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Abstract: A hybrid method is proposed for solving large-scale mixed-integer linear programming (MILP) problems that arise in the
optimization of the generation capacity structure of electric power systems combining conventional and renewable energy sources.
The novelty of the proposed approach lies in combining the decomposition of the original generation expansion planning problem
into investment-level search and operational-level evaluation with evolutionary exploration of the discrete space of generation capacity
decisions and exact parallel solution of operational MILP subproblems on high-performance computing (HPC) resources. This com-
bination enables detailed operational evaluation without replacing the operational model with a surrogate approximation. Numerical
experiments using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) and the Solving Constraint Integer Programs
(SCIP) solver showed that the global optimum was achieved in 98% of runs for a population size of 80 and that, compared with the
single-threaded SCIP baseline, the 128-thread configuration reduced the average runtime for successful runs by 3.77×. At the same
time, scaling with respect to computation time and memory usage exhibited nearly linear behavior. A comparison with the alternative
Evolutionary Centers Algorithm demonstrated the superiority of CMA-ES in convergence reliability. The obtained results indicate
that the proposed method is well-suited for deployment in HPC environments and can serve as an effective tool for strategic planning
of electric power system development. Future research should focus on extending the applicability of the approach to multi-period
planning problems and analyzing the impact of algorithm parameters on convergence and solution accuracy.
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1. Introduction

Global efforts to mitigate climate change require an accel-
erated transition from fossil fuel-based electric power systems
to renewable and low-carbon sources. In China, the world’s
largest energy consumer, the rapid growth of wind, solar, and
hydropower illustrates both the scale of the challenge and
the potential for emission reduction [1]. At the same time,
Scandinavian countries demonstrate progress in carbon man-
agement technologies, which are considered an additional tool
for achieving climate goals [2]. This highlights the necessity of
simultaneously advancing renewable energy development and crit-
ically reassessing the role of transitional technologies in the future
energy landscape.

Solar and wind power plants (SPP and WPP) are charac-
terized by high variability of electricity generation and limited
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regulation capabilities, since their output depends on weather
conditions [3]. With the growing share of renewable energy
sources (RES) in the generation structure, balancing demand
and supply becomes more complex, necessitating the integration
of energy storage systems (ESS) and dispatchable capacities, in
particular thermal power plants (TPPs). This underscores the
need for advanced modeling tools for development planning and
optimization of electric power system operation.

The rapid increase in the share of solar and wind gen-
eration changes the computational requirements of generation
expansion planning (GEP). In systems with a large contribu-
tion from variable renewable sources, planning decisions must
account not only for capital costs but also for chronological
operating constraints, balancing needs, storage behavior, reserve
capabilities, and the interaction between demand variability and
renewable production patterns. As a result, GEP evolves from
a relatively aggregated investment problem into a computation-
ally intensive integrated planning and operation problem that
often requires high-resolution mixed-integer linear programming
(MILP) formulations [4, 5].
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Global energy models such as MARKAL, TIMES, and
LEAP are widely applied for long-term planning of electric power
system development. However, their limitation lies in low opera-
tional granularity: they do not capture the operation of individual
generating units and often neglect technical constraints [6]. This
may lead to overestimation of the potential for RES integra-
tion and underestimation of the need for balancing capacities.
In contrast, unit commitment (UC) models account for the tech-
nical characteristics of power plants, ensuring higher forecast
accuracy [7].

For modeling wind and solar power plant (WPP and SPP)
generation, averaged graphs or probability distributions are often
used [8], which only partially capture the stochastic nature of
renewable resources. A suitable approach is the use of represen-
tative models that reproduce realistic generation graphs based on
data clustering, thereby improving the accuracy of assessing the
need for balancing capacities and ESS [9].

As a result of combining representative models of RES and
ESS with UC models, complex optimization problems arise, usu-
ally in the form of large-scale MILP problems [9]. These involve a
significant number of discrete variables and provide high tempo-
ral resolution. Even with the application of representative models,
their solution often requires modern optimization methods that
include decomposition and parallel computing.

One of the common approaches is Benders decomposition,
which divides the problem into a master problem and subprob-
lems and iteratively refines the solution [10]. The method has
demonstrated effectiveness in generation capacity planning, par-
ticularly in mixed electric power systems [11]. At the same time,
the classical algorithm often requires many iterations and leads
to increased computational costs [4]. Therefore, its modifications
and acceleration strategies remain relevant.

Classical Benders decomposition is applicable when invest-
ment decisions, including integer variables, are assigned to the
master problem and fixing them yields a continuous linear oper-
ational subproblem [4, 12]. In realistic GEP models, however, the
operational level often includes integer variables associated with
UC and other detailed technical constraints [4, 7, 13]. In such
cases, the standard form of classical Benders decomposition is
not directly applicable because the derivation of classical feasi-
bility and optimality cuts relies on linear programming duality
for the subproblem [4]. This motivates the search for alterna-
tive decomposition strategies and hybrid methods that preserve
detailed operational modeling while remaining computationally
tractable [4, 12, 14].

An alternative is metaheuristic algorithms, which are increas-
ingly applied for optimization in the energy sector. For instance,
the Honey Badger Algorithm has been employed for genera-
tion capacity expansion planning in systems with a high share
of RES [15], while binary genetic algorithms (GAs) have demon-
strated effectiveness in planning the structure of electric power
systems combining hydropower with solar generation [16]. Meta-
heuristics do not require information about gradients or problem
structure, which makes them suitable for “black-box” problems
[17]. Recent developments, such as LB+IC-CMA-ES, demon-
strate the capability of metaheuristic algorithms to solve problems
with discrete variables [18].

The combination of metaheuristics with exact methods
within a decomposition framework enhances efficiency: discrete
variables are handled by evolutionary algorithms, whereas con-
tinuous ones are solved by exact solvers [19]. Hybrid approaches
ensure a balance between solution quality and speed, while par-
allel processing of subproblems contributes to scalability [20].

This establishes the foundation for high-performance hybrid
methods of energy planning optimization.

GEP has long been recognized as a computationally difficult
optimization problem, especially when investment decisions must
be coordinated with detailed operational constraints [4]. Early
studies demonstrated the applicability of metaheuristic methods
such as GAs, simulated annealing, and particle swarm optimiza-
tion to GEP, while also showing that the relative performance of
these methods depends strongly on the structure of a particular
problem instance [21]. As power systems incorporate larger shares
of solar and wind generation, the planning problem becomes
more difficult because variability, uncertainty, balancing require-
ments, storage operation, and chronological operating constraints
must be represented more accurately [4, 14].

One important research direction is the use of decomposi-
tion methods. Benders decomposition and its modern extensions
have been widely studied for capacity expansion and energy
system planning [4]. Recent works have proposed regularized Ben-
ders methods, logic-based variants, and parallel decomposition
strategies in order to improve convergence and computational
scalability in large-scale models with detailed operations and time
coupling constraints [4, 14]. These studies show that decom-
position remains one of the key methodological directions for
high-resolution planning models.

Another important direction is the use of metaheuristic opti-
mization. Evolutionary and other population-based methods are
attractive because they do not require derivative information
and can naturally explore discrete and nonconvex investment
spaces [21]. They have been applied to GEP, microgrid optimiza-
tion, and related energy system design problems [21]. At the same
time, their practical effectiveness depends heavily on how candi-
date solutions are evaluated, since realistic operational assessment
is computationally expensive [20, 21].

Hybrid approaches that combine exact optimization and evo-
lutionary search provide a promising compromise. Prior work
has shown that the combination of evolutionary algorithms with
decomposition or exact mathematical programming can improve
search efficiency and solution quality [20]. In the context of
GEP, hybrid approaches such as GA with Benders decomposi-
tion and metamodel-assisted evolutionary algorithms have already
been proposed [12, 22]. However, approaches based on sur-
rogate or metamodel evaluation may introduce approximation
errors in the estimation of operational cost and system feasibility
[20, 22].

Parallel computing opens another path to scalability. Recent
studies in energy system optimization and capacity expansion
have shown that decomposition combined with parallel com-
puting can substantially reduce solution time and enable the
treatment of much larger planning problems [4, 23, 24]. Neverthe-
less, the literature still provides limited evidence on how massively
parallel exact evaluation of operational MILP subproblems can
be combined with population-based evolutionary search for GEP
with large shares of variable renewable generation [4, 12, 20].

Against this background, the present study investigates a
hybrid decomposition-based method in which the investment
structure is searched by an evolutionary algorithm, and each
candidate solution is evaluated through exact operational MILP
models solved in parallel. In contrast to metamodel-assisted
approaches, the proposed method does not replace the opera-
tional model with a surrogate approximation. This is important
for planning problems in which simplified evaluation may lead
to decisions that are economically nonoptimal or technically
infeasible under realistic operating conditions [4, 22].
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Compared with prior studies, the proposed framework
differs in several key respects. Unlike classical Benders decompo-
sition, it does not depend on cut generation from a continuous
operational subproblem, which is restrictive when system oper-
ation is represented by MILP models with integer variables
[4]. Unlike metamodel-assisted evolutionary approaches, it uses
direct operational MILP evaluation and therefore does not
introduce additional surrogate-model approximation error into
objective assessment [22]. In addition, the paper compares Evo-
lutionary Centers Algorithm (ECA) and Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) under the same
problem formulation and computational setting and treats par-
allel high-performance computing (HPC) execution as a core
methodological component of the framework [23, 24].

In this work, we investigate a hybrid method for optimiz-
ing the generation capacity structure of an electric power system
that includes solar, wind, thermal, and storage technologies. The
optimization is carried out over a five-year planning horizon with
the objective of satisfying forecasted demand while minimizing
the total cost of investment and operation. From the perspective
of artificial intelligence (AI) applications, the proposed hybrid
method combines evolutionary search in the investment space
with exact MILP-based operational verification of candidate
solutions, which is consistent with the broader use of AI and
metaheuristic approaches in power system operation, control, and
planning, as well as with established GEP formulations in the
literature [5, 25].

To this end, a comparative analysis is conducted to assess
the performance of two modern evolutionary algorithms, the
ECA [26] and the CMA-ES [18]. Both approaches are imple-
mented together with decomposition of the original problem and
parallel solution of the resulting subproblems using the Solving
Constraint Integer Programs (SCIP) solver [27], enabling high
computational performance and scalability. In the broader con-
text of intelligent power systems, this positioning is aligned with
the growing use of AI not only for forecasting and control but also
for energy management, optimization, and planning in systems
with high shares of renewable generation, storage, and flexibility
requirements [25, 28].

The main innovation of this study is the development and
evaluation of an AI-enabled hybrid method for GEP in power
systems with high shares of variable RES. More specifically, the
method combines evolutionary search as an AI component at
the investment-planning level with exact MILP solution of oper-
ational subproblems at the evaluation level, thereby preserving

detailed operational feasibility without replacing the operational
model by a surrogate approximation, in contrast to metamodel-
assisted approaches proposed in the literature [22]. In this sense,
the proposed method may be viewed as a decision-support core
for future intelligent energy systems that integrate renewable gen-
eration, energy storage, and advanced digital management layers.
Operational adequacy is assessed under representative scenarios
of electricity demand and renewable-generation variability, so that
expansion decisions reflect flexibility requirements under realistic
high-renewable conditions.

2. Methods

2.1. Mathematical model

In this study, a more comprehensive version of the local elec-
tric grid model, relative to that described in [29], was employed.
All parameters and variables of the model are presented in
Tables 1 and 2.

The objective function to be minimized is the total cost of
electricity generation, that is, the sum of capital investments and
current operational costs:

∑i∈S∪R∪F P̄tech
i Ccon

i Ni +∑z∈Z 𝜏z∑k∈K Λk, zΛz
∑t∈Wk,z(∑i∈S∪R∪F Costi,t +∑i∈F(CostSUi,t

+CostSDi,t ) + CostExt
t − Incomet) → min.

(1)

Capital investments are constrained by the established limit:

∑i∈S∪R∪F P̄tech
i Ccon

i Ni ≤ Invest. (2)

The balance between electricity generation and consumption in
the local electric grid is represented by the following equation:

∑i∈R∪F pi,t +∑i∈S pG
i,t + pExt

t= lt +∑i∈S pP
i,t + pInt

t , ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K.
(3)

The load of transmission lines connecting the local electric grid
with the national electric power system is constrained as follows:

0 ≤ pExt
t ≤ htH, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, (4)

Table 1
GEP model parameters

Parameter Description

S,R, F Sets of available types of ESS, RES, and TPP

P̄tech
i Installed capacity of a power plant of type i

Ccon
i Capital costs for constructing one unit of equipment of type i

Nmax
i Maximum number of ESS units of type i

Z Set of forecast periods zτz Duration of forecast period z in weeksΛz Total number of weekly functions within period z

K Set of clusters of weekly functionsΛk,z Number of weekly functions of cluster k in period z

(Continued)
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Table 1
(Continued)

Parameter Description

Wk,z Set of time intervals of weekly functions of cluster k in forecast period z

Ei,t Value of the representative weekly graph of the capacity factor of an RES power plant of type i at time
t ∈Wk,z

lt Electricity consumption load at time t ∈Wk,z
Invest Maximum volume of capital investments

H Maximum permissible load of transmission lines connecting the local grid with the national electric power
system

ci Specific operational costs of electricity generation by an RES unit

cPi , cGi Specific operational costs for an ESS of type i in charging and discharging modesηP
i , ηG

i Efficiency of an ESS of type i in charging and discharging modes

p̄P
i , p̄G

i Maximum load of an ESS of type i in charging and discharging modes

q̄i, qi Maximum and minimum amount of energy that can be stored by an ESS of type i

t0, T0 Indices of the leftmost and rightmost time intervals of a weekly period

PrTL
t Electricity price in the wholesale market at time t

PrTSO
t Transmission service tariff at time t

cSUi , cSDi Startup and shutdown costs, respectively, for a unit of type i ∈ FΔPup
i , ΔPdown

i Maximum permissible ramp-up and ramp-down of load, respectively, for a unit of type i ∈ F

Pi,Pi
Minimum and maximum load, respectively, for a unit of type i ∈ F

ai, bi, ci Coefficients of the polynomial aip
2
i,t + bipi,t + ci that approximates the dependence of operational costs of

a unit of type i ∈ F on its load pi,t
Li Set of ordinal indices of segments forming the piecewise-linear approximation of the dependence of

operational costs of a unit of type i ∈ F on its load pi,t

Table 2
GEP model variables

Variable Description

Ni Number of units of type i considered for commissioning

Costi,t Operational costs of electricity generation by a unit of type i in time interval t

CostExt
t Cost of electricity purchase in the wholesale market in time interval t

Incomet Revenue from electricity sales in the wholesale market in time interval t

pi,t Load of a unit of type i ∈ R ∪ F at time t

pP
i,t, pG

i,t Load of an ESS of type i at time t in charging and discharging modes, respectively.

pInt
t , pExt

t Load for electricity sales and purchases, respectively, in the wholesale market at time t

ht Binary function equal to 0 when there is load for electricity sales in the wholesale market, and equal to 1
when there is load for electricity purchases

qi,t Amount of electricity stored in an ESS of type i at time t

uPG
i,t Binary function equal to 0 when an ESS of type i operates in charging mode, and equal to 1 when it

operates in discharging mode

ui,t, yi,t, xi,t Integer functions equal to the number of units of type i ∈ F in generation, startup, and shutdown modes,
respectively, at time t

p̃li,t Variable component of the load of units of type i ∈ F at time t

CostSUi,t , CostSDi,t Startup and shutdown costs, respectively, of units of type i ∈ F in time interval t
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0 ≤ pInt
t ≤ (1 − ht)H, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K. (5)

The cost of electricity purchase in the wholesale market is
calculated as follows:

CostExt
t = (PrTL

t + PrTSO
t ) pExt

t ,∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K. (6)

The revenue from selling surplus electricity in the wholesale market
is determined as follows:

Incomet = PrTL
t pInt

t , ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K. (7)

2.1.1. ESS description
Operational costs of ESS are defined as:

Costi,t = cPi (1 − 𝜂P
i ) pP

i,t − cGi (1 − 𝜂G
i ) pG

i,t,∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (8)

Energy balances of ESS are expressed as:

qi,t − qi,t−1 = 𝜂P
i p

P
i,t − pGi,t𝜂G

i
, ∀t ∈ T =Wk,z, t ≠ t0,∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (9)

Weekly cyclicity conditions of energy storage processes are given
by:

qi,t0 = qi,T0
, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (10)

The volumes of stored energy are constrained as follows:

Ni qi ≤ qi,t ≤ Niq̄i, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (11)

The available number of ESS units is limited by:

Ni ≤ Nmax
i , ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ S. (12)

The ESS load in discharging mode is constrained as follows:

pG
i,t ≤ uPG

i,t Nmax
i p̄G

i , ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ S, (13)

pG
i,t ≤ Ni p̄

G
i , ∀t ∈ T =Wk, z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S, (14)

pG
i,t ≥ 0, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (15)

The ESS load in charging mode is also constrained as follows:

pP
i,t ≤ (1 − uPG

i,t )Nmax
i p̄P

i , ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ S, (16)

pP
i, t ≤ Ni p̄

P
i , ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S, (17)

pP
i, t ≥ 0, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ S. (18)

2.1.2. RES description
The operational costs of electricity generation from RES are

calculated by the following formula:

Costi,t = cipi,t, ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ R. (19)

The load of RES units is determined by the following relation:

pi,t = NiEi,tP̄tech
i , ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ R. (20)

2.1.3. TPP description
The operational costs of electricity generation by TPP

generating units are calculated as follows:

Costi,t = C̄iui,t +∑l∈Li
C̃
l
i p̃
l
i,t, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ F, (21)

Where

C̄i = (aiPi + bi)Pi + ci, (22)

C̃
l
i = ai [2Pi + (2l − 1) ΔPi] + bi, (23)

ΔPi = (Pi − P
i
) / |Li| . (24)

The variable components of the load are constrained as follows:

p̃li,t ≤ ΔPiui,t, ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀l ∈ Li, ∀i ∈ F. (25)

The values of total load are computed by the following expression:

pi,t = P
i
ui,t +∑l∈Li

p̃li,t, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (26)

The values of total load are subject to the following constraints:

P
i
ui,t ≤ pi,t ≤ Piui,t, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (27)

The state balance equations for the sets of generating units
operating in startup, load, and shutdown modes are given by:

yi,t − xi,t
= {ui,t − ui,t−1, t ≠ t0,

ui,t0 − ui,T0
, t = t0, ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ F. (28)

The total number of generating units in startup and shutdown
modes is constrained by:

yi,t + xi,t ≤ Ni, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (29)

The set of generating units in load mode is also limited by:

ui,t ≤ Ni, ∀t ∈ T =Wk,z, ∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (30)
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The ramp-up rate of generating units is constrained as follows:

{pi,t − pi,t−1 ≤ ΔPup
i ui,t−1, t ≠ t0,

pi,t0 − pi,T0
≤ ΔPup

i ui,T0
, t = t0, ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ F. (31)

The ramp-down rate of generating units is also constrained
by:

{pi,t − pi,t−1 ≤ −ΔPdown
i ui,t−1, t ≠ t0,

pi,t0 − pi,T0
≤ −ΔPdown

i ui,T0
, t = t0, ∀t ∈ T =Wk,z, ∀z ∈ Z,∀k ∈ K, ∀i ∈ F. (32)

The startup operational costs of generating units are
computed by:

CostSUi,t = cSUi yi,t, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (33)

The shutdown operational costs of generating units are
determined by:

CostSDi,t = cSDi xi,t, ∀t ∈ T =Wk,z,∀z ∈ Z, ∀k ∈ K, ∀i ∈ F. (34)

2.2. Model parameters

For each of the four seasons, representative cluster mod-
els were constructed for electricity consumption and for SPP
and WPP generation, reflecting variations in consumption and
generation volumes. Each model is represented by four weekly
(168-h) graphs. All electricity consumption graphs have equal
weight coefficients, while for SPP and WPP units, the first two
graphs correspond to the minimum and maximum efficiency lev-
els of installed capacity utilization, and the other two represent
average efficiency levels. The relative weights of the summer and
winter graphs of capacity utilization factors for SPP and WPP

are given in Table 3, while the graphs themselves are shown in
Figures 1, 2, and 3.

Table 3
Weights of representative RES graphs for summer and winter

Equipment type Summer Winter

SPP 1, 1, 28, 7 1, 1, 22, 7

WPP 1, 1, 8, 27 1, 1, 10, 19

Since the mathematical model assumes the use of a single
set of clusters, 96 graph combinations were generated, integrat-
ing SPP and WPP capacity utilization factors with electricity
consumption graphs. For each season, six RES efficiency graph
combinations were considered: the first corresponds to the min-
imum efficiency scenario, the second to the maximum efficiency
scenario, while the remaining four were formed by combining
the third and fourth graphs of SPP and WPP. Each of these
six combinations was combined with four consumption graphs,
resulting in 24 graph combinations per season and a total of 96
combinations over the entire planning horizon.

The total investment budget was fixed at 1.5 billion USD,
which determined the upper limits for the installation of generat-
ing equipment, as shown in Table 4. For RES, operational costs
were set at 5 USD/MWh. The permissible load of transmission
lines was limited to 80 MW. The electricity transmission tariff
was 10 USD/MWh. The characteristics of ESS are presented in
Table 5, while the parameters of TPP generating units are given in
Table 6. The electricity price in the wholesale market was defined
by a linear dependence on demand:

PrTL
t = 0.163794 lt + 12.24138. (35)

Figure 1
Representative weekly graphs of SPP capacity utilization factors, color-coded by clusters, for summer (a) and winter (b)

Figure 2
Representative weekly graphs of WPP capacity utilization factors, color-coded by clusters, for summer (a) and winter (b)
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Figure 3
Representative weekly graphs of electricity consumption, color-coded by clusters, for summer (a) and winter (b)

Table 4
General characteristics of candidate equipment

Equipment type Unit capacity (MW) Capital costs (USD/kW) Maximum number of units

ESS 25.00 845.00 71
SPP 20.00 284.81 263
WPP 20.00 1417.72 52
TPP 77.00 5078.00 3

Table 5
ESS parameters used in the model

Parameter Value𝜂P 0.82

𝜂G 0.85

cP 30 USD/MWh

cG 30 USD/MWh

q̄ 200 MWh

q 0 MWh

p̄P 25 MW

p̄G 25 MW

Table 6
TPP unit parameters used in the model

Parameter Value

cSU 1337.49 USD

cSD 1337.49 USDΔPup 57.75 MWΔPdown 57.75 MW

P 77.00 MW
P 57.75 MW

a 0.00 USD/(MW²·h)
b 3.00 USD/(MW·h)
c 835.05 USD/h|L | 2

2.3. Decomposition-based hybrid method

Given the large dimensionality of the generation capacity
structure optimization problem, a decomposition method was
applied, dividing it into a master problem and a set of independent
subproblems subordinated to it.

Within the iterative cycle of the master problem, the opti-
mal quantitative structure of generating equipment is determined,
along with the corresponding investment costs for its installation
and commissioning. At the subproblem level, operational costs are
minimized by searching for the optimal loadmodes of power equip-
ment. A generalized workflow of the proposed decomposition
method of the original problem is shown in Figure 4.

The master problem is solved by an evolutionary algorithm,
which at each iteration generates a set of N alternative variants
of the number of units of each type. For each of these variants, K
subproblems corresponding to different combinations of electric-
ity consumption graphs and capacity utilization factor graphs for
SPP and WPP are solved independently and in parallel using the
SCIP solver. Based on the results of the subproblem solutions,
the total cost is calculated for each equipment structure, including
both investment and operational components. These results are
then used by the evolutionary algorithm to update the parame-
ters of its internal state and adjust the direction of the subsequent
search. The iterative process continues until the defined stopping
criteria are met, ensuring the convergence of the algorithm to an
approximate global optimum.

2.4. Numerical experiments

The computations were carried out on dedicated nodes of the
HPC cluster Vulcan at the High-Performance Computing Center
Stuttgart (HLRS) [30]. Each node was equipped with 1024 GB
of RAM and two 64-core AMD Zen4 processors running at 2.0
GHz. The algorithms were implemented in the Julia programming
language [31] using the JuMP library [32].

At the first stage, baseline measurements of computation
time and memory consumption were carried out while solving the
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Figure 4
Workflow of the proposed hybrid decomposition-based method

full problem without decomposition using the SCIP solver version
9.2.2 in single-threaded mode. To reduce the impact of random
factors, the experiment was repeated ten times.

After the baseline single-threaded SCIP runs, the hybrid
method was evaluated in three stages. First, a population-size sen-
sitivity study was performed at 128 threads with caching enabled,
using 100 runs for each tested population size. Second, the effect
of caching was evaluated only for the default population sizes
selected from the sensitivity study again using 100 runs per set-
ting. Third, scalability with respect to the number of threads was
analyzed for these default configurations on 16, 32, 64, and 128
threads using the matched set of seeds 1–10 for all thread counts,
so that the compared averages were based on the same number of
runs. In all experiments, the random number generator was ini-
tialized according to the run number (seed), infeasible equipment
structures were assigned an objective value of 10100, and the time
limit was fixed at 10 h.

2.4.1. ECA algorithm
To evaluate the effectiveness of the ECA algorithm, the

Metaheuristics library version 3.3.5 [33] was used, modified by
adding support for integer variables in parallel mode through
rounding of real values. For variables describing the number of
units, the lower bound was set to zero, while the upper bound was
determined by investment constraints (Table 4).

For ECA, the number of vectors used to construct the center
of mass was fixed at K = 3 in all reported experiments. The popu-
lation size was analyzed separately forN ∈ {60, 80, 100, 120, 140},
and the detailed comparison is reported in Section 3. Based on

that sensitivity study, N = 100 was used as the default configu-
ration in the cache-ablation and thread-scaling experiments. The
remaining parameters, including stopping criteria, were kept at
their default values or determined automatically.

2.4.2. CMA-ES algorithm
To evaluate the effectiveness of the CMA-ES algorithm, the

pycma library version 4.0.0 [34] was used. Variables describing the
number of units were defined as integers with a lower bound of
zero, while the upper bound was set according to the maximum
number of units specified in Table 4. To scale the search space, the
parameter CMA_stds was assigned values equal to these maxi-
mum quantities. The initial point corresponded to a configuration
with zero units.

For CMA-ES, the initial step size was set to 𝜎₀ = 1.0. Nega-
tive covariance matrix updates were disabled (CMA_active=false),
trace normalization was enabled (CMA_const_trace=true), and
the final reevaluation of the objective function was turned
off (eval_final_mean=false). The population sizes of 40, 60, 80,
100, and 120 were analyzed separately, and the detailed com-
parison is reported in Section 3. Based on that sensitivity study,
popsize = 80 was used as the default configuration in the cache-
ablation and thread-scaling experiments. The stopping criteria
were determined by the automatic settings of the pycma library.

3. Results

According to the results obtained using the SCIP solver with-
out applying the decomposition method, the minimum total cost
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amounted to 1.02 × 109 USD for an electric power system consist-
ing of three ESS units, six SPP units, and two TPP units, with no
WPP installations. The average solution time was 6644.21 ± 28.37
s, while memory consumption reached 4.51 ± 0.03 GB.

The experimental results are reported in four steps. First, we
analyze the influence of population size because this parameter
defines the default configurations used in the subsequent cache-
ablation and thread-scaling experiments. Second, we quantify the
effect of caching for the selected defaults. Third, we analyze scal-
ability with respect to the number of threads using a matched
10-run subset for all thread counts. Finally, we examine the failure
modes of unsuccessful runs.

Table 7 summarizes the population-size sensitivity study for
both algorithms at 128 threads with caching enabled. Each config-
uration was evaluated in 100 independent runs, and the reported
wall-clock time and peak memory values were averaged over
successful runs, that is, runs that reached the reference global
optimum.

For CMA-ES, popsize = 80 is the smallest population size
that exceeds the 90% reliability threshold, with 98% successful runs
and a 3.77× speedup relative to the single-threaded SCIP baseline,
whereas larger populations further increase runtime and memory.
For ECA, N = 100 is the first population size with success above
90%, and larger populations do not improve reliability but increase
runtime and memory. These two settings were therefore selected
as default configurations for the secondary experiments.

Table 8 reports the cache-ablation results for the default pop-
ulation sizes at 128 threads. Success rate is reported over all 100
runs, whereas wall-clock time, peak memory, and cache-hit statis-
tics are averaged over all runs with recorded values. Timeout

runs with missing wall-clock measurements are excluded from the
corresponding averages.

Caching has a much stronger effect for CMA-ES than for
ECA. For CMA-ES at popsize = 80, disabling the cache increases
average runtime from 1746.20 s to 9246.73 s and peak memory
from 148.20 GB to 223.18 GB, which is consistent with the high
mean cache hit rate of 86.17%. For ECA at N = 100, the mean
hit rate is only 30.01%, and the effect of disabling the cache is
correspondingly smaller.

Table 9 and Figure 5 present the scalability results for the
selected default configurations across thread counts. For consis-
tency, the analysis was based on the matched subset of the first
10 runs for each thread count, including 128 threads. Table 9
reports the absolute performance values, whereas Figure 5 shows
the corresponding normalized trends.

The speedup values shown in Figure 5 describe normalized
thread-scaling behavior within the matched-sample experiment
and should not be confused with the 3.77× speedup relative to
the single-threaded SCIP baseline reported for CMA-ES with
popsize = 80 in Table 7. Under this matched-sample proto-
col, both default configurations achieved 100% success across all
tested thread counts, while runtime decreased and memory usage
increased with the number of threads.

Table 10 reports the failure modes of unsuccessful runs
for the 128-thread experiments with caching enabled, based on
100 runs for each algorithm. Unsuccessful runs are classified
into timeout failures and convergence failures, with infeasible
convergence failures representing those converged runs that pro-
duced penalized infeasible equipment structures. To preserve
interpretability, the average and maximum objective gaps are

Table 7
Effect of population size on convergence and resource usage at 128 threads with caching enabled

Algorithm Population size Success rate (%)
Wall-clock time for
successful runs (s)

Peak memory for
successful runs (GB)

CMA-ES 40 65 1107.78 ± 313.92 120.18 ± 8.97

CMA-ES 60 89 1389.07 ± 290.19 135.86 ± 8.54

CMA-ES 80 98 1761.39 ± 1044.17 148.48 ± 10.76

CMA-ES 100 100 2005.63 ± 396.13 161.28 ± 9.27

CMA-ES 120 100 2120.39 ± 435.09 165.24 ± 11.01

ECA 60 75 1149.43 ± 437.56 145.98 ± 6.53

ECA 80 84 1746.26 ± 2391.36 161.00 ± 5.82

ECA 100 94 1760.91 ± 1883.10 173.54 ± 7.61

ECA 120 92 2329.63 ± 3250.19 183.27 ± 7.34

ECA 140 93 2587.11 ± 3834.36 192.28 ± 7.55

Table 8
Effect of caching for the default population sizes at 128 threads

Algorithm
Population

size
Cache

mode
Success
rate (%)

Mean cache
hit rate (%) Wall-clock time (s) Peak memory (GB)

CMA-ES 80 ON 98 86.17 1746.20± 1039.77
148.20 ± 10.86

CMA-ES 80 OFF 98 – 9246.73± 1852.95
223.18 ± 11.34

ECA 100 ON 94 30.01 1657.70± 1870.76
164.26 ± 37.67

ECA 100 OFF 93 – 2017.34± 1931.81
200.40 ± 47.12
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Table 9
Scalability across thread counts for the selected default configurations

Algorithm Threads Success rate (%) Wall-clock time (s) Peak memory (GB)

CMA-ES 16 100 3145.43 ± 691.05 58.15 ± 3.43

CMA-ES 32 100 2426.09 ± 542.30 69.04 ± 4.43

CMA-ES 64 100 1934.13 ± 424.94 96.96 ± 5.94

CMA-ES 128 100 1557.11 ± 320.06 147.87 ± 8.15

ECA 16 100 3206.34 ± 357.64 65.47 ± 2.33

ECA 32 100 2430.19 ± 260.74 78.67 ± 6.62

ECA 64 100 1986.68 ± 229.13 103.47 ± 5.01

ECA 128 100 1593.66 ± 198.85 173.80 ± 6.77

Figure 5
Speedup (a) and memory consumption ratio (b) versus the number of threads

Table 10
Failure modes of unsuccessful runs at 128 threads with caching enabled

Algorithm
Population

size
Failed
runs

Timeout
failures

Convergence
failures

Infeasible
convergence

failures
Avg.

gap (%)
Max.

gap (%)

CMA-ES 40 35 0 35 0 1.1301 1.2979
CMA-ES 60 11 0 11 0 1.0803 1.2979
CMA-ES 80 2 0 2 0 0.6997 1.2979
CMA-ES 100 0 0 0 0 – –
CMA-ES 120 0 0 0 0 – –
ECA 60 25 0 25 25 – –
ECA 80 16 2 14 14 – –
ECA 100 6 0 6 6 – –
ECA 120 8 4 4 4 – –
ECA 140 7 4 3 3 – –

reported only for feasible failed runs and are measured relative to
the reference solution obtained in the baseline experiment.

The failure patterns of the two algorithms differ qualitatively.
For CMA-ES, all unsuccessful runs are convergence failures,
with no timeout or infeasible cases, and the selected default
configuration, popsize = 80, yields only two failures, with an
average gap of 0.70% and a maximum gap of 1.30%. In con-
trast, ECA failures are dominated by infeasible convergence, while
timeout failures occur at three of the five selected population
sizes and are absent at the selected default N = 100, suggest-
ing that timeout occurrence is irregular across population-size
settings.

The modeling also showed that the optimal strategy involves
continuously operating TPP generating units at the maximum

permissible level, while balancing electricity generation and con-
sumption is achieved through the use of ESS and electricity
import/export mechanisms (Figures 6, 7, 8, and 9).

4. Discussion

The results of the computational experiments demonstrated
that combining the evolutionary algorithms ECA and CMA-ES
with the parallel solution of subproblems using the SCIP solver
provides, in most cases, a significant reduction in the time to reach
the global optimum compared to using only the SCIP solver in
single-threaded mode. Despite comparable average solution times
for both algorithms, CMA-ES exhibited a higher probability of
convergence to the global optimum. At the same time, the ECA
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Figure 6
Weekly RES load graphs, color-coded by cluster combinations, for summer (a) and winter (b)

Figure 7
Weekly graphs of stored energy in ESS, color-coded by cluster combinations, for summer (a) and winter (b)

Figure 8
Weekly electricity sales graphs, color-coded by cluster combinations, for summer (a) and winter (b)

Figure 9
Weekly electricity purchase graphs, color-coded by cluster combinations, for summer (a) and winter (b)
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algorithm was characterized by high variability of solution time:
the standard deviation exceeded the mean value, and in some
cases, the computations did not finish within the allocated time
limit (10 hours), which limits its suitability for problems where
guaranteed convergence is critical. A likely reason for this is the
lack of specific adaptation of the ECA algorithm to work with
integer variables, in contrast to CMA-ES. In addition, both solu-
tion time and convergence depend on the chosen parameters of
the evolutionary algorithm.

The population-size sensitivity analysis shows that the
best-performing configuration is not the one with the largest
population. For CMA-ES, popsize = 80 provides the smallest
population size with reliability above 90%, whereas larger values
improve reliability only marginally at the cost of additional run-
time and memory. Relative to the single-threaded SCIP baseline,
this CMA-ES configuration achieved a 3.77× speedup in average
time to the global optimum, where this value refers to the 128-
thread population-size experiment with caching enabled and to
averages computed over successful runs only. For ECA, N = 100
is the first setting to cross the 90% success threshold, while fur-
ther increases in population size do not improve robustness and
instead raise computational cost.

The cache-ablation results indicate that caching is a criti-
cal component of the CMA-ES implementation and a secondary
acceleration mechanism for ECA. This difference is explained by
the much higher reuse of previously evaluated integer structures
in CMA-ES, reflected by an average cache hit rate of 86.2% versus
30.0% for ECA. Consequently, disabling caching causes a dra-
matic slowdown for CMA-ES and only a moderate slowdown for
ECA.

The analysis of unsuccessful runs clarifies that the two algo-
rithms fail for different reasons. CMA-ES fails through local
stagnation and still returns near-optimal solutions, whereas ECA
failures are dominated by infeasible convergence and, at some
larger populations, by timeouts. This supports the interpretation
that CMA-ES is not only more reliable overall but also more
graceful in failure.

The nearly linear growth of performance and memory
requirements with the increase in the number of threads is con-
sistent with the typical properties of parallel computing. The
high scalability is facilitated both by the use of population-based
algorithms and by the application of the problem decomposition
method. In particular, in each generation, the CMA-ES algo-
rithm independently evaluates N = 80 solutions, for each of which
K = 96 MILP subproblems are solved, which is equivalent to solv-
ing up to 7680 subproblems simultaneously. This ensures flexible
utilization of computational resources and allows the proposed
parallel method to be applied both on workstations and on multi-
node HPC platforms, opening prospects for reducing the solution
time of even larger-scale problems.

At the same time, the developed approach to organizing
parallel computations has several limitations. First, its applica-
tion requires a substantial number of processor cores and a large
amount of memory. Second, as the number of threads increases,
no proportional decrease in solution time is observed, which may
be caused by non-uniform solution times across subproblems as
well as by the overhead associated with parallelization. Third,
the stochastic nature of evolutionary algorithms leads to solution
time variability and does not guarantee reaching the global opti-
mum or completing the process within the specified time for each
individual run.

Further research is also required to assess the applicabil-
ity of the proposed approach to multi-period planning problems

of electric power system development, in which optimization
must account for the dynamics of investment decisions over time.
Another challenge is the scalability of the problem decomposition
method on multi-node HPC architectures with limited memory
per node, which can significantly affect its practical effectiveness.

5. Conclusion

The proposed decomposition-based method for determining
the optimal generation capacity structure of an electric power
system shows strong potential for scalable implementation on
multicore computing systems. Its architecture, which combines
an evolutionary algorithm for optimizing the generation capacity
structure with a deterministic MILP solver for modeling operat-
ing modes, achieves a balanced trade-off between computational
efficiency and solution accuracy.

The results of the computational experiments indicate that,
for the 128-thread CMA-ES configuration with a population size
of 80, the proposed approach achieved a 3.77× speedup relative
to the single-threaded SCIP baseline and reached the global opti-
mum in 98 of 100 runs. This validates the effectiveness of the
proposed method for solving large-scale MILP problems related
to the optimization of the generation capacity structure in elec-
tric power systems. In contrast, the use of the ECA algorithm
demonstrates a comparable level of speedup but is characterized
by lower reliability in reaching the global optimum due to inferior
convergence properties.

At the same time, the method also has certain limitations: its
practical implementation requires substantial amounts of RAM
and powerful computing resources, and it is subject to solution
time variability. In addition, the stochastic nature of evolutionary
algorithms cannot guarantee convergence to the global optimum.

Further research should focus on two directions: evaluat-
ing the effectiveness of the method in multi-period electric power
system development problems and assessing its applicability in
distributed computing environments, along with analyzing its
sensitivity to the selection of key algorithm parameters.

Overall, the combination of evolutionary algorithms with
classical MILP solvers can be regarded as a promising, fast, flex-
ible, and sufficiently accurate tool for solving strategic planning
problems of the generation capacity structure in electric power
systems.
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