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Abstract

Transforming energy supply systems is essential for achieving a sustainable, carbon-neutral
future. However, this transition substantially increases the complexity of long-term plan-
ning due to the large-scale integration of carbon-free energy sources, strong interactions
among technical and economic subsystems, multiple stakeholders, and significant uncer-
tainty. Comprehensive evaluation of alternative development pathways requires detailed
power system and electricity market simulations across numerous scenarios, resulting in a
major computational bottleneck. The objective of this paper is to develop and demonstrate
an artificial intelligence-based surrogate modelling framework that enables the rapid evalu-
ation of large numbers of long-term power system development scenarios while preserving
the accuracy of detailed simulation models. The proposed framework combines stochastic
scenario generation, detailed power system and electricity market simulations, and artifi-
cial neural network (ANN)-based surrogate models to approximate scenario-dependent
performance indicators. By replacing repeated high-fidelity simulations with ANN surro-
gates, the methodology substantially improves computational efficiency while supporting
uncertainty analysis, multi-scenario assessment, and multi-stakeholder decision-making. A
case study demonstrates the effectiveness of the proposed framework for scalable, high-
resolution strategic power system planning.

Keywords: power system; optimization; planning; electricity market; artificial intelli-
gence; renewables

1. Introduction
1.1. Transforming Energy Supply

The ongoing transition toward carbon-neutral energy systems is characterized by
rapid electrification, increasing penetration of variable renewable energy sources (RES),
decentralization of generation, and stronger integration across energy sectors. While these
developments enhance sustainability, they also substantially increase the complexity of
planning and operating future power systems. The variability of renewable generation,
the growing interactions between technical, economic, and regulatory subsystems, and the
need to ensure reliability, resilience, and affordability require advanced decision-support
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methodologies capable of addressing uncertainty and evaluating a vast range of develop-
ment alternatives.

A wide variety of optimization methods and decision-support tools have been de-
veloped for long-term energy system planning. Energy system simulations, particularly
those focused on long-term planning, have been extensively studied in the literature [1–6].
Among the many specialized tools developed for these purposes are, for example, MES-
SAGE, MARKAL, PLEXOS, TIMES, GENeSYS-MOD, and the LUT Energy System Tran-
sition Model [7], which support detailed large-scale system representation and welfare
optimizing planning. In this context, social welfare represents the net economic benefit
generated by the power system and is typically defined as the sum of consumer and pro-
ducer surplus. Consumer surplus reflects the difference between consumers’ willingness to
pay and the market price, while producer surplus corresponds to the difference between
market revenues and production costs (i.e., the margin between price and marginal cost
over the dispatched output). The use of social welfare as the objective function enables the
formulation of the planning problem as a single-objective optimization task. Accordingly,
these models maximize total social welfare over a given time horizon, subject to system
and operational constraints.

These approaches differ in their modelling assumptions, objectives, spatial and tem-
poral resolution, and intended application domains. Although each provides valuable
insights for specific planning problems, future power systems require the simultaneous
consideration of multiple interacting stakeholders, long-term uncertainty, detailed oper-
ational behavior, and extensive scenario analysis. Addressing all these aspects within a
single planning framework while maintaining acceptable computational efficiency remains
a significant research challenge. The main computational bottleneck arises from the need
to evaluate a large number of long-term development scenarios, each requiring detailed
simulations of power system operation and electricity market behavior over extended time
horizons. As the number of scenarios, technologies, decision variables, and uncertainty
dimensions increases, computational requirements grow rapidly, often making compre-
hensive scenario analysis impractical. Consequently, planners are frequently forced to
reduce the number of scenarios or simplify system models, potentially compromising the
robustness and quality of planning decisions. These limitations motivate the development
of new methodologies that preserve the accuracy of detailed simulation models while
substantially reducing computational effort.

Recent advances in artificial intelligence and machine learning have led to the develop-
ment of data-driven surrogate models capable of approximating computationally intensive
engineering simulations with high accuracy while requiring only a fraction of the original
computational effort [8–15]. Instead of repeatedly executing detailed physical or opti-
mization models, surrogate models learn the relationship between system descriptors and
selected performance indicators from previously generated simulation data. Once trained,
they enable rapid prediction of system behavior for new operating conditions or planning
scenarios, making them particularly attractive for applications involving large-scale uncer-
tainty analysis, optimization, and real-time decision support. Their ability to substantially
reduce computational time while preserving acceptable predictive accuracy has made
surrogate modelling an increasingly important research direction in energy systems.

Several studies have successfully applied data-driven surrogate models to accelerate
specific power system analysis and optimization tasks. These applications demonstrate the
considerable potential of surrogate modelling for reducing computational complexity and
improving scalability. However, existing approaches are generally developed for narrowly
defined problems, such as electric vehicles [12], optimal power flow [8,9], electricity-market
price analysis [10], the assessment of energy demand in commercial buildings [11], or
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wave turbine optimization [14]. Most do not address the broader requirements of strategic
long-term power system planning, where thousands of stochastic development scenarios,
multiple interacting stakeholders, electricity market dynamics, and detailed operational
simulations must be considered simultaneously.

The encouraging results reported in the literature suggest that data-driven surrogate
modelling has considerable potential to support future power system planning. Never-
theless, additional research is required to develop more general frameworks capable of
addressing large numbers of stochastic development scenarios, preserving the fidelity
of detailed power system and electricity market simulations, and accommodating the
objectives of multiple decision-makers.

1.2. Contribution and Structure

The objective of this paper is to develop and demonstrate an artificial intelligence-
based surrogate modelling framework for long-term power system planning that enables
the rapid evaluation of a very large number of development scenarios. The proposed
approach combines detailed power system and electricity market simulations with artificial
neural networks trained to approximate scenario-dependent performance indicators. Once
trained, the surrogate models replace computationally intensive simulations during the
planning process, enabling efficient uncertainty analysis, large-scale scenario assessment,
and multi-stakeholder decision support with only a minor loss of modelling accuracy.
The framework is independent of the specific optimization objective and can support
stakeholder-specific objectives (e.g., profit) as well as system-level objectives such as social
welfare. The principal scientific contribution of this work is the integration of stochastic
scenario generation, detailed power system and electricity market simulation, and ANN-
based surrogate modelling into a unified framework for strategic power system planning.
By replacing repeated high-fidelity simulations with accurately trained surrogate models,
the proposed methodology substantially improves computational efficiency and scalability
while maintaining the level of accuracy required for long-term planning applications.

The main contributions of this paper are as follows:

• A unified surrogate-assisted framework for multi-agent strategic power system plan-
ning that integrates stochastic scenario generation, detailed operational simulation,
and data-driven surrogate modelling. The framework explicitly represents heteroge-
neous market participants and supports the evaluation of long-term planning alterna-
tives under uncertainty.

• A methodology for constructing ANN-based surrogate models that accurately ap-
proximate scenario-dependent performance indicators derived from detailed power
system and electricity market simulations. The proposed approach enables the efficient
representation of multiple planning objectives and stakeholder perspectives while
preserving the essential characteristics of the underlying simulation models.

• A computationally efficient decision-support approach that enables rapid evaluation
of large numbers of development scenarios with negligible loss of accuracy. Compared
with repeated execution of detailed simulation models, the proposed surrogate-based
approach reduces computational time by more than two orders of magnitude (typically
exceeding a 100-fold speed-up), making large-scale uncertainty analysis and multi-
stakeholder strategic planning computationally tractable for practical applications.

The remainder of this paper is organized as follows. Section 2 presents the proposed
methodology and its theoretical foundations. Section 3 describes the case study and
simulation framework. Section 4 presents and discusses the results. Finally, Section 5
concludes the paper and outlines directions for future research.
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2. Materials and Methods
2.1. Power System Planning

To achieve the above objective, the proposed methodology considers a large-scale power
system comprising multiple interacting technical, economic, and institutional components.

It comprises:

• dispatchable generation units, including thermal, nuclear, conventional reservoir
hydropower, and pumped-storage hydropower facilities;

• variable renewable energy sources, such as solar, wind, and run-of-river hydropower;
• energy storage technologies, encompassing both short-duration and long-duration

storage systems;
• the electrical transmission and distribution infrastructure;
• end-users, including both consumers and prosumers;
• institutional and market entities, including governmental authorities, Transmission

System Operators (TSOs), and the market operator.

System behavior is influenced by decisions taken at both short- and long-term horizons,
which differ fundamentally in their objectives and control variables. Short-term operational
planning focuses on the selection of energy volumes generated or consumed over short time
intervals (e.g., hourly or daily), with the objective of maximizing operational profitability
subject to technical and market constraints. In practice, short-term planning is typically
carried out on an hourly or sub-hourly basis and is frequently coordinated through market-
based mechanisms, including—but not limited to—the day-ahead electricity market. Within
these frameworks, market participants submit bids and offers at the relevant time resolution,
and market-clearing prices and traded volumes are determined through the interaction of
supply and demand [16]. Such planning is performed for a given system configuration
and installed generation capacities and does not involve investment decisions or structural
modifications of the energy system.

In contrast, long-term planning decisions determine the structural evolution of the
power system and involve the selection of generation technologies, installed capacities of
generation and storage units, grid infrastructure elements, and, in some cases, the scale
and characteristics of demand-side resources. These decisions do not directly determine
short-term operational variables; rather, they define the feasible space within which short-
term market decisions are realized. Accordingly, long-term decision-making is designed to
enhance aggregated performance indicators that characterize the complete effectiveness of
the system over extended time horizons (e.g., one year or longer), while economic outcomes
are evaluated based on the induced short-term operational equilibrium.

Due to significant uncertainty over extended planning horizons, long-term power
system planning is often addressed using scenario-based approaches. Scenarios are con-
structed to represent plausible future developments and to facilitate the evaluation of
planning decisions under varying external conditions. For each scenario, the economic
performance of the system is assessed using an optimization framework that determines
operational decisions and estimates profitability, defined as the difference between annual
revenues and total costs. Long-term profit estimation relies on repeated short-term market
simulations. System operation is modeled at a high temporal resolution, and the resulting
outcomes are aggregated over extended time horizons to assess long-term economic perfor-
mance [17–19]. Consequently, long-term planning problems are inherently more complex
than short-term operational problems, as they must account simultaneously for structural
investment decisions, operational responses, and uncertainty across multiple scenarios.

In addition to its technical complexity, long-term power system planning involves
multiple interacting stakeholders whose decisions are made at different levels and over
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different time horizons. These decisions are based on expectations regarding future energy
demand, renewable generation, fuel prices, climate policies, and market conditions, with
the objective of identifying the most beneficial development strategy.

In practice, each stakeholder forms scenario-based expectations about future system
and market conditions and solves an individual planning problem accordingly. These
decisions are made under uncertainty and are based on a range of plausible future de-
velopments rather than a single deterministic forecast. The interactions among these
decentralized decisions ultimately determine the long-term evolution of the power sys-
tem, highlighting the need for integrated planning approaches capable of capturing their
cumulative effects.

To account for these system-wide dynamics, the literature increasingly emphasizes the
need for integrated, long-term analytical frameworks [20,21]. Strategic energy planning has
emerged as a key approach in this context, providing tools to assess how different invest-
ment pathways, policy choices, and technological developments influence the evolution of
the energy system as a whole [6,22,23].

2.2. Objectives and Performance Variables

Strategic energy planning [7] is a comprehensive methodology to guide long-term
investments in energy infrastructure. It inherently relies on capacity expansion planning
and modelling, which enable the simulation and optimization of future energy system
configurations under various policies, technological, and demand scenarios [22,24].

The primary objective of strategic energy planning is to optimize long-term system per-
formance. This objective is not limited to a single metric, but rather reflects a combination
of economic, technical, and policy-related criteria. In many modelling approaches [25–28],
it is formulated as the maximization of expected profit or, equivalently, the minimization
of total system costs, which provides a tractable representation of system-wide efficiency.
More generally, profit can be interpreted as a composite performance measure that aggre-
gates multiple economic and system-level components, including revenues, operational
costs, investment expenditures, and, where relevant, performance indicator and policy-
related incentives or penalties. At the same time, it is acknowledged that strategic energy
planning is inherently multi-objective, and alternative formulations may explicitly incor-
porate additional objectives such as environmental sustainability, security of supply, or
social welfare.

In this paper, profit is used as a representative stakeholder-level performance indicator
within the proposed surrogate modeling framework. The underlying power system and
electricity market simulations continue to employ social welfare maximization for market
clearing, while the resulting market outcomes are translated into stakeholder-specific prof-
itability measures. The proposed surrogate framework is independent of the particular
objective function and can equally be applied to other performance measures, including so-
cial welfare, total system cost, or environmental indicators. For the purposes of the present
study, stakeholder profit is selected as the illustrative performance indicator. Accordingly,
the objective function can be written in profit-maximization form as

max
x(s)

E[Π(x(s), ξ)]s.t.x(s)ϵX(s), ∀s ∈ S, (1)

where

• x(s) denotes the feasible vector of decision variables, such as investment and op-
erational decisions, belonging to the feasible set X(s). The vector x may include
time-varying variables, for example taxation levels, generation outputs at each time
step, or investment decisions such as generation and grid capacities. These variables

https://doi.org/10.3390/en19153607

https://doi.org/10.3390/en19153607


Energies 2026, 19, 3607 6 of 31

should be specified at a sufficiently high temporal resolution, for example hourly or
finer, over a multi-year planning horizon. The set X(s) denotes the feasible region for
x, typically defined by technical, physical, economic, and regulatory constraints. Thus,
the constraints of the optimization problem are represented implicitly through the
definition of X(s).

• The random input process ξ (e.g., energy demand, weather conditions, market prices)
is multidimensional and time-dependent and represents exogenous uncertainty. Such
processes can exhibit diverse temporal patterns, including hourly, daily, and seasonal
variations, as well as purely stochastic fluctuations, depending on the system under
study and the external driving factors.

• s∈S denotes the scenario descriptors, including structural configuration of the system,
installed capacities, network topology, and long-term constraints. The feasible set S
contains all configurations that satisfy the relevant technical, economic, and regulatory
requirements. The configuration may be time-dependent, i.e., s = s(t). Building on
this, the feasible set X of operational decisions depends on external scenario-defining
parameters. Accordingly, it is written as x(s)∈X(s), where s now denotes the scenario
descriptors characterizing external conditions such as demand trajectories, fuel prices,
technological costs, or policy settings. These descriptors may be specified exogenously
by the decision maker or, in some formulations, treated as additional variables and
optimized jointly with x. Set S may be represented either as a finite collection of
deterministic scenarios or as a continuous uncertainty set describing the admissible
range of uncertain parameters. Typically, these descriptors capture long-term forecast
uncertainties, such as the growth of energy consumption and generation or evolutions
in energy prices.

• Π(x(s),ξ) is a real-valued measurable function mapping decisions and uncertainty
realizations to outcomes (e.g., profit, cost, utility). Hereafter, profit denotes the chosen
performance indicator serving as the optimization objective.

• 𝔼 [Π(x(s),ξ)] is the risk-neutral objective, representing the expected performance under
the probability distribution of ξ.

The planning problem (1) often involves substantial computational and modelling
challenges [29]. When the planning task encompasses the coordinated development of the
entire power system—generation, transmission, storage, and supporting infrastructure—
the resulting optimization problem becomes particularly demanding. Even for relatively
small power systems, the dimensionality of the problem can be very high due to the time
resolution (e.g., hourly or sub-hourly decisions over a decade-long planning period) and the
number of decision variables. Moreover, the problem is typically nonlinear. The nonlineari-
ties and non-convexities arise from physical and operational characteristics of the power
system, including technical constraints, system dynamics, unit commitment decisions,
transmission limits, storage operation, and market-clearing mechanisms. Stochastic inputs
(e.g., demand, renewable generation, and fuel prices) do not themselves introduce these
nonlinearities; rather, they require the optimization to evaluate a wide range of operating
conditions in which the underlying nonlinear system behavior becomes manifest. As a
result, the maximization procedure becomes complex and computationally intensive [30].
Indeed, the general form of expected profit maximization can be expressed as an integral,
which highlights the challenge of accounting for all possible realizations of the random
inputs: Specifically, the problem can be formulated as:

maxx(s)∈X(s)Eξ [Π(x(s), ξ)] = maxx(s)∈X(s)

∫
Π(x(s), ξ)p(ξ)dξ (2)

https://doi.org/10.3390/en19153607

https://doi.org/10.3390/en19153607


Energies 2026, 19, 3607 7 of 31

where p(ξ) is its probability density function. Integral (2) is hard to compute when p(ξ) is
unknown or intractable; ξ is high-dimensional and Π(x(s),ξ) is nonlinear, which is typical
in many practical stochastic optimization problems.

Therefore, sample-based approximations like Sample Average Approximation (SAA) [31]
or ergodic Time-Averaged Approximation (TAA) are widely used [32]. The SAA is a
method for approximating the expected value using a finite number of sampled scenarios.
Instead of solving the original problem (1), you solve the SAA problem:

maxx(s)∈X(s)ΠN(x(s)) = maxx(s)∈X(s)
1
N

N

∑
i=1

Π
(

x(s), ξ(i)
)

(3)

where ξ(1), ξ(2), . . . , ξ(N) are N independent scenario trajectories (time series realizations);
ΠN(x) is the sample average approximation of the expected profit; and N is the sample size.

While SAA offers a useful way to approximate the expected profit, its effectiveness
hinges critically on the number of scenarios N used [7]. To alleviate the computational
challenges, an alternative approach is to exploit the temporal structure of the problem by
using time-averaging approximation. Instead of sampling many independent scenarios
across the full uncertainty space, time-averaging approximation makes use of long historical
time series—such as hourly data over one or multiple years—to represent the variability of
inputs like demand, weather, or prices. If the underlying stochastic process ξt is ergodic
and the time horizon T is sufficiently long, the time average converges to the ensemble
(statistical) expectation [32].

In this case, the expectation of profit over the random input process ξ is approximated
by a time average:

maxx(s)∈X(s) ∏(xt) = maxx(s)∈X(s)
1
T

T

∑
t=1

Π(xt, ξt) (4)

While the TAA eliminates the need for repeated sampling of exogenous stochastic
factors, the resulting strategic planning problem remains computationally demanding. This
challenge is compounded in practical applications, where the problem is often naturally
formulated as a non-cooperative multi-agent decision problem in which each agent seeks
to maximize its own expected profit [33].

Formally, let each decision maker i ∈ I choose a decision vector xi from a feasible
set Xi, while the resulting profit depends not only on its own decisions but also on the
decisions of competitors x−i. The profit function of the agent i can therefore be written as

Πi(xi, x−i,ξ) (5)

where x-i denotes the vector of decisions of all other agents. Since competitor decisions
are generally unknown at the planning stage, each agent must evaluate its strategy under
multiple possible realizations of x−i. These alternative realizations represent different
assumptions regarding competitor behavior and, when combined with stochastic inputs ξ,
naturally define a set of scenarios that must be analyzed to assess the expected profitability
of a candidate strategy.

From the perspective of agent i, both the competitor decisions x−i and the stochastic
inputs ξ represent uncertain external influences. In the context of time-averaged evalu-
ation, these influences can be naturally represented as time series and treated jointly as
scenario realizations.
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A single scenario can be defined as

s = (x−i, ξ), s ∈ S, (6)

where x−i represents a specific realization of competitors’ decisions, and ξ denotes a realiza-
tion (i.e., a sample path) of the underlying stochastic processes over the planning horizon.

These two sources of uncertainty—strategic interactions and exogenous stochastic
variability—are treated jointly and represented in a unified manner through the scenario
definition. The set S therefore denotes the scenario space, i.e., the collection of all con-
sidered realizations of uncertain external influences. In practice, S is constructed by the
decision maker to reflect relevant assumptions regarding competitor behavior and stochas-
tic system conditions.

Within this framework, the strategic planning problem can be interpreted as the search
for decisions that are robust or optimal with respect to a set of possible competitor actions
and stochastic outcomes. Each realization s∈S defines a distinct strategic environment
characterized by the joint occurrence of competitor decisions and exogenous uncertainty.

Consequently, profitability must be evaluated for each agent across all feasible com-
binations of scenario descriptors and stochastic realizations. In other words, for every
candidate decision xi of agent i, the corresponding profit must be assessed over the entire
scenario set s = {x−i,ξ}. Since the number of possible combinations of scenario descriptors
can be exceedingly large, the scenario space rapidly becomes intractable, resulting in a
prohibitive computational burden that severely limits both performance evaluation and
strategic decision-making.

These challenges have prompted the development of a range of platforms, frameworks,
and tools designed to support the simulation of energy systems and the assessment of
their profitability.

2.3. Profit and Cost Estimation in Practice

Formally, the planning problem is formulated as the maximization of expected social
welfare over the scenario set S [34,35]:

max
x(s)

E(W(x(s), s)), s∈S, (7)

where the social welfare function is defined as:

W(x) =
x∈S

∑T
t=1

(
∑I

i CSi,t(x, ξ, xb) + ∑J
j PSj,t(x, ξ, xb)

)
. (8)

Here, CSi,t and PSj,t denote the consumer and producer surplus associated with
consumer i and producer j at time step t, respectively, while I and J represent the total
number of consumers and producers. The scenario descriptor s ∈ S is defined as:

s = (xb, ξ), (9)

where ξ captures exogenous (physical) uncertainty, such as demand, renewable generation,
and fuel prices, while xb denotes the bids submitted by market participants [36]. These bids
characterize the strategic offers submitted to the day-ahead market and reflect participants’
expectations regarding market conditions, anticipated outcomes, and revenue-maximizing
behavior. From the perspective of an individual planner, both components are treated as
uncertain inputs to the market-clearing process.
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The decision variables are scenario-dependent, x = x(s), and must satisfy:

x(s) ∈ X(s), x(s) ∈ Xb, ∀s ∈ S, (10)

where X(s) denotes the feasible set determined by system and operational constraints, and
Xb restricts decisions to admissible market bids.

The constraint x(s)∈Xb introduced in (8) restricts decision variables to feasible market
actions derived from bids submitted to the day-ahead electricity market. This formulation
reflects actual market practice, in which bidding and market-clearing procedures are
executed on a daily basis. The set Xb represents all admissible combinations of bids from
market participants, including generators, consumers, and prosumers. Each bid specifies
a quantity of electricity to be supplied or consumed, together with an associated price,
typically defined on an hourly or sub-hourly basis.

As illustrated in Figure 1, forecasting and scenario generation provide inputs to the
power system and market model, enabling the evaluation of system performance, objectives,
optimal configurations, and decision variables under given assumptions. This structure
represents the conventional power system planning and optimization approach.

 

Figure 1. Block Diagram of the Conventional Power System Planning Approach. FM—Forecasting
Module; SG—Scenario Generator; DM—Decision Makers; PSMM—Power System and Market Mod-
ule; OSD—Objectives, Structures and Decision variables.

In a multi-agent setting, the optimization problem is solved based on scenarios and
forecasts of stochastic inputs ξi, which are specified independently by each decision-maker.
Consequently, the challenge becomes not only conceptual but also computational. Al-
though the feasible set Xb is shared among all agents, each decision-maker constructs their
own scenarios and input assumptions, reflecting heterogeneous expectations, forecasting
methods, and strategic perspectives. As a result, agents solve distinct optimization prob-
lems conditioned on their individual realizations of exogenous inputs ξi and anticipated
competitor decisions x−i, leading to different optimal decision vectors xi.

Extending this framework to long-term planning problems involving multiple
decision-makers creates substantial conceptual and computational challenges. Uncertainty
accumulates over the planning horizon, while the dimensionality of the scenario space
increases rapidly. Moreover, each decision-maker must repeatedly solve the optimization
problem under numerous combinations of uncertain inputs and strategic interactions to
assess the profitability of alternative decisions. The computational burden therefore grows
with both the number of scenarios and the number of interacting agents, making direct
large-scale solution approaches increasingly difficult to apply in practice.

These limitations motivate the development of approaches that reduce the computa-
tional burden of scenario-based profitability assessment for individual agents. Potential
approaches include reducing the number of required simulations, simplifying scenario rep-
resentations, or improving the efficiency of the optimization procedure, while preserving
sufficient accuracy in the evaluation of system and market outcomes.
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2.4. Computational Complexity and the Need for Efficient Methods

The computational burden associated with long-term power system planning be-
comes substantial when profitability must be evaluated across numerous scenarios and
interacting decision-makers. Since each stakeholder may employ different assump-
tions regarding future system evolution, repeated simulation-based evaluations become
computationally expensive.

To address this challenge, an ANN-based surrogate model is introduced to approxi-
mate the profitability function Π(x, ξ). The surrogate model enables scalable evaluation
across large scenario spaces while significantly reducing computational effort.

Figure 2 illustrates the proposed multi-stage planning framework. The Framework
Creator (FC) defines the long-term vision of the future power system and specifies the
range of possible future developments rather than a single deterministic forecast. In this
way, the FC establishes the scenario space by identifying plausible boundaries for demand
growth, generation expansion, fuel and electricity prices, interconnection capacities, and
other uncertain parameters. FM and SG provide inputs to the power system market
model, whose outputs are collected into a dataset (DS) used to train the ANN surrogate.
Once trained, the ANN provides fast approximations of scenario-dependent performance
indicators, supporting decision-making related to objectives, structures, and parameters.
Unlike the conventional framework shown in Figure 1, where decision-making relies on
repeated direct simulations, the proposed approach replaces computationally intensive
evaluations with surrogate-based approximations.

 

Figure 2. Block Diagram of the Proposed Power System Planning Approach.

Although the computational challenges of long-term planning are widely recog-
nized [12–15], the application of ANN-based surrogate models to address these challenges
remains limited. Existing studies nevertheless demonstrated that ANN-based surrogates
can achieve high prediction accuracy together with significant reductions in computational
time [15], including strong potential for future planning applications. Data-driven sur-
rogate models learn the behavior of detailed simulation models from generated datasets
and can efficiently approximate system responses under alternative scenarios [12–15]. This
capability enables extensive simulation and optimization studies that would otherwise be
computationally prohibitive.

In the present study, ANN-based surrogate models are developed to represent long-
term planning objectives while accounting for heterogeneous stakeholder expectations
regarding future power system evolution. The surrogate approximation is formulated as

Π = FANN(x, s(ξ, xb)) (11)

where FANN denotes the neural-network approximation mapping decision variables x
and scenario descriptors s(ξ,xb) to the corresponding performance indicators Π(x, ξ). By
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replacing repeated high-fidelity simulations with ANN approximations, the proposed
framework enables efficient analysis of large-scale planning problems while preserving the
representation of diverse stakeholder perspectives.

The following section introduces the methodological framework proposed in this
work and describes the ANN-based surrogate modeling approach in detail.

2.5. Methodological Framework

This section presents a computational framework for multi-agent energy planning
under stochastic uncertainty and heterogeneous stakeholder expectations. Building upon
the ANN-based surrogate modeling approach introduced in the previous section, the
framework is designed to support efficient evaluation of strategic decision-making in
large-scale long-term planning problems. The proposed methodology consists of three
main components.

First, a detailed multi-agent model of the electric power system and electricity market
(PSMM) is employed to capture temporal dynamics and strategic interactions among
multiple decision-makers operating within a shared market environment. Each agent—
representing an existing or prospective asset owner—is associated with a specific portfolio
of system elements (e.g., generation, storage, transmission and consumption units) and
is characterized by its own state variables, decision variables, and resulting performance
indicators. State variables represent exogenous factors beyond the agent’s control, such as
market conditions, system states, competitor behavior, and stochastic drivers (e.g., demand,
fuel prices, and renewable generation). Decision variables are endogenously determined
within feasible ranges defined by technological and economic constraints.

The model produces both system-level and stakeholder-specific outputs. At the
system level, it maximizes social welfare (see (8)) by determining market-clearing prices,
dispatch schedules, power flows, and total system costs. The resulting market outcomes
define the quantities of energy produced or consumed and the corresponding market
prices for each time period. Based on these outputs, revenues and operational costs
can be evaluated over individual hours or aggregated across longer planning horizons
to construct performance indicators Π for the considered agents (stakeholders). This
agent-based model is used to generate a dataset for surrogate modeling. Although the
formulation in (8) formally resembles a conventional optimization problem, in this study
it is not used to identify an optimal solution, but rather as a computational tool under
fixed input parameters—it is employed as a conditional performance evaluation operator,
whereby state and decision variables are sampled within their feasible domains and each
configuration is evaluated via simulation. The resulting input–output pairs establish
a functional relationship between decision variables, system states, and performance
measures Π, forming the dataset used to train the surrogate model. Simulation outputs
are aggregated into representative performance indicators to reduce dimensionality. The
dataset thus consists of scenario-dependent profitability measures derived from simulated
market outcomes.

The long-term system performance is assessed by simulating the market-clearing
procedure on an hourly basis over the multi-year planning horizon. The underlying market
mechanism is a centralized day-ahead clearing process based on social welfare maximiza-
tion, in which supply and demand bids are matched under a uniform pricing scheme.
Market participants form price expectations and submit bids subject to operational and
market constraints, while the market operator performs the welfare-maximizing clearing,
determining both market prices and dispatch decisions. As such mechanisms are standard
in the literature and widely implemented in markets such as Nord Pool [37], further details
are omitted.
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Second, to reduce the computational burden associated with detailed large-scale power
system simulations and extensive scenario evaluation, a data-driven surrogate modeling
approach is anticipated. Specifically, the surrogate model approximates the mapping
between agents’ decision variables, system conditions (state variables), and the resulting
performance indicators obtained from detailed power system and market simulations.

Importantly, the performance indicators Π(x,ξ,xb) are scenario-dependent; i.e., they
are evaluated for specific realizations of uncertain parameters ξ. As a result, they represent
the profitability of each individual agent under a given scenario, rather than aggregated
system-level outcomes.

To this end, a dataset DS is generated by evaluating the original model across multiple
combinations of decision variables and scenario realizations. The scenarios are sampled
from a scenario space S, which is designed to cover all stages of the planning horizon
and span feasible combinations of uncertain parameters, ensuring that the training data
adequately represents the underlying uncertainty. This enables the surrogate model to learn
the conditional relationships between decisions, uncertainties, and system performance.

The evaluation of Π(x,ξ,xb) and the generation of dataset DS can rely on a wide range
of available computational tools and simulation models for power system and market
analysis. The accuracy of the surrogate model depends on the quality, diversity, and
coverage of dataset DS, which must sufficiently represent both the uncertainty space and
the decision space.

The resulting trained artificial neural network can then be used to rapidly estimate
Π(x,ξ,xb) for a large number of new decision–scenario pairs, thereby enabling efficient
solution of large-scale planning problems under uncertainty.

Third, a decision-maker-oriented platform is envisioned, designed to be explicitly
constructed and parameterized by decision makers based on their individual knowledge,
preferences, and expectations. Within this framework, agents define their own objectives
and formulate corresponding optimization problems in accordance with their subjective
perspectives. This structure enables decision makers to evaluate alternative strategies and
identify preferred solutions using self-selected performance criteria. Each agent assesses
the profitability of its decisions based on its expectations regarding the future state of the
power system, as well as its specific problem formulation. The detailed formulation of
this component is omitted, as it follows established approaches. The emphasis here is on
enabling fast and computationally inexpensive evaluation of the objective function, which
significantly broadens the range of tractable optimization tasks.

2.6. Structure of the Proposed Modeling Framework

The described components are implemented through a sequence of operational mod-
ules, which together define the structure of the framework. In total, the framework is
organized into eight functional blocks (see Figure 3), each representing a distinct stage of
the overall modeling process.

The effective application of the framework presented in Figure 3 begins with outlining
FB, SG, PSMM blocks defined by the system structure, core performance indicators, and
modeling variables, including the selection and representation of key components such as
generators, consumers, and the network. In long-term planning applications, this step also
includes the identification and selection of relevant technologies and development options
for the main system components over multi-decade planning horizons. At this stage, the
main influencing factors, system processes, and interactions are identified together with
the corresponding forecasting requirements necessary to represent their future evolution
and associated uncertainties. The modeling process must be tailored to the specific charac-
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teristics of the power system under consideration; an illustrative example is provided in
the case study.

Figure 3. Structure of the proposed scenario-based surrogate modeling framework.

The overall structure of the proposed methodology and the main computational blocks
of the algorithm are described in the following sections.

2.7. Model Formulation: The Main Stages
2.7.1. Forecasting Framework and Scenario Descriptor Representation

Forecasting Block (FB) and Scenario Generator (SG). The proposed methodology
begins with a forecasting module, hereafter referred to as the Forecasting Block. We
assume that the long-term evolution of the power system over the planning horizon can be
represented through time-dependent variables, as introduced in (6). These variables capture
exogenous drivers of system evolution, including market conditions and the behavior of
competing market participants. Their projection relies on well-established forecasting
methods commonly used in power system analysis, such as load, price, and renewable
generation forecasting [38–42]. Historical records of these processes, represented as time
series {ξ hist

i,t

}
, are assumed to be available or collectible and serve as the basis for model

parameter estimation and scenario generation.
To enable the application of the time-averaging approach, the decision variables x and

scenario descriptors s are decomposed along the temporal dimension, with the overall plan-
ning horizon partitioned into consecutive one-year intervals. The inherently nonstationary
stochastic process is thereby approximated as locally stationary over finite time windows.
Within each window, stationary and ergodic estimators are applied to approximate the
expected profit E[Π(x, ξ)]. Furthermore, to alleviate the computational burden associated
with repeated full-scale simulations, the performance indicators are not evaluated directly.
Instead, they are approximated through the conditional expectation of performance indica-
tors given the relevant decision and scenario variables, i.e., E[Π(x|s, ξ )]. This substitution
preserves the economic interpretability of the indicators while significantly improving com-
putational tractability in scenario-based analyses. It should be noted that the estimation
of the conditional expectation E[Π(x|s, ξ )] can be performed using sample-based Time-
Average Approximation (see (4)) methods, which do not require explicit specification of
the underlying probability distributions. To enable this estimation procedure, appropriate
variable preprocessing and representation techniques must be introduced.

To operationalize this framework, all model variables—comprising both decision
variables x and scenario descriptors s—are classified into two groups (see Figure 4): quasi-
fixed variables and time-varying variables.
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Figure 4. Variable Decomposition Framework for Long-Term Forecasting.

Under this decomposition, each variable is represented as{
x = xqf + σxxtv

s = sqf + σsstv
(12)

where sqf denotes the empirical annual mean and is treated as a quasi-fixed variable,
remaining constant within a given year. The scaling factors σx and σs, which control the
magnitude of variability, are also considered a quasi-fixed variable. In contrast, stv = s− sqf

represents the centered time-varying deviation at hourly resolution. This component
captures short-term operational variability and is assumed to preserve the same temporal
structure throughout the considered planning interval.

This classification separates long-term strategic characteristics from short-term opera-
tional dynamics and establishes the conditions necessary for applying the Time-Average
Approximation (see (4)).

Quasi-fixed variables, denoted as xqf and sqf, are assumed to remain constant within
each one-year planning interval but may vary between intervals. These variables represent
long-term strategic decisions and slowly evolving scenario descriptors, including installed
generation and storage capacities, infrastructure configurations, and other structural char-
acteristics of the system. They are modeled as uncertain parameters defined over feasibility
intervals that must be estimated or forecasted by the planner, reflecting limited knowledge
about future system development while preserving bounded rational expectations regard-
ing plausible system configurations. This formulation ensures that structural changes occur
only between planning intervals, thereby allowing system processes within each interval to
be approximated as stationary.

Time-varying variables, denoted as xtv and stv (see Figure 5), are defined at a fine
temporal resolution (hourly in this study). They represent operational decisions, such
as dispatch levels, as well as short-term scenario descriptors, including prices, demand,
weather conditions, and resource availability.
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Figure 5. Variable Classification Diagram.

Within each one-year planning interval, these variables are modeled using historical
recorded processes after centering and normalization. The centered component stv is
treated as a stationary stochastic process with zero mean and is modeled using a persistence-
based [43] representation derived from centered historical time series. For computational
purposes, the resulting processes are represented deterministically as long time series.
The original scale and long-term trend of the variables are subsequently reconstructed
by combining the centered time-varying component with the quasi-fixed mean values
and applying the corresponding scaling factors defined within the feasible space of the
quasi-fixed variables. Uncertainty in quasi-fixed (QF) variables is represented through
feasibility intervals that define the admissible range of values at each planning stage. It is
assumed that the lower and upper bounds of these variables ω, ω are forecasted in the first
planning stage. Let

ω =
(
xqf, sqf, t

)
(13)

denote the vector of uncertain variables quasi fixed at stage t, including both exogenous
uncertainties and strategic decisions of market participants. The set of all feasible multi-
stage realizations is then given by

S0 = {ω = (ω1, . . . ,ωT)|ωt ∈ (ω, ω), ∀t = 1, . . . , T} (14)

Thus, S0 defines the feasible uncertainty space over the entire planning horizon.
Scenarios are constructed by sampling realizations from this space, such that each scenario
corresponds to a point in S0.

Based on this representation, a scenario generator (see Figure 3, block SG) produces a
set of scenarios describing possible future states of the power system by means of Monte
Carlo sampling, assuming uniform distributions over the feasibility intervals. Each sampled
realization s(t) ∈ S0 consists of simultaneous time series for all components si(t).

For each realization s(t), the corresponding multivariate trajectory is provided as
input to the Power System and Market Module (block PSMM), which solves the associated
operational and market-clearing optimization problem to determine the decision variables
x(t). The dataset is constructed by generating a sufficiently large number of scenario
descriptors within the admissible space S0. This sampling procedure ensures systematic

https://doi.org/10.3390/en19153607

https://doi.org/10.3390/en19153607


Energies 2026, 19, 3607 16 of 31

coverage of the scenario domain and provides representative input data for surrogate
model development.

It is important to note that, at this stage, knowledge of the true probability distribu-
tions of the scenario parameters is not required. The primary objective is not stochastic
optimization itself, but the construction of a surrogate model capable of approximating the
relationship between decision variables, scenario descriptors, and performance indicators
across the feasible region.

2.7.2. Power System and Market Module

The PSMM constitutes the computational backbone of the strategic planning problem
by enabling the consistent integration of power system operation, market mechanisms, and
expansion decisions within a unified modeling framework. Owing to the significance and
complexity of power system and electricity market planning, problems of this type have
been extensively studied in the literature [1–3,44]. As a result, a wide range of academic
and commercial tools have been developed to support their implementation and analysis,
thereby providing flexibility in selecting a modeling platform that is most suitable for the
objectives and requirements of a particular study.

In the proposed approach, the PSMM block is not tied to a specific modeling platform;
rather, any tool or framework may be employed, provided that it satisfies a set of essential
functional and modeling requirements. Accordingly, the PSMM block must fulfill the
following requirements:

1. Market-consistent operation: The PSMM shall implement the fundamental electricity
market principle by determining operational decisions that maximize social welfare
or minimize total system energy supply costs for each given ahead-of-time system
state, subject to market rules and technical constraints.

2. Comprehensive system representation: The model shall provide an integrated repre-
sentation of the power system structure, including generation units, storage facilities,
and network elements, while accounting for system expansion decisions determined
within the planning problem.

3. Detailed component modeling: Individual system components and network ele-
ments shall be represented with sufficient technical detail to capture their operational
characteristics and constraints.

4. Explicit market design modeling: Electricity market operation rules (e.g., market
clearing mechanisms, pricing schemes, bidding structures) shall be explicitly specified
and consistently implemented.

5. Constraint verification: All relevant technical, operational, and environmental con-
straints must be enforced within the optimization framework.

6. Performance assessment: The PSMM shall estimate market participants’ performance
indicators under specified state-variable conditions using the time-averaging ap-
proach defined in (4).

The selected power system structure determines the set of variables that must either
be forecasted or treated as state and decision variables within the planning framework. In
particular, the system configuration and market design define the relevant state variables
(e.g., demand levels, fuel prices, generation profiles, and policy parameters) as well as the
decision variables (e.g., investment capacities, generation and consumption dispatch levels,
and control policy parameters). Moreover, the selection of performance indicators is jointly
determined by the strategic objectives of the decision-makers and the envisioned system
structure, reflecting assumptions about the future evolution of the power system, which
together define the formulation of the objective function.
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2.7.3. Data Repository and Artificial Neural Network

The samples generated by the Scenario Generator and the Power System and Market
Module (PSMM) are stored and processed in a centralized Dataset Repository DR (see
Figure 3). For each generated scenario, the repository records hourly energy volumes for
all generators and consumers, together with the common market price per unit of energy.
Based on these samples, various performance indicators (Π) can be constructed. In this
study, primary attention is given to approximating the expected values of

(
Π
)

using the
Time-Average Approximation approach presented in (4). By applying the Time-Average
Approximation, the dataset collected by the Dataset Repository from the Power System
and Market Module is preprocessed before surrogate model construction. In particular,
the portion of the dataset used to train the surrogate model is compressed by replacing
year-long time series with aggregated performance indicator values, thereby significantly
reducing data dimensionality and improving its suitability for artificial neural network
training. This reduction significantly decreases the dimensionality of the problem while
preserving the information required for accurate surrogate model construction. The training
dataset is defined as:

D =
{(

xqfk,i
, sqfk,i

, Π
(

x | xqfk,i
, sqfk,i

))}
, k = 1, . . . , K; i = 1, . . . , I, (15)

where K denotes the number of simulated scenario samples generated by the Power System
and Market Module, and I denotes the number of performance indicators Π

(
x | xqfk,i

, sqfk,i

)
representing the interests of different market participants. The sample size K is selected
empirically to balance model accuracy and computational cost; this trade-off is examined
in detail in the Case Study chapter. The resulting formulation supports the generation
of a large number of scenarios, each corresponding to a specific realization of (xqf, sqf).
Collectively, these scenarios constitute the dataset used for ANN training [41,42,45,46]. For
each performance indicator, a separate ANN is trained to approximate the conditional
mapping defined in (11). During ANN training, the inputs are restricted to the scenario
descriptors S0 (see (13) and (14)). Importantly, S0 must be chosen to encompass all plausible
visions of different decision makers, ensuring that the surrogate model is robust across
diverse planning perspectives. As a result, the trained ANNs approximate the mapping
implemented by the PSMM and enable efficient estimation of conditional performance in-
dicators for a wide range of additional user-defined configurations reflecting the individual
preferences and strategic objectives of decision-makers, without repeatedly solving the full
long-term planning and market simulation problem.

The ANN architectures are selected to provide adequate predictive accuracy; however,
the optimization of network structure is beyond the scope of this study. The purpose of the
case study is solely to demonstrate that one of the widely used ANN training algorithms
yields satisfactory results for the considered application. Owing to the extensive literature
on ANN design and training, the reader is referred to [42,45–49] for comprehensive reviews.
Implementation details and the selected ANN configuration are presented in the case study.

2.7.4. User Scenario Descriptor (USD)

The trained ANN enables rapid evaluation of performance indicators (Π) for agent-
defined scenarios, eliminating the need for repeated execution of the detailed Power System
and Market Module.

The User Scenario Descriptor module serves as an interface through which agents de-
fine scenarios by combining structural decision variables with admissible state descriptors.
This formulation enables agents to incorporate heterogeneous information, expectations,
and preferences, thereby reflecting both feasible system configurations and individualized
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strategic perspectives. Consequently, different agents may construct distinct scenario sets
even within the same underlying system representation.

The USD module also supports systematic exploration of the admissible solution
space, facilitating the identification of preferred configurations according to agent-specific
objectives. For each candidate scenario, the corresponding performance indicators are
efficiently estimated using the trained ANN surrogate model.

2.7.5. Decision and Optimization Module (DOM)

The Decision Optimization Module constitutes the final layer of the platform, where
performance indicators are utilized to formulate and solve a range of optimization problems.
Depending on the application, selected performance indicators may be aggregated or
transformed into objective functions representing economic, technical, environmental, or
risk-related criteria.

Within the DOM, agents can exploit their knowledge of the statistical properties of
the underlying variables—such as distributions, correlations, and scenario-dependent
variability—to construct customized objective functions. Owing to the computational
efficiency of the trained surrogate model, optimization procedures that require a large
number of objective function evaluations can be performed efficiently. Furthermore, agents
are free to select appropriate optimization algorithms based on the problem structure,
computational requirements, and decision-making preferences.

The module supports both single- and multi-objective optimization. In multi-objective
settings, customized objective functions may represent a scalarization scheme, weighting
rule, or decision criterion applied to the vector of performance indicators. When these
indicators reflect the interests of multiple agents, game-theoretic solution concepts—such
as the Nash equilibrium or cooperative allocation mechanisms like the Shapley value—can
be incorporated to ensure stable and economically consistent outcomes [50].

The Decision and Optimization Module can be viewed as interacting with the User
Scenario Descriptor to support the exploration of the decision space. Based on the eval-
uation of candidate solutions, it may guide the adjustment of decision variables and the
generation of new scenarios through the USD, forming a conceptual feedback process that
facilitates the identification of agent-specific preferred or near-optimal solutions.

As a result, the DOM facilitates the application of computationally intensive opti-
mization methods, including search-based algorithms [51] that rely on repeated objective
function evaluations. The specific selection, aggregation, and interpretation of performance
indicators remain application-dependent and are therefore addressed in the case study.

3. Case Study and Results
3.1. Description of the Considered Power System

The Baltic power system (BPS) has been chosen as the case study to demonstrate
the proposed approach. The BPS encompasses the union of the Estonian, Latvian and
Lithuanian power systems, with a peak load of approximately 4700 MW [52].

Looking ahead to 2050, a major transformation of the BPS is not only planned but
already well underway [53,54]. High-capacity solar and wind power plants will be devel-
oped, while facilities that produce significant carbon emissions will be phased out. The
structure of the model used in this study is shown in Figure 6.
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Figure 6. The structure of the energy system model.

Depicted structure includes: hydropower plants (HP), pumped storage hydropower
plants (PSHP), solar power plants (SPP), wind power plants (WPP), reserve power plants
for maintaining energy balance (Reserve), combined heat and power plants (CHPP), and
DC and AC interconnections. It incorporates key changes outlined in the National Climate
and Energy plans and long-term energy system development strategies [55].

Let us assume that the list of possible changes can be represented by a number of
scenarios. These scenarios involve a significant increase in power demand and the capacity
of generators. We aim to demonstrate the effectiveness of the proposed approach.

3.2. Operationalization of the Planning Strategy

At the outset of this study, we establish a conceptual vision of the power system under
development and define its structural configuration (see Figure 6). This is followed by the
selection of performance indicators (Π), such as the average annual zonal electricity price, as
well as the quantities and associated costs of energy generated, consumed, and transmitted
by individual market participants or groups of participants. We also define the decision-
makers, decision variables x, and the forecasting and scenario development framework.

We then construct a long-term, time-varying stochastic input process ξ, and define
the corresponding scenario bounds, S0 (see Table 1). The process ξ is derived from high-
resolution (hourly) historical time-series data and extrapolated through 2050. It incorpo-
rates projections of electricity demand, river inflows for hydropower generation, solar
electricity generation, wind power generation, and electricity prices in interconnected
neighboring power systems. A significant increase in energy consumption is projected,
along with the planned expansion of solar and wind farms and the construction of a nuclear
power plant.

Examples of the resulting stochastic processes are presented in Figures 7 and 8. Fur-
ther details and data sources are provided in [56–59]. Future trends are estimated using
appropriate forecasting methods (see [55,60,61] for methodological details), and the re-
sulting components are structured in accordance with (11). All variables are classified
into time-varying and quasi-fixed categories. Each variable is defined within a specified
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existence interval, restricted by its minimum Smin and maximum Smax values (presented
in Table 1). The parameter ranges are defined subjectively and intentionally chosen to
be sufficiently wide to ensure adequate representation of uncertainty. These intervals are
subsequently utilized within a Monte Carlo sampling framework to generate realizations
of S across the prescribed uncertainty space. A more refined specification of these intervals
could be achieved through the application of surrogate modeling techniques.

Figure 7. Centered consumption deviation in the BPS at hourly resolution.

 

Figure 8. Centered WES and SES generation in the BPS at hourly resolution.

Assuming that all scenario descriptors are uniformly and independently distributed
within known limits, samples of their vector components are generated in a multidimen-
sional space. In this study, the most influential descriptor ranges are summarized in
Table 1.
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Table 1. Time-varying (hourly) and quasi-fixed (annual) input variables for scenario generation.

No Variable/Process
Description

Geographic
Scope

Annual Avg
(2025)

Scenarios Range
(2025–2050)
Smin/Smax

Base
Scenario Sources

1 Solar generation, MWh/h LV 120 120/5000 5000 [56]

2 Wind generation, MWh/h LV 250 250/15,000 15,000 [56]

3 Water inflow/hydro, m3/s LV 600 600/600 600 [62]

4 SMR * EE/LV 900 0/1200 600 [63]

5 BPP **, MW LV/EE/LT 522 522 522 [56]

6 PSHP ***, MW LT 1625 1625 1625 [56,64]

7 Reserve PP ****, MW EE/LV/LT 1500 1500 1500 [57,60]

8 Electricity demand, TWh/Y EE/LV/LT 28 28/132 43 [56]

9 Zonal market prices,
EUR/MWh SE/FI/PL 32/31/45

32/135
31/134
45/195

52/51/75 [65]

10 Reserve PP energy price
EUR/MWh SE/FI/PL 200 100/1000 300 [66]

* Small Modular Reactor [63]; ** Bio power plants; *** Pumped-Storage hydropower plants; **** Reserve
power plants.

The Power System and Market Model is executed sequentially on a daily basis over
the entire planning horizon, enabling the representation of cumulative and dynamic effects
arising from operational decisions and system constraints. Based on the resulting market
outcomes, a set of performance indicators, Π(S), is computed, including consumer expen-
ditures, installed and utilized generation capacities, investment volumes, and individual
generation unit revenues. Such models are well-established in the literature [67–70]. In
this paper, we use the tool described in our previous articles [57,59,60,71]. However, the
proposed methodology is not tool-specific and can be implemented using any approach
capable of simulating generation scheduling in power systems with heterogeneous genera-
tion and storage technologies over long-term horizons. Market outcomes are determined
through a linear programming formulation that captures bidding behavior, generation
dispatch, and the market-clearing process. The model emulates the actions of a market
operator by selecting the least-cost generation portfolio subject to system balance and net-
work constraints. Electricity market bids are generated on an hourly basis using forecasted
time series and scenarios throughout the simulation period. Prices in neighboring market
areas (Poland, Finland, Sweden) are assumed to be forecasted with hourly resolution,
and reserve power plants are activated only when required to maintain system balance.
Renewable generators are modeled as price-takers with near-zero marginal production
costs. Consequently, they adopt a bidding strategy aimed at ensuring dispatch rather than
price-setting. For each market interval (e.g., hourly in the day-ahead market), generators
submit bids equal to their forecasted production quantities at prices close to zero. This
reflects their economic incentive to maximize acceptance in market clearing while minimiz-
ing curtailment risk. Hydropower plants are modeled taking into account water inflows
and environmental restrictions [71–74]. Reserve power plants are activated only when
renewable sources and storage cannot fully satisfy demand. The price of reserve energy
is treated as a quasi-constant parameter. Nuclear power plants are modeled as inflexible
baseload units characterized by high fixed costs and low marginal operating costs. Due to
technical and economic constraints (e.g., limited ramping capability and high cycling costs),
they operate at near-constant output levels. Accordingly, nuclear generators submit bids
corresponding to their available capacity at zero (or near-zero) price to ensure continuous
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dispatch. This strategy reflects their preference for stable operation and revenue certainty
over short-term price optimization.

Following the definition of the surrogate mapping in (11), the simulation results gen-
erated for the selected planning scenarios were used to construct the training dataset. To
approximate the resulting nonlinear relationships between scenario descriptors and perfor-
mance indicators, the surrogate function was implemented using a Feed-Forward Neural
Network (FFNN). The ANN was trained using the Levenberg–Marquardt optimization
algorithm, a widely adopted second-order backpropagation method that has demonstrated
fast convergence and high prediction accuracy in power-system applications, including
power-flow analysis and load forecasting [75,76]. The performance of the training was
evaluated using the Mean Squared Error metric, which is a standard approach for assessing
regression accuracy in ANN-based forecasting models. In the task under consideration,
multiple performance indicators Πi may be required, and a separate ANN is constructed for
each indicator. This separation is appropriate because each Πi is typically associated with
a particular decision maker and reflects that agent’s specific objective function, decision
variables, scenario descriptors, and feasibility constraints. Since the planning problem in-
volves multiple decision makers, each with potentially different objectives and constraints,
the corresponding performance indicators may exhibit substantially different functional
dependencies. Once trained, each ANN enables rapid evaluation of the associated perfor-
mance indicator, eliminating the need to repeatedly solve the underlying computationally
intensive optimization problem.

The selected ANN architecture consists of an input layer, two consecutive hidden
layers with 20 neurons each, and a single output layer. This configuration was determined
according to our previously developed methodology [42] and was implemented using the
Matlab 2024a software package.

3.3. Sample Inputs for Planning Task Scenarios

Figure 9 visualizes the distribution of training samples within a three-dimensional
subspace of the complete multi-dimensional input space. Since only three scenario descrip-
tors can be displayed simultaneously, the figure shows one projection of the full dataset.
Each point represents one synthetic planning scenario generated by uniform sampling
within the predefined feasible ranges of the scenario descriptors.

The objective of the sampling procedure is to ensure comprehensive coverage of the
feasible planning space rather than to reproduce the probability distribution of real-world
operating conditions. Consequently, some combinations of scenario descriptors may have
a low probability of occurring in practice; nevertheless, they are intentionally retained
because they improve the interpolation capability and generalization performance of the
ANN surrogate model.

The accuracy of Πi estimation ultimately depends on the quality of information
available to decision makers, as their strategic behavior directly shapes the input data.
Accordingly, the predictive accuracy of the ANN can be enhanced by incorporating scenario
descriptors provided by well-informed decision makers, who construct their optimization
problems based on assumed probability distributions of these descriptors. This integration
enables the model to better reflect realistic expectations and uncertainty perceptions, thereby
improving its explanatory and predictive capability.

3.4. A Representative Subset of Πi Estimates

To demonstrate the practical value of the surrogate model, a limited subset of per-
formance indicators Πi and a 16-dimensional scenario descriptor space were selected for
the case study. A total of 22,000 samples were generated from the descriptor space. The
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number of samples used in the article was determined experimentally. Our goal is to
show that providing market participants with access to a surrogate model enables them to
rapidly solve their own planning tasks. Below, we present a focused set of Πi estimates rel-
evant to key stakeholders, including government bodies (e.g., for import/export analysis),
transmission system operators, large power producers, and prosumers. Even this compact
selection effectively highlights the core challenges associated with a multitude of scenario
descriptors in energy system planning.

Figure 9. Distribution of the generated training samples projected onto a three-dimensional subspace
of the complete multi-dimensional scenario descriptor space. Colors indicate different ranges of
transmission line capacity and are included solely to facilitate visualization; they do not represent
clusters or classifications of the data.

Figures 10–12 illustrate an example of the decision-support information provided by
the proposed ANN-based surrogate model. They represent the type of outputs available to
planners for rapid comparison of alternative development scenarios and are intended to
demonstrate the practical user perspective of the proposed framework.

Figure 10 illustrates two Πi—annual incomes and expenses from export and import—
calculated for ten combinations of SPP and WPP development scenario descriptors (SPP
and WPP installed capacities). The remaining descriptors are taken from the ‘base’ scenario
column in Table 1. It is important to note that this figure does not represent the estimation
of Πi for all possible descriptor combinations. However, such estimations can be readily
obtained by enumerating the combinations of interest to the user.

We assume that import and export costs are of particular interest to high-level eco-
nomic decision makers. Figure 11 shows the annual average import expenditure value as a
function of the SPP and WPP scenario descriptors.

The subsequent diagram illustrates the profits of various types of electricity producers
and expected electricity market price (Figure 12).

It is worth noting that similar estimates can, in principle, be obtained using only the
detailed model.

3.5. Time and Accuracy of Indicator Estimation

This section presents an analysis of the time requirements and accuracy of estimating
performance indicators using a detailed and surrogate model. The results obtained using
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computer with parameters as follows: CPU: Intel i7-4770K (3.50 GHz, four cores), RAM:
32 GB DDR3, and GPU NVIDIA GeForce GT 630 RAM: 2 GB.

The total computation time for preparing dataset DS depends on the number of
samples. Each sample requires an individual run of the detailed model. One sample
calculation time is about 70 s. In that way the total procedure for 20,000 samples takes
around 1,400,000 s or 16 days.

An important question arises regarding the number of samples required to ensure
accurate approximation by the surrogate model. To address this, numerical experiments
were conducted in which an artificial neural network was trained using different numbers
of samples. The model’s accuracy was then evaluated using the Mean Absolute Percentage
Error (MAPE), calculated for the annual average energy price predicted by the surrogate
model relative to the corresponding value obtained from the detailed model. The results
are presented in Figures 13 and 14.

 

Figure 10. Annual electricity import expenses and export revenues as a function of installed renewable
generation capacity.

Figure 11. Annual electricity import expenses across different combinations of SPP and WPP in-
stalled capacities.
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Figure 12. Relationship between profit and average annual electricity price and the reserve en-
ergy price.

 

Figure 13. Accuracy of the annual average energy price predicted by the surrogate model as a
function of the number of samples.

Figure 13 indicates that training the surrogate model with 2000–3000 samples is suffi-
cient for the cases considered, as the MAPE for the annual average energy price stabilizes
and shows no significant improvement when additional training samples are used.

3.6. Model Accuracy and Computation Time

The accuracy of the surrogate model was evaluated by comparing its predictions
with the outputs of the detailed model using a separate validation dataset that was not
employed during the ANN training phase. Figure 14 illustrates the distribution of MAPE
values obtained during the final electricity price verification of the surrogate model against
the detailed model. In 73% of the validation cases, the MAPE lies within the range of 0–1%,
while the overall procedure results in an average inaccuracy of 1.27%.

A Feed-Forward Neural Network was used for this purpose, with each network taking
approximately 0.005 s to train. This one-time computational effort enables fast estimations
for new scenarios. The result indicates that the training process requires significantly
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less time compared to the dataset preparation and has a negligible impact on the overall
computational cost.

After training, the surrogate model was used to estimate performance indicators for
new input scenarios. The average computation time per estimation was less than one
second, demonstrating the efficiency of the approach compared to the detailed model,
which required approximately 70 s per run.

Figure 14. Error Distribution in Average Market Price Estimation.

4. Discussion
This study develops a surrogate-modelling framework for strategic power-system

planning in which Artificial Neural Networks are trained on datasets generated by detailed
power-system and market simulations. The surrogate model is then used to approximate
profitability and system performance metrics across a large set of long-term development
scenarios, thereby reducing reliance on repeated high-resolution operational simulations.

The results indicate that, for the cases examined in this study, the trained ANN surro-
gate model reproduces the outputs of the detailed model with an average approximation
error below 1.5%. This level of accuracy is specific to the investigated multi-country
case study and PSMM configuration and may differ for alternative system configurations,
datasets, or modelling assumptions. In computational terms, the evaluation time per
scenario decreases from tens of seconds to below one second, which materially expands
the feasible scope of scenario enumeration and sensitivity analysis. This acceleration is
particularly relevant for planning problems characterized by high-dimensional uncertainty
and combinatorial design spaces (e.g., technology portfolios, interconnection capacities,
and policy constraints).

In the Baltic power system case study, the surrogate model captures key structural
dependencies linking generation expansion, cross-border exchanges, and market price
formation. This suggests that the learning procedure preserves the dominant input–output
relationships embedded in the underlying operational and market logic, supporting its use
in multi-decade transition assessments where numerous candidate configurations must be
compared consistently.

Methodologically, the main contribution is the integration of an explicit profit (or cost)
estimation layer into long-term planning workflows, designed to reflect the influence of
short-term operational behavior on long-term economic outcomes. By combining model
decomposition with surrogate modelling, the framework embeds the effect of operational
optimization within strategic evaluation without requiring full high-resolution dispatch
simulation for each scenario.
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A deliberate simplification is the use of aggregated annual performances indicators
rather than full temporal operational trajectories. While this choice reduces the representa-
tion of short-term variability and extreme events at the strategic screening stage, it enables
scalable analysis and is defensible when the primary objective is comparative evaluation of
many structural alternatives. Nevertheless, this modelling choice implies that additional
verification with temporally resolved simulations may be required for shortlisted scenar-
ios, especially where adequacy, congestion, or scarcity pricing in rare hours materially
affects conclusions.

Although the empirical demonstration focuses on a relatively small power system, the
test set includes substantial structural changes and a diverse set of technologies (generation,
storage, and cross-border options). This provides initial evidence that the approach is not
restricted to incremental modifications. Its modular structure and computational efficiency
make it transferable to larger and more complex systems, provided that the training data
sufficiently covers the relevant operating regimes and that validation is repeated under
expanded conditions.

5. Conclusions
An ANN-based surrogate model can be used as an effective approximation layer

for long-term power-system planning when trained on outputs from detailed power-
system and market simulations. In the demonstrated application, the surrogate achieves
an average approximation error below 1.5% while reducing per-scenario evaluation time
from tens of seconds to less than one second, enabling extensive scenario exploration and
uncertainty analysis.

The proposed framework enhances strategic planning by accounting for short-term
operational behavior in long-term economic assessment without executing high-resolution
dispatch for every scenario. The approach is therefore suitable as an optimization-ready
screening tool and a decision-support component for planners, regulators, and researchers,
with the proviso that temporally resolved verification remains important for final design
selection, particularly under conditions of high variability in electricity prices, demand,
and renewable generation.
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