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Preface

The global energy landscape is undergoing a profound transformation. Driven by the urgent need
to mitigate climate change and reduce dependence on fossil fuels, the integration of renewable energy
sources into power grids has accelerated dramatically. This shift has given rise to what is now termed
the "new power system," characterized by high penetration of inverter-based resources, distributed
generation, and complex, multi-directional power flows. While essential for a sustainable future,
these systems present significant engineering challenges, particularly concerning the maintenance of
dynamic symmetry, the delicate balance of active and reactive power, frequency stability, and voltage
regulation across vast, interconnected networks.

This Reprint addresses these critical challenges by presenting a curated collection of research
originally featured in a Special Issue of the journal Symmetry. The primary subject of this volume is
the intersection of power system engineering and symmetry principles, with a specific focus on the
stability, control, and optimization of modern electrical grids.

The scope of this Reprint is comprehensive, encompassing a wide array of cutting-edge topics.
These include heterogeneous nodal frequency response modeling, data-driven emergency load
shedding, self-adaptive virtual synchronous generator control, and the assessment of renewable
energy consumption capacity. Further contributions explore typical scenario construction considering
spatiotemporal correlations, optimal flexibility dispatching of multi-pumped hydro storage stations,
and dynamic security partition assessment using symmetrical electrical distance matrices. Each of the
nine peer-reviewed articles offers a unique perspective, combining theoretical rigor with practical case
studies.

The aim of compiling this Reprint is twofold. First, it seeks to provide a consolidated and
accessible reference for the latest research advancements in this rapidly evolving field. Second, it
aims to foster a deeper understanding of how symmetry principles can be leveraged to design more
resilient, flexible, and intelligent power systems. The motivation for this work stems from the collective
recognition that traditional grid management approaches are insufficient to handle the variability
and uncertainty inherent in high-renewable systems. New methodologies, often drawing on artificial
intelligence and advanced signal processing, are urgently required.

This Reprint is addressed to a broad audience of researchers, practicing engineers, graduate
students, and policymakers involved in power system planning, operation, and regulation. It serves as
a valuable resource for those seeking to understand both the theoretical foundations and the practical
applications of next-generation grid technologies. We hope that the insights and innovations presented
here will stimulate further research and collaboration, contributing to the global effort to build a
sustainable and secure energy future.

The Guest Editors are grateful to all the authors who contributed their work to this project.
An accompanying Editorial, which appears first in the Table of Contents, provides a more detailed

overview of the individual contributions and their significance.

Yongji Cao, Runjia Sun, Rui Wang, and Jin Tan
Guest Editors
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Global challenges such as fossil energy depletion, environmental pollution, and cli-
mate warming are driving the rapid development of renewable energy sources (RESs),
including wind power and photovoltaics [1-3]. However, the increasing integration of these
RESs has significantly altered the structure and operational characteristics of power systems.
The variable and uncertain nature of RES outputs exacerbates disturbances that compro-
mise power symmetry and balance [4,5]. Although power-electronic-interfaced sources
offer flexible and fast regulation capabilities, their limited immunity to grid disturbances
may further amplify the degree of power asymmetry and imbalance [6-8]. Consequently,
maintaining power symmetry and balance poses a substantial challenge in the evolving
new power system. To address this pressing issue, this Special Issue, titled “New Power
System and Symmetry”, presents advanced perception, cognition, and decision-making
technologies aimed at restoring and preserving system symmetry.

The contributions assembled in this Special Issue present novel approaches for
strengthening power system symmetry and balance from multiple angles. The mech-
anisms and characteristics underlying power asymmetry and imbalance are thoroughly
analyzed. Furthermore, flexible resources within the new power system, particularly en-
ergy storage systems, are leveraged to bolster power symmetry and balance. Scenario
generation methods are proposed to handle the inherent uncertainty of RESs, thereby
enabling the extraction and characterization of disturbances affecting system symmetry.
Additionally, data-driven artificial intelligence techniques are employed for precise assess-
ment and robust control. Taken together, these studies deliver profound insights into the
origins, assessment, and mitigation of symmetry-related issues in modern power systems.

A total of 14 manuscripts were submitted to this Special Issue. After a thorough
and rigorous peer-review process, eight papers were finally accepted for publication. The
following paragraphs provide a concise overview of the primary goals and principal results
of these selected contributions.

Contribution 1 presents a probabilistic evaluation framework for determining the
renewable energy hosting capacity of power grids, explicitly accounting for the stochas-
tic nature of load and wind generation while upholding supply-demand symmetry. A
tenth-order Gaussian mixture model is adopted to accurately characterize the probability
distributions of load and wind power, achieving a favorable balance between modeling
fidelity and computational cost. The Metropolis—Hastings algorithm, grounded in Markov
chain Monte Carlo theory, is subsequently applied to generate representative sample spaces,
which are then fed into power flow studies to derive the maximum allowable renewable

Symmetry 2026, 18, 1222 https://doi.org/10.3390/sym18071222
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penetration under static security limits. Validation against Monte Carlo simulations and
Gibbs sampling on modified IEEE 39-bus and 102-node AC-DC hybrid testbeds confirm the
method’s high accuracy and efficiency, yielding maximum hosting capacities of 1054.87 MW
and 1250.91 MW, respectively. Additional short-circuit ratio evaluations and N-1 contin-
gency simulations corroborate the system’s voltage stability and robustness at elevated
renewable penetration levels.

Contribution 2 introduces a data-driven dynamic security assessment (DSA) method-
ology that leverages a grid partitioning strategy to construct accurate and incrementally up-
dateable DSA models with streamlined architectures. The power network is autonomously
segmented into localized zones via the mean shift algorithm, wherein node positions are
encoded by a symmetric electrical distance matrix and the Chebyshev distance metric is
employed to enhance partitioning quality by approximately 50%. Operating-condition
features are subsequently extracted using a stacked denoising autoencoder, while the sym-
metric electrical distance matrix is tailored to encode fault locations within each subregion,
thereby mitigating feature redundancy. Multiple radial basis function neural network
(RBFNN)-based DSA models are then established for fault positions per region, comple-
mented by an online incremental update mechanism that prevents catastrophic forgetting.
Evaluations on both a 112-bus simplified provincial network and a 2624-bus large-scale
practical system in China, conducted with PSS/E, reveal that the partition-based RBFNN
model attains 98.96% accuracy, surpassing unified models with more complex architectures.
The incremental update strategy preserves over 98% accuracy while curtailing update
time to 30 s, underscoring its suitability for online preventive and restorative control
applications.

Contribution 3 formulates an optimal dispatching model for multiple pumped hydro
storage (PHS) stations to supply operational flexibility across distinct regions of East China’s
state grid, responding to the escalating randomness and flexibility requirements imposed by
high renewable penetration. The credible predictable power of renewables is first derived
from forecast data, and system flexibility demand is defined as the net-load variation
per unit time, giving rise to a multi-timescale flexibility quantification model. A refined
PHS station operation model is subsequently devised, encompassing power limits, mode-
transition constraints, start—stop restrictions, minimum run times, and reservoir capacity
limits with differentiated hydro-conversion efficiencies. In light of regional allocation
constraints, a decentralized multi-PHS model is established, and flexibility provisions to
each region are quantified via allocation ratios. The overarching objective is to minimize
the mismatch between flexibility supply and demand across all regions. A case study
on an East China regional grid comprising 10 PHS stations with a combined capacity of
13,700 MW verifies that the proposed approach effectively aligns flexibility supply with
regional demand while respecting actual PHS operating characteristics. Comparative
economic analysis further demonstrates that the optimal dispatching strategy substantially
lowers flexibility supply costs relative to thermal-only or manual dispatch benchmarks,
confirming its effectiveness and superiority.

Contribution 4 puts forward a novel multi-agent deep reinforcement learning
(MADRL) framework for automatic generation control (AGC) in interconnected power
systems, tackling the dual challenges of active-power symmetry preservation and fre-
quency stability maintenance under high RES penetration and system expansion. The core
innovation is a Learning to Coordinate and Teach Reinforcement (LECTR) mechanism,
through which expert agents from the original system offer demonstration actions to guide
novice agents in newly incorporated regions, expediting strategy-network convergence by
58.73% to 75.01% while enhancing control precision. A double-target critic network with
delayed updates is introduced to curb overestimation biases in the target critic, improving

https://doi.org/10.3390/sym18071222
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learning stability and yielding higher-quality experience data. The cooperative reward
function integrates area control error, frequency deviation, and tie-line power into steer
agent training. Simulations on expanding IEEE test systems subject to step-load variations
and stochastic renewable disturbances reveal that the proposed method reduces mean
absolute area control error (ACE) by 54.93% to 84.80% relative to alternative algorithms,
achieves superior reward performance, and sustains robust convergence and control ef-
ficacy without necessitating retraining of all regional agents, attesting to its viability for
real-time frequency regulation in flexibly extensible power grids.

Contribution 5 presents a scenario construction methodology that preserves spa-
tiotemporal correlations among multiple renewable generation outputs, overcoming the
limitations of conventional approaches that neglect such interdependencies and thus in-
adequately represent the distributional attributes of original data. The framework first
defines a symmetric spatial correlation matrix and a temporal autocorrelation matrix to
quantitatively encode spatiotemporal relationships. Distributional discrepancies between
typical and original scenarios are subsequently characterized across mean, variance, spatial
correlation, and temporal autocorrelation dimensions, and a scenario-reduction optimiza-
tion problem is formulated to minimize these disparities. An enhanced genetic algorithm,
featuring adaptive parameter tuning and an elitist preservation strategy, is developed to
efficiently derive high-quality representative scenarios. Case studies on five wind farms
and fourteen photovoltaic installations in Belgium demonstrate that the improved genetic
algorithm achieves accelerated convergence and superior solution quality, producing four
representative scenarios within three minutes. The mean absolute percentage error be-
tween spatial correlation matrices of original and reduced sets is 2.5% for wind farms and
0.78% for PV plants, while the corresponding errors for first-order temporal autocorrelation
coefficients are 2.75% and 2.45%, respectively, confirming that the constructed scenarios
faithfully preserve both spatial and temporal dependencies inherent in the original data.

Contribution 6 devises a self-adaptive virtual synchronous generator (VSG) control
strategy for PV hybrid energy storage systems (PV-HESS), leveraging a radial basis function
(RBF) neural network to dynamically optimize inertia and damping parameters in response
to the erosion of dynamic symmetry induced by high renewable penetration. The DC-side
storage architecture incorporates a passive filter to decouple high- and low-frequency
power components, with supercapacitors mitigating fast fluctuations and batteries smooth-
ing slow variations. A small-signal model of the VSG active-power loop is established to
delineate permissible ranges for rotational inertia and damping coefficient, considering
cutoff frequency, grid-code requirements, stability margins, and frequency-response time.
The RBF network takes angular frequency deviation and its derivative as inputs to adap-
tively adjust these parameters within optimal bounds, with a sigmoid activation function
enforcing physically realizable inertia values and a damping ratio of 0.75 set as the de-
sign target. The simulations under power-supply—-demand imbalance and grid-frequency
disturbance scenarios reveal that the RBF-based strategy substantially outperforms both
fixed-parameter and linear adaptive alternatives, achieving respective improvements in
power overshoot, settling time, and fluctuation range of 52.7%, 50.1%, and 59.4% under
power imbalance, and corresponding frequency-domain enhancements of 68.18%, 41.02%,
and 70.37% under frequency disturbances, thereby confirming superior transient response,
oscillation damping, and overall system robustness.

Contribution 7 proposes a hybrid model- and data-driven optimization framework for
emergency load shedding (ELS) in receiving-end power systems following HVDC blocking
incidents, addressing frequency security concerns while honoring transient frequency,
rotor-angle, and voltage stability constraints. An ELS decision model is first constructed,
incorporating both conventional loads and pumped-storage units, with continuous load-
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shedding variables and discrete pumping-cut decisions, and seeks to minimize control costs
under dynamic security constraints. The particle swarm optimization (PSO) algorithm
is augmented with symmetric opposite learning to boost initial-population diversity and
Tent chaotic mapping to broaden the exploration space, thereby elevating solution quality.
A hybrid neural-network-based multi-task DSA model is established to rapidly screen
candidate ELS schemes during optimization iterations, with time-domain simulations
serving as a validation anchor for initial and final solutions to guarantee feasibility. Testing
on a provincial receiving-end grid featuring 132 buses, 29 generators, and three HVDC
lines totaling 20 GW infeed capacity shows that the enhanced PSO outperforms traditional
PSO, adaptive PSO (APSO), hierarchical PSO (HPSO), mutated PSO (MPSO), differential
evolution (DE), and genetic algorithm (GA) in solution quality. The hybrid neural network
attains a 98.67% assessment accuracy, markedly surpassing artificial neural network (ANN)
(93.56%), support vector machine (SVM) (89.00%), and decision tree (DT) (86.77%). The
proposed approach yields a viable, least-cost ELS scheme within 0.63 s, representing an
approximately 541-fold improvement in optimization efficiency relative to TDS-dependent
PSO, while retaining robust generalization to unseen operating conditions with over 92%
accuracy at a 1:1 generalization ratio.

Contribution 8 presents a disturbance location-aware coordination framework for
frequency support in low-inertia power systems populated by heterogeneous converter
types, directly confronting the symmetry-breaking phenomenon whereby post-fault nodal
frequency responses are contingent upon disturbance location, network topology, and the
coexistence of synchronous generators, grid-forming (GFM) converters, and grid-following
(GFL) converters with phase-locked loops (PLLs). The core element is a heterogeneous
nodal frequency response (HNFR) state-space model that consolidates SG/GFM electrome-
chanical frequency channels and GFL PLL-estimated frequencies into a unified output
matrix, eliminating algebraic network variables via reduced-order representation while
explicitly retaining disturbance location as an input dimension for scalable analysis. A
reproducible signal-processing protocol is established to compute nodal rate of change
of frequency (RoCoF), nadir, and frequency-split indices, facilitating large-scale location
sweeps through atlas-ready matrices amenable to high-performance computing. A ro-
bust min-max allocation formulation determines GFM virtual-inertia and droop settings
across disturbance locations subject to device limits and a fixed aggregate budget. This is
complemented by an atlas-based gain-scheduling workflow that obviates online distur-
bance localization. The atlas functions as a pre-validated repository of frequency-support
gain configurations keyed to operating conditions and can be retrieved online without
re-optimization. Simulations on a modified IEEE 39-bus system with three wind farms
and four tunable GFM buses under a six-location disturbance sweep confirm that the
HNFR-based allocation bolsters worst-node security and curtails frequency split while
preserving comparable center of inertia (COI) behavior. Under budget-matched conditions,
the proposed allocation diminishes worst-node RoCoF by 32.2% and maximum nodal
frequency split by 17.8% relative to the COI-oriented benchmark, with a more modest
0.0036 Hz nadir improvement, evidencing that the HNFR formulation effectively resolves
localized stress patterns and affords enhanced protection to stressed nodes over aggregated-
frequency methods, although RoCoF gains exhibit greater scenario dependence than nadir
and split improvements.

Collectively, the eight papers featured in this Special Issue have made notable con-
tributions to the study of power system symmetry. It is our hope that this collection will
provide a valuable reference and inspire further inquiry in the field. Future research av-
enues may include the application of large language models (LLMs) to the assessment and
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enhancement of system symmetry, as well as a more detailed consideration of the dynamic
effects of power electronic converters, particularly GFM and GFL types.

Funding: This paper is jointly supported by National Major Science and Technology Project on
Smart Grid (2024ZD0801100) and Key Research and Development Program of Shandong Province
(2025TSGCCZZB0081).

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.
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Abstract

New power systems with penetration of inverter-based resources (IBRs) exhibit symme-
try breaking in post-disturbance frequency, as nodal trajectories depend on disturbance
location, network coupling, and heterogeneous frequency channels across synchronous
generators (SGs), grid-forming (GFM) converters, and grid-following (GFL) converters
with phase-locked loops (PLLs). As a consequence, relying only on aggregated center-
of-inertia/center-of-frequency (COI) metrics can underestimate asymmetric local risks,
including worst-node rate of change of frequency (RoCoF), worst-node nadir, and nodal
frequency split. This paper proposes a disturbance location-aware coordination framework
that explicitly models and balances heterogeneous active-power frequency support across
the network using an electromechanical-scale state-space formulation. First, a heteroge-
neous nodal frequency response (HNFR) model yields an explicit state-space input-output
mapping from location-specific active power disturbances to nodal frequency outputs for
both electromechanical and PLL-estimated channels. Second, a reproducible signal process-
ing protocol computes nodal RoCoF/nadir/split indices and enables large-scale location
sweeping via atlas-ready matrices that are naturally parallelizable for high-performance
computing. Third, a constrained allocation layer schedules heterogeneous fast frequency
response subject to converter limits and finite energy constraints, supporting an atlas-
based gain scheduling implementation. Case studies demonstrate that the proposed
symmetry-aware design improves worst-node security and suppresses frequency split
while maintaining comparable COI behavior. Under budget-matched conditions on the
modified IEEE 39-bus system, the proposed allocation reduces worst-node RoCoF by 32.2%
and maximum nodal frequency split by 17.8% relative to the COI-based benchmark.

Keywords: renewable generation; spatiotemporal frequency; symmetry breaking; grid-forming
converters; frequency stability

1. Introduction

The rapid growth of inverter-based resources (IBRs) is reshaping the dynamical land-
scape of power systems. Under disturbances, frequency dynamics can exhibit pronounced
symmetry breaking across the network. Additionally, as synchronous generators are dis-
placed (see Figure 1), system inertia and governor-based damping decline while converter
control and synchronization loops introduce new multi-timescale couplings among angle,
frequency, and voltage dynamics [1-5]. As a result, post-disturbance frequency is no longer
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well-represented by a single global trajectory: nodal responses can depend strongly on dis-
turbance location and network coupling, leading to spatially heterogeneous RoCoF /nadir
and even nodal frequency splitting.

GFL GFM

Figure 1. Diagram of an IBR-integrated power system. SG: synchronous generator; GFM: grid-forming
converter; GFL: grid-following converter; IBR: inverter-based resource.

Figure 2 illustrates the end-to-end pipeline of the proposed framework. In the offline
stage, the HNFR state-space model is assembled from the operating point, network data,
and device parameters (step Al), the candidate disturbance location set is swept to evaluate
nodal frequency security indices (step A2), and a min—max allocation layer populates an
offline atlas with robust gain vectors (step A3). In the online stage, the prevailing operating
condition is matched against the atlas (step B1), the stored gains are projected onto current
device limits (step B2), and the resulting (H;, D;) setpoints are dispatched to the GFM
support buses (step B3). Because the atlas already hedges against all candidate disturbance
locations, explicit online disturbance localization is not required.

| o— e S |
Al. Build HNFR in—

l A2. Sweep disturbance locations s Mu.l Max prust l

| | state-space model % eval o . Inertia/Damping |

: (Asys> Bsys> Chnfr) evaluate frequency metrics Allocation :

I Offline Stage I

Operating point, network data,

i t
device parameters Atlas (precomputed gain & validation table)

Current operating condition

+ atlas entry *

C e Online Stage |
: B1.Match operating B2. Project gains B3. GFM Dispatch :
| | condition to Atlas onto device limits (H;, D;) — support buses |
C e e J

Figure 2. Framework of the proposed atlas-based gain scheduling scheme.

Frequency security in low-inertia grids is commonly evaluated by the rate of change of
frequency (RoCoF) and the frequency nadir, both of which are closely related to the available
inertia and fast frequency response (FFR) capability [6,7]. In practice, operators are often
concerned with worst-node risks rather than averaged behaviors, since local RoCoF and
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local nadir can drive protection actions and operational constraints. Moreover, in modern
grids these metrics are strongly influenced by measurement and estimation chains (filtering,
windowing, noise, and event detection), which motivates the use of reproducible protocols
for RoCoF/nadir computation and fair comparison of control strategies [8-10].

A key limitation of many classical frequency studies is the reliance on aggregated
indicators such as center-of-inertia/ center-of-frequency (COI/COF), which includes the
implicit assumption that frequency dynamics are sufficiently homogeneous across the net-
work. Recent analytical and data-driven evidence shows that post-disturbance frequency
responses can exhibit pronounced spatial disparities, with certain buses experiencing sub-
stantially larger RoCoF or deeper nadirs than those predicted by aggregated models [11-16].
Such spatial heterogeneity becomes more salient when inertia and damping are unevenly
distributed and when frequency support actions are geographically concentrated.

Understanding and controlling spatial frequency behavior requires careful definitions
of nodal frequency, especially when heterogeneous synchronization mechanisms coexist.
While synchronous generators and grid-forming (GFM) converters are naturally associated
with electromechanical frequency channels, grid-following (GFL) converters measure fre-
quency through phase-locked loops (PLLs), for which the estimated frequency can deviate
from electromechanical notions under weak-grid conditions [17,18]. This coexistence mo-
tivates unified yet channel-aware modeling frameworks that can map a location-specific
active power disturbance to both mechanical frequency and PLL frequency outputs [19-22].

On the control side, the interplay between GFM and GFL inverters has attracted grow-
ing attention, particularly regarding how their parameter choices shape nodal RoCoF/nadir
trajectories and stability margins. Analytical design and tuning rules have been proposed to
coordinate GFM droop/inertia and GFL PLL bandwidth so as to meet frequency objectives
at multiple buses rather than only at the COI [23]. Meanwhile, practical enhancements of
GFL control for stiff and weak grids, comprehensive modeling comparisons for PLL-based
inverters, and emerging circuit-model augmentations that better capture PLL-driven insta-
bilities collectively highlight that weak-grid frequency behavior is inseparable from PLL
dynamics and the associated modeling assumptions [24-27].

Beyond local device tuning, disturbance location-dependent frequency behavior has
motivated spatiotemporal analysis tools and placement/design methodologies. Frequency
distributions in systems with mixed GFM/GFL populations have been studied from both
frequency domain and low-order modeling perspectives, emphasizing that frequency is
not a single scalar but a field over buses and time [22,28]. This perspective aligns with
spatiotemporal placement and evaluation frameworks for GFM inverters, which explicitly
consider where converters are installed and how disturbances propagate through network
coupling [29]. Variance-based global sensitivity analysis further provides a scalable route
for quantifying locational impacts and screening influential factors under uncertainty [30].

The locational nature of frequency security also raises planning and resource allo-
cation questions around where to place virtual inertia and FFR resources and how to
tune them under device limits and finite-energy constraints. One line of work has es-
tablished optimization-based placement of virtual/synthetic inertia and fast frequency
response, including formulations that account for worst-case disturbance locations [31,32].
Storage-based virtual inertia placement and robust allocation of distributed energy storage
systems further demonstrate that frequency security requirements can be explicitly loca-
tional and that robust methods are often needed to hedge against uncertain contingencies
and operating conditions [33-36].

Complementing these planning formulations, hierarchical and distributed FFR co-
ordination strategies prioritize electrically close resources and can reduce the reliance
on centralized aggregated frequency signals, leading to improved responsiveness and
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scalability [37]. In addition, practical FFR designs for wind and converter-interfaced gener-
ation illustrate that fast active power support can be shaped to arrest the nadir and mitigate
RoCoF, and in some settings may even offer a low-cost alternative to maintaining high
synchronous inertia [38—40].

While the above advances provide important building blocks, two gaps remain critical
for IBR-rich low-inertia grids: first, most tractable optimization and tuning approaches
still rely on aggregated or homogeneous frequency models, which can underestimate
worst-node risks and cannot directly quantify heterogeneous-channel incoherence; sec-
ond, scalable engineering workflows that sweep disturbance locations, compute nodal
RoCoF/nadir/split under a fixed protocol, and translate the resulting sensitivity patterns
into deployable gain-scheduling rules remain limited [30]. These gaps motivate a distur-
bance location-aware framework that (i) builds an explicit heterogeneous nodal frequency
response model (HNFR), (ii) evaluates nodal worst-case metrics reproducibly over distur-
bance location sets, and (iii) coordinates constrained heterogeneous frequency support with
an atlas-based gain scheduling deployment in which the atlas serves as a pre-validated
library of frequency support gain settings indexed by operating condition and designed to
be retrieved online without solving a new optimization at each dispatch.

The main contributions are as follows:

1. A heterogeneous nodal frequency response (HNFR) state-space model that unifies SG
and GFM electromechanical frequency channels with GFL PLL-estimated frequency
in a single output matrix, eliminates network algebraic variables through a reduced-
order representation, and retains disturbance location as an explicit input dimension
for scalable nodal frequency analysis.

2. Aninput-output evaluation protocol that maps each candidate disturbance location to
worst-node RoCoF, worst-node nadir, and nodal frequency split through a fixed signal
processing chain, enabling reproducible comparison across allocation strategies.

3. A robust min—max allocation formulation that schedules GFM virtual inertia and
droop parameters across disturbance locations under device limits and a fixed total
budget constraint, together with an atlas-based gain scheduling workflow that does
not require explicit online disturbance location identification.

The remainder of the paper is organized as follows: Section 2 derives the HNFR model
and the nodal frequency input-output mapping; Sections 3 and 4 formulate the disturbance
location-aware frequency support allocation problem and its tractable surrogates; Section 5
reports case studies; and Section 6 concludes the paper.

2. Heterogeneous Nodal Frequency Response Modeling for Spatiotemporal
Frequency Dynamics

This section develops an HNFR framework for disturbance location-aware frequency
analysis and tuning. The goal is to obtain a reproducible electromechanical-scale lin-
earized state-space model with explicit inputs/outputs, enabling large-scale sensitivity
computation and interpretable tuning rules.

Recent analytical frameworks have advanced the understanding of nodal frequency
dynamics in bulk power systems. In [13], the developed natural decomposition of nodal
frequency responses yielded closed-form solutions for both generation- and load-side
disturbances. In [16], a reduced-order bus frequency response model was proposed to
preserve spatial distribution characteristics through modal decomposition and a vibrational
mechanics analogy, enabling rapid closed-form evaluation. While both frameworks provide
valuable analytical insight, neither explicitly distinguishes among SG electromechanical,
GFM virtual-swing, and GFL PLL-estimated frequency sources within the output space,
and the latter aggregates disturbance location into an equivalent COI power perturbation.

https://doi.org/10.3390/sym18050759
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The HNFR model developed below addresses these aspects by unifying heterogeneous
frequency channels within a single output matrix while retaining disturbance location as
an explicit input dimension.

2.1. Modeling Scope, Frequency Definitions, and Notation

This work targets post-disturbance electromechanical frequency dynamics after fault
clearing and other short-term active power disturbances under the quasi-stationary voltage
assumption. Buses are partitioned into a support set S and following set £ according to
the dominant frequency channel; S includes SGs and GFM converters (voltage-source-like
synchronization), while £ aggregates GFL converters and frequency-relevant loads for
which the measured frequency is dominated by PLL synchronization.

The system state vector x € R3Ns*3NL jg defined as

x = [A8E, Aw§, APLg, AOT, Awly, AP ]T. 1)

The nodal-frequency output is Aws for S and Awy for £, capturing heterogeneous mea-
surement chains that may diverge in weak grids.

For notation, wp denotes the nominal angular frequency (rad/s), A(-) denotes in-
cremental deviations from the operating point, and vectors are stacked by bus ordering
within § and £. Throughout this section, Aw is in rad /s and RoCoF is in Hz/s, computed
as RoCoF = Aw/(2m) after applying a fixed estimation protocol (filtering and sliding-
window slope). To avoid notation conflicts across sections, S and £ are reserved exclusively
for the support/following bus sets in this section, while operating condition scenarios and
contingency locations are denoted by O and K, respectively, in the coordination sections.

2.2. Unified Low-Frequency Device Models for SGs, GFM Converters, and GFL Converters
with PLLs

At the electromechanical time scale, SGs and GFM converters exhibit frequency sup-
port behavior that modulates active power as a function of frequency deviation. Omitting
voltage magnitude dynamics, their unified dynamics are

Ass = A(US
M;sAws = —DsAwg — AP, s + AP, 5 . 2)
TSAPm,S = _APm,S - RglAwS - rsAdJS

To remove the dependence on Awg on the right-hand side, an auxiliary state AP, g is
introduced via
AP, s = AP, s + T5 ' TsAws,

11 3)
Ns = Mg 'T; T

With diagonal resource parameter matrices, the local state-space model for the support bus
can be written as

Ads 0
Aws | = Axs + | -M:1| AP, (4)
AP, s 0

where the local state is xs = [Ad¢, Aw?, API(]T and Al is determined by the component-
wise dynamics. The key components are

Aws = —Mg'DsAws — NsAws — Mg 'AP, s + Mg 'AP, 5

. )
AP, g = —Ts'AP, s+ (T4°Ts — Ts'Rg 1) Aws
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For following buses, a reduced Type-II proportional-integral (PI) PLL model is

AQL = Awpu

. (6)
Awpy = =K, pnAwp + Ky pn (AL — A8L) + K pnAd

In (6), Awyy is in rad/s. The diagonal gains K, ,; and K, represent an electromechanical-
band reduction of a synchronous reference frame phase-locked loop (SRF-PLL) linearization;
a common second-order parameterization is Kppn = 20wy and K Lpll = w% (after normal-
ization by the local voltage observation gain). The term Ad is the following-bus voltage
angle induced by network coupling, and is made explicit by the elimination step in (11);
when PLL saturation or strong voltage magnitude dynamics are dominant, this reduced
channel should be validated against an RMS/DAE model. Under the quasi-stationary
voltage assumption, the SRE-PLL tracks the terminal voltage-phase derivative at each
following bus. After the network elimination in (11), Ad; becomes a linear function of
Ads, so that both Awg (support-bus electromechanical frequency) and Awy, (following-
bus PLL-estimated frequency) are expressed as linear functionals of the same reduced
state vector normalized to the same base frequency. This shared representation makes the
two heterogeneous frequency channels directly comparable in the common output space
defined by Cpyg in (25). For the active-power control loop with virtual inertia and droop,

TinVAPinV = —APjpy — KdAw K]A(i)pu. (7)

pll —

Substituting (6) into (7) and eliminating Awy,; yields

TinyAPiny = —APiny + (KjK, o1 — Kg) Awpy

. (8)
+ KK pi (A8, — A1)~ KK, iy

2.3. Network Elimination and Reduced-Order State-Space Representation

Under the QSS network representation, the linearized active-power balance is

APinj s

. 9
APinj L

_ [Jss st

s T

ASs
ASL

Reproducible construction. Starting from an alternating current (AC) power flow oper-
ating point, we form J under the angle-dominant approximation, select one reference angle
per connected component (remove the associated row /column), and partition the reduced
Jinto (SS, SL, LS, LL) blocks by (S, £) ordering. In computation, J;| is applied through a
sparse linear solver (optionally with mild regularization when J; is ill-conditioned). For
following buses, the incremental active power injection satisfies

APirlj,L - AIJinv - APload,L- (10)
Solving for Ady, yields
Adp = —Z11)1s0M6s + Z1 [ APiny — Z1 1 APlgaq 1., (11)

where Z;; £ ]EI} denotes the inverse (or equivalently, the linear-solve operator associated
with J;1). In implementation, Z; b is obtained by solving J;;x = b with a sparse linear
solver, and J . + €I can be used when regularization is required. Define Kcouple = ZLLJLs-
Differentiating (11) yields

A“SL = *KcoupleA‘;S + ZLLAPinV - ZLLAPload,L- (12)
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Using Ads = Aws, an electromechanical-band approximation that avoids derivative-
dependent algebraic loops is
AdL ~ —Keouple Aws. (13)

Within the short RoCoF window [0, Troc), the remaining net-injection derivative term in
(12) is treated as a bounded modeling residual. Define

SS,L(t) = ASL(t) + KcoupleAwS(t) = ZLL (APinv(t) - AI"loacl,L(t))' (14)

In atlas construction (Section 4), ||&;; (t)||cc OVer t € [0, Tyoc| is recorded per entry to
quantify the conservativeness needed in deployment. The support-side electrical power is

APe,S = APir\j,S =+ APload,S = JredAJS + ChetAPiny — CnetAPload,L + APload,S‘ (15)

For clarity, the reduced coupling matrices implied by (9)—(11) are J,eq 2Yss —Ts1Zr1)1s,
Cret 2 Js1.Z1 1, and Keouple £ Z:1J1s, which can be formed explicitly or applied as linear
operators using sparse solves with J; ;. The overall system model is

X = AgysX + Bgysu, (16)

u= [APlToad,S’ APlToad,L} T‘
Physically, the elimination procedure replaces the network algebraic equations with cou-
pling matrices Jreq, Cnet, and Kegyple, which encode how active-power disturbances prop-
agate from the injection bus to each support and following bus through the network
impedance structure. The resulting state-space form in (16) is a self-contained linear time-
invariant (LTI) system, for which the input is the location-specific active-power disturbance
and the output is the full set of heterogeneous nodal frequencies. The system matrix admits
a block structure

A A
Agys = 11 12| (17)
Ay Ap
The submatrices are
0 I 0
A= |-Mg'Jea —-Mg'Ds—Ns Mg |, (18)
0 TgTs — Tg'Ry' —Tg!
0 0 0
Ap =0 0 _Mglcnet ’ (19)
0 0 0
0 0 0
Ay = _Kl,plchouple _Kp,plchouple 0|, (20)
@, @, 0
0 I 0
Ap = | -Kipn —Kypn KppnZpp |- (21)
L @, @,

Let A = Ti;},. The GFL power-loop related coefficients are
Dy = AK]Kp,plchouple
D; = AK]KI,plchouple (22)
Py = AKJK
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@, = AKK, o1 — Ky)

(23)
@, = A(-1-K/K;pnZpp)
and the input matrix is
0 0
~Mg! Mg 'Chet
0 0
Bgys = 24
sys 0 0 (24)
0 —KjpnZrr
0 AKKppZp |
2.4. Disturbance-to-Nodal-Frequency Mapping and Location Sensitivity Computation
Define the system output as
Aws(t)
Y( ) lA(Upu(t) hnfrx( ) ( )

To keep the units consistent across modeling, optimization, and reporting, we use the
Hz-domain nodal frequency output

1

f(t) = 5-y(t) =

Ms(t)
Afpll(t)‘| . 26

For a step disturbance u(t) = ugl(t) with x(0) = 0, the initial RoCoF relation is
y(0") = ChnfrBsysuo. (27)

If the closed-loop model includes frequency restoration mechanisms such that Agys is
Hurwitz, then the steady-state output satisfies

-1

Yss = _ChnfrAsysBsysuo' (28)
The nodal frequency split is
Awgpiie(t) £ max y;(f) — miny;(t), (29)
1 :
Afsplit(t) 2 EAwsplit(t) = miaxfi(t) - Inl,lnfi(t)' (30)

3. Disturbance Location-Aware Frequency Support Allocation: Theory
and Formulation

Sections 3 and 4 form an integrated methodology for location-aware frequency support
design. This section develops the system-level allocation model and a tractable formulation.
Unlike approaches that optimize only aggregated quantities such as COI, the proposed
allocation targets worst-node security and frequency coherence (split) while explicitly
accounting for a set of disturbance locations and a set of operating conditions.

Parameter hierarchy and scope. To separate the plant model from the scheduling
variables, we distinguish (i) fixed device/network dynamics used to build the HNFR model
(Section 2) and (ii) a designated set of externally writable frequency support setpoints
coordinated in Sections 3 and 4. The HNFR matrices (Asys, Bgist, Chnfr) Tepresent the
fixed small-signal plant at a given operating point, including internal inverter and PLL
dynamics. The coordination layer tunes only setpoints that are available as implementation-
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level parameters (e.g., governor droop/FFR gains, GFM frequency—power droop/virtual
inertia setpoints, storage/IBR fast frequency support gains, and controllable demand
gains). These tunable parameters are stacked in g in (33) and enter the closed-loop model
through an explicit feedback actuation path BactK(g)Cmeas in (34). Internal parameters in
Section 2 (e.g., Ky, K}, Tinv, K pi1, K pi1) are treated as fixed within each atlas bin unless
the implementation explicitly supports parameter updates, in which case they are included
in g via the same mapping.

Equivalent inertia/damping parameterization (used in case studies). While g is
written as (kp, k;) in (32) and (33), the same closed-loop effect can be represented as an
effective inertia/damping update on the swing-like support channel dynamics. Consider
an (aggregated) support channel frequency equation MAw = —DAw + AP, + (- - - ) with
AP, = —kpAf — kjRoCoF and Af = Aw/(27). Then, AP, is equivalent to updating

Mg =M + %K], Deg =D + %Kp, (31)
with K, = diag(ky) and K; = diag(k;) under diagonal actuator sharing. Therefore,
provided that constraints are mapped consistently, optimizing (kp, k;j) or optimizing an
equivalent (Mg, Deg) represents a change of variables. In our numerical studies, we
report the tuned settings in the interpretable (H, D) form for GFM resources, where H is
the virtual inertia constant associated with Mg and D is the effective damping coefficient.
To avoid attributing improvements to “extra inertia”, we enforce budgeted tuning that
preserves the total effective inertia/damping over the GFM set, i.e., ) Hgpv and Y Dgrm
are held fixed and only redistributed within per-device bounds.

Because changing H; modifies the corresponding diagonal entry of Mg, the closed-
loop system matrix Agys(g) is in general gain-dependent; nonetheless, each atlas entry
in Section 4 is computed with the full A(g)-dependence at the optimized gain vector;
the “fixed plant” label applies only during the online scaling step between dispatch up-
dates, where the total-budget constraint limits the induced perturbation and keeps the
approximation meaningful within the tested envelope.

3.1. Problem Setup: Actuation, Decision Variables, Constraints, and Risk Metrics

The object of allocation in this paper is a system-level configuration of frequency
support parameters (gain allocation/scheduling) rather than unit-by-unit power-trajectory
commands. We use a unified primary form

APy (t) = —kpa Afma(t) — ko RoCoFyq(t) (32)
and stack the tunable gains as
g2 k), k1T, kp=Ikp1,.. kpn)', ky=T[kja,. . k] (33)

Implementation mapping and units. We index actuators by a € A with | A| = n,. Through-
out the paper, A denotes the actuator set, while A (Section 4) denotes the atlas used to avoid
symbol overload. Each actuator a is associated with a bus b(a) and a frequency measure-
ment channel m(a) € {S,PLL}: for SG/GFM-like support devices, Afy.(t) = A fo@a) (1)
is the support-channel nodal frequency; for GFL devices with PLL-dominated measure-
ment, Afyq(t) = A foll,p(a) (). Throughout Sections 3 and 4, Af is in Hz and RoCoF in
Hz/s; therefore, kj, has unit MW /Hz| (or [p.u./Hz] on the system base) and kj, has
unit [MW - s/Hz] (or [p.u.-s/Hz| on the system base). Measurement-path realizability.
We generate Afy,q(t) and RoCoF,, 4(t) using a fixed measurement chain rather than an
assumed ideal. We adopt the protocol in (41) as the implemented chain, that is, a first-order

https://doi.org/10.3390/sym18050759
15



Symmetry 2026, 18, 759

low-pass H(s) = w./ (s + w.) applied to Af, followed by a RoCoF estimator. For repro-
ducibility and linear time-invariant (LTI) modeling, the low pass is represented in state
space by Xy = —wcxs + wcf and fr = x; a RoCoF estimate can be represented either (i) by
the derivative f; (continuous-time realization) or (ii) by a fixed-window finite-impulse-
response (FIR)/least-squares slope operator in discrete time, which admits an equivalent
lifted LTI state-space realization. Accordingly, Cmeas in (34) is defined with respect to an
augmented state that includes the filter /estimator realization used by implementation.
The same chain is used for all baselines and the proposed method. In the purely feedback
realization, AP,(t) is an active-power injection (or load reduction) applied at bus b(a);
hence, it enters the network-reduced model through the corresponding injection channel
of APj,, (for inverter/storage actuators) or APy,.q (for responsive load). This yields a
closed-loop form

% = (Asys + BactK(g) Cimeas)x + Baigeu,  K(g) 2 blkdiag([ —kpa —kpg ])HGA, (34)
where Cpeas extracts the per-actuator (Afy, ., RoOCoF,, ;) from the state (including any
fixed filters) and B, maps actuator injections to the corresponding network-reduced
state channels. This block form makes explicit that tuning g primarily modifies
Asys(g) = Asys + BactK(g) Cmeas, while the disturbance channel remains Bg;g in the pure
feedback case. Here, Bg;s; denotes the disturbance-to-state channel corresponding to
the adopted disturbance encoding; in the open-loop HNFR model (16), one may take
Bgist = Bsys when u stacks the active-power disturbances (APjoaq,s, APjoaq ). Explicit
channel mapping. Let 7, denote the dimension of the reduced-network injection vector
used by the chosen actuation channels (e.g., inverter/storage injections and responsive-
load injections) and define a sparse selector Syt € R that maps actuator commands
APuet = [APy,...,AP,,]T to the corresponding injection entries. Let By € R™ ™" denote
the fixed injection-to-state mapping implied by the HNFR reduction (with 7, as the state
dimension, including any measurement-chain states when augmented). We then have
Bact = BinjSact, and Asys(g) becomes an explicit affine function of g once (Binj, Sact, Cmeas)
are fixed. Each disturbance is represented by a location index k € K and deficit magnitude
AP > 0, encoded as a step input u(t) = ug 1(¢) with

ug(k, AP) = —APe. (35)

To balance globality and deployability, we adopt a two-layer decision structure with a
baseline gain vector gg and a low-dimensional scaling s:

g(s) = g © (1+ Es),
1+Es>0

(36)

where s € R is the low-dimensional scheduling vector, E € R"s*"s is a fixed embed-
ding/participation matrix that maps s to actuator-wise gain updates, and © denotes the
Hadamard (element-wise) product. The non-negativity constraint in (36) prevents the
scaling from flipping the sign of the baseline gains in g. In a purely feedback realization
of (32), actuation is driven by frequency signals generated by the system state; therefore,
changing g primarily modifies the closed-loop dynamics Asys(g) rather than the distur-
bance injection Bsys. In this common case, for step disturbances and zero post-event initial
conditions, y(07) = ChneBsysup is independent of g and early-time RoCoF can only be
shaped over a short but nonzero window through Asys(g). The dependence Bsys(g) is
retained in order to cover implementations with an explicit feedforward/event-triggered
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actuation path (e.g., power injection proportional to an estimated AP available from system
monitoring), in which case gain changes affect the effective disturbance-to-state channel.

To keep the atlas computable and reduce the cost of repeated screening, we adopt
an affine matrix parameterization around a reference tuning point g,.¢, meaning that the
linearized model varies to the first order with g:

AsyS(g) = Asys(gref) + ZZL (8¢ — gé,ref) Ay,

’ 37)
Bsys (g) = BsyS(gref) + Y0 (8 — gﬁ,ref) B,

where Ay, By follow from first-order expansions of the explicit device/network-reduced
expressions in Section 2. Under diagonal or zone-based parameterizations, A,, By are
sparse and affect only the state and input channels associated with the corresponding
resource/zone. Consistency with (37): (37) is used as a generic template that also covers
implementations where gains affect the disturbance channel (feedforward/event-triggered
paths) or where additional gain-dependent blocks are present. For the purely feedback

realization (34) with fixed (Bact, Cmeas), Asys(g) is exactly affine in g. If g, denotes one
K(g)

component of g (either a kp,4 or a kj ), then a constant sparse selector K, = 837 is defined

to pick the corresponding entry in K(g). Then, the exact affine form is

g
Asys(g) = Asys + Z 8 BactK¢Cmeas, Ay = BactK/Crmeas. (38)
(=1

In this case, the disturbance channel is gain-independent (Bsys(g) = Bgjst) unless an explicit
feedforward/event-triggered actuation path is introduced, in which case B, can be derived
from the chosen structure and (37) applies directly.

To map physical limits to admissible gains in a reproducible way, consider
AP(t) ~ —kp Af(t) — kjRoCoF(t). Given available power headroom Prax and energy
headroom Ep.x, conservative bounds can be written as follows:

0<k, < L,
=P Afmax (39)

Pm X
0 S k] S RoCo%maX

0< ky < grfma—,
P Afma)f Tsup ( 40)

3
0 <k < RoCoFmm Toup

where (A fmax, ROCOFmax, Tsup) are calibrated bounds/durations recorded in each at-
las entry under a fixed evaluation protocol (filtering, RoCoF estimation, and evalua-
tion horizons). In deployment, a tightening factor 0 < # < 1 can be used to shrink
(pmax, E"max) — (Wﬁmax/ nﬁmax) to absorb model mismatch and headroom estimation er-
rors. The admissible gain set G uses the intersection of (39) and (40) together with any
device-specific current and recovery constraints in Section 2. In particular, Afmnax and
RoCoFmax are chosen to be consistent with the security limits (rﬁ“ad, m™°) and the Ro-
CoF/nadir evaluation windows (Troc, Teval) used in (43)—(48), while Tgyp is selected as the
conservative support duration over which the headroom (Pmax, E"max) must remain feasible
under the adopted recovery policy.

To avoid sign ambiguity in under-frequency events, we define the nodal frequency
deviation, RoCoF, and split as follows:
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Afi(t) = gz Bwi(t),

RoCoF;(t) £ diAfl( ), (41)

Afsplit( ) = max; Afl( ) — min; Afi(t)'
Fixed evaluation protocol (reproducible default). All frequency traces are sampled at
fs = 200 Hz and pre-filtered by a first-order low-pass H(s) = w./(s+ w.) with
fe = w¢/(2m) = 5 Hz. RoCoF is computed by a sliding window least-squares slope over
a window length T, = 200 ms applied to the filtered Af;(t). Unless otherwise stated,
Troc = 0.5sand T,y, = 10 s are used to define the windows in (43)—(48), while 7y, and
T use uniform grids with At = 10 ms and At = 20 ms, respectively. These protocol
parameters are recorded per atlas entry, and must be held fixed across all baselines for
fair comparison. Time-grid conservativeness (reproducible bound). Because (43) and (44)
use sup over continuous time, the sampled surrogates in (47) and (48) include an additive
discretization margin. Let f¢(¢) denote the filtered Hz-domain nodal frequency under
the fixed protocol, and define f £(t) and f £(t) accordingly (exact in the continuous-time
realization or obtained by a consistent discrete-time differentiation operator used by the
implementation). For each atlas entry, compute

diz = sup (D],  dpz = sup [[Ef(H) ] (42)
te [OrTeval] te [O/Troc]

Then, set cSnad’grid = 1d_1 TAt, §SP Lgrid 4 dq 7t (since A fsplit = max; Af; — min; Af; has
a derivative bounded by 2|/f||) and (5roc’gmd £ 1d, 7At. These values are recorded in the
atlas and absorbed into 47 in (55) so that the sampled surrogates are conservative with
respect to the continuous-time definitions. Split-node set. In (41) and (44), the max/min
are taken over the union of frequency-reporting channels Z £ SUL, wherei € S uses the
support-channel nodal frequency Af; and i € £ uses the PLL-estimated nodal frequency
Afpn,i- This definition intentionally quantifies heterogeneous-channel incoherence; if a
study only needs a within-channel split, the same definition is applied on S or £ separately
and reported as an additional metric. Worst-node evaluation metrics (computed by the
fixed protocol) are defined as

mi"o“(g) £ max; SUP;e [0, Troc] |[RoCoF;(t)],

nad A (43)
mpat(g) = max; supier 1 (—Afi(t))

spl
mki (g) £ sup Afsplit(t)' (44)
te[O'Teval]

Let (™, m"ad, 17%P!) denote security limits. To distinguish evaluation metrics from
optimization surrogates, the metrics in (43) and (44) are used for reporting, whereas the
optimization uses computationally tractable surrogates 1’ (g), mﬁd( g), and 7t} Fo ( g). We
aggregate RoCoF and nadir into a normalized risk:

{ e (g) 1ipad(g) }

mk,o (g) = max mroc / ypnad (45)
Aggregated frequencies such as COI can be reported as baselines for comparability,
but are not used as the sole objective because they can mask worst-node risks and

nodal incoherence.
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Embedding full-network time domain simulation inside the optimization is computa-
tionally prohibitive. As a primary surrogate, the initial RoCoF proxy is directly available
from the input-output relation:

Y(O+ ) = ChnfrBsys (g)uO/

mo(g) = | Ay

(46)

Equation (46) is meaningful when the effective disturbance-to-state channel Bsys(g) de-
pends on tunable gains (e.g., event-triggered feedforward support proportional to an
available AP estimate). Unless explicitly stated otherwise, this paper focuses on the purely
feedback realization of (32), for which Bsys is independent of g and the primary optimiza-
tion surrogates are the short-horizon and finite-horizon proxies in (47) and (48). For the
common purely feedback realization (32), a short-horizon proxy that includes Agys(g) is
more informative. Using y(t) = ChnfreAsys(g)tBsysuO, define

2, 10C

Mico , (47)

[e9)

1
5= ChnfrAsys (g)eAsys(g)tBsysuo

AL
(8) 2 max ||~

t€Troc

where Troc C [0, Troc is a fixed sampling set aligned with the RoCoF window used in
Section 2. For finite-horizon metrics, sup;¢o 1 is approximated by max;c7 on a fixed
sampling set 7 C [0, Toyal], and the approximation error is quantified and recorded in the
atlas entries as conservative error bounds that guide the selection of margins.

Computational note: the terms eA'b and AeA'b are evaluated efficiently via matrix-
exponential vector products (e.g., Krylov subspace expv routines) using sparse Asys and
caching across t € Troc and t € 7. For atlas generation, the same cached trajectories are re-
used to compute #1"°C, mmd, and 775! ; the per-entry cost scales with the number of sampled
time points and sparse matvec operations rather than with the dense matrix exponentials.

Using the same sampled trajectories, we define finite-horizon surrogates for nodal
nadir and split as

~nad

BN (g) = maxseT H%( —y(1)) Hoo,

spl A i (48)
ity (8) £ maxier (max; Afi(t) — min; Afi(t)).

Therefore, the split surrogate in (48) uses the same Hz-domain nodal frequency deviation
defined in (41) rather than an absolute frequency offset.

3.2. Robust Location-Aware Allocation Formulation

Over K x O, we use a min—max risk to represent a security floor. The min—-max for-
mulation treats all candidate disturbance locations in K as equally weighted, meaning that
the resulting allocation hedges the worst-case outcome without requiring prior knowledge
of disturbance probabilities.

i 2 P (g) < mP, v(k, 49
min | max Mio(g) st i, (g) < m*, V(k,o0) (49)

Therefore, Equation (49) seeks the gain vector that minimizes the worst-case normalized
risk across all candidate disturbance locations and operating conditions, subject to a hard
ceiling on the nodal frequency split; the split constraint prevents the optimizer from trading
coherence for aggregate security, which would otherwise allow large inter-node frequency
deviations to persist unchecked. A probability-weighted or criticality-weighted extension
is direct, but is left for future work in order to keep the present revision focused on the
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worst-case formulation. An atlas-ready sequential convex approximation (SCA) template
can be specified in epigraph form. At iteration r, solve

min T
Ag, T

s.t. it (87) + Vi, (8")) Ag < T, ¥(k,0),
r?z?;l(g(r)) + vgm?;lT(g(r)) Ag < Pl v(k,0),
g +AgEG, [|Ag]e < Ay

(50)

and update g1 = g(") 4 Ag.
To implement (50) under non-smooth surrogates, we evaluate gradients using the sen-
sitivity of the matrix exponential. For y(t) = CeAl8)'p, the directional derivative satisfies

% (eAt> = /Ot eA(t_T)Z—?eAT dr. (51)
In practice, the integral in (51) is approximated by fixed quadrature rules aligned with 7yoc
and cached per atlas entry, and the non-smooth || - ||c and max operators in (47) are re-
placed by smooth upper envelopes during optimization, e.g., ||v||e & x 1 log ¥; exp(x|v;]).
The original non-smooth metrics are retained for reporting and postprocessing checks.
The trust region radius A is chosen per atlas index to preserve the local validity of the
affine parameterization (37) and to keep the system within a pre-validated stability region

x(g) £ ml.ax %{)‘i(ASyS(g))}r #(g) < —&min, &min > 0, (52)

where a(g) is the spectral abscissa of the closed-loop matrix and as such has unit s!,
while apin is the atlas-recorded minimum decay rate margin. Hence, stability screening
means that every accepted gain vector must keep all eigenvalues strictly to the left of
—&min. To justify the use of a finite trust region, each atlas entry performs local validation
on a representative set of points around g (center, axis points, and selected corners); if
either the surrogate mismatch or the stability margin changes too quickly over that set,
the stored A, is reduced before the entry is released for scheduling. Smooth-envelope gap.
The log-sum-exp envelope satisfies ||v||c < x ! log Y exp(k|vi|) < ||v]eo + 1~ log (1),
where 1, is the vector dimension. Therefore, we treat (5%’““ Y log(n,) as an explicit
conservativeness margin when the smoothed surrogate is used inside SCA, and absorb it
into the bound 67 in (55). Reproducible SCA settings. Unless otherwise specified, we use
x = 10 for smooth upper envelopes, a maximum of 30 SCA iterations, and stop when both
(i) the relative objective improvement is below 10~3 over three consecutive iterations and
(ii) the maximum surrogate constraint violation in (50) is below 10~%. The trust region Ag
is initialized from stability screening and reduced by a factor 0.5 whenever the validation
error bounds €7 increase or when the stability margin a(g) approaches —amin.

4. Disturbance Location-Aware Coordination: Atlas-Based
Scheduling Workflow

This section converts the allocation formulation into an implementable workflow
based on an atlas—a structured collection of pre-validated frequency-support gain con-
figurations, each associated with a specific operating regime and disturbance-location
coverage—and gain scheduling execution. The planning stage performs scenario enu-
meration, surrogate/sensitivity computation, robust allocation, and rule compression.
The execution stage applies the scheduled gains associated with the selected atlas entry
(and, when used, its low-dimensional scaling). Related online inertia allocation studies
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under nadir constraints further motivate the need for deployment-time parameter updates,
although they are typically formulated on aggregated frequency models rather than the
heterogeneous nodal channels targeted here [41].

4.1. Atlas Construction and Validation

We adopt a binned index for atlas entries that includes short-circuit ratio (SCR) bins:
T £ (k, 0o, SCR-bin, IBR-penetration-bin, availability-bin) (53)

where k is the disturbance location, o denotes an operating point (steady state and de-
vice setpoints), and the remaining bins discretize key grid attributes that can be robustly
estimated (e.g., short-circuit ratio and IBR penetration). In the case studies in Section 5,
the atlas spans the disturbance location axis (Buses 4, 12, 15, 16, 18, and 27) at a fixed
operating point; load level, renewable penetration, topology, and unit commitment are
identified as future scenario axes. The availability bin encodes actuation availability and
headroom regimes (e.g., a joint bin over Prax and Emax ranges). Each atlas entry stores the
following: the baseline gains g, low-dimensional structure E, admissible scaling bounds
s, 5] and rate limits, evaluation protocol parameters (filters, RoCoF estimation, horizons),
a validated disturbance location set K(Z) C K, tightened gain constraints induced by
(39) and (40), stability screening thresholds amin and trust region sizes Ag, and validation
statistics, including conservative surrogate-error bounds for metric safety and ranking
consistency. For auditability, each entry additionally records the decomposition of its safety
margins (surrogate mismatch, time-grid discretization, smooth-envelope gaps, and op-
tional extra margins). Let 2 denote the atlas, implemented as a keyed collection over
indices Z. Each entry 2((Z) stores (go, E, [s,s], K(Z), Ag, &min, €%,77,77). This notation is
chosen to avoid confusion with the actuator set A in Section 3. By construction, C(Z) is the
explicit disturbance location coverage set on which the entry has been jointly validated;
it may reduce to the singleton {k}, but is recorded explicitly so that a single deployment
entry can certify more than one candidate location only when that joint coverage has been
validated offline.

To make atlas generation reproducible, a recommended pipeline is as follows: (1) for
each operating point o, solve the steady state and construct the explicit HNFR model
(Asys, Bsys, Chnfr) in Section 2 together with the disturbance input encoding; (2) under
the fixed evaluation protocol, compute location sensitivity, surrogates, and (optionally)
marginal benefit signals; (3) solve the robust allocation over K x O to obtain gy and its
feasibility /stability margins; (4) compress g into a structured executable form (e.g., zone
sharing or clustering), thereby defining the low-dimensional scaling space; and (5) validate
surrogate prediction against time domain simulations of the HNFR model (and, when
available, higher-fidelity models), quantify conservative error bounds, and label inappli-
cable regions where linearization errors are amplified (e.g., ill-conditioned J 1, proximity
to PLL instability boundaries, or strong current limiting). In addition to metric errors,
we explicitly track the validity of the electromechanical-band approximation (13) within
each atlas entry. For the same validation set V(Z) and RoCoF window [0, Troc, define the
normalized residual ratio

4

, € >0, (54)

Jes. ]
rz sup sup o

(k,0)eV(Z) te[0,Troc) HKcoupleAWS(t> Hoo + €0

where s(;,L(t) is defined in (14) and gy prevents division by zero. Entries with rz
above a user-specified threshold (default 0.2) are labeled as “approximation-weak” and
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are assigned a smaller trust region A¢ together with increased margins 7 in (55) to
retain conservativeness.

We compute conservative surrogate error bounds per entry and per metric. For
x € {roc,nad, spl}, let V(Z) C K(Z) x O be the validation scenario subset for index Z. Define

s 2 sup (mf,(g0) —1if,(80))  + 0%, (55)
(ko)eV(T) +

where (+)4 £ max{-,0} and 6% > 0 is a user-chosen margin to cover finite sampling and
discretization in 7y and 7. These bounds support conservative screening by ensuring
my ,(8) < 1y ,(g) + €7 forall (k,0) € K(Z) x {0} covered by the recorded validation pro-
tocol and for all g within the stored trust region. Hence, €7 is jointly valid over the explicit
location set K(Z), not only for the anchor index k appearing in (53). Reproducible margin
decomposition. We set 0% £ éé’gnd 4 oxem o 5%add here 5;’gnd is the time-grid discretiza-
tion margin (Section 3), 67*™ bounds any smooth-envelope gap used inside SCA (Section 3),

x,add
and J7

is an optional extra conservativeness margin informed by RMS/DAE validation
(e.g., bounded nonlinearities, quantization, or delay). Each component is stored in 2(Z)
together with the protocol parameters. To avoid extrapolation beyond validation coverage,
the bound €7 is enforced only for g within the atlas-recorded trust region ||g — gollcc < Ag.
In addition, d7 is selected per entry based on validation statistics to cover (i) sampling-set
discretization and (ii) residual model mismatch, e.g., by combining a high-quantile of the
observed positive error (m* — %) on V(Z) with an extra margin that accounts for the
time grid resolution of 7o and 7. To make explicit this extension from gy to the full trust

x,add
51

region, is chosen so as to dominate the observed local drift of the positive surrogate

error on a representative validation set N'(Z) C {g: [|g — gollo < Ag}, i€,

5%'add > sup [(mx(g) —1*(g)), — (m*(go) — ’ﬁx(go)h}y (56)
gEN(T)

such that the stored bound remains locally conservative throughout the validated neigh-
borhood. If this drift term is not small, then the entry is re-validated with a smaller A,
and/or a larger (5%’add. Atlas parameters for deployment tightening. For each entry, we
also record an estimated headroom-estimation relative error bound €7, ¢£ € [0,1) (from
measurement/estimation validation) and an entry-hit confidence pkz‘it € [0,1]. The latter
is defined as a conservative lower confidence bound on the probability that the online
localization /bin-classification rule selects an atlas entry with an offline validation set match-
ing the true regime. A conservative default tightening factor for use in deployment can be
set as

nz 2 (1-max{el eb}) - pi, (57)

which can be further reduced when the entry is labeled “approximation-weak” (large
r7) or when the surrogate error bounds €7 are large. Therefore, lower confidence, larger
headroom uncertainty, or weaker local validation all decrease 7 monotonically and can
only shrink the admissible set. Interpretation of #7: #7 is used to tighten the admissible set
G(p) by shrinking (pmax, E"max) — (qﬁmax, qﬁmax) in (39) and (40); hence, decreasing 7 is
monotone-conservative with respect to feasibility under headroom uncertainty.

The full offline procedure is summarized in Algorithm 1.
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Algorithm 1: Atlas Construction and Validation

Input :Contingency set C; operating set O; bin definitions; fixed evaluation
protocol; actuator models/constraints.
Output: Atlas 2; each index Z stores (go, E, [s, 5], K(T), Ag, ¥min, €5, 77,17 )-
1 foreach o € O do
2 Solve steady state and build (Asys, Bgist, Chnfr)
3 foreach k € K do
4 ‘ Encode u(k, AP) and compute 7z () under the fixed protocol
5 end
6 end
7 Solve (49) (e.g., SCA (50)) to obtain gp and a(gp)
8 Compress g into E and set [s, 5] with rate limits
9 foreach atlas index 7 do
10 | Validate on V(Z) (time-domain simulation) and compute €7 via (55)
11 Compute r7 and the validity label via (54); set A¢ and 77 via (57)
12 | Store 2(Z) and mark inapplicable regions for exclusion/re-selection
13 end

4.2. Execution of Atlas-Based Scheduling

In execution, a set of scheduled gains is selected from the atlas and applied to the des-
ignated frequency support actuators. The same fixed measurement and evaluation protocol
used in atlas construction is used to compute RoCoF/nadir/split metrics for reporting in
Section 5. At each online update, the scheduler receives the current operating condition
estimate p and available headroom estimates. When a real-time localization module is
available, it can additionally supply a disturbance location candidate set K with confidence
scores and, when the event size is not known exactly, a disturbance magnitude estimate
or interval [AP, AP]; these inputs are treated as optional refinements that tighten the atlas
selection rather than as prerequisites. In the baseline mode without online localization, K
defaults to the full training set K of the matched atlas entry, meaning that the stored gains
remain robust against all covered disturbance locations. Here, the logic is two-stage: K
lives in the disturbance location space, while the candidate atlas entry set is obtained by lift-
ing each k € K to all atlas indices 7 = (k, 0, SCR-bin, IBR-penetration-bin, availability-bin)
consistent with the observed bins and p. Denoting this lifted set by J, the scheduler retains
only entries for which the lower bound of the hit confidence satisfies p%it > Pmin, the
stored location coverage satisfies K C K(Z), and the validated disturbance magnitude
range contains the online estimate (or supports the corresponding conservative endpoint
envelope), where pmin € (0,1) is a user-chosen acceptance threshold. Disturbance mag-
nitude uncertainty does not create a separate entry index; instead, for every retained Z,
the online verification is interpreted conservatively over the validated magnitude range
associated with that entry, which is implemented by checking the relevant endpoint(s)
when no monotonicity certificate is available. If several entries remain, the scheduler
verifies them conservatively over the full recorded location set K(Z) together with the
retained disturbance magnitude range, then accepts a single deployment entry Z* € J with
the smallest predicted worst-case normalized risk over C(Z). For the accepted entry Z*,
the online adjustment is restricted to the low-dimensional scaling s in (36). A lightweight
execution problem is
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mI'OC s +€I‘C1C
kol8(s)) €7 <1, Vk € K(T),

17roc
ig(s) +
mnad

<1, Vk € K(T*), 58)

~spl

m s))+ esril
"f“(g(_ s)p)l I <1, VkeK(IT*), t<1,
m

8(s) € Gy, (p), s € [s7+,57+], [Ig(s) — 807+ /0 < Ag 1+,
x(g(s)) < —aminz+,

where G, (p) denotes the admissible set obtained from (39) and (40) after shrinking the
headroom bounds by 77+ and the remaining per-entry quantities in (58) are taken from
2(Z*). In particular, the accepted entry carries an explicit validated location set IC(Z*),
and the use of €7, in (58) is justified jointly over that set rather than only at the anchor loca-
tion embedded in the index. Because dim(s) < ng, (58) is intended as a low-dimensional
lookup-and-verify step rather than as a full re-optimization of Section 3. When AP is
uncertain, the same admissibility, metric, and stability checks are interpreted against the
validated disturbance magnitude range attached to Z*, using endpoint evaluation unless
a tighter monotonicity certificate has been recorded offline. After the candidate-set en-
velope check has selected Z*, the acceptance sequence is intentionally strict: (1) check
bin consistency, pl%if, and the coverage condition K C K(Z*); (2) confirm that the online
disturbance magnitude estimate lies inside the validated range of Z* (or else use its con-
servative endpoint envelope); (3) solve or clip s inside [s7+, $7+]; (4) verify the trust region
condition [|g — goz+ [l < Agz+; (5) verify the metric bounds through 7" + €7, over all
k € K(Z*); and (6) verify stability through (52). If any step fails, the scheduler first retries
with a smaller 77 or a more conservative candidate entry. If feasibility or stability is still
not recovered or if all candidate entries have low confidence, the policy falls back to a
location-agnostic pre-certified safe gain vector gfi?s(o, bins) stored offline with the atlas
(or a companion safe table) and validated against all k € K under the same protocol and
over the same disturbance magnitude range. This fallback closes the online loop when
localization is uncertain and prevents trust region claims from being used outside their
validated domain.

An important practical consequence of the min—-max formulation in (49) is that the
online stage does not require explicit real-time identification of the disturbance bus. Be-
cause each atlas entry is optimized over the full candidate location set C(Z), the stored
gain vector is already robust to any disturbance within that set for the indexed operating
condition. Therefore, online execution selects the atlas entry by matching only the pre-
vailing operating condition key. If real-time disturbance localization becomes available, it
can serve as an optional refinement to narrow the conservativeness of the min—-max hedge
rather than as a prerequisite.

Regarding computational cost, the HNFR assembly scales as O(n3 + n3) for the
network elimination step, which is dominated by the sparse solver with J;;. Although
atlas construction involves repeated matrix-exponential evaluations, the per-entry cost
remains tractable because the affine gain parameterization and low-dimensional scaling
structure limit the number of required trajectory re-evaluations. For the IEEE 39-bus system,
the full offline atlas construction completes within one minute on a standard workstation;
by comparison, the online lookup and gain projection are instantaneous, requiring only a
key-matching step and a bounded scaling operation. Communication requirements are
limited to dispatching a small number of scalar gain setpoints to the GEM support buses at
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each dispatch update, which is compatible with existing supervisory control infrastructure
operating on 5-15 min refresh cycles.

5. Case Studies

This section validates the framework developed in Sections 2—4 through three coordi-
nated case studies: sensitivity to disturbance location, comparative coordination perfor-
mance, and atlas-based online scheduling.

5.1. Test System

All studies are carried out on the modified IEEE 39-bus system shown in Figure 3.
Relative to the benchmark network, three wind farms (WF1-WE3) are placed at Buses 10, 23,
and 29 as GFL converter stations with PLL-based synchronization, with four tunable GFM-
support buses (31, 33, 35, and 37) serving as the decision-variable locations for the (H;, D;)
allocation. In Figure 3, circles labeled WF1-WEF3 denote the wind-farm GFL stations, GFM-
icon buses 31, 33, 35, and 37 denote the tunable grid-forming support locations, red arrows
denote the candidate disturbance buses (4, 12, 15, 16, 18, and 27), and solid black lines
denote transmission corridors. The network is further partitioned into three areas following
the conventional New England boundary, as indicated by the dashed zones in Figure 3.
This partitioning groups the ten support buses (30-39) by electrical proximity, and is used
later in the area-wise comparison in Section 5 to interpret how the optimized allocations
redistribute inertia and damping across the system. The comparative studies then reuse
the same three parameter files, namely, the Original setting, the HNFR-optimized setting,
and the COI-optimized setting, meaning that the reported differences reflect coordination
logic rather than inconsistent data preparation.

G10 G8 GFM 4 G9
Areal

37
A
30 25 — 26 I =
27y !
o T i
) 3 v l 174 24
A H

8 e 13
y 13 10
9 o] ¢
@ @ WEF 1
37
GFM 1 G2
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Figure 3. Structure of the modified IEEE 39-bus system.

Two disturbance families are used. First, all waveform comparisons are locked to a
single prescribed event, namely, a 250 MW active power increase at load Bus 4 injected
att = 2.0 s. Second, the location sensitivity and atlas-audit studies sweep the disturbance
location over Buses 4, 12, 15, 16, 18, and 27 under the same disturbance magnitude.
In every case, the compared methods share the same support portfolio, the same 0.005 s
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simulation grid, and the same RoCoF /nadir/split definitions, providing a common basis
for interpreting nodal and aggregated responses.

Table 1 fixes the common protocol used by all case study comparisons in this section.
Table 2 then reports the three GFM-side parameter configurations used throughout the case
studies, namely, the Original setting taken from the baseline model, the HNFR-optimized
setting obtained from the proposed location-aware tuning, and the COI-optimized setting
obtained from the aggregated-frequency benchmark. Consistent with Section 3, the listed
H /D values are effective coefficients mapped from the writable GFM frequency support
setpoints in (32) and (33). Therefore, the differences among the three columns represent
different closed-loop support allocations across Buses 31, 33, 35, and 37 rather than changes
to all internal converter-control parameters in the Section 2 device model.

Table 1. Compact case study protocol.

Item Setting

Modified IEEE 39-bus test system; wind farms WF1/WF2/WF3 at
Buses 10, 23, and 29; tunable support buses at 31, 33, 35, and 37.

Bus 4, 250 MW step at t = 2.0 s on a 0.005 s simulation grid; used for
waveform and budget-matched comparisons.

Disturbance buses 4, 12, 15, 16, 18, and 27 under the same distur-
bance magnitude.

Network
Fixed waveform case

Location sweep

Table 2. GFM-side H/ D settings.

Original HNFR COI
Bus
H D H D H D
31 4.329 2.800 5.115 5.366 3.463 2.926
33 3.575 6.500 3.719 2.600 5.248 9.750
35 4.350 7.600 3.877 18.079 6.525 11.400
37 3.471 3.400 7.732 1.360 5.207 2.720

5.2. Disturbance Location Sensitivity and Heterogeneous Nodal Responses

The six disturbance buses (4, 12, 15, 16, 18, and 27) used in this subsection constitute
the candidate location set C over which the atlas in Section 4 is constructed. Therefore,
the following waveform and metric comparisons simultaneously serve as cross-scenario
evidence and atlas training set diagnostics.

The first study characterizes how disturbance location reshapes heterogeneous nodal
frequency behavior under a common disturbance magnitude and common support port-
folio. A fixed Bus 4 event is used for waveform inspection, then the disturbance loca-
tion is swept over six buses for metric comparison. The resulting evidence quantifies
whether worst-node RoCoF, nadir, and nodal split are governed primarily by a system-
average response or by spatially localized stress patterns that require explicit disturbance
location modeling.

The trajectory comparison in Figure 4 shows that the early transient was much more
pronounced at the stressed GFM-side Bus 31 than at the remote synchronous-machine
Bus 38. Figure 4a shows that at Bus 31, the Original, HNFR, and COI responses separated
clearly during the first few seconds after the event; the inset confirms that the largest
inter-method deviation was concentrated in the early post-disturbance window rather
than in the late quasi-steady segment. Figure 4b shows that the Bus 38 traces remained
comparatively smooth and stayed closer to the COI reference. This two-panel comparison
identifies a localized transient burden that is only weakly reflected by the aggregated
COQlI trajectory.
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Figure 4. (a) Representative trajectories at the stressed GFM-side Bus 31 under the fixed Bus 4, 250 MW
disturbance; (b) representative trajectories at the remote SG Bus 38 under the same disturbance.

Figure 5 compares the Original, HNFR, and COI parameter sets over the same six-bus
disturbance sweep under a unified simulation chain. Figure 5a shows that the worst-node
RoCoF burden remained strongly location dependent and was not minimized by the same
method at every disturbance bus: the most adverse RoCoF occurred at Bus 16 for the
Original and HNER settings, but shifted to Bus 12 for the COI setting. Figure 5b,c shows
an even clearer concentration pattern. For all three parameter sets, Bus 12 produced both
the deepest worst-node nadir and the largest maximum nodal frequency split; thus, the
dominant stress concentration remained tied to a specific disturbance location instead of
being distributed uniformly over the network.

Across the three curves, the HNFR setting consistently reduces the most restric-
tive nadir and split outcomes relative to the COI tuning, limiting the minimum nadir to
49.8800 Hz and the maximum split to 0.0440 Hz, whereas the corresponding COI results
are 49.8749 Hz and 0.0473 Hz. The advantage of RoCoF remains more scenario-dependent,
but the overall ranking in Figure 5 shows a smaller nodal risk envelope under the location-
aware heterogeneous formulation than under the aggregated tuning objective.

The location-dependent patterns in Figure 5 can be traced analytically to the initial
RoCoF relation in (27): for a unit disturbance at bus k, the initial RoCoF at each observation
node is determined by [ChpfBsys)ix, which encodes the electrical coupling between the
disturbance bus and each observation bus through the network admittance and effective
inertia distribution. Within the test system, the dominant factor is the electrical distance
to the nearest GFM-support unit: Buses 4 and 12 produce the most severe worst-node
responses because they are electrically remote from the support cluster at Buses 33, 35,
and 37 and are primarily served by Bus 31 alone.
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nodal frequency split. The horizontal dashed lines indicate the corresponding design/security thresh-
olds used as references for comparison across the three parameter settings.

For practical context, the observed worst-node RoCoF values across all six disturbance
locations remain below 0.56 Hz/s, and the worst-node nadir deviation remains within
0.13 Hz of nominal. These values are well within standard RoCoF relay thresholds (typically
0.5-1.0 Hz/s) and first-stage under-frequency load shedding levels (typically 49.0-49.2 Hz).
The security constraints used in the min—max allocation are design-level specifications
set tighter than the protection thresholds, meaning that the inter-method gap between
HNER and COl in Figure 5 reflects differences in margin utilization rather than proximity
to system protection limits.

5.3. Comparative Performance of Location-Aware Coordination

The second study compares the Original, HNFR, and COI parameter settings under the
same fixed disturbance, simulation grid, and response-processing pipeline. The comparison
is carried out under a matched total GFM support budget, meaning that differences among
the three methods are attributable to allocation strategy rather than support quantity.
Waveform traces at the dominant stressed buses and event-level security metrics are
evaluated jointly under the same event.

Under the budget-matched comparison in Figure 6, the dominant nodal stress re-
mained concentrated around Bus 31, whereas the aggregated COI trajectory changed much
less across methods. Figure 6a shows that the COI-tuned case preserved the system-average
response but left a deeper dip at the stressed node and a larger separation between the
local and aggregated trajectories. Figure 6b shows that the HNFR-tuned case reduced
the depth of the stressed-node excursion and tightened the separation between the nodal
and COI traces while maintaining a comparable aggregate response. Therefore, under the
same total support budget, the HNFR setting corresponds to a stronger redistribution of
support toward the electrically stressed location and a smaller local security burden than
the COI-oriented allocation.
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Figure 6. (a) Budget-matched COI response under the fixed Bus 4, 250 MW disturbance and
(b) budget-matched HNFR response under the same disturbance.

Table 3 quantifies the fixed-disturbance comparison among the three parameter sets.
Relative to the Original setting, HNFR reduced the worst-node RoCoF by 15.43%, improved
the worst-node nadir by 0.0121 Hz, and reduced the maximum frequency split by 9.25%.
Relative to the COI setting, HNFR further reduced the worst-node RoCoF by 32.20%,
improved the worst-node nadir by 0.0036 Hz, and reduced the maximum split by 17.78%,

while the COI nadir changed only marginally. The largest performance separation appears

in the nodal-security metrics, whereas the aggregated COI nadir remains comparatively

close across the tuned cases.

Table 3. Comparison of the three parameter sets under the fixed Bus 4 250 MW disturbance.

Method Worst-Node Worst-Node Max Frequency COI
etho RoCoF (Hz/s) Nadir (Hz) Split (Hz) Nadir (Hz)
Original 0.4442 49.8687 0.0385 49.8832
HNFR 0.3757 49.8808 0.0349 49.8888
COI1 0.5541 49.8771 0.0424 49.8879

Figure 7 shows how the three parameter sets redistribute effective inertia and droop
across the three areas. The inertia bars indicate that the HNFR and COI solutions allocate
inertia differently from the Original setting and from each other, with the HNFR solution
shifting more effective support toward the electrically stressed area rather than preserving

the baseline distribution. The damping bars show the same non-uniform trend for the

droop, where the HNFR-tuned configuration concentrates damping support more selec-

tively than the COI benchmark. These area-wise allocation changes are consistent with the

smaller stressed-node excursions observed in Figures 4 and 6, and show that the HNFR

improvement is achieved through spatial reallocation rather than through uniform increase

of all GFM support parameters.
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Across the broader set of representative scenarios in Figure 8, the aggregated COI
trajectories remain relatively close, but the nodal trajectories separate more visibly during
the initial dip and in the recovery-stage inset. Therefore, the same pattern observed for
the fixed Bus 4 disturbance is retained across multiple disturbance locations; inter-method
differences remain modest in the aggregate trajectory, and become more pronounced in the
stressed nodal responses.
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Figure 8. (a) Representative nodal frequency response comparison across selected disturbance
scenarios and (b) close-up comparison of the Original, HNFR, and COI responses under the most
severe representative scenario.

The nadir-oriented cross-scenario comparison in Figure 9 extends the comparison
from a single event to the full six-bus disturbance set, focusing on the most restrictive
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frequency deviation outcome in each scenario. In Figure 9, the red dashed line denotes the
design-level frequency-deviation threshold used as a security reference, and the paired
bars at each disturbance location correspond to the HNFR and COI settings, respectively.
Across all reported locations, the HNFR setting yielded smaller worst-node deviations
than the COI setting, with the most severe case occurring at Bus 12 and being limited to
0.119989 Hz under HNEFR versus 0.124978 Hz under COL Therefore, the nadir ordering
remains unchanged when the disturbance location is swept systematically.

= 0.124}

aximum frequency deviatio
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Figure 9. Cross-scenario comparison of maximum frequency deviations under the HNFR and COI
parameter settings.

The RoCoF-oriented evidence in Figure 10 complements the nadir comparison by
examining the fastest local transient over the same six disturbance locations. In Figure 10,
the red dashed line denotes the design-level RoCoF threshold used as a security reference,
and the paired bars at each disturbance location correspond to the HNFR and COI settings,
respectively. Figure 10 shows that the RoCoF ranking is more scenario-dependent than
the nadir ranking: HNFR reduces the worst-node RoCoF at Buses 4 and 12, whereas
the COI setting remains slightly better at several other disturbance locations. For both
methods, the spread across the curves remains strongly location-dependent. Among the
cross-scenario results, the most consistent HNFR advantage appears in nadir and split,
while the RoCoF benefit depends more strongly on the disturbance location and the spatial
distribution of transient stress.

To assess the sensitivity of the scheduled gains to parameter uncertainty, the HNFR-
optimized (H, D) vector was perturbed by independent uniform random factors drawn
from [0.85, 1.15] across all four GFM buses, then the worst-node metrics were re-evaluated
over the same six disturbance locations for 20 random samples. The 95th-percentile worst-
node nadir deviation remained within 1.6% of the baseline value and the 95th-percentile
maximum split variation remained within 1.9%, indicating that the allocation is not sensi-
tive to moderate gain uncertainty in the reported operating regime.

Taken together, the case studies show strong dependence on disturbance location, clear
separation among heterogeneous nodal frequency channels, and systematic benefits from
worst-node-oriented coordination in low-inertia systems. Aggregated COI behavior alone
does not reveal the most restrictive transient risk, whereas the HNFR-based formulation
provides stronger stressed-node security than the Original and COI parameter settings
across the reported waveform and metric comparisons.
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Figure 10. Cross-scenario comparison of worst-node RoCoF under the HNFR and COI parameter settings.

6. Discussion

This paper develops a disturbance location-aware frequency support framework
for low-inertia systems with heterogeneous frequency channels. The proposed HNFR
model preserves the distinction among SG/GFM electromechanical frequencies and GFL
PLL-estimated frequencies, enabling reproducible evaluation of worst-node RoCoF, nadir,
and nodal frequency split under location-specific disturbances. The main implication of the
reported results is that frequency security in low-inertia systems with heterogeneous con-
verter channels is governed by nodal stress concentration rather than by a single aggregate
indicator. Across the waveform comparisons, disturbance location sweep, and budget-
matched tuning study, the most restrictive transient burden remains concentrated at a small
set of buses and is not represented faithfully by the COI trajectory alone. By preserving the
separation among SG electromechanical frequencies, GFM-controlled responses, and GFL
PLL-estimated frequencies, the HNFR formulation resolves the nodal stress patterns that
determine whether support allocation is protective at those buses that experience the most
severe transients.

The case studies also delimit the present engineering scope of the method. The HNFR
setting improves stressed-node nadir and reduces nodal split more consistently than
the competing settings, whereas the RoCoF comparison remains scenario-dependent,
indicating that different transient objectives continue to impose competing design pressures.
Extending the method toward faster online scheduling would require further progress in
model refinement, uncertainty handling, and implementation-level acceleration.

The HNFR model is derived under the quasi-stationary voltage assumption and
electromechanical-scale linearization around a given operating point. These assumptions
exclude large-signal voltage dynamics, converter current-limiting behavior, and nonlinear
saturation effects that may become significant under severe disturbances. Within the mod-
erate disturbance range used in the case studies (250 MW active-power step), the reported
results remain internally consistent across the presented scenarios; broader validation
against EMT-class or large-disturbance simulation is identified as future work.

Regarding parameter sensitivity, the min-max formulation provides an inherent hedge
against worst-case disturbance locations within the candidate set. A full Monte Carlo sensi-
tivity study covering parameter uncertainty, measurement noise, and communication delay
is identified as future work. Extending the atlas to span additional scenario axes such as
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load level, renewable energy penetration, and network topology would further strengthen
the robustness characterization, and is a natural next step for larger-scale deployments.
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Abstract

Aiming at the receiving-end power grid frequency security after HVDC blocking events,
this paper proposes a hybrid model and data-driven optimization method of emergency
load shedding (ELS). Firstly, a decision-making model of ELS considering multiple dynamic
security constraints, e.g., frequency and rotor angle, is constructed. Then, the particle
swarm optimization (PSO) algorithm is improved by integrating with symmetric opposite
learning and Tent chaotic mapping to obtain high-quality ELS schemes. Finally, to boost
the optimization efficiency, a data-driven dynamic security assessment model based on the
hybrid neural network is constructed and introduced into the solution process of PSO. To
ensure the feasibility of the final ELS scheme, the model-driven time-domain simulation
method is adopted for validation. The effectiveness of the proposed ELS optimization
method is verified on a receiving-end power grid with multi-infeed HVDC lines. It can
obtain a high-quality and feasible ELS scheme within 0.7 s.

Keywords: HVDC blocking; receiving-end power grid; emergency load shedding; particle
swarm optimization; hybrid neural network

1. Introduction

In a receiving-end power grid with multi-infeed high voltage direct current (HVDC)
lines, the proportion of power transmitted via HVDC lines is substantial. The blocking
of large-capacity HVDC transmission channels can result in severe power deficiency in
the receiving-end power grid, which can lead to a significant frequency drop [1] and even
widespread power outages [2]. Therefore, for a receiving-end power grid with multi-infeed
HVDC lines, it is essential to implement defense measures to mitigate the impact of HVDC
blocking. It is difficult to handle the large power loss caused by HVDC blocking events by
preventive control measures. Moreover, the probability of the HVDC blocking is typically
low. It is economically infeasible to implement preventive control measures for such low-
probability events. It is required to adopt emergency control measures after such an event
occurs to ensure the stable operation of the receiving-end power grid [3].

There is a large amount of load in the receiving-end power grid. Therefore, the emer-
gency load shedding (ELS) is a crucial control method for maintaining the frequency secu-
rity of the receiving-end power grid following a large-capacity HVDC blocking event. The
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decision-making of ELS schemes needs to consider multiple dynamic security constraints,
such as minimum transient frequency, maximum transient rotor angle difference, and
minimum transient voltage. It is a high-dimensional and nonlinear optimization problem.

Conventional analytical methods for ELS optimization include linear program-
ming [4,5], interior-point method [6], and branch-and-bound algorithm [7], etc. These
methods transform nonlinear constraints into linear forms based on trajectory sensitiv-
ities [8]. However, the solution quality may be low due to its high dependence on the
initial solution and the convexity of the optimization problem. Metaheuristic algorithms,
such as particle swarm optimization (PSO) [9], differential evolution (DE) [10], and genetic
algorithms (GA) [11], can offer superior global optimization capabilities for nonlinear
optimization problems. According to a specific rule, they conduct a random search in the
solution space to obtain high-quality schemes. Metaheuristic algorithms have been widely
applied in ELS optimization [12-15]. However, during the iterative optimization process,
metaheuristic algorithms rely on time-domain simulation (TDS) to repeatedly evaluate
the feasibility of each candidate ELS scheme [16]. The TDS is time-consuming, severely
deteriorating the optimization efficiency of ELS.

With the development of artificial intelligence, data-driven machine learning methods
can directly extract the mapping relationship between input features and outputs. Data-
driven dynamic security assessment (DSA) methods have been widely studied [17-21].
Replacing the TDS in the ELS optimization with machine learning can significantly improve
optimization efficiency. In terms of the type of input features, the DSA methods based on
machine learning can be categorized into two classes. The first type is the DSA employing
post-fault dynamic response features as inputs [22,23]. Since dynamic features can only be
obtained after a fault occurs, the ELS optimization based on this DSA method has to be
real-time, i.e., executed after a fault occurs. The system frequency drop following an HVDC
blocking event is rapid. Such real-time ELS optimization requires high efficiency in both
optimization and data transmission. The second type is the DSA using pre-fault steady-
state features as inputs [24-26]. This can conduct dynamic security scanning in advance
for various operating conditions and potential contingencies. The ELS optimization based
on the second type of DSA can be performed in advance for a specific power loss event.
Compared with post-fault real-time optimization, it has less strict requirements on efficiency.
The second type of DSA is adopted in this paper.

In this paper, the PSO algorithm is employed for ELS optimization due to its good
adaptivity and extensibility. The steady-state feature-based DSA is integrated with PSO
algorithm to improve optimization efficiency. The DSA model needs to consider different
operating conditions and ELS schemes. Therefore, a hybrid neural network is designed to
incorporate the two types of information for high assessment accuracy. Due to the inherent
errors of the data-driven DSA, the TDS is conducted to validate the feasibility of the final
ELS scheme. The contributions of this paper are as follows.

(1) A decision-making model of ELS incorporating common loads and pumped storage
power stations is constructed. It considers multiple dynamic security constraints,
including transient frequency drop, rotor angle instability, and voltage instability.

(2) An improved particle swarm optimization (PSO) by integrating with symmetric
opposite learning and Tent chaotic mapping is proposed to solve the ELS decision-
making model. Opposite learning and Tent chaotic mapping can broaden the search
space of PSO in terms of particle initialization and updating, thereby improving the
solution quality.

(3) A data-driven multi-task DSA model is constructed on a hybrid neural network. It
aims to improve the PSO optimization efficiency by rapidly assessing whether the
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candidate ELS schemes satisfy dynamic security constraints. Initial and final output
ELS schemes are validated by TDS to ensure the feasibility.

The structure of this paper is organized as follows. The optimization framework and
execution mode of ELS are introduced in Section 2. A decision-making model of ELS is
constructed in Section 3. In Section 4, an improved PSO algorithm is proposed for solving
the decision-making model. A DSA model based on a hybrid neural network is constructed
in Section 5. A case study of a receiving-end power grid with multi-infeed HVDC lines is
presented in Section 6 to verify the effectiveness of the proposed method.

2. The Proposed Methodology
2.1. Optimization Framework of ELS

The proposed optimization framework of ELS is shown in Figure 1. It consists of
two stages: model training and ELS optimization. In the stage of model training, a dataset
for model training is first generated based on TDS. The features of a sample in the dataset
include the power grid operating condition and ELS scheme information. The sample label
represents the feasibility of the ELS scheme under the corresponding operating condition.
In the stage of ELS optimization, the ELS scheme under a latest operating condition is
optimized based on the metaheuristic algorithm, i.e., the PSO algorithm in this paper.
During the iterative optimization process, the trained hybrid neural network, instead of
TDS, is invoked to rapidly evaluate the feasibility of candidate schemes in each generation,
thereby improving the optimization efficiency of ELS schemes.

Model training

Dataset . Train and save the

——————

generation hybrid neural network

e ___ | Invoke_,

e I
: ELS optimizatio Y :
' Update candidate Evaluate the . .V.a.hdate the Output |!
: Initialization ELS schemes with | scheme T?I’[Tlln??,te G o.f th? e > the final :
| . o Qptimizatio scheme with time- |
| mutation operators feasibility . . scheme |,
| domain simulation |
Lo oo _______ ]

Figure 1. Proposed optimization framework of ELS.

Due to the inevitable errors of the machine learning model, the ELS optimization
completely relying on the machine learning model may obtain unfeasible schemes. To
ensure feasibility, the TDS is adopted to validate the final ELS scheme. The final ELS scheme
is output if it is feasible. If not, this scheme is discarded, and the globally sub-optimal
scheme is validated next, and so on, until a feasible scheme is found and output.

When applied in the large-scale power grid, the searching space of the PSO algorithm
becomes broader. To ensure the quality of the ELS scheme, the population size needs to
be larger and the number of particle evaluations is thereby increased. Due to the rapid
evaluation of the hybrid neural network, the ELS optimization time is not significantly
increased. Moreover, the parallel computation technique can be further adopted to improve
the optimization efficiency in the large-scale power grid.

The proposed ELS optimization framework is applicable for different metaheuristic
algorithms. Each metaheuristic algorithm has its own scenario of application. With the
development of metaheuristic algorithms, the PSO algorithm can be replaced with other
state-of-the-art metaheuristic algorithms and the proposed optimization framework can
still be transferred.
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2.2. Execution Mode of Event-Driven ELS

The ELS in this paper is event-driven [8,27]. It is triggered instantaneously when a
specific HVDC blocking event occurs without waiting for the system frequency to vio-
late a threshold. Therefore, it has a faster action speed than the response-driven under-
frequency/voltage load shedding [28].

Traditionally, the execution mode of the ELS is “offline decision and online matching”.
For a specific HVDC blocking event, an ELS scheme is first determined offline considering
various operating conditions of the receiving-end power grid. Then, it is sent and stored in
load substations. Once the corresponding HVDC event occurs, the power grid dispatching
center issues a load shedding command. With the penetration of renewable energy genera-
tion, the uncertainty in power system operating conditions is increasing. Offline operating
conditions cannot completely cover the actual operating conditions of the power system,
leading to the mismatch of offline ELS schemes. Worse, it may be unfeasible, failing to
maintain the stable operation of the post-fault power system.

To address the above issue, an execution mode of “online and early decision, rolling
updating” is adopted in this paper. Firstly, a predicted operating condition in the next
dispatching cycle is obtained in the dispatching center. Then, an ELS scheme is formulated
online and in advance based on the newly predicted information and a specific HVDC
blocking event. It is updated in a rolling way to adapt to constantly varying operating
conditions, such as every quarter of an hour. The updated ELS scheme is sent to load
substations periodically. Finally, the action of the ELS scheme is triggered immediately once
the responding event is detected. The adopted execution mode can improve the matching
degree between the ELS scheme and actual operating conditions.

3. Decision-Making Model of Emergency Load Shedding Following
HVDC Blocking

3.1. Objective Function

Emergency load shedding is a crucial emergency control strategy for maintaining
frequency security in receiving-end power grids following an HVDC blocking event.
Traditional ELS considers only common load available for shedding. The amount of load
shedding is treated as a discrete variable [29,30]. In addition to common loads, a pumped
storage power station operating in pumping mode can be treated as a special type of load.
Cutting a pumped storage power station in pumping mode has similar effects to shedding
common loads on maintaining frequency security. In this paper, the decision-making model
incorporates both common loads and pumped storage power stations. The amount of
load shedding is regarded as a continuous variable and the cutting amount of pumped
storage power stations is a discrete variable. The decision-making of ELS aims to minimize
the control cost while satisfying constraints. The optimization objective function can be
represented as:

min F = NPAPP + ap APy, (1)

where F denotes the control cost of ELS. ap denotes a vector composed of the unit shedding
cost of each pumped storage power station. ap = [ap1,. . .,.ap,p]. 11p denotes the number of
pumped storage power stations. APp denotes a vector composed of the shedding power
of each pumped storage power station. APp = [APpy,...APp,p]. ar denotes a vector
composed of the unit shedding cost of each load. ar = [a1,1,. . .,a1 4] 1L is the number of
loads available for shedding. AP}, denotes a vector composed of the shedding power of
each load. APL = [APL,l/' . -rAPL,nL]'
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3.2. Constraints

The constraints of ELS optimization can be categorized into two types: constraints of
control variables and dynamic security constraints. The constraints of control variables are
represented as:

0 < APp; < APR
{ = Pi = P,i )

0< APy ; < AP

where APg™ denotes the upper limit of the shedding power of the i-th pumped storage
power station; AP denotes the upper limit of the shedding power of the i-th load.

In practice, load shedding is achieved by tripping the outgoing feeders of load substa-
tions, and the amount APy ; is discrete. The receiving-end power grid with multi-infeed
HVDC lines is typically a load-intensive center and has a large number of terminal loads.
Moreover, the development of communication technology makes the fast demand side
management and precise load control a reality [31]. It can conduct the precise tripping of
load feeders at a lower voltage level. The continuous variation in APy ; can be achieved by
combinations of different terminal loads and precise load control [7]. Therefore, the amount
APy | of load shedding is assumed to be a continuous variable. Unlike common loads, the
number of pumped storage power stations is small, and APp; is a discrete variable. It can
take two values of 0 and rated power. 0 indicates that no shedding for the i-th pumped
storage power station. The rated power indicates that the whole pumped storage power
station is cut off.

Stability is the basis of secure operation of the power grid. Transient rotor angle,
voltage, and frequency are the core aspects of power system stability during the transient
process. A severe power loss event, such as the blocking of a large-capacity HVDC line,
typically leads to transient frequency drops. It is also important to note that the severe
power loss can cause large-scale power flow transfer. The large fluctuations in transmission
section power flows may lead to transient rotor angle and rotor instability. As an emergency
control measure, the emergency load shedding (ELS) needs to consider the stability and
security simultaneously. In this paper, the above three constraints are called “dynamic
security constraints”. Considering the above three constraints in the optimization process
of ELS is a widely used approach [8,32,33]. Each constraint is elaborated as follows.

Minimum transient frequency is a key indicator for the power grid security. A
frequency below this threshold can trigger under-frequency load shedding and under-
frequency protection actions of generators. This paper adopts the system minimum fre-
quency as the metric for frequency security assessment. The specific transient frequency
security constraint is as follows:

where f in denotes the minimum frequency of the receiving-end power grid following an
HVDC blocking event; £l denotes the allowable minimum frequency threshold.
Transient rotor angle stability represents the capability of generators to maintain
synchronous operation after a large disturbance. The transient rotor angle instability is
judged to occur when the maximum rotor angle difference between synchronous generators

exceeds 180°. The transient rotor angle stability constraint is represented as:
Abmax < 180° 4)

where Admax denotes the maximum rotor angle difference between generators during the
transient process. When Admax is less than 180°, the system is deemed to be transiently
stable; otherwise, the system is deemed to be transiently instable.
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Transient voltage stability refers to the capability of the power system to maintain
stable bus voltages following a significant disturbance [34]. Existing practical criteria for
transient voltage stability mainly include two categories. The first type determines voltage
instability by checking whether the bus voltage remains below a threshold for a period
of time. It requires continuous monitoring over a time window, leading to a complex
execution logic. The second type determines voltage stability by checking whether the load
bus voltage recovers above a threshold in a period of time following the disturbance. It
only requires monitoring at a time point. The second type has a simple execution logic and
is thereby adopted in this paper. At 10 s after an HVDC blocking event, all load buses need
to satisfy:

u; >08pu.,i=1,...,np 5)

where u; denotes the voltage at load bus i at 10 s following the disturbance; #; g denotes the
number of load buses.

The optimization for Equations (1)—(5) is a mixed integer nonlinear programming
(MINLP) problem with a single objective and multiple constraints. This paper adopts the
PSO algorithm to solve this problem due to its straightforward logic and high adaptability
to complex MINLP problems. To enhance solution quality, the PSO algorithm is improved
by integrating opposite learning and the Tent chaotic mapping. To improve optimization
efficiency, a hybrid neural network model is employed to rapidly assess whether the
candidate ELS scheme satisfies constraints at each iteration. To ensure the feasibility of the
final ELS scheme, the TDS is adopted to generate initial schemes and validate final schemes.

4. ELS Optimization Based on Improved PSO Algorithm

The solution quality of the PSO algorithm is closely related to its particle initialization
and position updating strategy. This paper improves the PSO algorithm from two aspects:
particle initialization and updating strategy.

4.1. Particle Swarm Optimization Based on Opposite Learning

In the PSO algorithm, a particle represents an ELS scheme. The solution quality
of PSO depends on the distribution of initial particles. The traditional PSO algorithm
initializes the particle swarm randomly. A diverse distribution that contains superior initial
particles contributes to high-quality solutions. This paper introduces the opposite learning
into particle swarm initialization. By simultaneously considering current particles and
their opposite particles, this approach can enhance the diversity of particle distribution
and broaden the searching scope. The solution quality of the PSO algorithm can be
thereby improved.

The process of opposite learning is described as follows: let P be a real number in the
range [I, u]. Its opposite number P’ is u + | — P. Assuming the position vector of the i-th
particle is P; = [P;, ..., P%;], where P/ i€[lj, uj]. then the vector of its opposite particle is
P';=[P'/,..., P?/]. The fitness values f(P;) and f(P;') of the two particles are compared,
and the particle with the superior fitness is selected for subsequent iterations.

The flowchart for particle swarm initialization based on opposite learning is shown
in Figure 2. s denotes the population size. Firstly, the initial particle swarm satisfying
constraints is generated using a completely random method. Secondly, the opposite
particles are generated according to the opposite learning process described in the above
paragraph. If an opposite particle satisfies constraints, its control cost is compared with that
of the corresponding initial particle, and the particle with the lower cost is selected as the
updated initial particle; if the opposite particle violates one of constraints, the initial particle
remains unchanged. Finally, the initial particle swarm processed by opposite learning is
output, and the particle swarm initialization stage finishes. To ensure that initialization
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satisfies dynamic security constraints, each particle after initialization needs to be validated

with TDS.

Input initial particle swarm (I_’I,Pz,...,l’s),
where P=[P",, ..., P"], Pe[l;, u)]

v

Set i=1 and j=1

——

Fi=[Pli', ~--,Pdi']

fIP)AP) and P';
atisfies constraints?

Output (P, P,...,Ps)

End
Figure 2. Flowchart of particle swarm initialization based on opposite learning.

The opposite learning can also be applied in the subsequent optimization process.
After each iterative updating, the opposite particle P’; is generated for the current particle
P;. Assuming the particle and its opposite particle after the ¢-th iteration are denoted as
P;(t) and P'(t), the particle updating process is performed according to the following rules:

(1) If P;(t) satisfies dynamic security constraints and P’;(t) does not, then P;(t) remains
unchanged.

(2) If Pi(t) violates dynamic security constraints but P’;(t) satisfies them, then P;(t) is
updated to P/;(t).

(3) If both P;(t) and P’;(t) satisfy dynamic security constraints, and if f(P';(t)) < f(P;i(t)),
P;(t) is updated to P';(t); otherwise, P;(t) remains unchanged.

(4) If both P;(t) and P';(t) violate dynamic security constraints, then P;(t) remains consis-
tent with the previous generation P;(t — 1).

During the optimization process, if the load shedding amount of a particle violates
the boundary limits, the exceeding amount is directly set to the boundary value. The PSO
paths based on opposite learning are symmetric in the searching space. It enhances the
exploration range by broadening the particle swarm distribution, thereby improving the
quality of the final ELS scheme.
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4.2. Particle Updating Strategy Based on Tent Chaotic Mapping

In each iteration, the updating of the velocity and position of the i-th particle can be
represented as:

v;i(t +1) =wv;(t)+c1r1(Pip — Pi(t))+cara(Py — Pi(t)) (6)

P,‘(t-i-l) ZP,‘(t)—FU,'(t—Fl) (7)

where v;(t + 1) denotes the velocity vector of the i-th particle in the (t + 1)-th iteration;
v;(t) denotes the velocity vector of the i-th particle in the previous iteration; w denotes the
inertia coefficient; c; and ¢, denote the learning factors, usually set such that c¢; = ¢; and
ranging in [0, 4]; 1 and r, denote random factors uniformly distributed in [0, 1], used to
increase the randomness of particle movement; P;() denotes the updated position of the
i-th particle in the f-th iteration; P;; denotes the historical best position of the i-th particle;
and P, denotes the global best position of the entire particle swarm.

As shown in Equation (6), the diversity of particle updating is related to the random
factors r1 and r,. However, the random search has a disadvantage of insufficient global
exploration and is prone to the risk of falling into local optimal solutions. The chaotic
sequences have ergodicity and non-repetition. This paper introduces the Tent chaotic
mapping to conduct the particle velocity updating, thereby achieving a broader searching
space than completely random methods. The chaotic sequence generated based on the Tent
chaotic mapping can be represented as:

U0 <r(t—1) <p

r(t) = " 8)
() l_lr(j]:l),;l/lgr(t—l) S 1

where the parameter y € [0, 1], and is set to 0.7 in this paper; r(t — 1) denotes the output
value of the chaotic sequence at the (t — 1)-th iteration. It serves as the input for generating
the t-th chaotic value; r(t) denotes the output value of the chaotic sequence in the t-th
iteration. By replacing the random factors r; and r, in Equation (6) with the chaotic
sequence values, the particle velocity can be represented as:

v;(t +1) = woi(t)+err(t)(Pip — Pi(t))+ca(1 = r()) (P, — Pi(t)) ©

Compared with the traditional PSO, the improved PSO algorithm requires the eval-
uation for a larger number of particles. Using the TDS to evaluate whether the particles
in each iteration satisfy dynamic security constraints has a heavy computational burden,
leading to low ELS optimization efficiency. Machine learning has the advantages of high
efficiency. Replacing the TDS with machine learning can significantly reduce evaluation
time and the ELS optimization efficiency is thereby improved.

5. Rapid Assessment of Emergency Load Shedding Scheme Based on
Hybrid Neural Network

A DSA model for a specific HVDC blocking event is constructed based on the hybrid
neural network. It aims to determine whether the candidate ELS scheme satisfies each
dynamic security constraint under a given operating condition.

5.1. Feature Selection

In this paper, the DSA model needs to adapt to the variations in operating conditions
and ELS schemes. Therefore, the input features of the DSA model need to contain infor-
mation of operating conditions and ELS schemes. Dynamic response features, such as bus
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voltage and generator rotor angle after a fault occurs, can reflect implicitly the variations
in operating conditions and ELS schemes. However, these response features are typically
obtained after a fault occurs and cannot be used for the decision-making of the ELS scheme
in advance.

Without dynamic response information, this paper directly employs the steady-state
power flow features and ELS schemes as inputs. The steady-state power flow features
include voltage magnitude and phase angle at each bus, injected power at each bus, and
power flow on each branch. These steady-state features contain initial and sufficient
information of operating conditions, which have been widely adopted in the data-driven
DSA [24-26]. The data structure of a sample can be represented as:

(Pgenr Qgenr Pload/ Qload/ Pline/ Qline/ Vbus/ 9bus/ APP/ APLr yf, ]/a, yv) (10)

where Pgen, Qgen, Ploads Qloads Plines Qlines Vbus, and Oy, are steady-state power flow
feature vectors; APp, and APy, are feature vectors of an ELS scheme; y¢, y,, and y, denote
multiple labels. Pgen and Qgen denote the vectors composed of the active and reactive
output of each generator; Pjy,q and Qjy,q denote the vectors composed of the active and
reactive power of each load; Py, and Qyine denote the vectors composed of the active and
reactive power on each line; Vbus and 6bus denote the vectors composed of the voltage
magnitude and phase angle of each bus; APp denotes a vector composed of the shedding
power of each pumped storage power station. AP, denotes a vector composed of the
shedding power of each load. yy, ya, and y, denote the assessment results for transient
frequency, rotor angle, and voltage constraints, respectively.

Each assessment for each dynamic security constraint can be treated as a binary
classification problem. Transient frequency, rotor angle, and voltage are highly coupled.
Constructing separate assessment models for each constraint fails to fully utilize their
inherent correlations. Moreover, the model structures for each dynamic security constraint
are similar, resulting in wasted storage and computational resources. This paper addresses
these three dynamic security constraints by constructing a multi-task assessment model.
By using the loss functions of each task to jointly adjust the shared model parameters, the
strong correlations between these three dynamic security constraints can be fully leveraged,
thereby improving the assessment accuracy and saving computational resources [35].

5.2. Construction of the Multi-Task DSA Model Based on Hybrid Neural Network

To fully learn the mapping relationship between inputs and outputs, it is essential
to construct a large-scale training set containing sufficient operating conditions and ELS
schemes. Moreover, the feature dimension of the operating condition is proportional
to the system scale, leading to a high-dimensional input feature set. It is difficult for
traditional shallow machine learning models to achieve high assessment accuracy in high-
dimensional, large-scale, and highly nonlinear datasets. Compared with shallow machine
learning, the convolutional neural network (CNN) has stronger learning capabilities. This
paper constructs a hybrid neural network by combining multi-channel CNNs and shallow
neural networks, serving as a multi-task DSA model. The detailed model structure is
shown in Figure 3.

The multi-task DSA model structure is composed of a feature construction module, a
feature extraction layer, a feature concatenation layer, and a logical judgment layer. Initial
input features are prepared in the feature construction module. In the feature extraction
layer, different types of input features are processed by different feature extractors. The
operating condition features are processed by multi-channel CNNs due to the high dimen-
sionality. The feature dimensionality of the ELS scheme is equal to the sum of loads and
pumped storage power stations to be shed. It is relatively low-dimensional and processed
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by a single-layer neural network. The high-level abstract features extracted from multi-
channel CNNs and the single-layer neural network are concatenated into a feature vector
in the feature concatenation layer, serving as the inputs to the final logical judgment layer.
In the logical judgment layer, the concatenated feature vector passes through separate fully
connected layers to output the assessment results for each dynamic security constraint.
Each assessment result is a 0-1 value. The value “0” represents that the dynamic security
constraint is satisfied. The value “1” represents that the constraint is not satisfied. Each
channel of CNNs and the single-layer neural network are trained simultaneously and
not affected by each other, significantly improving the training efficiency of the hybrid
neural network.
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construction extraction judgment
module layer Feature layer
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Figure 3. Structure of multi-task DSA model based on hybrid neural network.

The particle is in the feasible region only if all constraints are satisfied. This paper
defines a comprehensive value y to represent whether the ELS scheme is feasible:

v =yl vall yv (11)

where | | denotes the operation “OR”; vy, ya, Yy denote the assessment results for transient
frequency, rotor angle, and voltage constraints, respectively. y = 0 represents that all
dynamic security constraints are satisfied and the ELS scheme is feasible; y = 1 represents
that at least one constraint is not satisfied and the ELS scheme is unfeasible.

Based on the comprehensive value y and the confusion matrix, the following metrics,
i.e., accuracy I5c, false alarm rate Ips, and missed alarm rate Iy14, are defined for the
performance evaluation of the DSA model. The confusion matrix is shown in Table 1.

n(TP)+n(TN)

Iac = 100% 12
AC = S TP) o (FP) (BN (TN < L 00% (12)
n(FN)
Ira = ——————— x 100% 1
BA = L TP) (N ¢ O (13)
n(FP)
Iva = —————— X 100% 14
MA = L ER) () ¢ O (14)
Table 1. Confusion matrix.
Actual
1
Predicted 0
0 TP FP
1 FN N
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It should be noted that the purpose of the DSA model in this section is to rapidly
judge whether the PSO particles are located within the feasible region. The judgment
is determined by the comprehensive result y. Therefore, the parameter tuning process
of the DSA model mainly considers the three metrics Ioc, Ira, and Iyia defined on the
comprehensive result y.

6. Case Study
6.1. Descriptions of the Power Grid

To validate the effectiveness of the proposed method, a provincial receiving-end power
grid with multi-infeed HVDC lines is employed. The topology diagram can be found in
Ref. [24]. It includes 132 buses, 29 generators, 65 loads, 201 500-kV AC lines, and 11 1000-kV
AC lines. There are three HVDC lines with a total infeed power of 20 GW. Nine wind farms
are added. Among these, six have a rated output power of 1000 MW, two of 1500 MW, and
one of 1300 MW.

The dynamic models of the synchronous generators, HVDC lines, wind turbines, and
loads are modelled by software PSS/E 34. The generator rotor model is set as “GENROU”,
which is a 6-order non-salient pole machine model. The exciter model is set as “SEXS”.
The turbine governor is set as “IEESGO”. The model of the dual-terminal LCC-HVDC
is set as “CDC4T”. The doubly-fed induction generator model of the wind turbine is set
as “WT3G1”. The “IEEL” models are adopted to represent static load models, and all
static load models are set as constant power loads. The dynamic load model is set as the
induction motor model “CIM6”.

Four pumped storage units are set and each unit has a rated capacity of 300 MW and
is operated in the pumping mode. Twenty load buses available for shedding are set. The
upper shedding limit of each load is set to 50%. The total power available for load shedding
is 10.385 GW. The unit shedding cost of each pumped storage power station is set to 0.1.
The unit shedding cost of each load is selected in [0.3, 0.7].

All simulations, optimizations and model training are conducted on a server with a
24-core Intel Xeon Gold 6148 CPU (2.40 GHz) and 64 GB of RAM. The machine learning
models are constructed based on the “Keras” module of Python 3.7.

6.2. Optimization of Emergency Load Shedding

The blocking of HVDC #2 with a capacity of 8 GW is simulated as a severe power loss
event. The time step of the simulation is set to 0.005 s, and the total simulation duration is
15 s. The HVDC blocking fault occurs at 0.5 s. The allowable minimum frequency threshold
is set to 49.8 Hz. If the ELS is not executed after the DC blocking event, the system frequency
response curve is shown in Figure 4. The minimum system frequency drops to 49.3 Hz,
indicating that the ELS must be implemented to ensure transient frequency security.
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Figure 4. Frequency response curve without ELS after HVDC#2 blocking.
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The ELS optimization model is solved using different optimization algorithms, in-
cluding traditional PSO, adaptive PSO (APSO), hierarchical PSO (HPSO), mutated PSO
(MPSO), DE, and GA. The iterative solution processes of the above algorithms are shown
in Figure 5. Among the above algorithms, the same random factors are set to initialize
population. The size of population is set to 10. The maximum number of iterations is 30.
Learning factors c; and c; are set to 1. Except for APSO and HPSO, the inertia weight w in
other PSO algorithms is set to 1. During the optimization process, the TDS is adopted to
determine whether the particle satisfies dynamic security constraints.

—— Improved PSO APSO HPSO
—— MPSO Traditional PSO GA DE
24001
N
23001
<8 N————.
8 2200f
i<} TN
£ NERNE
© 21007 \_\_\_\__

20001

190003 6 9 12 15 18 21 24 27 30
Iterations

Figure 5. Comparisons of solution processes based on different optimization algorithms.

As shown in Figure 5, the improved PSO algorithm can obtain the solution with
the highest quality within 30 iterations. Moreover, compared with other algorithms, it
can obtain superior initial solutions during initialization. Therefore, the improved PSO
algorithm is applicable for the ELS optimization. The obtained ELS scheme is shown in
Table 2. The total shedding power of loads and pumped storage is 5546 MW. The ELS
scheme is executed 0.2 s after the HVDC blocking event occurs. The system frequency
response curve after the ELS acts is shown in Figure 6, and the voltage response curves
of load buses are shown in Figure 7. The simulation results indicate that the frequency of
the receiving-end power grid remains above the threshold of 49.8 Hz, while satisfying the
constraints for transient rotor angle and voltage stability.

Table 2. Shedding power of each load and pumped storage.

Load bus 6 7 8 13 15 16
Shedding power/ MW 0 0 942 63 0 487

Load bus 17 35 36 37 38 41
Shedding power/MW 185 352 0 418 0 0

Load bus 71 72 73 74 75 89
Shedding power/MW 551 0 0 0 0 294

Pumped  Pumped  Pumped  Pumped
storage1  storage2  storage3  storage4

Shedding power/MW 710 944 300 300 0 0

Load bus 90 92
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Figure 6. Frequency response curve with ELS after HVDC#2 blocking.
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Figure 7. Voltage response curves of load buses with ELS after HVDC#2 blocking.

6.3. Optimization of Emergency Load Shedding Integrated with Hybrid Neural Network

The power at each load bus is randomly varied between 80% and 120% of the base level.
The output power of each wind farm fluctuates between 25% and 35% of the rated output
power. The power imbalance introduced by loads and wind power generation is distributed
among generators according to the spinning reserve. A total of 500 operating conditions are
generated. Upon each operating condition and the blocking of HVDC#2, 100 ELS schemes
are randomly generated. A total of 50,000 samples are generated, including 19,869 feasible
samples and 30,131 unfeasible samples. Approximately 70% of the samples are randomly
selected as the training set, and the remaining samples constitute the test set.

The multi-task DSA model is trained based on the hybrid neural network. Each con-
volution channel includes two convolution layers and one pooling layer. The convolution
layer includes ten convolution cores with the size of 3. The number of neurons in the
single-layer neural network is the same as the dimensionality of an ELS scheme. The logical
judgment layer for each output is composed of two fully connected layers (100, 20). The
activation functions of all neurons are set as “ReLU” and the activation function of the
output layer is set as “Sigmoid.” A batch training strategy is adopted, and the batch size is
set to 100. The optimizer for adjusting model parameters is “Adam.” The default learning
rate is 0.001. Training epochs are set to 100. The callback function is adopted to save the
optimal DSA model. The evaluation performance of the model is described by the metrics
defined as Equation (12) to Equation (14).

The comparisons between hybrid neural network, single-layer neural network (ANN),
support vector machine (SVM), and decision tree (DT) are shown in Table 3. The hybrid
neural network has the best evaluation metrics in terms of accuracy, false alarm rate, and
missed alarm rate. Its evaluation accuracy reaches 98.67%. In contrast, the evaluation
accuracy of simple machine learning methods is low. It indicates that the traditional simple
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machine learning methods struggle to address the DSA problem considering operating
conditions and ELS schemes simultaneously.

Table 3. Performance metrics of DSA model based on different machine learning methods.

Methods Accuracy False Alarm Rate Missed Alarm Rate
Hybrid neural 98.67% 1.09% 1.83%
network
ANN 93.56% 5.97% 7.14%
SVM 89.00% 9.53% 13.20%
DT 86.77% 12.01% 15.05%

The generalization performance of the DSA model is important. A generalization
test on unlearned operating conditions, i.e., operating conditions not in the training set,
is further conducted. A total of 50,000 samples are divided into a training set and a test
set according to different generalization ratios of operating conditions. The generalization
ratio is equal to the number of operating conditions in the test set divided by the number of
operating conditions in the training set. The operating conditions in the training set and test
set are not overlapped. The variation of evaluation accuracy under different generalization
ratios is shown in Figure 8. Although the evaluation accuracy decreases with the increasing
of generalization ratio, the evaluation accuracy with the generalization ratio of 1:1 remains
more than 92%. It demonstrates that the DSA model based on hybrid neural network has
good generalization performance on unlearned operating conditions.
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Figure 8. Variation of evaluation accuracy of hybrid neural network under different ratios.

The trained hybrid neural network is adopted to assess the feasibility of particles dur-
ing the optimization process. The output ELS scheme is validated by TDS. The comparative
results with the PSO completely relying on TDS are shown in Figure 9. The results indicate
that both methods yield ELS schemes with nearly equivalent costs. Compared with Table 2,
the shedding loads at buses 13 and 16 are reduced to 0 MW, and the shedding load at
bus 15 is changed to 524 MW. Other shedding load power remains unchanged. Further
comparison of computational time is conducted. The PSO integrated with the hybrid neural
network can obtain the final ELS scheme within 0.63 s. In contrast, the PSO completely
depending on TDS requires 341 s to finish the optimization process. The optimization
efficiency is improved by approximately 541 times.

The optimization results on ten different operating conditions are further given in
Figure 10. The deviation between TDS and hybrid neural network is low. It demonstrates
that the proposed ELS optimization method has high adaptivity for operating conditions.

https://doi.org/10.3390/sym18010126
48



Symmetry 2026, 18, 126

24007
——e—— Time-domain simulation
23001 ——e—— Hybrid neural network
S
§ 2200¢
S
£ 2100}
o
O
20001 - P
1900 * : : 3 : : : : : !
0 3 6 9 12 15 18 21 24 27 30

Iteration

Figure 9. Solution processes of PSO with time-domain simulation and hybrid neural network.
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Figure 10. Optimization results on ten different operating conditions.

7. Conclusions

This paper proposes a hybrid model and data-driven ELS optimization method for
frequency security in receiving-end power grids, aiming to rapidly obtain a feasible and
high-quality ELS scheme. By integrating symmetric opposite learning and Tent chaotic
mapping into the PSO algorithm, the quality of the final ELS scheme can be significantly
boosted. A data-driven DSA model based on a hybrid neural network is constructed to
assess the feasibility of each candidate scheme, enhancing the optimization efficiency of ELS.
The time-domain simulation is adopted for validation in initialization and final outputs,
ensuring the feasibility of the final ELS scheme. The test results on a practical receiving-end
power grid demonstrate that the proposed optimization method can obtain the lowest-cost
and feasible ELS scheme within 0.7 s. The optimization efficiency is 541 times greater than
that of time-domain simulation.

In this paper, the ELS optimization is conducted for only one predicted operating
condition in the next dispatching cycle. Due to the uncertainty induced by renewable
generation, the number of predicted operating conditions in a long cycle may be more
than one. It is worth further studying an ELS optimization method adaptive for multiple
predicted operating conditions. Moreover, the ELS scheme needs to be updated online in a
rolling way. It requires coordination with fast and reliable data communication devices.
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Abstract

Renewable energy’s growing penetration erodes traditional power systems’ inherent dy-
namic symmetry—balanced inertia, damping, and frequency response. This paper proposes
a self-adaptive virtual synchronous generator (VSG) control strategy for a photovoltaic
hybrid energy storage system (PV-HESS) based on a radial basis function (RBF) neural net-
work. The strategy establishes a dynamic adjustment framework for inertia and damping
parameters via online learning, demonstrating enhanced system stability and robustness
compared to conventional VSG methods. In the structural design, the DC-side energy
storage system integrates a passive filter to decouple high- and low-frequency power com-
ponents, with the supercapacitor attenuating high-frequency power fluctuations and the
battery stabilizing low-frequency power variations. A small-signal model of the VSG active
power loop is developed, through which the parameter ranges for rotational inertia (/) and
damping coefficient (D) are determined by comprehensively considering the active loop
cutoff frequency, grid connection standards, stability margin, and frequency regulation
time. Building on this analysis, an adaptive parameter control strategy based on an RBF
neural network is proposed. Case studies show that under various conditions, the proposed
RBF strategy significantly outperforms conventional methods, enhancing key performance
metrics in stability and dynamic response by 16.98% to 70.37%.

Keywords: dynamic symmetry; PV-HES; VSG; RBF neural network; passive filter; frequency
deviation

1. Introduction

Driven by power electronics, rising renewable penetration accelerates the shift toward
distributed generation, critically reducing system inertia and damping and directly com-
promising transient stability. In high-renewable systems, insufficient inertia and damping
pose primary stability threats, as improper parameter coordination triggers sustained
oscillations or collapse. VSG technology addresses this by emulating inertia and damp-
ing characteristics, optimizing dynamic response in inverter-dominated grids through
symmetrical electrical-mechanical mapping, thereby restoring generation—grid interaction
symmetry and enhancing grid support capabilities, establishing VSG as the key enabler for
transient stability in modern power systems.

References [1-5] provide comprehensive reviews of VSGs, covering their mathematical
models, operational principles, research advancements, demonstration projects, and techni-
cal challenges. However, conventional VSG control strategies with fixed parameters exhibit
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limitations in complex and variable operating conditions. Studies [6,7] propose inertia-
damping coordinated adaptive algorithms that dynamically adjust control parameters
to improve frequency stability and response speed, addressing the rigidity of traditional
fixed-parameter approaches. Nevertheless, these algorithms lack sufficient experimental
validation in multi-source system environments with high renewable penetration. Re-
garding dynamic coupling mechanisms, reference [8] investigates voltage-frequency cou-
pling dynamics in VSG systems and establishes a unified small-signal model, providing
important theoretical foundations for system analysis. However, it does not address
the coordinated frequency regulation mechanism between energy storage systems and
VSGs under low-inertia conditions, thereby limiting its theoretical guidance for integrated
“storage-VSG” frequency regulation system design. In terms of transient stability, while
references [9-12] enhance the transient stability of the system from perspectives such as
synchronization preservation under severe faults, adaptive parameter optimization, reac-
tive power—frequency coupling control, and multi-objective coordinated control, they lack
a systematic analysis of dynamic performance under frequent, small-magnitude power
fluctuations caused by renewable intermittency. Existing research highlights two key
challenges in VSG-based systems under low inertia and high volatility: First, current
dynamic coupling models inadequately guide energy storage coordination, especially
in heterogeneous multi-storage systems; Second, a systematic approach for dynamic pa-
rameter tuning and effective storage support is lacking, hindering coordinated power
sharing and stability. This gap reflects a disconnect between control theory and practical
“source-storage—grid” interactions.

Under this context, coordinated control of energy storage systems with VSGs has
emerged as a pivotal strategy. References [13-15] focus on coordinated control incor-
porating energy storage physical constraints and optimal configuration considerations,
effectively addressing the parameter design problem considering practical engineering
limitations. Reference [16] establishes an islanded microgrid model containing diesel gener-
ators, photovoltaic arrays, and energy storage systems, proposing a cascade control method
combining droop control with VSG techniques that uses battery energy storage to estimate
active power for frequency fluctuation suppression. Reference [17] introduces an adaptive
VSG characteristic and state-of-charge coordinated control strategy for primary frequency
regulation in PV-HESS, solving the coordination problem between virtual inertia and ac-
tual energy storage state. Reference [18] presents a decentralized adaptive coordinated
control strategy based on VSGs that adaptively adjusts droop characteristics, enabling
local controllers to automatically switch operation modes according to inverter ratings,
photovoltaic maximum output, and battery charge/discharge limits, effectively solving the
power distribution optimization problem.

References [19-21] propose improved virtual synchronous control strategies to en-
hance photovoltaic system stability and response capabilities in microgrids, providing
solutions for renewable energy integration reliability. Reference [22] develops a virtual iner-
tia control strategy based on bidirectional grid-connected converters (BGCs) that enhances
DC microgrid (DC-MG) inertia while employing DC output current feedforward distur-
bance suppression methods, addressing DC system stability challenges. Studies [23,24]
focus on off-grid diesel generator microgrids, designing VSG control strategies based
on real-time parameter optimization by simulating inertia and damping characteristics
through energy storage inverters, effectively suppressing frequency fluctuations in isolated
systems. Reference [25] proposes an adaptive neural predictive control (ANPC) scheme
for ultrabattery energy storage systems (UBESSs) in autonomous wind-diesel power sys-
tems, enhancing operational stability through VSGs behavior emulation and real-time
parameter optimization. Reference [26] introduces a neural-network-based adaptive VSG

https://doi.org/10.3390/sym18010070
53



Symmetry 2026, 18,70

control strategy that tunes virtual inertia by learning the nonlinear relationship between
inertia and angular velocity, thereby effectively damping power oscillations. Reference [27]
presents a three-phase grid-connected inverter control method using adaptive dynamic
programming (ADP), achieving adaptive optimal control through value iteration strategies
while incorporating virtual impedance to enhance system stability.

To address system inertia reduction and frequency stability issues caused by high
photovoltaic penetration, this study proposes a PV-HESS based on an improved VSG
control strategy. This strategy employs an adaptive RBF neural network to dynamically
optimize system inertia and damping parameters. A simulation model was developed in
Simulink to validate the approach. Results demonstrate that hybrid energy storage units
can actively participate in grid frequency regulation and power support under complex
operating conditions such as irradiance fluctuations. Compared to traditional methods, the
RBF neural network-based VSG control strategy exhibits faster response, smaller overshoot,
and weaker DC-side disturbances. These improvements significantly enhance the stability
and robustness of PV-energy storage systems.

The remainder of this paper is organized as follows: Section 2 describes the PV-HESS
structure. Section 3 presents the modeling of VSG. Section 4 proposes an adaptive RBF-
based ] and D parameter optimization. Section 5 validates the strategy through specific
operational scenarios. Section 6 summarizes key findings and future research directions.

2. Model of PV-HESS
2.1. PV-HESS Structure

The DC side of the PV-HESS consists of a photovoltaic array, energy storage system,
boost converter, and bidirectional DC/DC converter connected to the DC bus, as shown
in Figure 1. This DC structure is linked to loads and the grid through a DC/AC inverter
and filter circuit. The actual voltage and current of the PV array are denoted as Upy and
ipv, respectively. Uy, represents the reference voltage at the PV array’s maximum power
point. The DC bus voltage is labeled as 14, with the DC bus capacitor marked as Cg4. In
the grid-side LCL filter circuit, C¢, R¢, and L¢ correspond to the filter capacitor, resistor, and
inductor, respectively. Rg and Lg represent the equivalent resistance and inductance on the

A3
1]

: VSG Control
| Algorithm

grid side.

G T

Bidirectional Buck-Boost
L o B B R SR U et OV e e Ty g o, e s

Figure 1. Structure of PV-HESS-VSG integrated system.

The power relationship on the DC side of the system is expressed by Equation (1):

Pqc :PpV+Phess 1)
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where Ppy denotes the power supplied by the PV modules to the system. P4 represents the
power required to maintain DC bus voltage stability. Ppess denotes the power absorbed or
delivered by the hybrid energy storage system during the charging and discharging process.
The HESS consists of a battery and a supercapacitor, which are functionally com-
plementary. The battery primarily supplies base-load power to meet sustained energy
demands, while the supercapacitor responds to transient power fluctuations due to its high
power density and fast dynamic response. The power balance within the HESS is given by

Equation (2):
Phess = Ppat + Psc ()

where Py, and P are the battery and supercapacitor power, respectively, defined as
positive during discharging and negative during charging.
Integrating Equations (1) and (2) gives:

Pdc:PpV+Phess:PpV+Pbat+PSC (3)

2.2. Constant DC Bus Voltage Control Model

The effective current on the DC bus, denoted as 74, can be expressed as:

) du
Ide = Cdc Tdc (4)

The power Py, required to maintain DC bus voltage stability can be expressed as:

dudc
dt

©)

Pdc = Cdcudc

When the actual DC bus voltage 14, is lower than the reference voltage uqcref, the PI
controller outputs a positive ig..f, indicating that the DC bus capacitor requires charging.
Conversely, if 14. exceeds ugcref, the PI controller generates a negative iqqref, signaling the
capacitor to discharge. The reference power Py, which represents the power absorbed
or delivered by the DC bus capacitor to maintain voltage stability, is calculated from igcref
and uge.

2.3. Hybrid Energy Storage Power Allocation Strategies

The power allocation between the battery and the supercapacitor is realized through
a low-pass filter (LPF). Based on the respective characteristics of the battery and superca-
pacitor, the battery handles the low-frequency components of power variations, while the
supercapacitor manages the high-frequency power fluctuations. The transfer function of
the first-order low-pass filter is given by:

- 1
14 Ts

H(s) ©6)
where T denotes the time constant of the filter, and s represents the differential operator.
Based on the power balance equations of the DC system units and the operational prin-
ciple of the LPF, the power distribution strategy between the battery and the supercapacitor
is implemented as shown in Figure 2.
The power borne by the hybrid energy storage system is obtained according to Equation (7):

Phess:Pbat+Psc:Pdc_va ()

https://doi.org/10.3390/sym18010070
55



Symmetry 2026, 18,70

The power Py assumed by the hybrid energy storage system is passed through a
LPF to obtain a smoothed portion, which is used as the battery reference power command
Ppatret, as shown in Equation (8):

1
Pbatref = ﬁ Phess (8)

where the filtering time constant T can be determined according to the frequency band in
which the battery needs to flatten the power fluctuation. And the supercapacitor reference
power command Pgf is shown in Equation (9):

Ts
P, scref — b hess — b batref — ﬁp hess (9)

f AR ) PR
hess = bairef “batref

) N Low-pass
Pac @ Filter Vit
+

Poa
o = Pscref I
1/u
+

Figure 2. Power distribution diagram of the energy storage system.
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3. VSG Control Strategy
3.1. Conventional VSG Control Strategy

The active power control of VSG emulates the active-power-frequency characteristics
of SGs. Virtual mechanical power is generated by simulating the rotor mechanical equations,
as shown in Equations (10) and (11). The reactive power control follows the excitation
regulation characteristics of SGs. This control strategy utilizes the reactive power-voltage
relationship to maintain voltage stability in the system, as expressed in Equation (12).

P — Pe = Jwy % + Dwo(w — w)
{ 0= f(cu—wo)dtt (10)
P = ref — Kp(w - (Uo) (11)
E = Eot o [Quet — Q + Ko (U ~ U] (12)

The control strategy comprises two functionally symmetrical blocks. The active power
control block emulates the active power-frequency characteristics of SGs by simulating
the rotor’s mechanical equations, as detailed in Equations (10) and (11). Similarly, the
reactive power control block replicates the excitation regulation characteristics using the
reactive power-voltage relationship, formulated in Equation (12), to maintain voltage
stability. This architectural symmetry, where both loops emulate the corresponding physical
laws of SGs and utilize structurally analogous proportional feedback, simplifies multi-
variable coordination and enhances system robustness. Based on these equations, the
structural diagrams for active power-frequency and reactive power—voltage interactions
are established and illustrated in Figure 3a and Figure 3b, respectively.

3.2. Small Signal Analysis of VSG

The VSG in the grid-connected inverter system topology as shown in Figure 1 is treated
as an ideal voltage source. The grid-connected model is simplified. The equivalent circuit
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of VSG in grid-connected mode is shown in Figure 4. E and U denote the inverter output
voltage and grid voltage, respectively. R and L represent the combined filter impedance
and grid-connected line resistance and inductance of the inverter. A small-signal analysis
is performed to evaluate the influence of virtual inertia and virtual damping parameters on
the VSG output response.

]

Figure 3. Schematic diagram of active and reactive power control: (a) VSG active-frequency control
structure diagram; (b) VSG reactive power-voltage control structure diagram.

R joL

1
—_

EZO UZ0°

Figure 4. Equivalent circuit in phasor domain for VSG grid-connected operation.

Based on the circuit configuration in Figure 4 and the principles of power transmission,
the VSG operates in coordination with the grid. Assuming a symmetric three-phase grid
voltage with balanced amplitude and 120° phase separation, the active power transfer can
be simplified to a single-phase equivalent model, as given by Equation (13). This ensures
uniform virtual inertia and damping action across all phases:

_ EUcos(5—0) U?cosb

- (13)

p
Z Z

where Z and J are as shown in Equations (14) and (15):

7 =1/R2+ (wL)? (14)

b = arctan(wL/R) (15)

According to the rotor motion equation and the VSG active power-frequency droop
equation, and using the small-signal modeling approach for approximation with reference
to paper [20], the active closed-loop transfer function of the VSG is given by Equation (16).

Pout(s) Ty 7
Gls) = Pom(s) T 2. (D leg Z 1 EU (16)
ref s+ (T + ﬁ s+ WT
The active-frequency link open-loop transfer function is shown in Equation (17):
EU
Go(s) “ (17)

~ Jwys? + (Dwp + Kp)s
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The active power closed-loop transfer function Go(s) reveals that the VSG system exhibits
second-order dynamics. Based on the standard second-order system model, the natural oscilla-
tion angular frequency wy and damping ratio ¢ of VSG are demonstrated in Equation (18):

w. — [ E
n JwoZ (18)
- Z Z

& =D\/41kn + Ko/ ajacrn

Figure 5 presents the root locus of the active power loop under varying | and D param-
eters. When | is constant: increasing D shifts the complex conjugate poles toward the real
axis, which elevates the damping ratio §. This suppresses overshoot and enhances dynamic
stability. However, the increased pole real part slows the system response. Exceeding
the critical D value drives the system into overdamped states, where the settling time is
dominated by the real pole near the imaginary axis, potentially prolonging the regulation
duration. When D is constant: increasing | moves the conjugate poles toward the imaginary
axis, reducing ¢. This lowers oscillation frequency, increases overshoot, and degrades
stability. In extreme cases, the poles approaching the imaginary axis may render the system
marginally stable or even divergent.
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Figure 5. Pole distribution of VSG active power system when | and D change.

Figure 6a demonstrates that when the virtual inertia parameter | is fixed at 0.2, in-
creasing the damping coefficient D gradually reduces the rising speed of the system step
response. The active power overshoot significantly decreases, and the oscillation amplitude
diminishes. The overall settling time shortens. This phenomenon arises because higher
D values enhance the damping ratio §, strengthening the system’s ability to dissipate
oscillation energy. This mechanism effectively suppresses power oscillations. Peak power
trends marked by red arrows further indicate that at low D values, the response curve
exhibits noticeable oscillations after the peak. However, with increased D, both oscillation
amplitude and frequency are substantially mitigated.

Figure 6b demonstrates that when the damping coefficient D is fixed at 10, increasing
the virtual inertia parameter | gradually reduces the rising speed of the system response.
However, the active power overshoot increases, and the oscillation amplitude significantly
rises. This leads to intensified transient fluctuations before reaching steady state, prolong-
ing the settling time. Peak power trends marked by red arrows indicate that at low | values,
the response curve decays rapidly after the peak with minimal oscillation amplitude and
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short settling time. When | increases, the rising phase response slows down, accompanied
by sustained and pronounced oscillations. Both oscillation amplitude and settling time in-
crease substantially. This behavior arises from the enhanced system inertia caused by higher
J values, which decelerates dynamic response and intensifies oscillation characteristics.

12 +
- - e
e~ : =
§ 81 | Damping coefficient &; Rotational inertia
2 6l ] increases 3 increases
o ¥ (]
2 i 2
S 4l I3}
< 4 <
2 L
1 1.1 1.2 13 14 15 16 1.7 1 1.1 1.2 13 14 15 16 1.7
t/s t/s
——D=0N-s/m = D=15N-s/m —— ~lokgm? e J=0.4 kg-m’
D=75N-'s/m  =-== D=22.5N's/m J=0.7kg'm* === J=0.1 kg'm?

(a) (b)

Figure 6. Active power step response curve with different parameters: (a) ] = 0.2, different D
corresponds to the step response; (b) D = 10, different | corresponds to the step response.

The interplay between | and D reflects a symmetrical trade-off: a large | enhances
disturbance rejection but slows the response, while a small D permits oscillation and
overshoot. Adjusting D suppresses transients at the cost of rise speed, whereas increasing |
slows dynamics and amplifies overshoot. Thus, an optimal ] and D pair achieves temporal
symmetry in the step response by proportionally balancing the rise time, peak time, and
settling time, which together minimize both undershoot and overshoot.

3.3. VSG Parameter Tuning

To ensure system stability, relevant parameters must be adjusted within appropriate
ranges. This section discusses the selection of inertia and damping coefficients from four
aspects: cutoff frequency, grid connection standards, stability margins, and frequency
adjustment time.

K}, serves as the primary frequency regulation coefficient, characterizing the capability
and response characteristics of VSG participating in primary frequency regulation. It
quantifies the power support magnitude under unit frequency deviation. Equation (19) is
employed in this study for its quantification:

Srate
pr— pr— .4 1
P 1%awg 643 (19)

where Syate denotes the rated capacity of the VSG and 1% w( denotes the 1% deviation of
the system angular frequency.

Based on the open-loop transfer function G, (s) of the active power loop, the conditions
for the active frequency loop at the cutoff frequency f. are derived and presented in
Equation (20):

|Go(j2rtfc)|

EU 1
U

_ . —1 (20)
el [(Jeoy2mfe)? + (Dawo + Kp)?
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Further derivation yields the inertia | as shown in Equation (21):

= Dwo + Kp Ed
- 2mwofe 2ntfe(Dwo + Kp)

To ensure the moment of inertia | has a clear physical meaning, its expression must

2
-1 (21)

be valid and non-zero. Additionally the expression inside the square root must be greater
than zero. This determines the maximum cutoff frequency fcmax as Equation (22):

%
= Z 22
femax 2rt(Dwy + Kp) 22)

Then the range of values of the cutoff frequency f. is shown in Equation (23):

EU

fe 2 GBS fen (23)
The standard [28] mandates the restriction of dynamic coupling effects in power sys-
tems. To achieve this, the frequency-domain decoupling control principle is employed,
which imposes a key constraint: the maximum cutoff frequency of the power-voltage
dual-loop control must satisfy femax < 0.1 x 2fg. The purpose of this constraint is to limit
the bandwidth to 10% of the second harmonic frequency, thereby suppressing dynamic
coupling between the power and voltage loops. Consequently, for a typical 50 Hz grid,
this establishes a design boundary of fcmax = 10 Hz. Applying this boundary, a param-
eter boundary analysis then yields the critical minimum damping coefficient Dy, as

formulated in Equation (24):

% - 27TKp femax

D > Dpin =
- oo 27“‘)0 fcmax

~11.2 (24)

In addition, according to the standard [29], when the frequency changes by 1 Hz, the
active power output of the inverter should vary from 40-100% of the rated capacity to
provide power support:

At AP AP

~ (25)

D= = ~
Awmax WAWmax WoAWmax

where AT is the torque variation; Awmay is the maximum angular frequency variation; AP is
the active power variation; wy is the rated angular frequency; and w is the angular frequency.

According to the design requirements of system stability in the automatic control
principle, the steady-state parameters of the virtual inertia | need to satisfy the phase
margin and magnitude margin constraints at the same time: the typical design range of the
phase margin -y should be controlled at (30°, 80°), and the magnitude margin needs to be
kept strictly positive.

Also from the open-loop transfer function G, (s), the phase at the cutoff frequency w,
(wc = 27f ) can be expressed as Equation (26):

‘ X (Jwgw?)® + (Dw + Kp)?w?

The phase margin 7y can be obtained as shown in Equation (27):

Dwg + K
y = arctanﬁ,y € [30°, 80°] (27)
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Further derivation leads to Equation (28):
> tany (28)

In this paper, v = 45° is selected as the design basis, under which the virtual inertia |
is derived to satisfy Equation (29):

Dw K
P
o wWwoWc

oty (29)

Since the regulation time of the system is closely related to the position of the closed-loop
pole. Specifically, when the closed-loop pole is farther away from the imaginary axis, the
regulation time of the system will be shorter. Therefore, in order to meet the requirement of
fast response, the closed-loop pole of the system needs to be configured at a position farther
away from the imaginary axis, and the detailed derivation is shown in Equation (30):

D(/J() +KP <

AT ~15 (30)

Re(sj) = —wnl = —
Based on the above calculations and analysis, the moment of inertia J falls within the
interval (0.045, 0.65]. The damping coefficient D lies within the range [11.2, 26.7].

4. RBF Neural Network-Based Control Strategy

RBF neural networks exhibit a compact structure and strong generalization capability.
They efficiently handle complex nonlinear mappings between parameters and frequency.
These properties make them suitable for VSG controller parameter tuning. They support
both fast response and nonlinear optimization requirements.

Figure 7 shows the input-output structure of the RBF neural network. The two inputs
correspond to the angular frequency variation Aw and its rate of change dw/dt in the
VSG. The two output nodes represent the virtual inertia | and damping coefficient D. Since
inertia cannot be negative in physical systems, a sigmoid activation function is applied at
the output layer. The parameters j, i, and I denote the number of nodes in the input, hidden,
and output layers, respectively. To cover the input space while maintaining computational
efficiency and generalization capability, the hidden layer contains 5 neurons. The RBF
neural network adopts a 2-5-1 structure.

For clarity, variables in the equations are denoted with superscripts (1), (2), and (3) to
represent the input layer, hidden layer, and output layer, respectively. As shown in Figure 7,
the neural network inputs are defined as the change in angular frequency and its rate of
change. The output of the input layer is expressed as Equation (36):

qU:%J:LZ (31)

where x1 = w — wy = Aw, x = dw/dt, and Oj(l) corresponds to the output function of the
input layer.

The input to the hidden layer is:
neti(z)(k) =Xx,X = [xl,xz]T (32)

@)

The output of the hidden layer is:

where net;” (K) is the input function of the neural network.

0% (k) = g(net'? (k)),i=1,2,...,5 (33)
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where Oi(z) (k) is the output function of the implicit layer and g(x) is the Gaussian function:

o=
| -G

g =125 (34)

8(x) = exp(—
where b; is the width vector of the Gaussian function and ¢; is the center vector of the ith
hidden layer neuron. The Gaussian basis function g(x) exhibits radial symmetry about its
center c¢j, meaning its output depends solely on the Euclidean distance between input vector
x and ¢;, not on the direction of deviation. This inherent symmetry ensures that the RBF
network treats bidirectional dynamic perturbations, such as positive/negative frequency
deviations (Aw) and acceleration/deceleration (dw/dt), in a balanced and unbiased manner,
thereby preserving input-output symmetry in adaptive parameter tuning.

.d,, do/dt |
dr RBF neural l

Aw network
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Figure 7. Adaptive control structure for VSG system based on RBF neural network.

The input to the output layer of the neural network is:
@) — v @ o®

net;™ (k) = } w077 (k) (35)
i=1

@
1
The virtual inertia | as the output of the output layer can be expressed as:

where w.™ is the weights of the RBF neural network.

J=00) (k) = f(net™ (k) (36)

The output function of the neural network is taken as:

X

f) = 77= (37)

CeY e

where u is the upper limit of the rotational inertia.
The performance evaluation function of this NN is:

E(k) = = (wo(k) — w(k))? (38)

N~
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The gradient descent method is used to adjust the weights in the hidden layer, while
the inertia link is introduced to accelerate the convergence rate of the algorithm, and the
weights can be expressed as:

+adw® (k- 1) (39)

1

aw® (k) = —n

where 1 and «, respectively, represent the learning rate and inertia coefficient.

The algorithm flow of the proposed control strategy is illustrated in Figure 8. The
single inertia parameter adaptive control strategy discussed previously fails to account for
the coupling relationship between the damping coefficient and system power-frequency
oscillations. A theoretical analysis is subsequently conducted to determine the optimal
damping ratio . This parameter optimization aims to enhance the dynamic response
characteristics of the second-order system.
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Figure 8. Flowchart of RBF algorithm.

In the typical second-order system, Equation (18) reveals the coupling relationship among
inertia parameter J, damping coefficient D, and damping ratio ¢. When the damping ratio
remains fixed, the damping coefficient D can be determined based on the inertia parameter J.

The analysis of the VSG active power loop small-signal model demonstrates inherent
trade-offs among system dynamic performance indicators: overshoot magnitude, settling
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time, and response speed cannot be simultaneously optimized through single parameter
tuning. In conventional VSG control frameworks, inertia parameter | and damping coef-
ficient D exhibit strong coupling effects. This nonlinear parameter interaction prevents
independent regulation strategies from achieving both overshoot suppression and rapid re-
sponse requirements. Considering the fundamental constraint of limited overload capacity
in power electronic devices, this study establishes a tuning principle prioritizing overshoot
suppression over response speed optimization. Consequently, a damping ratio ¢ value of
0.75 is selected as the design reference.

In summary, the proposed RBF-VSG control topology is shown in Figure 9. The system
operates as follows. First, active power P and reactive power Q are measured at the point
of common coupling. These measurements are used together with active power—frequency
and reactive power—voltage control schemes. The mechanical power Py, reference voltage
magnitude E, and phase angle 8 are then computed.

PV—HSS DC/AC LCL filter circuit
By )
- T [
Udc

Measurement

jd" dew/dr U 1
e -
de RBF neural

Aw network P-f droop control

1 1
1 1
i i
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Figure 9. VSG control structure of PV-HESS based on RBF neural network.

Secondly, the VSG controller transmits the angular frequency w and the angular
frequency change rate dw/dt to the RBF neural network, which calculates the error results
according to the current inputs Aw and dw/dt by substituting them into the evaluation
function and adjusts the size of the weights in the implicit layer, and then calculates the
rotational inertia and damping coefficient at this time.

The adjusted rotational inertia and damping coefficients are reapplied to the VSG
controller, and the updated controller sends the frequency signal at this moment to the
integration link to obtain the phase angle 6. Finally, the output voltage amplitude E and
phase angle 6 generate a reference voltage to produce a modulating signal through the
voltage-current control loop, which is sent to the PWM signal generator to produce a pulse
signal to control the DC-AC converter.

https://doi.org/10.3390/sym18010070
64



Symmetry 2026, 18,70

5. Case Study

To verify the operational safety and control stability of the proposed PV-HESS under
environmental variations and grid disturbances, a simulation model was developed in
MATLAB/Simulink. A series of test scenarios were designed to evaluate the effectiveness
of the proposed control strategy. Through calculation and tuning, the system simulation
parameters are as shown in Table 1:

Table 1. Configuration table of system simulation parameters.

Definition Parameter Parameter Value
DC Bus Voltage Uge 750 V
Grid Voltage Ug 380V
Grid Angular Frequency wg 314 rad/s
Filter Inductance L¢ 0.7 mH
Filter Capacitance Cs 2250 uF
Learning Rate n 0.65
Inertia Coefficient « 0.05
Carrier Frequency fe 10,000 Hz

In subsequent cases, this study compares the performance of the RBF neural network-
based VSG algorithm with that of the conventional fixed parameter VSG algorithm in
the system. The piecewise linear parameter adaptive algorithm is also introduced for
comparison. This algorithm is referred to as the linear algorithm. The specific expressions
are given by Equations (40) and (41):

Jo Aw(dw/dt) <0
J=9 Jo |dw/dt] < T (40)
Jo+Kj |dw/dt|  Aw(dw/dt) >0N|dw/dt| > T

Dy Aw(dw/dt) > 0
D = Dy |dw/dt\ < T4 (41)
Dy + K4|Aw| Aw(dw/dt) <0N|dw/dt| > Ty

where ]y and Dy are the value of rotational inertia and damping coefficient when the VSG
is in stable operation, respectively; K; and K are the adjustment coefficients of rotational
inertia and damping coefficient, respectively; and Tj and T4 are the change thresholds.
Based on the theoretical calculations, the specific parameter values are listed in Table 2.

Table 2. Configuration table of linear algorithm parameters.

Definition Parameter Parameter Value

Inertia Adjustment

Coefficient K; 0.025 Kg-m?-s?-rad !
Damping Adjustment Coefficient Kq 2.35 (N's)-m~!.rad !
Inertia Threshold T; 1.125 rad-s—2
Damping Threshold T4 0.84 rad-s—2
Initial Inertia Value Jo 0.28 Kg-m?
Initial Damping Value Dy 21.6 (N-s)/m

5.1. Verification of Steady State Power Balance Characteristics

Case 1: The total simulation duration is 2 s. The grid-side active power reference is set
to 15 kW, the reactive power reference is 0, and the frequency reference is 50 Hz. At 1 s, the
solar irradiance increases from 800 W/m? to 1000 W/m?, and simultaneously the grid-side
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active power reference steps up from 15 kW to 20 kW and remains constant. At 1.5 s, the
solar irradiance decreases back to 800 W/m?.

Figure 10 shows that from 0.5 s to 1 s, the photovoltaic output is 7 kW, the battery
output is 8 kW, and the inverter output is 15 kW. The system operates stably during
this period. At 1 s, solar irradiance increases, raising the photovoltaic output to 10 kW.
Simultaneously, the inverter power reference steps up to 20 kW, creating a power deficit.
The energy storage system responds automatically. The battery handles low frequency
fluctuations, increasing its output to 10 kW. The supercapacitor provides fast response
to high frequency fluctuations, reducing stress on the battery. At 1.5 s, solar irradiance
decreases, causing the photovoltaic output to drop back to 7 kW. The inverter power
reference remains at 20 kW, further increasing the power deficit. The energy storage system
compensates by increasing its output. The battery output rises to 13 kW to manage low
frequency fluctuations. The supercapacitor maintains power stability through rapid charge
and discharge to address high frequency fluctuations.
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Figure 10. Output power of each component in the PV-HESS: (a) Photovoltaic output power;
(b) Supercapacitor output power; (c) Battery output power; (d) Converter output power.

5.2. Transient Power Impact Response Verification

Case 1 verifies the system’s steady-state power balance capability. To investigate the
dynamic impact of grid-side power fluctuations, Case 2 is designed. Grid-side power
fluctuations are introduced in Case 2. The effects on the DC side and grid side are analyzed.
System response characteristics are also evaluated.

Case 2 details are as follows: The simulation duration is 2 s. The frequency remains
constant at 50 Hz. The irradiance is maintained at 1000 W /m?. The photovoltaic output
remains steady at 10 kW. The grid-side active power command steps up from 15 kW to
20 kW at 1 s. Reactive power is kept at 0.

5.2.1. Analysis of Hybrid Energy Storage System Power Response

The analysis of Case 1 shows that the hybrid energy storage system needs to increase
its output to compensate for the power deficit. The output power rises from the original
5 kW to 10 kW. The battery power increases from 5 kW to 10 kW during this process.
However, the dynamic response and stability performance of the three control methods
show distinct differences.

The battery output power under different control strategies is shown in Figure 11.
The fixed parameter method exhibits the most significant power fluctuations. The peak
power reaches 11,276 W. The overshoot is 12.76%. The output continues to oscillate after
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returning to the steady-state value. This indicates poor system stability. In contrast, the
linear control algorithm achieves a peak power of 10,986 W. The overshoot is 9.86%. The
oscillation amplitude decreases significantly after stabilization. The stability performance
is notably better than the fixed parameter method. The RBF neural network algorithm
demonstrates the best performance. It has the shortest adjustment time. The overshoot
is nearly zero. The output stabilizes at 10,732 W. The overshoot is 7.32%. The dynamic
response curve is smooth. Power fluctuations are almost negligible. The comparison results
demonstrate that the RBF neural network algorithm enhances battery output power. It also
ensures better system stability and dynamic response performance. This makes it a more
ideal control strategy.
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Figure 11. Battery output power under different control strategies: (a) Battery output power under
fixed parameters; (b) Battery output power under linear algorithm; (c) Battery output power under
the RBF algorithm.

Figure 12 compares the supercapacitor output power under different control strategies.
The supercapacitor only exhibits significant power fluctuations during abrupt changes
in power commands, demonstrating its role in mitigating power shocks and protecting
the battery. The dynamic responses of three control methods are characterized as follows:
The fixed-parameter method shows the largest fluctuations with peak power reaching
2488 W, accompanied by severe oscillations during steady-state recovery. The linear control
algorithm achieves slightly lower peak power at 2483 W with reduced oscillation amplitude
compared to the fixed-parameter method. The RBF algorithm demonstrates superior
performance with peak power further reduced to 2363 W and negligible oscillations during
transient recovery. These results confirm that the RBF algorithm effectively suppresses
power fluctuations and delivers the best dynamic response. The comparative analysis
indicates that the RBF algorithm can better handle grid-side power variations, thereby
minimizing disturbances to the DC-side energy storage system and significantly enhancing
overall system efficiency and reliability.
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Figure 12. Supercapacitor output power under different control strategies: (a) Supercapacitor
output power under fixed parameters; (b) Supercapacitor output power under linear algorithm;
(c) Supercapacitor output power under the RBF algorithm.

5.2.2. Analysis of Fluctuations in DC Bus Voltage

The DC bus voltage fluctuations under different control strategies are shown in
Figure 13. During the steady state operation of the system, the DC bus voltage is maintained
stably at 750 V. When the step surge of the grid-side power occurs at the moment of 1
s, the DC bus voltage will fall instantaneously, and the dynamic response characteristics
of different parameter regulation methods show significant differences. Under fixed-
parameter control, the voltage drops to 736.77 V at the lowest level, and there are many
oscillations during the recovery process, which reveals that the fixed-parameter control
has insufficient dynamic regulation capability and cannot effectively suppress the voltage
fluctuations. The linear parameter adaptive control raises the minimum voltage to 737.48 V,
which is a slight improvement over the fixed parameter. In contrast, the RBF parameter
adaptive control shows optimal performance, and the minimum voltage value only drops
to 739.17 V, with the smallest fluctuation.

5.2.3. Analysis of Three-Phase Currents on the Grid Side of AC Power Systems

Figure 14 compares grid current fluctuations under different control strategies. Simu-
lation results demonstrate that traditional fixed-parameter control causes significant surge
current spikes in grid-side three-phase currents during active power step change cases.
The peak surge current reaches 48 A with current overshoot lasting approximately 0.2 s,
revealing limitations in conventional VSG control strategies caused by fixed virtual inertia
and damping parameters, which prevent the system from adapting flexibly and rapidly to
dynamically changing operating conditions. The linear algorithm reduces peak current
to 47 A and shortens overshoot duration to 0.15 s, indicating preliminary effectiveness of
parameter self-tuning strategies, though transient characteristics remain partially unmiti-
gated. The proposed RBF algorithm achieves superior performance by restricting surge
current peaks below 45 A and compressing overshoot duration to 0.1 s. This demonstrates
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the RBF algorithm'’s capability to effectively suppress transient current disturbances while

maintaining system stability.
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Figure 13. Comparison of DC bus voltage fluctuations under different control strategies: (a) Overview
of DC bus voltage fluctuations; (b) Comparison of fixed parameters and linear algorithm; (c) Compar-
ison of fixed parameters and RBF algorithm; (d) Comparison of linear algorithm and RBF algorithm.

5.3. Frequency-Power Regulation Performance Verification

Case 2 establishes the impact of grid power transients on the DC-side stability. Case 3
subsequently focuses on evaluating the dynamic regulation capability of the grid-side
inverter. Given the clarity of DC-side power response characteristics from Case 2, this case
specifically investigates the inverter’s dynamic response performance during grid power
and frequency adjustment processes.

Case 3 includes two subcases. Case 3a: Step changes in inverter active power com-
mands induce system supply—demand mismatches. Case 3b: Grid-side frequency perturba-

tions lead to system fluctuations.

5.3.1. Power Supply—Demand Imbalance

Case 3a: The grid-side active power command undergoes a step in 1 s, from 15 kW to
20 kW.

As shown in Figure 15, fixed-parameter control achieves a frequency regulation time
of 0.207 s, an overshoot of 0.0784 Hz, and an offset of 0.0961 Hz, while power regula-
tion reaches 0.514 s, 2037.4 W, and 2885 W, respectively. The linear algorithm reduces
frequency regulation time to 0.203 s, lowers overshoot to 0.0731 Hz, and narrows the offset
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to 0.0889 Hz; for power regulation, it decreases the time to 0.351 s, reduces overshoot to
1574.2 W, and shrinks the offset to 2123.1 W. Further adoption of the RBF algorithm short-
ens frequency regulation time to 0.192 s (compared to 0.203 s with the linear algorithm),
lowers overshoot to 0.0615 Hz, and narrows the offset to 0.0779 Hz. Concurrently, power
regulation time is reduced to 0.257 s, overshoot drops to 964.4 W, and the offset decreases
to 1170.1 W, demonstrating consistent improvements over the linear algorithm.
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Figure 14. Grid current under different control strategies: (a) Fixed parameters; (b) Linear algorithm;
(c) RBF algorithm.

The detailed data for Figure 15 are presented in Table 3. Under conditions of power
supply—demand imbalance, the RBF algorithm simultaneously reduces both frequency
and power overshoot, shortens the settling time, and minimizes the fluctuation ranges
of frequency and power compared to fixed-parameter and linear algorithms. Specifically,
under power imbalance conditions, in response to system power mismatch, the RBF
algorithm achieves improvements of 52.7%, 50.1%, and 59.4% in power overshoot, settling
time, and power fluctuation range, respectively, compared to the fixed-parameter algorithm.
When compared to the linear algorithm, the corresponding improvements are 39.1%, 26.8%,
and 44.9%. These results demonstrate that the RBF algorithm, through dynamic adaptive
adjustment of control parameters, significantly suppresses power overshoot, considerably
shortens settling time, and effectively narrows power fluctuation range. Its advantage
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in suppressing power fluctuations is particularly prominent, fully demonstrating the
superior performance of the RBF neural network in optimizing the dynamic response of
nonlinear systems.
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Figure 15. Comparison of frequency and power fluctuations under different control strategies during
power supply—demand imbalance: (a) Comparison of frequency fluctuations; (b) Comparison of
power fluctuations.

Table 3. Frequency and power response performance metrics for different control strategies under
power supply-demand imbalance.

Fixed Parameters Linear Algorithm RBF Algorithm

Frequency

Overshoot/Hz 0.078 0.073 0.062
Setlif;qgu;ﬁi /s 0.207 0.203 0.192
Fluctula::;c?rlll g:il}ige /Hz 0.096 0.089 0.078
Ovei?l‘(/)vc?:/kw 2.037 1574 0.964
SettliIr)lct)gVYFei;e /s 0.514 0.351 0.257
FluctuatilZ)i“IIf;nge /KW 2.885 2123 1.170

Figure 16a,b present the dynamic adjustment characteristics of rotational inertia | and
damping coefficient D under power supply—demand imbalance. In the conventional VSG
control strategy, ] and D remain constant at 0.25 and 21, respectively, lacking adaptive
capability to system dynamics. In the linear adaptive algorithm, rotational inertia J is
adjusted only when power fluctuates drastically and the rate of change in electrical angular
frequency dw/dt exceeds a critical threshold, with its peak value reaching 0.8. This value
exceeds the previously determined optimal range of (0.045, 0.65], reflecting the algorithm'’s
insufficient adaptability. When the fluctuation does not meet the condition, | remains stable
at 0.28. The adjustment of the damping coefficient D is highly dependent on the electrical
angular frequency deviation Aw, resulting in a relatively slow response speed.

In contrast, the RBF algorithm demonstrates superior dynamic response: when fre-
quency fluctuations occur, | exhibits a brief delay but quickly activates and continuously
optimizes to effectively suppress system oscillations. Throughout the adjustment process,
the values of | and D are strictly confined within the optimal range, eliminating the need
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for predefined fixed thresholds, thereby achieving precise real-time adaptation and efficient
regulation of the system state.
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Figure 16. Comparison of rotational inertia and damping coefficients under different control strategies
during power supply-demand imbalance: (a) Comparison of rotational inertia; (b) Comparison of
damping coefficients.

5.3.2. Grid Frequency Disturbances

Case 3b describes a frequency drop on the grid side at 1 s, decreasing from 50 Hz to
49.9 Hz.

As shown in Figure 17, the fixed-parameter system achieves a frequency regulation
time of 0.256 s, an overshoot of 0.0216 Hz, and an offset of 0.0272 Hz for frequency
regulation, while power regulation reaches 0.36 s, 2166.3 W, and 2950.5 W, respectively.
The linear algorithm reduces frequency regulation time to 0.182 s, lowers overshoot to
0.0145 Hz, and narrows the offset to 0.0171 Hz; for power regulation, it decreases time
to 0.24 s, reduces overshoot to 1275.1 W, and shrinks the offset to 1719.7 W. The RBF
algorithm further enhances performance: frequency regulation time shortens to 0.151 s,
overshoot decreases to 0.0071 Hz, and offset narrows to 0.0084 Hz. Concurrently, power
regulation time drops to 0.13 s, overshoot reduces to 309.8 W, and offset decreases to 466.3
W, demonstrating consistent improvements over the linear algorithm.
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Figure 17. Comparison of frequency and power fluctuations under different control strategies
during grid frequency disturbances: (a) Comparison of frequency fluctuations; (b) Comparison of
power fluctuations.

The detailed data for Figure 17 are presented in Table 4. Under conditions of sudden
grid frequency variations, the RBF algorithm can simultaneously reduce both frequency
and power overshoot, shorten the settling time, and minimize the fluctuation ranges of both
frequency and power compared to the fixed-parameter and linear algorithms. Specifically,
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under sudden grid frequency variations, the RBF algorithm achieves improvements of
68.18%, 41.02%, and 70.37% in frequency overshoot, settling time, and fluctuation range,
respectively, compared to the fixed-parameter VSG. When compared to the linear algorithm
VSG, the corresponding improvements are 53.33%, 16.98%, and 52.94%. These results
indicate that the RBF algorithm, through dynamic adaptive adjustment of parameters,
significantly suppresses frequency overshoot, substantially shortens the settling time, and
effectively narrows the frequency fluctuation range. Its advantage in suppressing frequency
fluctuations is particularly prominent, fully demonstrating the superior performance of the
RBF neural network in optimizing the dynamic response of nonlinear systems.

Table 4. Frequency and power response performance metrics for different control strategies under

grid frequency disturbances.

Fixed Parameters Linear Algorithm RBF Algorithm

Overshoot 1z 0022 0015 0007
Setlilr;qgu;ﬁ}é /s 0.256 0.182 0.151
I*ﬂluctule:;;ie(():lrt1 Er:rjlyge /Hz 0.027 0.017 0.008
0verzﬁvov§tr/kw 2.166 1275 0.310
Settlil;ogwgg;e /s 0.360 0.240 0.130
FluctuatiPo(;lV\;{e:nge /KW 2.951 1.720 0.466

Figure 18a,b illustrate the adaptive adjustment processes of rotational inertia | and
damping coefficient D under grid frequency disturbances. In conventional VSG control
strategies, both | and D remain fixed at 0.25 and 21, respectively, lacking the ability to
respond to dynamic variations in the system. In the linear adaptive algorithm, ] is adjusted
only when the rate of change in the electrical angular frequency dw/dt exceeds a critical
threshold and the frequency deviation shows an increasing trend. The magnitude of
adjustment is determined by the absolute value of dw/dt, reaching a maximum of 0.63. If
the rate of frequency change remains below the threshold or enters a declining phase, ] stays
fixed at 0.28. The damping coefficient D is primarily regulated based on the magnitude of
the electrical angular frequency deviation Aw, resulting in delayed responses under minor
deviations and constrained overall dynamic performance.
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Figure 18. Comparison of rotational inertia and damping coefficients under different control strate-
gies during grid frequency disturbances: (a) Comparison of rotational inertia; (b) Comparison of

damping coefficients.
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In contrast, the RBF algorithm demonstrates higher sensitivity and adaptability: de-
spite a slight initial delay, rotational inertia ] rapidly activates and continuously optimizes
to effectively suppress system oscillations. This method eliminates reliance on predefined
thresholds and enables continuous parameter adjustment based on real-time operating
conditions. With enhanced nonlinear fitting capability and dynamic tracking performance,
the system achieves significantly improved stability and robustness under complex operat-
ing conditions.

6. Conclusions

This paper proposes a PV-HESS topology based on an enhanced VSG control strat-
egy. The structure employs a constant DC bus voltage control, utilizes a filtering unit to
decouple high- and low-frequency power components, and integrates a VSG with real-time
optimization of inertia and damping parameters through an RBF neural network. This
approach enhances system stability and robustness under complex operating conditions.
The main conclusions are summarized as follows:

(1) Within the VSG control framework, the virtual inertia | and damping coefficient D
exhibit a trade-off relationship: increasing D enhances damping and suppresses oscil-
lations, but slows dynamic response and prolongs settling time; conversely, higher
J improves inertia support but reduces damping, shifting system poles closer to the
imaginary axis, thereby increasing overshoot and compromising stability. Therefore,
a balanced design of | and D is essential to achieve optimal transient performance
and stability. This balance embodies the restoration of dynamic symmetry in inverter-
dominated grids.

(2) The proposed DC-side energy storage control strategy achieves steady-state power
balance through automatic compensation of power imbalances via constant DC bus
voltage regulation. Imbalance power is dynamically allocated based on frequency
characteristics: the supercapacitor mitigates high-frequency fluctuations, while the
battery handles low-frequency components to stabilize system output. This frequency-
based coordination enhances the overall dynamic regulation capability of the system.

(3) The RBF neural network-based adaptive control strategy demonstrates superior per-
formance compared to fixed-parameter and linear adaptive methods. It effectively
mitigates the impact of DC-side power imbalance and reduces surge current in the
AC grid. Furthermore, during frequency and power regulation, the strategy signifi-
cantly suppresses oscillations and overshoot, thereby enhancing system stability and
dynamic response performance. Specifically, under power imbalance conditions, the
RBF algorithm improves power overshoot, settling time, and fluctuation range by
52.7%, 50.1%, and 59.4%, respectively, compared to the fixed-parameter VSG, and
by 39.1%, 26.8%, and 44.9% compared to the linear algorithm. Under grid frequency
fluctuation conditions, it achieves improvements of 68.18%, 41.02%, and 70.37% in
frequency overshoot, settling time, and fluctuation range over the fixed-parameter
VSG, and 53.33%, 16.98%, and 52.94% over the linear algorithm.

Future work will focus on enhanced VSG-based control strategies for photovoltaic
hybrid energy storage systems, particularly in multi-source DC-side integration scenarios.
The study will center on optimizing the RBF neural network algorithm and developing a
SOC parameter fusion mechanism for the energy storage system. A hardware-in-the-loop
simulation platform will be established to evaluate the dynamic response and robustness
of the proposed control strategy under complex operating conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

VSG Virtual synchronous generator

PV-HESS  Photovoltaic hybrid energy storage system
RBF Radial basis function

BGCs Bidirectional grid-connected converters

DC-MG DC microgrid
ANPC Adaptive neural predictive control
UBESSs  Ultrabattery energy storage systems

ADP Adaptive dynamic programming
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Abstract

A high-quality set of typical scenarios is significant for power grid planning. Existing
construction methods for typical scenarios do not account for the spatiotemporal correla-
tions among renewable energy plant outputs, failing to adequately reflect the distribution
characteristics of original scenarios. To address the issues mentioned above, this paper pro-
poses a construction method for typical scenarios considering spatiotemporal correlations,
providing high-quality typical scenarios for power grid planning. Firstly, a symmetric
spatial correlation matrix and a temporal autocorrelation matrix are defined, achieving
quantitative representation of spatiotemporal correlations. Then, distributional differences
between typical and original scenarios are quantified from multiple dimensions, and a
scenario reduction model considering spatiotemporal correlations is established. Finally,
the genetic algorithm is improved by incorporating adaptive parameter adjustment and an
elitism strategy, which can efficiently obtain high-quality typical scenarios. A case study
involving five wind farms and fourteen photovoltaic plants in Belgium is presented. The
rate of error between spatial correlation matrices of original and typical scenario sets is
lower than 2.6%, and the rate of error between temporal autocorrelations is lower than
2.8%. Simulation results demonstrate that typical scenarios can capture the spatiotemporal
correlations of original scenarios.

Keywords: typical scenario; renewable energy plant outputs; spatiotemporal correlation;
scenario reduction; genetic algorithm

1. Introduction

Over the past decade, the installed capacity of renewable energy generation has
continued to grow and is expected to maintain an upward trend in the foreseeable future [1].
However, the inherent uncertainty of renewable energy plant outputs can lead to challenges
in matching power generation with real-time load demand, thereby posing risks to the
secure and stable operation of the power system [2]. To address the uncertainty of renewable
energy, multi-scenario planning based on stochastic programming theory is a commonly
employed approach in power system planning.

A high-quality set of typical scenarios is a prerequisite for obtaining optimal solutions
in multi-scenario planning [3]. To ensure the optimality of solutions, it is essential to
construct a typical scenario set that accurately reflects the distribution characteristics of
renewable energy plant power outputs [4]. The construction of a typical scenario set mainly
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consists of two steps: scenario generation and scenario reduction [5]. An original scenario
set is first generated to capture the output patterns of renewable energy plants, then this
original set is reduced to obtain the final set of typical scenarios.

Directly utilizing historical output data from renewable energy plants for original
scenarios is a commonly used approach for scenario generation. When historical data
are insufficient, original scenarios can be expanded using methods such as probabilistic
sampling [6,7], artificial intelligence techniques [8-12], and time-series production simula-
tion [13,14]. However, using a large number of original scenarios for power grid planning
can significantly increase computational complexity and hinder the optimization process.
To reduce computational complexity, scenario reduction is required to construct a high-
quality set of typical scenarios that accurately reflect the output characteristics of renewable
energy plants.

The most commonly used scenario reduction methods are divided into selection meth-
ods, mathematical programming methods, clustering algorithms and heuristic algorithms.
The selection-based reduction methods, including forward selection [15] and backward
reduction, construct typical scenarios by incrementally adding or removing scenarios [16].
Mathematical programming methods formulate scenario reduction as a mixed-integer
programming problem, and the mathematical optimization model is solved to determine
whether the original scenario is selected as a typical scenario [17]. These two types of
scenario reduction methods have high computational complexity when processing massive
original scenarios. Clustering-algorithm-based reduction methods, such as K-means [18,19]
and agglomerative clustering algorithms [20], employ similarity metrics to select typical
scenarios that characterize the distribution of original scenarios. The heuristic search al-
gorithm is employed to obtain optimal typical scenarios in [21]. Compared to the former
two categories, the latter two scenario reduction methods are more computationally effi-
cient and more suitable for processing massive original scenarios.

The power output of a single renewable energy plant exhibits inherent temporal
correlation, while significant spatial correlation also exists among multiple renewable
energy plants [22]. Typical scenarios for power grid planning should reflect spatiotemporal
correlations to ensure the planning scheme quality. Although such correlations have been
considered in the scenario generation stage [23], most studies on scenario reduction do not
focus on them. During the process of scenario reduction, spatiotemporal correlation infor-
mation may be lost as the number of scenarios decreases, leading to discrepancies between
typical scenarios and actual conditions, thereby affecting the quality of the subsequent
planning schemes.

To ensure that typical scenarios accurately reflect the characteristics of renewable
energy plant outputs, spatiotemporal correlations need to be considered in scenario re-
duction. In this paper, a construction method of typical scenarios for multiple renewable
energy plant outputs, considering spatiotemporal correlations, is proposed. Firstly, the
spatial correlation and temporal autocorrelation matrices are defined, achieving an explicit
quantitative representation of spatiotemporal correlations. Secondly, distributional differ-
ences between typical and original scenarios are quantified in terms of mean, variance,
spatial correlation, and temporal autocorrelation, and an optimization model for scenario
reduction considering spatiotemporal correlations is constructed. Thirdly, an improved
genetic algorithm is developed by incorporating adaptive hyperparameter adjustment and
an elitism-based evolutionary strategy. It aims to obtain high-quality typical scenarios.
A case study involving multiple renewable energy plants in Belgium shows that constructed
typical scenarios can effectively reflect the spatiotemporal correlations of original scenarios.
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2. Description of Spatiotemporal Correlations Among Multiple
Renewable Energy Plant Outputs

2.1. Temporal Scenario Description of Multiple Renewable Energy Plant Outputs

In this paper, the 24 h power outputs of multiple renewable energy plants are regarded
as a temporal scenario x, which can be represented as follows:

X111 X122 o XT
X21 X22 X2 T

x= . . } (1)
XN1 XN2 - XN,T

where N is the number of renewable energy plants; T is the length of the time series; x; ¢ is
the power output of the i-th renewable energy plant in scenario x at time ¢. In this paper,
the time resolution of the renewable energy plant output is set to one hour, so T is equal to 24.

2.2. Description of Spatial Correlation

The spatial correlation among multiple renewable energy plant power outputs in a
scenario x is characterized by a spatial correlation matrix p. It is a symmetric matrix with
dimensions of N X N and can be represented as follows:

1 p1p - p1N
1 1 - N
P=1 . : . : 2
ON1 PN2 -1

where p; ; is the Pearson correlation coefficient [24] between the power outputs of the i-th
and j-th renewable energy plants in a scenario x:

T . ,
|G~ 20~ )
0= t=1 (3)
1] T Xi 5 Xj o
El (i — T) X El (xj,t - T)

T T
where x; = Y11 Xit, Xj = Lz Xj -

2.3. Description of Temporal Autocorrelation

The power output of the renewable energy plant exhibits temporal autocorrelation [25,26].
In order to characterize this, a temporal autocorrelation matrix A is introduced and can be
represented as follows:

ap Mmp o 41N,
a1 A4zp - 42N

A= | _ o )
ANl GN2 "t AN,Npg

where g; | is the [-th-order temporal autocorrelation coefficient [27] of the i-th renewable
energy plant power output in scenario x, and N, represents the maximum order of the
temporal autocorrelation. The matrix element a; ; can be represented as follows:

i (i — xi) (Xie—1 — Xi)

t=1+1 L 2
T % ()

©)

aj| =
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3. Construction of A Scenario Reduction Model Considering
Spatiotemporal Correlations

3.1. Difference Metric Between Typical Scenarios and Original Scenarios

Norg denotes the number of original scenarios, and Nty denotes the number of typical
scenarios. x,(()rg denotes the k-th original scenario, and xlt{yp denotes the k-th typical scenario:

r _org org o org -
Ny
org o1k Y22k Y2, Tk
X = . . . (6)
org org o org
XNk YNk XN, Tk
- typ typ  _typ -
x},l,k x},z,k x%,T,k
yp b ... P
typ | Y21k o2k X3, Tk
Yo T : : - : @)
typ typ  _typ
LNk N2k XN, Tk

where x?:gk and x:yﬁ( denote the power output of the i-th renewable energy plant at time t in
the k-th original scenario and typical scenario, respectively.

(1) Mean difference

The mean matrices of the original and the typical scenario set, denoted as Mg and
Miyp, both have the dimensions of N x T. The elements in the i-th row and t-th column,
denoted as m?ig and m?;p, represent the average power output of the i-th renewable energy

plant at time ¢ in the original and typical scenario set, respectively. They can be represented

as follows:
Norg
org org
m;y = Z Xtk ®)
N,
typ
typ typ
miy = kZ Xtk )
=1

The mean difference between the original and the typical scenario set is measured
using the mean square error (MSE). It is denoted as MSE nean:

z

1=

1 og _typ\?
MSEmean = =3 3 (5 —miF) (10)

1

Il
—_
-
I

1

(2) Variance difference

The variance matrices of the original and the typical scenario set, denoted as Vg and
Viyp, both have the dimensions of N x T. The elements in the i-th row and ¢-th column,
denoted as vzig and vzp , represent the variance in the power output of the i-th renewable
energy plant at time ¢ in the original and the typical scenario set, respectively. They can be

represented as follows:

Nor
org 1 v org org 2 11
Uit TN —1 )y (xi,t,k My ) (11)
org ~ L2
Niyp 5
wp_ 1 typ o typ
Uiy = Nigp — 1 k; (xi,t,k M ) (12)
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The variance difference between the original and the typical scenario set is measured
using the MSE. It is denoted as MSEy;.

1
NT !

M™M=z

MSEyar =

XT: ( org typ) (13)

t=1

I
—

i

(3) Spatial correlation difference

The spatial correlation matrices of the k-th original scenario and typical scenario are
denoted as p;rg and p;yp, respectively. Both are N x N-dimensional matrices and can be
represented as follows:

ro1 org org -

org P112 k P})rzg k
P — lek Psz (14)
P?ﬁ k P?\;gz ko 1 i
| tip P;? ko p?,lll\jl,k_
pltcyp _ p2,:1,k : ' Pz,:N,k (15)
loxhe PRbs o 1]

where p?;gk is the Pearson correlation coefficient between the power outputs of the i-th and

j-th renewable energy plants in the k-th original scenario; p?ﬁ is the Pearson correlation
coefficient between the power outputs of the i-th and j-th plants in the k-th typical scenario.

The spatial correlation matrices of the original scenario set and the typical scenario set,
denoted as p°'® and p"P, are obtained by averaging the spatial correlation matrices across
all scenarios, and can be represented as follows:

Norg

1
porg — N 2 pirg (16)
org =1
NfYP
tYP — 17
Ntyp Z prr (17)

The spatial correlation difference between the original scenario set and the typical
scenario set is measured using the MSE. It is denoted as MSEgpace-

1

t
MSEspace = Ni (PS;g Pll};p) (18)

i Mz
™=

where p?;g and p?}p are the elements in the i-th row and j-th column of p°®% and p%P
respectively. Equation (18) is a commonly used method for quantifying the difference
between two correlation matrices [28].

(4) Temporal autocorrelation difference
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The power output of a renewable energy plant exhibits temporal autocorrelation. The
Ng-order temporal autocorrelation matrices of the k-th original scenario and the k-th

typical scenario are denoted as A;rg and Altcyp’ which can be represented as follows:

- _org org org .

ik M2k 7 Nk
o | T2k Tapk TNk
A= . . . (19)
org org L org
LNk N2k N Niggk |
[ _typ typ . typ
ik Mok T Niag k
t t t
op | 2Ak 22k T TNk
AYP = (20)
typ typ . typ
ANk N2k N Nigg k

where a?fgk is the /-th-order temporal autocorrelation coefficient of the power output of
the i-th renewable energy plant in the k-th original scenario; a?ﬁc is the corresponding
coefficient in the k-th typical scenario.

The temporal autocorrelation matrices of the original scenario set and the typical sce-
nario set, denoted as A°"® and AYP, are obtained by averaging the temporal autocorrelation

matrices across all scenarios, and can be represented as follows:

1 Norg
AYE = Al® (21)
Org k=1
N,
1 typ
AP = — ) AP (22)
typ k=1

The temporal autocorrelation difference between the original scenario set and the
typical scenario set is measured using the MSE. It is denoted as MSEjne.

N Nla
MSEgme = Y Y (a7 — aF)’ 2
me TN Nlag; ]; <ai'j I ) )
where a?;g and a?;p are the elements in the i-th row and j-th column of A°"8 and AYP,
respectively.

3.2. Modeling of Scenario Reduction

Scenario reduction aims to approximate a large number of original scenarios with sev-
eral typical scenarios [29]. Under the premise of minimizing the distributional discrepancy
between the original and typical scenario sets, Nty scenarios are selected from the original
set to form the typical scenario set. The process of scenario reduction can be modeled
as follows:

minF = a1MSEyean + ®pMSEyqr + WSMSEspace + a4MSEiime
t X C { org _org org } (24)
St XiNyp © ¥ /% e XN
where «1, &y, «3, and a4 are weighting coefficients of the mean difference, variance differ-
ence, spatial correlation difference, and temporal autocorrelation difference, respectively.
XNtyp is a set composed of Ny, typical scenarios. To facilitate the optimization of F, the
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power output data in the original scenarios need to be normalized in advance. The target
function F is reduced by adjusting the combination of typical scenarios.

4. Solution of Typical Scenarios Based on Improved Genetic Algorithm

The selection of typical scenarios belongs to a large-scale nonlinear combinatorial
optimization problem. When solving nonlinear combinatorial optimization problems,
metaheuristic algorithms have advantages such as fast computation, strong adaptability,
and ease of implementation [30,31]. Various classical and cutting-edge metaheuristic algo-
rithms have exhibited excellent performance, such as the genetic algorithm [32], particle
swarm optimization [33], differential evolution [34], Red Fox Optimizer [35], and Mountain
Gazelle Optimizer [36]. A combination scheme of typical scenarios is suitable to be repre-
sented as a discrete encoding form, which is a common representation form of populations
in genetic algorithms. Therefore, the genetic algorithm is naturally suited to solve the
abovementioned combinatorial optimization problems due to its discrete encoding form. In
this section, the performance of the genetic algorithm is further improved by incorporating
adaptive parameter adjustment and an elitism-based evolutionary strategy. The typical
scenario set is then obtained using the improved genetic algorithm.

4.1. Improved Genetic Algorithm

(1) Adaptive adjustment of parameters

In the genetic algorithm, the early stage of evolution should focus on enhancing
population diversity to improve global search capability, while the later stage should
emphasize local exploitation for superior individuals to enhance convergence performance.
As shown in Equations (25) and (26), the crossover and mutation rates are dynamically
adjusted throughout the evolutionary process to achieve a dynamic balance between global
search and local exploitation capabilities.

Pc (g) = Pc_max t+ gr;%(pC_min - pc_max) (25)

Pm(g) = Pm_max + gL (Pm_min — Pm_max) (26)

max

where p.(g) is the population crossover rate at the g-th generation; gmax is the maximum
number of generations; p._min and pc_max are the minimum and maximum crossover rates,
respectively. pm(g) is the mutation rate at the g-th generation; pm min and pm_max are the
minimum and maximum mutation rates, respectively.

(2) Elitism-based evolutionary strategy

The schematic diagram of the elitism-based evolutionary strategy in the genetic algo-
rithm is shown in Figure 1. The population size is Npop. After calculating the fitness of all
individuals in the current generation, the top N, individuals in fitness ranking are identified
as elite individuals. These elite individuals are retained directly into the next generation
without undergoing selection, crossover, or mutation operations. The elitism-based evolu-
tionary strategy ensures that high-quality individuals are not lost during the evolutionary
process, thereby improving the optimization efficiency of the genetic algorithm.
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Figure 1. Diagram of the elitism-based evolutionary strategy.

4.2. Solution Procedure of Typical Scenarios Based on Improved Genetic Algorithm

The solution procedure of typical scenarios based on the improved genetic algorithm
can be divided into six steps as follows:

@

Population initialization

The solved scenario scheme is encoded as an integer vector of length Ny, denoted as

ind = [idy, idy, ..

. idNtyp]. Each element is a unique integer within the range {1, 2, .. ., Norg}.

A total of Npp individuals are generated to form the initial population.

@)

The fitness of each individual is calculated according to Equation (24). Individuals are
then ranked in ascending order according to their fitness values. The top N, individuals are
identified as elite individuals, which are directly retained in the next generation without

Calculation and ranking of fitness

undergoing crossover or mutation operations.

®)

The tournament selection strategy is used for selecting non-elite individuals. Nis is
the tournament size. The offspring population is generated through the following steps:
randomly select N candidate individuals from the non-elite population, and choose the
one with the best fitness value as the offspring individual. This selection process is repeated

Selection operation for non-elite individuals

iteratively until Npop — Ne offspring individuals are generated.

4)

The process of the crossover operation is shown in Figure 2. Different colors represent
gene segments from different parents. Arrows represent that the gene segments from the

Crossover operation for non-elite individuals
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parents are retained in the offspring. Dashed arrows represent that the gene segments are
not retained. For a pair of parent individuals, a random number r is generated from a
uniform distribution within the range [0, 1]. The crossover probability p.(g) is calculated
according to Equation (25). If < p.(g), the crossover operation is performed; otherwise, it is
skipped. For two parent individuals to perform a crossover operation, two crossover points
ky and ky are randomly generated so that 1 < k; <ky < Niyp. A segment between ki and k>
is extracted from Parent 1. Offspring 1 inherits this segment, and the remaining positions
are filled in order with non-conflicting genes from Parent 2. Offspring 2 is generated
symmetrically by reversing the roles of the parents.

Offspring 2

Parent 1

Parent 2

Offspring 1

Figure 2. Schematic diagram of crossover operation.

(5) Mutation operation for non-elite individuals

For each non-elite individual, a random number r is generated from a uniform distribu-
tion within the range [0, 1]. The mutation rate pm(g) is calculated according to Equation (26).
If 7 < pm(g), the mutation operation is performed. For individuals undergoing mutation, a
new index value is randomly selected from the set {1, 2, ..., Niyp} that satisfies the unique-
ness constraint of an individual (i.e., all elements in the individual are unique). The original
gene at the selected position is then replaced with the new index value.

(6) Iteration termination judgment

The new offspring individuals, including both elite and non-elite individuals after
selection, crossover, and mutation, form the next-generation population. If the maximum
number of evolution generations is reached, the optimization process is terminated and the
solved typical scenarios are output; otherwise, the procedure returns to step 2.

The solution flowchart of typical scenarios based on the improved genetic algorithm
is shown in Figure 3.

The computational burden for solving typical scenarios increases as the size of the
original scenario set grows. When dealing with large-scale original scenario sets, the
solution process for typical scenarios becomes highly time-consuming. Due to the inherent
compatibility of genetic algorithms with parallel computing techniques, the efficiency
of extracting typical scenarios can be enhanced by increasing the number of parallel
computation cores.
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v
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For each pair of parent non-elite individuals for
mating, if 7 < p(g), perform crossover operation

'

Calculate pin(g) according to Eq.(26) ‘

For each non-elite individual, if < p,(g),
perform mutation operation

A
Elite individuals }——{ Add to next generation ‘

/ Output typical scenarios /

End

Figure 3. Flowchart of scenario reduction based on an improved genetic algorithm.

5. Case Study

The proposed construction method of typical scenarios is verified in multiple renew-
able energy plants in Belgium, including five wind farms (WFs) and fourteen photovoltaic
(PV) plants. For scenario generation, historical output data from plants recorded over
a period of one year serve as the original scenario set, including a total of 365 historical
scenarios. The power outputs of all plants are normalized to eliminate potential large
differences among different plants.

5.1. Scenario Reduction of Multiple WF Outputs

Typical scenarios for multiple WFs are solved using the improved genetic algorithm.
Weighting coefficients oy, oo, o3, and oy are set to 1. The number of typical scenarios Niyp
is set to 4. The maximum iteration number gmay is set to 200. pc_max is set to 0.8. p¢ min is 0.2.
Pm_max 1S 0.4. Pm_min is 0.1. Objective function value F with different population sizes and
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Ne are shown in Figures Al and A2 in Appendix A. After the population size reaches 20,
the optimization results no longer exhibit significant changes. Moreover, the optimal results
are achieved when the number N, of elite individuals is set to 2.

With a population size of 20 and N, = 2, the fitness value variation curves of the
improved and standard genetic algorithms during the optimization process are shown
in Figure 4. The X-axis denotes the number of iterations in the genetic algorithm. The
Y-axis fitness value is the objective function F. With 10 parallel computation cores, the
standard genetic algorithm requires 177 iterations to obtain the optimal solution, which
takes 234 s. The improved genetic algorithm achieves a higher-quality solution in just
125 iterations, which takes 165 s. Therefore, compared to the standard genetic algorithm, the
improved genetic algorithm demonstrates faster convergence and superior solution quality.
The four typical scenarios for WF 1 are shown in Figure 5. The X-axis denotes the sampling
time points in one day. The Y-axis denotes the normalized power output of WF 1 on a
single time point.

12 - Standard Genetic
algorithm
Improved genetic
10 - algorit
2
S 8-
£ Y
= 6
41 1
0 50 100 150 200
[terations

Figure 4. The fitness variation curves of the standard and improved genetic algorithms.

1.0 1

S
oo
1

—— Scenario 1 — Scenario 3

—— Scenario 2 — Scenario 4

=
~
1

Power output/p.u.

o
[\
1

o
(e
1

T T T T

10 15 20 25
Time/h

(e
W

Figure 5. Typical scenario set for WF 1.

The mean and variance differences between original and typical scenarios across the
five WFs are given in Table 1. As shown in Table 1, the constructed typical scenario set
maintains statistical similarity to the original scenario set in terms of mean and variance.
Further comparisons of the spatial correlations of power outputs between the original and
typical scenario sets are presented in Figures 6 and 7. The numbers in Figures 6 and 7
denote the spatial correlation coefficients between WF outputs.

87



Symmetry 2025,17, 1226

Table 1. Means and variances between the original and typical scenario sets for five WFs.

Original Scenario Set Typical Scenario Set
Mean/p.u. Variance Mean/p.u. Variance
WF 1 0.4121 0.0308 0.4723 0.0319
WEF 2 0.2455 0.0096 0.2765 0.0066
WEF 3 0.2477 0.0089 0.2975 0.0092
WEF 4 0.2374 0.0084 0.2532 0.0071
WEF 5 0.1852 0.0087 0.1609 0.0081
1.0
WF, 0.48 0.53 HUEREEI I
WF: - 0.48 -0.8
WFs - 0.53 SR
-0.6

WF.

WFs

& & & E

Figure 6. Heatmap of spatial correlations in the original scenario set for five WFs.

"

-0.8

& & & EE

Figure 7. Heatmap of spatial correlations in the typical scenario set for five WFs.

It can be seen that the spatial correlation heatmaps of power outputs across the
five WFs in the original and typical scenario sets are highly similar. The mean absolute
percentage error (MAPE) between spatial correlation matrices of the original and typical
scenario sets is 2.5%, indicating that the obtained typical scenario set can effectively preserve
the spatial correlations among multiple WFs. Furthermore, a comparison of the average
temporal autocorrelation coefficient curves between the original and typical scenario sets
for WF 1 is presented in Figure 8. The X-axis denotes the order of temporal autocorrelation.
The Y-axis denotes the average autocorrelation coefficients of WF 1 across all scenarios. The
percentage error between the first-order temporal autocorrelation coefficients of the original
and typical scenario sets is 2.75%. The consistency between the two curves demonstrates
that typical scenarios can also preserve the temporal autocorrelation of WF outputs.

88



Symmetry 2025,17, 1226

k=
6 1.0
2 — Original scenarios
| %
8 D Typical scenarios
15}
g
0.5 1
A=
=
[3)
=
Qo
g
£ 0.0 1
=
[5)
80
<
-
>
1 T T T T T
<

0 2 4 6 8 10
Order of temporal autocorrelation

Figure 8. Average autocorrelation coefficients of original and typical scenarios for WF 1.

5.2. Scenario Reduction of Multiple PV Plant Outputs

A typical scenario set for 14 PV plants is obtained using the improved genetic algo-
rithm. Among these, the four typical output scenarios for PV plant 1 are shown in Figure 9.
The Y-axis denotes the normalized power output of PV plant 1 on a single time point. It
can be seen that the scenarios are distributed across distinct output intervals. The mean
and variance differences between the original and typical scenario sets for the 14 PV plants
are given in Table 2. The results indicate that the constructed typical scenario set retains
mean and variance characteristics that are close to the original scenario set.
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Figure 9. Typical scenario set for PV plant 1.

The spatial correlation heatmaps of power outputs among 14 PV plants in the original
and typical scenario sets are shown in Figures 10 and 11, respectively. The MAPE between
spatial correlation matrices of the original and typical scenario sets is 0.78%. The high
similarity in correlation distributions between the two sets indicates that the constructed
typical scenario set can effectively capture the spatial correlations among the historical
outputs of 14 PV plants. As shown in Figures 10 and 11, the spatial correlation coefficients
between PV plants are generally above 0.9. Compared to WFs, PV plants exhibit stronger
spatial correlation. This is attributed to the large-scale, uniform, and gradual nature of solar
irradiance variations, which lead to consistent power output changes among PV plants
within the same region.
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Table 2. Means and variances between original and typical scenario sets for 14 PV plants.

Original Scenario Set Typical Scenario Set
Mean/p.u. Variance Mean/p.u. Variance
PV1 0.1275 0.0358 0.1361 0.0415
PV 2 0.1268 0.0343 0.1347 0.0397
PV 3 0.1236 0.0335 0.13167 0.0390
PV 4 0.1335 0.0387 0.1410 0.0444
PV5 0.1317 0.0372 0.1394 0.0430
PV 6 0.1315 0.0379 0.1420 0.0451
pPV7 0.1151 0.0285 0.1185 0.0311
PV 8 0.1265 0.0353 0.1376 0.0413
PV 9 0.1145 0.0287 0.1272 0.0343
PV 10 0.1090 0.0258 0.1235 0.0321
PV 11 0.1106 0.0268 0.1126 0.0271
PV 12 0.1138 0.0277 0.1221 0.0317
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Figure 10. Heatmap of spatial correlations in the original scenario set for 14 PV plants.
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A further comparison of the average temporal autocorrelation coefficients between
the original and typical scenario sets for PV plant 1 is shown in Figure 12. The Y-axis
denotes the average autocorrelation coefficients of PV plant 1 across all scenarios. The
percentage error between the first-order temporal autocorrelation coefficients of the original
and typical scenario sets is 2.45%. The high degree of alignment between the two curves
demonstrates that the constructed typical scenario set can effectively preserve the temporal
autocorrelation of the historical outputs from PV plant 1.
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Figure 12. Average autocorrelation coefficients between the original and typical scenario sets for
PV plant 1.

In summary, the proposed construction method for typical scenarios for multiple
renewable energy plant outputs based on the improved genetic algorithm can effectively
preserve the statistical characteristics of the original scenario set, including the mean,
variance, spatial correlation, and temporal correlation.

6. Conclusions

A construction method for typical scenarios considering spatiotemporal correlations
among multiple renewable energy plant outputs is proposed in this paper. A symmetric
spatial correlation matrix and a temporal autocorrelation matrix are defined, achieving
quantitative representation of the spatiotemporal correlations. Distributional differences
between the typical and original scenario sets are quantified in terms of mean, variance,
spatial correlation, and temporal autocorrelation, and an optimization model for scenario
reduction is constructed. The model is solved based on the improved genetic algorithm
in order to obtain high-quality typical scenarios. The proposed method in this paper can
provide typical scenarios that reflect distributional characteristics of original scenarios,
thereby contributing to the optimality of the power grid planning schemes. The case study
on multiple renewable energy plants in Belgium gives the following conclusions:

(1) By incorporating adaptive parameter adjustment and an elitism strategy, the solution
quality and efficiency of the improved genetic algorithm are enhanced significantly.
Four high-quality typical scenarios can be obtained in 3 min.

(2) The MAPE between spatial correlation matrices of the original and typical scenario
sets for wind farms is 2.5%. The MAPE for photovoltaic plants is 0.78%. These
simulation results demonstrate that the constructed typical scenarios can effectively
capture the spatial correlations of the original scenarios.

(3) The percentage error between first-order temporal autocorrelation coefficients of
original and typical scenarios for wind farms is 2.75%. The MAPE for photovoltaic
plants is 2.45%. The low errors demonstrate that typical scenarios can also capture the
temporal correlations of the original scenarios.
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While increasing the size of the typical scenario set can more accurately reflect the
distributional characteristics of the original scenario set, it also increases the complexity
of subsequent planning solutions. Future research should incorporate subsequent power
grid planning solutions into the construction of typical scenarios, aiming to construct a
minimal-sized typical scenario set that is well-suited for power grid planning.
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Abstract: Large-scale integration of renewable energy introduces significant random pertur-
bations to the power system, disrupting the symmetry and balance of active power, which
complicates the stabilization of the system’s frequency. Inter-regional energy cooperation
plays a crucial role in maintaining the symmetry and balance of the overall power system’s
active power. However, when the power system area is expanded, automatic generation
control (AGC) based on reinforcement learning faces the challenge of not being able to
leverage the prior experience of the original system topology to train the new area, making
it difficult to quickly develop an effective control strategy. To address these challenges, this
paper proposes a novel data-driven AGC method that employs a multi-agent reinforce-
ment learning algorithm with a learning to coordinate and teach reinforcement (LECTR)
mechanism. Specifically, under the LECTR mechanism, when the power system region
expands, agents in the original region will instruct the agents in the newly merged region
by providing demonstration actions. This accelerates the convergence of their strategy
networks and improves control accuracy. Additionally, the proposed algorithm introduces
a double critic network to mitigate the issue of target critic network value overestimation in
reinforcement learning, thereby obtaining higher-quality empirical data and improving al-
gorithm stability. Finally, simulations are conducted to evaluate the method’s effectiveness
in scenarios with an increasing number of IEEE interconnected grid areas.

Keywords: automatic generation control; double critic network delay update strategy;
interconnected power system; multi-agent reinforcement learning; learning to coordinate
and teach reinforcement mechanism

1. Introduction

In order to solve the fossil fuel crisis and environmental pollution, a new power system
primarily based on renewable energy has been rapidly developing in recent years [1-3].
The integration of a high proportion of large-capacity renewable energy sources into the
grid leads to significant fluctuations in grid frequency, which undermines the stability of
the grid system.

To ensure the safe and stable operation of the power system, researchers proposed
automatic generation control (AGC) [4-8] as a secondary frequency regulation strategy.
AGC maintains power system frequency stability by achieving “symmetry” between the
amount of power generated by the system and the amount of power required on the load
side, ensuring that both the two are fully matched in quantity and highly synchronized in
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time. The AGC controller typically takes power system frequency deviation and tie-line
power deviation as inputs, and outputs power adjustment commands for each frequency-
regulating unit. It maintains the frequency stability of the power system by regulating
the “symmetry” between the generated power and the load demand, namely that the two
are fully matched in quantity and highly synchronized in time. In [9], a new two-degree-
of-freedom combined proportional-integral-derivative control scheme is applied to an
interconnected power system to minimize frequency deviations. In [10], the authors present
a novel sliding mode control method for load frequency control, which offers advantages
such as reduced overshoot and faster response compared to traditional PID control. These
aforementioned AGCs are generally designed on the basis of accurate physical system
models. However, they face challenges in accurately controlling systems with inherent
uncertainties [11] and in coordinating multi-area controllers [12].

As an alternative, data-driven algorithms—particularly reinforcement learning [13-15]
—have been increasingly applied in the field of AGC due to their powerful search and
learning capabilities. This data-driven AGC method constructs a decision-making agent
centered around neural networks, allowing the agent to dynamically interact with the
interconnected power system environment during the offline training phase. By combining
a reward function to quantitatively assess the effectiveness of generation control commands,
the agent’s parameters are gradually optimized, ultimately approaching the global optimal
solution. After training, the agent can directly generate generation control commands upon
acquiring data from the interconnected power system environment, significantly enhancing
the computational efficiency of online decision-making.

In [16], the authors proposed a data-driven method for continuous-action AGC; how-
ever, this approach relies on single-agent reinforcement learning, which neglects cooper-
ation among areas, leading to unstable training outcomes. In [17], the authors analyzed
how positioning agents in each area to obtain global information can stabilize the training
environment. Consequently, implementing a multi-agent control algorithm to regulate
interconnected power systems has become essential. In [18], the authors proposed a
multi-agent deep reinforcement learning method based on continuous action space, where
multiple agents are trained to be able to independently output optimal power generation
control commands so as to effectively respond to the control demands in complex power
system environments. In [19], the authors introduced networks with varying exploration
rates during the exploration process and employed categorical experience replay to en-
hance the utilization of experience. In [20], the authors proposed a centralized learning
and decentralized execution automatic generation control framework based on a global
action-value function multi-agent deep reinforcement learning algorithm, which can adap-
tively obtain the optimal coordinated control strategy for multiple LFC controllers. These
studies demonstrate the successful application of multi-agent reinforcement learning in
AGC, yielding significant results.

However, when a new area is integrated into the original interconnected power system,
the previously mentioned algorithms become inefficient, and the training time increases as
additional areas are incorporated. Meanwhile, the agents discussed in the aforementioned
paper utilize only a single critic network. The AGC based on this method encounters
challenges related to increased estimation errors [21] and overfitting during the training
process. Consequently, the agent may mistakenly perceive certain actions as more beneficial
for long-term rewards, leading to the adoption of suboptimal strategies.

To address the challenges associated with data-driven AGC, a MADRL control method
based on the LECTR mechanism [22] is proposed for interconnected power systems. The
approach introduces a double-target critic network delay update strategy to prevent the
overestimation of target critic network value and enhance learning efficiency. Simultane-
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ously, the newly integrated regional agents function as novice agents and interact with the
expert agents of the original interconnected power system. The LeCTR mechanism intro-
duces dynamic switching of agent roles, building upon the teach reinforcement mechanism.
This enhanced interaction method further facilitates the learning of agents to collaborate
and accelerates the optimization of the novice agent network. Ultimately, the trained
agents are deployed within the power system environment to generate power commands
in real-time.
The main contributions of this paper are as follows:

(1) A novel multi-agent distributed coordinated control framework based on the LECTR
mechanism is proposed. This framework improves the training speed of the newly
added area agent when the regions of the power system are expanded.

(2) During the training of the agents, we employed a double-target critic network archi-
tecture in place of a single critic network. This structure reduces the variance in target
critic network value estimation, thereby enhancing the learning performance of the
multi-agent system and facilitating superior control strategies.

(3) We developed a cooperative reward function considering the control error of each
region within the interconnected system, effectively guiding the training of the rein-
forcement learning algorithm.

The paper is structured as follows: In Section 2, we provide a detailed description of
the interconnected power system model. Section 3 introduces a novel data-driven AGC
framework. Section 4 describes the training process of the AGC agent utilizing the LECTR
mechanism. Section 5 evaluates the effectiveness of this method in an expandable power
system through simulation. Finally, in Section 6, we summarize the conclusions derived
from this study.

2. Muti-Area Power System Model

Figure 1 presents a typical linearized interconnected power system model [23], ex-
pressed in transfer function form. The power system consists of various components,
including generators, governors, steam turbines, renewable energy sources, and loads.
The agents in each area manage the total power signal for that region, with the goal of
minimizing frequency deviations and tie-line power fluctuations. They achieve this by
adjusting the output of each unit within the area to optimize control performance. The
dynamics of the system within the i-th area of a multi-area power system can be represented
by a set of differential equations.

Af; = E(Apmi + APres; — APL; — APge i) — ZTiliAfi M
AP — S AP, — L AP )

mi = T, 8 T ™

. 1 1 1

AP, = — APy — ——Afi — — APy,
, N
APtie,i =21 Z Tl] (Afl - Af]) (4)
74
V.V

T, = ’;<1|cos (5? - 5?) )

ij
where 69, V; are power angle and terminal voltage of equivalent machines for area i. Xij, Tij

are tie-line reactance and synchronous coefficient between area i and j. AP,,;, AP; are
generator mechanical output and valve position for i-th area. Tg;, T}; are governor time
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constant and turbine time constant for i-th area. D;, H;, R; are the machine damping
coefficient, synchronous machine inertia, and speed drop for i-th area. AP;, APggs; rep-
resent the load disturbance and the random disturbance caused by the renewable energy.

The generation commands, denoted as P, are typically determined based on the area
control error (ACE) signal, which is denoted by ACE = B;Af; + APy ;. The bias factor B; is

determined using the equation B; = (R%) + D;.

A
4 L
. +, Af
controler — 3
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Figure 1. Multi-area interconnected power system.

In a multi-region interconnected power system, AGC controllers in each region not
only regulate locally based on the ACE information within their respective regions, but
also collaborate with AGC controllers in other regions. This collaboration ensures optimal
cross-region power exchange and frequency regulation through the sharing of information
between interconnected regions, effectively addressing the challenges posed by fluctuating
and intermittent renewable energy sources.

3. Framework for AGC Based on MADRL Algorithm with the
LECTR Mechanism

3.1. Action Space

The actions of each agent determine the output of the unit in the area, and the action
space is shown below:

a; = [Aoder—i] (6)

where g; is the action of the i-th agent and A,4,,_; is the regulation command of the
i-th agent.

3.2. State Space

The agent generates control actions by sensing information regarding the state of the
power system environment. The combination of state information constitutes the state
space of the agent, which in this paper, includes the following:

Si = [ACE;, Af;, Pe i )

where ACE; represents the ACE value for i-th region, A f; represents the frequency deviation
for i-th region, and Py, ; represents the tie line deviation for i-th region.

98



Symmetry 2025, 17, 854

3.3. Reward Function

To achieve optimal AGC performance in this system, minimizing the ACE is crucial.
The reward function is designed to account for both system frequency deviation and
tie-line power. If the ACE becomes excessively large during the training process, the
reward function value is assigned a more negative value. The scaling factor ¢ determines
the relative impact of ACE and power output variations on the reward and is set to 0.5.
Additionally, the term AP gor_i® = (Pi — P )2 is introduced as part of the reward to guide
the algorithm in avoiding large fluctuations in the generation command.

2
rt= —Y e(BiAf; + APge;)* + (1 —¢) (P — P))* + A
A=0 |ACE;| < 5 MW (8)
A=-10 |ACE;| > 5 MW

3.4. Overall Training Framework

As shown in Figure 2, the proposed method is divided into two main procedures:
the first procedure focuses on centralized training of the agents. The agents include
an actor network x(0;6;) and a critic network M(o,4; ;). In the centralized training
procedure, the actor network x(o; 6;) observes the state 0; and sends generation commands
a;,1 € [1,n] to the generators in their respective areas. Subsequently, the actor network
receives the updated state of the system following the interaction, which is expressed as
0/,i € [1,n]. At each time step, the reward value ;,i € [1,n] for the action taken in each
area is calculated using a specific reward function. Finally, the data (o;, a;, ri,olf ) will be
added to the experience pool. The critic network samples data from the experience pool to
evaluate the effectiveness of new actions, which subsequently updates the actor network.
This process facilitates the training of multi-agent systems. The second procedure involves
agents that completed their training (i.e., the expert agent j) providing action suggestions
for power generation commands to the agent in the newly added region (i.e., the novice
agent i). This approach accelerates the the novice agent i’s learning of control strategies
for cooperative control within the interconnected power system. After offline training
optimization, the agents are deployed in an interconnected power system to enable efficient
real-time control.
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Figure 2. Data-driven AGC based on the MADRL algorithm with the LECTR mechanism.
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4. Training for Agent Based on the LECTR Mechanism

The data-driven AGC method, based on the LECTR mechanism, incorporates this
mechanism to enhance the convergence speed of newly added area agents. Additionally,
it introduces a double-target critic network with a delayed update strategy to address
the issue of overestimation in the target critic network’s value. In the following subsec-
tions, we will present the enhanced MADRL algorithm and outline the specific steps for
implementing the LECTR mechanism.

4.1. MADRL with a Double Target Critic Network Delay Update Strategy

The purpose of the improved MADRL algorithm presented in this paper is to facilitate
updates to the parameters of the actor network parameters, maximizing the cumulative
expected return J.

J(0;) = Eo~D,a~x [ZLO ’Ytrf} )

where 7 is the reward discount factor, suggesting that agents are more focused on the
long-term performance of the overall reward.

In the improved MADRL algorithm, the learning process involves training a cen-
tralized critic network that has access to the policies of all agents. This centralized critic
network is represented as a centralized state value function.

M(o,a1,- -, an; @;) (10)

where o represents the overall observation value, and o; represents the local observations
of each i-th agent. x(o; 0;) represents the action computed by the actor network for a given
state o;.

During the update of the parameters for the i-th agent, the gradient descent methods
are typically employed. The parameters of the actor network are updated by iterating in
the direction opposite to the gradient. This approach allows us to gradually improve the
performance of the agent.

Vgi] =Eou. p [V@iX(O} 91') VaiM(O, at, -, an; (Pi)wi:X(o;gi)} (11)

The experience replay area D here includes (0,41, ...,4,,71,...,74,0") of all agents.

Then, we minimize the loss function, which can be expressed as the difference between
the target value and the evaluation value M(o, 4; ¢;). The parameters of the critic network
can be adjusted.

=t Ml 0 "
1 «—Mm
L= Ly - Mo, 0 13)

where M~ (0,a; ;) and x(0};6;") are the target critic and actor networks. The target critic
network and actor network initially replicate the parameters of the original critic and actor
networks during the offline training process. Subsequently, the parameters of the target
networks are updated with a delay, which enhances the stability of the updates for both
the critic and actor networks.

To address the issue of target critic network value overestimation in the traditional
MADRL algorithm, a double-target critic network M~ (o0, 4; ¢;”) is employed to mitigate
the overestimation of the state value function. It is essential to consider the information
from all agents in MADRL. Consequently, during training, all agents should have access to
comprehensive state information, allowing them to observe the entire state space.
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In addition, regularization techniques are introduced to smooth the target critic net-
work value and prevent overfitting. Normally distributed random noise, denoted as ¢, is
added during the update of the critic network to enhance stability against fluctuations. The
improved method for calculating the target value is presented below:

e ~ clip(N(0,0), —c,c) (14)

yi = ri+minj_1pyM” (o', a; +¢,- - ay + & ¢;) (15)

Then, the parameters of the target networks are updated with a delay, which enhances
the stability of the updates for both the critic network and the actor network. The updates
for the actor network, critic network, target actor network, and target critic network are

as follows:
¢i =i ="V L(gi) ¢ =19i+(1-1)¢; (16)

where a? and af represent the learning rates for the critic and actor networks, while t
denotes the soft update rate for the target networks.

4.2. The Application of the LECTR Mechanism in Expandable Power System

This subsection outlines the procedure for executing a cooperative multi-region load
frequency control task after novice agent i received guidance from expert agent j. The entire
process is further divided into two phases (see Figure 3).
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Figure 3. LeCTR consists of two iterated phases.

Phase I: In each learning iteration, the actor networks of the expert agent and the
novice agent interact with the power system environment to update their actor network
parameters 6; and 6; based on the actions suggested by the expert agent. This process
utilizes the improved MADRL algorithm L; and L; (L; stands for the learning algorithm of
the novice agent algorithm and L; for the learning algorithm of expert agent algorithm).
We call this phase P

Phase II: This phase primarily focuses on updating the suggestion network of the
expert agent and request network of the novice agent based on the advising-level rewards
generated during the process. We refer to this phase as P, jyjs.-

The agent in the LeCTR mechanism can assume the role of a novice agent, an ex-
pert agent, or both simultaneously. Additionally, the agent is capable of seeking advice
regarding its own state while providing guidance to teammates in different states. The
LeCTR mechanism uses distinct advising-level observations for the request network of
the novice agent and the suggestion network of the expert agent. The request network
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~l  ~1
of the novice agent XN (ON, 9N> for agent i decides when to request advice using ob-

~i ) o . o

servation Oy = < o', M'(0',a') > where s' and M'(0’,a’; ¢;) are calculated by the critic
~i

network. Through Oy, agent i observes a measure of its local task-level observation and

~j o~
actor network state. Similarly, the expert agent j’s suggestion network xz (O £ 0 ) uses

~] . L L.
advising-level observation O = < o', M'(0',a’; ¢;), M/ (o', a"; (p]-) > to decide when/what

~]
to advise. Of provides expert agent j with a measure of the task-level state/knowledge
of novice agent i (via o/ and M’ (oi,ui ;9i) and of its own task-level knowledge given
the student’s context (via M/ (oi, al; (p]-)). The novice perspective action of the agent is

~i i ~L o~

ay = xn| On; Oy | Elrequest advice, do not request advice}. Meanwhile, expert agent j

decides what to advise: either an action from action space of novice agent i, or a special no-
i [~ o~
advice action ag. Thus, the expert perspective action for agent j is a]E = Xr (O £ 0 ) U ag.

Given no advice, novice agent i executes the originally intended action a’. However, given

advice E;g, novice agent i executes action E]E Following advice execution, agents collect
task-level experiences and update their actor network.

In Phase I, we set the reward function to evaluate the contribution of the actor network
output actions to stabilize the power system frequency. In Phase II, we need to set up
relevant advising-level reward functions to evaluate the contribution of the outputs of the
suggestion network and the request network to accelerate the learning of the newly added

~1 ~
area agents. Since request network x and suggestion network X;; must coordinate to help

~ o~
student i learn, they receive identical advising-level rewards rp = er. In this paper, we set
up the advising-level reward function as follows:

max, Mg <0i, a; q)]-) — Mg <0i, ui,‘ q)]-) (17)

The above proposal-level reward function measures the strategic deviation between
the action a; chosen by the novice agent i in state 0; and the optimal action evaluated by the
expert agent j. The proposed reward function measures the deviation between the optimal
action and the optimal action evaluated by the expert agent j. By quantifying the difference
in the value of the critic network, the expert agent learns to estimate the ‘cognitive error’
of its teammates in a given state and decides whether or not to intervene accordingly.
This setup allows the expert agent to improve the learning collaboration between them
during the teaching process, so that they not only focus on their own task benefits, but also
understand and contribute to the learning process of their teammates

When the expert agent outputs the suggested actions, XE and )(N will be rewarded,
otherwise the reward is zero. The parameter-updating methods of the suggestion network
and the request network are referred to in the literature [22].

In order to facilitate collaborative learning among agents, the LeCTR framework
employs a novel teaching mechanism that supports dynamic role switching by structurally
modehng observat1ons actions, and strategies at the 1nstruct10nal level Spec1f1cally, X is

~ o~~~ ~

< )(N,XN,XE,)(E > O is < ON,ON,OE,OE > Ais < aN, aJN, aE,aE > ¥ is rE + rN, and
g is the parameter of strategy x. N is the experience pool of data related to the training of

the request network and the suggestion network; and M (S, A ;0 ) is the critic network for
evaluating the actions of the suggestion network and the request network. With the unified
modeling described above, LeCTR allows agents to simultaneously request assistance
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as a ‘novice agent” and provide feedback as an ‘expert agent” at any time step, enabling
bi-directional switching of collaborative behaviors.

The training process of the LECTR mechanism and algorithmic flow of algorithm for
training agents are shown in Figure 4.

Optimising suggestion network and

learning to advise novice agent more Optimise the request network and

dynamically adjust its request policies.

| o L e L. I
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Figure 4. The training process of the LECTR mechanism.

5. Case Study

In this section, we first establish a simulation of a three-area power system to evaluate
the control performance of the improved MADRL algorithm compared to other control
algorithms, including deep Q-networks (DQN) [24] and the multi-agent deep deterministic
policy gradient (MADDPG) [25]. Subsequently, we demonstrate the advantages of the
improved MADRL with the LECTR mechanism in accelerating the learning process of the
newly added agent and improving the control performance in an expanded interconnected
power system.

5.1. Experimental Environment

The simulations were carried out using the deep learning framework PaddlePaddle,
with the following hardware configuration: an AMD Ryzen 7 2700 eight-core processor
operating at 3.20 GHz, an NVIDIA GeForce RTX 2060 GPU, and a total of 16 GB of RAM.
The sampling period of the controller during the simulation is 4 s, and the total duration
of the disturbance is 1500 s. We set the baseline capacity of the system to 5000 MVA. The
characteristics of the power system model presented in this paper are listed in Table 1.

Table 1. Parameters of the interconnected power system.

Parameter Ty (s) T: (s) D (p.u./Hz) H (p.u/Hz)  Tj (p.u./Hz) R (Hz/p.u.)
Areal 0.10 0.35 1.7 24 0.014 0.5
Area 2 0.09 0.32 1.5 19 0.07 0.3
Area 3 0.08 0.33 2.7 22 0.03 0.2

Expanded area 4 0.10 0.35 1.4 17 0.019 0.6

For the DON algorithm, the reward discount factor o and the learning rate a were
set to 0.99 and 0.0005, respectively. MADDPG utilized a learning rate of 0.001 for both the
actor and critic network, a reward discount factor  of 0.99, and a soft update rate 7 of 0.01.
In the proposed method, the normally distributed random noise € was set to 0.1, and the
time interval for delayed update was set to 2. The learning rates of the actor network and
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critic network were set to 0.002, and a reward discount factor -y and soft update rate T were
set to 0.98 and 0.005. The number of training iterations for all algorithms was set to 30,000.

5.2. Three-Area Power System Disturbance Simulation
5.2.1. Step Load Disturbance

As shown in Figure 5, a step load disturbance is introduced to simulate the load
in the power system, which experiences irregular and sudden increases and decreases.
The transition process of the improved MADRL algorithm occurs in the shortest time,
and the ACE of the improved MADRL algorithm remains at 0 after the step change is
applied. At 300 s, 500 s, and 900 s, the absolute values of the maximum ACE changes
for the three algorithms DQN, MADDPG, and the improved MADRL are (0.007 p.u.,
0.0052 p.u., and 0.0032 p.u.), (0.0100 p.u., 0.0082 p.u., and 0.00526 p.u.), and (0.0066 p.u.,
0.0035 p.u., and 0.0023 p.u.), respectively. The improved MADRL reduces the absolute
values of the maximum ACE changes compared to the other algorithms by (21.28-53.46%),
(23.28-56.85%), and (26.53-54.32%).
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Figure 5. Step load disturbance curves and the ACE variations step load disturbance in a three-area
power system.

5.2.2. Random Renewable Energy Disturbance

Renewable energy sources exhibit considerable randomness and fluctuations. To
examine the impact of these stochastic variations in renewable energy on the interconnected
power system, we treat renewable energy as a random disturbance without accounting for
its secondary frequency regulation capabilities. Figure 6 presents the data for renewable
energy sources in a three-area system.
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Figure 6. Random disturbance curve and the ACE variations under random disturbance in a three-

area power system.
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Figure 6 shows that the mean absolute ACE of the improved MADRL algorithm is sig-
nificantly lower than that of other algorithms, while maintaining ACE within a reasonable
range across multiple power system areas. The MADDPG algorithm can reduce the ACE
to within 0.005 p.u. However, there are still regions exhibiting unsatisfactory performance.
This is because the improved MADRL algorithm introduces a double-target critic network,
which enhances the stability of the algorithm’s convergence and prevents over-rewarding.
Consequently, the improved MADRL algorithm demonstrates greater adaptability to power
system environments characterized by a high proportion of renewable energy sources,
resulting in superior control performance. In contrast, DQN is a single-agent algorithm
that employs discrete generation control commands. As the interconnected power sys-
tem expands, the dimensionality of the action space increases exponentially, leading to
challenges in both exploration and convergence for the DQN algorithm. As a result, the
DOQN algorithm exhibits the poorest control performance, resulting in the highest average
fluctuations in ACE.

Figure 7 shows the power output of the generator with different algorithms in Area
1. It can be seen that the improved MADRL algorithm has the best stability in the face
of renewable energy disturbances, followed by MADDPG. Due to the strong stochastic
variation of the output power of the renewable energy sources, the DQN has difficulties
keeping up with the load for a short period of time.

o Fmmm]] o] T oo ] wsiy oo )
_ 0.020 '\ | Rirdom: dism,bﬂmei 0.020 4 /\ _ Ra“;ﬂ“m mslurbancc 1 o 0.020 |—— Random disturbance/{
2ol ] Ny 1ecndMe 0 awil g
2 el ] ! Pl 12 wsd [ oL 7 TN s AR
S o]l , L T LR L TR | T TR
5 005 TR bl 5o N T WM
oo W Vimg"y = oo 4 F1 ol

-0.015 r . L ' . . _ I i bt T s 1

T T T T T T T T T
0 200 400 600 800 1000 1200 1400 0 W0 400 600 80 1000 1200 1400 0 200 400 600 800 1000 1200 1400

......... Time(s) Timers)

Figure 7. Output curve of the Area 1 unit under random disturbance.

The comparison of specific data is presented in Table 2. The power system data
indicate that the mean absolute ACE of other algorithms was 2.5 to 6.10 times higher than
that of the improved MADRL algorithm. Furthermore, the improved MADRL algorithm
reduces the maximum variation in absolute ACE by 66.08% to 80.83% and achieves a
reward value that is 72.61% to 132.14% higher than that of the other algorithms. Therefore,
the improved MADRL algorithm demonstrates the best control performance.

Table 2. Numerical results of regional system performance comparisons.

Method Reward Mean Absolute ACE [p.u.] Largest Variation in Absolute ACE [p.u.]
DON -1.95 0.003084164 0.013206667
MADDPG —1.45 0.001495223 0.007463333
Improved MADRL —0.84 0.000595075 0.002533333

5.3. Extension of Power System Disturbance Simulation

This section of the simulation extends the power system to a fourth area to evaluate
the control and learning performance of the enhanced MADRL with the LECTR mechanism
in a highly stochastic power system environment.

5.3.1. Comparison of Offline Training Speed

Figure 8 shows the reward convergence curves of the newly added regional agents
trained offline under the guidance of four different algorithms. The proposed method
achieves convergence within 6833 rounds, demonstrating improvements in convergence
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speed of 58.73%, 67.95%, and 75.01% compared to the other three algorithms (improved
MADRL, MADDPG, and DQN), respectively.
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Figure 8. Reward convergence curves of different algorithms.

This is because we use a trained expert agent from the original power system region
to provide action suggestions, which the novice agent in the newly joined area selectively
accepts during the training process. This method ensures that the novice agent explores
the power system environment through stochastic actions while assimilating the suggested
actions from the expert agent’s perspective and effectively translating them into local
empirical knowledge. Consequently, this enables the novice agent to learn how to make
improved control decisions in a scalable power system environment, thereby reducing the
time required for independent learning.

For the other algorithms, there are serious challenges in dealing with the expanding
interconnected power system. Each agent in the newly joined area must be retrained
individually, which increases the training complexity of the multi-agent algorithms. As a
result, the convergence of rewards under these algorithms becomes slower.

5.3.2. Step Load Disturbance

Figure 9 illustrates the change in ACE of the four algorithms following a step dis-
turbance in the extended power system. It is evident that the improved MADRL with
the LECTR mechanism recovers to 0 p.u. more rapidly after the disturbance. At 200 s,
600 s, and 900 s, the improved MADRL with the LECTR mechanism reduces the absolute
values of the maximum ACE change compared to the other algorithms by 21.28% to 53.46%,
23.28% to 56.85%, and 26.53% to 54.32%, respectively.
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Figure 9. Step load disturbance curves and the ACE variations under step load disturbance in an
expanded power system.
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5.3.3. Random Renewable Energy Disturbance

Figure 10 shows the disturbance data of renewable energy sources, such as wind
power, in the newly extended area. It also compares the control strategies developed by
the agent in the fourth area using four different algorithms: the improved MADRL with
the LECTR mechanism, improved MADRL, MADDPG, and DQN, based on ACE metrics.
The results indicate that the control performance of the improved MADRL with the LECTR
mechanism is superior not only to that of DON and MADDPG, but also shows further
enhancement compared to the improved MADRL.
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Improved MADRL l
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Time(s)

T T T T
1000 1200 1400 0 1200

Figure 10. ACE variations under random disturbance in an expanded power system.

The comparative data for each algorithm are presented in Table 3. The improved
MADRL with the LECTR mechanism reduces the mean absolute ACE by 54.93% to 84.80%,
decreases the largest variation in absolute ACE by 50.03% to 78%, and achieves a reward
value that is 25.33% to 150.66% higher than that of other algorithms.

Table 3. Numerical results of four-area system performance comparisons.

1400

Largest Variation in

Episode Number

Method Reward Mean Absolute ACE [p.u.] Absolute ACE [p.u]  of Convergence
Improved MADRL with LECTR  —0.75 0.000658 0.00216 6833
Improved MADRL —0.94 0.00146 0.00435 16558
MADDPG —1.25 0.00234 0.00669 21324
DON —1.88 0.00433 0.00982 27345

During the expansion of power system regions, it is essential to integrate new agents
into the existing multi-agent framework to develop innovative coordination control strate-
gies for the expanded power system area. Simulations demonstrate that our proposed
improved MADRL with LECTR algorithm does not require re-centralized training of all
regional agents, while maintaining excellent convergence and control performance. The
improved MADRL with the LECTR mechanism offers a valuable reference for data-driven
AGC in more flexibly interconnected power systems.

6. Conclusions

To achieve real-time frequency response control in extended power systems, we pro-
pose a MADRL framework based on the LECTR mechanism for the dynamic optimization
of AGC.

(1) The LECTR mechanism is introduced to facilitate the joint development of control
strategies when interconnected power system regions are expanded. The LECTR
mechanism enhances the learning speed of agents in the newly integrated region

by 58.73% to 75.01% and reduces the average ACE by 54.93% to 84.80% by enabling
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peer-to-peer action suggestions from agents in the original region to those in the
new region.

(2) Ina fixed-area power system environment, the proposed method effectively reduces
ACE fluctuations and demonstrates superior control performance.
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Abstract: With the continuous increase in the penetration rate of renewable energy, the randomness
and flexibility demand in the power system continues to increase. The main grid side of the power
system vigorously develops pumped hydro storage (PHS) resources. However, the current PHS
station scheduling method of a fixed time period and fixed power has lost a certain flexibility supply.
In this paper, an optimal dispatching model of multi-pumped hydro storage stations is proposed to
supply flexibility for different regions of the state grid in east China. Firstly, the credible predictable
power (CPP) of renewable energy is calculated and the definition of flexibility demand of a power
system is given. The calculation model for flexibility demand is established. Secondly, considering
the regional allocation constraint in the state grid in east China, a non-centralized model of multi-PHS
within the dispatch scope is established. In the model, the constraints of storage capacity of different
hydropower conversion coefficients of each PHS station is considered. The flexibility supply model of
PHS stations to each region of the state grid in east China is established to realize reasonable flexibility
allocation. Then, by combining the PHS station models and the flexibility demand calculation model,
the optimal dispatching model for the flexibility supply of multi-PHS stations is established. Finally,
based on the network dispatching example, the effectiveness and superiority of the proposed strategy
are verified by a case study.

Keywords: pumped hydro storage (PHS) station; flexibility; flexible scheduling; power system;
renewable energy

1. Introduction

With the “dual carbon” goal proposed, the installed capacity of renewable energy
resources in the power system will continue to increase. As a result, the penetration rate
of new energy continues to increase. The superposition of renewable energy resources
and load fluctuations leads to an increase in the risk of instability in the power system.
Therefore, for the stable operation of the power system, the power system needs to have a
stronger ability to cope with uncertainty and volatility. The “symmetry” between electricity
production (power generation) and electricity consumption can be regarded as an ideal
state, namely that the two are fully matched in quantity and highly synchronized in time.
In order to achieve this state, the power system needs flexible scheduling strategies and
efficient energy storage technology to cope with the instability of intermittent energy, such
as wind and solar energy, on the power generation side, as well as the random fluctuations
of load on the power side.

At present, scholars have adopted various methods to deal with the uncertainty of new
energy in the optimization scheduling process. The predicted power is utilized directly in
most instances for calculating when developing the day-ahead dispatch. References [1-3]

Symmetry 2024, 16, 1404. https:/ /doi.org/10.3390/sym16101404 110

https://www.mdpi.com/journal /symmetry



Symmetry 2024, 16, 1404

predict the power of renewable energy resources (RERs) through different methods, which
eventually improves the accuracy of RERs’ prediction in long- and short-time scales. On
this basis, a more appropriate dispatch can be developed. However, these studies ignore
the degree of fluctuations of RERs.

In addition, in order to measure the ability of the power system to cope with volatility,
the concept of “power system flexibility” was proposed. In 2008, the International Energy
Agency (IEA) proposed the concept of “power system flexibility”, which reflects the ability
of a power system to cope with large fluctuations in demand and supply. The stronger
the flexibility, the stronger the ability to cope with fluctuations within the system; that is,
the stronger the ability to maintain system stability [4]. Power system flexibility is defined
in [5] as the ability of a system to call on its own resources to meet the load changes in
the grid. In [6,7], power system flexibility is the ability to respond to load fluctuations at
various time scales and maintain the standard level of system reliability. Therefore, there is
still no unified definition of power system flexibility, but in general, the flexibility of the
power system is the ability to dispatch various flexible resources in the power system and
maintain system stability per unit time.

By the end of 2022, the total installed capacity of PHS stations approved under con-
struction was 121 million kilowatts in China. However, at present, there is no commercial
consensus on the dispatch of PHS units in the power system, especially the coordinated
dispatch with other units. At the same time, the potential for the flexibility supply of
PHS stations themselves is not sufficient. Therefore, some studies have focused on the
more adequate dispatch of PHS stations. In [8], the authors study the optimal operation
evaluation criteria, considering factors such as energy diversification and allocation, based
on the research results of PHS-based energy systems in recent years. In [9], the authors
establish an operation dispatching model with the goal of minimizing the running cost
of the PV-PHS system. In [10], the authors combined PHS with residential buildings to
study the technical and economic feasibility. In [11], the authors conducted a study on the
optimal dispatch and management of seawater PHS stations with the goal of maximizing
operating profits. However, the common limitation of these studies is that they all aim
for optimal dispatching with the goal of economic optimization, and do not consider the
flexibility balance between supply and demand in the dispatching process.

In [12-15], the lowest cost is taken as the optimization goal, so that the combined
operation of wind power and pumped storage combined unit model is established. In [16],
the authors examined the dispatching of PHS resources in coordination with other resources.
In [17], the authors proposed a novel deterministic PSH model that considers the transition
time and trajectory between three states of PHS units in look-ahead dispatch. In [18],
the authors proposed a novel coordination strategy of wind and PHS units for a fast
and reliable self-healing process. In these studies, the operation and dispatch models
of PHS stations are established, but the reserved time constraints between the working
conditions of PHS stations and the storage capacity constraints of different hydropower
conversion coefficients are not considered. At the same time, only one PHS station is
considered in these studies to provide or absorb power to the grid, or model pumped
storage power plants intensively. The issue of multiple PHS units and supply flexibility for
multiple regions is not considered. In actual operation, when the multi-PHS stations supply
flexibility to multiple regions, it is necessary to consider the regional allocation constraints.

In order to address the shortcomings in the current research, the main objectives of
this study are as follows:

(1) CPP is calculated based on predictive data of RERs. In view of the current problem
of inconsistent definition of the flexibility of power systems, this study defines the flexibility
demand of power system as the change in net load per unit time, and propose a formula
model for calculating flexibility demand at multiple time scales;

(2) Design the refined operation model of PHS stations. This study summarizes the
PHS unit models in previous studies and combines the actual operation characteristics of
PHS stations to further refine the operation models of PHS stations.
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(3) Propose the optimal flexibility dispatching model of multi-PHS stations. Based on
the optimal matching of the flexibility supply of PHS stations and the flexibility demand
of each region, the objective function is established. To integrate the different regional
allocation constraints of different PHS stations to different regions, the flexibility supply
of PHS stations to different regions was quantified, and the flexibility supply model of
PHS stations was established. The effectiveness of the proposed method is verified by
a case study.

2. Optimal Flexibility Dispatching Model of Multi-PHS Stations Considering the
Uncertainty of Renewable Energy

In this study, an optimal flexible scheduling model for multi-PHS stations considering
the uncertainty of renewable energy is proposed. On the basis of considering the uncertainty
of the renewable energy forecast, the net load series is calculated, and then the flexibility
demand is obtained. According to the actual operation characteristics of PHS stations, a
refined operation model of PHS stations is established. Considering the power allocation
constraints caused by the actual situation, the flexibility supply of different regions is
calculated. Finally, the flexibility demand and supply are best matched to achieve the
optimal flexible dispatching, and the economy of the flexibility supply mode is compared
with that of the thermal power flexibility supply. The overall research framework is shown

in Figure 1.
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Figure 1. Overall research block diagram.

3. Flexibility Demand of Power System

In this study, power system flexibility is defined as the ability of the power system to
cope with power changes and maintain stability, and flexibility demand is defined as the
amount of change per unit time of net load. At the same time, the forecasted uncertainty of
renewable energy is considered. Flexibility has both upward and downward directions, and
the values and characteristics of flexibility are different. For the demand for flexibility in
different directions, the flexible supply in different directions needs to be balanced with it.

3.1. Calculation of CPP

The CPP of RERs is defined as the minimum level of output that renewable energy
forecasts can reach with a certain probability C%. This probability C% is also referred to as
the power supply guarantee rate. This value represents a high-confidence prediction of
energy output, reflecting the overall characteristics of renewable energy. The formula for
calculating the CPP of RERs is as follows:

F) = [ fo)s 0
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q="F""(x)lx=1-co 2)

where F(x) is the cumulative distribution function of the dataset, the dataset is predicted
data or actual value of RERs, f(s) is the probability density function of the dataset, F~!(x)
is the inverse function of F(x), g is the CPP of the dataset within power supply guar-
antee rate C%, and C% is the percentage of confidence that ensures RERs can reliably
output as planned.

Applying (1) and (2) and using the predicted data of RERs, the CPP of the predicted
data of RERs gcpp can be calculated. Applying (1) and (2) and using the actual value
of RERs, the Credible Actual Power (CAP) gcap can be calculated, i.e., CPP of actual
value of RERs.

Furthermore, the incorporating ratio of RERs participating in dispatching is given by:

_ qcap 3)
qcpp

In the dispatching process, all forecasted renewable energy power is replaced by P"®.
prew ,B-P”ew*h (4)

where P"% is the renewable energy power used for dispatching, including wind power
PP and solar power Po/"; Pe-1 s the original forecast data obtained from the wind or
solar plants.

3.2. Formula Model for Calculation of Power System Flexibility Demand
3.2.1. Net Load Time Series Calculations

The net load is the power of the power system load demand minus the output power
of renewable energy, and the net load can reflect the superposition fluctuation of load and
renewable energy. The net load, at the same time, depends on the load demand power
and the renewable energy output power at that time. The net load of the power system is
calculated as follows:

Ptnet _ Ptloud _ thind _ Ptsolur (5)

where P is the net load value at time t. P/°*, Pid and P;°/" are the required load
power, the output power of wind power, and the output power of photovoltaics at time t,
respectively.

3.2.2. The Flexibility Demand

The flexibility demand at different time scales is the amount of change in the net load
per unit time, and the flexibility demand at different time scales is also different. The
flexibility demand at different time scales is calculated as follows:

I
B = pigy - P ©

where P{ % is the flexibility demand of the ¢ period. P/'¢!, is the predicted net load value
corresponding to the next scheduling period; if the sampling interval of the forecast data is
the same as the time of the scheduling period, a takes 1.

The value of the flexibility demand calculated according to Equation (6) is divided into
positive and negative values, which are used to distinguish the direction of the flexibility
demand, with a positive value indicating an upward flexibility demand and a negative
value indicating a downward flexibility demand. The following formulas can be used to

distinguish between upward and downward flexibility demand:
Pflex?up _ Pgéex, P{;ex >0 @
t,s 0, P tjfsl;ex <0
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pflexdn _ { 0, P/ >0 @)

t,s Pflexl Pflex <0

where Ptjf Slex—up and Ptjf éex‘d" are the upward flexibility demand and the downward flexibility
demand for period t under time scale s, respectively.

4. Flexibility Dispatching Model for Multi-PHS Stations
4.1. Set Dispatching Variables

e Power generation/pumping condition status variables llgen / U : Boolean vari-
ables. Indicate the power generation/pumping status of the 1th PHS unit in the
t period. A value of 0 indicates that the PHS station is not in the power
generation/pumping condition, and a value of 1 indicates that it is in the power
generation/pumping condition.

e  Generating power Plgf " Real variables. Indicate the power generated by the ith PHS
unit in the t period.

e  The amount of water remaining in the upstream/downstream reservoir E, /; / E9": Real
variables. Indicate the water volume of the upstream/downstream reservoir of the
nth PHS station in the t period.

e  Number of power generation/pumping starts Klg;n / Klp ;n: Integer variables. Indicate
the number of power generation/pumping conditions started on day d for the ith PHS
unit. Kggn represents the number of power generation conditions started on day d for

the ith PHS unit. K" i4 represents the number of pumping conditions started on day
d for the ith PHS unit. This variable can be calculated and represented by the power
generation/pumping condition state variable.

4.2. Refined Operation Model of PHS Station

In order to make the PHS station more accurate in the dispatching process, we must
fully consider the various operation characteristics of the PHS station in the actual operation.
In this study, we designed a refined operation model of the PHS station. The PHS unit
has the characteristics of fast start and stop, fast climbing speed, etc. PHS units can be
converted under three working conditions: power generation, pumping, and shutdown,
corresponding to the state of transmitting power, absorbing power, and neither emitting
nor absorbing power. As a result, PHS stations are able to provide flexibility in both upward
and downward directions. However, the PHS units in the same PHS station cannot be in
both power generation and pumping conditions at the same time. None of the PHS units
in the entire dispatch scope can be in power generation and pumping conditions at the
same time. Since the PHS unit cannot directly jump from the pumping condition to the
power generation condition, nor can it jump from the power generation condition to the
pumping condition, when the pumping and power generation conditions are converted,
an interval of dispatching period is required.

A PHS station is usually equipped with multiple PHS units and has an upstream
reservoir and a downstream reservoir. PHS units in the same PHS station share the same
upstream and downstream reservoirs. The volume of the upstream reservoir determines
the time when the PHS station can generate electricity, and the amount of water in the
downstream reservoir determines the time when it can be pumped. However, the basic
downstream reservoir capacity is much larger than the upstream reservoir capacity, so in
most cases, the effective reservoir capacity of the upstream reservoir of the PHS station
is mainly considered. At the same time, there is a dynamic equilibrium relationship
between the upper and downstream reservoirs of PHS stations, and different PHS stations
have different hydropower conversion coefficients due to the different heights of the drop
between the upstream reservoir and the downstream reservoir. The constraints contained
in the refined operation model of PHS station are as follows:

1. PHS units power constraints
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(1) Power generation constraint:

gen gen gen
Pi,min S Pi,t S Pi,mux (9)
where Pf’ﬁﬁn is the minimum stable power generation power of the ith PHS unit, and Plgz; N
is the maximum power generation power of the ith PHS unit, i = 1,2,---.
(2) Pumping power constraint:
m __ pm
PI™ = P} (10)
where Pip " is the rated pumping power of the ith PHS unit.
2. PHS station operating condition constraints
(1) Different working conditions are not simultaneous constraints:
u U <1 an
wherej=1,2,-- -, and m is the number of PHS units within the dispatch scope.
(2) Condition conversion reservation time constraints:
gen _qpm
Vi, =1 i (12)
Uz',t <1- ui,tfl
(3) Prevent the operating condition changes sudden constraints:
gen gen gen gen
T=Upy ) Uiy + (1 Ui,tq) Uy =1 (13)
gen gen gen gen
1=Up ) Uy + (1 Uiy )'ui,t—l =1
pm pm pm pm
T=Uj ) Ujy—p+ (1 ui,tq) Uiy <1 (14)
pm pm pm pm
L=Upy oy ) Uy + (1 UG ) Uiy =1
(4) Specified time shutdown constraints:
ust+ul =0 (15)

(5) The maximum number of starts under the same working condition in one
day constraints:

gen gen gen
Ki,start,min < Kz',d < Ki,sturt,mux (16)
pm pm pm
Kz’,start,min S Kz’,d S Ki,sturt,max (17)
gen gen . . .
where Ki,st artmin and Ki,st art max aT€ the minimum and maximum number of starts of the ith
iy . pm pm .- .
PHS unit in a day, respectively. Ki g, . . and Ki g, . are the minimum and maximum

number of pumping starts in a day for the ith PHS unit, respectively.

en T en en

K?,d = t; (1 - uft—l)'uig,t (18)
pm L pm pm

Kig = t; (1 - ui,tfl)'ui,t (19)

where T is the number of time slots dispatched.
(6) Minimum running time constraint for power generation:

gen,on gen,on gen gen
(Xi,t—l - T )'(ui,t—l — U, ) =0 (20)
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where Xlgfflo " is the continuous operation time of the ith PHS unit in the t period. Tige"’m
is the minimum continuous operation time of the ith PHS unit under power generation
conditions. The formula for calculating X;gfff " is as follows:

gen,on gen gen gen gen gen,on
Xip = (1 - ui,t&) Uiy + U UG '(1 + X ) (21)

(7) Minimum running time constraint for pumping;:

pm,on pm,on pm pm
<Xi,t—1 - T )'(ui,t—l — U, ) >0 (22)
where le ;ﬂ_qn is the continuous pumping time of the ith PHS unit in the ¢ period. Tip "o s

the minimum continuous operation time of the ith PHS unit under pumping conditions.
. pm,on . .
The formula for calculating X, is as follows:

pm,on pm pm pm pm pm,on
Xy = (1 - Uz‘,t—l) Uiy + U UG '(1 +Xii ) (23)

(8) PHS unit start-up constraint:

I, I,

gen gen
Y uz;" — Y up -, =1 (24)
i=1 i=1
n pm L pm
g%i_ﬁ%Hgl (25)
= =

where I, is the number of PHS units in the nth PHS station.
3. Reservoir capacity constraints of PHS stations

(1) Upstream reservoir and downstream reservoir constraints:
up up up
EZ,Wlin S Eg,t S Eglmux (26)
n
g < EM < E

n,min n,max

where E"¥

u .. . . .
nmin a0d Ephuax are the minimum capacity and maximum capacity of the upstream

reservoir, respectively. Eﬁ?mm and Eﬁflmax are the minimum capacity and maximum capacity
of the downstream reservoir, respectively.
(2) The dynamic balance of upper and lower storage capacity constraints:
up pm Sen up
Edn't B Qnﬁm_ Qngten+ En,&;l (27)
En,r; = 7Qn,t + Qn,t + En,tfl

where QZT and Qietn are the amount of pumped water stored and the power generation
displacement in the f period of the nth PHS station, respectively.

Under the power generation condition of the PHS unit, the gravitational potential
energy of the water is converted into electrical energy, and under the pumping condition,
the electrical energy is converted into the gravitational potential energy of the water.
Therefore, there exists the following relationship between power generation and pumping
power of PHS stations and the amount of drainage and pumped water:

Py = Qi
: i 28
{ Por =i Qi )

en

where Pf,t is the total power generated in the ¢ period of the nth PHS station, and its
value is equal to the sum of the power generated by all PHS units in the ¢ period of the nth
PHS station. Pﬂn is the total pumped power of the nth PHS station in the f period, and its
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value is equal to the sum of the pumping power of all PHS units in the t period in the nth
PHS station. 775" and 77}, are the water-electricity conversion coefficient under the power
generation condition and the water-electricity conversion coefficient under the pumping
condition of the nth PHS station, respectively.

The water-electricity conversion coefficient 775 of the PHS station under power
generation conditions indicates a power generation capacity of 1 m> water conversion per
unit of water consumed under power generation conditions, and the calculation formula is
as follows:

tur , ~ygen . 1,8€M .
17537" _ T Q hﬂ P8 (29)

e

where 7/'" is the average turbine efficiency of the nth PHS station. Q8°" is the unit of water

volume, the value is 1 m>. p is the density of water, usually 1000 kg/m?>. h5"" is the height of
the drop between the upstream reservoir drainage outlet and the downstream reservoir of
the nth PHS station; in m., e is the unit of electricity and the valueise = 1 MWh = 3.6 x 107 7.
Therefore, the water-electricity conversion coefficient of the PHS station under the power
generation condition mainly depends on the height of the drop between the upstream
reservoir drainage outlet and the downstream reservoir of the PHS station.

The water-electricity conversion coefficient 77, under the pumping condition of the
PHS station represents the amount of electricity consumed by pumping 1 m> of water to the
upstream reservoir under the pumping condition, and the calculation formula is as follows:

hh".Qpm.p.
’75m = Wp.epg (31)

where 77/ is the average pump efficiency of the nth PHS station. h}," is the height of the
drop from the downstream reservoir pumping port to the upstream reservoir of the nth
PHS station; in m., QP™ is the unit of water volume and the value is 1 mS.

4.3. Flexibility Supply for Different Regions

The flexibility supply of the PHS station to different regions is calculated by the final
dispatch power of each PHS station. The dispatching power generation and pumping
power of each PHS station are calculated by the working condition of each unit of each
PHS station and the power generation and pumping power.

The final dispatch power generation/pumping power of each PHS station is deter-
mined by the power generation/pumping state variable and the power generation/pumping
power. Pfftn’end and P,f;n’md are the dispatch generation power and pumping power of the
nth PHS station during the ¢ period, respectively. The calculation formulas are as follows:

genend Iy gen gen
Py = ) Uiy Py (32)

pmend I pm pm
P =30 U, Py (33)

The formulas for calculating the upward and downward flexibility supply obtained
by each region in each dispatching period are as follows:

Ptb’lf,supply _ 271:121 Pn,r'Pgin,end (34)
dnsuppl N end
Ft,:z supply _ Zn:1 Pn,r'P,f,T en (35)
where p;, ; is the allocation ratio of the pumped power distribution from the nth PHS station

to area r.
The flexibility supply variables obtained by each region in each dispatching period
can be calculated as shown in Figure 2.
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Figure 2. Schematic diagram of the flexibility supply variables.

In order to prevent the oversupply flexibility of PHS stations and the reverse increase
in flexibility demand, the flexibility supply needs to meet the constraints of preventing
excessive flexibility supply:

(1) Upward flexibility supply constraints: The upward flexibility supply of PHS sta-
tions to each region cannot exceed the upward flexibility demand of this region; otherwise,
there will be an excess of upward flexibility supply. The expression is as follows:

! suppl
Ptj;ex‘up — F;ff PPV >0 (36)

where Ptjf iex*up is upward flexibility demand in the ¢ period of r area. Fturp SUPPY g 1 period
upward flexibility supply to the r area.

(2) Downward flexibility supply constraints: The downward flexibility supply of
PHS stations to each region cannot exceed the downward flexibility demand of this region;
otherwise, there will be excessive downward flexibility supply. The expression is as follows:

dn, l lex_d
Ft’:z supply Piz,‘rex n >0 (37)

dn,supply . Pflex_dn
tr

where F,, is t period downward flexibility supply to the r area. is downward

ﬂex1b111ty demand in the t period of r area.

4.4. Objective Function

In order to achieve the optimal supply flexibility of PHS stations, it is necessary to
best match the flexibility supply of PHS stations with the flexibility demand of each region.
That is, the difference between the flexibility supply of PHS stations to each region and
the flexibility demand of each region needs to be as small as possible. In this study, the
matching degree between the flexibility supply of PHS stations and the flexibility demand
for each region is quantified by the difference between the flexibility supply of PHS stations
and the flexibility demand of each region.

The objective function considers the influence of PHS stations on the flexibility supply
of different regions in different modes, and the flexibility supply of PHS stations to each
region needs to be calculated according to a certain allocation ratio.

The difference between upward flexible demand and upward flexible supply is calcu-

lated as follows: £l I
ex_up up,supply
dsz Zr 1 Zt 1 (P —F, ) (38)

where F;f} £ s the deviation between upward flexibility demand and upward flexibility sup-

ply within the dispatching scope, i.e., the upward flexibility demand after the PHS supply
and the upward flexibility. R is the total number of regions within the dispatching scope.

The difference between downward flexibility demand and downward flexibility sup-
ply is calculated as follows:

dsz Zr 1Zt 1( dn ;supply Pj;l’exfdn) (39)

where ng” is the difference between the downward flexibility demand and the downward
flexibility supply within the dispatching scope, i.e., the downward flexibility demand after
the PHS supply and the downward flexibility.
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Based on the above formula of flexibility supply and demand, considering the flexibil-
ity supply of PHS, including upward flexibility supply and downward flexibility supply,
the optimal matching of flexibility supply and demand in each region by each PHS station
is taken as the objective function of day-ahead dispatching, and its expression is as follows:

minF = min (Eyl, + File) (40)

The value of the decision variable that enables the objective function to be minimized
is the dispatch result that supplies the optimal flexibility for PHS.

5. Materials and Methods

In order to verify the effectiveness of the model established in this study, a regional
power grid in East China was used as an example system for simulation analysis. There
are 4 regions in this dispatching scope, with a total of 10 PHS stations including 48 PHS
units, with a total installed capacity of 13,700 MW. Different PHS stations have different
flexibility supply patterns for each region, so the pumped and power generation power are
allocated according to different proportions. The total installed capacity of wind power
is 29,553.9 MW, and the total installed capacity of photovoltaic is 34,922.5 MW. The peak
daily load of the system is 344,522 MW.

5.1. Flexibility Demand

The 3-day flexibility demand is calculated based on the 3-day renewable energy and
load forecast data, as can be seen in Figure 3. The flexibility demand above the horizontal
axis of the coordinate system is the upward flexibility demand. The flexibility demand
below the horizontal axis is the downward flexibility demand. And the flexibility demand
in different directions needs to be met by the flexibility supply in the corresponding
direction. However, too much flexibility supply will lead to an inverse increase in the
demand for flexibility, so the best match between flexibility supply and demand is required.
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Figure 3. Cont.
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Figure 3. Forecast data curves and flexibility demand of regions.

5.2. Flexibility Supply

The main parameters of the PHS station include the number of units and the power of
a single unit, as shown in Table 1.

Table 1. Parameters of each PHS station.

PI{Nii:;ZFH Nuglr:)i:; of Single Generating Power (MW) Sl;fxefl(lﬁa;;lg
1 6 300 315
2 4 300 312
3 4 375 380
4 6 350 380
5 4 250 275
6 4 150 165
7 6 300 315
8 4 300 330
9 4 250 270
10 6 300 269

Due to factors such as the price model of PHS stations and the contracts signed
between grid operators and PHS stations, the flexibility supply patterns of PHS stations to
each region are also different, and the different regions have different regional constraints.

Table 2 shows the distribution ratio of each PHS station to each region under different
regional allocation constraints.

The simulation dispatching results of each PHS station are shown in Figure 4, where
the horizontal axis represents the time, the vertical axis represents the generation power or
pumping power of each PHS station, the positive power represents the generation power,
and the negative power represents the pumping power.
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Table 2. PHS station allocation ratio to each region.

PHS Station

Allocation Ratio (%)

Number Region 1 Region 2 Region 3 Region 4
1 33.33 27.78 27.78 11.11
2 41.67 0 58.33 0
3 12.67 0 87.33 0
4 0 0 100 0
5 50 0 0 50
6 50 0 0 50
7 27 18 0 55
8 0 0 0 100
9 0 100 0 0
10 0 100 0 0
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(b) Dispatching result in each region

Figure 4. Dispatching result of dispatching scope.

The dispatching results show that the optimized dispatching model for PHS flexi-
bility can realize the output dispatching of PHS stations, and conform to the operation
characteristics of PHS stations, for example, the power generation and pumping condi-
tions are different in the same time period, the multiple cycles of power generation and
pumping in the dispatching period, and the limited number of starts and stops in one day
is not exceeded.

Figure 4a shows the matching of flexibility demand and flexibility supply in the whole
dispatching scope. The black curve represents the flexibility demand in the whole dis-
patching scope, the red curve represents the upward flexibility demand after the flexibility
supply of the PHS station, the blue curve represents the downward flexibility demand
after the flexibility supply of the PHS station, and the different colors in the histogram
represent the flexibility supply of different PHS stations. Figure 4b shows the flexibility
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supply of PHS stations to each region, and the different colors in the histogram represent
the flexibility supply of PHS stations to each region.

The simulation results show that the histogram can basically cover the area enclosed
by the black curve and the coordinate axis, and the flexibility supply by the PHS station in
this dispatching scope can basically meet the overall flexibility demand. At the same time,
the upward and downward flexible supply of PHS electricity has basically not exceeded
the limit. There is a constraint to prevent the oversupply of flexibility in the constraints
of the flexibility dispatching model of the PHS station, because the solver is used to solve
the optimization problem. The convergence accuracy is set to 0.01% in order to prevent
the solution time from being too long. In order to find a feasible solution and make the
strict constraints feasible, the solver automatically adds relaxation in the solution process,
so in some cases, the flexibility oversupply constraint is violated in a few periods in the
simulation results, but the degree of violation is acceptable.

Figure 5 shows the supply and demand of flexibility in each region. The black curve
represents the flexibility demand of each region, the red curve and blue curve represent
the upward and downward flexibility demand after the PHS station flexibility supply
to each region, respectively. The histogram represents the flexibility supply of PHS sta-
tions to each region. This flexibility supply is calculated by the allocation ratio under
regional constraints.
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Figure 5. The flexibility supply of PHS stations to each region.
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Through the flexibility supply and demand of each region, it can be deduced that the
matching of flexibility supply and flexibility demand in each region can be completely
matched in most cases Moreover, it can be observed that some dispatching periods are
limited by the actual operating conditions of PHS stations, and it is difficult to achieve a
complete match between flexibility supply and demand.

5.3. Flexibility Supply Costs

In order to quantify the economics of the dispatch model proposed in this study, the
following three dispatching modes are set up, along with the flexibility supply from PHS
stations and thermal power units.

Casel: All flexibility supply is from thermal power units. Figure 6 shows the flexibility
supply of the thermal power units, the upward flexibility of the thermal power unit is the
region enclosed by the red curve and the 0 coordinate axis, and the downward flexibility of
the supply is the area enclosed by the blue curve and the 0 coordinate axis.
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Figure 6. Casel dispatching result.

Case2: The supply flexibility of PHS stations is added, manual dispatching to dispatch
PHS stations is used, and the remaining flexibility supply is derived from thermal power
units. Figure 7 shows the flexibility supply of manually dispatched PHS stations, the
histogram represents the flexibility supply of each PHS station, and the area enclosed by
the red curve, the blue curve and the 0 coordinate axis shows the flexibility supply of
thermal power units required. The area enclosed by the blue curve above the zero axis
and the 0 axis is the reverse increase in the downward flexibility demand caused by the
operation of the PHS unit, and the area enclosed by the red curve below the zero axis and

the 0 axis is due to the reverse increase in the upward flexibility demand caused by the
operation of the PHS units.
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Figure 7. Case2 dispatching result.
Case3: PHS stations supply flexibility is added, and the PHS station flexibility op-
timization dispatching model proposed in this study is used to dispatch PHS stations.

Figure 8 shows the flexible supply of PHS stations using the model proposed in this study.
The histogram represents the flexibility supply of PHS stations, and the area enclosed by
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the red curve, the blue curve, and the 0 coordinate axis shows the flexibility of thermal
power units supply required.
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Figure 8. Case3 dispatching result.

The economics are evaluated by quantifying the cost of power generation for the
flexibility supply of each case. The method of quantifying the cost of flexible supply is
simplified as follows:

(1) Thermal power units: When the supply is indicative of an upward flexibility, it is
necessary to climb up the slope to increase power generation, that is, to increase the power
generation on the basis of the original power generation plan, and the flexibility supply
cost is positive. The downward flexibility supply causes the need to climb down to reduce
the power generation capacity, that is, the power generation is reduced on the basis of the
original power generation plan, and the cost of flexibility supply is negative.

(2) PHS unit: When the supply is indicative of an upward flexibility, it needs to
generate electric energy under the power generation condition, and the flexibility supply
cost is positive. When the supply of a downward flexibility is required, it needs to consume
electricity in pumping conditions, and the cost of flexible supply is positive.

The cost of flexibility supply of thermal power units is set to be 0.35 CNY/kWh, and
the cost of flexibility supply of PHS units is 0.35 CNY/kWh under pumping conditions
and 0.21 CNY/kWh under power generation conditions.

The economic comparison in different cases is shown in Table 3. Through comparison,
it is found that the cost of flexibility supply only through thermal power resources is
obviously higher, and the cost of flexibility supply is significantly lower after adding PHS
resources. In Case3, the PHS stations have more flexibility supply, which greatly reduces
the flexible supply pressure on the thermal power station. At the same time, the PHS
station’s dispatching strategy in this study greatly reduces the cost of power generation
and dispatching. Therefore, the optimal scheduling strategy proposed and the PHS power
station model established in this paper are effective.

Table 3. Economic comparison.

Upward Downward Cost of
Case Resource Type  Flexibility Supply  Flexibility Supply Flexibility
(MW) (MW) Supply (CNY)
Casel Thermal units 3,663,015.68 3,655,076.08 6.4033 x 108
PHS stations 542,103 686,743
Case2 9.4668 x 107
Thermal units 781,093.17 662,304.99
PHS stations 138,256.82 175,022
Case3 2.5680 x 107
Thermal units 208,252.24 172,739.11

6. Conclusions

With the continuous improvement of the penetration rate of renewable energy in the
power system. The flexibility demand of power systems is also increasing, it is more difficult

124



Symmetry 2024, 16, 1404

to balance the supply and demand of power system flexibility, and flexible resources are
required to play a greater role. In recent years, PHS resources have not only been vigorously
developed, but also possess the advantages of pollution-free, low-cost, and fast regulation.
In this study, according to the actual operation characteristics of PHS units, a refined
operation model of PHS is established. The optimal dispatching model for PHS flexibility
is established with the goal of optimal matching of flexibility supply and flexibility demand
in the different flexibility supply patterns of multi-PHS stations. The results show that the
proposed method can realize the optimal flexibility of multi-PHS power station supply to
multiple regions in East China. At the same time, this method can satisfy the matching of
flexibility supply and flexibility demand, and make the PHS stations’ dispatching more
reasonable. This optimal flexibility dispatching method improves the utilization rate and
flexible supply of PHS power stations and demonstrates favorable economic characteristics.
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Abstract: A rapid dynamic security assessment (DSA) is crucial for online preventive and restoration
decision-making. The deep learning-based DSA models have high efficiency and accuracy. How-
ever, the complex model structure and high training cost make them hard to update quickly. This
paper proposes a dynamic security partition assessment method, aiming to develop accurate and
incrementally updated DSA models with simple structures. Firstly, the power grid is self-adaptively
partitioned into several local regions based on the mean shift algorithm. The input of the mean shift
algorithm is a symmetric electrical distance matrix, and the distance metric is the Chebyshev distance.
Secondly, high-level features of operating conditions are extracted based on the stacked denoising
autoencoder. The symmetric electrical distance matrix is modified to represent fault locations in local
regions. Finally, DSA models are constructed for fault locations in each region based on the radial
basis function neural network (RBFNN) and Chebyshev distance. An online incremental updating
strategy is designed to enhance the model adaptability. With the simulation software PSS/E 33.4.0,
the proposed dynamic security partition assessment method is verified in a simplified provincial
system and a large-scale practical system in China. Test results demonstrate that the Chebyshev
distance can improve the partition quality of the mean shift algorithm by approximately 50%. The
RBFNN-based partition assessment model achieves an accuracy of 98.96%, which is higher than the
unified assessment with complex models. The proposed incremental updating strategy achieves
an accuracy of over 98% and shortens the updating time to 30 s, which can meet the efficiency of
online application.

Keywords: Chebyshev distance; dynamic security assessment; incremental updating; power grid
partition; preventive and restoration decision-making; radial basis function neural network; symmetric

electrical distance matrix

1. Introduction

Dynamic security assessment (DSA) evaluates the security and stability of the power
system under specified operating conditions (OCs) and anticipated faults [1]. It can provide
valuable information for preventive and restoration control decision-making [2,3]. With the
integration of renewable energy and frequent extreme weather events, the uncertainty of the
OCs has increased significantly. Preventive and restoration control decision-making needs
to be performed online to adapt to fast-varying OCs. A rapid DSA is required. However, the
traditional DSA method based on time-domain simulation is computationally complex [4].
It cannot meet the high assessment efficiency for massive candidate schemes generated
during the control decision-making process.

The data-driven DSA method utilizes machine learning to directly learn the map
between the input and the dynamic security of power systems [5,6]. It can realize an online
assessment due to its high efficiency. The input features are fundamental to data-driven
DSA. For a specific fault type, the dynamic security of the power system is closely related
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to the pre-fault OCs and fault locations. Therefore, the DSA inputs need to incorporate
both OCs and the fault location information. To ensure high evaluation efficiency, the DSA
typically employs steady-state features as inputs [7-9]. Pre-fault OCs can be represented
by steady-state power flow features, such as the node injection power, voltage, and line
transmission power [10,11]. For fault locations, the traditional DSA method constructs
a dedicated assessment model for each fault. It has high assessment accuracy [12,13].
However, an increase in fault locations can lead to a large scale of DSA model sets and high
maintenance costs.

Existing DSA methods with a unified assessment model adapted to fault locations can
be divided into three categories. The first category leverages machine learning techniques to
handle multiple fault locations. Assuming that each OC corresponds to a single anticipated
fault, Refs. [14,15] employ transfer learning to build DSA models for multiple faults, of
which the accuracy is over 97%. However, they do not include fault location information in
the inputs and cannot assess different fault locations under the same OCs. Ref. [16] employs
multi-label learning to construct a single DSA model for multiple faults, and improves
the DSA accuracy to 99%. The number of considered fault locations is determined by
training sample labels. Therefore, the DSA model has no generalization performance in
unseen fault locations. The second category employs discrete encoding methods such as
binary [17], integer [18-21], and one-hot encoding [22,23] to represent fault location features.
DSA models distinguish different fault locations through these discrete encodings and are
generally able to achieve an assessment accuracy of more than 97%. However, discrete
encoding fails to reflect the physical differences between fault locations. The discrete
encoding-based DSA model has poor generalization performance in unseen fault locations.
The third category constructs electrical coordinates to represent fault locations [24,25]. The
electrical coordinate is composed of the electrical distance to preselected reference nodes. It
can reflect the electrical differences among fault locations. The electrical coordinate-based
DSA model has high generalization performance and obtains an assessment accuracy
of 98%.

The mapping relationship among OCs, fault locations, and the system dynamic se-
curity is strongly nonlinear. To ensure high assessment accuracy, the training set needs
to cover a wide variation range of OCs and anticipated fault locations. The size of the
training set is thereby large. The learning for massive samples containing a nonlinear map
requires a machine learning model with strongly nonlinear fitting capabilities. Typically,
increasing the structural complexity of machine learning models can enhance nonlinear
fitting capabilities, e.g., long short-term memory (LSTM) neural networks [26], convolu-
tional neural networks (CNNs) [27], and recurrent neural networks (RNNs) [28]. However,
these highly complex models face issues such as high training costs, overfitting risks, poor
interpretability, and difficulties in model updating. They are hard to update timely to
support online preventive and restoration control decision-making.

According to the principle of Occam’s Razor in machine learning, the models with
simple structures are preferentially adopted within acceptable training errors. Therefore,
this paper proposes a dynamic security partition assessment method of the power system.
Instead of a single high-complexity unified assessment model, multiple low-complexity par-
tition assessment models are employed without an accuracy loss. The aim is to achieve an
accurate and incrementally updated DSA using low-complexity models. The contributions
of this paper are as follows:

(1) A self-adaptive power grid partition method that strictly accounts for electrical con-
nections is proposed based on the mean shift algorithm. The node locations are
represented by a symmetric electrical distance matrix, and the Chebyshev distance is
introduced to measure the differences between node location features.

(2) To build the input feature set for DSA, high-level steady-state features of OCs are
extracted based on a stacked denoising autoencoder (SDAE). Meanwhile, the symmet-
ric electrical distance matrix is modified to represent fault locations in local regions,
which reduces the redundancy of fault location features.
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(3) Multiple DSA models are constructed for fault locations in each local region. The
model structure is the radial basis function neural networks (RBFNN) integrated with
the Chebyshev distance, which can achieve a close assessment accuracy to complex
models. Moreover, an incremental updating strategy is designed to enhance the
adaptability of the DSA model.

The rest of this paper is organized as follows: Section 2 introduces a self-adaptive
power grid partition method that strictly accounts for electrical connections. The input
feature set for DSA is constructed in Section 3. Section 4 constructs DSA models for fault
locations in each local region and designs an incremental updating strategy. Test results for
a simplified provincial system and a larger-scale practical system in China are presented in
Section 5. Conclusions are drawn in Section 6.

2. Power Grid Partition with a Strict Consideration of Electrical Connections
2.1. Description of the Power Grid Partition Problem for DSA

The impacts of different fault locations on the power system dynamic security have
local similarities. That is, fault locations with tight electrical connections have similar
effects on the dynamic security and vice versa. The tightness of electrical connections
is typically quantified as the impedance-based electrical distance [29,30]. Therefore, the
nodes with close electrical distances should be within the same region, while nodes with
distant distances are in separate regions. Constructing dedicated models for each region
can reduce the difficulty of training DSA models.

The impedance-based electrical distance between nodes in a power grid is typically
defined as the equivalent impedance [30]:

dl']' =Zii+ Z]']' — 2Z1‘]' (1)

where d;; represents the electrical distance between nodes i and j; Z;; and Zj; denote the
self-impedances of nodes i and j, respectively; and Z;; denotes the mutual impedance
between nodes i and ;.

To quantify the quality of the power grid partition, an evaluation index of electrical
modularity Qe is defined as Equation (2) based on complex network theory and the concept
of weighted modularity [31].

1 & WiWi\ .
Qe = 2—21 g<w’7 - 2M])'5(1’]) @
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where n denotes the number of nodes in the power grid; W; denotes the sum of edge
weights of node 7; 4(7, j)€{0, 1} denotes whether nodes i and j belong to the same region;
6(i, j) = 1 indicates the same partition, while 0 indicates different regions; and M denotes
the sum of the edge weights among all nodes. The edge weight w;; between nodes i and j is
represented by electrical distance. A higher Q. indicates a better partition quality.

Clustering algorithms are common methods for partitioning power grids [32,33],
which can be categorized into prototype, density, and hierarchical clustering. Prototype
clustering, e.g., the K-means algorithm, requires a predetermination of the partition num-
ber [34], while hierarchical clustering has high computational complexity in large-scale
power grids. Without specifying the partition number, the mean shift algorithm in den-
sity clustering can achieve a self-adaptive power grid partition with low computational
costs [35,36]. Therefore, the mean shift algorithm is adopted in this paper.

Considering the characteristics of the DSA, the symmetric electrical distance matrix
and Chebyshev distance are integrated into the mean shift algorithm for the power grid
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partition. The mean shift-based power grid partition is introduced from four aspects:
feature representation, algorithm structure, partition steps, and distance metric.

2.2. Feature Representation of the Node Location Based on a Symmetric Electrical Distance Matrix

Clustering algorithms rely on input features to distinguish electrical differences among
node locations. Therefore, the feature representation of a node location is supposed to
reflect these electrical differences.

The symmetric electrical distance matrix, denoted as D, is composed of the electrical
distance between any two nodes. It can be represented as follows:

dy ... di,
D=|: -~ 0
dnl e dnn

D is a n-order and symmetric matrix due to the symmetry of the electrical distance (i.e.,
dij = dj;). Each row of the matrix D is a feature vector of the corresponding node location.
For example, the location of node i can be represented as an n-dimensional feature vector
x; = (dj1, dip, ..., di), which is called the “electrical coordinate” of node i. Ref. [24] pointed
out that the electrical coordinate can effectively reflect the electrical differences among
nodes. Therefore, the electrical coordinates are selected as the node location features for
the mean shift algorithm.

The row vector can be further called the full-dimensional electrical coordinate since
the matrix D in Equation (4) is a complete symmetry matrix of the order n x n. If D
is an incomplete and unsymmetric matrix of the order n x k (k < n), the feature vector
of node i is a k-dimensional electrical coordinate, denoted as x; = (d;1, dj», ..., di). The
electrical coordinate is composed of the electrical distances to preselected reference nodes.
Its dimension is equal to the number of reference nodes. The reference nodes of the
full-dimensional electrical coordinate include all nodes in the whole power grid.

The symmetric electrical distance matrix is sensitive to changes in the power grid
topology. It needs to be recalculated when the outage of a branch occurs. The common
recalculation method is to modify the node admittance matrix and obtain the new node
impedance matrix by inversion. The new symmetric electrical distance matrix is obtained
by Equation (1). The computation time is high due to matrix inversion. To improve the
recalculation efficiency, the branch addition method is adopted.

As shown in Figure 1, Z is the line impedance of line /;;. Disconnecting line [;; is
equivalent to adding a new line of —Z to line /;;. The new node impedance matrix Z' can
be represented as follows:

ZAy(ZAy)T

zZ =z
AL ZAy — Zo

©)
where Ay is a n-order column vector, which can be represented as [0, ..., 1,..., —1,...,0].
Its i-th element is 1, and the j-th element is —1. Without the complex matrix inversion, the
new node impedance matrix can be obtained rapidly. The recalculation efficiency of the
symmetric electrical distance matrix is thereby improved significantly.
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Figure 1. Diagram of the branch addition method.

2.3. Mean Shift Algorithm

The underlying assumption of the mean shift algorithm is that sample points in differ-
ent clusters follow different probability density distributions [37,38]. Each sample point
performs iterations along the direction of the steepest increase in density and converges
to the region with the highest local density. Sample points converging to the same region
belong to the same cluster. With the two-dimensional feature plane in Figure 2 as an
example, the iteration process of density centers for sample points is elaborated as follows.
The colored circle represents the distribution of the sample point in the feature plane. The
arrow represents the direction of the shift vector.
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Figure 2. Diagram of the density center iteration.

A sample point x is randomly selected as the initial density center. Based on all
sample points within a circle centered at x with radius r, the shift vector xx(1) is calculated.
The direction of the shift vector is toward the steepest increase in the density of sample
distribution. The endpoint x(! of the vector xx(1) is selected as the new density center, and
a new shift vector x(Vx? is calculated. The above process is repeated until the final shift
vector | |x("=Dx(™ | | is less than a predefined threshold. The iteration process converges,
and the endpoint x™ is considered the converged density center for sample point x. The
shift vector M(x) for sample point x is calculated as follows [35]:

M(x) = x;xc<xf;x)<xi —x)] xiezsxc;("f;") ®)
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where x represents the feature vector of the sample point x, i.e., electrical coordinate; Sy
denotes the high-dimensional spherical region around the sample point x; G((x;-x)/0)
represents the Gaussian weight [39]; and ¢ is the bandwidth of the Gaussian weight. After
one shift, the feature vector of the density center point x{!) can be represented as follows:

X —x4Mx)= ¥ {G(xi;x>xi] y G(xi;x) ®)

x,-eS,( xiESx

The density center iteration is performed for all sample points until the iteration pro-
cess of all sample points converges. The clusters are determined according to the converged
density centers of sample points. Sample points converging to the same region are divided
into the same cluster, while those in different regions are divided into different clusters.

2.4. Self-Adaptive Power Grid Partition Based on the Mean Shift Algorithm

The power grid partition based on the mean shift algorithm is self-adaptive without
specifying the partition number beforehand. The detailed partition steps are as follows:

(1) Compute symmetric electrical distance matrix, extract the electrical coordinate of each
node, and set the iteration termination threshold ds; and aggregation threshold d;

(2) Calculate the shift vector M(x) of each node;

(3) Move each node according to its shift vector M(x);

(4) Repeat Steps (2) and (3) until | |M(x) | | <ds; and the density center iteration process
for each node has converged;

(5) If the distance between the converged density centers of two nodes is less than d,,
these two nodes are aggregated to the same cluster, i.e., the same region; otherwise,
these two nodes are assigned to different regions.

Step (1) involves feature input and parameter setting. Steps (2) to (4) constitute the
density center iteration process for each node. Step (5) is the node aggregation process. To
ensure the topological connectivity of each local region after partitioning, a hierarchical
aggregation method is adopted in Step (5).

The node aggregation process considering topological connectivity is shown in Figure 3.
The point denotes the node; the blue point denotes the aggregation center node. lines
represent topological connections between nodes, numbers on the points indicate the
connectivity level of each node to the aggregation center node, green denotes division into
the same region, and white denotes separation into different regions. One-level connectivity
indicates a direct connection, while two-level connectivity indicates connection through
one intermediate node. Firstly, as shown in Figure 3a, a node is randomly selected as an
aggregation center node, i.e., the blue point. Nodes that are 1-level connected to the blue
point are identified based on the adjacency matrix. If the distance between the converged
density centers of the 1-level connected node and the blue point is less than d,, these two
nodes are partitioned into the same region; otherwise, these two nodes belong to different
regions. Then, as shown in Figure 3b, 2-level connected nodes that are directly connected
to 1-level connected nodes in the current region are identified. The distance between the
converged density centers of 2-level connected nodes and the blue point is calculated, and
the nodes within the same region are screened. The node aggregation process continues
until no more higher-level connected nodes within the same region can be found. The
above process is performed repeatedly for another unpartitioned node until all nodes are
partitioned. The aggregation process of the power grid is terminated.
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(a) (b) (c)

Figure 3. Node aggregation process considering topological connectivity. (a) Aggregation of 1-

level connected nodes; (b) aggregation of 2-level connected nodes; and (c) aggregation of 3-level
connected nodes.

In large-scale power systems, the computation cost of the mean shift algorithm is
high, and the power grid partition efficiency is decreased. To boost the partition efficiency,
this paper makes the following two improvements: (1) Reduce the number of nodes to
be clustered. The generator bus belongs to a one-degree node, which is only connected
to one terminal bus. To enhance partition efficiency, generator buses do not participate in
clustering. They are directly partitioned into the same region as the connected terminal
buses. (2) Adopt parallel computation. In the mean shift algorithm, the density center
iteration for each node is independent of others and only depends on the initial node
distribution. It can be accelerated by parallel computation and is not affected by each other.

During the clustering process, small regions consisting of a few nodes may be formed.
Constructing a DSA model for each small region can increase the number of models,
occupying many computation and storage resources. To reduce the number of DSA models,
the partition results of the power grid need to be fine-tuned. Small regions are aggregated
into the adjacent regions.

2.5. Chebyshev Distance between Node Location Features

In clustering algorithms, the distance metric between features, a.k.a. feature distance,
is a crucial factor affecting the quality of power grid partition. To achieve a power grid
partition that strictly considers the electrical distance, the feature distance is supposed
to reflect the electrical distance between nodes. Typically, clustering algorithms use the
Euclidean distance to measure distances between sample points. However, the Euclidean
distance between electrical coordinates is not equivalent to the electrical distance between
nodes. In this paper, the Chebyshev distance is selected as the distance metric for further
improving the quality of the power grid partition.

With electrical coordinates, the feature distance dist(x;, xj) between nodes i and j can
be represented in the following norm form:

dist (x;, xj) = ||x; — x}] P> 0 9)
where p represents the norm, p = 2 is the Euclidean distance, and p = oo is the Chebyshev
distance. As shown in Equation (9), the feature distance dist(x;, x;) is determined by the
electrical coordinate x and p-norm. Ref. [40] has proven that the Chebyshev distance
between full-dimensional electrical coordinates is equivalent to the electrical distance. That
is, Equation (10) holds.

dist(x,»,xj) = Hxi — x]-Hoo = max(dﬂ — djlrdiZ — de/' o di — d]n) = d1] (10)

Therefore, full-dimensional electrical coordinates and the Chebyshev distance are
employed in the mean shift algorithm to achieve the power grid partition by strictly
considering electrical connections. The application of the Chebyshev distance in the mean
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shift algorithm includes the determination of the high-dimensional spherical region in
Equation (6), the distance metric in Equation (7), the length calculation of | IM(x)! | in
Step 4 of Section 2.4, and the distance metric between converged density centers in Step 5
of Section 2.4.

3. Construction of the Input Feature Set for DSA

Multiple DSA models are constructed for the anticipated fault locations in each local
region. For a specific fault type and a power grid with a fixed topology, the dynamic security
of the power system is determined by pre-fault OCs and fault locations. Input data must
include OCs and fault location information. In this paper, pre-fault OCs are represented by
steady-state power flow features, which are widely used by existing research. Anticipated
fault locations are represented by electrical coordinates.

3.1. Feature Extraction of OCs Based on SDAE

The steady-state power flow features are used to represent pre-fault OCs. These
features include the active and reactive power of each generator, the active and reactive
power of each load, the voltage magnitude and phase angle of each bus, and the active and
reactive transmission power on each line. It is noted that the OCs are intended to describe
the operating status of the whole power system rather than a local region. Therefore, steady-
state power flow features across the whole power system are adopted. These features are
generally high-dimensional and exhibit feature redundancy, deteriorating the training
accuracy and efficiency of the data-driven DSA model. Thus, high-level features must be
extracted from high-dimensional steady-state features.

SDAE is an unsupervised multilayer neural network that extracts abstract high-level
features by stacking multiple denoising autoencoders (DAEs) [41,42]. It has a robust feature
extraction capability. In this section, SDAE is adopted as an extractor for steady-state power
flow features, and the extracted high-level features are used as inputs of each DSA model
for different local regions.

Each DAE in the SDAE consists of an encoder and a decoder. The training objective is
to minimize the error between the input of the encoder and the reconstruction output of
the decoder. The loss function Lp of DAE can be represented as follows [43]:

. 1Y
minLp = EZHE’ — z||? (11)
i=1

where N represents the number of training samples; the i-th training sample feature vector,
denoted as Fj, serves as the encoder input; and z; is the reconstructed feature vector, which
serves as the decoder output. The encoder output is the high-level features extracted by
DAE. In the SDAE, the DAE in the first layer uses steady-state power flow features as input
for training. The outputs of the first layer serve as inputs of the next layer. The SDAE is
trained layer by layer. The outputs of the final layer serve as the high-level features, which
are used as one part of the DSA model inputs.

3.2. Redundancy Analysis of Electrical Coordinates for Fault Locations in a Local Region

The full-dimensional electrical coordinate of the order n is used to represent the node
location in the mean shift-based power grid partition. However, it is redundant for DSA to
represent fault locations in the local region. As shown in Figure 4, Regions A and B are two
interconnected local regions with [ tie lines. A; and B; are the nodes at both ends of the tie
lines. The electrical distance between nodes P and Q) is calculated as follows:

dp,, = Zp,p, + ZQ,Q, — 2Zp,, (12)
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Figure 4. Diagram of two interconnected local regions.

Based on the physical meanings of the mutual impedance, Zp, g, is numerically equal
to the voltage at node P with a unit current injected into node Q; and no current injected

into other nodes, denoted as Zp,q, = Upl ; . With a unit current injected into node
Q1
Q, the currents on tie lines are denoted as ky, k, ..., k;. According to the superposition

theorem, the voltage at node P is equal to the sum of the voltages at node Py with region
B removed and currents kq, k, .. ., k;, respectively, injected at nodes A, ..., A;. It can be
represented as follows:

. ! !
ZPlQl = UP1|'[Q1:1 = Z;UP1/|in:ki = Z;kiZIHA[/ (13)
1= 1=

where Zp; 5, represents the mutual impedance between node Py and A; after region B
and the tie lines are removed. Substituting Equation (13) into Equation (12) yields the
following equation:

1
dpiq, = —2)_kiZpa' + Zpip, + Zoiq, (14)
i=1
Assume there are m reference nodes located in region B, denoted as Qq, ..., Q. The
currents on tie lines are denoted as k;1, kjp, . . ., kjy when a unit current is injected into node
Q;. The m-dimensional electrical coordinate composed of the electrical distances between
node P and m node Q;, denoted as xp,, can be represented as follows:

/
ZPA]’ ZQ,q,
—2ky1 - =2ky 1\ | Zpa, 7
T . . . . . QQ;
x = [drg drq, -+ deg,) =| 1 o : ; (15)
2kt oo =2k 1) | Zpa, 7
ZPP QnQum
Equation (15) can be rewritten into the following form:
xp = Ky 141))Z141) + Cm (16)

where K, (1+1)) is a constant matrix of order m x (I +1); Cy, is an m-dimensional constant
vector; and Z 4 is an (I + 1)-dimensional vector related to nodes P, Ay, ..., A;. The m-
dimensional electrical coordinate of the node in region A is only related to Z ). Due to
the sparse electrical connections between regions A and B, the number of tie lines is small.
The feature dimension m is greater than I + 1, resulting in feature redundancy.
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To reduce the feature redundancy, the electrical coordinate reference nodes of the
fault location in the local region should be selected within that region. The symmetric
electrical distance matrix is modified as shown in Equation (17), where D4 and Dg are used
to represent the fault locations occurring at regions A and B.

dAlAl dA1Ps

b (DA 0 ) I (17)

deBl T de Qm

The dimension of steady-state power flow features can be significantly reduced by the
feature extraction of SDAE. The dimension of electrical coordinates can also be reduced
using block matrices from the symmetric electrical distance matrix to represent fault
locations in local regions. Consequently, the dimension of input features for DSA does
not drastically increase with the growth of the system scale. The proposed input feature
representation method for DSA is applicable in large-scale power systems.

4. Dynamic Security Partition Assessment

The DSA model is constructed based on the RBFNN due to its flexible distance metric.
It can leverage the electrical coordinates and Chebyshev distance to distinguish similar
samples. To improve the adaptability of DSA model, an incremental updating strategy is
designed to ensure its high assessment accuracy for different non-linear transient changes.

4.1. Construction of the RBFNN-Based DSA Model for a Local Region

The anticipated fault locations in the same region have similar impacts on the system
dynamic security. The nonlinearity of the input-output map within the training set for
each local region is reduced. The map is suitable to be learned by shallow models. RBFNN
is a three-layer feedforward neural network with a single hidden layer. It has a simple
structure, high training efficiency, and an interpretable decision-making process [44]. It can
approximate any continuous function with arbitrary precision. Therefore, multiple DSA
models are constructed based on the RBFNN for the anticipated fault locations in each
local region.

As shown in Figure 5, the input to the RBFNN consists of OC and anticipated fault
location features. Each neuron in the RBFNN hidden layer corresponds to a center vector
obtained from the training set by the clustering algorithm. The radial basis function &()
measures the difference between the sample and the center vector, which is the activation
function of the hidden layer neurons. The Gaussian function is a widely used radial basis
function, which can be represented as follows [39]:

F,F L 18

¢(F; Fe) \/Z[O’e d (18)

where F; is the feature vector of the i-th sample and F. is the center vector of the hidden
layer neuron.

The feature vector is defined as F = (o, x), where o are high-level steady-state features
of OCs, and x is the electrical coordinate of the anticipated fault location. The OC features
represented by steady-state features are typically treated as Euclidean data, which are
measured by the Euclidean distance. The anticipated fault location features, represented
by electrical coordinates, are non-Euclidean data, which are measured by the Chebyshev
distance. Considering these two types of feature distance metrics, dist(F;, F.) is defined
as follows:

dist(F;, Fe) = alo; — oc|* + Bllx; — x| (19)
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where o and f are weight coefficients and o« + f = 1.
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Figure 5. Structure of the RBFNN.

Both the mean shift-based grid partition and RBFNN employ the Chebyshev distance,
which focuses on the maximum value and disregards other values. The mean shift algo-
rithm and RBFNN expect to measure differences between locations according to electrical
distance, and the Chebyshev distance between full-dimensional electrical coordinates is
equivalent to the electrical distance. Therefore, the Chebyshev distance is sufficient in
this paper.

The Chebyshev distance between electrical coordinates is impacted by the power
grid topology. If there is an island region in the power grid, the electrical coordinate and
Chebyshev distance will be infinite. Both the mean shift algorithm and RBFNN cannot
handle infinite feature values. To ensure the feasibility of the methods proposed in this
paper, island regions need to be identified based on the adjacency matrix and removed.

4.2. Online Incremental Update of the DSA Model

The typical mode of current data-driven DSA methods is “offline training, online
assessment”. However, the OCs of the power grid are constantly changing, and the training
set generated offline cannot fully cover actual OCs and anticipated fault locations. During
the online assessment, significant differences between the samples to be evaluated and the
training set may lead to low generalization accuracy of the DSA model. To enhance the
assessment accuracy of the DSA model, it is significant to generate new training samples to
update the DSA model online. This section designs an online incremental updating method
of the DSA model based on distance metrics and RBFNN. The new sample set for model
updating is denoted as Xpew. The detailed model updating steps are as follows:

(1) The new OCs and anticipated fault locations are obtained based on real-time and fu-
ture prediction information. High-level steady-state features and electrical coordinates
are extracted, and an unlabeled new sample set is generated.

(2) The minimum feature distance between the new sample and the RBFNN hidden layer
center vectors is calculated according to Equation (19). If the minimum exceeds the
predefined threshold D¢, a dynamic security label of the new sample is obtained based
on a time-domain simulation and stored in Xew. If the minimum is lower than Dy,
the new sample is abandoned.

(3) Central samples of Xyew are obtained based on the mean shift algorithm and Equation (19).

(4) New neurons in the RBFNN hidden layer are added with central samples from Xpew
as the center vectors. The weights between the new neurons and the output layer are
trained based on Xpew, while the other structures and weights remain unchanged.

With the above incremental updating method, the DSA model can efficiently acquire
knowledge from the new sample set. Moreover, it can avoid catastrophic forgetting during
the model updating process. By repeatedly performing incremental updates, the rolling
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update of the DSA model can be achieved, ensuring that the model consistently maintains
high generalization accuracy.

4.3. Framework of the Dynamic Security Partition Assessment

The mode of “offline training, rolling update, online assessment” for the dynamic
security partition assessment is adopted. The assessment framework is illustrated in
Figure 6. It mainly includes three blocks: offline training, rolling updating, and online
assessment. Each block is elaborated as follows:

(1) Offline training provides initial training data and a model for DSA. The power grid is
firstly partitioned into several regions based on the mean shift algorithm. Multiple
training sets for each region are generated, which include high-level steady-state
features extracted by SDAE and a block symmetric electrical distance matrix. Multiple
DSA models are constructed based on the RBFNN and each training set. The OC
features of the RBFNN models in each region are the same.

(2) Rolling updating periodically performs an update of DSA models to guarantee high
DSA performance all the time. During the rolling updating stage, new training
samples are generated periodically. DSA models are updated online and incrementally
based on the proposed updating method. The number of DSA models is not increased,
while catastrophic forgetting can be avoided. In this block, T represents the model
updating cycle.

(3) Online assessment gives the final assessment results. Combinations of OCs and antici-
pated faults are obtained, and the region where the fault is located is first determined.
Next, the steady-state features and electrical coordinates of the combination are ex-
tracted. Finally, the DSA model corresponding to the fault location is adopted to
obtain the assessment results.
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Figure 6. Framework of the dynamic security partition assessment.

The quality of input data is crucial for the data-driven DSA. Poor data may arise in two
stages. (1) In the offline training stage, insufficient training samples and class imbalance
may occur. To generate sufficient samples for model training, a wider range of OCs and
more anticipated fault locations can be simulated by a time-domain simulation. The
oversampling technique can be employed to increase the number of samples in minority
classes. (2) In the online assessment stage, the acquired OC data may contain noise. This
paper employs SDAE to process OC features, which exhibit strong robustness to noise.
The high-level features extracted by SDAE are used as inputs of the RBENN, reducing the
impact of noise on the assessment results of the RBFINN.
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The comprehensive flow chart of the proposed data-driven dynamic security partition
assessment is shown in Figure 7. It includes the power grid partition, sample generation,
DSA model construction, model updating, and online assessment. The DSA of the power
system depends on communication and big data technology. It is vulnerable to false data
injection attack (FDIA), which injects false information into the cyber system of power
grid and can result in the misjudgments of DSA model. To reduce the risk of FDIA, false
data detection is performed for new training samples before the model update. The false
data are identified and eliminated, and then the DSA model is updated online for new

preprocessed training samples.

/ﬁlput the symmetric electrical distance matri}/

Partition the power gird based on the mean shift algorithm and Chebyshev distance

'

Generate training samples based on SDAE and the symmetric electrical distance matrix

!

Construct DSA models for fault locations in each regions based on RBFNN

!

Update DSA models incrementally

Generate new training samples and
¢ detect and filter false data

Obtain assessment results based on updated DSA models }—l

Figure 7. Flow chart of the dynamic security partition assessment.

The power system DSA includes transient rotor angle stability, voltage stability, and
frequency stability assessments. The proposed partition assessment method is applicable
to the above three scenarios. In this paper, the transient rotor angle stability assessment is
adopted as the application scenario. The output of each regional DSA model provides the
transient angle stability results of the whole power system under a combination of OCs and
anticipated fault locations. The power system is defined as unstable when the maximum
rotor angle difference between synchronous generators exceeds 180° during the transients.

The power grid is partitioned into multiple regions and dedicated DSA models are
constructed for fault locations in each region. Each DSA model requires the input of global
OC information, and the output is the global dynamic security results for the entire power
system. These global data are typically consolidated at the provincial power dispatch center
and not shared among the different grid regions. Therefore, the construction, storage,
calling, and updating of DSA models are usually carried out at the provincial power
dispatch center. The central computing resources are limited. When central computing
resources are insufficient, distributed computing technology can be employed. The power
dispatch center assigns updating tasks for DSA models to the computing resources in each
region, and then the updated model parameters are sent back to the power dispatch center.

5. Experimental Results and Discussions

The effectiveness of the proposed dynamic security partition assessment method is
verified in a simplified provincial power system in China. The example system includes
112 buses, 32 generators, and three HVDC links. The transmission power of three HVDC
links are 8 GW, 8 GW, and 4 GW. Nine wind farms are integrated into the system. The
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simulation software is PSSE 34. Numerical simulation and machine learning are performed
on a server with 64 GB of RAM and a 24-core Intel Xeon Gold 6148 CPU (2.40 GHz).

5.1. Test of Power Grid Partition

The power grid is partitioned based on the mean shift algorithm integrated with the
symmetric electrical distance matrix and Chebyshev distance. The symmetric electrical
distance matrix is a 112-order matrix. The radius of the high-dimensional spherical region
is set to the average value of the symmetric electrical distance matrix. The bandwidth ¢ in
the Gaussian weight is set to 20. The iteration termination threshold d; is set to 0.01. The
aggregation threshold d, is a key factor in the partition quality. The electrical modularity
Qe under different aggregation thresholds d, is shown in Figure 8. The Q. reaches the
maximum when d, = 1.6. Therefore, d, is determined to be 1.6.

1 12 14 16 18 2 22 24 26 28 3
d

a

0.4

Figure 8. Electrical modularity Q. under different aggregation thresholds d,.

The number of buses in different regions before fine-tuning is shown in Figure 9a.
Different colors represent different regions. “32.1% (36)” denotes that the region includes
36 buses and accounts for 32.1% of the total bus count. During fine-tuning process, three
small regions where the node number is less than five are aggregated into adjacent regions.
The number of buses in different regions after fine-tuning is shown in Figure 9b. Three
small regions are aggregated into adjacent regions. The distributions of the remaining five
regions are shown in Figure 10. Different colors represent different regions. The number
represents the region number.

1.8% (2)

1.8% () 0.9% (1)
5.4% (6)¢—
17.0% (19) 18.8% (21)
20.5% (23)
32.1% (36) 2.8%C3)

32.1% (36)

(a) (b)

Figure 9. The number of buses in different regions of a simplified provincial system in China before
and after fine-tuning. (a) Before fine-tuning and (b) after fine-tuning.
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Figure 10. Distributions of partitioned regions.

To verify the effectiveness of the Chebyshev distance, mean shift algorithms with dif-
ferent distance metrics are compared in Figure 11. The distance metrics include Chebyshev,
Euclidean, Manhattan, and cosine distances. The results show that the power grid partition
quality with the Chebyshev distance metric is the best. It demonstrates that the Chebyshev
distance is applicable to the mean shift-based power grid partition.

08
0.6 F —
0.4 r

021

Manhattan Euclidean Chebyshev  cosine

Distance metric

Figure 11. Comparisons of different distance metrics in the mean shift algorithm.

5.2. Test of Dynamic Security Partition Assessment

Multiple DSA models are constructed for anticipated fault locations in each local
region. To generate the dataset for DSA, the time-domain simulations are performed as
follows. The power of each load in the system fluctuates randomly between 80% and
120%. The outputs of the generators are adjusted based on load levels and spinning reserve
capacity. A total of 1000 OCs are obtained. The anticipated faults are N-1 three-phase
short circuits on 10%, 20%, ..., 90% of each line. The fault duration is 0.25 s. For each
fault location, 100 OCs are randomly selected. Following the above simulation settings, a
dataset including 92,700 samples is generated, which includes 50,514 stable samples and
42,186 unstable samples. The number of anticipated fault locations and samples in each
region is shown in Table 1. It is worth noting that the proposed partition method discovers
a special region 3, where no stable samples exist. It indicates that the instability risk of
transient rotor angle caused by faults in region 3 is high. Due to the lack of stable samples,
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the faults in region 3 are considered to cause instability without building the specified
DSA model.

Table 1. The number of anticipated fault locations and samples in each region.

Region No The Number of Anticipated The Number of The Number of The Number of
’ Fault Locations Samples Stable Samples Unstable Samples

1 207 20,700 6709 13,991
2 144 14,400 5628 8772
3 27 2700 0 2700
4 261 26,100 17,687 8413
5 288 28,800 20,490 8310

Total 927 92,700 50,514 42,186

The steady-state power flow features to represent OCs are extracted by SDAE. The
structure of SDAE is (50, 40, 30). The dimension of the extracted high-level features is 30.
The symmetric electrical distance matrix of each region is used to represent the regional
fault locations. Except for region 3, the samples in other regions are randomly divided
into training and test samples at 3:1, respectively. Then, four RBFNN-based DSA models
are constructed on the training samples in regions 1, 2, 4, and 5. The hyper-parameters of
RBFNN are shown in Table 2. Center vectors of hidden-layer neurons are obtained from
training samples based on the default K-means algorithm.

Table 2. Hyperparameters of the RBFNN.

Parameter Type Value Parameter Type Value
Hidden-layer neurons 100 Optimizer Adam
—1/202 of RBF kernel 1 Learning rate 0.001

Distance metric for Euclidean Trainine epochs 100
OC features distance &¢p
Distance metric for Chebyshev . .
fault location features distance Training strategy Mini-batch
« in Equation (19) 0.5 Batch size 300
B in Equation (19) 0.5

Figure 12 presents the comparison results of partition assessment and unified assess-
ment with different machine learning models. The unified assessment constructs one model
for fault locations in all regions. The machine learning models for comparison include
RBFNN, CNN, deep belief network (DBN) [45], gated recurrent unit (GRU) [13], RNN [28],
random forest (RF) [46], and extreme gradient boosting (XGBoost) [47]. The structures
of the above machine learning models are shown in Table 3. As shown in Figure 12, the
accuracy of the partition assessment is higher than the unified assessment, whatever the
machine learning model is. It demonstrates that the proposed partition assessment method
is effective.

Table 3. Structures of machine learning models.

Models Structure
CNN Conv (10, 3) + MaxPooling (2) + Conv (10, 3) + GlobalMaxPooling () + Dense (50)
DBN (100, 100, 50)
GRU GRU (50, 20) + Dense (50)
RNN RNN (50, 20) + Dense (50)
RF n_estimators = 100
XGBoost n_estimators = 100
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Figure 12. Comparisons of partition and unified assessments.

Table 4 further shows the comparison of the results from different machine learning
models for the partition assessment. The accuracy of RBFNN is close to CNN, RNN, and
XGBoost. It demonstrates that the constructed RBFNN-based DSA model can achieve a
close assessment performance to complex models.

Table 4. Comparison of different machine learning models for the partition assessment.

Region RBENN CNN DBN GRU RNN RF XGBoost
1 99.38% 99.04% 98.98 97.82 98.86 98.86 99.32
2 98.44% 98.44% 95.91 96.92 97.36 95.69 97.94
3
4 99.25% 99.13% 98.71 98.50 98.81 98.71 99.25
5 98.64% 98.54% 97.51 95.88 98.21 98.68 98.86
Total 98.96% 98.91% 97.94 97.25 98.40 98.25 98.93

The model for fault locations in region 1 is denoted as “Model 1”. With Model 1 as
an example, the effectiveness of the proposed incremental updating method of the DSA
model is verified. A total of 4600 new samples are generated. The OCs and fault locations

in new samples are not included in old samples. Samples are divided as shown in Figure 13.

Old and new samples are divided into training and test samples at 3:1. The proposed
incremental updating method is compared with retraining and continued training. Model
1 with incremental updating is trained on new training samples, and 26 new neurons in the
hidden layer are added. The incremental updating is achieved by the freeze of a layer in
Keras. The model with retraining is trained on old and new training samples. The training
epochs are set to 100. The continued training is designed to train the initial model with
new training samples. An assessment of the accuracy of the updated Model 1 on old and
new test samples and updating time are shown in Table 5.

Table 5. Comparisons of the retraining and incremental updating of Model 1.

Accuracy on Accuracy on

Updating Strategy Old Test Samples New Test Samples Updating Time
Retraining 99.04% 99.17% 500's
Continued training 92.12% 99.22% 97 s
Incremental updating 99.46% 98.48% 30s
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Old samples (20,700) New samples (4600)

Figure 13. The division of samples.

The assessment accuracy with continued training on old test samples is significantly
lower than the other two. It demonstrates that continued training leads to catastrophic
forgetting of old knowledge. The accuracy with incremental updating on old test samples
is the highest, while the assessment accuracy on new test samples is close to the other two.
Moreover, the incremental updating process takes only 30 s. Test results demonstrate that
the proposed incremental updating method has high updating performance and efficiency
while avoiding catastrophic forgetting of old knowledge.

5.3. Tests on a Large-Scale Practical Power System in China

The practical power system is a regional system in China. It includes 2624 buses,
527 generator buses, 919 load buses, 2349 AC lines, two DC lines with 800 kV, eight DC
lines with 500 kV, and 1634 transformers.

The power grid is partitioned based on the mean shift algorithm. The number of
buses in different regions before fine-tuning is shown in Figure 14a. During the fine-tuning
process, two small regions are aggregated into adjacent regions. The power grid is finally
partitioned into three regions. The clustering results of buses in the three-dimensional
feature space are shown in Figure 15, where d1g represents the electrical coordinate feature
of the tenth dimension. Different colors represent different clusters.

1.3% (35) 0:4% (1)

32.5% (853) 31.2% (819) 33.9% (889)  31.2%(819)

\ 34.9% (916) ’ \ 34.9% (916) ’

(@) (b)

Figure 14. The number of buses in different regions of a practical system in China before and after
fine-tuning. (a) Before fine-tuning and (b) after fine-tuning.

To generate the dataset, the time-domain simulations are performed as follows. The
level of each load fluctuates randomly between 80% and 120%. The outputs of the genera-
tors are adjusted based on the load levels and spinning reserve capacity. A set of 7000 OCs
is obtained. The anticipated faults are N-1 three-phase short circuits on each bus except
for generator buses. The fault duration is set to 0.25 s. For each anticipated fault location,
50 OCs are randomly selected. A total of 104,850 samples are generated. The sample
distribution in each region is shown in Table 6.
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Figure 15. Cluster results in the three-dimensional feature space.

Table 6. Distribution of samples in each region.

Region Samples Stable Samples Unstable Samples
1 33,400 22,121 11,279
2 34,650 22,777 11,873
3 36,800 22,721 14,079
Total 104,850 67,619 37,231

Figure 16 presents a comparison of the results from partition and unified assessments
with RBFNN. The accuracy of the partition assessment is significantly higher than that
of the unified assessment. It demonstrates that the proposed dynamic security partition
method is applicable to large-scale power systems.
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Figure 16. Accuracy of the partition and unified assessments based on RBFNN.
6. Conclusions

This paper proposes a data-driven dynamic security partition assessment method
for power systems, aiming to develop accurate and incrementally updated DSA models
with simple structures. By the mean shift algorithm integrated with a symmetric electrical
distance matrix and Chebyshev distance, the power grid is partitioned strictly considering
electrical connections. Multiple DSA models are constructed based on the RBFNN and
Chebyshev distance, achieving high assessment accuracy with a simple model structure.
DSA models are updated online based on the incremental updating strategy, which achieves
high updating efficiency and avoids catastrophic forgetting during the updating process.
The case study demonstrates that the partition assessment has higher accuracy than the
unified assessment. In the partition assessment, the RBFNN-based assessment models have
close accuracy to deep learning and ensemble learning models. The proposed incremental
updating method can greatly reduce the updating time while maintaining high accuracy.
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In addition to pre-fault operating conditions and fault locations, the topology is also
a significant factor affecting the dynamic security of the power system. In this paper, the
input feature set of the DSA model does not include power grid topology information.
The DSA model must be reconstructed to adapt to the change of the power grid topology.
The topological change can be reflected by the symmetric electrical distance matrix. A
feature representation method of the topology will be studied based on the symmetric
electrical distance matrix. Furthermore, the construction of a low-complexity DSA model
considering OCs, fault locations, and topology is also the focus of future research.
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Abbreviations

Abbreviation Description

DSA dynamic security assessment

ocC operating condition

LSTM long short-term memory neural network
CNN convolutional neural network

RNN recurrent neural network

SDAE stacked denoising autoencoder
RBENN radial basis function neural network
DAE denoising autoencoder

DBN deep belief network

GRU gated recurrent unit

RF random forest

XGBoost extreme gradient boosting

Notation Description

Zi/ Q) self-impedance

Z;i/Q) mutual impedance

djj electrical distance

Qe electrical modularity

N the number of nodes

W; the sum of the edge weights of node i
D symmetric electrical distance matrix
X; electrical coordinate

X sample point

M(x) shift vector for sample point x

Sy high-dimensional spherical region
G() Gaussian weight

o bandwidth of the Gaussian weight
ds iteration termination threshold

dg aggregation threshold

dist(x;, x;) feature distance between x; and x;
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Lp loss function of DAE

N number of training samples

F; i-th training sample feature vector

z; reconstructed feature vector

F. center vector of the hidden layer neuron
0 high-level steady-state features of OCs
«, B weight coefficients

Xnew new sample set for model updating
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Abstract: The rapid growth of renewable energy presents significant challenges for power grid oper-
ation, making the efficient integration of renewable energy crucial. This paper proposes a method
to evaluate the power system’s capacity to accommodate renewable energy based on the Gaussian
mixture model (GMM) from a symmetry perspective, underscoring the symmetrical interplay be-
tween load and renewable energy sources and highlighting the balance necessary for enhancing grid
stability. First, a 10th-order GMM is identified as the optimal model for analyzing power system load
and wind power data, balancing accuracy with computational efficiency. The Metropolis-Hastings
(M-H) algorithm is used to generate sample spaces, which are integrated into power flow calculations
to determine the maximum renewable energy integration capacity while ensuring system stability.
Short-circuit ratio calculations and N-1 fault simulations validate system robustness under high
renewable energy integration. The consistency between the results from the M-H algorithm, Gibbs
sampling, and Monte Carlo simulation (MCS) confirms the approach’s accuracy.

Keywords: symmetry in renewable energy integration; active power symmetry; probabilistic assessment;
Gaussian mixture models; Metropolis-Hastings algorithm

1. Introduction

Symmetry in renewable energy integration refers to the balanced incorporation of
renewable sources like wind and solar into the power grid, emphasizing equilibrium
between variable supply and consistent demand to ensure stability. Lately, sources of
renewable energy, including wind and solar, known for their lack of carbon emissions,
have swiftly become part of the electrical grid [1,2]. They have occupied an important
position in the energy systems of many countries. As of 2021’s close, the worldwide
installed capacity for solar and wind energy reached 1674 GW, with European nations
like Germany, Denmark, Norway, and Sweden extensively adopting these green energy
solutions [3]. However, the increasing complexity and dynamic nature of modern power
systems, driven by the integration of renewable energy, have been widely recognized [4,5].
The generation of renewable energy typically exhibits strong randomness, intermittency,
and volatility [6]. The integration of a high proportion of renewable energy complicates
the operational characteristics of power systems. Characteristics such as low disturbance
rejection, low inertia, and low short-circuit capacity inherent in power systems will pose
significant challenges to their balance capacity, support capacity, regulation ability, and
safety and stability [7-9]. Stability, in this context, is vital because it ensures that the grid can
reliably accommodate fluctuations in energy supply and demand without compromising
the continuous delivery of electricity or the security of the power network. Hence, to lower
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the renewable energy reduction rate and guarantee the system’s safe functioning, it is
critically important to precisely evaluate the system’s capacity to absorb renewable energy.

Symmetry in renewable energy integration refers to the balanced incorporation of
renewable sources like wind and solar into the power grid, emphasizing equilibrium
between variable supply and consistent demand to ensure stability. Lately, sources of
renewable energy, including wind and solar, known for their lack of carbon emissions, have
swiftly become part of the electrical grid [1,2]. They have occupied an important position in
the energy systems of many countries. As of 2021’s close, the worldwide installed capacity
for solar and wind energy reached 1674 GW, with European nations like Germany, Denmark,
Norway, and Sweden extensively adopting these green energy solutions [3-5]. However,
the generation of renewable energy typically exhibits strong randomness, intermittency,
and volatility [6]. The integration of a high proportion of renewable energy complicates
the operational characteristics of power systems. Characteristics such as low disturbance
rejection, low inertia, and low short-circuit capacity inherent in power systems will pose
significant challenges to their balance capacity, support capacity, regulation ability, and
safety and stability [7-9]. Stability, in this context, is vital because it ensures that the grid can
reliably accommodate fluctuations in energy supply and demand without compromising
the continuous delivery of electricity or the security of the power network. Hence, to lower
the renewable energy reduction rate and guarantee the system’s safe functioning, it is
critically important to precisely evaluate the system’s capacity to absorb renewable energy.

In the field of power systems, assessing the absorption capacity of renewable energy is
a significant research topic. Currently, the most commonly used analytical methods include
typical day analysis and time series production simulation [10]. The typical day analysis
method, as described in references [11,12], mainly evaluates the power system’s capacity
to absorb renewable energy based on the peak load’s regulating margin on a typical day.
However, this method does not fully consider the randomness and volatility of renewable
energy output and load, resulting in conservative calculation outcomes [13]. In contrast,
time series production simulation, as shown in reference [14], can more comprehensively
simulate the operation of power systems, but its large data requirements, heavy computa-
tional load, and lengthy optimization solution time limit its practical application efficiency.
Furthermore, the output of renewable energy is random. To comprehensively analyze the
impact of system uncertainty factors on renewable energy absorption, it is necessary to use
probabilistic analysis methods to precisely calculate the flow distribution of the system in a
safe operating state.

Currently, the most common probabilistic analysis methods in the field of power sys-
tem research are divided into two categories: analytical methods and simulation methods.
Among them, the analytical method calculates the probability distribution of the output by
processing the convolution between random variables. However, the assumption that input
random variables are independent results in lower computational accuracy of the analytical
method. The MCS method, as the most representative simulation method, achieves high
computational accuracy with a sufficiently large sampling size [15]. However, due to
the high computational cost of the MCS method, it has gradually become a standard for
verifying the accuracy of other methods [16,17]. The M-H algorithm, an iterative sampling
algorithm derived from the Metropolis algorithm, exhibits good sampling performance
and high computational efficiency. It significantly increases the computation speed [18,19].

This paper addresses the effectiveness and precision required in assessing the renew-
able energy absorption capacity within power system operations. In simulating input
random variables, it first constructs probability models of the load and wind power using
the GMM, then employs the M-H algorithm to obtain a sample space from the probability
density function of the input random variables. An assessment model for renewable energy
absorption capacity is built under the constraints of safe system operation, taking into
account the dynamic characteristics and complexity of the power system and enhancing
the efficiency and accuracy of random variable simulation with the M-H algorithm. The
model identifies renewable energy access points and initial outputs based on the network’s
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topology and uses power flow calculations to determine the maximum capacity of renew-
able energy that can be integrated for each sample set under the constraints of system
safety, statistically analyzing the capacity for renewable energy integration. Finally, the
model’s reliability and practicality are validated by analyzing the short-circuit ratio of
renewable energy sites and performing N-1 fault simulations. The effectiveness of the
proposed model in improving the precision of renewable energy absorption assessments
and reducing computational complexity is verified through simulation experiments under
various scenarios and conditions.

2. Probabilistic Modeling of Load and Wind Power

In the study of probabilistic assessment of renewable energy integration capacity, prob-
abilistic modeling of uncertain factors is the primary issue to be addressed. The accuracy
of this modeling directly affects the precision of probabilistic load flow calculations, which
in turn determines the accuracy of the renewable energy integration capacity assessment
results. The main uncertain factors affecting the integration capacity of renewable energy
are the randomness of the load and the fluctuating nature of renewable energy. Currently, in
power system studies considering load randomness, loads are mostly treated as following
a normal distribution. However, actual load power distributions in general systems do not
strictly follow a normal distribution but exhibit a multimodal nature. Some scholars have
discovered the advantages of using a weighted GMM in modeling and have applied it to
probabilistic load modeling, achieving excellent modeling results.

For the probabilistic modeling of wind power in renewable energy, existing methods
can be divided into two categories: the first category establishes a probabilistic model of
wind speed, and the second establishes a probabilistic model of wind power. Numerous
studies have shown that measured wind speed data approximately follow a Weibull
distribution. Based on the inherent relationship between wind speed and wind power, the
probabilistic distribution of wind power can thus be derived. However, further research
observations indicate that the probability distribution curve of measured wind speed data
does not completely conform to a Weibull distribution. Some researchers have proposed
using a probabilistic modeling method based on a weighted Gaussian mixture distribution.
Compared to single distribution models, mixture distribution models offer greater flexibility
in fitting curves, significantly improving the accuracy of wind power modeling.

GMM describes the joint probability distribution of a random vector x, represented as
the convex sum of several Gaussian distributions [20]. The set of adjustable parameters
for GMM is denoted by Q = {ww, pm, om; m =1, 2, ..., M}. The formula for GMM is
outlined below:

Mz

fx(x) = fx(x) = ) WmNw(X; pim, om) 1)
m=1
M
wy =1,wy >0 2)
m=1
o3 (—pm) o (x—pum)
N (%; i, Om) = (3)

(27T)W/2det((rm)1/2

In this context, fx(x) represents the joint probability density function of x; w;, stands
for the weight coefficient; Ny, (-) symbolizes the multi-dimensional Gaussian distribution,
termed as the m-th Gaussian component within the GMM; det(-) symbolizes the determi-
nant of a matrix; M indicates the total count of Gaussian components; and y;, and o, are
the mean vector and covariance matrix of the m-th Gaussian component, respectively.

Figure 1 illustrates a GMM with four Gaussian components. In this diagram, the
GMM'’s probability density function (depicted by the black line) is a convex sum of the
probability density functions of four Gaussian distributions (shown by red, blue, green, and
purple lines). By tuning the parameter set (), GMM can effectively model the probability
density function of any random variable.
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Figure 1. Schematic diagram of GMM.

In Figure 1, the Gaussian components from 1 to 4 have weight coefficients set at 0.4,
0.1, 0.3, and 0.2, respectively. Identifying the parameter set () for the GMM falls under the
category of typical parameter estimation issues. Utilizing x, which represents the historical
data of the load and wind power, one can establish the load’s Gaussian mixture model.

For analyzing power load and wind power using a GMM, the historical records of
actual power consumption and wind power can be viewed as a series of observations.
These observations reflect the power consumption and wind power in the power system
over different periods. However, these data are not complete because it is not possible
to directly observe which specific power value belongs to which category of power con-
sumption or generation. Some data remain unrecorded or unobservable. In a GMM, this
unobservable membership information is referred to as hidden variables or missing data.
Let the category to which the input random variable belongs be Z, and then the complete
data are (X, Z). If there are past observations of a random variable, these past observations
can be used to establish a Gaussian mixture probability model for the variable through
parameter estimation. Currently, the expectation—-maximization (EM) algorithm is one of
the main algorithms used for parameter estimation in GMMs. Using the EM algorithm to
determine the parameters of the GMM for load and wind power is a classic and effective
method. This algorithm optimizes the parameter set () through an iterative process, which
includes the mean (i), covariance matrix (X), and weight coefficients (7r) for each Gaussian
component [21]. First, these parameters are initialized, which can be performed randomly
or through heuristic methods. The core of the EM algorithm consists of two main steps: the
expectation step (E-step) and the maximization step (M-step). In the E-step, the hidden
variables are estimated by calculating the probability that each data point belongs to each
Gaussian component, referred to as responsibility. This is calculated as follows:

7T - N(x; |y, &
Y = Kk ( l|yk k) (4)

121 7'[]‘ . N(x,-|;4j, Z])
=

where 7 represents the probability that data point x; belongs to the kth Gaussian compo-
nent, 71y, is the weight coefficient of the kth Gaussian component, and N (x;|pk, Xi) is the
probability density function of the kth Gaussian component.

1 N
= 29 ©)
N i=1
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where 717¢" is the updated weight coefficient, u7*" is the updated mean, X}V is the

updated covariance matrix, and N is the total number of data points.

The E-step and M-step are repeated until the parameters converge, i.e., the change
in parameters is less than a predefined threshold. Through this iterative process, the EM
algorithm can effectively determine the parameters of the GMMfor load and wind power,
thereby establishing a more accurate probabilistic model. This model can better reflect
the randomness and volatility of load and wind power, thus improving the accuracy of
renewable energy consumption capacity assessment.

3. Acquisition of Input Variables Sample Space

The M-H algorithm is an iterative sampling method derived from the Metropolis
algorithm, known for its excellent sampling performance and high computational efficiency.
This algorithm simulates transitions between system states based on a state transition
probability matrix, derived from the Markov chain Monte Carlo (MCMC) method. It
overcomes the limitations of the traditional MCS method, which can only model static
scenarios, by allowing dynamic simulation of random variables transitioning between
different states.

In the context of power systems, assuming that the first-order Markov chain is
X ={x;,x2,...,%t,...,xN}, where N is the data length of the historical power series, x;
is the state value of the t-th data corresponding to dividing the historical sequence into
S states, consists of S states forming the state space E = {E}, E, ..., Eg}, each moment of
historical data corresponds to a state, and there are S possibilities for each state to transition
to the next state, which can be known according to the Markov property (the present state
is solely connected to the immediate preceding state and is unrelated to any states prior to
that), calculated as follows:

s
pij = P{xp1 = Ej | xs = Ei} = nji/ ) ny (8
k=1

In the formula, p;; and n;; are the probability of transferring from state E; to state E; and
the number of transfers, respectively, and the transitions between the states form the state
transfer probability matrix P, according to which the cumulative state transfer probability
matrix Q can be formed, and P and Q are shown in Equations (5) and (6).

p1ip12- - Pis
G ©)
7;51}752 ©rPss
pu putpi2 - putprztpis
0- P.21 P21 J:rpzz © Pt P:22 + Pp2s (10)
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Assuming that the original power state sequence satisfies the f(x) distribution, and
the initial state x satisfies f(x) > 0, according to the proposed probability distribution g(y|x)
(denoting the probability of sampling a known x to obtain y), sampling an alternative state
y, the acceptance probability of y is calculated as follows:

o) — il FOEC)
hxy) {1’f(x)g(yX)} an

where x is the current state, y is the alternative state, f is the target probability density
function, and g is the proposed probability density function. When Equation (7) satisfies
the symmetry condition, i.e., g(y|x) = g(x|y), it can be simplified as follows:

h(x,y) = min{l, ﬁzg} (12)

We accept the alternative state with probability /(x, y) as the state value at the next
moment, otherwise keep the original state unchanged. Applying the M-H algorithm to
extract load and wind power sample spaces in power systems can accurately simulate
the dynamics and random behavior of load and wind power changes over time. This
method significantly enhances the modeling and analysis of power systems, especially in
evaluating and planning for the integration of variable renewable energy sources and other
load management strategies.

4. Evaluation of Renewable Energy Consumption Capacity Considering Safety and
Stability Constraints

4.1. Assessment Model for Renewable Energy Consumption Capacity

This paper employs a probabilistic assessment method that fully considers the uncer-
tainties of load and wind power. Since the fluctuations in load and wind power result in
varying amounts of wind power accommodation and the ultimate integration capacity of
wind power is constrained by system operating conditions, the evaluation model proposed
in this paper is based on the following concept: taking into account the impact of uncertain
factors, the model assesses the maximum renewable energy integration capacity under the
static security constraints of the power system.

(1) Objective Function

The assessment of renewable energy integration capacity typically selects either the
system operating cost or the amount of renewable energy integration as the objective
function. The former optimizes the system’s economic operating cost, considering various
safety constraints, and determines the optimal integration of renewable energy by mini-
mizing the system’s operating cost. The latter directly aims to maximize the amount of
renewable energy integration, determining the system’s maximum integration capacity
while ensuring all operational indicators remain within safe operating limits. According to
the evaluation model’s concept, this paper uses the maximum renewable energy integration
as the objective function.

max (Pw +) APwi> (13)
ieC

where P, represents the initial power of renewable energy integration, AP,,; denotes the

additional renewable energy integration capacity in the ith increment, and C signifies the

number of increments in renewable energy power.

(2) Constraints

To ensure the safe and stable operation of the power system, the operational data of
each node and branch within the system must meet safety operation constraints. These
constraints are divided into equality constraints and inequality constraints. The equality
constraints represent the power balance equations at the nodes. The formula is expressed
as follows:
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The inequality constraints include the active and reactive power output constraints of
conventional generators, node voltage magnitude constraints, node voltage phase angle
constraints, and branch power transmission constraints. The inequality constraints are
expressed as follows:

Pgi™ < Pgi < Pgi™™
Qci™" < Qai < Q"™
uimm <U < uimax (15)
161 = 1] < [0 = o
Fil < B k€ Q)

where Pg;™™ and Qg™ are the maximum active and reactive power outputs of the
conventional generator at node i; Pg;™" and Qci™™ are the minimum active and reactive
power outputs of the conventional generator at node i; U; is the voltage magnitude at
node #; U;™® is the maximum voltage magnitude at node i; U;™" is the minimum voltage
magnitude at node ; J; is the voltage phase angle at node ; J; is the voltage phase angle
at node j; Fy is the active power flow through branch k; F__ is the maximum allowable
power flow through branch k; and () represents the set of all branches in the system.

The mathematical model of renewable energy consumption capacity assessment in
this paper can be simplified as the following nonlinear optimization model:

maxf(s) = Py + Y APy;
ieC
st.g(s) = 0 (16)

hmin < I’Z(S) < himax

where s is all state and control variables; Py, is initial power of renewable energy access;
AP, is third increase of renewable energy access capacity; C is number of renewable
energy power increases; g(s) is trend equation of the system; and h(s) is inequality con-
straints determined by the static safety constraints of the system, with a lower limit of /iyn
and an upper limit of imax. Equation (16) integrates key components from the preceding
equations—specifically, the objective function in Equation (13) that maximizes renewable
energy integration while keeping state variables within safety limits, and the constraints in
Equations (14) and (15) that establish power balance and operational limits—into a compre-
hensive nonlinear optimization model; with the trend equation g(s) capturing the system’s
dynamic behavior as renewable energy capacity increases and linking directly to the con-
straints to ensure that as AP,; increases, the system remains within predefined operational
boundaries, while the inequality constraints /(s) derived from Equations (14) and (15) fur-
ther ensure the system operates within safe limits, thus providing a rigorous framework for
assessing the maximum renewable energy integration capacity while maintaining system
stability and security.

4.2. Short-Circuit Ratio Verification

For a long time, short-circuit ratio, as a static analysis method, has provided an im-
portant reference for the planning and operation of power grids due to its simplicity and
intuition. The multi-site short-circuit ratio for renewable energy, as suggested in the ref-
erenced literature [21], presents a more comprehensive Mrscr calculation formula that
removes all assumptions inherent in the traditional CIGRE short-circuit ratio derivation.
This approach accounts for both amplitude and phase differences among electrical quanti-
ties across various nodes. It also considers the impact of reactive power from renewable
energy generation equipment, making it applicable for evaluating and calculating volt-
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age strength in diverse scenarios of multi-renewable energy site access systems. Figure 2
shows the simplified equivalent model of i (i = 1, 2, ..., n) renewable energy stations
simultaneously connected to the AC system.

Srer = Frer+i0re1 AC1 Zl
QU Ay
solar power ) AC1
station 7 .

12 Zln.

Spe2 = Frea +i0re2 22
@zl Loy o
wind farm ) . AC2

ZZn :

SrE3 = FRe3 + JORES Zn
=l s 1
solarpower ACn

station

Figure 2. Streamlined model of an AC system interfacing with various renewable energy stations.

In Figure 2, SREi/ Prgi, Orgi, and UREl- represent the apparent power, active power,
reactive power, and voltage at the bus of renewable energy generation equipment/station i,
respectively. Zi]- denotes the equivalent impedance between grid-connected points i and j,
while Z ij indicates the system-side equivalent impedance between the main grid-equivalent
power source i and its associated grid-connected point j. The renewable energy grid-
connected buses in Figure 2 can symbolize either the grid-side access points of renewable
energy power generation equipment or the grid-connection points of renewable energy
stations. Assuming the currents injected into the AC system by each renewable energy

grid-connected bus are I 1, I, .. .I;, then the nodal voltages at each grid-connected bus

Uggl, URg,- - ., UREn, SrEn can be expressed as follows:

l;IREl Zeqll Zequ T Zeqln ?1
ul.{EZ _ Ze‘q21 Zefqzz e Ze‘an 1'2 17)
ZJREn Zeqnl Zeqn2 T Zeqnn In

In the equation, Zeqi]- denotes the element located in the i-th row and j-th column

of the equivalent impedance matrix Zeqij at the bus where renewable energy sources are
interconnected with the AC grid. The short-circuit ratio is used to measure the relative
magnitude between the system’s nominal voltage and the voltage generated by the equip-
ment upon integration into the system. Reflecting on the physical significance described,
the maximum renewable source connection ratio (Mgrscr) at the i-th renewable energy
interconnection bus within the system is defined as follows:

i i
Mgscri = I = . (18)
‘ RE{ Zeqiili"i_' Z 'Zequj
j=Lj#

where UNi is the nominal voltage at the i-th grid-connected bus node; UREi is the voltage
produced by the renewable energy generation equipment at node i, with the subscript RE

denoting the renewable energy power station; and I; is the short-circuit current supplied
by the i-th renewable energy power station. The actual operating voltage at the i-th grid-

connected bus node, U; is derived by multiplying both the numerator and denominator of

Equation (18) by ’UZ* / Zeqii , calculated as follows:
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where Sgg; represents the actual apparent power of renewable energy injected at the i-th

renewable energy grid-connected bus node; II .;; = Zeql]l,l / zeq,lu is the complex power
conversion factor between renewable energy grid-connected buses i and j, indicating the
phase and amplitude differences among the electrical quantities at each grid-side access
point of renewable energy generation equipment or at each renewable energy station
grid-connected node. Depending on the specific requirements, the Mrscrg (maximum
renewable source connection grid ratio) for the grid-side access point of the renewable
energy generation equipment or the Mrgcrg (maximum renewable source connection
station ratio) for the grid-connected point of the renewable energy station can be determined
using Equation (19). It is noted that, when considering the connection of just a single
renewable energy power station to the AC system, the corresponding renewable energy
station short-circuit ratio (Rgcr) is defined as follows:

Rscr = |("Un/ Zeq|/ |Sre| (20)
where Zeq = R +jX represents the system-side equivalent impedance from the grid-side
access point of the renewable energy generation equipment or the connection point of the
renewable energy station.

In this paper, this quantitative index is used to carry out safety and stability verification
of the maximum capacity of renewable energy field station access under the condition of
satisfying the system safety operation constraints.

4.3. Assessment Process for Considering Safety and Stability Constraints in the Consumption
Capacity Evaluation

Based on the above analysis, a set of probabilistic assessment methods for renewable
energy consumption capacity and an assessment flow system for system security and
stability analysis can be derived, as shown in Figure 3.

Setting the initial power of the renewable
energy access node

Perform safety constraint discrimination to determine the
maximum new energy access capacity corresponding to
each set of sample values (using Equation.16)

Constructing stochastic models for input
variables (using Equation.1~Equation.7)

Statistical probability indicators for
renewable energy access capacity

The M-H algorithm is used to obtain the sample space
of the input variables(using Equation.8~Equation.12)

Perform short circuit ratio and N-1
fault verification (using Equation.23)

Increase the power of new energy access and
perform trend calculations for each set of sample
values (using Equation.13)

End

Figure 3. Flowchart of the evaluation method.
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5. Case Analysis
5.1. Probabilistic Modeling of Load

While higher-order GMM models tend to offer greater accuracy, balancing modeling
precision with computational efficiency is crucial. Thus, this paper opts for a 10th-order
Gaussian mixture model for load modeling and calculation. The load’s probability density
function is defined as follows:

)
e + ...+ wi

1 _ (x—;;] )2 . 1 (x=pp)? 1  (x=pyp)?
e wy
V2o, V2709

e ¥ 1)

In this paper, the 5th-order Gaussian mixture model, the 8th-order Gaussian mixture
model, the 10th-order Gaussian mixture model, the 12th-order Gaussian mixture model,
the 15th-order Gaussian mixture model, and the normal distribution are selected to fit the
probability density curves of the load measured data, respectively. The selection of these
specific model orders is based on a balance between model accuracy and computational
efficiency. The 5th-order model was chosen as it provides a simple yet reasonably accurate
fit, capturing the basic structure of the data. The 8th-order model was introduced to
improve upon the 5th-order, addressing some of the complexities in the data that the
lower-order model might miss. The 10th-order model, identified through preliminary
analysis, was expected to provide the best overall fit, balancing accuracy and computational
demands. The 12th-order model was added to examine the effects of a slight increase in
model complexity beyond the 10th-order, though it introduces some risk of overfitting,
particularly evident in its slight overestimation of the highest peak. Finally, the 15th-order
model was included to explore the impact of higher complexity on the model’s accuracy
and computational cost. These selections allow for a comprehensive comparison of the
fitting effects, providing insights into the trade-offs between model complexity, accuracy,
and computational efficiency.

Figure 4 shows the probability density distribution curves of the load measured data
and the six selected fitting models. As can be seen from Figure 4, the probability density
distribution curve of the load measured data contains two peaks. The 5th-order GMM
and the normal distribution both underestimate these two peaks of the original data. The
8th-order GMM improves the fit over the 5th-order, providing a better approximation
to the lower peak, but it still slightly underestimates this peak. The 10th-order GMM
achieves the best overall fit, accurately capturing both peaks with minimal deviation from
the original data. The 12th-order Gaussian mixture model, while offering a good fit, slightly
overestimates the highest peak, which reduces its overall accuracy compared to the 10th-
order model. The 15th-order GMM also overestimates the highest peak, though it is in
good agreement with the rest of the distribution. To verify the accuracy of these models
more convincingly, the fitting indexes of each model were analyzed.

The metrics for evaluating a model’s fit to reality are root mean square error (RMSE),
summed squared error (SSE), and coefficient of determination (R?). The closer the RMSE
and SSE are to 0, the better the model fits the original data, and the closer R%is to 1, the
better the ability to explain the original data, and the formula is as follows:
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where #; is sample data; x; is raw data; ¥; is average of raw data.
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Figure 4. Probability density distribution curve of active power of load.

Table 1 illustrates that, when weighing simulation accuracy against computational
expense, the 10th-order GMM emerges as the optimal modeling method.

Table 1. Accuracy evaluation index of load model.

Fit Model RMSE SSE R?
normal distribution 0.000753 0.000318 0.963
5th-order Gaussian distribution 0.000560 0.000127 0.988
8th-order Gaussian distribution 0.000382 0.000106 0.991
10th-order Gaussian distribution 0.000159 0.000048 0.995
12th-order Gaussian distribution 0.000147 0.000027 0.993
15th-order Gaussian distribution 0.000132 0.000013 0.982

5.2. Probabilistic Modeling of Wind Power

Based on the analysis above, given the satisfactory fitting performance of the 10th-
order Gaussian mixture model, the probability model for wind power output is also
adopted as a 10th-order Gaussian mixture model. A probability model of the GMM is
established using actual output power data from a wind farm.

The wind power model based on the Gaussian mixture distribution demonstrates
better accuracy in fitting the probability density curves of the load-measured data compared
to models that utilize the Weibull distribution. Both the Weibull distribution and GMM
were used to fit the original data, with the fitting curves displayed in Figure 5. Clearly,
although the probability distribution of wind power is similar to the Weibull distribution,
the Weibull distribution fails to capture the smaller fluctuations in wind power. This
limitation is evident in Figure 5, where the Weibull distribution underestimates the short-
term variations that arise due to local atmospheric conditions or turbulence. In contrast,
the Gaussian mixture distribution, due to its flexible and versatile structure, accurately
models these fluctuations. A comprehensive analysis of Figure 5 and Table 2 confirms that
the Gaussian mixture distribution is more suitable for fitting the probability distribution of
wind power than the Weibull distribution.

Table 2. Evaluation of wind power model accuracy.

Fit Model RMSE SSE R?
Weibull distribution 0.000533 0.000258 0.9677
10th-order Gaussian distribution 0.000163 0.000052 0.9989
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Figure 5. Probability distribution of wind power based on different models.

5.3. Validity Test of Renewable Enerqy Consumption Capacity Assessment Method

To validate the effectiveness of the proposed methodology, we applied the Metropolis—
Hastings (M-H) algorithm to a modified IEEE 39-bus system to evaluate its ability to
integrate renewable energy sources. The method’s accuracy was subsequently corroborated
using Monte Carlo simulation (MCS) as a benchmark. Additionally, Gibbs sampling was
employed to provide a further comparison and validation of the results. In this simulation,
the active and reactive power at nodes 21 and 23 followed Gaussian mixture distributions,
derived from actual load data measurements. Moreover, the conventional generator at node
36 was replaced by a wind farm, with the farm’s output modeled as a random variable also
adhering to a Gaussian mixture distribution. To further analyze the impact of stochastic
variations in load and wind on the system’s capacity to accommodate renewable energy,
node 35 was designated as a renewable energy access point with a power factor of 0.94, and
the capacity for renewable energy was incrementally increased by 2 MW in each calculation
iteration. The modified IEEE 39-bus system is shown in Figure 6.
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Figure 6. The modified IEEE 39-Bus System.

A sampling space for active load and wind power was created by sampling from the
load and wind power variables’ probability density functions. These samples were then
used sequentially to adjust the power at the renewable energy access points, determining
the maximum capacity of renewable energy that could be safely supported. Finally, kernel
density estimation was employed to illustrate the probability density curves for renewable
energy absorption.

As shown in Figures 7 and 8, the probability density curves generated by the
Metropolis—Hastings (M-H) algorithm, the Monte Carlo simulation (MCS) method, and
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the Gibbs sampling method are nearly identical, indicating that all three methods provide
a consistent and accurate assessment of the fluctuations in renewable energy consump-
tion in response to changes in load and wind power. This comparison highlights the
reliability of the M-H algorithm, which was validated against the well-established MCS
method and further corroborated by the Gibbs sampling approach. Table 3 presents the
probabilistic statistical indicators of renewable energy consumption obtained from all
three assessment methods, further confirming the accuracy and consistency of the M-H
algorithm in evaluating renewable energy integration.
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Figure 7. Probability density distribution curve of renewable power consumptive amount.
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Figure 8. Cumulative distribution curve of renewable power consumptive amount.

Table 3. Statistical indicators of three assessment methods.

Number of Execution Standard

Algorithm Samples Time/ms Mean/MW Deviation/MW Maximum/MW Min/MW
MCS 10,000 0.324 801.14 79.49 1088.94 518.04
M-H 2000 0.169 800.71 80.83 1054.87 535.96
Gibbs 2000 0.175 798.39 75.67 1035.28 558.37

As can be seen from Table 3, when the sampling scale of the MCS method is 10,000
and the sampling scale of the M-H algorithm is 2000, the probability indices of the M-H
algorithm and the results of the MCS method are very close to each other, which verifies the
accuracy of the proposed method and determines the maximum renewable energy carrying
capacity of this system to be 1054.87 MW. Additionally, the Gibbs sampling method, with a
sampling scale of 2000, also produces consistent results. Notably, the M-H algorithm not
only achieves high accuracy but also requires the least execution time among the methods
compared, demonstrating its efficiency and effectiveness.
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When the renewable energy field station output in the system is 1054.87 MW, its Rgcr
can be calculated according to Equation (20) as follows:

Rscr = ‘U* Un/Zeqg|/ ‘SRE‘ = 2.79 (23)

This result not only satisfies the condition of Rgcr > 2.5 proposed in the literature [16],
indicating that the system still maintains high voltage stability and safety margin under a
larger proportion of renewable energy access, but also further confirms the validity and
reliability of the proposed evaluation method.

In order to assess the security and robustness of the power system under maximum
renewable energy access conditions, an N-1 fault validation is necessary. This process
simulates the power system’s ability to respond and adjust in the event of failure of any
single component (e.g., substation, transmission line, etc.) to ensure that the stability of the
power system is not affected by a single point of failure. Under the maximum renewable
energy access capacity, this paper simulates an N-1 fault on lines 4-14 in the IEEE 39-bus
system, whose fault type is a three-phase ground fault with a fault onset time of 2 s. After
the fault, the changes in each generator parameter are shown in Figures 9-11.
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Figure 9. Variation of generator speeds.
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Figure 10. Variation of power angles.

After the N-1 fault simulation of the modified IEEE 39-bus system, the analysis of the
three parameter variation plots shows that the response of each generator in the system
exhibits significant transient fluctuations after the occurrence of a three-phase ground fault.
Firstly, Figure 9 demonstrates that the rotational speed undergoes a brief overshoot and
then stabilizes after the fault, which reflects that the generators have sufficient inertia and
regulation to resist the transient perturbations. Figure 10 shows that the generators” power
angle differences increase significantly during the initial phase of the fault, posing a brief
challenge to system stability, but gradually return to a more stable state after the fault is
cleared. Figure 11 shows that the voltages of all generators show a sharp drop, followed
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by a gradual recovery of the voltage to a level close to the pre-fault level. It shows that
the system has the ability to cope with N-1 faults and maintain stable operation under the
calculated maximum carrying capacity of the renewable energy source.
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Figure 11. Variations in generator terminal voltage.

Figure 12 represents a power system that integrates renewable energy and conven-
tional power sources, transmitting electricity externally through DC transmission. The
system consists of 102 nodes, with the 500 kV main grid comprising 42 nodes. It includes
three DC transmission lines: LCC1, LCC2, and LCC3, each with a transmission capacity of
800 MW. Through these three DC transmission channels, the system stably transmits a total
of 2400 MW of electricity. To further validate the effectiveness of the proposed methodology,
the M-H algorithm was applied to the system to assess its capacity for integrating renew-
able energy. The method’s accuracy was subsequently verified using both MCS and Gibbs
sampling as benchmarks. In this simulation, the active and reactive power of the loads
on bus 1B-1 were modeled using a GMM derived from actual load data measurements.
Similarly, the output of the wind power plant WTGA-5 was also modeled using a GMM, as
shown in Figure 5. To analyze the impact of stochastic variations in load and wind power
on the system’s ability to accommodate renewable energy, Gen1B-1 was designated as a
renewable energy access point with a power factor of 0.94. The renewable energy capacity
was incrementally increased by 2 MW in each calculation iteration.
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Figure 12. The AC-DC hybrid system.
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To more intuitively understand the system’s performance under different conditions,
we performed kernel density estimation on the results of the three algorithms and plotted
the probability density distribution curves and cumulative distribution curves. As shown
in Figures 13 and 14, the probability density curves of the M-H algorithm, Gibbs sampling,
and the MCS method basically overlap, indicating that the M-H algorithm can achieve
accuracy comparable to both the MCS method and Gibbs sampling.
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Figure 13. Probability density distribution curve of renewable power consumptive amount.
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Figure 14. Cumulative distribution curve of renewable power consumptive amount.
As seen in Table 4, all three methods yield very similar statistical indicators, further

validating the effectiveness of the M-H algorithm. Notably, Table 4 also shows that the
M-H algorithm has the shortest execution time, making it more efficient than both the MCS

method and Gibbs sampling.

Table 4. Statistical indicators of three assessment methods.

. Number of Execution Standard . .
Algorithm Samples Time/ms Mean/MW Deviation/MW Maximum/MW Min/MW
MCS 10,000 0.379 756.58 289.31 1253.11 254.43
M-H 2000 0.182 757.88 286.69 1250.91 256.38
Gibbs 2000 0.237 758.39 291.67 1259.28 259.15
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When the renewable energy field station output in the system is 1250.91 MW, its Rgcr
can be calculated according to Equation (20) as follows:

Rscr = ‘U* UN/Zeq /‘SRE’ = 274 (24)
This result also satisfies the condition of RSCR > 2.5 proposed in the literature [16].
Similarly, under the maximum renewable energy access capacity, this paper simulates

an N-1 fault on bus 1B-8 in the AC-DC hybrid system shown in Figure 12. The fault type is
a three-phase ground fault with a fault onset time of 2 s. After the fault, the changes in bus
voltages, generator active power, and generator speed are shown in Figures 15-17. After
the N-1 fault simulation of the AC-DC hybrid system, Figure 15 shows that the bus voltage
fluctuates transiently when the fault occurs, which is manifested as an instantaneous drop,
and then gradually recovers and tends to stabilize, and recovers to a level close to the
pre-fault level, which indicates that the system has a good voltage recovery capability
and steady-state performance; Figure 16 shows that the active power of each generator
fluctuates to varying degrees at the time of the fault occurrence, especially that some of
the generators (e.g., Gen1B-4 and Gen1B-6) showed a significant drop in active power
and then a rapid recovery, after the fault is cleared, the active power of the generators
gradually recovers and tends to a new steady state, which indicates that the system is
able to re-distribute the power load after the fault and gradually return to a steady state;
Figure 17 shows that the generator speed remains basically unchanged before and after
the fault, showing a horizontal straight line, which indicates that the generator speed is
not significantly affected in the simulation of the N-1 fault, indicating that the system has
strong inertia and regulation ability, and is able to effectively resist the transient shocks
caused by the fault, and maintain the stable operation of the generator. In summary, the
simulation results show that the AC-DC hybrid system exhibits good voltage recovery
capability, power load redistribution capability, and generator stability under N-1 fault,
which verifies the safety and robustness of the system under the maximum renewable
energy access capacity.
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Figure 15. Bus voltage variations for each bus.
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Figure 17. Speed variations for each generator.

6. Conclusions

This paper proposes a probabilistic assessment method for evaluating the renewable

energy integration capacity, considering the uncertainty of renewables and the symme-
try of active power. The proposed method achieves high simulation accuracy for the
uncertainties of node injection powers, such as load and wind power. Compared to ex-
isting renewable energy integration assessment methods, the proposed method has the
following characteristics:

1.

Through the simulation of the random characteristics of load and wind power and the
calculation of probabilistic load flow, the proposed method can comprehensively and
accurately reflect the changes in renewable energy integration capacity influenced by
the operating state of the power system and its uncertainties.

A 10-order GMM is used to construct the probabilistic model for load. The research
results show that the RMSE and SSE of the 10-order Gaussian distribution load fitting
model are 0.000159 and 0.000048, respectively, with a R? reaching 0.995. Compared to
other fitting models, this approach provides more accurate load modeling. Similarly,
the 10-order Gaussian distribution wind power fitting model has an RMSE and SSE
of 0.000163 and 0.000052, respectively, with an R? reaching 0.994. Compared to the
Weibull distribution, this model offers more precise wind power modeling.

During the simulation calculations on both the 102 nodes system and IEEE 39-bus
system with renewable energy integration, the maximum renewable energy integra-
tion capacities were determined to be 1250.91 MW and 1054.87 MW, respectively.
The results of different simulation case studies also show that the probability metrics
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obtained by the M-H algorithm, Gibbs sampling, and the MCS method are basically
the same, verifying the accuracy of the proposed method.

4. Under the maximum renewable energy integration capacity in different scenarios, it
was found through short-circuit ratio and N-1 fault validation that the system can
consistently meet stability requirements.

While the proposed method offers a comprehensive and accurate assessment of re-
newable energy integration capacity, it is not without limitations. One limitation is the
computational intensity associated with high-order Gaussian mixture models, which may
lead to increased processing times in larger systems or more complex scenarios. Addition-
ally, the method’s reliance on accurate probabilistic models means that its effectiveness is
contingent upon the quality of the input data, which can be challenging in cases of sparse
or highly variable data. To address these limitations, future research could explore the
development of more efficient computational techniques or hybrid models that balance
accuracy with computational demand. Additionally, extending the methodology to incor-
porate other types of uncertainties, such as those related to grid infrastructure or market
conditions, could further enhance its applicability. Researchers might also consider the
integration of machine learning techniques to improve the accuracy of input data modeling
and reduce dependency on large datasets.

In conclusion, the proposed probabilistic assessment method represents a significant
step forward in renewable energy integration analysis, offering a robust framework for
future studies while highlighting areas for continued improvement.
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