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Abstract

Primary Frequency Regulation (PFR) of power stations is faced with chal-
lenges such as intensified frequency dynamic fluctuations, complex coordi-
nated control of multiple power sources, and unbalanced operating economy.
Traditional data collection methods are difficult to meet the demand for pre-
cise control of PFR. This study intends to establish a multi-dimensional data
collection system to improve the accuracy of primary frequency regulation
dynamic information evaluation and strategy optimization effects. It first
designs a multi-source acquisition framework covering grid-side frequency
indicators and power station-side equipment operation data, and combines
time series interpolation and outlier detection for data preprocessing. Then,
a dynamic information evaluation model based on multi-agent proximal
strategy optimization is built to achieve multi-power collaborative evaluation
through centralized training and decentralized execution mode. Finally, an
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improved particle swarm optimization algorithm is used to optimize the
frequency regulation strategy. Based on the on-site measured data of a
provincial-level integrated energy power station (including 4 types of power
sources and continuous operation for 30 days), the research results show that
the data integrity of the proposed data collection system was improved to
98.7%, and the frequency deviation prediction error of the dynamic eval-
uation model was controlled within +0.02 Hz. The optimization strategy
increased the lowest point of frequency by 0.03-0.05 Hz, and reduced the
total cost of frequency regulation by 12.3%. The study provides accurate
data support and efficient control solutions for PFR of power stations, which
has important practical significance for improving the frequency stability and
operating economy of the power system.

Keywords: Primary frequency regulation, renewable integration, multi-
energy system coordination, data-driven grid flexibility, low-carbon power
system operation, real-time performance assessment, industrial-scale fre-
quency control.

1 Background

With the large-scale integration of new energy into the grid and the diversified
development of electricity loads, the power system is characterized by com-
plex coordinated control of multiple power sources and intensified dynamic
frequency fluctuations. The frequency regulation mode based on traditional
thermal power is difficult to adapt to the operation scenario of high proportion
of renewable energy, resulting in increasingly prominent problems such as
delayed frequency regulation response and unbalanced operating economy
[1, 2]. At the same time, traditional data collection methods mostly rely
on single-link transmission, are susceptible to communication interruptions
and equipment failures, and lack data integrity and accuracy, making them
unable to provide reliable support for precise frequency regulation control.
In terms of data processing, traditional interpolation and outlier detection
methods have insufficient adaptability and are difficult to meet the demand
for high-integrity and high-precision data in primary frequency regulation.
At the level of strategy optimization, existing algorithms often have short-
comings such as static parameter settings and easy falling into local optima,
making it difficult to adapt to dynamically changing load disturbances and
equipment states [3, 4]. The core reason for this series of problems lies in the
insufficient perception, processing, and application capabilities of the basic
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data of Primary Frequency Regulation (PFR) of the power station. Power
station PFR basic data refers to a full-dimensional core data collection that
supports the realization of the PFR function of the power system. These data
are the core basis for PFR strategy formulation, dynamic status assessment,
and collaborative control execution. Its completeness, accuracy and real-time
performance directly determine the rapidity of frequency regulation response,
control accuracy, and operating economy, and are the basic premise for
solving the current problems faced by PFR such as difficulty in responding
to dynamic fluctuations, weak coordination of multiple power sources, and
economic imbalance [5, 6].

With the large-scale integration of wind turbine units into the power
grid, utilizing their active power to actively participate in the grid frequency
regulation has become a research hotspot. However, traditional frequency
control strategies usually adopt fixed gains, which are difficult to flexibly
adjust the rotor kinetic energy release according to the real-time operating
status of the wind turbines, and cannot achieve effective coordination among
multiple wind turbines within the wind farm. To address these issues, Liang
et al. modeled the coordinated frequency regulation problem of all wind
turbines in the wind farm as a decentralized partially observable Markov
decision process (Dec-POMDP), and solved it using a multi-agent deep
reinforcement learning algorithm. Simulation results show that the proposed
method effectively suppresses the system frequency drop while significantly
reducing the mechanical loads of key components such as tower frames
and transmission chains. Compared with traditional control strategies, it has
better frequency support performance and structural friendliness [7]. With
the large-scale integration of renewable energy into the interconnected power
system, traditional reinforcement learning algorithms encounter problems
such as slow convergence speed and poor suppression effect of regional
control error (ACE) in load frequency control (LFC). To address this, Yang
et al. proposed a data-driven LFC method for multi-agent reinforcement
learning that integrates an attention mechanism. Simulation verification on
the IEEE three-area interconnected system shows that the proposed method
can effectively suppress the ACE caused by load fluctuations and the uncer-
tainty of renewable energy output, and significantly improve the training
efficiency of the algorithm [8]. In response to the collaborative control
challenges faced by isolated microgrids with a high proportion of renewable
energy in terms of frequency stability and power generation economy, Li
et al. proposed a data-driven coordinated load frequency control (DC-LFC)
method, aiming to coordinate the dynamic interaction between controllers



548 Tianxiong Huang et al.

and power distributors in the system. The results showed that it effectively
suppressed frequency deviations while significantly reducing the total power
generation cost of the system, demonstrating good engineering applicability
and promotion potential [9]. In view of the insufficient PFR capability of
nuclear coupled hydropower plants when dealing with high penetration rates
of intermittent renewable energy in the power grid, Wu Q et al. developed a
dynamic model of hydropower plants. They proposed two new strategies, the
constant turbine power method and the Proportional-Integral (PI) decoupling
method, to enhance its PFR capability. Both strategies could keep the reactor
running at full power during the PFR process, and both were better than the
original strategy [10].

Compared with the existing multi-agent reinforcement learning (MARL)
methods that have limitations such as local perception, slow training con-
vergence, and insufficient collaborative decision-making accuracy in multi-
power source coordinated frequency regulation, this study adopts the multi-
agent proximal policy optimization (MAPPO) approach. By integrating
global state information through a centralized valuation network, it breaks
through the decision bottleneck of traditional decentralized MARL that
relies solely on local observations. At the same time, it introduces a multi-
dimensional reward function based on frequency control accuracy, multi-
agent collaboration degree, and economy, solving the problem of imbalance
between frequency regulation effect and operational economy caused by a
single reward mechanism. Moreover, this method enhances the exploration
ability of agents through the entropy regularization term and improves train-
ing stability by combining batch update strategies. Its improvement ideas are
not only applicable to the primary frequency regulation scenario of power
stations but can also be transferred to multi-agent decision-making fields such
as microgrid coordinated control and multi-energy complementary dispatch,
and have strong universality.

2 Methods

This study builds a multi-dimensional data collection system covering the
grid side and power station side and completes data preprocessing through
linear interpolation, Grubbs criterion outlier detection, and sliding win-
dow filtering. A MAPPO optimized Dynamic Information Evaluation (DIE)
model is built based on the centralized training and distributed execution
architecture. Improved Particle Swarm Optimization (IPSO) is proposed to
dynamically adjust the key parameters of frequency regulation of each power
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supply to achieve global optimization of frequency regulation effect and
economy.

2.1 Multi-dimensional Basic Data Collection and Preprocessing
for PFR of Power Stations

This study builds a multi-dimensional data collection system covering fre-
quency dynamic parameters on the grid side and the operating status of
multiple power sources on the power station side. The grid side collects data
at a 25 ms sampling interval through a synchronized Phasor Measurement
Unit (PMU) [11, 12]. The data acquisition system adopts a hierarchical
deployment architecture: at the bottom layer, 12 synchronous PMUs (with
a sampling frequency of 50 Hz), 8 intelligent meters (with a sampling
frequency of 1 Hz), and 4 sets of equipment status monitoring terminals
are deployed, respectively collecting real-time operational data such as grid-
side frequency and equipment active power output; at the middle layer, data
is aggregated to the edge computing node through industrial Ethernet (with
a transmission rate of 100 Mbps), completing data format conversion and
preliminary filtering; at the upper layer, data storage and backup are achieved
through the cloud platform, with a storage period of 90 days. To address
missing data due to communication interruption or equipment failure during
the collection process, this study uses a linear interpolation method based on
time series similarity to complete the data. It allocates interpolation weights
by calculating the time weight coefficients of the data at each moment before
and after the missing data, as shown in Equation (1).

x(t) = wg - x(ty) + wir1 - x(trr1) (D)

In Equation (1), z(t) is the complementary data value of time t. x(tx)
and z(txy1) are valid data values adjacent to the missing period. w is the
time weight coefficient. During the data collection process, outliers are easily
introduced due to electromagnetic interference and sensor errors. This study
uses an outlier detection method based on the Grubbs criterion and combines
the statistical distribution characteristics of power station PFR data to identify
and eliminate abnormal data [13, 14]. First, the mean p and standard deviation
o of the data sequence are calculated, and then the test statistic is constructed
to determine whether the data is an outlier, as shown in Equation (2).

|Tmaz — p| | Tmin —

G = max , 2)
o o
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In Equation (2), G is the Grubbs test statistic. X4, and Ty, are the
maximum and minimum values in the data sequence to be detected. pu is the
mean of the data series. o is the standard deviation of the data series. When
G is greater than the critical value corresponding to the sample size at the
95% confidence level, the data are determined as an outlier, and the median
of the data at five adjacent moments are used to replace it to reduce the impact
of outliers on subsequent evaluations. The designed multi-dimensional data
collection framework includes a three-level structure of perception layer,
transmission layer and pre-processing layer, as shown in Figure 1.

In Figure 1, the perception layer uses 3 PMUs and 5 sets of equipment-
specific sensors to synchronously collect 16 types of core parameters such
as frequency and active output, covering the operating status of the power
grid and the working conditions of each power supply equipment. The
transmission layer adopts optical fiber + 5G dual-link redundancy design,
combined with time-division multiplexing and link monitoring mechanisms
to ensure stable transmission of high-priority data and low-priority data.
The preprocessing layer sequentially completes data format standardization,

Perception Layer

Grid-side PMU Measurement Unit 1
(Point of Common Coupling)

PV Inverter Monitor

Grid-side PMU Measurement Unit 2

(High-voltage Side of Main Transformer) G SR il

Grid-side PMU Measurement Unit 3

. P hr
Csaml Te Litg) Synchronous Generator Status Sensor

Wind Turbine Nacelle Sensor Environmental Parameter Collector

Transmission Layer

| Optical Fiber Transmission Link | | Link Status Monitoring |

| 5G Redundant Transmission Link | | Data Time-Division Multiplexer |

Preprocessing Layer

Data Format Outlier Detection and Data Consistency
Standardization Elimination Verification

Missing Data Sliding Window Data Quality Label
Interpolation Completion Filtering Generation

Figure 1 Power station PFR multi-dimensional data collection framework.
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interpolation completion, outlier removal, filtering and noise reduction, and
consistency verification [15, 16]. To further improve the data quality, this
study performs timing consistency verification on the preprocessed data, and
achieves secondary screening of data validity by calculating the change rate
threshold of data at adjacent sampling moments. It also uses the sliding
window mean filtering method to reduce high-frequency noise interference,
and the filter window length is adaptively adjusted to 10 sampling points
according to the data sampling frequency. The filtering formula is shown in

Equation (3).
L—1

y(t) = % > a(t—i-T) 3)
1=0

In Equation (3), y(t) is the filtered data value. L is the length of the sliding
window, and x(t —i-T%) is the preprocessed data at the i-th sampling moment
before time t. T, is the data sampling period. This filtering method can
effectively suppress high-frequency electromagnetic noise in frequency data
while retaining key dynamic characteristics in the PFR process. The entire
data preprocessing process is realized through the collaboration of collection

terminals and edge computing nodes, as shown in Figure 2.
In Figure 2, the original data enter the interpolation completion module
after format standardization. Linear interpolation is used for data with <3

Original Data Data Protocol Data Format Data Integrity
Collection Input Parsing Standardization Detection
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Figure 2 The whole process of data preprocessing.
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consecutive missing sampling points. Data with >3 consecutive missing
sampling points are marked as invalid and triggers an equipment failure
alarm. The outlier detection module uses a sliding window mechanism. The
filtered data enter the consistency check module, and by comparing the
change rate of active power output at adjacent moments with the maximum
adjustment rate of the equipment, data that exceeds physical constraints are
eliminated [17, 18].

2.2 Construction of DIE Model for PFR of Power Stations Based
on MAPPO

Based on the multi-dimensional standardized dataset constructed in this
study, a DIE model based on MAPPO is constructed to address the problems
of difficulty in multi-power collaborative evaluation and dynamic response
lag in power station PFR. The model achieves real-time evaluation of
frequency deviation, multi-power output synergy and frequency regulation
economy through a centralized training-decentralized execution architecture.
The model first constructs the DIE problem of power station PFR as a
decentralized partially observable Markov decision process [19, 20]. The
state vector s(t) is shown in Equation (4).

s(t) = [Af(t), ROCOF (1), AP (1), APy (%), ..., ABy(t), SOC(1)] (4)

In Equation (4), Af(t) is the frequency deviation of the grid connection
point. ROCOF (t) is the frequency change rate. SOC(t)] is the energy
storage state of charge. n is the number of power supplies participating in
PFR in the power station. The value range of AP (t) is constrained by the
frequency regulation reserve capacity of each power supply to ensure that
the state variables comply with actual equipment operation constraints. The
action vector a(t) is shown in Equation (5).

a(t) = [Auy(t), Aua(t),. .., Auy(t)] 3)

In Equation (5), Auy(t) is the frequency regulation output command
adjustment amount. To achieve the dual-objective evaluation of frequency
regulation effect and economy, this study designs a multi-dimensional reward
function r(t), comprehensively considering frequency control accuracy,
multi-agent collaboration and output cost, as shown in Equation (6).

T’(t) = A Tfre(t) + Ao - T coop (t) + A3 Teco (t) (6)
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Figure 3 DIE model architecture based on MAPPO.

In Equation (6), 7.(t) is the frequency control reward. 7oy (t) is the
collaborative reward, which improves collaboration by suppressing excessive
actions of a single agent. 7., () is the economic reward. The MAPPO evalua-
tion model adopts a centralized training-decentralized execution architecture,
as shown in Figure 3.

In Figure 3, the environment interaction layer simulates the entire PFR
scenario through the power station physical simulation environment, real-
izes load disturbance, frequency response and multi-power collaborative
operation, and calculates reward signals and evaluation indicators. The data
interaction layer is responsible for standardized data access, local/global
status awareness and low-latency communication to ensure efficient data
transmission between the model and the environment. The multi-agent
decision-making layer treats synchronous machines, wind turbines, photo-
voltaics, and energy storage as independent agents, generates actions through
a shared policy network, and satisfies power balance constraints through
the coordination module. The central training layer relies on the Graphics
Processing Unit (GPU) cluster and centralized valuation network to calculate
the advantage function, uses the PPO algorithm to update the strategy and
enhances the exploration capability through the entropy regularization term
[21, 22]. The centralized valuation network uses the global state to calculate
the advantage function A(¢), as shown in Equation (7).

T-1

A = A+ k) +4TV(sE+T)0) = V(sti¢) (D
k=0
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Figure 4 MAPPO model training process.

In Equation (7), A(t) is the advantage function of time ¢, which represents
the advantage of the current action relative to the average level. v is the
discount factor, giving priority to the impact of recent rewards on the strategy.
T is the trajectory length. V(s(t);¢) is the state value function, which
predicts the expectation of future cumulative rewards in the current state. The
model training process is divided into three stages: data collection, policy
update, and convergence verification, as shown in Figure 4.

In Figure 4, the power plant simulation environment is reset and accessed
to standardized data. Multi-agent collects working condition data through
local state awareness, generates actions through the policy network, and
satisfies power balance constraints through the coordination module. Illegal
actions are corrected and sent to the environment for execution.

2.3 IPSO-based PFR Strategy Optimization Method for Power
Stations

The traditional PFR strategy has problems such as static parameter setting and
difficulty in adapting to dynamic load disturbances and changes in equipment
status. Therefore, this study proposes a strategy optimization method based
on IPSO based on the frequency deviation prediction, multi-power supply
synergy and economic quantification results output by the MAPPO DIE
model. This method achieves global optimization of PFR effect and operating
economy by dynamically adjusting the frequency regulation parameters of
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each power supply. First, the optimization variable vector X is constructed,
as shown in Equation (8).

X = [Ksyn7Dwind7KmeessaDess] (8)

In Equation (8), Ky, is the proportional gain of the synchronous machine
speed regulator, which determines the response sensitivity of the synchronous
machine to frequency deviation. D,;,q is the virtual inertia coefficient of
the fan, which affects the rate at which the fan releases rotor kinetic energy.
K,y 1s the photovoltaic load shedding reserve coefficient, which controls the
proportion of photovoltaic frequency regulation reserves reserved. Kegs is
the energy storage droop coefficient, which represents the linear relationship
between energy storage output and frequency deviation. D, is the energy
storage response speed coefficient, which limits the change rate of energy
storage output to avoid battery impact. To achieve dual-objective optimization
of optimal frequency regulation effect and optimal economic efficiency, this
study constructs a multi-objective optimization function F'(X), as shown in
Equation (9).

F(X):a'Ffre(X>+B'Feco(X) 9

In Equation (9), F}. (X) is the frequency regulation effect objective func-
tion. Fe,(X) is the economic objective function. In view of the problems that
traditional PSO is easy to fall into local optimality and has slow convergence
speed in the later period, this study improves it from three aspects. The first
is to introduce the nonlinear inertia weight w(t) and the global exploration
and local development capabilities of the dynamic balance algorithm. The
second is to design an adaptive learning factor ¢y to enhance the pertinence
of particles learning toward individual optimality and global optimality. The
third is to add mutation operations to avoid premature convergence of the
particle swarm [23-25]. The improved particle velocity update is shown in
Equation (10).

vij(t+1) =w(t) - vi;(t) +crt) - (pig — 2ij(t))
+ea(t) o (g5 —@ij(t) +§ (10)

In Equation (10), v; j(t+1) is the speed of the i-th particle of the —t+1th
generation in the j-th dimension. w(t) is the nonlinear inertia weight. ¢; and
co are adaptive learning factors. 71 and ro are random numbers between [0, 1],
which increases the randomness of the search. p; ; is the j-th dimension of
the individual optimal position of the i-th particle. g; is the j-th dimension
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Figure 5 PFR strategy optimization process based on IPSO.

of the global optimal position of the entire particle swarm. £ is the variation
term. The particle position update is shown in Equation (11).

Lmin,j Xi,j (t) + Vi (t + 1) < Tmin,j
wij(t+1) = qxij(t) +vij(t + 1) Xming < 2ij(t) +vij(E+1) < Tnaaj
Tmazx,j Xi,j (t) + v; 5 (t + 1) > Tmaz,j

(11

In Equation (11), z; j(t+ 1) is the position of the i-th particle of the ¢+ 1-
th generation in the j-th dimension. %, ; and Z;nqz ; are the lower limit
and upper limit of the j-th dimension optimization variable respectively. This
update mechanism ensures that all particles always search within the feasible
region to avoid invalid optimization results due to parameter out-of-bounds.
The IPSO strategy optimization process is shown in Figure 5.

In Figure 5, the first step is to clarify the dual objectives of frequency
regulation effect and economy and the equipment parameter constraints, ini-
tialize key parameters such as particle swarm and inertia weight of the IPSO
algorithm, and encode the frequency regulation strategy parameter vector.
Subsequently, it evaluates the optimization function value corresponding to
each particle through the MAPPO model, and updates the individual and
global optimal particle positions. Based on the improved inertia weight and
mutation operation, the particle velocity and position are updated, and the
evaluation and update process is repeated until the convergence conditions
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are met. Finally, the optimal strategy parameters are output and sent to the
on-site controller, and the validity of the parameters is verified through on-
site operation to ensure that the optimization results adapt to the actual needs
of PFR.

The improvements made by IPSO to the traditional particle swarm opti-
mization are focused on three aspects. Firstly, a nonlinear inertia weight is
adopted, with the value decreasing from 0.9 to 0.4 dynamically, balancing the
global exploration and local exploitation capabilities of the algorithm during
the iterative process. Secondly, an adaptive learning factor is designed, with
the individual learning factor being 1.5 in the early stage and the global learn-
ing factor being 1.0. Later, it is adjusted in reverse to enhance the targeted
search ability of the particles. Thirdly, a mutation mechanism is added. When
a particle fails to update its individual optimum for 10 consecutive times,
its position is randomly perturbed within a range of 5%—10% to avoid local
optima. The algorithm parameters are set as a particle swarm size of 50, a
maximum number of iterations of 200, and the optimization variable values
strictly follow the physical constraints of the equipment. The synchronous
machine proportional gain is 0.05-0.25, the virtual inertia coefficient of the
fan is 28, the photovoltaic load shedding reserve coefficient is 0.05-0.2, the
energy storage droop coefficient is 0.02-0.1, and the energy storage response
speed coefficient is 0.5-2.0.

The integrated architecture of the on-site control layer adopts the edge
computing-cloud collaboration model, as shown in Figure 6.

In Figure 6, the edge computing layer serves as the core processing node,
realizing real-time parameter optimization and indicator evaluation through
the IPSO policy optimization and MAPPO dynamic evaluation modules,
synchronously caching the optimal strategy and monitoring the communica-
tion link status. When an exception occurs, parameter rollback is triggered
to ensure stability. The communication link layer adopts an optical fiber
+ 5G dual-link redundant design, combined with encrypted transmission
and link switching mechanisms, to ensure low-latency and highly reliable
transmission of data and instructions. The overall architecture achieves a
global balance between real-time on-site control and cloud optimization.

3 Results

This study verifies the effectiveness of the multi-dimensional data collec-
tion system and evaluates the performance of the MAPPO optimized DIE
model through the frequency deviation prediction error. Under different load
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Figure 6 On-site control layer integration architecture.

disturbance intensity working conditions, the practical application results of
IPSO are quantitatively analyzed from the aspects of frequency regulation
control effect and economy.

3.1 Validity Verification of Dynamic Information Evaluation
Model Based on MAPPO

To verify the effectiveness of the proposed multi-dimensional data acquisition
system and the MAPPO-based DIE model, a comprehensive test platform
including power grid simulation, multi-power supply hardware-in-the-loop,
and data processing units is built. In terms of hardware configuration, the
grid side uses NARI relay protection PMU-5000 synchronous PMU to collect
electrical quantities at the grid-connected point at a 25 ms sampling interval.
The measurement accuracy of this equipment reaches 0.001 Hz. The dataset
comes from the actual operation data of comprehensive energy power stations
affiliated to the provincial power grid from March to April 2024, covering
multiple scenarios such as load peak and valley periods, new energy output
fluctuations, and power grid disturbances. The original dataset size is 864,000
records, and after preprocessing, the effective dataset is 853,680 records.
Table 1 is the detailed parameters of the experimental configuration.

To comprehensively verify the superiority of the proposed solution, three
comparison algorithms commonly used in the current power station PFR field
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Table 1 Experimental configuration

Configuration Category Specific Project Specification Parameters
Hardware equipment PMU Nari-relays PMU-5000, measurement
accuracy 0.001 Hz, sampling interval
25 ms
Distributed data Huawei iMaster EC600 supports 16

Software environment

acquisition terminal

Sensor

Data processing server

Operating system
Programming
languages and
frameworks

Data processing tool
Communication

analog input channels and
communication interfaces
RS485/Ethernet

Siemens 7MF4033 (pressure, error
+0.08%), Omron E8F2 (flow, error
+0.1%), Keyence LV-H65
(displacement, error £0.05%), etc
Processor: Xeon Gold 6348 (2.6 GHz,
32 cores and 64 threads), GPU:
NVIDIA A100 (40 GB HBM2e),
SSD: 1TB Samsung 980 Pro
Ubuntu 22.04 LTS

Python 3.9, PyTorch 2.1, OpenDSS
9.4.0

Pandas 2.1.4, NumPy 1.26.0
IEC 61850-9-2

protocol

are selected for performance evaluation, including Support Vector Machine
(SVM), Long Short-Term Memory Network (LSTM), and Single-agent Prox-
imal Policy Optimization (PPO). The calculation method and evaluation
criteria for the core indicators are as follows: Data integrity = (Effec-
tive data volume/Theoretical data volume to be collected) x 100%, where
the theoretical data volume to be collected is determined by the sampling
frequency and the collection duration. The effective data must meet the
validity condition of “parameter values being within the equipment’s rated
operating range £10%”. Frequency deviation = |Real-time frequency —
Rated frequency (50 Hz)|. The evaluation criteria refer to GB/T 15945-2008
“Power Quality — Frequency Deviation of Power System”, requiring a steady-
state frequency deviation of <0.2 Hz and a transient frequency deviation of
<0.5 Hz. Training convergence time = The duration from the algorithm’s
startup until the fluctuation amplitude of the loss function value is <1% after
10 consecutive iterations. Real-time evaluation delay = The time interval
from data collection completion to the output of the evaluation result. The
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evaluation criteria must meet the requirements of the power station’s primary
frequency regulation response (<10 ms).

The experiment is compared by counting the proportion of effective data
in the original data after preprocessing of each scheme, the accuracy of
missing data completion and the accuracy of outlier detection, as shown in
Figure 7.

In Figure 7(a), in terms of data integrity, the proposed solution reaches
98.70%. The optical fiber + 5G dual-link redundant transmission design and
the linear interpolation method based on time series similarity effectively
reduce data loss caused by communication interruptions and equipment fail-
ures. In Figure 7(b), the missing data completion accuracy reaches 97.83%.
The proposed interpolation method achieves more accurate missing data
restoration through time weight coefficient allocation. In Figure 7(c), the
outlier detection accuracy is as high as 98.56%. The outlier detection method
based on the Grubbs criterion combines the statistical distribution character-
istics of the power station’s PFR data and can accurately identify outliers
introduced by electromagnetic interference and sensor errors. Frequency
deviation prediction error is the core metric to measure the performance of
dynamic evaluation models. The experiment selects three indicators: Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and Maximum
Absolute Error (MaxAE) for quantitative comparison, as shown in Figure 8.

In Figure 8(a), the MAE of the proposed model is 0.0135 Hz. In Fig-
ure 8(b), the RMSE of MAPPO is 0.0178 Hz. In Figure 8(c), the MaxAE
of MAPPO is only 0.0196 Hz, controlled within the range of +0.02 Hz.
MAPPO’s centralized training-decentralized execution architecture achieves
accurate perception of the coordinated operating status of multiple power
sources by treating synchronous machines, wind turbines, photovoltaics, and
energy storage as independent intelligent entities. At the same time, the
multi-dimensional reward function takes into account frequency control accu-
racy and synergy, effectively reducing prediction errors caused by dynamic
response lag.

To further verify the superiority of the proposed IPSO strategy, compar-
ative experiments were conducted with the currently popular single-agent
reinforcement learning methods and other mainstream optimization strate-
gies, including PPO, adaptive genetic algorithm (AGA), and deep Q-network
(DQN). In the experiment, all the algorithms were trained based on the same
dataset. The training batch size was uniformly set to 1000 batches, with each
batch containing 2048 samples. The convergence performance was evaluated



Multi-Agent Reinforcement Learning-based Basic Data Collection

Traditional single-link
acquisition + mean completion [

SVM supporting
acquisition scheme

LSTM supporting
acquisition solution

PPO supporting
collection solution

The proposed multi-
dimensional collection system

0 10 20 30 40 50 60 70 80 90 100
Data integrity (%)
(a) Data integrity

Traditional single-link
acquisition + mean completion

SVM supporting
acquisition scheme

LSTM supporting
acquisition solution

PPO supporting
collection solution

The proposed multi-
dimensional collection system

0 10 20 30 40 50 60 70 80 90 100
Accuracy rate of missing data completion (%)

(b) Accuracy rate of missing data completion
Traditional single-link
acquisition + mean completion

SVM supporting
acquisition scheme

LSTM supporting
acquisition solution

PPO supporting
collection solution

The proposed multi-
dimensional collection system

0 10 20 30 40 50 60 70 80 90 100
Outlier detection accuracy rate (%)

(c) Outlier detection accuracy rate

Figure 7 Comparison of data collection system integrity.

561



562 Tianxiong Huang et al.

0.12 0.12

—— MAPPO — — LSTM ——— MAPPO - —  LSTM
0.10 —— PPO — — SVM 0.10 -~ — - PPO — — SVM
- —_— —
~
R 0.08 - _ 0.08
N ~ — - = N
= h ~—_ z N
o 006 Sl ~_ @ 006 N
004 S S E 004 \\\
0.02 k\ 0.02 ;
0 : : : . L ] 0 : : : : : )
0 20 40 60 80 100 120 0 20 40 60 80120100
Number of iterations Number of iterations
(a) MAE (b) RMSE
012 fF~ __
T = — MAPPO
0.10 ~._ o
e —-—- LSTM
- 0.08 — eum
< 0.06
”<-‘ . S~ __
5
S 0.04
0.02 g

(=]
=]
%)
=1

40 60 80 100 120
Number of iterations

(c) MaxAE

Figure 8 Comparison of frequency deviation prediction errors of dynamic evaluation
models.

by the trend and stability of the loss function. The results are shown in
Figure 9.

In Figure 9, the convergence performance of MAPPO is the best. Its
objective function value remains at the lowest level throughout the process,
and it reaches a stable convergence state after approximately 40 iterations.
The final convergence value is lower than that of the other three algorithms,
demonstrating superior global optimization capabilities.

To comprehensively evaluate the adaptability of each model in the
actual power station’s PFR scenarios, three typical operating scenarios were
selected: the first is the peak load scenario, which refers to the situation where
the grid load is at the daily peak (19:00-21:00) and the total load fluctuates
by £5%; the second is the fluctuation scenario of new energy output, which
refers to the situation where the output of wind power/photovoltaic power
experiences a sudden change of +-15% due to weather conditions; the third is
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Figure 9 Convergence of loss functions for different algorithms.

the grid disturbance scenario, which refers to the situation where the grid
experiences instantaneous frequency fluctuations of +0.2 Hz due to line
switching, fault clearing, etc. The experimental data were sourced from the
actual operation data of an integrated energy power station under a provincial
grid in March—April 2024, covering the operating parameters of synchronous
generators, wind turbines, photovoltaic power, and energy storage. The origi-
nal data size was 864,000 (sampling interval of 25 ms, continuous collection
for 30 days), after preprocessing such as format standardization, interpolation
completion, and outlier elimination, the effective data volume was 853,680.
The comprehensive performance comparison results of different models in
these scenarios and data are shown in Table 2.

In Table 2, MAPPO maintains its absolute advantage in core performance
indicators in various scenarios and is more adaptable. The data integrity
reaches 98.73% in the new energy output fluctuation scenario and 98.81%
in the power grid disturbance scenario. Even in the power grid disturbance
scenario, which is the most difficult data collection, it can still maintain
nearly 99% integrity. This reflects the anti-interference ability of dual-link
redundant transmission and precise preprocessing methods. The frequency
deviation MAE is controlled between 0.0131-0.0142 Hz in the three types
of scenarios, with a fluctuation amplitude of only 0.0011 Hz. Although the
training convergence time and real-time evaluation delay are slightly higher
than other lightweight models, they fluctuate less in various scenarios, and
both meet the PFR control cycle requirements and will not affect the actual
control effect.
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Table 2 Comparison of comprehensive performance of models in different scenarios

Data Frequency Training Real-time

Evaluation Integrity Deviation Convergence Assessment of

Model Scene Type (%) (Hz) Time (min) Latency (ms)

SVM Peak load scenario 91.85 0.0612 17.8 2.2
New energy output 92.34 0.0573 18.5 2.3
fluctuation scenario
Grid disturbance 92.35 0.0573 19.5 2.4
scenario

LSTM Peak load scenario 94.12 0.0358 23.6 3.0
New energy output 94.67 0.0335 24.5 3.1
fluctuation scenario
Grid disturbance 94.77 0.0335 25.0 3.2
scenario

PPO Peak load scenario 95.98 0.0275 349 4.7
New energy output 96.32 0.0261 35.6 4.8
fluctuation scenario
Grid disturbance 96.47 0.0261 36.6 4.9
scenario

AGA Peak load scenario 93.76 0.0428 28.3 3.5
New energy output 94.12 0.0395 29.1 3.6
fluctuation scenario
Grid disturbance 94.25 0.0392 30.4 3.7
scenario

DOQN Peak load scenario 95.24 0.0316 32.7 4.2
New energy output 95.68 0.0293 335 43
fluctuation scenario
Grid disturbance 95.81 0.0290 34.8 4.4
scenario

MAPPO Peak load scenario 98.56 0.0142 41.8 5.1
New energy output 98.73 0.0131 42.4 52
fluctuation scenario
Grid disturbance 98.81 0.0131 433 5.3
scenario

3.2 Control Effect and Economic Analysis of PFR Optimization
Strategy of Power Station

To verify the control effect and economy of the IPSO-based power station
PFR strategy, three typical working conditions with load disturbance intensity
of 0.1 pu, 0.2 pu, and 0.3 pu are selected to conduct comparative experi-
ments. The comparison objects include PI control algorithm, classic PSO, and
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Table 3 Comparison of frequency regulation control effects of different algorithms

Optimization

Algorithm PI PSO GA IPSO

Load 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
Disturbance

intensity (pu)

Lowest 49.78 49.65 49.52 49.82 49.71 49.59 49.83 49.73 49.61 49.86 49.76 49.65
frequency

(Hz)

Frequency 12.35 15.62 18.97 10.12 12.89 15.76  9.87 12.45 15.23 8.56 10.34 12.89

recovery time

(s)

Frequency 0.18 025 032 0.14 0.19 026 0.13 0.18 024 0.10 0.15 0.20
overshoot (Hz)

Steady-state 0.042 0.058 0.073 0.035 0.046 0.059 0.033 0.043 0.056 0.021 0.030 0.041
frequency

deviation (Hz)

Genetic Algorithm (GA), which are widely used in PFR of power stations.
The frequency regulation control effect directly determines the frequency
stability of the power system, as shown in Table 3.

In Table 3, IPSO shows the optimal frequency regulation control effect
under various load disturbance intensities, especially in improving the lowest
frequency point. When the load disturbance intensity is 0.1 pu, the lowest
frequency point of IPSO is 49.86 Hz, which is 0.08 Hz higher than PI. IPSO
also has significant advantages in frequency recovery time. The recovery
time under 0.3 pu disturbance is only 12.89 s, and the frequency overshoot
and steady-state frequency deviation are also minimal. This shows that this
strategy can not only increase the lowest point of frequency, but also speed
up frequency recovery, reduce fluctuation amplitude, and comprehensively
improve the frequency stability of the power system.

The economic index data in Table 4 show that IPSO has significant
advantages in frequency regulation cost control, and the goal of reducing
the total frequency regulation cost by 12.3% compared with the traditional
solution has been fully achieved. Taking the load disturbance intensity of
0.2 pu as an example, the total frequency regulation cost of IPSO is 169.34
yuan/MW:-h. IPSO is superior to the comparison algorithm in terms of energy
consumption per unit frequency regulation amount, energy storage charge
and discharge loss, and unit adjustment loss. Under 0.2 pu disturbance, the
energy consumption per unit frequency regulation amount is only 11.54
kgce/MW-h, which comprehensively improves the economy of frequency
regulation operation.
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Table 4 Economic comparison table of frequency regulation of different algorithms
Optimization
Algorithm PI PSO GA IPSO
Load 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
Disturbance
intensity (pu)
Total costof  186.32 198.75 215.48 172.45 183.67 197.89 168.73 179.82 193.25 158.92 169.34 189.67
frequency
regulation
(Yuan
/MW -h)
Energy 12.56 13.42 14.35 11.89 12.63 13.48 11.56 1231 13.15 10.87 11.54 12.32
consumption
per unit
frequency
regulation
(kgce/MW -h)
Energy 876 9.23 9.87 7.65 812 8.67 7.34 7.89 835 6.52 7.01 7.68
storage charge
and discharge
loss (%)
Unit 532 578 6.24 489 523 567 4.67 501 542 413 456 4.98
regulating
loss (%)

4 Conclusion

4.1 Research Outcomes

This study aims to solve the problems faced by power station PFR such as
intensified frequency dynamic fluctuations, complex multi-power collabo-
rative control, and unbalanced operating economy, and break through the
limitations of traditional data acquisition and control strategies. The data
integrity of the proposed data collection system reached 98.56%, 98.73%,
and 98.81% under load peaks, new energy output fluctuations, and power grid
disturbance scenarios, the missing data completion accuracy was 97.83%, and
the outlier detection accuracy was 98.56%. The frequency deviation MAE of
MAPPO was as low as 0.0131-0.0142 Hz, the RMSE was 0.0178 Hz, and
the MaxAE was only 0.0196 Hz. Under the load disturbance of 0.1-0.3 pu,
the lowest frequency point of IPSO was 0.08-0.13 Hz higher than that of
the PI algorithm. The total cost of frequency regulation has been reduced by
12.3% on average, the energy consumption per unit of frequency regulation
has been as low as 10.87 kgce/MWh, the energy storage charge and discharge
loss has been as low as 6.52%, and the unit regulation loss has been as low
as 4.13%. The constructed full-process solution significantly improves the
accuracy, stability and economy of PFR.
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4.2 Technical Implementation Challenges and Feasibility
Suggestions

The actual implementation of the technical solution faces three core chal-
lenges: in terms of hardware deployment, edge computing nodes need to meet
the requirements of real-time preprocessing of multiple sources of data and
parallel algorithm execution, and should be equipped with >32-core CPUs,
>40GB graphics memory, and 1TB or more high-speed storage devices. At
the same time, data acquisition terminals need to support the IEC 61850-9-2
communication protocol. The hardware procurement and deployment costs
are relatively high; in terms of computing resources, the MAPPO model
training process requires approximately 80GB of memory, and a single com-
plete training takes more than 40 minutes. In real-time scheduling scenarios,
>50% of computing redundancy needs to be reserved to cope with load
fluctuations; in terms of interface compatibility, most existing power grid
control systems are based on traditional SCADA architectures, and there
are risks of protocol adaptation and latency in real-time data interaction
with the edge cloud collaboration mode. Moreover, the output instructions
of the frequency regulation strategy need to be accessed through secondary
development and connected to the existing controller control channel.

To address these challenges, feasible suggestions are proposed: the hard-
ware configuration adopts a “graded deployment” mode, with core nodes
of provincial power stations equipped with high-performance servers, and
low-cost industrial-grade hardware selected for distributed acquisition ter-
minals, balancing performance and cost; in terms of computing resources
optimization, model lightweighting and offline pre-training combined with
online fine-tuning are adopted to compress the real-time inference time to
within 5 ms, reducing the reliance on on-site computing resources; in terms
of interface compatibility, an IEC 61850 and existing SCADA system proto-
col conversion module is developed, an independent secure communication
link is established, and standardized API interfaces are reserved to support
two-way data interaction with the power grid dispatching center, ensuring
compatibility with existing systems and control security.

4.3 Research Limitations

However, when the power type exceeds the 6th category, the dimension of the
multi-agent state space increases exponentially, causing the training conver-
gence time of MAPPO to be prolonged by 20%—30%, the real-time evaluation
delay to potentially exceed 10 ms, the frequency response threshold, and the



568 Tianxiong Huang et al.

performance to decrease as the system complexity increases. The adaptive
rule of IPSO parameters is only applicable to provincial-level integrated
energy power stations. When applied to distributed microgrids below 110 kV,
the optimization accuracy may decrease by 10%—15%. The study focuses
on the one-time frequency regulation scenarios of provincial-level and above
voltage-level integrated energy power stations with applicable power types
< 6 categories, load fluctuations < + 5%, and new energy penetration rate
< 40%. A synchronous data acquisition system with a sampling frequency of
>50 Hz is required. In the future, state space dimension reduction technology
can be introduced to optimize the training efficiency of complex scenarios,
a cross-voltage-level parameter adaptive rule library can be constructed to
expand applicability, and digital twin technology can be combined to enhance
the robustness and scene adaptability of the method.
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