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Preface

It is our distinct pleasure to present this Reprint, “Symmetry/Asymmetry Studies in Modern

Power Systems,” which compiles the twelve insightful articles originally published in the

corresponding Special Issue. The motivation for curating this collection stems from the critical

and evolving challenges in operating and designing contemporary power grids, where the high

penetration of inverter-based renewable resources and power electronics is fundamentally redefining

traditional concepts of system balance and stability. This Reprint is dedicated to providing a

comprehensive exploration of both theoretical advancements and practical applications for managing

symmetry and asymmetry, covering topics from advanced control strategies and renewable

integration to system protection and equipment operation. Our primary aim is to offer researchers,

engineers, and advanced students in the field of electrical power systems a consolidated and

insightful resource that not only highlights the current state of the art but also stimulates future

innovations. We extend our sincere gratitude to all the authors for their valuable contributions and

to the reviewers for their rigorous efforts, which have been instrumental in shaping a cohesive and

high-quality volume. We also gratefully acknowledge the support of the Natural Science Foundation

of Jiangsu Province under Grant BK20241481, which contributed to the completion of this work. We

are confident that the research contained herein will significantly contribute to the development of

more resilient, efficient, and sustainable power systems.

Tao Zhou, Cheng Wang, Zhong Chen, and Lei Chen

Guest Editors
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Editorial

Special Issue: Symmetry/Asymmetry Studies in Modern
Power Systems

Tao Zhou and Cheng Wang *

School of Automation, Nanjing University of Science and Technology, Nanjing 210094, China;
zhoutaonjust@njust.edu.cn
* Correspondence: chw714@njust.edu.cn

Abstract

This Special Issue, “Symmetry/Asymmetry Studies in Modern Power Systems,” presents a
curated collection of research addressing the critical and evolving role of symmetry in the
context of energy transition. The contributions, selected through a rigorous review process,
collectively advance the understanding and management of power system balance, stability,
and resilience amidst the increasing integration of renewables and power electronics. The
published papers offer innovative solutions across several interconnected areas, including
advanced control for active power symmetry, optimized renewable integration and inertia
support, intelligent equipment operation, system-wide dynamic analysis, scheduling un-
der uncertainty, and enhanced protection and power quality. By synthesizing advanced
computational techniques with core power engineering challenges, this issue provides
both theoretical insights and practical methodologies. It underscores a paradigm shift
towards actively orchestrating system stability within inherently asymmetric conditions,
laying a foundation for the design of more resilient, efficient, and sustainable future grids.
Finally, key future research directions are outlined to further integrate adaptive control,
physics-informed machine learning, and standardized metrics for holistic system design.

Keywords: power system symmetry; renewable energy integration; power system stability;
power symmetry and balance control; power system optimization and scheduling

1. Introduction

Concepts of symmetry and asymmetry have long been recognized as fundamental to
the analysis and operation of power systems [1]. However, with the increasing integration
of renewable energy sources, widespread adoption of power electronic devices, and the
emergence of complex grid architectures, the roles of symmetry and asymmetry have be-
come more pronounced and multifaceted [2]. This Special Issue, “Symmetry/Asymmetry
Studies in Modern Power Systems,” addresses this evolving landscape by presenting
cutting-edge research that explores the intricate relationship between symmetry principles
and modern power system performance. The contributions in this issue provide valuable
insights into how symmetry and asymmetry influence fault diagnosis, system planning,
operational efficiency, and stability in contemporary power systems. By examining these
phenomena across various dimensions—from fundamental theory to practical applications
in renewable integration and grid-forming control—this Special Issue offers a comprehen-
sive perspective that is essential for advancing the design and operation of resilient, efficient,

Symmetry 2025, 17, 2154 https://doi.org/10.3390/sym171221541
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and sustainable power systems in the era of energy transition. The collected research not
only deepens our theoretical understanding but also provides actionable methodologies
for addressing the complex challenges posed by modern power system dynamics.

2. Thematic Overview of Contributions

Following a rigorous peer-review process, this Special Issue “Symmetry/Asymmetry
Studies in Modern Power Systems” received a total of about 20 high-quality submissions
from researchers across the globe. After thorough evaluation by experts in relevant fields,
12 papers were accepted for publication, reflecting the diversity of approaches and per-
spectives in the field. These selected contributions present significant advancements in
understanding the critical role of symmetry and asymmetry in modern power system oper-
ations, analysis, and design. The accepted papers included different symmetry/asymmetry
studies on techniques for modern power systems:

• Power symmetry and balance control (contributions 1, 2, 8, and 9);
• Symmetry and asymmetry in renewable energy integration (contributions 6 and 12);
• Power equipment operation optimization (contributions 3 and 5);
• Power system dynamic analysis and stability (contribution 4);
• Power system optimization and scheduling (contribution 7);
• Power system protection and power quality (contributions 10 and 11).

The integration of renewable energy sources and power electronic devices has sig-
nificantly reduced system inertia, resulting in unstable frequency and threatening the
active power symmetry and balance essential for grid reliability [3]. Maintaining power
symmetry—ensuring balanced generation and load dynamics—is critical for preventing fre-
quency deviations, oscillations, and cascading failures, particularly in modern systems with
the high penetration of variable resources [4]. This direction addresses these challenges by
developing advanced control strategies that enhance dynamic stability, optimize resource
coordination, and support the transition to resilient, low-carbon power networks [5]. Con-
tribution 1 proposes a knowledge-aggregation-based deep reinforcement learning method
for load frequency control in isolated microgrids, combining improved whale optimization
with LSTM and self-attention mechanisms to optimize power symmetry and balance under
uncertainties. Contribution 2 introduces a coordinated control strategy for multi-type
flexible resources and under-frequency load shedding, leveraging voltage variation effects
to improve active power balance and frequency support capabilities. Contribution 8 de-
velops an adaptive voltage reference-based multi-objective optimal control approach for
multi-terminal DC systems, employing normal boundary intersection to ensure power flow
symmetry with large-scale offshore wind integration. Contribution 9 presents a stability
control method using grid-forming converters and virtual synchronous generator tech-
nology to achieve active symmetry in distribution grid elastic balance regions, enhancing
inertia and damping under disturbances.

Maintaining the delicate balance between variable renewable generation and load
demand is paramount for modern power systems, as inherent asymmetries can severely
compromise frequency stability and grid reliability [6]. This research direction focuses
on developing advanced control and evaluation frameworks to enhance active power
symmetry, mitigate the impacts of source–load imbalances, and harness the innate support
capabilities of inverter-based resources [7]. Contribution 6 systematically evaluates the
inertia support capability of wind turbine generators operating symmetrically, quantifying
their potential to provide crucial grid stabilization services comparable to conventional
synchronous machines. Contribution 12 introduces a distributed active support method
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for photovoltaic systems, utilizing a state–disturbance observer and a dynamic surface
consensus algorithm to ensure robust frequency stability amid source–load asymmetry.

The optimization of power equipment operation is critical for enhancing the reliability,
efficiency, and longevity of electrical systems, particularly as the integration of renewable
energy sources and fluctuating loads introduces new challenges to grid stability [8]. Trans-
formers, as key components in power networks, require advanced control and prediction
methods to maintain power symmetry and prevent failures under dynamic conditions [9].
This direction focuses on developing intelligent strategies for transformer capacity reg-
ulation and temperature monitoring, which are essential for reducing operational costs,
ensuring safety, and supporting the transition to sustainable energy systems [10]. Contribu-
tion 3 proposes an on-load capacity-regulating control method for power transformers that
combines load forecasting with hesitant fuzzy control to dynamically adjust transformer
output based on real-time demand, optimizing resource utilization and minimizing losses.
Contribution 5 introduces a predictive model for transformer top-oil temperature using
an LSTM neural network enhanced with a self-attention mechanism and optimized by an
improved whale optimization algorithm, improving accuracy in temperature forecasting to
prevent overheating and extend equipment life.

The research direction of power system dynamic analysis and stability is pivotal for
ensuring the reliable operation of modern power systems, particularly as the integration
of renewable energy sources introduces greater variability and reduces system inertia,
leading to increased frequency deviations and instability risks [11]. This field focuses
on modeling, analyzing, and controlling dynamic behaviors to maintain active power
symmetry and balance between generation and demand, which is essential for preventing
blackouts and enhancing grid resilience under disturbances such as load fluctuations or
faults [12]. Contribution 4 addresses this by proposing a small-signal modeling approach
for power-load frequency response that incorporates voltage variation effects, enabling
a more accurate analysis of how loads can contribute to frequency support and improve
system stability under dynamic conditions.

The research direction of power system optimization and scheduling is critically
important in the era of energy transition, addressing the challenges posed by the large-scale
integration of intermittent renewable energy sources and the increasing complexity of
multi-energy flows in modern grids [13]. Its significance lies in enhancing the economic
efficiency, reliability, and sustainability of power systems by achieving optimal resource
allocation and maintaining active power balance between generation and demand under
various uncertainties [14]. Contribution 7 specifically advances this field by developing a
bi-level optimization scheduling strategy for Park-Level Integrated Energy Systems (PIESs)
that effectively tackles the uncertainties associated with price-based demand response to
improve scheduling decisions.

The research direction of power system protection and power quality is fundamental
to ensure the security, reliability, and stability of modern electrical grids, especially with
the increasing integration of power-electronics-interfaced resources like renewables and
electric vehicles that introduce new types of faults and harmonic distortions [15]. Its signifi-
cance lies in developing advanced methods to quickly isolate faults, prevent equipment
damage, and maintain voltage and current waveforms within strict standards, thereby
guaranteeing the safe operation of critical infrastructure and the delivery of clean power to
end-users [16]. This field is pivotal for mitigating the risks of cascading failures and en-
hancing the overall resilience of the power system against disturbances [17]. Contribution
10 proposes a quantitative state evaluation method for relay protection equipment using
an improved Conformer model optimized by a two-stage Artificial Physics Optimization

3



Symmetry 2025, 17, 2154

(APO) algorithm to accurately assess equipment health and predict failures. Contribution
11 introduces an integrated approach combining an I-ADALINE neural network with
selective filtering techniques to effectively mitigate harmonics and improve power quality
in electrically distorted networks.

3. Conclusions and Future Perspectives

The accepted papers of this issue collectively advance the theoretical and practical
understanding of symmetry and asymmetry in contemporary power systems, delivering
comprehensive solutions to critical challenges arising from renewable integration, grid
modernization, and power electronics proliferation. These contributions establish a uni-
fied framework for maintaining power symmetry and balance across diverse operational
scenarios—from microgrid frequency control and multi-terminal DC system optimization
to transformer management, renewable inertia support, and fault resilience. By integrat-
ing advanced computational techniques with system-level stability analysis, these papers
provide actionable methodologies to enhance grid reliability, operational efficiency, and
resilience under increasing asymmetry induced by variable renewable generation and
complex grid topologies. This body of work not only deepens the foundational knowledge
of symmetry principles in power systems but also offers implementable strategies for
transitioning toward sustainable, stable, and intelligent power networks in the energy
transition era.

Future research in symmetry/asymmetry studies for modern power systems should
focus on three interconnected dimensions: (1) developing adaptive control frameworks
that dynamically maintain power symmetry under extreme renewable variability and
grid-forming converter interactions, particularly for multi-inverter systems operating in
weak grid conditions; (2) integrating physics-informed machine learning with real-time sta-
bility assessment to overcome the computational bottlenecks in transient stability analysis
during high-asymmetry events; and (3) establishing standardized metrics for quantifying
symmetry degradation across diverse grid architectures—from distribution networks with
high PV penetration to multi-terminal HVDC systems—enabling the holistic design of
resilient, low-carbon power systems. These directions will be critical for enabling seamless
grid integration of next-generation renewable resources while ensuring operational stability
in the face of increasingly complex, asymmetric power flows.
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Article

Deep Reinforcement Learning for Load Frequency Control in
Isolated Microgrids: A Knowledge Aggregation Approach with
Emphasis on Power Symmetry and Balance

Min Wu 1,*, Dakui Ma 1, Kaiqing Xiong 2 and Linkun Yuan 2

1 Guangdong Power Grid Co., Ltd., Guangzhou 510600, China; madakui_csg@gdcsg.com
2 Yangjiang Power Supply Bureau, Guangdong Power Grid Co., Ltd., Yangjiang 529500, China;

xiongkq11@gdcsg.com (K.X.); csglinkuny@gdcsg.com (L.Y.)
* Correspondence: minwu1022@gdcsg.com

Abstract: To address the issues of instability and inefficiency that the fluctuating and uncertain char-
acteristics of renewable energy sources impose on low-carbon microgrids, this research introduces a
novel Knowledge-Data-Driven Load Frequency Control (KDD-LFC) approach. This advanced strat-
egy seamlessly combines pre-existing knowledge frameworks with the capabilities of deep learning
neural networks, enabling the adaptive management and multi-faceted optimization of microgrid
functionalities, with a keen emphasis on the symmetry and equilibrium of active power. Initially, the
process involves the cultivation of foundational knowledge through established methodologies to
augment the reservoir of experience. Following this, a Knowledge-Aggregation-based Proximal Pol-
icy Optimization (KA-PPO) technique is employed, which proficiently acquires an understanding of
the microgrid’s state representations and operational tactics. This strategy meticulously navigates the
delicate balance between the exploration of new strategies and the exploitation of known efficacies,
ensuring the harmonization of frequency stability, precision in tracking, and the optimization of con-
trol expenditures through the strategic formulation of the reward function. The empirical validation
of the KDD-LFC method’s effectiveness and its superiority are demonstrated via simulation tests
conducted on the load frequency control (LFC) framework of the Sansha isolated island microgrid,
which is under the administration of the China Southern Grid.

Keywords: knowledge-data-driven load frequency control; power symmetry; isolated microgrid;
deep reinforcement learning; knowledge aggregation

1. Introduction

Active power symmetry and power balance refer to the balance between the power
provided by the power supplier and the power consumed by the load in the power system.
This is the key to the stable operation of a power system. Unbalanced power will lead
to problems such as deviations in frequency from normal values, affecting power quality.
Therefore, it is very important to maintain the active power symmetry of the microgrid
and power system through load frequency control (LFC) methods. The need for renewable
energy sources such as wind and solar power is accentuated by the ongoing environmental
impacts of fossil fuels and their greenhouse gas emissions. Distributed generation (DG) is
increasingly being recognized as a vital approach for utilizing these cleaner energy sources.
The efficient operation of DG systems facilitates the use of diverse renewable energies,
although their intermittent nature and the integration of auxiliary storage devices introduce
operational challenges to the grid [1]. The evolution of microgrid technology, operating
in both islanded and grid-connected modes, addresses these issues by harmoniously
combining DGs, storage devices, and converters to enhance power reliability and quality [2].
This technology significantly contributes to energy sustainability, grid stability, and the
reduction in environmental pollution. Furthermore, advancements in load frequency
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control, crucial for maintaining grid stability, have paralleled the development of advanced
control theory [3]. Recent research has led to the development of adaptive control methods,
capable of responding to changing system conditions, thus enhancing frequency regulation
performance in power systems. This includes the implementation of model reference
adaptive PI controllers [4], adaptive fuzzy logic control [5], and adaptive neuro-fuzzy
inference systems [6], each offering unique advantages in optimizing grid operations.

Sliding mode variable structure control represents a nonlinear control technique, dis-
tinguished by its adaptability to system uncertainties. This method, proficient in handling
system uncertainties, robustly adjusts to parameter changes and external disturbances,
ensuring system stability. Particularly in power systems, where disturbances can affect fre-
quency and other states, this control strategy excels by adjusting controller gain in response
to frequency shifts and generator outputs, effectively mitigating load variations [7]. How-
ever, challenges like system chattering arise due to the oscillatory nature of the frequency
response trajectory around the sliding mode surface. Innovations in decentralized sliding
mode control for multi-area power systems have been developed, utilizing local state infor-
mation to stabilize system jitter [8]. Additionally, the integration of disturbance observers
in controller designs enhances the prediction accuracy for uncertain disturbances, reducing
controller conservatism, diminishing system jitter, and improving response speed [9].

Robust control methods in power systems are designed using the boundary informa-
tion of system uncertainties, allowing them to effectively address power system uncer-
tainties without pre-identifying the characteristics of perturbations [10]. Recent literature
has discussed the development of a robust load frequency controller based on Riccati’s
equation, which effectively stabilizes power systems against parameter variations and
external disturbances [11]. Another study proposed a robust gate-adaptive load frequency
control method, combining robust and eye-adaptive control for different ranges of parame-
ter variations [12]. Model predictive control (MPC) is increasingly utilized for managing
power system constraints due to its direct handling capabilities and wide industrial appli-
cations [13–17]. These studies have predominantly focused on traditional energy storage
systems, with recent shifts towards incorporating renewable energy sources like wind and
photovoltaic power in system frequency regulation. The stochastic nature and diversity of
new power generation units, including those with low inertia, present new challenges for
system frequency controllers.

Artificial intelligence methods have made remarkable progress in recent years, en-
abling their application in various domains due to their high adaptability. However, a
power system is subject to uncertainty and stochastic disturbances, such as fluctuations in
renewable energy sources, load variations, and network failures, which pose challenges
for traditional LFC methods to adapt to complex operating environments, resulting in
frequency deviations and increased control costs. To address this issue, some researchers
have attempted to apply deep reinforcement learning to LFC, using deep neural networks
to learn the system’s dynamic model and control strategy to achieve adaptive control and
multi-objective optimization of the system.

Reinforcement learning has been applied in all control layers of microgrids, but most
of them are focused on energy management and optimal economic allocation for tertiary
control. Liu et al. [18] used reinforcement learning for domestic residential heating and
hot water installations to effectively control the energy costs of building energy systems.
In [19], a microgrid model of wind power generation and battery storage was established,
and Q-learning algorithm was used to predict the environment of wind power generation,
achieve the optimal scheduling of energy storage, and improve the utilization rate of wind
power generation. Dai et al. [20] combined a reinforcement learning algorithm with a
distributed optimization method based on multiplier splitting to achieve the optimal power
output of different DGs at each moment without knowing the actual power generation
cost function. A microgrid with multiple distributed power sources can be regarded as a
multi-intelligent system, and although the model-free reinforcement learning approach
has a natural advantage, its application in the control field is still very limited, and most
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applications tend to be converted to a single-intelligence problem to solve. Therefore, the
application of reinforcement learning in the secondary control of microgrids still has a great
potential. Esmaeili et al. [21] used a reinforcement learning algorithm to improve the PID
controller and realized the adaptive control of the microgrid frequency. Adibi et al. [22]
applied reinforcement learning to the secondary frequency control of lossy microgrids,
effectively dealing with time-varying loads, load impedance, and other common general
interference situations. Yu et al. [23] proposed an optimal CPS control strategy based on a
Q-learning algorithm under CPS, which was able to optimize the output action commands
of the CPS control system online to improve the control system’s anti-interference abilities.
Bhongade et al. [24] applied a three-layer feedforward neural network to the design of
an automatic power generation controller and adopted the back propagation algorithm
for training. The feasibility of the proposed strategy was verified through simulation in
a multi-area AGC system considering superconducting magnetic energy storage units.
In [25], a deep reinforcement learning algorithm with action-weighted optimization and
state-of-the-art experience replay was proposed for the stochastic perturbation problem
brought by large-scale clean energy.

The efficacy of deep reinforcement learning in power system control, particularly
in load frequency control (LFC), is impeded by its reliance on extensive datasets, which
are often constrained by the limited, incomplete, or unreliable nature of power system
data. This limitation impacts the performance and generalization capacity of deep re-
inforcement learning, leading to increased frequency bias and higher generation costs
in LFC applications. Proximal policy optimization (PPO), a policy-gradient-based deep
reinforcement learning algorithm, addresses these issues. It introduces an effective clipping
objective function that ensures policy updates are both monotonic and constrained, en-
hancing efficiency and scalability. The application of the PPO algorithm in LFC optimizes
controller parameters, facilitating adaptive control and multi-objective optimization in
power systems. PPO, a policy-gradient-based deep reinforcement learning algorithm,
addresses the computational complexity and scalability challenges of the trust region policy
optimization (TRPO) algorithm. It offers a simple yet effective clipping objective function
to ensure policy update monotonicity and constraints, enhancing algorithmic efficiency
and scalability. Utilized in load frequency control, PPO optimizes controller parameters
for adaptive control and multi-objective optimization in power systems. This approach is
particularly suited for islanded microgrid load frequency control but faces challenges in
generalization and robustness. The paper introduces a Knowledge Aggregation Proximal
Policy Optimization method, combining a priori knowledge and deep neural networks.
This method enhances the reinforcement learning process by balancing exploration and
exploitation and considering factors like frequency stability and control cost. The effec-
tiveness of this approach is demonstrated through simulations on a four-unit islanded
microgrid system, highlighting its potential in the adaptive control and multi-objective
optimization of microgrids. This paper introduces two novel contributions to the field of
microgrid control:

(1) A Knowledge-Data-Driven Load Frequency Control (KDD-LFC) method is devel-
oped. In traditional LFC, it is difficult to achieve adaptive and multi-objective frequency
control for complex islanded microgrids [7–17]. This method combines the application of
prior knowledge models with the capabilities of deep neural networks to achieve adaptive
control and multi-objective optimization in microgrid systems.

(2) A new algorithm named Knowledge Aggregation Proximal Policy Optimization
(KA-PPO) is created. Traditional DRL lacks robustness and is difficult to adapt to complex
islanded microgrid environments [18–25]. This KA-PPO leverages traditional methods
for generating prior knowledge, which is then incorporated into the experience pool.
Subsequently, it employs a near-end strategy optimization technique to learn the state
representation and behavioral strategies of the microgrid.

The structure of this paper is organized as follows: Section 2 details the model of the
islanded microgrid system. Section 3 introduces a novel method, outlining its comprehen-
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sive framework. In Section 4, case studies are conducted to evaluate the effectiveness of the
proposed method. Finally, Section 5 concludes the paper, summarizing key insights and
discussing the primary findings of the research.

2. Islanded Microgrids

2.1. KDD-LFC Model for Islanded Microgrids

An islanded microgrid is defined as a small-scale power system, capable of au-
tonomous operation when disconnected from the main power grid. It encompasses multiple
distributed power sources, loads, and energy storage devices and is designed to deliver
reliable, high-quality electrical energy services. This paper focuses on load frequency con-
trol in isolated microgrids, a critical aspect involving the regulation of active output from
each distributed power source to maintain grid frequency stability and power balance. It
introduces a distributed control strategy based on the PPO algorithm. PPO, a reinforcement
learning algorithm, efficiently optimizes stochastic policies in various environments, sim-
plifying complex gradient calculations and constraints. The proposed islanded microgrid
model incorporates a detailed description using mathematical equations or simulation
software, encompassing specific components outlined in the paper:

The distributed power model in this paper details generation characteristics, output
power, and control strategies of various distributed power sources, such as wind turbines,
solar panels, micro gas turbines, and fuel cells. It also includes load modeling, which
describes the electricity demand, characteristics, and profiles of different loads, including
lamps, air-conditioners, and electric vehicles. The energy storage device model covers
the storage characteristics, as well as the charging and discharging behaviors of devices
like batteries, supercapacitors, and flywheels. Additionally, the grid model encompasses
parameters like voltage, current, power, impedance at each grid node, and details on grid
topology and operational mode. The LFC model integrates these components, which is
further illustrated in Figure 1 [19].
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Figure 1. KDD-LFC model.

2.2. Generation Costs

The calculation of generation cost is delineated as follows:

Ci(PGi) = aiP2
Gi + biPGi + ci (1)

where PGi is the output of the ith unit; ai, bi, and ci are constants; and Ci is the cost of the
ith unit.
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Ci(PGi, actual) = Ci

(
PGi,plan + ΔPGi

)
= αiΔP2

Gi + βiΔPGi + γi (2)⎧⎪⎨⎪⎩
αi = ai
βi = 2aiPGi,plan + bi
γi = aiP2

Gi,plan + biPGi,plan + ci

(3)

where PGi,plan is the planned output of unit i, ΔPGi is the regulation output of the ith unit,
PGi, actual is the output of unit I; and αi, βi, and γi are coefficients.

2.3. Objective Functions and Constraints

Traditional LFC methods in microgrids often prioritize frequency stabilization while
neglecting the aspect of cost efficiency. This paper introduces a KDD-LFC method, which
effectively addresses both reducing frequency variations and minimizing power production
costs in isolated microgrids. The KDD-LFC method employs a multi-objective optimization
approach, aiming to minimize the combined effect of frequency variation and the power
production cost. This approach balances the dual objectives of maintaining grid stability
and enhancing cost efficiency in power generation within the microgrid.

min
T

∑
t=1

|Δ f |+
T

∑
t=1

n

∑
i=1

(
αiΔP2

Gi + βiΔPGi + γi

)
(4)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

n
∑

i=1
ΔPin

i = ΔPorder- ∑

ΔPorder- ∑ × ΔPin
i ≥ 0

ΔPmin
i ≤ ΔPin

i ≤ ΔPmax
i

|ΔPGi(t)− ΔPGi(t + 1)| ≤ ΔPrate
i

(5)

where ΔPorder-∑ is the total command, ΔPi
max and ΔPi

min are the limits of the ith unit,
ΔPi

rate is the ramp rate of the ith unit, and ΔPi
in is the command of the ith unit.

2.4. MDP Modelling of KDD-LFCs

The LFC problem of an islanded microgrid is solved using a deep reinforcement learn-
ing algorithm. Firstly, the load frequency control of the islanded microgrid is re-described
as an MDP model, and then the KA-PPO algorithm is used to solve the constructed model.
The MDP model can be represented by the tuple M = (S, A, π, R, γ), i.e., the state space S,
the action space A, the state transfer probability π, the reward function R, and the discount
factor γ. In the context of an islanded microgrid, the agent represents the decision-making
entity. The environment space encompasses elements beyond the agent’s control, such as
frequency information and the total output of units within the microgrid. The action space
chosen for this study includes the unit output as the control variable. During a control
period, the agent’s objective in the islanded microgrid is to maximize future expected
returns. This involves optimizing the sum of discounted rewards to achieve efficient and
effective control of the microgrid’s operations. The action value function can be expressed
as Qπ (s,a). In order to obtain the action value function, the state transfer probabilities need
to be known, but due to the existence of a large number of disturbances in reality, it is not
possible to obtain the state transfer probabilities. The goal of reinforcement learning is to
learn to obtain a policy that maximizes the expected return πθ , and the objective function
of the agent is defined by means of discounting the return as in Equation (2):

JR(θ) = E
(st ,at)∼ρπθ

[
∑

t
γtr(st, at)

]
(6)

where ρπθ is the distribution of trajectories determined by the strategy πθ and γ ⊂ [0, 1] is
the discount rate, denoting the weight of the long-run returns.
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In the islanded microgrid LFC problem, a strategy used to maximize the cumulative
return of the team, πθ*, is obtained, and in this paper, the objective of the islanded microgrid
LFC problem is defined as in Equation (7):

θ∗ = argmax
θi

N

∑
i

JR(θi) (7)

where N denotes the number of agents.

(1) Action space

In the system outlined, the total electricity output is determined by a command
generated by the agent. The agent’s direct influence is restricted to only 10% of this
command, signifying its limited yet strategic control over the system’s output. This model
underscores the agent’s role in fine-tuning the system’s performance through its selective,
albeit restricted, action. [

ΔPorder- ∑/10
]

(8)

where ΔPorder- ∑ is the total generating power command.

(2) State Space

The state space of the microgrid system encompasses two critical variables: the fre-
quency deviation and its integral. Frequency deviation measures the discrepancy between
the microgrid’s actual frequency and its target frequency. The integral component cu-
mulatively tracks this deviation over time, offering a comprehensive view of frequency
stability. The output variable in this context is the total power output, generated by the
distributed energy resources within the microgrid. This setup provides a clear framework
for monitoring and adjusting the microgrid’s operational parameters.

[Δ f
∫ t

0
Δ f dt ΔPtotal

G ] (9)

where ΔPtotal
G is the total power output of the generation.

(3) Reward Functions

The controller in this system is designed with the primary goal of minimizing both
the frequency fluctuation and the total cost of production. To encourage the agent towards
identifying the optimal policy, the reward function incorporates a cost element for control
actions. This reward function is constructed to reflect the dual objectives of the system,
balancing frequency stability with cost efficiency. The structure of this function is critical in
guiding the agent’s actions towards the most effective and economical operational strategy
for the microgrid.

r = −μ2|Δ f |+ μ3

n

∑
i=1

Ci + PP (10)

PP =

{
0 |Δ f | < 0.05 Hz
−3 |Δ f | ≥ 0.05 Hz

(11)

where r is the reward and PP is the punishment function, Δf is the frequency error, Ci is the
power generation cost for the ith unit, and μ1 and μ2 are the weight coefficients, respectively.

3. Knowledge-Aggregation-Based Proximal Policy Optimization Method

Deep reinforcement learning (DRL) is a powerful, model-free, adaptive control method
ideal for load frequency control (LFC) of islanded microgrids. It excels at handling complex,
high-dimensional, nonlinear continuous action spaces, enhancing control accuracy and
responsiveness. DRL’s ability to directly learn from data reduces modeling difficulties
and errors. Furthermore, it adapts to dynamic changes and uncertainties within system
operations. Knowledge aggregation, which merges a priori and data-driven knowledge,
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significantly augments DRL’s learning efficiency and robustness. It guides DRL’s learning
process, enhances generalization, and updates knowledge, leading to improved control
performance. The proposed KA-PPO algorithm in this paper combines traditional methods
for generating prior knowledge with advanced learning strategies, effectively balancing
exploration and utilization. This method integrates aspects like frequency stability, tracking
performance, and control cost into its reward function, achieving comprehensive, end-to-
end control for the microgrid.

3.1. PPO Algorithm in Load Frequency Control

The PPO algorithm effectively overcomes the limitations of previous reinforcement
learning algorithms, addressing issues such as low data utilization efficiency and poor
robustness in traditional policy gradient methods, as well as the complexity associated with
the trust region policy optimization (TRPO) algorithm. PPO’s main advantages include its
ease of deployment, reduced variance during iterations, user-friendliness, and enhanced
robustness in training. It solves the challenge of determining the optimal learning rate in
policy gradient methods by using a ratio that limits the update range of new strategies,
reducing sensitivity to large training steps. In islanded microgrid load frequency control,
the critic’s Q-function, which assesses action quality, is modeled in a specific manner to
enhance control performance.

The PPO algorithm first adopts the generalized advantage estimation (GAE) as the
advantage function to estimate the advantage; then, it selects the loss function of the
network parameter θ in the Actor network structure as well as the restriction on the KL
scatter term during the process of updating the parameter θ; it also selects the loss function
of the network parameter Φ in the criterion network structure. Finally, a new working
process of the primary and secondary network structures is proposed.

The proximal policy optimization (PPO) algorithm, while effective, faces a challenge
concerning the need for the frequent resampling of data in the environment for each
parameter update, leading to a slow update process. This requirement to sample extensive
data over extended periods is time-consuming and costly. To enhance training speed and
enable data reuse, a strategy involving resampling has been proposed to transition from
an on-policy to an off-policy approach. This method, outlined in Equation (12), aims to
streamline the learning process, thus addressing the inherent inefficiencies of the PPO
algorithm in certain tasks.

Ex∼p(x) f (x) = Ex∼q(x)

(
p(x)
q(x)

f (x)
)

(12)

where p(x) is the sampling function for xi but is unknown for p(x), and q(x) is the known
sampling function.

The PPO algorithm is designed to allow strategies to choose actions with a higher
“advantage”, i.e., a much higher cumulative reward than predicted by the evaluator. The
core purpose of the PPO algorithm is the improvement of the PG algorithm. PPO adds
an additional constraint to make pθ(at | st) and pθ′(at | st) similar during training, so that
the trained θ and θ′ are more similar. Proximal policy optimization (PPO) has two main
variants based on constraint methods: PPO-penalty and PPO-clip. PPO-penalty adjusts its
penalty value by monitoring the KL’s divergence, ensuring the new policy is not too far
from the old one. On the other hand, PPO-clip does not directly incorporate KL divergence
in the likelihood function but applies a clipping mechanism to the objective function.
This clipping limits the range of policy updates, contributing to PPO-clip’s effectiveness.
PPO-clip is often preferred over PPO-penalty for its superior performance and ease of
implementation. The optimization objective function of PPO-clip is designed to balance
exploration and exploitation efficiently.
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Jθk

PPO−clip(θ) ≈ ∑
(st ,at)

min
(

πθ(at | st)

πθk (at | st)
Aθk

(st, at), clip
(

πθ(at | st)

πθk (at | st)
, 1 − ε, 1 + ε

)
Aθk

(st, at)

)
(13)

where ε is the hyperparameter, which is usually set to 0.1 or 0.2.
The proximal policy optimization (PPO) algorithm incorporates both on-policy and off-

policy approaches. The key distinction lies in the alignment of the policy used for interacting
with the environment and the policy used for learning. In the off-policy approach, the
model’s strategy for action selection in the environment differs from the strategy used
during Q-value updates. The latter always chooses actions that maximize state benefits,
indicating a divergence between learning and sampling strategies. Conversely, the on-
policy approach denotes a scenario where the learning and sampling strategies are identical,
ensuring consistency between environmental interaction and policy learning.

The Actor network in the PPO algorithm learns the policy by taking the current state
as the input and producing the action probability distribution as the output. The training
process of the intelligent agent consists of the following steps: first, the Actor network
outputs the action probability distribution; second, the action is sampled from the action
probability distribution; third, the environmental state is obtained after executing the action;
and finally, the Actor network’s parameters are updated using the gradient ascent method.

ĝ = Êt
[∇θ log πθ(at | St)Ât

]
(14)

The Actor network loss is shown in Equation (15):

LPG(θ) = Êt
[
log πθ(at | St)Ât

]
(15)

where πθ is the stochastic strategy and Ât is the estimate of the dominant Êt function at
the t moment.

The Critic network’s function in the PPO algorithm is to compute v(st) and At, whose
current states are used as inputs to the algorithm, and the output of the algorithm is the
predicted state values. The Critic network updates the parameters of the network by
minimizing a loss function, which is shown in Equation (14) as follows:

LVF(θ) =
(

vθ(st)− vtarget
t

)2
(16)

where vθ(st) is the state value predicted by the Critic network, vtarget
t is the update target

obtained by the GAE algorithm, and vtarget
t is shown in Equation (17) as follows:

vtarget
t = vθ(st) + At = vθ(st) +

T

∑
l=t

(γλ)l−t+1δl−1 (17)

where δl−1 denotes the timing difference error.
The general PPO algorithm is not satisfactory at learning efficiency and convergence,

and it is difficult to adapt to the complex islanded microgrid load frequency control
environment. In this paper, a PPO algorithm based on knowledge aggregation is proposed.
The samples obtained from other controllers are input into the PPO network as a priori
knowledge information, aiming to reduce the training time and interactive data required
by the policy learning algorithm and, at the same time, improve the frequency regulation
performance and generalization.

3.2. Knowledge-Aggregation Methods and the KA-PPO Algorithm

In reinforcement learning, various kinds of prior knowledge can facilitate the agent’s
strategy learning and enhance the final quality of the strategy. However, the methods
for the integration and utilization of prior knowledge in reinforcement learning differ
depending on their forms of expression. Reinforcement learning relies on the sample data
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generated by the interaction between the agent and the environment. The agent explores the
environment and uses the obtained data to guide its strategy learning, which constitutes the
general learning process of reinforcement learning. In this process, enhancing exploration
will motivate the agent to try some uncertain actions, so as to gain a more comprehensive
understanding of the environment and the task and to prevent the policy from falling into a
local optimum prematurely. However, enhancing exploration will also reduce the learning
efficiency to some extent, and may incur unnecessary costs and computational resources
due to meaningless exploration. Enhancing data utilization will prompt the agent to focus
on actions that are likely to bring high cumulative returns, thus maximizing the use of
the available data samples and accelerating the convergence process of the policy. The
learning process is shown in Figure 2. Nevertheless, such a choice may cause the policy
learning to fall into local optima, affecting the final performance of decision-making tasks.
Therefore, how to balance the factors of exploration and exploitation according to different
task scenarios is an important challenge for reinforcement learning.

N st,a ,R ,st

θ ′

θ ′

θ

θ

at

 

Figure 2. Farmwork of KA-PPO algorithm.

Reinforcement learning with knowledge integration refers to the use of some prior or
external knowledge to guide or assist the agent’s learning in the process of reinforcement
learning, so as to improve the efficiency and performance of learning. This prior knowledge
can take various forms, such as the demonstrations of experts, the strategies of scripts,
the design of reward functions, and the division of state space. Prior knowledge can help
the agent to narrow the search space, reduce the exploration cost, avoid wrong behaviors,
accelerate convergence, adapt to changes in the environment, and so on.

Reinforcement learning with knowledge aggregation refers to a combination of imita-
tion learning and reinforcement learning. This type of algorithm stores expert examples in
the example replay area and co-trains the behavior policy model with state–action pairs
collected from the environment in a certain ratio, so that the agent can both absorb the
expert experience and explore the environment beyond the limitations of the expert’s
experience. The KA-PPO algorithm needs to optimize the TD-error, the loss of supervised
learning, and the L2 regular term at the same time, as shown in Equation (18).
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J(Q) = JDQ(Q) + λ1 JE(Q) + λ2 JL2(Q) (18)

Since the knowledge aggregation reinforcement learning is based on expert example
data, the learning efficiency of the agent is significantly improved and the interpretability
of the system is enhanced, which has received much attention in the industrial field.

The KA-PPO design employs imitation learning. Each knowledge aggregation module
consists of a controller and a distributor. During training, each integrator generates a rea-
sonable result based on its own controller and distributor, converts it to a sample, and adds
it to the experience pool. This enriches the public experience pool with valuable samples.

The controller in the knowledge aggregation module uses PI, PSO-PI, FOPI, PSO-tuned
fuzzy-PI, and fuzzy-PI algorithms. Due to the frequent occurrence of large disturbances,
the controller’s objective for the integrators is shown below.

minFC(t) =
∫ ∞

0
t(eACE

i (t))
2
dt (19)

The learning process of the KA-PPO algorithm is as follows: First, the information
obtained from the knowledge aggregation module is converted into samples according to
MDP and used as the a priori knowledge input to the experience pool. Next, the state of
the islanded microgrid is inputted to the PPO network, which consists of multiple fully-
connected layers. The PPO network then outputs the action distribution for the current
state, i.e., the probability of each possible action.

4. Case Studies

To verify the effectiveness of the proposed methodology, we establish an LFC model
for the Sansha isolated microgrid of the China Southern Power Grid, which contains both
multiple small and medium-sized distributed FM resources and conventional FM units (gas
turbines, diesel generators), based on actual data. In the case study, we include not only
the KDD-LFC based on the KA-PPO algorithm, but also three deep reinforcement learning
algorithm-based KDD-LFCs and three conventional algorithm-based LFCs. The algorithms
included for comparison are soft actor–critic (SAC) algorithm-based LFC [23], twin delayed
deep deterministic policy gradient (TD3)-based LFC [24], deep deterministic policy gradient
(DDPG)-based LFC [23], genetic algorithm fuzzy PI controller (GA-fuzzy-PI) [22], Takagi–
Sugeno fuzzy PI controller (TS-fuzzy-PI) [25], and GA optimized PI (GA-PI) [21]. We use
a computer with two CPUs with 2.10 GHz Intel Xeon Platinum processors and 16 GB of
memory to run the simulation models and procedures that we present in this paper. The
simulation software package that we employ is MATLAB/Simulink version 9.8.0 (R2020a).

4.1. Case 1: Step Disturbance and Renewable Disturbance

In Case 1, we add three large-scale load step perturbations and persistent stochastic
perturbations in PV and WT energy, with a total perturbation time of 7200 s.

As shown in Table 1, KA-PPO can reduce the deviation in frequency by 12.30–82.83%
and the generation cost by 0.0028–0.072% compared with other algorithms. The KDD-LFC
with deterministic optimal control policies learned from pre-training can be deployed for
online operation to achieve intelligent control of the power system. To simulate the load
surge that often occurs in power systems and evaluate the control performance of differ-
ent controllers, continuous step disturbances with amplitudes of 500 MW, 1000 MW, and
1500 MW (with an evaluation period of 7200 s) are applied as test signals and compared
with six other controllers that have also been pre-trained: the proportional–integral con-
troller (PI), proportional–integral–derivative (PID) controller, fuzzy controller (FC), neural
network controller (NN), deep deterministic policy gradient algorithm (DDPG), and dual
deep q network algorithm (DDQN). In this paper, we use the Knowledge-Aggregation-
based Proximal Policy Optimization (KA-PPO) algorithm as the main controller with the
following features.
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Table 1. Statistical results.

Control Algorithm
Average Frequency Deviation (HZ) Power Generation Cost (USD)

|Δf|avg Ctotal

KA-PPO 0.00431 2139.39
SAC 0.00484 2140.67
TD3 0.00493 2140.62

DDPG 0.00656 2139.94
GA-fuzzy-PI 0.00803 2140.94
TS-fuzzy-PI 0.00788 2139.45

GA-PI 0.00699 2139.78

Regarding the output accuracy of the action values, the KA-PPO controller enhances
the algorithm’s convergence speed and stability by using knowledge aggregation to increase
its prior knowledge and applying more prior knowledge to guide its learning process. This
algorithm stores expert examples in the replay buffer and samples them with state–action
pairs collected from the environment at a certain ratio to co-train the behavior policy
model. Thus, the agent can not only learn from the expert experience, but also explore the
environment and overcome the limitations of the expert’s experience, achieving a better
control effect. Other deep reinforcement learning algorithms lack this function and can only
obtain more samples for learning through trial and error. Such samples are not diverse,
which lowers the agent’s learning efficiency, and the algorithms are prone to fall into local
optima and struggle to adapt to complex environmental changes. Therefore, as shown in
Figure 3, the KA-PPO algorithm achieves a better frequency control effect, and its frequency
deviation does not exhibit large overshooting and oscillation, and it returns to stability after
only a small amount of overshooting. However, the other deep reinforcement learning
algorithms have difficulty in obtaining good performance due to their poor performance.
Their frequency deviation oscillates and overshoots, and this overshooting and oscillation
severely affect the algorithm’s power generation cost. Moreover, repeated adjustments
increase the power generation cost of the other deep reinforcement learning algorithms.

Figure 3. Frequency deviation.

Among other conventional control algorithms, fuzzy rule-based controllers can adap-
tively regulate the controller’s output and adjust and recover in time after the output
overshoots. However, since the fuzzy rules are manually formulated, their control accu-
racy is very low, which causes their frequency to oscillate still. Other optimization-based
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controllers lack adaptive tuning and thus suffer from different frequency fluctuations and
performance under different load perturbations, which severely impairs the frequency
control performance, resulting in frequency overshooting and difficulty in controlling it.

4.2. Case 2: Step Disturbance and Renewable Disturbance

This paper presents a smart distribution network model that addresses the challenge
of integrating new and distributed energy sources into the grid on a large scale, while
maintaining the stability of large grid systems. The proposed model integrates a diverse
array of alternative energy sources, including wind power, small-scale hydroelectric sys-
tems, micro gas turbines, fuel cells, solar power, and biomass energy. This multifaceted
approach to energy generation leverages the unique benefits of each source, aiming to
enhance efficiency, reduce environmental impact, and promote sustainability. By diver-
sifying the energy portfolio, the model addresses the growing demand for clean energy
solutions and mitigates reliance on traditional fossil fuels. This paper investigates the
control performance of KA-PPO in a highly stochastic environment based on this model.
Due to the high uncertainty in the output of electric vehicles and wind and solar energy,
they are treated as stochastic load disturbances in this paper and are excluded from control.
This paper employs finite bandwidth white noise to simulate random wind speeds as an
input to the wind turbine and obtain its output. Similarly, this paper uses the simulated
variation in solar irradiance throughout the day to obtain the output of the solar power
generation model.

Our objective is to investigate how the power system can handle the stochastic fluctu-
ations in load when a large number of new energy sources are integrated into the grid. For
this purpose, we introduce random white noise as a load disturbance in the smart distribu-
tion network model to evaluate the control effect of the KA-PPO strategy in this complex
environment. The KA-PPO algorithm can deal with the random disturbances effectively
and produce accurate tracking results. Table 2 presents the statistics of the simulation
experiment, where the generation cost indicates the total regulation cost of all generating
units in 24 h. The distribution network data reveal that the deviation in frequency of the
other algorithms is 11.61–80.64% higher than that of the KA-PPO algorithm, while the
generation cost of the KA-PPO algorithm is reduced by 0.067–0.085%. The analysis of
control performance metrics demonstrates that the KA-PPO algorithm surpasses other
intelligent algorithms in terms of economy, adaptability, and coordinated optimal control
performance. We also performed experimental verification of various disturbances such
as step waves, square waves, and random waves. The experimental results indicate that
KA-PPO has strong convergence ability and high-speed learning efficiency. Particularly
in random environments, it exhibits excellent adaptability. It not only mitigates random
disturbances, but also improves the dynamic control performance in the interconnected
grid environment. Under the control of the total power command, the complementary
and synergistic optimal operation of multiple energy sources is accomplished in each
time period.

Table 2. Data of Case 2.

Control Algorithms
Average Frequency Error (Hz) Generation Cost (USD)

|Δf|avg Ctotal

KA-PPO 0.0155 5668.61
SAC 0.0173 5672.65
TD3 0.0195 5672.09

DDPG 0.0242 5670.70
GA-fuzzy-PI 0.0273 5670.95
TS-fuzzy-PI 0.0268 5669.10

GA-PI 0.0280 5669.50
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4.3. Case 3: Large-Scale Renewable Disturbance

In this study, Case 3 is introduced, incorporating large-scale renewable energy distur-
bances, to rigorously evaluate the robustness of the proposed algorithm. This addition aims
to simulate realistic conditions under which the algorithm’s performance can be assessed
against significant fluctuations in renewable energy output, reflecting scenarios such as
sudden changes in wind speed or solar irradiance. Through this strategic inclusion, the
research endeavors to provide a comprehensive analysis of the algorithm’s capability to
maintain stability and efficiency in the face of dynamic and unpredictable renewable energy
patterns. This approach not only enhances the validity of the algorithm’s application in
real-world settings but also substantiates its resilience and adaptability to accommodate
the inherent variability in renewable energy sources, thereby contributing valuable insights
into its potential for optimizing energy distribution and grid stability.

This study aims to explore the capacity of the power system to manage stochastic load
fluctuations as a consequence of integrating a substantial number of novel energy sources
into the electrical grid. To achieve this, we have introduced random white noise to act
as a load disturbance within the smart distribution network model. This methodology is
deployed to assess the efficacy of the KA-PPO strategy under such complex conditions. The
KA-PPO algorithm demonstrates a proficient capability in addressing random disturbances,
delivering precise tracking outcomes. The simulation experiment’s results are summarized
in Table 3, showcasing the total regulation costs incurred by all generating units over a
24 h period as a measure of generation cost. Data on the distribution network elucidate
that the deviation in frequency with other algorithms is 17.11–87.22% higher than that
achieved using the KA-PPO algorithm. Simultaneously, the generation cost associated
with the KA-PPO algorithm shows a reduction of 0.066–0.083%. This critical analysis of
control performance metrics highlights the KA-PPO algorithm’s superiority over other
intelligent algorithms in delivering economic efficiency, adaptability, and coordinated
optimal control performance.

Table 3. Data of Case 3.

Control Algorithms
Average Frequency Error (Hz) Generation Cost (USD)

|Δf|avg Ctotal

KA-PPO 0.011686 8246.813
SAC 0.012364 8252.201
TD3 0.012858 8251.709

DDPG 0.014776 8249.376
GA-fuzzy-PI 0.016278 8251.551
TS-fuzzy-PI 0.016088 8247.276

GA-PI 0.015794 8248.216

Further experimental validation was conducted to assess the algorithm’s response to
various disturbances, including step waves, square waves, and random waves. These exper-
imental findings underscore the KA-PPO’s robust convergence capabilities and expedited
learning efficiency, which is particularly pronounced in environments characterized by
randomness. The algorithm’s exceptional adaptability is not only pivotal in counteracting
random disturbances but also in enhancing the dynamic control performance within the
interconnected grid. The KA-PPO algorithm facilitates the complementary and synergistic
optimal operation of multiple energy sources across different time intervals, under the
directive of total power command. This orchestration underscores the potential of the KA-
PPO algorithm to significantly contribute to the stability and efficiency of power systems
amidst the increasing integration of renewable energy sources.

5. Conclusions

This manuscript delineates several significant contributions to the realm of microgrid
management and optimization. Initially, it introduces the Knowledge-Driven Deep Learn-
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ing for Load Frequency Control (KDD-LFC) methodology. This sophisticated approach
amalgamates prior knowledge models with advanced deep neural network architectures to
facilitate adaptive control and achieve multi-objective optimization within microgrid sys-
tems. The incorporation of established knowledge into deep learning frameworks allows
for a more nuanced and effective control strategy, catering to the dynamic and complex
nature of microgrid operations.

Furthermore, the study pioneers a cutting-edge algorithm designated as Knowledge-
Augmented Proximal Policy Optimization (KA-PPO). This algorithm ingeniously integrates
conventional methodologies to harvest prior knowledge as a form of experiential data,
which is subsequently assimilated into the experience pool. Utilizing this enriched dataset,
KA-PPO employs an end-to-end policy optimization technique to intricately learn the
state representation and behavioral strategies pertinent to microgrid management. This
dual-phase approach not only capitalizes on the strengths of traditional and deep learning
methodologies but also enhances the algorithm’s capability to navigate and optimize the
multifaceted microgrid environment.

Empirical validation of the proposed KDD-LFC method and KA-PPO algorithm is
conducted through rigorous simulation experiments. These experiments utilize the load
frequency control (LFC) model of the Sansha isolated microgrid, operated by the China
Southern Power Grid. The outcomes of these simulations unequivocally demonstrate the
superiority and efficacy of the proposed solutions. When benchmarked against a suite of
prevalent deep reinforcement learning algorithms (such as soft actor–critic (SAC), twin
delayed dDPG (TD3), and deep deterministic policy gradient (DDPG)) and conventional
control strategies (including genetic algorithm-enhanced fuzzy-PI (GA-fuzzy-PI), Takagi–
Sugeno (TS) fuzzy-PI, and GA-PI algorithms), KA-PPO exhibits remarkable performance
in minimizing deviations in frequency and reducing generation costs.

Looking ahead, the trajectory of future work is set to pivot towards the practical
application and real-world implementation of the proposed algorithm. This endeavor
will aim to transcend theoretical validation and simulation experiments, focusing on the
deployment and operational efficacy of KA-PPO within live microgrid environments.
Such applied research will not only underscore the practical viability of the algorithm
but also contribute to its refinement and optimization for broader utility in the field of
microgrid management.
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Abstract: With the increasing expansion of power systems, there is a growing trend towards active
distribution networks for decentralized power generation and energy management. However, the
instability of distributed renewable energy introduces complexity to power system operation. The
active symmetry and balance of power systems are becoming increasingly important. This paper
focuses on the characteristics of distributed resources and under-frequency load shedding, and a
coordinated operation and control strategy based on the rapid adjustment of energy storage power
is proposed. The characteristics of various controllable resources are analyzed to explore the rapid
response capabilities of energy storage. The energy storage types are categorized based on the
support time, and the final decision is achieved with power allocation and adjustment control of the
energy storage system. Additionally, a comprehensive control strategy for under-frequency load
shedding and hierarchical systems is provided for scenarios with insufficient active support. The
feasibility of the proposed model and methods is verified via a multi-energy system case.

Keywords: active power balance; active power symmetry; coordinated control; flexible resource;
frequency stability; under-frequency load shedding

1. Introduction

Active symmetry and balance refer to the active power balance of a power system
between the supply and demand sides [1]. With the rapid development of distributed
renewable energy, active distribution networks have become a trend in the evolution of
power systems [2]. However, the uncertainty and volatility of distributed renewable energy
make the operation of power systems more complex and unstable [3,4]. Concurrently, with
the integration of clean energy and distributed controllable loads, the inertia resources and
regulation capabilities in the power system are weakened, resulting in a decrease in the
system’s frequency response capability and an increased risk of frequency decline [5,6].
Hierarchical coordinated control of controllable resources is crucial for achieving the stable
operation and decarbonization of high-penetration renewable energy grids [7]. Research on
decentralized resource active support and automatic load-shedding coordination control
methods in response to the risk of frequency decline holds significant importance [8,9].

Distributed generation, energy storage systems, controllable loads, and other decen-
tralized resources have distinct characteristics and control capabilities [10,11]. They provide
frequency support measures to the power system, effectively reducing the risk of frequency
decline and enhancing the stability and reliability of the power system [12,13]. Meanwhile,
different types of controllable resources exhibit varying response speeds and control capa-
bilities. The energy storage system has the advantage of flexible output control [14,15]. It is
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both a key part of the energy Internet and a key support for dealing with large-scale renew-
able energy grid integration problems and increasing the economy and reliability of the
power grid [16,17]. Based on this, the study investigates a hierarchical coordinated control
approach for controllable resources in the context of active distribution networks [18,19].
It fully utilizes controllable resources to enhance the flexibility and response speed of the
power system [20,21].

Coordination control primarily involves the coordinated control of distributed energy
resources, energy storage, loads, and under-frequency load shedding within microgrids.
Its essence lies in considering the output characteristics of different types of resources,
coordinating output control to achieve power balance. Ref. [22] proposes the use of constant
power and constant voltage–frequency control strategies. Ref. [23] achieves coordinated
control of the microgrid by monitoring the operating state of the microgrid side and the
main power grid through upper-level central control. Ref. [24] sets distributed energy
source units in maximum power tracking mode, engages energy storage units in peak
shaving during load peaks, and charges them at a constant power to the upper limit of the
state of charge during non-peak periods. While various energy source units are coordinated
to fully leverage their respective advantages, they can also flexibly coordinate with under-
frequency load shedding. Ref. [25] optimizes the allocation of automatic generation control
(AGC) commands based on the prediction of perturbation signals as well as information
about the state of charge (SOC) of energy storage in combination with a grid adaptive
search algorithm on the basis of subdividing the continuous control period. Ref. [26] takes
flywheel energy storage as the research object and ensures that the remaining capacity is
always in the optimal output state while considering its SOC recovery. Ref. [27] proposes
control strategies for two cases of adaptive frequency regulation and self-restoration of
charge state for energy storage to realize the coordination between battery storage and
thermal power units under the premise of energy storage battery charge state management.

There are many studies on load-shedding emergency control systems. However,
separate emergency control tends to over-cut or under-cut phenomena triggering negative
effects. Additionally, the current coordination control framework often directs energy
storage systems to maintain maximum power output during emergency situations. If the
storage SOC is insufficient, it would be difficult for its output power to reach the desired
value. This is equivalent to a new power deficit under an emergency situation. At this time,
it is difficult to maintain the stability of the system with the coordination system of energy
storage and load shedding. Therefore, this paper proposes a coordinated control strategy
based on the flexible output of energy storage. Based on the flexible output characteristics
of the energy storage unit, the fluctuation of renewable energy is suppressed, and the means
of low-frequency load shedding is combined to accomplish the coordinated control of the
system as a whole. The main contribution of this paper has three main aspects. Firstly, an
energy storage output control measure based on different SOC states is designed to provide
leaner control of energy storage in the face of different demands. Secondly, a mathematical
model of load slicing based on differential evolutionary algorithm is proposed to compress
the amount of load slicing under the premise of satisfying the power balance. Thirdly,
a complete coordinated control framework is proposed, which takes into account the
characteristics of multiple flexible resources, achieves the minimum fluctuation curve in
the steady state, and cooperates with the load shedding to complete the emergency control
in the emergency state.

The rest of this paper is organized as follows. Section 2.1 considers the characteristics
of the different types of controllable resources involved in the frequency response. Addi-
tionally, the energy storage control strategies with emergency load-shedding optimization
models for different SOC states are presented in Section 2.2. Section 2.3 presents the hierar-
chical coordinated control approach for systems containing multiple types of controllable
resources. The case study is carried out in Section 3. Finally, conclusions and discussion are
drawn in Section 4.
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2. Materials and Methods

2.1. Controllable Resources Participating in Frequency Response
2.1.1. Inertia Analysis

First, the difference between the synchronous generator in traditional thermal power
unit and frequency regulation capabilities of energy storage was analyzed. The total inertia
of the generator and prime mover in traditional thermal power units accelerates through the
imbalance of applied torque, and the motion equation and inertia expression are expressed
by (1) and (2):

J
dω

dt
= Tm − Tc (1)

J =
∫

r2dm (2)

where J is the moment of inertia, ω is the rotor angular velocity, r is the rotational radius,
and m is the mass of the rigid body.

The inertia time constant of the synchronous machine is defined as the ratio of the
rotor kinetic energy to the rated capacity under the unit’s rated speed operation, which is
expressed by (3).

H =
EK
SB

=
Jω2

n
2SB

(3)

From Equations (1)–(3), it can be observed that the synchronous machine inertia J is
related to the generator rotor mass m. The inertia of each generator’s synchronous machine
is fixed and cannot be changed. Synchronous machines can only provide inertia during
operation, meaning inertia is provided only when the system is in operation. The inertia
value remains fixed and unchangeable, resulting in a discrete characteristic of system
inertia due to start–stop states, as shown in Table 1.

Table 1. Comparison between synchronous inertia and virtual inertia.

Aspect Synchronous Machine Inertia Energy Storage Virtual Inertia

Inertia Continuity Fixed and discrete Continuous and designable
Inertial Response Time Instantaneous action Some inherent delay

Source of Response Energy Mechanical energy from synchronous machines Electrical energy from energy storage

Due to the power shortage causing a decline in system frequency, energy storage em-
ploys droop control to mimic the output characteristics of synchronous machines. When the
grid frequency deviates from the rated frequency, the energy storage output is determined
based on the difference between the measured frequency and the reference frequency. The
mathematical expression for the increase in energy storage output, ΔPESS1, is expressed
by (4):

ΔPESS1 = −KepΔ f (4)

where Kep is the proportionality control coefficient set for the energy storage system.
In addition to droop control, energy storage enhances inertial response capability

through additional virtual inertia control, adjusting the active power output to mitigate the
system’s power imbalance. In this case, the increase in active power output from energy
storage, ΔPESS2, can be expressed as (5):

ΔPESS2 = −Ked
dΔ f
dt

(5)

where Ked is the virtual inertia control coefficient set for the energy storage system.
The virtual inertia capability of energy storage is related to the coefficient and time

constant size and is a designable parameter, thus exhibiting a continuity different from
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synchronous machine inertia. In summary, the comparison between synchronous machine
inertia and virtual inertia is shown in Table 1.

2.1.2. Comparison of Frequency Regulation Capability

To maintain system frequency stability, synchronous generators need to reserve net
space for frequency regulation backup. Refs. [28,29] indicate that thermal power units
require less than 3 s. In addition to the action delay, the complete response time for
synchronous machine frequency regulation is about 10 to 20 s [30,31], no longer able to
meet the frequency regulation requirements of current low-inertia systems.

Compared to synchronous generators, energy storage exhibits faster regulation speed,
and its output is theoretically adjustable across the full power range, albeit typically with
certain amplitude limitations. During the frequency response process, energy storage de-
vices also experience some delay. The comparison of their frequency regulation capabilities
is illustrated in Figure 1. T1 and T2 are the times used to increase the output of the storage
unit and the thermal unit, respectively; Tdel1 and Tdel2 are the control delays of the storage
unit and the thermal unit, respectively.

P  

P  

T  T  
T  T  

Figure 1. Comparison of frequency regulation capability between energy storage units and thermal
power units.

According to [32], energy storage can output active power to the grid within 140 ms
after triggering, and the UK specifies that the response delay of energy storage under
significant disturbances is generally not more than 0.5 s. Following the triggering action,
the complete response time of energy storage does not exceed 2 s [33]. Therefore, energy
storage possesses a rapid frequency regulation characteristic, enabling it to provide stable
and swift support in low-inertia systems. A comparison of the frequency regulation-related
characteristics between synchronous generators and energy storage is presented in Table 2.

Table 2. Comparison of synchronous machines and energy storage frequency regulation capabilities.

Aspect Synchronous Machine Frequency Regulation Energy Storage Frequency Regulation

Response Delay Not more than 3 s Not more than 0.5 s
Complete Response Time 10~20 s Not more than 2 s

Output Power Coupling Mechanical energy from synchronous machines
should not exceed governor response limits

Theoretically full power range
adjustment, generally with certain limits

Based on the aforementioned characteristic analysis, the proposed controllable re-
source hierarchical coordinated control strategy in this study utilizes energy storage as the
primary support for rapid power adjustment, supplemented by thermal power support,
and derives relevant constraints.
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2.1.3. Emergency Load Shedding Based on the Differential Evolution Algorithm

In emergency conditions, when other emergency control resources act rapidly but can-
not prevent a rapid frequency decline, load-shedding measures are needed for emergency
power support in the system [34].

With the objective of minimizing the cost of load shedding, the cost factor of the load
is set as a function that increases with the load-shedding ratio. The final objective function
for emergency load shedding is expressed as (6):⎧⎪⎨⎪⎩ minF =

NL
∑

j=1
cjρjPLj ,0

cj = ϕ(ρj) = kjρj + bj

(6)

where F is the total cost of load shedding; NL is the number of load-shedding stations; cj is
the load-shedding cost factor for each station; ϕ is the function representing the variation
of the cost factor with the load-shedding ratio, approximating the cost factor as a linear
function; kj is the growth coefficient of the cost factor; bj is the base cost factor; pj is the
shedding ratio; and PLj,0 is the active load of the shedding station at steady state before
direct current (DC) blocking.

The research on the emergency load-shedding model is relatively mature, and its
constraint conditions can be summarized by (7):⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

η f ≥ ζ f
ηv ≥ ξv
ηI ≤ ζ I
ηδ ≤ ξδ

0 ≤ ρj ≤ ρj,max

(7)

where ηf, ηv, ηI, and ηδ are transient frequency, voltage security index, line current security
index, and rotor angle security index; ξf, ξv, ξI, and ξδ are the set limits for transient
frequency, voltage, current, and rotor angle constraints; and ρj,max is the maximum load-
shedding ratio.

The differential evolution algorithm (DE) is more suitable for real-valued optimiza-
tion problems. The main operations of the DE algorithm include the generation of the
initial population, mutation, crossover, and selection, with the main parameters being the
population size N, evolution generation T, mutation factor K, and crossover factor C. The
optimization process is described as follows.

Generate a population randomly within the range of control variables, as shown in (8):

X0 = {x1, x2, x3, · · · , xN}
xi = (xi,1, xi,2, xi,3, · · · xi,L), xi,j ∈ [0, ρj,max]

(8)

where N is the number of individuals within the population, L is the number of genes, i.e.,
the number of cut-loading control variables, and each individual x within the population
corresponds to a cut-loading scheme.

In the mutation stage, the parent individuals generate mutated individuals through a
mutation strategy, as shown in (9):

vg+1
i = xg

r1 + K(xg
r2 − xg

r3) (9)

where g is the current generation; i, r1, r2, and r3 are distinct random integers within
the [1, N] interval; vi is the generated mutated individual; and K is the mutation factor.
Equation (9) is commonly referred to as random mutation, and another faster converging
optimal mutation method is expressed by (10):

vg+1
i = xg

best + K(xg
r1 − xg

r2) (10)
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where xg
best is the optimal individual of the g-th generation population.

The crossover operation involves pairwise crossover between the generated mutated
individuals and the parent individuals, as shown in (11):

ug+1
i,j =

{
vg+1, if randj ≤ CR or j = rand(j)

xg, otherwise
(11)

where CR is the crossover factor, ranging between [0, 1]; ui is the individual after crossover;
randj is a random number within [0, 1]; and rand(j) is a random integer between 1 and L,
ensuring that at least one control variable is updated.

The selection operation involves pairwise comparison between the individuals gener-
ated after crossover and the parent individuals. The more optimal individual is selected to
proceed to the next generation of evolution, as shown in (12):

xg+1
i =

{
ug+1

i , i f f (ug+1
i ) ≤ f (xg

i )
xg

i , otherwise
(12)

where f is the individual evaluation function, i.e., the final established objective function
for emergency load-shedding Equation (6).

2.2. Considering Different Operating States of Energy Storage Control Strategies
2.2.1. Energy Output Control Strategies

Currently, commonly used methods for energy storage participating in power system
frequency control include virtual inertia control and virtual droop control. Both control
methods simulate the role played by traditional generators in the grid. In the event of a
sudden change in system frequency, increasing system inertia and adjusting active power
in proportion to frequency deviation can achieve the goal of frequency control. The energy
storage unit adopts constant-power double-loop control, which achieves the effect of
quickly adjusting the charging and discharging power by adjusting the reference value.
The two controls with transfer functions are shown in Figure 2.
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Figure 2. The control scheme diagram of energy storage: (a) Virtual droop control; (b) PQ double-
loop control.

The transfer functions of traditional frequency control units’ active power output
ΔPG(s) in relation to frequency deviation Δf (s), energy storage system’s active power
output ΔPb(s) in relation to frequency deviation Δf (s), and the disturbance of load ΔPL(s),
ΔPG(s), ΔPb(s), Δf (s) are expressed by (13).⎧⎪⎨⎪⎩

ΔPG(s) = −KgGen(s)Ggov(s)Δ f (s)
ΔPb(s) = −KbGb(s)Δ f (s)
Δ f (s) = ΔPG(s)+ΔPb(s)−ΔPL(s)

Ms+D

(13)

The relationship between load and frequency fluctuations can be summarized as (14).

Δ f (s) =
−ΔPL(s)

Ms + D + KbGb(s) + KgGen(s)Ggov(s)
(14)
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In the novel power system with coordinated control of multiple resources, the ad-
vantage of rapid charging and discharging of energy storage is utilized to mitigate the
fluctuations of wind and photovoltaic fields, as shown in (15):

Pess = Pre f − Pw − PPV (15)

where Pref is the expected grid-connected power of the renewable energy generation system,
and Pw and PPV are the uncontrollable original power of the wind and photovoltaic fields.
When Pref > Pw + PPV, the energy storage system releases its stored energy to make up the
difference between them. When Pref < Pw + PPV, the energy storage system absorbs excess
power. The principle is illustrated in Figure 3.

Figure 3. The schematic diagram of minimum output fluctuation based on energy storage.

With the increasing proportion of renewable energy, the system’s inertia level de-
creases, and there is a higher probability of major power deficits or faults such as DC
blocking. In the face of a rapid decline in frequency during major fault events, it is neces-
sary for energy storage to transition to operating modes that rapidly increase output for
power support.

In emergency situations, it is common practice to immediately adjust energy storage to
its maximum output for power support. While this control strategy supports the system’s
power deficit in milliseconds, it does not consider the state of each energy storage unit. This
oversight can lead to a decrease in power due to insufficient SOC after the unit’s action,
resulting in new power deficits and worsening the system’s frequency stability.

To address this issue, we propose a classification control strategy for energy storage
under emergency conditions, categorizing energy storage into four classes based on its
state, as illustrated in Figure 4.

Figure 4. The classification of energy storage based on different discharge times.

28



Symmetry 2024, 16, 479

First, set the indices for the shortest discharge time (Tmin) and remaining discharge
time (Tsy). The shortest discharge time (Tmin) represents the minimum time required
for energy storage to provide power support in emergency situations. The remaining
discharge time (Tsy) indicates the sustainable time that energy storage can output power at
the maximum rate.

In emergency situations, grid operators are more concerned about the supporting
power and supporting time of the units, hence the establishment of two indicators, Tmin and
Tsy. Under this setup, for an energy storage unit corresponding to the shortest discharge
time tmin, SOCmin is shown in Equation (16):

SOCmin =
Pdis,ttmin

ηdus
(16)

where Pdis,t is the unit output required by the operator and ηdus is the discharge efficiency
of energy storage. Similarly, corresponding to the remaining discharge time tsy, SOCsy is
shown in Equation (17).

SOCsy =
Pdis,ttsy

ηdus
(17)

Different degrees of power deficits require energy storage units to provide varying
levels of output support. Under different conditions, even for the same energy storage unit
at the same SOC state, the corresponding Tmin and Tsy may vary.

If the energy storage capacity is sufficient, and the Tsy is longer than Tmin, it falls into
the first category of energy storage. If the Tsy is shorter than Tmin, indicating insufficient
SOC, and the system is in a charging state, it is categorized as the second type of energy
storage. If the system is in a standby or discharge state and the SOC is too low to provide
power support, it falls into the fourth category of energy storage, and charging or discharg-
ing is stopped. Otherwise, it is categorized as the third type of energy storage, providing
power support by reducing output.

For the first type of energy storage, discharge at the maximum output to support the
power deficit is required by the system within a specified time, as is shown in (18):

Pdis,1(t) =
SOC(t − 1)− Smin

Δt
ηdus (18)

where Pdis,1(t) is the output power of the first type of energy storage, SOC(t − 1) is the
remaining energy at time t − 1, and Smin is the minimum remaining charge allowed when
energy storage outputs at the current power.

For the second type of energy storage, when it is in the charging state, it is considered
as a load. It should immediately switch to standby mode to reduce power demand, and
based on its SOC, it transitions to the third or fourth type of energy storage.

For the third type of energy storage, the power output should be reduced to support
until the shortest discharge time. Equation (19) designs the attenuation coefficient based on
the SOC state and power support requirements to derive the output power:

Pdis,3(t) = Pdis,1

√
SOC(t − 1)− SOChigh

SOCmax − SOChigh
= λPdis,1 (19)

where Pdis,3(t) is the output power of the third type of energy storage, SOChigh is the
minimum charge corresponding to the allowable power support of energy storage, SOCmax
is the maximum charge of energy storage, and λ is the attenuation coefficient.

In summary, the energy storage control strategy is illustrated in Figure 5.
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2.2.2. Adaptive Constraint Handling in Under-Frequency Load Shedding
Optimization Strategy

The optimal solution to the emergency load-shedding optimization problem lies on
the boundary of the feasible region. Evaluating individuals based on feasibility rules
may overlook some better individuals near the boundary, hindering the discovery of
optimal solutions.

dus

P t
SOC t S

t
η

=
− −

P

SOC t SOC
P

SOC SOC
−

−

=

−

 

Figure 5. The control strategies for different states of energy storage.

By adopting the ε-adaptive constraint-handling method, we consider superior but
infeasible solutions in the optimization process, building upon the feasibility rules. Let
xi and xj be two individuals under consideration, with xi > xj indicating that xi is superior
to xj. Setting ε as the threshold for constraint violation, the specific comparison criteria are
as follows:

Criterion 1: If both solutions meet the constraint requirements, select the one with
lower control cost, as shown in (20).

xi > xj ⇔ F(xi) ≤ F(xj) (20)

Criterion 2: If one solution satisfies the constraints while the other does not, first
calculate the constraint violation degree G(x) for each solution. If the constraint violation
degree is less than ε, choose the load-shedding plan with lower control cost. If the violation
degree exceeds ε, select the solution that satisfies the constraint requirements according
to (21).

xi > xj ⇔
{

G(xi) < ε, G(xj) = 0, F(xi) ≤ F(xj)
G(xi) = 0, G(xj) > ε

(21)

The degree of violation of the constraint is defined as (22):

G(x) = ∑
Δg
gξ

(22)

where Δg is the constraint violation value of the cut-load scheme and gζ is the constraint
limit value.
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Criterion 3: If both solutions fail to satisfy the constraints, and the constraint violation
degrees for both are less than ε, choose the individual with lower cost. In other cases, select
the individual with a smaller constraint violation degree, as shown in (23).

x1 > x2 ⇔
⎧⎨⎩

G(x1) ≤ ε, G(x2) ≤ ε, F(x1) ≤ F(x2)
G(x1) ≤ ε, G(x2) > ε
ε < G(x1) < G(x2)

(23)

Compared to the feasibility rule, criteria 2 and 3 retain the load-shedding plans with
small constraint violation degrees and low control costs, thereby increasing the exploration
of the feasible domain boundaries. ε is adaptively adjusted based on the overall violation
of constraints, incorporating infeasible individuals in the early stages and setting ε to 0 in
the later stages of evolution, as shown in (24):

E(t) =
{ E(0)e−αt/Te , t ≤ Te

0, t > Te
(24)

where α is the decreasing coefficient and Te is the truncation algebra, which is transformed
to the feasibility law when taking 0.

In summary, the load-shedding optimization process based on the improved differen-
tial evolution algorithm is outlined as follows:

(1) Generate a large number of load-shedding plans randomly within the [0, ρmax] space,
serving as the initial set S.

(2) Filter samples that satisfy frequency constraints. Utilize a uniform removal approach
to explore and determine approximate lower (Plow) and upper (Pup) limits of load-
shedding amounts. Choose plans in S that meet Plow < Pup to compose the sample
set Sf.

(3) Filter samples that satisfy current or voltage constraints. Calculate the sensitivity of
all load-shedding stations and identify the station Ls with the maximum sensitivity.
Explore and determine its approximate lower limit with the maximum sensitivity.
Explore and determine its approximate lower limit (Plow,L). Choose plans in the
sample set Sf that meet the requirements to form the sample set S1.

(4) Randomly select N plans from S1 to form the initial population X0.

The diagram of adaptive constraint handling in under-frequency load-shedding opti-
mization strategy is shown in Figure 6.

2.3. Hierarchical Coordinated Control Method for Systems with a High Proportion of Renewable
Energy Sources

After the large-scale integration of renewable energy sources into the power grid, it is
necessary to conduct research on the hierarchical coordinated control of various controllable
resources for more intelligent control. The goal is to fully leverage the advantages of
different types of resources. During normal operation, when a certain type of resource is
affected, other resources can quickly coordinate and complement, thereby improving the
economic efficiency and reliability of the power system.

Compared to traditional systems, the coordinated control problem in multi-energy
systems exhibits complex nonlinear characteristics. To fully utilize the power support
from thermal power generators and the flexibility of energy storage systems, a coordinated
control scheme is proposed. This scheme divides the system into two hierarchical levels,
each containing different energy resources.

Figure 7 illustrates the coordinated control block diagram after the introduction of
load shedding. In each unit, wind and photovoltaic units, unable to support reactive power,
adopt fixed DC voltage and reactive power control to maintain zero reactive power output.
Active power support is adjusted based on the daily wind and solar conditions.
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Figure 6. The diagram of adaptive constraint handling in under-frequency load-shedding optimiza-
tion strategy.

Figure 7. The hierarchical coordinated control system framework for systems with a high proportion
of renewable energy sources.
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Currently, widely used wind and photovoltaic generation models are expressed by
(25) and (26) [35]:

Ppv = PSTC
GC

GSTC
[1 + k(TC − TSTC)] (25)

PW(t) =

⎧⎪⎨⎪⎩
0, v(t) ≤ vin, v(t) ≥ vout

Pr
ν(t)−vin
vr−vm

, vin ≤ v(t) ≤ vr

Pr, vr ≤ ν(t) ≤ vout

(26)

where PPV is the actual output power of the photovoltaic panels; k is the power temperature
coefficient, commonly set to −0.3%/◦C [36]; GC and TC denote real-time solar radiation
intensity and surface temperature of the photovoltaic modules, respectively; PW(t) is the
actual output power of the wind turbine at time t; vr is the rated wind speed; vin and
vout are the cut-in and cut-out wind speeds of the wind turbine, respectively; and Pr is the
rated power of the wind turbine.

The core of the upper-level model is to determine the wind and solar output. The
energy storage unit adopts constant-power dual-loop control to achieve rapid adjustment
of charging and discharging power by adjusting reference values. Under steady-state con-
ditions, the rapid response capability of energy storage is utilized to follow the fluctuations
of wind, solar, and load, with the goal of optimizing the output of the wind–solar–storage
integrated system to minimize net load fluctuations. Based on this, the output of the energy
storage unit is set to (27):

PBESS = Pess = Pre f − Pw − PPV (27)

where Pess is the power deviation value, Pref is the expected grid-connected power of the
renewable energy unit system, and Pw and PPV are the uncontrollable original power of the
wind and photovoltaic fields. When Pref > Pw + PPV, indicating insufficient output from
the renewable energy unit, PBESS takes a positive value, representing discharging power,
releasing stored energy to compensate for the gap between them. When Pref < Pw + PPV,
indicating excess output from the renewable energy unit, PBESS takes a negative value,
representing charging power, absorbing the surplus power.

The lower-level system is primarily responsible for the power support of thermal
power and energy storage units. Under steady-state conditions, it provides output support
for thermal power units based on the equivalent load curve transmitted from the upper-
level system. The output of participating controlled thermal power units is determined,
yielding the final results.

In emergency situations, the power deficit is determined based on frequency re-
sponse. Utilizing the emergency output control strategy of energy storage under different
classifications as described in Section 2.2.1, the output of the energy storage system is
determined. This involves a rapid response to adjust charging and discharging power to
achieve successful power support, serving the purpose of swiftly providing power assis-
tance. Thermal power, constrained by its response time, participates in primary frequency
control power restoration.

If, after reaching maximum output from the energy storage system, a significant
power deficit persists, load shedding is implemented. Simultaneously, the output of the
energy storage is adjusted, allowing the system to continue stabilizing. The amount of load
shedding is expressed by (28):

ΔPsho.real(t) =
n

∑
t=1

[
PL(t)− PG(t)− Pp,w(t)− PBESS(t)

]
(28)
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where PL(t), PG(t), Pp,w(t), and PBESS(t) are the power at time t for load, thermal power,
renewable energy, and the energy storage system, respectively. The power supported by
the energy storage is expressed by (29):

PBESS(t) = Pdis,1(t) + Pdis,3(t) (29)

where Pdis,1(t) and Pdis,3(t) are the output of the energy storage units for the first and
third categories.

The system proposed coordinates control based on the flexible output of energy
storage. The performance is closely related to the SOC of the energy storage. Using the
emergency load-shedding amount to measure the performance of the system, let the index
be denoted as D, which can be expressed as (30):

D = ΔPsho.real(t)
ΔPmax

=
ΔPe−Pdis,1(t)−Pdis,3(t)

ΔPmax

==
ΔPe−(1+λ)

SOC(t−1)−Smin
Δt

ΔPmax
ηdus

(30)

where ΔPmax is the maximum load-shedding capacity, ΔPe is the power deficit of the
entire system excluding energy storage units, and λ is the attenuation coefficient. It can
be observed that as the SOC decreases, the value of D increases. When D is negative,
the system quickly adjusts output through energy storage to achieve stability control
without the need for load shedding, thus maintaining system stability. When D is a positive
number less than 1, the system initiates emergency load shedding for coordinated control
to achieve stability. When D is greater than 1, indicating that the power deficit exceeds the
maximum load-shedding capacity and SOC is too low to support stable control, the system
becomes unstable.

3. Case Studies

3.1. Introduction to the Algorithm

To validate the proposed strategy, a simulation model is constructed as illustrated in
Figure 8, where L1 and L2 represent active loads, and the distribution network operates
at a voltage of 10 kV and a frequency of 50 Hz, consisting of wind, solar, storage, and
synchronous generator units.

L L

Figure 8. The structural diagrams with multiple types of energy systems.

Multiple scenarios were set up for comparative analysis to validate the effectiveness
of the proposed method.

Scenario 1: Load surge. Set load 2 to increase by 600 kW at 4 s into the simulation.
Scenario 2: Illumination perturbation. Introduce irradiance disturbance by setting

irradiance to decrease from 1000 to 500 at 4 s into the simulation, and then increase from
500 to 800 at 6 s.
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Scenario 3: Wind speed disturbance. Introduce wind speed disturbance by setting
wind turbine speed to decrease from 11 m/s to 8 m/s at 4 s into the simulation.

Scenario 4: Insufficient storage. Set the initial SOC of the storage system to 30%. When
the simulation reaches 4 s, decrease SOC to below 26%, simulating insufficient energy
storage and reducing output power.

Scenario 5: Continuous load increase, insufficient power support. Simulate a contin-
uous increase in load, resulting in insufficient power support and the system frequency
dropping below the lower limit.

Scenario 6: Load fluctuation (similar to Scenario 5), with coordinated control of
controllable loads.

3.2. Analysis of Different Scenarios

The frequency fluctuations of the system under the first four disturbance scenarios
are depicted in Figure 9. It can be observed that, in the face of different fluctuation
scenarios, the proposed strategy can effectively achieve coordination among various units
in a short period. This involves controlling energy storage tracking and thermal power
support, enhancing the integration of renewable energy sources, and stabilizing the system
frequency. Taking the scenarios of irradiance fluctuation and insufficient SOC in energy
storage as examples, the control strategies of different units under layered coordinated
control are analyzed based on their respective power outputs.

  
(a) (b) 

  
(c) (d) 

Figure 9. The frequency response under different perturbations: (a) Load surge; (b) Illumination
perturbation; (c) Wind speed disturbance; (d) Insufficient storage.

The output variations of each unit are shown in Figure 10. It can be observed that,
under the scenario of fluctuating sunlight, the output curve of the photovoltaic unit changes
with the sunlight variation. The dual-loop controlled energy storage unit adjusts the
constant power output by changing the reference value, while the wind power unit shows
no fluctuations. The upper-level model optimizes the entire system to achieve the minimum
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net load. In this case, the lower-level model does not require adjustments to the thermal
power unit.

In the scenario of insufficient energy storage SOC, the energy storage unit is forced to
reduce its output power and cannot support the power deficit in the system. In this case,
the thermal power unit in the lower-level model receives instructions to increase power
support, with a response time slightly slower than that of the energy storage unit, but still
maintaining system frequency stability.

  
(a) (b) 

Figure 10. The change in output of each unit: (a) Illumination perturbation; (b) Insufficient storage.

Figure 11 illustrates the system response during an emergency situation when the
power support of units is insufficient due to a sudden load increase. In this scenario, for
rapid support, priority is given to the energy storage units to act first, slowing down the
frequency drop and raising the minimum frequency point. The wind and solar units remain
unchanged, followed by the thermal power units providing power support for primary
frequency regulation. From the power output variations of each unit Figure 11a, it can
be observed that during the three load spikes at 4 s, 5 s, and 6 s, the energy storage units
can quickly increase their output power to achieve the expected results. Energy storage
unit 1, with a higher SOC, rapidly increases power support during each disturbance.
Energy storage unit 2 operates in the third-class state, only increasing power support when
the system power support is insufficient, ensuring the supply time. This validates the
effectiveness of the proposed strategy. The thermal power unit responds slightly slower
than the energy storage unit when participating in power support. At 6 s, facing another
load increase, both types of energy storage cannot further increase power support as they
have reached their maximum discharge power. At this point, when the frequency drops
below 49.5 Hz, load-shedding measures are implemented, and the thermal power unit
subsequently provides power support. The load-shedding value is determined according
to Section 2.2, and in this study, nearly 0.4 MW is shed. Compared with the control without
load cutting measures, the stability of system is maintained at the cost of 0.4 MW.

Considering the scenario where the overall maximum output power of the units cannot
support the power deficit, load shedding is a crucial control measure for system stability.
From the frequency comparison chart Figure 11b, it can be observed that after considering
load shedding, the original control method provides more stable system support in the
emergency situation after 6 s, highlighting the necessity of load shedding as a coordinated
control strategy.
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(a) (b) 

Figure 11. System response under power deficit: (a) The change in output of each unit; (b) The
comparison of frequency curve.

4. Discussion

In the trend of growing active distribution networks, this paper presents an innovative
study aimed at solving the layered coordinated control of controllable resources with auto-
matic load shedding in power systems. The characteristics of various controllable resources
are analyzed in order to employ adaptive control methods, and a layered coordinated
control strategy is proposed. Simulation results show that the controllable resources are
effectively coordinated and controlled in various scenarios.

Significantly, this paper highlights the critical role of energy storage systems in active
distribution networks. Classification of energy storage based on power support time and
the corresponding control strategy are developed, which finally realizes the output control
of the energy storage unit. The proposed method exploits the rapid response characteristics
of energy storage systems, enhancing the stability of the overall control strategy.

Lastly, this study introduces coordinated control with load shedding on the basis of
coordinated control, providing a feasible solution for frequency dropping again. This com-
prehensive research framework not only proposes effective solutions for the coordinated
control of power systems but also provides innovative insights to cope with challenges
like recurrent frequency drops. These research findings are promising to provide robust
support for the stability and reliability of power systems.
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Nomenclature

The main symbols appearing in this paper are defined below.
SOC State of charge
AGC Automatic generation control
ES Energy storage
BESS Battery energy storage system
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PV Photovoltaic system
DE Differential evolution
DC Direct current
Tmin Shortest discharge time
Tsy Remaining discharge time
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Abstract: The operational stability of a power transformer exerts an extremely important impact
on the power symmetry, balance, and security of power systems. When the grid load fluctuates
greatly, if the load factor of the transformer cannot be maintained within a reasonable range, it
leads to increased instability in grid operation. Adjusting the transformer capacity based on load
changes is of great significance. The existing control methods for on-load capacity-regulating (OLCR)
transformers have low timeliness, and the daily switching frequency of the capacity-regulating switch
is not controlled. To ensure the safe and stable operation of transformers, this paper proposes a
control method for OLCR transformers based on load prediction and fuzzy control. Firstly, the
operating principle of OLCR transformers is analyzed, and a multi-strategy enhanced dung beetle
optimizer (MSDBO) combined with a CNN−LSTM model is proposed for load forecasting. On
this basis, the daily switching frequency of the capacity-regulating transformer is introduced, and
hesitant fuzzy control is used to select the optimal capacity-regulating strategy relying on three
factors: loss, economy, and switching frequency. Finally, simulation models are constructed using the
MATLAB/SIMULINK platform and simulation analysis is conducted to verify the effectiveness and
superiority of the proposed control method. For the three scenarios in this paper, the method reduces
daily power loss by 28.5% to 56.3% and daily operating costs by 25.4% to 50.8%. The method used
in this paper can sacrifice 3.5% to 9.2% of the loss reduction capability in exchange for reducing the
number of switch operations by 28.6% to 57.1%, significantly extending the lifespan of the switches
and thereby increasing the operational lifespan of the transformer.

Keywords: on-load capacity-regulating transformer; power system symmetry; fuzzy control; load
forecasting; CNN−LSTM

1. Introduction

Power transformers play a crucial role in ensuring the three-phase symmetry and
stability of power transmission in the power system [1]. Serving as the infrastructure for
power transmission and distribution, transformers are widely used in industries, agri-
culture, transportation, and other fields [2]. With the development of various sectors,
the scale of power generation and consumption is continuously expanding, leading to a
gradual increase in the capacity and voltage levels of power transformers [3]. As the scale
of transformers expands, their ability to operate stably has become one of the key factors
determining whether the power system can maintain symmetry and balance [4,5].
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Excessive or insufficient load on transformers can present a potential hazard to the
functioning of the electrical grid [6]. Prolonged operation of transformers under overload
conditions may result in significant temperature rises and even lead to safety incidents,
such as damage [7,8]. On the other hand, extended periods of light or no load can cause
substantial power losses and economic damage [9,10]. Therefore, it is of paramount impor-
tance to judiciously adjust the rated capacity of transformers in engineering applications
based on actual circumstances.

The use of on-load capacity-regulating transformers has proven to be effective in
addressing the above issues. On-load capacity-regulating (OLCR) transformers are divided
into two modes: high capacity and low capacity. When the grid load is high, exceeding the
transformer’s critical load, the transformer adjusts to the high-capacity mode, effectively
avoiding overload issues. Conversely, when the grid load is low, below the transformer’s
critical load, the transformer switches to the low-capacity mode, effectively preventing
significant power losses in light or no-load conditions [11,12].

Scholars from both domestic and international backgrounds have extensively re-
searched the topic of the control of OLCR transformers. This includes analyses of the
principles behind OLCR transformers, the selection of OLCR schemes, and the application
of neural network methods to the control of on-load capacity regulation.

Reference [13] has demonstrated the feasibility of two methods for capacity regula-
tion: no-load capacity regulation with automatic voltage regulation and on-load capacity
regulation. Reference [14] conducts an analysis of the structural characteristics of OLCR
transformers, elucidating the principles behind capacity regulation. Additionally, it pro-
vides OLCR schemes for such transformers from an economic perspective. In reference [15],
a capacity regulation scheme for on-load transformers with composite switches is pro-
posed. The study demonstrates that the parallel connection of buffering resistors at both
ends of the capacity-regulating switch can effectively suppress overcurrent and overvolt-
age generated during capacity regulating. Based on the principles of capacity-regulating
transformers, reference [16] conducts an analysis of the changes in losses, magnetic flux
density, and impedance before and after capacity regulating in on-load capacity-regulating
transformers. The study proposes a method for calculating the optimal capacity-regulating
selection node. Reference [17] explores and designs strategies for the economic and safe
operation of on-load capacity-regulating transformers. Reference [18] provides a method
for calculating critical economic capacity. The study includes the design of a control system
for no-load capacity-regulating transformers and proposes a switching strategy based on
a gray theory load forecasting model. The above methods focus on selecting the opti-
mal capacity-regulating node based on the economic considerations of the transformer
but do not address the control of the daily switch operation frequency. In response to
the issue of the irrational setting of the optimal capacity-regulating node, reference [19]
proposes a method for selecting the optimal capacity-tap node for OLCR transformers
based on fuzzy control. Reference [20] introduces an improved model that combines the
fuzzy consistent matrix control method with the fuzzy preference method. This model ap-
plies fuzzy matrix conversion relationships to determine the weights of various indicators.
Comparative analysis of the comprehensive evaluation results for a case with the analytic
hierarchy process, evidence theory, and super-efficiency data envelopment analysis further
demonstrates the applicability and credibility of this evaluation method. Reference [21]
introduces a control strategy for on-load capacity-regulating transformers based on load
forecasting. The effectiveness of this strategy is validated through experimentation. The
mentioned studies primarily focus on transformer power losses and economic factors. They
achieve capacity-regulating control by periodically monitoring actual values or using load
forecasting. However, there is a lack of comprehensive consideration for factors such as
transformer power losses, economic aspects, and the daily frequency of capacity-regulating
switch operations.

This paper proposes a power transformer OLCR control and optimization method
based on both load forecasting and fuzzy control, which comprehensively consider power
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losses, economic aspects, and the daily switching frequency all together. To address
the issue of insufficient capacity switching for power transformers during frequent grid
fluctuations, a method using load forecasting is proposed. This method involves training
neural network models on the daily load data of transformers to construct a load forecasting
model that enables real-time load prediction and capacity regulation of transformers.
Furthermore, hesitant fuzzy control is employed to optimize the capacity-regulating scheme.
This approach aims to proactively understand and perceive transformer loads, ultimately
achieving rapid and accurate regulation of transformer capacity. The main contributions of
this paper are summarized as follows:

• A multi-strategy enhanced dung beetle optimizer (MSDBO), named the MSDBO–
CNN–LSTM model for load forecasting, is proposed to adjust the hyperparameters
of a CNN−LSTM. This adjustment enhances the model’s accuracy. Additionally,
different optimization algorithms are compared to validate that the proposed MSDBO
algorithm achieves the highest accuracy and the fewest iterations.

• Due to the difficulty of accurately analyzing the importance of various factors for
transformer capacity-regulating control and the lack of weights on different factors,
conventional fuzzy control methods perform poorly. For multifactor problems with
unknown weights, hesitant fuzzy control combines the different opinions of multiple
decision-makers for a more comprehensive analysis, resulting in decisions that are
more relevant to the integrated opinions of multiple control. Compared to conven-
tional fuzzy control, hesitant fuzzy control provides more accurate and comprehen-
sive results.

• The effectiveness of the proposed capacity control method is assessed through sim-
ulation using the MATLAB/SIMULINK platform. The simulation results show that
transformers using load forecasting models can accurately and promptly switch ca-
pacities. Transformers that combine load forecasting with hesitant fuzzy control can
reduce the number of daily capacity switch operations while ensuring low power and
economic losses.

The rest of this paper is organized as follows: Section 2 discusses the capacity-
regulating principle of on-load capacity-regulating transformers. Section 3 introduces
the CNN−LSTM model and the multi-strategy dung beetle optimization (MSDBO) al-
gorithm. Through testing, it demonstrates the superiority of the MSDBO algorithm for
optimization. Section 4 determines the regulating schemes for capacity nodes of transform-
ers, introduces the use of hesitant fuzzy control, and presents an overall control strategy
for on-load capacity regulation based on a combination of neural networks and fuzzy
control. The case study is presented in Section 5. Finally, the conclusions and discussion
are presented in Section 6.

2. On-Load Capacity-Regulating Transformer Operating Principles

The study in this paper primarily focuses on on-load capacity-regulating transformers
that employ a high-voltage winding star–delta transformation and a low-voltage winding
series–parallel transformation, as illustrated in Figure 1. This capacity-regulating method
is characterized by its effective loss reduction and widespread applicability. During the
transformation of an OLCR transformer from low to high capacity, the number of turns in
the low-voltage winding decreases. Simultaneously, the high-voltage winding changes to a
Y connection, resulting in an increase in the phase voltage on the high-voltage side. The
reduction in the number of turns and the increase in voltage are proportional, ensuring
that the output voltage remains constant while the capacity is switched.

Figure 1a illustrates the high-voltage winding side. In this diagram, k1~k6 represent
capacity-regulating switches. Figure 1b illustrates the low-voltage winding side. In this
diagram, k1~k9 represent capacity-regulating switches.
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(a) High-voltage winding (b) Low-voltage winding 

Figure 1. High- and low-voltage winding connections.

When the high-voltage winding is connected in a delta configuration, and the low-
voltage winding is connected in parallel with the second and third sections of the winding
and in series with the first section of the winding, the transformer is in a high-capacity mode.
On the other hand, when the high-voltage winding is connected in a star configuration and
the low-voltage winding is connected in a series configuration with all three sections, the
transformer operates in the low-capacity mode.

3. On-Load Capacity-Regulating Control Based on Load Forecasting

The existing OLCR transformer determines its operational state based on periodic
monitoring of the load condition. It compares the determined state with its current state to
decide whether the OLCR switch should be activated, thus controlling the OLCR switch
operation. However, in situations where the load fluctuates frequently, the issue of delayed
switch operation arises.

This chapter proposes an on-load transformer capacity-regulating control method based
on MSDBO−CNN−LSTM (multi-strategy enhanced dung beetle optimizer—convolutional
neural network—long short-term memory). The MSDBO−CNN−LSTM algorithm is em-
ployed for load forecasting and enhances prediction accuracy.

3.1. Load Forecasting Based on CNN−LSTM

The convolutional neural network (CNN) belongs to the category of feedforward
neural networks, characterized by a deep structure and incorporating convolutional com-
putations. The CNN comprises convolutional layers and pooling layers, utilizing convolu-
tional computations to extract latent features from the data and employing pooling layers
for downsampling and compression of network parameters. A one-dimensional CNN is
employed in this study, and the architecture is illustrated in Figure 2.

Figure 2. One-dimensional CNN structure.
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The long short-term memory (LSTM) network is a variant of the recurrent neural
network (RNN), specifically designed to mitigate the challenge of preserving long-term
dependencies, a limitation often encountered in conventional RNNs. It enhances the
basic RNN structure by introducing forget gates, input gates, and output gates, as shown
in Figure 3. The LSTM network, through the incorporation of memory cells and gate
mechanisms, is better equipped to capture and handle long-term dependencies within
input sequences.

Figure 3. LSTM structure.

The forget gate, utilizing the input, the intermediate state, and the state memory unit,
aims to retain useful information while avoiding the transmission of irrelevant information
from the previous time step to the next. The roles of the input gate and the output
gate include reading data and passing the processed data to the next time step. The
computational formulas are presented as Formulas (1)–(6):

ft = σ
(

Hf xxt + Hf hht−1 + b f

)
(1)

it = σ(Hixxt + Hihht−1 + bi) (2)

nt = φ(Hnxxt + Hnhht−1 + bn) (3)

ot = σ(Hoxxt + Hohht−1 + bo) (4)

st = gt 
 it + st−1 
 ft (5)

ht = φ(st)
 ot (6)

where ft, it, nt, ot, st, and ht represent the states of the forget gate, input gate, input
node, output gate, state unit, and intermediate output, respectively. Hf x, Hf h, Hix, Hih,
Hnx, Hnh, Hox, and Hoh denote the matrix weights for the corresponding gates, input xt,
and intermediate input ht−1. b f , bi, bn, and bo are the bias terms for the respective gates.

 indicates element-wise multiplication in the vector, σ represents the sigmoid function
transformation, and φ signifies the tanh function transformation.

The CNN–LSTM neural network combines CNN with LSTM. It utilizes input features
such as the three-phase current amplitudes, three-phase voltage amplitudes, active power,
reactive power, and oil temperature data for the transformer every half hour. The network
is employed to predict the load on the transformer.

The predictive method consists of two parts: the CNN part for feature extraction and
the LSTM part for load prediction. The CNN in this study comprises two convolutional
layers, both of which are one-dimensional (Conv1D). The rectified linear unit (ReLU) is
selected as the activation function for both convolutional layers. Following the convolu-
tional layers, max-pooling operations are employed to downsample the features extracted
by the convolutional layers, reducing the model parameters. There are also two layers
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of max-pooling (MaxPooling1D). After the two layers of convolution and pooling, the
extracted vector arrays are passed as features to the LSTM network.

Through LSTM, the extracted features are thoroughly learned to capture the intrinsic
relationships and periodic patterns among the data, enabling the prediction of future data.
The LSTM network consists of one layer of LSTM with 48 neurons, using ReLU as the
activation function. Finally, the output is passed through a fully connected layer (Dense) to
generate a vector in the specified format.

3.2. The Multi-Strategy Enhanced Dung Beetle Optimizer
3.2.1. Dung Beetle Optimizer

Dung beetle optimizer (DBO) is an optimization algorithm grounded in the behav-
ioral traits observed in dung beetles. This algorithm leverages five distinct behavioral
characteristics exhibited by dung beetles—ball rolling, dancing, foraging, stealing, and
reproduction—to acquire globally optimal weights and thresholds.

(1) When the dung beetle encounters no obstacles, it navigates using the sun. The
repositioning of the dung beetle rolling dung balls is influenced by

xi(t + 1) = xi(t) + a · k · xi(t − 1) + b ·
∣∣∣xi(t)− XW

∣∣∣ (7)

where t represents the number of iterations, xi(t) represents the position of the ith
dung beetle, a ∈ [0, 1] represents the degree of offset caused by natural factors,
k ∈ [0, 2] represents the perturbation coefficient b ∈ [0, 1], and

∣∣xi(t)− XW
∣∣ represents

the change in light intensity, where a larger value indicates a lower light intensity and
XW represents the worst position.

(2) When a dung beetle encounters an obstacle and cannot move forward, it repositions
itself through a dance, and its new position is updated to

xi(t + 1) = xi(t) + tan θ|xi(t)− xi(t − 1)| (8)

where θ ∈ [0, π] represents the perturbation angle; when θ is 0 or π
2 , the position remains

unchanged. |xi(t)− xi(t − 1)| represents the offset of the ith dung beetle’s position.
(3) The breeding area is simulated using a boundary selection strategy, defined as

xi(t + 1) = xgbest(t) + g1(xi(t)− Lg∗) + g2
∣∣xi(t)− Ug∗

∣∣ (9)

where xgbest(t) represents the global best position; g1 and g2 are two independent random
vectors of size 1× D, where D represents the dimension of the optimization problem;
Lg∗ and Ug∗ represent the lower and upper bounds of the breeding area, respectively.

(4) When dung beetles forage, the formula for position change is

xi(t + 1) = xi(t) + C1(xi(t)− Lg(t)) + C2

∣∣∣xi(t)− Ug(t)

∣∣∣ (10)

where Lg(t) and Ug(t) represent the lower and upper bounds of the foraging area,
respectively, C1 represents random numbers drawn from a normal distribution, and
C2 represents random vectors of size 1 × D.

(5) When dung beetles steal, the formula for position change is

xi(t + 1) = xlbest(t) + Q f (
∣∣∣xi(t)− xgbest(t)

∣∣∣+ |xi(t)− xlbest(t)|) (11)

where xlbest(t) represents the best food source, Q represents a constant value, and f is
a random vector of size 1 × D drawn from a normal distribution.
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3.2.2. The Multi-Strategy Enhanced Dung Beetle Optimizer (MSDBO)

DBO is widely utilized for its simple structure and high accuracy. However, it is
susceptible to becoming trapped in local optima, resulting in poor global optimization
capabilities. To address this issue, this paper proposes a multi-strategy-enhanced DBO.

(1) Bernoulli chaos mapping

The traditional DBO initializes the population positions using random number genera-
tion, which may not cover all positions in the environment, thus affecting the optimization
effectiveness and convergence rate of the algorithm. Using Bernoulli chaotic mapping to
explore as many positions in the environment as possible, the expression is given by

Z(t + 1) =

{
Z(t)/(1 + ρ) Z(t) ∈ (0, 1 − ρ]

(Z(t − 1) + ρ)/ρ Z(t − 1) ∈ (1 − ρ, 1)
(12)

where Z(t) represents the current value of the chaotic sequence at the tth iteration and ρ is
the control coefficient. When ρ = 0.5, the algorithm exhibits the best exploratory behavior.

(2) Levy flight strategy

The Levy flight mechanism, which involves long-range, short-distance roaming, is
beneficial for enhancing the diversity of the population. Long-range jumps with variable
directions ensure detailed exploration of the nearby regions, and the mechanism’s mutation
provides certain advantages for exploring a large space. By combining short-range and
long-range flight modes, it reflects thorough optimization of the search space, thereby
improving the algorithm’s global search capability.

If a dung beetle exhibiting stealing behavior becomes stuck in a local optimum, and
its position update stagnates, applying the Levy flight strategy to update the individual’s
position can help it escape from the local optimum and diffuse to more distant positions.
The position is updated to

xi(t + 1) = xi(t) + α ⊕ Levy(λ) (13)

where α represents a random step length, ⊕ represents the dot product, and Levy is a
random search path following the Levy distribution, constrained as follows:

Levy(λ) ∼ ϕu

|v|1/2 (14)

ϕ =

[
Γ(1 + λ) sin(πλ/2)

Γ(1 + λ/2)λ2(λ−1)/2

]1/λ

(15)

where u, v follow a normal distribution and λ = 1.5.

3.2.3. MSDBO Testing

To evaluate the effectiveness of the MSDBO algorithm, we selected test functions for
performance testing and compared it with traditional algorithms, such as GWO, SSA, WOA,
NGO, and DBO. The test functions included four unimodal functions and four multimodal
functions, as shown in Table 1.

Using MATLAB, simulation experiments were conducted on the test functions. To
ensure fair comparison, the maximum number of iterations was uniformly fixed at 500, the
population size was N = 30, and the dimension was D D = 30. Each algorithm was run
50 times, and the simulation results are shown in Figure 4.
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Table 1. Test function.

Test Function Value Range

F1(x) =
n
∑

i=1
x2

i
[−100, 100]

F2(x) =
n
∑

i=1
|xi|+

n
∏
i=1

|xi| [−10, 10]

F3(x) =
n
∑

i=1

(
i

∑
j−1

xj

)2
[−100, 100]

F7(x) =
n
∑

i=1
ix4

i + random[0, 1) [−1.28, 1.28]

F9(x) =
[
x2

i − 10 cos(2πxi) + 10
]

[−5.12, 5.12]

F10(x) = −20 exp

(
−0.2

√
1
n

n
∑

i=1
x2

i

)
− exp

[
1
n

n
∑

i=1
cos(2πxi)

]
+ 20 + e [−32, 32]

F11(x) =
1

4000
∗ ∑
(
x2

i
)− ∏

(
cos
(

xi√
i

))
+ 1 [−600, 600]

F12(x) = π
n

{
10 sin(πy1) +

n−1
∑

i=1
(yi − 1)2[1 + 10 sin2(πyi+1)

]
+ (yn − 1)2

}
+

n
∑

i=1
u(xi, 10, 100, 4)

[−50, 50]

 

  
Figure 4. Cont.
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Figure 4. Iteration curves.

From Figure 4, it can be observed that for both unimodal and multimodal functions,
the MSDBO algorithm converges faster, achieves higher accuracy, and requires fewer
iterations compared to other traditional algorithms. The optimal and average values
obtained by the MSDBO algorithm are closer to the optimal value of the function, which
demonstrates the significant advantages of the MSDBO algorithm used in this study over
the other algorithms.

3.3. MSDBO−CNN−LSTM

To address the issue of local optima and improve the predictive performance of
the CNN–LSTM neural network, this study utilizes the MSDBO algorithm to optimize
the hyperparameters of the CNN−LSTM, such as the dropout rate and batch size. This
optimization algorithm exhibits strong global search capabilities and fast convergence,
effectively resolving the inherent problems of the CNN−LSTM. By applying the optimized
hyperparameters to the CNN−LSTM, the optimization of the CNN−LSTM is achieved,
resulting in more accurate load prediction results.

Figure 5 illustrates the architecture of the MSDBO−CNN−LSTM neural network.
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Figure 5. MSDBO−CNN−LSTM structure.

4. On-Load Capacity Regulation and Optimization Based on Fuzzy Control

4.1. Calculation and Economic Analysis of Capacity-Regulating Nodes

The power loss of a transformer with different capacity levels is composed of no-load
loss and short-circuit loss, as expressed by the following formula:

SH = SOH + β2
HSXH (16)

SL = SOL + β2
LSXL (17)

where SH , SL represent the power loss for a transformer with different capacity levels,
SOH , SOL represent the no-load loss for a transformer with different capacity levels, βH , βL
represent the load factors for a transformer with different capacity levels, and SXH , SXL
represent the short-circuit loss for a transformer with different capacity levels.

βL =
βHSNH

SNL
(18)

where SNH , SNL represent the rated capacity of the transformer for different capacity levels.
If we assume that SH = SL, meaning that the power loss is the same for different

capacity levels, then, based on Formulas (16) and (17), the expression for the critical load
can be obtained as follows:

SL−H =

√√√√POH − POL
PXL
S2

NL
− PXH

S2
NH

(19)

The operational cost calculation formula for the transformer is given by

Cy = [T1 × (P0 + 0.05 × I0 × SN/100) + T2 × (Px + 0.05 × Ux × SN/100)]× C (20)
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where T1, T2 represent the transformer no-load time and equivalent full-load time, re-
spectively, P0, Px represent the transformer no-load loss and load loss, respectively, I0, Ux
represent the transformer no-load current and short-circuit impedance, respectively, and
SN , C represent the transformer rated capacity and electricity price, respectively, where
C = 0.5 yuan/kWh and is a constant value.

The formula for calculating the power loss of a transformer is given by [16]:⎧⎪⎪⎨⎪⎪⎩
P0z = P0 + KQQ0 + KPP0
Pkz = Pk + KQQk + KPPk
Q0 = I0%SN/100
Qk = Uk%SN/100

(21)

where P0z, Pkz represent no-load comprehensive loss and load comprehensive loss, respec-
tively, Q0, Qk represent no-load reactive power loss and short-circuit reactive power loss,
respectively, I0%, Uk% represent no-load current and short-circuit impedance respectively,
and KQ = 0.1, Kp = 0.2.

4.2. Hesitant Fuzzy Control Making for Capacity-Regulating Nodes

The core idea of fuzzy control is to simulate human fuzzy reasoning and decision-
making. By translating the expertise or experience of experts into fuzzy rules, it transforms
real-time signals from sensors into fuzzy signals. These fuzzy signals are then used as
inputs for fuzzy rules, and the output obtained from fuzzy reasoning is added to the
actuator to achieve intelligent control of the system. The block diagram illustrating the
principles is shown in Figure 6:

Figure 6. Fuzzy control principle block diagram.

The fuzzy controller has inputs for switch times, power loss, and economic loss, and
an output for adjustment node value. The domains and fuzzy subsets for each variable are
as follows:

The number of switch changes: domain [0, 10], fuzzy subsets {LS (low), MS (medium),
HS (high)};

Power loss: domain [0, 60], fuzzy subsets {LP (low), MP (medium), HP (high)};
Operating costs: domain [0, 30], fuzzy subsets {LC (low), MC (medium), HC (high)};
Switch taps: domain [30, 70], fuzzy subsets {VL (very low), L (low), M (medium), H

(high), VH (very high)};
Triangular membership functions are used to describe the membership degrees of

each variable, as shown in Figure 7.
Based on the fuzzy set relationships of switch changes, power loss, and operating costs,

a more suitable switch node is determined. A fuzzy rule table is established accordingly, as
shown in Table 2.
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Figure 7. The fuzzy membership functions of input and output.

Table 2. Fuzzy rule base.

The Number of Switch Changes

LS MS HS

Power loss
and

operating costs

LP LC VH H H
LP MC H H M
LP HC H M M
MP LC H H M
MP MC H M M
MP HC M M L
HP LC H M M
HP MC M M L
HP HC M L VL

Due to the difficulty in accurately analyzing the importance of various factors for
transformer capacity-regulating control, and the lack of weights on different factors, con-
ventional fuzzy control methods perform poorly. For multifactor problems with unknown
weights, hesitant fuzzy control combines the different opinions of multiple decision-makers
for a more comprehensive analysis, resulting in decisions that are more relevant to the
integrated opinions of multiple decision-makers. Compared to conventional fuzzy control,
hesitant fuzzy control provides more accurate and comprehensive results. The hesitant
fuzzy control method is described in the following text:

Through factor G = {G1, G2, · · · , Gn}, decision-makers need to evaluate plan
A = {A1, A2, · · · , Am}, where n is the number of factors and m is the number of plans.
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Assuming hij represents the evaluation by decision-makers of factor Gj in option Ai, all

hij values constitute the hesitant fuzzy control matrix H =
(
hij
)

m×n, hij =
lij∪

t=1

{
γ
(t)
ij

}
={

γ
(1)
ij , γ

(2)
ij , · · · γ

(t)
ij

}
, γ

(t)
ij represents the tth evaluation value among hij. If the decision-

maker’s attitude is comparatively optimistic, it will lead to missing values in the matrix.
In the case of inconsistent lengths of hesitant fuzzy control elements, the maximum mem-
bership value should be added to the fewer elements to obtain the standardized matrix
H̃ =

(
h̃ij

)
m×n

. The weight vector λ represents the relative importance of the factors, i.e.,

λ = (λ1, λ2, · · · , λn)
T , satisfying the formula λj ∈ [0, 1], ∑n

j=1 λj = 1. The operator-related

weight vector ω = (ω1, ω2, · · · , ωn)
T satisfies the formula ωj ∈ [0, 1], ∑n

j=1 ωj = 1.
The factor weight represents the relative importance of the factors and the preferences

of the decision-maker. Due to the unknown weight coefficients, the hesitant fuzzy ham-
ming distance is used to extend the maximum deviation method to the hesitant control
environment, obtaining the optimal weight vector λ = (λ1, λ2, · · · , λn)

T .

λj =
Yj

∑n
j=1 Yj

, j = 1, 2, · · · , n, (22)

where Yj =
m
∑

i=1

m
∑

k=1

(
1
l

l
∑

t=1

∣∣∣γ̃(t)
ij − γ̃

(t)
kj

∣∣∣), j = 1, 2, · · · , n.

The operator-related weight vector is an important part of the generalized hesitant
fuzzy mixed-weighted aggregation operator used for information integration. In this paper,
the operator-related weight vector ω = (ω1, ω2, · · · , ωn)

T is determined using a normal
distribution. Table 3 shows the variation of ω.

Table 3. The variation of ω for n ranging from 2 to 5.

n Operator-Related Weight Vector ω=(ω1,ω2,· · · ,ωn)
T

2 ω = (0.5, 0.5)T

3 ω = (0.2429, 0.5142, 0.2429)T

4 ω = (0.1550, 0.3450, 0.3450, 0.1550)T

5 ω = (0.1117, 0.2365, 0.3036, 0.2365, 0.1117)T

For the hesitant fuzzy multifactor control method under unknown weights, the algo-
rithm proceeds as follows:

(1) Generate the hesitant fuzzy control matrix H =
(
hij
)

m×n based on the decision-

maker’s evaluations of the options, and obtain matrix H̃ =
(

h̃ij

)
m×n

by standardizing

the matrix.
(2) Calculate the optimal weight vector λ = (λ1, λ2, · · · , λn)

T based on Formula (12).
(3) Select the operator-related weight vector ω = (ω1, ω2, · · · , ωn)

T based on the value
of n.

(4) Using the new hesitant fuzzy control weighted aggregation operator (NGHFHWA),
integrate h̃ij into the hesitant fuzzy element h̃i for each option Ai.

h̃i = NGHFHWA(h̃i1, h̃i2, · · · h̃in) (23)

(5) Calculate the score function S(h̃i) based on h̃i. If the score functions are equal, dif-
ferentiate them through the hesitant fuzzy-order central aggregation function p(h̃i)
for sorting.

s(h) =
1
l

l

∑
i=1

γ(i) (24)
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(6) Arrange the options according to the score function S(h̃i) and then choose the one
with the highest score as the best option.

The hesitant fuzzy control process diagram is illustrated in Figure 8:

Figure 8. Hesitant fuzzy control flowchart.

5. On-Load Capacity-Regulating Control Strategy and Methodology

The variation in load leads to changes in data, such as current, voltage, and active
power. Capacity regulation of the transformer can be achieved through sensor monitoring
and feedback. However, this type of capacity-regulating method relies heavily on real-time
data, lacks adaptability to learning from data, and cannot provide warnings for future load
conditions over a certain period.

To address the above issues, this study employs an MSDBO−CNN−LSTM neural
network to predict load data for the next 24 h. Based on these data, suitable capacity-
regulating schemes are selected through hesitant fuzzy control. The merit values for switch
operation frequency, power losses, and operating costs are calculated, and a weighted
sum is used to determine the comprehensive merit value for each scheme. The optimal
capacity-regulating scheme is then identified. Control of the capacity-regulating switches
is carried out using a step wave signal. Additionally, the load data for this time are added
to the database for use in the next round of MSDBO−CNN−LSTM predictions, ensuring
the real-time and accurate nature of subsequent forecasting results.

This study proposes a method for the capacity adjustment of OLCR transformers in
distribution networks using a combination of load prediction and hesitant fuzzy control, as
shown in Figure 9. The methodology consists of the following steps:
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Figure 9. Load forecasting and capacity-regulating control flowchart.

Step 1. Data collection:

Collect historical load data from the distribution network, including daily load profiles,
for analysis and prediction. The load data should encompass various periods to capture
seasonal variations and different operational scenarios.

Step 2. Load forecasting:

Preprocess the historical load data to ensure its quality and consistency. Utilize the
MSDBO−CNN−LSTM model to predict future load demand based on historical data.

Step 3. Hesitant fuzzy control:

(1) Define the evaluation criteria for selecting the optimal adjustment scheme, including
the number of switch times, power losses, and operating costs.

(2) Design a fuzzy controller with inputs of the number of switch changes, power loss,
and operating costs, and an output of adjustment node value.

(3) Define the fuzzy subsets and membership functions for each input and output
variable.

(4) Develop fuzzy rules based on expert knowledge and the fuzzy rule base table to
determine the adjustment node value.

Step 4. Optimal capacity-regulating plan:

(1) Develop a detailed capacity adjustment schedule for the 24-h period based on the
optimal adjustment nodes obtained through load forecasting and hesitant fuzzy
decision-making methods.

(2) Reduce power losses and operating costs through the capacity adjustment schedule
while minimizing the number of switch changes as much as possible.
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Step 5. Action and analysis:

(1) Control the switching of OLCR transformer capacity by implementing the optimal
capacity-regulating plan in the form of signals.

(2) Compare the performance of the conventional OLCR transformer with the proposed
method in terms of the number of switching times, power losses, and operating
costs.

(3) Analyze the results of different scenarios to demonstrate the effectiveness and
superiority of the proposed method in capacity regulation.

6. Case Studies and Results Analysis

6.1. Example Introduction

According to the principles of OLCR transformers, simulation models are constructed
using the MATLAB/SIMULINK platform. Figure 10a is a diagram illustrating the regula-
tion of transformer capacity based on real-time load currents. Figure 10b is a diagram of a
transformer capacity-regulating control using an MSDBO−CNN−LSTM neural network
and hesitant fuzzy control.

 
(a) Diagram of a conventional OLCR transformer 

 
(b) Diagram of a load forecasting and hesitant fuzzy control capacity-regulating transformer 

Figure 10. Diagrams of capacity-regulating transformers.

6.2. Load Forecasting Based on an MSDBO−CNN−LSTM Model

Using an MSDBO−CNN−LSTM neural network, the next 24 h of data are predicted,
and Figure 11 presents a comparative graph between the predicted results and the actual
values over the 24-h period.
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Figure 11. Comparison chart between actual load and predicted load.

The relative error between the actual and predicted results for the 24-h load is pre-
sented, as shown in Figure 12. From the graph, it can be observed that the relative errors
are all less than 5%.

 
Figure 12. Relative error chart between actual load and predicted load.

R2 is the coefficient of determination, an accuracy evaluation metric in machine
learning. In this case, the obtained R2 value is 0.9789.

6.3. Capacity-Regulating Control Based on Hesitant Fuzzy Control

Choosing the S11-M series three-phase transformer with a rated capacity of 315/100 kVA,
the critical load is calculated by substituting the data from Table 4 into Formula (19).

The calculation results from the table above indicate that 49.73 kVA is the transformer’s
critical load. The transformer runs in low-capacity mode when the load is less than
49.73 kVA. On the other hand, the transformer goes into high-capacity mode when the
load surpasses 49.73 kVA. Power loss is reduced and economic efficiency is increased by
switching between these two capacity modes.
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Table 4. S11-M three-phase transformer operating parameters.

Rated
Capacity

(kVA)

No-Load Loss
(kW)

Load Loss
(kW)

No-Load
Current

(%)

Short-Circuit
Impedance

(%)

Critical Value
(kVA)

315/100
0.48 3.65 1.1 4

49.730.2 1.5 1.6 4

To calculate the daily operational cost through exemplification, the measured load
data of a transformer on a specific day are considered. Within the course of that day, the
transformer operated at reduced capacity for a total of 8 h and at full capacity for 16 h.

The following results are obtained through the calculation using Formula (20), as
shown in Table 5.

Table 5. Daily operating costs of three-phase transformers.

Rated
Capacity

(kVA)

Operating Cost of
the OLCR

Transformer
(CNY)

Rated
Capacity

(kVA)

Operating Cost of
the Fixed-Tap
Transformer

(CNY)

Cost Savings with
OLCR Transformer

(CNY)

Cost Savings with
OLCR Transformer

(%)

315/100 16.61 315 20.68 4.07 19.68

The load data for a transformer over the course of one year is considered, during
which the transformer operates at reduced capacity for a total of 6108 h and at full capacity
for 2532 h.

The following results are obtained through the calculation using the above Formula (20),
as shown in Table 6.

Table 6. Annual operating cost of three-phase transformers.

Rated
Capacity

(kVA)

Operating Cost of
the OLCR

Transformer
(CNY)

Rated
Capacity

(kVA)

Operating Cost of
the Fixed-Tap
Transformer

(CNY)

Cost Savings with
OLCR Transformer

(CNY)

Cost Savings with
OLCR Transformer

(%)

315/100 4334.80 315 8240.50 3905.70 47.40

In the provided data, the maximum load over the course of a year is 200 kVA. If
a transformer with a rated capacity of 250 kVA, such as the S11-M-250/10 model, were
employed, the daily operational cost for the transformer would be 19.025 yuan, resulting
in a cost saving of 12.69%. Furthermore, the annual operational cost for the transformer
would amount to 6859.3 yuan, leading to a cost saving of 36.8%.

After performing calculations and economic analyses of the switching capacity nodes,
the selection of these nodes can be initiated through hesitant fuzzy control. Based on the
following three factors, choose the appropriate regulating scheme, where G1 represents the
number of switch changes, G2 represents power loss, and G3 represents operating costs.
Suppose there are three regulating schemes Ai(i = 1, 2, 3) to choose from, with capacity
nodes of 40 kVA, 50 kVA, and 60 kVA, respectively. Due to the difficulty of precisely
analyzing the importance of the three factors, it is challenging to directly decide which
scheme to choose. By using hesitant fuzzy sets to represent the evaluation values of each
scheme relative to the three factors, the hesitant fuzzy control matrix H =

(
hij
)

3×3 can be
obtained, as shown in Table 7.
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Table 7. Hesitant fuzzy control matrix.

G1 G2 G3

A1 {0.7, 0.8, 0.9} {0.4, 0.6} {0.5, 0.6, 0.7}
A2 {0.5, 0.6} {0.7, 0.8, 0.9} {0.4, 0.5}
A3 {0.3, 0.4, 0.5} {0.6, 0.7} {0.7, 0.8}

After standardizing the matrix, the matrix H̃ =
(

h̃ij

)
3×3

is obtained as shown in

Table 8.

Table 8. Standardize the hesitant fuzzy control matrix.

G1 G2 G3

A1 {0.7, 0.8, 0.9} {0.4, 0.6, 0.6} {0.5, 0.6, 0.7}
A2 {0.5, 0.6, 0.6} {0.7, 0.8, 0.9} {0.4, 0.5, 0.5}
A3 {0.3, 0.4, 0.5} {0.6, 0.7, 0.7} {0.7, 0.8, 0.8}

According to Table 2, when n = 3, ω = (0.2429, 0.5142, 0.2429)T .
Using Formula (22), the factor weight vector can be obtained as λ =

(0.4138, 0.2759, 0.3103)T .
For the capacity-regulating schemes A1, A2, and A3, the corresponding h̃i can be

calculated using the NGHFHWA operator. This paper takes A1 as an example.

h̃1 = NGHFHWA(h̃11, h̃12, h̃13)
= NGHFHWA({0.7, 0.8, 0.9}, {0.4, 0.6, 0.6}, {0.5, 0.6, 0.7}

According to the formula, it can be concluded that s(h̃11) = 0.7+0.8+0.9
3 = 0.8,

s(h̃12) =
0.4+0.6+0.6

3 = 0.5333, s(h̃13) =
0.5+0.6+0.7

3 = 0.6.
At this point, h̃11 > h̃13 > h̃12. According to the normal distribution of ω, it can

be inferred that ω′
1 = (0.2429, 0.2429, 0.5142)T . Using this information, the following

calculation can be carried out:

λ1ω′
11

∑3
j=1 λjω

′
1j

= 0.3073,
λ2ω′

12

∑3
j=1 λjω

′
1j

= 0.2049,
λ3ω′

13

∑3
j=1 λjω

′
1j

= 0.4878.

When p = 1, perform the following calculation.

h̃1 = NGHFHWA(h̃11, h̃12, h̃13)

=
3∪

i=1

⎧⎪⎨⎪⎩
(

1 −
(

1 −
(

γ̃
(i)
11

)p)0.3073(
1 −
(

γ̃
(i)
12

)p)0.2049(
1 −
(

γ̃
(i)
13

)p)0.4878
) 1

p

⎫⎪⎬⎪⎭
= {0.5544, 0.6749, 0.7711}

Using the same method, the hesitant fuzzy elements h̃2 = {0.5280, 0.5308, 0.6771} and
h̃3 = {0.5540, 0.6607, 0.6797} synthesized from A2 and A3, respectively, can be calculated.

For the capacity-regulating schemes A1, A2, and A3, the respective score values s(h̃i)
are calculated as follows:

s(h̃1) = 0.6668, s(h̃2) = 0.5786, s(h̃3) = 0.6315.

Based on the score values s(h̃i), the capacity regulating schemes A1, A2, and A3
are ranked in the following order: A1 > A3 > A2. Therefore, A1 is the best capacity-
regulating scheme.
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6.4. Simulation Results and Analysis

In the experiment of this paper, the three-phase transformer is formed by three multi-
winding single-phase transformer models, with parameters set to have one primary wind-
ing and three secondary windings (one 27% turn and two 73% turn windings), achieving
an S11-M 350/100 kVA capacity-adjustable distribution transformer. All transformer pa-
rameter settings are consistent, with SN = 100 kVA, U1/U2 = 5774/220 V, high and low
voltage side 4-section winding resistance per unit values of 0.075, 0.041, 0.041, and 0.028,
respectively, leakage reactance per unit values for each section of 0.02, 0.11, 0.11, and
0.08, respectively, and excitation impedance per unit values of 50, 50, respectively. In this
study, the voltage source in this simulation is provided by a three-phase generator. The
three-phase generator has a rated power of 320 kW for main use and 350 kW for standby,
operating at a speed of 1500 rpm. It has a power factor of 0.8 and a rated voltage of 400/230
V. The peak amplitude of an ideal sinusoidal AC voltage source is 5774 V with a frequency
of 50 Hz, and each phase is 120 degrees apart.

To simulate the capacity-regulating transformer SIMULINK model, the initial state
assumes that the transformer is in a reduced capacity state. At 1.9 s, when the load capacity
exceeds 49.73 kVA, the transformer switches to a full-capacity state.

Figure 13 illustrates the voltage and current waveforms for the A−, B−, and C−phases for
both the conventional OLCR transformer and the load prediction-controlled OLCR transformer.

 
Figure 13. A−, B−, and C−phase voltage and current results of the basic control and predictive
control during capacity change.

At 1.9 s, when the capacity state switches, no significant fluctuation is observed in
the voltage and current in the A−, B−, and C−phases. This indicates that, after the
capacity switch, the output voltage and current of the capacity-regulating transformer
remain relatively stable. The capacity-regulating transformer controlled by load prediction
demonstrates the ability to switch between the reduced and full capacities accurately and
rapidly. As shown in the figure, the load forecasting control switches in a more timely
fashion than in a conventional OLCR transformer. This is because the conventional OLCR
transformer makes judgments on capacity regulation at fixed intervals, while predictive
control involves real-time prediction and judgment for switching, making it capable of
faster capacity regulation.

Based on load forecasting, fuzzy control is employed to evaluate the comprehensive
merit values of multiple scenarios using switch-switching frequency, power loss, and
operational cost as fuzzy control criteria.

The optimal variable-capacity-regulating scheme is selected, and after incorporating
it into the simulation, the voltage and current waveforms for the A−, B−, and C−phases
are obtained, as shown in Figure 14. With reasonable capacity regulation, the number of
switching operations for the transformer is reduced from eight to four, avoiding frequent
switching actions and achieving the goal of hesitant fuzzy control.
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Figure 14. The switching times in A−, B−, and C−phase voltage and current of the basic control
(8 times) and predictive control (4 times) under fuzzy control.

6.5. Scene Analysis

To test the effectiveness and reliability of the proposed method, this paper selects three
different scenarios for analysis, as detailed below:

(1) Scenario 1: During the busy agricultural season, electricity consumption in rural
power grids is concentrated, leading to significant load fluctuations and severe over-
loading of transformers.

(2) Scenario 2: During the idle agricultural season, electricity consumption in rural power
grids is more dispersed. Transformers operate in no-load or light-load conditions for
extended periods, leading to higher no-load losses.

(3) Scenario 3: Urban residents’ electricity consumption follows daily life rhythms, result-
ing in large peak–valley differences in electricity usage.

For each of the three scenarios, the MSDBO−CNN−LSTM model is used to make
predictions, resulting in 10 sets of 24−h predicted data for this scenario. Ten sets of 24−h
actual data are selected to simulate the conventional OLCR transformer, and 10 sets of
24−h predicted data are selected to simulate the OLCR transformer based on the method
proposed in this paper. The simulation results are analyzed to validate the superiority of
the method proposed in this paper under each operating scenario.

MATLAB/SIMULINK simulations using data from September to October are con-
ducted, corresponding to the busy agricultural season. The simulations are used to calculate
the daily operating costs, power loss, and number of switch changes for the transformer.
The results from the ten sets of calculations are used to compare the performance of the
conventional OLCR transformer and the OLCR transformer based on load prediction and
hesitant fuzzy decision-making. A S11−M 315/100kVA OLCR transformer is selected for
this scenario. The results are shown in Table 9.
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Table 9. Results of 10 cases in the busy agricultural season.

Case

The Number of
Switch Changes

Power Loss (kWh) Operating Costs (CNY)

Conventional
Method

New
Method

Conventional
Method

New
Method

Conventional
Method

New
Method

1 2 1 17.6 19.2 10.9 11.8
2 2 1 21.2 23.4 12.6 14.0
3 4 3 31.7 33.6 18.0 19.3
4 1 1 16.7 19.1 10.3 11.7
5 4 3 34.5 36.8 19.3 20.8
6 4 2 30.5 32.1 17.3 18.5
7 3 1 25.6 27.5 14.9 16.2
8 3 1 27.4 29.4 15.8 17.2
9 2 1 20.8 21.8 12.4 13.1

10 3 2 25.0 28.1 14.5 16.4

Calculating the average of the results from the 10 cases can provide a better overall
analysis of the effectiveness and superiority of the proposed method in this paper. Table 10
compares the various results of the fixed-tap transformer, the OLCR transformer controlled
by the traditional method, and the OLCR transformer controlled by the new method
proposed in this paper.

Table 10. Average results for the busy agricultural season.

The Number of
Switch Changes

Power Loss
(kWh)

Operating Costs
(CNY)

Fixed-tap transformer / 37.9 21.3
Conventional method 2.8 25.1 14.6

New method 1.6 27.1 15.9

Ten sets of 24−h data from March for the idle agricultural season are used to simulate
and verify the conventional OLCR transformer and the OLCR transformer based on the
method proposed in this paper, following the same validation method used for the busy
agricultural season scenario. A S11−M 315/100kVA OLCR transformer is selected for this
scenario. The results are shown in Table 11.

Table 11. Average results for the idle agricultural season.

The Number of
Switch Changes

Power Loss
(kWh)

Operating Costs
(CNY)

Fixed-tap transformer / 84.3 42.1
Conventional method 6.3 33.7 19.2

New method 2.7 36.8 20.7

Similarly, for the urban residents’ electricity consumption scenario, 10 sets of 24−h
data are randomly selected from the entire year for simulation and verification of both the
conventional OLCR transformer and the OLCR transformer based on the method proposed
in this paper. A S11−M 400/125kVA OLCR transformer is selected for this scenario. The
results are shown in Table 12.
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Table 12. Average results of urban residents.

The Number of
Switch Changes

Power Loss
(kWh)

Operating Costs
(CNY)

Fixed-tap transformer / 58.5 29.2
Conventional method 3.7 29.8 17.2

New method 2.1 31.1 17.8

The following conclusions can be drawn from the above scenarios:

(1) Both the conventional OLCR transformer and the OLCR transformer controlled by
the method proposed in this paper can effectively reduce power loss and operating
costs, with the reduction effect significantly increasing as the load decreases. For
the idle agricultural season in rural power grids, using the method proposed in this
paper reduces daily power loss and daily economic loss by an average of 56.3% and
50.8%, respectively. For the busy agricultural season in rural power grids, using
the method proposed in this paper reduces daily power loss and daily economic
loss by an average of 28.5% and 25.4%, respectively. For urban residents’ electricity
consumption, using the method proposed in this paper reduces daily power loss and
daily economic loss by an average of 46.8% and 39%, respectively.

(2) Compared to a conventional OLCR transformer, an OLCR transformer controlled by
load prediction and fuzzy hesitant decision-making can significantly reduce the daily
number of switch operations while sacrificing some loss reduction capability. For the
three scenarios mentioned above, the method used in this paper can sacrifice 3.5% to
9.2% of the loss reduction capability in exchange for reducing the number of switch
operations by 28.6% to 57.1%. This significantly extends the lifespan of the switches,
thereby increasing the operational lifespan of the transformer.

7. Conclusions

The control method proposed in this paper enables OLCR transformers to effectively
address operating conditions, such as no-load, light-load, overload, and voltage fluctuations
caused by load fluctuations, which is of great significance for building energy-efficient and
smart grids. This paper utilizes the MSDBO−CNN−LSTM neural network to predict the
load situation, calculates the switch node based on transformer parameters, and analyzes its
economic feasibility. By employing hesitant fuzzy control to select the optimal switch node,
a SIMULINK model for OLCR transformers is constructed and simulated. Experimental
validation demonstrates the superiority of this method in different electrical scenarios,
leading to the following conclusions:

(1) The utilization of an MSDBO−CNN−LSTM neural network in this study for forecast-
ing the load conditions for the next 24 h enables accurate switching of the transformer
capacity mode. This helps avoid prolonged periods of overload or light-load condi-
tions for the transformer. By reducing losses, it extends the operational lifespan of
the on-load variable transformer, thereby enhancing the security and stability of the
power grid.

(2) In this study, a hesitant fuzzy control approach is employed to select the variable-
capacity regulating nodes. Considering the three major factors of loss, economy,
and switching frequency, the approach aims to minimize power loss and operating
cost while reducing the number of switching operations. This strategy helps avoid
a decrease in the operational lifespan of the transformer due to frequent capacity
switch operations.

(3) This control method demonstrates good capacity adjustment effects for OLCR trans-
formers in rural distribution networks with seasonal loads and in urban residential
networks with symmetric loads. It is applicable in various scenarios and exhibits
superior performance. For the three scenarios mentioned above, the method reduces
daily power loss by 28.5% to 56.3% and daily operating costs by 25.4% to 50.8%. The
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method used in this paper can sacrifice 3.5% to 9.2% of the loss reduction capability
in exchange for reducing the number of switch operations by 28.6% to 57.1%. This
significantly extends the lifespan of the switches, thereby increasing the operational
lifespan of the transformer.

The work presented in this paper focuses on the analysis of the losses and economics
of distribution transformers under balanced three-phase scenarios. In future work, the
authors plan to conduct further research on the transformer adjustment strategy under
three-phase unbalanced scenarios.
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Abstract: The frequency support capacity of power loads is essential for maintaining active power
symmetry and balance between the generation and demand sides of power systems. As the pro-
portion of renewable energy sources and power electronic equipment increases, the inertia on the
power generation side decreases, highlighting the growing importance of frequency support on the
load side. As it is generally believed that the active power balance of power systems determines
the frequency stability, few studies have considered the effect of voltage variation on the frequency
response dynamics. It is important to note that the node voltage keeps fluctuating throughout the fre-
quency dynamic process, which affects the active power of loads and should not be neglected. Based
on the aforementioned rationales, this paper endeavors to investigate the modeling of power load
frequency response and analyze its support capability considering the voltage variation effect. This
paper initially establishes the small-signal model of dynamic load under frequency dynamics, derives
the transfer function relating active power to system frequency deviation, and subsequently develops
its frequency response model. Subsequently, commencing with the ZIP model of static load, the
power fluctuation of load nodes is derived from the influence of preceding nodes, and the frequency
response model of the static load is formulated and its frequency support capacity is scrutinized.
Based on this foundation, a comprehensive aggregation model of the complex load is constructed,
and its frequency support capability is assessed using actual data. Finally, the proposed model and
analysis results are validated through simulation, confirming their correctness and effectiveness.

Keywords: active power symmetry; frequency response modeling; dynamic load; static load; voltage
variation effect

1. Introduction

The symmetry between the generation and load sides of power systems plays a crucial
role in determining the balance and stability of the overall system [1]. The power load
comprises both dynamic and static loads, with their frequency support capabilities playing
a pivotal role in maintaining the active power symmetry of power systems [2]. Due to the in-
creasing share of renewable energy and the widespread use of large-scale power electronic
equipment, the inertia level in new power systems is on a declining trend, posing a serious
threat to their safe operations [3–7]. In comparison with traditional power systems, there
has been a gradual decrease in inertia on the generation side and an increase on the load
side [8]. Further research is needed to explore the system’s frequency support capabilities
within the context of decreasing inertia levels [9]. However, in comparison to traditional
synchronous systems, this new system encounters two significant challenges [10,11]. Firstly,
there is a pronounced fluctuation and intermittency in the output of renewable energy
sources. Secondly, a significant number of wind power and photovoltaic systems, which
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lack rotational inertia, are replacing synchronous generators [12]. As a result, the frequency
stability of the new power system is severely compromised. In comparison to the con-
ventional power system, the frequency response capability of the load side should not be
overlooked [13,14]. Therefore, it is crucial to investigate the frequency response capability
and response principles of the power load to ensure the symmetry and stability of modern
power systems [15,16].

Within the framework of load, two frequently used models are the static load model
and the dynamic model. The static load model encompasses the constant impedance,
constant current, and constant power load (ZIP) model [17]. Previous research has predom-
inantly focused on investigating the correlation between load frequency and active power,
with limited attention given to the impact of voltage fluctuation on frequency response
dynamics. It is important to acknowledge that the node voltage undergoes fluctuations
throughout the dynamic frequency process, thereby influencing the active power of the
load and should not be disregarded.

In [18], in order to determine the parameters of the load model, a time-varying
comprehensive load model was established. However, this paper does not focus on the
relationship between system frequency and load response and does not focus on the
coupling relationship between frequency, voltage, and power. In [19], derived from the
fifth-order model of the induction motor, the equivalent conduction function of frequency
and active power is constructed, which represents the load model’s dynamic characteristics.
However, this paper assumes that the terminal voltage of the induction machine is constant
and does not consider that the voltage change also affects the frequency response of the
induction machine load. It is very important to construct a comprehensive mathematical
model for the load system frequency response, considering voltage variation. The static load
model mainly reflects the frequency characteristics of the load side resistance, inductance,
and capacitance of the electrical equipment and depicts the relationship among the power,
voltage, and frequency of this type of electrical equipment. The authors in [20] investigated
how the static load frequency response model affects the stability of the Shanghai power
grid. Meanwhile, the authors in [21] thoroughly analyzed the frequency characteristics
of the static load model and developed a simulation model using the PSD-BPA software
platform, considering the load composition and proportion of the Yunnan power grid.
However, these studies mainly focus on the frequency characteristics of the static load,
without incorporating small-signal modeling for the static load during small disturbances.
Moreover, the voltage at the load node also changes due to system frequency, intensifying
the frequency response of the static load. In contrast, the authors in [22] take into account
the voltage fluctuation of the static load and analyze its frequency response under small
disturbances. However, it does not consider the perspective of the entire power grid, and
the voltage change during frequency disturbances remains uncertain.

To address the above issues, this paper aims to establish a comprehensive load model,
including static load and dynamic load considering the voltage variation, and its overall
frequency supporting capability is analyzed. The main contributions of this paper are
outlined below.

This paper proposes a small-signal model of dynamic load under frequency dynamics.
Furthermore, the transfer function is derived for the deviation between active power and
system frequency, constructing a dynamic load frequency response model and evaluating
its capability to support system frequency.

Based on the ZIP model of static load, a frequency response model is established and
tested for its ability to support varying frequencies. The frequency response model of
the static load encompasses changes in node voltage, effectively capturing the frequency
response capability of the static load.

This paper develops a comprehensive load frequency response model incorporating
dynamic and static load. The model considers fluctuations in node voltage to more precisely
characterize the load behavior. Simulation results demonstrate that, in comparison with
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the previous load model, the power curve generated by the proposed model closely aligns
with the actual curve.

The remainder of this paper is structured as follows: A frequency response model
for dynamic load is established in Section 2. A static load frequency response model is
developed in Section 3, taking into account variations in node voltage. A comprehensive
load frequency response model is developed in Section 4, which incorporates both dynamic
and static loads and considers the fluctuation of node voltage to provide a more precise
characterization of load behavior. In Section 5, the proposed comprehensive model con-
sidering voltage variation and frequency support capability analysis results are verified
through simulations using MATLAB, PSASP, and DIgSILENT. Finally, Section 6 concludes
this paper.

2. Dynamic Load Modeling and Analysis

The primary sources of dynamic load in power systems are induction machines, which
are extensively utilized in textile, machinery, and other industrial applications. Unlike
synchronous machines, induction machines exhibit a slip between their speeds and the
grid frequency [23]. Nevertheless, they still contribute to the frequency response and
provide support for the power grid frequency, serving as the principal resource for inertia
support on the load side. On this basis, this section establishes the small-signal model
of the induction machine, which includes both the power-frequency and power-voltage
balancing. Utilizing the proposed model, the frequency support capability of the dynamics
is analyzed.

2.1. Model Derivation

The power system model is shown in Figure 1, where the induction machine is
connected to the generation through transmission lines. To focus on the frequency support
capability of the induction machine, the generation is simplified to the infinite power
supply. When the system’s active power balancing is disturbed, the system frequency will
change, which also affects the system power flow [24,25]. Therefore, the terminal voltage
of the induction machine also changes, which can be obtained as follows:

Ut =

√
(Un − PemRl + QemXl

Un
)

2
+ (

PemXl + QemRl
Un

)
2

(1)

where Ut denotes the terminal voltage of the induction machine; Pem and Qem are the active
power and reactive power of induction machine; the Rl and Xl denote the resistance and
reactance of induction machine; and Un denotes the terminal voltage of the generation.

 
Figure 1. Configuration of power system containing dynamic load.

In the frequency dynamics of the induction machine, the parameters on the rotor side
can be transformed to the stator side. The mechanical transient circuit of the stator and rotor
windings of the induction machine is illustrated in Figure 2a. Since the mutual inductance
xm of the fixed rotor is much larger than the leakage reactance xr of the rotor winding in
practical applications, the mechanical transient equivalent circuit of the induction machine
is depicted in Figure 2b with xm neglected.
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(a) 

 
(b) 

Figure 2. Induction motor mechanical transient time circuit. (a) Induction motor mechanical transient
equivalent circuit. (b) Equivalent circuit of induction motor.

In Figure 2, the parameters rs and xs represent the equivalent resistance and leakage
reactance of the stator windings, while rr and xr denote the equivalent resistance and
leakage reactance of the rotor windings. Additionally, xm signifies the mutual inductance
of the stationary rotor, and sslip denotes the slip rate of an induction motor.

The induction machine model under frequency dynamics is widely used in power
system modeling, which is shown below [26].⎧⎪⎪⎨⎪⎪⎩

Pem =
U2

t

(xs+xr)
2+(Rs+

Rr
sslip

)
2 (Rs +

Rr
sslip

)

Qem =
U2

t

(xs+xr)
2+(Rs+

Rr
sslip

)
2 (xs + xr)

(2)

Pmm = kωr

[
α + (1 − α)

(
1 − sslip

)ρ]
(3)

2Ham
dωr

dt
= ΔPem − ΔPmm (4)

sslip =
ω − ωr

ωr
(5)

where x and R denote the induction machine reactance and resistance; the subscript s and
r represent the stator winding and rotor winding of induction machine; Pmm represents
the mechanical power of an induction machine; Sslip and Ham denote the slip and inertia
of the induction machine; α represents the constant torque component; k represents the
load factor; ρ represents the mechanical characteristics of induction machine, which is
exponential; and ω and ωr are the angular speed of power system and induction machine.

In practical power systems, Un is not an ideal infinite voltage source, but varies due
to the active power disturbance. Un and f are inputs, and Pe, consumed by the induction
motor, is output. According to the small-signal method, Equations (1)–(5) can be linearized
to obtain the following equations:

ΔUt = K1ΔPem + K2ΔQem + KvΔUn (6)

68



Symmetry 2024, 16, 918

{
ΔPem = K3ΔUt + K4Δsslip
ΔQem = K5ΔUt + K6Δsslip

(7)

ΔPmm = K7Δsslip + K8Δωr (8)

Δsslip = K9Δ f + K10Δωr (9)

2HamsΔωr = ΔPem − ΔPmm (10)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

K1 = −Rl(U2
n−Pem0Rl−QemXl)+Xl(Pem0Xl+QemRl)

U2
n

√(
Un− Pem0Rl+QemXl

Un

)2
+
( Pem0Xl+Qem Rl

Un

)2

K2 = −Xl(U2
n−PemRl−Qem0Xl)+Rl(PemXl+Qem0Rl)

U2
n

√(
Un− Pem Rl+Qem0Xl

Un

)2
+
( PemXl+Qem0Rl

Un

)2

Kv =
U2

n0(PemRl+QemXl−1)[(PemRl+QemXl)−U2
n0]−(PemXl+QemRl)

2

U3
n0

√
(Un0− Pem0Rl+QemXl

Un0
)2+(

Pem0Xl+Qem Rl
Un0

)
2

(11)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

K3 = 2Ut0(
rs+

rr
sslip0

)2
+(xs+xr)

2

(
rr

sslip0
+ rs

)

K4 =

[
(xs+xr)

2−
(

rs+
rr

sslip0

)2
]

U2
t

(
− rr

s2
slip0

)
[(

rs+
rr

sslip0

)2
+(xs+xr)

2

]2

K5 = 2Ut0(
rs+

rr
sslip0

)2
+(xs+xr)

2
(xs + xr)

K6 =
(xs+xr)

(
rs+

rr
sslip0

)
U2

t

(
− rr

s2
slip0

)
[(

rs+
rr

sslip0

)2
+(xs+xr)

2

]2

(12)

⎧⎨⎩ K7 = kωr0ρ(1 − α)
(

1 − sslip0

)ρ−1

K8 = k
[
α + (1 − α)

(
1 − sslip0

)ρ] (13)

{
K9 = 1

ωr
K10 = −ω

ω2
r0

(14)

where s denotes the differential operator; K1–K10 and Kv denote the coefficient without s;
Pem0 and Qem0 represent the initial values of electromagnetic power and reactive power
of the induction machine, respectively; and Ut0 and Un0 represent the initial values of the
induction machine terminal voltage and the generation terminal voltage, respectively.

In the system frequency response model, it is essential to establish the relationship
between active power and system frequency, which is also called the frequency characteris-
tics. According to the Equations (7)–(10), the induction model can be established as shown
in Figure 3.

As a typical dynamic load, the dynamic characteristics of an induction machine
significantly impact the stability of the power system. As depicted in Figure 3, the grid-
connected induction machine exhibits dynamic voltage and frequency balance. During
a disturbance in the active power, the system frequency is disrupted and undergoes
changes, which further affect the slip rate of the induction machine. As in Equations (8)
and (10), the variations in the slip affect both the active and mechanical powers of the
induction machine. Equation (5) describes how these changes disrupt the power dynamics
equilibrium of the induction machine. Equation (9) further elucidates that alterations in
slip also influence reactive power variations. The fluctuations in both active and reactive
powers of the induction machine subsequently impact changes in system power flow. Due
to the variation in the front-end node voltage, the constant voltage of the induction machine
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node is no longer maintained, thereby amplifying the frequency response of the induction
machine [27].

KK
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Figure 3. Block diagram illustrating the small-signal model of the induction machine.

2.2. Analysis of Frequency Support Capability of Dynamic Load

In response to system frequency disturbances, the slip rate of the induction machine
undergoes instantaneous changes, leading to an immediate adjustment in active power to
counteract the differential power of the system. This alteration in active power disrupts
the equilibrium of the rotor motion equation of the induction machine [28]. According to
the proposed model, both system frequency and node voltage are identified as key factors
influencing the active power of the induction machine. The relationship between them and
active power is depicted in Figures 4 and 5.

Figure 4. The relation between slip and active power.
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Figure 5. The relationship between voltage and active power at different slip rates.

As the slip of the induction machine increases, the active power initially rises and
then declines. The extremum lies within the range of sslip = [0.055, 0.06]. Under normal
circumstances, the induction machine’s steady-state slip is between 0.001 and 0.01. Assum-
ing a positive disturbance in the active power of the system, there is a drop in the system
frequency. The speed of the induction machine also decreases, albeit at a slower rate than
that of the system frequency. As the power system’s frequency decreases, active power from
the induction machine is shed, demonstrating its ability to support the system frequency.

The node voltage also affects the active power consumed. According to Equation (2),
the relationship between active power and node voltage is expressed as a quadratic function.
As the node voltage increases, the active power of the induction machine increases. The
reactive power of the induction motor decreases at the same time.

The disruption of the balance of reactive power and voltage in the system leads to
a decrease in the system’s reactive power level and node voltage. Simultaneously, the
reduction in power consumed by the system lines results in a decrease in line voltage drop.
Figure 6 illustrates that changes in the reactive power have a greater impact on system
voltage than changes in active power during system power flow. Significant variations in
the reactive load force cause an increase in the node voltage for induction machines, leading
to contradictory processes and minimal voltage fluctuations at the induction machine nodes,
ranging from 0 to 0.01 p.u.

Figure 6. The relationship between reactive power, active power, and node voltage.

3. Static Load Modeling and Analysis

3.1. Model Derivation

Similar to the topological structure in Figure 1, the system, which replaces the dynamic
load with static load, is a static load grid-connected model. The ZIP model is always used
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in simulations of power system loads [29]. The nonlinear mathematical formulas of the ZIP
models are shown as follows:⎧⎨⎩ Pes = Pn[p1(

Ut
U0

)
2
+ p2(

Ut
U0

) + p3](1 + kpZIPΔ f )

Qes = Qn[q1(
Ut
U0

)
2
+ q2(

Ut
U0

) + q3](1 + kqZIPΔ f )
(15)

{
p1 + p2 + p3 = 1
q1 + q2 + q3 = 1

(16)

where Pes and Qes represent the active power and reactive power; Pn, Qn and U0 represent
the nominal active and reactive power and the nominal voltage of the load; p1, p2, and p3
represent the participation coefficients of ZIP, respectively, in the active power consumed
by the static load; q1, q2, and q3 represent the participation coefficients of ZIP, respectively,
in the reactive power consumed by the static load; kpZIP and kqZIP denote the frequency
participation for the cases of active and reactive power; and Δ f represents the rate of
frequency change.

Similarly, in the actual power system, the front-end node voltage of the load will
also change under the influence of power disturbance. To investigate the frequency
support capability of the static load, the small-signal method is employed to linearize
Equations (15) and (16). The linearization results are shown below:{

ΔPes = K11ΔUt + K12Δ f
ΔQes = K13ΔUt + K14Δ f

(17)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

K11 = Pn

[
2p1

(
Ut0
U0

)
+ p2

U0

](
1 + kpzip f0

)
K12 = Pn

[
p1

(
Ut0
U0

)2
+ p2

(
Ut0
U0

)
+ p3

]
·kpzip

K13 = Qn

[
2q1

(
Ut0
U0

)
+ q2

U0

](
1 + kqzip f0

)
K14 = Qn

[
q1

(
Ut0
U0

)2
+ q2

(
Ut0
U0

)
+ q3

]
·kqzip

(18)

where K11–K14 denote the coefficient without s. According to the proposed Equations (17) and (18),
the load model can be established as shown in Figure 7.
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tUΔ nUΔ

Figure 7. Block diagram illustrating the small-signal model of static load.
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As shown in Figure 6, similar to the dynamic machine, the grid-connected static load
also includes the dynamic voltage balance and dynamic frequency balance. According
to Equations (13) and (14), the variation in system frequency is proportional to the active
power consumed by the static load. Upon the occurrence of a frequency disturbance in
the system, the frequency drives the static load power change and then causes the system
power flow change, which leads to the node voltage change. This dynamic process does
not end until a new steady state is reached.

3.2. Analysis of Frequency Support Capability of Static Load

The static load is responsible for adjusting the active power output in response to
deviations in system frequency. It exhibits prompt reactivity during frequency dynamics,
although it is also subject to significant influence from node voltage. Any changes in
voltage at the load node that occur in the opposite direction have the potential to exacerbate
the differential power within the system.

According to the proposed model, the system frequency and node voltage are the key
factors affecting the active power of the static load. The relationship between them and
active power is shown in Figures 8 and 9, with different voltages.

Figure 8. The relation between frequency and active power.

Figure 9. The relationship between voltage and active power under different frequency deviation.

As shown in Figure 8, the proportionality coefficient kpZIP is positive. When the
variation in the system frequency is positive and increasing, the active power absorbed by
the static load demonstrates a concurrent increase. Assuming the active power disturbance
of the system is positive, the system frequency decreases. The active power consumed

73



Symmetry 2024, 16, 918

by the static load will also decrease. However, due to the small value of the proportional
coefficient kpZIP and the range of frequency variation in the system is usually between 0
and 0.5 Hz, the range of variation in the active power influenced by the frequency is also
very small.

As shown in Figure 9, due to the presence of constant resistance, the voltage has a
quadratic relationship with the active power drawn by the static load. As the node voltage
rises, the active power is increased by the static load. Similar to the dynamic load, when the
system experiences a disturbance in the active power and the system frequency changes,
the node voltage of the static load also has a dynamic process. Assuming that the active
power disturbance of the system is positive, the system frequency drops. The active and
reactive power utilized by the static load will also decrease. The reactive power balance
of the system is broken, resulting in a decrease in the total reactive power level and node
voltage. At the same time, as the voltage loss on the line decreases, the node voltage
level will also increase. The two contradictory dynamic processes continue until a new
steady state occurs. Since the proportional coefficient kpZIP of static load is small and the
frequency change is small, the power change in the static load is mainly affected by the
node voltage. As for the supporting effect of the system frequency, the static load itself
has a supporting effect on the frequency stability. But due to the uncertain change in node
voltage, its supporting effect is not obvious compared with the dynamic load. In the actual
power system, the node voltage has a variety of voltage regulation methods, including:
forward and reverse voltage regulation. The voltage regulating operation will also directly
affect the node load state.

4. Frequency Support Capacity Analysis of Complex Load

4.1. Comprehensive Modeling

The node load of a power system encompasses both dynamic and static loads. The
active power of the complex load represents the aggregate active power, encompassing
both dynamic and static loads, as does the reactive power. Its mathematical expression is
shown in (19) and (20):

ΔPe = ∑n
i=1 ΔPem,i + ∑m

j=1 ΔPes,j (19)

ΔQe = ∑n
i=1 ΔQem,i + ∑m

j=1 ΔQes,j (20)

where ΔPe and ΔQe denote the active and reactive powers of the complex load; n and m
denote the total number of dynamic loads and static loads. Based on the same principle as
(1), the voltage changes in this node can be determined through the power flow calculation
as follows:

Ut =

√
(Un − PeRl + QeXl

Un
)

2
+ (

PeXl + QeRl
Un

)
2

(21)

As the calculated values are all nominal unit values, each load needs to have a pro-
portional coefficient to represent the load capacity of the complex load. The proportional
coefficient is shown as follows:

Ki =
si

∑n
i=1 si + ∑m

j=1 sj
(22)

Kj =
sj

∑n
i=1 si + ∑m

j=1 sj
(23)

where Ki and Kj denote the proportional coefficients of the dynamic load i and static load j
and si and sj denote the apparent power of the dynamic load i and static load j.

Based on (19) and (21), the configuration of the load model is depicted in Figure 10.
Each load has two inputs: node voltage and system frequency. The number of dynamic
loads is n, and the number of static loads is m. The output of the complex load comprises
both active power and reactive power. It is important to note that the output power must
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be multiplied by the proportional factor Ki or Kj for each load. The active and reactive
powers of the node are the aggregate values of n dynamic loads and m static loads. Since
the power sum has been multiplied by the proportional factor Ki or Kj, there is no error
in the calculation of the identity value. The sum of the active and reactive powers of the
nodes is divided into the node voltage dynamic balance, which makes the nodal voltage
calculation more accurate. Finally, the voltage Ut is fed back into the load transfer function,
which forms the dynamic balance of power, frequency, and voltage. The complex load has
both dynamic and static load characteristics, which can better reflect node load fluctuations.
This further facilitates the analysis of the load’s frequency support capability.
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Figure 10. The model of complex load.

4.2. Parameter Influence Analysis

Some parameters indirectly impact the dynamic balance between active power and
frequency, influencing the balance process. Taking an induction machine as an example,
both its inertia and rotational speed significantly affect the power-frequency dynamic
process. The rotational speed of an induction machine directly affects the amount of kinetic
energy stored in its rotor, thereby modifying the machine’s inertia. This inertia plays a
crucial role in preventing sudden changes in system frequency and maintaining system
stability. Additionally, it can enhance overall system inertia levels and improve frequency
stability [19].

The distribution of each component within the ZIP also impacts the frequency response
capability. The constant power component lacks the frequency response capability, as its
active power remains unchanged regardless of variations in system frequency and voltage.
Consequently, a higher proportion of constant power results in a weaker frequency response
capability. Additionally, there exists a quadratic relationship between constant impedance
loads and node voltage, leading to the power variation in constant impedance loads being
more dependent on changes in node voltage.

Table 1 shows the node load components of the U.S. Eastern Interconnection Grid. As
a dynamic load has a better frequency support capability than a static load, the higher the
proportion of dynamic loads, the better the frequency response capability of the node.
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Table 1. The node load components of the U.S. Eastern Interconnection Grid.

Node
Dynamic
Load (%)

Constant
Impedance (%)

Constant
Current (%)

Constant
Power (%)

Remaining
Load (%)

MISO Vectren 85.4 0 2.16 11.34 1.1
MISO ATC 61.775 18.6 1 4.425 14.2
West MA 61.46 10.2 0 14.43 13.91

4.3. Overall Framework

Based on the preceding sections, this paper presents a comprehensive load frequency
response model that incorporates the impacts of voltage fluctuations and evaluates its
frequency support capability. Firstly, the transfer function of power consumption and
frequency deviation of the induction machine are derived based on the proposed small-
signal model. The frequency support capability of the induction machine is then examined,
with an analysis of its response characteristics and parameter influence mechanism at
various stages. Furthermore, a static load frequency response model is developed to account
for voltage variations, thereby accurately capturing the frequency response capabilities.
Based on this foundation, a comprehensive load frequency response model is established to
incorporate the impact of voltage fluctuations. This model is integrated into the traditional
system frequency response model, and validation and parameter analysis are conducted to
assess the load frequency support capacity across different proportions and types, as well
as to examine the influence mechanism of parameters. The overall framework of this paper
is presented in Figure 11.

Voltage Variation effect

Small-singal modeling Frequency support 
capability analysis

Small-singal modeling Frequency support 
capability analysis

System Frequency Response Model

Complex Load Modeling

Dynamic Load

Static Load

 

Figure 11. Overall framework.

5. Case Study and Analysis

In this section, the comprehensive load model proposed in this paper is tested and
verified through simulations and analysis using MATLAB/SIMULINK and PSASP. The
proposed model in the SFR system is implemented and validated using MATLAB, with
corresponding practical examples established with PSASP for comparative analysis and
verification. To demonstrate the practicality and viability of this model in power systems
with actual frequency characteristics, simulations and analyses are conducted using the
IEEE 39-node system on the DIgSILENT PowerFactory platform.

5.1. Model Validation

(1) Dynamic load model and static load model

The proposed model is firstly verified using MATLAB/SIMULINK and PSASP using
the power system model in Figure 1. Parameters of dynamic load and static load are
shown in Tables 2 and 3, respectively. The simulation duration is 50 s, and the system
synchronous generator is equipped with primary frequency modulation equipment. The
output quantity is system frequency f , node voltage Ut, and dynamic load active power
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offset Pe. In the steady-state condition, Δ f = 0, ΔUt = 0, and ΔPe = 0. At t = 0, a
disturbance of ΔPd = 0.05 p.u. is applied, and the changes in system frequency, voltage,
and active power of load are shown in Figures 12–14. The dynamic load initial point is
f = 50 Hz, Ut = 1.016 p.u., and Pes = 1.025 p.u.

Table 2. The parameter of dynamic load.

Dynamic Load Parameter Ham ωr0 xs xr rs

parameter values 0.5 0.973 0.11 0.12 0.011

Table 3. The parameter of static load.

Static Load Parameter Pns kpZIP p1 p2 p3 Qns kqZIP q1 q2 q3

per-unit value 1.025 1 0.2 0.2 0.6 0.94 1 0.2 0.2 0.6

Figure 12. The curve of system frequency considering dynamic load.

Figure 13. The node voltage of dynamic load.
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Figure 14. The curves of active power under different models.

Figure 12 shows that when the system experiences a disturbance in the active power,
the system frequency first drops to the nadir point and then recovers to a new steady state
fnadir = 49.94 Hz. As illustrated in Figure 13, the node voltage of the induction machine
increases immediately after the frequency changes. The reactive power of the induction
machine exhibits a rapid decrease, so that the voltage lost on the line also decreases, leading
to the rapid increase in node voltage. The figure illustrates that the node voltage has a
small change and the overall change range is within 4.5 × 10−3 p.u.

At the beginning stage of the frequency disturbance, the active power of the induction
machine experiences a swift decline, followed by a gradual dissipation of the stored kinetic
energy in the rotor, and the active power rises, as shown in Figure 13. This verifies the
theory proposed in Section 2.2. Figure 14 has three curves: the actual power curve, the
curve under the proposed model, and the curve of the original model. The figure indicates
that the curve waveform of the model proposed in this paper aligns with the actual curve
and exhibits a higher degree of fitting. This study diverges from traditional approaches
that primarily focus on the direct impact of the frequency deviations on the active power
balance by incorporating the influence of the voltage variations on the load dynamics. It is
observed that voltage fluctuations play a significant role in affecting the active power of
loads during frequency dynamics. Therefore, the proposed model in this paper is validated
with its precision and reliability. On this basis, a comprehensive analysis of the parameter
influence of complex load can be conducted.

Based on the simulation analysis results presented above, it is evident that the pro-
posed model curve aligns well with the actual curve, demonstrating a high degree of fitting
in relation to load voltage variations. In contrast to traditional methods, which primarily
consider the direct impact of frequency deviation on the active power balance, our pro-
posed model incorporates the influence of voltage fluctuations on load dynamics. It is
important to note that in the frequency dynamic process, voltage fluctuations significantly
impact the active power of the load.

To verify the frequency response of the static load, the system load is changed to a
static load and the same active power disturbance is applied. Figures 15–17 show the
system frequency variation, node voltage variation, and static load power variation. The
static load initial point is f = 50Hz, Ut = 1.017 p.u., and Pes = 1.025 p.u.
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Figure 15. The curve of system frequency considering static load.

Figure 16. The node voltage of static load.

Figure 17. Comparison of active power curves of three different models.
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As depicted in Figure 15, the system frequency drops first and then recovers to a new
steady state. The nadir point of the system frequency is fnadir = 49.928Hz. Hence, when
the system frequency alters, the anti-interference power of the system carrying the dynamic
load is much greater than that of the static load. Due to the load-shedding device and the
primary frequency modulation device, the system frequency settles into a new steady state.

As illustrated in Figure 16, the fluctuation in node voltage is opposite to that of the
dynamic load. When the static load voltage is disturbed by frequency, the voltage decreases
first and then increases. The general trend of the voltage variation is consistent with that of
the frequency. The voltage variation is not only due to the reduction in the reactive power
level of the system but also to the action of the synchronous generator itself. Under the
dual action of frequency and voltage, the active power of the static load decreases first
and then increases, as shown in Figure 17. The frequency response speed of the static load
is the same as that of the dynamic load, but it is mainly passive change according to the
change in frequency and voltage. It cannot provide stored kinetic energy to prevent a
frequency disturbance as dynamic loads do, and it does not have the active support ability
of the frequency response. However, due to voltage and frequency changes, active power
changes in the static loads can prevent the aggravation of system frequency deterioration.

Figure 17 contains three curves: the actual power curve, the power curve of the
proposed model, and the power curve of the original model. The figure demonstrates that
the power curve of the model proposed in this paper aligns closely with the actual power
curve waveform, indicating a higher degree of fitting. The power curve of the original
model, which is proportional to the frequency change, cannot reflect the actual change in
the static load more effectively. Therefore, Figure 17 verifies the accuracy of the model
proposed in Section 3.1.

(2) The complex model

For consideration of complex models containing dynamic loads and static loads, the
analysis focuses on the node MISO ATC in the U.S. Eastern Interconnection Grid, as shown
in Table 1. The simulation duration is 100 s. At t = 25 s, an active power disturbance of
ΔPd = 0.025 p.u. is applied to the system. The complex load initial point is f = 50 Hz,
Ut = 0.9457 p.u., and Pe = 7.335 p.u. Figures 18–20 show the system frequency variation,
node voltage variation, and load power variation.

Figure 18. The curve of system frequency considering comprehensive load.
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Figure 19. The node voltage of complex load.

Figure 20. The curve of active power considering the actual model and the proposed model.

As depicted in Figure 18, the trend of the system frequency variation corresponds to
that shown in Figures 11 and 14, which first reaches the nadir point and then recovers to
the new steady state. Due to the large proportion of static load contained in the complex
load, the voltage of the complex load node decreases rapidly and then recovers to the new
steady state after being disturbed. Therefore, the voltage curve in Figure 19 drops rapidly
at first and then rises, gradually returning to a steady state. Figure 20 shows that the active
power curve of the load model proposed in this paper is consistent with the waveform of
the actual curve. The final data has some deviation because the actual comprehensive load
contains some unknown load parameters. The maximum error of the active power curve is
0.008 p.u., which is in line with the actual engineering error range.

5.2. Parameter Influence Analysis

To investigate the parameter impact of the power load on the system frequency, the
minimum point of the system frequency varies with the system inertia value. At time
t = 0 s, a disturbance of the same ΔPd = 0.025 p.u. is applied. The final result is shown in
Figure 21.
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Figure 21. The relation between inertia and nadir point under PSASP.

The nadir point serves as an effective metric for assessing the system’s frequency
support capability. It can be seen from Figure 21 that with the increase in the inertia of the
induction machine, the nadir point of the frequency of the system after the disturbance
gradually decreases. It has been demonstrated that the inertia of the induction machine
can effectively support the system frequency.

To validate the impact of induction machine speed on the system frequency re-
sponse, the nadir point of system frequency was measured by applying a disturbance
ΔPd = 0.05 p.u. By changing the different speeds of the induction machine, the results are
shown in Figure 22.

Figure 22. The relation between rotational speed and nadir point under PSASP.

Figure 22 shows the relationship between rotational speed and nadir points. With the
increase in the speed, the nadir point of the system gradually decreases, which proves that
the frequency support capacity of the induction machine is stronger. There are two factors
contributing to this phenomenon. Firstly, the speed of the induction machine directly
affects the size of the slip. Moreover, an increased rotor speed leads to a higher amount of
kinetic energy stored in the rotor. When the system is disturbed, the induction motor can
release more kinetic energy.

Since constant power loads have no frequency response capability, it is only necessary
to adjust the proportion of constant impedance and constant current loads to analyze the
frequency response capability of static loads. The initial voltages of the load node are
Ut = 1.072 p.u. and Ut = 0.9459 p.u. A disturbance of ΔPd = 0.05 p.u. was applied to
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observe the nadir points of the system frequency under static loads of different proportions.
The final results are shown in Figure 23.

(a) 

(b) 

Figure 23. The relation between the proportion of different types of loads and system frequency.
(a) Ut = 1.072 p.u. (b) Ut = 0.9459 p.u.

In order to exclude the mutual influence of two variables, only the constant power
load is included in the static load, as the variable. As depicted in Figure 23, as the ratio of
constant current and constant impedance increases, the nadir point of the system frequency
gradually diminishes, leading to increased stability in the system frequency. According to
the curve in the figure, no matter what the node voltage is, the nadir point of the constant
impedance load is always lower than that of the constant current load. The results show
that the constant impedance load has better frequency support ability than the constant
current load.

5.3. Validation and Analysis in Practical System

In this section, the accuracy of the proposed model method is validated using the
IEEE 39-node system on the DIgSILENT PowerFactory platform. Specifically, Node 26 is
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designated as static load, Node 28 is designated as dynamic load, and the parameters are
detailed in Tables 2 and 3. The topology of the IEEE 39-node system is shown in Figure 24.

Figure 24. Topology diagram of the IEEE 39-node system.

When the power system is in a state of stability, the frequency of the system is main-
tained at 50 Hz. Upon disturbance by active power, Figures 25–27 depict the changes
in system frequency, voltage at the load node, and comprehensive load response power
curves.

Figure 25. The system frequency curves under different models.
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Figure 26. The load node voltage curves under different models.

Figure 27. The active power curves under different models.

After an active power disturbance, the system frequency undergoes a change, initially
dropping to its nadir point before gradually increasing through the operation of frequency
modulation equipment. The voltage at the load node experiences a decrease followed by
stabilization due to the combined impact of the terminal voltage and comprehensive load.
The comprehensive load predominantly consists of a static load, with its total capacity
significantly outweighing that of the induction machine. Furthermore, as the static load
power response is heavily influenced by voltage, the overall frequency response curve
closely mirrors the voltage curve for the comprehensive load. Consequently, under the
dual influence of voltage and frequency, the active power curve for comprehensive load
first decreases and then rises to establish a new steady state.

The inertia time constant of the comprehensive load induction machine is evaluated by
using the nadir point of the system frequency as a crucial parameter index for verification.
At time t = 0, a load disturbance of ΔP = 0.01 p.u. is applied to investigate the frequency
response of the induction machine under various inertia time constants, with the results
depicted in Figure 28. The nadir point, as the peak of system frequency deviation, serves as
an effective indicator of the frequency response and support capabilities of the induction
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machine. As the inertia time constant increases, the nadir point of the system frequency
gradually decreases, indicating a corresponding reduction in the system’s frequency devia-
tion. With equivalent capacity, a higher partial inertia time constant for the comprehensive
load induction machine enhances its ability to support frequency and further bolsters the
system’s frequency stability.

 

Figure 28. The relation between inertia and nadir point under DIgSILENT PowerFactory.

To investigate the impact of partial rotor speed on the frequency support capacity of a
comprehensive load in an induction machine system, a uniform active power disturbance
of ΔP = 0.02 p.u. was applied to systems with identical capacity but different rotor speeds.
The resulting changes in the nadir point of the system frequency were then observed,
leading to the generation of the relationship diagram depicted in Figure 29. As the rotor
speed of the induction machine increases under the same capacity, the nadir point of
the system frequency gradually decreases. This observation serves as evidence that the
frequency support capacity of the comprehensive load also increases gradually with the
increase in the rotor speed of the induction machine.

Figure 29. The relation between rotational speed and nadir point under DIgSILENT PowerFactory.

Due to the lack of frequency response capability in a constant power load, it is essential
to investigate the impact of the ratio between constant impedance and constant current
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loads on the frequency response ability of the static load. By adjusting the ratio of various
components with constant current and constant impedance, the minimum point image
of the system frequency can ultimately be achieved as depicted in Figure 30. In order
to mitigate the mutual influence between the two variables, all static loads, other than
the variable itself, are maintained as constant power loads. As depicted in the figure, the
frequency support capacity of a constant impedance load surpasses that of a constant
current load. With an increasing proportion of the constant impedance load within the
static load, there is also an increase in the frequency support capacity of the static load.

Figure 30. The relation between the proportion of different types of loads and nadir point.

6. Conclusions

This paper establishes a comprehensive load frequency response model that inte-
grates both dynamic and static loads, accounting for fluctuations in node voltage, thereby
providing a more precise depiction of the frequency response behaviors of power loads.
Through the utilization of a case study, the proposed comprehensive model and its support
capacity analysis results are validated, with its validity and accuracy in addressing voltage
variation effects.

(1) In this paper, a frequency response model for a dynamic load is established for
frequency dynamics. The simulation results demonstrate that an induction machine
with frequency response capabilities can mitigate its own electromagnetic power,
effectively prevent system frequency fluctuations, and support system frequency
regulation during occurrences of disturbances in active power imbalances.

(2) The small-signal model of static load is established to depict its frequency dynamics,
considering voltage fluctuations. Changes in the node load voltage resulting from
variations in terminal voltage and system power flow subsequently affect the active
power of a static load. Simulation results validate the effectiveness and precision of
the proposed model with its support capability.

(3) On the basis of existing modeling and capacity analysis, a comprehensive model
of complex load is established containing both dynamic and static loads. The anal-
ysis of critical parameters reveals that higher rotor speed and inertia enhance the
load’s frequency support capability. Additionally, the proportional coefficients of
constant impedance and constant current in the static load component can enhance its
frequency support capacity, thereby improving the overall system frequency stability.

In this paper, a load frequency response model for power systems is developed,
taking into consideration the impact of voltage fluctuations and providing a more precise
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depiction of the active load response and frequency support capacity during frequency
dynamics. This research can offer valuable insights and guidance for ensuring the safety
and stability of power systems, with a high penetration of renewable energy sources. For
future research, focus should be drawn to prioritize data-driven approaches in modeling
load frequency responses, as they hold the potential to enhance the accuracy and efficiency
of predicting and managing system dynamics. In actual grids, due to the random and
dynamic nature of the proportion and parameters of each load type, subsequent efforts
should be further dedicated using deep-learning methods to address uncertainties in node
voltage and random fluctuations in load.
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Abstract: The operational stability of the power transformer is essential for maintaining the symmetry,
balance, and security of power systems. Once the power transformer fails, it will lead to heightened
instability within grid operations. Accurate prediction of oil temperature is crucial for efficient trans-
former operation. To address challenges such as the difficulty in selecting model hyperparameters
and incomplete consideration of temporal information in transformer oil temperature prediction,
a novel model is constructed based on the improved whale optimization algorithm (IWOA) and
long short-term memory (LSTM) neural network with self-attention (SA) mechanism. To incorporate
holistic and local information, the SA is integrated with the LSTM model. Furthermore, the IWOA is
employed in the optimization of the hyper-parameters for the LSTM-SA model. The standard IWOA
is improved by incorporating adaptive parameters, thresholds, and a Latin hypercube sampling
initialization strategy. The proposed method was applied and tested using real operational data
from two transformers within a practical power grid. The results of the single-step prediction experi-
ments demonstrate that the proposed method significantly improves the accuracy of oil temperature
prediction for power transformers, with enhancements ranging from 1.06% to 18.85% compared to
benchmark models. Additionally, the proposed model performs effectively across various prediction
steps, consistently outperforming benchmark models.

Keywords: power transformer; top-oil temperature prediction; self-attention mechanism; whale
optimization algorithm; long short-term memory networks

1. Introduction

Power transformers undertake a vital role in the symmetrical operation of power
systems [1]. They serve as critical infrastructure for power transmission and distribution,
with extensive applications in various other fields, such as transportation [2]. Once the
power transformer fails, it can severely disrupt the normality of the power system operation,
potentially causing widespread power outages and significant economic losses [3]. As a
vital component of the power system, the stable operation of the transformer is fundamental
to maintaining the symmetry and balance of the power system [4,5].

Top oil temperature is significant for determining whether the transformer can main-
tain normal operation. In practice, the transformer internal faults rely on the trend of the oil
temperature to make judgments [6,7]. Therefore, the good performance of oil temperature
prediction helps professionals find problems promptly in the transformer’s daily opera-
tion and maintenance. By reliably forecasting oil temperature, we can not only prevent
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unexpected failures but also optimize maintenance schedules, reduce operational risks,
and extend the transformer’s lifespan. Effective oil temperature prediction enhances the
overall reliability and efficiency of the power system, making it an essential component in
maintaining the symmetrical operation of the electrical grid.

Researchers generally study the prediction of transformer oil temperatures through
mathematical and data-driven models [8–10]. Zhao et al. used the least squares method
to establish a parameter identification algorithm [11], and this mathematical model can
effectively predict the top oil temperature but lacks strong generalization ability. Wang et al.
establish a thermal circuit model to simulate the changes in the transformer temperature
over time, but it has a lengthy computation time [12].

With the development of intelligent algorithms, artificial intelligence technologies have
been applied to the field of power system forecasting. Interesting studies can be found in the
fields of load forecasting [13], vehicle-to-grid (V2G) scheduling prediction [14], and solar
irradiance forecasting [15]. There have been some research efforts focused on predicting
transformer oil temperature using these algorithms. Qing et al. developed a model based
on artificial neural networks for forecasting the top oil temperature of transformers [16],
and this model significantly reduces the computational time but ignores the selection
of optimal hyperparameters. Tan et al. proposed a forecast model that considers path
analysis and similar moments [17], but the validation dataset is small and the adaptability
is difficult to confirmed. Li et al. introduced a regression model with enhanced particle
swarm optimization (PSO) for transformer top oil temperature forecast [18]. However, the
large sampling interval of data caused the substandard performance. Based on a similar
day, Tan et al. introduced a method to predict top oil temperature. The above approach
relies solely on single-day similarity for prediction and deteriorates the model prediction
performance [19]. To sum up, these studies do not fully consider temporal information
of different input features, thus failing to combine global and local information within
transformer operational data. In addition, the optimal hyper-parameters of the model are
difficult to determine.

To tackle the issues mentioned, this paper introduces a novel method: an improved
whale optimization algorithm (IWOA) optimized long short-term memory (LSTM) neural
network with self-attention (SA) mechanism model. The proposed method comprehen-
sively addresses challenges related to the difficulty in selecting hyperparameters for the oil
temperature prediction model and the insufficient consideration of temporal information. It
integrates SA with LSTM and utilizes the IWOA to obtain the optimal hyper-parameters for
the LSTM-SA model, resulting in high prediction accuracy. Finally, the proposed method is
tested with actual operating data in a practical power grid. The results demonstrate that
the proposed method has better forecasting performance.

The remaining sections of this paper are as below: Section 2 discusses the power trans-
former and top-oil temperature. Section 3 introduces the LSTM-SA model and the IWOA.
Section 4 presents a case study that shows the superiority of the IWOA for optimization
and the effectiveness of the proposed method for predicting top-oil temperature. Finally,
conclusions and discussions are presented in Section 5.

2. Power Transformer and Top-Oil Temperature

The top oil temperature of a transformer is a crucial indicator for measuring the re-
liability of transformer operation, monitoring the internal insulation status. Accurately
predicting the top oil temperature of the power transformer is of great significance for
analyzing potential faults, carrying out transformer operation and maintenance, main-
taining the symmetry and balance of the power system, and achieving early warning of
transformer failures. It is a key factor in limiting the transformer’s load capacity and
assessing its operational lifespan.

There are two merits to considering top oil temperature as the subject of study. First,
researchers can easily access real-time monitoring data for the transformer’s top oil tem-
perature, thanks to advanced sensor technologies and the widespread implementation
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of smart grids. This accessibility facilitates continuous monitoring and data collection,
which are essential for accurate prediction and timely intervention. Second, the hot spot
temperature that is difficult to obtain can be calculated from the transformer top oil tem-
perature. Hot spot temperature is crucial, as it represents the highest temperature within
the transformer and is a direct indicator of the condition of the transformer’s insulation.
Accurate estimation of this temperature is vital for predicting the remaining life of the
insulation and planning maintenance activities.

The above advantages have made the top oil temperature highly favored by re-
searchers, and it has now become a hot research topic [20]. The basic construction of
an oil-immersed transformer is graphically represented in Figure 1. This paper focuses
on improving the accuracy of oil temperature prediction, particularly in addressing the
challenges posed by the nonlinearity and time-series characteristics of the data.

Figure 1. The basic construction of an oil-immersed transformer.

3. The Proposed IWOA-LSTM-SA Method for Top-Oil Temperature Prediction

3.1. Framework

In this study, IWOA-LSTM-SA has been developed for transformer oil temperature
forecasting, in which IWOA has been employed to precisely search optimal input hyper-
parameters and LSTM-SA as the forecasting model to combine global and local information.
The flowchart is presented in Figure 2.

 

Figure 2. Flow chart of IWOA-LSTM-SA.
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The main phases of the IWOA-LSTM-SA will be detailed in the following sections.

3.2. LSTM Integrated by SA

LSTM is a specialized type of recurrent neural network (RNN), specifically designed
to process temporal data sequences. On the basis of traditional RNN, LSTM introduces the
concept of “gating”, which not only overcomes the gradient vanishing but also selects sam-
ples. Therefore, LSTM is more suitable for solving nonlinear temporal structure problems.
Each memory block of an LSTM comprises one or more self-connected memory cells and
three gating units: the input gate, the output gate, and the forget gate. The specific structure
of the gate is shown in Figure 3. The forgetting gate is responsible for deciding which
information should be discarded from the cell state, effectively determining the extent to
which the previous cell state is preserved within the current cell state. The calculation
equation is as below:

mt = σ(Wm × [rt−1, xt] + pm) (1)

The input gate controls which the current input is stored in the unit state. The formulas
for input gates and candidate cell states is as below:

st = σ(Ws × [rt−1, xt] + ps) (2)

The output gate regulates the current output and decides the output information. The
formula for calculation is given below:

gt = σ
(
Wg · [rt−1, xt] + pg

)
(3)

rt = ot · tanh(Ct) (4)

The formula for calculating the cell state is as below:

C̃t = tanh(WC × [rt−1, xt] + pC) (5)

Ct = mt · Ct−1 + st · C̃t (6)

Xt

Ct

rt

mt

st gt

rt rt

Ct

Figure 3. LSTM structure diagram.

In summary, LSTM is suitable for processing time series data, so this paper uses LSTM
to establish a temperature prediction model. Furthermore, it is difficult to process long
sequence data for the LSTM model that we introduce SA to solve this problem. This method
considers both local and global information.

It consists of three components. Firstly, the data that come from the LSTM model is
the input of the SA layer. Secondly, the matrices q, k, and v are calculated using the weight
matrices Wq, Wk, and Wv. Thirdly, a1,2 is the dot product between q1 and k2, and a2,2 is the
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dot product between q2 and k2. The attention matrix M means the correlation between
different time steps. The structure is shown in Figure 4.
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Figure 4. LSTM-SA structure.

3.3. Hyper-Parameters Optimization by IWOA

The Whale Optimization Algorithm (WOA) was introduced to deal intricate optimiza-
tion problems by Mirjalili et al. [21,22]. The WOA can be formulated as the following steps:
encircling prey, bubble-net attacking method and search for prey.

3.3.1. Encircling Prey

Humpback whales can identify and encircle their prey. In the population, the remain-
ing whales will try to adjust their positions towards the direction of the best search agent
as defined by the equation:

→
G(t + 1) =

→
G
∗
(t)−

→
A
∣∣∣∣→C→

G
∗
(t)−

→
G(t)

∣∣∣∣ (7)

where t denotes the current iteration;
→
G is a vector indicating the position;

→
G
∗

is the place

vector of the best solution acquired yet,
→
A and

→
C are calculated from the following:

→
A = 2

→
a
→
r 1 −→

a (8)

→
C = 2

→
r2 (9)

where
→
a is an adjustment vector and

→
a is linearly decreasing from 2 to 0; the vectors

→
r1 and

→
r2 are random vectors that fall within the range of [0, 1].

3.3.2. Bubble-Net Attacking Method

Humpback whale predation consists of two main mechanisms: shrinkage bracketing
mechanism and the spiral updating location.

(1) Shrinkage bracketing mechanism: As
→
a decreases,

→
A represents an any value within

the range of [−1, 1]. The new position is determined by the distance between its

94



Symmetry 2024, 16, 1382

original position and the position of the currently best-so-far whale. The equation for
calculation is as below:

→
a = 2 ×

(
1 − t

tmax

)
(10)

(2) Spiral updating location: the WOA uses spiral updating location to launch attacks on
prey, and the spiral hunting equation is as below:

→
G(t+1) = ebl cos(2πl) ·

∣∣∣∣→G∗
(t)−

→
G(t)

∣∣∣∣+→
G
∗
(t) (11)

where l is a random count within the interval [−1, 1] and b represents a constant. They
approach the prey using two mechanisms: a shrinking circle and a spiral-shaped path. The
updated equations are as follows.

→
G(t+1) =

⎧⎪⎪⎨⎪⎪⎩
→
G
∗
(t)−

→
A
∣∣∣∣→C ·

→
G
∗
(t)−

→
G(t)

∣∣∣∣, p < 0.5

ebl cos(2πl) ·
∣∣∣∣→G∗

(t)−
→
G(t)

∣∣∣∣+→
G
∗
(t), p ≥ 0.5

(12)

where p falls within the range of [0,1].

3.3.3. Search for Prey

Humpback whales search for their prey randomly, with their locations varying relative
to each other. In this stage, the position of a searching whale is modified according to the
position of a randomly selected whale, as opposed to being updated based on the current
best whale. The calculation formula is as listed below:

→
G(t+1) =

→
Grand(t)−

→
A ·
∣∣∣∣→C→

Grand(t)−
→
G(t)

∣∣∣∣ (13)

where
→
Grand denotes the random location of a whale.

3.3.4. Improved Whale Optimization Algorithm

The original WOA faces certain limitations, particularly in terms of inadequate local
search capabilities and insufficient population diversity. Therefore, it is necessary to
further improve the strategy and adjust the algorithm [23]. For example, Naderi et al.
proposed a Whale Optimization Algorithm enhanced by wavelet mutation, aimed at
improving the algorithm’s convergence characteristics to address the complex trade-off
between generation costs and water consumption [24]. In this study, an approach takes
a different direction by introducing three key improvements: Latin Hypercube Sampling
for more diverse and uniform population initialization, an adaptive selection threshold to
dynamically adjust the whale’s movement strategy, and a nonlinear parameter adjustment
to enhance local search capabilities. These modifications are designed to address different
aspects of the original WOA’s limitations. The specific improvements are as follows:

(1) Latin Hypercube Sampling (LHS) initialization of population: as stated in [25], popu-
lation initialization plays a crucial role in swarm intelligence optimization algorithms.
In WOA, population initialization follows a random approach. However, it can lead
to uneven population distribution and individual overlap [26]. Therefore, it is neces-
sary to optimize the population initialization. IWOA incorporates LHS to increase
the diversity of initial population, and this method can initialize population more
uniformly and efficiently.

(2) Adaptive selection threshold: in WOA, the whales choose either encircling activity or
spiral movement with 50% probability. However, this method prevents the whale pop-
ulation from choosing the appropriate movement for the current population [27,28].
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In this paper, an adaptive selection threshold is used to replace the fixed threshold.
The method automatically adjusts the threshold according to the problem’s charac-
teristics throughout the search process. The calculation is given by the following
formula:

pa= 1 −
[

t
(L + f )tmax

×
(

L × et

etmax
+ f × t f

tmax
f

)]
(14)

where t denotes the current iteration, while tmax denotes the maximum iteration count; L,
f are control parameters, and their values are 2 and 4, respectively.

In our method, when the threshold is larger in the initial stage, the whale will pref-
erentially choose the encircling movement strategy. With the increasing of iterations, the
threshold decreases, thus the whale is more likely to choose the spiral motion strategy.
Equation (12) is updated to Equation (15).

→
G(t+1) =

⎧⎪⎪⎨⎪⎪⎩
→
G
∗
(t)−

→
A
∣∣∣∣→C ·

→
G
∗
(t)−

→
G(t)

∣∣∣∣, p < pa

ebl cos(2πl) ·
∣∣∣∣→G∗

(t)−
→
G(t)

∣∣∣∣+→
G
∗
(t), p ≥ pa

(15)

(3) Adaptive parameter: in traditional method,
⇀
a decreases linearly from 2 to 0. In

order to enhances local searching ability, this study uses a nonlinear strategy to
adjust b in Equation (16), which influences the shape of the logarithmic spiral. It
can significantly improve the effectiveness of local search and the speed of global
search, thereby enhancing overall accuracy [29]. At the same time, we establish a
relationship between b and t to achieve adaptive adjustment. Equation (10) is updated
to Equation (16).

⎧⎨⎩
⇀
a (t) = 2 ×

(
1 − tanh

(
k
√

t
tmax

))
b(t) = v −

(
v

tmax

)
× t

(16)

where k, v are control parameters, and their values are 4 and 10, respectively.
The IWOA flowchart is illustrated in Figure 5.

 
Figure 5. Flow chart of the IWOA.
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4. Case Studies and Results Analysis

4.1. Data Source

This study includes two datasets. Dataset 1 consists of transformer operation data
collected from a 500 kV substation from 1 April to 30 June in 2022, with a sampling period
of half an hour. In total, there are 4368 samples. The characteristic parameters include
high-voltage-side three-phase current (AI, BI, CI), active and reactive power (P, Q), high-
voltage-side three-phase voltage (AU, BU, CU), and top-oil temperature (T). This paper used
the Pearson correlation coefficient method to select features, and the results are shown in
Table 1. Dataset 2 consists of transformer operation data collected from a 220 kV substation
from 10 February 2021 to 10 February 2022, with a sampling period of half an hour. In total,
there are 17,518 samples.

Table 1. Correlation matrix.

AI BI CI P Q AU BU CU T

AI 1.000 0.999 0.999 0.999 0.925 −0.862 −0.866 −0.835 0.371
BI 0.999 1.000 0.999 0.999 0.924 −0.863 −0.866 −0.835 0.371
CI 0.999 0.999 1.000 0.999 0.925 −0.862 −0.866 −0.835 0.371
P 0.999 0.999 0.999 1.000 0.925 −0.857 −0.859 −0.828 0.369
Q 0.925 0.924 0.925 0.925 1.000 −0.842 −0.844 −0.823 0.372

AU −0.862 −0.863 −0.862 −0.857 −0.842 1.000 0.979 0.964 −0.346
BU −0.866 −0.866 −0.866 −0.859 −0.844 0.979 1.000 0.981 −0.342
CU −0.835 −0.835 −0.835 −0.828 −0.823 0.964 0.981 1.000 −0.339
T 0.371 0.371 0.371 0.369 0.372 −0.346 −0.342 −0.339 1.000

As shown in Table 1, the correlation coefficient between the top-oil temperature and
the high-voltage side three-phase current is 0.371, and the correlation coefficients with
active power and reactive power are 0.369 and 0.372, respectively, indicating a positive
correlation. The correlation coefficients between the top-oil temperature and the high-
voltage side three-phase voltage are −0.346, −0.342, and −0.339, respectively, indicating a
negative correlation with the top-oil temperature. This also suggests that the high-voltage
side three-phase voltage, current, and active and reactive power have some influence on
the transformer oil temperature. Similarly, a correlation analysis of the input features of
Dataset 2 based on the Pearson correlation coefficient method is conducted. Ultimately,
this paper selects high-voltage-side current, active and reactive power, voltage, and top-oil
temperature as input features. The dataset is split into training and test sets, in which 80%
is used for training and 20% for testing.

4.2. Comparison of Algorithm Optimization Results

This paper compared the performance of IWOA with traditional methods, which
consist of GA, PSO, and the original WOA. Appendix A, Table A1 presents the ten test
functions employed for evaluation, which are derived from the studies conducted in [30,31].

In Appendix A, Table A1: Each function has a dimension of 30, and the minimum
value is 0. To ensure the fairness of the comparison, the iteration is set to 500. The crossover
probability of GA is set to 1, and the variance probability is 0.1. Meanwhile, the learning
factor c1 = c2 = 2 for PSO, and b is 10 for WOA. Each algorithm runs independently 30 times.
The average and the best results are utilized for comparison, as shown in Table 2. The
average convergence curve of each algorithm is shown in Figure 6.

In Table 2, the optimal value reaches 0 in the F5, F6 and F8 functions, and the average
values also show significant improvement. As shown in Figure 6, IWOA exhibits better
convergence performance compared to traditional algorithms. These findings confirm the
effectiveness of the enhancement strategies for WOA.
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Table 2. Comparison of test results for each algorithm.

Function Evaluation Index GA PSO WOA IWOA

F1
Mean 3602.311 0.035 7.21 × 10−10 1.46 × 10−19

Best 1454.955 0.001 3.32 × 10−13 1.17 × 10−24

F2
Mean 21.197 32.013 5.16 × 10−9 1.73 × 10−13

Best 13.936 0.081 5.12 × 10−9 2.24 × 10−15

F3
Mean 3477.958 0.047 8.98 × 10−10 4.16 × 10−20

Best 1771.241 0.001 1.68 × 10−12 1.42 × 10−22

F4
Mean 1.432 5.176 0.015 0.00075
Best 0.413 0.065 0.003 0.00014

F5
Mean 28.474 51.152 0 0
Best 5.522 0 0 0

F6
Mean 91.831 127.257 0.462 1.78 × 10−16

Best 64.795 69.170 6.78 × 10−11 0

F7
Mean 11.337 2.028 3.936 1.49 × 10−11

Best 9.197 0.023 8.06 × 10−7 1.35 × 10−12

F8
Mean 77.000 551.976 0.988 0
Best 35.494 185.625 0 0

F9
Mean 75.910 727.867 −0.898 −0.829
Best 28.593 479.302 −0.967 −0.986

F10
Mean 73.449 596.665 −0.890 −0.796
Best 26.910 332.989 −0.980 −0.899

  
(a) Convergence of algorithms on function F1 (b) Convergence of algorithms on function F2 

  
(c) Convergence of algorithms on function F3 (d) Convergence of algorithms on function F4 

Figure 6. Cont.
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(e) Convergence of algorithms on function F5 (f) Convergence of algorithms on function F6 

  
(g) Convergence of algorithms on function F7 (h) Convergence of algorithms on function F8 

  
(i) Convergence of algorithms on function F9 (j) Convergence of algorithms on function F10 

Figure 6. Average convergence curves for each algorithm.

4.3. One-Step Prediction

Single-step oil temperature prediction involves forecasting the transformer’s top oil
temperature for the next time step using historical data. In this experiment, the prediction
is for 30 min into the future. To balance the training and testing errors, we introduced L2
regularization and dropout during the model training. Specifically, a dropout rate of 0.1
was applied, along with L2 regularization using a factor of 0.01. The prediction results
for Dataset 1, demonstrating the effectiveness of the method, are presented in Figure 7.
To further illustrate the trade-off between training and testing errors, Figure 8 provides a
comparison of the training and testing errors.
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Figure 7. The prediction results of IWOA-LSTM-SA.

Figure 8. Training and testing errors over iterations.

Theoretically, when there is a significant gap between training and test errors, it usually
indicates over-fitting, where the model performs well on the training data but struggles
to generalize to unseen data. As illustrated in Figure 8, both the training and test losses
decrease rapidly during the initial epochs and then converge to similar values as training
progresses. This suggests that we have achieved a well-balanced trade-off between training
and testing errors. This balance was successfully attained by applying regularization
techniques, such as L2 regularization and dropout, which helped control model complexity,
mitigate over-fitting, and enhance the model’s generalization capabilities.

To assess the performance of this method, this paper compared it with benchmark
methods, including BP, gate recurrent unit (GRU), convolutional neural networks (CNN),
LSTM, LSTM-SA, and WOA-LSTM-SA models. In order to reduce the accidental error, this
paper conducted 10 repeated experiments and averaged the results to show the forecasting
performance. Figure 9 displays the prediction results for each model on Dataset 1. It
is evident that the proposed model shows the best prediction result compared to all
benchmark models. The reason is that the proposed approach not only combines both local
and global information but also utilizes IWOA to determine the optimal hyper-parameters.
Table 3 presents the comparative results.
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Figure 9. Performance comparison across models.

Table 3. Model prediction evaluation indexes.

Model RMSE MAE MAPE (%) R2 Time (s)

Dataset 1

BP 1.698 1.228 2.581 0.825 13.287
CNN 1.646 1.170 2.462 0.836 32.317
GRU 1.553 1.011 2.144 0.854 96.109
LSTM 1.633 1.022 2.175 0.838 129.666

LSTM-SA 1.537 1.031 2.253 0.861 174.497
WOA-LSTM-SA 1.462 0.998 2.103 0.870 11,058.906
IWOA-LSTM-SA 1.438 0.989 2.089 0.873 10,083.375

Dataset 2

BP 0.923 0.715 2.428 0.974 38.216
CNN 0.824 0.596 1.929 0.979 80.746
GRU 0.758 0.544 1.772 0.982 165.984
LSTM 0.874 0.643 2.129 0.977 234.946

LSTM-SA 0.809 0.576 1.890 0.980 383.995
WOA-LSTM-SA 0.757 0.535 1.739 0.982 13,016.477
IWOA-LSTM-SA 0.749 0.524 1.703 0.983 11,075.689

From Table 3, it is evident that our method does not have an advantage in terms of
computation time compared to traditional machine learning models. Therefore, in scenarios
where prediction accuracy is not a primary concern, traditional machine learning models
can still be considered for top oil temperature prediction of transformers. The prediction
model proposed in this paper, however, places a greater emphasis on improving prediction
accuracy. To analyze and compare each model more comprehensively, this paper includes
a residual plot. Using Dataset 1 as an example, in the residual plot (Figure 10), the true
values are shown on the horizontal axis, while the vertical axis represents the residual
values (percentage).

Figure 10. Model residuals.
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The residual percentage is relatively higher for the data between 30 and 43 ◦C and 55 to
60 ◦C. The reason is as follows: there are about 4000 sample points within the temperature
range of 43 to 55 ◦C, whereas the temperature ranges of 30~43 ◦C and 55~60 ◦C each contain
approximately 200 sample points. This unbalanced distribution leads to low accuracy on
sparse samples.

4.4. Ablation Experiment

To comprehensively validate the effectiveness of each component of the proposed
method (IWOA-LSTM-SA), ablation experiments were conducted. Specifically, the exper-
iments compared the following models: LSTM, LSTM-SA, WOA-LSTM, IWOA-LSTM,
and WOA-LSTM-SA, with the LSTM model serving as the benchmark for comparison and
analysis. Results are shown in Table 4.

Table 4. Ablation experiment evaluation metrics.

LSTM LSTM-SA WOA-LSTM IWOA-LSTM WOA-LSTM-SA IWOA-LSTM-SA

Dataset 1
RMSE 1.633 1.537 1.596 1.517 1.462 1.438
MAPE 2.175 2.253 2.141 2.106 2.103 2.089

Dataset 2
RMSE 0.874 0.809 0.837 0.782 0.757 0.749
MAPE 2.129 1.890 2.042 1.814 1.739 1.703

As shown in Table 4, the proposed model demonstrates higher prediction accuracy
compared to the baseline model LSTM and other comparative models. Compared to LSTM,
the RMSE of LSTM-SA decreased by 5.88% on Dataset 1 and by 7.44% on Dataset 2; the
MAPE increased by 3.59% on Dataset 1 but decreased by 11.23% on Dataset 2. This validates
the effectiveness of combining the SA algorithm with LSTM. Compared to LSTM-SA, the
RMSE of WOA-LSTM-SA and IWOA-LSTM-SA decreased by 4.88% and 6.44% on Dataset
1, and by 6.43% and 7.42% on Dataset 2, respectively. The MAPE decreased by 6.66% and
7.28% on Dataset 1, and by 7.99% and 9.89% on Dataset 2, respectively. This validates
the effectiveness of the optimization algorithms proposed in the models. Additionally,
compared to WOA-LSTM and IWOA-LSTM, the RMSE of the proposed model decreased
by 9.89% and 5.21% on Dataset 1, and by 10.51% and 4.22% on Dataset 2, respectively. The
MAPE decreased by 2.43% and 0.81% on Dataset 1, and by 16.60% and 6.12% on Dataset 2,
respectively.

In summary, compared to using optimization algorithms or SA individually, combin-
ing them results in a greater improvement in the performance of the prediction model.

4.5. Multi-Step Forecasting

The multi-step prediction model refers to a model that predicts a series of values
rather than a single value. Multi-step prediction is more important in real-world power
system operations because it provides longer-term temperature trend forecasts, which
help to identify potential issues in advance. Therefore, this section conducts a multi-step
prediction analysis, where the prediction steps are set to 3 steps (90 min) and 5 steps
(150 min). The evaluation metrics are shown in Table 5, and the prediction results (for one
week) are presented in Figure 11.

From Table 5, it can be seen that the error increases as the prediction step increases
across all models. By comparing the RMSE metric, it can be concluded that the proposed
model exhibits better accuracy across different prediction steps compared to the baseline
model. Specifically, in Dataset 1 and Dataset 2, for the 3 step prediction, the RMSE of the
proposed model is 1.537 and 1.015, respectively. This represents reductions of 12.83% and
38.65% compared to the BP model, 6.98% and 20.89% compared to the CNN model, 3.75%
and 13.62% compared to the GRU model, 4.24% and 27.16% compared to the LSTM model,
1.60% and 17.93% compared to the LSTM-SA model, and 1.16% and 4.34% compared to the
WOA-LSTM-SA model. For the 5 step prediction, the RMSE of the proposed model is 1.714
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and 1.634, representing reductions of 12.60% and 11.11% compared to the BP model, 7.61%
and 15.89% compared to the CNN model, 6.49% and 17.30% compared to the GRU model,
5.19% and 14.14% compared to the LSTM model, 4.56% and 12.82% compared to the LSTM-
SA model, and 3.06% and 1.80% compared to the WOA-LSTM-SA model. By analyzing the
multi-step prediction metrics, we conclude that the proposed model demonstrates good
performance across different prediction steps compared to traditional models.

Table 5. Multi-step prediction evaluation metrics.

Step Model RMSE MAE MAPE (%) Time (s)

Dataset 1

1 (30 min)

BP 1.698 1.228 2.581 13.287
CNN 1.646 1.170 2.462 32.317
GRU 1.553 1.011 2.144 96.109
LSTM 1.633 1.022 2.175 129.666

LSTM-SA 1.537 1.031 2.253 174.497
WOA-LSTM-SA 1.462 0.998 2.103 11,058.906
IWOA-LSTM-SA 1.438 0.989 2.089 10,083.375

3 (90 min)

BP 1.763 1.382 2.873 14.082
CNN 1.652 1.221 2.557 22.572
GRU 1.597 1.133 2.409 95.775
LSTM 1.605 1.164 2.453 179.898

LSTM-SA 1.562 1.162 2.448 229.012
WOA-LSTM-SA 1.555 1.102 2.311 11,746.135
IWOA-LSTM-SA 1.537 1.088 2.308 10,149.217

5 (150 min)

BP 1.961 1.611 3.351 13.617
CNN 1.855 1.411 2.973 21.579
GRU 1.833 1.387 2.943 98.763
LSTM 1.808 1.367 2.878 197.507

LSTM-SA 1.796 1.345 2.832 240.519
WOA-LSTM-SA 1.768 1.352 2.859 12,212.086
IWOA-LSTM-SA 1.714 1.294 2.702 10,778.976

Dataset 2

1 (30 min)

BP 0.923 0.715 2.428 38.216
CNN 0.824 0.596 1.929 80.746
GRU 0.758 0.544 1.772 165.984
LSTM 0.874 0.643 2.129 234.946

LSTM-SA 0.809 0.576 1.890 383.995
WOA-LSTM-SA 0.757 0.535 1.739 13,016.477
IWOA-LSTM-SA 0.749 0.524 1.703 11,075.689

3 (90 min)

BP 1.654 1.124 4.225 37.313
CNN 1.283 1.012 3.166 79.190
GRU 1.175 0.831 2.821 229.788
LSTM 1.394 1.080 3.674 320.336

LSTM-SA 1.237 0.923 3.111 433.645
WOA-LSTM-SA 1.061 0.833 2.746 13,623.563
IWOA-LSTM-SA 1.015 0.750 2.537 11,284.158

5(150 min)

BP 1.838 1.568 4.854 37.081
CNN 1.943 1.403 4.933 77.883
GRU 1.976 1.387 4.801 264.860
LSTM 1.903 1.414 4.765 171.239

LSTM-SA 1.874 1.365 4.810 414.213
WOA-LSTM-SA 1.664 1.249 4.298 12,823.645
IWOA-LSTM-SA 1.634 1.229 4.162 10,984.776
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(a) 3-step prediction results for dataset 1 (b) 5-step prediction results for dataset 1 

  
(c) 3-step prediction results for dataset 2 (d) 5-step prediction results for dataset 2 

Figure 11. Multi-step prediction performance comparison across models (one week).

5. Conclusions

Oil temperature prediction can effectively prevent symmetrical and asymmetrical
faults in transformers. This paper adopts a novel approach to improve the performance of
top-oil temperature prediction during transformer operations. The proposed model has
been tested using actual data, and some conclusions can be obtained as follows:

(1) To verify the efficacy of the IWOA, this paper conducts tests with eight test functions.
The findings demonstrate that the IWOA outperforms GA, PSO, and WOA in terms
of convergence speed and accuracy.

(2) To verify the effectiveness of the proposed model, extensive experiments were con-
ducted using actual operating data. The experimental results indicate that the pro-
posed approach outperforms current state-of-the-art methods. On Dataset 1, the
model achieved reductions in RMSE of 15.31%, 12.64%, 7.41%, 11.94%, 6.44%, and
1.98% compared to the BP, CNN, GRU, LSTM, LSTM-SA, and WOA-LSTM-SA meth-
ods, respectively. Similarly, on Dataset 2, the model demonstrated significant im-
provements, with RMSE reductions of 18.85%, 9.09%, 1.19%, 14.29%, 7.42%, and 1.06%
compared to the same benchmark methods.

(3) The proposed model performs effectively across various prediction steps compared to
benchmark models. Specifically, for the 3-step prediction, the RMSE of the proposed
model is 1.537 and 1.015 for Dataset 1 and Dataset 2, respectively, reflecting reductions
of 12.83% and 38.65% compared to the BP model, 6.98% and 20.89% compared to
the CNN model, 3.75% and 13.62% compared to the GRU model, 4.24% and 27.16%
compared to the LSTM model, 1.60% and 17.93% compared to the LSTM-SA model,
and 1.16% and 4.34% compared to the WOA-LSTM-SA model. For the 5-step pre-
diction, the RMSE of the proposed model is 1.714 and 1.634, representing reductions
of 12.60% and 11.11% compared to the BP model, 7.61% and 15.89% compared to
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the CNN model, 6.49% and 17.30% compared to the GRU model, 5.19% and 14.14%
compared to the LSTM model, 4.56% and 12.82% compared to the LSTM-SA model,
and 3.06% and 1.80% compared to the WOA-LSTM-SA model.
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Appendix A

Table A1 displays the ten test functions used in this study.

Table A1. Test functions.

Function Range

F1(x) =
k
∑

n=1
x2

n
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F2(x) =
k
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n=1
|xn|+

k
∏
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F8(x) = π
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]
+ (yn − 1)2

}
+
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∑
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μ(xn, 10, 100, 4) [−50, 50]

F9(x) = ∑d
i=d

(
−xi × sin
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+ 418.98288727243369 × d [−500, 500]
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Abstract: With the increasing integration of new energy into the grid, the level of system
inertia has been significantly reduced, posing a severe challenge to frequency stability.
Consequently, there is an urgent need for wind turbine generators (WTGs) to actively
provide inertia support through virtual inertia control. Assessing the inertia support
capability of WTGs reasonably and setting appropriate controller parameters based on this
assessment is a topic worthy of discussion. As WTGs’ characteristics are mostly ignored
in the evaluation of inertia support capability for WTGs, an evaluation method based on
symmetrical operation is proposed. The proposed method considers the impact of real
inertia and aerodynamic characteristics, thereby helping to determine reasonable virtual
inertia coefficients and de-loading reserve capacity for WTGs. With the proposed method,
it can be determined that large WTGs can provide inertia support capabilities close to
those of synchronous generators to the grid without exceeding a 0.1% reduction in reserve
capacity during de-loading operation.

Keywords: wind turbine generators; virtual inertia control; inertia support capability;
symmetrical operation; equivalent inertia; aerodynamic efficiency

1. Introduction

In recent years, with the continuous maturation of new energy generation technolo-
gies, the proportion of new energy in the grid has been increasing. New energy sources
operate dynamically decoupled from the grid frequency and no longer exhibit the inertia
characteristics that hinder the change of rotor speed (i.e., grid frequency) of traditional
synchronous generators (SGs), which are predominantly interfaced to the grid through
power electronic converters [1,2]. Consequently, the grid with a high penetration of new
energy increasingly exhibits “low-inertia” characteristics, with a diminishing capacity to
withstand disturbances, thereby threatening system frequency stability [3,4].

A feasible solution to mitigate the issue of reduced inertia in the grid is to employ
virtual inertia control, effectively simulating the inertia characteristics of synchronous
generators [5,6]. Virtual inertia control integrates the rate of change of the grid frequency
into the power control of new energy sources, thereby endowing new energy sources with
a supporting effect that hinders the frequency drop of the grid (i.e., inertia support). When
frequency oscillations occur in the grid due to an imbalance between generation and load,
these sources adjust their output power to suppress the frequency variations [7].

The provision of inertia support to the grid by new energy sources is primarily
determined by the gain coefficient (referred to as the virtual inertia coefficient hereinafter)
of the virtual inertia control [8–10]. Concurrently, new energy sources must address

Symmetry 2025, 17, 31 https://doi.org/10.3390/sym17010031
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the energy source for inertia support through measures such as de-loading [11] or the
integration of energy storage systems [12]. In this context, while a higher virtual inertia
coefficient can enhance the equivalent inertia provided by renewable energy sources to the
grid, it also necessitates the expenditure of greater energy for inertia support.

Distinct from photovoltaic generation, wind power generation retains a physical
rotor that can mitigate the imbalanced power between the prime mover (i.e., wind rotor)
and the generator through the absorption and release of rotor kinetic energy [11]. With
the increasing capacity of single wind turbine generators (WTGs), the dimensions of the
blades and the inertia of the wind rotor are also progressively expanding [13], allowing the
significant kinetic energy contained in the wind rotor to be utilized as an energy source for
virtual inertia control in WTGs.

On this basis, research results have suggested using wind rotor inertia to offer grid
inertia support without de-loading [14], but improper virtual inertia coefficient settings
can excessively decrease rotor speed, leading to instability or power drop in WTGs [15,16].
To address this, References [17–19] set the virtual inertia coefficient based on the impact
of control parameters on frequency stability, guiding practical parameter tuning. Refer-
ences [20,21] adjust the virtual inertia coefficient in real time according to kinetic energy
release, improving rotor stability for WTGs. Reference [15] enhanced traditional virtual
inertia control with a nonlinear controller, dynamically regulating support power based
on wind and rotor speed variations, stabilizing rotor stability for WTGs, and preventing
secondary frequency drop in the grid due to power drop. In summary, the above research
has focused on tuning the virtual inertia coefficient, variable coefficient schemes, and
enhanced virtual inertia control to maintain stability for WTGs.

Therefore, the inertia support provided by WTGs is primarily determined by the
virtual inertia coefficient, as their rotor speed is decoupled from grid frequency, rather than
being constrained by actual rotor inertia. However, the magnitude of the real rotor inertia
influences the rate of speed change under virtual inertia control. Additionally, the unique
aerodynamic characteristics of the wind rotor couple the rotor speed with the mechanical
power output, indirectly affecting the inertia support capability. Current research on virtual
inertia control mainly focuses on the rational setting of the virtual inertia coefficient to
maximize inertia support while ensuring stable operation for WTGs. However, most
research evaluates the appropriateness of the virtual inertia coefficient based on practical
outcomes, with limited attention given to the effects of real rotor inertia and aerodynamic
properties on virtual inertia control. Therefore, it is difficult to evaluate the ability of WTGs
to support inertia based on their own inertia.

To address the aforementioned issues, this paper investigates the impact of prime
mover characteristics on the traditional virtual inertia control of WTGs, aiming to explore
whether the kinetic energy contained in the rotor of the WTG has the potential to serve as
an energy source for providing inertia support to the grid. The contributions of this paper
are as follows:

(1) Considering the coupling effects among power, inertia, rotor speed, and aerodynamics,
this paper analyzes the energy transfer process during the active inertia support of
WTGs under virtual inertia control, identifying two key factors that influence the
inertia support capability, which are real inertia and aerodynamic characteristics.

(2) Furthermore, a symmetrical operation mode for WTGs is developed to assess the
inertia support capability while accounting for prime mover characteristics, which
is defined as an operation mode with a fixed ratio of WTGs’ rotor speed to SGs’
rotor speed.
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(3) Analysis results based on a standard IEEE 10-machine 39-bus system and an NREL
5MW WTG simulation model indicate that the inertia support provided by large
WTGs has a minimal impact on their aerodynamic efficiency under non-fault condi-
tions, allowing them to deliver inertia support equivalent to that of SGs with a power
reduction of no more than 0.1%.

2. Mathematical Model and Virtual Inertia Control of WTGs

This section mainly focuses on the mathematical model and virtual inertia control of
WTGs, which constitutes the basis for the analysis in the later sections.

2.1. Mathematical Model of the WTG

A block diagram of the WTG structure based on a permanent magnet synchronous
generator [22] is shown in Figure 1. The WTG utilizes the kinetic energy inherent in the
moving air, which is converted into rotor kinetic energy by the lift force exerted on the
blades. Thereafter, the rotor, via a gearbox, drives the rotation of the generator, and the
electromagnetic power output from the generator is fed into the power grid through the
power electronic converters.

J

J

f

P

Figure 1. Schematic diagram of the WTG.

The aerodynamic power PWT
m can be expressed as

PWT
m = 0.5ρπR2v3CP(λ, β) (1)

where ρ is the air density, R is the wind rotor radius, v is the wind speed, and CP(λ, β) is
the wind energy utilization coefficient, which is a function of the tip speed ratio λ and the
pitch angle β. The term λ is defined as the ratio of the linear velocity of the wind turbine
blade tip to the wind speed

λ =
ωWT

r R
v

(2)

where ωWT
r is the rotor speed of the WTG. When the wind speed is lower than the rated

wind speed, the pitch angle is generally fixed at 0◦ and CP can be regarded as a function of
λ. At this time, the CP(λ) has a single-peak characteristic, that is, there is an optimal tip
speed ratio λopt so that the wind energy utilization coefficient obtains the maximum CPmax,
and the WTG can capture the maximum wind energy.
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The drive chain consists of a low-speed shaft on the wind rotor side and a high-
speed shaft on the generator side which are connected via a gearbox. If the drive chain
is approximated as a rigid shaft, the drive chain model based on a simplified single mass
block [23] is obtained as follows:⎧⎨⎩ JWT

h ωWT
g

dωWT
g

dt = PWT
m − PWT

e

JWT
h = Jr

N2
g
+ Jg

(3)

where Jr and Jg are the rotor inertia of the wind rotor and the generator, respectively, Ng

is the gear ratio, and JWT
h is the overall rotor inertia of the wind turbine converted to

the high-speed side. The above parameters can be obtained according to the hardware
parameters of the WTG when it leaves the factory. PWT

e is the generator electromagnetic
power, and ωWT

g is generator speed, which has

ωWT
g = ωWT

r · Ng (4)

The comprehensive dynamic response process of the WTG in Figure 1 includes both
electromechanical dynamics and electromagnetic dynamics. The former concentrates on
the energy conversion process from wind to electrical energy within the wind turbine
system, while the latter addresses the variations in the states of the electrical components
during power generation. Given that the regulation process and response time of the
electromagnetic dynamics are on the millisecond timescale, which is significantly lower
than the second-scale timescale associated with virtual inertia control for WTGs, it is feasible
within the scope of this study to decouple the fast and slow subsystems, thereby neglecting
the electromagnetic dynamics and assuming that the generator can instantaneously output
the reference power command PWT

e.ref [14], which has PWT
e = PWT

e.ref. Therefore, for the rotor-
side converter in Figure 1, the virtual inertia control power command of the WTG through
the generator control response is also applicable to the grid-side converter, which can be
referred to [24,25].

2.2. Virtual Inertia Control

Virtual inertia control of the WTG is used to adjust the active power output according
to the grid frequency change, thus emulating the inertia response characteristics of the SG
and providing inertia support to the grid. As shown in Figure 2, the reference power PWT

e.ref
of the WTG under virtual inertia control can be expressed as{

PWT
e.ref = PWT

0 + ΔPVIC(t)

ΔPVIC(t) = −Kpf · d f (t)
dt · SWT

N
fN

(5)

where PWT
0 is the output power in the initial equilibrium state, which is related to the

operating scenario of the WTG. In the mode of maximal wind energy capture, the WTG
is operated under maximum power point tracking (MPPT), where PWT

0 is the output
power when the WTG is operated at the MPPT (defined as the MPPT operation hereafter).
In the mode of de-loading control, the speed regulation-based active power control is
adopted for the WTG, where PWT

0 is the output power when the WTG is operated at
the balance point of de-loading (defined as the de-loading operation hereafter). ΔPVIC is
the inertia support power calculated by Equation (5), Kpf is the virtual inertia coefficient
to be set, SWT

N is the rated power of the WTG determined when the WTG leaves the
factory, f is the real-time grid frequency obtained by measurement, and fN is the nominal
frequency of the grid determined by the power grid dispatching. In either scenario,
the method relies on rapid regulation of the output power of the WTG, changing its
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speed to release/absorb rotor kinetic energy and buffering the unbalanced power between
aerodynamic and electromagnetic power, so as to provide inertial support to the grid.

It is pointed out that according to the principle of frequency regulation in the grid, the
frequency change is negatively correlated with the regulation of the power supply, that
is, when the power shortage of power grid leads to a decrease in the grid frequency, an
increase in the wind power output hinders the decrease in frequency. Therefore, there is a
negative sign for calculating ΔPVIC in Equation (5) and Figure 2 [11].

f S
f

K
P

P

Pdf
dt

Figure 2. Virtual inertia control for the WTG.

3. Analysis of Influencing Factors for the Inertia Support Capacity
of WTGs

The WTGs actively adjust their output power in response to grid frequency changes
through virtual inertia control, and thereby provide inertia support. This section will
further analyze the energy transfer in the active support process, and discuss the difference
in energy utilization requirements between inertia support based on virtual inertia control
and primary frequency regulation based on droop control. The impact of the real inertia
and the inertia support capability of WTGs considering aerodynamic characteristics are
also analyzed.

3.1. Energy Transfer in Inertia Support Processes

As can be seen from Section 2.1, the WTG converts the captured wind energy into
rotor kinetic energy. Furthermore, the kinetic energy is converted into electrical energy
using the generator and transmitted to the electrical grid. However, during the process of
providing inertial support to the grid, the aerodynamic power of the WTG changes with
the wind speed and the rotor speed. The electromagnetic power has to respond to the grid
frequency changes, and thus the aerodynamic power and electromagnetic power cannot
be guaranteed to be equal in real time, which makes the WTG accelerate/decelerate to
store/release the rotor kinetic energy to achieve power balance.

For the mathematical model introduced in Section 2.1, the rotor kinetic energy Ek of
the WTG at time t is

Ek(t) =
1
2

JWT
h

(
ωWT

g

)2
(t) (6)

Neglecting energy losses, the rate of change of the kinetic energy
.
Ek can be expressed as

.
Ek(t) = PWT

m (t)− PWT
e (t) (7)

When the electromagnetic power is greater than the aerodynamic power, the kinetic
energy of the WTG decreases, and vice versa. Combining Equations (1) and (5), the
following equation can be obtained by substituting the aerodynamic power expression of
the WTG and the virtual inertia control expression into Equation (7).

.
Ek(t) =

1
2

ρπR5ω3
r (t)

CP(λ)

λ3 −
(

PWT
0 + ΔPVIC(t)

)
(8)

A schematic diagram of a typical inertia support dynamic process for WTGs that deals
with frequency dip in the grid under the MPPT operating scenario is shown in Figure 3.
For virtual inertia control, the WTGs operate at a stable equilibrium state at the beginning
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of the frequency disturbance. At this time,
.
Ek is mainly determined by ΔPVIC. As the

rotor kinetic energy is released, the rotor speed of WTGs will reach a minimum point,
followed by a gradual increase in aerodynamic and electromagnetic power. When the grid
frequency reaches the steady state again, the rate of change of frequency will become 0.
At this time, the ΔPVIC becomes 0 and the WTGs return to the equilibrium state before
the disturbance occurs. Therefore, the WTGs not only provide a certain degree of inertial
support in the early stage but also reduce their power output for speed recovery in the
later stage. Compared with the case where no inertial support is provided, the process
of recovering the rotor speed of WTGs is equivalent to “absorbing” some energy from
the grid.

no inertial support
for WTGs

Figure 3. The schematic diagram of inertia support for WTGs during grid frequency dips.

3.2. Difference in Energy Utilization Requirements Between Virtual Inertia Control and Primary
Frequency Regulation

Section 3.1 analyzes the energy transfer in the inertial support process for WTGs. This
section will analyze the difference in kinetic energy release requirements between inertia
support and primary frequency regulation, to reveal the inertia support characteristics un-
der inertia support control and to provide the basis for a summary of the factors influencing
inertia support capacity in Section 3.3.

In analogy to the primary frequency regulation of SGs, the WTGs adjust their output
power by introducing deviations from the grid frequency, that is, droop control [11]. As
shown in Figure 4, the output power of the WTG under this control can be expressed as{

PWT
e.ref = PWT

0 + ΔPDC(t)

ΔPDC(t) = −Kdf · Δ f (t) · SWT
N
fN

(9)

where ΔPDC is the support power for primary frequency regulation, Kdf is the gain coeffi-
cient of droop control, and Δ f is the deviation of f from fN, that is Δ f (t) = f (t)− fN.

Comparing (5) with (9), it can be found that both controls adjust the output power
according to the grid frequency, and therefore, both are often regarded as the same type
of control, called integrated inertia control [26]. However, in terms of control objectives,
the former aims to reduce the frequency variation caused by power imbalance under load
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disturbance, while the latter seeks to compensate for the power deficit after the frequency
exceeds the dead zone.

f

f

K PS
f

P

P

Figure 4. The droop control of the WTG.

The difference in energy utilization requirements between the two types of control
described above is analyzed below. It is assumed that the grid initially operates steadily at
fN, that a frequency event occurs at time 0, and that Δ f (t) is bounded stable. For virtual
inertia control,

ΔEVIC =
∫ ∞

0
ΔPVIC(t) dt = −

∫ ∞

0
Kpf · d f (t)

dt
· SWT

N
fN

dt = −KpfSWT
N

fN
· lim

t→∞
Δ f (t) (10)

At this point, the ΔEVIC is bounded. Assuming that the grid frequency is out of the

dead zone at t0, for droop control, ∃t1 ∈ (t0, ∞) that satisfies
∣∣∣∣Δ f (t)− lim

t→∞
Δ f (t)

∣∣∣∣ ≤ ε

when t ≥ t1 (ε is a very small positive number), so Δ f (t) ≤ ε + lim
t→∞

Δ f (t). Thus,

ΔEDC =
∫ ∞

t0
ΔPDC(t) dt = −∫ ∞

t0
Kdf · Δ f (t) · SWT

N
fN

dt

= −KdfSWT
N

fN
· ∫ t1

t0
Δ f (t) dt − KdfSWT

N
fN

· ∫ ∞
t1

Δ f (t) dt

≥ α − KdfSWT
N

fN
· ∫ ∞

t1

(
ε + lim

t→∞
Δ f (t)

)
dt

= α − KdfSWT
N

fN
·
(

ε + lim
t→∞

Δ f (t)
)
· t
∣∣∣∣∞
t1

(11)

where α is constant and α = −KdfSWT
N / fN · ∫ t1

t0
Δ f (t) dt. At this point, ΔEDC has no lower

boundary. This shows that the output energy of WTGs under inertial support is a finite
value, but the output energy under primary frequency regulation will be monotonically
increased or decreased, and a continuous energy supply is needed.

Furthermore, a typical grid frequency dip event is used as an example to analyze the
difference in energy utilization requirements between the two types of control under the
MPPT operation scenario. For the inertia support dynamics of WTGs shown in Figure 3, the
sum of the energy “released” and “absorbed” by WTGs is limited, and ΔEVIC is bounded.
For the schematic diagram of primary frequency regulation dynamics of WTGs shown
in Figure 5, the energy released continues to increase, but the aerodynamic power under
the MPPT operation scenario gradually decreases with the decreasing rotor speed, which
results in severe kinetic energy overdraft and causes rotor speed instability. Therefore, it is
necessary to exit the frequency regulation process and reduce the output power in time,
but this also causes a secondary drop in the grid frequency.

The true inertia of WTGs is therefore more suitable for providing inertial support to
the grid. To avoid a secondary drop in the frequency or instability of WTGs, a safe way for
the WTGs to participate in primary frequency regulation is to reserve a certain capacity
through de-loading control so that the output energy can be supplemented in time by the
increase in aerodynamic power.
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Figure 5. The schematic diagram of primary frequency regulation for WTGs during grid frequency dips.

3.3. Factors That Influence Inertia Support Capacity

Based on the analysis of energy transfer in virtual inertia control and its differences
from primary frequency regulation in Sections 3.1 and 3.2, this section will further discuss
two important factors affecting the inertia support capability for WTGs—real inertia and
aerodynamic characteristics.

3.3.1. Real Inertia

Equation (5) shows that the WTG with larger rotor inertia can store more kinetic
energy, while the rotor kinetic energy change will slow down with the increase in rotor
inertia. Therefore, the magnitude of rotor inertia is one of the key factors that determine the
inertia support capability of WTGs, and larger rotor inertia allows the WTG to provide more
inertia support within the same speed variation range. With an increase in the capacity, the
size and real inertia of the WTG gradually increase. The following example calculates and
compares the real inertia of ten SGs in a standard IEEE 10-machine 39-bus system, an NREL
5 MW WTG [27], and an NREL 1.5 MW WTG [28]. The details can be seen in Appendix A.

Assuming the standard IEEE 10-machine 39-bus system fN is 50 Hz (that is, the rated
speed of all SGs ωSG

fN is 3000 rpm), checking reference [29], the rated capacity of the G2 SSG2
N

is 700 MVA, the time constant of inertia HSG2 is 4.329 s and the number of pole pairs p is 1,
and the inertia of this SG can be calculated as

JSG2 =
2HSG2SSG2

N p2(
ωSG

fN

)2 = 4.27 × 104 kgm2 (12)

It is known that Jr of NREL 5 MW WTG is 3.5444067 × 107 kgm2, Jg is 534.116 kgm2,
Ng is 97 and ωWT

gN is 1173.7 rpm. The following calculation of the true inertia of the WTG
is based on the rated speed of the SG because the rated speed of the WTG is different
from that of the SG. Therefore, from (3), the true inertia of a 5 MW WTG converted to the
high-speed side is calculated as
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JWT
ac = JWT

h ·
(

ωWT
gN

ωSG
fN

)2

= 658.35 kgm2 (13)

As the rated capacity of the SG is 140 times larger than that of the WTG, the true inertia of
the WTG with the same capacity size as the SG is 6.4× 104 kgm2. A comparison of the data of
the true inertia of the WTGs and all SGs in the system is shown in Table 1. Except for G5, the
true inertia of the WTGs with the same capacity is greater than the true inertia of the SGs.

Table 1. Comparison of real inertia of WTGs and SGs.

SGs in the Standard IEEE
39-Bus System

Real Inertia of
Each SG/kgm2

Real Inertia of the NREL
5 MW WTG Under the Same

Capacity/kgm2

Real Inertia of the NREL
1.5 MW WTG Under the

Same Capacity/kgm2

G1 7.04 × 105 1.32 × 106 1.05 × 106

G2 4.27 × 104 9.22 × 104 7.32 × 104

G3 5.04 × 104 1.05 × 105 8.36 × 104

G4 4.03 × 104 1.05 × 105 8.36 × 104

G5 3.66 × 104 3.95 × 104 3.14 × 104

G6 4.90 × 104 1.05 × 105 8.36 × 104

G7 3.72 × 104 9.22 × 104 7.32 × 104

G8 3.42 × 104 9.22 × 104 7.32 × 104

G9 4.86 × 104 1.32 × 105 1.05 × 105

G10 5.91 × 104 1.32 × 105 1.05 × 105

3.3.2. Aerodynamic Characteristics

For the mathematical model in Section 2.1, the aerodynamic characteristics of different
WTGs can be expressed with different functions of CP(λ). The function of CP(λ) has a
single-peaked characteristic and λ = ωWT

r R/v, so PWT
m is a function of ωWT

r and PWT
m
(
ωWT

r
)

still has a single-peaked characteristic. This shows that, unlike the mechanical character-
istics of the SG, the aerodynamic power of the WTG is influenced by its rotor speed and
the aerodynamic power will further influence its rotor speed. This coupling relationship
between aerodynamic power and rotor speed makes the operation dynamics of the WTG
more complex. In addition, different WTGs have specific CP(λ), so the variations in their
aerodynamic power influenced by fluctuations in rotor speed are also related to their own
CP(λ). The common CP(λ) curves [27,28,30] are shown in Figure 6.

C

Figure 6. Several common CP(λ) curves.

In summary, the rotor speed dynamics of WTGs under virtual inertia control are
influenced by the two factors mentioned above, specifically by the real inertia preventing
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large fluctuations in the rotor speed, and by the aerodynamic characteristics coupling the
aerodynamic power with the rotor speed, which indirectly influences the inertia support
capacity of WTGs to the grid.

4. Inertia Support Capability Evaluation for WTGs Based on
Symmetrical Operation

To evaluate the inertia support capabilities of WTGs, this section constructs a sym-
metric operation mode that mirrors the rotor speed dynamic changes of conventional SGs,
based on the principle of inertia support for SGs. In this mode, the inertia provided by
WTGs without passing through a converter can be directly calculated. For WTGs that are
more commonly grid-connected through converters, the symmetric operation serves as an
approximation of the dynamic behavior for WTGs under virtual inertia control. However,
this mode bridges the real and virtual inertia of WTGs, facilitating the analysis of the impact
on aerodynamic efficiency when providing varying levels of inertia support.

4.1. Symmetrical Operation Mode of WTGs

In the absence of converters, the frequency of electricity generated by WTGs matches
the grid frequency. Consequently, the speed variations of WTGs are in a fixed ratio to those
of the SGs, governed by the generator’s pole pairs and gearbox ratio. This paper denotes
this operational mode as the symmetric operation mode, that is,

ωWT
g − ωWT

g0

ωWT
g0

= k · ωSG
f − ωSG

fN

ωSG
fN

(14)

where k is the proportional coefficient of rotor speed change, k > 0, ωWT
g0 is the reference

generator speed of WTGs, and ωSG
f is the actual speed of SGs.

Under symmetric operation, the speed variation of WTGs is consistent with that of
SGs, and WTGs interfaced through converters under virtual inertia control exhibit similar
dynamic characteristics. Thus, the concept of symmetric operation can also be applied to
converter-interfaced WTGs, where control is employed to align the speed of WTGs with
that of SGs as described in Equation (14), termed as symmetric operation for WTGs. Due
to the presence of converters, the rotor speed of WTGs is decoupled from grid frequency.
Hence, the symmetric operation is considered an approximation of the dynamic behavior
under virtual inertia control. The primary distinction lies in that the aerodynamic power
variations are reflected in the output power for the former, while for the latter, they are
manifested in rotor speed changes.

4.2. Equivalent Inertia Calculation of WTGs Under Symmetrical Operation

It can be seen from Equation (14) that the rotor speed for WTGs under symmetrical
operation can be expressed as

ωWT
g = k · ωSG

f

ωWT
g0

ωSG
fN

− (k − 1)ωWT
g0 (15)

If the SG and the WTG are initially operated in a stable equilibrium state, the dynamic
expression of the SG is

ΔPSG
m − ΔPSG

e = JSGωSG
f

dωSG
f

dt
(16)

where ΔPSG
m is the mechanical power deviation of SGs and ΔPSG

e is the electromagnetic
power deviation of SGs. The deviation of the speed fluctuation relative to ωSG

fN can be
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ignored during the normal operation of the SGs [31], so it can be regarded as ωSG
f = ωSG

fN .
Combined with Equations (3) and (15), the dynamic expression of the WTG is

ΔPWT
m − ΔPWT

e = JWT
h ωWT

g
dωWT

g
dt

= JWT
h ·

(
k · ωSG

f
ωWT

g0

ωSG
fN

− (k − 1)ωWT
g0

)
·
(

k · ωWT
g0

ωSG
fN

· dωSG
f

dt

)
= k · JWT

h ·
(

ωWT
g0

ωSG
fN

)2
· ωSG

fN
dωSG

f
dt

(17)

where ΔPWT
m is the aerodynamic power deviation of WTGs and ΔPWT

e is the electromagnetic
power deviation of WTGs. The expression of equivalent inertia for WTGs is obtained by
comparing Equations (16) and (17); it can be obtained that

JWT
eq = k · JWT

h

(
ωWT

g0

ωSG
fN

)2

(18)

It should be noted that the symmetric operation can be achieved through the closed-
loop speed control of WTGs, with the specific implementation process detailed in ref-
erence [32], and thus will not be reiterated here. The simulation results are presented
in Section 4.3. Consequently, Equation (18) calculates the equivalent inertia under ideal
conditions where there is no deviation in closed-loop speed control.

4.3. Equivalent Inertia of WTGs Under Symmetrical Operation and Its Influence on
Aerodynamic Efficiency

As indicated in Section 4.2, the equivalent inertia of WTGs under symmetric operation
is related to their initial operating conditions. Therefore, two constant wind speed scenarios
of 10 m/s and 7 m/s are set, with the grid frequency fluctuating within the range of 49.5 Hz
to 50.5 Hz and k = 1. This case evaluates and analyzes the equivalent inertia of WTGs
operating under MPPT operation and its impact on aerodynamic efficiency. The deviation
of ±0.5 Hz is the frequency deviation limit of power system under normal operating
conditions specified in the Chinese standard [33], which can be used on demand.

4.3.1. Equivalent Inertia Evaluation

Building upon the equivalent inertia calculation method for the symmetric operation
detailed in Section 4.2, this section compares the equivalent inertia of WTGs with the
real inertia of SGs within the standard IEEE 10-machine 39-bus system, as mentioned
in Section 3.3 (refer to Appendix A). The real inertia of the SGs has been calculated in
Section 3.3, and thus will not be reiterated here.

By combining Equations (2) and (3) and substituting the relevant data, the calculation
result for the equivalent inertia on the high-speed side of a single 5 MW WTG at a constant
wind speed of 10 m/s is obtained as

JWT
eq1 = JWT

h

(
ωWT

g0

ωSG
fN

)2

= 596.81 kgm2 (19)

Given that the rated capacity of G2 is 140 times that of the WTG, the equivalent inertia
of the WTG with the same capacity as G2 should be 8.36 × 104 kgm2. Furthermore, the
equivalent inertia of both WTGs at the same capacity is calculated and compared with
the real inertia of all SGs in the system, as shown in Table 2. Consistent with the results
from Section 3.3 regarding real inertia, the equivalent inertia of WTGs at the same capacity
exceeds that of the real inertia of SGs, with the exception of G5.
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Table 2. Comparison of real inertia of WTGs and SGs under 10 m/s wind speed scenario.

SGs in the Standard IEEE
39-Bus System

Real Inertia of
Each SG/kgm2

Real Inertia of the NREL
5 MW WTG Under the Same

Capacity/kgm2

Real Inertia of the NREL
1.5 MW WTG Under the

Same Capacity/kgm2

G1 7.04 × 105 1.19 × 106 7.42 × 105

G2 4.27 × 104 8.36 × 104 5.20 × 104

G3 5.04 × 104 9.55 × 104 5.94 × 104

G4 4.03 × 104 9.55 × 104 5.94 × 104

G5 3.66 × 104 3.58 × 104 2.23 × 104

G6 4.90 × 104 9.55 × 104 5.94 × 104

G7 3.72 × 104 8.36 × 104 5.20 × 104

G8 3.42 × 104 8.36 × 104 5.20 × 104

G9 4.86 × 104 1.19 × 105 7.42 × 104

G10 5.91 × 104 1.19 × 105 7.42 × 104

Similarly, the equivalent inertia provided by both WTGs under a constant wind speed
scenario of 7 m/s is calculated and compared with the real inertia of all SGs in the system,
with the results presented in Table 3. Although the equivalent inertia of the NREL 5 MW
WTG is less than the real inertia of the SGs, it remains within the same order of magnitude.
The equivalent inertia of the NREL 1.5 MW WTG is close to that of the SGs. In summary,
under different scenarios, WTGs operating under the symmetric operation mode can
provide inertia support to the grid that is comparable to, or even greater than, that of SGs.

Table 3. Comparison of real inertia of WTGs and SGs under 7 m/s wind speed scenario.

SGs in the Standard IEEE
39-Bus System

Real Inertia of
Each SG/kgm2

Real Inertia of the NREL
5 MW WTG Under the Same

Capacity/kgm2

Real Inertia of the NREL
1.5 MW WTG Under the

Same Capacity/kgm2

G1 7.04 × 105 5.85 × 105 3.64 × 105

G2 4.27 × 104 4.09 × 104 2.55 × 104

G3 5.04 × 104 4.68 × 104 2.91 × 104

G4 4.03 × 104 4.68 × 104 2.91 × 104

G5 3.66 × 104 1.75 × 104 1.09 × 104

G6 4.90 × 104 4.68 × 104 2.91 × 104

G7 3.72 × 104 4.09 × 104 2.55 × 104

G8 3.42 × 104 4.09 × 104 2.55 × 104

G9 4.86 × 104 5.85 × 104 3.64 × 104

G10 5.91 × 104 5.85 × 104 3.64 × 104

4.3.2. The Influence of Inertia Support on Aerodynamic Efficiency

Furthermore, under 10 m/s and 7 m/s wind speed scenarios, the WTGs achieve
symmetric operation with the grid frequency through closed-loop speed control, with
simulation results depicted in Figures 7 and 8. As shown in the figures, the rotor speed of
the WTG varies in near consistency with the grid frequency (that is, the rotor speed of SGs)
under both wind speed scenarios. Concurrently, the fluctuation in the Cp of the WTGs is
minimal, with the maximum aerodynamic power loss being only 0.022% at a wind speed
of 10 m/s and 0.023% at a wind speed of 7 m/s. Therefore, the impact of inertia support on
the aerodynamic efficiency of WTGs under symmetric operation is negligible, implying
that changes in the operating state for WTGs during the inertia support process have a
minimal effect on aerodynamic power.
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Figure 7. Grid frequency, rotor speed, and Cp curve for WTGs under 10 m/s wind speed scenario.
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Figure 8. Grid frequency, rotor speed, and Cp curve for WTGs under 7 m/s wind speed scenario.

4.4. The Influence of WTG Speed Variation Range on Equivalent Inertia and
Aerodynamic Efficiency

Furthermore, the relationship between equivalent inertia under symmetric operation
mode and virtual inertia control is derived. As indicated by Equation (5), the electromag-
netic power deviation of WTGs under virtual inertia control is equal to the inertia support
power, that is,

ΔPWT
e = ΔPVIC(t) = −Kpf

SWT
N(

ωSG
fN

)2 ωSG
fN

dωSG
f

dt
(20)

Based on the analysis in Section 4.3, by neglecting the impact of inertia support in the
symmetric operation on ΔPWT

m , and combining Equations (17), (18), and (20), we can obtain

Kpf =
JWT
eq
(
ωSG

fN

)2

SWT
N

(21)

It is evident that under the symmetric operation, the equivalent inertia of WTGs corre-
sponds directly to the virtual inertia coefficient. Furthermore, by combining Equation (18)
with Equation (21), we can derive
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k =
KpfSWT

N

JWT
h

(
ωWT

g0

)2 (22)

In other words, the virtual inertia coefficient determines the k. When the grid frequency
(i.e., the rotor speed of SGs) is within the normal operating range, the virtual inertia
coefficient can be used to establish the range of speed variation for WTGs. Concurrently,
increasing the virtual inertia coefficient not only amplifies the equivalent inertia of the
WTGs but also broadens the range of their speed variation, which in turn increases the
impact on aerodynamic efficiency. Therefore, it is necessary to set aside a reserve capacity
that exceeds the loss in aerodynamic efficiency to enable WTGs to provide inertia support
under de-loading operation, ensuring the stability of the WTGs.

4.5. Verification of Virtual Inertia Control for WTGs Under De-Loading Operation

Section 4.4 establishes the relationship between the virtual inertia control coefficient of
WTGs, the equivalent inertia under symmetric operation, and the range of speed variation.
In this section, based on the simulation model provided in Appendix B, two case studies
will be set up for WTGs in de-loading operation. The relationships derived in Section 4.4
will be utilized to calculate the virtual inertia coefficient, thereby validating that the virtual
inertia control of WTGs can provide adequate inertia support to the grid.

4.5.1. Case 1: Operating in the Same Rotor Speed Range

In this case, the grid frequency is set to operate normally between 49.5 Hz and 50.5 Hz,
with the speed variation range of WTGs being the same as that of the grid frequency
(i.e., k = 1). If the WTGs initially operate at a constant wind speed of 10 m/s under
MPPT, Section 4.3 indicates a loss of 0.022% in aerodynamic power, thus allowing for the
determination to reserve a 0.1% reserve capacity. Furthermore, Section 4.3 calculates the
equivalent inertia provided by the WTGs as JWT

eq = 596.81 kgm2, and Kpf = 11.78 can be
derived from Equation (21). Simulations based on these calculations are conducted, with
the system operation curves under virtual inertia control shown in Figure 9. Consequently,
the WTGs effectively reduce the frequency fluctuations during normal grid operation
while maintaining stable operation, demonstrating the effectiveness of the virtual inertia
coefficient setting under the same rotor speed variation range.

t

C
P

f

Figure 9. System operation curve for Case 1.
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4.5.2. Case 2: Provide the Same Equivalent Inertia as G1

In this case, the grid frequency is set to operate normally between 49.5 Hz and 50.5 Hz,
and the WTGs are required to provide an equivalent inertia comparable to that of G1, hence
calculating the equivalent inertia provided by the WTGs as JWT

eq = 352 kgm2. If the WTGs
initially operate at a constant wind speed of 7 m/s under MPPT control, then according to
Equation (18), k = 1.2. The time-domain curves of the grid frequency, rotor speed, and Cp

curve for WTGs under symmetrical operation are shown in Figure 10. The aerodynamic
power loss is statistically 0.03%, thus allowing for the determination to reserve a 0.1%
reserve capacity.

f
C

t

Figure 10. Grid frequency, rotor speed, and Cp curve for WTGs under symmetrical operation.

Furthermore, by substituting JWT
eq into Equation (21), Kpf = 6.94 is calculated. Based

on the aforementioned computational results, simulations are conducted, and the system
operation curves under virtual inertia control are depicted in Figure 11. Similarly, the
virtual inertia control of WTGs mitigates frequency fluctuations in the grid during normal
operation while ensuring stable running, indicating that the virtual inertia coefficient is
effective when tuned to provide an equivalent inertia comparable to that of G1.

t

C
P

f

Figure 11. System operation curve for Case 2.

121



Symmetry 2025, 17, 31

Finally, it can be seen from the above simulation that in the large-scale power systems
dominated by SGs, the fluctuation range of output power and rotor speed for virtual inertia
control of the WTGs under symmetrical operation mode is acceptable. Since the virtual
inertia control provides inertia support for the grid, the WTGs will no longer be able to
achieve maximum power tracking with MPPT control, which will affect the tip speed ratio
and aerodynamic power extraction. However, the inertia support provided by large WTGs
has a minimal impact on their aerodynamic efficiency under non-fault conditions, allowing
them to deliver inertia support equivalent to that of SGs with power reduction of no more
than 0.1%. When facing the actual turbulent wind speed, the power change and speed
fluctuation of the WTG only under MPPT control are much larger than those in the above
simulation [34,35].

5. Conclusions

In this paper, following an analysis of the energy utilization process and influencing
factors of inertia support in WTGs, a symmetric operation mode is constructed to calculate
and analyze the equivalent inertia under various scenarios and control parameters, as
well as its impact on aerodynamic efficiency. The results indicate that, unlike primary
frequency regulation which relies on continuous kinetic energy release, large WTGs can
provide inertia support to the grid approaching that of SGs under de-loading operation
with a reserve capacity not exceeding 0.1%. Currently, the design dimensions of WTGs
are continually increasing with rotor diameters now exceeding 250 m [36], particularly
offshore WTGs, resulting in a more substantial equivalent inertia and thus a stronger
inertia support capability. Finally, considering the distinct energy requirements of primary
frequency regulation and inertia support, it is recommended that WTGs utilize the reduced
reserve capacity reserved for overspeed or pitch control to participate in the grid’s primary
frequency regulation while reserving their inherent inertia solely for virtual inertia support.
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Appendix A

Appendix A.1. Parameters of Each SG in IEEE 10-Machine 39-Bus System

The SGs are derived from the standard IEEE 10-machine 39-bus New England system,
with the main parameters of each SG presented in Table A1 [29]. Specifically, the inertia
constant of the SGs is defined as the ratio of the kinetic energy to the rated capacity under
rated operating conditions.
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Table A1. Main parameters of each SG in the standard IEEE 10-machine 39-bus system.

SGs in the Standard IEEE
39-Bus System

Rated Capacity
/MVA

Inertia Time Constant
/s

G1 10,000 5
G2 700 4.329
G3 800 4.475
G4 800 3.575
G5 300 4.333
G6 800 4.35
G7 700 3.771
G8 700 3.471
G9 1000 3.45
G10 1000 4.2

Appendix A.2. Parameters of 1.5 MW WTG and 5 MW WTG

The 1.5 MW WTG and 5 MW WTG referenced are sourced from the National Renew-
able Energy Laboratory (NREL) [27,28], with their main parameters detailed in Table A2.

Table A2. Main parameters of 1.5 MW WTG and 5 MW WTG.

Parameter Value of 1.5 MW WTG Value of 5 MW WTG

wind rotor radius 35 m 63 m
wind rotor inertia 2.96 × 106 kgm2 3.54 × 107 kgm2

generator inertia 53 kgm2 534.116 kgm2

rated capacity 1.5 MW 5 MW
variable speed ratio 87.965 97

optimal tip speed ratio 6.32 7.6
maximum wind energy

utilization coefficient 0.4382 0.4865

Appendix B

This paper constructs an IEEE 10-machine 39-bus system with an aggregated wind
farm in DIgSILENT/PowerFactory based on the standard model outlined in reference [37],
with the model structure depicted in Figure A1. The simulation model comprises ten
SGs and an aggregated wind farm, with G1 equivalently aggregated from the U.S. and
Canadian regions. Except for G1, all other SGs are equipped with governors, the structures
and specific parameters of which are shown in Figure A2 and Table A3, respectively. The
aggregated wind farms are connected to bus 9 within the system, consisting of 2000 NREL
5 MW WTGs. Since the operational dynamics of identical WTGs are consistent under the
same wind speed scenario, this paper aggregates them into a single WTG with the same
capacity as G1, resulting in a wind power penetration of approximately 37.3%.
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Aggregated
NREL 5MWWTG * 2000

Figure A1. IEEE 10-machine 39-bus system with aggregated wind farm.
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Figure A2. Governor structure of SGs.

Table A3. Governor parameters of SGs.

Parameter Value

controller gain K 5
governor time constant T1 0.2

governor derivative time constant T2 1
servo time constant T3 0.6

high-pressure turbine time constant T4 0.6
intermediate-pressure turbine time constant T5 0.5
medium-pressure turbine time constant T6 0.8

low-pressure turbine time constant T7 1
high-pressure turbine factor K1 0.3

intermediate-pressure turbine factor K2 0.25
medium-pressure turbine factor K3 0.3

low-pressure turbine factor K4 0.15
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Abstract: The asymmetry-induced uncertainty in both sources and loads is a crucial and
continuously spotlighted issue within modern power systems. Applying optimization
scheduling method to deal with this asymmetry is a feasible solution. Accordingly, this
paper proposes a bi-level park-level integrated energy system (PIES) optimization strategy
considering uncertainties of price-based load demand response (PLDR). Firstly, a model
for characterizing the uncertainties of the PLDR is developed based on fuzzy theory.
Secondly, a bi-level two-stage PIES optimization model that includes multiple device
models is established. In the first stage, the dynamic pricing optimization is carried out
with the aim of maximizing user satisfaction. In the second stage, the PIES scheduling
strategy optimization is performed with the aim of minimizing the operation costs of PIES.
Finally, multiple scenarios are set to conduct comparative validation, which demonstrates
that the proposed method not only improves the renewable energy integration capacity
of the system, optimizes the load profiles, and enhances the economic and low-carbon
performance, but also increases user satisfaction, thus providing a reference for the dispatch
and operation of the park-level integrated energy system.

Keywords: uncertainty of asymmetry; demand response; price decision; uncertainty;
fuzzy theory

1. Introduction

To achieve the “dual carbon” goals, alleviate energy supply–demand asymmetry and
improve energy utilization, integration of multiple complementary resources by applying
the optimization method has become a significant direction for future energy revolution [1].
Park-level integrated energy systems, which are a modern power system characterized
by coupling multiple energy resources and achieving cascaded energy utilization, play
a crucial role in this process and are also one of the key trends in the field of energy
development. Within PIES, on one hand, there are multiple flexible energy conversion
devices, and on the other hand, there are many potential sources of flexibility. Demand
response on the consumer side is one particularly important form of flexibility resource.
Regarding demand response, both domestic and foreign governments have introduced
several incentive-based support policies, thus laying a solid foundation for the participation
of demand response mechanisms in ancillary service markets [2–4]. This approach, which
incentivizes users to change their consumption behaviors by providing them with economic
compensation, can partially alleviate the supply–demand imbalance during peak load
periods. It provides an available approach for demand-side resources in PIES strategy
optimization.
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Recently, extensive research on strategy optimization problems of PIES has been
conducted. The concept of an Energy Hub (EH) was introduced in [5] and a standard-
ized modeling of PIES was presented for planning and scheduling studies. Literature [6]
proposed an IES scheduling method considering energy-carbon comprehensive pricing
model. It establishes an energy scheduling model using a Stackelberg game approach
to maximize profits. This method can enhance economic efficiency and reduce carbon
emissions. Literature [7] proposes a two-stage coordinated optimization method with
long-term and short-term scheduling strategy for PIES. The results show that under long-
term operating conditions, two-stage scheduling strategy of PIES can acquire more energy
revenue. This two-stage scheduling strategy determines the optimum capacity for long-
term scheduling while ensuring effective integration with power grid, thereby cutting
down decision-making complexity. Literature [8] proposes a comprehensive planning
strategy considering the coupling relationship of electricity, natural gas, and thermal load.
In the aforementioned literature, researchers have studied system optimization problems
from various perspectives, including optimization scheduling methods, equipment model
modeling, and solution algorithms. However, none of these studies considered the in-
fluences of demand response on optimization process. Indeed, in practical operation of
integrated energy systems, system operators can guide users to actively adjust their energy
consumption and participate in demand response programs, which can improve system’s
economic and low-carbon performance. Given this, ref. [9] analyzes the implementation
of integrated energy demand response based on cooling, heating, and electricity loads. It
examines how demand response can enhance the system economy and flexibility. Litera-
ture [10] explores an implementation of demand response in real-time electricity markets.
It demonstrates that demand response can maximize the profit return of energy loads and
alleviate the supply–demand imbalance of IES. Literature [11] establishes an intra-day
optimization scheduling strategy for regional IES considering LDR. The results demon-
strate that this scheduling strategy mitigates the intra-day supply–demand imbalances of
renewable resources and loads, enhances system stability, and further reduces operational
costs.

Indeed, it is evident that the optimal planning problem for integrated energy systems
has gained significant attention from the academic community both domestically and
internationally. Among these research efforts, there is a particular focus on fully exploiting
the potential of demand-side response to improve economic and stability. This area of
research is becoming a key hotspot in PIES. Although existing research has made prelimi-
nary explorations in this area, there are still some issues that need to be addressed. Firstly,
most research efforts predominantly focus on deterministic demand response programs
without considering the potential impact of various uncertainties that may exist in prac-
tical applications. However, for non-direct control demand response programs (such as
demand response based on real-time price), users need to adjust their energy consumption
plans based on real-time market signals. The inherent differences in users’ lifestyle habits,
rationality, and behavioral preferences create a high degree of uncertainty in their demand
response capabilities. Therefore, disregarding the uncertainty impact of demand response
would result in planning solutions that are not truly globally optimal in nature. In ad-
dition, in existing research, stochastic optimization or robust optimization methods are
commonly used to model uncertainty factors. Stochastic optimization involves extracting
statistical characteristics of uncertain factors from a large amount of reliable historical
data and generating expected scenarios based on the obtained probability distribution
functions. However, for this study, the acquisition of demand-side classified time-of-use
data is limited owing to simultaneous involvement of energy consumption timing and
type of energy consumption [12] in demand response under integrated energy systems. As
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a result, acquiring and analyzing demand response data becomes challenging, making it
difficult to obtain reliable probability distributions for user response parameters. Further-
more, user response behavior often exhibits randomness and fuzziness [13,14], which is
difficult to effectively describe using fixed probability distribution functions. Therefore,
these reasons present significant obstacles for the application of stochastic optimization
methods in this study. On the other hand, traditional robust optimization approaches
typically focus on the most unfavorable uncertain scenarios for achieving system objectives,
leading to conservative solution outcomes that may not satisfy the planning requirements
for system economics effectively.

To address the asymmetry of sources and loads in modern power systems, this paper
proposes a bi-level PIES optimization scheduling method considering the uncertainties
of PLDR. This paper focuses on demand response programs based on dynamic pricing
as an example. By taking into account both the configuration of PIES and demand-side
management strategies in a comprehensive way, the proposed model aims to optimize
the configuration of PIES. Additionally, the impact of uncertainty in demand response is
described by using fuzzy theory. Finally, the validity of the proposed method is verified by
means of setting multiple scenarios.

2. Park-Level Integrated Energy System

The PIES is a multi-input and multi-output system integrating multiple energy con-
version facilities, energy resources, and loads [15]. Different types of energy flows are
conducted in PIES and multiple load demands are satisfied. In the PIES designed in this
paper, wind power, photovoltaics, electric boilers (EB), gas boilers (GB), battery energy
storage devices, and combined heat and power (CHP) are included. Additionally, energy
storage devices, under different operating conditions, can store excess energy, thereby
enhancing the system’s capacity to accommodate renewable energy and forming beneficial
interactions with the grid.

3. Uncertainties of PLDR

In PLDR, users voluntarily adjust their energy consumption based on dynamic prices
provided by the system operator. Due to subjective factors, demand response exhibits a
certain level of volatility. This paper takes into account the uncertainty of demand response
by using fuzzy theory. From the perspective of demand characteristics, the loads in PIES
can be approximately classified into four types: essential loads, reducible loads, transferable
loads, and substitutable loads [16,17]. The following section discusses the modeling of
these types of loads.

3.1. Essential Loads (Els)

ELs refer to loads that could not be interrupted under a specific time period. They
possess fixed and uninterrupted characteristics, meaning they do not respond to dynamic
electricity or gas prices. With the presence of ELs in PIES, their operating characteristics of
ELs can be represented by Equations (1) and (2).

Pel,t = γel,tPt (1)

Phl,t = γhl,tPt (2)

where Pt represents the total load value, Pel,t represents the value of essential electric load,
Phl,t represents the value of essential thermal load, γel,t represents the ratio of essential
electric load to total load value, and γhl,t represents the ratio of essential thermal load to
total load value at time t.
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3.2. Reducible Loads and Transferable Loads

Reducible loads are defined as the loads that users can voluntarily reduce according
to their own interests and needs without sacrificing the fulfillment of their own demand.
These loads have a certain degree of flexibility and can respond to dynamic electricity and
natural gas prices. Common reducible loads include some air conditioning equipment,
household appliances, and certain types of lighting fixtures used in residential buildings.
Transferable loads are the loads whose supply periods can be changed according to a
schedule. Within a certain time frame, the total amount of power supplied remains constant,
but the specific hours of supply can be adjusted without significantly impacting the users.
Transferable loads exhibit strong controllability. Common examples of transferable loads
include washing machines and water heaters. Considering the existence of these reducible
and transferable loads in PIES, this paper aims to establish a mapping relationship between
the reducible load quantity, transferable load quantity, and dynamic electricity and natural
gas prices (ENGPs). This mapping relationship is described as follows:

1. Dynamic ENGPs are positively correlated with the reducible load quantity. This
means that as the ENGPs increase, the reduction rate of load at a given time also increases.
Similarly, during periods with higher ENGPs, the load tends to be shifted to periods with
lower prices. In other words, as the ENGPs increase, the transfer rate of load at a given
time also increases;

2. The reduction rate and transfer rate of the load range between zero and one. As
the electricity and natural gas prices increase, these rates tend to approach one, while they
tend to approach zero when the prices are lower;

3. In an ideal scenario, assuming that user behavior follows a normal distribution
pattern, the reduction rate and transfer rate of the load are symmetric about a center point
of electricity and natural gas prices.

The sigmoid function has the properties of monotonicity, a constrained range, and
symmetry, which are in line with the aforementioned mapping relationship. Given the
complexity of this mapping relationship, a non-standard type of sigmoid function is used
for modeling [18]. Additionally, considering the uncertainty in user behavior, most users
are sensitive to benefits, but the sensitivity varies among individuals. Moreover, non-
benefit factors such as psychological factors and unexpected events can also influence user
behavior. As a result, there is significant fluctuation in the reduction rate and transfer
rate of the load. In general, when prices are lower, the benefits are smaller, and subjective
factors play a dominant role. This leads to higher uncertainty in user behavior, resulting
in larger fluctuations in the reduction rate and transfer rate of the load. Conversely, when
prices are higher, the benefits are greater, and the influence of benefits becomes dominant.
This leads to lower uncertainty in user behavior, resulting in smaller fluctuations in the
reduction rate and transfer rate of the load. This paper utilizes triangular fuzzy numbers to
characterize this uncertainty. Therefore, the modeling of the reduction rate, transfer rate,
and their uncertainties is as follows:

λxc,t =
1

1 + e−αx1(xxc,t−βx1)
+ εxc,t (3)

λxs,tt′ =
1

1 + e−αx2(xxs,tt′−βx2)
+ εxs,tt′ (4)⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

εxc,t = (−dxc,t, 0, dxc,t)

dxc,t =

⎧⎨⎩
kx1, xxc,t ≤ 0

kx1e−kx2xxc,t , xxc,t ≥ 0

(5)

130



Symmetry 2025, 17, 43

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
εxs,tt′ =

(−dxs,tt′ , 0, dxs,tt′
)

dxs,tt′ =

⎧⎪⎨⎪⎩
kx3, xxs,tt′ ≤ 0

kx3e−kx4xxc,tt′ , xxs,tt′ ≥ 0

(6)

where αx1, αx2, βx1, βx2 are the parameters of the sigmoid functions, λxc,t represents the
reduction rate of the xth type of load (electrical or thermal loads) at time t, λxs,tt ′ represents
the transfer rate of the xth type of load from t to t′, xxc,t represents the price difference
between electricity or natural gas prices and the baseline electricity or natural gas price,
xxs,tt ′ represents the price difference between electricity or natural gas prices and electricity
or natural gas prices, εxc,t represents the uncertainty error in the reducible load of the xth
type, εxs,tt ′ represents the uncertainty error in transfer rate of the xth type of load from time
t to t′, kx1, kx2, kx3, kx4 are proportional coefficients, dxc,t represents the maximum error in
the reduction rate of the xth type of load at time t, dxs,tt′ represents the maximum error in
the transfer rate of the xth type of load from time t to t′;

Taking all the above formulas into consideration, we can obtain the values of electric-
ity/thermal load after reduction and transfer for each period, as shown below.

Pxc,t = (1 − λxc,t)γxc,tPt (7)

Pxs,t = (1 − ∑
t′∈T,t′ �=t

λxs,tt′)γxs,tPt + ∑
t′∈T,t′ �=t

λxs,t′tγxs,t′Pt′ (8)

where Pxc,t represents the value of the xth type of load after reduction at time t, Pxs,t

represents value of the xth type of load after transfer, γxc,t represents the ratio of the value
of the xth type of load that can be reduced to the total load value, γxs,t represents the ratio
of the value of the xth type load that can be transferred to the total load value.

3.3. Substitutable Loads

A substitutable load refers to a load where users have the flexibility to choose the
form of energy based on their specific needs. Common examples of substitutable loads
are heating equipment, kitchen appliances, and certain air conditioning systems. In PIES,
these loads exist, and users can adaptively choose the form of energy according to different
electricity and natural gas prices during different time periods. Therefore, it is essential
to establish a model for the substitution rate of the load with respect to price. In an ideal
scenario, if the electricity price is high, users choose natural gas as the energy source,
while if the electricity price is low, they choose electricity as the energy source. However,
apart from considering the benefits, users are also influenced by subjective factors and can
voluntarily choose the energy supply method. Taking all these considerations into account,
the mapping relationship between the substitution rate of the electricity load (denoted as
λet) and the difference between ENGPs (denoted as xeh) can be described as follows:

1. The substitution rate of the electricity load is positively correlated with the differ-
ences between ENGPs. The larger the price difference, the closer the substitution rate of
the electricity load is to one, and the smaller the price difference, the closer it is to xero.

2. In the substitutable load category, assuming that electricity and natural gas are
interchangeable and users have no preference in usage, user behavior follows a normal
distribution pattern. When xeh equals 0, λet equals 0.5, and the mapping relationship λet

is symmetric about the center (0, 0.5), with its rate of change being symmetric about the
y-axis. In other words, the derivative of the substitution rate of the electricity load is an
even function.

3. When xeh approaches zero, the user’s benefit is small, indicating strong subjectivity
and high uncertainty. When xeh approaches infinity, the user’s benefit is large, indicating
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weak subjectivity and low uncertainty. Therefore, the uncertainty model is an even function
with a monotonically increasing and then decreasing trend.

Based on the above relationships, this paper adopts the arctangent function to describe
the relationship between λet and xeh. The uncertainty is modeled using a Gaussian function.
The modeling is as follows:

λet,t =
1
π

(
arctanxeh,t +

π

2

)
+ εeh,t (9)

⎧⎪⎨⎪⎩
εeh,t = (−deh,t, 0, deh,t)

deh,t = ae−
x2

eh,t
2c2

(10)

where a and c are parameters of Gaussian function, εeh,t represents the uncertainty error in
the substitution rate of electricity load, deh,t represents maximum error in the substitution
rate of electricity load.

Taking all the above formulas into consideration, we can obtain the values of electric-
ity/thermal load after substitution for each period, as shown below.

Pet,t = (1 − λet,t)(γet,t + γht,t)Pt (11)

Pht,t = λet,t(γet,t + γht,t)Pt (12)

where Pet,t, Pht,t represent the values of electricity/thermal load after substitution, γet,t, γht,t

represent the ratio of substitutable electricity/thermal load to total load value.

3.4. The System’s Total Load Demand Considering Dynamic Pricing

Considering the dynamic pricing and user uncertainty based on Equations (1)–(12),
the values of electricity/thermal load at time t, denoted as Pe,t and Ph,t, are as follows:

Pe,t = Pel,t + Pec,t + Pes,t + Pet,t (13)

Ph,t = Phl,t + Phc,t + Phs,t + Pht,t (14)

4. Bi-Level Optimization Scheduling Model for PIES

In this section, a bi-level optimization scheduling strategy for PIES is put forward,
taking into account the diverse interests and demands of different user groups. The model
considers both supply and user side while addressing the uncertainties associated with
price-based load demand response.

4.1. The Upper-Level Price Decision Model

On the user side, it is desirable to adjust the response quantity of electricity and
thermal load based on dynamic pricing to achieve economic benefits while ensuring a
certain level of energy comfort. The target is constructed as

maxC1 = Cm + Cpr (15)

Cm =

∑
t∈T

∣∣Ppr,t
∣∣

∑
t∈T

Pt
(16)

Cpr = 1 −
∑

t∈T
(Pe,txe,t + Ph,txh,t)

∑
t∈T

(
P′

e,txe,0 + P′
h,txh,0

) (17)
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where Cm represents the user’s satisfaction with electricity usage, Cpr represents the user’s
satisfaction with the economic benefits, Ppr,t is load response quantity, P′

e,t, P′
h,t repre-

sent electricity/thermal load values before the response at time t, xe,0/xh,0 is baseline
electricity/natural gas prices, xe,t/xh,t is dynamic electricity/natural gas prices.

4.2. The Lower-Level Park Energy Supply Decision Model

The objective of the park energy supply side is to meet the user’s energy demand at
the lowest cost:

minC2 = Cma + Cb + Cwpv + Cdr (18)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Cma = ∑
i∈I

RiWi

Cb = ∑
t∈T

(αe,tPeb,t + αh,tPhb,t)

Cwpv = ∑
t∈T

(
βwPqw,t + βpvPqpv,t

)
Cdr = ∑

t∈T

⎛⎝ (Pe,txe,t + Ph,txh,t)−(
P′

e,txe,0 + P′
h,txh,0

)
⎞⎠

(19)

where Cma is PIES annual maintenance cost, Cb is PIES annual energy procurement cost,
Cwpv is annual penalty cost for curtailed wind and solar power, Cdr is PIES annual demand
response cost, i represents equipment category, I represents the set of equipment types, Ri

represents the capacity of equipment i, Wi is annual maintenance cost per unit capacity for
equipment i, αe,t/αh,t represents the price of electricity/natural gas, Peb,t/Phb,t represents
the amount of purchased electricity/natural gas, βw/βpv represents the penalty cost of
curtailed wind/solar power per unit at time t, Pqw,t/Pqpv,t represents curtailed wind/solar
power at time t.

4.3. Constraints

(1) Pricing constraints

Due to the influence of objective factors, the electricity price and natural gas price
should satisfy certain upper and lower limits.

xmin
e,t ≤ xe,t ≤ xmax

e,t (20)

xmin
h,t ≤ xh,t ≤ xmax

h,t (21)

(2) User constraints

Considering the user’s own interests, the satisfaction with the electricity usage and
the economic benefits should meet certain threshold values.⎧⎨⎩Cm ≤ Cmax

m

Cpr ≥ Cmin
pr

(22)

(3) Load transfer rate constraint

The sum of the transfer rates of transferable loads from a specific time to other times
should be less than one.

∑
t′∈T,t′ �=t

λxs,tt′
′ ≤ 1 (23)
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(4) Constraints on energy supply

The constraints on the energy supply side of the PIES mainly consist of wind and
photovoltaic power output constraints, gas boiler constraints, electric boiler constraints,
and energy storage constraints.

4.4. Evaluation Indicators

Based on the above bi-level optimization scheduling model, this paper can effec-
tively evaluate the economic performance and user satisfaction of the system from the
perspectives of the total cost and user satisfaction with the electricity usage. The PIES
as an important direction of the future energy revolution is evaluated for its low-carbon
performance and peak shaving ability with the help of two indicators, namely carbon
emissions and peak-valley difference rate. This evaluation is performed considering the
achievement of dual carbon goals and stable operation of the power grid.

(1) Total cost: calculated by (18).

C = C2 (24)

(2) User satisfaction: user satisfaction is a comprehensive evaluation formed by users
based on their actual experience after using the electric heating and gas services.

Cyh = 1 −
∑

t∈T

∣∣Ppr,t
∣∣

∑
t∈T

Pt
(25)

(3) Carbon emission

Assuming that external electricity purchases are all from coal-fired power units, the
main carbon emissions sources include coal-fired power units, CHP, GB. The formula for
calculating carbon emissions is as follows:⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

E = Ebuy + Ecg

Ebuy =
T
∑

t=1

(
a + bPeb,t + cPeb,t

2
)

Ecg =
T
∑

t=1
d(QCHP + QGB)

(26)

where E, Ebuy, Ecg represent, respectively, total carbon emissions, carbon emissions from
external electricity purchases, and carbon emissions from CHP and GB; a, b, c represent
the carbon emission coefficients of external electricity purchasing; d is carbon emission
coefficient for natural gas-consuming devices; QCHP and QGB are, respectively, the gas
consumption of CHP and GB.

(4) Peak-valley difference rate

hx =
Pmax

x − Pmin
x

Pmax
x

(27)

where hx represents the peak-valley difference rate of the xth load, Pmax
x /Pmin

x represents
the maximum/minimum value of the xth load within the scheduling period.

5. Case Study

To validate the effectiveness of the proposed method, a simulation analysis is con-
ducted based on the PIES, as described in [18,19]. The scheduling period is set to a 1 h

134



Symmetry 2025, 17, 43

time step with a total of 24 h per day. Appendix A provides the predicted values of wind,
photovoltaic power output, and electricity and thermal load demand within PIES. Specific
information regarding energy conversion devices and storage equipment parameters inside
the PIES can be found in Appendix B.

5.1. Comparative Analysis Across Multiple Cases

To validate the validity of demand response incentive mechanism in the optimized
scheduling model for the PIES, this paper conducts the scheduling strategy analysis in
three cases. The case settings are as follows:

Case 1: Without considering demand response optimization.
Case 2: Considering price-based demand response optimization, but without consid-

ering uncertainty.
Case 3: Considering price-based demand response optimization while also considering

uncertainty.
From Table 1 and Figure 1, it can be observed that in Case 2 compared to Case 1, the

total cost decreases by 4090 yuan, carbon emissions reduce by 7785 kg, wind and solar
power curtailment penalties decrease by 3988 yuan, electricity load peak-to-valley ratio
decreases by 2.21%, thermal load peak-to-valley ratio decreases by 14.73%, and the overall
load peak-to-valley ratio decreases by 7.92%. This validates the finding that considering
price-based demand response mechanisms can reduce the overall cost of the integrated
energy system, decrease carbon emissions, lower the load peak-to-valley difference, and
smooth out the load curve. In Case 3 compared to Case 2, although there is an increase
of 583 yuan in operating costs, the demand response compensation cost decreases by
2110 yuan and wind and solar power curtailment penalties decrease further by 220 yuan,
resulting in a decrease of 1747 yuan in total cost. Carbon emissions decrease by 13,803 kg.
In terms of user satisfaction, Case 2 has a satisfaction rate of 83.61% while Case 3 has a
satisfaction rate of 86.94%, an increase of 3.33%. The electricity load peak-to-valley ratio
decreases by 27.47%, the thermal load peak-to-valley ratio decreases by 4.41%, and the
overall load peak-to-valley ratio decreases by 14.73%. This validates the finding that the
proposed price-based demand response mechanism considering uncertainty can improve
user satisfaction while also ensuring the economic efficiency, low-carbon operation, and
peak shaving/filling performance of the integrated energy system.

Figure 1. Peak-valley difference rates of loads in different cases.
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Table 1. Indicators in Cases 1–3.

--- Case 1 Case 2 Case 3

Operating cost (yuan) 26,500 22,246 22,829
Demand response compensation cost (yuan) 0 4152 2046
Wind and solar power curtailment penalties (yuan) 4217 229 9
Total cost (yuan) 30,717 26,627 24,880
Carbon emission (kg) 39,979 32,194 18,391
User satisfaction (%) - 83.61 86.94

In this paper, we use CPLEX to solve the proposed model. The computing times of
Case 1, Case 2 and Case 3 are, respectively, 307.3 s, 422.7 s and 435.1 s. As the uncertainty
increases, the computation time becomes longer. The convergence proofs of the proposed
method in Case 1, Case 2, and Case 3 are shown in Figure 2. The numbers of iterations in
different cases are less than 100.

Figure 2. Numbers of iterations in different cases.

5.2. Upper-Level Price Decision Analysis

According to the simulation results, it can be observed that significant changes occur
in electricity prices during different time periods after implementing demand response,
as shown in Figure 3. The high peak electricity prices mainly occur from 9:00 to 21:00,
while the low valley electricity prices are concentrated in the range from 22:00 to 8:00.
This indicates that during periods of high electricity demand, dynamic prices are often
higher than the baseline prices, while during periods of low electricity demand, dynamic
prices are often lower than the baseline prices. This economically encourages users to shift
their load peaks. Similarly, as shown in Figure 4, during periods of high thermal load
demand, dynamic gas prices are higher than the baseline prices, and during periods of
low thermal load demand, dynamic gas prices are lower than the baseline prices. This
reveals a consistent positive correlation between the overall daily load curve and the price
curve under demand response. After the price decision analysis, the results in Table 2 show
that the average electricity price increased by 0.02 yuan, the average gas price decreased
by 0.0441 yuan, and the user energy purchase cost decreased by 5.71%. This encourages
users to cut down load under demand peaking periods and shift loads to low-demand
periods, thereby improving system’s ability for peak shaving or filling. Therefore, price-
based demand response mechanism allows dynamic prices to be flexibly adjusted based
on energy consumption status on demand side, stimulating user response potential.
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Figure 3. Comparison of electricity prices and initial electric loads.

Figure 4. Comparison of natural gas prices and initial thermal loads.

Table 2. Indicators before and after price decision.

Before Price Decision After Price Decision

average electricity price (yuan) 0.5583 0.5783
average natural gas price (yuan) 0.7 0.6559
user energy purchase cost (yuan) 35,787 33,745
average electricity price (yuan) 0.5583 0.5783

By comparing the electricity and gas prices in Figure 5, it can be observed that during
the high peak electricity price period from 9:00 to 18:00, the gas price is relatively low.
At this time, the electricity load reaches a high peak while the thermal load is at a low valley.
However, during the low valley electricity price period from 22:00 to 7:00, the gas price is
higher, and the electricity load is at a low valley while the thermal load reaches a high peak.
This is because substitutable loads are taken into account when implementing demand
response. Therefore, during high peak electricity price periods, part of the electricity load
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can be replaced by the thermal load, which reduces the peak electricity load and increases
the load during the low valley of the thermal load. Similarly, during periods of high peak
thermal load, part of the thermal load can be replaced by the electricity load, reducing the
peak thermal load and increasing the load during the low valley of the electricity load,
further enhancing the system’s ability for peak shaving and filling.

 
Figure 5. Comparison of electricity price and natural gas price.

5.3. Load Demand Response and Energy Supply Decision Analysis

Figure 6 compares the three cases in terms of electricity consumption, gas consumption,
and carbon emissions. It can be observed that Case 2 significantly reduces electricity
consumption by 8708 kWh compared to Case 1, increases gas consumption by 677 cubic
meters, and decreases carbon emissions by 7785 kg. In Case 3 compared to Case 2, electricity
consumption continues to decrease significantly by 2984 kWh, while gas consumption
slightly increases by 155 cubic meters, and carbon emissions decrease significantly by
13,803 kg. This is because price-based demand response reduces the total electricity and
thermal load. Meanwhile, the output of gas-consuming devices increases, which leads to a
reduction in purchased electricity and lower carbon emission factors for gas-consuming
devices, thus decreasing carbon emissions. During high electricity price periods, the load is
shifted to low-price periods and periods with high renewable energy output. Additionally,
a portion of the load is reduced, resulting in a decrease in operating costs. The reduction in
electricity consumption and increase in gas consumption for IES improve the overall energy
utilization efficiency as it relies more on natural gas to meet the load demand. Further
analysis is conducted on Case 3.

Figure 7 reflects the results of electricity load participation in demand response under
Case 3. From the graph, it can be observed that the peak electricity load periods are mainly
concentrated from 8:00 to 18:00. After implementing the price-based demand response
incentive mechanism, some electricity load is reduced and shifted during the period from
8:00 to 21:00, while the electricity load significantly increases during the time periods of
1:00 to 7:00 and 22:00 to 24:00. Some electricity load during the period from 9:00 to 21:00
is transferred to the low-demand periods of 1:00 to 8:00 and 22:00 to 24:00, resulting in a
transfer of 3313 kW of electricity load. After implementing demand response, the high
peak electricity price periods mainly occur from 9:00 to 21:00. During this time period,
a significant amount of electricity load is reduced, while the low valley electricity prices
are mainly concentrated from 22:00 to 8:00, with lesser reduction in electricity load. The
total reduction in electricity load amounts to 1560 kW. Additionally, as shown in Figure 4,
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during the period from 9:00 to 18:00, the electricity price is significantly higher than the
natural gas price. Therefore, during this time period, a substantial amount of electricity
load is replaced by thermal load. Conversely, during the period from 19:00 to 8:00, the
natural gas price is higher than the electricity price, leading to a significant replacement
of thermal load with electricity load. The total load substitution amounts to 4343 kW. The
electricity load is shifted from daytime high-price periods to nighttime low-price periods,
reducing the load during high-price periods. At the same time, the high-price periods are
substituted with thermal load, effectively smoothing the electricity load curve and reducing
the overall operating costs of the integrated energy system.

Figure 6. Indicators in Cases 1–3.

 
Figure 7. The results after demand response of electric loads.

Figure 8 reflects the power balance of IES. From the graph, it is observed that there
are three time periods with relatively small electricity purchases. The first period is during
the high electricity price period, specifically from 9:00 to 18:00. This period is the peak
load period before demand response. By transferring and reducing the electricity load,
most of electricity load demand is met through CHP, wind power, and photovoltaics,
resulting in a decrease in electricity purchases. The second period is during the period
of abundant wind resources, specifically from 24:00 to 4:00. This period is a low-demand
period before demand response. By transferring and substituting, the electricity load
demand increases, and most of it can be met by wind power. If demand response is not
implemented, a significant amount of wind resources is wasted. Therefore, this improves
the integration capacity of renewable energy consumption. The third period is during
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the time when electricity prices are similar to natural gas prices, specifically from 19:00
to 21:00. During this time period, natural gas prices are comparable to electricity prices.
While meeting the power balance, it also provides a considerable amount of power for
thermal balance. This effectively reduces PIES operation costs. Therefore, electricity load
demand can be met by relying on renewable energy and CHP. After demand response,
electricity load is reduced during these three time periods, smoothing electricity load curve,
and improving the economic efficiency and renewable resource integration capacity of
the system.

 

Figure 8. The power balance.

Figure 9 reflects the results of thermal load participation in demand response under
Case 3. From the graph, it can be seen that peak thermal load periods are mainly during
the nighttime from 1:00 to 5:00. After implementing the PLDR mechanism, thermal load
during the peak periods is reduced, and a portion of the thermal load is shifted to the
low-demand periods during the daytime. Additionally, during high natural gas price
periods, the thermal load is substituted with electricity load. The reduction in thermal
load amounts to 399 kW, the transferred thermal load amounts to 636 kW, and substituted
thermal load amounts to 4343 kW. This achieves the effect of peak shaving and valley
filling, effectively reducing carbon emissions.

Figure 10 reflects the thermal power balance of IES. During the period from 9:00 to
21:00, the thermal load increases after valley filling. During this time period, the electricity
price is higher than or close to the natural gas price. Therefore, the cost of electricity
generation from CHP is lower than purchasing electricity. Increasing the output of CHP
in the energy supply has advantages. From Figure 8, it can also be seen that during this
time period, most of the purchased natural gas is supplied to the CHP. From the graph, it
can be observed that during the period from 22:00 to 7:00, there are two factors. Firstly, the
electricity price is low and wind resources are abundant during this time period. Secondly,
the thermal efficiency of gas boilers and electric boilers is higher than that of CHP. As
a result, the CHP have minimal output during this time period, while the gas boilers
contribute more to the heating supply. Heating is mainly provided by gas boilers and
electric boilers during this time period.
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Figure 9. The results after demand response of thermal loads.

Figure 10. The thermal power balance.

In the above study, the proportions of different types of loads in end-demand were
assumed to be fixed. However, in reality, the benefits vary due to natural differences in
user load composition and usage habits. To reveal the impact of these variations, three
additional cases are introduced with different compositions of demand response:

Case 4: Only consider transferable loads.
Case 5: Only consider substitutable loads.
Case 6: Consider both transferable and substitutable loads.
The results obtained from these cases are compared with Case 3, as shown in the

table below.
From Table 3, it can be observed that the benefits, from highest to lowest, are as follows:

Case 3, Case 6, Case 4, and Case 5. In comparison to Case 5, Case 6 reduces the total cost
by 2508 yuan and increases user satisfaction by 9.24%. In comparison to Case 6, Case 3
reduces the total cost by 2071 yuan and increases user satisfaction by 5.16%. Therefore,
considering a greater variety of load types not only reduces the overall system cost but
also improves user satisfaction. The main reason for these results is that in cases where
only transferable loads or substitutable loads are considered, the PIES can only transfer
or substitute a portion of the load when affected by dynamic price changes. A single type
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of load is unable to fully utilize the flexible demand response capability. However, when
both transferable and substitutable loads are considered, the complementary characteristics
of different forms of demand response resources can enable the system to have control
over both the timing and form of load energy consumption. This allows for more flexible
adjustment of load demand and improved economic efficiency while meeting operational
constraints. Case 3 also considers reducible loads, allowing for the reduction in some
loads during high-price periods, further enhancing peak shaving capability and economic
performance of the system. Therefore, considering demand response with various types of
loads can lead to greater benefits and improvements.

Table 3. Indicators in Cases 3–6.

Case 4 Case 5 Case 6 Case 3

Total cost (yuan) 27,949 29,459 26,951 24,880
Improvement percentage (%) 9.01 4.10 12.26 19.00
User satisfaction (%) 74.16 72.54 81.78 86.94

6. Conclusions

This paper proposes a bi-level PIES optimization strategy considering the uncertainties
of PLDR. The goal is to deal with the asymmetry between sources and loads in modern
power systems by applying the optimization scheduling method. The paper focuses on
establishing an uncertainty model for PLDR using fuzzy theory, and through the coordi-
nated optimization of park equipment configuration and dynamic pricing on the demand
side, it aims to achieve the maximum economic performance of the PIES. Conclusions are
drawn as follows:

1. Compared to not taking price decisions into account, the implementation of price
decisions can decrease the overall system cost by 13.3%, decrease carbon emissions by
7785 kg, and decrease the peak-to-valley variances in electricity and heat by 2.21% and
14.73%, respectively.

2. Compared to the situation without uncertainties of PLDR, when considering the
uncertainties of PLDR, the overall cost is reduced by 6.56%, carbon emissions are decreased
by 13,803 kg, and the peak-valley differences in electricity and heat are reduced by 27.41%
and 4.41%, respectively. In addition, user satisfaction is increased by 3.33%.

3. The more diverse the types of responsive loads, the more significant the effect of
implementing demand response tends to be. Compared to considering only transferable
and substitutable loads, the overall system cost is reduced by 7.68% and user satisfaction is
improved by 5.16%.

Therefore, the planning solution obtained through the proposed method is effective in
dealing with the asymmetry of sources and loads in modern power systems. This research
can optimize the scheduling and coordinated control of multiple energy sources within
the park to promote the park’s integrated energy system to cope with the uncertainty of
demand response.
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Appendix A

Equipment parameters:

Equipment Capacity/kW
Energy Conversion

Efficiency/%

Maintenance

Price/yuan/kW

Combined heat and power 1500
35 (Gas-to-Electricity)
50 (Gas-to-Heat)

0.05

Gas-fired boiler 1000 75 0.03

Electrical boiler 600 80 0.03

Storage battery 300 90 0.02

Appendix B

Prediction Curves of Wind Turbine, Photovoltaic and Load:
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Abstract: The optimization of the symmetry of MTDC systems after a contingency is crucial
for the stable and economic operation of the MTDC systems. In this paper, a multi-objective
optimal control method for the power flow symmetry of MTDC systems for the large-scale
integration of offshore wind farms is proposed. A mirror relationship between the available
headroom of DC lines and VSCs and their actual power flow distribution performance
is established. A corresponding symmetry index is established for the MTDC network,
and the multi-objective optimization problem is converted into a series of single-objective
problems by the normal boundary intersection method, and solved by the original dyadic
interior point method, so as to obtain the Pareto optimal solution with uniform distribution.
The compromise optimal solution is decided according to the entropy weight double-basis
point method, which provides decision-making guidance for the operators. The simulation
results show that the normal boundary intersection method can solve the multi-objective
dynamic optimal control problem of the VSC-HVDC system quickly and efficiently, and
improve the symmetry of the power flow in an MTDC network.

Keywords: multi-terminal HVDC (MTDC) systems; voltage source converter; power flow
symmetry; adaptive droop control; DC line power regulation

1. Introduction

In modern power systems, the concept of symmetry is pivotal in terms of optimizing
power flow distribution and enhancing system stability [1,2]. Amidst the depletion of
fossil fuel resources and the global focus on reducing greenhouse gas emissions, the past
two decades have seen a significant rise in the use of sustainable energy sources in power
generation [3–6]. Offshore wind power, with its high and consistent wind speeds, is
expected to play a critical role in the transition to a low-carbon economy [7–13]. Two key
technologies for integrating offshore wind farms into the existing AC grid include high-
voltage AC systems and voltage source converter-based high-voltage DC (VSC-HVDC)
grids. Among these, multi-terminal HVDC (MTDC) systems have emerged as the preferred
solution due to their advantages in terms of the independent control of active and reactive
power, undersea transmission capability, and flexible power flow management [1,14–19].

Classical control strategies for MTDC systems are typically classified into three cate-
gories: V-P control [20], voltage margin control [21], and DC voltage droop control [22–26].
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V-P control adjusts DC voltage by selecting a primary VSC but faces significant limitations,
especially if the DC voltage-controlled VSC fails [27]. Voltage margin control assigns control
duties to slack buses but may lead to DC voltage oscillations [28,29]. To improve stability
and reliability, distributed droop control is commonly used, enabling multiple VSCs to
share voltage regulation and power distribution tasks [30]. The equivalent single-phase
power flow model [31] for multiple converter stations connected to the AC grid is em-
ployed to simplify the analysis, focusing on the key dynamics of the DC grid and converter
interactions, which are crucial for the multi-objective optimization of MTDC systems. The
structure of the VSC-HVDC system is shown in Figure 1.
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Figure 1. Structure of the VSC-HVDC system: (a) VSC-HVDC converter station; (b) multi-terminal
DC network; (c) the equivalent single-phase power flow model for multiple converter stations
con-nected to the AC grid; (d) an MTDC system with offshore wind farm integration.

In an MTDC system, effective power sharing among DC lines and VSC stations is
essential to avoid the DC lines and converter overloading and to mitigate the impact on
connected AC systems, particularly under disturbances such as large power variation
in OWFs and VSC outages [32–36]. When the DC lines and VSCs in the MTDC system
distribute the power flow proportionally according to their respective ratings or available
headroom, the capacity configuration of the system will be fully utilized to enhance the
symmetry of the MTDC system, otherwise it is likely to lead to power flow overloading in
the DC lines as well as in the converters, which corresponds to a decrease in the symmetry
of the system. Several approaches have been proposed to improve the power sharing of
the MTDC system. For example, adaptive droop control has been explored for frequency
support and active power sharing [37], and methods optimizing the desired power shares
to meet grid requirements have also been suggested [38].

In addition to power sharing control, system operators must also regulate the volt-
ages of DC nodes to promote enhancement of the symmetry of the power flow in MTDC
systems, especially in systems characterized by long transmission distances and large
power flows [39,40]. The greater the deviation of the system DC voltage, the less symmet-
rical the system power flow will be, which will lead to MTDC system instability [41,42].
The interplay between droop constants and line resistance can significantly impact both
voltage regulation and power sharing, yet achieving accurate control remains difficult
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with traditional methods [33,34]. In [41], an analytical method was proposed to evaluate
the effects of droop parameters on DC voltage variation and power sharing after a VSC
outage. However, the study did not provide a precise method for accurate power sharing
among the droop-controlled VSCs. Achieving precise voltage regulation at all DC nodes
complicates the implementation of effective power sharing control [42]. Traditional opti-
mal control methods may face significant challenges when attempting to simultaneously
regulate DC line power distribution, active VSC power sharing, and voltage control at all
DC nodes. These methods struggle to offer the necessary degrees of freedom for multi-
objective optimization [43]. Additionally, due to the dynamic nature of the offshore wind
farm (OWF)-integrated systems and the complexity of contingencies, DC line power, active
VSC power, and voltage are prone to reaching their limits, making it difficult for these
methods to find optimal solutions that adequately balance the multiple objectives [44–48].

To address these limitations, this paper introduces a novel normal boundary inter-
section (NBI)-based control method. The NBI approach excels at resolving trade-offs in
multi-objective optimization problems by transforming them into a single-objective prob-
lem, allowing for the simultaneous optimization of multiple goals. Unlike conventional
control methods, which often lack sufficient control freedom, the NBI-based method pro-
vides greater flexibility in handling power sharing, DC voltage regulation, and DC line
power distribution in MTDC systems with offshore wind integration. Furthermore, NBI of-
fers more efficient exploration of the solution space and provides a precise characterization
of trade-offs between conflicting objectives, especially in the context of high-dimensional,
nonlinear power systems. This ensures better performance under dynamic conditions, such
as the variability and uncertainty of wind power generation, resulting in more robust and
feasible solutions. The main contributions of this paper are as follows:

(1) This paper introduces a comprehensive approach to MTDC system control that bal-
ances multiple objectives to maintain the power flow symmetry of MTDC systems.
This paper establishes a mirror relationship between the available headroom of DC
lines and VSCs and their actual power flow distribution performance. A correspond-
ing index is also established for the MTDC network to demonstrate the enhanced
symmetry and stability of system power flow under the varying conditions of offshore
wind integration.

(2) The proposed voltage reference-based multi-objective optimal control method allows
proportional power sharing according to converter capacity, distributes DC line power
proportionally, and regulates the DC voltage at all nodes to their nominal values,
achieving three objectives simultaneously without any trade-offs. It is also effective in
various contingencies such as power fluctuations and converter outages.

(3) The method employs the NBI framework, which enables precise control over DC
line power distribution, VSC power sharing, and DC voltage regulation, overcoming
the challenges posed by traditional methods such as control freedom limitations.
This approach is particularly useful in scenarios where traditional techniques fail to
provide analytic solutions.

2. Flexible Power Flow Control of MTDC Network Using Normal
Boundary Intersection Method

2.1. Adaptive Voltage Reference-Based Multi-Objective Optimal Control Framework

The framework of the proposed multi-objective optimal control method is shown in
Figure 2. The physical layer consists of the offshore wind farms (OWFs), wind farm VSCs
(WFVSCs), AC grids, grid-side VSCs (GSVSCs), and the MTDC system. The node number
of the proposed is defined as #i, #j, #l and #k. The control layers include the primary layer
with power controllers and droop controllers. The voltage reference V∗ is determined using
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the optimization method at the secondary layer. The WFVSCs operate under real power
control, while the GSVSCs use adaptive droop control [17].
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Figure 2. The framework of the proposed adaptive voltage reference-based multi-objective optimal
control method.

To model the behavior of an MTDC system with offshore wind integration, the MMC
station is represented using switching functions that capture the submodules (SMs), which
include switches, a capacitor, and a discharging resistor. The SM-equivalent circuit, shown
in Figure 3a, includes ideal diodes D1 and D2, with voltages Vsp and Vsn corresponding
to the capacitor and diode conduction. The series connection of the SMs is simplified
using a valve-equivalent circuit, where the total source voltage is the sum of the individual
SM voltages. The capacitor voltage of each SM is discretized using the Forward Euler
method, as given in Equation (1), with parameters such as the FPGA time step (TFPGA),
SM capacitance (CSM), switching state (SW), arm current (iarm), and discharging resistance
(Rc). Importantly, the SM source voltages are computed in parallel on the FPGA, enabling
real-time simulation of MMC valves with a large number of SMs.

vcap(k) = vcap(k − 1) +
TFPGA
CSM

(
SW · iarm(k − 1)− vcap(k − 1)

Rc

)
(1)

The FPGA-based equivalent circuit for a terminal MMC system is shown in Figure 3b.
The valve model interfaces with the electrical network, where the arm current is measured
from the network, and the source voltages are computed using the valve models. This
setup allows for the accurate simulation of fast transients during faults with small time
steps. The wind turbine model is based on steady-state power characteristics, with output
power defined by Equation (2). Here, TW represents turbine torque, ρ is the air density,
R is the blade radius, and vm is the wind velocity. The power conversion efficiency (Cp)
depends on the blade pitch angle β and tip speed ratio λ, as shown in Equation (3), where
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ω is the mechanical angular velocity of the blade. The wind farm’s synchronous generator
is connected to a rectifier and an inverter, modeled as voltage sources.

TW =
1
2

ρπR3v2
mCp(λ, β)/ω (2)

λ =
Rω

Vm
(3)

  
(a) (b) 

+
_

+
_

+
_

+
_

SM1

SMN

iarm

Vsp1

VspN

Vsn1

VsnN

iarm

D1 D2

D1 D2

+
_

a

b

+
_Vsp  Vsn  

D1 D2

a

b

Valve

Figure 3. Equivalent circuit (a) MMC valve; (b) one-terminal MMC system.

2.2. Power Flow Symmetry of VSC-HVDC System

In the actual MTDC system, each VSC and DC line has its own rated value and
available headroom, and the post-contingency power flow burden should be proportionally
and symmetrically distributed based on the above parameters. As can be seen in Figure 4,
this work establishes a mirror-symmetric relationship between the actual power sharing
value and the available headroom. The bottom layer represents the available headroom
of the VSC or DC line, and the upper layer represents the actual power distribution
performance. The upper boundary is the mirror value in (4). It is calculated based on the
symmetrical relationship between the available headroom and the actual power sharing
performance. If the upper boundary is lower than the mirror value, it will cause the waste
of system power capacity, which will lead to the power overload anyway, and only the
symmetric allocation can promote the full utilization of the available headroom of the
system and improve the rationality of system power sharing. In order to comprehensively
evaluate the symmetrical distribution of DC line power, converter power, and DC voltage
in the MTDC system, the following system power flow symmetry error index, which is
called the Symmetry of Power Flow Error (SMPFE), is expressed as:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

SMPFE = α
(
PL − PL−mirror

)
/Pr

L + β
(
PVSC − PVSC−mirror

)
/Pr + γ(V − Vmirror )/Vr

PLmirror = Pmis HL HL

∑
mL
j=1 HLj

+ PLo

HL =
[
HL1, HL2, . . . , HLNdcl

]
HLi = Pr

Li − PLi

PVSC_mirror = Pmis H
∑m

j=1 Hj
+ Po

H = [H1, H2, . . . , Hm]

Hi = Pr
i − Pi

(4)

where α, β, and γ are the weighing factors. HLi is the available headroom of the ith DC line
(i = 1, 2,. . ., Ndcl). Hi is the available headroom of the ith VSC station (i = 1, 2,. . ., m). The
subscript ‘_mirror’ represents the ideal value of power distribution calculated according
to the symmetrical principle of available headroom–actual allocation. It is worth noting
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that Vmirror is defined as the original voltage to achieve the goal of reducing the amount of
voltage deviation in the MTDC grid.

Capacity
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j

Performance

Capacity

j
j

Performance

i
i

j
j

Figure 4. Diagram of the system’s available headroom and the symmetrical distribution of
power flow.

2.3. Multiple VSC-HVDC Control Objectives

This paper addresses three conflicting control objectives for the MTDC system: mini-
mizing voltage deviation and ensuring proportional distribution of both active VSC power
and the line power. These objectives enable the MTDC system to quickly and flexibly adjust
power flow following contingencies, such as significant power fluctuations from offshore
wind farms and VSC station outages.

In order to calculate the line power sharing accuracy of the proposed method, the
overall objective to achieve the symmetry of the distribution of DC line power according to
the power headroom can be formulated as follows:

f1 = [(L51o + ΔPL51)/Pr51 + (L54o + ΔPL54)/Pr54] + ∑N
i=1(PLi/Pri) (5)

For the MTDC network, the minimization of the total VSC power sharing error is
established as the second objective:

f2 =

ΔP −
(

HPmis
∑m

j=1 Hj

)
1

Pr (6)

In addition to power sharing control, system operators must also regulate the voltages
of DC nodes by minimizing the total voltage deviation to improve the power flow symmetry
of the MTDC system. For all nodes of the MTDC network, the total voltage deviation is
used as the third objective, and it is calculated as:

f3 =
V − Vori1

Vr (7)
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where Pr represents the power rating of the GSVSCs; H is the vector of the available
headroom (H = [H1, · · · Hm ]). V and Vori are the post-contingency voltage and original
voltage vectors, respectively. Vmin

i and Vmax
i are the lower and upper voltage boundaries

of the ith VSC. Pli and Pr
li represent the actual and rated power of the ith DC line.

2.4. Multi-Objective Adaptive Droop Control Optimization Model

This paper presents a multi-objective optimization framework for MTDC networks,
employing an adaptive voltage reference strategy. The proposed model aims to simultane-
ously reduce voltage deviations and minimize power-sharing discrepancies across VSCs
and DC transmission lines. The droop characteristics of the MTDC system are examined as
outlined below [49]:

Pi − Pi
∗ + Ri(Vi − Vi

∗) = 0 (8)

where Pi and Pi
∗ are the actual and reference active power of the ith VSC, Ri is the droop

constant of the ith VSC, and Vi and Vi
∗ are the actual DC voltage and voltage reference.

Pi and Pi
∗ represent the actual and reference active power injected by the ith VSC,

respectively, and Ri denotes the droop constant for the ith VSC.
The DC power of the ith DC node in (8) can be calculated as:

Pi = Vi ∑Ndc

i = 1
i �= j

Gdc,ij
(
Vi − Vj

)
(9)

where Ndc indicates the number of DC nodes. The voltage and current upper and lower
boundaries can be defined as follows:{

Vimin ≤ Vi ≤ Vimax, i = 1, 2, · · · , Ndc

Idc,imin ≤ Idc,i ≤ Idc,imax, i = 1, 2, · · · , Ndc
(10)

where Vimin and Vimax are the lower and upper limits of the ith VSC. Idc,i represents the
current amplitude at the ith DC node. The constraint of DC line power is shown in (11):

Pl,imin ≤ Pl,i ≤ Pl,imax, i = 1, 2, · · · , Ndcl (11)

where Pl,i denotes the active power of the the ith DC line, and Ndcl denotes the total number
of lines in the MTDC network.

The key control variable in this optimization model is the reference voltage V* at the
converter stations. As the adaptive droop control adjusts the reference voltage, the DC
voltage across all nodes will also vary. Therefore, the DC voltage at each node can be
considered to be a secondary control variable. The control variables xc are defined as:

xc =
[
V∗

1 , V∗
2 , . . . , V∗

Ndroop
, V1, V2, . . . , VNdc

]
(12)

where Ndroop represents the number of VSCs using droop control.

2.5. Normal Boundary Intersection Method

The proposed adaptive voltage reference-based multi-objective control optimization
model, described in (2)–(8), is challenging to solve directly. While the weighted sum method
is commonly used to construct a trade-off surface, it has two major limitations: if the Pareto
set is non-convex, points on the concave sections of the trade-off surface are overlooked, and,
with uniform weights, the solutions are typically unevenly distributed across the criterion
space. To address these issues, this paper employs the normal boundary intersection
method, which achieves an evenly distributed set of points on the Pareto surface.
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The multi-objective optimization model described by (2) to (8) is written in the follow-
ing compact form [50]:

min Y = F(X) = [ f1(X), f2(X), f3(X)]

s.t.

{
g
(
Vdc, Vre f , Pdc, Pre f

)
= 0

h
(

Pdc, PL, ΔVre f , Vdc
) ≤ 0

(13)

where f1(X) is the overall objective of line power sharing, f2(X) is the converter power
sharing error, f3(X) is the total voltage deviation, and g(x) and h(x) are the equality and
inequality constraints, respectively.

The optimal solution x∗1 ∈ C is obtained when only the minimum of total fuel con-
sumption f1(X) is considered, which corresponds to the point as follows:

f 1∗( f1
(

x1∗), f2
(

x1∗), f3
(

x1∗)) (14)

Similarly, the optimal solutions x2∗ and x3∗ can be obtained by considering only the
minimum of f2(X) and f3(X), respectively, corresponding to the points f 2∗( f1

(
x2∗), f2

(
x2∗),

f3
(

x2∗)) and f 3∗( f1
(

x3∗), f2
(

x3∗), f3
(

x3∗)). In the coordinate space formed by each objec-
tive function, the points f 1∗, f 2∗, and f 3∗ form the endpoints of the Pareto front, and the
plane defined by them is called the utopian plane, as shown in Figure 3.

The steps to form the Pareto frontier surface are described as follows:

(1) Specification of the objective function

To address the potential disparities in scale and magnitude between the objective
functions, it is essential to normalize objective function (10) to ensure its values are confined
within the range [0, 1], and the specification of the variables with an underscore “−”. After
specification, the variables are distinguished by an underscore “−”, taking the ith objective
function as an example:

fi =
fi − f U

i
f N
i − f U

i
(15)

where FU =
(

f U
1 , f U

2 , f U
3
)

=
(

f1
(

x1∗), f2
(

x2∗), f3
(

x3∗)) is the hypothetical optimum,
known as the utopian point and is composed of minimum line power sharing error,
minimum converter power distribution error, and minimum voltage deviation. FN is
the hypothetical worst point, called the bottom point, which consists of the maximum line
power sharing error, the maximum converter power distribution error, and the maximum
voltage deviation of the three objective function values corresponding to the single-objective
optimal points x1∗, x2∗, and x3∗:

FN =
(

f N
1 , f N

2 , f N
3

)
(16)

where f N
i = max

{
fi
(

x1∗), fi
(

x2∗), fi
(

x3∗)}.

(2) Generate uniformly distributed points on the utopian surface

Assume that the vector pointing from point f ∗1 to point f ∗3 is N1, the vector pointing
from point f ∗2 to point f ∗3 is N2, and the vector pointing from point f ∗1 to point f ∗3 is N3,
as shown in Figure 5. Nk is divided into mk equal parts, so that the length of each equal
part of the unit is δk = 1/mk, with k = 1, 2, 3. Any point on the utopian surface can be
represented by a linear combination of the endpoints f ∗1 , f ∗2 , and f ∗3 , taking the jth point A
as an example:

pj = ∑3
i=3 βij f

i∗
(17)
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⎧⎪⎨⎪⎩
β1j = [0, 1, . . . , m1]δ1

β2j = [0, 1, . . . , m′
2]δ2

β3j = 1 − β1j − β2j

(18)

where m′
2 = I

[(
1 − β1j

)
/δ2
]
, I( ) is rounding the function. The value of the parameter βij

determines the distribution of points on the utopian surface. When δ1 = δ2 = 0.2, the value
of βij is taken as shown in Figure 6.

Pareto Front

Utopia
Plane

N2

f1

f2

f3

N3

N1
f3*

f1*

f2*

Figure 5. Utopia plane and Pareto front for the three-objective optimization model.

Figure 6. Values of vector βij used in the generation of points on the utopian plane.

pj can also be written in the form of multiplication of the payment matrix Φ and the
equipartition vector β, i.e.,

pj = Φβ =

⎛⎜⎝ f1
(

x1∗) f1
(

x2∗) f1
(

x3∗)
f2
(

x1∗) f1
(

x2∗) f1
(

x3∗)
f3
(

x1∗) f1
(

x2∗) f1
(

x3∗)
⎞⎟⎠
⎛⎜⎝β1j

β2j

β3j

⎞⎟⎠ (19)

(3) Find the Pareto optimal solution

The NBI method generates a uniformly distributed Pareto frontier by finding the
intersection of the normal vector of the utopian surface with the boundary of the feasible
domain in the objective function space. However, computing the normal vector for the
utopian surface in 3D space is complex. Instead, a set of uniformly spaced parallel lines
close to the normal direction can intersect with the utopian surface, and their intersections
with the corresponding boundary of the feasible domain will also yield a uniformly dis-
tributed Pareto frontier. To simplify the calculation, the quasi-normal method is used, with
the quasi-normal vector n given by (20), which represents the vector from point A on the
utopian surface to the corresponding point B on the Pareto front, as shown in Figure 3.

n = −Φe (20)
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where e = [1, 1...1]T . The form of the quasi-normal vector expressed in (17) is much simpler
than that of the normal vector of the utopian surface, which helps to simplify the calculation.
Moreover, the Pareto front defined by quasi-normal vectors remains unaffected when the
objective functions are scaled by different coefficients. Therefore, the point B on the Pareto
frontier can be determined using the following equation:

F(x) = Φβ+ dn = Φ(β− de) (21)

where d is the distance parameter. As d increases, the objective functions corresponding to
the feasible solutions determined by Φβ+ dn are gradually improved. When d increases
to the maximum value of dmax, each objective function reaches Pareto optimality. Therefore,
given the vector of equidistant points β, the multi-objective optimization problem in (10)
can be converted into single-objective optimization problems by aiming to maximize the
distance between points on the utopian surface and their corresponding points on the
Pareto front, as follows: ⎧⎪⎪⎪⎨⎪⎪⎪⎩

min(−d)
s.t. F(x) = Φβ+ dn = Φ(β− de)

g(x) = 0
h(x) ≤ h(x) ≤ h(x)

(22)

By varying the values of β, the multi-objective optimization problem is transformed
into multiple single-objective optimization problems. These problems are addressed using
the original pairwise interior point method, enabling the acquisition of a set of uniformly
distributed Pareto-optimal solutions.

3. Multi-Objective Optimized Decision-Making

In engineering applications, each VSC has a single voltage reference value, and the
scheduler must select a compromise optimal solution from the Pareto front. This paper
employs the entropy weight two-basis point method, which incorporates subjective weight
adjustments, to provide decision-making guidance for dispatchers [51]. First, objective
weights are derived using the entropy weight method, considering the degree of difference
among Pareto optimal solutions. These weights are then subjectively adjusted based on
dispatcher experience or actual electricity demand. This approach not only reflects the
subjective preferences of dispatchers but also objectively considers the significance of each
objective function, providing a solid theoretical foundation for selecting the optimal point.
A model is constructed using M optimal points on the Pareto front, and a comprehensive
evaluation is carried out as follows [52]:

(1) Construction of an evaluation matrix R′: for the three objective functions considered
in this study, an evaluation matrix is formulated based on M Pareto optimal solutions.

R′ =

⎛⎜⎝r′11
r′21
r′31

r′12
r′22
r′32

. . .

. . .

. . .

r′1j

r′2j

r′3j

. . .

. . .

. . .

r′1M
r′2M
r′3M

⎞⎟⎠ (23)

where r′ij is the value of the ith objective function corresponding to the jth Pareto optimal
solution when i is taken as 1, 2, 3, respectively.

(2) Normalization of data: due to variations in scale and magnitude among the objec-
tive functions, the original data are standardized using the following normalization
equation:

154



Symmetry 2025, 17, 105

rij =
max(r′ij)− r′ij

max(r′ij)
j

− min(r′ij)
j

(24)

where rij is the value of the ith objective function corresponding to the jth Pareto optimal
solution after specification; min(r′ij)

j

are the maximum and minimum values of the ith row

in R′, respectively. The specified evaluation matrix R can be calculated as:

R =

⎛⎜⎝r11

r21

r31

r12

r22

r32

. . .

. . .

. . .

r1j

r2j

r3j

. . .

. . .

. . .

r1M

r2M

r3M

⎞⎟⎠ (25)

(3) Calculation of entropy-based weights for each objective function: The entropy-based

weight vector, denoted as α = (α1, α2, α3)
T , quantifies the variation across solutions for

each objective, representing the informational contribution of each objective function.
The entropy weight for each objective (i = 1,2,3) is determined using the formula
provided in (26):

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
αi =

1 − ei

∑3
j=1
(
1 − ej

)

ei = −
∑M

j=1

[
rij

∑M
j=1 rij

ln(
rij

∑M
j=1 rij

)
]

lnM

(26)

(4) Using the subjective weights of the scheduler λi, i = 1, 2, 3, find the corrective weight

coefficients ωi =
αiλi

∑3
i=1 αiλi

. As can be seen, ωi takes into account both the experience

of the scheduler and the entropy weights, which reflect the degree of variability of
different solutions on the Pareto frontier.

(5) Create a weighted specific evaluation matrix
Λ
R

Λ
R =

⎛⎜⎝ω1r11

ω2r21

ω2r31

ω1r12

ω2r22

ω3r32

. . .

. . .

. . .

ω1r1j

ω2r2j

ω3r3j

. . .

. . .

. . .

ω1r1M

ω2r2M

ω3r3M

⎞⎟⎠ (27)

It can be seen that the maximum and minimum values in the i-th row of
Λ
R correspond

to the most and least desirable scenarios of the i-th target, respectively.

(6) Determination of double-base points:

The ideal point is shown in (28):⎧⎨⎩ F+ =
(

f+1 , f+2 , f+3
)

f+1 = max(
Λ
Ri1,

Λ
Ri2, . . . ,

Λ
Rin)

(28)

The negative ideal point is calculated in (29):⎧⎨⎩ F− =
(

f−1 , f−2 , f−3
)

f−1 = min(
Λ
Ri1,

Λ
Ri2, . . . ,

Λ
Rin)

(29)
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(7) Evaluation of the relative closeness TJj for each Pareto optimal solution: the relative
closeness of each Pareto optimal solution is calculated to measure its proximity to the
ideal solution:

TJj =
D−

j

D+
j + D−

j
(30)

where D+
j and D−

j are the Euclidean distances from the jth solution to the positive and
negative ideal points, respectively. It can be seen that the higher the relative closeness, the
closer the solution is to the positive ideal point, so the Pareto optimal solution with the
largest relative closeness is chosen as the compromise optimal solution. The algorithm to
optimize the established SMPFE using the NBI method is proposed in Algorithm 1.

Algorithm 1: NBI-based for selecting the best droop setting for the multi-objective
optimization of the VSC-HVDC system

1 Initialize objective functions f1(x), f2(x) and f3(x).

2
Solve for the optimal solution in the case of single-objective optimization
x1∗, x2∗ and x3∗.

3
Constitute Utopia plane and Pareto optimal surface for a three-objective
case.

4 For i = 1 to M do:

5 Objective function specification processing fi =
fi− f U

i
f N
i − f U

i
.

6
Establishment of utopian points FU =

(
f1
(

x1∗), f2
(

x2∗), f3
(

x3∗)) and the
hypothetical worst point(the bottom point) FN =

(
f N
1 , f N

2 , f N
3
)
.

7
Generate evenly distributed points on the utopian surface:

pj = Φβ =

⎛⎜⎝ f1
(

x1∗) f1
(

x2∗) f1
(

x3∗)
f2
(

x1∗) f1
(

x2∗) f1
(

x3∗)
f3
(

x1∗) f1
(

x2∗) f1
(

x3∗)
⎞⎟⎠
⎛⎜⎝β1j

β2j

β3j

⎞⎟⎠
8

Pareto optimal solution by quasi-normal vector method
F(x) = Φβ + dn = Φ(β − de).

9

Converting a multi-objective optimization problem into a single-objective
optimization problem with the objective of maximizing the distance
between a point on the utopian surface and a point on the corresponding
Pareto frontier:⎧⎪⎪⎪⎨⎪⎪⎪⎩

min(−d)
s.t. F(x) = Φβ+ dn = Φ(β− de)

g(x) = 0
h(x) ≤ h(x) ≤ h(x)

10
Obtain a series of uniformly distributed Pareto optimal points by solving

a series of single-objective optimization problems.
11 end for
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Algorithm 1: Cont.

12 For i=1 to M do:

13
Establishment of an evaluation matrix:

R′ =

⎛⎜⎝r′11
r′21
r′31

r′12
r′22
r′32

. . .

. . .

. . .

r′1j

r′2j

r′3j

. . .

. . .

. . .

r′1M
r′2M
r′3M

⎞⎟⎠
14 Specification processing of data:rij =

max(r′ij)−r′ij
max(r′ij)

j

−min(r′ij)
j

15

Calculate the entropy weight of each objective function:⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
αi =

1 − ei

∑3
j=1
(
1 − ej

)
ei = −

∑M
j=1 [

rij

∑M
j=1 rij

ln(
rij

∑M
j=1 rij

)]

lnM
16 Use of subjective weights of dispatchers: ωi =

αiλi
∑3

i=1 αiλi

17 Create a weighted specific evaluation matrix
Λ
R.

18
Establishment of double base points F+ =

(
f+1 , f+2 , f+3

)
and

F− =
(

f−1 , f−2 , f−3
)
.

19

Calculate the relative closeness of each Pareto optimal solution and select
the Pareto optimal solution with the largest relative closeness as the
compromise optimal solution:

TJj =
D−

j

D+
j +D−

j

20 end for

4. Case Studies

A five-terminal VSC-based multi-terminal DC (MTDC) system integrating offshore
wind farms is used to validate the proposed autonomous control strategies for converter
power sharing and DC pilot voltage regulation, as shown in Figure 7. The MTDC network
is modeled in MATLAB/Simulink using the SimPowerSystems Blockset with OPAL-RT’s
RT-LAB libraries. Two offshore wind farms are connected to VSC-3 and VSC-5, and the
other VSCs are linked to three different AC systems. The wind farm converters use a
real power regulation scheme, while the grid-side converters employ a DC voltage droop
control strategy. Each VSC is modeled with the average value representation of a modular
multilevel converter (MMC). DC cables are modeled using the RT-LAB/ARTEMIS Blockset,
with cable and VSC parameters provided in Tables 1–3. VSCs 1 and 2 use MMCs with half-
bridge structure, while the other VSCs use MMCs with a full-bridge structure. Converter
loss coefficients are provided in Table 4, and DC voltage limits are set between 640 kV and
600 kV. Initially, WFVSC-3′s power output shifts from −750 MW to −400 MW due to wind
power variation.

Table 1. DC cable rated power and length.

DC Cable 1 to 2 1 to 3 1 to 4 1 to 5 2 to 3 3 to 4 4 to 5

Length (km) 160 400 250 320 320 320 500

Rated Power
Pr

l,i (MW) 430 430 430 430 430 430 430
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Figure 7. Diagram of the test system.

Table 2. DC cable parameter.

Parameter R(Ω/km) L(mH/km) C(μF/km)

Value 0.0200 0.1463 0.2662

Table 3. VSC station parameter.

VSC No. 1 2 3 4 5

Nominal Voltage Vr
i(kV) 630 630 630 630 630

Rated Power Pr
i(MW) 400 400 800 400 900

Droop Coefficient ki(in P.U.)) 0.08 0.06 0 0.04 0

Power Reference Pi
∗(MW) 350 500 −750 400 −500

Table 4. VSC converter loss coefficients.

Type adc bdc cdc

Half-bridge
Full-bridge

8.80 4.00
6.70

0.47
0.96 ×10−3

The proposed control method is validated through its application in two scenarios: an
increase in wind farm generation (Case 1) and a GSVSC outage (Case 2).

4.1. Case1: Power Increase in OWF Generation

In Case A, the proposed control method effectively balances DC line and VSC power
while maintaining the DC voltage during increased wind power generation. At t = 0.5 s,
the active power of VSC-5 increases from −500 MW to −750 MW. The dynamic optimal
scheduling Pareto frontier, showing power fluctuations due to offshore wind, is presented
in Figure 8. The control method is activated at t = 1.5 s. The results for the DC line powers,
DC voltages, VSC voltages, DC powers, and SMPFE under the proposed control system
are shown in Figure 9, Figure 10, Figure 11, and Figure 12, respectively.
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Figure 8. Pareto front and utopian plane under power increase at VSC-5.

 
(a) (b) 

Figure 9. DC line power under increase at VSC-5: (a) powers of DC lines 5-1 and line 5-4; (b) powers
of DC lines 3-2, 1-2, 1-3, 1-4, and 3-4.

 
(a) (b) 

Figure 10. DC voltage and DC average voltage under power increase at VSC-5 (a) DC voltages;
(b) DC average voltage.
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Figure 11. DC powers under power increase at VSC-5.

Figure 12. SMPFE of Case A.

4.2. GSVSC Outage

In Case B, the proposed control strategy is applied to achieve proportional power
sharing and DC voltage regulation across all nodes after a grid-side VSC (GSVSC) outage.
Specifically, VSC-2 suffers an outage at t = 0.5 s, and the control is activated at t = 1s. The
pareto front and utopian plane under VSC-2 outage is shown in Figure 13. Figures 14–17
present the results, including DC line power flows, DC voltage levels, average VSC voltages,
DC power distribution, and the computed SMPFE under the proposed method.

Figure 13. Pareto front and utopian plane under VSC-2 outage.
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Figure 14. DC line powers under VSC-2 outage.

(a) (b) 

Figure 15. DC voltage and DC average voltage under VSC-2 outage: (a) DC voltages; (b) DC average
voltage.

 
Figure 16. DC power under VSC-2 outage.
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Figure 17. SMPFE of Case B.

4.3. Analysis of Compromise Optimal Solution of Entropy Weight Two-Basis Point Method

The subjective weight λ can be selected according to the dispatcher’s preference. In

this paper, assuming λ = ( 1
3 , 1

3 , 1
3 )

T
, the modified weight coefficients ωi of each objective

function under Case 1 and 2 determined by the entropy weight two-base point method are
shown in Table 5. It can be seen that among the three objective functions, the difference
between the points of the Pareto optimal solution caused by the symmetric distribution
of the line power flow is the largest; then, this objective plays the largest role in the
comprehensive evaluation, so the compromise optimal solution is the largest. In this case,
the selection of the compromise optimal solution will favor the point with the smaller error
in the symmetrical distribution of line power flow.

Table 5. The modified weight coefficients ωi of each objective function.

Case
VSC

Power ω1

Line
Power ω2

Voltage
Deviation ω3

1 0.2175 0.5649 0.2176

2 0.5492 0.2285 0.2223

The Pareto optimal solutions are ranked, and the solution with the highest relative
closeness is chosen as the compromise optimal solution for decision-making. The location
of this solution on the Pareto front is depicted in Figure 11, with the corresponding values
of each objective function presented in Table 6. The values of the three objective functions
were established as Symmetric Error Value 1 (SME1), Symmetric Error Value 2 (SME2), and
Symmetric Error Value 3 (SME3), respectively.

Table 6. =The values of each objective function at the compromise optimal solution.

Case
VSC

Power
(SME1%)

Line
Power

(SME2%)

Voltage
Deviation
(SME3%)

1 1.8214 17.1932 1.6557

2 10.8443 3.0794 3.8345

For Case1, the SME1 corresponding to the compromise optimal solution is only 0.174%
higher than the minimal SME1 of line power, while the SME2 and SME3 are 5.663% and
1.832% higher than the single-objective optimization value, respectively. For Case2, the
SME1 corresponding to the compromise optimal solution is 1.174% higher than the minimal
SME1 under the single-optimization case, while the SME2 and SME3 are only 1.124% and
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2.012% higher than the single-objective optimization value, respectively. It can be seen that
the compromise optimal solution is obviously closer to the ideal utopian point, and it is a
higher quality optimization solution on the Pareto frontier.

5. Discussion

The dynamic simulation results before and after activating the proposed NBI-based
control are presented in Figures 9–11. In Figure 9a, following a power increase at VSC-5,
DC line 5-1’s power rises from 318.1 MW to 461.6 MW, exceeding its 430 MW limit, while
DC line 5-4 increases from 188.7 MW to 296.6 MW, remaining within its capacity. After
activating the control at t= 1.5 s, the power of both lines is nearly proportionally shared,
with power sharing errors of 0.55% and 0.70%, ensuring all DC line powers stay within
their limits, as shown in Figure 9a,b. Figures 10 and 11 illustrate the DC voltage and power
profiles, respectively, with all converter DC powers remaining within rated values.

The proposed control significantly improves the ability to share the power burden
of droop-controlled VSCs, distribute the power of DC lines, and regulate DC voltage, as
shown in Figures 9–11. Specifically, Figure 11 highlights that with the active power increase
in VSC-5, traditional droop control causes an imbalanced power distribution among VSCs-
1, 2, and 4, with VSC-1 having more headroom, while VSC-4 exceeds its 400 MW limit and
VSC-2 nearly reaches its limit. After activating the NBI-based control at t = 1.5 s, the active
powers of the VSCs are shared proportionally to their headroom, ensuring all stay within
their limits. Figure 10 shows that the DC voltage rises with the active power change in
VSC-5, approaching 640 kV. However, after activating the proposed control, the voltage
increase is mitigated, and the DC voltages across all nodes are adjusted closer to their
original values. The optimization of the three objectives is illustrated in Figure 14, showing
a significant decrease in the SMPFE.

Figure 14 demonstrates that after activating the proposed control method, all DC line
powers remain within their limits, with each line distributing power according to available
headroom, enhancing power flow symmetry. Figure 15a,b show a noticeable voltage
increase when VSC-2 fails at t= 0.5 s. After the control is activated at t =1 s, the voltage
rise is mitigated, and the DC voltages across all nodes are adjusted closer to their original
steady-state values. Figure 16 highlights that, under the VSC-2 failure, VSC-4 becomes
overloaded while VSC-1 retains significant headroom. Upon activation of the NBI-based
method, the active power imbalance from the VSC-2 outage is proportionally redistributed
between VSCs 1 and 4 based on the available headroom. Similarly to Case A, the method
successfully achieves proportional and symmetrical power distribution, active power
sharing, and voltage control, with a minimal SMPFE value after the disturbance. As shown
in Figure 17, the SMPFE initially peaks at 21.87%, but drops by about 18.2% following the
activation of the control. With the reduction in the established SMPFE, the symmetry of the
power flow distribution of the MTDC system is significantly improved, and the power of
the VSC and DC lines can be proportionally and symmetrically distributed in accordance
with reasonable rules, making full use of their available headroom, reducing the risk of the
power flow overloading the HVDC system after a contingency, and promoting safe and
symmetrical operation of the system.

6. Conclusions

This paper presents a novel control strategy for achieving power flow symmetry
in converter power sharing, line power distribution, and DC voltage regulation in DC
grids with large-scale offshore wind integration. The proposed method is validated using
a multi-objective optimization model and the voltage droop control scheme. Dynamic
simulations, including disturbances such as power fluctuations in the wind farm VSC and
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grid-side VSC outages, demonstrate the effectiveness of the approach. The NBI method is
used to generate uniformly distributed Pareto fronts in three-dimensional space, providing
dispatchers with more precise decision-making data. Results show that the method enables
proportional and symmetrical power sharing and line power distribution according to the
available headroom, enhancing the symmetry of power flow in MTDC systems. Crucially,
this method functions independently, eliminating the need for a centralized controller or a
global power flow solution. Future work will explore the sensitivity of DC voltage reference
adjustments in relation to DC line power distribution, VSC power sharing and voltage
regulation, as well as expanding the simulation to include additional contingency scenarios,
such as DC line disconnection and topology changes, to further assess the robustness of the
proposed method.
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Nomenclature

The main symbols appearing in this paper are defined below.

MTDC Multi-Terminal DC
VSC Voltage Source Converter
OWF Offshore Wind Farm
VSC-HVDC Voltage Source Converter-Based High-Voltage Direct Current
NBI Normal Boundary Intersection
SMPFE Symmetry of Power Flow Error
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Abstract: The development of the elastic balance area within the distribution network
places greater demands on the interaction between sources and loads, which impacts the
stability of the power system. While achieving symmetry in active power is essential for
stable operation, it is challenging to attain perfection due to various disruptions that can
exacerbate frequency and voltage instability. Additionally, due to the inherent resonance
characteristics of LCL filters and the time-varying nature of weak grid line impedance, grid-
connected inverters may interact with the grid, potentially leading to oscillation issues. A
grid-forming inverter control method that incorporates resonance suppression is proposed
to address these challenges. First, a control model for the grid-forming inverter based on the
Virtual Synchronous Generator (VSG) is established, enabling the system to exhibit inertia
and damping characteristics. Considering the interaction between the VSG grid-connected
system and the weak grid, sequence impedance models of the VSG system, which feature
voltage and current double loops within the αβ coordinate system, are developed using
harmonic linearization techniques. By combining the impedance analysis method, the
stability of the system under weak grid conditions is evaluated using the Nyquist criterion.
The validity of the analysis is confirmed through simulations. Finally, in order to ensure
the effectiveness and correctness of the simulation, an experimental prototype of an NPC
three-level LCL grid-forming inverter is built, and the experimental results have verified
that the system has good elastic support capability and resonance suppression capability in
the elastic region.

Keywords: elastic balance region; active symmetry; grid-forming inverter; impedance
modeling; stability analysis

1. Introduction

With the advancement of new power systems, distributed energy sources such as
photovoltaic and wind power generation, along with flexible loads, have been exten-
sively integrated into the distribution system [1,2]. The randomness and volatility of
outputs from distributed power sources, coupled with the extensive involvement of flexi-
ble loads in demand response, will significantly alter the operating characteristics of the
power grid. Active power symmetry plays a vital role in this context. It refers to the
balanced distribution and exchange of active power among different components within
the power grid, including power sources, grids, loads, and energy storage. This change
will shift the operating mode from a deterministic power balance—where power sources
follow load demands—to a dynamic balance characterized by interactions between power
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sources and loads. As a result, balancing power and energy between these entities will
become more challenging. Additionally, the safety and stability concerns related to large-
scale interactions between power sources and loads are becoming increasingly prominent.
The low inertia and weak damping characteristics of these systems exacerbate stability
concerns [3,4]. Grid-forming inverters have gained significant attention because they
behave like synchronous voltage sources and can provide some inertia support to the elec-
trical grid. The most common control strategies for these inverters include droop control
and Virtual Synchronous Generator control, both of which adjust power output in response
to grid demand. Additionally, matching control and virtual oscillator control can enhance
grid performance. Matching control optimizes the compatibility between the inverter and
the grid, while virtual oscillator control introduces nonlinear oscillation mechanisms to
support grid stability [5–7].

To improve the quality of grid-connected electrical power, an LCL-type filter needs to
be connected in series with the inverter output side. However, there are significant reso-
nance issues associated with this configuration [8]. Currently, LCL resonance suppression
methods can be categorized into two primary approaches: (1) Passive damping methods
involve inserting or paralleling resistors in the LCL filter to suppress resonance [9,10].
While passive damping does not introduce additional control loops to the system, it incurs
considerable power losses. (2) Active damping methods mainly include the pre-filtering
method and the state variable feedback method [11,12]. Reference [13] employs a notch
filter in the system control loop to suppress LCL resonance using pole-zero cancelation,
However, this method is sensitive to system parameters. Adaptive algorithms have been
used in References [14,15] to reduce the parameter sensitivity issue, though this significantly
increases the complexity of system control. Due to various drawbacks associated with the
pre-filtering method, researchers have increasingly focused on the state variable feedback
method. Commonly used state variables include inverter-side current, capacitor voltage,
or current and grid current. When employing the grid current feedback method, the active
damping controller utilizes a second-order differential component, which can effectively
suppress LCL resonance [16,17]. However, these methods primarily target grid-connected
inverters under conventional single-current loop control and are not readily applicable to
VSG-based grid-connected systems.

Regarding system stability, the premise for VSG to actively underpin weak grids is
that the VSG can function reliably when connected to the grid due to the VSG control
strategy simulating the motion equation of synchronous generators; when the load changes,
VSG can detect the changes and make corresponding adjustments, so that the inverter
can provide good elastic support for the active frequency and reactive voltage stability of
the system when facing interference in the elastic balance region [18]. References [19,20]
established the state-space equation of a multi-machine parallel system using the state-
space modeling method and analyzed the static stability of the grid-connected system.
However, these studies primarily focus on traditional VSG control strategies, with limited
research on the influence of LCL filters on the stability of VSG grid-connected systems.

Addressing the aforementioned issues, a grid-forming inverter control method with
resonance suppression is discussed. In this method, VSG technology is used to make the
grid-forming inverter have similar inertia and damping characteristics as the synchronous
machine, ensuring that the grid provides elastic support for frequency and voltage while
reducing the harmonic distortion rate of grid current. Additionally, the harmonic lineariza-
tion method is used to build the sequential impedance model of the inverter system on the
grid side. The stability of the system is then analyzed from an impedance perspective.
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2. Topology and Control Strategies of VSG

Figure 1 illustrates the topology and control structure of the VSG-based grid-forming
inverter under weak grid conditions. Vdc is the input DC voltage; C1 and C2 are the DC
voltage divider capacitors; Point O is the midpoint of the DC side; via, vib, and vic are the
inverter output bridge arm voltages; C is the filtering capacitor; L1 and L2 are, respectively,
the filter inductors on the inverter side and the grid side; i1a, i1b, and i1c are the inverter-side
three-phase currents; i2a, i2b, and i2c are the grid-side currents; eg is the grid voltage; and Lg

is the grid inductor. By applying an appropriate control strategy, the voltage waveform
output by the inverter can be controlled and, after filtering through the LCL filter, the
output voltage is integrated into the grid.
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Figure 1. Overall control block diagram of the grid-connected system based on VSG.

2.1. P-f Control

The P-f loop of the VSG primarily exhibits inertia and damping characteristics by
emulating the rotor dynamics of conventional synchronous generators. Combining with
the synchronous generator’s second-order model [21,22], the P-f equation for the VSG is
represented as follows (1):⎧⎨⎩ J dω

dt =
Pre f
ωn

− Pe
ωn

− Dp(ω − ωn)

dθ
dt = ω

(1)

where, J-the VSG’s virtual inertia, Pref is the given active power, ω and ωn refer to the
output and rated angular frequencies of the VSG, θ represents the phase angle, and Pe is
the instantaneous active power.

2.2. Q-U Control

In the VSG, the Q-U loop primarily simulates the excitation controller of synchronous
generators [21,22]. The Q-U equation can be expressed as (2):

√
2Er =

1
Kqs

[
√

2(Un − U)Dq + Qre f − Qe] (2)

where Kq is the excitation constant, U is the effective value of the output voltage, Dq is
the Q-U Loop droop constant, Un is the rated effective voltage, Qref is the reference value
for reactive power, Qe is the instantaneous reactive power, and Er represents the virtual
internal voltage’s effective value.

The internal voltage of the VSG is jointly defined by the outer loop control, which is
expressed as Equation (3): ⎧⎪⎨⎪⎩

ea =
√

2Er sin θ

eb =
√

2Er sin(θ − 2
3 π)

ec =
√

2Er sin(θ + 2
3 π)

(3)
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2.3. Virtual Impedance Control

According to the electrical characteristics of the stator, the internal voltage Eq,
stator current I, and terminal voltage U of a synchronous generator exhibit the
following relationship:

U = Eq − I(ra + jωLd) (4)

where ra is the armature resistance of the synchronous generator and Ld is the
synchronous inductance.

To achieve the stator electrical characteristics shown in Equation (4) for the grid-tied
system, virtual impedance is employed in the VSG control strategy and transformed into
the αβ coordinate system as shown in Equation (5):{

uαre f = eα − Rviα + ωLviβ

uβref = eβ − Rviβ − ωLviα
(5)

where Rv denotes the virtual resistor, Lv denotes the virtual inductor; eα and eβ are the
αβ axis components of the voltages ea, eb, and ec within VSG; iα and iβ are the αβ axis
components of the system grid-side currents; and the reference components of the voltage
output from the virtual impedance loop in the αβ axis are uαref and uβref.

The voltage reference value obtained through the power outer-loop control and virtual
impedance control in Sections 2.1–2.3 can be directly used as the modulation signal for
SPWM, allowing the grid-connected system to exhibit inertia and damping characteristics
as those of a synchronous generator. Nevertheless, since the relatively decelerated dynamic
response of the outer loop control, the grid-tied power quality cannot be fully ensured.
Therefore, it is necessary to add an inner-loop controller to accelerate the system’s dynamic
response and improve power quality.

2.4. VSG Voltage Loop Control

The quasi-PR controller not only retains the advantages of the PR (Proportional-
Resonant) controller but also reduces the impact of frequency deviation on the AC side.
Therefore, this paper selects a voltage loop design based on the quasi-PR controller. The
expression for the quasi-PR controller is shown in Equation (6).

GPR(s) = Kp +
2Krωis

s2 + 2ωis + ω2
o

(6)

where Kp denotes the proportional factor, Kr denotes the resonant factor, and ωi is the
fundamental resonant bandwidth. In this paper, ωi = πrad/s and ωo is the angular
frequency reference value.

The voltage loop expression of the VSG based on the quasi-PR controller G1(s) is
as follows: {

iαre f = G1(s)(uαre f − uα)

iβre f = G1(s)(uβre f − uβ)
(7)

where Kp1 is the proportional coefficient of G1(s), Kr1 is the resonant coefficient of G1(s),
uαref and uβref are the voltage loop αβ axis reference components output by the virtual
impedance, uα and uβ represent the output voltages of the αβ axis components at the PCC
of the system, and iαref and iβref are the current loop αβ axis reference components output
by the voltage loop.

2.5. VSG Current Loop Control

After obtaining the reference value of the current loop controlled by the VSG voltage
loop, it is necessary to adjust the grid side current of the grid-connected system through the
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current loop. Based on the proportional controller G2(s), the expression of the VSG current
loop can be expressed as (8) {

uiα = G2(s)(iαre f − iα)

uiβ = G2(s)(iβre f − iβ)
(8)

where Kp2 is the proportional coefficient of G2(s). The outputs of the current loop, uiα and
uiβ, serve as the αβ axis components of the inverter’s modulation wave; iαref and iβref serve
as the reference components of the current loop’s αβ axis, outputted by the voltage loop;
and iα and iβ represent the current of the αβ axis components at the grid-side in the system.

To address the resonance issues introduced by the LCL filter, an active damping
component based on grid-side feedback is incorporated into the current control loop.

Gad(s) = kads2 (9)

where kad represents the active damping coefficient.

3. Impedance Modeling of Grid-Forming Inverters Based on VSG Under
Weak Grid Conditions

Considering that the three-phase grid-connected system in this paper does not con-
trol the dq coordinate system, and the advantages of harmonic linearization modeling
method are clear physical meaning, convenient measurement and verification of sequential
impedance model, and relatively simple stability criteria, in order to create the impedance
model for the three-phase grid-connected system, this paper uses the harmonic linearization
modeling technique.

3.1. Sequence Impedance Modeling

In the time domain, after injecting a small signal perturbation on the grid side, the
expression for the output voltage ua(t) of the system and the grid-side current i2a(t) are
as follows:

ua(t) = V1 cos(2π f1t) + Vp cos(2π fpt + ϕvp)

+Vn cos(2π fnt + ϕvn)
(10)

i2a(t) = I1 cos(2π f1t + ϕi1) + Ip cos(2π fpt + ϕip)

+In cos(2π fnt + ϕin)
(11)

where V1, Vp, and Vn represent the amplitudes of the disturbance voltages of each se-
quence, respectively; I1, Ip, and In represent the corresponding response current ampli-
tudes; f1, fp, and fn represent the corresponding perturbation frequencies; ϕvp and ϕvn

are the initial phase angles of the positive-sequence and negative-sequence disturbance
voltages, respectively; ϕi1, ϕip and ϕin are the initial phase angles of the corresponding
response currents.

Equations (10) and (11) can be transformed into the frequency domain as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

ua[ f ] =

⎧⎪⎨⎪⎩
V1, f = ± f1

Vp, f = ± fp

Vn, f = ± fn

i2a[ f ] =

⎧⎪⎨⎪⎩
I1, f = ± f1

Ip, f = ± fp

In, f = ± fn

(12)
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where V1 = V1/2; Vp = (Vp/2)e ± jϕvp; Vn = (Vn/2)e ± jϕvn; I1 = (I1/2)e ± jϕi1;
Ip = (Ip/2)e ± jϕip; In = (In/2)e ± jϕin.

Since the grid-connected system studied in this paper is three-phase symmetric,
Equation (12) can be transformed into the αβ coordinate system.⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

uα[ f ] =

⎧⎪⎨⎪⎩
V1, f = ± f1

Vp, f = ± fp

Vn, f = ± fn

uβ[ f ] =

⎧⎪⎨⎪⎩
∓jV1, f = ± f1

∓jVp, f = ± fp

±jVn, f = ± fn

(13)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

i2α[ f ] =

⎧⎪⎨⎪⎩
I1, f = ± f1

Ip, f = ± fp

In, f = ± fn

i2β[ f ] =

⎧⎪⎨⎪⎩
∓jI1, f = ± f1

∓jIp, f = ± fp

±jIn, f = ± fn

(14)

According to the fundamental principles of the modeling method of harmonic lin-
earization, the expression of the function between the disturbance voltage and the response
current can be obtained. ⎧⎨⎩ Zvp = −Vp

Ip

Zvp = −Vn
In

(15)

where Zvp(s) and Zvn(s) represent the positive and negative sequence impedance of the
VSG system. By combining the above three layers of functional relationships, the functional
relationship between Vp(Vn) and Ip(In) can be solved, and the sequence impedance model
of the VSG system can be obtained. Based on the operating principle of the system shown
in Figure 1, the small signal flow chart of the system as shown in Figure 2.
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Figure 2. Small signal flowchart of the VSG system.

Figure 2 illustrates the small signal flow diagram of the VSG system, where the main
circuit is composed of filters, and the control loop consists of the VSG power loop, virtual
impedance segment, voltage–current loop, and modulation segment. In the figure, the
subscript x = p, n represents the positive and negative sequence disturbance component at
frequency f. Based on Figure 2, the impedance modeling of the VSG system can be divided
into five parts. Below, the impedance models for these five components are established.
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3.2. Modeling of the Main Circuit for the VSG Grid-Connected Systems

Injecting small signal voltage disturbances in positive and negative sequences with
frequencies fp and fn on the grid side will generate current response signals with frequencies
fp and fn, respectively. Taking phase a as an example, Figure 3 represents the harmonic
small signal equivalent model of the main circuit. In the figure, the subscript x = p indicates
the positive sequence disturbance component at frequency fp, while x = n indicates the
negative sequence disturbance component at frequency fn.

Lg

C

L i a f L

via f

ua f

va f

 

Figure 3. Equivalent model of harmonic small signal in phase A main circuit.

Based on Figure 3, the corresponding main circuit small signal expression is (16)

via[ f ] = [L1L2Cs3 + (L1 + L2)s]i2a[ f ] + (L1Cs2 + 1)ua[ f ] (16)

3.3. VSG Power Outer Loop Modeling

It is known that the expression for the output power of the system in the αβ coordinate
system can be expressed as (17){

Pe = 1.5Gf (s)(uαi2α + uβi2β)

Qe = 1.5Gf (s)(uβi2α − uαi2β)
(17)

where Gf(s) = ωl/(s + ωl) represents the transfer function of a low-pass filter and ωl
represents the cutoff frequency of the low-pass filter.

By substituting Equations (14) and (15) into Equation (18), and combining the fre-
quency domain convolution theorem while neglecting the effects of second-order small-
signal disturbance terms, the expressions for Pe and Qe of the system in the frequency
domain can be expressed as (18)

Pe =

⎧⎪⎪⎨⎪⎪⎩
3Gf (s)(V1I∗1 + I1V∗

1), f = dc

3Gf (s)(IpV∗
1 + VpI∗1), f = ±( fp − f1)

3Gf (s)(V1In + VnI1), f = ±( fn + f1)

(18)

Qe =

⎧⎪⎪⎨⎪⎪⎩
3jGf (s)(−V1I∗1 + I1V∗

1), f = dc

±3jGf (s)(IpV∗
1 − VpI∗1), f = ±( fp − f1)

±3jGf (s)(−V1In + VnI1), f = ±( fn + f1)

(19)

The expression for θ can be obtained from the VSG active power controller as (20)

θ(s) = M(s)(Pre f − Pe + Dpω2
n) (20)

In the above formula, M(s) = 1/(Jωns2 + Dωns).
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By substituting Equation (18) into Equation (20), the expressions about θ can be
expressed as (21)

θ[ f ] =

{
−3Gf (s)M(s)(IpV∗

1 + VpI∗1), f = ±( fp − f1)

−3Gf (s)M(s)(V1In + VnI1), f = ±( fn + f1)
(21)

Regarding the output θ of the VSG active power-frequency loop, the corresponding
phase angle perturbation Δθ can be introduced by voltage perturbations, which can be
expressed as (22)

Δθ[ f ] =

{
−3Gf (s)M(s)(IpV∗

1 + VpI∗1), f = ±( fp − f1)

−3Gf (s)M(s)(V1In + VnI1), f = ±( fn + f1)
(22)

The phase angle disturbance Δθ yields θ = θ1 + Δθ, where θ1 is the fundamental wave
angle of the grid-connected system, obtaining Equation (23).

cos θ[ f ] = cos(θ1[ f ] + Δθ[ f ])

≈ cos θ1[ f ]− Δθ[ f ] ∗ sin θ1[ f ]
(23)

where θ = θ1 + Δθ, with ϕ1 denoting the power angle of the VSG, ϕ1 ≈ arsin[PNωnLv/(VNV1)].
In the frequency domain, the value of θ1 can be calculated as (24){

cos θ1[ f ] = e±jϕ1 /2, f = ± f1

sin θ1[ f ] = −e±j(ϕ1+π/2)/2, f = ± f1
(24)

By substituting Equations (22) and (24) into Equation (23), we can obtain
Equation (25).

cos θ[ f ] =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

1
2 e±jϕ1 , f = ± f1

− 3
2 e±jϕvir Gf (s ∓ j2π f1)M(s ∓ j2π f1)•

(IpV∗
1 + VpI∗1), f = ± fp

− 3
2 e∓jϕvir Gf (s ± j2π f1)M(s ± j2π f1)•

(V1In + VnI1), f = ± fn

(25)

where ϕvir = ϕ1 + π/2.
From the reactive power–voltage controller Equation (2) of the VSG, the internal

voltage magnitude
√

2Em in the frequency domain is given by

√
2Er[ f ] =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
V1, f = dc
−2DqVp∓3jGf (s)(IpV∗

1−VpI∗1)
Kqs , f = ±( fp − f1)

−2DqVn±3jGf (s)(V1In−VnI1)

Kqs , f = ±( fn + f1)

(26)

By combining Equations (25) and (26) with the VSG power outer loop inner voltage
Equation (3), we can neglect the effects of second-order small-signal disturbance terms and
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transform them into the αβ coordinate system. Considering that the system is three-phase
balanced and symmetrical, eα[f ] = ea[f ], the expression for eα is obtained as (27)

eα[ f ] =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
H1(s)Vp + H2(s)(IpV∗

1 − VpI∗1)+
H3(s)(IpV∗

1 + VpI∗1), f = ± fp

H∗
1 (s)Vn − H∗

2 (s)(V1In − VnI1)+

H∗
3 (s)(V1In + VnI1), f = ± fn

(27)

where ⎧⎪⎪⎨⎪⎪⎩
H1(s) = −Dqe±jϕ1 /Kq(s ∓ j2π f1)

H2(s) = ∓1.5jGf (s ∓ j2π f1)e±jϕ1 /Kq(s ∓ j2π f1)

H3(s) = −1.5V1e±jϕvir Gf (s ∓ j2π f1)M(s ∓ j2π f1)

(28)

3.4. Virtual Impedance Modeling of the VSG

As shown in Figure 2, the output of the VSG power outer loop, after passing through
the virtual impedance stage, becomes the reference quantity for the output voltage loop.
Combining Equation (5), the α-axis reference component uαref of the voltage loop is given
by (29)

uαre f [ f ] =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
H1(s)Vp + H2(s)(IpV∗

1 − VpI∗1) + H3(s)(IpV∗
1 + VpI∗1)−

RvIp ∓ jωnLvIp, f = ± fp

H∗
1 (s)Vn − H∗

2 (s)(V1In − VnI1)
]
+ H∗

3 (s)(V1In + VnI1)−
RvIn ± jωnLvIn, f = ± fn

(29)

3.5. VSG Inner Loop Modeling

Using the voltage loop reference obtained from Equation (29) and the voltage outer
loop control principle in Figure 2, the α-axis current loop reference component iαref is
given by

iαre f [ f ] =

{
G1(s)(uαre f [ f ]− Vp), f = ± fp

G1(s)(uαre f [ f ]− Vn), f = ± fn
(30)

From the small-signal flowchart of the VSG system depicted in Figure 2, it can be
known that the α-axis modulation wave of the current loop output is denoted as uiα[f ]:

uiα[ f ] =

⎧⎨⎩ G2

(
s)(iαre f [ f ]− Ip)− Kads2Ip, f = ± fp

G2

(
s)(iβre f [ f ]− In)− Kads2In, f = ± fn

(31)

3.6. Modulation Link Modeling

Given that the grid-connected system is balanced in three phases, uia[f ] = uiα[f ]. The
PWM modulation signal in the αβ coordinate system is derived from the output of the
inner loop. By transforming it into the abc coordinate system, the response signal of the
voltage of the bridge arm can be obtained as (32)

via[ f ] = KPWMuia[ f ]Gd(s) (32)

By combining Equations (16), (31), and (32), the sequence impedances Zvp and Zvn of
the grid-forming inverter can be determined as follows:

Zvp(s) =
−0.5V1K1(s)[H2(s) + H3(s)] + (Rv ± jωnLv)K1(s) + K2(s) + L1L2Cs3 + (L1 + L2)s

0.5I1K1(s)[H2(s)− H3(s)] + K1(s)[1 − H1(s)] + L1Cs2 + 1
(33)
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Zvn(s) =
0.5V1K1(s)[H∗

2 (s)− H∗
3 (s)] + [Rv ∓ jωnLv]K1(s) + K2(s) + L1L2Cs3 + (L1 + L2)s

−0.5I1K1(s)[H∗
2 (s) + H∗

3 (s)] + K1(s)[1 − H∗
1 (s)] + L1Cs2 + 1

(34)

where
K1(s) = KPWMG1(s)G2(s)Gd(s)

K2(s) = KPWMKads2Gd(s) + KPWMG2(s)Gd(s)
(35)

K1(s) = KPWMG1(s)G2(s)Gd(s)

K2(s) = KPWMKads2Gd(s) + KPWMG2(s)Gd(s)
(36)

4. Stability Analysis

To further analyze the stability of the VSG system, this paper analyzes the impedance
proportion of grid-forming inverters and weak grids based on the Nyquist criterion. Given
that the VSG system exhibits symmetrical characteristics in three-phase balance during
grid-connected operation, the positive and negative sequence impedances are decoupled
in the system. Therefore, the impedance proportion applied to determine the stability of
the grid-connected system is calculated using Equation (36).⎧⎪⎨⎪⎩

Hvp(s) =
Zvp(s)
Zgp(s)

Hvn(s) =
Zvn(s)
Zgn(s)

(37)

Here, Hvp(s) and Hvn(s) represent the positive and negative sequence impedance
proportions, respectively, between the grid-forming inverter and the weak grid. Zgp(s) and
Zgn(s) represent the positive and negative sequence impedances of the grid, respectively,
and Zg(s) = Zgp(s) = Zgn(s) = sLg.

Figure 4 shows the Nyquist diagrams of the grid-connected system’s Hvp(s) and Hvn(s)
under different weak grid conditions, and Table 1 shows the analysis of the Nyquist diagram
in Figure 4. Among them, the red solid line represents the system’s positive sequence
impedance ratio Hvp(s), and the blue dashed line represents the system’s negative sequence
impedance ratio Hvn(s). When the difference between the number of positive crossings N+
and the number of negative crossings N- of the open-loop frequency characteristic curve of
the system in the section of the negative real axis (−1, −∞) multiplied by 2 is equal to the
number of right poles of the open-loop system, the closed-loop system is stable. Both Hvp(s)
and Hvn(s) have two poles in the right half-plane. Therefore, when the grid-connected
system is stable, the Nyquist curves of both Hvp(s) and Hvn(s) should cross the negative
real axis to the left of the point (−1, j0) positively once. It can be seen from Figure 4 that as
the grid becomes weaker, the Nyquist curves of Hvp(s) and Hvn(s) each cross the negative
real axis to the left of the point (−1, j0) positively once. From this, it can be concluded that
the grid-connected system with the active damping link added can operate stably under
weak grid conditions.

(a) Lg = 0.5 mH 

Figure 4. Cont.
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(b) Lg = 1.5 mH 

 
(c) Lg = 3 mH 

Figure 4. Nyquist plots of Hvp(s) and Hvn(s) under different weak grid conditions.

Table 1. Analysis of the Nyqist diagram in Figure 4.

Lg/mH N + (Hvp(s)) N − (Hvn(s)) 2[(N+) − (N−)] Stability

0.5 1 1 2 stable
1.5 1 1 2 stable
3 1 1 2 stable

5. Simulation Analysis

To assess the efficacy of the proposed VSG control strategy for the grid-forming
inverter, a simulation model based on VSG is constructed using MATLAB/Simulink 2023a
under weak grid conditions. The results of this simulation are then analyzed, with the
parameters outlined in Table 2.

Table 2. Simulation model parameters for the system.

Parameter Value Parameter Value

L1 2 mH L2 1 mH
C 50 μF Lg 0~3 mH

Vdc 300 V Ug 76.7 V
Pref 2000 W Qref 0 Var

J 0.5 Dp 5
Kq 5.8 Dq 368
Rv 0.1Ω Lv 3 mH
Kp1 0.01 Kr1 2.1
Kp2 0.06 Kad 6*10−9

f s 10 kHz f sw 10 kHz

5.1. Verification of the Dynamic Performance of the VSG
5.1.1. Participate in the Grid Frequency Modulation Capability Verification

(1) Simulation of participation in the grid frequency modulation capability verification
1: At the initial moment of 0 s, the grid-connected system operates at rated conditions
with Pref = 0 W and Qref = 0 Var. At 0.4 s, a sudden drop in the grid angular frequency of
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0.2 π rad/s is introduced, and, at 0.75 s, the grid angular frequency is restored to its rated
state. The output power, output voltage, and grid-side current of the grid-connected system
are illustrated in Figure 5.
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Figure 5. Simulation 1 of participation in the frequency regulation of the power grid. (a) Waveform
graph of P and Q of the system during variations in grid frequency. (b) Waveform graph of output
voltage and current of the system during sudden drops in grid frequency. (c) Waveform graph of
output voltage and current of the system during recovery of grid frequency.

In Figure 5, at 0 s, the system operates at rated conditions, with the output P and
Q tracking the given power values of Pref and Qref. Following a sudden drop in the
grid angular frequency of 0.2 π rad/s at 0.4 s, the output P of the system increases to
2000 W, accompanied by changes in the grid-side current. At 0.75 s, when the grid angular
frequency is restored to its rated state, the output P returns to the set value, and the grid-side
current also reverts to its initial condition. During the fluctuations in grid frequency, the
VSG can adjust its active output through primary frequency control, ensuring the stability
of the system. The variations in output voltage and grid-side current are consistent with
changes in the system’s active power, indicating that the VSG control strategy proposed in
this paper is effective in participating in grid frequency regulation.

(2) Simulation of participation in the grid frequency modulation capability verification
2: At the initial moment of 0 s, the grid-connected system operates at rated conditions with
Pref = 0 W and Qref = 0 Var. At 0.54 s, a sudden increase in the grid angular frequency of
0.2 π rad/s is introduced, and, at 0.75 s, the grid angular frequency is restored to its rated
state. The output power, output voltage, and grid-side current of the grid-connected system
are illustrated in Figure 6.

178



Symmetry 2025, 17, 263

t s  
(a)  

u a
,b
,c

i a,
b,
c

t s

ua

ia

ub uc

ib ic

 
(b)  

t s

u a
,b
,c

i a,
b,
c

ua

ia

ub uc

ib ic

 
(c)  

Figure 6. Simulation 2 of participation in the frequency regulation of the power grid. (a) Waveform
graph of P and Q of the system during variations in grid frequency. (b) Waveform graph of output
voltage and current of the system during sudden drops in grid frequency. (c) Waveform graph of
output voltage and current of the system during recovery of grid frequency.

As shown in Figure 6, at 0 s, the grid-connected system operates at rated conditions,
with the output P and Q tracking the specified power values of Pref and Qref. Following a
sudden increase in the grid angular frequency of 0.2 π rad/s at 0.4 s, the output P of the grid-
connected system decreases to −2000 W, accompanied by corresponding changes in the
grid-side current. At 0.75 s, when the grid angular frequency is restored to its rated state, the
output P returns to the set value, and the grid-side current also reverts to its initial condition.
During fluctuations in grid frequency, the VSG can adjust its active output through primary
frequency control, ensuring the stability of the system. The variations in output voltage
and grid-side current are consistent with changes in the system’s active power, further
demonstrating that the VSG control strategy proposed in this paper effectively participates
in grid frequency regulation.

(3) Validation of the ability to participate in frequency regulation under unbalanced
grid conditions: In Figure 7, in order to verify the system’s frequency support capability
under an unbalanced power grid, at 0 s, the grid-connected system operates at rated
conditions, with the output P and Q tracking the specified power values of Pref and Qref.
Following a sudden increase in the grid angular frequency of 0.15 π rad/s at 0.4 s, the output
P of the grid-connected system decreases to 15,000 W, accompanied by corresponding
changes in the grid-side current. At 0.75 s, when the grid angular frequency is restored to
its rated state, the output P returns to the set value, and the grid-side current also reverts to
its initial condition. It can be seen that under the conditions of an unbalanced power grid,
during fluctuations in grid frequency, the VSG can adjust its active output through primary
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frequency control, ensuring the stability of the system. The variations in output voltage
and grid-side current are consistent with changes in the system’s active power, indicating
that the VSG control strategy proposed in this paper can also effectively participate in grid
frequency regulation under the conditions of a three-phase unbalance in the power grid.
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Figure 7. Validation of the ability to participate in frequency regulation under unbalanced grid
conditions. (a) Waveform graph of P and Q of the system during variations in grid frequency.
(b) Waveform graph of output voltage and current of the system during sudden drops in grid
frequency. (c) Waveform graph of output voltage and current of the system during recovery of
grid frequency.

5.1.2. Participate in the Grid Voltage Modulation Capability Verification

(1) Simulation of participation in the grid voltage modulation capability verification
1: At the initial moment of 0 s, the grid-connected system operates at rated conditions with
Pref = 0 W and Qref = 0 Var. At 0.4 s, a sudden drop of 2.5% in the grid voltage amplitude is
introduced, and, at 0.75 s, the grid voltage amplitude returns to the set value. The output
power, output voltage, and grid-side current of the grid-connected system are illustrated in
Figure 7 Simulation 1 of Participation in the Voltage Regulation of the Power Grid.

From Figure 7, at 0 s, the grid-connected system operates at rated conditions, with the
output P and Q tracking the specified values of Pref and Qref. Following a sudden drop of
2.5% in the grid voltage amplitude at 0.4 s, the output Q of the system increases to 1000 Var,
accompanied by corresponding changes in the grid-side current. At 0.75 s, when the grid
voltage is restored to its rated state, the output Q returns to the set value, and the grid-side
current also reverts to its initial condition. During fluctuations in grid voltage amplitude,
the VSG can adjust its reactive output through voltage regulation to ensure the stability
of the system. The variations in output voltage and grid-side current are consistent with
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changes in the system’s Q, indicating that the VSG control strategy proposed in this paper
effectively participates in grid voltage regulation.

(2) Simulation of participation in the grid voltage modulation capability verification
2: At the initial moment of 0 s, the grid-connected system operates at rated conditions with
Pref = 0 W and Qref = 0 Var. At 0.4 s, a sudden increase of 2.5% in the grid voltage amplitude
is introduced, and, at 0.75 s, the grid voltage amplitude returns to the set value. The output
power, output voltage, and grid-side current of the grid-connected system are illustrated in
Figure 8 Simulation 2 of Participation in the Voltage Regulation of the Power Grid.
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Figure 8. Simulation 1 of participation in the voltage regulation of the power grid. (a) Waveform
graph of P and Q of the system during variations in grid voltage. (b) Waveform graph of output
voltage and current of the system during sudden drops in grid voltage. (c) Waveform graph of output
voltage and current of the system during recovery of grid voltage.

As shown in Figure 9, at 0 s, the grid-connected system operates at rated conditions,
with the output P and Q tracking the specified values of Pref and Qref. Following a sudden
increase of 2.5% in the grid voltage amplitude at 0.4 s, the output Q of the system decreases
to −1000 Var, accompanied by corresponding changes in the grid-side current. At 0.75 s,
when the grid voltage amplitude is restored to its rated state, the output Q returns to the
set value, and the grid-side current also reverts to its initial condition. During fluctuations
in grid voltage amplitude, the VSG can adjust its reactive output through voltage control to
ensure the stability of the system. The variations in output voltage and grid-side current
are consistent with changes in the system’s Q, further demonstrating that the VSG control
strategy proposed in this paper effectively participates in grid voltage regulation.
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Figure 9. Simulation 2 of participation in the voltage regulation of the power grid. (a) Waveform
graph of P and Q of the system during variations in grid voltage. (b) Waveform graph of output
voltage and current of the system during sudden increases in grid voltage. (c) Waveform graph of
output voltage and current of the system during recovery of grid voltage.

(3) Validation of participation in voltage regulation capability under unbalanced grid
conditions: In Figure 10, to verify the system’s voltage support capability under unbalanced
grid conditions, at 0 s, the grid-connected system operates at rated conditions, with the
output P and Q tracking the specified values of Pref and Qref. Following a sudden drop
of 1.875% in the grid voltage amplitude at 0.4 s, the output Q of the system increases
to 750 Var, accompanied by corresponding changes in the grid-side current. At 0.75 s,
when the grid voltage is restored to its rated state, the output Q returns to the set value,
and the grid-side current also reverts to its initial condition. It can be seen that under
the conditions of an unbalanced grid, during fluctuations in grid voltage amplitude, the
VSG can adjust its reactive output through voltage regulation to ensure the stability of the
system. The variations in output voltage and grid-side current are consistent with changes
in the system’s Q, indicating that the VSG control strategy proposed in this paper can
effectively participate in grid voltage regulation under conditions of three-phase unbalance
in the grid.

From the above analysis, it can be seen that adopting the VSG control strategy can
enable the system to have good frequency and voltage active support capabilities in the
elastic region. In the case of a weak grid, the system will have good elastic support
capabilities.
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Figure 10. Validation of participation in voltage regulation capability under unbalanced grid conditions.
(a) Waveform graph of P and Q of the system during variations in grid voltage. (b) Waveform graph of
output voltage and current of the system during sudden increases in grid voltage. (c) Waveform graph of
output voltage and current of the system during recovery of grid voltage.

5.2. Verification of Steady-State Performance of the VSG

Figures 11–13 present the simulation waveforms of the grid-forming inverter equipped
with an additional active damping control strategy when the grid-connected system op-
erates at rated conditions, with Pref = 2000 W and Qref = 0 Var. The simulations consider
grid line impedances of 0 mH, 1.5 MH, and 3 mH, respectively. Here, ui (i = a, b, c) are
the three-phase grid voltage waveforms, while in(n = a, b, c) denotes the three-phase grid
current waveforms.

ia ib ic

ua ub uc

t s

Figure 11. Simulation waveform when Lg = 0 mH.
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Figure 12. Simulation waveform when Lg = 1.5 mH.
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Figure 13. Simulation waveform when Lg = 3 mH.

From Figures 11–13 and Table 3, the grid-forming inverter with VSG control operates
stably under all three grid conditions. The three-phase grid currents are sine-balanced and
exhibit relatively low Total Harmonic Distortion (THD). Specifically, when Lg = 0 mH, the
THD is 0.25%; when Lg = 1.5 mH, the THD is 0.36%; and when Lg = 3 mH, the THD is
0.37%. These values meet the grid connection requirements.

Table 3. Analysis of steady-state performance simulation results of VSG.

Lg/mH THD

0 0.25%
1.5 0.36%
3 0.37%

5.3. IEEE Equivalent Power System Model Validation

In order to verify the effectiveness and reliability of the designed system and method
operating in a large power grid, this section establishes an IEEE power system equivalent
model of the inverter based on the scheme designed in this paper. The specific topology
diagram is shown in Figure 14, and the specific parameters are shown in Table 4.
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Figure 14. The topology of IEEE power system model with grid-connected inverters.

Table 4. Simulation parameter settings.

Parameters Numeric Value

Zone 1 generator capacity (MW) 198
Zone 2 generator capacity (MW) 198

Rated power output of the PV array (KW) 500
The number of photovoltaic power station units 150

Voltage side capacitor DC voltage (V) 1500

5.3.1. Verification of System Frequency Regulation Capability

When the system reaches a steady state, at t = 5 s, there is a sudden increase in active
load in the power grid, and the corresponding frequency fluctuation curve and inverter
output active power change are shown in Figure 15. After the sudden change occurs,
the inverter starts to increase power to suppress the frequency drop. Finally, at t = 12 s,
the inverter increases active power by 10 MW, and the frequency stabilizes at 49.925 Hz,
achieving active support for the power grid frequency.

f

 
Figure 15. Waveform diagram of grid frequency and active power during load burst.

5.3.2. Verification of System Voltage Regulation Capability

When the system reaches a steady state, at t = 5 s, there is a sudden increase in reactive
load in the power grid, and the corresponding voltage fluctuation curve and inverter
output reactive power change are shown in Figure 16. After the sudden change occurs, the
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inverter starts to increase reactive power to suppress the voltage drop. Finally, at t = 18
s, the inverter increases reactive power by 25 MVar, and the voltage stabilizes at 0.97 p.u,
achieving reactive support for the power grid voltage.

Figure 16. Waveform diagram of grid voltage and reactive power during load burst.

In summary, after equating the system proposed in this article to the IEEE power
system equivalent model, in the large-scale power grid system, when facing active and
reactive load disturbances, the system will actively adjust the output of active and reactive
power according to the sudden changes in power grid load to cope with changes in system
frequency and voltage, thereby achieving active support for regional elastic power grids.

5.4. Experimental Validation

In order to ensure the effectiveness and correctness of the simulation, an experi-
mental prototype of an NPC three-level LCL grid-forming inverter is built, and the cor-
responding experimental parameters are consistent with those of the simulation in the
experimental platform.

Figure 17 shows the comparative experimental waveforms of the grid-connected
system when the grid impedances are Lg = 0 mH, 1.5 mH, and 3 mH with and without
the active damping loop. From Figure 17a,c,e, it can be observed that when the system
does not include the active damping loop, the THD of the grid current changes little with
increasing grid impedance and does not meet the grid connection requirements, exhibiting
significant resonance phenomena. In contrast, Figure 17b,d,f show that after incorporating
the active damping loop, the resonance phenomena of the grid-connected inverter are
effectively suppressed compared to the case without it. At this point, for the three different
grid impedance scenarios, the THD of the grid current is 1.518%, 1.7664%, and 1.790%,
respectively, which shows significant improvement compared to the THD values under
the same conditions without the active damping loop. All these values meet the grid
connection requirements, indicating that the system has good current quality.

According to the comprehensive analysis, the resonance phenomenon of the grid-
forming inverter is effectively suppressed under weak grid conditions by adopting the
VSG control with the active damping loop proposed in this paper, and the system remains
stable, has good current quality, and meets the grid-connected standard.
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(a) Lg = 0 mH without the active damping loop. (b) Lg = 0 mH with active damping loop.

(c) Lg = 1.5 mH without the active damping loop. (d) Lg = 1.5 mH with the active damping loop.

(e) Lg = 3 mH without the active damping loop. (f) Lg = 3 mH with the active damping loop.

Figure 17. Experimental waveforms of the grid-connected system under different impedance conditions.
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6. Conclusions

This paper examines the grid-side components of power systems that incorporate new
energy generation sources and considers the frequency and voltage support capabilities
required by elastic regional power grids. A control system based on Virtual Synchronous
Generator (VSG) technology is designed. A small-signal sequential impedance model of
the VSG system in the αβ coordinate frame is established using harmonic linearization
methods. The stability of the system is analyzed from an impedance perspective, leading
to the following conclusions, which were verified by comparative experiments.

(1) The control system based on VSG technology effectively implements grid-side
management for power systems utilizing wind and photovoltaic energy. It provides
essential elastic support for voltage and frequency stabilization, effectively suppresses
resonance, and avoids causing oscillation, thereby enhancing power quality.

(2) The grid-connected system employing VSG technology demonstrated stable opera-
tion under varying grid impedance conditions, indicating its robustness and adaptability
across different operational environments, thereby providing a resilient area for the stable
operation of the power grid.
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Abstract: State evaluation of relay protection equipment constitutes a crucial component in
ensuring the stable, secure, and symmetric operation of power systems. Current methodolo-
gies predominantly encompass fuzzy-rule-based control systems and data-driven machine
learning approaches. The former relies on manual experience for designing fuzzy rules
and membership functions and exhibits limitations in high-dimensional data integration
and analysis. The latter predominantly formulates state evaluation as a classification task,
which demonstrates its ineffectiveness in identifying equipment at boundary states and
faces challenges in model parameter selection. To address these limitations, this paper
proposes a quantitative state evaluation method for relay protection equipment based on a
two-stage artificial protozoa optimizer (two-stage APO) optimized improved Conformer
(two-stage APO-IConf) model. First, we modify the Conformer architecture by replacing
pre-layer normalization (Pre-LN) in residual networks with post-batch normalization (post-
BN) and introducing dynamic weighting coefficients to adaptively regulate the connection
strengths between the first and second feed-forward network layers, thereby enhancing
the capability of the model to fit relay protection state evaluation data. Subsequently, an
improved APO algorithm with two-stage optimization is developed, integrating good
point set initialization and elitism preservation strategies to achieve dynamic equilibrium
between global exploration and local exploitation in the Conformer hyperparameter space.
Experimental validation using operational data from a substation demonstrates that the
proposed model achieves a RMSE of 0.5064 and a MAE of 0.2893, representing error reduc-
tions of 33.6% and 35.0% compared to the baseline Conformer, and 9.1% and 15.2% error
reductions over the improved Conformer, respectively. This methodology can provide
a quantitative state evaluation and guidance for developing maintenance strategies for
substations.

Keywords: relay protection equipment; quantitative state evaluation; power system symmetry;
two-stage APO algorithm; improved conformer model

1. Introduction

In the development of new power systems, the symmetry equilibrium of grid struc-
tures faces critical challenges due to the large-scale integration of high-penetration renew-
able energy [1,2], power electronic devices [3], and heterogeneous loads [4], leading to
escalating topological complexity and heightened risks for secure and stable operation.
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In January 2022, China’s National Development and Reform Commission and National
Energy Administration issued the 14th Five-Year Plan for Modern Energy Systems, explic-
itly proposing the promotion of the construction of new power systems, accelerating the
digital transformation of power systems, and enhancing grid intelligence [5]. During the
development of digital twin models for smart substation protection systems, the state eval-
uation of relay protection equipment is critically important. As a safety barrier for power
grids, the health status of relay protection equipment directly affects the maintenance of
the operational symmetry and dynamic stability of power systems. When asymmetric
faults occur, negative- and zero-sequence components emerge in the system, potentially
leading to severe accidents. Healthy relay protection devices can correctly monitor these
components and facilitate the restoration of the grid symmetry. Therefore, an accurate
status evaluation and timely detection of potential faults in these devices are critical for
preserving the symmetric characteristics of power grids.

Traditional methods for evaluating the state of relay protection equipment often rely
on manual periodic inspections, which depend heavily on workers’ empirical judgments,
leading to inefficiency, subjectivity, and an inability to meet modern grid demands for
real-time and precise evaluations. To improve maintenance efficiency and reduce resource
waste, early researchers developed mathematical models for reliability assessment based on
the failure rates of relay protection systems and introduced stochastic failure indicators [6]
for model correction. However, these early approaches could only predict binary failure
states (functional or failed) without quantifying specific health conditions.

Advancements in information technology and equipment upgrades have enabled sub-
stations to collect and analyze multi-source data, including operational telemetry, historical
maintenance records, and familial device data, leading to increasingly diversified evalua-
tion criteria. To characterize device health, researchers typically define four states: normal,
attention, abnormal, and critical [7–9]. Subsequent studies incorporated analog/digital
signals and power module data, while references [10–12] expanded the considerations
to channel testing results, operational lifespan, fault alarms, environmental temperature,
and voltage levels. These works gradually established small-scale expert rule libraries,
where the device status is scored based on predefined rules for each indicator and aggre-
gated for final evaluation. Reference [13] specifically addressed the temperature impacts
by proposing an overheating analysis framework. However, these studies only partially
incorporated the aforementioned factors and failed to establish a comprehensive evaluation
system. To integrate multi-dimensional state features, reference [14] adopted entropy-based
weight assignment, while references [15,16] utilized the fuzzy analytical hierarchy process
(FAHP) to determine indicator weights and reference [17] combined entropy and FAHP
method. Reference [18] applied Bayesian theory, and reference [19] integrated Bayesian
networks with FAHP to achieve more objective and reasonable weight allocations. Based
on FAHP-derived weights, reference [20] implemented fuzzy control methods with various
membership functions for comprehensive fuzzy evaluations of relay protection devices.

The aforementioned methods, expert rule libraries, FAHP, and fuzzy control, overem-
phasize subjective human judgment. For instance, FAHP pairwise comparison matrices
and fuzzy control membership functions rely on expert-defined rules, neglecting data-
driven statistical patterns. Furthermore, fuzzy control struggles with high-dimensional
data due to the complex rule limitations. Recent advances in intelligent technologies [21]
have shifted the focus to data-driven and AI-based evaluation methods. Reference [22]
demonstrated the feasibility of AI for power system fault analysis. Reference [23] employed
back propagation (BP) neural networks for health assessment but showed poor accuracy
for degraded devices. Reference [24] enhanced evaluation precision using least-squares
support vector machines (LSSVM) and Bayesian network decision trees (BNDT). Address-

191



Symmetry 2025, 17, 951

ing data imbalance, reference [8] achieved over 96% accuracy by combining generative
adversarial networks (GAN) for data augmentation with random forest classifiers. Refer-
ence [25] validated the superiority of data-driven methods using CNN-BiGRU models with
scenario-simulated sample-balancing. However, due to constraints in maintenance, most
substations currently still rely on the four-state qualitative classification (normal, attention,
abnormal, and critical) to assess equipment status, implementing uniform maintenance
for devices deemed abnormal and critical. Driven by the need to build smart grids and
develop digital twin models, substation operators now seek a more detailed understanding
of equipment conditions rather than merely determining whether maintenance is required.
The use of continuous numerical values to precisely reflect equipment conditions is a good
approach. This would enable preventive maintenance strategies for devices in critical
transitional states between attention and abnormalities.

Current mainstream data-driven approaches [8,23–25] primarily formulate state eval-
uation as classification tasks, where neural networks directly assign discrete labels like
“normal” or “attention”. Although these methods achieve high accuracy, they fail to quan-
tify the boundary states. For example, two devices labeled “attention” with scores of
89 and 80 cannot be differentiated, limiting precise maintenance guidance. Conventional
models (e.g., MLP and CNN) have limitations in extracting complex patterns from high-
dimensional heterogeneous data sources. This paper aims to address the limitations stated
above. Recent advances in Conformer models, which integrate the multi-head self-attention
(MHSA) mechanism of Transformers with depthwise separable convolutional layers of
CNNs, have demonstrated superior capabilities in synergistic global-local feature modeling
across domains, such as speech recognition. Inspired by these developments, this study pro-
poses an improved Conformer architecture specifically designed for the multi-dimensional
and heterogeneous nature of relay protection device state data, which encompasses fun-
damental condition evaluation data, operational condition evaluation data, maintenance
condition evaluation data, and ancillary factor evaluation data. Owing to the synergistic
design of Transformer and CNN, this architecture efficiently captures both local characteris-
tics and global features of the device state data, thereby improving the accuracy of the state
quantification evaluation. Furthermore, the proposed framework incorporates a two-stage
APO strategy to learn discriminative multi-dimensional features from device state data,
enabling precise state quantification rather than categorical labels. Granular quantification
provides critical guidance for formulating data-driven maintenance strategies.

The differences between the method proposed in this paper and conventional methods
are shown in Table 1.

The principal contributions of this study are summarized as follows:

(1) Architectural improvement of the Conformer model: An improved Conformer ar-
chitecture tailored for the quantitative state evaluation of relay-protection equipment
is proposed. By replacing pre-layer normalization with post-batch normalization in
residual networks and introducing dynamic weighting coefficients to adaptively regu-
late the connectivity between the first and second feed-forward network segments, the
model significantly enhances its capability to fit relay protection state evaluation data,
achieving superior fitting accuracy compared to traditional machine learning models.

(2) Enhancement of the optimization algorithm: A two-stage APO algorithm is devel-
oped, incorporating good point set initialization and elitism preservation strategies.
This innovation synergistically strengthens global search and local optimization while
mitigating stochastic interference.

(3) Model-algorithm co-optimization: The two-stage APO algorithm is integrated to
optimize the hyperparameters of the improved Conformer model. By harmonizing
the APO’s global search capabilities with Conformer’s hybrid architectural features,
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a dynamic equilibrium between exploitation and exploration is achieved in the hy-
perparameter space, effectively resolving the parameter selection challenges in relay
protection state evaluation models.

(4) Experimental validation: Experimental validation conducted on the PyCharm plat-
form demonstrates the efficacy of the proposed methodology. The results show a
RMSE of 0.5064 and a MAE of 0.2893. These outcomes can provide a quantitative
state evaluation and guidance for developing maintenance strategies for substations.

Table 1. Comparative analysis of the proposed method and previous methods.

Category
Fuzzy Control Method

[15,26–29]

Traditional Machine
Learning Models

[23–25,28,29]
Proposed Method

Model Architecture Expert rule base and
membership functions Single architecture

Conformer architecture
and two-stage APO

algorithm
Data Dimensionality

Handling Medium High High

Complex Feature
Extraction Low Moderate Strong

Methodological Objectivity Low High High
Computational Complexity Low Medium Relatively High

State Boundary
Identification

Sensitive to classification
thresholds

Sensitive to classification
thresholds

Support quantifiable
continuous scoring

Evaluation Metrics Classification accuracy and
F1-score

Classification accuracy and
F1-score RMSE and MAE

The rest of this paper is organized as follows: Section 2 elaborates on the quantitative
state evaluation methodology for relay protection equipment, including the state indicator
system and evaluation workflow; Section 3 details the structural improvements of the
Conformer model and the operational principles of the two-stage APO algorithm; Section 4
describes the model training procedures and performance evaluation metrics; Section 5
validates the effectiveness of the proposed method through practical case studies; Section 6
concludes the research.

2. Quantitative State Evaluation Methodology for Relay
Protection Equipment

2.1. State Evaluation Indicator System

Currently, state evaluation data for relay protection equipment primarily originate
from three sources: offline file imports, online acquisition via relay protection master
stations, and manual entry. Offline imported files mainly include equipment ledger files
that contain device models, commissioning dates, and other metadata. Relay protection
master stations can acquire data online, such as analog signal verification results, real-time
operational anomalies, alerts, homologous data comparison results, device communication
rates, and trip operation records. For data that are unobtainable through online or offline
means, manual collection and entry are employed, including familial defect records, sec-
ondary circuit insulation defects, periodic inspection completion status, corrective action
implementation status, spare parts inventory status, and equipment production status
(discontinued/active).

Based on the available data, the state evaluation indicator system categorizes data into
four classes: fundamental condition evaluation data, operational condition evaluation data,
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maintenance condition evaluation data, and ancillary factor evaluation data. The data are
organized as listed in Table 2.

Table 2. State evaluation indicator system for relay protection equipment.

Category Subcategory Evaluation Metrics

Fundamental Condition
Evaluation Basic information

Commissioning date,
Standard version compliance,

Device model,
Device name/ID,

Record generation timestamp

Operational Condition
Evaluation

Real-Time Analog Verification

Amplitude/phase of analog signals,
Zero-sequence current over-limit alarms,

Differential current alarms (line protection),
Differential current alarms (transformer protection),

Current/voltage sampling over-limit alarms,
Device temperature alarms,

DC voltage over-limit alarms

Real-Time Operational Alerts Tier-2 operational anomaly alarms,
Tier-3 operational anomaly alarms

Operational Parameter
Verification

Active setting zone verification status,
Setting value deviations from baseline,

Soft plate discrepancies,
Hard plate discrepancies,

Clock synchronization alarms

Homologous Data Comparison Data inconsistency alarms from homologous sources

Online Risk Identification

Channel anomaly frequency
(fiber-optic/high-frequency channels),

CT-N wire disconnections,
PT-N wire disconnections,

Analog sampling disconnections,
Single-bit alarms,

Frequent Tier II-V signal alarms

Process-Level Secondary Virtual
Circuits

GOOSE link disconnections,
Optical port anomalies (signal strength),

Network port frame loss/CRC errors

Device Communication Device communication rate

Familial Defects Same-model defect frequency (current cycle),
Same-model defect frequency (lifecycle)

Secondary Circuit Insulation Insulation defect frequency (current cycle),
Insulation defect frequency (lifecycle)

Action History Validation
Incorrect protection operations,

Incorrect breaker operations,
Incorrect fault zone identification records

Misoperation/Refusal Records Misoperation/refusal counts

Maintenance Condition
Evaluation

Periodic Inspection Status Periodic inspection completion status

Corrective Action Status Unimplemented corrective actions,
Historical corrective action frequency

Ancillary Factor
Evaluation Manufacturer Support Factors Production discontinuation status,

Spare parts inventory status
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In the evaluation metric parameters listed above, most of the recorded data pertain
to the occurrence frequencies. Under basic information, the commissioning date and
record generation timestamp document the equipment’s operational start date and the
record’s creation date, respectively, which are converted into the device’s actual operational
duration. The standard version compliance adopts a binary yes/no value to indicate
whether the device is included in the standardized equipment list. The device model
and device name/ID are textual fields in which identical models or names share uniform
encoding to differentiate the device identities.

In real-time analog verification, the system logs the count of analog signal over-
limit alarms (amplitude/phase) during an inspection cycle, including zero-sequence cur-
rent over-limit alarms, differential current alarms for line/transformer protection, cur-
rent/voltage sampling over-limit alarms, device temperature alarms, and DC voltage
over-limit alarms.

Real-time operational alerts track tier-2 and tier-3 operational anomaly alarm quanti-
ties within the evaluation period.

For operational parameter verification, the active setting zone verification status reflects
whether the current setting zone number operates normally or not. Setting deviation values
from baseline quantifies entries deviating from predefined benchmarks, while the remaining
metrics count discrepancy alarms for soft plates, hard plates, and clock synchronization.

Homologous data comparisons arise from multiple measurement points on the same
device. Data inconsistency alarms are triggered when faulty measurement points or device
malfunctions cause discrepancies between homologous data sources.

Online risk identification records the frequencies of anomalies in the communication
channels (fiber-optic/high-frequency), CT-N/PT-N wire disconnections, analog sampling
disconnections, single-bit alarms, and frequent tier II-V signal alarms.

Process-level secondary virtual circuits document failure counts in data transmission
links such as GOOSE link disconnections, optical port signal anomalies, and network port
frame loss/CRC errors.

The device communication rate is expressed as a percentage. For legacy devices
lacking sampling capabilities, this value defaults to 100% based on expert consensus.

Familial defects quantify failures using same-model device defect frequencies (current
cycle or lifecycle).

The secondary circuit insulation counts insulation defect alarms in secondary circuits.
Action history validation and misoperation/refusal records quantify historical er-

rors through incorrect protection/breaker operations, fault zone misidentifications, and
misoperation/refusal events.

The periodic inspection status uses yes/no to indicate the completion of scheduled
inspections. Corrective action status evaluates historical corrective measures based on their
implementation frequency. Manufacturer support factors indicate whether the device is
discontinued and spare parts are available.

Due to space constraints of the table, a single indicator may encompass multiple types
of captured data. For instance, metrics involving “alarm counts” can include both the
number of monitoring points that trigger alarms within an evaluation cycle and the total
number of alarm occurrences across all monitoring points.

In the table above, the equipment operation time data are converted into floating-
point years; status information such as maintenance status and spare parts status are
quantized into binary states 0 or 1; continuous variables like device communication rate are
converted into decimals; and abnormal alarm information is quantized into analog limit-
exceeding counts and abnormal alarm counts, respectively. Furthermore, analog parameters
are acquired and validated by analog signal monitoring modules, which detect over-
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limit conditions and generate the corresponding over-limit alarm counts. This approach
significantly reduces the amount of analog data required to evaluate equipment status.
Normalize the alarm count data to the range of 0–1 to eliminate differences in feature scales,
facilitating the subsequent model learning of features.

It should be noted that the indicators in this paper do not directly incorporate the
action time data of relay protection devices. If devices fail to operate correctly or timely due
to faults, relevant failure alarm information (e.g., misoperation counts and refusal counts)
can be collected. These records are then used to train the models. Once trained, the model
can immediately generate quantified health scores for devices based on the collected data,
including both online data collection and automatic offline data import. The time required
for scoring is negligible.

2.2. Quantitative State Evaluation Workflow

The quantitative state evaluation process for relay protection equipment based on the
aforementioned indicator system operates as follows.

Grid experts initially scored the equipment within a range of 0–100 using existing
technical specifications and scoring rule databases. However, because these specifications
and rules are predominantly derived from engineering experience with inherent subjectivity
and single rules cannot accurately evaluate diverse equipment states, field technicians must
physically inspect the equipment and iteratively adjust scores through expert consultation
to obtain final ratings.

The two-stage APO-IConf model learns expert scoring logic and field adjustment
patterns from historical data patterns, enabling direct score generation on newly acquired
inspection data. This approach replaces multi-round empirical adjustments by maintenance
personnel, thereby enhancing evaluation objectivity and efficiency. Compared to direct
classification methods, quantifying equipment scores allows technicians to precisely discern
device conditions, particularly for equipment near critical state boundaries, facilitating
proactive maintenance planning to prevent severe failures.

3. Two-Stage APO-IConf-Based Quantitative State Evaluation Method
for Relay Protection Equipment

3.1. Standard Conformer Encoder Architecture

The Conformer model was initially proposed by Google Research in 2020 [30] to
address the limitations of Transformer models in capturing local features. Designed to syn-
ergize the Transformer’s global modeling capabilities with CNN’s local feature extraction
strengths, the Conformer architecture enhances model performance. The standard Con-
former model comprises both encoder and decoder layers. However, in quantitative state
evaluation tasks for relay protection equipment, where text/audio outputs are unnecessary,
the decoder layer is omitted, retaining only the encoder structure, as shown in Figure 1.

The feed-forward network (FFN) in the Conformer model inherits the core design prin-
ciples of traditional Transformers while enhancing the representational capacity through
modular enhancements and parameter optimization. Each Conformer encoder block con-
tains two FFN modules positioned before and after the multi-head self-attention layer and
the convolutional module, respectively. This architectural design facilitates a two-phase
non-linear transformation process that enables a progressive feature refinement. The FFN
employs swish activation functions, which demonstrate marginally superior performance
compared to ReLU functions [31].

The front-end FFN performs preliminary feature enhancement on the input to supply
richer contextual information for the self-attention layer, while the rear-end FFN processes
the local features output by the convolutional module through global integration and
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recalibration. Applying identical 0.5 coefficients to both front-end FFN and rear-end FFN
modules enhances accuracy when stacking multiple encoder layers while maintaining
implementation balance and reducing model complexity.
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Figure 1. Standard Conformer encoder architecture.

The multi-head self-attention mechanism module employs relative positional encod-
ing, which enhances the learning and generalization capabilities for variable-length input
sequences. The input sequence undergoes linear transformations to generate three vector
sets: Query (Q), Key (K), and Value (V). Relative positional encoding replaces absolute
positional encoding [32] with its mathematical formulation given in Equation (1). Here,
indices i and j denote positional coordinates of the target (Q) and contextual (K) elements
respectively, while dk represents the dimensionality of the K vectors.

Pi,j =
i − j√

dk
(1)

By partitioning the Q, K, and V vectors into h independent heads, where the vector
dimensionality of the model is defined as dmodel , each head attains a dimensionality of
dmodel/h (with dmodel and h being appropriately chosen to ensure integer dimensionality).
This configuration enabled parallel feature learning across distinct subspaces.

Qi = QWQ
i , Ki = KWK

i , Vi = VWV
i (2)

where WQ
i , WK

i , WV
i are learnable parameter matrices. Each head performs scaled dot-

product attention, which incorporates relative positional encoding [33].

Attention(Qi, Ki, Vi) = Softmax

(
QiKT

i√
dk

+ P

)
Vi (3)
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The relative positional offset P enhances the perception of local temporal relationships.
The outputs from all heads are concatenated and linearly transformed to produce the final
multi-head attention output, where WQ

i denotes the fusion weight matrix.

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO

=
h
∑

i=1
Attention(Qi, Ki, Vi)WO

i
(4)

The convolutional layer in the Conformer employs a gated depthwise separable convo-
lution, which differs from standard CNN layers through the combination of depthwise and
pointwise convolutions. This architecture offers several advantages, including a reduced
parameter count and enhanced computational efficiency. The workflow can be summarized
as follows, with a schematic diagram of the Conformer convolutional layer provided in
Figure 2. The depthwise separable convolution process begins with pointwise convolution
to reduce the channel dimensions for parameter efficiency, followed by GLU to selectively
filter features. Depthwise convolution processes spatial features per channel independently.
Batch normalization stabilizes training, while the swish activation enhances non-linear
capabilities with smoother gradients. A second pointwise convolution adjusts the channel
dimensions, and dropout regularizes the model by randomly deactivating the neurons.

Pointwise 
Convolution

Swish 
activation

Depthwise 
Convolution BatchNorm

GLU 
processing DropoutPointwise 

Convolution

Figure 2. Schematic of the Conformer convolutional layer.

Depthwise convolution independently performs single-channel convolution on each
input channel, extracting spatial features without altering the channel count, thereby signifi-
cantly reducing the parameter quantity. Pointwise convolution employs 1× 1 convolutional
kernels primarily for adjusting channel numbers or cross-channel feature fusion. By linearly
combining information across different channels, it modifies the feature map depth while
preserving the spatial resolution while maintaining high computational efficiency. Figure 3
shows a schematic of the depthwise and pointwise convolutions. Where H represents the
convolution height, W denotes the convolution width, Cin is the number of input channels,
K specifies the convolution kernel size, and Cout indicates the number of output channels.
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Figure 3. Schematic diagram of depthwise and pointwise convolutions.

3.2. Improved Conformer Encoder

This study introduces architectural improvements to the Conformer encoder for the
quantitative state evaluation of relay protection equipment. The key modifications are
as follows:

(1) Replacement of layer normalization with batch normalization;
(2) Repositioning the pre-normalization layer in each residual network to post-residual

connections;
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(3) Implementation of dynamic weighting coefficients to adaptively adjust contributions
from front-end and rear-end feed-forward networks.

Vaswani et al. [34] proposed the original Transformer architecture for natural language
processing (NLP) tasks, and its derivative Conformer model optimized for speech sequences
utilizes layer normalization to handle variable-length inputs without padding alignment
while preserving temporal dependencies. However, relay protection state data exhibit fixed-
dimensional characteristics and lack intra-sample temporal relationships. Batch normalization
is more effective in this context by mitigating gradient vanishing/explosion issues and
enhancing the model training stability, thereby improving the prediction accuracy.

While pre-normalization facilitates gradient propagation through direct input path-
ways and reduces attenuation through non-linear transformations, it becomes redundant
for shallow neural networks in our application. Repositioning normalization layers after
residual connections stabilize the training convergence in such architectures.

Conventional implementations fix the front/rear feed-forward network weights at 0.5.
Given that the model structure for relay protection state evaluation tasks does not require
stacking multiple encoder layers to significantly increase complexity like NLP models, our
innovation employs trainable coefficients (α) to dynamically balance their contributions,
strengthening the model’s non-linear fitting capacity.

The architecture of the improved Conformer encoder is shown in Figure 4.
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Figure 4. Improved Conformer encoder architecture.

3.3. APO Algorithm

This study employs a novel artificial protozoa optimizer (APO) [35] for the hyperpa-
rameter optimization of the model. Inspired by natural protozoan behaviors, the algorithm
simulates their survival mechanisms through foraging, dormancy, and reproductive behav-
iors. The APO categorizes foraging behavior into autotrophic and heterotrophic modes.
The foraging process facilitates local optimization, dormancy resets individuals, and repro-
duction induces minor variations.
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Initially, a population of n protozoa Xi is randomly generated, where n denotes the
population size (number of individuals) and i ∈ [1, n] represents the protozoan index. The
mathematical representation of Xi is given in Equation (5).

Xi = [x1
i , x2

i , . . . , xdim
i ] (5)

In the above equation, dim denotes the dimensionality of the vector. Each Xi must
satisfy the constraint Xmin ≤ Xi ≤ Xmax, where the upper and lower bounds Xmax and
Xmin are defined as follows:

Xmax = [ub1, ub2, . . . , ubdim] (6)

Xmin = [lb1, lb2, . . . , lbdim] (7)

where ubi and lbi denote the upper and lower bounds of the element in the i-th dimension,
respectively.

Following the initialization of all protozoa individuals, the objective function Oi =

f (Xi) is utilized to calculate fitness values. This f (·) function can be designed for maximiza-
tion (e.g., profit, throughput) or minimization (e.g., cost, error). A ranking function Sort(·)
is defined under the minimization paradigm, which sorts individuals in ascending order
of their objective function values such that superior solutions occupy leading positions in
ascending order of their fitness values, as formalized in Equation (8).

Xi = Sort(Xi) (8)

The APO employs three key parameters to differentiate the survival mode of each
protozoan individual.

p f = p fmax·rand (9)

pah =
1
2
·(1 + cos(

t
T
·π)) (10)

pdr =
1
2
·(1 + cos((1 − i

n
)·π)) (11)

In Equation (9)–(11), p f represents the proportional fraction of protozoa engaged in
dormancy and reproduction within the population, while 1-p f denotes the proportion
allocated to foraging (i.e., autotrophic and heterotrophic). The parameter Pah is compared
against a system-generated random number rand to determine whether a protozoan adopts
autotrophic or heterotrophic behavior. Similarly, Pdr is evaluated against rand to trigger
dormancy or reproduction. Here, rand denotes a uniformly distributed random number
within the interval [0, 1], t and T represent the current and maximum iteration counts,
respectively, and i and n indicate the individual index and population size.

If Pah > rand, the protozoa individuals are foraging in an autotrophic mode, otherwise
in a heterotrophic mode. If Pdr > rand, the protozoa individuals are in dormancy, otherwise
in reproduction. As shown in Equations (10) and (11), Pah is the decreasing function of t,
while Pdr is the increasing function of i. Therefore, Pah decreases with the increase of t, so
protozoa individuals tend to be more inclined toward heterotrophic mode as the iterative
process proceeds. Pdr increases with the increase of i, so lower-ranked protozoa individuals
tend to be more inclined toward dormancy mode. Finally, the higher-ranked individuals
have significantly reduced errors after multiple rounds of iterative optimization. The
following sections detail the four protozoan behaviors in the APO.
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3.3.1. Autotrophic Behavior

For autotrophic behavior, individuals are updated using Equation (12):

Xnew
i = Xi + f ·

(
Xj − Xi +

1
np

·
np

∑
k=1

wa·(Xk− − Xk+)

)

 Mf (12)

f = rand·(1 + cos(
t
T
·π)) (13)

npmax =

⌊
n − 1

2

⌋
(14)

wa = e
−| f (Xk−)

f (Xk+)+eps | (15)

Mf [di] =

⎧⎨⎩1, if di is in randperm(dim,
⌈

dim· i
n

⌉
)

0, otherwise
(16)

In Equation (12), Xnew
i represents the updated individual while Xj denotes a ran-

domly selected j-th protozoan. Equations (13)–(16) provide supplementary specifications
to Equation (12), where f is the foraging factor, np indicates the number of neighbor pairs
with a maximum limit npmax, Xk− refers to a protozoan randomly chosen from neighbor
pairs with indices k < i, and Xk+ corresponds to a protozoan selected from neighbor pairs
with indices k > i. Boundary conditions dictate that if Xi is X1, Xk− defaults to X1, and
if Xi is Xn, Xk+ defaults to Xn. The weighting factor wa governs autotrophic behavior,
eps (2.2204 × 10−16) is a minimal constant, and f (·) denotes the fitness function. The op-
erator 
 signifies the Hadamard product (element-wise multiplication), Mf is a binary
search-oriented mapping vector of size (1 × dim) with elements 0 or 1, and di represents
the dimension index within Mf .

3.3.2. Heterotrophic Behavior

For heterotrophic behavior, individuals are updated using Equation (17):

Xnew
i = Xi + f ·(Xnear − Xi +

1
np

·
np

∑
k=1

wh·(Xi−k − Xi+k))
 Mf (17)

Xnear = (1 ± Rand·(1 − t
T
))
 Xi (18)

wh = e
−| f (Xi−k)

f (Xi+k)+eps | (19)

Rand = [rand1, rand2, . . . , randdim] (20)

Equations (18)–(20) provide the supplementary specifications for Equation (17). Here,
Xnear denotes a position in the vicinity of Xi, where the ± notation indicates that Xnear

can be sampled in different directions relative to the i-th protozoan. Xi−k represents the
protozoan with index i − k selected from the k-th neighbor pair, while Xi+k corresponds to
the protozoan with index i + k. Boundary conditions ensure that if Xi is X1, Xi−k defaults
to X1, and if Xi is Xn, Xi+k defaults to Xn. The weighting factor wh governs heterotrophic
behavior, and Rand denotes a random vector with elements uniformly distributed in [0, 1].

3.3.3. Dormancy Behavior

For dormancy behavior, the model is defined as follows:

Xnew
i = Xmin + Rand 
 (Xmax − Xmin) (21)
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where Xmax and Xmin denote the upper and lower bound vectors, respectively.

3.3.4. Reproductive Behavior

For reproductive behavior, the model is defined using the following equation:

Xnew
i = Xi ± rand·(Xmin + Rand 
 (Xmax − Xmin))
 Mr (22)

Mr[di] =

⎧⎨⎩1, if di is in randperm(dim, �dim·rand�)
0, otherwise

(23)

where Mr is a mapping vector of size (1 × dim), with each element being either 0 or 1.
Autotrophic behavior and heterotrophic behavior are two different methods of local

optimization. Dormancy behavior is equivalent to randomly resetting individuals and
directly discarding the current solution in order to escape from local optima. Reproductive
behavior is similar to mutation in genetic algorithms, causing significant changes in the
current solution and also helping to escape from local optima.

The APO algorithm primarily involves parameters including population size (n), num-
ber of neighbor pairs for protozoa (np), maximum proportion fraction for dormancy and
reproduction (p f max), and maximum iteration count (T). To balance the model training
accuracy and training time, the population size is set to 50 and the maximum iteration count
to 50. The number of neighbor pairs for protozoa influences the randomness of individual
updates during autotrophic and heterotrophic behaviors. For example, in autotrophic
behavior, individuals are randomly selected from the current individual’s neighboring
pairs; a smaller number of neighbor pairs reduces randomness during selection, thereby
enhancing the algorithm stability and accelerating convergence. The maximum proportion
fraction for dormancy and reproduction determines the maximum proportion of individ-
uals entering dormancy and reproductive states during iterations. A larger parameter
improves the algorithm’s global optimization capability but may weaken the local refine-
ment searchability. Based on empirical evidence from the original references, we set the
number of neighbor pairs to 1 and the maximum proportion fraction for dormancy and
reproduction to 0.1.

3.4. Two-Stage APO Algorithm

The existing APO algorithm demonstrates strong exploration capabilities in the solu-
tion space, yet its probabilistic behavior selection mechanism risks the non-deterministic
dormancy of high-quality individuals, thereby compromising exploitation performance. To
address this imbalance, this study introduces an improved APO algorithm that integrates
three strategic refinements. First, a good point set theory-driven initialization method is
adopted to minimize the performance fluctuations caused by random initialization. Second,
a two-stage optimization framework is established, explicitly separating global exploration
during the initial iterations from intensified local exploitation in the convergence stages.
Finally, an elite retention strategy is incorporated in the later optimization stages to refine
the convergence precision. Collectively, these improvements aim to harmonize exploration-
exploitation dynamics while mitigating initialization-induced stochastic disturbances. The
technical specifications of these improvements are elaborated below:

(1) Good point set initialization: Based on the good point set theory proposed by
Hua, L. K. et al. [36], the initial population is constructed within the s-dimensional
unit cube Gs. Let r ∈ Gs be a good point. When the discrepancy function satisfies
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φ(n) = C(r, ε)n − 1 + ε (where C(r, ε) is a constant dependent only on r and an
arbitrary positive ε), the good point set is defined as:

Pn(k) =
{({

r(n)1 ·k
}

,
{

r(n)2 ·k
}

, . . . ,
{

r(n)s ·k
})

, 1 � k � n
}

(24)

Specifically, the parameter r is selected as r = {2cos(2πk/p) | 1 ≤ k ≤ s}, where p is the
smallest prime number satisfying (p − 3)/2 ≥ s. This construction method rigorously
ensures a uniform spatial distribution of the initial population in the solution space.
Figure 5 shows the comparison results between the good point set initialization and
random initialization visualized using two-dimensional free variables. The figure
reveals that the points generated by good point set initialization are uniformly dis-
tributed, while random initialization samples exhibit significant local clustering and
sparse spatial regions. These results indicate that a good point set initialization strat-
egy effectively mitigates the incomplete spatial coverage issue inherent in traditional
random sampling.

(2) Two-stage optimization: The iterative process is partitioned into two stages with
distinct selection strategies demarcated by the median iteration count as a threshold.
During the second stage, an exponential probability distribution replaces the original
uniform distribution to select individuals undergoing “dormancy or reproduction”.
The probability density function is defined as

P(X = k) =
c − 1

cT − 1
ck−1, k = 1, 2, . . . , T (25)

where c is the progression factor (c > 1), X denotes a protozoan individual, k represents
the individual’s ranked index, and T is the population size. For moderate population
sizes (e.g., T = 50), c = 1.05 is recommended to avoid exponential explosion risks.
The selection probabilities are computed via this exponential distribution and exe-
cuted using a roulette wheel strategy. When duplicate selections occur, priority is
given to replacing duplicates with the suboptimal nearest-neighbor individual. If
suboptimal candidates are exhausted, global reselection is triggered until the required
number of individuals is selected.

(3) Elitism preservation strategy: During the second optimization stage, a fixed percent-
age of the fittest individuals is retained and exempted from resetting.

Figure 5. Comparison of results between good point set initialization and random initialization.

For a fair comparison, the parameters of the two-stage APO are consistent with the
APO, and the selected parameters remain unchanged.
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The optimization flowchart of the two-stage APO employed in this study is shown in
Figure 6.

The following table shows the pseudocode for the two-stage APO algorithm (Algorithm 1).

Algorithm 1: Pseudo code of the proposed two-stage APO algorithm

Input: Initialize parameters n, dim, np, p f max, and T
Output: The global optima Xbest and f (X best)

1: while t < T do

2: Sort(Xi ), i = 1, 2, . . ., n; // sort positions by fitness in ascending order
3: p f = p f max·rand; // proportion fraction
4: if t < 0.5T then

5: Drindex = randperm(n, �n·p f �);
6: else

7: Drindex is selected by Equation (25) and roulette wheel strategy
8: end if

9: for i = 1 : n do

10: if i is in Drindex then

11: if Pdr > rand then

12: Calculate Xnew
i using Equation (21); // dormancy

13: else

14: Calculate Xnew
i using Equation (22); // reproduction

15: end if

16: else

17: if Pah > rand then

18: Calculate Xnew
i using Equation (12); // foraging in an autotroph

19: else

20: Calculate Xnew
i using Equation (17); // foraging in a heterotroph

21: end if

22: Get the current new position.
23: if t < 0.5T then

24: if f
(
Xnew

i
)
< f (Xi) then

25: Xi ← Xnew
i ;

26: else

27: Xi ← Xi

28: end if

29: else

30: Select the top m individuals with the best fitness as elites;
Merge them with the new population to form a candidate pool of size n + m;
Choose the top n individuals from this pool as the next generation.

31: end if

32: end for

33: t ← t + 1
34: end while

35: return Xbest and f (X best)
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Figure 6. Flowchart of two-stage APO algorithm.

4. Model Training and Evaluation Metrics

4.1. Model Training

The training procedure for the relay protection equipment state quantification evalua-
tion model consists of the following steps:

(1) Dataset processing: Given that the majority of data in the original relay protection
equipment state evaluation dataset comprise high-score samples, synthetic low-score
data were algorithmically generated to mitigate imbalance, while irrelevant feature
columns with insufficient training samples were pruned. The processed dataset
retained 42 feature columns and one device score column, partitioned into training,
validation, and test sets in an 8:1:1 ratio.

(2) Model architecture: An improved Conformer model was constructed (detailed ar-
chitecture in Figure 4), where the input data underwent feature projection via a
fully connected layer followed by flattening. The model leverages multi-head at-
tention mechanisms and depthwise separable convolutional modules within the
Conformer blocks to capture cross-dimensional feature interactions, enhanced by two
feed-forward networks for non-linear fitting capacity, culminating in a single-neuron
FC layer for regression-based state score prediction.

(3) Training model: Training hyperparameters included a batch size of 128, 50 epochs,
and an Adam optimizer with a dynamic learning rate (initial = 0.001; halved after five
epochs of stagnant validation loss) using mean squared error (MSE) loss. The APO
algorithm optimizes the Conformer hyperparameters via training and validation sets
and then merges these sets for final model training, with the performance evaluated
on the test set.
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4.2. Model Evaluation Metrics

This study employs root mean square error (RMSE), mean absolute error (MAE),
coefficient of determination (R2), and adjusted R2 to evaluate model performance. The
mathematical formulations of these metrics are defined as follows:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (26)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (27)

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − yi)

2
(28)

Adjusted R2 = 1 −

n
∑

i=1
(yi − ŷi)

2/(n − k − 1)

n
∑

i=1
(yi − yi)

2/(n − 1)
(29)

where n denotes the number of samples and k represents the number of features in the
dataset.

The RMSE amplifies the difference between the predicted and true values through
squaring, making it sensitive to large errors. The numerical units align with the original
data, directly reflecting the absolute deviation level of the model predictions. MAE cal-
culates the mean absolute value of prediction errors, demonstrating strong robustness to
outliers. R2 quantifies the model’s ability to explain variance in the dependent variable
while adjusted R2 penalizes the number of independent variables to eliminate inflation
effects caused by model complexity on R2, making it more suitable for multiple regres-
sion analysis.

5. Case Study and Results Analysis

5.1. Data Sources and Preprocessing

This study utilizes the monitoring data from relay protection devices at substations in
a southern Chinese region in the Year 2024, encompassing fundamental condition evalua-
tion data, operational condition evaluation data, maintenance condition evaluation data,
and ancillary factor evaluation data. Invalid feature columns with insufficient data were
removed, and 42 valid features were retained to construct the dataset. To address the
predominance of high-score samples in substation-provided data, synthetic low-score data
were generated through rule-based guided corrections and expert knowledge integration.
The final dataset contained 16,489 samples covering multiple device models within substa-
tions. In the complete dataset, there were 10,897 high-score samples accounting for 66.1%,
corresponding to equipment normal status; 3198 attention-status samples accounting for
19.4%; abnormal-status and severe-abnormal sample numbers 1349 and 1276, accounting
for 8.2% and 7.7%, respectively. Because substation monitoring data contain extremely few
abnormal and severe-abnormal samples, small-sample generation algorithms are unsuit-
able for synthesis. Manual synthesis is employed to generate most of the data for sample
construction. The entire dataset is randomly divided into training, validation, and test
sets at an 8:1:1 ratio. All data are normalized to the range of 0–1 to eliminate differences
in feature scales based on the features of the training set for model training. The divided
validation and test sets each contained 1649 samples, maintaining a consistent data distri-
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bution across all three datasets. Each column of the data is normalized according to the
characteristics of the corresponding column in the training set.

5.2. Parameter Optimization

The two-stage APO optimization algorithm is employed to optimize four hyper-
parameters in the improved Conformer encoder model: the number of neurons in the
feed-forward network, the number of convolutional kernels in the convolutional layer,
neuron dropout rate, and weight coefficient of the feed-forward network. Training hy-
perparameters include a batch size of 128 and 50 epochs and the Adam optimizer with a
dynamic learning rate (initial = 0.001; halved after five epochs with stagnant validation
loss). The APO configurations set the population size to 50, with 10 experimental trials
conducted to select the optimal values. The optimized parameters are as follows: neurons:
351, convolutional kernels: 31, dropout rate: 0.1573, weight coefficient: 0.6903.

5.3. Method Validation and Result Analysis

The optimized model was retrained using the merged training set (combining the
original training and validation sets) and evaluated on the test set. The test results are
shown in Figures 7 and 8. Figure 7 presents the training and testing loss curves, while
Figure 8 demonstrates the difference between the predicted and actual scores for 100
randomly selected test samples. During the initial training stages, both the training and
testing losses decreased rapidly, converging to similar values as the iterations progressed,
indicating effective model training. The observed error in training loss (occasionally
exceeding testing loss) arises from dropout regularization during training, which is normal
behavior.

Figure 7 shows the training and testing loss curves. The curves demonstrate that
the two-stage APO method proposed in this paper achieves a rapid convergence speed
and stable convergence behavior when optimizing the relay protection state quantification
evaluation model. During the initial training stages, both the training and testing losses
decreased rapidly, converging to similar values as the iterations progressed, indicating
effective model training. The observed error in training loss (occasionally exceeding testing
loss) arises from dropout regularization during training, which is normal behavior.

Figure 8 shows the difference between the predicted and actual scores for 100 randomly
selected test samples. In the prediction results, due to differences in data distribution, the
prediction scores for most devices are concentrated in the high-score range, with only a
very small number of devices scoring below 60. The graph shows that high-score data
exhibit smaller deviations between predicted and actual values, while low-score data
(below 60) demonstrate certain prediction errors, indicating that the model is more accurate
in identifying the status of normal equipment.

To validate the performance superiority of the proposed improved model, comparative
experiments were conducted against normal deep learning models: CNN, MLP, CNN-
BiGRU, CNN-BiLSTM, and a standard Transformer. The entire experiment was repeated ten
times with the mean and best prediction metrics from each model selected for comparison.
Figure 9 illustrates the mean prediction error across the machine learning approaches, and
detailed performance parameter comparisons are summarized in Table 3. Table 4 shows
the significance test results for the models in Table 3. Using a two-tailed Welch’s t-test
with a significance level of 0.05, pairwise comparisons are conducted between the model
proposed in this paper and each model in Table 3.

207



Symmetry 2025, 17, 951

Figure 7. Training loss curves of the two-stage APO-IConf model.

Figure 8. State quantification score prediction results.

Figure 9. Mean prediction error across normal machine learning models.
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Table 3. Performance comparison with normal machine learning models.

Model Evaluation Index RMSE MAE R2 Adjusted R2

CNN
Mean 1.0733 0.7627 0.9923 0.9920
Best 1.0022 0.7154 0.9938 0.9937

MLP
Mean 1.2516 1.0091 0.9915 0.9913
Best 1.2310 0.9395 0.9922 0.9920

CNN-BiGRU
Mean 1.5370 1.0681 0.9854 0.9849
Best 1.3803 1.0352 0.9906 0.9903

CNN-BiLSTM
Mean 1.5116 1.0509 0.9878 0.9875
Best 1.3674 0.9766 0.9908 0.9906

Standard Transformer
Mean 0.8455 0.5277 0.9958 0.9956
Best 0.7987 0.4852 0.9961 0.9959

Two-Stage APO-IConf
Mean 0.5064 0.2893 0.9985 0.9984
Best 0.4857 0.2754 0.9988 0.9988

Bold model indicates the optimal model, and bold values indicate the best value under that metric.

Table 4. Welch’s t-test results with the proposed mode as the baseline.

Welch’s t-Test CNN MLP CNN-BiGRU
CNN-
BiLSTM

Standard
Transformer

RMSE
Test statistic 17.30 66.29 15.54 12.91 16.83
p-value 2.75 × 10−9 5.64 × 10−17 4.72 × 10−8 2.97 × 10−7 6.47 × 10−9

MAE
Test statistic 16.77 49.50 15.06 12.55 6.49
p-value 6.62 × 10−9 2.90 × 10−18 6.51 × 10−8 3.94 × 10−7 7.61 × 10−5

Welch’s t-test is a statistical method for comparing whether there is a significant
difference between the means of two independent samples. It does not assume equal
variances between samples, making it more broadly applicable than the traditional t-test.
The test yields a test statistic and p-value, which represents the ratio of the between-group
mean difference to the sample variability, where larger absolute values indicate more
pronounced group differences. The p-value denotes the probability of observing the current
data or more extreme cases under the assumption of no difference between samples, with
smaller values providing stronger evidence of statistically significant group differences.

As demonstrated by the experimental results, the two-stage APO-IConf model
achieves significant advantages in the quantitative evaluation of the relay protection equip-
ment state. Compared to the standard Transformer, it reduces the mean RMSE by 40.1%
(from 0.8455 to 0.5064) and mean MAE by 45.2% (from 0.5277 to 0.2893) while attaining opti-
mal performance in both R2 (Best: 0.9988) and adjusted R2 (Best: 0.9988) metrics. The model
also shows substantial improvements over traditional methods, reducing the RMSE by
52.8% compared to CNN (Mean: 1.0733) and 59.5% compared to MLP (Mean: 1.2516). Both
the mean and best values significantly outperform hybrid architectures like CNN-BiGRU
and CNN-BiLSTM, demonstrating superior training efficacy across all evaluation metrics.

In Table 4, the proposed model has a very small p-value for all models, indicating
statistically significant performance differences from the traditional machine learning
baselines. This confirms that the performance improvement is attributable to model efficacy
rather than to random factors.

To thoroughly validate the effectiveness of each component in the proposed method,
experiments are conducted and compared with other Conformer models. Model 1 is the
standard Conformer; Model 2 is the dynamic weighting coefficients Conformer, which
adopts dynamic weighting coefficients on the standard Conformer architecture; Model 3
is post-BN-Conformer, which replaces the Pre-LN structure with a post-BN structure in
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the standard Conformer architecture; Model 4 is Improved Conformer; Model 5 is APO-
Conformer; Model 6 is Two-Stage APO-Conformer; Model 7 is APO-IConformer; Model 8
is Two-Stage APO-IConformer. Standard Conformer serves as the baseline. This system-
atic evaluation quantifies the incremental contributions of architectural modifications to
the final performance in the quantitative state evaluation of relay protection equipment.
Figure 10 illustrates the prediction error across the other Conformer models, and detailed
performance parameter comparisons are summarized in Table 5. Table 6 displays the
significance test results for the models listed in Table 5. The testing process is the same as
before, except that a standard Conformer (Model 1) is used as the baseline. Bold results
indicate that the model shows no significant superiority over the benchmark.

Figure 10. Predictive mean error across other Conformer models.

Table 5. Performance comparison with other Conformer models.

No. Model Evaluation Index RMSE MAE R2 Adjusted R2

1 Standard Conformer
Mean 0.7626 0.4449 0.9965 0.9963
Best 0.7260 0.4133 0.9969 0.9967

2 Dynamic-Conformer Mean 0.7110 0.4069 0.9971 0.9970
Best 0.6756 0.3845 0.9977 0.9976

3 Post-BN-Conformer
Mean 0.5797 0.3456 0.9980 0.9979
Best 0.5604 0.3189 0.9981 0.9981

4 IConf
Mean 0.5572 0.3413 0.9982 0.9981
Best 0.5321 0.3242 0.9983 0.9982

5 APO-Conf
Mean 0.7134 0.4156 0.9970 0.9968
Best 0.6472 0.3967 0.9978 0.9976

6 Two-Stage APO- Conf Mean 0.6654 0.3918 0.9976 0.9975
Best 0.6320 0.3430 0.9978 0.9977

7 APO- IConf
Mean 0.5342 0.3063 0.9983 0.9982
Best 0.5089 0.2821 0.9985 0.9984

8 Two-Stage APO-IConf
Mean 0.5064 0.2893 0.9985 0.9984
Best 0.4857 0.2754 0.9988 0.9988

Bold model indicates the optimal model, and bold values indicate the best value under that metric.

This experiment demonstrates that the proposed two-stage APO-IConf (Model 8)
achieves comprehensive superiority in the quantitative evaluation of relay protection
equipment state, reducing mean RMSE by 33.6% (from 0.7626 to 0.5064) and mean MAE
by 35.0% (from 0.4449 to 0.2893) compared to the baseline standard Conformer (Model 1)
while improving the mean R2 metric from 0.9965 to 0.9985.
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Table 6. Welch’s t-test results with standard Conformer (Model 1) as the baseline.

Welch’s t-Test Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
Proposed
Model

RMSE
Test statistic −2.85 −18.00 −22.43 −1.54 −7.08 −15.81 −21.36
p-value 1.43 × 10−2 3.15 × 10−12 1.90 × 10−14 1.53 × 10−1 6.27 × 10−6 9.55 × 10−10 4.37 × 10−13

MAE
Test statistic −1.34 −5.10 −5.38 −1.96 −2.48 −7.41 −10.54
p-value 1.95 × 10−1 7.48 × 10−5 4.04 × 10−5 7.28 × 10−2 2.36 × 10−2 7.22 × 10−7 1.15 × 10−8

Bold values mean the Welch’s t-test results are not significant.

Models 1 through 4 form a controlled experimental group, where Model 2 and Model
3 represent single-aspect improvements over Model 1, and Model 4 combines both modi-
fications. The experimental data demonstrate that both improvement methods (post-BN
structure and dynamic weighting coefficient) enhance the model performance. Notably,
the performance gain from implementing the post-BN structure was more substantial
than that from adjusting the dynamic weighting coefficients. This indicates that post-BN
modification serves as an effective enhancement approach, contributing more significantly
to overall performance improvements than dynamic weighting coefficient optimization.
While single-aspect modifications yield statistically insignificant improvements, the en-
hanced Conformer demonstrates significant gains.

Relative to the single-modification IConf (Model 4), the integration of the two-stage
APO optimization strategy further reduces the mean RMSE by 9.1% (from 0.5572 to 0.5064)
and mean MAE by 15.2% (from 0.3413 to 0.2893), validating the necessity of algorithm-
architecture co-design. When compared to optimized variants, the proposed two-stage
APO-IConf (Model 8) exhibits a 23.9% mean RMSE reduction (from 0.6654 to 0.5064) and
26.2% mean MAE reduction (from 0.3918 to 0.2893) over Two-Stage APO-Con (Model
6), as well as a 5.2% mean RMSE reduction (from 0.5342 to 0.5064) and 5.6% mean MAE
reduction (from 0.3063 to 0.2893) against APO-IConf (Model 7), confirming that the syner-
gistic combination of the improved Conformer architecture and two-stage APO strategy
drives performance breakthroughs, as structural deficiencies in Model 6 and non-staged
optimization in Model 7 result in significantly higher errors.

As shown in Table 6, the proposed model demonstrates the strongest statistical signifi-
cance, followed by Model 4. Both exhibit the largest absolute values of the test statistics
and smallest p-values, indicating robust significance. While Model 2 and Model 5 show
improvements in both mean and best values, their statistical significance remains weak,
potentially lacking statistical significance.

The two-stage APO-IConf achieves optimal RMSE (0.4857), MAE (0.2754), R2 (0.9988),
and adjusted R2 (0.9988), providing quantitative state evaluation and guidance for devel-
oping maintenance strategies for substations.

6. Conclusions

To address the challenges of ambiguous status boundaries and hyperparameter selec-
tion in relay protection equipment evaluation, this study proposes a state quantification
method based on a two-stage APO-optimized improved Conformer model. Experimen-
tal validation using real-world datasets confirms the effectiveness of the method. Key
conclusions are:

(1) This paper proposes an improved Conformer architecture by replacing pre-layer
normalization with post-batch normalization and introducing dynamic weight coeffi-
cients to regulate feed-forward network connectivity, which significantly improves
the feature fusion capability and fitting accuracy for relay protection data.
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(2) The two-stage APO algorithm integrates good point set initialization and elitism
preservation strategies, achieving dynamic equilibrium between global exploration
and local exploitation in the hyperparameter space of the Conformer, which effectively
resolves traditional parameter selection difficulties.

(3) The two-stage APO-IConf model exhibits a 23.9% mean RMSE reduction (from 0.6654
to 0.5064) and 26.2% mean MAE reduction (from 0.3918 to 0.2893) over the Two-Stage
APO-Con (Model 6), as well as a 5.2% mean RMSE reduction (from 0.5342 to 0.5064)
and 5.6% mean MAE reduction (from 0.3063 to 0.2893) compared to APO-IConf
(Model 7), confirming that the synergistic combination of the improved Conformer
architecture and two-stage APO strategy drives performance breakthroughs.

(4) The two-stage APO-IConf model autonomously learns expert rule-based scoring
patterns and field adjustment logic from data, enabling objective and rapid state
evaluation without manual intervention in new inspection scenarios.

Existing device data already include dozens of substation protection devices, such as
busbar and differential protection devices. In the future, testing can be conducted in actual
substations to apply the research work to substations. For example, it can be combined with
digital twin models of substations to perform online state evaluations, thereby improving
the accuracy.

This paper still has the following limitations. First, the training data relies on expert
scoring, which inherently embodies the subjective quantification of domain priors and may
be influenced by experts’ cognitive frameworks, knowledge blind spots, and evaluation
criteria. Such implicit biases may be assimilated by the model, causing its scoring results to
deviate from the objective truth condition. Second, although RMSE and MAE eliminate the
state boundary problem in traditional classification methods and instead use continuous
scores to evaluate the state of devices, these metrics are unable to distinguish the direction
of error and are unable to reflect the error distribution. Therefore, the next stage of research
will focus on other relevant metrics and whether we can train the corresponding models
for devices with different score ranges.
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Abbreviations

The following abbreviations are used in this manuscript:

APO Artificial protozoa optimize
APO-Conf Artificial protozoa optimize-Conformer
APO-IConf Artificial protozoa optimize-improved Conformer
BNDT Bayesian network decision trees
BP Back propagation
CNN Convolutional neural network
CNN-BiGRU Convolutional neural network-bidirectional gated recurrent unit

CNN-BiLSTM
Convolutional neural network-bidirectional long short term
memory network

CRC Cyclic redundancy check
CT-N wire Current transformer neutral wire
FAHP Fuzzy analytical hierarchy process
FFN Feed-forward network
GAN Generative adversarial networks
GOOSE Generic object oriented substation event
IConf Improved Conformer
LSSVM Least squares support vector machines
MHSA Multi-head self-attention
MLP Multilayer perceptron
NLP Nature language processing
Post-BN Post-batch normalization
Pre-LN Pre-layer normalization
PT-N wire Potential transformer neutral wire
Two-stage APO Two-stage artificial protozoa optimizer
Two-stage APO-Conf Two-stage artificial protozoa optimizer-Conformer
Two-stage APO-IConf Two-stage artificial protozoa optimizer-improved Conformer
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Abstract

Adaptive Linear Neuron (ADALINE) is a well-known neural network method that has been
utilized for generating a reference current intended to regulate the operation of shunt-typed
active harmonic filters (SAHFs). These filters are essential for improving power quality
by mitigating harmonic disturbances and restoring current waveform symmetry in power
systems. While the latest variant, Simplified ADALINE, offers notable advantages over
its predecessors, such as a reduced complexity and faster learning speed, its performance
has primarily been evaluated under stable grid conditions, leaving its performance under
distorted environments largely unexplored. To address this gap, this work introduces
two key modifications to the Simplified ADALINE framework: (1) the integration of a
new phase-tracking algorithm based on the concept of orthogonality and selective filtering,
and (2) transitioning from the direct current control (DCC) to an indirect current control
(ICC) mechanism. Test environments featuring distorted grids and nonlinear rectifier
loads are simulated in MATLAB/Simulink software to evaluate the performance of the
proposed method against the existing Simplified ADALINE method. The key findings
demonstrate that the proposed method effectively handled harmonic distortion and noise
disturbance. As a result, the associated SAHF achieved an additional reduction in %THD
(by 10.77–13.78%), a decrease in reactive power (by 58.3 VAR–67 VAR), and improved grid
synchronization with a smaller phase shift (by 0.9–1.2◦), while also maintaining proper
waveform symmetry even in challenging grid conditions.

Keywords: active power filter; neural network; power quality; power system symmetry;
synchronizer; two-phase orthogonal components

1. Introduction

The extensive utilization of nonlinear power electronics loads in power systems such
as variable speed drives, uninterruptible power supplies, and energy-efficient lighting has
made it increasingly difficult to manage harmonic disturbances [1,2]. These loads often
disrupt the inherent symmetry of the power system, introducing unbalanced and distorted
current waveforms. If left unmitigated, such asymmetry in current waveforms can cause
a range of detrimental effects, such as increased heat losses, reduced system efficiency,
voltage distortion, and potential damage to sensitive equipment [3–5].

Symmetry 2025, 17, 1337 https://doi.org/10.3390/sym17081337216
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The loss of waveform symmetry not only degrades the power quality but also nega-
tively affects the reliability and stability of the power system operation. Therefore, preserv-
ing symmetry in both current and voltage waveforms is crucial to maintaining a balanced
power flow and prevent equipment malfunction. Proactive mitigation strategies are nec-
essary in order to address these disturbances and ensure the overall grid power quality.
Recent studies highlight the role of shunt-type active harmonic filters (SAHFs), which
utilize voltage source inverter topologies, as effective solutions for restoring waveform
symmetry and mitigating harmonic distortion [3,6,7]. These filters help compensate for
unbalanced and distorted currents, thereby improving both the quality and symmetry of
the overall power system waveforms.

However, the effectiveness of an SAHF in mitigating power quality issues heavily depends
on the accuracy and speed of its control strategies. The controller typically includes four core
algorithms: harmonic currents extraction, DC-link voltage control, phase tracking, and current
control algorithms [8–10]. Among these, the extraction of harmonic currents is considered the
most critical. As the first algorithm executed within the controller, accurate extraction ensures
that the harmonic components disrupting the symmetry of current waveforms are properly
identified and targeted. Furthermore, the reference current must be precisely synchronized
with the grid through the phase-tracking algorithm to maintain the symmetry and balance of
the compensated current. Together, these processes enable the effective mitigation of waveform
asymmetry and harmonic distortion, thereby preserving power quality [8,11,12].

Various studies have explored the techniques for harmonic currents extraction, as detailed
in the literature [10,13]. Prominent techniques include the synchronous reference frame
(SRF) [14,15] and instantaneous power theory [4,16] from the time-domain category, Fourier
transform (FT) [17,18] from the frequency-domain category, and artificial neural network
(ANN) [5,19,20] from the artificial intelligence (AI) category. Among these, the techniques
based on the ANN concept are particularly noteworthy for their exceptional ability to provide
rapid and accurate estimations of reference currents. These techniques are highly regarded for
their self-adaptive capabilities, parallel processing power, and robust fault tolerance [19,21,22],
making them a standout choice in dynamic and complex systems.

In the reference current generation, Adaptive Linear Neuron (ADALINE) [5,20,22,23]
is a highly regarded architecture, recognized for its efficiency within ANN-based solu-
tions. This approach operates by utilizing an appropriate weight adjustment mechanism,
with the Widrow–Hoff (W–H) algorithm being particularly popular due to its simplicity
and efficiency in minimizing the mean square error between the actual and predicted sig-
nals [24,25]. However, the conventional W–H algorithm faces challenges when attempting
to learn the characteristics of multiple harmonic components, which necessitates more
repetitive cycles and longer training times. To address these limitations, a modified W–H
algorithm has been introduced. This modification directs the system to focus solely on
learning the characteristics of the fundamental component, rather than the full spectrum of
harmonic components, by fine-tuning the learning rate [21,25]. As a result, the modified
algorithm significantly improves the speed and precision of the learning process, leading
to fewer repetitive cycles and a considerable reduction in training time. However, both the
conventional and modified W–H algorithms depend on conventional phase-tracking algo-
rithms such as the zero-crossing detector (ZCD) [25] and phase-locked loop (PLL) [11,26]
to align the phase of the generated reference current with the operating power system. This
dependency has restricted their applicability, particularly to situations involving a stable
supply voltage and steady-state operations.

A further investigation revealed that the modified W–H algorithm still contained
redundant features and notable shortcomings, including a large mean square error and

217



Symmetry 2025, 17, 1337

slow convergence, which negatively affected its overall performance. To address these
issues, the algorithm was simplified to remove redundancy, resulting in the development
of Simplified ADALINE (S-ADALINE) [21]. This revised version incorporates a new
weight updating technique, called the fundamental active current (FAC), which helps to
reduce the mean square error and further speed up the learning process, thereby enhancing
the mitigation performance of the connected SAHF. Furthermore, a new phase-tracking
algorithm, derived from the ADALINE concept, was integrated, effectively eliminating
the dependence on ZCD and PLL [12,22]. With the implementation of the S-ADALINE
algorithm, the associated SAHF now exhibits enhanced reliability, operating effectively
under a stable supply voltage, and across both steady-state and dynamic conditions, even
when subjected to varying load conditions.

Nevertheless, in practice, distortions in the utility grid are common and can compromise
the reliability of the S-ADALINE algorithm, which was originally designed to operate under
stable (sinusoidal and balanced) supply voltage conditions. As described in [12,22], the
integrated ADALINE-based phase-tracking algorithm functions by converting the measured
supply voltage directly into a unity form. Consequently, when the supply voltage is affected
by distortions, the accuracy of the extracted phase information may degrade, resulting in
improper phase synchronization and a failure to maintain waveform symmetry. Furthermore,
an inherent drawback of the S-ADALINE algorithm is its tendency to generate a harmonic-
based reference current, necessitating the gate pulses for the SAHF to be derived according to
the direct current control (DCC) mechanism [27,28]. As reported in [8,29], the DCC mechanism
lacks the ability to manage switching ripples caused by the operation of the SAHF, which
further undermines the mitigation of asymmetrical and distorted waveforms. In contrast,
the indirect current control (ICC) mechanism, which derives the gate pulses based on the
evaluation of the supply current against a fundamental-based reference current [27,30], has
been reported to address these shortcomings of the DCC mechanism by offering an improved
ripple management and better preservation of waveform symmetry. Despite these advantages,
no studies have yet explored integrating the S-ADALINE algorithm with the ICC mechanism
to enhance harmonic mitigation and waveform symmetry.

With the increasing severity and unpredictability of harmonic disturbances, there is a
pressing need to enhance the reliability and adaptability of the SAHF through adaptive AI
approaches, in line with the recent advancements in artificial intelligence. Particularly, the
development of improved reference current generation methods that maintain symmetry
and effectively track fundamental components, even in highly distorted and dynamic
grid conditions, is critical. In this work, the existing S-ADALINE algorithm is further
developed by harnessing the strengths of the ICC mechanism. Additionally, the concept
of orthogonality and selective filtering are integrated to enhance the overall reliability
and performance of the system under such challenging grid environments. With these
modifications, the resulting algorithm, termed Indirect ADALINE (I-ADALINE), offers the
benefits of enhanced harmonic mitigation and reactive power compensation, along with
reduced phase shift and improved accuracy in tracking the fundamental active current,
thereby preserving the symmetry of current waveforms. The proposed I-ADALINE method
is thoroughly tested under both steady-state and dynamic conditions, using a single-phase
low-voltage distribution setup operating at 230 V and 50 Hz, with a distorted supply
voltage and nonlinear rectifier loads to ensure a comprehensive performance evaluation.

The paper is organized as follows: Section 2 outlines the configuration of the power
circuit and the controller for the single-phase SAHF system implemented in this work.
In Section 3, the underlying principles of the proposed I-ADALINE algorithm are ex-
plained in detail. Section 4 provides a thorough analysis of the data, validating the de-
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sign approach and demonstrating the effectiveness of the proposed algorithm. Finally,
Section 5 summarizes the key outcomes and contributions of this work.

2. Single-Phase SAHF and Associated Control Algorithms

The architecture of the single-phase SAHF system along with the details of its con-
troller is illustrated in Figure 1. In this work, a traditional voltage source inverter (VSI) is
configured to function as an SAHF, while the harmonics are generated from rectifier-based
circuits that supply either capacitive or inductive loads. The nonlinear behavior of the
rectifier-based circuits will create harmonics in the load current iL; i.e., the load current
will contain both fundamental iF and harmonic iH components, thereby contaminating the
supply current iS. Mathematically, their relationship can be expressed as follows:

is = iL = iF + iH (1)

Figure 1. Single-phase SAHF system along with the details of its controller.

To resolve this concern, the SAHF is strategically positioned between the supply
voltage vS and the load, linked at a common point (PCC). The controller then manages the
SAHF to deliver mitigation current imig, which neutralizes all the harmonic components
according to Expression (2). At the same time, for the proper operation, the SAHF is also
controlled to draw a small amount of charging current icharging from the system to charge
the DC-link capacitor. As shown, when the mitigation current imig is adjusted to match the
harmonic components iH , the resulting supply current iS becomes purely the fundamental
current iF . This effectively restores the system to a clean, harmonic-free power quality.

is = iF +
(
iH − imig

)
+ icharging (2)

For the effective operation of the SAHF, the applied controller is structured with
three primary modules, each responsible for generating reference current iS,re f , regulating
DC-link voltage Vdc and delivering the gate pulses S, respectively. This work, however,
primarily focuses on the generation of the reference current, introducing a method called In-
direct ADALINE (I-ADALINE). Detailed information about this approach will be provided
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in the following section. Meanwhile, to regulate the DC-link voltage, a proportional-integral
(PI) controller [16,26,31] is applied to estimate the amount of charging current Idc needed.
For the generation of gate pulses, a method based on sinusoidal pulse-width modulation
(SPWM) is adapted [8,28,32].

3. Reference Current Generation Based on I-ADALINE Concepts

This section describes the development of the proposed Indirect ADALINE (I-
ADALINE) algorithm, starting with an in-depth analysis of the existing Simplified ADA-
LINE (S-ADALINE) algorithm. Establishing this baseline provides a foundation for detail-
ing the modifications performed, ultimately leading to the development of the proposed
I-ADALINE algorithm. Lastly, the workflow is included to illustrate the structured orga-
nization and sequential execution of the algorithms implemented in this work, thereby
facilitating a clearer understanding of the overall control strategy and the interactions
between its components.

In general, the ADALINE algorithm with a conceptual model shown in Figure 2 is
an approach to extract fundamental components of a periodic function. According to
the Fourier series, a periodic function f can be represented as the sum of the sine and
cosine functions. This representation allows any periodic signal to be approximated by a
combination of these basis functions (sine and cosine waves) at different frequencies:

f (θ) = W0 +
N

∑
n=1,2,3,...

(
Wn(sin)sin(nθ) + Wn(cos)cos(nθ)

)
(3)

where W0 is the DC offset term, typically zero for AC signals, and Wn(sin) and Wn(cos) are the
weight factors (amplitude) of the sine and cosine terms for each harmonic n, to a maximum
number N. Meanwhile, variable θ is defined as θ = ωt +∅ with angular frequency ω,
time t, and phase offset ∅.

Figure 2. Basic conceptual model of ADALINE algorithm.

However, instead of trying to learn the whole periodic function f , a standard ADA-
LINE algorithm focuses only on the fundamental frequency component fF (the first har-
monic, n = 1):

fF = W1(sin)sin(1θ) + W1(cos)cos(1θ); n = 1 (4)

The goal of the ADALINE algorithm is to find the weights W1(sin) and W1(cos) that best
represent this fundamental component using a weight-updating technique. During the
learning process, in each iteration, the ADALINE algorithm adjusts these weights based on
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the error (the difference between the estimated signal and the actual signal). This process
uses a learning rate to control how much the weights are updated at each step. By the
end of the learning process, the ADALINE algorithm gives the correct weights for the
fundamental frequency component, which can then be used to recreate the main part of the
original signal.

3.1. Characteristics of the Simplified ADALINE (S-ADALINE) Algorithm

Figure 3 illustrates a block diagram representing the operational concept of the S-
ADALINE algorithm. As has already been clearly described in [21], the algorithm incor-
porates a weight-updating technique, called the fundamental active current (FAC). This
approach dynamically adjusts the weight factor of the sine term based on the magnitude of
the fundamental active current within the power system. Unlike the standard ADALINE
algorithm that updates both the sine and cosine terms, the S-ADALINE algorithm only
updates the sine term because it is assumed that the fundamental active current has only a
sine component. The overall learning process performed by the FAC updating technique
can be simplified as follows:

IF(updated) = IF(present) + (iL − iFest) γisin θ (5)

where IF is the magnitude of the fundamental active current, iL is the measured load
current, iFest is the estimated fundamental active current, γi is the learning rate, and sinθ is
the synchronization phase delivered by the phase-tracking algorithm.

Figure 3. Reference current generation based on the existing S-ADALINE concept.

In each iteration, iL will be compared with iFest and the resulted error ei will be pro-
cessed to update magnitude IF which will then be applied in the next loop. However, the
measured load current iL contains harmonic components which cannot be fully described
by a single sine component; thus, the error generated will be large. To handle this issue,
a learning rate γi of 0.0001 is required [21]. Over successive iterations, the estimated
iFest progressively aligns with the profile of the fundamental active current. Using the
updated IF , along with the synchronization phase, the charging current Icharging, and
the measured load current iL, a harmonic-based reference current iHre f can be derived
as shown in Expression (6). This harmonic-based reference current necessitates the gate
pulses S to be derived based on the direct current control (DCC) mechanism, which requires
measuring the actual mitigation current imig.

iHre f =
(

IF − Icharging

)
sin θ − iL (6)
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On the other hand, to support the generation of the reference current, a phase-tracking
algorithm based on the ADALINE concept is adopted. The complete operating principle of
this algorithm has already been clearly described in [12,22]. In brief, the ADALINE-based
phase-tracking algorithm utilizes a modified online W–H algorithm with a learning rate
γv of 0.01 to incrementally update two weight factors VFsin (sine term) and VFcos (cosine
term), which represent the magnitude factor VF of the supply voltage vs. The updating
process can be summarized as follows:

VF(updated) = VF(present) + γvev

[
P

PT P

]
(7)

VF =

[
VFsin

VFcos

]
(8)

P =

[
sin1θ

cos1θ

]
(9)

PT P =
[
sin1θ cos1θ

][sin1θ

cos1θ

]
= 1 (10)

ev = vS − vFest (11)

where ev is the resulting error, P is the phase factor containing the fundamental sine ( sin1θ)

and cosine (cos1θ) terms of the supply voltage, and vFest is the estimated fundamental
voltage. Together, Expression (7) can be finalized as follows:

VF(updated) = VF(present) + 0.01 (vS − vFest)

[
sin1θ

cos1θ

]
(12)

Eventually, the effective magnitude of the fundamental voltage can be obtained us-
ing Expression (13). Finally, the synchronization phase sinθ of the operating system is
extracted by directly taking the unity representation of the supply voltage, according to
Expression (14).

VF(mag) =
√

VFsin
2 + VFcos

2 (13)

sin θ =
vs

VF(mag)
(14)

As can be observed from Expression (14), the measured supply voltage vs is directly
applied to establish the synchronization phase without pre-filtering to remove any potential
distortions in the utility grid. Hence, any distortions in the grid can disrupt the accurate
determination of the synchronization phase, leading to a misalignment of the mitigating
current injected by the SAHF. Resolving this misalignment is crucial to ensuring a stable
and reliable system operation.

3.2. Proposed Modifications

This work proposes two key modifications to the existing S-ADALINE algorithm,
resulting in the development of the I-ADALINE algorithm as presented in Figure 4. First,
a new phase-tracking algorithm which utilizes orthogonality and the selective filtering
concept is integrated, replacing the previous dependency of the ADALINE-based phase-
tracking algorithm. This approach leverages the orthogonal properties of the signal com-
ponents to enable the effective pre-filtering of unwanted disturbances, which results in a
more reliable phase estimation under challenging environments. In operation, assuming
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the supply voltage measured from the utility grid is represented in the time-domain as
vs(t) = V sin (ωt), two orthogonal periodic signals can be generated by delaying the
measured vs(t) by a quarter of its period T to create a phase-shifted version of the signal.
Mathematically, the following relationship holds:[

vs ∠ θ

vs ∠ (θ − 90◦)

]
=

[
vs(t)

vs(t − T
4 )

]
=

[
V sin (ωt)

V sin
(
ωt − π

2
)] =

[
V sin (ωt)

− V cos (ωt)

]
(15)

where vs ∠ θ and vs ∠ (θ − 90◦) represent two orthogonal periodic signals of the measured
supply voltage.

Figure 4. Reference current generation based on the proposed I-ADALINE concept.

A selective filter is then applied to extract the fundamental components from these
orthogonal signals. To obtain the transfer function of the selective filter, the integration
process of the input orthogonal periodic signals needs to be studied as follows:

Cαβ(t) = ejωct
∫

e−jωctRαβ(t)dt. (16)

where Rαβ(t) and Cαβ(t) are used to represent the input and output orthogonal signals
of the integration process with angular frequency ωc. Next, by applying the Laplace
transformation to convert the expression from the time-domain to the s-domain, and by
presenting them as a ratio of the output to input, the resulting transfer function H(s)
is obtained.

H(s) =
Cαβ(s)
Rαβ(s)

=
Cα(s) + jCβ(s)
Rα(s) + jRβ(s)

=
s + jωc

s2 + ωc2 (17)

To enable the adjustment of the selective filter’s performance, a parameter known
as selectivity factor K is introduced to the transfer function, which is reformulated as
Expressions (18) and (19). It is important to note that a smaller value of K enhances the
filtering selectivity but reduces the convergence speed, whereas a larger value improves
the convergence speed at the expense of selectivity.

Cα(s) + jCβ(s)
Rα(s) + jRβ(s)

= K
(s + K) + jωc

(s + K)2 + ωc2
(18)
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Cα(s) + jCβ(s) = K

(
(s + K)

(s + K)2 + ωc2
+

jωc

(s + K)2 + ωc2

)(
Rα(s) + jRβ(s)

)
(19)

Next, by equating the real and imaginary sections, the following expressions can
be obtained:

Cα(s) =
K(s + K)

(s + K)2 + ωc2
Rα(s)− Kωc

(s + K)2 + ωc2
Rβ(s) (20)

Cβ(s) =
K(s + K)

(s + K)2 + ωc2
Rβ(s) +

Kωc

(s + K)2 + ωc2
Rα(s) (21)

Finally, by solving Expressions (20) and (21) simultaneously, the transfer function of
the selective filter can be simplified as follows.

Cα(s) =
K
s
(Rα(s)− Cα(s))− ωc

s
Cβ(s) (22)

Cβ(s) =
K
s
(

Rβ(s)− Cβ(s)
)
+

ωc

s
Cα(s) (23)

Here, to suit the model applied in this work for extracting the fundamental compo-
nents from the supply voltage, the output orthogonal signal Cα(s) is replaced with vF ∠ θ

and Cβ(s) is replaced with vF ∠ (θ − 90◦), while the input orthogonal signal Rα(s) is re-
placed with vs ∠ θ and Rβ(s) is replaced with vs ∠ (θ − 90◦). As a result, the final transfer
function of the selective filter applied in this work can be summarized as follows:

vF ∠ θ =
K
s
(vs ∠ θ − vF ∠ θ)− ωc vF ∠ (θ − 90◦)

s
(24)

vF ∠ (θ − 90◦) =
K
s
[vs ∠ (θ − 90◦)− vF ∠ (θ − 90◦)] +

ωc vF ∠ θ

s
(25)

where vF ∠ θ and vF ∠ (θ − 90◦) represent the two orthogonal periodic signals of
the extracted fundamental components of the supply voltage with angular velocity
ωc = 100 π rad/s, and K = 20 is the selectivity factor applied in this work. Finally, the
synchronization phase sinθ is determined using the trigonometry function below:

sinθ = sin[atan2 (vF ∠ θ, vF ∠ (θ − 90◦))] (26)

In addition, to further enhance the mitigation performance via the minimization of
switching ripples caused by the switching activities of the SAHF, the proposal involves
transitioning from the DCC to the indirect current control (ICC) mechanism for the control
of the SAHF. This transition requires adapting the existing S-ADALINE framework to align
with the requirements of the ICC mechanism. Specifically, instead of generating a harmonic-
based reference current, the modified algorithm will now produce a fundamental-based
reference current iSre f , as outlined in Expression (27).

iSre f =
(

IF + Icharging

)
sin θ (27)

This fundamental-based reference current enables the generation of gate pulses S,
which are derived from the measurement of the supply current iS rather than the mitigation
current imig. Unlike the DCC mechanism, the ICC mechanism operates by obtaining precise
information about the switching ripples present in the supply current. Hence, any ripples
contained in the supply current will be directly evaluated in the control system loop and
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eventually be minimized. In other words, this shift in approach improves the mitigation
performance of the SAHF by directly addressing the limitations of the DCC mechanism.

3.3. Workflow of the Control Strategy

To facilitate a clear and structured understanding of how the various algorithms
interact and operate sequentially in this work, an overview of the workflow is presented
in Figure 5.

Figure 5. Overall workflow of the control algorithms applied.

As a summary, the control algorithms operate according to the following sequences:

(i) Measure the input signals (supply voltage vs, DC-link voltage Vdc, supply current iS ,
and load current iL);

(ii) Generate orthogonal voltage signals vs ∠ θ and vs ∠ (θ − 90◦) from the measured
supply voltage (Expression (15));

(iii) Extract fundamental voltage components vF ∠ θ and vF ∠ (θ − 90◦) using a selective
filter (Expressions (24) and (25));

(iv) Generate synchronization phase sinθ (Expression (26));
(v) Estimate fundamental current iF from the measured load current using the ADALINE

method (Expression (5));
(vi) Estimate the charging current Icharging from the measured DC-link voltage using a

PI controller;
(vii) Generate reference current iSre f (Expression (27));
(viii) Generate gate pulses S by comparing between the reference current and the measured

supply current (feedback) via the ICC mechanism.
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4. Results and Discussion

The single-phase SAHF system, along with its control algorithms and the newly pro-
posed I-ADALINE method, is developed and simulated within the MATLAB/Simulink
(R2012a) environment. The complete simulation model, which integrates the power cir-
cuit and control components, is illustrated in Figure 6. Meanwhile, the key simulation
parameters used in the study are summarized in Table 1 for clarity.

(a) 

 
(b) 

Figure 6. Simulation model of single-phase SAHF system showing arrangement of (a) power circuit
and (b) control algorithms applied.
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Table 1. Fundamental parameters used in the simulation of this study.

Parameters Details

Sinusoidal Supply Voltage Fundamental = 230 V (rms), 50 Hz

Distorted Supply Voltage
(THD = 17.53%)

3rd harmonic = 13.04%
5th harmonic = 8.70%
7th harmonic = 6.52%
9th harmonic = 4.35%

Noise Disturbance
(SNR = 20.89 dB)

3304 Hz component = 4.35%
4004 Hz component = 2.17%
5722 Hz component = 3.91%
7302 Hz component = 6.52%

Choke Inductance 3 mH

RC load: (Uncontrolled bridge rectifier
supplying resistor-capacitor load) R = 30 Ω, C = 470 μF

RL load: (Uncontrolled bridge rectifier
supplying resistor-inductor load) R = 10 Ω, L = 160 mH

Dc-link Capacitor/Desired Voltage 3300 μF/450 V

Filter Inductance 5 mH

Switching Frequency 5 kHz

In this setup, three types of supply voltages are applied, namely, sinusoidal, distorted,
and distorted, with noise disturbance supply voltages. The sinusoidal supply voltage is set
at a fundamental magnitude of 230 Vrms, operating at a frequency of 50 Hz. Meanwhile, the
distorted supply voltage is characterized by a total harmonic distortion (THD) of 17.53%,
indicating the presence of significant harmonic components. Finally, noise disturbance with
a signal-to-noise ratio (SNR) of 20.89 dB is added to the distorted supply voltage, creating
a challenging scenario that combines both harmonic distortion and noise interference.
Two rectifier-based nonlinear loads are then connected to create a harmonic-rich environ-
ment. The first load, consisting of an uncontrolled bridge rectifier, a resistor and a capacitor,
is named as the RC load. Meanwhile, the second load, which features a similar rectifier but
with a resistor and an inductor, is named as the RL load.

To ensure a comprehensive evaluation, the proposed method is assessed under
six scenarios, namely, Scenario A1 (sinusoidal supply and RC load), Scenario A2 (si-
nusoidal supply and RL load), Scenario B1 (distorted supply and RC load), Scenario B2
(distorted supply and RL load), Scenario C1 (distorted supply with noise and RC load), and
Scenario C2 (distorted supply with noise and RL load). For benchmarking purposes, the ex-
isting S-ADALINE method is also re-simulated and tested under identical conditions. This
allows for a direct comparison, highlighting the advantages of the proposed I-ADALINE
method. In addition to these cases, a separate dynamic operation test is also conducted con-
sidering the load variation from RC to RL. Furthermore, a sensitivity analysis is performed
to investigate the effect of the varying supply voltage total harmonic distortion (THD)
and signal-to-noise ratio (SNR) on the performance of the proposed algorithm. These
analyses aim to evaluate the robustness and adaptability of the I-ADALINE method under
more challenging and realistic operating conditions, ensuring its practical applicability in
dynamic power system environments.

First, the phase-tracking performance of each method is evaluated under four distinct
conditions: the presence of harmonic distortion, the presence of a 20.89 dB noise distur-
bance, the presence of both harmonics and noise disturbance, and a 40◦ phase jump. Each
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method is tested for its ability to accurately track the desired phase under these challenging
conditions, offering valuable insights into their respective strengths and limitations when
subjected to complex signal disturbances. The resulting phase information extracted by
both methods is shown in Figure 7, with a detailed comparison highlighted in Table 2. As
presented in Figure 7, both methods are revealed to be effective when dealing with the
sinusoidal supply voltage. However, when the supply voltage is affected by harmonic dis-
tortion and noise (starting from time = 1 s), the phase information extracted by the existing
S-ADALINE method can be observed to display undesired ripples and noise components,
thereby undermining its reliability.

 

 

Figure 7. Phase information extracted by the proposed I-ADALINE and the existing S-ADALINE
methods under the influence of (a) harmonic distortion (THD = 17.53%), (b) noise (SNR = 20.89 dB),
(c) harmonics and noise disturbance, and (d) 40◦ phase jump.
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Table 2. Comparison of phase tracking performance between the proposed I-ADALINE and the
existing S-ADALINE methods.

Performance Aspect I-ADALINE S-ADALINE

Effectiveness in
pure condition

(Sinusoidal Input)

Performs effectively under
sinusoidal input.

Performs effectively under
sinusoidal input.

Response to
harmonic distortion

(THD = 17.53%)

Performs effectively
despite the presence of

harmonic distortion.

Fails to suppress harmonic
distortion (evident by

visible ripples).

Response to noise
(SNR = 20.89 dB)

Performs effectively
despite the presence of

noise.

Fails to suppress noise
(evident by visible noise).

Response to combine effect
of harmonic distortion and

noise

Performs effectively
despite the presence of

combined harmonics and
noise.

Fails to suppress the
combined effect of

harmonics and noise
(visible ripples and noise).

Response to phase jump
(40◦ Phase Jump) Recovery within 0.014 s. Recovery within 0.018 s.

Adaptability

Adjust effectively to
changes like harmonic

distortion and noise (High
Adaptability).

Adjust poorly to conditions
like harmonic distortion

and noise (Limited
Adaptability).

In contrast, despite the presence of harmonics and noise, the proposed I-ADALINE
method is found to have effectively preserved the correct phase information, remaining
free from any ripples or noise components. Moreover, when the supply voltage expe-
riences a sudden phase jump of 40◦, the proposed I-ADALINE method is observed to
demonstrate superior performance by achieving a recovery time of 0.014 s. In compari-
son, the existing S-ADALINE method takes 0.018 s, making the proposed I-ADALINE
method 0.004 s faster.

Based on this evaluation, it can be concluded that the proposed I-ADALINE method
outperforms the existing S-ADALINE method in both phase-tracking accuracy and
recovery speed. It offers high adaptability by maintaining accurate phase tracking
even when the supply voltage is influenced by harmonic distortion and/or noise, while
also providing a faster recovery time. This makes the proposed I-ADALINE method
highly reliable in real-world applications, where disturbances are common. In contrast,
the existing S-ADALINE method is constrained to operate only in disturbance-free
environments and exhibits a slower performance with a longer recovery time when
subjected to a phase shift.

Next, the proposed I-ADALINE method is evaluated across the six specified sce-
narios to determine its effectiveness in improving the mitigation performance of the
SAHF, with outcomes directly compared to those of the existing S-ADALINE method.
Figures 8–10 present the waveforms obtained from this evaluation, while Table 3 pro-
vides a detailed comparison to facilitate a comprehensive interpretation of the findings.
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Figure 8. Steady-state simulation waveforms obtained by operation of SAHF integrated with
the proposed I-ADALINE and SAHF integrated with the existing S-ADALINE methods under
(a) Scenario A1 and (b) Scenario A2.
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Figure 9. Steady-state simulation waveforms obtained by operation of SAHF integrated with
the proposed I-ADALINE and SAHF integrated with the existing S-ADALINE methods under
(a) Scenario B1 and (b) Scenario B2.
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Figure 10. Steady-state simulation waveforms obtained by operation of SAHF integrated with
the proposed I-ADALINE and SAHF integrated with the existing S-ADALINE methods under
(a) Scenario C1 and (b) Scenario C2.
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Table 3. Comparison of mitigation performance between the proposed I-ADALINE and the existing
S-ADALINE methods.

Test
Condition

THD
(%)

Phase Shift
(◦)

Reactive
Power
(VAR)

Power
Factor

Fundamental
Current (A)

Accuracy of
Fundamen-

tal
Current (%)

Current
Waveform

Before activation of SAHF

Scenario A1 80.38 7.5 417.0 0.772 13.80 – Distorted
Scenario A2 35.34 20.3 1248.3 0.884 17.83 – Distorted
Scenario B1 73.06 4.3 220.7 0.805 12.77 – Distorted
Scenario B2 39.57 14.0 1055.6 0.902 19.02 – Distorted
Scenario C1 72.72 4.1 207.3 0.806 12.78 – Distorted
Scenario C2 39.51 13.9 1050.1 0.903 19.03 – Distorted

SAHF integrated with I-ADALINE method

Scenario A1 3.19 0.2 12.5 0.999 13.95 98.92 Sinusoidal
Scenario A2 2.58 0.1 3.7 0.999 16.97 95.17 Sinusoidal
Scenario B1 3.64 0.2 10.4 0.999 12.98 98.38 Sinusoidal
Scenario B2 2.81 0.1 11.1 0.999 18.76 98.63 Sinusoidal
Scenario C1 3.71 0.2 10.2 0.999 12.99 98.38 Sinusoidal
Scenario C2 2.77 0.1 11.5 0.999 18.77 98.63 Sinusoidal

SAHF integrated with S-ADALINE method

Scenario A1 3.25 0.2 12.5 0.999 13.95 98.92 Sinusoidal
Scenario A2 2.61 0.1 3.7 0.999 16.97 95.17 Sinusoidal
Scenario B1 14.41 1.4 73.6 0.989 13.38 95.44 Distorted
Scenario B2 14.45 1.0 76.7 0.989 19.32 98.44 Distorted
Scenario C1 15.77 1.2 68.5 0.987 13.81 92.54 Distorted
Scenario C2 16.55 1.0 78.5 0.986 20.10 94.67 Distorted

From Figure 8, the sinusoidal waveform of all supply currents and their in-phase
alignment with the supply voltage clearly demonstrate that both methods successfully
directed the connected SAHF to restore waveform symmetry through effective harmonic
mitigation and reactive power compensation under Scenarios A1 and A2. As recorded
in Table 3, both methods reduced the supply current THD value to below 5%, thereby
complying with the IEEE 519 standard [33,34], and ensured a near-unity power factor
by minimizing the reactive power. This contributes to maintaining a symmetrical power
flow between the supply and the load. Meanwhile, in terms of fundamental current
tracking, both methods demonstrated comparable accuracy, achieving 98.92% and 95.17%
in Scenarios A1 and A2, respectively. However, due to the improved switching ripple
reduction in the proposed I-ADALINE method enabled by the ICC mechanism, it achieved
slightly better waveform symmetry, with an additional THD reduction of 0.06% and 0.03%
in Scenarios A1 and A2, respectively. These results highlight the ability of the proposed
method to enhance signal symmetry under sinusoidal operating conditions.

On the other hand, Figure 9 clearly shows that the SAHF integrated with the existing
S-ADALINE method failed to restore the sinusoidal symmetrical shape of the supply
current in both Scenarios B1 and B2. As reported in Table 3, the THD values obtained are
14.41% and 14.45%, respectively, both exceeding the 5% limit specified in the IEEE 519
standard [33,34]. This elevated distortion reflects a persistent asymmetry in the current
waveform. Moreover, the existing method is also found to cause a larger phase shift (1.4◦ in
Scenario B1 and 1.0◦ in Scenario B2) and increased reactive power (73.6 VAR in Scenario B1
and 76.7 VAR in Scenario B2), which collectively degrade the power factor to 0.989. Next,
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the fundamental current tracking accuracy is also observed to be lower, with values of
95.44% and 98.44% in Scenarios B1 and B2, respectively.

In contrast, integrating the proposed I-ADALINE method enabled the connected
SAHF to consistently preserve the sinusoidal and symmetrical shape of the supply current
under the same distorted conditions. Specifically, the proposed method significantly re-
duces the THD values to 3.64% and 2.81% in Scenarios B1 and B2, respectively, restoring
waveform symmetry and improving the power quality. Moreover, the proposed method
also achieves substantially smaller phase shifts (0.2◦ in Scenario B1 and 0.1◦ in Scenario B2)
and reactive power (10.4 VAR in Scenario B1 and 11.1 VAR in Scenario B2), thereby enhanc-
ing the power factor to 0.999 and promoting a more symmetrical power exchange. The
fundamental current tracking accuracy has also improved, reaching 98.38% and 98.63% for
Scenarios B1 and B2, respectively, which further confirms the effectiveness of the proposed
method in maintaining waveform symmetry under distorted supply conditions.

Finally, under the additional influence of noise, as can be observed from
Figures 10 and 11, the SAHF integrated with the existing S-ADALINE method again
failed to restore the sinusoidal and symmetrical shape of the supply current in both
Scenarios C1 and C2. This resulted in higher THD values of 15.77% and 16.55%, re-
spectively, indicating persistent waveform asymmetry. Additionally, a larger phase shift
(1.2◦ in Scenario C1 and 1.0◦ in Scenario C2) and increased reactive power (68.5 VAR in
Scenario C1 and 78.5 VAR in Scenario C2) are also observed from the existing method, caus-
ing the power factor to degrade further to 0.987 and 0.986, respectively. More importantly,
the added impact of noise has led to the lowest fundamental current tracking accuracy of
92.54% and 94.67% for Scenarios C1 and C2, respectively.

In contrast, the proposed I-ADALINE method enabled the connected SAHF to con-
sistently maintain the sinusoidal and symmetrical shape of the supply current despite
the presence of noise. The recorded THD values are significantly reduced to 3.71% and
2.77% for Scenarios C1 and C2, respectively, effectively restoring waveform symmetry and
improving the power quality. Furthermore, the proposed method consistently achieved
smaller phase shifts (0.2◦ in Scenario C1 and 0.1◦ in Scenario C2) and a lower reactive power
(10.2 VAR in Scenario C1 and 11.5 VAR in Scenario C2), once again resulting in an improved
power factor of 0.999. The fundamental current tracking accuracy is also substantially
enhanced, reaching 98.38% and 98.63% for Scenarios C1 and C2, further demonstrating the
robustness of the I-ADALINE method in preserving waveform symmetry under noisy and
distorted conditions.

In addition to steady-state performance, a dynamic load test is carried out to evaluate
the system behavior under varying load conditions, specifically involving a transition
from the RC to RL load and a distorted supply with noise disturbance, as illustrated in
Figure 12. As observed, following the load change at time = 1 s, both the I-ADALINE
and S-ADALINE methods exhibit comparable dynamic responses, with recovery times
within 0.06 s. This similarity is anticipated, as both methods utilize the same FAC updating
technique and learning rate within their ADALINE frameworks. However, due to the
incorporation of selective filtering and the ICC mechanism in the proposed I-ADALINE
method, the quality of the mitigated supply current is significantly enhanced, exhibiting a
continuous, sinusoidal, and symmetrical waveform with minimal distortion. In contrast,
the output from the S-ADALINE method remains distorted and shows a significant level
of noise. This demonstrates that the proposed enhancements in the I-ADALINE method
effectively improve the output quality without compromising dynamic performance.
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Figure 11. Harmonic spectrums of supply current obtained under Scenarios (a) C1 and (b) C2.
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Figure 12. Dynamic-state simulation waveforms of SAHF integrated with the proposed I-ADALINE
and SAHF integrated with the existing S-ADALINE methods, considering load variation from RC to
RL and distorted supply condition with noise disturbance.

From the comparative analysis performed, the proposed I-ADALINE method demon-
strates clear advantages over the existing S-ADALINE method. The key improvements,
as highlighted in Table 4, include a significant reduction in %THD (by 10.77–13.78%),
a decrease in phase shift (by 0.9–1.2◦), and a substantial drop in reactive power (by
58.3 VAR–67 VAR). These enhancements contribute to an increase in power factor values (by
0.010 to 0.013). Furthermore, the proposed method also achieves better fundamental current
tracking which improved the accuracy (by 0.19% to 5.84%). Importantly, the I-ADALINE
method consistently restores and maintains the sinusoidal and symmetrical shape of the
supply current waveform, effectively mitigating the harmonic distortion and reactive power
caused by various nonlinear loads, even when the supply is affected by severe harmonic
distortion and noise disturbances. This results in a superior overall power quality and more
symmetrical power flow between the supply and load, demonstrating the robustness and
effectiveness of the proposed method in challenging operating environments.
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Table 4. Highlights of benefits offered by the proposed I-ADALINE in comparison to the existing
S-ADALINE methods.

Performance
Parameter

Scenario B1
Scenario

B2
Scenario

C1
Scenario

C2

Reduction in
THD (%) 10.77 11.64 12.06 13.78

Reduction in
phase shift (◦) 1.2 0.9 1.0 0.9

Reduction in
reactive power

(VAR)
63.2 65.6 58.3 67.0

Improvement in
power factor 0.010 0.010 0.012 0.013

Accuracy of
fundamental

current

Improved by
2.94%

Improved by
0.19%

Improved by
5.84%

Improved by
3.96%

Quality of
current

waveform
Improved Improved Improved Improved

To further support the findings from the initial comparative analysis, a sensitivity
study is added to examine how variations in the supply voltage total harmonic distor-
tion (THD) and signal-to-noise ratio (SNR) influence the performance of the proposed
I-ADALINE method. In this study, the supply voltage THD is adjusted between 5.16%
and 25.16%, while the SNR is adjusted between 10.24 dB and 30.24 dB. The performance
metrics evaluated include the THD of the supply current, the phase shift, and the power
factor of the system. The results summarized in Tables 5 and 6 provide strong evidence of
the superior performance of the proposed I-ADALINE method compared to the existing
S-ADALINE approach, under a range of operating conditions.

Table 5. Comparison of mitigation performance between the proposed I-ADALINE and the existing
S-ADALINE methods under varying levels of supply voltage distortion and noise disturbance, with
an applied RC load.

Supply Voltage
Condition

THD
(%)

Phase Shift
(◦)

Power Factor

I-ADALINE S-ADALINE I-ADALINE S-ADALINE I-ADALINE S-ADALINE

Distorted Supply Voltage—%THD Variation

THD = 5.16% 3.26 5.53 0.2 0.6 0.999 0.998
THD = 10.16% 3.40 9.99 0.2 0.6 0.999 0.995
THD = 15.16% 3.61 11.94 0.2 1.3 0.999 0.992
THD = 20.16% 3.85 15.16 0.2 1.7 0.999 0.988
THD = 25.16% 4.03 19.17 0.3 2.0 0.999 0.981

Distorted Supply Voltage (THD = 17.53%) added with noise disturbance—SNR Variation

SNR = 30.24 dB 3.66 14.68 0.2 1.3 0.999 0.989
SNR = 25.24 dB 3.69 14.98 0.2 1.3 0.999 0.988
SNR = 20.24 dB 3.78 16.26 0.2 1.3 0.999 0.986
SNR = 15.24 dB 3.94 19.72 0.1 1.2 0.999 0.980
SNR = 10.24 dB 4.20 22.43 0.1 1.3 0.999 0.975
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Table 6. Comparison of mitigation performance between the proposed I-ADALINE and the existing
S-ADALINE methods under varying levels of supply voltage distortion and noise disturbance, with
an applied RL load.

Supply Voltage
Condition

THD
(%)

Phase Shift
(◦)

Power Factor

I-ADALINE S-ADALINE I-ADALINE S-ADALINE I-ADALINE S-ADALINE

Distorted Supply Voltage—%THD Variation

THD = 5.16% 2.46 5.11 0.1 0.3 0.999 0.998
THD = 10.16% 2.55 9.90 0.1 0.3 0.999 0.995
THD = 15.16% 2.63 11.91 0.1 1.0 0.999 0.992
THD = 20.16% 2.90 15.15 0.1 1.3 0.999 0.988
THD = 25.16% 3.31 19.71 0.2 1.4 0.999 0.980

Distorted Supply Voltage (THD = 17.53%) added with noise disturbance—SNR Variation

SNR = 30.24 dB 2.59 14.84 0.1 1.0 0.999 0.989
SNR = 25.24 dB 2.61 15.44 0.1 0.9 0.999 0.988
SNR = 20.24 dB 2.81 16.86 0.1 1.0 0.999 0.985
SNR = 15.24 dB 2.93 19.23 0.2 1.1 0.999 0.981
SNR = 10.24 dB 3.25 20.74 0.3 1.6 0.999 0.978

One of the key observations from the study is that, as the THD in the supply voltage
increases, there is a corresponding increase in the THD of the supply current. This trend is
observed for both the RC and RL load conditions and is consistent with the behavior ex-
pected in power systems where harmonic-rich voltage sources tend to propagate distortion
into the load current. Despite this natural increase in current distortion, the I-ADALINE
method demonstrates a remarkable ability to contain and mitigate its effects. For example,
in the case of the RC load, the supply current THD with the I-ADALINE method increases
only slightly from 3.26% to 4.03% when the supply voltage THD increases from 5.16% to
25.16%. In contrast, the S-ADALINE method shows a much steeper rise in the current
THD, from 5.53% to 19.17% over the same range. A similar pattern is evident with the
RL load, where the I-ADALINE method keeps the current THD below 3.31% even at the
highest distortion level, while the current THD escalates to 19.71% for the S-ADALINE
method. These results clearly demonstrate that, while current distortion does increase
with worsening voltage conditions, the proposed I-ADALINE method is significantly more
effective at suppressing this distortion compared to the existing S-ADALINE method.

In addition to the improved harmonic mitigation, the proposed I-ADALINE method
also shows superior performance in controlling the phase shift between the voltage and
current, which is critical for maintaining synchronization and minimizing reactive power
flow. Across all test conditions, the I-ADALINE method maintains the phase shift within
a narrow range, typically below 0.3◦, while the S-ADALINE method experiences larger
deviations, especially under high distortion or noise conditions. This phase accuracy
contributes to the near-unity power factor achieved by the I-ADALINE method, which
remains at 0.999 in all cases. In contrast, the power factor associated with the S-ADALINE
method degrades with increasing distortion, dropping to as low as 0.981 and 0.980 in the
RC and RL load conditions, respectively.

Furthermore, the robustness of the I-ADALINE method under noise disturbances is
evident from its stable performance across a wide range of SNRs, from 30.24 dB down to
10.24 dB. Even in the presence of significant noise, the supply current THD, phase shift, and
power factor remain largely unaffected with the I-ADALINE method, indicating a strong
adaptability and lower sensitivity to disturbances. On the other hand, the S-ADALINE
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method exhibits an obvious decline in performance under the same noise levels, indicating
a greater sensitivity to disturbances.

As a summary, by utilizing the advantages of selective filtering and the ICC mecha-
nism, the proposed I-ADALINE method has demonstrated clear and consistent superiority
over the existing S-ADALINE method in mitigating the harmonic distortion, minimiz-
ing the phase shift, and maintaining the near-unity power factor under a wide range of
supply voltage distortions and noise disturbances. Consequently, the proposed method
reliably preserves the sinusoidal and symmetrical supply current waveforms, even under
severe distortion and challenging operating conditions. This results in an enhanced power
quality and more efficient energy transfer between the supply and load, making the ap-
proach a robust and dependable solution for modern power systems facing nonlinear and
variable conditions.

Future work could explore the integration of the I-ADALINE method with other ad-
vanced machine-learning methods such as deep learning or reinforced learning to further
enhance its performance in dynamic and complex systems. These AI-driven approaches
offer promising capabilities for self-adaptation, real-time learning, and increased resilience
against unpredictable disturbances, which are particularly valuable in dynamic and com-
plex power systems. While this study has focused on enhancing the ADALINE-based
approach, future work could include a comparative analysis between I-ADALINE and
other neural network models such as artificial neural networks (ANNs), recurrent neu-
ral networks (RNNs), long short-term memory (LSTM) networks, convolutional neural
networks (CNNs), or hybrid models. Each of these models exhibits unique strengths in
handling nonlinearities and dynamic behavior. Benchmarking them against I-ADALINE
would provide deeper insight into the relative advantages and help identify the most
suitable architecture for specific power quality applications.

Additionally, the application of the proposed method could be further validated under
real-world conditions involving a broader range of power quality disturbances. This in-
cludes scenarios with significant voltage distortion, supply frequency fluctuations, dynamic
load behaviors, and the intermittent nature of renewable energy sources. Evaluating the
method under such diverse conditions would enhance its practical relevance and deploy-
ment readiness. The sensitivity analysis also represents an important area for future study.
Investigating how variations in key system parameters and initial conditions affect the
performance of the I-ADALINE method would provide critical insights into its robustness
and scalability for real-world implementation.

Another promising research direction involves extending the I-ADALINE framework
with diagnostic capabilities, such as the automatic classification and source identification
of power quality disturbances. As modern power systems become increasingly populated
with power electronic converters, electric vehicle chargers, and nonlinear industrial equip-
ment, the ability to identify which specific consumer or load is responsible for the power
quality degradation becomes essential. Such features would enable more targeted and
effective mitigation strategies, allowing grid operators to proactively manage and maintain
regulatory compliance in increasingly complex electrical networks.

Building on these directions, the most immediate and practical continuation of this
work is the development of a laboratory-scale prototype that implements the I-ADALINE
method within a physical power system environment. Such an experimental setup would
facilitate the validation of the proposed approach under real-world operating conditions,
accounting for factors such as electrical noise, hardware limitations, and unpredictable dis-
turbances, which are often challenging to replicate accurately in simulation environments.
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In summary, future research should focus on enhancing the I-ADALINE framework
through advanced machine-learning integration, a comparative analysis with other neural
models, sensitivity evaluation, and diagnostic capabilities such as disturbance classifica-
tion. The immediate step is developing a laboratory-scale prototype to validate real-time
performance under realistic conditions. These efforts will help bridge the gap between
simulation and deployment, supporting the adoption of intelligent, adaptive solutions for
modern power quality management.

5. Conclusions

This study proposes an approach called I-ADALINE, which aims to enhance syn-
chronization and improve the mitigation performance of SAHF under challenging grid
environments. It is basically achieved by incorporating an alternative phase-tracking ap-
proach that builds upon the concept of orthogonality and selective filtering, while also
utilizing the benefits of the ICC mechanism. Together, these elements enable the method
to address harmonic distortion, accurately generate the reference current, and preserve
current waveform symmetry, which are crucial for maintaining the overall power quality.
Extensive simulation tests, which include scenarios of highly nonlinear loads, voltage
distortions, and noise disturbances, were conducted to validate the operational concept
and assess the performance of the proposed method.

A comparative analysis against the existing S-ADALINE method demonstrates that
the proposed I-ADALINE method offers notable improvements in both the phase-tracking
accuracy and adaptability. These advantages are particularly evident under adverse condi-
tions such as harmonic distortion, noise disturbance, and phase jumps. More importantly,
the I-ADALINE method is also revealed to deliver superior mitigation performance for
hte SAHF, as evidenced by an additional reduction in %THD (by 10.77–13.78%), a further
decrease in reactive power (by 58.3 VAR–67 VAR), improved grid synchronization with a
smaller phase shift (by 0.9–1.2◦), and an improvement in the tracking accuracy of the funda-
mental current (by 0.19–5.84%). These findings confirm the effectiveness of I-ADALINE in
maintaining power quality and waveform symmetry under challenging grid environments.

However, it is important to note a few limitations of the proposed method. While it
demonstrates reliable performance under distorted but frequency-stable conditions, its abil-
ity to maintain precise phase angle tracking under time-varying and highly dynamic grid
frequency conditions remains limited. This highlights the need for further enhancements
to improve its robustness against frequency fluctuations. Another limitation is that the
performance can be affected by changes in system conditions and settings. For example,
different loads or disturbances may require parameter adjustments to maintain optimal
results, which was not fully studied in this work. The proposed method is particularly
suited for industrial and commercial applications involving nonlinear loads such as vari-
able speed drives, rectifiers, and renewable energy interfacing, where the power quality is
critical. It also shows promise for residential environments with the growing penetration
of power electronics. Future work will focus on extending the I-ADALINE framework by
incorporating advanced machine-learning techniques, developing diagnostic capabilities
for disturbance classification and source identification, conducting sensitivity analyses,
and progressing toward laboratory-scale prototyping. These efforts aim to bridge the gap
between simulation and practical deployment, enhancing the adaptability and resilience in
increasingly complex power systems.
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Abbreviations

The following abbreviations are used in this manuscript:

ADALINE Adaptive linear neuron
ANN Artificial neural network
DCC Direct current control
FAC Fundamental active current
ICC Indirect current control
PCC Point of common coupling
SAHF Shunt-typed active harmonic filter
SNR Signal-to-noise ratio
THD Total harmonic distortion
VSI Voltage source inverter
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Abstract

The power system’s dynamic frequency stability is affected by common-mode ultra-low-
frequency oscillation and differential-mode low-frequency oscillation. Traditional fre-
quency control based on generators is facing the problem of capacity reduction. It is urgent
to explore new regulation resources such as photovoltaics. To address this issue, this paper
proposes a distributed active support method based on photovoltaic systems via state–
disturbance observation and dynamic surface consensus control. A three-layer distributed
control framework is constructed to suppress low-frequency oscillations and ultra-low-
frequency oscillations. To solve the high-order problem of the regional grid model and to
obtain its unmeasurable variables, a regional observer estimating both system states and
external disturbances is designed. Furthermore, a distributed dynamic frequency stability
control method is proposed for wide-area photovoltaic clusters based on the dynamic
surface control theory. In addition, the stability of the proposed distributed active support
method has been proven. Moreover, a parameter tuning algorithm is proposed based on
improved chaos game theory. Finally, simulation results demonstrate that, even under a
0–2.5 s time-varying communication delay, the proposed method can restrict the frequency
deviation and the inter-area frequency difference index to 0.17 Hz and 0.014, respectively.
Moreover, under weak communication conditions, the controller can also maintain dy-
namic frequency stability. Compared with centralized control and decentralized control,
the proposed method reduces the frequency deviation by 26.1% and 17.1%, respectively,
and shortens the settling time by 76.3% and 42.9%, respectively. The proposed method
can effectively maintain dynamic frequency stability using photovoltaics, demonstrating
excellent application potential in renewable-rich power systems.

Keywords: distributed control; photovoltaic power generation; frequency oscillation
suppression; dynamic surface control; disturbance observer; chaos game optimization
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1. Introduction

In renewable-rich power systems, dynamic frequency stability is increasingly threat-
ened by common-mode ultra-low-frequency oscillation (ULFO) and differential-mode
low-frequency oscillations (LFOs) under source–load asymmetry disturbances [1]. In 2005,
inter-area LFOs accompanied by a ULFO (0.015 Hz) occurred in the European power grid,
leading to the loss of synchronization of multiple synchronous units, large-scale power
outages and economic losses. In 2020, a 0.5 Hz LFO with a 0.02 Hz ULFO were observed in
the UK power grid, leading to grid frequency deviation that exceeded ±0.2 Hz.

Currently, LFO control primarily relies on additional damping control, such as power
system stabilizers (PSSs). However, their effective bandwidth spans only 0.1–2.5 Hz, and
ULFOs remain beyond their reach [2,3]. ULFOs are typically mitigated via long-term
power regulation (e.g., GPSS). However, GPSS’s response speed is too slow to match the
rapid dynamics of LFOs [4,5]. Moreover, related studies suggest that ULFO and LFO
are in fact coupled [6]. Ultra-low-frequency power swings can excite LFO modes, whose
fast dynamics in turn disturb ULFO control [7]. In 2021, though ULFOs at the Hami PV
plant in Xinjiang were successfully controlled, the 0.8 Hz LFO persisted and drove the
frequency deviation beyond ±0.2 Hz. Therefore, coordinated control of both ULFO and
LFO is essential, and single-band methods alone cannot solve the problem.

In power systems increasingly dominated by new energy, the decreasing proportion of
synchronous machines has led to a rapid deterioration in system regulation capabilities [8,9].
Now photovoltaic (PV) systems, as the leading new energy source, offer millisecond-level
power regulation (<100 ms). Thus, PV systems can rapidly inject or absorb power during
grid disturbances, providing advantages in suppressing ULFO and LFO. In addition, the
China National Energy Administration’s Notice [10] requires centralized PV systems to
feature enhanced frequency regulation and real-time operational data reporting. There-
fore, a critical technical challenge is how to leverage the active and rapid power support
capabilities of PV clusters for dynamic frequency stability.

Currently, there are three main methods for dynamic frequency stability control:
centralized, decentralized, and distributed control. Centralized control centralizes decision-
making in a single controller to achieve global optimization. Ref. [11] proposed a VSC-
HVDC frequency control method by centrally regulating the output of VSC-HVDC. Ref. [12]
designed a centralized H∞ controller to suppress ULFO and LFO in hydro–solar comple-
mentary systems. Ref. [13] proposes a centralized model predictive controller for frequency
stability in microgrids. However, the inherent defects of centralized control are particu-
larly prominent in high-proportion PV power systems: 1© A central controller failure will
cripple the network’s oscillation suppression, and the large-scale PV plants will further
amplify the fault impact. 2© Centralized control relies on wide-area communication net-
works. Since PV plants are widely distributed and numerous, any large communication
delay can significantly reduce the control performance. 3© The need for centralized con-
trollers to process real-time status from all grid PV units creates a computational burden
that grows exponentially with installed capacity (from GW to TW). This makes real-time
control infeasible.

Decentralized control operates by dividing system into multiple locally communicat-
ing subsystems, thereby removing reliance on global communication. Ref. [14] proposes
decentralized event-triggered load frequency control to address excessive communica-
tion burden associated with centralized control. Ref. [15] proposes a decentralized load
frequency control based on the differential evolution algorithm for multi-region systems.
Despite this advantage, decentralized control still struggles to utilize PV systems to sup-
press ULFO/LFO: 1© Relying solely on local data, photovoltaic controllers struggle to
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identify and suppress inter-area LFOs. 2© Without effective communication and coordina-
tion, controllers may conflict and amplify oscillations.

Distributed control can significantly enhance system flexibility and adaptability by as-
signing tasks to multiple computing nodes that communicate. Addressing those challenges,
ref. [16] introduces a leader–follower distributed control strategy for faster voltage control
response. Ref. [17] proposes a sliding mode control-based adaptive algorithm for PV pri-
mary frequency regulation. However, distributed frequency control still has shortcomings:
(1) It focuses on suppressing a single oscillation type without addressing ULFO and LFO
concurrently. (2) It requires high-quality communication. (3) It lacks specific applications
designed for large-scale PV clusters to provide effective active frequency support.

To address these challenges, this paper proposes a distributed active frequency support
method based on photovoltaic systems. A three-layer distributed control framework is
constructed to suppress LFOs and ULFOs. To solve the high-order problem of regional
grid and to obtain its unmeasurable variables, a regional observer estimating both system
states and external disturbances is designed. Furthermore, a distributed dynamic frequency
stability control method is proposed for wide-area PV clusters based on the dynamic surface
control theory. In addition, the stability of the proposed distributed active support method
has been proven. Moreover, a parameter tuning algorithm is proposed based on improved
chaos game theory. Finally, simulation results demonstrate that the proposed method
can effectively maintain dynamic frequency stability using photovoltaics, demonstrating
excellent application potential in renewable-rich power systems.

Main contributions of this paper include the following: 1© This paper proposes a
regional observer with dual observation for state and disturbance variables. This approach
effectively tackles key challenges in wide-area power system with large-scale PVs, including
high model order, multiplicity of elements, and the presence of unmeasurable variables.

2© To date, the PV-based approach has not yet been established for dynamic frequency
stability control in multi-area power systems. We propose a distributed dynamic frequency
stability control method for wide-area photovoltaic clusters, which effectively leverages
photovoltaics to maintain system frequency stability with high performance.

3© Existing distributed frequency control strategies struggle to simultaneously sup-
press LFO and ULFO and rely heavily on communication. This paper proposes a new
distributed PV frequency control approach by integrating the multi-agent consensus al-
gorithm (MAC) and dynamic surface control (DSC), which can effectively suppress both
oscillations even with weak communications and large delays.

4© In contrast to existing control methods for which parameter tuning often relies on
ad hoc trial and error, we not only prove the stability of the proposed method but also
propose a parameter tuning algorithm based on chaos game optimization (CGO).

2. Cloud Control Architecture for Dynamic Frequency Active Support of
Wide-Area Photovoltaic Clusters

2.1. Cloud-Based Control Architecture for Dynamic Frequency Active Support of Wide-Area
Photovoltaic Clusters

(1) Photovoltaic Participation in Frequency Regulation Structure and Dynamic Frequency
Stability Issues

The structure of photovoltaic participation in power system frequency regulation is
shown in Figure 1. When a power deficit occurs in the power system, the frequency of the
center of inertia (CoI) of region i, calculated using synchronous phasor measurement units
(PMUs), will experience a deviation. Based on the WAMS system, the photovoltaic cluster
detects Δ fi and rapidly adjusts the photovoltaic output power through active frequency
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droop control at each power station, achieving a rapid response to the frequency deviation
and thereby accelerating the power system frequency recovery process.

Figure 1. Primary frequency regulation process of PV in i-th regional power system.

The above process primarily addresses single-frequency tuning issues and does not
consider frequency oscillation issues. Taking a typical two-region interconnected system as
an example, the simulation results are shown in Figure 2. When power disturbances occur
in the region, the system’s frequency response exhibits significant common-mode ultra-
low-frequency and differential-mode low-frequency oscillations, threatening the system’s
frequency stability. Therefore, this paper focuses on the issue of dynamic frequency stability
and, based on a photovoltaic-participating system frequency regulation structure, further
investigates a distributed dynamic frequency stability active support control method for a
wide-area photovoltaic cluster.

Figure 2. Common-mode ULFO and differential-mode LFO in power systems.

(2) Cloud control architecture actively supported by a wide-area photovoltaic cluster

Based on the similarity of frequency changes at various nodes in the power system and
the geographical interconnection structure, large power grids can typically be divided into
multiple interconnected regional systems. The dynamic frequency active support cloud
control architecture for PV clusters in wide-area power systems consists of three layers:
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terminal, edge, and cooperative control layers, as shown in Figure 3. The relationships
among the three layers in each area are as follows.

Figure 3. Three-layer framework for distributed frequency stability control.

In terms of the control hierarchy architecture, each area consists of a terminal layer,
an edge layer, and a collaborative control layer. The control relationships among the three
layers in each area are as follows:

At the terminal layer, each region uses PMUs to measure regional frequency devi-
ations and tie-line power deviations, which are transmitted to the regional phasor data
concentrator (PDC) at the edge layer.

At the edge layer, the DRO utilizes the data collected by the PDC from various
measurement points to calculate the CoI frequency of the region as input, and outputs the
state variables and disturbance variables of the frequency response model for photovoltaic
participation in frequency regulation. The observation results are then transmitted to the
regional controller.

At the collaborative control layer, the distributed frequency controller (DFC) exchanges
frequency information with other regional DFCs via WAMS, and comprehensively consid-
ers the state variables and disturbance variables provided by the DROs of each region to
formulate control signals through multi-region collaboration. The control signals are then
transmitted in reverse through the edge layer to the inverter control chips of photovoltaic
power plants at the terminal layer, dynamically adjusting photovoltaic output to suppress
frequency oscillations and enhance system frequency dynamic stability.

2.2. Fundamental Model for Dynamic Frequency Active Support

(1) Physical system model

This subsection focuses on PV clusters and establishes their system frequency response
(SFR) model for participation in power system frequency regulation. The voltage control
and current control modules of the PV cluster are aggregated and modeled as first-order
inertial elements, represented by the time constants TVi and TIi [18], respectively. Consid-
ering the time delay in acquiring the aggregated CoI frequency for region i, this delay is
modeled as a first-order inertial element with an equivalent time constant Ti [19]. Given
that the mechanical power change ΔPmi of thermal power units is relatively slow and of
small magnitude, it can be collectively treated as an external disturbance along with tie-line
power deviation ΔPtiei and load power deviation ΔPLi. Mi denotes the equivalent inertia of
region i, and Di represents its equivalent damping. The equivalent inertia Mi synthesizes
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the virtual inertia from the rapid power regulation of PV units and the mechanical inertia
of conventional thermal units. The equivalent damping Di integrates the active damping
provided by the PV droop control and the natural damping characteristics of thermal units.
The overall inertial response and damping effect of the area against frequency disturbances
are ultimately characterized by the transfer function 1/Mis + Di . Based on this modeling
framework, the SFR model for region i is illustrated in Figure 4.

Figure 4. Frequency response model of PV systems participating in frequency regulation in regional
power systems.

In Figure 4, the SFR model of photovoltaic clusters participating in power system
frequency regulation can be established as the state space equation shown in Equation (1):⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Δ
.
f mi =

1
Ti
(−Δ fmi + KpiΔ fi)

Δ
.
f i =

1
Mi

(−DiΔ fi + ΔPpvi − ΔPtie,i − ΔPLi − ΔPmi)

Δ
.
Ppvi =

1
TIi
(−ΔPpvi + ΔIrefi)

Δ
.
Irefi = 1

TVi
(−ΔIrefi + Δ fmi + ui)

yi = Δ fi

ui = f
(

Δ fi, Δ fdj

)
(1)

where Δ fmi is the aggregated frequency deviation accounting for the CoI frequency. Δ fdj is
the aggregated frequency deviation that accounts for the inter-area communication delay.
Δ fi, ΔPpvi, and ΔIrefi are the aggregated CoI frequency deviation, the aggregated change in
PV output active power, and the aggregated current reference value for region i, respectively.
Kpi is the equivalent droop coefficient of the PV cluster in region i. ui = ∑n

j=1
(
Si/Sij

)
uij/Si

is the aggregated value of the control inputs ucij from all PV plants within region i, where
Sij and Si are the capacities of PV plant j and region i, respectively.

The dependency relationships among the state variables in Equation (1) are complex,
which is inconvenient for control design. Therefore, a linear transformation operator,
Equation (2), is employed to convert Equation (1) into the strict-feedback system described
by Equation (3). It can be observed that Equation (3) exhibits a cascaded form, where the
dynamics of each state variable depend only on the state variables themselves and external
inputs, thereby facilitating control design.

xi,1 = Δ fmi, xi,2 =
Kpi
Ti

Δ fi

xi,3 =
Kpi

MiTi
ΔPpvi, xi,4 =

Kpi
MiTiTIi

ΔIref

(2)
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⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

.
xi,1 = xi,2 + gi,1
.
xi,2 = xi,3 + gi,2 − (ΔPtie,i + ΔPLi + ΔPmi)/MiTi
.
xi,3 = xi,4 + gi,3
.
xi,4 = gi,4 + gi,5 + ui

yi = xi,2

(3)

where ui = uiKpi/MiTiTIiTVi , gi,1 = − xi,1/Ti , gi,2 = − xi,2Di/Mi , gi,3 = − xi,3/TIi ,
gi,4 = − xi,4/TVi , gi,5 = xi,1Kpi/MiTiTIiTVi .

The error in the dynamic equation of the state variable xi,2 is further modeled. Com-
pared to the actual frequency, the regional frequency deviation xi,2 (i.e., Δ f ) inevitably
exhibits an error d0,i. The disturbance variable, incorporating this error, is defined as:
di,1 = (−ΔPtie,i − ΔPLi − ΔPmi)/MiTi + d0,i Consequently, Equation (3) can be modified as:⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

.
xi,1 = xi,2 + gi,1
.
xi,2 = xi,3 + gi,2 + di,1
.
xi,3 = xi,4 + gi,3
.
xi,4 = gi,4 + gi,5 + ui

yi = xi,2

(4)

(2) Information Communication Model

In the control framework of this paper, there are mainly two types of time delays in
the information system: regional delay and inter-region delay.

Regional delay corresponds to the delay in frequency measurement by PMUi in region
i and its transmission to DROi and DFCi, which includes PMU measurement, PMU-to-PDC
signal transmission, DRO model calculation, and DRO-to-DFC signal transmission.

The regional delay encompasses the time delay in frequency measurement by PMUi
in region i and its subsequent transmission to PDCi, DROi and DFCi, and the calculation
time of DRO. Since this delay occurs between PMUs and DFCs within the same region, it is
typically small and is therefore ignored in this paper.

The inter-region delay refers to the delay produced during the transmission of the
frequency signal Δfj from PMUj to DFCj in Region j and then onward to DFCi in Region i, as
illustrated in Figure 5. It shows the inter-region delay is primarily influenced by the longer
communication delays between DFCs, making it a significant and non-negligible factor.

Figure 5. Communication Structure of distributed frequency stability control system.

The inter-region delay is modeled as follows. Differences in signal delays across
different regions can make it difficult for the DFC to perform unified calculations. Therefore,
a signal holder is used to retain the signal at time k, ensuring that all necessary regional
signals are received before commencing calculations, so that inter-region delay τ > 0 can
be modeled as an interval delay with an upper bound, i.e., τ ∈ (0, τmax].
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Figure 6 takes DFC4 as an example and specifically demonstrates the synchronization
mechanism of the signal holder. At time k, DFC4 caches the input signals from each region via
the signal holder until all associated signals arrive. The final delay is determined by the trans-
mission time of the latest arriving signal, thereby eliminating the impact of delay differences.

Figure 6. Transmission process of the inter-region signal and the corresponding inter-region delay.

3. Dual Observer for State and Disturbance

The problem of photovoltaic participation in power system frequency control involves
the coupled dynamics of photovoltaic and thermal power units. Direct controller design
suffers from issues such as multiple elements, high order, and unmeasurable variables.
Therefore, this paper focuses on the photovoltaic entities participating in frequency control
and uses an observer to construct a frequency response model for photovoltaic participation
in frequency control.

Regarding the variables in Equation (1), the regional frequency deviation signal Δ fi

obtained from WAMS calculations is known, and the PV output power ΔPpvi can be
obtained from its own power measurement devices. However, the aggregated values
Δ fmi, ΔIrefi, and d0,i from each region are difficult to measure, resulting in the inability
to directly measure xi,1, xi,4, gi,1, gi,4, gi,5, and di,1 in Equation (4). Therefore, this section
proposes a distributed regional observer (DRO) with dual observation functions for state
and disturbance based on the input decoupling approach [20].

The state-space model corresponding to Equation (4) is:

.
xi(t) = Aixi(t) + Biui(t) + Edi(t)
yi(t) = Cixi(t)

(5)

where xi =

⎡⎢⎢⎢⎣
xi,1

xi,2

xi,3

xi,4

⎤⎥⎥⎥⎦, Ai =

⎡⎢⎢⎢⎢⎣
− 1

τi
1 0 0

0 − Di
Mi

1 0
0 0 − 1

TIi
1

Kpi
MiτiTIiTVi

0 0 − 1
TVi

⎤⎥⎥⎥⎥⎦, E =

⎡⎢⎢⎢⎣
0
1
0
0

⎤⎥⎥⎥⎦, Bi =

⎡⎢⎢⎢⎣
0
0
0
1

⎤⎥⎥⎥⎦,

Ci =
[
0 1 0 0

]
, di = di,1.

The dynamic equation of the DRO for the system in (5) is:

⎡⎣ .
zi(t)
.
qi(t)

⎤⎦ =

⎡⎣ Fi 0

−Kdi(Kdi + Ai) −Kdi

⎤⎦⎡⎣zi(t)

qi(t)

⎤⎦+

⎡⎣ Ti B,i

−Kdi Bi

⎤⎦ui(t) +

⎡⎣ Ki

−Kdi(Kdi + Ai)Hi

⎤⎦yi(t) (6)
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where zi ∈ �4×1 and qi ∈ �4×1 are auxiliary variables for the state observation x̂i

and disturbance observation Ed̂i, respectively. x̂i denotes the observed value of state xi.
Ed̂i represents the observed value of disturbance Edi. Matrices Fi, Ti, Ki, and Hi are pa-
rameters to be designed for the state observer. Kdi is the parameter to be designed for the
disturbance observer.

The observed state x̂i and observed disturbance Ed̂i in the actual system can be
obtained based on the dynamic model of these auxiliary variables. In the designed DRO,
they exhibit the following relationship:{

x̂i = zi + Hiyi

Ed̂i = qi + Kdizi + Kdi Hiyi
(7)

Based on Equations (6) and (7), the structure of the DRO designed in this paper can
be obtained, as shown in Figure 7. The observer uses the input of the original system, i.e.,
the control signal ui, and the output of the original system yi, i.e., the regional frequency
deviation signal Δ fi, as the input of the observer, and outputs the unknown state variables
and disturbance quantity observation values x̂i and Ed̂i.

 

Figure 7. DRO block diagram structure.

Substituting the observed results from Equation (7) into Equation (4) yields the ob-
served values x̂i,1, x̂i,4, ĝi,1, ĝi,4, ĝi,5 and d̂i,1, and the observed error is:⎧⎪⎪⎨⎪⎪⎩

x̃i,k = x̂i,k − xi,k

g̃i,m = ĝi,m − gi,m

d̃i,1 = d̂i,1 − di,1

(8)

Here x̃i,k, g̃i,m and d̃i,1 are the observation errors of xi,k, gi,k and di,1, respectively,
k ∈ {1, 4} and m ∈ {1, 4, 5}.

Observation errors are significantly affected by relevant parameters, and parameters
must be reasonably designed to eliminate the influence of unknown inputs and ensure
stable convergence of observations. Therefore, Theorem 1 will be used to ensure the stability
of this observer, and a parameter design method will be proposed.

Theorem 1. By reasonably designing the parameter matrices Fi, Ti, Ki, and Hi to satisfy
Equation (9), the state observation error can be guaranteed to converge asymptotically. Addi-
tionally, by designing Kdi, the disturbance observation error can be guaranteed to be a bounded
quantity and arbitrarily small within the closed set Ωd̃. The larger the value of λmin

(
K′

i
)
, the

smaller the disturbance observation error.
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Fi = Ai − HiCi Ai − Ki1Ci

Ki2 = Fi Hi

Ti = Ii − HiCi

TiEi = 0

(9)

Proof. The proof is given in Appendix A. �

For the state observer, according to Theorem 1, when the parameters satisfy
Equation (9), the state observation part and the input part can be decoupled. Through
observability decomposition and the pole placement method, the gain matrix Ki can be set
to satisfy the necessary and sufficient conditions for state observation, thereby achieving
the asymptotic stability of the state observation error.

For the disturbance observer, it can be seen from Equations (9) and (A7) that the observa-
tion error is not only related to the state observer but also mainly related to Kdi. Therefore, the
coefficient Kdi can be designed as a diagonal matrix with all diagonal elements being positive
values, and the larger λmin(Kdi) is, the smaller the disturbance observation error will be.

Based on the above analysis, we propose the following Algorithm 1:

Algorithm 1. Parameter calculation of DRO

Input: System matrix A, C, E
Output: Observer gain F, T, K, H
1: if rank(CE) �= rank(E)
2: Output “UIO does not exist”
3: end if

4: H ← E * inv(CE’ * CE) * CE’
5: T ← I − H * C
6: A1 ← T * A
7: if (C, A1) is observable
8: Calculate K1 using pole placement and calculate F and K according to
Equations (9)–(11)
9: end if

10: Wo ← obsv(C, A1)
11: n1 ← rank(Wo)
12: while True
13: P1 ← the first n1 rows of Wo
14: P2 ← Randomly generate an (n − n1)× n matrix
15: P ← [P1; P2]
16: If det(P) �= 0
17: return P
18: PAP_inv ← P * A * inv(P)
19: CP_inv ← C * inv(P)
20: A11 ←The upper-left n1 × n1 submatrix of PAP_inv
21: A12 ←The lower-left n1 × (n − n1) submatrix of PAP_inv
22: A22 ←The lower-right (n − n1) × (n − n1) submatrix of PAP_inv
23: Kp ← place(A11, C(1:n1, :), expected poles)
24: K1 ← inv(P) * Kp

25: K2 ← randomly generate an (n − n1) * m matrix
26: K ← K1 + K2

27: F ← A1 − K1 * C
28: return F, K, T, H
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4. Photovoltaic-Based Distributed Frequency Controller

In this section, the distributed DFC is designed based on the strict feedback system
observation model provided by DRO for the cooperative control layer for PV. The MAC
is employed to construct error surfaces to drive the system to its desired equilibrium.
Subsequently, the DSC is utilized to construct the energy function of the error surface in a
step-by-step manner, followed by the derivation of the virtual control law. Specifically, an
initial error surface ei,1 is constructed from the control objective, and the associated energy
function Vi,1 is defined for ei,1. To stabilize the derivative of Vi,1, a virtual control law αi,1

is designed. Then a second error surface ei,2 and a virtual law αi,2 is derived to stabilize
.

Vi,2. This iterative procedure continues until the derivative of Vi,3 is obtained. At this stage,
there is no need to define a new error surface. The final control law ui is derived directly by
stabilizing

.
Vi,3 thereby completing the design.

4.1. Error Surface Design Based on MAC

The error surface is designed using the MAC method. The design of the error sur-
face ei,1 will simultaneously consider the suppression of low-frequency oscillations and
ultra-low-frequency oscillations. Considering that the regional aggregated frequency is ob-
servable for ultra-low-frequency oscillations, while the inter-regional aggregated frequency
difference Δ fi − Δ f j is observable for inter-area low-frequency oscillations, ei,1 is designed
as follows.

ei,1 = ∑
j∈Ni

ai,j
(
yi − yj(t − τ)

)
+ ai,0yi (10)

where tτ = t − τ, ai,j and ai,0 are the adjacency weights and reference signal weights,
respectively, which must satisfy the condition that the weights of mutually communicating
nodes are not zero.

According to the definition of node out-degree in algebraic graph theory: bi =

∑j∈Ni
ai,j, Equation (10) can be further rearranged as:

ei,1 = cabiyi − ∑
j∈Ni

aijyj(tτ) (11)

where cabi = bi + ai,0.
In addition, the expected dynamics of state variables xi,3 and xi,4 are virtual control

laws αi,1 and αi,2, respectively. In backstepping control, their deviations are typically
defined as error surfaces ei,2 and ei,3:

ei,k−1 = xi,k − αi,k−2 (12)

where k = 3, 4.
However, defining errors ei,2 and ei,3 using Equation (12) would introduce high-order

differentiation in the control law, leading to the “differential explosion” problem. Therefore,
the DSC method is adopted, where αi,1 and αi,2 are input into the following first-order
low-pass filter to obtain λi,1 and λi,2:

Tfi,k−2
.
λi,k−2 + λi,k−2 = αi,k−2 (13)

where Tfi,k−2 is the filter time constant, λi,k−2(0) = αi,k−2(0)
By replacing αi,1 and αi,2 with λi,1 and λi,2, the differential operations in the control law

design are transformed into algebraic operations. Consequently, ei,2 and ei,3 are defined as:

ei,k−1 = xi,k − λi,k−2 (14)
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Comparing Equations (12) and (14), it follows that the error surface ei,k−1 equals the
error surface ei,k−1 minus the filtering error ηi,k−2 = λi,k−2 − αi,k−2:

ei,k−1 = ei,k−1 − ηi,k−2 = xi,k − αi,k−2 − ηi,k−2 (15)

If we denote ψi,k−2 =
.
αi,k−2, the dynamics of the filter output error can be expressed

as:
.
ηi,k−2 = −ηi,k−2/Tfi,k−2 − ψi,k−2

Since xi,k in Equation (15) must be obtained via the DRO, the observed value of the
error surface is:

êi,k−1 = x̂i,k − λi,k−2 (16)

Substituting Equation (8) into Equation (16) yields the relationship:

êi,k−1 = ei,k−1 + x̃i,k (17)

4.2. Control Law Design Based on DSC
Control Law Design

This section designs control laws to ensure that the system state moves according to
each virtual control law, guaranteeing stable convergence of the defined error surface and
thereby suppressing low-frequency and ultra-low-frequency oscillations. The control laws
are designed by constructing the energy function of the error surface and compensating for
interference step by step.

(1) Design virtual control rate αi,1 for xi,3.

For error ei,1 in Equation (11), define the Lyapunov function:

Vi,1 =
1
2

e2
i,1 (18)

By taking the derivative of Equation (18) and incorporating Equations (4), (10) and (14),
we can obtain:

.
Vi,1 = ei,1(cabi(ei,2 + ηi,1 + αi,1 + gi,2 + di,1) − ∑

j∈Ni

aij
(

xj,3(tτ) + gj,2(tτ) + dj,1(tτ)
)

(19)

To stabilize Equation (19), the virtual control law αi,1 is designed as follows:

αi,1 = −gi,2 − d̂i,1 − (cabi + ci,1/cabi )ei,1 +
1

cabi
∑

j∈Ni

aij

[
xj,3(tτ) + gj,2(tτ) + d̂j,1(tτ)− ei,1

]
(20)

where ci,1 is a parameter to be designed.
Substituting αi,1 into Equation (19) and considering Young’s inequality, we obtain:

.
Vi,1 ≤ −ci,1e2

i,1 +
1
2

η2
i,1 +

1
2

d̃2
i,1 + ∑

j∈Ni

aij

2
g̃2

j,2(tτ) + ∑
j∈Ni

aij

2
d̃2

j,1(tτ) + cabiei,1ei,2 (21)

Equation (21) indicates that while −ci,1e2
i,1 < 0 contributes to stability, convergence

of ei,1 is coupled with error surface ei,2 and filtering error ηi,1, necessitating further energy
function construction and design of virtual control rate αi,2.

(2) Design virtual control rate αi,2 for xi,4.

Define the Lyapunov function for the first term in Equation (14):

Vi,2 = Vi,1 +
1
2

e2
i,2 +

1
2

η2
i,1 (22)
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Taking the derivative of Equation (22) and combining Equations (4), (14) and (15) yields:

.
Vi,2 =

.
Vi,1 + ei,2(ei,3 + ηi,2 + αi,2 + gi,3 −

.
λi,1) + ηi,1(−ηi,1/Tfi,1 − ψi,1) (23)

To stabilize Equation (23), design the virtual control law αi,2 as follows:

αi,2 = −gi,3 +
.
λi,1 − cabiei,1 − (ci,2 + 1.5)ei,2 (24)

where ci,2 is a parameter to be designed.
Substituting αi,2 into Equation (23) and considering Young’s inequality, we obtain:

.
Vi,2 ≤ .

Vi,1 − cabiei,1ei,2 − ci,2e2
i,2 +

1
2

η2
i,2 +

1
2

ψ2
i,1 +

(
1
2
− 1

Tfi,1

)
η2

i,1 + ei,2ei,3 (25)

Equation (25) indicates that the stability of ei,1, ei,2, and ηi,1 is influenced by error
surfaces ei,3, ηi,2, and other factors, necessitating further construction of an energy function
and design of control law ui.

(3) Design Control Law ui

Define the Lyapunov function for the second term in Equation (14):

Vi,3 = Vi,2 +
1
2

e2
i,3 +

1
2

η2
i,2 (26)

Taking the derivative of Equation (26) and combining Equations (4) and (14) yields:

.
Vi,3 =

.
Vi,2 + ei,3(ui + ĝi,4 + gi,5 −

.
λi,2)− ηi,2ψi,2 − η2

i,2/Tfi,2 (27)

To stabilize Equation (27), design the control law ui:

ui =
.
λi,2 − ĝi,4 − gi,5 − ei,2 − (ci,3 + 2)êi,3 (28)

where ci,3 is a parameter to be designed.
Substituting ui into Equation (27) and considering Young’s inequality, we obtain:

.
Vi,3 ≤ −ci,1e2

i,1 − ci,2e2
i,2 − ci,3e2

i,3 +
2

∑
ν=1

(
1/Tfi,ν − 1

)
η2

i,ν +
1
2 ∑

j∈Ni

aij d̃2
j,1(tτ) +

1
2
(
ci,3 + 2

)2 x̃2
i,4 +

1
2

(
ψ2

i,1 + ψ2
i,2 + g̃2

i,4 + d̃2
i,1

)
(29)

The control law design is now complete. Using error surfaces (12), (14) and control
laws (20), (24), (28), the photovoltaic-based distributed cooperative frequency controller
is realized.

The flowchart of the proposed control method is shown in Figure 8. The overall view
of the design and application process are shown in Figure 8a and the detailed information
transmission process is given in Figure 8b. And the final control structure of DFC is
depicted in Figure 9. In the PV-based distributed cooperative frequency control system,
the measurement devices and DROs provide necessary information for DFCs to calculate
its outputs. By integrating regional with neighborhood information, control signals for
ULFO and LFO can be computed. This approach fully leverages the potential of PV plants
to enhance dynamic frequency stability in wide-area power systems.
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Establish the state-space model (5) for each region’s  
aggregated PV. And obtain Ai, Bi, Ci, and E, i=1,2, ,n.

Calculate each region’s DRO parameters using Algorithm 1.

Calculate each region’s inertia, and establish simulation 
model for the multi-regional interconnected power system.

Measure each region’s frequency to calculate ITAE  (31). 
Then fed into CGO algorithm to optimize DFC parameters.

The design is completed. Apply optimal control parameters 
to DFC on PV.

Distributed observer 
(Algorithm 1)
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Figure 8. The flowchart of the proposed control method.

Filter

DFC

Filter

Figure 9. The detailed structure of DFC.

4.3. Control Law Parameter Design

As evident from the expressions of designed control law, the closed-loop stability
performance of the entire system is critically dependent on parameter design. Therefore,
this section first derives Theorem 2 on the stability of the distributed photovoltaic DFC,
then proposes a parameter design method for the control law based on Theorem 2.
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Theorem 2. For each regional controlled system (1) under the action of DRO-based DFC,
if the design parameters ci,k and Tfi,ν satisfy Equation (30), then for any P > 0 there ex-
ists a bounded compact set Ωi such that when μ ≥ κ/P , all signals in the closed-loop
system are semi-globally uniformly ultimately bounded, where μ = min

[
2ci,k, 2/Tfi,ν − 2

]
,

κ = 1/2 · ∑N
i=1

(
∑2

ν=1 A2
i,ν + D2

SF,i + D2
DCO,i

)
.

ci,k > 0, 1/Tfi,ν − 1 > 0, i = 1, . . . , N, ν = 1, 2 (30)

Proof. The proof is given in Appendix B. �

From Theorem 2, it can be seen that the design of distributed observer parameters
ensures stable convergence of state observation error and bounded disturbance observa-
tion error.

Based on Theorem 2, a parameter optimization model is proposed. Considering that
the integral of time multiplied absolute error (ITAE) can evaluate the deviation between
the controller and the expected dynamics, the minimization of ITAE of frequency is taken
as the objective to suppress the ULFO. At the same time, in order to suppress LFOs, the
objective is designed to minimize the absolute frequency deviation between region i and its
neighbors. Thus, the final multi-objective optimization problem is established as shown in
Equation (31).

J = minITAE
ITAE =

∫ T
0 t
(
∑n

i=1| fi − f∞|+ ∑n
i=1
∣∣Δ fi − Δ f j

∣∣)dt
(31)

The range of control law parameter values is set to ensure that the values are reason-
able, save computation and speed up the optimization search process:

cimin ≤ ci ≤ cimax(i = 1, . . . , N)

Tfimin ≤ Tfi ≤ Tfimax(i = 1, . . . , N)
(32)

Owing to the fact that fixed upper and lower bounds for (32) can slow the convergence
speed, we propose an adaptive boundary determination method using Theorem 2. The up-
per and lower bounds of (32) are updated after each population update. For �th population
with m current candidates, κ is estimated to the average value κ�, which is computed by
using its definition in Theorem 2. Since a larger value of κ/P can accelerate the solution
process, P is estimated to be P� by the minimum value within the population by utilizing
the following expression.

P�,a =
1
2

(
N

∑
i=1

3

∑
β=1

1
2

e2
a,i,β +

N

∑
i=1

2

∑
ν=1

1
2

η2
a,i,ν

)
(33)

P� = min[P�,1, P�,2, . . . , P�,m] (34)

where a = 1, 2, . . . , m, ea,i,β is the minimum value of the time-domain curve for the βth
error surface in region i corresponding to candidate solution a. ηa,i,ν is the minimum value
of the time-domain curve for the v filtering error in region i corresponding to candidate
solution a.

Based on the condition μ ≥ κ/P in Theorem 2, μ is updated by the following equation.

μ� = κ�/P� (35)
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After computing μ� for the current population, constraint boundaries cimin and Tfimax

can be updated according to Theorem 2’s definition μx = min[2ci,k, 2/Tfi,ν − 2], which
serve as constraints for the (�+ 1)th optimization:{

cimin = μx
2 , 2ci,k < 2/Tfi,ν − 2

Tfimax = μx+2
2 , 2ci,k > 2/Tfi,ν − 2

(36)

To determine the constraint boundaries cimax and Tfimin in the (�+ 1)th optimization,
the following characteristics are considered. Since larger ci values (within a certain range)
improve system’s dynamics, cimax can be set moderately high. For Tfi, smaller values
reduce filtering error. However, excessively small Tfi prolongs simulation time and reduces
iteration efficiency. Thus, Tfimin should satisfy Theorem 2’s requirement 1/Tfi,ν − 1 > 0
and avoid being too small.

As to solve the above optimization problem, we adopt the CGO algorithm [21], which
employed the Sierpinski triangle algorithm to integrate chaos theory with game theory to
improve search efficiency. The main concepts and equations of CGO are as follows.

Assume that in current population, there are m current candidate solutions with
expression as follows.

Wi =
[
w1

i w2
i . . . wj

i . . . wd
i

]
, with i = 1, 2, . . . , m and j = 1, 2, . . . , d (37)

where d is the number of parameters that need to be optimized, and Wi includes all
parameters to be optimized (ci, Tfi), which are randomly generated within the search space
by Equation (38).

wj
i(0) = wj

i,min + rand
(

wj
i,max − wj

i,min

)
,

{
i = 1, 2, . . . , n
j = 1, 2, . . . , d

(38)

where wj
i(0) denotes the j-th decision variable of the i-th point in the search space, wj

i,max

and wj
i,min represent the upper bound and lower bounds of decision variables, respectively,

and rand is a random number within the interval [0, 1].
The Sierpinski triangle algorithm is the main approach to update the candidate solu-

tions Wi, which is formed by four seeds as follows.

S1
i = Wi + ρi × (ωi × GB − ξi × MGi), i = 1, 2, . . . , n (39)

S2
i = GB + ρi × (ωi × Wi − ξi × MGi), i = 1, 2, . . . , n (40)

S3
i = MGi + ρi × (ωi × Wi − ζi × GB), i = 1, 2, . . . , n (41)

S4
i = Wi

(
wk

i = wk
i + R

)
, k = [1, 2, . . . , d] (42)

where GB stands for the optimal candidate solution in the current state within the search
space, MGi is the average value of randomly selected initial qualified points, Wi represents
the i-th candidate solution, ρi denotes a random number generated in a certain manner,
ωi and ξi are random integers that are either 0 or 1, and R is a random number within the
range of [0, 1].

Each candidate solution is regarded as an independent player. These players select the
optimal action and update their own states according to their current states and the states of
other players. The pseudocode of the optimization process is provided as in Algorithm 2.
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Algorithm 2. Optimization process of CGO

Input: cimin ≤ ci ≤ cimax(i = 1, . . . , N), Tfimin, Tfimax(i = 1, . . . , N) and Equation (31)

Output: The optimal candidate solution GB (DFC parameters)

1© First, generate random initial points wj
i(0) in the search space.

2© Calculate the fitness (degree of proximity to the target) by substituting the initial
solutions into the objective function.

3© Obtain the optimal candidate solution GB in the current state.

4© Enter the following loop:

While (t < maximum number of iterations)

for i = 1: number of candidate solutions

Generate MGi by randomly selecting initial qualified points

Generate a temporary triangle from Wi, MGi, and GB

Generate new seeds using the calculation formulas for the four seeds

Calculate the fitness of the new seeds

if the fitness value of the new seed is better than that of the worst
candidate solution

Replace the worst candidate solution with the new seed

end

If there is a better candidate solution, update GB

end

t = t + 1

end

5© Obtain the optimal solution GB

So far, the optimization of parameters using CGO has been completed.

5. Case Study and Analysis

In this subsection, the control effect of the proposed method on the dynamic frequency
stabilization of the power system is verified by two multi-regional interconnected test systems.

5.1. Case Study and Analysis via a Two-Region Interconnected System

This subsection verifies the effectiveness and superiority of PV DRO and DFC, respec-
tively, based on a two-region interconnected arithmetic system shown in Figure 10. Within
each region, four thermal units and six PV units are set up, where each thermal unit has a
capacity of 70 MW and each PV unit has a capacity of 20 MW [22,23].The equivalent model
parameters are calculated based on [24], and listed in Tables 1 and 2, and the coefficient of
tie-line between the two regions is T12 = T21 = 0.2 p.u.

Table 1. Parameters of six photovoltaic systems.

Number TV/s TI/s Kp/(p.u.)

1 1.1 0.056 −13
2 1.3 0.054 −10
3 1.7 0.051 −20
4 1.2 0.055 −16.67
5 1.3 0.052 −20
6 1.4 0.053 −20
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Figure 10. Two-region interconnected test system.

Table 2. Parameters of the aggregated photovoltaic system, and the region’s inertia and damping.

TV (s) TI (s) Kp/(p.u.) D/(p.u./Hz) M (s)

1.363 0.053 −16.5 0.024 19.92

At t = 1 s, a step load of 0.06 p.u. is applied to Region 1. The frequency deviation
curve of Region 1 without additional dynamic frequency controller is shown in Figure 11a.
It can be observed that the system frequency exhibits two oscillatory modes, namely, a
low-frequency oscillation at 0.4 Hz and an ultra-low-frequency oscillation at 0.059 Hz. Both
oscillations are of weak damping.

 

Figure 11. Observed results and Bode plot of DRO.

(1) Observer Performance Analysis

To test the performance of the proposed observer, Figure 11a,b illustrate the compari-
son between the observed and actual values of the two aggregated states Δ fm1 and ΔIref1

in Region 1. During the observation process, the maximum error of the state observer was
1.6 × 10−4 p.u., and the steady-state tracking error converged to 6 × 10−5 p.u. Figure 11c,d
show a frequency domain analysis of the observation of signals ΔIref1 using Bode plots. The
DRO can effectively perform observations in the low-frequency band, and its amplitude
gain attenuates at a rate of −40 dB/dec in the high-frequency band, ensuring that the
observation results are not affected by high-frequency noise from the sensors.
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Figure 12a,b show the comparison between the actual and observed values of distur-
bances ΔpL1 and ΔpL2 in two regions, respectively. As shown in Figure 12a, the observed
values rapidly track the actual values in approximately 0.2 s after the disturbance occurs.
Figure 12b further demonstrates that the steady-state error converges to 1.5 × 10−4 p.u
through the global time-domain response. The accuracy and speed of the observation
results demonstrate the good observation performance of the proposed photovoltaic DRO.

Figure 12. Disturbance observation results.

(2) Dynamic frequency stabilization control effect

To test the performance of the proposed DFC, Figure 13 shows the dynamic frequency
response process of the proposed DFC under a 0.06 p.u. step disturbance of load in
Region 1. Figure 13a,b show the control effects after optimizing the controller parameters
Via CGO. The simulation results indicate that the proposed control method effectively
limits the system’s maximum frequency deviation to within 0.17 Hz. And, within 12 s
after the disturbance, it effectively suppresses both low-frequency and ultra-low-frequency
oscillations. The steady-state frequency deviation ultimately converges to 1 × 10−8 Hz.

Figure 13c,d present the control effects when the controller parameters are set based
on experience. When the controller parameters are not optimized Via the CGO algorithm,
neither the frequency nor the tie-line power variations have fully converged at t = 60 s.
Through comparison, it is evident that the control effect of the controller without CGO is
far inferior to that with CGO.

Figure 13e is the ITAE convergence curve during the CGO process, from which it can
be seen that the ITAE value decreases steadily during optimization.

Furthermore, we also randomly selected 100 sets of parameters for Spearman correla-
tion analysis, and the results are presented in Figure 13f. The analysis results indicate that
ci,1 and Tfi,2 are the controller parameters that have a relatively significant impact on the
ITAE evaluation. Their correlation coefficients are 0.570 and 0.444, respectively, which are
much higher than those of other controller parameters. This finding helps us accurately
identify the key parameters and provides data support for the subsequent optimization of
control performance.

(3) Comparative analysis with centralized control

Comparative experiments are conducted between the proposed method and the
centralized frequency control [23]. A maximum communication time lag τmax = 2.5 s was
set between the two regions. At t = 1 s, a 0.06 p.u. step load is applied to Region 1. Figure 14
shows the resulting frequency response curves of both regions, along with the dynamic
variation in the total output power of the tie-line.
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Figure 13. Controller and CGO Effect Verification.

Figure 14. Dynamic response processes of the system under centralized and the proposed approaches.
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As shown in Figure 14a,b, compared with the centralized control, the proposed method
reduces the maximum frequency deviation from 0.23 Hz to 0.17 Hz, with a reduction of
26.1%. The settling time is shortened from 50.6 s to 12 s with a reduction of 76.3%.

To quantify the performance of regional coordinated control, the inter-area frequency
deviation index is defined as EF =

∫ T
0 t
(

∑i �=j
∣∣Δ fi − Δ f j

∣∣)dt. The experimental data in
Figure 14 show that, during the system’s gradual frequency recovery, the centralized fre-
quency regulation yields a large inter-area frequency cumulative deviation with EF = 0.222.
Since centralized control requires a double data communication task from the actor and
the control center, which amplifies the time delay, which compromises the effect of central-
ized control.

Under the same communication condition, the proposed controller achieves a sig-
nificantly smaller EF of merely 0.014. This indicates the proposed DFC with reduced
communication latency can effectively minimize inter-area frequency difference and gain
good control performance.

5.2. Case Study of the Four-Region System

This subsection tests the synergy effect of the proposed method using a four-region
interconnected system. It also analyzes the impact on the synergy effect under different
communication conditions. The corresponding parameter settings are shown in Table 3.
Among them, TV is the time constant of the equivalent voltage outer loop of the photovoltaic
aggregated PV inverter in the local area, TI is the time constant of the equivalent current
inner loop of the photovoltaic inverter in the local area, Kp is the equivalent droop coefficient
of the photovoltaic cluster in the local area, M is the equivalent inertia of the local area, and
D is the equivalent damping of the local area.

Table 3. Four region frequency system parameters.

Region TV/s TI/s Kp/(p.u.) D/(p.u./Hz) M/s

1 1 0.056 −20 0.0166 16.7
2 1.6 0.054 −18.52 0.0178 22.2
3 2 0.054 −20 0.016 19.3
4 1 0.056 −20 0.0166 16.7

During the design phase of the observer, matrices Fi, Ti, Ki, and Hi are the to-be-
designed parameters of the state observer, and Kdi is the to-be-designed parameter of the
disturbance observer

During the design phase of the controller, we have considered parameters as follows.
1© The adjacency weight ai,j, the reference signal weight ai,0: these parameters are

the design parameters to build error surface ei,1. They are used in the calculation of
Equation (10).

2© Filter time parameter Tfi: they are design parameters to calculate error surfaces
ei,2 and ei,3, which is used in Equation (13).

3© Parameters ci,1, ci,2 and ci,3 (control law design parameters): these parame-
ters enable the system states to evolve in accordance with various virtual control laws
and ensure the stable convergence of the defined error surface. They are used in
Equations (20), (24) and (28), respectively.

Figure 15 illustrates the communication topology among the interconnected system re-
gions under both strong and weak communication conditions. The dashed line representing
inter-area communication with a maximum communication time lag of 2.5 s.
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Figure 15. Communication topology of interconnected systems: (a) strong communication and
(b) weak communication.

(1) Comparative Analysis with Decentralized Control

Using the strong interconnection communication topology shown in Figure 15a, the
control effects of the traditional decentralized control [14] are compared with the proposed
method under good communication environment. At t = 1 s, a step disturbance of load with
an amplitude of 0.06 p.u. is synchronously applied to regions 1 and 4. The corresponding
frequency response curves of each region are shown in Figure 16, and the dynamic curves
of the total output power of the tie-line is illustrated in Figure 17.

Figure 16. Dynamic response process of four-region interconnected system by using decentralized
control.

Figure 17. Dynamic response process of four-region interconnected system by using the
proposed DFC.
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As can be seen in Figure 16, after the load disturbance, each region presents inde-
pendent response characteristics, resulting in significant frequency differences between
regions 1 and 4. The maximum instantaneous frequency difference between the two reaches
0.19 Hz. Stability was regained after 23.46 s following the load disturbance. Given that
region 4 is only interconnected with region 1 and exhibits the largest frequency deviation,
it was selected for observation. Its maximum frequency offset ultimately reached 0.41 Hz.
The amplitude of the maximum power fluctuation of the entire tie-line reaches 0.07 p.u.

In contrast, the method in this paper realizes inter-region dynamic synergy through
the multi-agent consensus algorithm. The frequency deviation of regions 1–4 converges
synchronously, the maximum frequency offset of region 4 is suppressed to 0.34 Hz, and
is quickly suppressed within 13.4 s. Compared with decentralized control, this approach
resulted in a 17.1% reduction in frequency deviation and a 42.9% shortening of the set-
tling time.

To facilitate the comparison of the performance among centralized control, decentral-
ized control, and the control method proposed in this paper, we have compiled Table 4 to
compare the key parameters. This table contrasts the three methods in terms of settling
time and maximum frequency deviation, allowing for a clear identification of the perfor-
mance differences between the centralized control, decentralized control, and the method
proposed in this paper.

Table 4. Comparison of key performance metrics.

Metrics

Two-Region Interconnected System Four-Region Interconnected System

Centralized Control
The Method in

This Paper
Decentralized

Control
The Method in

This Paper

Settling time/s 50.6 12 23.46 13.4
Maximum frequency offset/Hz 0.23 0.17 0.41 0.34

(2) Controller performance analysis under different communication conditions

This subsection evaluates the control performance of the proposed control method
under both strong and weak communication topologies. Using the topologies shown in
Figure 15a,b as examples, a 0.06 p.u. step load is applied to regions 1 and 4 at t = 1 s
and t = 20 s, respectively. Under the conditions of strong communication and random
communication delays, the frequency response curves of each region and the dynamic
process of the total output power of the contact line are shown in Figure 18a,b. Under the
proposed controller, the dynamic process of the system transitions to the steady state rapidly.
And, with the inter-region frequency offsets stabilized, the tie-line power fluctuation also
tends to stabilize.

Under strong communication conditions, with the communication delay set to fixed
values of 1.5 s and 1 s, the frequency response curves of each region are shown in
Figure 18c,d. It can be observed that all frequencies can converge quickly and stably.
However, the convergence speed and convergence effect under the condition of fixed time
delay are better than those under random time delay. Moreover, as the fixed time delay
decreases, both the convergence speed and convergence effect improve.

To demonstrate the transient characteristics of the controller, under the condition
of strong communication random time delay, we present the output ui of the four-area
controller within the time period of 0–8 s. Figure 18e shows that the controllers responded
rapidly to the disturbance. The clipping module effectively suppressed the signal surge in
the first two cycles, ensuring stable oscillation control. Subsequently, the control signals
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fell below the clipping amplitude by the third cycle. This effective response resulted in
satisfactory performance by t = 8 s, as further evidenced by the frequency response in
Figure 18a.

Figure 18. Dynamic of four-region interconnected test system under strong communication.

Figure 19a,b demonstrate the dynamic response curve of the system with the weak
communication topology shown in Figure 15b using the proposed controller. It is shown
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that the frequency oscillation can also be narrowed down and eventually converge to a
steady state.

 

 

Figure 19. Dynamic of four-region interconnected test system under weak communication.

Figure 19c shows the frequency dynamic diagram obtained by using the traditional
distributed control method under weak communication conditions. After the first dis-
turbance at t = 1 s, the frequency under the traditional distributed control failed to fully
converge even by t = 20 s. After the disturbance at t = 20 s, it took 18 s to reach a stable
state. The convergence speed of the traditional distributed control is much slower than that
of the control method proposed in this paper. It can be clearly seen that the control effect is
far inferior to that of the control method proposed in this paper.

Table 5 shows the change in outflow power Via the tie-line after the perturbation
in regions 1 and 4 under strong and weak communications, respectively. Analysis of
the data in Table 5 reveals that under strong communication conditions (Figure 15a), all
regions achieve full interconnection. As shown in Table 5, the tie-line power support
received by Region 1 and Region 4 is remarkably similar under these conditions (The
additional power flowing into Region 4 Via the tie-line is 95.3% of that into Region 1). This
indicates that with favorable communication, the proposed coordinated control mechanism
can achieve the allocation of cross regional power with the goal of minimizing ITAE in
Equation (31), allowing the load disturbance to be shared more evenly across a broader area.
Consequently, the overall frequency response performance is further optimized, evidenced
by faster recovery and reduced oscillations as depicted in Figure 18a.
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Table 5. Power support by tie-lines.

Test Environment Region 1 Power Outflow Change/p.u. Region 4 Power Outflow Change/p.u.

Weak communication −0.0501 −0.0326
Strong communication −0.0339 −0.0323

In contrast, under weak communication conditions, a significant disparity exists
in the power support received by different regions (The additional power flowing into
Region 4 via the tie-line is 65.1% of that into Region 1). However, as shown in Figure 19a,
the proposed controller can also effectively suppress both low-frequency and ultra-low-
frequency oscillations across all four regions. This phenomenon demonstrates that even
in extreme situations characterized by non-ideal communication topologies, resulting in
information asymmetry and uneven power allocation, and significant max delay conditions
of up to 2.5 s, the controller can still maintain dynamic frequency stability, demonstrating
the superiority of the distributed control algorithm based on state–disturbance observation
and dynamic surface consensus control proposed in this paper.

6. Conclusions

This paper addresses the dynamic frequency stability challenges in wide-area inter-
connected power systems by proposing a distributed photovoltaic frequency controller
based on a multi-agent consensus algorithm and dynamic surface control methodology.
The principal conclusions are summarized as follows:

(1) The PV-based control strategy proposed in this paper can suppress both low-frequency
oscillations and ultra-low-frequency oscillations simultaneously and also achieves
favorable performance even under weak communication conditions.

(2) A three-layer distributed cloud control framework of terminal–edge–collaboration is
constructed, which realized double high-precision observation of state variables and
external perturbations through decentralized regional observer. The maximum error
of the state observer is 1.6 × 10−4 p.u. and the steady state tracking error converges to
6 × 10−5 p.u.

(3) A distributed frequency controller (DFC) is proposed using the MAC and DSC method,
which can effectively limit the maximum frequency deviation of the system to 0.17 Hz,
and the steady state frequency deviation converges to 1 × 10−8 p.u.

(4) The parameter adjustment strategy based on CGO is proposed to achieve frequency
deviation suppression. Simulation results show that the frequency deviation can be
suppressed to ±0.17 Hz under the condition of communication delay of 2.5 s.

(5) The test results show that compared with that of the traditional centralized control,
the proposed dynamic frequency active support method can reduce the frequency
deviation by 26.1% and the regulation time by 76.3%. And compared with that of the
decentralized control, the proposed method can reduce the frequency deviation by
17.1% and the regulation time by 42.9%.

(6) The PV-based control method proposed in this study can effectively suppress low-
frequency and ultra-low-frequency oscillations, significantly enhancing the power
grid’s capacity to accommodate high-proportion clean energy and its stability.

There remains room for further research regarding the finite-time convergence of
the control method and we will conduct in-depth studies on this issue in the future. In
addition, in our follow-up studies, we will also carry out in-depth research on issues
including computational requirements, communication infrastructure needs, and potential
integration challenges with existing control systems.
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Appendix A

This appendix presents the proof of Theorem 1, and the key steps are as follows.

Theorem A1. By reasonably designing the parameter matrices Fi, Ti, Ki, and Hi to satisfy
Equation (9), the state observation error can be guaranteed to converge asymptotically. Additionally,
by designing Kdi, the disturbance observation error can be guaranteed to be a bounded quantity
and arbitrarily small within the closed set Ωd̃. The larger the value of λmin

(
K′

i
)
, the smaller the

disturbance observation error.

Fi = Ai − HiCi Ai − Ki1Ci

Ki2 = Fi Hi

Ti = Ii − HiCi

TiEi = 0

(A1)

Proof. Let Ki = Ki1 + Ki2 be the state of the system. Combining the dynamic Equation (5)
with Equations (6) and (7), we obtain the following relationship for the state observation
error x̃i(t) = xi(t)− x̂i(t) of the designed observer:

.
x̃i(t) = (Ai − HiCi Ai − Ki1Ci)x̃i(t)

+(Ii − Ti − HiCi)Biui(t)
+(Ii − HiCi)Eidi(t)
+(Ai − HiCi Ai − Ki1Ci − Fi)zi(t)
+[(Ai − HiCi Ai − Ki1Ci)Hi − Ki2]yi(t)

(A2)
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When the design matrix parameters satisfy the conditions of Equation (9), Equation (A2)

can be simplified to
.

X̃i(t) = FiX̃i(t). At this point, the state observation can be decoupled
from the input. As long as the design of Ki1 ensures that Fi is a Hurwitz matrix, the state
observation error will be progressively stable.

For the disturbance observation error, its dynamic equation is:[ .
x̃i

Ei

.
d̃i

]
=

[
Fi 0

Kdi(Fi − Ai) −Kdi

][
x̃i

Eid̃i

]
−
[

0

Ei
.
di

]
(A3)

Define the Lyapunov function:

Vdo =
1
2
(
Eid̃i
)T · Eid̃i (A4)

For power systems, disturbances are bounded. Assume that ‖Ed‖ ≤ D and the first-
order derivative of the disturbance

.
di is bounded. Differentiate Equation (A4) and combine

it with Equation (A3) and Young’s inequality to obtain:

.
Vdo =

(
Eid̃i
)T
[
Kdi(Fi − Ai)x̃i − KdiEid̃i − Ei

.
di

]
≤ −(Eid̃i

)TKdiEid̃i +
1
2
(
Eid̃i
)TEid̃i +

1
2 ι2 = −2ρVdo + Cd

(A5)

where
∥∥∥Kdi(Fi − Ai)x̃i − Ei

.
di

∥∥∥ ≤ ι, Cd = 1/2 ι2 and ρ = λmin(Kdi) − 1/2 , λmin(·)
denote the smallest eigenvalues of the matrix. Design to satisfy λmin(Kdi) > 1/2 ,
then −2ρVdo < 0.

Solve the first-order linear differential equation shown in Equation (A5) to obtain:

0 ≤ Vdo(t) ≤ Cd
2ρ

+

[
Vdo(0)− Cd

2ρ

]
e−2ρt (A6)

Global consistency is ultimately bounded. Combining Equation (A4), we obtain:

∥∥Eid̃i
∥∥ ≤ √Cd

ρ
+

[
2Vdo(0)− Cd

ρ

]
e−2ρt (A7)

Therefore, according to Equation (A7), there exists a positive constant ζ d̃ >
√

Cd/ρ

such that the interference observation error converges to the closed set
ΩEd̃ =

{
Ed̃ ∈ R4

∣∣∥∥Ed̃
∥∥ < ζd̃, ζd̃ >

√
Cd/ρ

}
, indicating that the designed DRO interfer-

ence observation error is bounded.
It can be seen from Equation (A7) that when designing the DRO, the value of Cd/ρ

can be controlled through Kdi, thereby ensuring that the interference observation error is
arbitrarily small. Q.E.D. �

Appendix B

Theorem A2. For each regional controlled system (1) under the action of DRO-based DFC,
if the design parameters ci,k and Tfi,ν satisfy Equation (30), then for any P > 0 there ex-
ists a bounded compact set Ωi such that when μ ≥ κ/P , all signals in the closed-loop
system are semi-globally uniformly ultimately bounded, where μ = min

[
2ci,k, 2/Tfi,ν − 2

]
,

κ = 1/2 · ∑N
i=1

(
∑2

ν=1 A2
i,ν + D2

SF,i + D2
DCO,i

)
.

ci,k > 0, 1/Tfi,ν − 1 > 0, i = 1, . . . , N, ν = 1, 2 (A8)
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Proof. For the interconnected system, define the Lyapunov function as:

V =
N

∑
i=1

Vi,3 =
N

∑
i=1

3

∑
β=1

1
2

e2
i,β +

N

∑
i=1

2

∑
ν=1

1
2

η2
i,ν (A9)

Differentiating Equation (A9) and incorporating the error surfaces (12), (14), the filter
(13), and the constructed control laws (20), (24), (28) with Young’s inequality yields:

.
V ≤ −

N

∑
i=1

3

∑
β=1

ci,βe2
i,β −

N

∑
i=1

2

∑
ν=1

(
1/Tfi,ν − 1

)
η2

i,ν +
1
2

N

∑
i=1

∑
j∈Ni

aij d̃2
j,1(tτ) +

1
2

N

∑
i=1

(
ci,3 + 2

)2 x̃2
i,4 +

1
2

N

∑
i=1

(
ψ2

i,1 + ψ2
i,2 + g̃2

i,4 + d̃2
i,1

)
(A10)

Assuming stability, all observation error terms in Equation (A10) are quadratic. For an-
alytical convenience, let the maximum observation error term D2

DCO,i represent the observa-
tion error for region i. For any P > 0, there exists a set:

Ωi,m =

{
∑i

γ=1
1
2

(
∑m

β=1 e2
γ,β + ∑m−1

β=1 η2
γ,β

)
+ ∑β∈Ni

e2
β,m+1 ≤ 2P

}
(m = 1, 2), where

∣∣ .
αi,k
∣∣

has an upper bound in the bounded compact set Ωi,m, denoted as Ai,m [25]. This im-
plies |ψi,m| ≤ Ai,m, with Ai,m being a positive constant. Within this set, the maximum
error value for regional frequency deviation di,1 is DSF,i. Defining Ωi = ∩2

m=1Ωi,m, we can
further bound Equation (A10) on the compact set Ωi:

.
V ≤ −

N

∑
i=1

3

∑
β=1

ci,βe2
i,β −

N

∑
i=1

2

∑
ν=1

(
1

Tfi,ν
− 1
)

η2
i,ν +

1
2

N

∑
i=1

2

∑
ν=1

A2
i,ν +

1
2

N

∑
i=1

D2
SF,i +

1
2

N

∑
i=1

D2
DCO,i (A11)

Define: κ = 1/2 · N
∑

i=1

(
2
∑

ν=1
A2

i,ν + D2
SF,i + D2

DCO,i

)
. Let the design parameters

ci,β and τi,ν satisfy ci,β > 0 and 1/τi,ν − 1 > 0. Denoting
μ = min

[
2ci,β, 2/Tfi,ν − 2

]
(i = 1, . . . , N, ν = 1, 2, β = 1, . . . , 3), it follows that κ > 0

and μ > 0.

Since: μV = μ
N
∑

i=1

3
∑

β=1
1/2 · e2

i,β + μ
N
∑

i=1

2
∑

ν=1
1/2 · η2

i,ν, Rearranging Equation (A11) yields:

.
V ≤ −μV + κ (A12)

Setting μ > κ/P , we have −μV + κ < κ(1 − V/P ). When V ≥ P, it follows that
κ(1 − V/P ) ≤ 0, implying

.
V < 0. Thus, V ≤ P is an invariant set, and all signals in the

closed-loop system are semi-globally uniformly ultimately bounded. Q.E.D. �
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