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Preface

The integration of cyber and physical infrastructures has advanced the digital and low-carbon

evolution of modern energy systems, enabling the development of resilient grids with high renewable

penetration. Artificial intelligence (AI) has become a fundamental enabler to address critical challenges

including stochastic system operation, potential safety risks, cybersecurity vulnerabilities, and

computational limitations in conventional energy planning and simulation. AI techniques support

full-cycle optimization in system planning, operational regulation, real-time monitoring, and market

trading, facilitating autonomous intelligent decision-making for modern power grids. However,

unresolved issues in power system planning, resilient fault control, and uncertainty modeling still

hinder the large-scale deployment of intelligent energy technologies. This Reprint aims to fill these

research gaps by compiling novel original studies and systematic reviews on state-of-the-art AI

innovations for cyber–physical energy systems.

This Reprint comprises seven original research articles and two review papers, forming a

complete technical framework covering risk assessment, wide-area monitoring, distribution network

optimization, scenario generation, energy forecasting, privacy protection, high-performance simulation,

and industrial implementation. All selected studies target key technical bottlenecks in smart energy

systems, including hidden risk detection, limitations of traditional monitoring architectures, planning

uncertainties induced by renewable integration, data privacy constraints in distributed energy systems,

and intensive computational demands in power system simulation.

It is with profound sorrow that Guest Editor Dr. Stefanie Kuenzel passed away in July 2026.

Dr. Kuenzel devoted tremendous effort and professional expertise throughout the compilation of

this Reprint. We dedicate this Reprint in loving memory of her invaluable dedication, profound

academic insights, and outstanding contributions to this collection and the broader field of intelligent

cyber–physical energy systems.

The guest editors would like to acknowledge all authors for their valuable contributions. Gratitude

is extended to anonymous reviewers for their constructive and timely comments, which have

substantially improved the quality of this Reprint. Sincere thanks are also given to the editorial

team of Energies for their professional support throughout the publication process. It is hoped that this

Reprint can promote academic exchanges and technical innovation in AI-driven cyber–physical energy

systems, and accelerate the development of efficient, secure, and sustainable modern energy systems.

Stefanie Kuenzel and Xiao-Yu Zhang

Guest Editors
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Editorial

Special Issue “AI Facilitated Cyber–Physical Energy
Systems—Planning, Operation, and Markets”

Stefanie Kuenzel 1,* and Xiao-Yu Zhang 2,*

1 Department of Electronic Engineering, Royal Holloway, University of London, London TW20 0EX, UK
2 School of Artificial Intelligence, Anhui University, Hefei 230601, China
* Correspondence: stefanie.kuenzel@rhul.ac.uk (S.K.); zhangxiaoyu@ahu.edu.cn (X.-Y.Z.)

AI technologies are rapidly becoming a foundational enabler for modern cy-
ber–physical energy systems, supporting more efficient planning, safer and more flexible
operation, stronger cybersecurity, and more dynamic energy markets. Together, these ad-
vances lay the groundwork for next-generation smart grids characterized by high renewable
penetration, real-time situational awareness, and closed-loop intelligent decision-making.
This Special Issue collects seven original research articles and two comprehensive review ar-
ticles that together cover the full pipeline of AI-driven innovation in cyber–physical energy
systems, from risk mining and wide-area monitoring to distribution network planning,
scenario generation, energy forecasting, and quantum-enhanced simulation.

The first paper in this Special Issue is a novel data mining approach for accident factor
analysis in intelligent energy systems by Li et al. (Contribution 1). Focused on unstructured
power accident text records, the authors propose a Sparse Coefficient Optimized Weighted
FP-Growth (SCO-WFP) algorithm that combines Word2Vec semantic embedding, K-means
clustering, cosine similarity weighting, and sparse factor enhancement. The method
improves the detection of low-frequency but high-impact risk factors and ranks their
importance relative to accident severity. The results offer strong support for safety early
warning and risk prevention in smart grid operations.

The review paper by Ogbogu et al. (Contribution 2) provides a comprehensive
overview of wide-area measurement systems (WAMS) and phasor measurement unit
(PMU) technologies for smart grid fault mitigation and cybersecurity. The work compares
WAMS with traditional SCADA systems, outlines system architectures, optimal PMU
placement, communication frameworks, and AI-enhanced fault detection. It also addresses
challenges in developing economies, aging infrastructure, and cyber–physical system (CPS)
resilience, offering a clear roadmap for future deployment and research.

Next, a technical contribution on distribution network planning is presented by
Ma et al. (Contribution 3). To handle the uncertainty and complexity introduced by
distributed photovoltaics and wind generation, the authors develop a deep reinforcement
learning (DRL) framework based on the Proximal Policy Optimization (PPO) algorithm.
By modeling network planning as a Markov decision process with multi-objective rewards
including investment cost, voltage deviation, and renewable accommodation, the method
automatically generates optimal network topologies. When compared with heuristic
approaches, the proposed solution achieves lower costs, higher renewable integration,
and greater computational efficiency.

Another important contribution addressing uncertainty in energy systems is presented
by Ma et al. (Contribution 4). The authors propose a multi-time-scale scenario generation
method using a Temporal Generative Adversarial Network (TGAN) enhanced with multi-
head attention and temporal convolutional networks. The model captures spatiotemporal

Energies 2026, 19, 3192 https://doi.org/10.3390/en19133192
1



Energies 2026, 19, 3192

correlations in source–load behaviors and generates realistic daily, weekly, and monthly
scenarios. By combining Markov chain state transitions and conditional GAN generation,
the approach improves scenario fidelity and supports robust long-term distribution network
planning and operation analysis.

A privacy-preserving solution for distributed photovoltaic power prediction is in-
troduced by Luo et al. (Contribution 5). Motivated by the non-IID data characteristics
and privacy constraints in distributed PV systems, the authors propose a Personalized
Federated Multi-Task Learning (PFL) framework combined with an improved CBAM-iTCN
predictor. The approach keeps raw data local while enabling collaborative model training,
and the attention-augmented temporal convolution network extracts key meteorological
and power features more effectively. Experiments show substantial reductions in MAE,
RMSE, and MAPE compared with centralized and conventional federated learning models.

Soltaninia and Zhan (Contribution 6) explore an emerging frontier in power sys-
tem simulation—quantum computing. This work introduces quantum neural networks
(QNNs) to solve the high-dimensional differential-algebraic equations involved in power
system transient simulation. By designing sinusoidal-friendly and polynomial-friendly
QNN architectures, the authors achieve more efficient approximation of dynamic sys-
tem responses with fewer parameters than classical physics-informed neural networks.
The results demonstrate the promising potential of quantum computing to accelerate
computationally demanding tasks in future cyber–physical energy systems.

Turning to wind energy forecasting, Xu et al. (Contribution 7) present a novel wind
power forecasting framework based on multi-graph neural networks considering external
disturbances. Termed GCN-EIF, the model decouples inherent wind power patterns from
external interference factors (EIFs) using a dual graph structure (geographic proximity
and power correlation) and attention-enhanced LSTM. By removing disturbances during
training and reintroducing predicted external factors at forecasting stage, the method
reduces RMSE by 18.99% and MAE by 5.08% over state-of-the-art methods, with strong
real-time performance for industrial applications.

The eighth paper provides a systematic review by Saldaña-González et al. (Contribution 8)
on active distribution network (ADN) planning and generative AI applications. The work
classifies core planning elements including time horizons, objectives, decision variables,
uncertainty modeling, and optimal power flow formulations. It further reviews GANs,
diffusion models, VAEs, flow-based models, and large language models for scenario
generation, uncertainty quantification, and decision support, offering a unified view for
future AI-driven distribution planning.

Closing this Special Issue, Ji et al. (Contribution 9) propose an integrated energy
management strategy for fuel cell hybrid-powered unmanned aerial vehicles (UAVs) based
on optimal path planning. Using CFD-simulated urban wind fields and LSTM power
prediction, a hybrid A*-ACO algorithm generates energy-efficient flight trajectories. A Deep
Q-Learning (DQN) controller then optimizes power allocation between fuel cell and battery
to reduce hydrogen consumption and suppress power fluctuations.

Together, the papers included in this Special Issue advance the state of the art in AI for
cyber–physical energy systems across planning, operation, monitoring, forecasting, security,
and computation. The collection combines rigorous methodological innovation, extensive
experimental validation, and clear practical relevance, making it a valuable reference
for researchers and engineers working toward smarter, more resilient, and sustainable
power grids.

As guest editors, we would like to express our sincere gratitude to all authors for their
high-quality contributions, the reviewers for their constructive and timely feedback, and the
editorial team of Energies for their professional support throughout the publication process.
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Review of Active Distribution Network Planning: Elements in
Optimization Models and Generative AI Applications

Antonio E. Saldaña-González *, Mònica Aragüés-Peñalba, Vinicius Gadelha and Andreas Sumper

Centre d’Innovació Tecnològica en Convertidors Estàtics i Accionaments (CITCEA-UPC),
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Abstract

Active distribution networks (ADNs) are rapidly evolving with the integration of dis-
tributed energy resources, flexible loads, and energy storage systems. Traditional planning
methods, based on passive upgrades and worst-case scenarios, are no longer adequate
for high DER penetration and dynamic system behavior. This review highlights the key
evolution needs that will drive the evolution towards a more dynamic and optimized active
distribution planning. Furthermore, this work reviews the core elements in ADN planning,
covering time horizons, objectives, decision variables, uncertainty approaches, and optimal
power flow formulations. This work also reviews recent generative AI models applied to
active distribution networks, presenting a structured classification and definitions of each
generative AI category.

Keywords: active distribution network planning; generative AI applications; optimization
elements; traditional decision variables; flexible sources; emerging assets

1. Introduction

Active distribution networks represent an evolution of traditional distribution net-
works. The key factors are driven by the increasing integration of distributed energy
resources (DERs), including energy storage systems (ESS), electric vehicles (EVs), and de-
mand response mechanisms [1]. This evolution is driven by the global need for decar-
bonization. The efforts to reduce climate change through DERs offer benefits such as
reduced power losses, minimized fuel costs, and lower greenhouse gas emissions.

Traditional distribution systems, characterized by unidirectional power flows and
centralized control, are increasingly strained by the variability of renewable sources and
fluctuating loads, necessitating flexible, bidirectional operations in ADNs [2]. The rising
EV adoption and the need for reliable infrastructure in the face of demand growth and
intermittency from sources such as solar PV and wind underscore the relevance of ADN
planning in enabling sustainable, cost-effective grid modernization.

Existing literature on distribution system planning has primarily focused on traditional
approaches, emphasizing passive infrastructure upgrades, single-objective optimizations,
and deterministic models under worst-case scenarios [3]. Key frameworks include linear
programming for basic expansion planning and mixed-integer models for asset sizing
and placement, often addressing isolated elements such as substation upgrades or feeder
reinforcements. Recent studies have begun incorporating DER integration and active

Energies 2026, 19, 116 https://doi.org/10.3390/en19010116
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management schemes, such as optimal power flow (OPF) formulations and stochastic opti-
mization, to handle uncertainties in generation and demand. Dominant paradigms involve
multi-stage planning horizons and bi-level optimizations for coordinating transmission and
distribution networks. While several studies have explored DER integration or OPF tech-
niques, they often address isolated aspects without a unified planning framework. Figure 1
illustrates the transition from traditional distribution network planning—characterized
by passive actions, a “fit and forget” scheme, and worst-case scenarios to active plan-
ning, which emphasizes DER integration, flexibility utilization, and dynamic optimization.
Shared aims include objectives, time horizons, network constraints, and investment con-
straints, while evolution needs encompass AC-OPF formulations, new asset modeling,
and uncertainty management. Despite advancements, the literature falls short in providing
holistic frameworks that integrate time horizons, decision variables, and constraints across
low- and medium-voltage (LV/MV) contexts, particularly under high DER penetration
and uncertainties such as load forecast errors, EV charging variability, and cyber threats [4].
Traditional planning’s reliance on passive strategies, rigid design rules, and worst-case
assumptions limits adaptability to real-time flexibility and dynamic optimization [5]. Few
reviews provide a comprehensive view of the evolving needs and new trends in the ap-
plication of AI to power system planning. In this work, beyond focusing on the emerging
elements in the formulation of the ADN planning problem, the main novelty lies in the
potential application of generative AI models in the decision-making processes of operation
and planning.

Table 1 highlights the key characteristics between passive and active distribution
networks. Passive networks operate with unidirectional power flow, limited monitoring,
and rely almost exclusively on infrastructure upgrades to solve constraints. In contrast,
ADN uses bidirectional flows, near real-time control, and monitoring, and the use of
flexibility from demand response, EVs, storage, and DERs.

Table 1. Key characteristics of passive and active distribution networks.

Characteristic Passive Distribution Network Active Distribution Network

Power flow direction Unidirectional Bidirectional

Control and monitoring Limited, mostly manual Near real-time control

Flexibility sources Almost none Demand response, EVs, storage, DERs

Voltage and congestion control Network reinforcement DERs, storage, reactive power control

Investment driver Infrastructure upgrades Flexibility + selective reinforcement

System role Passive Active system participant

This literature review aims to define the common key elements of passive and active
distribution system planning while identifying unresolved challenges and trends in the
transition to ADNs. Furthermore, this work provides an overview of generative AI (GenAI)
applications for enhancing the operation and planning of distribution networks. The main
contributions of this literature review are:

1. A comprehensive review of key concepts in passive and active distribution sys-
tem planning, covering time horizons, objectives, decision variables, and technical
constraints. This is supplemented by a comparison of different OPF formulations,
uncertainty techniques, and flexible planning tools.

2. A structured review and categorization of generative AI models for power systems,
with emphasis on scenario generation, uncertainty modeling, optimization, and deci-
sion support, and a focused analysis of their application to planning in ADNs.

https://doi.org/10.3390/en19010116
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Figure 1. Evolution needs for active distribution network system planning.

2. Elements of the Distribution Network Planning Problem

Formulating a distribution network planning problem means translating complex
real-world engineering and economic challenges into a structured, solvable mathematical
model. The architectural integrity of this model depends entirely on the precise definition of
its fundamental elements. These elements, which include the planning horizon, objectives,
decision variables, constraints, and uncertainty, collectively define the problem’s real
applicability. Figure 2 shows a summary of the ADN planning elements that this review
target. The specific choices made for each component are not trivial; they dictate the
model’s mathematical structure and the robustness of the resulting plan. The following
subsections provide an examination of each of these elements.

Figure 2. Summary of active distribution network elements and solutions approaches.

The following review employed a systematic search for this review on distribution net-
work planning optimization elements and generative AI applications. The databases IEEE
Xplore, Scopus, Web of Science, ScienceDirect, and Google Scholar were searched mainly
from 2020–2025 using structured boolean keywords. Following PRISMA guidelines, about
500 records were initially identified and refined to 104 relevant references after screening,
prioritizing simulation-based studies while excluding non-peer-reviewed sources.

https://doi.org/10.3390/en19010116
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2.1. Planning Horizons

Planning horizons in power systems can be classified by duration, reflecting different
technical and economic considerations. Table 2 shows the time horizons, aims, and plan-
ning actions.

Table 2. Planning horizons.

Planning Horizon Aim Actions

Short-Term 1 to 4 years Expansion planning for immediate or near-
term needs, operational improvements.

Conductor sizes, number of feeders, trans-
former sizes, and locations.

Long-Term 5 to 20 years Developing infrastructure to meet future de-
mand, aligning with medium-term goals.

System design standards, primary and sec-
ondary voltage classes, feeder configurations.

Horizon-Year 20+ years Strategic, cost-effective infrastructure design
to meet long-term consumer needs.

Comprehensive system design, integrating pri-
mary and secondary systems.

Short-term planning addresses immediate grid expansion to accommodate new de-
mands. The system expansions include: upgrading feeders, transformers, and conductors
to support new connections, such as electric vehicle charging stations. The integration
of EV charging infrastructure often leads to multiple connection requests that must be
addressed within months, necessitating rapid deployment of capacity. Some recent studies
have adopted hybrid planning strategies that integrate traditional and flexible approaches
to determine the optimal investment decisions for the next five years [6,7]. This combined
perspective enables a more adaptive and cost-effective planning process capable of address-
ing increasing uncertainty in demand and generation patterns. The Nordic report in [8]
highlights the role of short-term flexibility markets in providing immediate solutions for
short term planning expansions. The use of distributed flexibility solutions, such as local
batteries or demand response systems, can mitigate congestion and manage peak loads.

Long-term planning aims to reinforce the electric power infrastructure based on
demand growth over the next 5 to 20 years. This horizon focuses on minimizing total
investment costs, including the installation of new assets. Some of the reinforcements
include the replacement of underground cables, the replacement of substations, and the
deployment of energy storage to manage renewable energy integration and demand growth.
The latter has yet to be regulated by DSOs in some countries. In [8] a Finnish project used
battery energy storage in long-term investment applications to support reliability and
energy markets, thus achieving sustainable grid modernization.

Horizon Year Planning focuses on strategic system design to meet energy needs
for time horizons of more than 20 years. For such a long horizon, it is necessary to
integrate and coordinate all primary and secondary systems to ensure seamless scalability
and flexibility. Uncertainty is very high, and it is necessary to consider solutions that
are prepared for widespread electrification, demographic and climate changes, and the
integration of technologies aligned with future projections.

2.2. Planning Objectives

The planning objectives for distribution systems can be classified into economic, tech-
nical, and environmental objectives. Table 3 shows common planning objectives. The min-
imization of total investment costs is the most common objective in active distribution
planning modeling [9]. The maximization of hosting capacity with a fixed budget and
the maximization of net profit by effectively managing resources are also increasing in
importance due to the need to integrate electric vehicles into the network.

https://doi.org/10.3390/en19010116
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Table 3. Planning objectives of distribution network models.

Category Objective and Description

Economic [7,10–12]

1. Minimization of CAPEX and OPEX: Optimizing resources to reduce both initial investment
and ongoing operational costs.

2. Maximization of assets capacity with fixed TOTEX: Increasing the ability of the asset capacity
in the network to integrate DERs, EVs or load growth within a fixed TOTEX.

3. Maximization of net profit value: Enhancing revenue and profitability by effectively managing
flexible resources.

Technical [13–16]

1. Maximization of system reliability: Ensuring consistent power delivery by minimizing system
outages and enhancing redundancy.

2. Improvement of voltage deviation: Stabilizing voltage levels across the network to meet
power quality standards and reduce flicker or voltage violations.

3. Minimization of network losses: Reducing energy losses in the network to improve
overall efficiency.

Environmental [17–20]

1. Minimization of carbon emissions: Reducing the carbon footprint of the network by integrat-
ing clean energy sources and improving energy efficiency.

2. Maximization of renewable DG penetration: Increasing the share of renewables like solar and
wind in the energy mix.

3. Maximization of EV charging stations: Supporting the adoption of electric vehicles by strate-
gically placing charging infrastructure, which can also enhance renewable integration.

The objective functions can be single-objective, multi-objective, or bi-level, depend-
ing on the problem. Most multi-objective planning models consider weighted coefficient
methods and Pareto-based methods. The weighted coefficient method aims to transform
a multi-objective problem into a single-objective model by using different weighting ap-
proaches. Examples include user-defined fixed weights, the analytic hierarchy process,
stochastic weights, fuzzy mathematical methods, and bargaining functions. On the other
hand, the Pareto-based method generates a Pareto-optimal frontier by means of a non-
dominated ranking algorithm to evaluate possible solutions. A key advantage of this
method is that all objectives can be taken into account with equal attention and a reason-
able set of optimal solutions can be provided to decision-makers. For this reason, this
method is often preferred. However, it requires more computational time compared with
the weighted coefficient method.

2.3. Decision Variables

In this subsection, a review of traditional and flexible or active planning decision vari-
ables is conducted. The most used decision variables for planning are shown in Figure 3.
Furthermore, Table 4 summarizes the main decision variables considered in distribution
network planning models. These variables define the elements subject to optimization
when expanding, reinforcing, or modernizing the network. They include the locations
and sizes of substations and feeders, which determine network topology, load distribution,
and expansion capacity; the placement of reserve feeders and interconnection switches,
which enhance reliability and flexibility during contingencies; and the integration of renew-
able distributed generation, energy storage systems, and electric vehicle charging stations,
which support flexibility, stability, and decarbonization objectives. Additionally, the loca-
tions and sizes of voltage control devices play a critical role in maintaining voltage stability
and regulatory compliance, particularly under high renewable penetration scenarios.
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Table 4. Decision variables for distribution network planning.

Decision Variable Description

Locations and sizes of new substations Optimizes voltage regulation and load distribution. Supports
network expansion and enhances reliability [21–25].

Upgrade of existing substations for reinforcement Upgrades ensure the capacity to handle increased demand [23–25].

Locations and sizes of new feeders Expands network capacity and reduces the load on existing feeders.
Placement optimized using GIS and power flow analyses [23–26].

Upgrade of existing feeders for reinforcement Prevents overloads as demand grows. Employs sensitivity analysis
and cost-benefit analysis [24].

Locations of reserve feeders and interconnection switches Provides flexibility for re-routing power during contingencies.
Enhances system reliability and resilience [24].

Locations, sizes, and types of renewable distributed
generations

Manages demand fluctuations, providing operational flexibility.
Placement optimized for stability and efficiency [23,24].

Locations of new EV charging stations Strategically placed to prevent local network strain. Supports
efficient load balancing with increasing EV adoption [27].

Locations, sizes, and types of ESS Stabilizes load by storing excess energy. Assists in peak shaving and
integration of renewable sources.

Locations and sizes of voltage control devices Maintains stable voltage levels in high DER penetration areas.
Essential for voltage stability and regulatory compliance.

Figure 3. Traditional and flexible planning strategies in distribution networks planning.

2.3.1. Traditional Planning Strategies

Traditional distribution system planning strategies mainly involve upgrading existing
infrastructure and adding new infrastructure. However, these approaches focus on adding
infrastructure or enhancing existing components rather than adopting dynamic, real-time
strategies. Figure 4 shows the upgrade of existing substations that address a critical
overload at a secondary substation. This solution involves increasing the capacity of the
existing substation, which also involves improving cooling systems. This strategy has the
advantage of reinforcing the existing infrastructure without expanding the network, which
can be more cost-effective and efficient for areas with space or environmental constraints.
Another traditional distribution planning action to deal with capacity overloads in the
existing infrastructure is to add new substations to redistribute the load. As shown in
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Figure 5, the system experiences a critical overload at a secondary substation connected
to the external grid. When this occurs, a new secondary substation is added near the
overloaded area, and some of this load is transferred from the existing substation to the
new substation. This strategy is simple and effective in relieving immediate overload
issues, is primarily reactive and requires continual infrastructure expansion by adding
more substations as the demand increases to prevent future overloads. However, this
approach may lead to a fragmented infrastructure and rising maintenance costs in the
long term.

Figure 4. Upgrade of secondary substation.

Figure 5. New secondary substation.

Figure 6 shows the feeder upgrade solution in red, which aims to increase the cross-
sectional area for all overloaded branches. The increased feeder capacity allows for larger
connected loads, which reduces the risk of outages, losses or voltage drops. Another
planning action that addresses feeder overload conditions is adding a new feeder to
support the existing infrastructure. As shown in Figure 7, when the main sections of the
feeders experience overloads due to high demand from downstream loads, a new feeder is
installed to divert a portion of this load. This feeder runs parallel to the existing network to
alleviate the stress on the overloaded section of the original feeder, enhancing reliability
and preventing potential failures. Lastly, the transformer tap adjustment is primarily used
for voltage control, typically over seasonal or short-term planning horizons. In practice,
during peak load periods, the tap is set to a higher position to boost downstream voltage
and prevent undervoltage violations. During light-load periods or with reverse power flow
from PVs, the tap is lowered to avoid overvoltage at the feeder ends.

Figure 6. Upgrade of feeder.

Figure 7. New feeder.
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2.3.2. Flexible Planning Strategies

The flexibility in active distribution networks aims to increase the adaptability and
responsiveness of the grid to manage the variable generation and demand. Table 5 compares
the utilization of flexible sources and their impacts in active distribution networks.

Table 5. Overview of flexible sources in active distribution networks.

Flexible Source Impact Considerations

PV Generation Voltage rise, reverse power flow
under low load

Hosting capacity analysis, inverter-
based voltage regulation, local control
schemes

ESS Peak shaving, arbitrage, reliabil-
ity enhancement

Optimal siting/sizing, cost-benefit
trade-offs, multi-period dispatch

EVCS and V2G Rapid changes in load demand,
potential feeder overload

EVCS siting, flexible charging strate-
gies (time-of-use, V2G)

Demand Response Demand shifting, improved load
factor Tariff and load control schemes

The solar PV integration is typically used for local voltage regulation, but it can also be
triggered as a problem when generation exceeds local demand. However, modern inverters
are able to control the reactive power to help mitigate these impacts. Wu et al. [28] address
the challenges of long-term uncertainties and fluctuating load demand by considering
flexible and dynamic strategies such as AC/DC feeders, voltage source converters for re-
newables, and static var generators. Electric vehicles present significant flexibility potential
due to their ability to store energy in their batteries and the stationary nature of being
parked more than 90% of the time. Vehicle-to-grid (V2G) technology enables the EV to
inject stored energy from the battery into the grid. Proper charger siting and scheduling
can unlock flexibility while minimizing distribution constraints. Ref. [29] demonstrates
the economic value of EV flexibility in reducing peak demand levels and absorbing wind
generation variability, and reveals that this value is enhanced with increasing electrification
of the transport sector and increasing wind generation capacity. This work considered
flexible EVs as a decision variable, and the V2G injections were optimally scheduled on the
operational timescale.

Demand response initiatives reduce or shift load to off-peak periods. This flexible
approach can be more cost-effective than major infrastructure upgrades in certain scenarios.
Through the use of dynamic tariffs, incentives, or load control programs, demand response
helps to avoid peak demand overloads and postpone high infrastructure investments.
On the other hand, battery storage systems enable peak load shaving and efficient energy
management. By storing excess energy during off-peak periods and releasing it during
peak periods, this flexible source smooths load profiles and reduces stress on the grid.
This is especially important in distribution networks with high levels of renewable energy.
Ref. [30] proposed a flexible and stochastic coordinated planning model that uses different
flexible sources, such as energy storage systems and demand response. This work also
considers different uncertainties related to the loads, wind farms, and energy prices based
on Monte Carlo simulations.

Figure 8 shows a new battery installation to address the critical overload at a sec-
ondary substation. The battery is optimally sized and placed to reduce the peak demands
associated with the simultaneous charging of fast EV charging stations. The battery charg-
ing/discharging schedule permits avoiding overload in peak hours and charging the
battery during low-demand hours. This planning strategy permits preventing the need
for infrastructure upgrades. Another flexible planning alternative is shown in Figure 9.
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This graphical example shows how demand-side flexibility using dynamic tariffs can be
coordinated with distributed energy resources.

Figure 8. New Battery Installation for EVCS Peak Shaving.

Figure 9. Demand-side flexibility.

2.4. Planning Constraints

The constraints are conditions that limit the solution space to obtain the optimal
solution of the objective function. The number of constraints in distribution network
planning models depends on the decision variables and scope of the problem. Table 6
shows four different groups of planning constraints and a representative constraints for
each group. The groups are the following: technical constraints, non-technical constraints,
time and investment constraints [3,31].

Table 6. Distribution network constraints.

Category Constraints

Technical
Power balance equations, voltage magnitude, voltage angle,
feeder/substation thermal limits, Battery state of charge limits, PV
generation power, N-1 criterion.

Non-Technical Location of assets, capacity of assets, quantity of assets per location.

Time and Investment Capital expenditure, operational expenditure, static and dynamic states.

The most common constraints are related to technical constraints, including the bus
voltage limits for nodes and buses, the power balance equations given by the Kirchoffs
laws, the branch current flow constraints, thermal limits of the lines/substations, and the
radiality of the distribution network [32–35]. Secondly, the non-technical constraints
are limitations or requirements related to the practical aspects of distribution network
planning. These include the logistical, environmental, allocation, quantity and capacity
of transformers, feeders, substations, and circuit breakers, which must be optimized for
efficient expansion [36,37]. Thirdly, the investment constraints involve budget limitations,
purchased power restrictions, and fuel costs, which must be managed to minimize overall
expenses. Also, the time constraints ensure operational stability by setting minimum
periods for which a unit must remain on or off before changes in its operational state can
occur, addressing scheduling and uncertainty considerations [32,38].

Lastly, the miscellaneous constraints consider the use of a single type of cable or
transformer, distributed generation capacity and penetration level, and ramp rate lim-
its for active and reactive power. They also address spatial area constraints, ensuring
enough space for future equipment like transformers, and the reuse or removal of existing
infrastructure [36,39].
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2.5. Type of Planning Variables

In optimal power flow (OPF) planning problems, understanding the types of variables
involved is essential for problem formulation, computational efficiency, and the selection of
solution techniques. Variables are typically classified into two categories: binary and con-
tinuous. This classification is based on their mathematical nature and role in representing
different aspects of investment planning.

Table 7 shows the standard variables used in OPF planning problems. Binary variables
represent decisions that involve only two states, such as whether to upgrade an existing
asset, install a new asset, or activate a flexible asset. These variables are crucial for modeling
investment choices that require a yes-or-no decision framework. Continuous variables
represent quantities that can vary within a range of values, such as power losses, distributed
generation injected power, branch power flow, bus voltage magnitudes, among others.
These variables are critical for modeling the physical and operational behavior of the
system, as well as for achieving efficiency and reliability in the network. By categorizing
these variables, the figure highlights the diverse nature of the data and decisions involved in
OPF planning. This structured approach facilitates the integration of technical, operational,
and economic factors into the problem formulation.

Table 7. Types of planning variables.

Variable Type Description

Binary

Installation of new secondary substations, upgrade of secondary
substation capacity, installation of new ESS, installation of PV systems,
installation of controlled EVCS, installation of parallel feeders, upgrade of
feeder capacity, among others.

Continuous
Battery state of charge, substation power injection, voltage magnitude,
voltage angle, branch power flow, generation power injection, load
shedding, among others.

2.6. Uncertainty Modelling Techniques

This section reviews techniques for representing uncertainty in the planning of active
distribution networks. Adequate planning of active distribution networks requires con-
sideration of modeling uncertainty in their input parameters. Renewable generation, load,
and EV charging, exhibit significant variability in magnitude, timing, and location [40,41].

The classification of uncertainty modelling techniques is shown in Table 8. At a high
level, these can be divided into numerical and analytical approaches. Numerical methods
often use Monte Carlo (MC) simulation, in which uncertain parameters are randomly
sampled to generate a range of possible scenarios. Some MC simulation variants include
sequential, pseudo-sequential, and non-sequential approaches. While these methods accu-
rately capture complex stochastic behavior, they are computationally intensive. In contrast,
analytical methods approximate probability distributions for faster evaluation. Examples
include linearized expansions (e.g., Taylor series), point estimation techniques, cumulant-
based approaches (balancing accuracy and efficiency), and unscented transformations used
in active distribution network studies. Probabilistic methods assume that uncertainties,
such as load growth and EV charging behavior follow known or estimated distributions,
making them appropriate when historical data is available. Possibilistic (fuzzy) approaches
use possibility distributions, ideal for sparse or incomplete data. Hybrid frameworks com-
bine probabilistic and possibilistic elements to handle both well-characterized and poorly
known uncertainties. Robust and stochastic optimization methods address uncertainty
by optimizing network investments and operations under different scenarios, including
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worst-case conditions. Information Gap Decision Theory explores system performance
under increasing uncertainty, making it valuable for long-term planning [41–44].

Table 8. Uncertainty modelling techniques.

Category Methods

Probabilistic 1. Stochastic optimization
2. Robust optimization

Possibilistic 1. Possibilistic methods

Hybrid probabilistic-possibilistic 1. Combined probabilistic and possibilistic approaches

Information Gap Decision Theory 1. Decision-making under deep uncertainty

Monte Carlo simulations

1. Sequential: Simulation method with iterative updates
2. Pseudo-sequential: Hybrid approach between sequen-
tial and non-sequential
3. Non-sequential: Independent Monte Carlo runs without
sequential updates

Analytical 1. Fuzzy-Monte Carlo
2. Fuzzy-scenario-based methods

Approximation of PDF

1. Convolution
2. Cumulants
3. Taylor Series Expansion
4. First-Order Second-Moment
5. Point Estimate Method
6. Unscented Transformation

In real use cases, DSOs must consider load forecast errors and EV charging uncer-
tainties (such as arrival times, battery charge levels, and charging power). The choice of
uncertainty modeling technique depends on data availability, computational resources,
and the trade-off between accuracy and tractability [40,41].

3. Literature Review of OPF Planning Models

This section reviews various OPF formulations used in distribution network planning,
along with studies that have employed these formulations. Deterministic and heuristic
methods for solving OPF are significantly influenced by the underlying mathematical
formulation, which may include non-linear programming, second-order cone program-
ming, linear programming, or mixed-integer programming. Selecting the appropriate
formulation depends on the application and the type of expansion planning problem.
Additionally, the advantages and disadvantages of each OPF model are summarized in the
final subsection.

3.1. Linear Programming

Linear Programming (LP) methods, such as DC-based OPF approaches, are widely
used due to their simplicity, computational efficiency, and guaranteed convergence. These
methods linearize the power flow equations, providing rapid solutions. However, the trade-
off lies in reduced modeling accuracy, as linear approximations often fail to capture the
non-linear and dynamic behavior of real-world power systems, particularly in distribution
networks with high levels of distributed energy resources or electric vehicle integration.

A review of planning models related to substations and distribution feeders was
studied in [45]. This work categorizes these models into two main areas: planning under
standard operating conditions and planning for emergency scenarios. This classification
allows for a structured analysis of how LP methods have been applied to various planning
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tasks. Moreover, the authors highlight potential research opportunities, particularly in
enhancing the adaptability and robustness of these models for modern grid challenges.
In [46], authors expand the application of LP methods in power system planning by
categorizing distribution expansion models into four approaches based on time horizons
and physical structure. For each category, they analyze the cost functions, constraints,
and mathematical programming techniques employed. Their work provides valuable
insights into the strengths of LP methods, such as computational efficiency and simplicity,
as well as their limitations, including the inability to fully capture system non-linearities
and complex interactions.

3.2. Mixed-Integer Linear Programming

Mixed-Integer Linear Programming (MILP) is a widely utilized optimization technique
for problems that require modeling both continuous and discrete variables. In the context of
distribution network planning, MILP is particularly effective for representing decisions such
as the selection of asset types, capacities, and operational configurations. By incorporating
binary or integer variables, MILP captures the discrete nature of many practical problems,
including investment decisions, resource allocation, and system upgrades.

A bi-level optimization model using MILP to address distribution network expan-
sion planning was developed by [47]. This approach integrates investment decisions,
distributed energy resources, and energy storage systems into the optimization framework.
This enables the model to propose solutions that are both cost-efficient and operationally
feasible, using active network management strategies to accommodate real-time constraints.
Similarly, ref. [48] expanded the application of MILP by introducing a multi-objective opti-
mization framework that incorporates reliability and economic performance indices. This
framework allows planners to evaluate trade-offs between minimizing costs and enhancing
system reliability, offering a balanced and informed decision-making approach for distri-
bution network planning. Authors in [49], introduced high penetration of plug-in electric
vehicles (PEVs) in distribution networks. The study proposed a multi-stage bilevel MILP
optimization model tailored to integrate PEVs into planning processes effectively. This
hierarchical approach ensures that both long-term planning and short-term operational
considerations are addressed, making it particularly suited to modern power systems
with high levels of PEV adoption. The proposed model highlights the potential of MILP
in enabling efficient integration of new technologies while maintaining economic and
operational sustainability.

3.3. Mixed-Integer Nonlinear Programming

The earliest OPF formulations were inherently non-linear and accurately modeled
power system characteristics, although they often relied on approximations, such as treat-
ing discrete variables as continuous. Modern non-linear formulations, however, frequently
include discrete decision variables, resulting in Mixed-Integer Nonlinear Programming
(MINLP). These advanced formulations address the inherent non-linearity while incorpo-
rating additional system constraints.

Uncertainties from large-scale deployment of electric vehicles and photovoltaic sys-
tems pose challenges to distribution network expansion planning. Work in [50], proposed
an optimal planning method integrating PV-grid-EV transactions to mitigate these un-
certainties. The study employs a peer-to-peer transactive market cleared via a decentral-
ized algorithm, ensuring privacy and autonomy. Using multiple linearization techniques,
the method ensures model convergence and enables cost-effective EV charging station
planning while avoiding unnecessary PV curtailment. Results demonstrate improved
integration of large-scale EVs and PV, enhancing network efficiency and security. In [51],
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authors presented an advanced MINLP model for handling the high penetration of electric
vehicles in distribution networks, effectively addressing scalability challenges through
scenario-based optimization. The study achieved a 42% reduction in computation time,
demonstrating significant improvements in efficiency over traditional approaches.

3.4. Convex Relaxation Methods

Convex relaxations have gained prominence for their ability to achieve global optimal-
ity with faster convergence. These approaches reduce the solution space to find feasible,
globally optimal solutions more reliably and can also provide bounds for the quality of
local optima in the original problem. Among these, Second-Order Cone (SOC) relaxations
are notable for their computational efficiency and widespread solver support. They are
particularly suitable for radial network systems under certain constraints [52–54].

In [55], authors proposed a SOC relaxation to address the Optimal Power Flow problem
for operational planning in active distribution networks. This approach integrates flexibility
models, including On-Load Tap Changers and network reconfiguration, directly into the
relaxed operational planning process. The model also considers the short-term economic
impacts of utilizing these flexibilities, which are progressively applied in various test
scenarios to achieve the goal of reducing operational costs. Authors in [56], the authors
introduce a SOC optimization model aimed at minimizing the annualized social cost of the
overall EV charging system using a two-step equivalence framework. This approach can
solve the optimal planning problem of EVCSs, which comprise multiple types of charging
facilities with different charging demand profiles. SOC relaxations are increasingly used
for multi-stage ADN planning, ensuring tightness in solutions for DER-rich networks [14].

3.5. Metaheuristic Methods

Inspired by natural processes, meta-heuristic methods offer flexible solutions to com-
plex problems. While they do not guarantee global optimality or error bounds, they
can effectively handle discrete variables and large-scale systems. Popular meta-heuristic
techniques include Genetic Algorithms, Particle Swarm Optimization, and Simulated An-
nealing, among others. These methods are particularly valuable for scenarios requiring
robust solutions for operational planning. Ref. [57] propose a fuzzy-based meta-heuristic
approach for multi-objective optimization in network planning, effectively addressing
conflicting priorities like cost minimization and reliability enhancement. In [58] an optimal
expansion of MV power networks to minimize the total investment costs was proposed.
This work used a hybrid Tabu search/particle swarm optimization algorithm to optimize
three electric distribution networks as case studies.

Table 9 presents the advantages and disadvantages of the distribution network plan-
ning formulations analyzed in this chapter. MINLP and MILP optimization models are
the most used formulations for optimizing the total investment costs and meeting the
operational constraints.

3.6. Dynamic OPF Planning Models and Tools with Flexibility

This section presents some examples of dynamic OPF planning models and tools that
integrate flexible planning actions. Ref. [59] presents a comprehensive tool for optimal long-
term grid planning considering power flow, demand flexibility model, and grid constraints.
The parametrization of the generic flexibility model was based on real load demand data
and selected individual demand flexibility resources. Furthermore, this work illustrates
effects that are not captured by the more coarse-grained generic flexibility model but that
are relevant for long-term grid planning purposes. Ref. [60] proposed FlexiPlan.jl, an open-
source tool for holistic planning of transmission and distribution grids considering demand
flexibility and storage use. This tool uses stochastic optimization to find robust decisions
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under different climate conditions and operating hours with respect power generation
and demand.

Table 9. Comparison of mathematical formulations in OPF.

Formulation Advantages Disadvantages

Linear
Programming

• Computationally efficient and
scalable

• Guarantees global optimality

• Low accuracy; oversimplifies
non-linear power flows

• Solutions may be physically
infeasible

Mixed-Integer
Linear

Programming

• Handles discrete decisions (e.g.,
investment, switching)

• Can be solved to global
optimality (via
branch-and-bound)

• High computational demand
(NP-hard)

• Relies on linearization,
sacrificing physical accuracy

Mixed-Integer
Non-Linear

Programming

• High-fidelity: models AC
power flow & discrete variables

• Most realistic representation of
the network

• Computationally intensive;
complex to solve

• Non-convex: risk of converging
to local optima

Convex
Relaxations

• Guarantees global optimality (if
relaxation is exact)

• Computationally tractable and
reliable

• May have a “relaxation gap”
(inaccurate solution)

• Handling discrete variables
requires MILP framework

Metaheuristic
Methods

• Handles non-linear and
non-convex models

• Model-agnostic and good for
large-scale problems

• No guarantee of global
optimality

• Solution quality is difficult to
benchmark or prove

The FlexPlan methodology consists of three input modules. First, the grid data from
the transmission and distribution networks is imported to model the AC and DC grids
from PowerModels.jl. Second, a list of grid expansion options is provided using AC and
DC grid expansions, demand flexibility, and storage investments to determine the optimal
investments. Finally, the planning scenarios, number of renewable generation and demand
time series are collected. Ref. [61] presented an open-source software tool called eGo, which
is able to optimize grid and storage expansion at different voltage levels. Operating and
investment costs are minimized by applying a multi-period linear optimal power flow
considering the grid infrastructure. This tool performs simulation and optimization at
the MV and LV levels to determine grid expansion costs, taking into account the allo-
cation of curtailment requirements, storage integration, and traditional grid expansion
measures. Ref. [62] proposes an automated distribution planning framework using the
open-source library Pandapower. This library is a simulation model capable of running
time series power flows to assess congestion and voltage deviation in the MV and LV
network. A heuristic optimization that searches for the best combination of individual
actions to solve the defined constraints using a set of reconfiguration, reinforcement and
expansion actions is used to solve the potential problems in the network. This framework
proposed the following planning actions: replacing existing lines and transformers, adding
parallel lines to existing line paths, changing the switch configuration, finding new line
paths, using advanced control functions on transformers and PV systems, replacing conven-
tional transformers with On-Load-Tap-Changing transformers. Furthermore, the authors
emphasise the benefits of using pandapower as a modular and flexible option, allowing
constraints to be added such as, radiality, supply, n-1 and other topological constraints, load
flow constraints for bus voltage, line load, transformer load, multiple worst case scenarios,
load flow constraints for n-1 operation with optimal supply among others.
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4. ADN Trends: Generative AI Models, Applications and Future
Asset Expansions

Active distribution networks must manage stochastic and dynamic uncertainties
arising from variable renewable generation, fluctuating loads, and bidirectional power
flows. Generative AI models have emerged as a powerful alternative to address these short-,
mid-, and long-term challenges by generating realistic expansion scenarios, quantifying
uncertainties, and supporting robust optimization. These models enable distribution
system planners to optimize network expansion while integrating new technologies.

Table 10 provides an overview of the main categories of Generative AI models and
their applications in energy systems planning and operation. The distinctive attributes and
strengths of each category determine their suitability for particular applications. Generative
Adversarial Networks (GAN)-based models are widely used for scenario generation due
to their ability to learn complex, high-dimensional data distributions through adversarial
training, which involves a generator and a discriminator. This setup enables GANs to
produce highly realistic synthetic time series for renewable energy generation, electricity
demand, or electric vehicle behavior. Their realistic nature and data-driven approach make
them ideal for tasks such as data augmentation, cyber-resilience testing, and stochastic plan-
ning, where the objective is to expand existing datasets under different conditions [63–68].
The Sankey diagram in Figure 10 shows that different generative AI model families are
connected to various application areas in the energy domain. The flow widths reflect their
relative prevalence in the literature, showing that transformer-based models dominate
across most applications—particularly planning and optimization, decision support, and
energy management, while other generative models contribute more selectively to tasks
such as scenario generation, data augmentation, resilience, and uncertainty modeling.
For instance, the conditional style-based GAN proposed in [63] leverages meteorological
variables to generate intraday renewable energy scenarios with spatiotemporal correlations,
aiding stochastic planning by simulating volatile outputs without relying on extensive
historical data. Notably, these models can produce diverse scenarios that capture rare but
critical events, such as sudden weather changes. Authors in [64], demonstrated that the the
cross-modal cGAN outperforms benchmark models on both PV and wind power datasets,
even under missing data conditions. In a case study on stochastic day-ahead economic
dispatch, scenarios generated by the cGAN yield an expected cost within 1.43% of the true
scenarios, validating its practical applicability.

Diffusion-based models have recently emerged as a robust alternative to GAN mod-
els. They work by learning to reverse a gradual noising process: starting from pure
random noise, the model iteratively predicts and removes noise in small steps until a
coherent, high-fidelity image (or data sample) emerges. This iterative denoising makes
them particularly effective at representing uncertainty and extreme events. Their proba-
bilistic formulation naturally lends itself to applications such as uncertainty quantification,
stress-testing, and resilience analysis in energy systems, where understanding variability
and extreme scenarios is essential for reliability and planning under uncertainty [69–73].
As an example, ref. [69] used a denoising diffusion probabilistic approach to generate
realistic EV charging scenarios at both battery-level and station-level, capturing temporal
dynamics, station-specific patterns, and intractable uncertainties. Quantitative results
show that the proposed DiffCharge model achieves the lowest marginal score, highest
discriminative score, and best tail score, enabling accurate uncertainty modeling for dis-
tribution network planning. VAE-based models, including β-VAE, provide probabilistic
frameworks for forecasting and optimization under uncertainty. Variational autoencoder
(VAE)-based models combine deep learning and probabilistic inference in order to learn
how to compress and reconstruct data in a lower-dimensional latent space. They consist of
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two main parts: an encoder, which maps input data into a distribution in the latent space
(typically Gaussian), and a decoder, which reconstructs data samples from points drawn
from this latent space. By learning this bidirectional mapping, VAEs can generate realistic
and continuous variations of data while maintaining interpretability. Their probabilistic
nature makes them well-suited for tasks involving scenario synthesis and forecasting under
uncertainty—such as load or price prediction, energy efficiency planning, and voltage
stability assessment [74–77]. Research in [74] applies a VAE-GAN hybrid for synthetic
data generation in smart homes, leveraging the latent space to create new data points that
preserve privacy while enabling efficient load and price forecasting for optimal power
flows in ADNs. Furthermore, VAEs facilitate the compression of high-dimensional data,
reducing the need for large datasets and making them suitable for edge computing in dis-
tributed ADN environments. Flow-based models, such as RealNVP, offer explicit density
estimation for renewable and load scenarios. As explored in [78], these models generate
interpretable renewable patterns with controllable diversity, supporting probabilistic OPF
and expansion planning by modeling nonlinear correlations and geospatial dependencies
in DER placement. Furthermore, this work showed that flow-based models improves
coverage probabilities by up to 4 percentage points over VAEs and 3 points over GANs,
while reducing interval widths by up to 7% compared to VAEs and 4% compared to GANs,
indicating more reliable forecasts with sharper uncertainty intervals.

Table 10. Overview of generative AI models and applications.

Category Type of Generative AI Model Application Ref.

GAN-based models cGAN, WGAN-GP, CycleGAN,
StyleGAN, ExGAN, BiGAN

Scenario generation (renewable, load, EV),
data augmentation, cyber-resilience, fault
diagnosis. Synthetic time-series for PV,
wind, load, and EVs to support stochastic
and long-term planning

[63–68]

Diffusion-based models
DiffCharge, DiffLoad,
ExDiffusion, Conditional
Diffusion

EV/load scenario generation, uncertainty
quantification, extreme event modeling,
resilience analysis. Stress-testing, extreme
event simulation, reliability planning.

[69–73]

VAE-based models β-VAE, Conditional VAE,
BiVAE

Probabilistic forecasting, scenario synthesis,
energy efficiency planning, voltage stability
assessment. Probabilistic load/price
forecasting and OPF optimization under
uncertainty.

[74–77]

Flow-based models RealNVP, Glow, Normalizing
Flow

Renewable and load scenario generation,
uncertainty modeling, probabilistic OPF,
expansion planning.

[78–81]

Transformer-based models GPT, LLaMA, eGridGPT,
CPGA-BOT, PowerPulse

Planning assistants, data mining, simulation
automation, energy management,
human-in-the-loop decision support.
Decision support via Large Language
Models (LLMs), planning chatbots,
automated data mining, and simulation
scripting.

[82–101]

Unlike GANs, VAEs provide more stable training and a structured latent represen-
tation that can be directly exploited for optimization and decision support. Flow-based
models use a sequence of invertible transformations to map simple probability distributions
into complex data distributions and vice versa. Each transformation is mathematically
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reversible, allowing both exact likelihood computation and precise control over the genera-
tive process. This bidirectional and transparent structure enables direct sampling, density
estimation, and interpretation of how data are formed. Such properties make flow-based
models highly suitable for renewable and load scenario generation, probabilistic optimal
power flow, and expansion planning, where accurate probabilistic modeling and explicit
likelihood estimation are required [78–81].

Finally, Transformer-based models—such as GPT, LLaMA, and specialized versions
like eGridGPT and PowerPulse—extend generative AI beyond data synthesis to include rea-
soning, automation, and decision support. They are built around self-attention mechanisms,
which allow the model to weigh the importance of each element in a sequence relative to
all others. In practice, this means the model learns which parts of the input are most rele-
vant when generating or interpreting each output token, enabling it to capture long-range
dependencies, contextual relationships, and nonlinear interactions across complex datasets.
This capability makes transformers highly effective for planning assistance, data mining,
simulation management, and human-in-the-loop decision support in energy systems. Their
flexibility positions them as foundational tools for next-generation applications that merge
language understanding with generative capabilities, such as intelligent planning assistants
and simulation chatbots [82–101]. The eGridGPT framework [85] represents one of the first
applications of LLMs in power grid control rooms, integrating large language models with
digital twins for procedure analysis, scenario simulation, and holistic decision recommen-
dations. Similarly, PowerPulse [100], fine-tuned on power sector data, automates responses
to energy-related queries and supports adaptation in dynamic grids. A significant develop-
ment is their integration into multi-agent systems for VPP coordination, where LLMs can
process ambiguous data and enhance security in smart grids.

Figure 10. Sankey diagram of applications of generative AI models in power systems.

Each GenAI model category offers distinct strengths: GANs specialize in produc-
ing highly realistic data, diffusion models in modeling uncertainty and extreme events
through iterative denoising, VAEs in generating interpretable probabilistic representations
of complex systems, flow-based models in providing exact and transparent likelihood
estimation, and transformers in capturing context, reasoning across data, and enabling
automation—together forming a powerful, complementary framework for next-generation
intelligent energy system planning and decision support. The ADN planning problem is
mainly affected by long-term uncertainty from renewables, EVs, and flexible loads, making
traditional planning no longer valid for realistic investment estimations. Generative AI can
generate realistic scenarios by capturing complex spatio-temporal patterns from emerging
assets, thereby improving robustness and decision-making for system operators. Recent
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works have integrated generative model into planning of active distribution networks by
considering it into the methodology steps. In particular, ref. [102] proposes a cooperative
planning method for renewable energy generations and multi-timescale flexible sources in
ADN. It uses a Wasserstein generative adversarial network with gradient penalty based
scenario generation and a second-order cone relaxation approach for optimization. The case
study results in a 69 node network showed a 7.9% reduction over single-timescale planning.
The main improvements were found in the reduction of the curtailment/shedding penalties
by over 75% and voltage deviation by 2%. Ref. [103] proposes a GAN-assisted two-stage
stochastic PV planning framework with coordinated multi-timescale Volt–Var control, val-
idated on IEEE 37- and 123-node systems. Case studies show that, unlike deterministic
planning, the stochastic model eliminates voltage violations under critical high-PV/low-
load scenarios and reduces total power losses across most time slots, particularly around
peak PV hours.

5. Conclusions

This work reviews the key elements of active distribution system planning, classifying
critical components from the literature, including planning horizons, objectives, decision
variables, constraints, uncertainty modeling, and OPF formulations. The review finds
that traditional planning is characterized by passive “fit and forget” reinforcement and
worst-case assumptions, whereas emerging active strategies prioritize DER integration,
system flexibility, and dynamic optimization. This highlights a critical need for evolution,
demanding advancements in AC-OPF formulations, new asset modeling frameworks,
and robust uncertainty management. The literature also reveals that addressing complex
ADN problems requires enhancing traditional planning with active decision variables,
dynamic scenarios, probabilistic methods, and advanced optimization, such as MINLP and
convex relaxation.

Furthermore, this review discusses applications of generative AI in active distribution
planning, including the creation of realistic, synthetic load profiles to simulate future
demand and optimize DER integration. This approach enables privacy-preserving data
sharing, helping to bridge the gap between research and industry by facilitating innovative,
adapted optimization models for modern power systems. Finally, the review reveals that
active distribution planning faces critical challenges from the accelerating integration of
data centers, AI factories, renewable energy communities, and fast-charging hubs. While
functionally different, these assets create a common, critical threat: the introduction of high-
magnitude, fast-ramping events. This new volatility lies outside the design parameters of
traditional grid operations, leading to severe, new risks of congestion and instability.

Future research should prioritize the development of advanced integrated ADN
planning models that address long-term uncertainty arising from renewables, EV charg-
ing, and flexible loads. These models should leverage generative AI for realistic spatio-
temporal scenario generation to support robust and stochastic planning. Additionally,
multi-timescale and cooperative planning frameworks are needed to jointly optimize
investment and operational flexibility for all the planning horizons.
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The following abbreviations are used in this manuscript:

AC Alternating Current
ADN Active Distribution Network
AI Artificial Intelligence
CAPEX Capital Expenditure
DC Direct Current
DER Distributed Energy Resources
DG Distributed Generation
DR Demand Response
DSO Distribution System Operator
ESS Energy Storage System
EV Electric Vehicle
EVCS Electric Vehicle Charging Station
GAN Generative Adversarial Network
GenAI Generative Artificial Intelligence
GIS Geographic Information System
IGDT Information Gap Decision Theory
LLM Large Language Model
LP Linear Programming
LV Low Voltage
MC Monte Carlo
MILP Mixed-Integer Linear Programming
MINLP Mixed-Integer Nonlinear Programming
MV Medium Voltage
NLP Nonlinear Programming
OPEX Operational Expenditure
OPF Optimal Power Flow
PDF Probability Density Function
PEV Plug-in Electric Vehicle
PV Photovoltaic
SOC Second-Order Cone
TOTEX Total Expenditure
V2G Vehicle-to-Grid
VAE Variational Autoencoder
VPP Virtual Power Plant
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Abstract: Smart grid reliability and efficiency are critical for uninterrupted service, espe-
cially amidst growing demand and network complexity. Wide-Area Measurement Systems
(WAMS) are valuable tools for mitigating faults and reducing fault-clearing time while
simultaneously prioritizing cybersecurity. This review looks at smart grid WAMS imple-
mentation and its potential for cyber-physical power system (CPPS) development and
compares it to traditional Supervisory Control and Data Acquisition (SCADA) infrastruc-
ture. While traditionally used in smart grids, SCADA has become insufficient in handling
modern grid dynamics. WAMS differ through utilizing phasor measurement units (PMUs)
to provide real-time monitoring and enhance situational awareness. This review explores
PMU deployment models and their integration into existing grid infrastructure for CPPS
and smart grid development. The review discusses PMU configurations that enable precise
measurements across the grid for quicker, more accurate decisions. This study highlights
models of PMU and WAMS deployment for conventional grids to convert them into smart
grids in terms of the Smart Grid Architecture Model (SGAM). Examples from developing
nations illustrate cybersecurity benefits in cyber-physical frameworks and improvements
in grid stability and efficiency. Further incorporating machine learning, multi-level opti-
mization, and predictive analytics can enhance WAMS capabilities by enabling advanced
fault prediction, automated response, and multilayer cybersecurity.

Keywords: smart grid; power system monitoring; wide-area measurement systems; area
measurement; cybersecurity; power system security; wide-area monitoring systems; cyber-
physical systems; wide-area management systems; phasor measurement units

1. Introduction

Developing a resilient, reliable, and secure power system is central to modern eco-
nomic development. Increasingly, such a grid also serves sociocultural and security goals.
Yet, maintaining such a power system has become more challenging in recent years due
to rising energy demand, the densification of population centers, climate change effects,
and aging power infrastructure [1]. Grid stability and reliability are also threatened by the
introduction of renewable power generation, which is often intermittent, nonsynchronous,
or volatile [2]. While costly maintenance and upgrades are common responses to these
challenges, more affordable improvement measures are often out of reach, especially for
developing countries [3]. Over the years, power system restructuring has been the primary
way of expanding power system operations. Complex measurement systems are essential
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for controlling the network in day-to-day generation, transmission, and distribution of
energy [3,4].

Consequently, the modern-day focus of power system development is optimizing the
present architecture responsible for accurate and adequate energy delivery [4,5]. On the
software side, demand-side management and load shifting are being employed to these
ends [6,7]. On the hardware side are many approaches involving relays, which have many
shortcomings, including an inability to simultaneously report multiple parameters in real
time. These shortcomings, in turn, were initially addressed using a supervisory control
and data acquisition (SCADA) platform. SCADA could report multiple energy parameters
to control towers across the network in real time [5]. SCADA measurements are typically
updated in a ten-second window for high-level operations, which is unfortunately not
granular enough to prevent certain faults [8,9].

SCADA’s limitations have made us unable to reduce fault occurrence on power net-
works, and in most cases, SCADA increases the fault-clearing time [4]. Since neither relays
nor generic SCADA address the rising issue of faults plaguing the power network, grid
managers increasingly adopt synchrophasors. These increase the number of parameters
like voltage, current, resistance, and impendence measured per unit time on the power
system network [10]. The general introduction of synchrophasors, phasor measurement
units (PMUs), and critical communication systems into the power system infrastructure
results in it being termed a Wide-Area Measurement System (WAMS) [11,12].

WAMS infrastructure connected to the power system network relies on communication
utilities to detect faults on the transmission lines using synchrophasors. WAMS then reports
these data to the control centers for proper decisions to predict faults, correct faults, and
improve consumer energy supply (as shown in Figure 1) [8,13,14]. This study reviews
research on WAMS to apply them to developing countries’ power systems, specifically to
reduce fault-clearing time, improve cybersecurity, and make conventional power systems
smart in these regards. To this end, this review analyzes the individual components of
WAMS communication architecture. It details their potential for reducing fault-clearing
time to increase the efficiency of energy delivery, all while maintaining cybersecurity.

Figure 1. Schematic of a typical WAMS implementation [15].
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Modern power systems are characterized by their intricate architectures, comprising
numerous components and complex interconnections to ensure stable and reliable opera-
tion. However, the occurrence of faults—whether due to equipment failure, environmental
factors, or other disruptions—can severely compromise energy flow and supply across the
network. Even microgrids, which represent a transformative approach to power system
design through the integration of Distributed Energy Resources (DERs), are not exempt
from these vulnerabilities [16]. As depicted in Figure 1, microgrids are increasingly suscep-
tible to faults propagated by conventional power systems, underscoring a critical challenge
in achieving seamless interoperability between these two frameworks [16,17]. This issue
has impeded the advancement of more resilient power system architectures and off-grid
solutions, as the integration of microgrids with traditional grid infrastructure continues to
present significant technical and operational hurdles. Faults are at some level inevitable,
since key components are exposed to environmental and manmade stresses that affect
the daily operation of a power network. WAMS are systems that provide grid managers
with operational awareness while conducting key power system functions [10,14]. WAMS
are, therefore, becoming well known as tools for improving fault clearing, thus enhanc-
ing reliability in power system architecture. The reliability setup described by Aminifar
et al. consists of monitoring and control components, and their study measured its effi-
ciency to accomplish both responsibilities [11]. In a normal power protection system, units
are designed to accomplish these tasks whether through SCADA or conventional relay
units [18,19]. However, these approaches are prone to malfunctions when overwhelmed by
the faults they are meant to detect. Thus, in cases of high complexity, they fail to provide
an accurate real-time assessment of the power system network situation [3,20].

1.1. Search Strategies and Selection

In this review, papers were selected that focus on WAMS development and its potential
application to power system networks. Keywords like “WAMS”, “Wide-Area Protection
Systems”, “PMU deployment”, and “Systems for control of Wide-Area Power Systems”
were used to search databases like ScienceDirect and Web of Science to select recent, well-
cited research studies that cover the major variants of WAMS technologies and innovations.
Papers with more focus on cybersecurity and power system optimization were prioritized.

1.2. Definitions of WAMs

Multiple definitions of WAMS have been published, and many studies have been
conducted on their vast potential and practical results. In a SCADA system, monitoring
and control responsibilities are not provided in a probabilistic power reliability assessment.
In WAMS, by contrast, reliability assessments have shown that successful operation was
more certain when WAMS elements were deployed and utilized optimally in a power
system network [12]. Al-Odienat et al. deployed PMUs in the Jordanian National Grid
and developed a WAMS architecture. They defined a WAMS as a network of PMUs
and components that improves the situational awareness of a power system network
for real-time monitoring and control [10]. PMUs, which make up the bulk of a WAMS,
serve as connecting links when synchronized with a satellite-based Global Positioning
System (GPS) [5]. Traditionally, WAMS that differ in certain components are deployed to
increase the operational awareness of the system [21]. The integrity of the energy system is
prioritized in these designs, and some research has even extended the WAMS infrastructure
to under-frequency load-shedding schemes [22].

Researchers widely agree that any power system network, including those with WAMS
technology, can be considered a smart grid even if they retain certain old, outdated compo-
nents that are not hallmarks of modern smart grid networks [4,5]. WAMS was defined by
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Premkumar et al. as an enabling technology that includes PMUs as measuring devices cou-
pled with supporting communication infrastructure like phasor data controllers (PDCs) [1].
However, their study posited this definition before going on to suggest that a combination
of a PMU and enabling information infrastructure is termed Synchrophasor Measurement
Technology (SMT) [1]. In contrast, some studies have found SMT a component of WAMS
infrastructure instead. Numerous research studies on European energy systems have high-
lighted the integration of smart systems into aging infrastructure, including SCADA and
energy management systems (EMS) alongside PMUs to form WAMS [3–6,8,14,21,23–26].
In their study, Alhelou et al. included PDCs, which are designed to transmit data collected
from the PMUs on the lines and the different interconnected units in the energy infrastruc-
ture [22]. All of these become imperative to articulate components that properly define a
WAMS infrastructure and assess the position of numerous researchers on the advantages
of these technologies in the WAMS infrastructure [12,18–20,27].

SMT consists of several arrays of PMUs on the grid and the PDCs whose role is to
aggregate the data collected by the PMUs interconnected across the energy infrastruc-
ture [3,10]. The similarity in the components led Aminifar et al. to conclude that SMT is
synonymous with WAMS [11]. Others disagree, as SMT includes data collection PMUs
like WAMS, but an absence of communication infrastructure makes SMT fundamentally
different [18]. Therefore, the integration of SMTs, including PMUs and PDCs, and a proper
communication infrastructure is regarded as a WAMS. The definition of WAMS becomes
imperative for a proper analysis of the development of technology through the integration
of multiple advances in the modern world of technology attempting to increase the volume
of data collected, synchronized, and communicated to Energy Control Centers (ECCs) (as
shown in Table 1) [3–6,14,21,24,25,28–30].

Table 1. Table showing some areas of WAMS currently explored and the extensive academic interest
in WAMS.

S/N WAMS Technology Explored Areas of Power System Technology Considered Reference

1. SMT Monitoring PMUs+SCADA [1,3,6]

2. Wireless Communication
Technologies

Monitoring, smart grid PMUs+SCADA [10]

3.
Wide-Area Power Control and

Monitoring
(WAPCAM)

Monitoring, fault detection,
power quality, Smart Grid
Architecture Model, and

wide-area power
system observability

SMTs+SCADA+RTUs+
PDCs+GPS [31]

4. Wide-Area Measurement and
Control Systems (WAMCS)

Data quality, fault location,
and multi-energy

complementary systems
PMUs+SCADA+PDCs+GPS [32,33]

5.
Wide-Area Monitoring,
Protection, and Control

(WAMPAC)

Monitoring, fault detection,
and control EMS+PMUs+SMTs [3,29]

The main responsibility of WAMS infrastructure is to boost the real-time awareness
of the power system network [18,24,25]. The observability and monitoring potential of
WAMS cannot properly achieve the system’s overall goal when proper communication
infrastructure is absent [25]. This review shows the progression from SCADA infrastructure
to modern applications of WAMS in increasing the operability of the energy management
system following the recent deployment of artificial intelligence (AI) in real-time awareness,
control, and efficiency enhancement [34]. Most of the literature studies the role of PMUs and
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WAMS infrastructure as isolated technologies with limited objective goals, which are assessed
to test the ability of the infrastructure to optimize the power system network [21,24,25,28].

While significant research has been conducted on WAMS technologies and smart grid
innovations, limited studies have focused on the deployment of WAMS technologies in
traditional power system networks, which remain predominant in developing economies
and particularly in sub-Saharan Africa. This gap has resulted in a lack of comprehensive
data necessary for conducting sensitivity analyses of wide-area power systems (WAPS).
Such analyses are crucial for enabling sub-Saharan African countries to develop robust
fault detection schemes and establish pathways for integrating renewable energy into
conventional grids.

This review aims to highlight the progression of research in WAMS and identify key
areas where these technologies could be effectively applied in traditional and aging power
system networks within low- and middle-income economies. Additionally, it explores the
potential role of AI in optimizing WAMS operations and examines the development of
cyber-physical power system (CPPS) networks. According to the Smart Grid Architecture
Model (SGAM), the CPPS represents a foundational framework for advancing smart grid
development within conventional power grids, offering a structured approach to enhancing
grid resilience, efficiency, and adaptability in emerging economies.

This review discusses WAMS operation and dynamic fault detection, benefits that AI
can provide with WAMS, cyber-physical power systems (CPPS), and smart grid develop-
ment, and concludes with recommendations for future research.

2. Background

The modern power network consists of various complex machines designed to play
significant roles in generating, transmitting, and distributing electricity to numerous house-
holds connected to the grid. Dynamic state estimation (DSE) assessments show the complex
systems that need to be operational to guarantee the optimal conversion, transformation,
and delivery of electrical energy [18,35,36]. Figure 2 presents an infinite-bus power grid
model consisting of a synchronous generator powered by a mechanical source in a three-
phase circuit arrangement. The transformers and power measurement units serve to deliver
optimal power to the asynchronous machine and other loads. During the operation of
the power system network, the static state estimation cannot appropriately capture the
dynamics of the operational environment [35,36]. This presents a huge problem because
the power system circuitry consistently fluctuates to adjust to the evolving realities of the
energy systems. Despite this, SSE methods are still used to design an EMS, but the approach
proves insufficient for solving evolving problems and providing sufficient information
needed to monitor power system architecture [36,37]. In asynchronous generators and
machines, for example, EMS systems with the SSE configuration have been difficult to
monitor and control since observability is often lagging and unresponsive in situations
of optimal operation [30,37,38]. Dynamic state estimation (DSE) is capable of accurately
capturing and assessing the dynamic system states and plays a crucial role in further
monitoring and controlling by providing the maximum observability of the power system
network [8,26,37,39]. For protection to be appropriately achieved, the dynamic states must
be accurately captured to provide a unique state of awareness of the power system net-
work [39]. The SCADA system was adopted to fulfill this responsibility in the differing state
of the power system network. SCADA systems can assess two independent data points
from the power system network and report the data to the control infrastructure [8,40]. One
problem with SCADA systems, as stated earlier, is their limited number of parameters that
can be assessed and observed at a time together within a period of 8–10 s before another
cycle of data can be collected [8,37,41]. In a complex modern power system network,
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these limitations could cause significant damage as individual components are consistently
exposed to fault occurrences on the line and other complex energy components whose
damage could result in a partial or total system collapse of the grid. Additionally, present
research into the role of varying DSE parameters and how they could be implemented
in an EMS has increased the demand for a more robust communication and monitoring
infrastructure to be developed [38].

Figure 2. A typical infinite-bus power grid model.

2.1. WAMS Components

For full observability and monitoring capabilities, the WAMS architecture typically
consists of the following components [3,42]:

1. PMUs;
2. Phasor data collectors;
3. Synchronizers like remote terminal units (RTUs) for PMU-based applications;
4. Communication infrastructure.

This WAMS infrastructure was developed as an alternative to SCADA systems. In
addition to the basic components of the WAMS infrastructure, more modern model variants
like Wide-Area Monitoring and Control (WAMC) or Wide-Area Protection, Control, and
Monitoring (WAPCAM) systems have incorporated several components that help enhance
some of its operations [4]. The observability operation of the WAMS infrastructure provides
sufficient data to control the EMS properly and, in some cases, conduct an under-frequency
load shedding (UFLS) of the entire power network in addition to fault detection [22,39,43].
The PMUs collate the data from power system components, including being integrated with
conventional energy infrastructures like current transformers and voltage transformers,
to develop a more robust power system architecture [10,42,43]. This responsibility of
the PMUs becomes necessary because most countries already have functional power
systems in need of system maintenance and upgrade without a complete overhaul of the
system for mostly national security reasons [10,26,44]. The US, where the technology was
innovated and developed, has not fully replaced its conventional protection arsenals for
WAMS due to cybersecurity concerns though modern cyber-physical systems are being
integrated at a rapid pace [14]. In practice, however, the WAMS architecture is designed
to integrate with existing infrastructures and make them as smart as possible in an age
of increasing rhetoric of smart technology and green energy innovation [10,22,44]. If any
of these modern innovation concepts are feasible, energy losses must be minimal for

32



Energies 2025, 18, 994

energy conservation to be properly executed efficiently. PMUs and PDCs work in synergy
with nearby components to achieve this. In our opinion, the deployment of WAMS is
entirely dependent on the quality of the delivery system as well as the communication
infrastructure. Some researchers have synonymized PMUs for WAMS. Many researchers
disagree with this assessment, but the distinction stems from the comparison of WAMS
with conventional SCADA infrastructure [10,22,27,44]. However, PMUs alone are also
unable to properly analyze these data and relay them to the ECC for efficient actions
and decisions to be taken [21,28,43]. WAMS, on the other hand, could consist of other
energy infrastructures beyond PMUs, PDCs, and RTUs to fit and meet specific needs in
a power system network [37,43]. Going further, the main potential of WAMS is their
application. A model cannot be accepted if its architecture is not fully analyzed. The
delicate nature of WAMS means that there will be significant training on their handling
and on the deployment of the technology [10].

Sub-Saharan African countries, where off-grid systems coupled with renewable energy
sources are increasingly developed, require the synchronization of devices to ensure the
optimized operation of the grid. The synchronization of the PMUs and other protection
and control devices is achieved through the same-time sampling of voltage and current
waveforms using timing signals from a GPS (as shown in Figure 3) [1,2]. Synchronized
phasor measurement elevates the standards of power system monitoring, control, and
protection to a new level [21,24,45]. PMUs are the backbone of WAMS-based systems and
have been proven instrumental in developing-world microgrid systems, especially with
the integration of renewable energy sources [5,13,21]. This means that real-time system
monitoring may be required to help reduce the impact of intermittency from renewable
generation. Several protocols that consider the necessity of real-time monitoring in smart
grid development have been codified in the SGAM, which has served as a framework for
assessing smart grid technology development across five interoperability layers, domains,
and zones, as shown in Figure 4 (more details in Section 2.2).

Figure 3. Centralized wide-area measurement system (WAMS) architecture [46].

In addition, another application is real-time system monitoring (RTSM) for stability as-
sessment and state measurement. Phasor measurements at nodes help the system operators
gain a dynamic view of the power system and initiate the necessary measures at the proper
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time [21]. This is performed following the latest IEEE standard (C37.118-2005), developed to
standardize the data transmission format and sampling rates of PMUs [21,47,48]. The stabil-
ity assessment algorithms, designed to take advantage of the phasor measurement informa-
tion, can significantly support this [47]. In the past, post-event analysis was an application
of synchrophasors (PMUs) without wide-area communication, where data were archived
locally [21,24]. However, it was not a useful online (dynamic) control tool. Recently, the
real-time control of WAMS has become a robust control and analysis tool that provides a
new view of power systems [47,49]. This is achieved by improving the communication net-
work capabilities while maintaining PMUs as central components [13,21,24,25,37,47]. Using
PMUs for real-time control increases accuracy since the data are measured online [21,42].
Also, it will enhance the power system stability and delivery automation capabilities after
the challenges of new data communication requirements across the system are resolved.
The depth of observability is another advantage for PMUs. It means measuring the bus
voltage phasor directly or calculating it using the nearest connected bus’s PMU voltage
and line current [47,48]. This is the cost-effective path since it reduces the number of data
acquisition instruments and tools needed across the network, as the measuring line currents
can extend the voltage measurements to buses with no PMUs [18,37,38,41,43].

2.2. WAMS and Smart Grid Architecture Model

The SGAM provides a comprehensive framework for analyzing and designing smart
grid systems by addressing technical, informational, and operational challenges across five
interoperability layers: component, communication, information, function, and business [17].
WAMS offers a transformative capability for modern power systems, playing a critical role
in enhancing fault detection, reducing fault-clearing times, and facilitating the integration
of renewable energy and DERs [50,51]. By integrating a WAMS into the SGAM framework,
grid operators can achieve improved system observability, faster response times, and greater
adaptability to the challenges posed by renewable energy intermittency. Panda and Das
(2021) [17] assessed the SGAM framework across different areas, including peer-to-peer
trading, distributed control, laboratory infrastructure, and power quality. They identified
these areas as fundamentals of futuristic energy technologies. Other studies, including those
by Aminifar et al., Ashok et al., and Calderon et al., showed that while innovations are being
carried out, like in the SGAM, smart grid systems are consistently being designed to expand
the frontiers of current power systems and connect underserved communities in remote areas,
especially in developing countries [11,31]. As result of this, according to Ashok et al. and Jamil
et al., current problems could still handicap these new innovations and compromise national
security and may even result in blackouts across high-voltage lines [16,31]. This concern stems
from the increasing cybersecurity threats posed because of AI development and increasing
geopolitical tensions. Ashok et al. and Panda and Das, while commending the progress of
the SGAM, also suggested that WAMS or WAPCAM technologies will be required to combat
the growing threat of interoperability that may be faced with the ever-increasing wide-area
power systems (WAPS) [17,31]. This review assesses key areas where WAMS technology may
contribute to the SGAM across its five domains and zones:

1. Component Layer: Enhanced Observability Through PMUs

PMUs provide synchronized, high-resolution measurements of key grid parameters
such as voltage, current, and frequency. These devices enable the real-time monitor-
ing of grid conditions, including renewable energy sources like wind turbines and
solar panels. With the deployment of PMUs at critical locations, such as substations,
transmission lines, and renewable generation sites, WAMS ensures comprehensive
observability [51]. This capability is essential for monitoring the dynamic behavior of
DERs and identifying anomalies that could indicate potential faults.
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2. Communication Layer: Enabling Real-Time Data Exchange

The communication layer of the SGAM supports the transmission of the vast amounts of
data generated by WAMS. To achieve low latency and high reliability, WAMS leverages
advanced communication technologies such as optical fiber networks, 5G, or power line
communication (PLC) [50]. These technologies enable real-time data exchange between
PMUs and centralized or distributed control centers, ensuring the timely identification
of faults and rapid coordination of corrective measures [17]. This layer also facilitates
the communication of control signals to distributed resources, ensuring that renewable
energy sources can dynamically adjust to changing grid conditions.

3. Information Layer: Transforming Data into Actionable Intelligence

The integration of a WAMS into the SGAM information layer highlights its role in
data processing, storage, and analysis. WAMS data are analyzed using advanced
algorithms, including AI and machine learning, to detect early warning signs of
system instability, optimize the performance of DERs, and predict faults before they
escalate. This layer ensures that actionable intelligence is generated to enhance grid
reliability, while also incorporating data encryption and secure storage protocols to
address cybersecurity challenges. By transforming raw data into meaningful insights,
WAMS empowers grid operators to make informed decisions in real time.

4. Functional Layer: Strengthening Grid Resilience

WAMS aligns closely with the SGAM functional layer by supporting advanced grid
control and operational strategies. Its functionalities include voltage regulation, fre-
quency control, and islanding detection, all of which are critical for the integration
of renewable energy. WAMS enables dynamic load shedding and fast fault-clearing
mechanisms, minimizing system disruptions and reducing fault-clearing times. Fur-
thermore, its real-time fault detection capabilities enhance the grid’s self-healing
properties, ensuring that power systems remain operational even under adverse con-
ditions. By supporting these functions, WAMS contributes to the development of a
more resilient and adaptive grid.

5. Business Layer: Enabling Cost-Efficiency and Compliance

At the business layer, WAMS provides significant economic and regulatory benefits.
By enabling accurate and reliable grid operations, WAMS supports demand response
strategies and enhances energy trading in markets that include renewable energy
sources. It also ensures compliance with regulatory standards for grid reliability
and renewable energy integration. These capabilities enable utilities to optimize their
operations while achieving long-term sustainability goals. Moreover, WAMS facilitates
the planning and operation of power systems in ways that align with market dynamics
and future energy needs.

The integration of a WAMS into the SGAM framework represents a new frontier
in modern power system operations. With its real-time monitoring and fault detection
capabilities, WAMS addresses critical challenges in fault management, grid stability, and the
integration of renewable energy sources. Through its alignment with the five SGAM layers,
WAMS not only enhances grid reliability and resilience but also positions power systems
for a sustainable and economically viable future. As the energy landscape continues to
evolve, WAMS will remain a cornerstone technology in enabling the transition to smarter,
more adaptive grids.
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Figure 4. SGAM layers, zones, and domains [17].

3. WAMS Operation and Dynamic Fault Detection

WAMS are integral to modern power system management, particularly in enhancing
grid observability, supporting network expansion, and aligning with the SGAM [31]. The
ability of WAMS to perform real-time dynamic fault detection sets it apart from conven-
tional protection technologies, including SCADA-based state estimation. While traditional
systems rely on periodic measurements and interpolation techniques to estimate system
states, WAMS leverages phasor measurement units (PMUs) to provide high-resolution,
time-synchronized data, enabling more precise and timely fault identification (Figure 5).
This capability significantly enhances grid resilience by facilitating faster fault detection,
reduced fault-clearing times, and improved system stability [1,3,7].

Extensive research has explored the integration of WAMS into advanced smart grid
architectures, with a particular emphasis on enhancing the incorporation of renewable
energy sources [52–54]. WAMS enhances the adaptability of power networks to accom-
modate DERs such as wind and solar power by providing real-time insights into voltage
stability, frequency variations, and power flow dynamics [38,43]. This integration is partic-
ularly crucial for the development of renewable, smart microgrids, which utilize WAMS
for intelligent energy management, adaptive load balancing, and improved operational
resilience [54].
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Figure 5. Operationalization of PMU-based WAMS in infinite-bus grid model with communica-
tion system.

Despite significant advancements in smart grid research, limited attention has been
paid to the deployment of WAMS in aging power system networks, which are prevalent
in developing economies. The lack of comprehensive research on the type of data that
traditional power grids can provide for informed expansion remains a critical gap in the
literature, potentially hindering the progress of renewable energy development. One
key challenge in these regions is the frequent collapse of grid infrastructure. This issue,
particularly prevalent in Nigeria and South Africa, has led to recurrent power outages,
negatively impacting economic growth and deterring private investment in both the energy
and industrial sectors.

Ashok et al. conducted a comprehensive analysis of blackouts in developed economies,
outlining the operational states of a wide-area power system network—Normal, Alert,
Emergency, In-Extremis, and Restorative—to examine the mechanisms through which
blackouts occur and propagate within WAMS-integrated grids. Their study identified the
preconditions, initiating events, cascading failures, and restoration processes that charac-
terize blackout events [31]. While these insights have primarily been applied to modern
smart grids, they are equally relevant to traditional power networks. Understanding how
WAMS can be leveraged to mitigate systemic vulnerabilities in aging power infrastructures
presents a crucial research avenue that warrants further investigation.

The effects of weather conditions, along with the varying oscillations within power
systems, can collectively be classified as dynamic faults that impact grid stability. Through
WAMS, these faults can be accurately characterized, predicted, and mitigated, enabling
more efficient fault detection and facilitating the restoration of wide-area power systems
(WAPS) in the event of disruptions. WAMS can enhance grid observability and enable
proactive fault management by leveraging high-resolution, time-synchronized data from
the power system network.

Additionally, WAMS can collect and analyze critical data on the impact of lightning
strikes, governor responses, frequency instability (e.g., rate of change in frequency), os-
cillation issues, and interoperability challenges. These insights are particularly valuable
for increasing the observability and operational efficiency of traditional power system
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networks in developing countries, where aging infrastructure and inconsistent grid per-
formance remain persistent challenges. Through the integration of WAMS into these
networks, utilities can develop data-driven strategies to enhance system resilience, opti-
mize grid operations, and facilitate a smoother transition toward modernized, renewable
energy-integrated power grids.

As illustrated in earlier sections, the issue of communication is central to the opera-
tional effectiveness of WAMS. The SCADA network, which is the most popular system,
utilizes LAN systems to provide situational awareness [8]. On the other hand, WAMS aims
to circumvent the insufficiencies of SCADA systems and provide more achievable situa-
tional awareness that relates real-time information from the power system network to the
control room and from the control room relay instructions to automated infrastructure like
isolators, circuit breakers, and CTs to observe and control the entire power network [14,21].
The PMUs scattered and deployed across different locations on the power system network
must be interconnected to fulfill their responsibilities [14]. WAMS communication infras-
tructure, therefore, plays a crucial role in transforming a conventional grid into a smart grid
network. Gore and Valsan (2018) [45] analyzed the challenges and efficiencies in deploying
wireless communication infrastructure in WAMS. Premkumar et al. analyzed a WAMS
architecture communication system and found that the precision of the communication
system was determined by the distance of the PMUs from areas and, over time, the quality
of the PMU placement on these energy infrastructures [1]. Generally, for the purpose of
communication, the telecommunication infrastructure has been designed to be wireless to
truly achieve wide-area operation. GPS transmission is the most significant data transmis-
sion infrastructure. The C37.118 standard format is divided into four packets, which can a
transmit data frame, configuration frame, and header frame [1]. The data frame consists of
the PMU-measured real-time phasor data in binary. The configuration frame is the subset
of the available data in the data frame, which indicates the real-time data in the PMU [1,42].
These data can be transmitted only on a communication jacket in a way that synchronizes
the PMU data. The GPS provides the communication infrastructure that synchronized
the phasor measurements using PMUs placed in buses to complete the observability and
controllability of the grid. Hassak et al. designed a communication infrastructure that
deploys several wireless technologies to test their efficiency in monitoring and controlling
WAMS operations. These infrastructures include wireless LAN, Wi-Fi, Wi-Max, GPRS, and
GSM infrastructure [55]. Different communication infrastructures are selected to address
the specific requirements of a given energy grid.

3.1. Optimal PMU Placement and Fault Detection

WAMS generally uses PMUs that are synchronized using a GPS clock to provide
time-synchronized voltage and current phasors, including frequency measurements with
sub-microsecond precision [31,41]. Alhelou et al. performed further analysis on WAMS
communication infrastructure in different routing protocols when background traffic and
link failure are present [22]. Aminifar’s model design does not focus on the optimal
communication infrastructure for PMU placement in a power grid. His team identified
this limitation, where the optimal WAMS design was dependent on the optimal placement
of the PMUs on the power grid [11]. The identified role played by the Wi-Fi and other
wireless systems while guaranteeing the effective operation of the WAMS architecture
was still necessitated to include the complexities of the IEEE 14 bus systems; however,
the rapid transformation of conventional power system networks with such technologies
raises concerns for the eventual cyber-physical power system (CPPS) to be developed.
Ivanov and Dimova proposed an analysis of real-time data delivery in WAMS [53]. In
their proposed model, the real-time potential of the PMUs in the WAMS architecture
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was analyzed, and they concluded that for the cost-effective deployment of PMUs to
provide the maximum operation of the PMUs, the communication backbone network is
required to determine the shortest path using a routing algorithm and channel information
through an optical fiber in a ground wire without any delay analysis [53]. Premkumar
et al. presented a model in which PMUs themselves may not effectively disperse the
advantages of the WAMS architecture. In their argument, the placement of the PMUs
and the communications infrastructure is required to ensure the optimal functioning of
WAMS. This becomes necessary if the energy grid is designed to continually become
flexible for integrating newer models of protection and communication infrastructure. The
communication infrastructure in this context is synchronized with the placement of the
PMUs for the optimal delivery of PMU data. These indications expose the study of the PMU
placement problem [1]. The authors argued that PMUs are costly devices and, therefore,
are to be deployed in a way that maximizes their benefit even with limited numbers. They
proposed a deployment that would enable the further integration of technologies with no
need for a radical alteration to the PMUs deployed or the energy grid itself. They relate
the cost of PMU deployment to its effectiveness in the power grid with the following
equation [1]:

min
n

∑
i=1

cixi (1)

s.t. f (X) ≥ bi

where
xi is a binary decision variable vector with entries defined as

xi =

{
1 i f PMU is installed at bus i

0 otherwise

ci is the cost of the PMU installed at bus i;
b is the minimum observability matrix.
Fault detection is expressed as follows:

Vf = Vi − Zd
ij Ii

where
Vf = Voltage at the f ault point

Vi = Voltage at bus i,

Zd
ij = Impedance o f the line segment up to the f ault point,

Ii = Current f lowing f rom bus i.

When a fault occurs across the power system, distance d is nominally calculated using
the relationship

d =

∣∣Vi − Vj
∣∣

|Ii| · Zij

where
Zij = Total impedance o f the line i − j,

Vj = Voltage at bus j

Note that d is mostly calculated using impedance measurements across the line.
The values of Vj and Vi are obtained from PMU data, leveraging their ability to provide
time-synchronized phasor measurements with high precision. These data are critical for
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identifying and localizing faults in real time. However, when faults are dynamic and
evolve rapidly, such as in the case of transient faults or evolving system instabilities, the
sudden changes in Vj and Vi may not be efficiently captured and processed, particularly
if the sampling rate or data synchronization is inadequate. This has been a limitation
in traditional SCADA systems, which operate at much lower sampling rates (typically
seconds) and lack real-time synchronization.

Optimal PMU placement is therefore not just about ensuring observability but also about
capturing the dynamic changes in Vj and Vi with high fidelity. This involves strategically
locating PMUs at critical nodes where voltage deviations due to faults are most significant or
where fault propagation is likely to impact grid stability. It is in this design that metaheuristic-
based optimization algorithms are often explored to achieve overall grid stability. Furthermore,
the placement must account for areas of the network prone to high fault incidence or regions
where transient behavior can significantly affect operational decisions.

To enhance the effectiveness of PMU placement, it is essential to consider the dynamic
characteristics of the system. While PMUs provide near-instantaneous measurements, they
assume a relatively stable frequency or phase angle value across the grid. During faults,
the grid frequency and phase angles may deviate, but these deviations are generally slower
compared to the rapid voltage changes. Thus, the PMU placement strategy should aim to
maximize the ability to monitor Vj and Vi dynamics under these conditions [56].

Additionally, advanced data processing techniques, such as adaptive filtering and
real-time dynamic state estimation, can complement optimal PMU placement. These
methods help refine the measurement of Vj and Vi during fast-changing fault scenarios,
ensuring that the system remains accurately observable even under extreme conditions.
Therefore, the design of optimal PMU placement should not only focus on achieving full-
network observability but also on capturing and processing the dynamic changes in voltage
magnitudes at critical points in the grid. Doing so ensures that the system can efficiently
respond to and mitigate the impact of rapidly evolving faults, maintaining stability and
operational integrity.

3.2. Limitation of PMU Placement in Developing Countries

In recent studies on WAMS, the PMU and PDC roles have been explored extensively
vis à vis the cost-effective means of their deployment [5,13,14,21,25,48]. The main reason
WAMS has not been deployed in energy infrastructures in less developed countries is
the initial cost [14]. In these economies, power systems are significantly plagued with
issues captured in wide-area monitoring systems that SCADA systems cannot detect [26].
Undoubtedly, authors [14,24,25] that know about the infrastructure mechanisms in WAMS
are beginning to identify cost-effective means by which the communication infrastructure
can accommodate the deployment of PMUs and PDCs on the grid to maximize the potential
of WAMS. Premkumar et al. provided one example that illustrates the tendency for
PMUs to be deployed and produce lower efficiency compared to others with the same
communication jacket (CJ). The node–node interconnection achieved with PMUs is unveiled
as the characteristic vehicle for transmitting the data collected on the grid to the control
centers [1,21,25]. Though wireless, the potency remains subject to the sophistication and
technicality of the PMU deployment [1].

Mohammadi and Zamani et al. supported this position by analyzing different models
for deploying PMUs on the grid using the same communication infrastructure [14,42]. In
practice, Mohammadi’s team identified the N-1 contingency when a single-line or single-
PMU outage occurs. They operated the WAMS architecture as one designed to maximize
the communication infrastructure [42]. They showed that different algorithms are to be
used to determine the efficiency of both PMU-PDC complexes in a WAMS [42]. During
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the WAMS application processes, Mohammadi’s team suggested and analyzed several
algorithms to determine the node–node iteration and provide a viable N-1 contingency
for the effective operation of WAMS. Regarding the non-dominated sorting genetic algo-
rithm, binary particle swarm optimization, and binary imperialistic competition algorithm,
they found these inefficient in determining the safest and most efficient single path for
PMU placement [42]. After analyzing different studies and their various means of placing
PMUs, Mohammadi et al. identified the need to consider the communication infrastruc-
ture required by those designs and make the entire WAMS design and deployment both
efficient and cost-effective [42]. In accomplishing these tasks, Premkumar et al. used
the Dijkstra single-source shortest-path algorithm to determine the effective method of
PMU-PDC deployment at a considerable communication infrastructure cost for WAMS to
be advantageous in practice [1].

4. WAMS and Artificial Intelligence

As discussed above, WAMS addresses the fundamental issue of lacking situational
awareness in a conventional SCADA infrastructure. Especially in a widely independent–
interdependent energy infrastructure, the WAMS architecture can make the grid situation-
ally aware and the conventional grid smarter without the need to overhaul a significant
part of the design. In terms of complexity, the PMU, PDC, synchrophasor, and commu-
nications infrastructure technologies have seen different obstacles being presented that
mitigate the deployment of the WAMS architecture on a grid [24]. As pointed out during
the analysis of different communication infrastructures, the various algorithms needed
for their deployment are as complex as WAMS [1,42]. In every engineering endeavor, the
global optimum operation of every design is paramount, especially in terms of efficiency
and cost. In the case of WAMS, Dijkstra’s algorithm is used, and an N-1 contingency may
arise from the binary imperialistic competition algorithm. This must be duly calculated
and analyzed [1,42]. The research in [42] also showed that communication infrastructure
design can conform to the efficient PMU design and thus become more cost-effective. In
practice, these deployments have been known to change based on load differences and
load potentials developing across the different load centers on the grid [8,24]. AI, therefore,
becomes necessary to conduct these complex calculations and algorithms to ensure a proper
and effective means of deploying WAMS along the grid with the least number of PMUs
to achieve the maximum situational awareness of the grid. The Dijkstra algorithm could
be modified at any time with an AI infrastructure by considering other factors like fault
lines and vulnerable sections in optimizing PMU node placement [42]. With AI technology,
the effective means of maximizing the communication infrastructure becomes feasible and
cost-effective. Once this is considered, multiple studies have shown that WAMS adoption
would increase drastically across economies that lack the financial incentives to deploy
a smart grid [1,5,11,44]. In the race to deploy renewable energy systems in transitioning
to a green economy, especially in largely sunny sub-Saharan Africa, the deployment of
solar generation is paramount [57]. The intermittency of renewable energy sources remains
a significant challenge that must be addressed to prevent major blackouts and ensure a
reliable power supply. This can be achieved through strategies such as minimizing energy
losses and improving consumption efficiency [52]. WAMS, when integrated with AI, offer
a transformative solution by enabling the real-time determination of the safest and most
efficient single-PMU paths for energy transmission across the grid [58,59]. This integration
leverages AI’s advanced computational capabilities to enhance the speed, accuracy, and
reliability of grid monitoring and fault management.

AI significantly enhances the functionality of WAMS by refining metaheuristic opti-
mization algorithms, including immune genetic algorithms, search trees, and simulated
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annealing, while simultaneously ensuring the robustness and integrity of the WAMS
architecture [60,61]. These optimization techniques are critical in addressing fault detec-
tion, stability assessment, and system reliability, particularly in complex and evolving
power grids.

Alhamrouni et al. identified several metaheuristic-based algorithms that form the
backbone of AI deployment in power system networks. Their evaluation of four pri-
mary categories of optimization techniques—artificial neural networks (ANNs), fuzzy
logic, evolutionary methods, and expert systems—highlighted the unique advantages of
evolutionary-based algorithms, particularly those leveraging swarm intelligence, for power
system optimization and fault detection [62,63]. Evolutionary algorithms offer self-adaptive
mechanisms, global search capabilities, and robust convergence properties, making them
well suited for dynamic power system environments where real-time decision making is
essential. Among these, particle swarm optimization (PSO) has been widely recognized for
its effectiveness in optimizing grid stability, designing protection schemes, and diagnosing
faults [46,62,64]. PSO operates by mimicking the social behavior of particles (or agents) in
a multidimensional space, allowing for the efficient exploration of search spaces and the
identification of optimal solutions in power system applications. This technique has been
particularly effective in enhancing fault detection precision, reducing response times, and
improving grid resiliency. Polster et al. further emphasized the application of AI-driven
optimization in WAMS-based systems by exploring hybrid optimization methods for fault
detection [65]. Their research introduced a hybrid approach combining PSO techniques
with Newton’s method, comparing it against traditional linearization techniques that have
historically dominated the field. By leveraging PSO’s global optimization capabilities
alongside Newton’s rapid convergence properties, their approach significantly improved
fault localization accuracy, reduced computational complexity, and enhanced the overall
adaptability of WAMS in dynamic grid environments [65]. These findings illustrate the
growing role of AI-driven optimization in modern power system monitoring, demon-
strating AI’s potential to revolutionize fault management, stability enhancement, and
operational efficiency in smart grid architectures.

Despite their consistent use, the PSO algorithm still suffers from several limitations.
PSO has limitations in handling fast-changing voltage and current parameters, which are
common in dynamic grid conditions. On the other hand, ant colony optimization (ACO)
and Bee Colony Optimization (BCO) overcome these limitations by offering adaptive
protection schemes capable of responding to real-time changes in the grid. This adaptability
makes ACO particularly suitable for ensuring grid stability under rapidly fluctuating
conditions [62].

These advanced optimization techniques also provide a foundation for training AI
models to detect and classify new fault patterns. AI systems, equipped with these models,
can rapidly deploy adaptive protection schemes and reconfigure the grid in response
to evolving conditions, thereby ensuring overall grid stability. The continuous learning
capability of AI allows it to evolve alongside the grid, improving resilience and performance
over time.

Furthermore, the integration of AI into WAMS has broader implications for the future
of power systems. AI can serve as the cornerstone for a flexible AC transmission system
(FACTS), enabling precise control of power flows and improving grid flexibility. It is
also central to smart grid development, facilitating efficient energy management, demand
response, and the integration of distributed energy resources. In modern CPPS, AI’s ability
to process vast amounts of data in real time ensures enhanced situational awareness, fault
detection, and mitigation. AI’s role in WAMS technology extends beyond simple optimiza-
tion. It provides a comprehensive framework for enhancing grid stability, reliability, and
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adaptability in the face of increasing complexity and variability in modern energy systems.
This synergy between AI and WAMS paves the way for a more resilient, efficient, and
sustainable power grid capable of meeting the demands of renewable energy integration
and evolving load dynamics. Optimization problems in WAMS can be addressed for the
simultaneous modification and application of WAMS in degenerate power system net-
works [61]. Advanced communication infrastructure using fiber optics technology can also
be flexibly employed in the WAMS architecture to achieve more cyber protection nominally
guaranteed with GPS [25]. In simple terms, due to the high costs of PMUs and PDCs, it is
not financially imperative to deploy PMUs on all system buses. With AI, the best possible
path could be determined [61,66].

5. Cyber-Physical Power Systems and Smart Grid Development

The potential of the WAMS network to transform conventional power system networks
is well established, but it comes with risks and concerns that potentially compound issues
that smart grids were designed to solve [67]. The rise of modern communications systems
means that existing power networks will inevitably be integrated to develop a more
coherent smart grid architecture responsive to dynamic changes in the grid (as shown in
Figure 6a) [67,68]. Despite the inevitability of the design, conventional power systems
(especially those of sub-Saharan Africa) are naturally prone to conventional faults on a scale
that threatens power system stability and operation. With a poor cybersecurity platform,
highly volatile communications systems may be exploited to cause more damage to these
networks [67].

Figure 6. (a) Block diagram of how WAMS integrates into physical power system through strategic
PMU deployment to become CPPS. (b) Schematic of potential application in multi-energy system
with wide-area network (WAN) and neighborhood-area network (NAN).

Xu et al. pointed out different forms of cybersecurity attacks on CPPS integrated
with Industry 4.0 tools, industrial ethernet, internet of things (IoT), and TCP/IP with the
potential of testing the resilience of the CPPS [69,70]. With an analysis of the impact of
cyberattacks on the Ukrainian power systems and the impact of natural hazards on CPPS,
Xu et al. concluded that cybersecurity attacks on CPPS are categorized based on intent,
which will then determine the form of protection strategies to be deployed on the net-
work [69]. A CPPS, which is based on an ICS with high security requirements, can still fall
prey to cybersecurity threats targeting integrity, availability, and confidentiality [67,69,71].
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This paper’s analysis of the future role of AI in WAMS and CPPS makes this threat more
concerning. In mitigating these looming issues, advancements in WAMS design (and espe-
cially its communication infrastructure) should be built on cybersecurity models [67,71].
An absence of this may cause chaos, especially in cases where natural hazards like storms
can derail most wireless communication systems at specific frequencies. Xu et al. empha-
sized the impact of natural hazards on physical systems while mostly focusing on wireless
compromising power system networks. They encourage a holistic view of natural hazards,
citing the impact of 2008’s storms in China’s southern province where 678 power lines
(500 kV) and 1432 towers (220 kV) collapsed, compromising the existing CPPS and making
it tenuous for integrating potential smart grid infrastructures [69]. Disruptions to the phys-
ical power system network often impact the cyber infrastructure, which is also complex to
maintain and replace since WAPS are mostly integrated and coupled together (as shown
in Figure 6b) [67,72]. Consequently, cyber threats arise for the PMUs and WAMS infras-
tructure, e.g., from hackers introducing malware into low-risk systems incorporated into
the larger networks responsible for regulating voltage and current levels in the system. In
this situation, a greater impact can mean that DERs, which are constantly being integrated
into the conventional grid, can become a conduit for more comprehensive cyber-attacks in
CPPS [72]. Ashok et al. also highlighted that when considering WAPS, attention must be
paid to their framework [31]. Cybersecurity threats are not only in software areas [16]. Their
study pointed out that physical damage to the power system could be the basis of further
cyber threats that can evolve and compromise the entire system. A WAMS, as shown in
Figure 6b, could help facilitate this transition from traditional power system networks
to comprehensive CPPS in sub-Saharan Africa. With this understanding, cybersecurity
measures should address both the software and hardware of a power system network.

Yohanandhan et al. assessed different models of visualizing CPPS interaction models.
In each instance of the graphical, mechanical, probabilistic, and simulation models, they
identify the Petri net model as the only one of the graphical models capable of visual-
izing sCPPS models to define both the interaction phenomena between the continuous
nature of conventional power systems and emphasize the dynamic nature of cyber systems
integrated with CPPS [71]. This emphasis is needed if accurate simulations provide the
assessment of possible cyber threats to potential WAMS-based models. Similarly, research
studies by Karamdel et al. followed a similar position, suggesting that potential CPPS
may also include cloud-based energy management systems. They argue that financially
motivated attacks will therefore seek to compromise the energy systems, since cloud-based
systems have the potential to reduce financial losses in smart grid systems [67]. Aside from
these attacks, coordinated cyber-physical attacks are potential ways that CPPS could be
compromised and infiltrated [51,73]. If WAMS are to be deployed in conventional power
system networks to transform them into credible CPPS, optimization models for deploying
PMUs on the smart grid networks are to be prioritized since most dynamic load-altering
attacks exploit PMU placement on WAMS [51,67,71]. Mitigation strategies can include
several layers of optimization models, including multilayer models that ensure that the
different categories of cyber-physical attacks on PMUs, RTUs, and SCADA systems can
be identified and accurately addressed to ensure overall CPPS integrity [53,68,69]. State
estimation models, the foundation of most energy management systems, can be compro-
mised using frequency transmission techniques like false data injection attacks targeting
simple RTU-PMU placement on the lines, which can ensure isolation at critical physical
and cyber conditions that can mitigate the collapse of erstwhile conventional systems and
current smart grid architecture [67,71]. The asynchronous, dynamic, and concurrent nature
of CPPS in the operation means that PMU and WAWS operation will both be dynamic
and designed to be responsive, especially in cloud-based systems; therefore, in such cases,
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state estimation may be performed spontaneously for other dynamic assessments to be
conducted [67,68,71]. In this scenario, a multi-level optimization could make the system
respond to dynamic changes in transient systems, which are mostly avenues for com-
promising smart grid systems. In simple terms, a multi-level CPPS attack will require a
multi-level optimized mitigation technique to address potential damage to both system
integrity and financial models of CPPS [67]. These complex optimization techniques can
be operated well using AI systems integrated into CPPS and smart grid architecture. In
such AI-integrated smart grid systems, machine learning (ML) models can be designed to
test for the Karush–Kuhn–Tucker (KKT) conditions, which are essential in processing the
nonlinear programming data reported from the dynamic system operations [67,68].

6. Conclusions

SCADA systems have become an integral part of conventional power systems. Emerg-
ing economies including Nigeria and other African countries have adopted SCADA sys-
tems to integrate their multiple protection components, including current transformers,
power transformers, and relays [74]. The SCADA systems in these countries promise more
sensitivity and awareness. Still, the incessant reports of faults on the grid have made
them mostly incapable of participating in recent conversations around clean energy and
renewable energy technologies. WAMS using PMUs, RTUs, and, in some cases, some
SCADA infrastructures have been able to fill the gap of power system development and
expansion comprehensively. The rise of AI has sparked expert conversations about the
evolution of WAMS to accommodate cybersecurity challenges that may compromise clean
energy development and renewable energy integration into the grid. With the increase in
energy consumption due to population and the high impact of climate change (heat wave),
power system expansion and potential CPPS are required to meet this demand [72]. This
demand can greatly compromise existing energy infrastructure, especially conventional
power system infrastructure in Nigeria and sub-Saharan African countries. Most of these
energy grid systems are marred by inflexibility making them unresponsive to dynamic
changes occurring in the grid. While smart grid systems have been installed in most of
these cases to integrate DERs into the grid, CPPS designs remain the feasible solution for
the overall grid [68]. Environmental factors compromise some aged systems, making them
prone to faults and grid collapse during energy crises. Energy experts and researchers
have identified WAMS as the significant way of making these conventional systems into
smart grids and potentially transforming them into cyber-physical power system networks
operating via optical-fiber-powered systems. This revolution in energy configuration will
become the needed factor in placing these developing-world economies to contribute and
participate in modern renewable energy conversations. However, WAMS are known to be
expensive, and their flexibility depends on the design model applied in distributing the
PMUs across the power system infrastructure. AI can play a significant role in ensuring that
the WAM infrastructure is distributed along the line in a way that is both affordable and
operationally effective. However, the CPPS and smart grid systems may also become prone
to cyber-physical attacks, which could heavily compromise power system operation. Opti-
mization techniques are the safest approach to deploy PMUs on the grid cost-effectively
and to improve the integrity of the overall systems. These issues of optimization are quite
concerning since the data collected are numerous and dynamic. The dynamic nature of the
CPPS and smart grids will mean that highly accurate stochastic analysis will be required
to identify cyber threats and still carry out control functions. AI could be efficient in such
roles: rapidly retrieving and processing data, flagging cyber threats, and stacking up CPPS
and smart grid behaviors simultaneously. AI is already informing power system expansion,
the growth of the smart grid, and algorithms to maximize energy efficiency [34,42]. The
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observability and controllability of the power system network will also be greatly increased
since AI models can improve the collection and analysis of the PMU data along the line and
provide recommendations to control system operators for decisive steps to ensure power
system integrity. AI could rapidly respond to security breaches and shut down sensitive
infrastructure that may compromise long-term operations.

In conclusion, integrating AI with WAMS offers transformative improvement in fault
mitigation. While traditional SCADA systems have long served as the backbone for moni-
toring and controlling electrical grids, their limitations in real-time data processing and
prediction are increasingly evident. By contrast, AI-enhanced WAMS leverage sophisti-
cated ML algorithms and analytics to offer unprecedented situational awareness and fault
prediction. These systems can process vast amounts of data from PMUs at high speeds,
providing operators with real-time insights and predictive analytics that enable proactive
fault detection and swift corrective actions.

Moreover, the adaptability of AI ensures that these systems can continuously learn
from historical data and improve their predictive models, making them highly effective
in anticipating and mitigating potential faults before they escalate into significant issues.
This continuous learning starkly contrasts with the static nature of SCADA systems, which
rely heavily on predefined rules and manual interventions. AI-driven WAMS can identify
patterns and anomalies that may not be immediately apparent to human operators, thus
providing grid reliability and resilience.

Finally, integrating AI with WAMS facilitates advanced applications in CPPS, such as
automated fault location, isolation, and system restoration, which are critical for minimizing
downtime and maintaining smart grid stability. The ability to rapidly respond to and
recover from disturbances reduces the economic impact of power outages and improves
the power system’s overall efficiency. In essence, the synergy between AI and WAMS
mitigates faults more effectively than SCADA systems can. The combination ushers in a
new era of intelligent, self-responsive, CPPS that far surpass the capabilities of traditional
SCADA systems and WAMS individually. The future of power system management lies in
this integration, promising more resilient, reliable, and efficient energy infrastructure.

7. Recommendations

The increasing complexity of modern and wide-area power systems, particularly in
developing economies, highlights the need for advanced monitoring and control mech-
anisms to ensure grid reliability and support renewable energy integration. WAMS and
its extended frameworks, including Wide-Area Monitoring and Control (WAMC), Wide-
Area Protection and Control (WAMPAC), and Wide-Area Power, Control, and Monitoring
(WAPCAM) systems, have emerged as key enablers of this transition. However, despite
significant advancements in smart grid technology, limited research has explored the de-
ployment of WAMS and their variations in traditional power system networks, especially
in sub-Saharan Africa, where aging infrastructure and unstable grids persist. To address
this gap, a structured approach is necessary, integrating real-time monitoring, AI-driven
optimization, cybersecurity frameworks, and scalable financial models. This multi-prong
approach is necessary for a robust sensitivity analysis to engage with regional stakeholders
on the importance of WAMS in sustainable energy development.

A critical recommendation is the development of comprehensive models for deploy-
ing WAMS and WAMC, WAMPAC, and WAPCAM systems in WAPS across developing
countries such as Nigeria and South Africa. These models should aim to enhance grid
observability, improve fault detection, and enable large-scale renewable energy integration.
Given the increasing penetration of DERs, such as solar photovoltaics (PVs) and wind
power, future grid systems must leverage real-time synchrophasor data analytics to mitigate
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power fluctuations and ensure system stability. The integration of hybrid WAMS-SCADA
frameworks can facilitate the transition from traditional power networks to adaptive
smart grids, mitigating challenges associated with renewable energy intermittency and
voltage fluctuations.

Another crucial area of focus is cybersecurity in CPPS and WAMS deployment. As
power grids become more digitalized, the increasing vulnerability of PMUs, communi-
cation networks, and control centers to false data injection (FDI), denial-of-service (DoS)
attacks, and malware infiltration remains a significant challenge. To enhance the security of
WAMS-based systems, future grid architectures should integrate blockchain-based security
mechanisms, AI-driven anomaly detection, and self-healing network protocols to safeguard
against cyber threats. Furthermore, the interdependence between physical infrastructure
and cyber networks must be addressed, as disruptions in physical grid components can
trigger cascading failures in digital control systems. Additionally, a more robust cybersecu-
rity system should be developed to strengthen the communication infrastructure required
for WAMS deployment. This includes the adoption of security network protocols such
as Transport Layer Security (TLS) to ensure encrypted data transmission and mitigate
unauthorized access risks. As phishing attacks become more prevalent in PMU-based
systems, increased efforts should be made to develop resilient authentication and intrusion
detection frameworks to further secure power grid networks.

Ensuring the cost-effectiveness of WAMS deployment in developing economies is
another key recommendation of this review. Some research suggests that the cost of
deploying a PMU is more expensive than the PMUs themselves. This area must be swiftly
improved to ensure a broader adoption of the technology. While industrialized nations
have successfully integrated WAMS into their national grids, many developing countries
face financial and infrastructural constraints. Strategies involving the development of low-
cost PMUs, scalable fiber optic and 5G-enabled communication networks, and innovative
financing models should be explored. Additionally, public–private partnerships and
government-backed incentives can play a pivotal role in ensuring sustainable investments
in energy infrastructure.

AI will be essential for optimizing WAMS functionality, particularly in fault detection,
predictive maintenance, and grid resilience. The application of deep learning, reinforcement
learning, and quantum computing will enable more accurate fault localization, reduced
system downtime, and improved operational efficiency. By leveraging AI-enhanced WAMS,
developing economies can optimize power flow dynamics, reduce transmission losses, and
enhance the overall adaptability of their power grids.

Finally, policy standardization and regulatory frameworks must be established to
ensure the interoperability and long-term sustainability of WAMS deployment. The absence
of global WAMS implementation standards has resulted in fragmented adoption and
compatibility issues across different grid infrastructures. Future efforts should prioritize
the development of interoperability guidelines, cybersecurity compliance frameworks,
and international research collaborations to ensure harmonized WAMS deployment across
power networks.

Future Work

Although significant research has explored WAMS applications in modernized power
systems, several gaps remain regarding its adaptation for traditional power grids, particu-
larly in developing economies. Future research should focus on refining WAMS models
that can be tailored to aging power infrastructures, improving fault detection mechanisms,
and developing data-driven methodologies for optimizing grid expansion planning. This is
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especially crucial in Nigeria and South Africa, where frequent grid collapses and unreliable
energy supply have hindered economic growth and industrial development.

A key area for future research is the expansion of WAMS to support renewable energy
microgrid development. Many developing economies rely on off-grid and microgrid
solutions to address energy access challenges [75,76]. Future studies should investigate how
WAMS-enabled microgrid expansion can improve electrification in remote areas, ensuring
grid stability while supporting decentralized renewable energy systems. Additionally,
the WAMS-based optimization of distributed energy storage could play a crucial role in
mitigating power supply fluctuations and enhancing overall system reliability.

Another pressing research avenue is the integration of AI-driven cybersecurity frame-
works into WAMS-based power networks. With increasing cyber threats targeting critical
power infrastructures, future work should explore adaptive cyber-physical security models
that leverage machine learning and multi-agent systems to detect, mitigate, and prevent
attacks in real time. Additionally, the development of self-learning cybersecurity archi-
tectures that can dynamically adjust to evolving threats will be instrumental in ensuring
grid security in CPPS environments. Furthermore, enhanced protections against phishing
attacks in PMU-based systems should be explored, as these attacks continue to pose a
growing risk to data integrity and network security.

SGAM will also play a key role in the future development of WAMS. Future stud-
ies should establish methodologies for integrating WAMS within the SGAM’s five-layer
framework, enhancing grid interoperability, observability, and efficiency. Identifying scaling
challenges and proposing solutions for implementing SGAM in traditional power grids, par-
ticularly in sub-Saharan Africa, will be crucial for modernizing outdated grid infrastructure.

Finally, economic and policy research should be expanded to support large-scale
WAMS deployment. Future studies should analyze financing models for widespread
WAMS adoption, including opportunities for international investments in smart grid
infrastructure. Additionally, investigating the long-term economic benefits of WAMS
deployment, particularly in relation to grid stability, renewable energy penetration, and
industrial growth, will provide crucial insights for policymakers and energy stakeholders.
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FACTS Flexible AC transmission system;
GPS Global Positioning System;
IoT Internet of things;
IP Internet protocol;
KKT Karush–Kuhn–Tucker;
NAN Neighborhood area network;
PDC Phasor data controller;
PMU Phasor measurement unit;
PSO Particle swarm optimization;
RTU Remote terminal unit;
SCADA Supervisory control and data acquisition;
SGAM Smart Grid Architecture Model;
SMT Synchrophasor measurement technology;
WAMS Wide-area measurement system;
WAMC Wide-area monitoring and control;
WAMPAC Wide-area monitoring, protection, and control;
WAN Wide-Area network;
WAPCAM Wide-area power control and monitoring;
WAPS Wide-area power system.
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Abstract: Distribution networks are an indispensable component of modern economic
societies. Against the background of building new power systems, the rapid growth of dis-
tributed renewable energy sources, such as photovoltaic and wind power, has introduced
many challenges for distribution network planning (DNP), including different source-load
compositions, complex network topologies, and varied application scenarios. Traditional
heuristic algorithms are limited in scalability and struggle to address the increasingly com-
plex optimization problems of DNP. The emergence of new artificial intelligence provides
a new way to solve this problem. Based on the above discussion, this paper proposes a
DNP method based on deep reinforcement learning (DRL). By defining state space and
action space, a Markov decision process model tailored for DNP is formulated. Then, a
multi-objective optimization function and a corresponding reward function including con-
struction costs, voltage deviation, renewable energy penetration, and electricity purchase
costs are designed to guide the generation of network topology schemes. Based on the
proximal policy optimization algorithm, an actor-critic-based autonomous generation and
adaptive adjustment model for DNP is constructed. Finally, the representative test case is
selected to verify the effectiveness of the proposed method, which indicates that the pro-
posed method can improve the efficiency of DNP and promote the digital transformation
of DNP.

Keywords: DNP method; DRL; Markov decision process model; proximal policy optimization

1. Introduction

As an important component of modern power systems, distribution networks play a
crucial role in promoting economic development, improving livelihoods, and facilitating
energy transitions [1–3]. With the development of distributed renewable energy sources
(such as photovoltaics (PVs) [4] and wind turbine generators (WTGs) [5]) and the emergence
of new load types (such as electric vehicle), distribution systems are characterized by
diverse source-load configurations and a complex grid structure. In addition, the variability
of solar irradiance and wind speed in different regions brings uncertainties, which present
new challenges for the task of distribution network planning (DNP). However, traditional
planning methods primarily rely on human experience, which are influenced by planners’
expertise. These methods have the drawbacks of low efficiency and suboptimal quality.
Therefore, how to choose appropriate methods to achieve efficient DNP schemes generation
is a worthy issue.
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As an effective tool, heuristic algorithms [6–8] (such as the simulated annealing algo-
rithm (SAA), genetic algorithm (GA), ant colony optimization (ACO), and particle swarm
optimization (PSO)) are widely used in the field of distribution networks. By integrating
the steepest descent method with the SAA, ref. [9] proposed a DNP approach in which
the capital recovery, energy loss, and undelivered energy costs were considered simulta-
neously. By combining a GA with the k-nearest neighbors structure, a hybrid GA-based
radial distribution network reconfiguration method was displayed in [10] which reduced
the search space while enhancing planning performance. Ref. [11] employed fuzzy logic
systems to process the objective function and further utilized ACO to determine the optimal
solution, which solved the optimal configuration of switching devices in the distribution
network. A two-stage heuristic structure was constructed in [12] to choose the switches,
and the reconfiguration of radial distribution networks was solved. By employing heuristic
algorithms to determine the service areas of substations, ref. [13] addressed the substation
planning problem for large-scale distribution networks. Additionally, the unreliability of
feeders and substations was studied simultaneously. Ref. [14] proposed a new hybrid opti-
mization approach combining PSO and Tabu Search to deal with the expansion planning
of large-scale electric distribution networks. Ref. [15] solved the multi-objective reconfig-
uration of distribution networks with distributed power sources, in which an improved
binary PSO algorithm was designed to enhance global search ability and accelerate conver-
gence. By combining binary PPO for network investment decisions and inner optimization
for flexibility procurement, cost-effective and adaptable distribution network expansion
planning was achieved in [16]. A GA and PSO were combined in [17] to determine the
best locations and sizes of distributed generation units, which reduced power losses and
enhance voltage stability while respecting safe constraints. Based on PSO, an enhanced
fault-recovery reconfiguration method for DC distribution networks was proposed in [18]
which ensured that power can be quickly restored after a fault occurs. However, heuristic
algorithms have limited solving capabilities, and the solutions generated by heuristic al-
gorithms exhibit low generalization, which makes it difficult to address the increasingly
complex optimization problems of DNP. Nowadays, artificial intelligence technologies
have been applied in the entire spectrum of power systems, including generation, transmis-
sion, substations, distribution, and consumption. Moreover, many complex tasks, such as
load forecasting [19], voltage stability control [20], and emergency control [21], have been
implemented by utilizing artificial intelligence technologies.

In recent years, the artificial intelligence technologies represented by deep reinforce-
ment learning (DRL) have experienced rapid development [22]. By combining deep learn-
ing and reinforcement learning, DRL can effectively deal with complex decision problems.
The main idea of DRL is that agents continuously interact with their environment to obtain
optimal policies. Recently, DRL has been extensively applied in the field of power systems,
such as voltage control [23], frequency control [24], and load shedding control [25]. In [23],
uncertainties in operating conditions and system physical parameters were considered, and
a DRL-based voltage control approach was proposed for maintaining voltage within a safe
range. Based on multi-agent DRL, a data-driven frequency control method for multi-area
power systems was proposed in [24] which effectively reduced the frequency fluctuations
caused by load variations and renewable energy sources. By designing a novel voltage-
based reward function, the deep deterministic policy gradient (DDPG) algorithm was
utilized to achieve load shedding control in [25], improving the ability of anti-disturbance.
Refs. [26–28] utilized soft actor-critic to solve issues in electric vehicle charging, dynamic
network reconfiguration, and volt-VAR control, respectively. By utilizing the DDPG to
distribute torque between two motors to enhance energy efficiency, a hierarchical energy
management strategy structure was constructed in [29]. In [30], a multi-agent DRL ap-
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proach was developed which combined discrete DQN and continuous DDPG on different
time scales to optimize long-term voltage deviations. In [31], risk sensitivity and the un-
certainties of renewable generation were integrated in TRPO, and a systematic way for
multiple microgrids to cooperate was proposed. Proximal policy optimization (PPO) [32]
was proposed by OpenAI in 2017, which is a reinforcement learning method based on
the actor-critic (AC) architecture. By integrating trust region policy optimization with the
advantage AC, the PPO algorithm prevents performance degradation caused by excessively
large policy updates. In [33], a two-level planning model based on PPO was developed,
and a grid structure optimization algorithm based on electrical coupling degree was pro-
posed which reduced the search space and alleviated the difficulty of acquiring splitting
sections. In [34], a multi-agent PPO was introduced to construct the multi-layer energy
management system to deal with challenges in mechanism modeling and supply-demand
uncertainty. PPO was introduced to learn the optimal policy for flexible battery energy
storage systems in [35], in which the working time and the balancing performance were
optimized simultaneously. Ref. [36] presented a PPO-based decentralized framework for
the voltage control of microgrids. Ref. [37] took cyber contingencies into consideration,
designing a graph-based DRL framework in which the graph information was embedded
into the PPO algorithm to alleviate the impact of cyber contingencies. Stackelberg–Nash
PPO was constructed in [38] to deal with the influence of neglecting consumers’ interests
and temporal relationships between participant actions. Based on the above discussion,
DRL has been applied in multiple fields such as voltage control, reactive power dispatch,
load shaping, demand response, and energy storage optimization. However, there are
still some issues that need to be resolved; for example, few DNP studies consider the
topology structure of distribution networks, while some DRL frameworks only focus on
one main objective and neglect other factors. Thus, we propose a DRL-based DNP method
considering renewable energy in this paper. The contribution of this paper is as follows:

(1) By designing the action space and state space, we construct a Markov decision process
(MDP) for DNP. Through this transformation, the problem of DNP can thus be
integrated into the DRL framework.

(2) Considering line construction costs, voltage deviation, renewable energy subsidies,
and electricity purchasing costs, a multi-objective optimization function is designed.
Additionally, a multi-reward function is developed to guide the agent to learn the
optimal policy. After sufficient training, the agent can generate optimized plan-
ning schemes.

(3) Based on the AC architecture, a PPO-based DNP algorithm (PPODNPA) is designed.
The actor network (AN) generates planning schemes upon receiving reward signals
and environmental states, while the critic network (CN) further evaluates these
schemes to optimize the AN, which achieves the autonomous generation and adaptive
tuning of the planning scheme. Simulation results validate the superiority of the
proposed algorithm.

The remaining part of the paper is as follows: In Section 2, the MDP for DNP and
planning model is defined. In Section 3, the PPODNPA is designed, which achieves
the autonomous generation and adaptive tuning of the DNP scheme. In Section 4, the
simulation results are displayed and heuristic algorithms are introduced to demonstrate
the superiority of PPODNPA. A flow chart of this paper is displayed in Figure 1.
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Figure 1. Flow chart.

2. MDP for DNP and Planning Model

2.1. MDP for DNP

In general, MDP can be represented by a quintuple (S, A, P, R, γ) [39], where S denotes
the set of states, A denotes the set of actions, P represents the state transition probabilities,
and R is the reward. The diagram of the MDP is illustrated in Figure 2, where Si corresponds
to the ith state, Pk

ij denotes the probability of transitioning from state si to state sj after

taking action ak, and Rk
i indicates the immediate reward generated by taking action ak in

state si.
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Figure 2. Diagram of MDP.

Considering the characteristics of DNP tasks, we assign physical meanings to various
parameters of the MDP model. First, we define the state space as

S =

{
PWTG, QWTG, PPV , QPV ,
Lm, Ui, Iij, DWTG, DPV , Sij

}
(1)
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where PWTG and QWTG represent the active power and reactive power of WTG, PPV and
QPV represent the active power and reactive power of PV, Lm represents the construction
status of the lines, Ui represents the node voltage, Iij represents the line current, DWTG and
DPV represent the installation status of PV and WTG, and Sij represents the result of load
flow calculation. Then, we define the action space:

A = {al , aWTG, aPV} (2)

where al represents the construction of lines, aWTG represents the construction of WTG,
and aPV represents the construction of PV.

Remark 1. It should be noted that load fluctuations, uncertainties in solar irradiance, and regional
variations in wind power are factors that need to be considered. In this study, we use normal
distribution to simulate uncertainties in PV output and load, and use Weibull distribution to
simulate uncertainties in WTG output.

After defining the state space and action space, we establish the transition of the
distribution network framework: By applying an action to the initial network, both its
topology and the installation status of renewable energy sources will be changed. Due to
the inherent uncertainties associated with renewable energy, state variables such as power,
line current, and node voltage will be converted into other states with certain probabilities.
This definition will be utilized in the subsequent algorithm design. In the next section, the
planning model will be further proposed, which includes the objective function and some
necessary constraints.

2.2. Planning Model

The objective function is the economic cost of DNP considering renewable energy,
which includes investment cost, electricity purchase cost, and renewable energy subsidies.
It is defined as follows:

min : Ctotal = Ncost
k(1 + k)y

(1 + k)y − 1
+ β1Ebuy − β2Esub (3)

where Ncost represents the initial investment cost of the grid structure, k is the discount
rate, y is the service life, the overhead line is taken as 30 years, the cable is taken as 40 years,
and the factor k(1+k)y

(1+k)y−1 can convert the initial investment into the equivalent year cost.
β1 = 0.394 CNY/kW · h represents the purchase price for purchasing electricity from the
external grid, Ebuy is the amount of electricity purchased from the external grid to satisfy
local demand. β2 = 0.2 CNY/kW · h represents the subsidy unit price of renewable energy,
and Esub represents the amount of renewable energy generation.

To ensure safe, reliable, and efficient operation of the DNP, the following constraints
are incorporated:

(1) Power balance constraints [40]

Uac
i′ ,t = Uac

i,t −
(

rac
ii′ H

ac
ii′ ,t + xac

ii′ G
ac
ii′ ,t

)
/Uac

0 , ∀i, i′, t : βac
ii′ ,t

Pde
i,t − Lac

i,t + ∑
j1∈Ω(i1)

∑
l∈L

(
Pac

i1 j1,l,t − Pacdc
i1 j1,l,t

)
= ∑

i′∈π(i)
Hac

ii′ ,t

− ∑
i′′∈δ(i)

Hac
i′′i,t −

(
Pw

i,t − ρw
i,t
)
, ∀i, t : βac2

i,t

Qde
i,t − Qac

i,t = ∑
i′∈π(i)

Gac
ii′ ,t − ∑

i′′∈δ(i)
Gac

i′′i,t, ∀i, t : βac3
i,t

(4)
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where Uac
i,t is the voltage magnitude, rac

ii′ and xac
ii′ are the resistance and reactance,

respectively. Hac
ii′ ,t and Gac

ii′ ,t are the active and reactive power flow, respectively. Pde
i,t

and Lac
i,t are the output of the distributed generation and active load, respectively.

Pw
i,t and ρw

i,t are the predicted wind power and curtailed wind power, respectively.
Qde

i,t and Qac
i,t are the reactive power of diesel engines and the reactive load, respec-

tively. Equation (4) ensures that the power flowing into each node balances the load,
generation, and line losses, which reflects Kirchhoff’s current and voltage laws.

(2) The line current constraint and voltage constraint are calculated as follows:

Ij min ≤ Ij ≤ Ij max

Ui min ≤ Ui ≤ Ui max
(5)

where Ij max and Ij min are the maximum and minimum values of the current, respec-
tively, which reflect the thermal limits of the overhead line and cable. Ui max and Ui min

are the maximum and minimum values of the voltage, respectively, which ensure
power quality. Considering Equation (5) can prevent the overheating of lines and
maintain the node voltage within safe ranges.

(3) The active power constraint is calculated as follows:

|Pi| ≤ Pi max (6)

where Pi is the active power of the line and Pi max is the maximum active power.
This constraint ensures that no line is influenced by real-power flows beyond its
rated capability.

(4) Line flow constraints
Sij ≤ Smax

ij (7)

where Sij is the line flow, and Smax
ij is the maximum value of the line flow. Considering

Equation (7) can limit the power flow to safe levels considering both real power and
reactive power.

(5) Radial grid constraint
n = m + 1 (8)

where n is the number of nodes in the distribution network, and m is the sum of the
original and future lines. This constraint ensures a radial topology of grid structure,
which is a common structural requirement in DNP.

The investment cost, electricity purchase cost from external sources, and the subsidy
income generated by renewable energy generation are comprehensively considered in the
planning model. The objective is to minimize the total cost under the power balance con-
straints, line current and voltage constraints, active power constraints, line flow constraints,
and radial grid constraints. By obtaining an equilibrium solution between economic viabil-
ity and renewable energy utilization, this planning model provides a systematic framework
for DNP, and the resulting solution can give a more sustainable, cost-effective, and reliable
DNP scheme.

3. The Design of the PPODNPA

3.1. PPO Algorithm

PPO algorithm is an actor-critic method which includes CN and AN. As illustrated in
Figure 3, AN is responsible for generating action probability distributions, and CN provides
evaluated reward values. Consequently, the AN does not need to compute cumulative
rewards for each episode. Instead, it learns from the reward evaluations supplied by
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the CN, which enables single-step updates and enhances training efficiency. The CN fits
more accurate value functions through temporal difference (TD) errors to help the AN in
selecting actions.

Figure 3. AC framework.

The basic principle of the PPO algorithm is to use policy gradient for updating, and
the update objective and rule of policy gradient are displayed as follows:

LPG(θ) = Êt
[
log πθ(at | st)Ât

]
(9)

ĝ = Êt
[∇θ log πθ(at | st)Ât

]
(10)

where πθ is a stochastic policy and Ât is the estimated value of advantage function. How-
ever, the policy gradient algorithm relies on the update step size. Therefore, the trust
domain method (TRPO) measures the distribution difference between new and old policies
through KL divergence and constrains it. Then, the objective optimization function is
modified to

maximizeθ Êt

[
πθ(at | st)

πθold(at | st)
Ât

]
(11)

Ê[KL[πθ old (at | st), πθ(· | st)]] ≤ δ (12)

where θold is the parameter of old policy. Directly solving the TRPO constraint problem will
bring significant computational complexity. In order to improve computational efficiency,
PPO has further simplified the TRPO objective function. By defining the probability ratio
of the distribution of new and old strategies rt(θ) =

πθ(at |st)
πθ old (at |st)

, the object function can be
written as

L(θ) = Êt

[
πθ(at | st)

πθ old (at | st)
Ât

]
= Êt

[
rt(θ)Ât

]
. (13)

In addition, PPO prunes the probability distribution ratio to limit its policy updates:

LCLIP(θ) = Êt
[
min
(
rt(θ)Ât, clip(rt(θ), 1 − ε, 1 + ε)Ât

)]
. (14)

For a complete turn trajectory T = {s0, a0, r0; s1, a1, r1; s2, . . . , an−1, rn−1, sn} and strategy
network πθ(at | st), use state action function Qπ(st, at) as the evaluation value of state
action pairs, and use state value function Vπ(st) as the evaluation baseline; then, the
following advantage function is defined

Aπ(st, at) = r + γVπ(st+1)− Vπ(st). (15)

The loss function of AN is

L(θ) = −E
[
min
(
rt(θ)Ât, clip(rt(θ), 1 − ε, 1 + ε)Ât

)]
(16)
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And the loss function of CN is

L(ω) = −E
(
[rt + γV(st+1)− V(st)]

2
)

. (17)

In order to prevent overfitting caused by the strategy network being too fast, which leads
to premature convergence of the agent and inability to effectively explore environmental
information, regularization entropy is added as a penalty term in the final loss func-
tion. Therefore, the loss function of the AC PPO algorithm framework can be expressed
as follows:

Loss = aL(θ) + bL(ω)− c ENT(πθ) (18)

where a = 1, b = 0.5, c = 0.01 are the loss proportion coefficients.
Overall, PPO has the following advantages: By modifying the objective function to

penalize large deviations between new and old policies, the trust region of the policy
update can be ensured, which can achieve more stable training. Unlike TRPO, the second-
order derivatives and large matrix inversions are not needed, which is relatively easy to
implement. The hyperparameters of PPO are relatively robust, which makes PPO perform
outstandingly in various complex tasks.

3.2. PPODNPA

By integrating the MDP of DNP into the AC-based PPO algorithmic framework, we
propose the PPODNPA algorithm, which is illustrated in Figure 4. In this approach, the
DNP environment is first initialized with a set of states. Based on these initial states, the
AN generates a series of actions, such as building lines and installing renewable energy
sources in the power grid. Influenced by these actions, the environment states transition to
a next set of states according to a probabilistic distribution and an immediate reward is
produced. The CN receives the reward and states, evaluates the quality of the actions, and
then provides the action advantage function back to AN, thereby further training the AN.
After sufficient training, the actions generated by the agent (which dictate the configuration
of the grid) are optimized to meet the specified planning objectives. The reward function in
the PPODNPA is designed as

Rtotal = −α1Cline − α2Cvol − α3Cbuy + α4Csub + R5 (19)

where the parameters α1, α2, α3, α4 serve as the respective weighting factors. These factors
can be adaptively adjusted to accommodate various practical requirements. Notably, the
parameter R5 plays a critical role: if no renewable energy resources are installed in the
resulting grid configuration, R5 will impose a penalty. This mechanism ensures a certain
level of renewable energy penetration in the final plan.

In the PPODNPA, the distribution network planning environment (DNPE) represents
the distribution network prior to the construction of lines and the integration of renewable
energy sources. When agent actions are applied to the DNPE, it performs power flow
calculations to calculate the node voltages, line currents, and power flows. In addition, the
DNPE also calculates line construction costs, distributed renewable energy subsidies, and
the costs of purchasing electricity from the up-level grid. These calculated parameters are
then transmitted back to the CN, which can guide the AN updates. The procedure of the
PPODNPA is displayed in Algorithm 1.
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Figure 4. Diagram of PPODNPA.

Algorithm 1 PPODNPA Algorithm Procedure

1: Algorithm Output: Actor policy network πθ which can output optimized actions of
line construction and renewable energy installation, Critic value network Qω which
can approximate the state value function Vπ(st).

2: Randomly initialize the policy network parameters and the value network parameters.
3: for episode = 1, 2, . . . do
4: (a) Data Collection:
5: Use the old policy πθold

to interact with the DNP environment.
6: In each time step t, sample action at ∼ πθold

(a | st), update the grid/renewable
configuration, run power flow calculation, and obtain next state st+1 and immediate
reward rt.

7: Continue until reaching the episode end or a terminal condition.
8: (b) Advantage Computation:
9: For each transition (st, at, rt, st+1), compute the TD advantage function At using

At = rt + γVπ(st+1)− Vπ(st),

10: (c) PPO Loss Calculation:
11: According to Equation (18), compute the loss function.
12: (d) Update Actor:
13: Perform gradient descent on the actor parameters θ.
14: (e) Update Critic:
15: Perform gradient descent on the critic parameters ω.
16: After the updates, set θold ← θ {Update old policy}
17: end for

In this paper, the proposed PPO-based distribution network planning algorithm
(PPODNPA) includes the following important processes: environment simulation, action
selection, power flow computation and reward evaluation, and PPO strategy updating.
First, the environment simulation builds and updates the system state space (which in-
cludes node voltages, line currents, and network topology) in response to different agent
actions (which include constructing new lines and installing renewable energy). Second,
the AN gives a probability distribution of possible actions. By sampling the probability
distribution, the local optima phenomenon can be avoided. Third, the power flow com-
putations and reward evaluations can measure system constraints and evaluate economic
factors, and generate reward signals for AN and CN. Finally, the PPO strategy updates
via advantage functions and the clipping mechanism, and the AN and CN are iteratively
refined through backpropagation. The main computational burdens emerge from repeated
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power flow analyses, and parallel or distributed computation can help maintain computa-
tional overhead. Repeated episodes allow the PPODNPA to converge to the near-optimal
solutions which balance investment cost, purchase price for purchasing electricity from the
external grid, and renewable utilization subsidies within acceptable training times. Overall,
environment simulation, neural network training, iterative power flow, and multi-round
updates collectively illustrate the execution flow and resource requirements scale of the
PPODNPA and provide guidance for actual applications.

4. Simulation Results

In this section, the simulation results will be presented. A typical DNP case is selected
to verify the effectiveness of the PPODNPA, and the relevant parameters are listed in
Table 1. The first column of Table 1 displays the node number, the second column shows
each node’s coordinates (in kilometers), the third and fourth columns show the active and
reactive power of the nodes, respectively (in kW and KVAR). The hidden layer size of the
AN and CN was selected as 512. Larger hidden layers can help the neural network learn
the complex relationships between state and action. However, larger hidden layers may
also lead to higher computational costs and increase the risk of overfitting with limited
training data. The learning rate of AN is selected as 0.001 and the learning rate of CN is
selected as 0.001. A higher learning rate may cause the policy to oscillate, and a lower rate
can slow convergence. Therefore, we select the learning rates for both AN and CN as 0.001
to achieve a balance between convergence speed and stability. The discount factor is chosen
as 0.9. The discount factor can balance the short-term and long-term rewards; selecting the
discount factor as 0.9 can ensure that cumulative returns are sufficiently reflected, even in
relatively shorter training sequences. The clipping parameter is set to 0.1. The clipping
parameter is a common hyperparameter in the PPO algorithm that restricts the policy’s
deviation from the old policy. Selecting the clipping parameter as 0.9 can maintain enough
policy improvement while avoiding overly large policy updates. After collecting each
trajectory, 20 optimization steps are performed. The number of total episodes is 20,000, and
each episode includes 10 steps, which ensures that the information gathered from each
sample is effectively leveraged. The DNP lines are selected as LGJ-185 and the construction
cost is 1 million Chinese Yuan (CNY)/kilometer. The PV installation capacities are 600 kW,
900 kW, 400 kW, and 700 kW, while the WTG are 500 kW, 600 kW, and 400 kW. Moreover,
we select PSO [41], GA [42], ACO [43], and SAA [44] for comparison, which demonstrates
the superiority of the proposed algorithm.

The simulation results are presented in Figures 5–12. Figure 5 illustrates the training
process curve of the PPODNPA, which includes the instantaneous rewards for each episode
and the average rewards (calculated every 200 episodes). From Figure 5, we can conclude
that after sufficient training, the agent’s rewards approach convergence. Figure 6 depicts the
grid topology structure generated under the PPODNPA, in which the red nodes represent
the node connected to the main grid, the blue nodes are load nodes, the yellow nodes are
PV nodes, and the green nodes are WTG nodes. Additionally, we select PSO, GA, ACO,
and SAA for comparison, and the line construction costs (LLC), renewable energy subsidies
(RES), and electricity purchasing costs (EPC) from the upper-level grid as comparative
indicators. The grid topology structures generated under PSO, GA, ACO, and SAA are
shown in Figures 7–10. In addition, we also use DQN as the comparative algorithm;
Figure 11 illustrates the training process curve of DQN and Figure 12 depicts the grid
topology structure generated under DQN. The relevant indicators are shown in Table 2. As
shown in Table 2, the PPODNPA effectively reduces the costs of construction and electricity
purchasing while achieving higher subsidies for renewable energy sources. It should be
noted that, as the number of loads and power sources on a single branch increases, higher
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currents can lead to more pronounced voltage drops along that branch. This problem will
be one of our future research directions.

Table 1. The parameters of the DNP case.

Node Number
Node

Coordinates/km
Active Load/kW Reactive Load/kvar

1 (1.976, 1.090) 0 0
2 (1.056, 1.026) 439.92 273.78
3 (0.480, 1.304) 421.20 262.08
4 (1.928, 1.798) 318.24 196.56
5 (0.196, 1.076) 430.56 266.76
6 (3.640, 0.474) 374.40 231.66
7 (0.524, 0.914) 402.48 250.38
8 (2.876, 1.808) 383.76 238.68
9 (0.184, 1.602) 570.96 353.34

10 (1.008, 1.586) 589.68 365.04
11 (0.664, 1.822) 421.20 262.08
12 (3.360, 0.904) 477.36 231.66
13 (0.548, 0.430) 580.32 360.36
14 (0.916, 0.182) 374.40 231.66
15 (3.424, 1.192) 458.64 285.48
16 (2.856, 0.182) 336.96 208.26
17 (2.488, 0.272) 402.48 250.38
18 (3.272, 1.738) 439.92 273.78
19 (2.876, 1.560) 402.48 250.38
20 (3.112, 1.394) 683.28 423.54
21 (2.348, 0.112) 449.28 278.46
22 (2.128, 0.334) 486.72 301.86
23 (3.300, 0.474) 318.24 196.56
24 (3.440, 1.490) 393.12 243.36
25 (2.304, 1.556) 276.12 170.82
26 (1.172, 0.354) 159.12 98.28
27 (2.388, 0.506) 313.56 194.22
28 (2.944, 1.196) 480.18 402.32
29 (3.616, 0.718) 159.12 98.28

Figure 5. Instant rewards and average rewards of PPODNPA.
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Figure 6. Grid topology diagram under PPODNPA.

Figure 7. Grid topology diagram under PSO.
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Figure 8. Grid topology diagram under GA.

Figure 9. Grid topology diagram under ACO.
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Figure 10. Grid topology diagram under SAA.

Figure 11. Instant rewards and average rewards of DQN.

Table 2. Comparative indicators.

Method
LCC/million

CNY
VD EPC/CNY RES/CNY

PPODNPA 10.87 2.0744 78,857 16,320
PSO 11.37 2.3352 83,298 14,880
GA 11.83 0.5897 85,184 14,400

ACO 11.79 0.5105 77,620 15,840
SAA 12.05 0.3003 81,699 13,920
DQN 11.59 2.6364 96,241 9120
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Figure 12. Grid topology diagram under DQN.

5. Conclusions

In this paper, a PPODNPA has been proposed and the MDP for the task of DNP
has been constructed. The objective function and reward function have been formulated,
and the PPO algorithm has been employed to train the agent. Furthermore, PSO, GA,
ASO, and SAA algorithms have been utilized to validate the effectiveness of the proposed
method. In future work, we will investigate the application of DRL in high-voltage DNP,
and more factors such as voltage deviation and station location corridors will be considered.
Moreover, we will consider further improving DRL algorithms such as SAC and DDPG to
further optimize planning performance.
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Abstract: With the large-scale integration of distributed power sources, distribution net-
work planning is undergoing significant transformations. To further enhance the efficiency
and practicality of distribution network planning, it is essential to model the uncertainties
in source–load dynamic scenarios. However, traditional scenario generation methods strug-
gle with high-dimensional variables and complex spatiotemporal characteristics, posing
severe challenges for distribution network planning. To address these issues, this paper
proposes a multi-time scale source–load scenario generation method based on temporal
convolutional networks and multi-head attention mechanisms within a temporal genera-
tive adversarial network framework. This algorithm not only enhances the richness and
robustness of source–load scenarios in distribution networks but also serves as a valuable
reference for medium-long-term analysis and planning. Finally, the results present a set of
daily, weekly, and monthly multi-time scale source–load scenarios, and multiple evaluation
indicators are utilized to evaluate the quality of the generated scenarios; the accuracy of
the generated scenarios is increased by about 2%.

Keywords: source–load scenario generation; temporal generative adversarial network;
multi-time scale; scenario evaluation

1. Introduction

In the current landscape, distributed energy resources dominated by wind and solar
power along with new energy storage systems and charging facilities are advancing at an
unprecedented pace. By 2025, distribution networks will need to support the integration
of approximately 500 gigawatts of distributed energy resources and around 12 million
charging stations. In this context, traditional single-source–load scenarios are increasingly
inadequate for meeting the evolving planning requirements of distribution networks as they
are unable to effectively manage the uncertainties introduced by operational simulations
and planning schedules [1,2]. Therefore, it is crucial to solve the randomness and fluctuation
of source–load in modern distribution networks, accurately simulate the change trend of
source–load power, and ensure the safe operation of the power system [3].

Scenario generation is a powerful method for characterizing source–load uncertainties
and can be used to construct random source–load scenarios that reflect spatiotemporal
characteristics [4,5]. This enables the evaluation of distribution network performance under
different scenarios, enhancing the adaptability and robustness of distribution network.
From a time perspective, random scenarios can be classified into ultra-short-term [6], short-
term [7], and medium-long-term scenarios [8,9]. As a means of assessing source–load
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uncertainties across multi-time scales, source–load scenarios provide a critical foundation
for generation planning, unit maintenance planning, and distribution network planning.
However, the generation of source–load scenarios across multi-time scales is challenging,
mainly due to the increasing data dimensions, constraints imposed by meteorological
factors, and the frequent interactions source–load [10]. For example, in Ref. [11], complex
factors such as high variable dimensions and random spatial and temporal correlations
affect the integrated multi-energy complementary planning and long-term scheduling of
water, wind, and solar energy. In Ref. [12], accurate modeling of multiple wind farms is
affected by multiple spatiotemporal characteristics. In Ref. [13], renewable energy load
and power generation level predictions are also affected by meteorological factors as well
as spatial factors, which leads to a serious decline in prediction and modeling accuracy.
These factors lead to low source–load interaction modeling accuracy and poor quality
of generated source–load scenarios, which cannot provide planners with detailed and
informative reference data.

Scenario analysis mainly consists of scenario generation and scenario reduction [14,15].
For example, in the work of [16], a low-dimensional scene generation method based on
typical days of photovoltaic and wind power was used for short-time scale modeling. In
Ref. [17], based on the Monte Carlo method, the joint scenario generation of photovoltaic
and wind power was realized. In Refs. [18,19], scenario generation methods were used to
assess the complementarity of future wind and solar photovoltaic hybrid energy resources.
However, existing multi-time scale scenario generation methods primarily rely on statistical
approaches such as probabilistic models, mean models, and quantile regression to generate
sets of typical future source–load temporal scenarios. Although these methods effectively
and intuitively describe the uncertainty of multi-time scale source–load power, they require
a large amount of prior knowledge, and the quality and richness of the generated scenes
cannot be guaranteed. If prior knowledge is lacking, it is more challenging to generate
complex and multi-time scale source–load scenarios. On the other hand, scene reduction is
a common means to remove noisy information from a scene set, minimizing the computa-
tional effort of multi-time scale analysis, while retaining the critical information from the
generated scenario set. Common methods include backward reduction [20], scenario tree
methods, clustering [21,22], and optimization approaches [23,24]. Therefore, selecting an
appropriate scenario reduction algorithm to construct a flexible scenario reduction model
is of great significance for analyzing source–load power information with high value.

Due to their powerful data representation capabilities, deep learning algorithms not
only show excellent performance in processing high-dimensional nonlinear historical data,
but also reduce the importance of prior knowledge. They provide a powerful means to
effectively capture source–load uncertainty and provide diversity, richness, and accuracy
for multi-time scale scenario generation of distribution networks. Currently, data-driven
approaches are the mainstream method for scene generation, and generative adversarial
networks (GANs) are particularly popular as one type of data-driven method. GANs
can generate new samples that are very close to the real data distribution through the
adversarial training of two neural networks [25,26]. However, traditional GANs have
shortcomings such as unstable training and mode collapse. Therefore, it is necessary to
use Wasserstein distance and a clipping technique to increase the stability of GANs. For
example, in Ref. [27], a scenario generation method based on WGAN-GP was used for
wind and solar power scenario generation. Likewise, in Ref. [28], WGAN-GP was used to
achieve the generation of single and multiple wind power scenarios. In order to further
improve the quality and accuracy of scene generation, experts and scholars added condition
information to a GAN [29,30]. For instance, in Ref. [31], the author clustered the source and
load information and used it as a condition to guide a generation of energy storage planning

71



Energies 2025, 18, 1462

scenarios. The study [32] applied conditional generative adversarial networks (CGANs) to
scenario generation for wind and solar power output using monthly information as labels.
The literature [33] used wind and solar power forecasting data as conditions and employed
CGAN to generate predictive scenario sets, providing accuracy for future wind and solar
power scenario simulations. References [34,35] addressed the multi-time scale issue of
source–load scenarios by proposing a monthly source–load scenario generation method
based on a progressively growing CGAN. The study [36] clustered historical meteorological
data and used a denoising variational autoencoder to generate multi-source–load scenarios,
but it did not consider multi-time scale modeling. Although these methods have made
significant progress in generating source–load scenarios and effectively fitting source–
load data characteristics, most of them do not construct source–load scenario models
at multi-time scales, thus leading to limitations in quantifying source–load uncertainty
and the multi-time correlation characteristics in the source–load dynamic scene cannot be
fully captured.

In response to these challenges, this paper comprehensively considers source–load
uncertainty across multi-time scales, and proposes a source–load scenario generation
method based on the temporal generative adversarial network (TGAN) by introducing
multi-head attention mechanisms (MHAM)s and temporal convolutional networks (TCNs).
The main contributions of this paper are as follows:

(1) Clustering techniques are used to extract representative daily source–load power
states, and Markov chains are established to model source–load state transitions;

(2) A spatiotemporal feature extraction unit for TGAN is constructed by incorporating
MHAM and TCN, using clustering information as labels to guide the generation of
source–load power time series;

(3) A comprehensive evaluation index system is established based on the generated
source–load scenario sets to assess the high fidelity of the scenarios.

The remaining sections of this article are organized as follows. In Section 2, we con-
structed a source–load time correlation model. Section 3 is mainly focused on TGAN source–
load scenario generation, including MHAM, TCN, and CGAN applications. Sections 4
and 5 mainly include model training and scenario quality evaluation. This article concludes
with Section 6. It should be noted that this paper uses the source–load data set of power
distribution systems in a county and district in Shandong, and code support is provided in
Appendix A.

2. Source–Load Time Correlation Modeling

Compared to the day-ahead source–load power, the variables in long-term source–load
power scenario simulations increase several times. To reduce the modeling dimensionality
and improve the accuracy of simulating the probabilistic characteristics and spatiotemporal
correlations of source–load power, this section clusters historical source–load data and
establishes a source–load power scenario set across multiple temporal and spatial scales.

Time Correlation Modeling Based on Markov Chains

To reveal the transition patterns of daily source–load power states and improve the
simulation accuracy over longer time scales, the source–load historical data are first divided
by month, and the K-means clustering technique is used to select typical daily source–load
power states. Then, a Markov chain model is established based on these source–load power
states, where Markov chain represents the transition process from one source–load state to
another source–load state. The probability of this transition is only related to the current
source–load state and is not affected by the previous event sequence.
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Let X = {X1, X2, . . . , Xn} represent the source–load daily power sample set for np

months, where Xi denotes the power matrix on day i, with dimensions np × 24, and n is
the sample size. In order to capture the different temporal characteristics of source–load
interactions and thus generate a more accurate time-correlation model, the following steps
for model construction are outlined:

(1) In light of the historical data of different source–load every month, X × Θ state
intervals are supported by the sample set X and the clustering results.

(2) According to the source–load daily power states and their frequencies obtained
through clustering, the Markov chain state transition probability matrix Pt is calcu-
lated as described below:

Pt =

⎡⎢⎢⎢⎢⎣
P1,1 P1,2 · · · P1,Θ

P2,1 P2,2 · · · P2,Θ
...

...
. . .

...
PΘ,1 PΘ,2 · · · PΘ,Θ

⎤⎥⎥⎥⎥⎦ (1)

where the element Pθ,l represents the probability of the source–load daily power state
transitioning from state θ to state l (θ, l = 1, 2, . . . , Θ), and it is denoted as an element

Pθ,l =
fθ,l

∑θ∈X fθ,l
(2)

where fθ,l represents the frequency of the source–load power transitioning from state θ to
state l.

(3) In light of the statistically derived source–load state transition frequency matrix, the
cumulative state transition probability matrix Pc can be further obtained

Pc =

⎡⎢⎢⎢⎢⎣
Q1,1 Q1,2 · · · Q1,Θ

Q2,1 Q2,2 · · · Q2,Θ
...

...
. . .

...
QΘ,1 QΘ,2 · · · QΘ,Θ

⎤⎥⎥⎥⎥⎦ (3)

where Qθ,l = ∑l
m=1 Qθ,m. The cumulative state transition probability matrix summarizes

the probability of transitioning from the current source–load state to another source–load
state over time in a Markov process. Each entry in the matrix represents the total probability
of transition from the initial source–load state to the final source–load state. It provides a
comprehensive view of the likelihood that source–load information will evolve from one
state to another over a given period of time.

Based on the cumulative state transition probability matrix obtained in step (3), the
Markov chain Monte Carlo (MCMC) method is used to randomly generate an initial
scenario set that contains multiple long-term source–load power state transition processes.
The state transition probability matrix and the cumulative state transition probability matrix
are shown in Figures 1 and 2 , respectively.
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Figure 1. The state transition probability matrix Pt for the six representative source–load typical days
extracted by clustering for each month.

Figure 2. The cumulative state transition probability matrix Pc for the six representative source–load
typical days extracted by clustering for each month.

3. Source–Load Scenario Generation Based on TGAN

To address the limitations of traditional GAN in extracting temporal features of source–
load power, this paper proposes an improved CGAN model, which introduces an MHAM
and TCN into the generator and discriminator to form the TGAN framework. This model
generates intra-day power curves under the supervision of source–load daily state labels.
MHAMs enhance the spatial feature extraction capability of TGAN for source–load data,
while the TCN fully captures the temporal characteristics and correlations of source–load
data, thereby improving the accuracy of source–load scenario generation.

3.1. Source–Load Spatial Feature Extraction Unit Based on MHAM

The MHAM can be used to evaluate the importance of different features of the histori-
cal source–load power matrix in scenario generation. Compared to single-head attention
mechanisms, the primary advantage of the MHAM lies in its ability to process the relation-
ships between source–load data, capturing diverse features of the data, thereby offering a
more robust capacity for extracting spatial features of source–load power. In this paper, the
weight calculation formula for the i-th head of the MHAM is given as follows (see Figure 3):

αi = softmax
( xaWQ

i (xbWK
i )

T
√

dk

)
(4)

where xa and xb can be seen as input representations from different sources. These input
matrices are projected into different spaces using the linear projection matrices WQ

i and WK
i .

The softmax function is then applied to the scaled results to produce a set of weights αi.
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The weights αi are multiplied with the input matrix to obtain the output matrix of a single
attention mechanism, which calculates the similarity between different source–load features

Ai(xa) = αi

(
xbWV

i

)
(5)

Through multiple output matrices, the different in source–load information can be
identified, thereby proposing the spatial correlation features of source–load data.

A(xa) = Concat
(

A1(xa), . . . , Ah(xa)
)

Wo (6)

Figure 3. Workflow diagram of MHAM. The input source and load data X undergo multiple linear
transformations (using WQ, WK , and WV matrices for each head) to generate the query Q, key K, and
value V matrices. Each attention head independently computes the attention output Ai. The results
of each head are concatenated together and then projected by the matrix WO into the final output A.

3.2. Source–Load Temporal Feature Extraction Unit Based on TCN

A TCN is a neural network that processes sequential data through convolution op-
erations. Its basic working principle is to capture dependencies between different time
steps in a time series through causal convolution and dilated convolution. Compared to
recurrent neural networks that simulate source–load temporal power, TCN is more adept at
handling high-dimensional source–load feature information and demonstrates significant
advantages in training speed. In this paper, TCN is used as the main structure to build the
temporal feature extraction unit called TGAN.

According to the source–load temporal data, the value yr at time t is determined solely
by the historical information at time 0 − t, that is

yt = gcausal(x0, x1, . . . , xt), t = 0, 1, . . . , T (7)

where xt represents the input power at time t, gcausal refers to causal convolution, and T is
the total number of time slices.

When processing long-term source–load historical data sequences, the network depth
or convolution size may increase sharply, leading to issues such as gradient vanishing and
inefficiency during training. The dilated convolution operation enables the capture of a
wider range of information, allowing the TCN to extract essential information without
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needing to delve deeply into the entire source–load history (see Figure 4). The basic
principle of dilated convolution is

Dc(x) = (x ∗δ f )(x) =
k−1

∑
i f =0

f (i f ) · xx−δ·i f (8)

where Dc(x) represents the result of the filter performing a dilated convolution operation
on the element x in the historical power vector x, x∗δ refers to the dilated convolution,
f (i f ) represents the i f filter, δ is the dilation rate, and k is the filter size.

In the convolution operation above, a residual connection is further incorporated to
form a residual module. The output of the residual module, which combines historical
information and convolutional information, enhances the algorithm’s ability to express
power characteristics in source–load scenario generation, thereby obtaining the temporal
feature extraction unit.

Figure 4. Diagram of causal convolution dilation. The diagram illustrates a causal dilated convolution
operation with two hidden layers, where the initial data is set to 0, the direction of information flow
is indicated by the connecting lines, and the output at time t represents the scenario power value.

3.3. Spatiotemporal Feature Extraction Unit for Source–Load Power Based on TGAN

CGANs extend the traditional GAN framework by integrating both supervised and
unsupervised learning, resulting in enhanced generalization for specific data types. Unlike
conventional GANs, CGANs incorporate conditional inputs into both the generator and
discriminator, allowing for more controlled generation. This conditional input guides the
generator to learn the mapping between data sample probability distributions and specified
conditions, leveraging label information to improve data alignment with given parameters.
In this paper, based on the CGAN framework, an MHAM and TCN are introduced to
construct a TGAN, thereby enhancing the spatiotemporal feature extraction capabilities
for source–load data. The generator takes Gaussian white noise Z and clustered daily
source–load state labels C as inputs, and the output data are multi-spatiotemporal scale
source–load scenarios S, where dz is the noise dimension. The discriminator inputs are the
source–load historical data Pobs, integrated with state labels, and the generated scenario
S. By analyzing the features of the input source–load data, the discriminator outputs the
classification results on the authenticity of the input data.

Considering that the generator and discriminator are relatively independent structures,
their loss functions can be expressed as, respectively,

LG = −EZ,C[D(S(Z|C))], (9)

LD = −EPobs,C[logD(Pobs|C) +EZ,C[log(1 − D(S(Z|C)|C))] (10)
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where E(·) represents the expected value of the corresponding random variable, D(·) is the
discriminator. The generator network takes random noise and label conditions as inputs
and outputs synthesized source–load data. The discriminator network receives historical
source–load data sets, generated source–load data, and label conditions as inputs, and
outputs assessments distinguishing between real and fake data. The generator aims to
create realistic data, while the discriminator seeks to improve the quality of the generated
data by differentiating between genuine and synthetic data. This mutual competition
ultimately ensures the high quality of the source–load data. Therefore, the training process
of TGAN can be described as a min-max game, and its objective function is

min
G

max
D

V(G, D) = EPobs,C[logD(Pobs|C)] +EZ,C[log(1 − D(S(Z|C)|C))] (11)

In the original GAN framework, the discriminator’s loss function is dominated by
Jensen–Shannon (JS) divergence, which can introduce training challenges, such as mode
collapse. When the generated sample distribution is inconsistent with the real sample
distribution, JS divergence remains static and cannot provide meaningful feedback. For
generating source–load scenarios across multiple spatiotemporal scales, it is essential for the
generator to capture the distribution patterns of source–load scenarios accurately. However,
using JS divergence as the discriminator’s loss function hinders effective measurement of
distribution differences, often causing gradient vanishing during back propagation and
complicating network training, thereby reducing the accuracy of the generated scenarios.
By adopting the Wasserstein distance in place of the JS divergence as the discriminator’s loss
function, issues such as training instability and mode collapse can be effectively mitigated,
resulting in a more precise fit to the target probability distributions. Consequently, the
Wasserstein distance can be defined as follows:

WC(PPobs|C, PS(Z|C)|C) = inf
γ∈Π(PPobs |C ,PS(Z|C)|C)

E(Pobs,S(Z|C))∼γ[‖Pobs − S(Z|C)‖1] (12)

where the discriminator adheres to 1-Lipschitz continuity, meaning that the maximum
absolute value of its gradient is bounded by 1. By introducing the gradient penalty
function D within its defined domain, we ensure the discriminator approximately meets
the 1-Lipschitz continuity requirement, thus the Wasserstein distance can be accurately
represented by the discriminator’s loss function. Consequently, the objective function for
the CGAN framework is reformulated as follows:

min
G

max
D

V(G, D) = EPobs,C[D(Pobs|C)]−EZ,C[D(S(Z|C)|C)] + λEP̂∼PP̂
[(‖∇P̂D(P̂|C)‖2 − 1)2] (13)

Unlike traditional CGAN, the advantage of using Wasserstein distance as a discrimi-
nator is that it can not only distinguish generated samples from real samples, but also fit
Wasserstein distances between sample sets to accurately describe the differences between
their distributions. Therefore, it provides an accurate training direction for the generator to
fit the data distribution. This enables it to map conditional probability distributions rather
than simply generate data similar to a real sample.

3.4. Stochastic Generation Method for Source–Load Scenarios at Multi-Time Scales

By combining the aforementioned source–load day-to-day transition process and intra-
day temporal power simulation method, a stochastic generation method for source–load
power scenarios at multi-time scales is established. This method can randomly generate
a specified number of multi-time scale Ns source–load scenarios with spatiotemporal
correlation (see Figure 5). The specific generation steps are as follows:
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(1) The monthly historical source–load data set X is divided into Θ categories by the
K-means clustering technique.

(2) Based on the typical daily power states obtained from clustering, matrices Pt and Pc

are calculated. Then, the initial source–load scenario set Tin is randomly generated
using the MCMC algorithm.

(3) Taking the daily power states during the monthly power generation state transition in
set Tin as labels and driven by Gaussian white noise Z, the source–load daily power
curves for the corresponding states are generated based on TGAN.

(4) Based on the order determined by the source–load state transition process at each
time scale, the daily power curves of the source and load are concatenated to form the
long-term generation scenario set S.

Figure 5. Framework of source–load scenario generation. The diagram depicts using historical data
Pobs, daily label C, and Gaussian noise Z as network inputs, with spatiotemporal feature extraction
performed by the MHAM and TCN, ultimately producing scenario S as the output.

4. Model Training

The validation of the proposed algorithm is supported by the source–load historical
data set from the distribution network in Shandong, China, where the data sampling
frequency is every 15 min. The number of representative daily power generation states is
determined as K = 6 using the commonly used K-means method for evaluating clustering
effectiveness. The experiments were conducted using Python 3.8.0 and the deep learning
framework PyTorch 2.0.0. The computer hardware specifications include an Intel i9-10920X
CPU (Intel Corporation, Santa Clara, CA, USA) with a frequency of 3.50 GHz and 24 cores,
an NVIDIA GeForce RTX 3080 Ti GPU (NVIDIA Corporation, Santa Clara, CA, USA) ,
and 128 GB of RAM. During training, the learning rate is 0.0005, and the batch size is 32
(see Figure 6). The generator ultimately produces 1800 typical daily source–load scenarios
per month, which are concatenated to form a monthly-scale source–load scenario set of
60 months (see Figures 7–9).
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Figure 6. Convergence trend of the discriminator and Wasserstein distance.

Figure 7. The diagram depicts the solar, wind power, and load scenario sets generated by the TGAN,
where 24 h represents the daily time scale.

Figure 8. The diagram depicts the solar, wind power, and load scenario sets generated by the TGAN,
where 144 h represents the weekly time scale.

Figure 9. The diagram depicts the solar, wind power, and load scenario sets generated by the TGAN,
where 720 h represents the monthly time scale.

As shown in Figure 6, during the process of generating source–load scenarios using
the TGAN, we can observe that the initial loss of the discriminator dropped rapidly and
flattened after about 500 iterations, which shows that the discriminator can quickly learn
to differentiate real data with generated data. At the same time, the generator losses
also decreased significantly in the early stages, but their downward trend was relatively
slow, and it did not gradually stabilize until about 1500 iterations, which reflects that the
generator shows gradual improvement in the ability to generate realistic data. In addition,
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the Wasserstein distance has a brief upward phase at the beginning of training, then rapidly
declines and reaches a stable state after about 500 iterations, which is a phenomenon that
shows that the model effectively narrows the gap between the real data distribution and
the generated data distribution. To sum up, these trends show that the model has good
convergence, and the losses of both discriminators and generators reach a stable state after
an appropriate number of iterations. At the same time, the change in Wasserstein distance
also confirms this, and after the initial learning stage, the distance between distributions
remains at a stable level.

To emphasize the advantages of using the MHAM, we have added comparative
experiments and used root mean square error (RMSE) and mean absolute error (MAE) as
evaluation metrics. As shown in Table 1, compared to “AM + TCN”, “MHAM + TCN”
demonstrates a more significant advantage in improving the quality of generated data.
Specifically, for solar data and wind data, the quality improvement is approximately
2%. For load data, the improvement is approximately 3%. Therefore, we can firmly
conclude that method MHAM has a notable advantage in enhancing data quality and
spatial feature extraction. Based on the results presented in Table 1, we analyzed the
errors of methods “MHAM + TCN” and “MHAM + RNN”. The comparison revealed
that method “MHAM + TCN” has certain advantages, although these advantages are
not immediately apparent. To further illustrate the benefits of “MHAM + TCN”, we
introduced method “AM + RNN”; it was found that the quality of generated source–
load data using “MHAM + TCN” showed significant improvements over historical data.
Specifically, the enhancements in data quality are evident when comparing the performance
metrics between different methods, demonstrating the notable advantages of method
“MHAM + TCN” in improving data quality and spatial feature extraction.

Table 1. The comparative results of ablation experiments.

Solar Wind Load

RMSE MAE RMSE MAE RMSE MAE

MHAM + TCN 0.056 0.054 0.099 0.069 0.132 0.079
AM + TCN 0.078 0.071 0.110 0.087 0.161 0.106

MHAM + RNN 0.060 0.061 0.103 0.075 0.141 0.085
AM + RNN 0.088 0.082 0.124 0.096 0.171 0.115

Figures 7–9 illustrate the source–load scenarios generated on daily, weekly, and
monthly time scales using the TGAN. Each set of scenarios not only clearly reflects the fluc-
tuations and trends in source–load power under different cycles but also uncovers subtle
patterns within complex spatiotemporal features. Therefore, it can be concluded that TGAN
has unique advantages in handling complex and multi-time source–load characteristics,
providing more precise data support for the planning and scheduling of power systems.

5. Evaluation of Generated Scenario Quality

The source–load scenarios generated by the TGAN should closely match the charac-
teristics of real scenarios. To ensure high fidelity of the generated scenarios, this paper
conducts a comprehensive evaluation from three aspects: time correlation, clustering
effectiveness, and probability distribution characteristics.

5.1. Temporal Correlation Indicators

In this paper, the autocorrelation coefficient (ACF) is used as the time correlation index
to simulate the generated source–load scenario set, and the time correlation is compared
with the historical data set to evaluate the performance of the generated scenario. The
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ACF reflects the correlation degree of source–load data over time, and the autocorrelation
coefficient decreases gradually with the increase of hysteresis. Therefore, the performance
of the source–load scenario set in capturing temporal characteristics can be measured by
analyzing the magnitude and variation patterns of the ACF. The formula is as follows:

ρk =
Σm−j

t=1 (Qt − Q̄)(Qt+j − Q̄)

Σm
t=1(Qt − Q̄)2 (14)

where Qt represents the source–load power at time t, j represents the time interval, Q̄ rep-
resents the average source–load power, and ρk represents the source–load autocorrelation
coefficient with a time lag of j, which ranges from [−1, 1]. It should be noted that 1, −1,
and 0, respectively, mean that there is a positive correlation, a negative correlation, and
no correlation.

In Figure 10, the source–load historical scenario ACF is in stark contrast to the gener-
ated data ACF, providing a strong scenario support for us to evaluate the quality and fidelity
of the generated scenario. The ACF curve of the generated solar data closely matched
the actual data, exhibiting a similar trend. The correlation decreased significantly over
time, reaching a negative value at around 12 h before returning to zero. This arrangement
suggests that the TGAN successfully captures the typical cyclical pattern of solar scenario
generation, most likely reflecting daily variations in sunlight. We can also find that the
ACF of the generated wind scenario follows a similar pattern to the real scenario, although
the correlation values are slightly biased over time, the overall correlation trend does not
change significantly, which may be caused by the highly variable and random nature of
wind scenario generation. Therefore, we can also conclude that the TGAN effectively learns
the general time-dependent patterns of the wind scenario. For the load scenario, the ACF
of the generated scenarios also aligns well with the real scenario, showing a similar dip in
correlation around midday. This pattern reflects typical daily load cycles, with demand
peaking at certain times and decreasing during off-peak hours. The close alignment of
the ACF curves between the generated and actual load scenario suggests that the TGAN
accurately models daily load fluctuation patterns. Overall, the data generated by TGAN
shows high fidelity to the real scenario in terms of temporal correlation, as evidenced by the
tight alignment of the ACF curves. The minimal deviation between the real and generated
scenarios indicates that the generated scenario effectively captures the fundamental time
characteristics of the historical source–load scenario. The high fidelity of this temporal
correlation shows that the TGAN is well suited for generating real source–load scenarios.
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Figure 10. Time correlation trend chart of source–load scenario.

In addition, the ACF value of the source–load scenarios dropped rapidly in the early
stage, which indicates that there is a strong short-term dependency. The high consistency
between the actual scenarios and the ACF value of the generated scenarios indicates that
the model can effectively capture the time pattern of the source–load scenarios. However,
the overall decline rate of wind power data is slower than that of solar scenarios and load
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scenarios, and the matching degree is not so perfect, which shows that the TGAN needs
further improvements in the generation of long-term wind power scenarios.

5.2. Clustering Effectiveness Indicators

The source–load scenarios generated by the TGAN typically consist of large amounts
of multi-spatiotemporal data. On one hand, clustering algorithms can categorize and
summarize these scenarios, reducing redundant data and lowering the computational
complexity of subsequent processing and analysis. On the other hand, by using clustering
algorithms to extract representative typical scenarios, the system’s analysis and decision-
making processes are enhanced.

Figures 11–13 show the power scenarios of K-means clustering of solar, wind, and
load data after dimensionality reduction. Each group represents typical power patterns
over different time periods, providing a representative view of daily, weekly, and monthly
power fluctuations for each category. It is clear that the solar power generation scenario has
a clear periodicity, with clear peaks corresponding to daily solar irradiance characteristics,
which is consistent with typical solar power generation patterns. In contrast, wind power
scenarios are more irregular and exhibit greater randomness due to the natural variability in
wind speed. However, the TGAN managed to capture wind power at different intensities.
Although the fluctuation patterns are dispersed, this is consistent with the randomness
of changes in wind speed. On the other hand, load scenarios show cyclical variations,
forming peaks and troughs during periods of high and low demand, which is consistent
with typical daily load cycles. Additionally, to provide a more intuitive description of
the realism of the generated source–load scenarios, Figure 14 illustrates the source–load
scenarios divided into multiple clusters through clustering. Each cluster represents a
group of source–load data patterns with similar characteristics, such as variations in solar
power generation or electricity load. Different colors are used to distinguish these clusters,
clearly showcasing various typical patterns and trends, such as peak load periods or power
output under specific weather conditions. This enhances the understanding and simulation
accuracy of real-world application scenarios. In summary, TGAN generates a high-fidelity
representative power scenario that preserves the core pattern of the original scenarios,
making it suitable for further analysis or as an input to models that require typical everyday
patterns, thereby increasing efficiency without significant information loss.
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Figure 11. The source–load scenario diagram on a daily time scale after clustering reduction.
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Figure 12. The source–load scenario diagram on a weekly time scale after clustering reduction.
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Figure 13. The source–load scenario diagram on a monthly time scale after clustering reduction.

Figure 14. The distribution of source–load data after clustering.

5.3. Probability Density Distribution Characteristics

In order to further evaluate the quality of the generated source–load scenario, the
cumulative distribution function (CDF) and probability density function (PDF) are intro-
duced in this paper to visually represent the probability distribution of the source–load
scenarios, which is convenient to compare the real scenarios.

As shown in Figure 15, the CDF curve of the generated scenarios are generally highly
consistent with the actual data. Especially in the range of solar power 0–0.6 kW, wind power
0.4–0.8 kW, and load demand 8–16 kW, the actual scenarios almost completely coincide.
This shows that the generated scenarios effectively capture the cumulative probability
distribution characteristics of the real scenarios. Figure 16 provides some essential insights.
The PDF curve of the generated photovoltaic scenarios aligns closely with the real scenarios
in the low-power range (0–0.1 kW), showing a distinct peak characteristic. However, out-
side this low-power range, the generated scenarios exhibit increased fluctuation, indicating
a slight deviation from the real distribution in less frequent power ranges, which may be
due to the inaccurate model in handling low power output cases. For wind scenarios, the
generated PDF curve is basically consistent with the actual scenarios in the main peak range
(0–0.4 kW), and there is a slight difference above 0.4 kW, which indicates that the generated
scenarios effectively capture the main distribution characteristics of wind scenarios, and
the performance is poor in the case of high power. But it performs poorly at high-power
conditions, suggesting that the model may not accurately capture the distribution of wind
scenario output, especially near peaks. In addition, the load scenarios present a bimodal
pattern, and the generated scenarios closely match the actual scenarios for the 8 kW and
12 kW peaks, accurately reflecting typical daily load variations.

It is important to note that a limitation of this study is that it does not consider source–
load scenario generation under extreme conditions or the influence of meteorological factors.
In future work, we will focus on the impact of extreme conditions and meteorological
factors on source–load scenario models. Our aim is to improve the adaptability, robustness,
and richness of these models, thereby providing more accurate technical support for
planning personnel.
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Figure 15. CDF of source–load scenarios.
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Figure 16. PDF of source–load scenarios.

6. Conclusions

This paper proposes a multi-time source–load power scenario generation method
based on a TGAN. To meet the long-term analysis needs of distribution networks, a
comprehensive evaluation system for source–load scenarios across various temporal and
spatial scales is established. Using historical source–load power data from a county in
Shandong, China, the proposed method is validated for effectiveness and accuracy. The
main conclusions are as follows:

(1) Dividing typical daily source–load power states and simulating the state transition
patterns with a Markov chain helps to uncover the probabilistic characteristics of
source–load power across multiple temporal and spatial scales.

(2) The introduction of an MHAM and TCN enhances the TGAN’s capability to capture
the spatiotemporal features of source–load power, enabling the generated multi-scale
source–load scenarios to better reflect the probabilistic and correlation characteristics
of source–load power.

(3) The evaluation system assesses the quality of the generated source–load scenarios,
providing detailed and reliable analytical data to support long-term power and energy
balancing as well as operational planning in distribution networks.

Additionally, the TGAN can effectively simulate the actual energy generation and
consumption mode, which provides a powerful tool for source–load prediction, further
optimizing distribution network management, and can better forecast future electricity
consumption trends and formulate more scientific and reasonable investment plans and
infrastructure upgrade strategies. In future work, we will focus on improving model
algorithms based on the limitations of existing models to improve accuracy in these critical
areas. At the same time, other factors affecting the change of source–load will be considered,
which will further improve the accuracy of source–load scene. Finally, we will select the
appropriate algorithm to automatically adjust and optimize the model parameters to make
the TGAN model adapt to different geographical and climatic conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

GAN Generative adversarial network
CGAN Conditional generative adversarial network
TGAN Temporal generative adversarial network
MHAM Multi-head attention mechanism
TCN Temporal convolutional network
AM Attention mechanism
RNN Recurrent neural network
ACF Autocorrelation coefficient
CDF Cumulative distribution function
PDF Probability density function
kW Kilowatt
kWh Kilowatt-hour
MCMC Markov chain Monte Carlo
RMSE Root mean square error
MAE Mean absolute error

Appendix A

The code in this article is improved on the open source code [32]. Due to the
confidentiality agreement, this article only provides open source code links “https:
//github.com/chennnnnyize/Renewables_Scenario_Gen_GAN” (accessed on 17 June
2024).
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Abstract: As global energy networks expand and smart grid technology evolves rapidly,
the volume of historical power accident data has increased dramatically, containing valu-
able risk information that is essential for building efficient public safety early warning
systems. This paper introduces an innovative text analysis method, the Sparse Coefficient
Optimized Weighted FP-Growth Algorithm (SCO-WFP), which is designed to optimize
the processing of power accident-related textual data and more effectively uncover hidden
patterns behind accidents. The method enhances the evaluation of sparse risk factors by
preprocessing, clustering analysis, and calculating piecewise weights of power accident
data. The SCO-WFP algorithm is then applied to extract frequent itemsets, revealing deep
associations between accident severity and risk factors. Experimental results show that,
compared to traditional methods, the SCO-WFP algorithm significantly improves both
accuracy and execution speed. The findings demonstrate the method’s effectiveness in
mining frequent itemsets from text semantics, facilitating a deeper understanding of the
relationship between risk factors and accident severity.

Keywords: smart grid; power security; text analysis; data mining strategy; FP-Growth
algorithm

1. Introduction

Th electric power industry plays a key role in the life and production of modern
society [1], but the inherent conditions in the implementation of electric power production
are complex, the accidents are frequent, and the situation of safety production is grim [2,3].
As the scale of the power grid continues to expand, the data on electric power personal
accidents have increased explosively. Researchers have found a certain regularity in the
occurrence of power accidents in historical data, but the historical data of power accidents
are still not fully explored [4]. In order to explore the relationship between different risk
factors and the levels of power accidents, it is of great practical significance to mine the risk
factors of power accidents that have occurred based on historical records of accidents.

Against the background of the wide range of challenges in the power sector, many re-
searchers have devoted themselves to solving different problems using data mining techniques.
Gholami et al. [5] addressed the problem of large-scale outages occurring in a distribution
network with distributed energy sources and proposed a method to effectively find the root
cause of large-scale outages by aggregating, classifying, and mining the available data. Wu
et al. [6] analysed historical data in terms of grid operation stability and mined the association
rules between different time periods, different voltages, and different risk levels through spe-
cific grid operation cases and the rules conformed to the grid operation rules. Wang et al. [7]
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generated typical operating scenarios in a photovoltaic (PV) power system by correlating PV
output scenarios with load scenarios and considered the weather factor to make the generated
typical scenarios interpretable using the weather factor. Zhou et al. [8] used a link prediction
method to explore the association rules of coal mine accident hidden danger texts in order to
effectively mine valuable coal mine accident hidden danger information from massive text
data and make predictions. Shen et al. [9] combined a comprehensive model of text mining
and machine learning based Bayesian networks and used sensitivity analysis to determine
the key risk factors of safety accidents in metro construction. However, in the current field
of power accidents, the research on systematically mining the specific risk factors of power
accidents is still insufficient, which to a certain extent restricts the accurate decision-making of
power safety risks and the formulation of effective prevention and control strategies. In order
to effectively prevent and timely deal with power accidents, knowing how to mine effective
risk factors of accidents from a massive amount of recorded data is the current challenge.
Thus, this paper comprehensively analyses the risk factors of electric power accidents based
on a data mining algorithm.

The word vector generation model Word2Vec has been applied to the electric power
domain several times, e.g., Liu et al. [10] combined the Word2Vec model and convolutional
neural network (CNN) for electric power equipment fault diagnosis and mined the contextual
semantic features of the words through the Word2Vec model to represent the descriptive
text of equipment faults. However, generating word vectors using Word2Vec alone is not
sufficient to fully reveal the deep structure and patterns in power incident texts. To solve this
problem, this paper further introduces the K-means algorithm for cluster analysis. Among
all clustering methods, the K-means algorithm is a commonly used unsupervised machine
learning clustering method that is mainly used for grouping or classifying data sets [11]. In the
field of electric power, K-means clustering is used to extract key factors from accident reports
and classify the reports into different categories based on their contents. Wang et al. [12]
applied K-means clustering to analyse electric power marketing information, which solved
the limitations of the traditional BERT model and achieved high-precision and fast clustering
identification of information. Therefore, in this paper, a K-means clustering method is used to
achieve accurate clustering of text before association rule mining and provide more structured
input data for subsequent association rule mining.

Association rule mining, as one of the important research methods in the field of data
mining [13,14], is used to discover association relationships between items in a dataset.
For power accident text data [15], association rule mining methods analyse the hidden
patterns and connections in unstructured natural language information. The more typical
of this method are a priori test class algorithms that generate candidate sets and Frequent
Pattern-Growth (FP-Growth) algorithms that does not generate candidate sets. Agrawal
et al. [16] first proposed an a priori algorithm for the shopping basket problem, which is
an iterative search method that scans the original data several times, constructs and filters
the candidate sets, and exhausts the items in the dataset. Liu et al. [17] used a binary logic
“and” operation methos to improve the a priori to analyse the association rules of risk
elements in the field of civil aviation. However, the a priori algorithm needs to scan the
dataset several times before generating frequent items, which brings a large I/O load and
low efficiency, and at the same time generates a large number of candidate sets, which faces
high computational complexity and memory consumption. Based on the above problems,
Han et al. [18] first proposed an FP-Growth algorithm. FP-Growth algorithms only need
to scan the database twice and construct Frequent Pattern Tree (FP-Tree) to compress the
data. The frequent itemsets are obtained by recursively mining the conditional FP-Tree to
reduce the complexity of storage and computation. Therefore, in this paper, the FP-Growth
algorithm is used to reveal the potential patterns and key influencing factors of accidents.

89



Energies 2025, 18, 716

Due to the different importance of different items in the dataset, many studies have
used weighting to mine frequent itemsets. Xiao et al. [19] introduced a time decay factor to
assign weights to the transactions and designed a weighting function to mine the relevant
frequent items of the most recent time transactions. Yu et al. [20] applied entropy weighting
method to calculate the risk index of different food types and used FP-Growth algorithm
with constraints for association rule mining of food risk factors. However, existing weighted
association rule mining methods often neglect the unique structure and importance of
text data, and the use of a traditional FP-Growth algorithm in the electric power field
makes it difficult to fully mine potential risk factors and accident patterns when dealing
with complex text data [21]. In addition, most of the association rule mining methods do
not take into account the weighted differences between risk factors, and they also lack
effective treatment of sparse data. Therefore, the existing methods have deficiencies in
computational efficiency, data processing depth, and result accuracy in the specific risk
factor analysis of power accidents. Based on this, this paper chooses to improve on the
traditional FP-Growth algorithm by introducing a weighted algorithm to mine power
accident records for frequent items. Risk factors with very low frequency of occurrence, but
also with strong correlation with accidents, are added to the calculation of the importance
of accident records. Then the algorithm calculates the weighted support degree of risk
factor feature items and sorts them in descending order of weighted support degree. In this
way, an FP-Tree is constructed to mine the frequent itemsets to highlight the importance of
the concern data and fully explore the potential power risk factors.

Inspired by the aforementioned research, this paper addresses the limitations of
traditional association rule mining methods in fully utilizing text data. This paper proposes
a novel text-weighted FP-Growth association rule mining scheme for power accidents
to solve the problem of an insufficient basis for the analysis of power accidents, so as to
provide a theoretical basis and decision-making support for risk management of the electric
power industry and to promote safe and stable operation of the electric power system and
sustainable development. The main contributions are as follows:

1. Enhanced text utilization: In this paper, we propose a text-weighted FP-Growth based
association rule mining scheme for power accidents that improves the utilisation of text
data by incorporating semantic information into the association rule mining process.

2. Word vector and classification: The cosine similarity is used to calculate the sub-word
weights and quantify the semantic correlation between each word and accident level,
thus optimising the classification of accident types and risk levels.

3. Mining sparse factors: Sparse factors are introduced to address the challenge that
sparse risk factors in power accidents are not easily mined. The experimental results
show that this approach improves the identification of uncommon but important risk
factors by accurately assessing the importance of accident records.

2. Basic Theory

2.1. Word2vec Model

Word2Vec is a word vector generation model that learns semantic knowledge from a
large text corpus in an unsupervised manner that is mainly applied in the field of Natural
Language Processing (NLP), such as text classification, sentiment analysis, etc. [22–24]. The
method converts words in text into numerical vectors that are mainly divided into two
architectures: the Continuous Bag of Words (CBOW) model and the Skip-gram model. The
CBOW model predicts the target word based on its contextual words, while the Skip-gram
model operates in the reverse direction, predicting the context with the target word. The
CBOW and Skip-gram model architectures are shown in Figure 1.
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Word2vec training is usually accelerated by negative sampling techniques and the
softmax objective function is optimised to minimise the prediction error. After training the
word vectors, similar words will be closer in the high dimensional space as well. In this
paper, a Word2vec model is used to generate word vectors for power accident dataset to
characterise the semantic information by means of word vectors in order to facilitate the
computer to understand their semantic and contextual relationships.

Figure 1. CBOW and Skip-gram model architectures.

2.2. K-Means Clustering

K-means clustering is performed by determining the similarity between samples,
where similarity is usually measured using the distance between sample attributes [12,25].
The algorithm is based on an iterative process that divides observations (sample points)
into a predetermined number of clusters (k centres), each consisting of data points closest
to its centre of mass, which is also known as the mean or centre position of the cluster.

In order to perform association rule mining on power accident data, quantitative
textual data need to be transformed into qualitative data, i.e., accident level data are risk
graded and the sample data are transformed into the form of accident levels. The number
of clusters k is determined according to the columns of accident levels in the dataset,
which are Minor, Moderate, Major, and Severe. So, in this paper, k is set to 4, so that
all the segmentation words belong to the same class as the representative words of one
accident level. In this paper, the K-means algorithm is used to divide the dataset into
four clusters representing four accident classes, which facilitates the subsequent mining of
association rules between accident classes and risk factors. The main steps of the algorithm
implementation are as follows:

(1) Initialisation: Four initial centres of mass (centroids) are randomly selected as repre-
sentatives of each cluster.

(2) Assignment: The Euclidean distance d from each sample point to all centres of
mass is computed and the sample point is assigned to the cluster with its closest
distance. The Euclidean distance between the sample points xi = (xi1, xi2, . . . , xin)

and xj =
(

xj1, xj2, . . . , xjn
)

is calculated as follows:

d
(

xi, xj
)
=

√
∑n

i=1,j=1

(
xi − xj

)2 (1)

(3) Update: For each cluster, recalculate its centre of mass c (the mean value of all points
in the cluster) as follows:

cj =
∑xi∈Cj

xi∣∣Cj
∣∣ (2)
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where C denotes category, Cj = {C1, C2, C3, C4}.
(4) Iteration: If there is a change in the centre of mass of the cluster, repeat steps 2 and 3

until the centre of mass no longer changes or the preset maximum number of iterations
is reached.

2.3. Cosine Similarity

In fields such as NLP, information retrieval, and data analysis, cosine similarity is a
statistical measure of the angle between two non-zero vectors [26]. It is based on the vector
space model and calculates the cosine of the angle between the directions of these two
vectors, taking values from −1 to 1.

When two vectors are in the same direction, the angle is 0 degrees and the cosine
similarity is 1. If they are perpendicular (orthogonal) to each other, the angle is 90 degrees
and the cosine similarity is 0. If they are in the opposite direction, the angle is 180 degrees
and the cosine similarity is −1. In this way, we can quantify the degree of similarity of the
contents of any two texts in a dataset, and the smaller the angle is, the more similar the
contents of these two texts are. In this paper, the cosine similarity approach is utilised to
measure the similarity between accident descriptions, thereby revealing potentially similar
events or risk factors. By calculating the cosine value between each word vector and the
accident level and then multiplying the corresponding coefficients according to the accident
level, we obtain the segmented words weights. The formula of this algorithm is as follows:

Similarity(A, B) =
A · B

‖A‖ × ‖B‖ =

n
∑

i=1
(Ai × Bi)√

n
∑

i=1
Ai

2 ×
√

n
∑

i=1
Bi

2

(3)

where A and B denote two different vectors; A·B denotes the dot product of vectors A and
B; and ‖A‖ and ‖B‖ denote the modes of vectors A and B, respectively.

2.4. FP-Growth

Let I = {i1, i2, . . . , id} denote the itemset consisting of all items I and D =

{T1, T2, . . . , Tn} denote the set of all transactions T. Each transaction Ti contains a set
of items that are a subset of I, and the supports (s) are the ratio of the support count (scount)
to the length of the transaction dataset |D|, as following:

s =
scount
|D| (4)

Confidence (c) represents the value that reflects the degree of confidence in the associ-
ation rule, and the formula is as follows:

c(U ⇒ V) =
s(U ∪ V)

s(U)
(5)

where s(U ∪ V) is the support of the concatenated set of itemset U and itemset V, which
represents the probability of U and V occurring at the same time and s(U) denotes the
support of itemset U.

The algorithm first introduces the FP-Tree, where each node in the tree corresponds
to an item in the frequent itemset. Given the original dataset D and a specified minimum
support threshold, the FP-Growth algorithm only needs to traverse the original data twice
to generate FP-Tree data that compresses the original data. The implementation of the
algorithm is mainly divided into two stages: constructing the FP-Tree and recursively
mining of the FP-Tree, as illustrated in Figure 1.
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(1) Construct the FP-Tree: Identify all frequent items from each transaction dataset and
merge them to form the FP-Tree. In the FP-Tree, each internal node represents a fre-
quent item, and the relationships between nodes reflect the order of item occurrences.
The paths of the tree represent transactions with the same prefix. The specific steps
are as follows:

• Generate frequent itemset. The original transaction dataset D is scanned for
the first time and all items in D are counted. The frequent 1-item set and the
frequent item list F-list are filtered according to the minimum support and sorted
in descending order.

• Construct the tree structure. The original transaction dataset D is scanned for
the second time, the dataset is arranged in the order of the frequent items in the
F-list, and the FP-Tree is constructed for compressing and storing the dataset
after ordering by frequent items.

(2) Recursively mining FP-Tree: Frequent patterns and corresponding support are gener-
ated by scanning the FP-Tree, followed by mining association rules that satisfy the
minimum confidence threshold. The specific method is as follows:

The FP-Growth algorithm is based on the constructed FP-Tree to mine frequent items
in a bottom-up principle. The total mining task is divided into several independent sub-
tasks, which construct and recursively mine sub-FP-Trees to mine local frequent items.
The local frequent items are connected with the suffix frequent items to generate longer
frequent itemsets until no new frequent itemsets are generated. Figure 2 shows the flow of
the FP-Growth algorithm for mining frequent itemsets.

Figure 2. Process of mining FP-Growth frequent itemsets.

3. FP-Growth Algorithm Based on a Text-Weighted Method

To address the insufficient research on specific risk factors of electric power accidents,
this paper explores the potential correlations between these risk factors and accident levels
using an association rule mining method. For accident risk factors described in text. This
paper designs the FP-Growth algorithm based on text weighting to analyse the impact and
degree of association of different risk factors on accident level. The process of mining risk
factors is shown in Figure 3.

In this paper, we firstly constructed a power accident dataset and preprocessed the text
using a word-splitting method. Then the word vectors are generated by the CBOW model of
Word2Vec, where the silhouette coefficient of the combination of the important parameters,
vector_size (the dimension of the word vectors) and window (the size of the context window),
are calculated to obtain the optimal combination of the parameters. Since the generated
high-dimensional word vectors reduce the K-means clustering performance, the t-distributed
stochastic neighbour embedding (t-SNE) algorithm is used to reduce the dimensionality
before clustering, and then the cosine similarity is used to calculate the sub-word weights.
Since the risk factors within a specific sparse range are not easy to mine, this paper introduces
sparse coefficients, which together with the segmentation weights determine the importance
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of accident-related risk factors. Finally, frequent terms and association rules are mined based
on the text-weighted FP-Growth algorithm defined in this paper. In addition, this paper
optimizes the algorithm’s running process to achieve higher efficiency.

Figure 3. Process of mining power accident risk factors.

3.1. Design and Calculation of Word Segmentation Weights
3.1.1. Text Preprocessing

In order to convert the original text that does not conform to the input rules into
the content that can be recognised by the weighted FP-Growth algorithm, it is necessary
to carry out text preprocessing. Aimed at the original text corpus and feature item text
description, this paper selects the jieba lexical library for the lexical processing of the
text [27] and chooses the precise mode to ensure the accuracy of the lexical results to restore
the semantic structure of the text to the maximum extent.

In this paper, we focus on the noise in text data to further improve the quality and
efficiency of word splitting and take measures to deal with it accordingly. Firstly, an
exclusive deactivation word list was constructed using the Chinese deactivation word
list of Harvard University, and all deactivated words were eliminated in the process of
lexical segmentation, which effectively avoided the interference of words with no practical
significance with the thematic content of the text. Secondly, we cleaned up the punctuation
marks, irrelevant symbols (e.g., emoticons), and formatting problems in the text to ensure
that the text data are more standardised and to provide a clear basis for subsequent
analysis. Through these methods, this paper effectively reduces the interference of noise in
the analysis of text data, thus improving the accuracy and reliability of the analysis results
and helping to focus on the important content of the text.

3.1.2. Design and Calculation of Weights

After the word segmentation process, this paper converts sentences in the original
corpus into contextual sentences composed of segmented words and uses the segmented
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sentence lists to train the Word2Vec model. Word2Vec employs a shallow neural network
to embed words into a low-dimensional vector space in order to capture the semantic
information of the words. In small datasets, the vocabulary is usually limited and the
contextual information of high-frequency words is relatively sufficient. Among the two
architectures of the Word2Vec model, the CBOW model trains quickly on small datasets
and makes better use of this contextual information. Since the dataset constructed in
this paper is small, CBOW is chosen to train the Word2Vec model. The two important
parameters of Word2Vec are vector_size and window, and the appropriate combination of
these parameters is selected based on silhouette coefficient to generate word vectors.

In this paper, we use the t-SNE algorithm for dimensionality reduction of generated
high dimensional word vectors [28]. This algorithm is a nonlinear technique for dimen-
sionality reduction that keeps similar data similar in low dimensional space. Then, the
dimensionality reduced word vectors are clustered using K-means clustering. Based on the
above process, the cosine similarity is used to calculate the segmentation weights with the
following formula:

wordweight = similar(x, accident)× 2i (6)

where x denotes the current segmentation; accident denotes the accident level;
similar(x, accident) denotes the cosine similarity between the current segmentation x
and accident, and the current segmentation x belongs to the same clustering category as
the accident level; and i is assigned different values based on accident (when the accident is
Minor, Moderate, Major and Severe, the corresponding i is 0, 1, 2, and 3, respectively).

3.2. Text-Weighted FP-Growth Algorithm

Based on the design and calculation of segmentation weights, the improved FP-
Growth algorithm presented in this paper primarily mines frequent terms by combining
sparse coefficients to calculate the importance of accident records. At the same time, this
paper introduces parallel computing and improves the relevant data structure during the
execution of the algorithm to optimise the operation efficiency of the algorithm.

3.2.1. Sparse Coefficients

In this paper, 10 risk factors were mined as feature terms, and it was found that some
feature terms with low participle weights in the accident dataset also responded to potential
accident level correlations. These sparse feature terms appear with low frequency but may
also have strong correlations with accidents. Therefore, this paper designs sparse coefficients
to be added to the calculation of importance [29]. The calculation formula is as follows:

pavg =
1
c ∑ pi, pi =

n
N

, α ≤ pi ≤ β (7)

coe f =
1

1 − pavg
(8)

where pi denotes the sparsity rate of the i-th feature term; n represents the number of miss-
ing accidents; N represents the total number of accidents; pavg denotes the average sparsity
of feature terms within the specified range α and β; and coe f denotes the sparse coefficient.

3.2.2. Definition of the Weighted FP-Growth Algorithm

We define the feature term set associated with accidents as I = {I1, I2, I3, . . . , In}, and
the accident records set R = {R1, R2, R3, . . . , Rm}, where Ri consists of Ii. In the accident
record Ri, each feature item contains multiple segmentation weights wordweight. The
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importance of the accident records (Record Importance, RI) is calculated based on the word
weights and sparse coefficient, with the calculation formula is as follows:

RI = ∑ wordweight
n

× coe f (9)

where n is the number of segmentation weights.
The weighted FP-Growth algorithm filters the frequent itemsets based on the weighted

support thresholds ε, and the formula for calculating the weighted support of feature items
is as follows:

Sup(Ii) =
∑n

j=0 (I i ∈ Rj
)×RIj

∑n
j=0 RIj

(10)

where Sup(Ii) denotes the weight support of a feature term and the conditional expression
Ii ∈ Rj denotes whether the feature term Ii exists in the incident record Rj. If it exists, the
conditional expression returns 1, otherwise it returns 0.

This algorithm calculates the weight support of the risk factor feature terms by scan-
ning the power accident dataset and sorts them in descending order of weight support.
Subsequently, the FP-Tree is constructed by each accident record feature term in the sorted
order. Finally, the conditional FP-Tree is constructed recursively to mine the frequent
termsets. The specific algorithm is described as follows (Algorithm 1):

Algorithm 1 Weighted FP-Growth Algorithm

Inputs: incident record set R, minimum weight support thresholds ε

Output: frequent item set FIS
1. FP-Growth (R. ε)
2. Construct header tableTable: scan R, compute Sup(Ii) and construct header table in
descending order
3. Construct FP-tree: scan R and initialise the root node of the tree as an empty node, i.e.,
Root = null
4. While(Ri):
5. The Ri the feature items in Ij from Root into the FP tree in sorted order
6. If(node == Ij): Merge node weights together;
7. else: create new node, add node address to Table
8. Iterate over the Table:
9. Constructed Ii The conditional pattern base of the Rc: traverses the Table(Ii) indexes the
corresponding tree nodes to construct the conditional schema base
10. Recursion: FISc = FP-Growth (Rc, ε)
11. Combined: FIS = FIS

⋃
FISc

12. Return FIS

3.2.3. Optimisation of Operational Efficiency

Firstly, this paper enhances the algorithm through the implementation of hash tables.
The hash table constructs the header table in Step 2, enabling rapid indexing and addition
of node addresses during the FP-tree construction in Step 3. Secondly, the construction
of the FP-tree necessitates ordering the feature items in the dataset by their weighted
support in descending order. In building the conditional pattern base, a pointer link is
established for each feature item node to the corresponding hash table based on its support
value. This facilitates efficient ranking by directly comparing support values, thereby
minimizing traversal overhead. Lastly, the recursive mining of frequent items is executed
in parallel using Open Multi-Processing (OpenMP), which is a multi-threaded concurrent
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programming API that supports cross-platform shared-memory models. This approach
significantly enhances operational efficiency by allowing parallel traversal of the header
table for the recursive mining of frequent items.

4. Experimental Results and Discussions

4.1. Experimental Dataset

The power accident dataset presented in this paper comprises a corpus of power
accidents within the Southern Power Grid, transcribed from the National Compendium
of Power Accidents and Power Safety Events (2022) and documentation from a power
supply bureau. The dataset organizes and classifies power accidents and safety events into
categories such as personal injury and fatality incidents, equipment failures, and power
safety events. Each accident is elaborated upon from several aspects, including a brief
description, detailed accounts, root causes, identified issues, preventive measures, and
corrective actions. In total, the dataset contains 373 records, encompassing both original text
entries and extracted dimensions of accident causation with corresponding descriptions.
An example of a training sample is provided, as shown in Table 1.

Table 1. Specific examples of the accident dataset.

Description of the Incident Extractable Feature Text

(1) Brief description of the accident: While carrying out a comprehensive
improvement of the 10 kV xx water line at the Linxx Power Bureau, which is
under the xx Power Supply Bureau of the xx Power Grid, an operation and
maintenance worker of the distribution network mistakenly climbed up to pole
No. 06 of the 10 kV xx, which was electrically charged near the work site, and
caused an electrocution accident, resulting in serious injuries.

(2) How the accident happened: The XX Power Supply Bureau was carrying out a
comprehensive improvement of the distribution network of the 10 kV xx line.
The staff came from 4 power supply offices and several external construction
units. The work was divided into two groups, involving a total of three work
tickets. 07:00, 10 kV xx line 01 knife gate after the section of the line to repair.
Without fully explaining safety matters, members of the first team (Qin X and
others) signed off and went to the job site. Qin X and three others planned to
replace porcelain bottles at poles 04–08 of 10 kV xx line. at 0956 h, after the rain
abated, Qin X and others reached the vicinity of pole 06 of 10 kV xx, which was
mistakenly thought to be the work site. Without verifying the identification of
the pole, Qin X started to climb the pole. He was electrocuted and injured in the
process of boarding the pole. at 10:25 a.m., Su x went up the pole to confirm that
there was no voltage and then rescued Qin x and sent him to the hospital for
treatment.

(3) Causes of the accident:

1. Direct cause: The field worker had a weak sense of safety and mistakenly
boarded the electrified No. 06 without checking the name of the line and
the number of the pole tower or conducting a power test.

2. Indirect Causes: (a) The safety explanation was a mere formality. The
general explanation given by the leader of the on-site coordination group,
My, and the person in charge of the work ticket to all workers was not
specific, and the leader of the subgroup did not give a safety explanation to
the workers in the subgroup. (b) There was a vacuum in the on-site safety
supervision service. The person in charge of the work did not explicitly set
up a special-purpose supervisor in the work permit. (c) Wrong placement
of materials and work equipment. The safety belt bag, electric tester pen,
foot buckle, lanyard, etc. were placed in the wrong position, which became
the cause of misleadingly climbing the tower by the working staff.

• Command error: the safety
explanation is in form;

• Operational error: mistakenly
boarding pole No. 06 of the 10 kV xx
line, which was running with
electricity;

• Supervision error: vacuum in site
safety supervision duties;

• Improper use of work equipment:
wrong placement of materials and
work equipment;

• Accident level: general.
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This paper specifically examines the correlations between the risk factor character-
istics across ten dimensions and the four grades of accident occurrence: command error,
operational error, supervisory error, insufficient knowledge and skills, inappropriate mea-
sures, improper use of equipment, inadequate regulations and procedures, ineffective dual
prevention mechanisms for risks, insufficient risk management and control, and inade-
quate safety training. The four accident grades are categorized as Minor, Moderate, Major,
and Severe.

4.2. Experiments on Word2Vec-Based Word Vector Generation

In this paper, we design experiments on accidental text using jieba participle and
a deactivated word list to remove participle noise and generate word vectors based on
Word2Vec model for the participle of the text after participle. Since vector_size and window
are important parameters affecting the quality of word vectors, this experiment searches
for the optimal combination by adjusting these two parameters.

Firstly, the parameter space is defined: the value range of vector_size is [60, 120], and
the step size is 10; the value range of window is [3, 9], and the step size is 2. Then, all the
combinations of parameters are traversed by using the grid search method, and the word
vectors are obtained by training the Word2Vec model. The word vectors were dimension-
ality reduced and then K-means clustering was performed to classify the word vectors
into four classes, representing the different accident levels. Each group of experiments is
repeated five times; if any one of the clustering attempts fails, the statistical result is failure.
The clustering results are shown in Table 2, where T indicates clustering success and F
indicates clustering failure.

Table 2. Clustering results for different parameter combinations.

Window

Vector_Size
60 70 80 90 100 110 120

3 F F F F F F F
5 F F F T T F F
7 F F F F F F F
9 F F F F F F F

From Table 2, it can be seen that when vector_size is 90 or 100 and window is 5, it can
successfully cluster the word vectors into four classes. The two parameter combinations
(90, 5) and (100, 5) were further evaluated using the silhouette coefficient S, calculated
as follows:

S(i) =
b(i)− a(i)

max{a(i), b(i)} (11)

where a(i) is the average value of the degree of dissimilarity from vector i to other points
within the same cluster and b(i) is the minimum value of the average degree of dissimilarity
from vector i to other clusters.

The results show that the profile coefficient of the combination (100, 5) is 9.76% higher
than that of the parameter combination (90, 5), so the vector_size of 100 and window of
5 are selected as the final parameter settings in this experiment. Based on this parameter
combination, the visualisation results of word vector clustering are shown in Figure 4,
indicating that the word vectors in the power accident dataset have been successfully
classified into four classes.
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Figure 4. Segmentation clustering visualisation.

4.3. Experiments on the FP-Growth Algorithm Based on Text-Weighting

This algorithm is divided into two parts: text weights and sparse coefficients. First, the
experiment explores the effect of text weighting on the algorithm results. In this experiment,
in order to mine as many frequent itemsets as possible, the minimum support threshold
is set to 0.01. The support degree of association rules shows the frequent association
relationship between risk factors and accident levels, and the higher the support degree,
the more frequent the rules appear. The change of support degree of each risk factor feature
term before and after text-weighted is shown in Figure 5.

Figure 5. Change in support of feature items before and after text weight.

As illustrated in Figure 5, with the exception of the two feature items “command
error” and “improper use of work equipment”, the support levels of the remaining eight
feature items have improved following text weighting. Notably, the support levels for
“operation error” and “insufficient safety education and training” both exceed 0.8 before
and after weighting. Among these, “insufficient safety education and training” experienced
the most significant increase, rising by 3.75 percent. The support levels of the other six
characteristics are primarily concentrated within the range of 0.4 to 0.7, showing a slight
increase post-weighting.

Because the frequency of “command error” and “improper use of work equipment” is
low in the dataset, the order of support is small, which leads to a further decrease in the
weighted support, of which the weighted support for “improper use of work equipment”
is only 0.19. If the support threshold is set to 0.2, the item cannot be mined into the relevant
frequent items. For this reason, this paper introduces sparse coefficients and experimentally
explores the effect of combining sparse coefficients on the algorithm results on the basis
of text weights. The support changes of feature items before and after combining sparse
coefficients are shown in Figure 6.
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Figure 6. Change in support of feature terms before and after combining sparse coefficients.

As illustrated in Figure 6, the support for the sparse feature term “improper use
of work tools” significantly improves after the incorporation of the sparse coefficients,
increasing from 0.21 to 0.52. The support for the sparse feature term “command error” also
shows a 20% improvement. This indicates that increasing the support threshold enhances
the likelihood of mining relevant frequent items from sparse feature terms. Additionally,
with the exception of the item “inadequate safety education and training,” which exhibits
no change in support before and after the application of the sparse coefficients, the support
levels of all other feature items, when combined with sparse coefficients and text weighting,
surpass those achieved through text weighting alone.

In order to verify the effectiveness of the proposed method, under the same dataset,
this paper compares the original FP-Growth algorithm, the improved FP-Growth algorithm,
and the Pearson correlation coefficient method [30]. The Pearson’s correlation coefficient
method is a classical method traditionally used to measure the linear relationship of
variables and is widely used in correlation analysis. The results of the degree of correlation
between the 10 risk factors and the accident level are shown in Figure 7.

Figure 7. Comparison of the degree of association of the three methods.

Figure 7 shows that the Pearson correlation coefficient method associations obtained
in the three risk factors “supervision error”, “inadequate regulations and operating proce-
dures”, and “inadequate risk control” are similar to the other two algorithms. However,
the association degree of the four risk factors “command error”, “insufficient knowledge
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and skills”, “improper measures”, and “improper use of work equipment” is seriously
insufficient and lower than 0.2. This is because the method assumes a linear relationship
between the variables and considers only numerical data, ignoring the complex non-linear
relationship that may exist between risk factors and accident levels and the influence of
semantic information.

The FP-Growth algorithm based on text weighting proposed in this paper is not only
able to deal with complex text data but also gives different weights to different risk factors
through text weighting, which effectively avoids the insufficiency of Pearson’s correlation
coefficient method in dealing with sparse data and nonlinear relationships. Therefore,
using this algorithm can more comprehensively mine the potential risk factors, make
the association rule mining more in line with the reality, and provide more accurate risk
decision support for the power accident early warning.

4.4. Algorithm Running Efficiency Analysis

This experiment is executed on an AMD Ryzen 7 5800H CPU purchased from China,
with 32 GB of RAM and Windows 11 operating system. The core implementation of the
algorithm is based on C++17. The running time of the algorithm under different support
thresholds is shown in (a) of Figure 8, and the memory usage is shown in (b) of Figure 8.

 
(a) (b) 

Figure 8. (a) Comparison of running time and (b) comparison of memory usage under different
support thresholds.

From Figure 8, it can be seen that the improved FP-Growth algorithm proposed in this
paper has less running time than the original FP-Growth algorithm at different support
thresholds and possesses higher running efficiency. Meanwhile, this method occupies
less memory when the support threshold is lower, i.e., mining more frequent items. The
improved FP-Growth algorithm saves time and space costs and verifies the efficiency of
the method.

4.5. Analysis of the Correlation Between Accident Risk Levels

After the FP-Growth algorithm based on text weights and sparse coefficients obtains
the frequent itemset and their support, the resultant statistics on the frequent 2-itemset are
performed in order to derive the degree of association of each accident risk feature with
different accident classes. The degree of association of different risk features with different
accident classes is shown in Figure 9. As can be seen from Figure 9, the degree of association
between the moderate accident class and each risk feature is relatively high, which is due to
the high percentage of accidents in the moderate class and the low percentage of accidents
in the remaining three accident classes, which is in line with the objective law. Among them,
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operation error has the highest degree of association with the moderate accident class,
indicating that both have the highest weight support after weighting in the whole dataset,
which demonstrates the importance and high frequency of operation error behaviour in
the characteristics of accidents. As for the severe accident class, eight dimensions have a
similar degree of association, indicating that the occurrence of severe accidents is often
inextricably linked to all of these factors.

Figure 9. Degree of correlation between different feature terms and accident levels.

By adding up the degree of association between each risk feature and different accident
levels in Figure 9 and arranging them in descending order, a comprehensive ranking of risk
features can be obtained, which reveals the comprehensive degree of association between
different risk features and accident levels, as shown in Figure 10. As shown in Figure 10,
the feature item “operation error” has the greatest impact on power accidents, with an
association degree of 0.88, followed by the feature item “insufficient safety education and
training”, with an association degree of 0.83. The lowest impact of “command error” is
less than 0.4 (0.36), and the impact of the other seven risk factors on power accidents is
within the range of 0.4–0.8. The experimental results show that the FP-Growth algorithm
based on text weight and sparse coefficients proposed in this paper effectively exploits the
risk factors of power accidents and analyses the degree of association of each risk factor
on accidents.

Figure 10. Comprehensive ranking of risk features.

4.6. Association Rule Mining Based on the Improved FP-Growth Algorithm

The confidence level of the association rule reveals the causal relationship between the
risk factors and the accident level; the higher the confidence level, the greater the possibility
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that the former term will trigger the latter term. To achieve the early warning of power
accidents, the causal relationship between the former and latter items can be analysed
in depth to find the risk factors that lead to the strength of the risk level. Some of the
association rules mined by this algorithm are shown in Table 3, which are sorted according
to the level of confidence.

Table 3. Confidence level of the association rule between feature items and accident level.

Antecedent Consequent Confidence

Insufficient knowledge and skills moderate accident 0.90
Unsound dual prevention

mechanism for risks and hazards moderate accident 0.89

Improper use of work equipment moderate accident 0.89

In the historical accident data, the correlation degree between these risk factors is
very high; by analysing the correlation rules in Table 3, it can be seen that “insufficient
knowledge and skills” leads to a higher probability of moderate accidents, so the relevant
electric power industry should focus on the knowledge and skills of the staff training.
Similarly, “unsound dual prevention mechanism for risks and hazards” and “improper use
of work equipment” also lead to a higher probability of moderate accidents, and the electric
power companies should pay attention to the dual prevention mechanism of risks and
hazards and the use of work equipment by employees. According to the mined association
rules, the algorithm can provide effective risk decision support for the early warning of
electric power accidents.

5. Conclusions

The amount of data on power accidents has risen dramatically, posing unprecedented
challenges for risk assessment and safety improvement of power accidents. Accidents
in smart energy systems usually involve multidimensional factors and it is difficult to
capture these complex risk factors directly in unstructured textual data. Aiming at the
textual description of accident risk features, this paper firstly performs word segmentation
on the independently constructed datasets about electric power accidents, followed by
the generation of word vectors through the Word2Vec model. The K-means clustering
algorithm is employed to classify the accident records into four categories corresponding
to different accident levels, following dimensionality reduction of the word vectors. Cosine
similarity is then utilized to calculate text weights, leading to the definition of the FP-
Growth algorithm based on text-weighting. Building on this, an improved FP-Growth
algorithm explores the associations between various accident risk features and risk classes,
with an emphasis on sparse feature terms. Additionally, the mining speed of frequent terms
is enhanced by optimizing certain structural and procedural aspects of the FP-Growth
algorithm, alongside the implementation of parallel processing strategies. Finally, the
effectiveness of this algorithm is demonstrated through experimental results, providing
risk decision support for the early warning of electric power personal accidents.

This method is applicable within the domain of electric power accidents, facilitating
the analysis of correlations between different feature dimensions and accident levels. Safety
managers are able to gain a deeper understanding of the key risk factors that influence the
outcome of an incident, thus supporting faster, more accurate decision-making and aiding
in the development of public safety early warning systems.
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Abstract: In a distributed photovoltaic system, photovoltaic data are affected by hetero-
geneity, which leads to the problems of low adaptability and poor accuracy of photovoltaic
power prediction models. This paper proposes a distributed photovoltaic power prediction
scheme based on Personalized Federated Multi-Task Learning (PFL). The federal learning
framework is used to enhance the privacy of photovoltaic data and improve the model’s
performance in a distributed environment. A multi-task module is added to PFL to solve
the problem that an FL single global model cannot improve the prediction accuracy of
all photovoltaic power stations. A cbam-itcn prediction algorithm was designed. By im-
proving the parallel pooling structure of a time series convolution network (TCN), an
improved time series convolution network (iTCN) prediction model was established, and
the channel attention mechanism CBAMANet was added to highlight the key meteorolog-
ical characteristics’ information and improve the feature extraction ability of time series
data in photovoltaic power prediction. The experimental analysis shows that CBAM-iTCN
is 45.06% and 42.16% lower than a traditional LSTM, Mae, and RMSE. Compared with FL,
the MAPE of the PFL proposed in this paper is reduced by 9.79%, and for photovoltaic
power plants with large data feature deviation, the MAPE experiences an 18.07% reduction.

Keywords: personalized federated learning; multi-task; deep learning; photovoltaic
power prediction

1. Introduction

With the advent of the “dual carbon” targets, renewable energy has become a primary
direction for future international energy development [1]. In this context, the installed ca-
pacity of distributed photovoltaic (DPV) systems has surged, making accurate photovoltaic
power forecasting significantly important for optimizing grid scheduling and facilitating
the high-proportion grid integration of renewable energy sources. However, DPV systems
are widespread, and DPV power data are affected by geographical location differences,
photovoltaic array sizes, and local meteorological conditions, leading to non-uniform distri-
bution and complex correlations of the data, exhibiting significant non-IID characteristics.
This significantly challenges the improvement of adaptability in photovoltaic prediction
models within distributed environments.

With the advancement of artificial intelligence research, deep neural networks have
been widely applied in photovoltaic power generation prediction [2]. The photovoltaic
power station uploads the data to the server, and the server uses the data to train the pre-
diction model to predict the photovoltaic power performance in the future [3]. At present,
the deep learning centralized training model has been fully developed. However, the most
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widely used DPV systems are characterized by a dispersed installation of photovoltaic
stations and the influence of geographical and meteorological conditions, causing tempo-
ral and spatial variations in photovoltaic data and resulting in heterogeneous data [4,5].
Therefore, it is impossible to establish a model with strong generalization ability and high
prediction accuracy in the DPV system.

Federated learning is a novel distributed model-building framework. Different from
centralized training, FL adopts a decentralized structure to retain data on local devices
and jointly develop a global model through collaboration [6,7]. In the context of DPV
systems, FL enables secure information sharing and knowledge distillation among DPV
stations and can also enhance model performance in a distributed environment. However,
during the training process of FL, influenced by the non-IID nature of photovoltaic (PV)
data, traditional FL exhibits poor convergence and tends to bias model features toward PV
stations with abundant data, resulting in varied performance of the global model among
different PV stations [8]. Consequently, the conventional FL strategy, which involves train-
ing a solitary global forecasting model, proves insufficient to fulfill the distinct predictive
demands of each individual PV station. Alternatively, the traditional FL methodology
of developing a single, all-encompassing prediction model fails to address the specific
prediction needs of every PV station adequately.

In this paper, a personalized federated learning approach is introduced for the predic-
tion of DPV power. The innovations presented herein are as follows:

1. This paper introduces a framework for DPV power prediction, which is grounded in
PFL. In this framework, local prediction models are trained at individual PV stations,
and the model parameters are updated using federated learning algorithms on a cloud
server. This enables secure information sharing and knowledge distillation among
multiple PV stations.

2. In the process of Personalized Federated Multi-Task Learning (PFL), a multi-task
training method is proposed. Clients have the capability to maintain the confiden-
tiality of the Weight Normalization (WN) layer and develop distinct personalized
models tailored to their unique data characteristics. This addresses the limitation of
conventional federated learning (FL), wherein a unified global model fails to enhance
prediction accuracy across all PV stations.

3. An improved CBAM-iTCN PV power prediction model is proposed. The parallel
pooling structure of the TCN is modified, and the attention mechanism CBAM net is
added. By assigning different weights to different features extracted by the hidden
layers of the TCN, key meteorological feature information is emphasized, enhancing
the feature extraction capability for time series data in PV power prediction.

The remainder of this paper is structured as follows. In Section 2, a comprehensive
summary and review of the relevant literature in the field addressed by this article is
provided. Section 3 presents the proposed methodology outlined in this article. Section 4
introduces the implementation process of the PFL algorithm. Section 5 introduces the
CBAM iTCN prediction model. Section 6 validates the effectiveness of the proposed
method. Section 7 summarizes the advantages and future development directions of this
article’s plan.

2. Related Works

2.1. Photovoltaic Power Prediction Based on Deep Learning

Traditional prediction methods include statistical methods, physical models, and
traditional machine learning methods. Statistical methods include time series analysis
based on historical power data (such as ARIMA and SARIMA) and regression model
prediction using statistical methods such as linear regression and multiple regression. Its
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advantage is low computational complexity, which is suitable for short-term forecasting,
but it has difficulty dealing with nonlinear relations and cannot adapt to complex weather.
Physical models include simulation prediction and indirect prediction methods based
on physical formulas, which have the advantages of clear physical meaning and can
be customized with equipment parameters to expand the prediction range but rely too
much on high-precision data, resulting in large errors in practical applications. Traditional
machine learning methods include support vector machines, random forest, gradient lifting,
etc. Its advantages are that it can adapt to some nonlinear problems through function
selection and has a strong anti-noise ability, but it has difficulty dealing with large-scale
data and consumes a lot of model storage and calculation resources.

Deep learning (DL) can establish the prediction model between meteorological factors
and photovoltaic power. Because of its strong nonlinear mapping ability, DL has been
widely used in this field. While convolutional neural networks (CNNs) excel at processing
the spatial correlation features present in weather image data for photovoltaic power fore-
casting [9,10], they are not proficient at capturing the long-range dependencies inherent in
time series data. Therefore, the CNN is generally combined with Informer, Gating Unit
(Gru), and other networks in photovoltaic power prediction [11–13]. The Cyclic Neural
Network (RNN) has the ability to capture time dependence. The long-term and short-term
memory network (LSTM), BiLSTM, and other networks [14–16] have good performance
in photovoltaic power prediction; however, in the context of long-term series prediction,
the challenge lies in avoiding gradient vanishing and effectively learning the long-range
dependencies. Furthermore, researchers have also suggested that the integrated prediction
methods, combined with a variety of neural networks, such as CNN-LSTM, GBDT-BiLSTM,
and other integrated models [17–19], can realize photovoltaic power prediction; never-
theless, the computational expense is significant, leading to prolonged model training
durations. The above paper aims at centralized photovoltaic power prediction, but the
DPV system is more widely used.

The power prediction of the DPV system is affected by geographical diversity, data
dispersion, as well as non-IID data, which impacts the performance of the prediction model,
which faces challenges. Cheng et al. [20,21] proposed photovoltaic power prediction based
on satellite image data sources. Through cloud image processing, short-term photovoltaic
power generation prediction can be achieved, but processing satellite cloud images re-
quires a lot of computing resources. Asiri et al. [22] introduced a prediction method for
distributed photovoltaic power generation at the regional scale by dividing the region into
different clusters and selecting a representative site in each cluster to realize photovoltaic
power prediction. Some scholars use the idea of clustering to achieve photovoltaic power
prediction, such as SOM [23] and K-means [24]. However, clustering only classifies the
data samples without considering the learning ability of the model.

The above photovoltaic power prediction method usually adopts centralized model
training and enhances the prediction accuracy solely by refining the algorithm’s archi-
tecture but does not take into account the differences in data. However, in a distributed
environment, due to the scattered installation of photovoltaic power stations, the PV data
are affected by factors such as the size, location, and meteorological conditions of PV
arrays, and the distribution of photovoltaic power data in time and space is heterogeneous.
Therefore, it is impossible to establish a model with strong generalization ability and high
prediction accuracy in the DPV system.

2.2. Federated Learning

Since federal learning was proposed, its data privacy protection and other advantages
have attracted the attention of many scholars. McMahan et al. [25,26] proposed a federal
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averaging (FedAvg) method. The model parameters or gradients are uploaded to the cloud
server, and the cloud server distributes the weights of all clients equally. At the same
time, researchers [27] optimized and improved federated learning from the perspective of
client selection, communication, and security. However, the above methods have a poor
convergence effect on highly heterogeneous data.

To improve the convergence of FL, scholars have tried to personalize the local de-
vices and models. Prevalent methods for personalization encompass Federated Transfer
Learning (FTL), Federated Meta-Learning (FML), and Adaptive Federated Learning (AFL),
among others. Zhang et al. [28] used FTL to train devices with limited computational
capabilities, thereby safeguarding data privacy and significantly enhancing the efficiency
and adaptability of model training. Deng et al. [29] introduced an AFL framework, adding
an adaptive algorithm to the original FL algorithm to improve the training efficiency and
reduce the communication cost. Chen et al. [30] introduced a dynamic approach to FML
for the purpose of dynamically forecasting small data samples. These personalization
strategies are applied to customize the global model. Initially, a global model is constructed,
followed by client-specific customization. However, such methods tend to prolong the
model training duration and pose challenges in enhancing the accuracy of the global
model when dealing with non-independent and identically distributed (non-IID) data.
Therefore, the existing federal learning strategies cannot be directly applied to DPV power
prediction [31].

In the current research on DPV power prediction, due to the dispersion of the DPV
system, the PV array size and the meteorological environment of PV power stations in
different locations are different, resulting in non-IID PV data, and it is difficult to train
a prediction model with strong adaptability. Therefore, this paper proposes the PFL of
multi-task strategies to realize the regional collaborative training prediction model and
improve the adaptability of the prediction model.

3. Overall Framework

To validate the resilience and generalization potential of the OGGWO algorithm
in practical implementations, this investigation establishes two distinct experimental
frameworks. The first case study examines multi-objective optimization in integrated
energy management systems incorporating carbon–economic constraints, while the
subsequent evaluation focuses on renewable energy penetration maximization under
grid-stability prerequisites.

Consider a DPV system within a specified region. The comprehensive framework is
illustrated in Figure 1. This system comprises N decentralized PV stations and a cloud
server; these power stations are distributed in different geographical locations, such as
roofs, mountains and open areas; every power station is furnished with a photovoltaic
power prediction model and has local historical power generation data and meteorological
data. In the PFL prediction framework proposed in this paper, firstly, each photovoltaic
power station uses its own data to train the prediction model and upload the trained
parameter gradient to the cloud server; the cloud server uses the PFL algorithm to aggregate
and generate a global model to develop the collaborative training framework for power
prediction models across each DPV power station, while ensuring the privacy protection of
photovoltaic data; the multi task strategy is added to the PFL to make each photovoltaic
power station generate a personalized model separately, solve the problem of the FL single
global model being inadequate for accurately predicting the performance of all power
stations, and improve the prediction accuracy and adaptability of the photovoltaic power
model. The PFL prediction framework presented in this paper, illustrated in Figure 2, is
primarily structured into the subsequent steps:
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1. For each photovoltaic power station, the local historical meteorological data and
photovoltaic power data are preprocessed, including filling in missing data, abnormal
data, and normalization.

2. In response to task requests from the cloud server, each photovoltaic power station
receives the global model parameters and utilizes its local historical photovoltaic and
meteorological data to train the prediction model.

3. Upon the completion of training, each photovoltaic power station will transmit its
model parameters to the cloud server and retain its personalized update for the
current round. The ECS then collects the received model parameters and updates
the global model accordingly. If the accuracy threshold is satisfied, the FL training
process is concluded, resulting in the final global model. The last round of private
patches is pushed back to a personalized model to improve the prediction accuracy
and model adaptability of photovoltaic power plants.

4. If the accuracy of the aggregated global prediction model does not meet the standard,
the global model will be re-distributed to each photovoltaic power station, and steps
2 and 3 will be repeated until it meets the standard.

PV1 PVn

Figure 1. Overall Framework.

Figure 2. Flowchart of prediction system.

In the PFL prediction framework proposed in this paper, the edge server integrates
the global model with the individual patch and trains the personalized model to optimize
its applicability for the predictive endeavor of photovoltaic power plants. In the PFL
process, the multi-task collaborative training mode provides a structured solution for DPV
power prediction.
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4. Personalized Federated Learning

4.1. Federated Learning

The introduction of federal learning disrupts the existing paradigm of data silos. The
specific framework is shown in Figure 3. During the training process, all photovoltaic
power station data are not interconnected, effectively ensuring the privacy of power data.

N

Figure 3. Personalized Federated Learning.

Federal learning represents, in essence, a distinct variant of distributed learning
whereby each PV facility contributes model parameters to collaboratively enhance a global
model. Owing to the non-IID characteristics of photovoltaic data, the localized prediction
models developed by individual PV power stations exhibit significant divergence. As a
result, the global model will exhibit a tendency toward the attributes of the photovoltaic
power station during aggregation with a large amount of data in terms of model characteris-
tics, resulting in poor user accuracy (UA) of some photovoltaic power stations. In this paper,
the PFL with a multi-task strategy is used to avoid the impact of non-IID photovoltaic data
on the performance of the model by training the personalized model locally.

4.2. Personalized Federated Learning

The Federal Average (FedAvg) algorithm stands as the foundational algorithm in FL.
During the execution of FedAvg, each client performs one or multiple local parameter
updates, as illustrated by Formula (1). Herein, η denotes the learning rate and (assume the
original symbol for the local gradient was omitted; use ∇Fi to represent it) signifies the
local gradient.

ωt
i = ωt−1

i − η∇Fi(ω) (1)

In contrast to the gradient averaging algorithm, the FedAvg approach allows for
multiple gradient descent iterations based on the computational capacity and commu-
nication latency of individual clients. Subsequently, the local model ωt

i is updated and
uploaded to the central server, where the next iteration of the global model is computed
using Formula (2).

ωt =
N

∑
i=1

ni
n

ωt
i (2)

N represents the total data of all participants, the number of FL clients by n, and the
data set of the ith client by ni. The central server’s objective function is formulated as
Formula (3).

Fi = min
i∈Rk

{
N

∑
i=1

ni
n

Fi(ω)

}
(3)
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But in the PFL of this paper, during each round of model updating, the client will
update the personalized model using local data in addition to training the global model.
Consequently, the loss function in PFL comprises both the local and personalized models
and is represented by Formula (4).

fi(θi) +
λ

2
‖θi − ω‖ 2 (4)

θi represents the personalized model of client training, whereas ω represents the global
model from the preceding training round. If it is in the first round of training, ω represents
the initial model issued by the ECS. λ indicates the impact intensity of the global model on
the personalized model λ. The size of it is directly proportional to the client’s computing
power and the extent of data heterogeneity. The PFL objective function can be rewritten
into Formula (5) according to Formula (3).

Fi(ω) = min
θi∈Rd

{
fi(θi) +

λ

2
‖θi − ω‖2

}
min
ω∈Rd

{
F(ω) =

1
N

N

∑
i=1

Fi(ω)

}
(5)

In this study, we employ the WN layer of the convolutional neural network as the
patching layer to tailor the fl to individual needs. There are two reasons for choosing the
WN layer as private: (1) the parameter storage cost of the WN layer is low; (2) the local
model parameters obtained from FL training exhibit characteristics akin to those of the data
in the WN layer. Consequently, the client has the option to store these parameters within
the WN layer, enabling their utilization in the subsequent round of federated training.

Initially, it is necessary to apply whitening to the input data of the WN layer, as
illustrated by Formulas (6) and (7).

μt =
1
H

H

∑
i=1

xt
i (6)

σt =

√√√√ 1
H

H

∑
i=1

(xt
i − μt)2 (7)

μt and σt represent the mean and variance, respectively, of the neuron xi. Here, H
denotes the number of nodes in a hidden layer, and I indicates the total count of MLP
layers. The weighted moving average values for μt and σt, as recorded by the WN layer
during training, can be directly utilized in the inference process to expedite the model’s
reasoning time. By applying transformations to these two parameters, we can obtain data
that follow a standard distribution with a mean of 0 and a variance of 1. Consequently, the
input formulation for the preprocessed WN layer is presented in Formula (8).

∧
xi =

xt − μt√
(σt)2 + τ

(8)

τ is the minimum value introduced to prevent invalid calculation when the variance
is 0.

In the convolutional neural network employed in this study, the relationship between
the input and the output of the WN layer is not a straightforward sequential one. For any
given node at time t, its input comprises a combination of the hidden layer state at time
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t − 1, denoted as ht−1, and the input data at time t − 1, represented as ct. Therefore, the
input representation for the WN layer is formulated as shown in Formula (9).

αt = Whhht−1 + WchCtWhh ∈ R4dh×dnWch ∈ R4dh×d (9)

Whh denotes the recursive hidden layer weight, while Wch signifies the bottom-up
input to the hidden layer weight. The state of the hidden layer ht and the cell input ct of
the WN layer at a specific time step t can be described by Formulas (10) and (11).

ct = σ( f t)� ct−1 + σ(it)� tanh(gt) (10)

ht = σ(ot)� tanh(LN(ct)) (11)

During the execution of a CNN, numerous multiplications are carried out. When data
values are less than 1, they progressively converge toward 0 after undergoing multiple mul-
tiplications, leading to the vanishing gradient problem. To address this, the incorporation
of an activation function becomes imperative to introduce nonlinearity into the network
layers, thereby enhancing the learning capability of the CNN. Given that the activation
function is denoted as f, the ultimate output of the WN layer is expressed by Formula (12).

WN(xi) = f (
g√

(σt)2 + τ
)� (at − μt) + b) (12)

g and b, in the process of neural network training, serve as the reconstruction parame-
ters. The normalization applied to the WN layer has an impact on the feature distribution
of the subsequent layers. By introducing these reconstruction parameters, it is possible to
restore the original feature distribution of the network, thereby ensuring that the model’s
expressive capacity is not compromised as a result of normalization.

5. Improved CBAM-iTCN

The proposed CBAM-iTCN prediction algorithm, aiming at the power model predic-
tion of a distributed photovoltaic power station in the region, first analyzes the meteoro-
logical factors strongly related to the photovoltaic power and introduces the CBAM net
attention mechanism to highlight the key meteorological characteristic information. The
improved CBAM-iTCN is used to realize the photovoltaic power prediction. The prediction
process is shown in Figure 4.

Figure 4. CBAM-iTCN forecast flowchart.
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5.1. Temporal Convolutional Networks

In this paper, the TCN model based on CNNs is used to predict the photovoltaic
output, and the parallel pooling structure (iTCN) is improved. By introducing the parallel
pooling structure into the residual module of the TCN, the activation function ReLU is
replaced by GELU. Figure 5 shows the comparison between the original TCN and the
improved TCN. Compared with LSTM network, iTCN is not only more stable but also can
capture longer sequence dependencies than LSTM, further improving the accuracy of the
model, and it has a simple structure, which can process data and improve the efficiency of
model training [32].

Figure 5. iTCN model structure.

The calculation of unfolding a convolutional network is Formula (13). The size
of the convolutional network is k. d is the unfolding coefficient, and (s-di) is the
convolutional kernel.

F(xs) = (x ∗ fd)(s) =
k−1

∑
i=0

f (i)x(s−di)
, i ∈ (0, 1, . . . , k − 1) (13)

The TCN introduces extended convolution, as shown in Figure 6. Unlike conventional
convolution, dilated networks allow for input sampling intervals, which are controlled by
d in the graph. Generally, the higher the level, the larger the value of d. Therefore, TCN can
capture longer dependencies in temporal data by using fewer network layers.

Figure 6. TCN extended convolution.
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The increase in network model parameters will lead to the disappearance or explosion
of gradient. In order to ensure the stability of the TCN, the residual module is introduced.
The residual formula is (1), the input x of the model is weighted and fused into the power
F(x) of the model, and finally, the power o of the TCN is obtained.

o = RELU[x + F(x)] (14)

Using iTCN to establish the photovoltaic prediction model, iTCN can capture the
photovoltaic power data, which depend on the light system with a longer time span, but
TCN gives each input feature the same weight. However, in practice, factors such as
humidity have little impact on the photovoltaic power. Therefore, by introducing the
attention mechanism, the sensitivity of the TCN to important features is enhanced, and the
prediction performance is improved.

5.2. Attention Mechanism

The Convolutional Block Attention Module (CBAM) is a channel attention mecha-
nism. By using one-dimensional convolution to dynamically allocate weights to different
channels, it can effectively capture local cross-channel interactions and allocate different
weights, which can enhance the sensitivity of the TCN to important features. Its structure
is shown in Figure 7, the CBAMnet structure diagram.

Figure 7. CBAMnet structure diagram.

The global average pool layer gap calculation formula of CBAM is (15), where U is the
weighted sequence, T is the time step of the sequence, and the convolution kernel size k is
adjusted adaptively; Formula (16), where γ = 2 and b = 1.

GAP(U) =
1
T

T

∑
i=1

U
i,j

(15)

k =

∣∣∣∣ log2(c)
γ

+
b
γ

∣∣∣∣ (16)

Adding the CBAM attention mechanism to the TCN by focusing on the strongly
correlated data features, the model can more effectively extract and use the key information
in time series data. This not only optimizes the expression of features and improves the
accuracy of prediction but also does not significantly increase the computational cost due
to the efficiency of the CBAM.

6. Experimental Results and Analysis

To assess the efficacy of the PFL and DPV power prediction techniques presented in
this article, experimental validation is conducted. Specifically, this paper examines and
validates the PFL algorithm alongside the CBAM-iTCN prediction model. The experimental
setup involves four computers within the same local area network (LAN), which are utilized
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to emulate DPV power stations (clients). Each of these power stations is equipped with an
identical TCN prediction model for consistency.

See Table 1 for the experimental configuration.

Table 1. Experimental platform.

Category Edition

Operating system Windows10
CPU (Central server) Intel Core i9-9900K Processor (Beijing, China)
CPU (Local server) Intel Core i5-10200H Processor (Beijing, China)

GPU (Central server) NVIDIA GeForce RTX 3080 Ti Graphics Card (Beijing, China)
GPU (Local server) NVIDIA GeForce GTX 1660 Graphics Card (Beijing, China)

RAM 32 Gb

6.1. Dateset

The data used in this paper are from photovoltaic power generation companies in
North China. The data we selected were collected from 1 January 2018 to 31 December
2019 at an interval of 5 min. The data set includes the meteorological characteristics and
photovoltaic power data of photovoltaic power stations. To achieve reliable prediction, the
data set is preprocessed first, and the original data are repaired differentially by layering
the missing values. Secondly, to reduce the noise influence caused by sensor errors, sudden
weather change, and shadow occlusion, the data are processed by multi-modal noise.
Finally, the collection time of the processed data set is unified to every hour. And let each
photovoltaic power station have different training data sets to better simulate the data
deviation in the actual situation.

6.2. Evaluating Indicator

Mean Absolute Error (MAE), Mean Absolute Error Ratio (MAPE), and Root Mean
Square Error (RMSE) are selected to evaluate the performance of the prediction model. The
Mae formula is (17), the MAPE formula is (18), and the RMSE formula is (19), where ỹi

refers to the actual value, and yi refers to the predicted value in the ith hour, respectively.

MAE =
1
n

n

∑
i=1

|yi − ỹi| (17)

MAPE =
1
n

n

∑
i=1

∣∣∣∣yi − ỹi
yi

∣∣∣∣ (18)

RASE =

√
1
n

n

∑
i=1

(yi − ỹi)
2 (19)

6.3. Model Training and Experimental Results

Table 2 presents the correlation between photovoltaic power and various meteoro-
logical characteristics. According to the Grey Relational Analysis (GRA), the correlation
coefficient for wind speed is less than 0.1, indicating a weak relationship between surface
wind speed and photovoltaic power. The primary factors influencing active power are
solar radiation and temperature.
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Table 2. Correlation analysis.

Meteorological Factors GRA Correlation

Active power 1.000
Solar radiation 0.918
Temperature 0.56
Wind speed 0.056

Relative humidity −0.408
Rainfall −0.056

By comparing the LSTM, TCN, CBAM-TCN, and CBAM-iTCN algorithms on the
test data set, the effectiveness of the CBAM-iTCN prediction algorithm is verified. The
experiment was conducted on typical sunny, cloudy, and rainy days.

Meteorological factors will vary greatly with seasons, but in the same season, meteoro-
logical factors on different days will also vary greatly. At the same time, in order to prevent
the influence of seasonal deviation and verify the adaptability of the CBAM-iTCN model,
the experiment considers two seasons, spring and summer, which are set in the same season
and have different weather conditions, namely, sunny (18 April and 2 July 2018), cloudy
(25 April and 8 July 2018), and rainy (19 April and 13 July 2018). The experimental results
are shown in Table 3.

Table 3. Models training results under different weather conditions.

Models
Spring Summer

Sunny Cloudy Rain Sunny Cloudy Rain

Centralized
Learning

TCN
MAE 0.7764 1.0652 1.1115 0.6352 0.8956 1.0325

RMAE 0.8756 1.5483 1.6168 0.7356 1.2497 1.4629

LSTM
MAE 0.3895 0.9546 1.2057 0.3036 0.7936 0.9832

RMAE 0.4928 1.1719 1.4274 0.3982 1.0425 1.2952

CBAM-TCN
MAE 0.3255 0.8454 1.1456 0.2891 0.7052 0.9826

RMAE 0.4565 0.9964 1.2564 0.4092 0.8925 1.1748

Transformer
MAE 0.2951 0.7562 0.9098 0.2581 0.6982 0.8791

RMAE 0.3858 0.9076 1.2048 0.3287 0.8672 1.1349

CBAM-iTCN
MAE 0.2641 0.6423 0.7158 0.2273 0.6013 0.6891

RMAE 0.3562 0.8547 1.1259 0.3159 0.7903 0.9864

Federated
Learning

FL-Transformer
MAE 0.2731 0.6891 0.8314 0.2243 0.6142 0.8032

RMAE 0.3418 0.8158 1.0314 0.3014 0.7631 0.9868

FL-CBAM-iTCN
MAE 0.2519 0.5981 0.6482 0.2107 0.5572 0.6194

RMAE 0.3215 0.7139 0.9381 0.2981 0.6739 0.8971

PFL-CBAM-iTCN
MAE 0.2117 0.5341 0.5982 0.1982 0.4832 0.5531

RMAE 0.2971 0.6538 0.7891 0.2541 0.5936 0.7013

The experimental results show that the average Mae of the cbam-itcn model is reduced
by 45.06%, 36.37%, and 29.97%, respectively, under different weather conditions; the
average value of the RMSE decreased by 42.16%, 21.9%, and 13.75%, respectively. In order
to more intuitively illustrate the performance advantages of the cbam-itcn model under
different weather conditions, the predicted and true values of each model under different
weather conditions are shown in Figure 8. In addition, the experimental results show that
the MAE and RMSE values of the PFL-CBAM-iTCN model and the FL-CBAM-iTCN model
are lower than those of the FL-Transformer model in both spring and summer.
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Figure 8. Prediction results under different weather conditions.

To reflect the feasibility of the privatization of the WN layer in multi-task federated
learning, during the FL aggregation process, we examine the activation variations in
CNN neurons within the local client test set. When the WN layer is designated as the
personalized private component in federated learning during model training, it exerts
a greater inhibitory effect on neuron activation compared to a scenario where the WN
layer is not utilized as a patch. This adjustment brings the neuron distribution closer to
its pre-aggregation state. As illustrated in Figure 9, the incorporation of the WN layer
between each CNN layer demonstrates a distinct approach compared to conventional FL,
regularly constraining the mutation of mean and variance in the process of propagation
and ultimately making the network power closer to the pre-aggregated power, as shown in
Figure 9.

tt- t t+ t

Figure 9. Distribution of neuronal activation before and after polymerization.

To verify the superiority of the PFL algorithm optimization strategy used in this paper,
assuming that the average UA of the target is 0.85, the training rounds required by different
optimization strategies to reach UA are shown in Table 4. The PFL and FedAvg Adam
distributed optimization strategies adopted in this paper can be seen in the table.

Table 4. The communication times required in different optimization strategies.

Optimization Strategy
FedAvg FedAdam FedAvg-Adam

Epoch = 1 Epoch = 5 Epoch = 1 Epoch = 5 Epoch = 1 Epoch = 5

FL 256 171 124 73 22 18
PFL 53 48 31 24 12 9

The aforementioned analysis reveals that by privatizing the WN layer in FL and devel-
oping a distinct personalized model for each client, a significant enhancement in UA can
be achieved. The efficacy of personalized federated learning (PFL) frameworks becomes
particularly pronounced when addressing expanding client populations and heterogeneous
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data distributions across decentralized nodes. Compared with conventional federated
learning (FL) paradigms, PFL implementations incorporating Adam-optimized federated
averaging demonstrate enhanced convergence properties through adaptive gradient-based
coordination mechanisms. This hybrid approach synergizes individualized model person-
alization with collaborative parameter aggregation, enabling accelerated convergence to
predefined accuracy thresholds while minimizing inter-node communication overhead.

Next, this paper examines the performance of PFL using a real-world photovoltaic
data set. All designated clients engage in the fl process, with the communication rounds set
to a total of 75, and we set the training data set with large data feature deviation between
clients to better simulate the non-IID data under the actual DPV power.

To reflect the advantages of the PFL algorithm, we compare the training results of
pfedme, FL, and PFL. In the FedAvg approach, there is no provision for a client-specific
private layer, and the training results are shown in Figure 10.

Figure 10. Comparison of training results between PFL and other algorithms.

Figure 10 shows that when the Epoch = 1, the method proposed in this paper can
achieve a higher UA than other methods, but due to the fact that the training loss during
the personalization phase encompasses both the local model and the personalized model,
a greater number of training rounds are required for the model to achieve accuracy con-
vergence. Therefore, the performance of FedAvg in terms of training loss is not as good as
FedAvg.

When Epoch = 5, the PFL algorithm is still better than other algorithms, and increasing
the number of epochs leads to a reduction in the training loss of the personalized model,
enabling it to reach convergence more rapidly while preserving a high level of UA.

In order to show the advantages of PFL over the FL method in detail, a comparative
analysis of the training outcomes for the personalized model and the global model is
presented in Table 5.

Despite achieving model convergence via multi-round collaborative training, sub-
stantial parameter divergence persists across participating nodes in federated learning
frameworks, primarily attributed to statistical heterogeneity inherent in client-specific data
distributions. Nevertheless, the private WN layer in PFL effectively preserves the unique
characteristics of each client, allowing for the tailoring of a proprietary personalized model
based on the specific attributes of local data. This, in turn, helps to maintain the prediction
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error within an acceptable range for all parties involved. When compared to the global
model, the personalized model exhibits a 9.79% reduction in MAPE and a 7.06 kW decrease
in RMSE. For clients with significant deviations in data features, the MAPE reduction can
reach up to 18.07%.

Table 5. Performance comparison between the global model and the personalized model.

MAPE% RASE/KW

Global Model Personalized Model Global Model Personalized Model

Client 1 7.82 5.79 8.81 2.55
Client 2 19.13 6.08 9.75 2.67
Client 3 11.87 5.84 9.58 2.62
Client 4 24.47 6.41 10.61 2.68
Average 15.82 6.03 9.69 2.63

7. Conclusions

This paper proposes a distributed photovoltaic power prediction method based on per-
sonalized federated learning. The PFL collaborative training prediction model is adopted to
solve the problems of poor generalization ability and the low accuracy of prediction models
caused by a high non-IID of photovoltaic data in a distributed environment. The PFL
with a multi-task strategy improves the adaptability of the model by training a separate
personalized model. At the same time, by improving the parallel pool structure of the TCN
and introducing the attention mechanism CBAMnet, the photovoltaic power prediction
model is established to improve the efficiency and accuracy of capturing multi-scale time
series features. Lastly, the practicality and efficacy of the proposed methodology are sub-
stantiated through experimental analysis conducted on real DPV power data. Compared
with the traditional prediction method and single TCN prediction method, the proposed
CBAM-iTCN is 45.06% and 42.16% lower than LSTM, MAE, and RMSE. In the real DPV
prediction scenarios, the PFL-iTCN algorithm achieves an overall reduction of 9.79% in the
MAPE of the predicted values, and for photovoltaic power plants with large data feature
deviation, the MAPE is reduced by 18.07%. Experiments show that the proposed scheme
can improve the model accuracy in a DPV environment.

However, this paper does not consider the model’s performance when there is signifi-
cant noise in highly heterogeneous data or meteorological data and ignores the prediction
time and cost while improving the prediction accuracy. Therefore, how to improve the
forecasting performance of newly built photovoltaic power plants with few samples is
one of the key research directions in the future. In the future, this research can be further
expanded in the following aspects:

(1) Improve the personalized federated learning algorithm to reduce computational cost;
(2) Enhance the generalization ability of federated learning to highly heterogeneous

environments or noise data;
(3) Introduce continuous learning strategies and update model parameters regularly.
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Abbreviations

PFL Personalized Federated Multi-Task Learning
iTCN improved time series convolution network
TCN time series convolution network
DPV Distributed Photovoltaic
WN Weight Normalization
FL Federated Learning
CNN Convolutional Neural Network
LSTM long-term and short-term memory network
FedAvg federal averaging
FML Federated Meta-Learning
AFL Adaptive Federated Learning
MAE Mean Absolute Error
MAPE Mean Absolute Error Ratio
GRA Grey Relational Analysis
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Abstract: Quantum computing, leveraging principles of quantum mechanics, represents
a transformative approach in computational methodologies, offering significant enhance-
ments over traditional classical systems. This study tackles the complex and computation-
ally demanding task of simulating power system transients through solving differential-
algebraic equations (DAEs). We introduce two novel Quantum Neural Networks (QNNs):
the Sinusoidal-Friendly QNN and the Polynomial-Friendly QNN, proposing them as effec-
tive alternatives to conventional simulation techniques. Our application of these QNNs
successfully simulates two small power systems, demonstrating their potential to achieve
good accuracy. We further explore various configurations, including time intervals, training
points, and the selection of classical optimizers, to optimize the solving of DAEs using
QNNs. This research not only marks a pioneering effort in applying quantum computing
to power system simulations but also expands the potential of quantum technologies in
addressing intricate engineering challenges.

Keywords: differential-algebraic equations; power system transient simulation; quantum
neural network

1. Introduction

Quantum computing represents a paradigm shift in computational capabilities, lever-
aging principles of quantum mechanics to process information in fundamentally different
ways from classical computing. Traditional computers use binary bits as the basic unit of
data, which can either be a zero or a one. In contrast, quantum computers use quantum
bits, or qubits, which can exist in multiple states simultaneously, thanks to the phenomena
of superposition and entanglement [1]. This allows quantum computers to process a vast
number of possibilities concurrently, offering potential exponential speed-ups for certain
computational tasks, for example, in factoring large integer numbers [2] or in searching
unstructured database [3,4].

Recent advancements in quantum hardware [5–7] and the development of sophisti-
cated algorithms [8–11] have made quantum computing a highly promising area of research.
These advancements make quantum computing a promising field for a variety of applica-
tions, particularly in areas that require handling complex, high-dimensional datasets or
simulations where classical computers struggle.

One of the pivotal developments in this field is the Quantum Neural Network
(QNN) [12,13]. QNNs integrate the principles of quantum computing with the archi-
tectural concepts of classical neural networks. This hybrid approach has been explored for
various applications, including drug discovery, financial modeling, and, notably, complex
system simulations such as those needed in power systems.

Energies 2025, 18, 2525 https://doi.org/10.3390/en18102525
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Quantum computing has been explored for various power system applications, includ-
ing power flow analysis [14], unit commitment [15], system reliability [16], and stability
assessment [17]. There is a burgeoning body of literature, as indicated by several review
papers [18–20], that discusses the integration of quantum computing into power system
operations, underscoring the participation of entities such as the Department of Energy
(DOE) and various utility companies in these research efforts.

Simulation of power systems is of paramount importance for ensuring their stabil-
ity, efficiency, and reliability [21–24], particularly as the integration of renewable energy
sources like wind and solar continues to expand. These renewables are incorporated into
power systems through power electronic devices, such as inverters, which necessitate the
simultaneous handling of both small and large time steps in simulations. This is due to
the rapid responses of the power electronic devices contrasted with the slower-moving
dynamics of synchronous generators. Accurate modeling of these diverse dynamics is es-
sential for effective grid management and planning, highlighting the critical need for robust
simulation tools capable of managing complex interactions across varying time scales.

The simulation of power systems typically involves solving differential-algebraic
equations (DAEs), which describe both the dynamic behavior and the algebraic constraints
within the electrical network. Traditional approaches for these simulations include numeri-
cal methods such as Euler’s and Runge–Kutta methods [25], which discretize the equations
to approximate solutions, and semi-analytical methods [23,26], which combine analytical
and numerical techniques for improved accuracy. More recently, Physics-Informed Neural
Networks (PINNs) [27] have been applied to solve differential equations (DEs) by training
neural networks to adhere to the underlying physics of the systems, thus providing a
data-driven approach to simulation.

However, each of these methods has its limitations. Numerical and semi-analytical
methods can become computationally intensive and may not scale efficiently with the
increasing complexity of modern power systems. PINNs, while innovative, often require
extensive data and computational resources, as they rely on classical neural networks that
utilize a large number of parameters to capture complex functions.

In this context, QNNs present a promising alternative. QNNs leverage the principles
of quantum mechanics to perform computations, utilizing a smaller number of parameters
than classical neural networks to represent nonlinear functions [12]. This reduction in
parameters can potentially lead to more efficient simulations, as QNNs could process
complex computations faster and with higher precision due to quantum superposition
and entanglement.

Beyond the reduced parameterization and expressive power of QNNs, an emerging
body of research suggests that QNNs possess strong generalization abilities and resilience
against overfitting–especially in nonlinear settings [28]. This is highly relevant in power
system simulations, where dynamic behaviors vary across operating scenarios and over-
fitting to specific conditions can lead to unreliable models. These properties, combined
with the potential for quantum-enhanced speedups, make QNNs a promising alternative
to conventional solvers for DAEs in power systems.

Quantum computing has been applied to solve DEs and Partial Differential Equations
(PDEs) [29]. However, its potential to solve DAEs remains largely unexplored. Therefore,
this paper takes a pioneering step by investigating the use of QNNs to address the chal-
lenges in power system simulation. This exploration is the first of its kind and aims to
demonstrate how quantum-enhanced computational models can solve the simulation of
complex power systems.

The rest of the paper is organized as follows. Section 2 provides a description of the
DAEs for the two small power systems simulated. Section 3 offers a general overview
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of the QNN. Section 4 details the two types of QNNs used to solve the power system
simulation problems. Section 5 presents the simulation results. Finally, conclusions are
given in Section 6.

2. Problem Description: DAE

DAEs are integral to modeling dynamic systems where constraints intertwine the
derivatives of some variables with the algebraic relationships among others. DAEs are
prevalent across a diverse array of fields, including electrical circuit design, mechani-
cal system simulation, chemical process modeling, and economic dynamics. This wide
applicability underlines the importance of understanding their structure, challenges, and so-
lution methods.

DAEs are characterized by their differentiation index, a critical measure that indicates
the complexity of numerical solutions. The differentiation index describes the number of
times an equation must be differentiated to convert it into an ordinary differential equation
(ODE), affecting the choice of numerical methods for solving the DAE. Common forms of
DAEs include semi-explicit, where some equations involve derivatives explicitly, and fully
implicit, where derivatives may not be explicitly present.

Boundary and initial conditions play pivotal roles in solving DAEs, providing the
necessary constraints to ensure unique and stable solutions. Proper formulation of these
conditions is crucial, as inconsistent or inadequate initial conditions can lead to non-
converging solutions.

Here, we provide a generalized expression of DAEs.
We define the set St as follows:

St =
{

t, y1(t), y′1(t), . . . , y(m1)
1 (t), . . . , yn(t), y′n(t), . . . , y(mn)

n (t)
}

where

• t represents the independent variable, typically time.
• yi(t) denotes the ith dependent variable as a function of t.

• y′i(t), y′′i (t), . . . , y(mi)
i (t) represent the first, second, and up to the mith order derivatives

of yi(t), where mi is the highest order of derivative for the ith variable.

Subsequently, the DAE system can be succinctly expressed as:⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

F1(St) = 0,

F2(St) = 0,

...

Fne(St) = 0,

(1)

where

• Fj(St) symbolizes the functions delineating the interrelations within the DAE system.
Each Fj corresponds to the jth equation in the system.

• ne denotes the number of equations in the DAE system, indicating the size of
the system.

Boundary conditions are essential for constraining the solution space of DAE systems.
They are articulated as a series of equations that the solution must satisfy at predetermined
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points within the domain, not limited to its boundaries. Formally, these conditions are
given by: ⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

B1(St∗) = 0,

B2(St∗) = 0,

...

Bnb(St∗) = 0,

(2)

where

• Bk(St∗) denotes the kth boundary condition function, which applies to the system
state at a critical point t∗ within the domain.

• nb represents the total number of boundary conditions enforced on the system.

The DAEs for two power systems are given in Appendices A and B.

3. A Unified Quantum Neural Network Framework for DAEs

In solving DAEs, our approach employs QNNs, aiming to approximate the solutions
yi(t). These QNNs encompass several components: data encoding, a parameterized ansatz,
measurement, and a classical optimizer. Each of these components are elaborated on in
later sections of this paper. The methodology primarily involves iteratively updating the
circuit parameters. This process is continued until the error in the computed solution,
based on the circuit’s output, is reduced to a satisfactory level within the context of the
DAE equations. An in-depth illustration of the QNN’s architecture, particularly its iterative
parameter update mechanism, is presented in Figure 1.

|0〉

|0〉

|0〉

...

|ψ0〉

E(q(x))

|ψ1〉

U(θ)

|ψ2〉

classical
optimizerupdate

Figure 1. Structure of the QNN used to solve the DAE, including a classical optimizer that updates θ.

From a high-level perspective, this approach comprises two distinct segments: the
quantum segment and the classical segment.

3.1. Quantum Segment

To initiate the process, we start with a quantum state represented as:

|ψ0〉 = |0〉n (3)

where n is the number of qubits in the circuit. We then embed our classical input x into the
circuit through a quantum operator E(q(x)), as expressed in Equation (4).

|ψ1(x, q)〉 = E(q(x))|ψ0〉 (4)

The encoding function q(x) serves as a preprocessing step for the classical input before
it is embedded into the quantum circuit. Next, a parametric multi-layer quantum ansatz
operator U(θ) is applied to make the circuit trainable.

|ψ2(x, q, θ)〉 = U(θ)|ψ1(x, q)〉 (5)
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The θ is a matrix of parameters and can be written as

θ =

⎡⎢⎢⎢⎢⎣
θ00 θ01 . . . θ0L

θ10 θ11 . . . θ1L
...

...
...

...
θn0 θn1 . . . θnL

⎤⎥⎥⎥⎥⎦, (6)

where θij represents the parameter in the ith qubit and in the jth layer.

3.2. Classical Segment

The solution f (x, q, θ) is considered a function of the expectation value of an observable
Ô from the final state of the circuit (|ψ2〉). Mathematically, this is given by:

M(x, q, θ) = 〈ψ2(x, q, θ)|Ô|ψ2(x, q, θ)〉 (7)

f (x, q, θ) = g(M(x, q, θ)) (8)

where g represents the post-measurement function applied to M, approximating the value
of the function. Subsequently, the quantum models are trained by updating and optimizing
the parameter θ with a classical optimizer guided by a loss function. This loss function
comprises two parts, providing a measure of the solution’s accuracy.

The first part assesses the discrepancy between the estimated and true boundary
values. This is quantified using (9), where nb denotes the total boundary points.

lossb =
nb

∑
i=1

(Bi(St∗)− f model(St∗))
2 (9)

Here, Bi(St∗) is derived from the boundary conditions specified by problem (1), while
f model is obtained from the quantum circuit, as described in (8).

The second part assesses the degree to which the approximated solutions satisfy the
system of DAEs (1) for np training points. It is expressed as:

lossp =
np

∑
i=1

ne

∑
j=1

Fj(Sti ) (10)

Here, ne denotes the number of DAEs in the system.
Finally, the total loss is computed as a weighted sum of the two components, reflect-

ing the relative importance of boundary accuracy and training point adherence. This is
expressed as:

losstotal = λ1 × lossb + λ2 × lossp (11)

In this equation, λ1 and λ2 are tuning coefficients. These coefficients are adjustable
parameters that allow for the fine-tuning of the model, enabling the prioritization of either
boundary accuracy (λ1) or adherence at the training points (λ2). The choice of these
coefficients depends on the specific requirements and goals of the model, as well as the
characteristics of the problem being addressed.

3.3. Classical Optimizer

We explored several classical optimizers, including Stochastic Gradient Descent (SGD),
Adam optimizer, Broyden–Fletcher–Goldfarb–Shanno (BFGS), Limited-Memory BFGS
(L-BFGS), and Simultaneous Perturbation Stochastic Approximation (SPSA).
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Among these optimizers, BFGS stands out for its fast convergence and robustness
in handling non-convex landscapes, making it advantageous in scenarios with saddle
points and flat regions [30]. SGD is computationally efficient but may converge slowly [31].
The Adam optimizer offers adaptive learning rates but can exhibit erratic behavior in
high-dimensional landscapes [32]. SPSA, on the other hand, is a gradient-free optimizer
suitable for optimizing circuits subject to noise [33].

Given the nature of our problem, we opted for the BFGS optimizer to enhance the
performance of our QNN circuit. Its capability to navigate non-convex landscapes aligns
seamlessly with the intricacies and challenges inherent in our problem domain. Neverthe-
less, it is imperative to underscore that the choice of an optimizer should be contingent
upon the specific demands and constraints of the given problem.

For instance, if the hardware introduces noise, the SPSA optimizer might prove more
effective. It is crucial to evaluate the unique attributes of the problem and select an optimizer
accordingly to ensure optimal performance. In this study, we utilized ideal simulators
devoid of noise, and we opted for BFGS based on the elucidated reasons.

4. QNN Architectures for Power System Simulation

The implementation of the proposed approach necessitated a pivotal consideration: the
selection of a quantum model. This model should not only exhibit expressive capabilities
but also closely align with the function it is intended to approximate. In the realm of
quantum computing, certain global approximator models, such as Haar Unitary, have been
proposed. However, their extensive complexity and the vast parameter space required for
training them make them less effective. These models often exhibit weak performance, are
highly susceptible to encountering saddle-point issues, and may become trapped in local
minima during the optimization and training process [34,35].

In this paper, we leveraged the physics information inherent in power system equa-
tions to design quantum models. These models feature generative functions that closely
mimic the shapes of power system simulation functions. Consequently, the optimization
process becomes significantly more efficient. Power systems involve two distinct types of
functions: those characterized by fluctuations and sinusoidal patterns, requiring a model
adapted to these features, and those amenable to polynomial fitting, such as power-series
and Chebyshev functions.

For sinusoidal-friendly models, we employed our previously proposed Sinusoidal-
Friendly QNN (SFQ). Additionally, for polynomial-friendly functions, we introduced a
novel and promising quantum model named Polynomial-Friendly QNN (PFQ). PFQ har-
nesses the power of quantum superposition, offering the potential for quantum advantage.

To clearly link the proposed QNNs with the power system transient simulation prob-
lem, we emphasize how each QNN approximates solutions to specific DAE components.
The DAEs governing power systems, as shown in Equations (A1) to (A3) for the SMIB
system and Equations (A4) to (A9) for the 3-machine system, model the time evolution of
rotor angle δ(t) and speed deviation ω(t).

The QNNs were trained to learn these time-dependent state variables by approximat-
ing the functions δ(t) and ω(t) using quantum circuits that minimized DAE residuals and
boundary mismatches, as defined in Equations (9)–(11). The Sinusoidal-Friendly QNN
(SFQ) was particularly suited to learn the sinusoidal behaviors, which reflect oscillatory
generator dynamics. In contrast, the Polynomial-Friendly QNN (PFQ) better matched the
slowly varying or polynomial-like behaviors.

Thus, each QNN architecture was designed with physical interpretability in mind,
aligning its structure with the mathematical form of power-system DAEs, ensuring the
learned quantum model respected the physics of the underlying system.
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In the upcoming section, we delve into the properties of quantum segments for these
specific QNNs utilized in our study.

4.1. Structure 1—Sinusoidal Friendly QNN (SFQ)
Quantum Segment

The first QNN we utilized was the one we previously explored in [12] for sinusoidal-
friendly functions. We proved that this QNN could efficiently approximate sinusoidal and
fluctuating functions. Here, we explain the structure of the circuit we used and leave the
details of the expressivity of the model to the paper we mentioned [12].

For SFQ, we employed two different kinds of embedding: Ry embedding (Figure 2),
and sin−1 embedding (Figure 3).

|0〉

|0〉 Ry(x)

|ψ0〉 |ψ1〉

H Ry(θ00)

Ry(θ10)

H

|ψ2〉

Ry(θ01)

Ry(θ11)

H

Embedding Ansatz U(θ) with 2 layers

〈Z〉

Figure 2. SFQ circuit with Ry embedding and two layers

|0〉

|0〉

Ry(sin−1(x))

Ry(2πx)

|ψ0〉 |ψ1〉

H Ry(θ00)

Ry(θ10)

H

|ψ2〉

Ry(θ01)

Ry(θ11)

H

Embedding Ansatz U(θ) with 2 layers

〈Z〉

Figure 3. SFQ circuit with arcsin embedding and two layers.

4.1.1. sin−1 Embedding

For this type of embedding, we considered two qubits with

q(x) =

[
sin−1(x)

2πx

]
(12)

and
E(q(x)) = Ry(sin−1(x))⊗ Ry(2πx) (13)

4.1.2. Ry Embedding

For the Ry embedding in the SFQ structure, we also considered two qubits, but
this time

q(x) =

[
I
x

]
(14)

and,
E(q(x)) = I ⊗ Ry(x) (15)

To implement the quantum ansatz U(θ), we used a series of layers to train the circuit,
fitting it to approximate the solution of our DAE. The ansatz consisted of L layers, and the
flexibility and variance of our circuit depended on L [12]. The more layers, the more time
and data points we needed to train it, so the demand on the number of layers depended on
the complexity of our function to approximate [12].
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The observable Ô for this structure is HZ ⊗ I, where H is a Hadamard gate, Z is the
Pauli-Z matrix, and I is the identity matrix. The post-processing function g in this structure
is [12]:

g(u) = τ0 + τ1 · u + τ2 · u2. (16)

Assuming that the expectation value of our observable is 〈Z0〉, then we have

f (x, q, θ) = τ0 + τ1 · 〈Z0〉+ τ2 · 〈Z0〉2. (17)

4.2. Structure 2—Polynomial Friendly QNN (PFQ)

We propose an innovative model harnessing quantum principles in QNNs, which
exhibit exceptional suitability for approximating functions represented by power series
and polynomials. Assume the ultimate solution of a DAE is expressed as:

h(x) = a0 + a1x + a2x2 + . . . + anxm. (18)

Subsequently, we define |ψ0〉 as

|ψ0〉 = |0〉⊗n,

where n is the number of qubits. Afterward, we define the quantum embedding operator
Ê as:

|ψ1(x)〉 = Ê|0〉 =
[
1 x . . . xm

]T∥∥∥∥[1 x . . . xm
]T
∥∥∥∥ , (19)

where m = 2n.
The construction of the operator Ê is described in [36], where researchers developed

an effective method for quantum state preparation using measurement-induced steering,
enabling the initialization of qubits in arbitrary states on quantum computers. Ultimately,
a quantum ansatz operator U(θ) is utilized to produce a subset of the power series, as ex-
pressed in Equation (20).

|ψ2(x, θ)〉 = U(θ)|ψ1(x)〉 (20)

4.3. Simplified PFQ Form with m = 1

To illustrate this process for a single qubit, let us consider an Ry gate as in Equation (21).

|ψ2(x, θ)〉 = Ry(θ)|ψ1(x)〉 (21)

The corresponding quantum circuit with one rotation gate is depicted in Figure 4.

|0〉 Ê Ry(θ)

|ψ0〉 |ψ1〉 |ψ2〉

Figure 4. PFQ circuit with one rotation gate.

Assuming we set m to 1 in Equation (19), we obtain:

|ψ1(x)〉 = 1√
1 + x2

[
1
x

]
. (22)
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The Ry(θ) is defined as:

Ry(θ) =

⎡⎢⎣cos θ
2 − sin θ

2

sin θ
2 cos θ

2

⎤⎥⎦. (23)

By substituting Equations (22) and (23) into Equation (21), we obtain:

|ψ2(x, θ)〉 = 1√
1 + x2

⎡⎢⎣cos θ
2 − x sin θ

2

sin θ
2 + x cos θ

2

⎤⎥⎦. (24)

Now, let us calculate the probability P(|1〉):

P(|1〉) = 1
1 + x2 (sin2 θ

2
+ x2 cos2 θ

2
+ 2x sin

θ

2
cos

θ

2
).

After some trigonometric simplifications on P(|1〉), we obtain:

P(|1〉) = 1
1 + x2 (sin2 θ

2
+ sin θ x + cos2 θ

2
x2). (25)

Multiplying P(|1〉) by (1 + x2) yields:

(1 + x2)P(|1〉) = sin2 θ

2
+ sin θ x + cos2 θ

2
x2. (26)

Equation (26) can be abstracted as:

h1(x) = b0 + b1x + b2x2 (27)

where
b0 = sin2 θ

2
, b1 = sin θ, b2 = cos2 θ

2
.

This expression can be viewed as a segment of a quadratic power series. However, it
encounters some limitations, which we address subsequently.

4.4. Enhanced PFQ Version with m = 1

Initially, the limitation of a simple PFQ concerns the restricted range of b0, specifically,
0 ≤ b0 ≤ 1. Secondly, the range of b1 is also constrained within −1 ≤ b1 ≤ 1.

To mitigate these constraints, we propose the incorporation of two classical adjustable
parameters, enhancing the adaptability of the approximating function. Consequently, we
define the output as:

h2(x) = τ1 · h1(x) + τ0

Here, τ0 stands as a classical trainable parameter, whereas τ1 may either be a physics-
informed constant, tailored to the problem’s boundary conditions, or a trainable parameter.
In cases where the boundary conditions are undefined, opting for a trainable τ1 is advisable.

With these adjustments, we obtain:

b′0 = τ0 + τ1 · b0,

and
b′1 = τ1 · b1.
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As a result, the range of b′0 extends to the entire set of real numbers R, and b′1 falls
within the interval −τ1 ≤ b′1 ≤ τ1.

The third limitation is that the range of b2 is limited, (i.e., 0 ≤ b2 ≤ 1). With the solu-
tion of the second limitation, we mitigate the problem of not having negative coefficients
for x2 since we have added τ1b2, which can create a negative coefficient for x2. However,
we still need to improve it and make it more expressive to have both negative and positive
coefficients for b2. To do this, we can add some rotation gates to add the degree of freedom
for the coefficients. As an example, consider we add an Rz gate after the Ry gate, as shown
in Figure 5. Then, we have:

|ψ3(x, θ)〉 = Rz(θ)Ry(θ)|ψ1(x)〉 = Rz(θ)|ψ2(x, θ)〉 (28)

|0〉 Ê Ry(θ) Rz(θ)

|ψ0(x)〉 |ψ1(x)〉 |ψ2(x)〉 |ψ3(x)〉

Figure 5. PFQ circuit with two rotation gates.

We can write Rz as:

Rz(θ) =

[
e−i θ

2 0
0 ei θ

2

]
(29)

or

Rz(θ) =

⎡⎢⎣cos θ
2 − i sin θ

2 0

0 cos θ
2 + i sin θ

2

⎤⎥⎦. (30)

By substituting |ψ2(x, θ)〉 from Equation (24) to (28), we obtain:

|ψ3(x, θ)〉 = 1√
1 + x2

Rz(θ)

⎡⎢⎣cos θ
2 − x sin θ

2

sin θ
2 + x cos θ

2

⎤⎥⎦ (31)

Consequently, substituting Rz(θ) from Equation (30) into (31) and multiplying both
sides by

√
1 + x2 yield:

√
1 + x2|ψ3(x)〉 =

⎡⎢⎣cos θ
2 − i sin θ

2 0

0 cos θ
2 + i sin θ

2

⎤⎥⎦
⎡⎢⎣cos θ

2 − x sin θ
2

sin θ
2 + x cos θ

2

⎤⎥⎦

=

⎡⎢⎣cos2 θ
2 − x cos θ

2 sin θ
2 − i sin θ

2 cos θ
2 + ix sin2 θ

2

sin θ
2 cos θ

2 + x cos2 θ
2 + i sin2 θ

2 + ix sin θ
2 cos θ

2

⎤⎥⎦

=

⎡⎢⎣cos2 θ
2 − x

2 sin (θ)− i
2 sin (θ) + ix sin2 ( θ

2 )

1
2 sin(θ) + x cos2 θ

2 + i sin2 θ
2 + 1

2 ix sin(θ)

⎤⎥⎦,

which shows that we have x cos2
(

θ
2

)
and ix sin(θ) in

√
1 + x2|ψ3(x, θ)〉. This implies that

when calculating the probability of |1〉, terms like i cos2
(

θ
2

)
sin(θ)x2 can appear, resulting

in both negative and positive coefficients of x2.
For simplicity, we assumed the same θ for both Ry and Rz. However, it is also

possible to consider different θ values (e.g., see Figure 6) to enhance the model’s trainability.
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Additionally, the introduction of more gates generates additional terms, enabling the model
to express a broader range of power series with the same degree.

|0〉 Ê Ry(θ00) Rz(θ01) Ry(θ02) 〈Z〉

Figure 6. Single-qubit PFQ circuit with three rotation gates.

To evaluate the function to be approximated through this method, we use the same
approach as in Equation (8), where O is the expectation value of Z for the first qubit.
The expectation value can be calculated as follows:

〈Z〉 = P(|0〉)− P(|1〉) (32)

Here, we have both P(|0〉) and P(|1〉), incorporating different coefficients for power series
of degree 2.

4.5. Scalability and Advantage of PFQ

PFQ’s scalability is facilitated by increasing the number of qubits, as outlined in
Equation (19). Specifically, augmenting the qubit count, n, exponentially increases the
polynomial’s degree, m, where m = 2n. Furthermore, the introduction of entanglement
between qubits, alongside additional rotation gates, enhances the degree of freedom for the
coefficients of the generated independent terms in our polynomials. In fact, this approach
enables the model to effectively tackle more complex systems by employing extra qubits,
thereby extending the degrees of the power series.

Another critical aspect to note is that the output from our PFQ circuit undergoes
post-processing, expressed as

output(x, τ3, τ4, θ) = τ3 × 〈Z〉+ τ4,

where τ3 and τ4 are classical parameters, and θ represents quantum parameters, with 〈Z〉
denoting the expectation value of the observable Z for the first qubit. Consequently, the al-
gorithm involves two classical parameters and a flexible number of quantum parameters,
enhancing its quantum scalability.

In real-world power systems, DAEs frequently involve strong nonlinearities (e.g.,
trigonometric relationships in rotor dynamics) and discontinuities (e.g., abrupt changes
during faults or switching events). Our proposed QNN-based framework addresses these
challenges through two mechanisms:

Nonlinearity adaptability: Both the SFQ and PFQ architectures are designed to ap-
proximate nonlinear behaviors. SFQ targets sinusoidal oscillations, while PFQ, with its
polynomial basis, captures smooth nonlinear trends. The quantum encoding and trainable
parameterized circuits enable the representation of complex function spaces with fewer
parameters than classical NNs, enhancing approximation in nonlinear regions.

Discontinuity management via domain decomposition: For discontinuous phenomena
(e.g., faults), we divide the simulation into sequential time segments—pre-fault, fault-on,
and post-fault—with QNNs trained independently in each. This approach allows the
model to reset its approximation locally, mitigating the impact of discontinuities.

Importantly, recent work (e.g., [28]) has shown that QNNs exhibit strong generaliza-
tion ability and robustness to overfitting, enabling them to maintain performance across
training and testing phases even in complex nonlinear settings.
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5. Results

This section presents the results of using various QNNs to solve DAEs. The QNNs
were implemented on Pennylane [37,38] on the NCSA Delta high-performance com-
puter (HPC). The BFGS optimizer was employed to optimize the parameters in the
QNNs. Our simulations primarily addressed DAEs in power systems, focusing on one-
machine and three-machine test systems. The details of their respective DAEs are given
in Appendices A and B. In this study, no additional control mechanisms (e.g., excitation
systems or PSS) were included. This design choice allowed us to focus on the funda-
mental response of the power system models and the QNNs’ capacity to approximate
their dynamics. Results detail the performance of different QNN structures with different
embedding methods (Section 5.1), the setting of time interval and the number of training
points (Sections 5.2 and 5.3), and the solution of the entire period of the DAE (Section 5.4).

5.1. QNN Structure and Embedding

To analyze the efficacy of various QNN architectures, we initially focused on a single-
machine DE over a 0.5-second interval (the setting of the time interval is discussed in
the next subsection), utilizing 20 training points. The experimental conditions were kept
constant, varying only in the QNN structure applied. As depicted in Figure 7, the SFQ
structure excelled in capturing the sinusoidal behavior inherent in the one-machine solution,
achieving notably lower error compared to the PFQ structure, which exhibited less precision
in replicating the solution dynamics.

Figure 7. Comparison of actual ω and the ω generated by PFQ and SFQ on a 1-machine test system.

Transitioning to more complex systems, we investigated the performance of these
QNN structures on DAE governing the three-machine system. This evaluation was con-
ducted over a shorter interval of 0.2 s with 10 training points. Our results, as summarized
in Table 1, demonstrate that all models effectively solved the DAE with minimal error.
Note that ω and δ in Tables 1 and 2 represent the rotor speed and rotor angle, respectively.
Notably, the PFQ model, illustrated in Figure 6, was particularly adept at managing the com-
plexities of the three-machine system, displaying significant convergence improvements
and an eightfold increase in training speed compared to the SFQ model.

To further investigate the robustness of these models, we extended the experimental
time interval to 2 s and increased the number of training points to 50. The expanded results,
presented in Table 2, clearly indicate that the PFQ structure outperformed the others. It
should be noted that due to the restricted domain of the arcsin function, which requires
inputs within the range (−1, 1), implementing arcsin embedding within the specified
architecture did not successfully solve the equations, resulting in an error, as shown in the
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third column of Table 2. While rescaling the input through normalization could address
this issue, our objective was to maintain the same setup for comparison purposes.

Based on these findings, we suggest selecting the PFQ structure for solving the DE
and DAE in power systems, and we used it in the rest of the paper, due to its accuracy and
shorter training time.

Table 1. Mean square error for the DAE of the 3-machine WSCC system between the actual solution
and solutions obtained by various QNN architectures for 0 ≤ t ≤ 0.2 (10 points).

SFQ-Ry (Figure 2) SFQ-Arcsin (Figure 3) PFQ (Figure 6)

ω1(t) 1.48 × 10−12 1.02 × 10−12 9.49 × 10−13

ω2(t) 1.57 × 10−11 5.79 × 10−12 9.40 × 10−11

ω3(t) 9.30 × 10−11 1.45 × 10−11 5.47 × 10−11

δ1(t) 1.36 × 10−7 1.44 × 10−7 1.42 × 10−7

δ2(t) 4.02 × 10−7 3.72 × 10−7 3.12 × 10−7

δ3(t) 9.96 × 10−7 1.16 × 10−6 1.26 × 10−6

Average 2.56 × 10−7 2.79 × 10−7 2.86 × 10−7

Table 2. Mean square error for the DAE of the 3-machine WSCC system between the actual solution
and solutions obtained by various QNN architectures for 0 ≤ t ≤ 2 (50 points).

SFQ-Ry (Figure 2) SFQ-Arcsin (Figure 3) PFQ (Figure 6)

ω1(t) 1.40 × 10−9 failed 8.62 × 10−10

ω2(t) 8.15 × 10−9 failed 2.11 × 10−9

ω3(t) 2.43 × 10−7 failed 7.31 × 10−9

δ1(t) 7.76 × 10−6 failed 5.20 × 10−7

δ2(t) 3.92 × 10−4 failed 2.37 × 10−6

δ3(t) 1.27 × 10−2 failed 6.67 × 10−5

Average 2.18 × 10−3 - 1.16 × 10−5

5.2. Time Interval for DAE Solving

In this paper, the DAE was solved by dividing the time domain into specific intervals,
using the final state of one interval as the initial state for the next. This approach simplified
the challenge of function fitting within each interval.

The selection of an appropriate time interval is critical. A shorter time interval can
enhance solution accuracy by limiting the exploration space. However, while a smaller span
increases the frequency of DAE resolutions required, it does not necessarily lead to longer
overall runtime, as training over shorter spans can be faster, especially for complex models.
Determining the best time span involves a trade-off between accuracy and computational
efficiency, typically resolved through trial and error.

Figure 8 demonstrates the effect of different time spans on the solution accuracy for
ω(t) in the one-machine system using 20 training points. The results indicate that a time
span of ts = 0.2 s delivered the most precise outcomes. However, a span of ts = 0.5 s
also provided satisfactory results, and to minimize the number of computational runs, we

135



Energies 2025, 18, 2525

selected ts = 0.5 s. Following similar experimental guidance, a span of ts = 2 s was chosen
for the three-machine DAEs, balancing precision and computational demand.

Figure 8. Comparison of quantum and actual solutions for an SMIB system using different time
spans: left panel ts = 1, middle panel ts = 0.5, right panel ts = 0.2.

5.3. Number of Training Points

The number of training points for a quantum circuit is determined by balancing
accuracy against computational constraints. Increasing the number of points typically
improves precision but also requires more computational time. Hence, optimizing the
number of training points involves striking a balance between computational efficiency and
desired accuracy. Figure 9 illustrates this relationship for the SMIB system, showing how an
increased number of training points reduces the error between the quantum approximation
and the actual solution for ω(t) over the interval t ∈ [0, 0.5].

Figure 9. Comparison of quantum and actual solutions for an SMIB system using various training
points: top left: 3 points, top right: 5 points, bottom left: 10 points, bottom right: 20 points.

5.4. Complete Simulation

By aggregating results over various time intervals, we successfully solved the DAEs
for both one-machine and three-machine systems. In the one-machine scenario, we set the
time span to 8 s with a time interval of ts = 0.5 s, using 20 training points per interval. We
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utilized the SFQ structure with Ry embedding, and the complete solution is presented in
Figure 10.

For the three-machine system, we set the time span to 20 s, maintaining a time interval
of ts = 2 s, and similarly using 20 training points per interval. The complete solution
achieved with the PFQ structure is illustrated in Figure 11.

The results affirmed that the quantum solutions closely aligned with the actual so-
lutions for both δ and ω variables, demonstrating the ability of the SFQ and PFQ to
accurately simulate the dynamics of power systems in the one-machine and three-machine
cases, respectively.

Figure 10. Quantum solution vs. actual solution for the SMIB system: left panel: rotor angle δ(t),
right panel: rotor speed ω(t).

Figure 11. Quantum solution vs. actual solution for the WSCC 3-machine system: the three panels on
the left are the rotor angles δ of the three machines, respectively; the three panels on the right are the
rotor speed ω of the three machines, respectively.
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6. Conclusions

This study demonstrated the potential of Quantum Neural Networks (QNNs) in
enhancing the simulation of power system transients by effectively solving differential-
algebraic equations (DAEs). This study presented a novel application of Quantum Neural
Networks (QNNs) for solving differential-algebraic equations (DAEs) in power system
transient simulations. We developed two specialized QNN architectures—the Sinusoidal-
Friendly QNN (SFQ) and the Polynomial-Friendly QNN (PFQ)—that incorporated domain
knowledge about the underlying physics of power systems to enhance training efficiency
and accuracy. Our results on benchmark systems (SMIB and WSCC 3-machine) demon-
strated that QNNs could accurately approximate DAE solutions, with mean square errors
as low as 10−5 in multi-phase transient scenarios. Several benefits of the proposed QNN
approach were observed: (1) efficient learning with fewer parameters than classical neu-
ral networks; and (2) tailored architectures (SFQ and PFQ) that matched the functional
characteristics of power system responses.

While the current implementation was simulated on noiseless quantum backends,
the proposed models are hardware-compatible and set the stage for real-time quantum-
assisted simulation tools in power grid analysis. Future research will aim to incorporate
advanced power system controllers, scale the proposed methodology to larger and more
complex power networks, and validate the approach on near-term quantum devices with
noise-resilient training strategies to rigorously assess scalability and computational benefits.
This work advances the frontier of applying quantum machine learning to critical engi-
neering problems and contributes a new paradigm for the data-efficient, structure-aware
simulation of power systems using quantum resources.
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Appendix A. Single-Machine Infinite Bus (SMIB) System

This part details the ODE for the SMIB system, as described below [39]:

dδ

dt
= ω − ωs (A1)

d(ω − ωs)

dt
= K1 − K2 sin(δ)− K3(ω − ωs) (A2)
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where K1 = ωs
2H T0

m, K2 = ωs
2H

(
EcV

X

)
, K3 = ωs

2H D, Ec is equal to the magnitude of the internal

voltage of the machine, X is the sum of reactance, and T0
m is the constant mechanical torque.

The initial δ0 was −1, and the initial speed difference (ω0 − ωs) was 7. K1 = 5, K2 = 10,
K3 = 1.7. These data were taken from [39].

We combined Equations (A1) and (A2) into a single DE by eliminating ω:

d2δ

dt2 = K1 − K2 sin(δ)− K3
dδ

dt
(A3)

Appendix B. WSCC Three-Machine System

Here, we provide the DAEs of the WSCC three-machine nine-bus power system. The
DAE of the ith generator of the power system is given below [40]:

dδi
dt

= ωsΔωi (A4)

dΔωi
dt

=
1

2Hi
(Pmi − Pei − DiΔωi) (A5)

Pei = exiixi + eyiiyi (A6)

⎡⎢⎣e′xi

e′yi

⎤⎥⎦ =

⎡⎢⎣ sin δi cos δi

− cos δi sin δi

⎤⎥⎦
⎡⎢⎣ 0

e′qi

⎤⎥⎦ (A7)

It =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ix1

iy1
...

ixn

iyn

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
= Y

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

e′x1

e′y1
...

e′xn

e′yn

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(A8)

⎡⎢⎣exi

eyi

⎤⎥⎦ =

⎡⎢⎣e′qi cos δi

e′qi sin δi

⎤⎥⎦−

⎡⎢⎣Rai −X′
di

X′
di Rai

⎤⎥⎦
⎡⎢⎣ixi

iyi

⎤⎥⎦ (A9)

where n is the total number of generators, δi and Δωi are the rotor angle and rotor speed
deviation from the nominal value of generator i, respectively, Hi and Di are the inertia and
damping constants of generator i, respectively, Pmi is the mechanical power of generator i,
Pei is the electric power of generator i e′xi and e′yi are the internal bus voltages of generator i
in the non-rotating coordinate, respectively, e′qi is the field voltage of generator i, ixi and
iyi are the terminal currents of generator i, Y is the admittance matrix, Rai and X′

di are the
source impedance of generator i, respectively, exi and eyi are the terminal voltages for the x
and y axes of generator i, respectively.

Initial values for δi, ωi, ωs, Hi, Pmi, Di, e′qi, δi, Rai, X′
di were obtained from the ma-

chine dataset given in [40]. Utilizing these data, the admittance matrix Y was calculated.
Additionally, Pei was derived from the network equations based on these initial values.

For the disturbance simulation, we simulated a three-phase fault near bus 7 at the
end of lines 5–7, which was cleared within five cycles (0.083 s) by opening lines 5–7.
The simulation included three distinct operational phases: pre-fault, fault-on, and post-
fault conditions. The pre-fault phase spanned from 0 to 10 s, the fault-on phase from
10.0 to 10.083 s, and the post-fault phase from 10.083 to 20 s. Each phase initialized
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with different starting points: pre-fault initial values were sourced from machine data to
calculate Pei; fault-on initial values were derived from the terminal values of the pre-fault
simulation at 10 s, with adjustments made to accommodate the new fault-on Y matrix;
and post-fault initial values were taken from the end of the fault-on phase at 10.083 s,
incorporating modifications for a subsequent Y matrix change. The respective Y matrices
for each condition are documented in [40].

Table A1. Parameter data of the three machines in the WECC system

Parameter Generator 1 Generator 2 Generator 3

H 23.64 6.40 3.01

D 23.64 6.40 3.01

Ra 0 0 0

X′
d 0.0608 0.1198 0.1813

Pm 0.7164 1.6300 0.8500

e′q 1.0566 1.0502 1.0170

δ(0) 0.0626 1.0567 0.9449

Δe(0) 0 0 0

Real(It) 0.6889 1.5799 0.8179

Imag(It) −0.2601 0.1924 0.1730

Id 0.2872 0.3523 0.0178

Iq 0.6780 1.5521 0.8358
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Abstract: Wind power forecasting is challenging because of complex, nonlinear relation-
ships between inherent patterns and external disturbances. Though much progress has
been achieved in deep learning approaches, existing methods cannot effectively decom-
pose and model intertwined spatio-temporal dependencies. Current methods typically
treat wind power as a unified signal without explicitly separating inherent patterns from
external influences, so they have limited prediction accuracy. This paper introduces a
novel framework GCN-EIF that decouples external interference factors (EIFs) from inher-
ent wind power patterns to achieve excellent prediction accuracy. Our innovation lies in
the physically informed architecture that explicitly models the mathematical relationship:
P(t) = Pinherent(t) + EIF(t). The framework adopts a three-component architecture con-
sisting of (1) a multi-graph convolutional network using both geographical proximity and
power correlation graphs to capture heterogeneous spatial dependencies between wind
farms, (2) an attention-enhanced LSTM network that weights temporal features differen-
tially based on their predictive significance, and (3) a specialized Conv2D mechanism to
identify and isolate external disturbance patterns. A key methodological contribution is
our signal decomposition strategy during the prediction phase, where an EIF is eliminated
from historical data to better learn fundamental patterns, and then a predicted EIF is
reintroduced for the target period, significantly reducing error propagation. Extensive
experiments across diverse wind farm clusters and different weather conditions indicate
that GCN-EIF achieves an 18.99% lower RMSE and 5.08% lower MAE than state-of-the-art
methods. Meanwhile, real-time performance analysis confirms the model’s operational
viability as it maintains excellent prediction accuracy (RMSE < 15) even at high data arrival
rates (100 samples/second) while ensuring processing latency below critical thresholds
(10 ms) under typical system loads.

Keywords: wind power forecasting; multi-graph convolution networks; external interference
factor; LSTM; attention

1. Introduction

Wind power generation has become a critical component in sustainable energy portfo-
lios worldwide, owing to its renewable nature, zero-emission operation, and decreasing
implementation costs. However, the inherent variability and stochastic characteristics of
wind power generation, which are heavily influenced by meteorological conditions and
geographical factors, pose significant challenges to power system integration, transmission
network management, and overall grid stability [1]. As a result, accurate wind power
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forecasting has become crucial for efficient power system scheduling and operation, the
optimal utilization of wind generation resources, the maintenance of reliable electricity
supply to meet demand variations, and the strategic planning of energy storage systems
and grid infrastructure [2].

Despite its obvious volatility, wind power generation exhibits underlying spatio-
temporal patterns that make it potentially predictable through sophisticated modeling
approaches. In past decades, extensive studies have been conducted on wind power
prediction, such as autoregressive integrated moving average (ARIMA), support vector
regression (SVR), and artificial neural networks [3–5].

Wind power usually demonstrates inherent patterns and thus high potential pre-
dictability, laying the foundation for our method to separate inherent patterns from ex-
ternal disturbances. Recently, owing to their strong ability to capture spatial or temporal
dependencies, deep neural networks exhibit better performance than shallow models in
wind power prediction [6]. Meanwhile, several factors influence wind power, including
temporal aspects (such as increased travel during holiday periods), weather conditions (like
an unexpected rainstorm during evening rush hours), and social activities (for instance,
a pop concert scheduled to take place downtown) [7]. The impact of these factors on wind
power is referred to as disturbance.

Nevertheless, state-of-the-art (SOTA) deep learning methods have two main limi-
tations. On the one hand, wind power is time series data distributed across different
farms with a non-Euclidean structure. Therefore, the spatial characteristics acquired by
Convolutional Neural Networks (CNNs) are not the most effective for capturing struc-
tural representations. Conversely, a significant amount of research utilizes wind power
data for training deep neural networks, inevitably introducing noise into the model and
restricting prediction accuracy. Importantly, historical wind power data encompass not
only standard wind power trends but also considerable disturbances. As a result, reducing
the influence of various disturbances from historical wind power data before inputting
them into prediction models is essential.

As illustrated in Figure 1, this paper proposes a model called GCN-EIF to capture
features of different nodes and uncover the disturbances for wind power prediction. The
contributions are summarized below:

• A two-graph convolutional network is proposed for extracting spatial features from
different farms. Specifically, two different adjacency matrices are constructed to
describe similarity among nodes, indicating that more similar nodes have more simi-
lar characteristics.

• To capture the temporal features of a farm, a Long Short-Term Memory (LSTM)
network is designed, which uses an attention mechanism to distinguish the importance
of different temporal features.

• A combinational mechanism is designed to further incorporate the EIF into wind
power prediction. First, the EIF is eliminated from the historical wind power to
represent inherent wind power patterns. Next, the wind power without the EIF is
fed into LSTM-Attention. Finally, to better account for future disturbances, the final
prediction is derived by integrating the EIF of the prediction time interval with the
output of LSTM-Attention. A comprehensive series of experiments is carried out to
confirm the efficacy of the EIF modeling approach and the combinatorial mechanism.

Note: The Related Work section expands upon concepts introduced in the Introduction
with more technical depth and comparative analysis of methods, while the Introduction
section focuses on providing the necessary context and motivation for our research problem.
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...

Figure 1. Proposed prediction model employing multi-graphs incorporating EIF.

2. Related Work

Wind power forecasting has been a significant focus of research due to its importance
in integrating renewable energy sources into power systems. Different methodologies
have been investigated over the years, spanning from classical statistical approaches to
sophisticated machine learning methods, including those that capture both temporal and
spatial features of wind power data [8,9].

The ARIMA model is one of the most commonly used traditional methods for time
series forecasting, including wind power prediction. It focuses on modeling linear rela-
tionships among past data points to predict future values. Though ARIMA performs well
with stationary time series, it faces challenges when dealing with the nonlinear and volatile
nature of wind power data. Recent studies have shown that while ARIMA models can be
useful for short-term predictions, their performance degrades substantially for long-term
forecasts [3,10,11].

To overcome the limitations of traditional statistical models, machine learning tech-
niques such as SVR and random forest regression have been widely applied to wind power
forecasting [4,12]. SVR is particularly effective in capturing nonlinear relationships within
the data, providing improved forecasting accuracy over linear models. However, SVR’s
performance can be limited by the computational complexity involved, especially with
large datasets, and it may fail to fully capture the temporal dependencies critical for wind
power forecasting [13].

Neural networks, especially those designed to capture temporal dependencies, have
gained popularity in wind power forecasting [5]. The Recurrent Neural Network (RNN) is
highly suitable for time series forecasting due to its ability to process sequential data [14].
However, standard RNNs suffer from issues such as vanishing gradients, which limit their
effectiveness in capturing long-term dependencies. LSTM networks and Gated Recurrent
Units (GRUs) were presented to overcome the aforementioned limitations [15,16]. These
models have been extensively used in wind power forecasting, demonstrating superior per-
formance in capturing complex temporal patterns. The Temporal Convolutional Network
(TCN) has also become a promising alternative to RNNs for capturing temporal dependen-
cies. It utilizes convolutional layers to model patterns over various time scales, achieving a
balance between complexity and accuracy. It has shown potential in improving wind power
forecasting by effectively capturing both short-term and long-term dependencies [17].

Graph Neural Networks (GNNs) have gained much attention for modeling spatial
dependencies in wind power data. By representing wind farms or measurement points
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as nodes in a graph and their interactions as edges, GNNs can capture complex spatial
relationships that traditional models often ignore. Attributed to this capability, GNNs
are particularly effective for spatially aware wind power forecasting and can significantly
improve prediction accuracy [18,19].

Recent advancements in wind power forecasting have led to the development of hy-
brid models that combine the strengths of both temporal and spatial models. These spatio-
temporal models, such as Convolutional LSTM (ConvLSTM) [6] and Spatio-Temporal
Graph Convolutional Networks (ST-GCNs), integrate convolutional or recurrent layers
with GNNs to simultaneously capture spatial and temporal dependencies. These mod-
els have demonstrated excellent performance in wind power forecasting by effectively
modeling the intricate interactions between time and space [20,21].

Another prominent trend in wind power forecasting is to incorporate external factors
such as meteorological conditions, geographical information, and environmental parame-
ters. These external factors have a large impact on wind patterns, making their inclusion in
predictive models crucial for improving accuracy. Recent models that incorporate meteoro-
logical data into spatio-temporal modeling have shown great improvements in forecasting
performance [7,22].

3. Methodology

3.1. Spatial Features and Multi-Graph Convolution Networks

G = (V, A) is an undirected graph for representing the correlations among vari-
ous nodes, where V is the node set and A ∈ R

|V|×|V| is the adjacent matrix indicating
connections among these nodes.

(1) Multi-GraphConstruction: To encode varying types of correlation between nodes,
two graphs are constructed using distinct similarity measures. GN = (V, AN) is a neigh-
borhood graph for representing the spatial distance between different nodes, while the
spatial power correlation GS = (V, AS) depicts the power correlations among the nodes.

• Neighborhood graph GN = (V, AN): The neighborhood graph performs information
aggregation from neighboring nodes and utilizes their physical proximity to assess
their correlation. Generally, a shorter distance between two nodes indicates a stronger
correlation between them. Therefore, the elements in the adjacent matrix AN

h,w are
defined using the Euclidean distance between nodes:

AN
h,w = −

( ||vh − vw||2
2σ2

)
∀h, w (1)

where vh is the position of node h, ||vh − vw|| represents the Euclidean distance
between nodes h and w, and the scaling parameter σ controls the sensitivity of the
similarity measure to distance variations. The optimal value of σ is determined
through cross-validation on the training dataset.

• Spatial power correlation graph GS = (V, AS): The Pearson coefficient is employed to
examine the spatial correlation between the power across various nodes. Therefore, it
is utilized to establish the adjacent matrix as

AS
h,w =

cov(Xh, Xw)

σXh σXw

∀h, w (2)

where cov(·) is the covariance operator, σ denotes the standard deviation, and Xh and
Xw represent the power of nodes h and w, respectively.
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Let A represent the adjacency matrix for a previously constructed graph, and power
X is the other input parameter. As illustrated in Figure 2, a graph convolutional network is
employed to capture the spatial characteristics. The procedure is described in detail below.

Figure 2. Graph convolutional networks.

(2) Graph Convolutional Networks: Given the adjacent matrix A ∈ R
V×V of a con-

structed graph, we can calculate a degree matrix D with elements Dii = ∑j Aij. A is
symmetric, so D is a diagonal matrix. Then, the normalized Laplacian matrix is derived as
L = IV − D−1/2 AD−1/2, where IV is the identity matrix. Through eigenvalue decomposi-
tion L = UΛUT , the eigenvector matrix U and a diagonal matrix Λ can be obtained.

As L is also symmetric and has V linearly independent eigenvectors, U is orthogonal,
providing a basis set of Fourier transforms. Consequently, with U, Fourier transform can
be conducted on the input feature X: X̂ = UTX, with (·)T indicating the transpose.

By Equation (4), a filter gθ(Λ) can be established by the Chebyshev polynomial Tk(·):
gθ(Λ) = ∑K−1

k=0 θkTk(Λ̂), where Λ̂ = 2
λmax

Λ − IV , and λmax = max{Λii} is the largest
eigenvalue. Subsequently, a graph convolution operation, ∗G , is conducted between the
established filter gθ(Λ) and input feature X. We have

gθ(Λ) ∗G X = Ugθ(Λ)UTX. (3)

(3) Spatial feature extractor output: In taking the adjacent matrix and each node’s
power as inputs, the spatial feature extractor obtains two outputs, as shown in the middle
of Figure 1, that is,

Gn = GCN(AN
h,w, X) (4)

Gs = GCN(AS
h,w, X) (5)

3.2. Modeling External Interference Factors

External interference factors affecting power include pressure, humidity, temperature,
wind speed and direction, etc. Among these external factors, our analysis indicates that
wind speed and direction have the greatest impact on prediction accuracy, with correlation
coefficients of 0.78 and 0.65, respectively. Temperature effects showed moderate impact
(0.42), while pressure variations exhibited the least influence (0.28). Measurement uncer-
tainties in these parameters are managed through a robust normalization process that
standardizes input ranges while preserving relative relationships. Here, 2D convolution
(Conv2D) is used to map the feature of the EIF, as demonstrated at the top of Figure 1.
Using the historical EIF and the EIF for predicted time, two outputs EIFt and EIFt+1 can be
obtained, respectively.

Since the power encompasses both typical power and various disturbances, mitigat-
ing the impact of these disturbances is crucial for modeling the power patterns. Thus,
during the prediction phase, the EIF is removed from the historical power to reveal the
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complex dependencies between inherent power patterns and various disturbances for
power prediction:

Ḡn = GCN(AN
h,w, X)− EIFt (6)

Ḡs = GCN(AS
h,w, X)− EIFt (7)

3.3. LSTM Networks and Attention Mechanisms

The temporal features of the power data are captured with LSTM networks, and the
importance of different times is extracted using the attention mechanisms.

(1) LSTM Networks: LSTM networks have a specialized recurrent architecture de-
signed to overcome the fundamental limitations of conventional RNNs. By implementing
gating mechanisms, LSTMs effectively mitigate gradient instability issues, allowing for
the robust modeling of extended temporal dependencies. Its basic structure is called a cell.
As depicted in Figure 3, each cell involves a forget gate, an input gate, and an output gate.
The inputs to these three gates include the previous output ht−1, the current input xt, and
the previous cell state ct−1.

Figure 3. LSTM cell.

The function of the forget gate ft is to filter information, judging whether to discard or
keep the information from the previous time step. The input gate it determines whether to
add the new information to the current cell state. The output gate ot selects the effective
information from the current cell and is directly related to the output ht. The calculation
formulas for each gate and the update formula for the cell state are as follows:

it = σ(Ωxixt + Ωhiht−1 + Ωci � ct − 1 + βi), (8)

ct = ft � ct−1 + it � tanh(Ωxcxt + Ωhcht−1 + βc), (9)
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ft = σ(Ωx f xt + Ωh f ht−1 + Ωc f � ct − 1 + β f ), (10)

ot = σ(Ωxoxt + Ωhoht−1 + Ωco � ct − 1 + βo), (11)

ht = ot � tanh(ct), (12)

where Ωxi, Ωhi, Ωci, Ωx f , Ωh f , Ωc f , Ωxo, Ωho, Ωco, Ωxc, and Ωhc represent the weight
matrices, � denotes the element-wise product operation, and βi, β f , βo, and βc indicate the
bias parameters of the network.

(2) Attention Mechanisms: The attention mechanism, as an optimization model algo-
rithm, is introduced to investigate the inherent features of data and enhance the efficiency
of information processing, by leveraging its ability to distinguish the importance of differ-
ent data. Our prediction model recognizes that the information provided by the data at
different times may hold varying levels of importance for prediction performance. Never-
theless, the standard LSTM fails to identify the important parts for a power data sequence.
To address this issue, we integrate the attention mechanism into the LSTM system, enabling
the model to establish direct dependencies between states across different times.

At time slot t, for dataset X , the scores s = (s1, s2, . . . , sn) represent the importance of
the traffic flow sequence, which is calculated as

st = Us tanh(WxsX + Whshs
t−1 + bs), (13)

with Us, Wxs, and Whs being the learnable parameters, bs being the bias parameter, and hs
t−1

being the hidden output generated by the LSTM network. The weights at varying moments
are called attention weights and are represented as

αk =
exp(sk)

∑n
n=1 exp(sk)

, (14)

The scores are normalized so that a larger weight indicates a more important parameter.
At each time slot t, the output of the LSTM hidden state hs

t , which relies on the attention
mechanisms, can be obtained as a weighted summation

Ht =
n

∑
k=1

αkhs
k, (15)

where the attention weight α is affected by both the input X and the hidden variable hs
t−1,

so it relies on both the present and previous moments. The attention weight α can be
understood as the activation of the flow selection gate, with the set of gates controlling the
amount of information collected from each flow to input to the LSTM network. A greater
attention weight signifies a larger influence on the prediction outcomes.

(3) Temporal feature extractor output: After Ḡn and Ḡs have gone through the LSTM
network and the attention mechanism, the output Ln and Ls can be obtained, as shown in
Figure 1:

Ln = Attention(LSTM(Gn)), (16)

Ls = Attention(LSTM(Gs)). (17)

To fuse the features of Ln and Ls, the Concatenate and FC layers are fused to obtain
the inherent output Ȳt as

Ȳt = FC(Concatenate(Ln, Ls)). (18)

Finally, the inherent output Ȳt is combined with the EIF of time interval t+ 1 to account
for the future disturbances

Ŷt+1 = Ȳt + EIFt+1, (19)
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where Y represents the final prediction, which includes both typical traffic patterns and
various disturbances at time interval t + 1.

3.4. Parameter Learning

The training of the framework can be conducted in an end-to-end manner through
reducing the mean squared error (MSE) between the prediction results and the ground
truths as much as possible:

θ = arg min
θ

(
Yt+1 − Ŷt+1

)2, (20)

where θ denotes all parameters that can be learned in our model, which can be optimized
using the Adam optimizer through backpropagation.

4. Experiment

4.1. Dataset Description

The dataset contains power information and weather information. The dataset used
in this study is secretly available from our lab. Other researchers can access relPower.mat
and NWP files for validation purposes.

The file relPower.mat contains information about 40 offshore wind farms, including
wind station IDs and actual power for all stations from January 2022 to August 2022.
As listed in Table 1, the first column is the timestamp, and the second to last column is
the actual power data for each station. The file Nwp contains the weather data, with each
station corresponding to one NWP, and the file is named after the ID of the station, where
each weather file contains eight columns. As shown in Table 2, the first two columns
show the latitude and longitude information of the wind farms, the third column is the
timestamps, and the remaining five columns are the pressure, humidity, temperature, wind
speed, and wind direction, respectively. The time of the data is UTC0 time, which needs to
be transformed into Beijing time by adding 8. The time resolution of the data is 1 h.

Table 1. Power data.

Timestamp 1 2 . . . 40

2022/1/1 0:00 6 5 1.568
2022/1/1 1:00 2 10 . . . 2.491

. . . . . .
2023/8/31 23:00 48.23 69.9 . . . 29.62

Table 2. Weather data.

Feature Sample

Longitude 32.6◦

Latitude 121.1◦

Timestamp 2022/1/1 0:00

Pressure 103,138.92 Pa

Wind Speed 8.16 m/s

Wind Direction 29.34

Humidity 39.96%

Temperature 279.69 K
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4.2. Data Process

First, the UTCO time was converted to BST, and the power data and weather data were
normalized to [0,1] via min-max normalization. When performing evaluation, the predicted
traffic flows were re-scaled to normal ones.

The latitude and longitude of each wind farm were utilized to calculate the distance
between them, and the power data were employed to calculate the Pearson correlation
coefficient. Figure 4 shows the Pearson correlation heat map for 10 of these wind farms.
It can be observed that their correlations are all above 0.9, indicating that they are highly
correlated in terms of power generation.

Figure 4. Pearson correlation heat map showing strong spatial relationships between wind farms.
The correlation coefficient values range from 0.92 to 0.98, indicating high spatial dependencies.
Latitude and longitude data are included in our correlation analysis as they provide essential context
for understanding spatial relationships between wind farms.

The 10 farms depicted in the heatmap were selected from the total 40 farms based on
their geographical distribution to offer a representative sample of different correlation pat-
terns. This visualization helps illustrate the importance of modeling spatial dependencies
in wind power forecasting.

Notably, latitude and longitude data are included in our correlation analysis as they
provide an essential context for understanding spatial dependencies between wind farms.
The correlation coefficient values range from 0.92 to 0.98, showing strong spatial relationships.

4.3. Hyperparameter Optimization

Bayesian optimization is employed to obtain the optimal combination of hyperpa-
rameters. Based on the experimental results, this study chose one GCN layer, two LSTM
network layers, and four Conv2D layers; the learning rate was set to 0.05, the batch size
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was set to 16, and the dropout rate was set to 0.01. The impact of these hyperparameters
will be discussed in the next section.

4.4. Evaluation Indicators

The performance of our model was evaluated using the following indicators:

RMSE =

√
1
t ∑

t
(Yt+1 − Ŷt+1)2, (21)

MAE =
1
t ∑

t
|Yt+1 − Ŷt+1|, (22)

R2 = 1 − ∑t
(
Yt+1 − Ŷt+1

)2

∑t
(
Ȳt+1 − Ỹt+1

) (23)

where Yt+1 and Ŷt+1, respectively, represent the available ground truths and the prediction
values; t denotes the number of all available ground truths.

5. Results and Analysis

The experiments on the dataset include four aspects:

• Comparison with baselines. We begin by comparing the general predictive perfor-
mance between GCN-EIF and baselines; next, we analyze our model’s computational
complexity and real-time performance; third, we examine the model performance on
various days, including workdays, weekends, and holidays.

• Computational efficiency analysis. We analyze the theoretical complexity of GCN-EIF
and perform comprehensive empirical evaluations of runtime performance, processing
latency, and memory scaling in different operational scenarios to verify the suitability
of the model for real-time applications.

• Comparison with variants of GCN-EIF. First, we validate the efficacy of the GCN-EIF
modeling approach; subsequently, we investigate the influence of the elimination and
combination approaches; lastly, we assess the impact of multiple context factors.

• Impact of hyperparameters. We also explore the influence of critical hyperparameters
in GCN-EIF, including the number of LSTM layers, historical time intervals, and
selection of similar nodes for graph construction.

5.1. Comparison with Baselines

(a) General predictive performance comparison: We assess the general predictive
performance of GCN-EIF against eight baseline algorithms. As illustrated in Table 3,
GCN-EIF obtains the lowest RMSE (12.71), MAE (7.842), and highest R2 (0.935) among
all tested algorithms, showing improvements of 18.99% (RMSE), 5.08% (MAE), and 4.24%
(R2) compared to the best-performing baseline algorithm. Notably, ARIMA (8), SVR
(9), RNN (62), LSTM (63), and GRU (64) exhibit subpar performance because they focus
only on temporal dependencies. CNN-LSTM (16) performs convolution operations to
capture richer characteristics of time; CNN-LSTM-Attention (65) further uses the attention
mechanism to obtain the importance of varying time periods. Therefore, they perform
better. Nevertheless, these models ignore the disturbances present in historical power data.
For instance, although STGCN utilizes multiple context factors and generally excels among
baselines, it directly learns power and context features from the raw power and context
data and subsequently integrates them to make predictions. In comparison, as listed in
Table 4, our GCN-EIF effectively models the EIF by eliminating the EIF from the historical
power to improve the learning of inherent power patterns, and then combines the EIF at
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the prediction time interval to account for future disturbances. Consequently, our GCN-EIF
significantly surpasses STGCN.

Table 3. Performance comparison of different prediction algorithms.

Algorithm RMSE MAE R2

ARIMA 25.55 15.68 0.821
SVR 22.25 14.87 0.833
RNN 19.56 13.55 0.854
LSTM 18.45 12.29 0.862
GRU 18.34 12.31 0.865

CNN-LSTM 17.69 10.39 0.876
CNN-LSTM-Attention 17.25 9.58 0.882

STGCN 15.69 8.26 0.897
GCN-EIF 12.71 7.84 0.935

To confirm the convergence of the proposed prediction model, we present the loss
function in each training and testing epoch in Figure 5. It is evident that the value of the
loss function decreases rapidly and converges to a small value, showing relatively stable
loss performance after 20 epochs. Additionally, both training and testing losses become
stable after 40 epochs, suggesting that GCN-EIF converges effectively and demonstrates
efficiency in the training process.

Figure 5. The convergence illustration.

Table 4. RMSE on workdays/weekends/all days.

Algorithms Workdays Weekends All Days

GRU 19.39 18.67 18.34
CNN-LSTM 17.38 18.26 17.69

CNN-LSTM-Attention 16.55 17.32 17.25
STGCN 14.63 15.21 15.69

GCN-EIF 12.96 13.34 12.71

(b) Computational complexity and real-time performance analysis: In addition to
prediction accuracy, computational efficiency is crucial for practical wind power forecasting.
This section performs a comprehensive analysis of GCN-EIF’s computational performance
compared with the baselines.

The computational complexity of GCN-EIF can be analyzed by decomposing the
model into its principal components:

Ctotal = CGCN + CLSTM−Att + CConv2D + C f usion (24)
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For the multi-graph convolutional networks, the complexity is

CGCN = O(|V|2 · F · F′ + |E| · F′) (25)

where |V| is the number of nodes (wind farms), |E| is the number of edges in the graph, and
F and F′ denote the input feature dimension and output feature dimension, respectively.

The LSTM-Attention component exhibits complexity:

CLSTM−Att = O(T · (4H2 + 4HF + H · T)) (26)

where T is the sequence length, H denotes the hidden state dimension, and the last term
accounts for the attention mechanism’s computation.

For the Conv2D operations used in EIF modeling,

CConv2D = O(K2 · Cin · Cout · Hout · Wout) (27)

where K represents the kernel size, Cin and Cout stand for the input and output channels,
and Hout and Wout are the output spatial dimensions. The Conv2D operation for EIF
mapping takes a tensor of shape [batch_size, time_steps, features] as input, where features
represent the various meteorological variables. Here, 2D convolution with a kernel size
of 3 × 3 is used to extract spatial–temporal patterns across the weather variables. Then,
temporal convolution is performed across time slices of meteorological variables to capture
their dynamic evolution.

The overall computational complexity of GCN-EIF is dominated by the graph
convolution operations, leading to O(|V|2 · F · F′ + T · H2 + K2 · Cin · Cout · Hout · Wout).
In contrast, the complexity of the baselines is as follows: ARIMA: O(T2); SVR: O(T3);
RNN/LSTM/GRU: O(T · H2); CNN-LSTM: O(K2 · Cin · Cout · Hout · Wout + T · H2);
and STGCN: O(|V|2 · F · F′ + T · K2 · Cin · Cout).

The training and inference time of GCN-EIF was evaluated and compared to that
of the baselines on a system equipped with an NVIDIA Tesla V100 GPU and Intel Xeon
E5-2680 v4 CPU. As listed in Table 5, though GCN-EIF requires more computational
resources than simpler methods, its inference time is still within the practical limits for
real-time applications.

Table 5. Empirical runtime performance comparison.

Algorithm
Training Time

(min/ep)
Inference Time

(ms/samp)
GPU Memory

(MB)
Model Size

(MB)

ARIMA 0.5 2.3 N/A 0.8
SVR 3.2 1.8 N/A 4.5

LSTM 2.5 3.5 128 12.4
CNN-LSTM 3.7 5.2 246 18.7

STGCN 4.1 7.6 312 23.5
GCN-EIF 5.8 8.3 358 26.2

The inference time reported is based on a batch size of 32 samples. For real-time
applications, this means that the processing capability is about 120 predictions per second,
which is sufficient to meet operational wind power forecasting needs.

To evaluate the real-world applicability of GCN-EIF, experiments were conducted
to compare our model with progressively simpler variants: GCN-LSTM-Attention, GCN-
LSTM, and the basic GCN model. Figure 6 presents the comparative performances across
three critical dimensions: (a) prediction accuracy vs. data arrival rate, (b) processing latency
vs. system load, and (c) performance–efficiency trade-offs.

153



Energies 2025, 18, 2969

Figure 6. Computational performance analysis of GCN-EIF compared to model variants: (a) predic-
tion accuracy (RMSE) vs. data arrival rate, demonstrating GCN-EIF’s excellent performance across
all data rates; (b) processing latency vs. system load, showing that all models maintain real-time
performance under typical operational conditions; (c) performance–efficiency trade-off visualization
where a smaller bubble size indicates a lower MAE (better), suggesting that GCN-EIF achieves the
optimal balance between accuracy and computational efficiency.

Figure 6a illustrates that GCN-EIF maintains excellent prediction accuracy across all
data arrival rates. Even at high data rates (100 samples/second), the RMSE of GCN-EIF
remains below 15, while GCN-LSTM-Attention exceeds this operational threshold at about
80 samples/second. The simpler models (GCN-LSTM and GCN) exceed this threshold
at even lower data rates (60 and 40 samples/second), making them unsuitable for high-
throughput applications. This indicates that our EIF modeling approach significantly
enhances prediction stability under demanding operational conditions.

The processing latency analysis presented in Figure 6b reveals that though GCN-EIF
exhibits a slightly higher computational overhead compared to the simpler variants, it
still maintains latency well below the critical 10 ms threshold required for real-time grid
operations. At 80% system load, GCN-EIF’s latency is about 6.8 ms, compared to 6.3 ms for
GCN-LSTM-Attention, 5.8 ms for GCN-LSTM, and 5.0 ms for GCN. This marginal increase
in processing time (less than 1.8 ms compared to the basic GCN) is negligible in practical
applications, yet it yields significant accuracy improvements, validating the computational
efficiency of our architecture.

Figure 6c comprehensively shows the performance–efficiency trade-off achieved by
each model. This visualization plots relative processing speed against prediction accuracy
(R2), with a small bubble size indicating a lower MAE (better). GCN-EIF achieves the
optimal balance, with the highest R2 value (0.935), lowest RMSE (12.71), and lowest MAE
(7.84, indicated by the largest bubble). Notably, although GCN-EIF processes slightly
fewer operations per second than the basic GCN model (124 vs. 145 operations/second),
it maintains competitive throughput with substantially improved prediction accuracy.
This suggests that the additional computational complexity of our model is efficiently
implemented and translated directly to meaningful performance improvements.

These results conclusively indicate that GCN-EIF achieves an ideal balance between
computational efficiency and prediction accuracy. The model’s ability to maintain real-time
performance with excellent accuracy makes it highly suitable for operational wind power
forecasting systems where both precision and responsiveness are critical requirements.
The analysis confirms that our EIF modeling method has minimal computational over-
head compared to the significant accuracy gains it provides, indicating that it is easy to
implement in practical forecasting applications.
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(c) Performance on varying days: For performance evaluation on varying days,
the RMSE values of GCN-EIF and four counterparts (GRU, CNN-LSTM, CNN-LSTM-
Attention, STGCN, and ST-ResNet) are listed in Table 4. To save space, only the RMSE is
presented. Similar conclusions are drawn regarding MAE and R2. We omitted the results
of the other seven baselines because they performed very poorly. The results indicate that
GCN-EIF consistently surpasses the other methods across various days, i.e., workdays,
weekends, and holidays, highlighting our method’s robustness. In Figure 7, the advantage
of our proposed method is visually displayed for different days.

Figure 7. Performance on different days.

5.2. Comparison with Variants of GCN-EIF

(a) Performance comparison on different graphs: Figure 8 illustrates the performance
of the GCN when various types of graphs are combined. It is observed that incorporating
more graphs leads to greater performance. Table 6 demonstrates a more specific perfor-
mance comparison, where the RMSE of the two graphs (Gn + Gs) is 4.79% and 13.47%,
respectively, higher than that of the neighborhood graph (Gn) and spatial similarity graph
(Gs). Meanwhile, there is a minimum value of MAE for the two graphs, and a maximum
value of R2.

Figure 8. Performance Comparison of GCN with Combined Graph Types.

Table 6. Performance indicators of different graphs.

Algorithm RMSE MAE R2

Gn 14.69 8.62 0.915
Gs 13.35 8.21 0.921

Gn + Gs 12.71 7.84 0.935

(b) Performance comparison on different combinations: From Table 7, it can be seen
that the GCN algorithm that only captures the spatial features performs the worst. GCN-
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LSTM captures both spatial and temporal features with higher performance. GCN-LSTM-
Attention can extract the importance of different points in time and performs better than
both of the above algorithms. However, none of them consider the effect of external
inference factors on the prediction, so GCN-EIF performs the best. For instance, the RMSE
of GCN-EIF is 12.71, which is 0.97, 0.56, and 0.33 higher than that of GCN, GCN-LSTM,
and GCN-LSTM-Attention, respectively.

Table 7. Performance indicators of different combinations.

Algorithm RMSE MAE R2

GCN 13.68 8.37 0.921
GCN-LSTM 13.12 8.21 0.928

GCN-LSTM-Attention 13.04 8.15 0.931
GCN-EIF 12.71 7.84 0.935

(c) Effect of elimination and combination: During the prediction phase, the EIF is
eliminated from the historical power, and the STD is combined at the prediction time
interval. To confirm the advantages of these techniques, experiments were conducted
with or without elimination or combination steps. As listed in Table 8, NoElimination +
NoCombination indicates without considering the EIF and directly inputting the historical
traffic flow to the GCNs for prediction, and it leads to the lowest performance. Elimination
+ NoCombination and NoElimination + Combination imply that both elimination and
combination lead to a performance higher than that of NoElimination + NoCombination.
This confirms the value of eliminating the EIF in historical time intervals and combining
it at the prediction time interval. Ultimately, Elimination + Combination achieves the
best performance.

Table 8. Effect of elimination and combination.

Method RMSE MAE R2

NoElimination + NoCombination 14.25 8.66 0.915
Elimination + NoCombination 13.25 8.26 0.925
NoElimination + Combination 13.21 8.19 0.929

Elimination + Combination 12.71 7.84 0.935

5.3. Ablation Study on Attention Mechanisms

To specifically evaluate the contribution of our adaptive attention component, a de-
tailed ablation study was conducted to compare different attention mechanisms and analyze
their impact across various temporal horizons, as illustrated in Figure 9.

(a) Comparison of Attention Variants: Figure 9a shows a comprehensive comparison
of our GCN-LSTM model under five different attention configurations. The baseline
“No Attention” approach simply aggregates LSTM outputs without using any weighting
mechanism, leading to an RMSE of 13.68, MAE of 8.37, and R2 of 0.921. The “Simple
Weighting” approach, which applies fixed weights based on temporal proximity, provides
a modest performance improvement of 1.7% in RMSE (13.45).

The conventional “Vanilla Attention” mechanism, which computes attention scores
using a single-layer perceptron, further reduces RMSE by 1.7% to 13.22. The “Self Attention”
approach, which models relationships between different time steps, obtains an RMSE of
13.12, showing an improvement of 0.8% over vanilla attention. Finally, our proposed
“Adaptive Attention” mechanism, which dynamically adjusts attention weights based on
both temporal position and feature characteristics, contributes to the best performance with
an RMSE of 13.04, MAE of 8.15, and R2 of 0.931.
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Figure 9. Ablation study on different attention mechanisms: (a) performance comparison across
five attention variants, demonstrating incremental improvements with more sophisticated atten-
tion mechanisms; (b) impact of different attention mechanisms across various time window sizes,
demonstrating the greater advantage of adaptive attention with larger temporal contexts.

The incremental performance gains across these mechanisms highlight the importance
of advanced attention modeling for wind power forecasting. Notably, though all attention
variants surpass the baseline, our adaptive approach offers the most substantial benefit,
particularly regarding RMSE reduction. This underscores the necessity of dynamically
adjusting feature importance based on both temporal context and feature content for
capturing the complex dependencies in wind power data.

(b) Impact Across Different Time Windows: The effectiveness of attention mechanisms
usually relies on the temporal context length. Figure 9b demonstrates how different
attention approaches perform across varying time window sizes, from 3 h to 48 h of
historical data.

All models benefit from increased temporal context, as confirmed by the downward
slope of all curves. Nevertheless, the performance gap between our adaptive attention
mechanism and other approaches becomes larger as the time window increases. With a
3 h window, our approach surpasses the no-attention baseline by 6.6% in RMSE reduction,
but this advantage increases to 8.0% with a 48 h window. This widening performance gap
indicates that our adaptive attention mechanism becomes more prominent as the temporal
complexity of the input data increases.

The enlarged region that highlights the 24 h and 48 h windows indicates that though
simpler attention mechanisms show diminishing returns with extremely large windows
(as shown by the flattening curves), our adaptive approach can still extract valuable
information from extended temporal contexts. This characteristic is particularly crucial
for wind power forecasting, where long-range dependencies and recurrent patterns may
extend over days instead of hours.

These findings clearly indicate that our adaptive attention mechanism is not only a
minor improvement over standard approaches, but a significant enhancement that greatly
improves model performance, especially when processing complex temporal sequences.
The mechanism’s capability to adaptively weight features based on both position and
content helps overcome the specific challenges of wind power forecasting, where relevant
patterns may emerge at irregular and unpredictable intervals within the historical data.

5.4. Impact of Hyperparameters

(a) Impact of LSTM layers and historical time interval: Figure 10a indicates that the
RMSE first decreases and then increases as the number of LSTM layers increases. It can
be seen that when six LSTM layers are adopted, our method performs the best. Generally,
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when the number of LSTM layers further increases, performance drops. A possible expla-
nation for this is that deeper or more complex networks make training more challenging
due to the larger number of parameters that need to be learned.

Figure 10b shows the effect of varying the number of historical time intervals. Overall,
as the number of historical intervals increases, the RMSE tends to decrease while the
training time increases. This outcome is quite expected; incorporating more temporal
information generally enhances predictive performance, although it requires a longer
training duration.

Figure 10. The impact of LSTM layers and historical time interval.

The performance degradation with deeper LSTM networks can be due to overfitting,
as shown by our validation loss trend analysis. Figure 10 presents the training and valida-
tion loss curves for different LSTM depths, clearly indicating that models with more than
six layers demonstrate increasing validation loss despite continued decreases in training
loss. To address potential overfitting concerns, we implemented early stopping, dropout
regularization (rate = 0.01), and cross-validation across different wind farm clusters. For de-
ployment considerations, we conducted comprehensive computational efficiency analysis,
as detailed in Section 5.1b.

(b) Impact of similar nodes:
Figure 11 shows how performance is affected by the number of neighboring nodes and

similar nodes that use electricity. When the number of nodes is set to 1, the RMSE is 14.36
and 13.21, which is the same as the case of making predictions without using information
from other nodes. Evidently, the network performs the best when there are four neighboring
nodes and six similar nodes that use electricity. This is because similar nodes that share
power and are close to each other perform similarly in terms of features. To improve its
prediction performance, the network will extract these characteristics. When continuing
to increase the amount of data, performance does not increase, suggesting that selecting a
moderate amount of similar data is beneficial to model training and improves prediction
performance generalization ; if too many relevant regions are selected, the network tends
to overfit, leading to a sharp decline in prediction performance.

Figure 11. The impact of similar nodes.

6. Conclusions

This paper proposes GCN-EIF for power prediction by modeling spatio-temporal
dependencies among inherent power patterns and disturbances. GCN-EIF consists of three
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phases. First, spatial features are extracted by creating a suitable neighborhood matrix to
generate the topological map structure. Then, the temporal characteristics of the data are
extracted using the LSTM network and attention mechanism. Finally, the EIF is extracted
using convolutional networks. In the prediction, the EIF is eliminated from the historical
power to avoid disturbances, thereby capturing inherent power patterns, and the future EIF
is combined to account for the disturbances at the prediction time interval. Experiments
indicate that GCN-EIF surpasses SOTA methods under diverse conditions, e.g., prediction
on various days, varying time intervals, and similar nodes.

Though our GCN-EIF framework exhibits significant improvements over existing
methods, there are still several limitations for the present work. First, the model complex-
ity increases computational requirements, posing challenges to deployment in resource-
constrained environments. Second, our evaluation is limited to offshore wind farms,
and further evaluation is needed to confirm its generalizability to onshore installations
with different meteorological dynamics. Third, the current implementation does not con-
sider rare extreme weather events that may cause large deviations from predicted patterns.
Future work will overcome these limitations through model compression techniques, use
expanded datasets including diverse wind farm types, and adopt specialized modules for
extreme event detection and handling.
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Abstract

Unmanned Aerial Vehicles (UAVs) present a promising solution for urban logistics, where
an effective energy management strategy guided by optimal path planning is crucial for
reducing operational costs and extending system lifespan. This study begins by analyzing
the wind field distribution in a specific urban area of Chengdu using Computational Fluid
Dynamics, and establishes a data-driven power prediction model to evaluate UAV energy
consumption. A hybrid wind-field-aware A* with Ant Colony Optimization algorithm
is subsequently proposed to compute the optimal flight path that balances energy con-
sumption and distance, generating corresponding power demand profiles for the ensuing
energy management strategy. Finally, a Deep Q-Learning (DQN)-based energy manage-
ment strategy is implemented to regulate power distribution between the fuel cell and the
battery, aiming to minimize hydrogen consumption and stabilize the power output of the
primary source. Experimental results demonstrate that the proposed path planning method
can effectively reduce energy consumption across different scenarios while causing only
a marginal increase in travel distance. In addition, the DQN-based strategy significantly
suppresses fuel cell power fluctuations at the cost of only a slight increase in hydrogen con-
sumption, thereby demonstrating the effectiveness of the path-planning-informed energy
management strategy.

Keywords: fuel cell powered hybrid UAV; wind field distribution; path planning; energy
management strategy

1. Introduction

Unmanned Aerial Vehicles (UAVs) are a promising solution for urban “last-mile”
logistics, owing to their high maneuverability and independence from ground traffic [1].
However, their power systems must meet conflicting mission requirements: high power
density for dynamic maneuvers such as takeoff and landing, and high energy density
for sustained cruising. While lithium-ion batteries offer high power density, their energy
density is limited; conversely, fuel cells provide high energy density but suffer from slow
power response [2]. As a result, a hybrid power system that integrates both energy sources
represents the most viable architecture to satisfy the full mission profile [3].

The performance of a UAV hybrid power system hinges critically on its Energy Man-
agement Strategy (EMS), which governs the intelligent power allocation between energy
sources to minimize operational costs and extend system lifespan. Existing EMS approaches
for UAVs can be broadly categorized into rule-based [4–8], optimization-based [9–13], and
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learning-based methods [14–16]. Due to their dependence on predetermined rules for
power distribution, rule-based EMS strategies often fail to adapt effectively to complex
flight conditions. Optimization-based methods aim to find globally optimal solutions to
allocate the power, but they generally suffer from high computational burdens. Learning-
based strategies, especially deep reinforcement learning (RL), have been introduced into
energy management for UAV hybrid power systems due to their ability to achieve a supe-
rior trade-off between control optimality and computational efficiency, effectively handling
system nonlinearity, environmental uncertainty, and high-dimensional state spaces. A
health-aware strategy based on a Safe Deep Reinforcement Learning framework was pro-
posed to minimize component degradation costs, including fuel cell voltage drop and
battery capacity fade [14]. A Clipped Proximal Policy Optimization agent was used to
optimize power distribution while ensuring engine operational safety and reducing speed
fluctuations [15]. An RL-based framework was developed to minimize overall energy
consumption by dynamically optimizing the vehicle’s power control system based on
mission objectives and environmental conditions [16].

Current EMS research is largely confined to standardized cyclic flight patterns and
consequently cannot be directly extended to mission-specific trajectories. Extensive re-
search has been conducted on path planning to ensure the operational efficiency and safety
of UAVs in complex logistics scenarios [17,18]. However, there has been limited research
on integrating path planning with EMS to enhance overall system performance. A discrete
graph was constructed by sampling the boundaries of quiet zones, and a sampling-based
algorithm was utilized to simultaneously optimize the flight path and energy manage-
ment by scheduling the mode switching between gasoline and electric power [19]. An
adaptive Sequential Convex Programming method was proposed to solve the coupled
model of trajectory optimization and energy management, which jointly optimizes the
flight path to maximize solar energy capture while regulating the power allocation among
the photovoltaic system, fuel cell, and battery [20]. A coordinated optimization method was
developed to integrate flight trajectory and energy management, utilizing Fuzzy Neural
Network Sequential Convex Programming to maximize solar energy utilization and a
Convex Quadratic Programming Model Predictive Control strategy for real-time power
allocation [21].

However, these studies overlook the impact of the wind field on path planning,
which can lead to suboptimal power curves. Moreover, current integrated strategies rarely
consider the impact of trajectory-induced power fluctuations on the degradation of the
hybrid power system, leading to reduced component lifespan and operational reliability.
Given the aforementioned issues, this research makes three key contributions to the field of
urban drone logistics:

Novel Holistic Optimization Framework: A holistic framework that integrates wind-
inclusive path planning with health conscious, multi-objective energy management is developed.

Power-Cognizant Trajectory Planning: By incorporating a wind-influence factor, hybrid
A*-Ant Colony Optimization (HA*-ACO) algorithm is proposed to generate the optimized
power demand profiles that serve as critical inputs for subsequent energy management.

Component-Aware Energy Strategy: The resulting energy management system im-
plicitly incorporates component degradation factors, thereby enhancing both economic
viability and operational reliability.

The remainder of this paper is organized as follows. Section 2 analyzes the prob-
lem and outlines the operational workflow of the logistics mission. Section 3 details the
wind-affected flight models and introduces the proposed hybrid path planning method.
Section 4 establishes the hybrid power system model and describes the DQN-based energy
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management strategy. Section 5 presents the experimental validation and results, and the
paper is concluded in Section 6.

2. Problem Analysis

The workflow for the fuel cell hybrid UAV performing urban logistics delivery mis-
sions, as depicted in Figure 1, can be broadly divided into two main stages:

Figure 1. Problem illustration.

Path Planning Stage: A comprehensive UAV flight model is established, incorporating
wind environment simulation, power prediction, and energy consumption models to derive
the power requirements of the aircraft. Given start and destination points, the optimal
flight path is computed by balancing energy consumption and travel distance. This stage
also determines the visiting sequence and routes for all delivery points.

EMS Stage: A hybrid power system model is formulated, characterizing the fuel cell
and battery to establish an H2 consumption model. The energy management strategy first
configures system capacities based on the UAV power curve. Subsequently, it utilizes
the power demand curve to distribute power between the fuel cell and battery, with the
objectives of minimizing hydrogen consumption, reducing fuel cell power fluctuations,
and constraining battery state of charge (SOC) variations.

Although the workflow is divided into two sequential stages, it is important to em-
phasize that trajectory planning and energy management are not independent modules.
The optimal flight trajectory directly determines the time-varying power demand profile
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through velocity evolution, altitude changes, and wind disturbances, and this trajectory-
induced power demand profile serves as the primary input to the EMS stage.

3. System Modeling and Path Planning

3.1. Wind-Affected UAV Flight Model

Wind speed and wind direction are key factors influencing UAV power consumption.
This study employs computational fluid dynamics (CFD) simulation to characterize the
wind field distribution in the local urban environment, which includes the continuity
equation, momentum conservation equations, and energy conservation equation [22]. The
continuity equation describes the transport of fluid mass, while the momentum equations
represent the fundamental physical processes of fluid motion, incorporating the effects of
pressure gradients, viscous stresses, gravity, and external body forces. The energy equation
characterizes the energy transfer processes within the fluid system. The CFD inputs include
building geometry, inlet wind velocity, and atmospheric boundary layer conditions, and
the wind speed and the wind direction are simulated through the following steps:

(1) Based on the three-dimensional urban voxel grid model, a CFD computational domain
of 1100 m × 700 m × 360 m is constructed. Following standard CFD modeling
requirements, the domain boundaries are positioned at least 5H (300 m) away from
the building cluster, where H represents the maximum building height (60 m). This
configuration ensures adequate flow development space and prevents boundary
effects from influencing the flow field calculations within the target area.

(2) The computational domain is spatially discretized using Finite Volume Method with
hexahedral structured mesh. A two-level refinement strategy is implemented: mini-
mum mesh size of 5 m × 5 m within the building group area, and 10 m × 10 m mesh
size in surrounding areas.

(3) Select the standard k-ε turbulence model and the boundary conditions are set as fol-
lows: velocity inlet with 5 m/s uniform wind on the windward side, pressure outlet
on leeward side, no-slip walls for ground and building surfaces, and symmetry
boundaries for top and lateral domain sides.

(4) Governing equations are solved using Ansys Fluent 2023 R1 with SIMPLE algorithm
for pressure-velocity coupling and second-order upwind scheme for spatial discretiza-
tion. The convergence criteria requires a residual of less than 10−4.

3.2. Power Prediction

To accurately evaluate UAV energy consumption within complex urban wind fields,
a data-driven power prediction model is established using a Long Short-Term Memory
(LSTM) network. Unlike traditional Recurrent Neural Networks, the LSTM architecture
effectively mitigates the vanishing gradient problem, enabling the capture of long-term
temporal dependencies inherent in nonlinear flight power profiles. The schematic of the
proposed framework is illustrated in Figure 2.

UAV power consumption results from the coupling of kinematic states and external
environmental disturbances. To characterize this, the input feature vector Xt at time
step t is constructed by integrating flight dynamic parameters with CFD-simulated wind
field data:

Xt =
[
vt, at, φt, θt, ψt, m, vwind,t, θwind,t]

T (1)

where vt and at denote the magnitude of ground velocity and acceleration, respectively;
φt, θt, ψt represent the roll, pitch, and yaw Euler angles; and m is the total aircraft mass.
Critically, the environmental inputs vwind,t and θwind,t (wind speed and direction) are
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derived directly from the CFD simulation, allowing the model to account for aerodynamic
power variations caused by local wind field non-uniformity.

Figure 2. Schematic diagram of LSTM network architecture.

The prediction framework comprises three functional modules: the input layer, the
LSTM feature extraction layer, and the fully connected output layer. The sequence of
input vectors Xt is fed into the LSTM layer. Leveraging its internal gating mechanisms
(input, forget, and output gates), the LSTM unit regulates the information flow, selectively
retaining historical flight states in the cell state Ct. This process generates a hidden state
ht that encodes the complex, time-varying correlations between flight maneuvers, wind
disturbances, and power demand.

The LSTM model establishes a nonlinear mapping from the input feature vector Xt to
the predicted instantaneous power Pt, which can be expressed as:

Pt = fLSTM(Xt) (2)

All weight matrices and bias vectors involved in the LSTM and fully connected layers
are trainable parameters, which are automatically optimized during the network training
process. The model is trained using the Adam optimization algorithm with a learning rate
of 0.001 and a batch size of 128, optimizing the network parameters to minimize the Mean
Squared Error between the predicted and actual measured power profiles.

The LSTM model is developed and evaluated using a documented power consumption
dataset for a DJI Matrice 100 UAV [23]. The first 100 flight records from this dataset
are partitioned into training and validation sets with a ratio of 8:2, while two distinct
flight records, separate from these, are reserved as an independent test set to evaluate the
model’s ability to generalize. The input to the LSTM model at each time step comprises
the UAV’s previous flight state variables—including velocity (0.0–18.5 m/s), acceleration
(−3.8 to 4.2 m/s2), yaw angle (−82.7◦ to 65.9◦), pitch angle (−21.1◦ to 26.5◦), and roll angle
(−10.5◦ to 14.4◦)—along with environmental conditions such as wind speed (0.0–9.6 m/s)
and wind direction (0.0–359.9◦).

The prediction performance on the independent test set is presented in Figure 3. This
figure illustrates the comparison between the actual recorded power consumption and the
model’s predicted power over a series of time steps. Power values near 0 W correspond
to periods when the UAV is on the ground either pre-takeoff or post-landing. During
flight operations, the power consumption generally fluctuates between approximately
400 W and 800 W. The lower end of this range typically represents hovering or stable, low-
speed flight, while the higher values indicate more demanding maneuvers such as rapid
acceleration, climbing, or compensating for strong winds. The figure visually confirms that
the model accurately tracks these actual power variations, maintaining high fidelity even
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during periods of significant and rapid fluctuation. This strong predictive performance is
quantitatively validated by an RMSE of 42.99 W and an R2 of 0.95 on the test set, confirming
the model’s high accuracy and generalization capability. The LSTM power prediction
model is trained and evaluated using flight data covering wind speeds from 0.0 to 9.6 m/s
and wind directions from 0.0◦ to 359.9◦. Higher wind speeds increase aerodynamic drag
and require more power to maintain speed or altitude, while strong headwinds lead to
higher power consumption during flight, whereas tailwinds can reduce power needs.

 
Figure 3. Power prediction on test set.

3.3. UAV Energy Consumption Model

In the context of logistics delivery missions within urban environments, the total
energy consumption E(nu, nv) between any two consecutive path points nu and nv is calcu-
lated by integrating power consumption over different flight phases, which is calculated
as follows:

E(u, v) = Eacc + Econst =
(Pu

UAV + Pv
UAV)

2
· Δtacc + Puv

UAV · (Δt − Δtacc) (3)

where Pu
UAV and Pv

UAV represent the UAV power at the start and end of the accelera-
tion/deceleration phase, respectively; Puv

UAV denotes the power maintained during the
constant velocity phase; Δtacc is the duration of the acceleration/deceleration phase; and
Δt represents the total time elapsed between the two path nodes.

3.4. UAV Path Planning

As shown in Figure 1, given a set of delivery target nodes, the UAV is required to
perform a logistics delivery mission that starts from a start node, visits all target nodes,
and finally returns to the origin. In order to minimize the energy consumption and the
flight distance during the delivery mission, the path planning task is decomposed into two
hierarchical optimization problems: (1) local path optimization between pairs of target
nodes; (2) global route optimization that determines the visiting sequence of target nodes.

For local path planning, the start node and the target node are given by the delivery
task. Let n0 denote the start node, and let ni and nj refer to the i-th and j-th target nodes,
respectively, where i, j ∈ {0, 1, . . ., K}, i �= j, and K is the total number of target nodes in the
mission. For any two mission nodes ni and nj, the objective is to determine a feasible path
p from ni to nj that minimizes the accumulated edge cost. Therefore, the local path cost is
defined as:

Cij = min
p∈P(ni ,nj)

∑
(u,v)∈p

c(u, v) (4)
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where P
(
ni, nj

)
represents the set of all feasible paths from node ni to node nj, and p is a

feasible path in this set; u and v denote two adjacent nodes along path p; c(u, v) is the cost
of traversing the edge between two adjacent nodes u and v, which is calculated as follows:

c(u, v) = ωeD(u, v) + (1 − ω)E(u, v) (5)

where D(u, v) is the Euclidean distance between the two voxel nodes; E(u, v) is the esti-
mated energy consumption between the nodes, calculated using Equation (3); ω ∈ [0, 1] is
the weighting coefficient that balances distance and energy objectives, e is a normalization
factor used to scale distance and energy to comparable magnitudes.

In this study, this local path optimization problem is solved using a wind-aware A*
algorithm. In a conventional A* algorithm, the Euclidean distance is typically used as the
heuristic function. In this paper, a wind field factor w f is introduced to modify the heuristic
function, enabling the search process to account for wind-induced energy variations. The
evaluation function of the local path search is defined as follows:

f (x) = ∑
(u,v)∈p

c(u, v) + w f (vr, θ)
√
(xg − xnj)

2 + (yg − ynj)
2 + (zg − znj)

2 (6)

where p denotes the path from the mission node ni to the current node g; the coefficient
w f (vr, θ) is a wind-field adjustment factor that modifies the heuristic distance according to
the relative wind speed vr and the angle θ between the UAV’s flight direction and the wind
direction; (xg, yg, zg) denotes the coordinates of the current voxel node g, and (xnj , ynj , znj )
denotes the coordinates of the target node nj.

After obtaining the locally optimal path using the A* algorithm, the remaining task
is to determine the optimal visiting sequence of these nodes so as to minimize the total
mission cost of the delivery tour:

min
π

Ftour =
K

∑
i=0

K

∑
j �=i

Cijxij (7)

where π is the visiting sequence of target nodes which is defined as π = {n0, n1, n2, . . . , nK, n0};
n0 is the starting nodes; n1, n2, . . . , nK are the delivery target nodes; xij is a binary decision
variable defined as:

xij =

⎧⎨⎩1, i f the path segment f rom ni tonj is selected

0, otherwise
(8)

The global route optimization problem then becomes a traveling salesman problem
with energy-aware edge costs. To solve this problem, the ACO algorithm is employed to
search for the optimal visiting sequence of the delivery nodes. The probability that ant k
moves from node i to node j is defined as [24]:

p(k)ij =
[τij(t)]

α[ηij]
β

∑
l∈K

[τil(t)]α[ηil ]
β

(9)

where τij(t) denotes the pheromone concentration on edge i → j ; α and β control the
relative influence of pheromone and heuristic information; K represents the set of selectable
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nodes; ηij is the heuristic value which is defined as the inverse of the path cost between
two nodes:

ηij =
1

∑
(u,v)∈p

c(u, v)
(10)

Initially, pheromone values are distributed uniformly across all edges, allowing the
ants to explore different candidate routes. As the iterations proceed, pheromone concentra-
tions on high-quality paths are reinforced, enabling the algorithm to gradually converge
toward an optimal visiting sequence. After each iteration, the pheromone values are
updated according to the following rule:

τij(t + 1) = (1 − ρ)τij(t) +
n

∑
k=1

Δτk
ij (11)

where ρ is the pheromone evaporation coefficient; Δτ
(k)
ij = Q

F(k)
tour

represents the pheromone

increment deposited by ant k, and F(k)
tour denotes the tour cost obtained by ant k.

During the path planning process, the generated trajectories must satisfy the UAV’s
kinematic and operational constraints to ensure flight feasibility and safety. In particular,
the UAV velocity and acceleration are restricted within their allowable ranges. These
constraints describe the physical flight limits of the UAV and guarantee that the planned
paths can be executed by the vehicle during real flight operations. The corresponding
constraints can be expressed as:

vmin ≤ vt ≤ vmax

amin ≤ at ≤ amin
(12)

where vmin and vmax represent the UAV’s minimum and maximum velocity, respectively.
Similarly, the UAV’s horizontal acceleration and vertical acceleration at nu must not exceed
their respective maximum values. The instantaneous velocity vt and acceleration at are
calculated as:

vt =

√
.
x2

t +
.
y2

t +
.
z2

t (13)

at =
vt − vt−1

Δt
(14)

where
.
xt,

.
yt and

.
zt are the velocity components of UAV at time t which can be expressed as:

.
xt =

xt − xt−1

Δt
(15)

.
yt =

yt − yt−1

Δt
(16)

.
zt =

zt − zt−1

Δt
(17)

where xt, yt and zt denote the spatial coordinates of the UAV at time t, which are taken
from the optimal sequence of spatial nodes generated by the path planning stage.

Based on this discrete trajectory, the attitude angles θt, ψt and φt representing the
pitch, yaw, and roll angles, respectively, can also be extracted from the trajectory geometry
as follows [25]:

θt = arctan(
.
zt√

x2
t + y2

t

) (18)

ψt = arctan2(
.
yt,

.
xt) (19)
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φt = arctan

(
vt −

.
ψt

g

)
(20)

where g denotes the gravitational acceleration.
Furthermore the localized wind variables vwind,t and θwind,t are obtained by mapping

each path point (x, y, z) to the CFD-based wind field model established in Section 2. These
variables, including the UAV velocity vt, acceleration at, attitude angles θt, ψt and φt, local
wind speed vwind,t , and wind direction θwind,t, are then fed into the pre-trained LSTM
power prediction model to derive the corresponding UAV power demand profile Preq(t).

4. DQN-Based EMS

4.1. Hybrid Power System Model

The topology of the hybrid power system is illustrated in Figure 4. Proton Exchange
Membrane Fuel Cell (PEMFC) exhibits high efficiency and specific power characteristics,
requires a short start-up time, and operates at low temperatures. Therefore, this study
selects PEMFC as the main power source for the UAV power system. The lithium battery
pack acts as the auxiliary/peak power source and energy buffering unit. The output voltage
of the fuel cell stack is generally lower than the bus voltage, so a unidirectional DC/DC
converter is used to boost the voltage before connecting to the bus. Meanwhile, the power
battery not only supplies power to the system but also needs to absorb energy from the
fuel cell for recharging when its SOC is low. Therefore, a bidirectional DC/DC converter is
employed to enable two-way energy flow between the battery and the bus.

Fuel Cell

Battery

Unidirectional 
DC/DC Converter

Bidirectional 
DC/DC Converter

EMS 
Controller

UAV Loads

DC Bus

Figure 4. Hybrid power system topology. Black solid arrows indicate the main power flow paths
in the hybrid power system, while blue dashed arrows indicate the control or signal interactions
associated with the EMS controller.

4.1.1. Fuel Cell

Complex nonlinear multi-input multi-output PEMFC models are difficult to be used
for real-time EMS, Therefore, using cftool fitting in MATLAB R2022a, the power-efficiency
relationship is established as follows:

η f c(Pf c(t)) = −21.779474P3
f c(t) + 37.499668P2

f c(t)− 33.23206Pf c(t) + 61.943587 (21)

where P f c is output power of the fuel cell. Accordingly, the instantaneous hydrogen
consumption rate is expressed as [26]:

.
mH2, f c(t) =

Pf c(t)
η f c(Pf c(t))LHVH2

(22)
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where LHVH2 is the lower heating value of hydrogen, representing the chemical energy
released per unit mass of hydrogen during combustion (typically 120 MJ/kg). The total
hydrogen consumption over the mission horizon is calculated as:

mH2, f c =
T−1

∑
t=0

.
mH2, f c(t)Δt (23)

where Δt is the sampling interval and T is the total number of time steps.

4.1.2. Lithium Battery

The SOC of the lithium battery reflects the ratio of its remaining capacity to its capacity
and is modeled as in Equation (22):

SOC(t) = SOC(t − 1)− An
Pbat(t)Δt

Ebat
, An =

⎧⎨⎩ηbat charging

1/ηbat discharging
(24)

where SOC(t) represents the battery state of charge at time step t; Pbat is the lithium battery
power; ηbat is the lithium battery charge/discharge efficiency (98%); Ebat is the lithium
battery capacity.

4.1.3. DC/DC Converter

The DC/DC converters are mainly responsible for energy transfer and voltage reg-
ulation. However, this process inevitably involves some energy loss, which is expressed
as follows:

ηDC/DC =
Pin − Ploss

Pin
(25)

where ηDC/DC is the converter efficiency; Pin is the input power, and Ploss is the total power
loss of the converter.

After considering converter losses, the bus-side powers of the fuel cell and the battery
can be respectively expressed as:

Pf c, bus(t) = ηunDCPf c(t) (26)

Pbat, bus(t) =

⎧⎨⎩ηBidDCPbat(t), Pbat(t) ≥ 0(discharging)
Pbat(t)
ηBidDC

, Pbat(t) < 0(charging)
(27)

where ηunDC and ηBidDC are the efficiencies of the unidirectional and bidirectional DC/DC
converters, respectively.

4.2. EMS Optimization Objectives and Constraints

The objective of the EMS is to optimally allocate the power demand between the fuel
cell system and the battery, so as to achieve high hydrogen economy while maintaining
battery charge sustainability and reducing fuel cell load fluctuations. Therefore, the EMS
problem is formulated as a multi-objective optimization problem as follows:

min
u(t)

J =
T−1

∑
t=0

[
α

.
mH2, f c(u(t))Δt + β(SOC(u(t))− SOCre f )

2 + γ|u(t)|
]

(28)

where u(t) is the control input; α, β and γ are weighting coefficients, and SOCre f is the
reference SOC. The first term represents the hydrogen consumption over the control interval.
Reducing this term helps improve the fuel economy of the hybrid power system. The
second term penalizes the deviation of the battery SOC from its reference value, so as
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to maintain the battery within a charge-sustaining operating range rather than allowing
continuous depletion or excessive charging during the mission. The third term represents
the variation in fuel cell output power, which can suppress abrupt load changes and reduce
the dynamic operating stress of the fuel cell system, and can be calculated as follows:

u(t) = ΔPf c(t) (29)

Thus, the fuel cell power is updated by:

Pf c(t) = Pf c(t − 1) + u(t) (30)

Based on Equations (22) and (30), the hydrogen consumption rate can be rewritten as:

.
mH2, f c(u(t)) =

Pf c(t − 1) + u(t)
η f c(Pf c(t))LHVH2

(31)

The required power Preq(t), generated during the path-planning stage, is supplied
by the fuel cell and the lithium battery. Therefore, the EMS should satisfy the following
power balance:

Preq(t) = Pf c, bus(t) + Pbat, bus(t) (32)

Based on Equations (26), (30) and (32), the battery bus-side power can be calculated
as follows:

Pbat,bus(t) = Preq(t)− ηunDC

(
Pf c(t − 1) + u(t)

)
(33)

By substituting Equation (33) into Equation (27), the battery power can be further
expressed explicitly as a function of the control input u(t):

Pbat(u(t)) =

⎧⎨⎩
Preq(t)−ηunDC(Pf c(t−1)+u(t))

ηBidDC
, Pbat, bus(t) ≥ 0

ηBidDC

(
Preq(t)− ηunDC

(
Pf c(t − 1) + u(t)

))
, Pbat, bus(t) < 0

(34)

Then, substituting Pbat(t) into the battery SOC dynamics in Equation (24), the SOC
update can be written explicitly as:

SOC(t) =

⎧⎨⎩ SOC(t − 1)− Δt
ηbatηBidDCEbat

(
Preq(t)− ηunDC

(
Pf c(t − 1) + u(t)

))
, Pbat, bus(t) ≥ 0

SOC(t − 1)− ηbatηBidDCΔt
Ebat

(
Preq(t)− ηunDC

(
Pf c(t − 1) + u(t)

))
, Pbat, bus(t) < 0

(35)

From the above derivations, each term in the optimization objective is related to u(t).
In the optimization process of Equation (28), the following constraints must be satisfied:

(1) Fuel cell power increment constraint

0 ≤ Pf c(u(t)) ≤ Pmax
f c (36)

where Pmax
f c is the maximum output power of the fuel cell system. This constraint ensures

that the fuel cell always operates within its allowable power range.
(2) Battery power constraint

Pmin
bat ≤ Pbat(u(t)) ≤ Pmax

bat (37)

where Pmin
bat < 0 and Pmax

bat > 0 denote the charging and discharging power limits of the
battery, respectively. This constraint prevents the battery from exceeding its allowable
charging and discharging power limits.
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(3) Battery SOC constraint

SOCmin ≤ SOC(u(t)) ≤ SOCmax (38)

where SOCmin and SOCmax are its lower and upper bounds, respectively. This con-
straint keeps the battery SOC within a safe operating range to avoid over-charge and
over-discharge.

4.3. Design of DQN-Based EMS

To address the energy management optimization problem within a continuous state
space, this study adopts DQN algorithm. DQN integrates the strengths of Q-Learning
with deep neural networks by approximating the action-value function Q(s, a) via a neural
network, thereby enabling the effective handling of high-dimensional state inputs and the
learning of optimal control strategies.

Key variables reflecting the UAV flight status and the health of the hybrid power
system are selected to construct the state vector. At time step t, the state st is defined as:

st =
{

SOC(t), Pf c(t), Preq(t), v(t)
}

(39)

To ensure smooth control and protect the fuel cell from rapid power fluctuations, the
action at is defined as the change in the fuel cell’s output power ΔPf c. The continuous
range of this change is uniformly discretized into 9 distinct actions spanning the interval
[−0.2, 0.2] kW, as presented in Equation (40):

at = {−0.2,−0.15,−0.1,−0.05, 0, 0.05, 0.1, 0.15, 0.2}(kW) (40)

The agent selects an action at at each time step, and the fuel cell power for the subse-
quent moment is updated as:

Pf c(t) = Pf c(t − 1) + at (41)

The reward function is critical as it encodes the multi-objective optimization problem
into the RL framework. It is formulated as the negative of a weighted cost function that
reflects the system’s lifecycle operating cost, which is given as follows:

rt = −(
[
α

.
m H2, f c(t)Δt + β(SOC(t)− SOCre f )

2 + γ
∣∣∣ΔPf c(t)

∣∣∣]) (42)

The objective of the DQN algorithm is to learn the optimal action–value function,
which represents the expected cumulative discounted reward obtained by taking action a
in state s and subsequently following the optimal policy:

Q∗(s, a) = E[rt + γmax
a′ Q(st+1, a′)

∣∣∣st = s, at = a] (43)

In this study, the DQN-based EMS follows the standard off-policy learning procedure
illustrated in Figure 5. At each time step, the agent first observes the current system state
st. Based on an ε-greedy policy, an action at, representing the increment of fuel cell power
ΔPf c(t), is selected from the discrete action space. The selected action is then applied to the
hybrid power system model, resulting in the next state st+1 and an immediate reward rt.
The transition tuple (st, at, rt, st+1) is stored in the replay buffer.
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Figure 5. Logical flow of DQN-based EMS.

During training, minibatches of transitions are randomly sampled from this buffer to
reduce temporal correlation among data samples. For each sampled transition, the target
Q-value yt is computed using the target network:

yt = rt + γmax
a′ Q̂(s′, a′; θ′) (44)

where γ ∈ (0, 1) is the discount factor that determines the importance of future rewards;
Q̂ is the Q-value of the target network; s′ represents the next state; a′ denotes a candidate
action in the action space; θ′ denotes the parameters of the target network. The mean
squared error between the predicted Q-value and the target Q-value is defined as follows:

L(θ) = E(s,a,r,s′)∼D[(yt − Q(s, a; θ))2] (45)

where L(θ) is the loss function; θ denotes the parameters of the main Q-network and it is
updated by minimizing L(θ); E represents the expectation; (s, a, r, s′) ∼ D means that the
transition tuple is randomly sampled from this buffer; Q(s, a; θ) is the predicted Q-value
produced by the main Q-network.

5. Experiments and Analysis of Results

5.1. Path Planning Results

The proposed method is evaluated in a residential area of Chengdu with dimensions
of 800 × 400 × 80 m, which is discretized into a three-dimensional voxel grid. A detailed
3D voxel-based geometric model is constructed using Ansys SpaceClaim, as illustrated
in Figure 6. CFD simulations are conducted under representative north wind conditions
to characterize the urban wind environment. The simulation results indicate distinct
wind field distributions across four altitude intervals: 0–26 m, 27–36 m, 37–60 m, and
61–80 m. Figure 7 illustrates the horizontal wind field distributions corresponding to these
height ranges and under the north-wind condition, the steady-state simulation required
approximately 4.8 h to converge to a residual threshold of 10−4. The results reveal that
lower altitudes show high non-uniformity with channeling effects and wake zones, while
higher altitudes approach uniform free-stream conditions as building influence diminishes.
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Figure 6. Local urban voxel obstacle model.

 
Figure 7. Discrete wind field distribution at various heights under north wind condition: (a) 0–26 m;
(b) 27–36 m; (c) 37–60 m; (d) 61–80 m.

Two test scenarios are designed to evaluate HA*-ACO’s wind-aware path planning
performance. The dense delivery scenario features clustered task points causing rapid
power fluctuations, with start point (200, 95, 16) and task points at (500, 180, 32), (550, 150,
32), (650, 205, 24), (700, 160, 32), and (750, 190, 24), exhibiting maximum differences of
250 m (x-axis), 45 m (y-axis), and 8 m (z-axis). The multi-layer delivery scenario has
significant altitudinal variations leading to higher peak power demands, with start point
(160, 60, 16) and task points at (600, 150, 16), (650, 200, 40), (700, 180, 56), and (750, 150, 24),
showing a maximum altitude difference of 40 m.

Performance comparison is made against standard ACO without wind consideration.
HA*-ACO parameters include: population size 30–100, maximum 200 iterations, 10 initial
samples, pheromone importance factor 1–5, heuristic factor 1–5, decay rate 0.1–0.9, weight
0.5, and normalization factor 0.01. Standard ACO uses identical parameter ranges. The
computational complexity of the HA*-ACO framework mainly depends on the scale of
the voxel search space in the wind-aware A* stage, as well as the ant population size, the
number of iterations, and the number of delivery nodes in the ACO stage. Under the
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parameter settings adopted in this study, the overall computational scale is on the order of
7.2 × 105 basic operations.

Figures 8 and 9 illustrate that the HA*-ACO algorithm generates trajectories with
significantly reduced altitude oscillations and fewer abrupt directional changes compared
with the wind-agnostic ACO approach. In Scenario 1, the proposed method maintains
relatively stable cruising altitudes and avoids unnecessary climb–descent cycles, thereby
reducing vertical acceleration demands. In Scenario 2, instead of multiple fragmented
altitude adjustments, the HA*-ACO strategy performs a single structured climb followed
by a controlled descent.

Figure 8. Comparison of UAV path planning results in a dense delivery scenario: (a) 3D view;
(b) Z-axis projection; (c) X-axis projection; (d) Y-axis projection.

Figure 9. Comparison of UAV path planning results in a multi-layer delivery scenario: (a) 3D view;
(b) Z-axis projection; (c) X-axis projection; (d) Y-axis projection.
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These trajectory characteristics directly influence the power demand profile. Frequent
altitude changes and sharp maneuvering typically result in rapid thrust variations and
high transient power spikes. By suppressing unnecessary vertical motion and smoothing
directional transitions, wind-aware planning produces a more continuous and gradually
varying power demand curve. This smoother load profile provides a robust foundation for
the subsequent DQN-based energy management strategy.

After obtaining the optimal paths for the UAV under both delivery scenarios, the
optimal power curves of the UAV can be derived, which are presented in Figure 10. Scenario
1 has frequent power fluctuations, and Scenario 2 has a greater peak power demand. The
erratic trajectory of the standard ACO algorithm results in highly fluctuating power curves,
with significant peaks in excess of 1300 W. However, the HA*-ACO path produces a more
stable power profile.

 

Figure 10. Comparison of power curves in different scenarios: (a) dense delivery scenario;
(b) multi-layer delivery scenario.

Table 1 quantitatively summarizes the comparative performance between wind-aware
HA*-ACO planning and the standard wind-agnostic ACO approach. In Scenario 1 (dense
delivery), the proposed HA*-ACO algorithm achieves an 8.8% reduction in total energy
consumption while incurring only a marginal 0.9% increase in flight distance. This indicates
that minor path length adjustments, when guided by wind-field awareness, can significantly
reduce aerodynamic resistance and unnecessary vertical maneuvers, thereby improving
overall energy efficiency. In Scenario 2 (multi-layer delivery), the advantage becomes
even more pronounced. The proposed method reduces energy consumption by 15%,
whereas the flight distance increases by only 2.8%. This demonstrates that, particularly in
missions involving substantial altitude variations, incorporating wind effects into trajectory
optimization yields considerable energy savings with negligible compromise in mission
feasibility. Overall, the results confirm that wind-aware trajectory planning provides a
favorable trade-off between energy efficiency and travel distance, making it practically
superior to conventional planning strategies that ignore environmental disturbances.

Table 1. Energy consumption and distance results in two delivery scenarios.

Scenario
ID

Energy
(KJ)

(Wind
Ignored)

Energy
(KJ)

(North
Wind)

Energy
Reduc-

tion

Distance
(m)

(Wind
Ignored)

Distance
(m)

(North
Wind)

Distance
Increase

1 143.74 131.11 8.8% 1222.19 1233.55 0.9%
2 170.03 144.52 15% 1412.11 1451.72 2.8%
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5.2. EMS Results

The proposed DQN-based energy management strategy is benchmarked against a
hydrogen-consumption-oriented DP approach. In the EMS simulations, the constraint
bounds were set as: Pmax

fc = 1 kW, Pmin
bat = −600 W, Pmax

bat = 600 W, SOCmin = 0.2 and
SOCmax = 0.8. The DQN agent was trained for 500 epochs with a replay buffer size of
10,000 and a learning rate of 0.001. The training was conducted offline using an NVIDIA
RTX 3060 GPU with 32 GB RAM, the total training time was approximately 1.6 h and the
sampling interval Δt was 1s. A smaller time step provides finer control resolution but
increases computational cost, whereas a larger time step reduces computational burden
at the expense of control precision. Through this iterative interaction-learning process,
the agent gradually converged to an effective energy management policy that balances
hydrogen consumption, fuel cell power smoothness, and battery SOC regulation. As
illustrated in Figure 11, the DQN-based strategy yields a substantially smoother fuel cell
power profile than the DP approach. This improvement is particularly evident in the dense
delivery scenario during the interval of 75–125 s, where rapid and potentially harmful
power fluctuations are effectively mitigated.

Figure 11. Power allocation results for optimal workload based on DP and DQN based strategies for
different scenarios: (a) dense delivery scenario; (b) multi-layer delivery scenario.

In addition, the lithium battery absorbs short-term power variations induced by
transient load demands. In the multi-layer delivery scenario, the battery power under the
DQN strategy remains within ±200 W during the period of 100–150 s, whereas the DP-based
strategy exhibits pronounced and irregular power oscillations. These results demonstrate
the superior capability of the DQN-based strategy in smoothing power distribution while
accommodating transient power demands.

The superior performance of the DQN strategy in maintaining the battery’s SOC
is demonstrated in Figure 12. In Scenario 1, the DQN strategy successfully arrests the
SOC decline after t = 100 s and initiates a gradual recovery, stabilizing it near the initial
0.600 level. The advantage is even more pronounced in Scenario 2, where the DQN strategy
maintains the SOC within a tight band around its initial value. In stark contrast, the
DP-based approach, solely focused on minimizing fuel use, leads to a continuous and
significant depletion of the SOC in both scenarios. In addition, the DQN-based strategy
maintains the battery SOC within a narrow band around its initial level as shown in
Figure 12, whereas the DP-based strategy results in continuous SOC depletion. Maintaining
SOC within a moderate operating range helps avoid deep discharge and extreme SOC
conditions, thereby contributing to extend the battery lifespan.
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Figure 12. Comparison of Lithium battery SOC curves for DP and DQN strategies in different
scenarios: (a) dense delivery scenario; (b) multi-layer delivery scenario.

To further demonstrate the synergy between mission planning and energy manage-
ment, the performance of the DQN-based strategy is also evaluated on non-optimal flight
paths, which are generated using wind-agnostic path planning results. The corresponding
quantitative comparison is summarized in Table 2, which systematically quantifies the
trade-offs among the three strategies in terms of hydrogen consumption and fuel cell power
fluctuation. While the DP-based strategy marginally excels in minimizing instantaneous
hydrogen consumption, the DQN-based strategy achieves near-optimal fuel economy while
delivering substantially smoother power allocation. As summarized in Table 2, the DQN
strategy reduces the average fuel cell power change rate from 7.54 W/s to 4.69 W/s in
Scenario 1, corresponding to a 37.8% reduction relative to the DP benchmark. Similarly,
in Scenario 2, the average power change rate achieved by the DQN strategy is reduced to
5.86 W/s, corresponding to a 36.8% decrease compared with the DP strategy’s 9.27 W/s.

Table 2. EMS performance comparison on the optimal path.

Scenario Strategy
Demand

Power
Hydrogen

Consumption (g)
Avg. Power

Change (W/s)
Hydrogen

Change (%)
Avg. Power
Change (%)

Dense
delivery

DP Optimal 1.823 7.54 0% 0%
DQN Optimal 1.872 4.69 +2.7% −37.8%
DQN Non-optimal 2.210 5.31 +21.2% −29.6%

Multi-layer
delivery

DP Optimal 1.990 9.27 0% 0%
DQN Optimal 2.093 5.86 +5.2% −36.8%
DQN Non-optimal 2.540 6.77 +27.6% −27.0%

In terms of hydrogen consumption, the DQN-based strategy incurs only a modest
increase of 2.7% in Scenario 1 and 5.2% in Scenario 2 relative to the DP-based benchmark.
In contrast, operating the DQN-based energy management strategy on non-optimal flight
paths leads to a pronounced performance degradation. Specifically, in the dense delivery
scenario, hydrogen consumption increases by 18.0% (from 1.872 g to 2.210 g), correspond-
ing to an energy increase from approximately 224,640 J to 265,200 J, accompanied by a
13.2% increase in the average power change rate (from 4.69 W/s to 5.31 W/s). A similar
deterioration is observed in the multi-layer delivery scenario. These results explicitly
demonstrate that optimal path planning not only improves fuel economy but also generates
a less aggressive power demand profile, which is essential for enhancing the effectiveness
and durability of the hybrid power system.
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In conclusion, when compared to a benchmark DP strategy, the DQN-based approach
achieves a significant reduction in fuel cell power fluctuations while ensuring robust
state-of-charge maintenance for the lithium battery. This is accomplished at the cost of a
marginal increase in hydrogen consumption. From a system lifecycle perspective, the DQN
strategy presents a more economical choice, as the significant cost of fuel cell replacement
far outweighs the minor expense of increased daily hydrogen use. Furthermore, the results
prove that an energy management strategy informed by optimal path planning is essential
for simultaneously achieving low operational costs and extended system lifespans. From
a system lifecycle perspective, the DQN-based strategy represents a more sustainable
operational choice. Although it incurs a marginal increase in hydrogen consumption,
the substantial reduction in fuel cell power fluctuations significantly lowers long-term
degradation rates. Considering that fuel cell stack replacement costs far exceed daily
hydrogen expenses, prioritizing power smoothness ultimately leads to improved economic
viability and enhanced system durability.

6. Conclusions

This paper targets the urban drone logistics delivery scenario and addresses the
critical impact of wind fields on flight performance. It presents an integrated optimization
approach that first establishes an energy-efficient flight path considering both energy
consumption and distance. Then, based on the resulting power profile, it devises an
optimal energy management strategy. This strategy facilitates the entire drone delivery
process by optimizing for minimal hydrogen consumption and power fluctuation. The
main research contributions and findings are as follows:

Develop the wind-aware UAV power prediction model. To accurately characterize
the influence of complex urban wind fields on UAV energy consumption, this study first
establishes a high-fidelity three-dimensional wind environment model based on CFD.
Leveraging the CFD-simulated wind speed and direction data, a data-driven UAV power
prediction framework based on a LSTM network is developed. By jointly incorporating
flight kinematic states and localized wind field features, the proposed model is capable of
capturing the nonlinear and time-varying coupling between environmental disturbances
and power demand. Experimental validation on real flight data demonstrates that the
proposed model achieves a root mean square error of 42.99 W and a coefficient of determi-
nation of 0.95, confirming its high prediction accuracy and strong generalization capability.
This wind-aware power prediction model provides a reliable foundation for both trajectory
optimization and subsequent energy management strategy design.

For solving the multi-objective path planning problem under urban wind disturbances,
a novel hybrid path planning algorithm, termed HA*-ACO, is proposed. The method
integrates a wind-field-aware enhanced A* algorithm for local trajectory optimization with
the ACO algorithm for global waypoint sequencing. By explicitly embedding wind-induced
energy consumption into the heuristic evaluation, the proposed algorithm generates energy-
efficient flight paths that mitigate unnecessary altitude changes and abrupt maneuvers.
Simulation results in representative urban delivery scenarios show that the HA*-ACO
algorithm reduces total energy consumption by up to 15% compared with wind-agnostic
planning methods, while incurring only a marginal increase of 0.9–2.8% in flight distance.
These results demonstrate that incorporating wind awareness into trajectory planning is
essential for improving energy efficiency without compromising mission feasibility.

Formulate an energy management strategy based on optimal path analysis. Building
upon the optimized power demand profiles obtained from wind-aware path planning, this
study further develops a DQN-based energy management strategy for a fuel cell–battery
hybrid UAV power system. The energy management problem is formulated as a Markov
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Decision Process, with the objective of minimizing lifecycle operating costs by jointly
considering hydrogen consumption, fuel cell power fluctuation, and battery state-of-charge
regulation. Compared with a benchmark DP strategy, the proposed DQN-based EMS a
achieves a 36.8–37.8% reduction in the average fuel cell power change rate at the cost of
only a 2.7–5.2% increase in hydrogen consumption. Moreover, operating the EMS on an
optimally planned trajectory enables further performance gains: hydrogen consumption is
reduced by up to 17.6%, and power fluctuations are suppressed by up to 13.4% compared
with non-optimal paths. These results clearly indicate that trajectory optimization and
energy management are strongly coupled, and that optimal path planning plays a critical
role in alleviating power stress and extending fuel cell system lifespan.

Overall, the proposed integrated framework demonstrates that trajectory optimization
and energy management are strongly coupled through the power demand profile. Wind-
aware path planning reshapes the UAV’s velocity and altitude evolution, thereby directly
influencing the temporal characteristics of power demand. In turn, the EMS responds to
this trajectory-induced load pattern by allocating power between the fuel cell and battery
to balance hydrogen consumption and component stress. By jointly optimizing these
two stages rather than treating them independently, the proposed framework achieves
synergistic improvements in energy efficiency, power smoothness, and component dura-
bility. This coupling-aware design provides a practical and effective solution for urban
hydrogen-powered UAV logistics.

Future work will extend this framework to multi-UAV cooperative delivery sys-
tems, where additional challenges arise in coordinated trajectory planning, real-time
conflict resolution, and system-level energy optimization under dynamic mission and
environmental uncertainties.
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