figure 4(a) presents the results of stochastic
framework, while Figure 4(b) displays the outcomes for both
frameworks (SDDP and AMIRIS).

Our key observations are as follows: (1) The results of
Figure 4(a) seem to indicate that the optimization approach
alone yields higher cost when evaluating the optimization
model alone. This is counter-intuitive and can be explained
by the particular solution analyzed. Our tests have shown
that among the other 9 solutions, these results differ. (2)
The three coupling strategies yield lower total system cost
compared to the optimization model alone at a statistically
significant level; see Figure 4(b). (3) Though the relative
improvement of the three coupling strategies over the opti-
mization method (DD) alone is rather small, the absolute
difference is large, due to extremely high system cost. (4)
Coupling strategy 3 (CP3) has the smallest standard devi-
ation while achieving better computational performance. In
summary, the three coupling strategies seem to yield better
expansion decisions than the optimization model (DD)
alone. The three coupling strategies have similar perform-
ance, while coupling strategy 3 seems to have the best statis-
tical indicators. As such, CP3 seems to be the best method
among the four strategies tested. Further tests are necessary
to analyze and quantify the total cost savings.

8. Conclusions

This study describes a framework for power generation
expansion planning. We model the PGEP problem under
uncertainty as a combined simulation-optimization problem
with a long planning horizon and an hourly time resolution.
As a contribution, we couple the optimization model with
an agent-based simulation through decomposition technique
to assess electricity market operations. This integration ena-
bles us to analyze both centralized and market-based frame-
works from a policymaker’s perspective, as well as
combining both recourse and wait-and-see solutions. First,
we show the process of extracting dual values from AMIRIS,
managed by if-then rules, in order to incorporate the results
of an agent-based simulation using affine cuts. Second, we
examine coupling strategies that include coupling sequences
and approaches. In particular, coupling strategy 1 only

101

2.57 ]

2.57

ol =
2.57

257 — ——

DD CP1 CP2 CP3

Total cost (Euro)

(b) 500 sc. (SDDP+AMIRIS)

considers agent-based electricity market simulation as a sub-
problem, whereas coupling strategies 2 and 3 include both
stochastic optimization and agent-based electricity market
simulation. Importantly, we discuss how the double decom-
position framework can be integrated into the coupling
mechanism via dynamic multi-objective optimization. The
power portfolio decision across all strategies show a similar
trend that oil is gradually being phased out and wind is the
key driver of the capacity expansion. The three integrated
simulation-optimization strategies outperform the pure opti-
mization model. In particular, coupling strategy 3 seems to
be the best strategy among the four tested, having superior
statistical indicators.
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