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Editorial
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Abstract: This editorial discusses recent progress in hybrid intelligent modeling technology
and optimization strategy for industrial energy consumption processes. With the increasing
emphasis on sustainable practices, efficient management of industrial energy consumption
has become a critical concern. This editorial aims to explore innovative approaches that
use artificial intelligence to model and optimize energy use in industrial processes. The
integration of advanced technologies such as machine learning, artificial intelligence, and
data analytics play a pivotal role in achieving energy efficiency, reducing environmental
impacts and ensuring the sustainability of industrial operations. These studies collectively
contribute to the body of knowledge on hybrid intelligent modeling technology and opti-
mization strategy, offering practical solutions and theoretical frameworks to address energy
conservation and consumption reduction.

Keywords: hybrid intelligent modeling; industrial processes; optimization strategy; artificial
intelligence; energy conservation and consumption reduction

1. Introduction

Efficient management of industrial energy consumption has become increasingly vi-
tal with the global shift towards sustainable practices. Recent advancements in hybrid
intelligent modeling technologies and optimization strategies offer promising avenues for
addressing energy conservation and reducing industrial energy consumption. Hybrid intel-
ligent modeling, which combines machine learning algorithms and data-driven techniques,
has emerged as an innovative solution to address the complexities associated with variable
renewable energy sources and dynamic industrial demands [1–4].

Recent developments in artificial intelligence and machine learning, such as CatBoost,
XGBoost [3], adaptive neuro-fuzzy inference systems, and genetic programming tech-
niques [4], have demonstrated significant potential in accurately modeling and predicting
energy consumption patterns. By integrating these intelligent models with evolutionary
optimization algorithms like Non-dominated Sorting Genetic Algorithms, researchers
have successfully tackled multi-objective optimization challenges across various energy-
intensive industries, including ironmaking, steel production, and vacuum-pressure swing-
adsorption processes [5–7].

Energies 2025, 18, 1939 https://doi.org/10.3390/en18081939
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Further advancements have been made through integrating data-driven analyt-
ics and knowledge-based predictions, complemented by real-time optimization frame-
works, to achieve considerable improvements in energy efficiency and operational cost-
effectiveness [8,9]. Additionally, intelligent monitoring and anomaly detection techniques,
particularly those employing information granules and comprehensive soft-sensing meth-
ods, have significantly enhanced operational reliability and the accuracy of predictive
maintenance in industrial systems [10–12]. The adoption of optimized fuzzy logic con-
trollers has also provided robust adaptive control solutions, significantly enhancing the
performance of complex energy-intensive processes [13].

This editorial discusses recent progress in hybrid intelligent modeling technologies
and optimization strategies for industrial energy consumption processes. It examines
the innovative integration of machine learning, artificial intelligence, and data analytics,
highlighting their crucial roles in enhancing energy efficiency, minimizing environmental
impacts, and fostering sustainable industrial operations. Through a critical analysis of
contemporary advancements and identification of existing challenges, this study provides
valuable insights and theoretical frameworks that contribute practically and theoretically
to the ongoing discourse on energy conservation and consumption reduction.

2. Review of Published Articles

In the era of Industry 4.0 and the ever-growing emphasis on sustainable practices, the
efficient management of industrial energy consumption has become a critical concern. This
Special Issue aims to explore innovative approaches that leverage data-driven intelligence
to model and optimize energy use in industrial processes. The integration of advanced
technologies such as machine learning, artificial intelligence, and data analytics will play a
pivotal role in achieving energy efficiency, reducing environmental impacts and ensuring
the sustainability of industrial operations.

The main objective of this Special Issue is to promote research and innovation in the
field of hybrid intelligent modeling and optimization for industrial energy consumption
processes, especially in the fields of steel metallurgy, chemical engineering, geological
drilling, marine exploration, textile, pharmaceutical, and other large-scale industries. In this
Special Issue, the research areas include hybrid intelligent modeling techniques, intelligent
optimization strategies, case studies and applications, and interdisciplinary approaches.
The analysis of the published contributions in the Special Issue is shown in Table 1.

Table 1. Analysis of the published contributions in the Special Issue.

No. DOI Research Area Focus
Type of

Research
Industry Country

[14] 10.3390/en17112770 Optimization
algorithms

Integrated energy systems;
economically optimized dispatch;

landscape uncertainty; carbon
trading; P2G-CCS

Mathematical
modeling Energy systems China

[15] 10.3390/en17195015. Control strategies
Sustainable transition; energy

saving; reinforcement learning;
meta-learning

Mathematical
modeling Transportation China

[16] 10.3390/en17215424 Decision support
strategies

Violation dictionary construction;
operation risk prediction; random
forests; independent component

analysis; mutual information

Mathematical
modeling Power systems China

[17] 10.3390/en17235855 Prediction algorithms

Proton-exchange membrane fuel
cells; degradation prediction;

durability test; gated recurrent
unit; gray wolf optimizer;

accuracy; complexity

Mathematical
modeling

Energy
technology China
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Table 1. Cont.

No. DOI Research Area Focus
Type of

Research
Industry Country

[18] 10.3390/en17246345
Process

optimization
transformer

Transformer insulating oil
recovery; data-driven

monitoring; thermal cycle of
insulating oil; recovery rate

Mathematical
modeling

Power
systems China

[19] 10.3390/en17246356 Control strategies

Supercritical unit;
coordination control; model

predictive control;
energy-saving analysis; rapid

load change

Mathematical
modeling

Energy
systems China

[20] 10.3390/en18010060 Optimization
algorithms

Open-pit mine; transportation
costs; truck waiting times;

excavator boom-and-dipper
operation durations; improved

genetic algorithm

Mathematical
modeling Mining China

[21] 10.3390/en18010099 Prediction
algorithms

Machine learning; production
forecast; data preprocessing;

principal component analysis;
AutoGluon

Mathematical
modeling

Energy
extraction China

[22] 10.3390/en18020252
Energy

management
strategies

Hybrid energy storage; energy
management; state of charge;

DC microgrid

Mathematical
modeling

Power
systems China

[23] 10.3390/en18061380 Control strategies

Load frequency control;
dynamic event-triggered

mechanism; distributed model
predictive control;

cloud-edge-terminal; virtual
power plant

Mathematical
modeling

Power
systems China

The articles published in this Special Issue comprehensively explore cutting-edge
hybrid intelligent modeling technologies and optimization strategies tailored specifically
for complex industrial processes. These studies collectively address critical challenges in
areas such as energy management, intelligent scheduling, predictive analytics, advanced
control strategies, and operational efficiency. Detailed analyses of these articles are summa-
rized below.

Energy management and optimal scheduling are prominently discussed in the litera-
ture [14,20,22]. Study [14] presents a sophisticated economic optimal scheduling method
for integrated energy systems, explicitly considering uncertainties in wind and solar power
generation. By integrating innovative approaches such as power-to-gas and carbon capture
and storage technologies, the proposed strategy effectively enhances economic performance
while simultaneously achieving significant carbon emission reductions, aligning with sus-
tainable energy objectives. Study [20] introduces an intelligent optimization scheduling
approach, applying an enhanced genetic algorithm to reduce energy consumption signif-
icantly in open-pit mining equipment operations. This study not only improves energy
efficiency but also highlights the adaptability of genetic algorithms in complex industrial
environments. Study [22] offers a comprehensive energy management strategy specifi-
cally designed for direct current microgrids, emphasizing the optimization of photovoltaic
power-tracking. This research addresses crucial issues of renewable energy integration,
improving energy utilization efficiency and contributing to the stability of renewable-
powered microgrids.

Advanced control methodologies and decision-support strategies form the central
focus of the literature [15,19,23]. Study [15] proposes an adaptive multi-objective traffic-
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signal control model, carefully designed to balance energy savings with enhanced traffic
efficiency. The model effectively adapts to dynamic traffic conditions, demonstrating its
practical value in urban transportation networks by simultaneously reducing energy con-
sumption and traffic congestion. Study [19] introduces a hybrid predictive-control model
combined with proportional-integral-derivative methods tailored specifically for super-
critical power units. This novel hybrid control approach effectively maintains operational
stability while maximizing energy savings, demonstrating substantial improvements over
conventional control strategies. Study [10] explores a distributed model predictive load
frequency control approach for virtual power plants, employing an innovative event-based
low-delay communication technique under a cloud-edge-terminal integrated framework.
The proposed strategy greatly reduces control delays, enhances system reliability, and
is particularly valuable for future grid applications involving extensive distributed en-
ergy resources.

Predictive modeling, data-driven fault detection, and process optimization techniques
are thoroughly investigated in the literature [16–18,21]. Study [16] develops multimodal
operation data-mining methods, significantly enhancing the prediction of operational vio-
lation risks within power grids. The study effectively leverages complex data sources, thus
improving the safety and reliability of grid operations by enabling early identification and
prevention of potential disruptions. Study [17] proposes an advanced dynamic degradation
prediction model for proton-exchange membrane fuel cells, employing gated recurrent
units optimized by gray wolf optimization. This approach substantially enhances predic-
tive accuracy, effectively prolonging the fuel cell lifespan by enabling timely preventive
maintenance. Study [18] introduces a comprehensive data-driven system for the full recov-
ery of transformer-insulating oil, leveraging advanced analytics to ensure the reliability and
longevity of transformer operations. The innovative integration of data-driven methods
significantly contributes to equipment maintenance and operational efficiency. Study [21]
implements machine learning techniques, combined effectively with feature selection meth-
ods and automatic hyperparameter optimization, to accurately forecast oil well production
performance. The research demonstrates the strong capability of intelligent analytics in
achieving robust and reliable prediction outcomes, providing valuable decision-support
tools for petroleum exploration and production management.

In summary, these articles collectively highlight the profound impact of advanced
data-driven intelligent modeling and optimization techniques on enhancing the efficiency,
reliability, sustainability, and adaptability of industrial systems. They provide valuable
insights into both theoretical innovations and practical implementations, laying a robust
foundation for future advancements in intelligent industrial systems under Industry 4.0.
Finally, the topics covered in these studies include energy management and optimal schedul-
ing, advanced control strategies, and predictive modeling for complex industrial processes
across power systems, transportation, and oil and gas. The authors who have contributed
to our Special Issue are all from China.

3. Conclusions

This editorial presents the recent progress in hybrid intelligent modeling technology
and optimization strategy for industrial energy consumption processes. These intelligent
algorithms leverage data for control, decision-making, and parameter optimization to
significantly lower energy usage in industrial systems. In addition, these algorithms not
only drive unprecedented levels of efficiency and reliability but also play a critical role
in quality improvement. In the era of Industry 4.0, such hybrid intelligent modeling
technologies and optimization strategies are proving essential for increasing production
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efficiency, promoting sustainability, and ensuring high product quality by directly targeting
energy reduction.

Funding: This research was funded by the Hubei Provincial Natural Science Foundation of
China under Grant No. 2025AFB471, the Natural Science Foundation of Wuhan under Grant
No. 2024040801020280, the 111 Project under Grant No. B17040, and in part by the Fundamental Re-
search Funds for the Central Universities, China University of Geosciences under Grant No. 2021237.

Conflicts of Interest: The authors declare no conflicts of interest.
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Economic Optimal Scheduling of Integrated Energy System
Considering Wind–Solar Uncertainty and Power to Gas and
Carbon Capture and Storage
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Abstract: With the shortage of fossil energy and the increasingly serious environmental problems,
renewable energy based on wind and solar power generation has been gradually developed. For
the problem of wind power uncertainty and the low-carbon economic optimization problem of an
integrated energy system with power to gas (P2G) and carbon capture and storage (CCS), this paper
proposes an economic optimization scheduling strategy of an integrated energy system considering
wind power uncertainty and P2G-CCS technology. Firstly, the mathematical model of the park inte-
grated energy system with P2G-CCS technology is established. Secondly, to address the wind power
uncertainty problem, Latin hypercube sampling (LHS) is used to generate a large number of wind
power scenarios, and the fast antecedent elimination technique is used to reduce the scenarios. Then,
to establish a mixed integer linear programming model, the branch and bound algorithm is employed
to develop an economic optimal scheduling model with the lowest operating cost of the system
as the optimization objective, taking into account the ladder-type carbon trading mechanism, and
the sensitivity of the scale parameters of P2G-CCS construction is analyzed. Finally, the scheduling
scheme is introduced into a typical industrial park model for simulation. The simulation result shows
that the consideration of the wind uncertainty problem can further reduce the system’s operating
cost, and the introduction of P2G-CCS can effectively help the park’s integrated energy system to
reduce carbon emissions and solve the problem of wind and solar power consumption. Moreover,
it can more effectively reduce the system’s operating costs and improve the economic benefits of
the park.

Keywords: integrated energy systems; economically optimized dispatch; landscape uncertainty;
carbon trading; P2G-CCS

1. Introduction

In recent years, renewable new energy, mainly wind and solar power generation, has
been gradually developed and applied to society. However, due to the wind and solar
power generation system output having a certain degree of randomness and volatility,
there has been a tendency for wind and solar power to be abandoned. This has resulted
in the new energy utilization rate being relatively low, and the variability in and uncer-
tainty of the energy source potentially affecting the stability and economy of the power
system scheduling [1]. Concurrently, the energy industry, particularly the electric power
industry, accounts for a considerable proportion of greenhouse gas emissions, and thus
bears a significant responsibility for the achievement of green and low-carbon develop-
ment. Consequently, the park integrated energy system (PIES), which couples a variety
of energy sources through energy conversion equipment and exploits the complementary
advantages of multiple energy sources, will play an important role in energy conservation
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and emission reduction in the energy industry [2,3]. This is due to the fact that it is sup-
ported by renewable energy generation, electricity-to-gas conversion, energy storage and
other technologies.

The uncertainty of wind and solar output can be better managed to enhance the
reliability, stability and economy of integrated energy systems. Currently, the mainstream
research approach to the wind–solar power output uncertainty problem is to use statistical
methods to model wind and solar resources, such as time series analysis and probability
distribution fitting, to quantify the uncertainty of wind energy [4]. Nayak et al. [5] used
a stochastic approach to model uncertainty and performed bi-objective optimization in a
fuzzy domain using a ‘fuzzy max-min’ satisfaction criterion. Abdelmalak et al. [6] pointed
out that Monte Carlo simulation and perturbation techniques are computationally intensive
and cannot be directly embedded in the power system model, and proposed an approach
based on generalized polynomial chaos (GPC). Cao et al. [7] proposed a combined LHS and
K-means clustering method to solve the uncertainty problem of wind-glow output. Each
of the aforementioned studies addresses uncertainty through extensive random sampling
and parameter perturbation, or the use of polynomial approximation of the uncertainty
distribution. However, constrained by the computational cost and parameter space, the
LHS and fast prior scenario reduction methods appear to be more widely applicable
and more efficient in sampling. When compared to other methods like Monte Carlo or
random sampling, LHS offers better coverage of the parameter space and reduced sampling
variance. It ensures a more even distribution of samples, which can lead to more accurate
and reliable results, especially in high-dimensional problems. Many studies have used
LHS to generate different scenarios and then reduced the simulation options using the
fast forward selection algorithm (FSA), which is a time-consuming method of scenario
simplification but more accurate compared to the backward reduction algorithm [8].

In addressing the issue of the low-carbon economic optimization of integrated energy
systems (IESs), Duan et al. [9] employs the reward–punishment laddering carbon trading
mechanism to quantify the carbon trading cost, thereby constructing a low-carbon eco-
nomic optimization model of IESs. Wang et al. [10] utilizes the carbon emission factor and
reward–punishment stepped carbon trading mechanism to calculate the carbon trading
cost and evaluates the economic benefits of carbon capture power plants. By formulating
an optimized stepped carbon trading mechanism, the internal carbon balance of the IES
can be achieved and carbon emissions can be curbed to prevent the IES from overshooting
the annual carbon emission settlement [11,12]. Li et al. [13] proposed an IES schedul-
ing model based on full life cycle assessment and carbon capture and utilization (CCU)
technology, and analyzed the correlation between different carbon trading prices and the
low-carbon economic transport of the IES. Furthermore, the impact of CCU technology
inputs on the low-carbonity of the IES was investigated. In a further contribution to the
field, Li et al. [14] put forth an IES source–load coordinated optimal scheduling model
with the objective of achieving comprehensive economic optimality for the system, en-
compassing system–system economy and low amounts of carbon. This model employs
a reward and punishment ladder-type carbon trading mechanism to minimize the waste
of wind energy, stimulate consumer participation, and reduce system operating costs and
carbon emissions.

Power to gas (P2G) plants enhance the capacity of wind and solar power by converting
excess electricity into natural gas in an IES [15]. The underlying principle is that H2 and
O2 are initially produced by electrolysis of water in an electrolysis system (EL), and then
natural gas is synthesized from H2 and CO2 by a methane reactor (MR). Carbon capture
and storage (CCS) technology captures, sequesters and utilizes carbon, and the carbon
captured by CCS can be made available to P2G. Introducing P2G-CCS from the equipment
side is one of the important ways to help an IES reduce carbon emissions and achieve
low-carbon operation. The P2G-CCS carbon cycle flow diagram is shown in Figure 1, in
which the CCS captures and utilizes the CO2 emitted from the operation of natural gas,
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gas-fired internal combustion engines and gas-fired boilers, and transports a part of it to
the methane reactor equipment to realize the coupling with the P2G.

O

H

CO

CH

CO

CO

CH

CH

Figure 1. P2G-CCS flowchart.

Zhang et al. [16] proposed a two-tier optimal scheduling model for an integrated
energy system with a carbon capture system and a P2G facility, which improves the
economy of the IES and the capacity of wind and solar energy consumption. Furthermore,
Li et al. [17] extended the P2G-CCS technology to a hybrid concentrated solar power
and combined heat and power (CSP-CHP) IES with the aim of consuming more wind
power and further reducing CO2 emissions. In a further development, Liang et al. [18]
created an Integrated Electricity–Gas System (IEGS) optimal dispatch model that couples
gas-fired units and P2G links. This model was then used to investigate the impact of
different constraints, such as power system constraints and natural gas constraints, on the
model’s wind power consumption. Zhang et al. [19] integrated P2G, carbon capture and the
supercritical carbon dioxide (S−CO2) cycle systems into a carbon cycle system. This system
was then used to investigate the role of the carbon cycle system in an electric–thermal IES.

The literature above demonstrates the efficacy of P2G-CCS for the optimal low-carbon
economic dispatch of the IES. However, it does present certain challenges to the eco-
nomic dispatch due to the stochasticity of wind and solar power not being considered.
Zhu et al. [20] proposed a low-carbon economic dispatch model of an IES containing P2G
and hydrogen-doped gas units (HGT) coupling under the stepped carbon trading mech-
anism. This model addresses the wind abandonment problem of the IES by utilizing
the operating characteristics of P2G in the system while considering the inherent uncer-
tainty of wind power output. Furthermore, it enhances the system’s renewable energy
consumption capacity. In a further contribution to the field, Zhang et al. [21] employed
conditional value-at-risk (CvaR) theory to analyze the uncertainty of wind power, utilizing
P2G to reduce the system wind abandonment rate and energy storage devices to miti-
gate the operational risk of wind power fluctuation on the system. Both Sun et al. and
Pan et al. [22,23] have proposed an optimal scheduling model for IESs considering flexible
loads and P2G participation in the carbon trading market, and verified the importance
and economics of P2G for system reduction of operating costs and the feasibility of wind
power adaptability. In a further contribution to the field, Yang et al. [24] put forth a P2G
multi-objective cooperative operation optimization model for an interconnected integrated
gas-to-electric energy system, taking into account the inherent uncertainty of wind power.
Through an arithmetic analysis, it was demonstrated that connecting the P2G equipment
can reduce the total operating cost of the natural gas system and can improve the system
wind energy consumption.

In light of the aforementioned background, it can be seen that the consideration of
carbon trading mechanisms and wind and solar uncertainty is conducive to achieving
energy savings, emission reductions and an economically viable integrated energy system.
Furthermore, the role of P2G-CCS equipment in the system’s wind and solar consumption
capacity and low-carbon economy requires further investigation. However, the current
study has the following shortcomings:
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1. The low-carbon economy and wind-scenery consumption effect of integrated en-
ergy systems have not been adequately explored, despite the necessity of effectively
quantifying wind-scenery uncertainty.

2. The sensitivity analysis of the construction scale parameters of P2G-CCS equipment
has yet to be studied.

In light of the aforementioned considerations, this paper initially examines the poten-
tial for wind and solar output uncertainty, preprocesses the wind and solar resource data,
generates a classical scenario set utilizing the Latin hypercube sampling and reduction
technique, and then reduces the scenarios using the fast antecedent elimination technique.
This process enables the scenario set to comprise a number of representative scenarios,
which can then be used to estimate the actual wind and solar output effect and to reduce
the influence of wind and PV output fluctuations.

Secondly, an integrated energy system mathematical model considering P2G-CCS is
established. This model is used to analyze the coupling relationship between multiple
energy sources and to establish a system carbon emission calculation model and a step-type
carbon trading mechanism.

Subsequently, the branch bounding algorithm is employed to transform the system’s
wind and solar consumption and carbon emissions into wind and solar abandonment costs
and carbon trading costs, which are then aggregated into the system’s operating cost. The
objective of this process is to identify the lowest system operating cost, which serves as
the benchmark for the economic optimal scheduling study. This study aims to identify the
optimal scheduling strategy for the system.

Finally, a typical park is used as an example to verify the optimization model pro-
posed in this paper. The sensitivity of the construction scale parameters of the P2G-CCS
is analyzed, and the results demonstrate that the model is effective in solving the afore-
mentioned issues. The issue of wind and solar energy consumption, and the reduction in
system operating costs and carbon emissions, is addressed. It is demonstrated that as the
construction scale of the P2G-CCS increases, the system’s operating costs decrease. This
verifies the economic and effective nature of the optimization scheduling model proposed
in this paper.

2. PIES System Architecture

The architectural framework of the PIES system is illustrated in Figure 2, which
depicts the principal coupled energy types within the system. These include electric energy,
cooling energy, heat energy and natural gas. With regard to the electric energy aspect, the
power input side is primarily constituted by wind and solar power generation systems
and combustion turbine power generation systems. In this latter case, the combustion
turbine system performs the function of power transmission and distribution by consuming
natural gas. With regard to the interaction between the PIES system and the main grid, it is
important to note that the prices for the purchase and sale of power are identical. These
prices are based on the same-day step tariff, as specified in [25].

In terms of heat generation, the primary source is a gas boiler and a waste heat recovery
device, which utilizes the waste heat generated by the combustion engine to provide heat.
On the cooling side, the primary cooling system is a lithium bromide absorption chiller,
which operates on the principle of generating cooling energy by consuming heat energy. In
order to facilitate the flexible scheduling of heat and cold energy, this paper incorporates
heat and cold energy storage systems for energy storage and release.

The supply of natural gas to the PIES is comprised of two primary sources: the gas
grid and the P2G facility on the campus. The gas grid is the primary source, where CO2 is
captured and purified by CCS to obtain a high concentration of CO2 for delivery to the P2G
facility. The P2G facility generates A and B by electrolysis of water, combines H2 and CO2
into natural gas, and sends CH4 to the gas pipeline for use in the combustion engine and gas
boiler systems. Consequently, the utilization of P2G-CCS apparatus cannot only facilitate
the system’s ability to utilize wind and solar energy but also facilitate the capture of CO2 to

10



Energies 2024, 17, 2770

produce natural gas for the system. This reduces the system’s natural gas purchase costs
and carbon emissions, and thus enables the system to operate in a low-carbon manner.
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Figure 2. The architectural framework of the PIES system.

In this study, based on the information of the relevant price data in the past day, the
optimal scheduling of each piece of equipment’s output in the PIES in the past day is
carried out with the optimization goal of minimizing the cost of one day’s operation of the
system, so as to achieve the economic and low-carbon operation of the system. Therefore,
the mathematical model of each piece of equipment’s output model in the PIES will be
constructed according to the PIES system architecture, in which the natural gas supplier
and the main network are the external energy suppliers of the system, and the remaining
equipment is the internal equipment of the PIES. The specific mathematical model of each
piece of equipment is shown in Section 3.

3. PIES Modelling

In the previous section, the system architecture of the PIES was established, and
in this section, the mathematical modelling of the processing models of each device in
the PIES will be continued. Among them, considering the spectral output uncertainty
problem, this paper adopts the LHS method for scene generation, and then applies the fast
antecedent elimination technique for scene reduction to deal with the wind and light output
uncertainty problem. Each piece of energy supply equipment in the PIES sees the existence
of coupling; therefore, this paper will establish a multi-energy coupling equipment power
model in Section 2. At the same time, this paper takes the lowest cost of system operation as
the optimization goal, and carries out the optimal scheduling of the output of each device
before the day, and the scheduling process involves the relevant constraints to constrain
the operation of the system. Therefore, this chapter will follow the construction of the
mathematical model of the system optimization goal and constraints, so as to build up a
mathematical model basis for the subsequent optimal scheduling research.

3.1. Wind Turbine Systems

Wind turbines convert the kinetic energy of the wind into mechanical energy through
the wind turbine wheel. This wheel cuts the magnetic inductance to generate electric
current after speeding up and then converts the mechanical energy into electric energy.
Wind farms usually consist of several wind turbines, and the output power must be
calculated according to factors such as wind velocity and wind direction. The power
generation of wind turbines can be expressed as [26,27]:
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PWT(t) =

⎧⎪⎨⎪⎩
Pr

v2−v2
i

v2
r−v2

i
, vi < v < vr

Pr, vr ≤ v < v f
0, the rest

(1)

where:

PWT : Actual power of the WTG.
Pr: Rated power of the WTG.
v: Real-time wind velocity.
vi: Cut-in wind velocity of the turbine during normal operation.
vr: Rated wind velocity of the turbine.
v f : Maximum wind velocity of the turbine during normal operation.
t: Current moment.

3.2. Photovoltaic System

The PV system, comprising photovoltaic panels, converts solar energy into direct
current (DC) electrical energy [28]. The fundamental principle is based on the photovoltaic
effect, whereby the semiconductor material on the panels absorbs solar energy to be
converted into electrical energy. The photovoltaic array model is described in Equation (2)
as the PIES. The PV system’s active power output is primarily influenced by the intensity
of light S on a given day, which can be expressed as:

PPV(t) = PSTC
LC(t)
LSTC

(1 + μ(TC − TSTC)) (2)

where:

PPV : Actual power generated by the solar photovoltaic panel.
PSTC: Rated power of the solar photovoltaic panel.
LC: Current ambient light intensity.
LSTC: Light intensity in the ideal environment.
μ: Power temperature coefficient.
TC: Surface temperature of the solar photovoltaic panel at work.
TSTC: Surface temperature of the solar photovoltaic panel in the ideal environment.

3.3. Wind and Solar Scene Production and Weakening

The uncertainty of the system comes from two sources: turbine output and PV output.
Wind turbine output is primarily affected by wind velocity and exhibits stochastic character-
istics. PV output is predominantly contingent on outside weather conditions, particularly
cloud cover. To effectively assess uncertainty, it is essential to propose probability density
functions (PDFs) for wind and solar output [29]. It has been demonstrated that the forecast
errors of wind turbine and PV output exhibit a Weibull distribution and a Beta distribution,
respectively [30].

The PDF of wind turbine output:

f (PWT) = (
kWT

r
)× (

PWT
r

)
k−1

WT
exp[−(

PWT
r

)
kWT

] (3)

where:

PWT : The actual operating power of the turbine.
kWT : The shape factor of the turbine output.
r: The scale factor.

The PDF of PV output:

f (PPV) = PPVηm APVηPV cos θA (4)
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where:

PPV : The actual operating power of the PV.
ηm: The tracking rate at the maximum power point.
APV : The radiation area of the PV.
ηPV : The conversion efficiency.
θ: The solar incidence angle.

3.3.1. Latin Hypercube Sampling Based on Probability Distributions

The LHS method is employed to generate a multitude of scenarios, which may be
considered a form of stratified sampling with an inverse function transformation [31]. This
is utilized to simulate the potential wind and solar power generation, in the context of a
probability distribution function of a random variable. LHS may be stratified by dividing
the sampling probability intervals in equal parts, thereby ensuring the completeness of the
sampling information and enriching the information of the samples.

In this paper, the PIES is made to interact with the smart grid for information interac-
tion, and through the previous day’s wind velocity data and light information transmitted
by the meteorological forecast central, it obtains the previous day’s power generation data
for preprocessing, determines its probabilistic model parameters, and generates the correla-
tion sample matrix of wind velocity and light intensity, respectively, and then transforms
the data in the matrix into wind and solar power data to form the base scenario according
to the wind and solar system model.

3.3.2. Scene Weakening

To reduce the computational burden and improve the overall effectiveness and re-
sponse speed, the fast antecedent elimination technique is applied to reduce the scenarios
with similar characteristics, and the typical scenarios are selected while retaining the char-
acteristics of the original set of scenarios. The simplified typical wind and PV scenarios are
combined into a new scenario set and their corresponding probabilities are calculated [32].

The probability corresponding to each scene generated by LHS is Ps(S = 1, 2, . . . , N) and
satisfies Ps ≥ 0, ∑S Ps = 1. Let each scene generation probability Ps = 1/N, ξS(S = 1, 2, . . . , N)
denote the scene in the sample space, and the specific steps of the fast antecedent elimination
technique are as follows:

Step 1: Calculate the two-paradigm number between each scene. This can be achieved
by calculating the Euclidean distance, which allows for the determination of the elements
that are more important according to their size. This enables the analysis of the characteris-
tics and structure of the vector. The Euclidean distance formula is as follows:

d(ξi, ξ j) =

√√√√ 24

∑
t=1

(ξt,i − ξt,j)
2 (5)

where:

d: The Euclidean distance.
ξi/ξ j: Two scenes in space.

Step 2: Identify the set of the minimum value of the product of the number of
paradigms of each pair of scenes (ξi, ξ j) and the probability Ps of the occurrence of scene ξi
in all the scenes. This set is denoted as set D and its expression is as follows:

D =

⎧⎪⎨⎪⎩ min
i∈{1,2,··· ,N}

i �=j

Psd(ξi, ξ j)

⎫⎪⎬⎪⎭ (6)
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Replace ξi with ξ j, the closest Euclidean distance to ξi in the scene set D. The proba-
bility of D1 should then be added to the probability of D. ξi should be eliminated, a new
scene set D1 formed and the number of elements in the scene set updated.

Step 3: Repeat steps 1 and 2 until the reduction requirements are met and the number
of remaining scenes is reached. At this point, the run should be stopped. Otherwise, the
reduction process should be continued.

3.4. Energy Storage Equipment

In light of the uncertainty of wind and solar output, this paper proposes the introduc-
tion of energy storage systems in the PIES to enhance the stability of the system and increase
the wind and solar consumption rate. The energy storage equipment can be categorized
into three main types: battery storage, thermal energy storage and cold energy storage [33].
The storage systems can help the PIES to improve the stability of the system’s function and
increase the wind and solar consumption rate. Additionally, the incorporation of energy
storage systems can increase the flexibility of the PIES, facilitate the optimal selection of
energy sources, facilitate enhanced interaction between the system and the main grid, and
facilitate the generation of higher economic returns.

(1) Accumulators’ energy storage

In this paper, the lithium iron phosphate battery energy storage system with better
safety and high-rate discharge performance is selected. With the breakthrough of battery
formation and application technology, the technology of a lithium-ion battery in large-
capacity, large-scale power storage system applications will be gradually improved. Its
mathematical model is as follows:

Ees
t = Ees

t−1 + (ηes,inPes,in
t μes,in

t − Pes,out
t μes,out

t
ηes,out

)Δt (7)

where:

Ees
t /Ees

t−1: The storage power of the battery storage equipment at t, t − 1, kW.
ηes,in/ηes,out: The charging and discharging efficiency of the battery.
Pes,in

t /Pes,out
t : The charging and discharging power of the storage battery at t, kW.

μes,in
t /μes,out

t : The starting and stopping working state of the energy storage equipment.

(2) Heat and cold storage equipment

This paper presents a mathematical model for a heat and cold energy storage sys-
tem that can be used to achieve peak shaving and valley filling of heat and cold energy.
This model effectively improves the energy utilization and economy of the system. Its
mathematical model is as follows:

Ehs
t = Ehs

t−1 + (ηhs,inHhs,in
t μhs,in

t − Hhs,out
t μhs,out

t
ηhs,out

)Δt (8)

where:

Ehs
t /Ehs

t−1: The stored thermal power of heat storage equipment at t, t − 1, kW.
ηhs,in/ηhs,out: The charging and discharging efficiency of heat storage equipment.
Hhs,in

t /Hhs,out
t : The charging and discharging power of thermal energy storage at t, kW.

μhs,in
t /μhs,out

t : The starting and stopping working state of energy storage equipment.

Ecs
t = Ecs

t−1 + (ηcs,inQcs,in
t μcs,in

t − Qcs,out
t μcs,out

t
ηcs,out

)Δt (9)

where:

Ecs
t /Ecs

t−1: The stored thermal power of cold storage equipment at t, t − 1, kW.
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ηcs,in/ηcs,out: The charging and discharging efficiency of cold storage equipment.
Qcs,in

t /Qcs,out
t : The charging and discharging power of thermal energy storage at t, kW.

μcs,in
t /μcs,out

t : The starting and stopping working state of energy storage equipment.

3.5. Gas Internal Combustion Engine Systems

The internal combustion engine system generates electricity by consuming natural
gas, while the waste heat generated by the internal combustion engine is utilized twice
through a waste heat recovery unit. The mathematical model of the internal combustion
engine system is as follow:

PGE
t = Ggas

t βGE (10)

QGE
t = Ggas

t βRE (11)

where:

PGE
t : The electrical energy generated by the combustion engine, kW.

Ggas
t : The flow rate of natural gas, m3/h.

βGE: The electrical energy conversion efficiency of the combustion engine.
QGE

t : The available waste heat generated in the process of generating electricity by the
combustion engine.
βRE: The waste heat recovery efficiency of the combustion engine.

3.6. Lithium Bromide Absorption Refrigeration System

The flue gas type lithium bromide absorption chiller utilizes a waste heat recovery
device to absorb the waste heat generated by a gas-fired internal combustion engine for
refrigeration. The mathematical model is as follows:

QBL
t = Qbl

t βBL (12)

where:

QBL
t : The refrigeration capacity of the lithium bromide unit.

Qbl
t : The heat absorbed and consumed by the lithium bromide unit for refrigeration.

βBL: The conversion efficiency of the lithium bromide refrigeration unit.

3.7. The Waste Heat Recovery Device

The waste heat recovery device is mainly used to absorb the heat released during the
operation of a gas internal combustion engine. Its mathematical model is as follows:

Qback
t = Qge

t βback (13)

where:

Qback
t : The heat generated by the waste heat recovery device.

Qge
t : The heat absorbed by the waste heat recovery device from the internal combustion engine.

βback: The energy recovery efficiency of the waste heat recovery device.

3.8. P2G Device

The introduction of P2G technology into the PIES system, utilizing natural gas pro-
duction, can effectively increase the wind and solar power integration rate and enhance the
system’s economic benefits. The mathematical model of the P2G device is as follows:

GP2G
t =

PP2G
t βP2G

Rt
(14)

where:

GP2G: The natural gas flow rate produced by P2G equipment.
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PP2G
t : The electrical power consumed by the P2G equipment.

βP2G: The electric-to-gas efficiency of the P2G equipment.
Rt: The lower heating value.

3.9. Objective Function

The integrated energy system constructed in this study achieves coordinated plan-
ning, optimal operation and interactive correspondence between energy subsystems by
integrating multiple energy sources such as natural gas, electricity, heat and cold in the
region, and introduces P2G-CCS equipment to efficiently improve energy use efficiency
while improving the diversified energy demand in the system. When considering the effect
of scenery uncertainty on the economic efficiency of the system, the costs under typical
scenarios are calculated separately and then summed up to obtain the final operating costs.
The system operation optimization cost is determined by the sum of the integrated energy
system’s cost of purchasing electricity from the main grid in the day-ahead market, the cost
of purchasing gas at the natural gas end, the cost of operating and constructing each unit’s
equipment, the cost of carbon emission constraints, and the cost of the penalty for wind and
solar energy system abandonment, which is expressed as shown in the following equation:

minFPIES =
n

∑
s=1

Ps(FYW
s + FJS

s + FCO2
s,T,l + FZW

s + FQ
s + Fq f g

s ) (15)

where

FPIES: The minimum operating cost of the integrated energy system for one day.
n: The number of generated scenarios.
Ps: The probability of the scenario s occurring.
FCO2

s,T,l : The carbon emission cost under scenario s.

FYW
s =

24
∑

t=1
(kPV PPV

s,t + kWT PWT
s,t + kMRPMR

s,t + kGEPGE
s,t + kGBPGB

s,t + kLBPLB
s,t

+kGBPGB
s,t + kP2GPP2G

s,t + kCCSPCCS
s,t + ∑

y∈[ES,CS,HS]
ky(Pc

y,s,t + P f
y,s,t))

(16)

where
FYW

s : The maintenance cost of the system’s basic equipment under scenario s.
kPV/kWT/kMR/kGE/kGB/kLB/kP2G/kCCS/ky: The maintenance cost factors for PV, WT,
MR, GE, GB, LB, P2G, CCS, and energy storage units (ES, CS, HS), respectively.
PWT

s,t /PMR
s,t /PGE

s,t /PGB
s,t /PLB

s,t /PP2G
s,t /PCCS

s,t : The output power of each device at time t.
Pc

y,s,t: The energy storage charging power at time t.

P f
y,s,t: The energy storage discharging power at time t (energy storage cannot be charged

and discharged simultaneously at the same time).

FJS
s =

m

∑
i=1

(hiai,s,t) (17)

where
FJS

s : The system construction cost of scenario s.
m: The number of equipment types in the system.
hi: The construction cost factor for equipment i.
ai: The installed capacity of equipment i.

FZW
s =

24

∑
t=1

(Gprice1 · Pgrid,c
s,t + Gprice2 · Pgrid, f

s,t ) (18)

where
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FZW
s : The system power purchase costs of scenario s.

Gprice1: The main grid tariff, which is sold to the system at time-of-day tariffs.
Gprice2: The main grid power purchase price from the system.

Pgrid
s,t : The electricity purchased by the system from the main grid.

Pgrid, f
s,t : The electricity sold by the system to the main grid.

FQ
s =

24

∑
t=1

GGasprice(PGB
s,t · XGB + PGE

s,t · XMT − PP2G
s,t · XMR) (19)

where
FQ

s : The cost of gas purchased by the system from the natural gas side of scenario s.
GGasprice: The price of natural gas.
PGB

s,t : The exchange power of gas boiler at time t.
PGE

s,t : The electrical power generated by the combustion engine at time t.
PP2G

s,t : The exchange power of P2G at time t.
XGB/XMT : The efficiency values of natural gas consumption in gas boilers and combustion
engines, respectively.
XMR: The efficiency value of MR’s consumption of hydrogen to make natural gas.

Fq f g
s =

24

∑
t=1

cq f g(PZ f
s,t − PZ

s,t) (20)

where
Fq f g

s : The wind and light abandonment costs of the system under scenario s.
cq f g: The abandonment penalty cost factor.

PZ f
s,t : The WT and PV power generation at moment t.

PZ
s,t: The local consumption of WT and PV energy at time t.

3.10. Constraints

The PIES introduces constraint conditions to regulate the rational, efficient, and stable
scheduling and utilization of various system devices, assisting the PIES in its objective of
economic optimization through multi-period, multi-objective system day-ahead scheduling
research. Specific constraints include:

(1) Electric power balance constraint

Pload
t = Pgrid

t + PZ
t + PGE

t + Pes,out
t − PP2G,e

t −
PCCS

t − Pes,in
t

(21)

PZ
t = PPV

t + PWT
t (22)

where:

Pload
t : The system electrical load demand.

Pgrid
t : At time t, the exchange power between the integrated energy system and the main

grid, where a positive value indicates the system purchasing electricity from the main grid,
and a negative value indicates the system selling electricity to the main grid.
PZ

t : At time t, the sum of the output power from photovoltaic panels and wind turbines.

(2) Cooling power balance constraint

Qload
t = QBL

t + Qcs,out
t − Qcs,in

t (23)

where:

QBL
t : The cooling energy produced by lithium bromide.
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Qcs
t : The cooling energy exchange of the energy storage system.

Qload
t : The system cooling energy demand.

(3) Thermal power balance constraint

Hload
t = Hback

t + HGB
t + Hhs,out

t − Hhs,in
t − HBL

t (24)

where:

Hload
t : The thermal load demand of the system.

(4) The safety constraint on power exchange of the main grid transmission lines

−Pgrid,max
t ≤ Pgrid

t ≤ Pgrid,max
t (25)

where:

Pgrid,max
t : The maximum allowable power exchange of the transmission lines.

(5) The constraints of the electricity storage equipment

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pes,min
t ≤ Pes,in

t ≤ Pes,max
t

Pes,min
t ≤ Pes,out

t ≤ Pes,max
t

μes,in
t + μes,out

t ≤ 1
24
∑

t=1
(μes,in

t + μes,out
t ) ≤ Res

SOCes,min ≤ Ees
t ≤ SOCes,max

SOCes,min = 0.1SOC
SOCes,max = 0.9SOC

(26)

where:

Pes,max
t : The maximum charging and discharging power of the electricity storage equipment

at time t.
Pes,min

t : The minimum charging and discharging power of the electricity storage equipment
at time t.
Res: The maximum number of charge and discharge cycles allowed for the energy storage
equipment within one day.
SOC: The installed capacity of the electricity storage system equipment, kWh.
SOCes,min: The minimum state of charge threshold for the energy storage system.
SOCes,max: The maximum state of charge threshold for the energy storage system.

(6) The constraints of the thermal storage equipment

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Qcs,min
t ≤ Qcs,in

t ≤ Qcs,max
t

Qcs,min
t ≤ Qcs,out

t ≤ Qcs,max
t

μcs,in
t + μcs,out

t ≤ 1
24
∑

t=1
(μcs,in

t + μcs,out
t ) ≤ Rcs

SOCcs,min ≤ Ecs
t ≤ SOCcs,max

SOCcs,min = 0.1SOCc
SOCcs,max = 0.9SOCc

(27)

where:

Qcs,max
t : At time t, the maximum charging and discharging cooling power of the thermal

energy storage equipment.
Qcs,min

t : At time t, the minimum charging and discharging cooling power of the thermal
energy storage equipment.
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Rcs: The maximum charging and discharging cycles allowed for thermal energy storage
equipment within one day.
SOCc: The installed capacity of the cold energy storage system equipment, kWh.
SOCcs,min: The minimum capacity state threshold of the energy storage system.
SOCcs,max: The maximum capacity state threshold of the energy storage system.

(7) Thermal energy storage device operating power constraint

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Hhs,min
t ≤ Hhs,in

t ≤ Hhs,max
t

Hhs,min
t ≤ Hhs,out

t ≤ Hhs,max
t

μhs,in
t + μhs,out

t ≤ 1
24
∑

t=1
(μhs,in

t + μhs,out
t ) ≤ Rhs

SOChs,min ≤ Ehs
t ≤ SOChs,max

SOChs,min = 0.1SOCh
SOChs,max = 0.9SOCh

(28)

where:

Hhs,max
t : At time t, the maximum charging and discharging heat power of the thermal

energy storage equipment.
Hhs,min

t : At time t, the minimum charging and discharging heat power of the thermal
energy storage equipment.
Rhs: The maximum number of heat charge and discharge cycles allowed for the thermal
storage equipment within one day.
SOCh: The installed capacity of the thermal energy storage system equipment, kWh.
SOChs,min: The minimum capacity state threshold of the energy storage system.
SOChs,max: The maximum capacity state threshold of the energy storage system.

(8) The operational power constraints of the internal combustion engine equipment

{
PGE,min

t ≤ PGE
t ≤ PGE,max

t
PGE,down

t Δt ≤ PGE
t − PGE

t−1 ≤ PGE,up
t Δt

(29)

where:

PGE,max
t : The maximum operating power of the gas engine.

PGE,min
t : The minimum operating power of the gas engine.

PGE,up
t : The maximum ramping-up power of the gas engine unit.

PGE,down
t : The maximum ramping-down power of the gas engine unit [34].

(9) Lithium bromide equipment operating power constraint

QBL,min
t ≤ QBL

t ≤ QBL,max
t (30)

where:

QBL,max
t : The maximum operating power of the lithium bromide system.

QBL,min
t : The minimum operating power of the lithium bromide system.

(10) Power to gas (P2G) equipment operating power constraint

0 ≤ PP2G
t ≤ PP2G,max

t (31)

where:

PP2G,max
t : The maximum operating power allowed for P2G equipment.
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3.11. Stepped Carbon Trading Mechanism

(1) Carbon emission calculation

The carbon emission modeling calculation of the carbon emission equipment in the
system is carried out to further improve the calculation accuracy of the system’s carbon
transaction cost. The actual carbon emission calculation model is as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

ECO2,a
t = Egrid

t + EZ
t + EGE

t + EGB
t + EES

t
Egrid

t = ρgPgrid
t

EZ
t = (ρpPpv

t + ρwPw
t )

EGE
t = ρm(κhPGE

t + HGE
t )

EGB
t = ρbHGB

t
EES

t = ρe HES
t

(32)

where:

ECO2,a
t : The actual carbon emission of the equipment.

ρg/ρp/ρw/ρm/ρb: The carbon emission coefficients of power grid purchase, wind and solar
power generation, gas turbine, gas boiler and energy storage, respectively.

(2) Carbon quota calculation

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ECO2,b
t =

T
∑

t=1
(Egrid

t + EZ
t + EGE

t + EGB
t + EES

t )

Egrid
t = �gPgrid

t
EZ

t = (�pPpv
t + �wPw

t )
EGE

t = �m(κhPGE
t + HGE

t )
EGB

t = �b HGB
t

EES
t = �e HES

t

(33)

where:

ECO2,b
t : The carbon emission quota of equipment.

�g/�p/�w/�m/�b: Initial carbon emission coefficient of power grid purchase, wind and
solar power generation, gas turbine, gas boiler and energy storage, respectively.
T: One operating cycle, taking the value of 24 h a day.

Initial carbon allowances are the maximum amount of carbon dioxide that can be
legally emitted in the carbon market. By limiting the total amount of carbon emissions, the
government encourages companies to reduce their emissions through internal optimization
or external trading.

Carbon emission allowances for each carbon source are shown in Table 1.

Table 1. Initial carbon emission allowances for each carbon emitting device.

Source of Carbon Emissions Carbon Allowance/(kg/kWh)

Wind turbine 0.078
Photovoltaic generator 0.078

Gas boiler 0.152
Energy storage 0

Grids 0.798

(3) Carbon trading mechanism

The stepped carbon trading mechanism is a system that sets different carbon trading
prices according to the different carbon emission intensities of enterprises. The difference
between actual carbon emissions and carbon emission quotas is divided into multiple
intervals. The higher the difference is, the higher the unit carbon trading price is, and the
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higher the additional cost that enterprises need to pay [35]. The cost mathematical model is
as follows:

Etr,t =
T

∑
t=1

ECO2,a
t −ECO2,b

t (34)

FCO2
T,l =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

λ(1 + 2∂)(Etr,t + l), Etr,t ≤ −l
−λ(1 + 2∂)l + λ(1 + ∂)Etr,t,−l ≤ Etr,t ≤ 0
λEtr,t, Etr,t < l
λ(1 + α)(Etr,t − l) + λl, l ≤ Etr,t ≤ 2l
λ(1 + 2α)(Etr,t − 2l) + λ(2 + α)l, 2l ≤ Etr,t ≤ 3l
λ(1 + 3α)(Etr,t − 3l) + λ(3 + 3α)l, 3l ≤ Etr,t ≤ 4l
λ(1 + 4α)(Etr,t − 4l) + λ(4 + 6α)l, Etr,t ≥ 4l

(35)

where:

FCO2
T,l : Stepped carbon transaction costs.

λ: Carbon trading base price.
Etr,t: Actual carbon emissions minus carbon quotas.
l: The length of carbon emissions interval.
α: Trading price growth rate.
∂: The growth rate of transaction base price.

4. Multi-Objective Optimization Solution

Taking Equation (15) as the objective function and Equations (21) to (31) as the con-
straints, the system model can be summarized in the following form by optimizing the
day-ahead power scheduling for each device of the system to achieve the intra-day eco-
nomic operation of the system:

minFPIES =
n
∑

s=1
Ps(FYW

s + FJS
s + FCO2

s,T,l + FZW
s + FQ

s + Fq f g
s )⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

FYW
s =

24
∑

t=1
(kPV PPV

s,t + kWT PWT
s,t + kMRPMR

s,t + kGEPGE
s,t + kGBPGB

s,t + kLBPLB
s,t

+kP2GPP2G
s,t + kCCSPCCS

s,t + ∑
y∈[ES,CS,HS]

ky(Pc
y,s,t + P f

y,s,t))

FJS
s =

m
∑

i=1
(hiai,s,t)

FZW
s =

24
∑

t=1
(Gprice1 · Pgrid,c

s,t + Gprice2 · Pgrid, f
s,t )

FQ
s =

24
∑

t=1
GGasprice(PGB

s,t · XGB + PGE
s,t · XMT − PP2G

s,t · XMR)

Fq f g
s =

24
∑

t=1
cq f g(PZ f

s,t − PZ
s,t)

E.q.(35)
s.t.E.q.(21) ∼ (31)

(36)

In the PIES, a day is considered to be divided into 24 time segments, with each hour
as a unit, and it is assumed that the operation data of each system module are constant in
the unit time.

Its system structure and algorithm correlation diagram is shown in Figure 3. The
algorithm takes the minimum system operation cost as the goal, which in addition to
the operation and maintenance cost of the integrated energy system in the park itself
includes the cost of wind and light abandonment and the cost of carbon trading, and
the constraints include the system energy supply and balance constraints, the equipment
climbing constraints, and the equipment starting and stopping constraints. Since the model
built in this study is a mixed integer linear programming model, this study considers
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the branch bounding algorithm and uses CPLEX for solving the problem. The optimal
scheduling is shown in Figure 4, and the specific steps are shown below:

Figure 3. System architecture and algorithm correlation diagram.

Step 1: The wind and solar output scene is generated by Latin hypercube sampling,
and then the scene reduction is carried out by using the fast previous generation elimination
technology. Five typical wind and solar output scenes and the corresponding probabilities
of each scene are obtained, and the wind and solar output data are transmitted to the model
to be optimized.

Step 2: Obtain day-ahead information such as the ladder electricity price and gas price.
Step 3: Model each piece of equipment in the integrated energy system, construct

the system carbon emission calculation model and the carbon trading mechanism model,
and determine the optimization variables of each piece of equipment’s output and their
relevant parameters.

Step 4: Perform mixed integer linear programming, add conditional constraints, use
the branch and bound algorithm, and use CPLEX for the optimal solution.

Step 5: Determine whether there is an optimal solution, and whether it is an integer; if
not, select a non-integer solution variable to generate a branch. If yes, it is judged to search
all branches, and the optimal solution is obtained by circular solution comparison.

Step 6: Obtain the solution results, output the output data of each piece of ter-
minal equipment at each time, the system operation cost, carbon transaction cost and
other information.

The optimization algorithm used by CPLEX can provide an accurate optimal solution;
therefore, in this paper, for the integrated energy system model, and for the mixed integer
linear programming problem, the CPLEX solver is used to find the best optimal scheduling
solution [36].
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Figure 4. Flow chart of system optimized scheduling.

5. Example Analysis and Simulation

5.1. Basic Data

In this paper, the purchase and sale transactions between the PIES and the main grid
are carried out based on time-sharing tariffs, and the tariff data are shown in Table 2, where
the system purchases power from the grid according to the corresponding peak and valley
time-sharing tariffs, and sells power to the main grid at a price of 0.36 yuan to save costs
and improve economic efficiency in the process of optimal scheduling.
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Table 2. Time division tariff schedule.

Time Electricity Price/yuan

00:00–07:00 0.62
08:00–11:00 1.14
12:00–16:00 0.83
17:00–20:00 1.14
21:00–23:00 0.62

Main grid electricity tariff 0.36

In order to assess and compare the carbon emission levels of different equipment so as
to take corresponding emission reduction measures, carbon emission coefficients are used
to express the carbon emissions per unit of production, and the specific values are shown
in Table 3.

Table 3. System carbon emission factor.

Source of Carbon Emissions Carbon Emission Factor (kg/kWh)

Wind turbine 0.105
Photovoltaic generator 0.111
Natural gas (gas boiler) 0.236

Energy storage 0.112
Grids 1.303

Table 4 shows the values of the parameters such as power size, capacity range and
number of times of charging and discharging energy for each device in the model of
this paper.

Table 4. Partial equipment parameters of the system.

Parameter Name Value Unit

Pgrid,max
t 3000 kW

PGE,max
t 4000 kW

PGE,min
t 2830 kW

PGB,max
t 4000 kW

PP2G,max
t 3000 kW

PCCS,max
t 3000 kW

PBL,max
t 5000 kW

Pes,max
t 2000 kW

SOCes,max 10,000 kWh
Hhs,max

t 2000 kW
SOChs,max 10,000 kWh

Qcs,max
t 2000 kW

SOCcs,max 10,000 kWh
Res 10 times
Rcs 10 times
Rhs 10 times
XGB 1.07
XMT 0.25
XMR 0.55

5.2. Generation and Reduction of Landscape Scenes

In order to solve the wind power uncertainty problem, this paper adopts the previously
described method to process the wind power uncertainty problem based on the day-ahead
prediction data of wind power, as shown in Figure 5. Firstly, 1000 wind power scenarios
are generated by using the Latin hypercubic sampling method, and then, five typical
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wind power scenarios are obtained by using the probability distance-based fast antecedent
elimination technique to reduce them, The probability corresponding to each scenario is
shown in Table 5.

 
(a) (b) 

 
(c) (d) 

Figure 5. Generation and reduction of landscape scenes. Note: (a) generation of WT output scenarios;
(b) generation of PV output scenarios; (c) scenario reduction diagram for WT output; (d) scenario
reduction diagram for PV output.

Table 5. Corresponding probability for each scenario.

Scenario Probability Value

1 0.158
2 0.258
3 0.133
4 0.195
5 0.256

The method used brings five typical scenarios of wind power output into the system
optimal scheduling model for optimal operation to obtain the system’s operation cost
under different scenarios, then probabilistically sum up the operation costs under the
five typical scenarios to obtain the final system’s operation cost, and then carry out the
optimal scheduling strategy of the system with the minimum operation cost through the
solver to obtain the optimal operation scheduling strategy of the system considering the
uncertainty of the wind power output.

5.3. Example Validation Analysis

To verify the effectiveness of the economic optimal scheduling strategy of the inte-
grated energy system proposed in this paper considering wind power uncertainty and
P2G-CCS, this paper takes the data of a typical integrated energy system park in Hubei as
an example, as shown in Figure 6, which gives the initial data of the system’s electric, heat
and cold energy load demand, where Pload is the electric load, Cload is the cold load, and
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Hload is the heat load. This paper also adopts the stepped carbon trading mechanism to
carry out a comparative analysis of the system’s operating costs under different scenarios,
and the selected scenarios are shown as follows, with Scenario 4 being the scenario model
proposed in this paper:

 

Figure 6. Initial system data diagram.

Scenario 1: Without considering the uncertainty of wind and solar processing, P2G-
CCS is not introduced;

Scenario 2: Without considering the uncertainty of wind and solar power output, the
introduction of P2G-CCS is considered;

Scenario 3: Considering the uncertainty of wind and solar output, the introduction of
P2G-CCS is not considered;

Scenario 4: Considering the uncertainty of wind and solar power output, the introduc-
tion of P2G-CCS is considered.

Table 6 shows the comparative analysis results of the PIES’s operating costs and
other parameters in different scenarios. From Scenario 2 and Scenario 4, it can be seen
that after the introduction of P2G-CCS in the system architecture of this paper, due to
the scheduling flexibility of P2G-CCS, it can effectively help the system reduce the wind
and light curtailment rate, reduce the carbon emissions of the system and thus reduce the
operating costs of the system. In scenario 4, when considering the uncertainty of wind and
solar output, on the basis of meeting the demand of various energy loads, the rate of wind
and solar abandonment is basically 0, and the carbon emission has a downward trend. It
not only solves the problem of the wind and solar consumption of the system, and reduces
the carbon emissions of the system, but also further realizes the goal of the low-carbon
economic operation of the PIES more effectively and saves economic costs.

Table 6. Comparative analysis table of system operating costs under different scenarios.

Scenario
Total System Operating

Cost/million
Carbon Trading

Costs/USD million
Carbon

Emissions/ton
Cost of Wind and Light

Abandonment/yuan
Wind and Light
Rejection Rate

1 20.31 1.04 118.68 8339 12.07

2 13.12 −1.83 61.37 2096 3.24

3 18.74 0.93 106.07 6231 10.64

4 11.61 −2.25 57.42 0 0
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In the Scenario 4 model, the energy supply optimization scheduling results of the
system’s equipment are shown in Figures 7–9. In the diagram, the positive value of each
energy storage device indicates that the energy storage is discharged, and the negative
value indicates that the energy storage system is charged. The positive value of the main
grid indicates that the park buys electricity from the main grid, and the negative value
indicates that the park sells electricity to the main grid.

Figure 7. Optimized scheduling diagram for system power supply.

Figure 8. Optimized scheduling diagram for system cooling energy.

Figure 10 shows the carbon emissions diagram of the system. Figure 11 shows the
distribution diagram of carbon dioxide utilization and storage after CCS captures carbon
dioxide. After CCS captures carbon dioxide, a part of carbon dioxide is sent to P2G, and
the MR in P2G consumes carbon dioxide and hydrogen to produce natural gas.

Combined with the chart, it can be observed that after the introduction of P2G-CCS
in the system, since both P2G and CCS operate by consuming electric energy, the PIES
flexibly schedules P2G equipment after the introduction of P2G-CCS, which solves the
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problem of wind and light consumption and makes the power supply of the system stable
and balanced in each period. Moreover, P2G-CCS consumes carbon dioxide to produce
natural gas for gas turbines and gas boilers, which reduces the cost of gas purchase of the
PIES’s natural gas to a certain extent. At the same time, it reduces the carbon emissions of
the system, improves the economic benefits of the PIES participating in the carbon trading
market and further reduces the operating cost of the system.

Figure 9. Optimized scheduling diagram for system heating energy.

Figure 10. Systematic carbon emission relationships.

In order to analyze the impact of changing the construction scale of P2G-CCS on the
operating costs and carbon emissions of the PIES, this paper proceeds with the sensitivity
analysis of the P2G-CCS construction scale parameter in Scenario 4, as shown in Figure 12,
which shows that, with the increase in the P2G-CCS construction scale parameter, the
operating cost of the system is gradually reduced, and the total carbon emissions of the
system decrease first and then increase. Therefore, this paper suggests that in the system
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architecture of this paper, the value of the P2G-CCS construction scale parameter between
3 MWh and 4 MWh can better achieve the goal of the system’s low-carbon and economic
operation, and this paper chooses to introduce the P2G-CCS construction scale of 3 MW in
consideration of the environmental and economic aspects of the system’s operation.

Figure 11. Utilization map between carbon capture and storage in the system.

 

Figure 12. P2G construction scale sensitivity analysis chart.

6. Conclusions

Aimed at solving the problem of the low-carbon economic operation of a multi-energy
coupling industrial park system with wind–solar new energy, this paper proposes the
economic optimization research of an integrated energy system considering the uncertainty
of wind–solar output and P2G-CCS. Through the simulation analysis of the example, the
following conclusions can be obtained:
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1. Considering the uncertainty of wind and solar output, the proposed model can more
effectively improve the reliability, stability and economy of the IES, and reduce the
operating costs of the system.

2. The introduction of P2G-CCS can more effectively help the system to solve the problem
of wind and solar consumption, achieve the balance of energy supply, reduce the
carbon emissions of the system and achieve the goal of the low-carbon economic
operation of the system.

3. With the increase in P2G-CCS construction scale parameters, the system’s operating
costs gradually decrease. However, due to the influence of the scale of other equip-
ment architecture of the system, the carbon emissions of the system show a trend
of decreasing first and then increasing. Therefore, in the system architecture of this
paper, it is suggested that the value of the P2G-CCS construction scale parameters
should be between 3 MWh and 4 MWh.

4. The integrated energy system optimization model proposed in this paper, which takes
into account the wind and light uncertainty and introduces P2G-CCS, can greatly
improve the wind and light consumption rate, reduce the system’s operating costs and
carbon emissions, and achieve stable, efficient and environmentally friendly operation
of the system.

Since the natural gas produced by P2G is incorporated into the natural gas pipeline
to supply energy to the system’s equipment, the impact of the dynamic response of the
natural gas pipeline network on the low-carbon economic operation of the system can be
considered in future research. The hot and cold pipe network in the system has certain
delay characteristics. In future research, the optimal scheduling of the IES’s hot and cold
pipe network can be studied based on user-side comfort.
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Abbreviations

CS cold energy storage
CCS carbon capture and storage
CCU carbon capture and utilization
CSP-CHP concentrated solar power and combined heat and power
CvaR conditional value-at-risk
EL electrolysis system
ES electrical energy storage
GB gas boiler
GE gas engine
GPC generalized polynomial chaos
HGT hydrogen-doped gas units
HS thermal energy storage
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IEGS Integrated Electricity–Gas System
IES integrated energy systems
LB lithium bromide
LHS Latin hypercube sampling
MR methane reactor
PIES park integrated energy system
P2G power to gas
PDF probability density functions
PV photovoltaic power generation
S-CO2 supercritical carbon dioxide
WT wind turbine power generation
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Abstract: Reducing traffic energy consumption is crucial for smart cities, and vehicle carbon emissions
are a key energy indicator. Traffic signal control (TSC) is a useful method because it can affect the
energy consumption of vehicles on the road by controlling the stop-and-go of vehicles at traffic inter-
sections. However, setting traffic signals to reduce energy consumption will affect traffic efficiency
and this is not in line with traffic management objectives. Current studies adopt multi-objective
optimization methods with high traffic efficiency and low carbon emissions to solve this problem.
However, most methods use static weights, which cannot adapt to complex and dynamic traffic
states, resulting in non-optimal performance. Current energy indicators for urban transportation
often fail to consider passenger fairness. This fairness is significant because the purpose of urban
transportation is to serve people’s mobility needs not vehicles. Therefore, this paper proposes Multi-
objective Adaptive Meta-DQN TSC (MMD-TSC), which introduces a dynamic weight adaptation
mechanism to simultaneously optimize traffic efficiency and energy saving, and incorporates the
per capita carbon emissions as the energy indicator. Firstly, this paper integrates traffic state data
such as vehicle positions, velocities, vehicle types, and the number of passengers and incorporates
fairness into the energy indicators, using per capita carbon emissions as the target for reducing energy
consumption. Then, it proposes MMD-TSC with dynamic weights between energy consumption
and traffic efficiency as reward functions. The MMD-TSC model includes two agents, the TSC agent
and the weight agent, which are responsible for traffic signal adjustment and weight calculation,
respectively. The weights are calculated by a function of traffic states. Finally, the paper describes
the design of the MMD-TSC model learning algorithm and uses a SUMO (Simulation of Urban
Mobility) v.1.20.0 for traffic simulation. The results show that in non-highly congested traffic states,
the MMD-TSC model has higher traffic efficiency and lower energy consumption compared to static
multi-objective TSC models and single-objective TSC models, and can adaptively achieve traffic
management objectives. Compared with using vehicle average carbon emissions as the energy
consumption indicator, using per capita carbon emissions achieves Pareto improvements in traffic
efficiency and energy consumption indicators. The energy utilization efficiency of the MMD-TSC
model is improved by 35% compared to the fixed-time TSC.

Keywords: sustainable transition; energy saving; reinforcement learning; meta-learning

1. Introduction

Severe global warming has motivated people to increase their awareness of envi-
ronmental protection. The development trend of smart cities is gradually shifting to-wards
a sustainable transition [1]. Sustainable transition aims to improve traffic efficiency and
focuses on saving energy and ensuring fairness. This includes reducing carbon emissions
during driving and ensuring that all passengers have equal rights to road usage [2]. There-
fore, fairness and carbon emissions have become key indicators to evaluate the development
level of smart cities and the effectiveness of their sustainable transition initiatives.
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Traffic signal control (TSC) provides a way to manage mixed traffic flow effectively.
TSC can optimize traffic flow by reasonably setting each signal’s phases and duration [3].
Therefore, TSC has become a potentially effective method to promote energy saving. How-
ever, traffic efficiency will be decreased if energy saving is the only goal. Traffic efficiency
is one of the most important goals of a smart city [4]. An efficient transportation system
can alleviate congestion and save travel time. TSC is a crucial method to improve traffic
efficiency by regulating traffic flow in different directions at intersections based on traffic
states. Therefore, the research object is a TSC method that can simultaneously improve
traffic efficiency and reduce per capita carbon emissions under the traffic states of mixed
traffic flow and vehicle types.

Reinforcement learning has become a popular research technology for TSC due to
its ability to model and make decisions in complex environments [5]. The agents can
control the phases of traffic signals based on traffic states. TSC models the traffic state at
intersections based on the spatial characteristics of single or multiple intersections and
vehicle positions from current or previous times. Most reward functions maximize traffic
efficiency [6]. Traffic efficiency is often measured by traffic velocity and average queue
length [7]. Few papers consider sustainability, such as harmful gas emissions and safety [8].
Dynamic sequence and fixed sequence are two types of actions. In the dynamic sequence
mode, the order of phases is dynamically adjusted based on real-time traffic states and
optimization algorithms to seek the optimal control strategy. The fixed sequence mode
executes the phases in a predetermined order [9].

The current reinforcement learning methods for TSC primarily focus on ensuring
smooth traffic flow [6]. While the results of these studies often include improvements
in both traffic flow and energy saving, the main objective is typically to optimize traffic
efficiency [10]. However, even when traffic efficiency is maximized, energy saving is not
optimal, as additional factors beyond traffic efficiency, such as vehicle types and the number
of passengers, influence carbon emissions. Consequently, per capita carbon emissions are
not minimized when traffic efficiency is maximized. Traffic efficiency and per capita
carbon emissions are distinct objectives that cannot be directly substituted for each other.
Furthermore, most methods employ a fixed weighting approach to balance these two
objectives, which fails to adapt to dynamic traffic environments.

Therefore, the existing TSC methods have the following limitations: First, they mainly
focus on optimizing traffic efficiency, lacking a consideration of energy indicators such
as per capita carbon emissions, and cannot directly use energy indicators as optimization
objectives, making it difficult for the optimization results to meet the requirements of
a sustainable transition. Second, when considering the sustainable transition, existing
methods lack the consideration of fairness factors and fail to adequately address the
travel needs and experiments of different passenger groups, while fairness is an essential
component of the sustainable transition [11]. Moreover, most methods use fixed weights to
balance traffic efficiency and energy saving, which cannot adapt to dynamically changing
traffic environments. These limitations prevent existing methods from achieving the
sustainable transition and going beyond only traffic efficiency optimization.

The research question is: How can a TSC model simultaneously optimize traffic
efficiency and energy saving, incorporate fairness factors into the energy indicator, and
dynamically balance these objectives through adaptive weights based on complex and
varying traffic states?

This paper proposes the Multi-objective Adaptive Meta-DQN TSC model (MMD-
TSC). DQN is a value-based deep reinforcement learning algorithm that uses deep neural
networks to approximate the optimal Q-function (state-action value function). It can
handle large-scale, high-dimensional state spaces and is very suitable for solving complex
sequential decision-making problems. A Multi-objective DQN for TSC (TSC-Agent) was
built by integrating multiple influencing factors into the state and designing the reward
function. Based on the spatial distribution of vehicles as the state, the state adds the
dimensions of vehicle types and the number of passengers. These are vital factors that
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influence traffic efficiency and energy saving. The multi-objective reward function adopts
the weighting method. One of the objectives is queue length, and the other is per capita
carbon emission. The weights of the two indicators range from zero to one, and the sum of
these is one. An adaptive weight calculation method for traffic efficiency and per capita
carbon emissions based on the state is designed to solve the problem of static weight design.
A neural network is built to calculate the weight. It takes the state as input and weight
as output.

The challenge lies in achieving multi-objective weight adaptation; namely, how does
the algorithm train the neural network parameters for calculating the weight? Weights
are often static values. The objective will be improved if weights are dynamic values
obtained from the current traffic state. The dynamic weight is like a teacher, and the
DQN is like a student. The student learns how to control traffic signals. The teacher
determines the student’s learning objectives and adjusts the teaching progress according
to the student’s learning progress. The two cooperate to make the student’s learning
better. The teacher will adjust the objectives in time, when the student’s current learning
objectives are well-learned. This paper adopts the meta-learning approach to construct
an agent that dynamically controls weights based on traffic states. The dynamic weight
agent is designed as the actor–critic model (weight agent). The actor of the AC model is the
weight generator, and the PPO algorithm is applied to train the weight agent. Applying
the reward of the TSC agent, the weight is adjusted dynamically according to the traffic
states. When the training time of the TSC agent is greater than the threshold, the weight
agent starts to train. Then, according to the new weights, the TSC-Agent continues to be
trained, realizing cooperative learning. Figure 1 illustrates the differences between TSC
and MMD-TSC. Firstly, MMD-TSC focuses more on the passengers inside the vehicle and
optimizes based on per capita carbon emissions. Secondly, MMD-TSC constructs a weight
agent to implement a dynamic and adaptive multi-objective weight calculation.

 
Figure 1. Overview of MDD-TSC.

This paper makes the following main contributions:

• We propose an MMD-TSC model. The MMD-TSC model is a dynamic multi-objective
optimization model capable of simultaneously optimizing traffic efficiency and energy
saving, surpassing the limitations of existing methods that only focus on traffic efficiency.

• We introduce a dynamic weight adaptation mechanism in the MMD-TSC model
through a meta-learning weight agent. The model adaptively adjusts the optimization
weights of traffic efficiency and energy saving based on traffic states.

• We incorporate the per capita carbon emissions indicator as the energy indicator in the
reward function design of the MMD-TSC model to show the development level of the
sustainable transition.
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The structure of the paper is as follows. Section 2 summarizes related works. In
Section 3, it introduces the MMD-TSC background. Section 4 elaborates on the model
structure and training algorithms in detail. Section 5 describes the experimental design,
shows experiment results, and discusses the results. Section 6 draws the conclusions and
proposes future works.

2. Related Work

Deep reinforcement learning (DRL), with its ability to recognize complex environ-
ments, can be applied to decision-making problems in dynamic environments. TSC aims to
optimize traffic flow and improve efficiency by decreasing queue length and increasing ve-
locity. The DRL’s action is to determine which phases should be green. When selecting the
action, it is necessary to analyze the complex road environment and the dynamic changes
in traffic flow. Therefore, DRL can be applied to TSC. Chu et al. [3] constructed a 3D model
of the traffic intersection for state acquisition, using the vehicle position images as the
current state. They designed an end-to-end model, and the result is superior to other TSC
methods. Lin et al. [12] constructed a lane-level graph to represent the traffic intersection to
identify which lane had special situations. This microscopic design method helps represent
the relationships between lanes and discover problematic lanes. Razack et al. [7] extracted
the spatial and temporal characteristics. The results were better than other TSC models
in terms of queue length and the number of waiting vehicles. Antes et al. proposed a
hierarchical multiagent reinforcement learning approach for traffic signal control, where
regional agents aggregated information and generated recommendations. The proposed
method outperforms fixed-time and non-hierarchical RL-based approaches on a synthetic
traffic grid [13]. Abdoos et al. proposed a hierarchical reinforcement learning approach
to control traffic lights. The upper layer is responsible for predicting traffic flow based on
global information, while the lower layer makes traffic light action decisions based on the
prediction results and the conditions at the intersection. Experimental results show that this
approach is feasible in a scenario involving multiple traffic lights at 16 intersections [14].
Traffic carbon emissions account for one-tenth of the total carbon emissions in China, so low
carbon emissions is a goal of smart cities. Low carbon should have been the goal of TSC [15],
but Koch et al. [10] found that maximum traffic flow and minimum carbon emissions are
not necessarily conflicting goals. That means the two goals can be improved simultaneously.
Most of the research considers carbon emissions as a secondary goal while focusing on
traffic efficiency. Guo et al. [16] focused on the sustainability of Connected Autonomous
Vehicles (CAVs) and designed a multi-agent system that controls both traffic signals and
vehicles. The model can balance travel time and fuel use in a large-scale complex road
network. It essentially focuses on vehicles rather than traffic flow. Reddy et al. [6] focused
on potential route conflicts of lanes at intersections and designed lane-level intelligent TSC
to improve throughput and low carbon performance. Górka et al. [17] the control model
with priority, adjusts the traffic lights at intersections containing tram to reduce energy
consumption, and verifies it on a real dataset using simulation methods. Kolat et al. [18]
designed the standard deviation of the number of in-lane parking as a reward function to
improve traffic efficiency while also improving sustainability. The electric vehicles with
high velocity will have excessive energy consumption. Chen et al. [19] designed a cen-
tralized coordinated control method connecting vehicles and traffic signals to achieve a
balance between energy consumption and traffic efficiency. Only one study focuses on
optimizing carbon emissions through TSC. Kang et al. [8] built a dueling DQN to train TSC
agents to minimize harmful gas emissions. The result shows the agent can reduce carbon
emissions and improve traffic efficiency.

Fairness for passengers is a core concept of sustainability, so in addition to carbon
emissions, fairness is an important component of sustainability. Research also focuses
on fairness from perspectives of vehicle and road priority. Sun et al. [20] designed a
reward function to avoid excessive waiting for passengers and vehicles on non-main roads,
and a priority scheduling TSC method for emergency vehicles. The results increased the
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throughput of intersections, effectively solved traffic congestion, and ensured fairness.
To ensure fairness, a cost function was used to prevent the traffic signal of a lane from
being always red. Ye et al. [21] designed a hierarchical TSC model with vehicle fairness.
Vehicle fairness is the ratio of waiting time to passing time. Kumar et al. [22] designed
three TSC modes: fair mode, priority mode, and emergency mode. Each mode set vehicle
priorities according to importance. Cui et al. [23] designed traffic-network fairness from
the perspective of phase actuation fairness and network resource utilization fairness.

Traffic efficiency and energy saving are two different goals. For such multi-objective
TSC, current research focuses on three methods: (1) Pareto, (2) weighted sum (with static
weights, as well as dynamic weight represented by entropy according to traffic state),
and (3) other algorithms to balance multiple objectives. Akyol et al. [24] used heuristic
algorithms to calculate the Pareto solutions that minimize pedestrian waiting time and
carbon emissions. The results showed that MOABC (Multi-objective Artificial Bee Colony)
is better. Gong et al. [25] used a multi-objective reinforcement learning method to opti-
mize TSC, aiming to ensure both efficiency and safety. The solution for multi-objective
models is to use different models and parameter learning methods for different value
functions. Saiki et al. [26] proposed a multi-strategy multi-objective reinforcement learning
method. Zhang et al. [27] used NSGA-III (Nondominated Sorting Genetic Algorithm-III)
to solve multi-objective TSC with goals of signal control delay and traffic capacity indices.
Zhang et al. [28] designed a dynamic multi-objective reinforcement learning model to
optimize traffic signals in terms of low-carbon, efficiency, etc. The entropy weight was used
to calculate the weights under different states. Fang et al. [29] constructed a multi-agent
multi-objective collaborative reinforcement model for traffic signals across the entire road
network. The goals include traffic efficiency, safety, and network coordination. The weights
are state coefficients. Reyad et al. [30] used a static weighting method to balance traffic
efficiency and safety in TSC.

The current methods lack the process of weight optimization. This paper adopts meta
learning to train the weight agent to calculate the weight based on traffic state. There are
only two researchers studying meta-learning methods of TSC. Wang et al. [31] addressed the
problem that TSC cannot effectively make use of the potential relations of spatial–temporal
information based on a cooperative strategy. Meta learning is the Meta-Knowledge Learner
in this paper. It is applied to identify traffic flow dynamics in the road network and adjust
the parameter settings in the original spatio–temporal feature extraction. It is difficult for
the intersection agent to fully capture the influence of the adjacent intersection, resulting
in a poor agent effect. Zhu et al. [32] used meta-learning to replace the information of
adjacent intersections and serve as an intrinsic motivation method to improve performance
and stability.

3. Problem Definition

This section explains the existing approaches’ limitations to promoting sustainable
transition and proves two assumptions: (1) When defining a reward function, traffic
efficiency differs from per capita carbon emissions. So, they cannot be directly substituted.
(2) Dynamic weights for traffic efficiency and low carbon emission based on traffic state
are necessary.

3.1. Limitations of Existing Approaches to Promote Sustainable Transition

There are some practical approaches to promote traffic transition, such as promoting
shared mobility and public transportation. The goal of promoting shared mobility and
public transportation is to increase the number of passengers per vehicle and use low-
carbon vehicles [33]. Its essence is to reduce per capita carbon emissions by improving
the utilization rate of carbon emissions through multi-passenger vehicles and low-carbon
vehicles. However, this approach does not achieve its goal. On the one hand, ensuring
punctuality on public transportation is challenging due to dynamic traffic efficiency. Low
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service levels will result in insufficient attractiveness for passengers. On the other hand,
low traffic efficiency can lead to low-carbon vehicles not being low carbon.

Setting up dedicated lanes for specific vehicle types is an approach to promoting a
sustainable traffic transition, such as setting bus lanes [33]. However, this method has
limitations. First, there is insufficient road space because the additional lane allocation
requires too many road resources. Second, allocating lanes and setting traffic regulations
for different types of vehicles can only partially improve traffic efficiency. Finally, dividing
lanes by vehicle type for all roads is unsuitable because of the complex traffic flow and
traffic regulations.

In summary, promoting shared mobility, public transportation, and dedicated lanes
has limitations and is not highly applicable in various scenarios. These methods fail to
achieve a sustainable transition. Therefore, there is a need for a comprehensive traffic
management solution that can effectively regulate mixed traffic flow, such as traffic signal
control. The goal is to design a model that can adaptively balance traffic efficiency and
traffic carbon emissions based on traffic states.

3.2. Traffic Efficiency vs. Per Capita Carbon Emissions

Most of the research on TSC to improve traffic efficiency often also reduces per capita
carbon emissions [10]. However, traffic efficiency and low per capita carbon emissions are
only partially interchangeable. Under different objectives, the actions taken by the TSC
agent should be different for the same state. So, the optimal strategies targeting per capita
carbon emissions and traffic efficiency are different. This means that as long as one action
is different, the strategy is different.

Traffic state changes are Markov processes. The factors that influence traffic efficiency
are vehicle distribution and velocity. The factor influencing carbon emissions needs to add
vehicle type. The factor influencing per capita carbon emissions needs to add the number
of people in each vehicle. According to the Bellman equation as Equation (1), actions with
traffic efficiency, carbon emissions, and per capita carbon emissions as reward functions
are expressed as Equation (2).

action = argmaxa
(

R(s, a) + γ∑ P
(
s′ | s, a

)
V
(
s′
)
) (1)

action′ = argmaxa
(

R(s + Δs, a) + γ∑ P
(
s′ + Δs′ | s + Δs, a

)
V
(
s′ + Δs′

)
) (2)

V represents the state-value function, which estimates the sum of future rewards
starting from a given state. S is the velocity value of the vehicle position at the traffic
intersection, and Δs is a vehicle type and the number of people in the vehicle. Action equals
action′ only if Δs does not affect R and V. That means Δs is constant. However, because
Δs changes at any time, action equals action′ is unequal. Since s and Δs are independent
of each other, it can be similarly concluded that the actions are not entirely the same. The
conclusion indicates that when indicators are substituted for each other, different actions
will be generated, leading to various strategies. Therefore, traffic efficiency and per capita
carbon emissions are not interchangeable indicators.

3.3. Static Weights vs. Dynamic Weights

Static weights and dynamic weights refer to the fixed settings of static weights and
dynamic adaptive settings of weights for traffic efficiency and per capita carbon emissions in
the context of constantly changing traffic states [29,31]. If dynamic weights are unnecessary,
static weights will be optimal in different states. Due to the large state space, this paper
shows two typical scenarios. If the optimal weights in the two scenarios are different, it can
be demonstrated that dynamic weights are essential.

Scenario 1: peak time. There are too many vehicles at the intersection. If the weight
of sustainability is too large, it will increase congestion, contrary to traffic management
objectives. Therefore, the weight should be appropriately reduced to alleviate congestion.
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Scenario 2: off-peak time. There is very little traffic at the intersection. The traffic
efficiency is very high. If the weight of traffic efficiency is too large, the objective becomes
ineffective because the traffic velocity is already at its maximum. Therefore, the weight of
sustainable mobility should be increased.

In summary, the above examples illustrate the limitations of static weights. Adaptive
dynamic weights based on traffic states are necessary.

4. Models and Training Method

The TSC changes with the traffic state. DQN can recognize dynamic and complex
traffic states, so this method is often applied to the TSC. In this paper, the agent for TSC
is called the TSC agent, and its reward represents the long-term optimization of traffic
efficiency and sustainability.

The weights of traffic efficiency and per capita carbon emissions are dynamic. For
example, improving traffic efficiency in traffic congestion is more important, and when
road loads are low, traffic sustainability is more important. The traffic state is the basis
of dynamic weights. That is, the dynamic weight is based on the vehicle state at the
intersection. It can be expressed by Equation (3).

α = f (s) (3)

The s is the vehicle state at the intersection, f is a function that translates the vehicle
state to dynamic weights, and α is the dynamic weight. This paper designs and trains a
neural network model to fit f. The model’s input is the s, and the output is α. A is a critical
component of the reward in the TSC agent and guides the training direction. Therefore,
the TSC agent and f should be collaboratively trained to optimize the reward of the TSC
agent. Since f is also trained by interacting with the environment, reinforcement learning
algorithms should also be used as training. This agent is called a weight agent. Therefore,
the model is a multi-agent model comprising the TSC agent and the weight agent. Two
agents train together with the goal of an optimal TSC agent.

4.1. Model
4.1.1. TSC Agent

The TSC agent uses the DQN method to control traffic signals. The agent can control
the traffic signal phases to maximize efficiency and per capita carbon emissions. The TSC
agent is a DQN-based agent responsible for selecting the optimal traffic signal phase at
each time step. The traffic signal is at a typical four-way intersection, where each road
has four lanes: one left-turn lane, one right-turn lane, and two through lanes. The critical
components of the TSC agent are as follows:

State: The state captures the vehicle position distribution and driving state at the
intersection. Divide each lane into N small segments of fixed length.

For each segment i and each lane j, we record the following information:

• vi,j: the average velocity of vehicles within the segment, normalized to [0, 1].
• pi,j: the number of passengers in the vehicles within the segment.
• ci,j: the one-hot encoded vehicle type distribution within the segment, where the

number of vehicle types is C.

With M lanes and N segments, the state at time step t is a tensor st with shape (M, N,
C + 2). Equation (4) represents the expression for st

st =

[
[v0,0, p0,0, c0,0] . . .

... [vM,N , pM,N , cM,N ]

]
(4)
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To incorporate temporal information, we stack the states from the past T time steps,
resulting in a final state tensor s with shape (T, M, N, C + 2). Equation (5) represents the
expression for s.

s = [s1, s2, . . . , sT ] (5)

Action: The action space is discrete, representing the selection of traffic signal phases
as Figure 2 shows.

• Phase 1: No—h–south through traffic.
• Phase 2: E—t–west through traffic.
• Phase 3: No—h–south left-turn traffic.
• Phase 4: E—t–west left-turn traffic.

At each time step, the TSC agent selects the optimal phase at based on the state st
using an ε-greedy policy. The calculation method for at is given by Equation (6).

at =

{
argmaxaQ(st, a; θ), with probability 1 − ε

random action, with probability ε
(6)

where Q(st, a; θ) is the Q-value of action in a given state st, parameterized by θ, and ε is the
exploration rate.

 
(a) (b) 

Figure 2. Intersection layout and signal phase settings. (a) The intersection layout with through and
left-turn lanes: One left-turn lane, two through lanes, and one right-turn lane. (b) Four signal phases:
Phase 1 (NS and SN through traffic), Phase 2 (NW and SE left-turn traffic), Phase 3 (WE and EW
left-turn traffic), and Phase 4 (WN and ES through traffic).

Reward: The reward function represents the long-term optimization of traffic efficiency
and sustainability. Traffic efficiency is measured by the queue length, which is the ratio of
vehicles with zero velocity at the intersection to the number of segments. A smaller queue
length indicates higher traffic efficiency. Sustainability is measured by the average carbon
emissions per person, reflecting fairness and low-carbon transportation. A smaller value
indicates better sustainability. The reward rt at time step t is defined as Equation (7).

rt = −((1 − αt) · queueLengtht + αt · per_capita_carbon_emissionst) (7)

where αt is the dynamic weight for sustainability generated by the weight agent at time
step t.

4.1.2. Weight Agent

The weight agent can generate the dynamic weight for balancing traffic efficiency and
per capita carbon emissions in the TSC agent’s reward function. The reason for choosing to
use two agents instead of a single agent to complete this task is that the optimal balance
between traffic efficiency and per capita carbon emissions depends on the current traffic
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state. Because the states are dynamic and complex, building another agent can focus
on learning this mapping from traffic states to weights without interfering with the TSC
agent’s learning of the optimal control policy. By using different reinforcement learning
algorithms that are more suitable for each task, weight generation is decoupled from control
policy learning.

The collaborative training of the TSC agent and weight agent is a form of meta-learning.
The weight agent learns to generate an adaptive reward function for the TSC agent based
on the traffic state, helping the TSC agent learn a more effective control policy. The weight
agent follows the actor–critic architecture. The critical components of the weight agent are
as follows:

State: The state for the weight agent is the same as for the TSC agent, capturing
the vehicle position, velocity, number of passengers, and vehicle type information at
the intersection.

Action: The action of the weight agent is the dynamic weight α, which is a continuous
value between zero and one.

Reward: The intuition behind the weight agent’s reward design is that it should learn
to generate weights that maximize the TSC agent’s long-term reward. Therefore, we define
the weight agent’s reward as the TSC agent’s reward.

This formulation encourages the weight agent to find the optimal balance between
traffic efficiency and sustainability, minimizing the weighted sum of queue length and
average carbon emissions. Figure 3 illustrates the computational process of the model. Both
agents interact directly with the environment, and the weight agent provides the dynamic
weight to the TSC agent.

 
Figure 3. MDD-TSC model diagram. The model consists of two agents, the inner loop is the TSC
agent and the outer loop is the weight agent. Two agents collaborate to calculate actions and rewards,
and share memory information.

4.2. Training Process

The MMD-TSC model introduces a meta-learning approach to coordinate the training
process of the TSC agent and the weight agent. The weight agent computes weights to
guide the TSC agent towards a better control policy.

The training process involves the collaborative training of the TSC agent and the
weight agent. At each time step, the TSC agent selects an action (traffic signal phase) based
on the current state, and the weight agent generates the weight based on the same state.
The environment transitions to the next state based on the selected action and returns the
reward calculated using Equation (7). The transition tuple (st, at, αt, rt, st+1) is stored in the
replay buffer for both agents.
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4.2.1. Training Algorithms

For the TSC agent, the training follows the DQN algorithm. The Q-network is up-
dated by minimizing the temporal difference error between the predicted Q-values and
the target Q-values. The target Q-values are calculated using the Bellman equation as
Equation (8) shows.

Qtarget = rt + γmax
a′

Q
(
st+1, a′; θ

)
(8)

where γ is the discount factor and θ represents the parameters of the target Q-network.
For the weight agent, the training follows the Proximal Policy Optimization (PPO)

algorithm. The actor network is updated by maximizing the clipped surrogate objective as
Equation (9) shows.

LCLIP(φ) = Êt
[
min

(
rt(φ)Ât, clip(rt(φ), 1 − ε, 1 + ε)Ât

)]
(9)

where rt(φ) =
πφ(at |st)
πφold

(at |st)
is the probability ratio, Ât is the estimated advantage, and ε is the

clipping threshold. The critic network is updated by minimizing the mean squared error
(MSE) between the predicted state values and the target values.

The critic network Vψ(s) parameterized byψ estimates the state-value function, which
predicts the expected cumulative reward starting from state s. The critic is trained to
minimize the mean squared error between the predicted state values and the target values
as Equation (10) shows.

L(ψ) =
1
B

B

∑
i=1

(
Vψ(si)− Vtarget

i

)2
(10)

where B is the batch size, and Vtarget
i is the target value calculated using the Generalized

Advantage Estimation (GAE). The GAE is a method for estimating the advantage function
in policy gradient algorithms, which balances the trade-off between bias and variance by
combining Monte Carlo estimation and Temporal Difference (TD) estimation. The GAE
introduces a parameter λ to control the interpolation between the two estimation methods.
In the proposed approach, the GAE is used to calculate the target values for updating the
critic network, as shown in Equation (11):

Vtarget
i = ∑(γλ)tδV

i+t (11)

where δV
t = rt + γVψ(st+1)− Vψ(st) is the TD residual, γ is the discount factor, and λ is

the GAE parameter.
In summary, the weight agent learns to generate dynamic weights for balancing

traffic efficiency and sustainability in the TSC agent’s reward function. The actor–critic
architecture and the PPO algorithm enable the weight agent to adapt to the dynamic traffic
state and provide informative rewards for the TSC agent’s learning.

4.2.2. Multi-Agent Collaborative Training

(1) Information Exchange and Shared Replay Buffer

The collaborative training of the TSC agent and the weight agent involves a continuous
exchange of information between the two agents. The TSC agent relies on the weights
generated by the weight agent to calculate its reward, while the weight agent’s reward
is based on the performance of the TSC agent. The transition tuples (st, at, αt, rt, st+1) are
stored in a shared replay buffer, allowing both agents to learn from the same experiments.

(2) Training Trigger

To ensure stable training, a training trigger is implemented for the weight agent. In
the current implementation, the weight agent is trained once for every threshold step of TSC
agent training. This allows the TSC agent to adapt to the new weights before the weight
agent updates its policy. The training trigger can be adjusted based on the convergence of
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the TSC agent’s reward. For example, if the TSC agent’s reward converges, the frequency
of the weight agent’s training can be increased to further fine-tune the weights.

The appropriate value of the threshold depends on the specific problem and should
be determined through empirical experimentation. If the threshold is too small, the weight
agent will update its policy too frequently, causing instability in the TSC agent’s learning
process as it struggles to adapt to the rapidly changing weights. On the other hand, if the
threshold is too large, the weight agent’s policy updates will be too infrequent, leading to
slow convergence and suboptimal performance.

Algorithm 1 presents the pseudocode for the collaborative training process of the TSC
agent and the weight agent. The training process consists of M episodes, each with T time
steps. At each time step, the TSC agent selects an action a_t using an ε-greedy policy based
on its Q-network, while the weight agent generates a weight α_t using its actor network.
The transition tuple (st, at, αt, rt, st+1) is then stored in the shared replay buffer D. Every
threshold step, the weight agent is trained for K epochs using the PPO algorithm, updating
its actor and critic networks. Meanwhile, the TSC agent is trained at each time step by
sampling a batch of transitions from D, computing the target Q-values, and updating its
Q-network parameters. This collaborative training process enables both agents to learn
from each other and adapt to the dynamic traffic environment.

Algorithm 1 Collaborative training of the TSC agent and the weight agent.

Initialize Q-network parameters θ for TSC agent
Initialize target Q-network parameters θtarget = θ for TSC agent
Initialize actor network parameters ϕ for weight agent
Initialize critic network parameters ψ for weight agent
Initialize shared replay buffer D
for episode = 1 to M do the following

Initialize state s
for t = 1 to T do the following

Select action at for TSC agent using ε− greedy policy based on Q(s, a; θ)
Generate weight αt for weight agent using actor network π(a|s; ϕ)
Execute action at, observe reward r_t and next state st+1
Store transition (st, at, αt, rt, st+1) in the shared replay buffer D
if t % threshold == 0 then

for epoch = 1 to K do the following
Sample a batch of transitions (si, ai, αi, ri, si+1) from D
Compute probability ratio rt(ϕ) and estimated advantage t
Compute clipped surrogate objective LCLIP(φ) for the Weight agent
Compute critic loss L(ψ) for weight agent
Update actor network parameters ϕ for weight agent
Update critic network parameters ψ for weight agent

end for
end if
Sample a batch of transitions (si, ai, αi, ri, si+1) from D
Compute target Q-values using Equation (8) for TSC agent
Compute Q-network loss for TSC agent Update Q-network parameters θ for TSC agent
Update target Q-network parameters θtarget = θ for TSC agent
st = st+1

end for
end for

5. Experiments

This section shows the results of training the MMD-TSC model and controlling the
traffic flow at intersections, and evaluates the traffic conditions in the given traffic flow
using the Simulation of Urban Mobility (SUMO) v.1.20.0.
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5.1. Experiments Goals

In this section, we present an experimental evaluation of the model proposed in this
paper. The goals of our study are as follows:

(1) To demonstrate the improvement of the sustainable transition, and to compare the
performance of MAM-TSC with other weight design methods, such as single-objective
TSC and multi-objective TSC with static weights.

(2) To evaluate the influence of different traffic state segments on dynamic weights.

5.2. Experimental Setting
5.2.1. Baseline

In this section, MMD-TSC is compared with four other TSC methods. One comparison
is with single-objective TSC methods, including maximum traffic efficiency and minimum
per capita carbon emissions. The other comparison is with state weighting methods.

• FT-TSC (fixed time): Traffic lights control traffic flow by setting periodic signal changes.
This is a common baseline.

• CEP-TSC (carbon emissions priority): The reward function is to achieve maximum
cumulative traffic efficiency. Research aimed at energy saving generally targets the
minimization of harmful gas emissions [2,8]. In this paper, minimizing total carbon
dioxide emissions represents this research.

• CEQB-TSC (carbon emissions and queue length balance): Traffic efficiency and per
capita carbon emissions weights are static parameters in the reward function. Set this
parameter to equal, that is, 1:1. Research on the multi-objective optimization of traffic
efficiency and energy saving typically uses fixed weights [25,26,29,30]. In this paper, a
1:1 goal ratio serves as a representation of this research.

• QLP-TSC (queue length priority): The reward function is to achieve the minimum
queue length. Research targeting maximum traffic efficiency often focuses on mini-
mizing queue length or travel time [1,7]. In this paper, minimizing queue length is
used as a representative goal for this research.

5.2.2. Simulation Parameters

The experiments in this study are conducted using the SUMO, an open-source, mi-
croscopic, and multi-modal traffic simulation tool. The SUMO allows for the creation of
realistic traffic scenarios, including road networks, traffic demand, and vehicle behavior. It
supports the definition of traffic signal systems, which can be controlled using the TraCI
(Traffic Control Interface) API. This API enables real-time interaction between the sim-
ulation and external control algorithms, making the SUMO suitable for evaluating the
proposed multi-agent reinforcement learning approach for adaptive traffic signal control.

The corresponding SUMO simulation parameters are shown in Table 1.

Table 1. Sumo simulation parameters in experiments.

Title 1 Title 2

Steps 800
The number of vehicles 1000

Green light duration 10
Yellow light duration 4

These parameters constitute a representative set of simulation settings that effectively
capture the dynamic evolution of traffic conditions and the formation of congestion. The
simulation is conducted on an empty road network with a continuous arrival of vehicles,
resulting in a gradual increase in traffic flow throughout the simulation period.

The simulation duration is set to 800 steps, which provides sufficient time to observe
the transition of traffic conditions from free-flow to congested states. This extended simula-
tion period allows for a comprehensive analysis of the traffic dynamics and the impact of
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increasing traffic volume on road performance. With a total of 1000 vehicles, the simulation
scale is representative of a realistic traffic scenario, enabling the evaluation of traffic man-
agement strategies under conditions that closely resemble real-world traffic patterns. The
1000 vehicles consist of cars, buses, and EVs. The number of passengers in each vehicle is a
random number up to its capacity, with cars carrying 1–4 people and buses carrying 1–10
people. In addition to the difference in passenger capacity, the type of vehicle also affects
its speed and carbon emissions.

The traffic light settings, with a green light duration of ten and a yellow light dura-
tion of four, are consistent with commonly observed values in real-world traffic signal
configurations. These settings play a crucial role in the simulation, as they contribute to
the accumulation of vehicles at intersections, leading to the formation of congestion in the
latter half of the simulation period.

5.3. Results
5.3.1. Experiment Results

Figure 4 illustrates the relationship between crucial traffic indicators and time during
the traffic simulation process. The critical traffic indicators are average queue length and
vehicle waiting time. Shorter queue lengths and waiting times indicate that vehicles can
pass through intersections more quickly, improving overall traffic efficiency and reflecting
better traffic signal regulation.

 
(a) (b) 

Figure 4. Comparison of sustainability indicators among different TSC models over time. (a) Rela-
tionship between per capita carbon emissions and simulation time for each model. (b) Relationship
between cumulative carbon emissions and simulation time for each model.

Figure 4a shows that MMD-TSC performs the best at most time points. At the end
of the simulation, the queue length of MMD-TSC can be reduced to a minimal value,
indicating that this signal light regulation method can effectively manage vehicle traffic.
Compared to QLP-TSC and FT-TSC, MMD-TSC outperforms QLP-TSC at most time points,
except for the time range of 300–500. Compared to CEWB-TSC, MMD-TSC performs better
in the later stages because dynamic weights can better adapt to various traffic states to
efficiently control traffic flow through intersections.

In Figure 4b, the performance of other models varies based on the weight assigned
to traffic efficiency, with higher weights generally leading to greater efficiency. FT-TSC
outperforms QLP-TSC. Although QLP-TSC aims to maximize traffic efficiency, the waiting
time indicator may not be the best since the model’s objective is queue length. MMD-TSC
has the best overall performance, with its line at the bottom. Adaptive weight adjustment
enables MMD-TSC to improve not only on a single objective but also to comprehensively
enhance traffic efficiency.

In summary, MMD-TSC performs better than other models in reducing queue lengths
and waiting times throughout the simulation process, achieving higher overall traffic
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efficiency. This highlights the advantage of MMD-TSC in dynamically adjusting signal
lights to adapt to changes in traffic states.

Figure 5 illustrates the relationship between sustainability indicators and simulation
time throughout the traffic simulation process. The critical sustainability indicators are per
capita carbon emissions and cumulative carbon emissions. Per capita carbon emissions
are a microscopic indicator that reflects an individual’s sustainability. In contrast, cumu-
lative carbon emissions are a macroscopic indicator reflecting all vehicles’ overall carbon
emissions effect.

 
(a) (b) 

Figure 5. Comparison of traffic indicators among different TSC models over time. (a) Relationship
between average queue length and simulation time for each model. (b) Relationship between average
vehicle waiting time and simulation time for each model.

In Figure 5a, the CEP-TSC model performs the best because it aims to minimize per
capita carbon emissions. The per capita carbon emissions of the MMD-TSC model are
slightly higher than those of the CEP-TSC model only in the time range of 650–800.

In Figure 5b, QLP-TSC and CEWB-TSC are the best models for total carbon emissions.
Although CEP is the model aimed at optimal sustainability, per capita carbon emissions
are a microscopic indicator and cannot represent the macroscopic total carbon emissions.
The cumulative emissions of MMD-TSC are slightly higher in the latter half compared to
QLP-TSC and CEWB-TSC models.

From the above analysis, MMD-TSC can better promote a sustainable transition. In
most cases, MMD-TSC outperforms other models in terms of traffic efficiency and is also
close to the best model in terms of sustainability.

5.3.2. Spatial Influence Analysis on Actor of Weight Agent

To investigate which spatial locations in the traffic state have a more significant
influence on the weights and to better explain the actor model, permutation importance is
used to examine the impact of traffic environment values in different regions on the weights.

Divide the road length into proportions of 2:3:4:6, and examine the influence of each
section’s values on the results when they vary randomly. The data used are a sample of
traffic states, including uniformly collected data from the entire simulation process, totaling
100 samples.

This set of figures shows the influence of different regions at the traffic intersection on
the weights. Figure 6a–c are graphs for three time periods, with lighter colors indicating
a greater degree of influence. For time periods one, two, and three, the regions with a
high degree of influence shift backward successively, which aligns with the common sense
of vehicle flow approaching the intersection and demonstrates the reasonableness of the
model. Furthermore, with each lane approaching the intersection, only one region usually
has a significantly high degree of influence. This indicates that, even though vehicles are in
motion, only one region has a notable impact.
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(a) (b) (c)  

Figure 6. Heatmaps of the influence of different spatial locations on weights at three time periods:
(a) Time period 1, (b) Time period 2, and (c) Time period 3. The influence is standardized to a range of
0–1, and the larger the value, the greater the degree of influence. Yellow has the greatest impact here.

5.3.3. Comparative Analysis of Per Capita and Per Vehicle Carbon Emissions

Most studies focus on vehicle carbon emissions without passengers. To demonstrate
the necessity of incorporating vehicle occupancy into the model, compare the goals of per
capita carbon emissions with per vehicle carbon emissions. Then, compare the simulation
results of the minimum per capita and minimum per vehicle carbon emissions as sustain-
ability indicators. Queue length is the traffic state evaluation indicator, and cumulative
carbon emissions are the sustainability evaluation indicator.

Figure 7 is a three-dimensional graph with dimensions of time, cumulative carbon
emissions, and queue length. MMD-TSC (per vehicle) represents the model with per vehicle
carbon emissions as the sustainability objective, while MMD-TSC (per capita) represents
the model with per capita carbon emissions. As simulation time increases, cumulative
carbon emissions continuously increase. Along the time axis, the green part indicates that
MMD-TSC (per capita) performs better. At the beginning of the simulation, the cumulative
carbon emissions indicator is red, but from Figure 7c, it can be seen that there is little
difference between the two indicators. Only during the time period of 600–800, MMD-TSC
(per vehicle) has slightly better traffic efficiency. Therefore, except for the time when the
number of passing vehicles is at its maximum, MMD-TSC (per capita) is Pareto superior
to MMD-TSC (per vehicle). This suggests that, except for the case of excessive vehicle
congestion, MMD-TSC (per capita) can more effectively regulate traffic intersections for
sustainable transition. The reason is that when there are too many vehicles, excessively
weakening vehicle attributes will affect the improvement of traffic efficiency.

 
  

(a) (b) (c) 

Figure 7. The degree of influence of different locations in the intersection on the dynamic weights is
standardized to a range of 0–1. Larger values indicate a greater degree of influence. Yellow indicates
the greatest influence. (a) A 3D plot shows the relationship between simulation time, queue length,
and cumulative carbon emissions in a single graph. To provide a clearer view of the relationship
between the two indicators and simulation time, (b,c) are line graphs showing the relationship
between queue length, cumulative carbon emissions, and simulation time.
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5.3.4. Comparative Analysis of Carbon Emission Utilization

Figure 8 illustrates the gasoline consumption utilization of different TSC models. The
horizontal axis represents the simulation time, while the vertical axis represents the number
of vehicles and passengers that can drive per liter of gasoline. As the simulation time
increases, the gasoline consumption utilization of all models shows a trend of rising first
and then stabilizing. It can be seen that MMD-TSC outperforms FT-TSC by about 35% in
terms of gasoline consumption utilization. This indicates that MMD-TSC is more effective
in optimizing traffic signal control strategies, allowing more vehicles and passengers to
pass through with the same amount of gasoline consumption.

  
(a) (b) 

Figure 8. Comparative analysis of energy consumption utilization among different TSC models.
(a) Relationship between passed passengers per gasoline for each model. (b) Relationship between
passed vehicles per gasoline for each model.

6. Discussion

Reducing carbon emissions can be achieved while improving traffic efficiency. The
coordinated training mode of MDD-TSC has a better effect. In the first half of the simulation,
when traffic flow increases, but congestion has not yet occurred, the total carbon emissions
of MMD-TSC are lower. In the second half of the simulation, when vehicle congestion
occurs, MMD-TSC has better traffic efficiency and can effectively alleviate congestion
pressure. Therefore, MMD-TSC can better adapt to complex traffic environments and
provide solutions that meet traffic management requirements.

Compared to FT-TSC, the energy consumption utilization of the MMD-TSC model
has improved by 35%. With the same amount of carbon emissions, more vehicles and
passengers can pass through an intersection. However, MMD-TSC is slightly less efficient
in terms of gasoline consumption compared to QLP-TSC. On the one hand, the number of
passengers, vehicle type, and vehicle velocity can enhance the analysis of traffic states. This
enhancement positively impacts traffic efficiency. On the other hand, the QLP-TSC model
focuses on reducing queue length to improve traffic efficiency. This approach will result
in frequent changes to traffic signals, which can slightly increase gasoline consumption in
vehicles. Furthermore, the waiting time under MMD-TSC is consistently better than that of
other models. The conclusion is that, compared to QLP-TSC, the slightly lower gasoline
consumption of MMD-TSC contributes to achieving more effective traffic management.

7. Conclusions

This paper investigates the problem of current TSC models having single objectives
and multi-objective models only having static weights, making it difficult for the models to
achieve a sustainable transition. The challenge lies in constructing a multi-objective learning
model with dynamic weights and how to train the parameters. We propose the MMD-TSC
model, which realizes its functionality through the interaction of the TSC agent and the
weight agent, and alternately trains the two agents using the meta-learning approach.
Experimental results show that the MMD-agent model achieves higher traffic efficiency; in
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non-congested states, it has lower per capita carbon emission, and in congested states, it
can better ensure traffic efficiency and dynamically meet traffic management requirements.

TSC models that aim to optimize traffic efficiency can reduce carbon emissions while
improving traffic efficiency, but they cannot lower emissions to the lowest possible level.
Models with static parameters as multi-objective reward functions can better reduce carbon
emissions, but the improvement in traffic efficiency is insufficient. Moreover, they cannot
identify traffic states, making traffic efficiency not the primary objective even when the road
is congested, which does not align with traffic management requirements. The MMD-TSC
model proposed in this paper can dynamically identify traffic states, ensuring both traffic
efficiency and energy saving, thereby achieving sustainable transition. Additionally, we
find that the main factor influencing the weights is a specific region of the road.

Furthermore, this paper analyzes the gasoline consumption utilization of different
TSC models. The results show that the MMD-TSC model reduces gasoline consumption by
approximately 35% compared to the FT-TSC model. Although the gasoline consumption of
the MMD-TSC model is slightly greater than that of the QLP-TSC model, it achieves more
effective traffic management objectives.

Our work can be extended in multiple directions. On one hand, the TSC optimization
problem for single intersections can be extended to multi-intersection problems and can
be refined to lane-level navigation. The influence of pedestrians or bicyclists would also
be important. On the other hand, the application of meta-learning in TSC can be explored
to improve control precision. Future research can further investigate optimal TSC under
various variable traffic parameters, such as green light duration and signal light sequence.
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Abstract: With the continuous expansion of the power grid, the issue of operational safety has
attracted increasing attention. In power grid operation control, unauthorized operations are one of
the primary causes of personal accidents. Therefore, preventing and monitoring unauthorized actions
by power grid operators is of critical importance. First, multimodal violation data are integrated
through information systems, such as the power grid management platform, to construct a historical
case database. Next, word vectors for three types of operation-related factors are generated using
natural language processing techniques, and key vectors are selected based on generalized correlation
coefficients using mutual information, enabling effective dimensionality reduction. Independent
component analysis is then employed for feature extraction and further dimensionality reduction,
allowing for the effective characterization of operational scenarios. For each historical case, a risk
score is derived from a violation risk prediction model constructed using the Random Forests (RF)
algorithm. When a high-risk score is identified, the K-Nearest Neighbor (KNN) algorithm is applied
to locate similar scenarios in the historical case database where violations may have occurred. Real-
time violation risk assessment is performed for each operation, providing early warnings to operators,
thereby reducing the likelihood of violations, and enhancing the safety of power grid operations.

Keywords: violation dictionary construction; operation risk prediction; random forests; independent
component analysis; mutual information

1. Introduction

The smart grid plays a crucial role as a foundational platform in the Chinese national
strategy to promote energy transformation and drive innovation-led development [1]. With
the ongoing expansion of electric power infrastructure, construction safety has garnered
significant attention [2]. Enhancing risk resilience is a top priority, and strengthening grid
security must be the primary goal of grid development [3]. Grid operations face numer-
ous challenges, including a large number of operators, high personnel turnover, outdoor
construction risks, and poor working conditions, all of which contribute to potential safety
hazards. To implement the policy of “safety first, prevention foremost, and comprehensive
management”, power grid enterprises have undertaken extensive safety and anti-violation
efforts [4]. Workplace accidents pose a significant threat to employees’ health and safety.
Despite advancements in safety technology across various industries, non-compliant be-
havior remains a major contributor to workplace accidents [5]. Memarian et al. [6] argue
that the rational use of risk analysis and assessment methods is essential for effectively
mitigating risk factors in power safety production. The Southern Power Grid Corporation
embraces the safety concept that “all accidents can be prevented”. However, the current
management of power operation violations primarily focuses on site control, dispatching
safety personnel to inspect work sites, or using cameras for video surveillance. Peng [7]
proposed an object detection model, CORY-Net, combining contrastive self-supervised
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pretraining and YOLOv5 for intelligent safety monitoring on power grid construction sites.
Nevertheless, unauthorized operations are still largely identified manually by monitoring
personnel, which is inefficient [8]. Additionally, violation prevention mainly relies on
improving management systems, with little focus on assessing operational violation risks
before grid operations, making effective prevention challenging.

On-site power operations involve numerous risk factors, such as temperature, operat-
ing environment, voltage levels, and work modes, which are characterized by complexity,
dynamic changes, randomness, and uncontrollability. A scientific analysis of these risk
factors is essential for accurately assessing the risks associated with on-site power op-
erations [9]. In the complex power grid system, the diversity of data sources and the
complexity of data connotations result in multimodal and cross-modal data characteris-
tics. This means that the data contain various modalities that correspond to or interact
with one another, such as text, information tables, and more. For text data, converting
textual information into numerical representations is often required. In this context, Qaiser
et al. [10] utilized Term Frequency-Inverse Document Frequency (TF-IDF) to comprehen-
sively evaluate document content, increasing the significance of important keywords and
reducing the impact of high-frequency words. However, when the keyword “command” is
included in text data, the TF-IDF formula assigns it a low weight, despite its critical role
in operational information. Midya et al. [11] employed independent component analysis
(ICA) to extract response features for automotive fault diagnosis, simplifying computation
and aiding in system design for vehicle diagnostics and quality control. In the power sector,
Zhou et al. [12] examined the deep relationship between noncompliance and violations
using data from electric power companies, paving the way for improved workplace safety.
Awasthi et al. [13] proposed a K-Nearest Neighbor (KNN) algorithm for accurately and
efficiently classifying fault types in distribution networks with distributed generation (DG),
thereby enhancing the reliability and stability of complex distribution systems. Mao [14]
introduced a deep multi-task learning approach, addressing issues such as insufficient
feature mining and error accumulation in multi-node load forecasting by incorporating
multi-modal feature extraction and a soft-shared multi-task learning model with strong
practical value. Chang et al. [15] combined dynamic information, such as operator images
and locations, with static information derived from historical data to perform a compre-
hensive risk assessment and estimate safety probabilities. Maria et al. [16] proposed a new
algorithm for managing unexpected events in smart grids, evaluating potential impacts to
ensure smooth grid operation. Praveen [17] developed a CNN-based model for fault classi-
fication in power distribution networks integrated with distributed generation, achieving
99.52% accuracy without the need for pre-processing or feature engineering. While some
research has focused on risk prediction and prevention mechanisms for violations in field
power operations, these studies remain inadequate. There is currently no system that
provides a future operational plan combined with relevant data to predict the likelihood of
violations, key violation types, and potential issues prior to the operation. This informa-
tion, if available, would offer operators valuable insights into preventing violations before
they occur.

To address these challenges, this paper first constructs a historical case database
by leveraging multimodal historical operation data from information systems such as
power grid management platforms. Natural language processing techniques are then
applied to generate word vectors for three types of operation-related factors. Generalized
correlation coefficients based on mutual information are used to select key word vectors,
enabling efficient approximation and dimensionality reduction of the word vectors. ICA
is employed for feature extraction and dimensionality reduction, facilitating accurate
representation of operational scenarios. For each historical case, a violation risk prediction
model, built using the Random Forest (RF) algorithm, is utilized to calculate a risk score. If
the risk score is high, the KNN algorithm is applied to identify potential violations under
similar operational conditions from the historical case database. Real-time violation risk
assessment is conducted with each issued operation, providing early warnings to operators.
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This approach effectively mitigates the occurrence of violations and enhances the safety
and security of power grid operations.

1.1. Jieba Segmentation

Segmentation is a crucial task in natural language processing, involving the division of
continuous text into meaningful words or phrases based on specific rules. Unlike English,
where spaces naturally separate words, Chinese word segmentation is more complex. The
challenges arise from differing tasks, perspectives, and interpretations of what constitutes
a “word”, making it difficult to establish a universal standard for segmentation.

The Jieba segmentation tool in Python employs a comprehensive general-purpose
lexicon, making it both powerful and broadly applicable across various domains. It also
allows for the integration of a custom lexicon with the general-purpose lexicon, facilitating
efficient segmentation in specialized fields [18]. Jieba’s segmentation algorithm is based on
Hidden Markov Models (HMMs), which encompasses three distinct segmentation models:
the exact model, the complete model, and the search engine model. HMMs are statistical
models that describe a Markov process with parameters that are not directly observable.
The complete model scans all possible words in the text according to a Chinese thesaurus,
which, while fast, does not effectively resolve ambiguities. In contrast, the exact model
aims for precise segmentation, ensuring that no redundant words appear in the output.
The search engine model builds upon the exact model by re-segmenting long words to
enhance recall, albeit at the expense of introducing some redundancy in the results.

1.2. Independent Component Analysis

Independent Component Analysis (ICA) is a signal processing technique grounded in
the principle of statistical independence of mixed signals [19]. It operates by separating
observed signals into mutually independent source signals through a linear transformation.
ICA assumes that the mixed signals are linear combinations of the underlying source signals
and aims to maximize the statistical independence of the output signals by adaptively
adjusting the transformation matrix. This method has extensive applications in addressing
the challenge of separating independent components within multidimensional data.

FastICA, developed by Hyvärinen et al. [20], is a widely recognized and efficient blind
source separation algorithm in the field of multidimensional signal processing, noted for
its rapid convergence and superior performance. It aims to recover independent source
signals from mixed signals. The fundamental principles of FastICA encompass several key
processes: centering, whitening, initialization of the separation matrix, iterative updating,
and termination condition testing. By iteratively updating the separation matrix, the non-
Gaussianity of the output signal is progressively enhanced, allowing for the identification
of a transformation matrix that facilitates the blind source separation of the signals. FastICA
is particularly effective in processing non-Gaussian signals.

1.3. K-Nearest Neighbor Algorithm

The KNN algorithm is a basic machine learning algorithm for classification and
regression problems [21]. It works on the principle of classification based on the votes
of the K nearest neighbors in the feature space or regression based on the mean of these
neighbors. For a given data point, the KNN determines the class to which it belongs
by calculating the distance to its nearest neighbor training samples by majority voting.
Specifically, it uses KNN in the feature space to perform classification or regression based
on their labels. Among them, the sample distance is measured by Euclidean distance,
Manhattan distance, Minkowski distance, and cosine similarity; the choice of K value is
also particularly critical [22]. When the K value is too small, the model will be particularly
sensitive to noise and is easily affected by local noise, which leads to poor generalization
of the model to the overall data, and when the K value is too large, it easily leads to the
phenomenon of overfitting of the model.
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1.4. Random Forests Algorithm

The RF algorithm was introduced by Leo Breiman and Adele Cutler [23], who elab-
orated on the principles and applications of the Random Forests algorithm in their 2001
paper. The RF algorithm is an ensemble learning method that addresses classification and
regression tasks by aggregating the outputs of multiple decision trees. Each decision tree is
constructed using a randomly selected subset of features and a randomly selected subset of
samples. The final prediction is then determined through voting or averaging the results
from all the trees [24].

2. Construction of Grid Operation Violation Risk Prediction Model for Operation
Data Mining

This paper presents a grid operation violation risk prediction method based on opera-
tional data mining, enabling real-time violation risk assessment for each issued operation
and providing early warnings for operators. Specifically, as illustrated in Figure 1, this
violation assessment method constructs a predictive model through the processing of
multimodal unstructured data. The modeling process primarily involves the following
steps: preprocessing of multimodal unstructured data, construction of an operational
lexicon and word vector space, keyword vector filtering and dimensionality reduction,
feature extraction via ICA, violation score prediction via RF, and subsequent violation
risk assessment.

Figure 1. Flowchart for the proposed method.

2.1. Data Acquisition and Case Base Construction

Relying on the grid management platform and other information systems to obtain
multimodal data on grid operation violations, recorded as X̃ = [X̃1, X̃2, X̃3] ∈ Rn×m, its
corresponding violation label is noted as Y ∈ Rn×1, where X̃1 ∈ Rn×m1 denotes m1 factors
whose attributes are in numerical form—examples include weather temperature, latitude
and longitude of the workplace, etc.; X̃2 ∈ Rn×m2 denotes m2 factors in the form of fixed
text phrases; Y ∈ Rn×1 is the violation label. n denotes the number of historical cases, and
m = m1 + m2 + m3 denotes the number of operational factors.

In order to construct a standardized database, the multimodal historical operation
data are first preprocessed to construct word vectors of operation-related factors.

Step 2.1-1 Pre-processing of numerical form factors

For operation factors whose attributes are in numerical form X̃
i
1(i = 1, 2, . . . , m1),

normalization is performed to remove the effects of different magnitudes:

X
i,j
1 =

X̃
i,j
1 − min

(
X̃

i
1

)
max

(
X̃

i
1

)
− min

(
X̃

i
1

) (1)

where X̃
i,j
1 denotes the value of the attribute of the operational factor X̃

i
1(i = 1, 2, . . . , m1)

in the jth(j = 1, 2, . . . n) historical case; max
(

X̃
i
1

)
and min

(
X̃

i
1

)
denote the maximum and

minimum values of the attributes of the operational factor X̃
i
1(i = 1, 2, . . . , m1), respectively.
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Step 2.1-2 Pre-processing of fixed text phrase form assignment factors

For factors that fix the form of textual phrases X̃
i
2(i = 1, 2, . . . , m2), their subfactor is

used as a keyword in the operational violation dictionary. The attribute values in the factor
are counted and coded sequentially, and these values are converted to numeric vector form.

Step 2.1-3 Pre-processing of descriptive linguistic form assignment factors

For descriptive linguistic forms with the factor X̃
i
3(i = 1, 2, . . . , m3), the Jieba segmen-

tation engine is firstly employed for text segmentation. After removing low-frequency
partitions by filtering out deactivated words with low information content, a lexicon is
constructed. Subsequently, the bag-of-words (BoW) model is applied based on this filtered
lexicon, resulting in a total of J words. The frequency of each word from the lexicon ap-
pearing in the segmented results of each operational case is recorded as the corresponding
position in the J-dimensional vector. This process generates a J-dimensional vector for each
operational case, thereby establishing the word vector space by applying the previously
described procedures across all operational cases.

With the above steps, the word vector space of grid operations can be constructed,
and n operation cases are represented as a structured data matrix X ∈ Rn×J with variable
dimension J and number of samples n:

X =

⎛⎜⎜⎜⎝
x1(1) x2(1) · · · xJ(1)
x1(2) x2(2) · · · xJ(2)

...
...

. . .
...

x1(n) x2(n) · · · xJ(n)

⎞⎟⎟⎟⎠ ∈ R
n×J (2)

where the value of xj(i) denotes the value of the attribute corresponding to the jth factor or
sub-phrase in the ith historical case.

Step 2.1-4 Pre-processing of violation label

For the violation label, there are two elements: “violation” and “no violation”. “No
violation” is coded as 0, while “violation” is coded as 1.

2.2. Key Segmentation Extraction and Classical Word Vector Space Construction

To address the challenges posed by the high-dimensional sparse word vector matrix,
this paper introduces a keyword vector extraction method grounded in mutual information.
First, the mutual information between each keyword in the dictionary and the violation
label is calculated. Subsequently, correlation coefficients based on this mutual information
are computed, enabling the selection of word vectors with higher correlation coefficients as
keywords. The specific steps involved in this process are outlined below.

Step 2.2-1 Mutual information between segmentation and violation label

For the high-dimensional sparse word vector matrices, the mutual information be-
tween each keyword in the dictionary and the violation label is first calculated:

I(Xj, Y) = H(Xj) + H(Y)− H(Xj, Y) (3)

where Xj =
[
xj(1), xj(2), . . . , xj(n)

]T denotes the jth(j = 1, 2, . . . , J) segmentation, H(Xj)
is the information entropy of the segmentation Xj:

H(Xj) = −
∫

x
p(Xj) log p(Xj)dx (4)

H(Y) is the information entropy of the violation label Y:

H(Y) = −
∫

y
p(Y) log p(Y)dx (5)
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H(Xj, Y) is the joint information entropy of the partition Xj and Y:

H(Xj, Y) = −
�
xj ,y

p(Xj, Y) log p(Xj, Y)dxjdy (6)

where p(Xj) and p(Y) denote the probability density functions of the variables Xj and Y,
and p(Xj, Y) =

�
xj ,y

p(x, y)dxjdy is the joint probability density function.
Step 2.2-2 Generalized correlation coefficients for segmentation and violation Label

The generalized correlation coefficients of the segmentation Xj and segmentation Y
are obtained based on the mutual information derived from Equation (6):

rXj ,Y = r(Xj, Y) =
I(Xj, Y)

min
(

H(Xj), H(Y)
) (7)

where rXj ,Y ∈ [0, 1].
Step 2.2-3 Filtering of keywords

If the correlation coefficient rXj ,Y of the jth segmentation with the label Y is greater
than the threshold δ, it means that the segmentation is a keyword:

rXj ,Y = r(Xj, Y) > δ (8)

Otherwise, the segmentation is considered to contain less information and discarded,
where the threshold δ is selected in practice based on the mean value of the mutual
information values between the calculated segmentation and the violation label.

Step 2.2-4 Construction of key segmentation lexicon and word vector matrices

After filtering out the keyword segments through the previous step, the key lexicon of
historical cases is built and the word vector matrix is constructed as

�
X =

⎛⎜⎜⎜⎜⎝
�
x 1(1)

�
x 2(1) · · · �

x J(1)
�
x 1(2)

�
x 2(2) · · · �

x J(2)
...

...
. . .

...
�
x 1(n)

�
x 2(n) · · · �

x J(n)

⎞⎟⎟⎟⎟⎠ ∈ R
n×J (9)

where the value of
�
x k(i) denotes the attribute value corresponding to the kth key segmen-

tation in the ith historical case, and J is the number of key segmentations.

2.3. Feature Extraction and Operational Scenario Characterization

To further extract the underlying information from the word vector matrix, this paper
employs ICA for feature extraction and dimensionality reduction. The identified potential
features serve as characterizations of the operational scenarios for each historical case in
the subsequent steps.

Step 2.3-1 Whitening process

Whiten the sparse high-dimensional word vector matrix
�
X obtained in Equation (9):

Z = Λ−1/2UT
�
X = Q

�
X ∈ R

n×J (10)

where matrix Z is the whitened data, Q = Λ−1/2UT is the whitened matrix, and U and Λ
are the orthogonal eigenvector array and eigenvalue diagonal array obtained by eigenvalue

decomposition of the covariance matrix E(
�
X
�
X

T
), respectively.

Step 2.3-2 Low-dimensional feature extraction
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Mapping the high-dimensional word vector matrices to the low-dimensional space
using FastICA yields the independent principal element matrices:

S = WZT =

[
W1:p

Wp+1:J

]
ZT ∈ R

J×n (11)

where S denotes the independent principal elements and p is the number of retained
principal elements; W is the decomposition matrix, the solution of which can be solved iter-
atively according to the non-Gaussian maximization principle using the FastICA algorithm
proposed by Hyvarine [17].

In this way, with minimal loss of information, the operational scenarios for each
historical case are characterized as a few of the most representative independent principal
elements:

S̃ = ZWT
1:p =

⎡⎢⎢⎢⎣
s1(1) s2(1) · · · sp(1)
s1(2) s2(2) · · · sp(2)

...
...

. . .
...

s1(n) s2(n) · · · sp(n)

⎤⎥⎥⎥⎦ (12)

2.4. Modeling of Violation Risk Estimation

To facilitate the estimation of violation risk within a specific operational scenario, it
is essential to develop a prediction model that incorporates both the operational scenario
representation vector and the violation risk indicator. The key steps involved in this process
are described below.

Step 2.4-1 Violation risk indicators

For the ith historical case, the KNN method is used to find the operational cases under
similar operational scenarios in the historical case database, and the distance between the
two cases is calculated:

dij =
√

∑p
t=1 (si(t)− sj(t))

2 (13)

Select the K cases closest to S̃i, noted as N(S̃i) =
{

S̃i
1, S̃i

2, · · · , S̃i
k

}
, and find the

corresponding violation label y(S̃i) =
{

y1
i , y2

i · · · , yk
i

}
.

The probability of violation is calculated as an indicator of the risk of violation under
the operational scenario of the ith historical case:

p(S̃i) =
sum(y(S̃i))

k
=

∑k
t=1 yt

i
k

(14)

where k can be determined using a cross-validation algorithm.
Step 2.4-2 Violation risk estimation modeling

The RF algorithm is utilized to construct the prediction model of operational key
factors and violation risk indicators, the structure of which is shown in Figure 2. S̃ =
(S̃1, S̃2, . . . , S̃n) is the input layer data, Yp = (p(S̃1), p(S̃2), . . . , p(S̃n)) is the output layer
data, and the RF model consists of multiple decision trees, each of which is a type of
base learner. The input layer data is transmitted to each decision tree, where each node
represents a decision based on a feature of the input data. The RF algorithm aggregates the
outputs of all decision trees through voting or averaging to ultimately produce a prediction
of the target variable. The construction of each decision tree introduces diversity into
the model by randomly selecting subsets of samples and features. The overall RF model
enhances its predictive capability by adjusting model parameters and the number of trees
while minimizing loss functions, such as the root mean square error, to achieve an accurate
prediction model.
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Figure 2. Model structure of RF.

2.5. Risk Prediction of Behavioral Violations in Operational Tasks

In order to realize the violation risk assessment of the grid operation, it is necessary to
predict the violation risk in advance according to the operation scenario when the operation
is issued, the specific steps for which are described below.

Step 2.5-1 Pre-processing of data for the online operations work plan

When a grid operation is planned, its operation factors can be represented as
x̃ = [x̃1, x̃2, x̃3] ∈ R1×m, where x̃1 ∈ R1×m1 denotes m1 factors whose attributes are in
numerical form; x̃2 ∈ R1×m2 denotes m2 factors in the form of fixed text phrases; and
x̃3 ∈ R1×m3 denotes m3 groups of factors in descriptive language.

Step 2.5-2 Pre-processing of numerical type factors for the online operations

work plan

For numerical type factors, normalization is performed using the minimum and
maximum values of the operational factors in Step 2.1-1:

xi
1 =

x̃i
1 − min(X̃i

1)

max(X̃i
1)− min(X̃i

1)
(15)

Step 2.5-3 Constructing keyword vectors for the online operations work plan

Using the key dictionary developed in Step 2.2-4, a keyword vector is constructed to
represent the current grid operation task scenario.:

�
x = [

�
x (1)

�
x (2) · · · �

x (J)] ∈ R
1×J (16)

Step 2.5-4 The whitening vector of the online operations work plan

Using the whitening transformation matrix obtained in Step 2.3-1, the whitening
vector for the current grid operation task scenario is derived:

z = Q
�
x ∈ R

1×J (17)

Step 2.5-5 Independent principal element representation of the online operations

work plan

Using the decomposition matrix obtained in Step 2.3-2, the independent principal
element representation for the current grid operation task scenario is derived:

s̃ = zWT
1:p = [s1 s2 · · · sp] ∈ R

1×p (18)

Step 2.5-6 Violation risk indicators for the online operations work plan

The independent principal element representation under the current grid operation
task scenario is input into the RF prediction model obtained in Step 2.4-2 to calculate the
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violation risk indicator p(s̃) for the current grid operation task scenario. When this indicator
is relatively large, the violation situation of cases under similar operation scenarios in the
historical case database is searched, and the corresponding violation dictionary is queried
to provide a reference for the grid operator to effectively reduce the occurrence of violation
behaviors and provide safety for the grid operation.

3. Application and Analysis of Results

3.1. Data Presentation and Pre-Processing

A total of 24,001 operational data points from January–July 2022 were obtained from a
power grid company, and 21,715 historical cases were derived by removing data cases with
incomplete information. A total of 90% of the data were randomly selected as historical
cases to construct a case database. Therefore, 19,544 data points were used for model
training and the remaining 2171 data points were used as testing data. As shown in Table 1,
each piece of operational data contains 17 operational factors, X̃ = [X̃1, X̃2, X̃3] ∈ R19544×17

Among them, X̃1 ∈ R19544×5 denotes five factors whose attributes are in the form of
numerical values, including { Longitude of the operating site, Latitude of the operating site,
Maximum temperature on working days, Minimum temperature on working days, Voltage
level}; X̃2 ∈ R19544×11 represents 11 factors in the form of fixed text phrases, including
{ municipal bureau, Supervisory levels, systematic classification, Project management
units, Operating units (shifts), Main body of operation, Task origin, Type of operation,
Professional fields, Risk levels and Operation methods}; X̃3 ∈ R19544×1 represents the
descriptive language factor “ Operational plan implementation contents”; and Y ∈ R19544×1

is the violation label, which is transformed into a numeric form with the attribute value {1,
0}, where 1 means “violation” and 0 means “ no violation”.

Table 1. Example of a numerical factor in an operational plan.

Operational Influencing Factors Examples of Contents Factors Format

Municipal bureaus XX Power Supply Bureau

Fixed texts

Supervisory levels Prefectural level
systematic classification Supervision system

Project management units XX Power Supply Bureau
Operating units (shifts) XX XX Development Ltd.
Main body of operation Home unit, outside unit

Task origin Infrastructure
Type of operation Infrastructure type
Professional fields Power transmission

Risk levels Medium
Operation methods Non-stop power supply

Operating site longitude (◦) 104.95764

Numeric data
Operating site latitude (◦) 26.54658

Maximum temperature (◦C) 14
Minimum temperature (◦C) 5

Voltage level 35 kV

Operational plan implementation
contents

35 kV Guan Steepening Line
to 110 kV Stroke Field

Substation 35 kV Project (P53
Pylon Establishment)

Descriptive Language
Texts

In this case, relying on the grid management platform and other information systems
to obtain the data from the database of grid operation violation behavior is noted as
X̃ = [X̃1, X̃2, X̃3] ∈ R19544×17, and its corresponding violation label is noted as Y ∈ R19544×1.
Following the data preprocessing method outlined in Section 2.1, a word vector space
for grid operations is constructed. Attributes such as “temperature” and “longitude”,
represented as numerical data, are processed for their magnitudes. A factor dictionary is
created to quantify these attribute values and convert them into numerical vector form; for
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instance, the factor “Task Origin” encompasses three textual attributes—{Infrastructure,
Marketing, Production}—which are encoded as {1, 2, 3}. For the descriptive language of
the factor “Operational Plan Implementation Contents”, the Jieba segmentation engine
is employed to segment the text. Words with low information content are filtered out
by setting deactivation words, resulting in a total of 8675 filtered segments that include
key descriptors relevant to grid operations, such as “Operations”, “Site”, “Switch”, and
“Ticket”. After removing less frequent segments, 113 segmentation entries are retained.
The bag-of-words (BoW) model is then utilized to establish the word vector space, leading
to the formation of a structured data matrix that represents 19,544 operation cases across
113 variable dimensions and 19,544 samples, with the initial word cloud illustrated in
Figure 3.

Figure 3. Word cloud map of initial segmentation.

3.2. Keyword Dictionary Construction and Feature Extraction Results

To extract fault-related key segments, the mutual information between each segment
and the violation label in the dictionary is first calculated. Subsequently, the correlation
coefficients based on the mutual information are computed, allowing for the selection
of word vectors with larger correlation coefficients as key segments. Through practical
analysis, it has been determined that a correlation coefficient rXj ,Y > 0.22 between a segment
and the violation label qualifies that segment as a key segment. Figure 4 illustrates the
mutual information of each segment in the lexicon relative to the violation label, with the
horizontal axis representing the lexicon keywords (such as “violation”, “operation”, etc.)
and the vertical axis indicating the mutual information value between each corresponding
keyword and the violation occurrence.

Figure 4. Mutual information between key segmentations and violation tags.

Finally, a total of 26 key sub-words, such as “Violation”, “Personnel”, “Site”, “ Work”,
“Violate”, “Insulation”, “Ticket”, etc., are screened as shown in Figure 5 to establish the
keyword dictionary for the historical cases and construct the word vector matrix.
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Figure 5. Word cloud map of key segmentations (26 words.).

Subsequently, the 26-dimensional sparse high-dimensional word vector matrix is
processed using the ICA algorithm. Through whitening and FastICA, the high-dimensional
word vector matrix is mapped to a low-dimensional space, resulting in a 3-dimensional
independent principal matrix. Figure 6 illustrates the independent principal components
of the historical cases. The ICA algorithm is employed for feature extraction, effectively
mapping the high-dimensional word vector matrix to the low-dimensional space, where
the most representative features are selected as the operational scene representations for
each historical case, ensuring minimal loss of information.

 

Figure 6. Independent feature representation of historical casework scenarios.

3.3. Operational Risk Prediction Modeling and Online Assessment Results

When establishing the operational risk prediction model, for each historical case, the
KNN algorithm is used to find operational cases under similar operational scenarios in the
historical case database, and the probability of violation of the k historical operational cases
in the nearest neighbor is statistically analyzed and used as the violation risk indicator
under the operational scenario. The RF algorithm is used to construct the estimation model
of operation key factors and violation risk index, S̃ = (S̃1, S̃2, . . . , S̃19544

)
is the input data,

Yp =
(

p(S̃1), p(S̃2), . . . , p(S̃19544)
)

is the output data, the number of decision trees is set
to 100, the minimum number of leaf nodes is set to 5, the out-of-bag error estimation is
turned on, and the importance of features is calculated, which is used for evaluating the
performance of the model.

To validate the effectiveness of the proposed grid operation violation risk prediction
algorithm, a total of 2171 grid operation tasks were evaluated. The RF algorithm employed
in this study was compared against six other algorithms: Extreme Learning Machine
(ELM), Radial Basis Function (RBF) neural network, Back Propagation (BP) neural network
along with its variants—Genetic Algorithm-Back Propagation (GA-BP) and Particle Swarm
Optimization-Back Propagation (PSO-BP)—as well as a Convolutional Neural Network
(CNN). The differences between the predicted and actual values of violation risk for all
models on the testing set are illustrated in Figure 7.
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Figure 7. Predicted error on the testing set for different models.

To gain a more comprehensive understanding of the advantages of the proposed
method, a comparative analysis was conducted with other algorithms based on three key
metrics: R2 (i.e., coefficient of determination), MAE (mean absolute error), and MBE (mean
bias error). The comparison of R² values for the training and testing sets across different
algorithmic models is presented in Figure 8, while the comparisons of the MAE and MBE
metrics are summarized in Tables 2–4.

Figure 8. Comparison of R2 values for different models.

Table 2. Comparison of R2, MAE, and MBE metrics for initial word vector space.

Models
Indicators

ELM RBF BP GA-BP PSO-BP CNN RF

R2
Training set 0.3165 0.4182 0.4861 0.5353 0.5390 0.6165 0.8232
Testing set 0.2414 0.3851 0.4692 0.4791 0.4797 0.4847 0.5728

MAE
Training set 0.3501 0.3104 0.2691 0.2443 0.2314 0.2251 0.1228
Testing set 0.3924 0.3472 0.2949 0.2768 0.2722 0.2741 0.2374

MBE
Training set −0.0170 −0.0195 −0.0051 0.0259 −0.0192 0.0036 0.0019
Testing set 0.0505 −0.0142 0.0296 0.0679 0.00378 0.0165 0.0130

First, the performance metrics considered are R², MAE, and MBE. The R² metric is
a statistical measure used to evaluate the fit of a regression model to the data, assessing
how well the predicted values align with the actual observed values. Its range is from 0 to
1, where a value of 0 indicates poor predictive accuracy, while values closer to 1 suggest
higher accuracy, with 1 signifying perfect prediction. MAE is commonly employed to assess
the accuracy of predictive models; it represents the average of the absolute differences
between predicted and actual values. Similarly, MBE measures predictive accuracy and is
calculated as the average of the differences between predicted and actual values, divided
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by the total number of samples. A more accurate model will yield a smaller absolute value
of MBE, ideally approaching zero.

Table 3. Comparison of R2, MAE, and MBE metrics for Keywords vector space.

Models
Indicators

ELM RBF BP GA-BP PSO-BP CNN RF

R2
Training set 0.3376 0.4031 0.5839 0.5745 0.5586 0.5888 0.8173
Testing set 0.2955 0.3492 0.4797 0.4810 0.4816 0.5006 0.5757

MAE
Training set 0.3461 0.3199 0.2084 0.2088 0.2176 0.2368 0.1231
Testing set 0.3830 0.3554 0.2561 0.2519 0.2510 0.2794 0.2272

MBE
Training set −0.0168 −0.0182 0.0013 −0.0021 −0.0028 0.0028 0.0014
Testing set 0.0185 −0.0191 0.0141 0.0087 −0.0030 0.0089 −0.0125

Table 4. Comparison of R2, MAE, and MBE metrics for dimensional vector space.

Models
Indicators

ELM RBF BP GA-BP PSO-BP CNN RF

R2
Training set 0.9210 0.7758 0.9404 0.9442 0.9453 0.9494 0.9971
Testing set 0.4348 −0.0551 0.6386 0.6941 0.7403 0.7776 0.9237

MAE
Training set 0.0653 0.1204 0.0548 0.0518 0.0497 0.0511 0.0107
Testing set 0.0661 0.1062 0.0545 0.0499 0.0412 0.0492 0.0227

MBE
Training set −0.0052 −0.0234 0.0005 −0.0025 −0.0008 −0.0021 0.0001
Testing set 0.0230 0.0897 0.0206 0.0168 0.012 0.0087 0.0132

The analysis reveals that, for the performance indicator R2, the RF algorithm achieves
values closer to 1 in both the training and testing sets. It indicates that the RF algorithm
exhibits stronger explanatory power for the target variables compared to other algorithms,
effectively capturing the relationship between independent and dependent variables. No-
tably, in the testing set, the RBF algorithm yields a negative R2 value when it processes
3-dimensionality-reduced data. This may be attributed to the limited information present
in low-dimensional data, which restricts the model’s fitting capability and hinders its
generalization. Additionally, for the performance metric MAE, the RF algorithm model
demonstrates relatively lower values in both the training and testing sets, indicating that
the prediction results obtained through the RF algorithm are more accurate than those
of the comparative algorithms. Finally, regarding the performance metric MBE, the RF
algorithm shows smaller values that are closer to zero in both training and testing sets,
signifying that the RF algorithm predictions are largely consistent with the actual values.

Furthermore, the comparative analysis presented in Tables 2–4 demonstrates the
significance of processing steps such as removing low-frequency words, keyword extrac-
tion, and feature extraction. This approach not only helps avoid the pitfalls associated
with high-dimensional data but also allows for the selection of key participles that effec-
tively characterize job construction scenarios, as evidenced by the comparison between
Tables 2 and 3. The resulting low-dimensional vector representation of the field operation
plan text is achieved while maintaining prediction accuracy. Additionally, FastICA effec-
tively extracts the latent information from the keyword vector matrix, enabling further
feature extraction and dimensionality reduction. A comparison of Tables 3 and 4 indi-
cates that this dimensionality reduction operation produces a vector representation that
significantly enhances the probability of violation risk prediction.

In summary, a comprehensive comparison of various algorithms reveals that the RF
algorithm developed in this study achieves an R2 value of 92.37% on the testing set. It
indicates that the model effectively leverages information from current operational scenar-
ios to predict violation risks in real-time. Furthermore, it provides relevant early warning
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information to operational staff when issuing commands, specifically regarding common
violations observed in similar historical cases. This proactive approach significantly reduces
the likelihood of violations and ensures the safe operation of the power grid. In comparison
to other algorithms, the proposed method demonstrates superior performance in terms of
both accuracy and robustness.

4. Conclusions

This paper analyzes the multimodal grid historical violation operation data from
January to July 2022 of a power company and constructs a historical case database. Based
on the Jieba partition and bag-of-words model, the different modal data have been pro-
cessed to construct the initial word vector space, which realizes the numerical structural
description of the historical grid violation operation cases. In order to remove the redun-
dancy of the initial lexicon, a novel key feature extraction strategy has been designed to
extract the keywords based on mutual information, construct the keyword vector space of
historical cases, and introduce the ICA algorithm to realize the dimensionality reduction
characterization of the word vector space. After that, a RF algorithm is utilized to construct
a grid operation violation risk prediction model. The proposed method can realize real-time
assessment of violation risk, so as to effectively reduce the occurrence of violations and
provide a safety guarantee for power grid operation.
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Abstract: This paper addresses the challenge of degradation prediction in proton-exchange membrane
fuel cells (PEMFCs). Traditional methods often struggle to balance accuracy and complexity, particu-
larly under dynamic operational conditions. To overcome these limitations, this study proposes a
data-driven approach based on the gated recurrent unit (GRU) neural network, optimized by the grey
wolf optimizer (GWO). The integration of the GWO automates the hyperparameter tuning process,
enhancing the predictive performance of the GRU network. The proposed GWO-GRU method was
validated utilizing actual PEMFC data under dynamic load conditions. The results demonstrate
that the GWO-GRU method achieves superior accuracy compared to other standard methods. The
method offers a practical solution for online PEMFC degradation prediction, providing stable and
accurate forecasting for PEMFC systems in dynamic environments.

Keywords: proton-exchange membrane fuel cells; degradation prediction; durability test; gated
recurrent unit; grey wolf optimizer; accuracy; complexity

1. Introduction

As a leading technology in the field of clean energy, proton-exchange membrane fuel
cells (PEMFCs) offer a promising solution for sustainable power generation due to their
high efficiency and low emissions [1–3]. The advantages of PEMFCs include high power
density, compact size, being lightweight, and having a low operating temperature [4].
Therefore, PEMFCs have been widely applied in various fields, from transportation to
stationary power generation and portable electronics [5,6].

Nevertheless, widespread adoption of PEMFCs is hindered by issues related to degra-
dation over time, which impacts their performance and reliability [7]. The degradation of
a PEMFC stack is mainly caused by the degradation of membranes, including physical
defects and chemical degradation. Physical defects, such as cracks and pinholes, mainly
caused by repeated swelling and shrinking of the membrane during operation, can exacer-
bate fuel permeation and reduce proton selectivity. Chemical degradation can be attributed
to the attack of side reaction products such as hydrogen peroxide on the weak parts of
the membrane, reducing the proton conductivity and overall durability of membranes [8].
Factors such as membrane degradation, catalyst poisoning, and water and thermal man-
agement challenges contribute to the gradual decline in efficiency and output of PEMFC
systems [9,10]. The degradation not only reduces the operational lifespan of the fuel cells
but also increases maintenance costs and the risk of unexpected failures. Therefore, accurate
prediction of PEMFC degradation is crucial for enhancing the longevity and efficiency of
PEMFCs, as well as for optimizing maintenance schedules and ensuring operational safety.
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In the realm of PEMFC degradation prediction, a number of methodologies have
been explored. These methods can be broadly categorized into three main approaches:
model-driven, data-driven, and hybrid approaches [11].

Model-driven approaches predict the degradation trend of PEMFCs by creating degra-
dation models based on physical and chemical principles. These models are obtained
through analyzing the ageing mechanism [12] or fitting empirical formulas [13]. Pei
et al. [14] revealed the important effect of hydrogen crossover on fuel cell ageing, then
developed a series of linear and nonlinear formulae to evaluate the lifetime of fuel cells.
Wang et al. [15] proposed a new degradation model based on polarization resistance which
was combined with a particle filter (PF) to forecast the future degradation trend of PEMFC.
Ao et al. [16] utilized a frequency-domain Kalman filter to predict PEMFC voltage degra-
dation under constant and dynamic conditions and concluded that the FDKF method
offers superior accuracy and reduced computation time compared to the extended Kalman
filter (EKF) method. Model-driven approaches offer detailed and explicable predictions
of PEMFC degradation, but existing models have difficulties in explaining the nonlinear
features in a degradation profile.

Data-driven approaches utilize machine learning and artificial intelligence techniques
to forecast degradation trends. These approaches analyze and predict the ageing process of
PEMFCs based on historical data without establishing complex physical or mathematical
models. Many sorts of neural network approaches are extensively utilized in PEMFC
prognostics [17]. Convolutional Neural Networks (CNNs) can effectively extract local
degradation features from measurement data while maintaining high computational effi-
ciency, and they were first utilized for PEMFC prediction in 2020 [18]. Benaggoune et al. [19]
proposed a multi-step-ahead prediction of PEMFC degradation trends based on a stacked
dilated CNN with an attention block, then developed a conditional CNN to track long-term
ageing trends. Recurrent neural networks (RNNs) have attracted widespread interest in
regard to fuel cell performance prediction due to their ability to handle sequential data
and capture temporal dependencies. However, traditional RNN structures face significant
challenges like gradient explosion and gradient vanishing [20]. To overcome this, various
variants of RNNs have been utilized, such as long short-term memory (LSTM) [21,22],
gated recurrent unit (GRU) [23], and echo state network (ESN) [24,25]. Zuo et al. [26]
applied an attention mechanism to RNNs, comparing the predictive performance of two
RNN architectures, LSTM and GRU, in long-term durability tests of fuel cells. It was
demonstrated that the attention-based GRU showed the highest precision. Recently, the
transformer model has also been gradually applied to PEMFC prediction. Lv et al. [27]
utilized the transformer model for PEMFC long-term degradation prediction for the first
time. Meng et al. [28] employed the segmented filtering and masking mechanisms to tackle
the issues of the recovery of reversible voltage, which significantly improved the prediction
accuracy. In addition, a variety of other deep learning methods have been applicated
in PEMFC degradation prediction. For instance, Wu et al. [29] proposed an advanced
self-adaptive relevance vector machine (RVM) for PEMFC performance prediction. While
data-driven approaches are model-free, their reliance on data quality and availability can
be a limitation.

Hybrid approaches integrate the model-driven approaches and data-driven approaches
to improve prediction accuracy and robustness. Ma et al. [30] utilized a hybrid method
based on extended Kalman filter (EKF) and LSTM to forecast the PEMFC degradation trend
under multiple operational conditions. To overcome the drawback of LSTM in parallel
computing, Hu et al. [31] utilized a transformer model to forecast the trend and local fluc-
tuation information of the ageing factor, while the ageing factor was described by a Wiener
process model. Peng et al. [32] emphasized the impact of health recovery phenomena on
PEMFC prognostics. The entire prediction process was divided into voltage prediction with
recovery identification, trend prediction, and fluctuation prediction, and the results were
then obtained through a hybrid approach based on particle filter (PF) and random forest
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(RF). Hybrid approaches offer enhanced accuracy compared to model-driven or data-driven
approaches but face problems in terms of high complexity and computational cost.

Traditional methods for predicting PEMFC degradation often face limitations in terms
of striking a balance between accuracy and complexity, particularly when dealing with
complex, dynamic operating conditions. This paper aims at presenting a data-driven
method with high precision and simplicity to perform PEMFC degradation prediction.
Among the variants of RNNs, LSTM is the most commonly applied in PEMFC degradation
prediction. However, a GRU exhibits comparable performance with a simpler structure
and fewer parameters. Considering these advantages, this paper establishes a prediction
framework based on GRU.

The precision of the degradation prediction is not only related to sample selection
but also to the hyperparameter of the GRU network. To further improve the predictive
performance, this paper introduced a grey wolf optimizer (GWO) to optimize the hyper-
parameters of the GRU network. Thus, this article presents a gated recurrent unit model
integrated with a GWO algorithm (GWO-GRU) to predict the PEMFC degradation. The
main contributions of this paper are given as follows:

(a) This paper establishes a data-driven framework based on a gated recurrent unit (GRU)
network to model the PEMFC degradation process. Compared with other RNNs,
GRU has a more concise architecture and can provide a similar nonlinear prediction
performance.

(b) A grey wolf optimizer (GWO) is integrated with the GRU framework to automati-
cally adjust the parameters and structure of the network, which effectively improve
prediction performance and balance the precision and complexity.

(c) The performance of the proposed method was validated based on durability test data
of PEMFCs under actual operating conditions, exhibiting high precision and stable
generalization performance.

The remainder of this paper is organized as follows. Section 2 provides a detailed
description of the PEMFC degradation data and data-processing procedure. Section 3
explains the prediction method in this article and its detailed implementation steps.
Section 4 validates the performance of the presented method and provides an analysis of
the prediction results. Finally, in Section 5, conclusions are drawn.

2. Data Acquisition and Preprocessing

The data utilized in this paper were acquired from the IEEE PHM 2014 Data Challenge,
provided by the FCLAB Research Federation [33]. FCLAB conducted two experiments on
the PEMFC test bench shown in Figure 1a, and critical data were recorded for developing
a new technique in PEMFC prognostics and health management. The first experiment is
conducted under constant load conditions. A 1 kW PEMFC stack consisting of five cells
operated under a constant current of 70 A for more than 1100 h. The second experiment
is a durability test under dynamic load conditions, and the experimental parameters are
illustrated in Table 1. In the second experiment, a 70 current with 7 A high frequency
ripples was applied to another identical PEMFC stack for more than 1000 h, and the data
collected were utilized in this paper for model training and validation. The current curves
in the two experiments are illustrated in Figure 1b.

Table 1. Experimental parameters during the second experiment.

Parameter Value

Number of cells 5
Active area 100 cm2

Stack rated current 70 A with 7 A oscillations
Temperature 54 ◦C

Hydrogen pressure 1.3 bar
Relative humidity 50%
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Figure 1. PEMFC durability test. (a) Test bench in FCLAB. (b) Constant and dynamic currents in the
two experiments.

Some key physical parameters were recorded through the test bench, including volt-
age, temperature, pressure, etc. The voltage curves of the two experiments are shown in
Figure 2. The initial voltage under dynamic load is slightly higher than that under constant
load, which may be attributed to the different initial responses of the active load under
two different conditions. Nevertheless, it does not affect the voltage degradation trend.
It is obvious that the stack voltage of both PEMFC stacks decrease with increasing exper-
imental time and that dynamic load conditions accelerate the ageing process of the fuel
cell stack. Therefore, the voltage degradation can indicate the degradation process of the
PEMFCs, to some extent. During the test, characterization experiments were conducted ap-
proximately every week, including the polarization curve and electrochemical impedance
spectroscope (EIS) measurement. After the characterizations, the PEMFC system recovered
from reversible failures, leading to noticeable voltage recovery phenomena. These recover-
ies significantly enhanced the nonlinear features of the voltage profiles, especially under
dynamic operational conditions.

Figure 2. Degradation voltage profiles under constant and dynamic load conditions.

In the PEMFC durability test under dynamic load conditions, more than 120,000 data
points are obtained, and the voltage signal shows many noises and spikes, presenting chal-
lenges in terms of accurate prediction. Therefore, the original data have to be preprocessed
before being utilized in model training. The raw data are reconstructed by calculating the
average values per half hour; then, the data volume is reduced to 2042.

Subsequently, a Savitzky–Golay filter is applied for data smoothing. The S-G filter
utilized a k − 1 order polynomial to fit the voltage data:
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vi =
k−1

∑
j=0

cjtj (1)

where vi and ti are the voltage and time samples, respectively, and cj is the fitting coefficient.
Extend the filter window to n = 2m+ 1, then the above fitting process can be expressed

in matrix form as:
V(2m+1)×1 = T(2m+1)×k·Ck×1 + E(2m+1)×1 (2)

where V and T represent voltage and time, respectively. C represents the fitting coefficients
and E is the fitting error.

The filtered output voltage value V̂ can be obtained by:

V̂ = T·C = T·(TT·T)−1·TT·V (3)

The raw, reconstructed, and smoothed voltage data under dynamic load conditions
are demonstrated in Figure 3. After preprocessing, abnormal signals and high-frequency
noise in the raw data are eliminated, thus avoiding their negative impacts on the prediction
process. The processed data can still represent the original trend of the raw data, which
will be utilized for model training in Section 3.

Figure 3. Raw voltage data and processed voltage data under dynamic load conditions.

3. Methodology

In this section, a data-driven framework based on gated recurrent unit (GRU) and
a grey wolf optimizer (GWO) is presented to forecast the PEMFC degradation process.
The proposed data-driven framework establishes a mapping relationship between time,
stack temperature, historical voltage, and PEMFC degradation voltage. The voltage and
temperature data utilized were obtained through the data preprocessing method described
in Section 2.

By incorporating simplified gate mechanisms, the GRU method is advantageous
in terms of reaching a balance between precision and simplicity. Additionally, a GWO
algorithm is utilized to adjust and optimize the parameters of GRU to further enhance the
predictive precision. The following contents provide a detailed description of the presented
GWO-GRU approach.

Based on long short-term memory (LSTM), the GRU method further improves the
structure of recurrent neural networks (RNNs). The GRU method combines the cell state
and hidden state and replaces the forget gate and input gate in LSTM with a single update
gate. Therefore, the training cost of the GRU model is significantly reduced compared to
the LSTM model [34].

The structure of GRU cells is illustrated in Figure 4. In the structure, the update gate zt
determined whether the data should be retained or updated and reset gate rt determined
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how much of the past information should be ignored. The outputs of the update gate and
reset gate are formulated as follows, respectively:

zt = σ(Wxzxt + Whzht−1 + bz) (4)

rt = σ(Wxrxt + Whrht−1 + br) (5)

where xt represents the input at the current time step and ht−1 represents the hidden state
from the previous time step.

Figure 4. Architecture of GRU cells.

With the output of reset gate, the candidate state h̃t state can be calculated by

h̃t = tanh(Wxhxt + Whh(rt ∗ ht−1) + bh) (6)

where the ∗ the represents the multiplication of the vector elements.
Finally, the hidden state ht can be obtained by

ht = zt ∗ ht−1 + (1 − zt) ∗ h̃t (7)

where Wxz, Whz, Wxr, Whr, Wxh, Whh are the weight matrices and bz, br, bh are the
corresponding bias.

The grey wolf optimizer is a metaheuristic algorithm inspired by the social hierarchy
and hunting behaviour of grey wolves. In the wild, grey wolves usually act in small groups
that consist of 5–12 individuals with different statuses. The wolves can be separated into
four types, ranked by their leadership roles: alpha (α), beta (β), delta (Δ), and omega
(ω) [35]. The alpha wolves are the leaders, guiding the pack and making decisions. The
beta wolves are subordinate to the alphas and assist in leadership decisions. The delta
wolves rank third in the wolf pack, and they can control omega wolves. The omega wolves
are the lowest-ranking members.

The hunting process of grey wolves can be described by the following equations

→
D =

∣∣∣∣→C · →Xp(t)−
→
X(t)

∣∣∣∣ (8)

→
X(t + 1) =

→
Xp(t)−

→
A · →D (9)

where
→
X indicates the wolf position and

→
Xp indicates the target position.

→
D represents the

distance between the wolf and its prey.
→
A and

→
C are the coefficient vectors that control the

convergence of the solution, calculated by

→
A = 2

→
a · →r 1 −→

a (10)
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→
C = 2 · →r 2 (11)

where
→
r 1 and

→
r 2 are random vectors in [0, 1].

→
a decreases from 2 to 0 linearly during

iterations.
In a GWO, the wolves are considered as search individuals and the prey are considered

as an optimal solution. However, unlike prey in the real world, the position of the optimal
solution in abstract space is usually unknown. Therefore, the top three best solutions
are considered as alpha (α), beta (β), and delta (Δ), respectively, and the other search
individuals (ω) update their positions based on the positions of α, β and Δ. These processes
are described by the following equations:

→
Dα =

∣∣∣∣→C1 ·
→
Xα −

→
X
∣∣∣∣, →Dβ =

∣∣∣∣→C2 ·
→
Xβ −

→
X
∣∣∣∣, →Dδ =

∣∣∣∣→C3 ·
→
Xδ −

→
X
∣∣∣∣ (12)

→
X1 =

→
Xα −

→
A1 ·

(→
Dα

)
,
→
X2 =

→
Xβ −

→
A2 ·

(→
Dβ

)
,
→
X3 =

→
Xδ −

→
A3 ·

(→
Dδ

)
(13)

→
X(t + 1) =

→
X1 +

→
X2 +

→
X3

3
(14)

where
→
X represents the position of theω.

As the iteration progresses, the fluctuation range of the coefficient vector A decreases

and the fluctuation range of the coefficient vector
→
A decreases. As shown in Figure 5,

when
∣∣→A∣∣ > 1, the search individuals tend to depart from the current optimal solution

and keep searching. The attacking phase begins as the wolves close in on the prey, which

means
∣∣→A∣∣ < 1 forces the individuals to approximate the optimal solution. In addition, the

coefficient vector
→
C effectively enhances the randomness of the algorithm and avoids local

solutions.

Figure 5. Searching for prey versus attacking prey, (a) searching, (b) attacking.

The weights and biases of the GRU network are random initialized and automatically
updated during model iterations, which can be considered as trainable parameters. In
contrast, hyperparameters are parameters that are set to fixed values before the model
training process, including learning rate, batch size, number of neurons, epochs, etc. These
hyperparameters largely determine the structure, learning process, and final performance of
the network, especially for deep neural networks with multiple hidden layers. It is evident
that adjusting the hyperparameters of GRU networks through optimization algorithms is
far more efficient than through experience. In this article, the GWO is introduced into the
GRU network to optimize the learning rate, the number of neurons in hidden layers and
the max epochs. Based on the GWO’s strong global convergence, the performance of the
GRU in dynamic PEMFC prediction is significantly improved. The schematic diagram of
the presented GWO-GRU method is shown in Figure 6, and a detailed optimization process
is described as follows.
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Figure 6. GWO-GRU schematic diagram.

(1) Model initialization:

Build the GRU network and initialize the critical parameters based on the characteris-
tics of the PEMFC ageing data. Construct multidimensional vectors utilizing hyperparame-
ters that require optimization.

(2) Population initialization:

Initialize the parameters of the GWO algorithm, including the number of wolf packs,
initial positions, and maximum number of iterations.

(3) Fitness calculation:

Calculate the fitness of each individual by training the GRU network with the specified
hyperparameters determined by current positions. The fitness is evaluated by the mean
squared error (MSE).

f itness =
1
M

M

∑
i=1

(vi − v̂i)
2 (15)

where M is the number of samples. vi and v̂i represent the actual values and predicted
values, respectively.

(4) Update the population:

Update the positions of alpha, beta and delta wolves, and then update the positions
of all individuals in the wolf pack. Iterate repeatedly until the termination condition
is reached.

(5) Model establishment:

Obtain the optimal hyperparameter vector from the GWO algorithm and apply it to
the GRU framework to build the PEMFC degradation model.

4. Results

This section presents the predictive results of the PEMFC degradation process under
dynamic load conditions. The prediction is multi-step, and the input and output window
of the model are set to 40 h and 10 h, respectively. The training lengths are set to 50%, 60%,
70% and 80% of the entire dataset, respectively; thus, four groups of predictive results are
obtained. To prove the effectiveness of the presented GWO-GRU method, the predictive
results based on two standard methods are presented for comparison.
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4.1. Performance Evaluation Metric

To evaluate the predictive performance, three statistical indicators, including the mean
absolute percentage error (MAPE), the root mean square error (RMSE) and the coefficient
of determination (R2) are applied as evaluation metrics:

RMSE =

√√√√ 1
M

M

∑
t=1

(vi − v̂i)
2 (16)

MAPE =
1
M

M

∑
t=1

∣∣∣∣vi − v̂i
vi

∣∣∣∣ (17)

R2 = 1 − ∑M
i=1(vi − v̂i)

2

∑M
i=1(vi − v)2 (18)

in which M represents the amount of data, vi and v̂i are the actual values and predicted
values, respectively, and v represents the average of the actual values.

Furthermore, the absolute percentage error (APE) is utilized to evaluate the variation
in prediction error over time, formulated as follows

APE =

∣∣∣∣vi − v̂i
vi

∣∣∣∣× 100% (19)

4.2. Experimental Results and Discussion

In order to validate the accuracy of the proposed GWO-GRU method, the prediction
results of two additional standard methods, i.e., GRU and PSO-GRU, are provided in this
section. The hyperparameters of the GRU method are manually adjusted before the training
process, while the hyperparameters of the other two methods are given by optimization
algorithms. Figure 7 shows the predicted PEMFC voltage degradation trend under different
methods and training lengths, and Figure 8 shows the APE results. The five percent line in
Figure 7 is a critical line which means a five percent drop from the initial voltage. When
the voltage of PEMFC stack is lower than the critical line, the ageing fault can be declared.
The detailed evaluation indicators are illustrated in Table 2.

Figure 7. Prediction results under different methods and training lengths. (a) Fifty percent training
length. (b) Sixty percent training length. (c) Seventy percent training length. (d) Eighty percent
training length.
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Figure 8. Absolute percentage error results under different methods and training lengths. (a) Fifty
percent training length. (b) Sixty percent training length. (c) Seventy percent training length.
(d) Eighty percent training length.

Table 2. Comparison of prediction accuracy under different methods and training lengths.

Training Length Method RMSE MAPE R2

50%
GRU 0.0044654 0.12139% 0.97088

PSO-GRU 0.0032765 0.071766% 0.98432
GWO-GRU 0.0020784 0.040252% 0.99369

60%
GRU 0.0057774 0.15616% 0.94509

PSO-GRU 0.002468 0.06466% 0.98998
GWO-GRU 0.0016032 0.034031% 0.99577

70%
GRU 0.0061923 0.16631% 0.93256

PSO-GRU 0.0023485 0.046628% 0.9903
GWO-GRU 0.0017118 0.035812% 0.99485

80%
GRU 0.0064539 0.177% 0.9455

PSO-GRU 0.0028158 0.058697% 0.98962
GWO-GRU 0.0020843 0.034444% 0.99432

The comparison between the standard GRU, PSO-GRU, and GWO-GRU methods
demonstrates a clear improvement in prediction accuracy when optimization algorithms
are applied. Additionally, across all training lengths, the predicted values of the presented
GWO-GRU method are generally closer to the true values. For example, with 50% of the
data used for training, GWO-GRU achieves an RMSE of 0.0020784, which is significantly
lower than the 0.0044654 of the standard GRU model and even surpasses the performance
of PSO-GRU (RMSE of 0.0032765). The same pattern can also be observed from the other
two evaluation indicators, MAPE and R2.

It can be found in Figure 8 that the presented method not only has the minimal relative
error but also the minimal error fluctuations, exhibiting high stability and accuracy. The data
show that the GWO algorithm leads to a better configuration of the GRU network compared
to the PSO algorithm and shows a stronger effectiveness in PEMFC degradation prediction.
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The superior performance of the presented method can be attributed to the GWO’s stronger
global search capabilities, allowing the model to better capture the complex, nonlinear
degradation patterns in PEMFC systems. In Table 2, the evaluation indicators shows that
the presented method has reduced the prediction error by about 60–70% compared to the
standard GRU model and by about 12–35% compared to the PSO-GRU model.

Upon analyzing the provided data in Table 2, it becomes evident that increasing
the training length does not consistently lead to improvements in prediction accuracy,
regardless of the method used. In fact, the results suggest that adding more training data
can, in some cases, slightly degrade performance. For example, in the GRU model, the
RMSE increases from 0.0044654 at 50% training length to 0.0064539 at 80%, while GWO-
GRU shows a similar trend, with RMSE increasing from 0.0016032 at 60% training length to
0.0020843 at 80%.

This counterintuitive effect is likely due to the inherent characteristics of PEMFC
degradation data. In the early stages of operation, PEMFC degradation follows a more
predictable pattern, making it easier for models to learn from relatively smaller datasets.
However, as degradation progresses and becomes more complex—due to factors like
membrane thinning, catalyst degradation, and water management issues—the predic-
tion task becomes more challenging. As training length increases, the GRU networks
become more prone to overfitting, especially if the data in the later stages include more
nonlinear features. Nevertheless, adjusting the network configuration through the GWO
algorithm can significantly reduce the possibility of overfitting and improve the accuracy
of degradation prediction.

In summary, the presented GWO-GRU method exhibits better performance than
other standard methods in PEMFC degradation prediction and presents stable prediction
results under different sizes of training samples, achieving a balance between accuracy
and complexity.

4.3. Comparison with Other Methods in the Literature

To further validate the effectiveness of the presented GWO-GRU method, the error
results in Table 2 are compared with some existing methods in recent studies. The com-
parison results are listed in Table 3. It is evident that the proposed method shows the best
performance in Table 3, which further proves its superiority.

Table 3. Comparison with other methods in the literature.

Method Train Length RMSE MAPE

FDKF [16]
50% 0.0325 0.8545%
60% 0.0090 0.3664%
70% 0.0195 0.4595%

LSTM RNN [36]
60% 0.0058 0.17%
70% 0.0054 0.14%
80% 0.0062 0.15%

VAE-DGP [37]
450 h (43.9%) 0.02549 0.160%
600 h (58.8%) 0.02780 0.186%

Hybrid [32]
515 h (50.5%) 0.0275 0.657%
615 h (60.3%) 0.0248 0.618%
715 h (70.1%) 0.0266 0.694%

Presented method
50% 0.00209 0.040%
60% 0.00160 0.034%
70% 0.00171 0.036%

5. Conclusions

In this paper, a novel approach integrating the GRU neural network with a grey wolf
optimizer (GWO) was proposed to predict PEMFC degradation process. The GWO-GRU
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method successfully addresses key challenges in accurately predicting PEMFC degradation,
particularly under dynamic operational conditions. By adjusting hyperparameters of the
network automatically through GWO, the method effectively balances prediction precision
and complexity, demonstrating a significant improvement over standard methods.

The results obtained from validation utilizing a PEMFC durability test data show the
superior performance of the GWO-GRU approach. The model reduced prediction error by
approximately 60–70% compared to the standard GRU method and by 12–35% compared
to the PSO-GRU method, showing its robustness and accuracy across various training
data sizes. Additionally, the analysis revealed that increasing the training length did not
consistently improve prediction accuracy, suggesting the importance of optimizing the
model structure to avoid overfitting, especially in later degradation stages.

The presented GWO-GRU method shows strong potential for practical applications in
PEMFC prognostics, where accurate and real-time predictions are essential for optimizing
maintenance schedules and ensuring fuel cell system reliability. Future work will explore
extending the method to more complex operational scenarios and further improving its
scalability for larger datasets.
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Abstract: This study aims to develop an efficient recovery solution for waste transformer insulating
oil, addressing the challenge of incomplete separation of residual oil in existing recovery technologies.
A multi-module integrated system is constructed, comprising a waste oil extraction module, a
residual oil vaporization module, an exhaust gas treatment module, and an online monitoring
module. By combining steps such as oil extraction, residual oil absorption, hot air circulation
heating, and negative-pressure low-frequency induction heating, the complete recovery of waste
oil is achieved. The recovery process incorporates oil–gas saturation monitoring and an oil–gas
precipitation assessment algorithm based on neural networks to enable intelligent control, ensuring
thorough recovery of residual oil from transformers. The proposed system and methods demonstrate
excellent recovery efficiency and environmental protection effects during the pre-treatment of waste
transformer oil. Experiments conducted on 50 discarded transformers showed an average recovery
efficiency exceeding 99%, with 49 transformers exhibiting no damage to core components after the
recovery process. From a theoretical perspective, this research introduces monitoring and control
methods for transformer insulating oil recovery, providing significant support for the green processing
and reutilization of discarded transformer insulating oil. From an application value perspective, the
recovery process helps reduce environmental pollution and facilitates the disassembly of transformers.
This enables better analysis of transformer operating characteristics, thereby enhancing the reliability
and safety of power systems.

Keywords: transformer insulating oil recovery; data-driven monitoring; thermal cycle of insulating
oil; recovery rate

1. Introduction

The purification of waste oil is one of the necessary stages in the post-treatment of
many devices, such as transformer and hydraulic [1–3]. Furthermore, thermal oil recovery
is also used in the drilling and fracturing process of oil fields [4,5]. In the power industry,
a transformer is a critical node connecting the transmission network with end-users, ensur-
ing efficient transmission and safe use of electrical energy through voltage level conversion.
Mineral insulating oil is the primary insulating and cooling medium for oil-immersed trans-
formers, composed of hydrocarbons, naphthenes, aromatics, and paraffin compounds [6].
Throughout the transformer’s lifecycle, insulating oil is subjected to mechanical, electrical,
and thermal stresses, leading to decomposition, oxidation, and other complex chemical
reactions that degrade key indicators such as breakdown voltage and dielectric loss fac-
tor [7]. When transformer oil no longer meets the operational requirements of the power
system, it needs to be recovered and reused. However, this process is challenging because
the prolonged degradation of transformer oil produces many toxic and harmful substances,
such as Polychlorinated Biphenyls (PCBs) [8], Polycyclic Aromatic Hydrocarbons (PAHs),
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hazardous gases, and heavy metals, which can have adverse environmental impacts if
disposed of improperly [9–11]. With the expansion of power systems and the increase
in transformer installations, the recycling and reuse of waste transformer oil (WTO) has
become a crucial issue in the field of environmental protection [12].

Currently, there are two main methods for transformer oil recovery. One is the
drainage method, where the oil is pumped out of the oil tank and various types of oil are
collected in the same pool. The other is the drying method, in which the transformer
body is lifted out and placed in a drying chamber to be dried or air-dried by natural
wind. The first method recovers no more than 80% of the oil, and it is particularly
difficult to extract oil that has been in contact with the inner walls of the tank, windings,
core, and insulation materials. Moreover, during subsequent processes such as core
lifting, residual oil can remain on the factory floor, on the workers, etc., causing pollution,
further impacting the workers’ health, and contributing to land pollution. The second
method is energy-intensive because there are many transformer models, and the size of
the drying chamber is often much larger than the transformer itself, leading to increased
energy consumption. Additionally, the oil tank requires an extra drying process, making
it more complex. Furthermore, there is also a significant amount of residual oil inside
the oil tank that cannot be recovered, approximately 3–4 L.

The recovery process of transformer oil is mainly divided into two key steps: pre-
treatment and post-treatment. Pre-treatment involves extracting degraded insulating oil
from waste transformers, while post-treatment refers to reusing or harmlessly processing
the degraded insulating oil. Currently, researchers have conducted extensive work on the
post-treatment process, such as removing impurities from the oil using semi-permeable
membranes [13], activated material [14–16], and surfactants [17–19], enhancing the dielec-
tric strength of insulating oil with microwave-assisted methods [20], or converting waste
transformer oil into an alternative fuel for energy production, suitable for low-calorific
power generators, diesel engines, and more [21,22]. These post-treatment technologies
significantly improve the environmental and economic value of waste transformer oil,
preventing major environmental pollution issues.

However, there is currently little research on pre-treatment technologies for waste
transformer oil, making it challenging to eliminate its negative environmental impacts.
Due to the complex internal structure of transformers, which includes an iron core
stacked with silicon steel sheets, copper wire windings, insulation materials, and more,
the high-viscosity insulating oil adheres to these components’ surfaces and is difficult
to fully separate through conventional oil extraction methods. The residual oil poses
significant risks to human health and the environment. For instance, waste transformer
oil contains toxic substances like PAHs and PCBs. During transformer disassembly,
workers are exposed to these residual oils, which can lead to the accumulation of toxins
in their bodies and related health issues, such as skin rashes, kidney damage, or even
cancer [23,24]. Additionally, as transformers are dismantled, unrecovered residual oil
may enter natural environments, including the air, soil, and water sources, leading to
increased levels of toxic gases like methane and carbon monoxide in the atmosphere [25];
alterations in soil pH and acidity, which raises the concentration of heavy metals ab-
sorbed by plants [26]; and contamination of millions of liters of urban groundwater,
rendering it undrinkable [27]. Therefore, achieving full recovery of waste transformer
oil at the pre-treatment stage, completely separating and extracting the residual oil from
the internal structures of transformers, is also critically important.

In summary, this study developed a full recovery system for insulating oil in waste
transformers, achieving complete recovery of waste transformer oil through key steps,
including oil extraction and residual oil absorption, hot air vaporization and circulation
heating, negative pressure extraction of oil–gas mixtures, and low-frequency induction
heating under negative pressure. Additionally, the XGBoost model was used for real-time
monitoring of oil–gas saturation, and in combination with a Transformer model for output
power prediction of the low-frequency induction heating device, intelligent monitoring and
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management of the recovery process were achieved. In experiments involving the recovery
of insulating oil from 50 waste transformers, the overall residual oil rate was less than
1%, and no damage to the core components was observed in 49 of the transformers after
recovery. Compared with existing methods, the method proposed in this article leverages
the sealing properties of the transformer body itself, allowing the entire recovery process
to take place in a sealed environment to prevent any oil leakage. Our system also enables
the collection of insulation oil from the same model of transformer in separate boxes and
barrels. The transformer body is closely integrated with the internal components, which
reduces the energy consumption for drying and allows the internal components and oil
tank to be dried simultaneously.

The major contributions are as follows:

• This paper first proposes a system for achieving complete recovery of waste trans-
former oil. The system includes a waste oil extraction module, a residual oil vaporiza-
tion module, an exhaust gas treatment module, and an online monitoring module.

• This paper proposes a data-driven oil and gas saturation inference model and a low-
frequency induction heating device output power prediction model, enabling precise
monitoring of the transformer oil recovery process.

• This paper conducted extensive experimental validation on numerous real waste
transformers, demonstrating the superiority of the proposed system and methods in
recovery performance.

The rest of the article is organized as follows. Section 2 describes the insulating
oil recovery system and methods. Section 3 gives the details of the data-driven models.
Comprehensive experiments are implemented in Section 4. The conclusions are presented
in Section 5.

2. Insulating Oil Recovery System and Method

2.1. Overview of the Transformer Insulating Oil Recovery Method

The full recovery process of insulating oil from decommissioned transformers is
shown in Figure 1. First, oil extraction and residual oil absorption operations are per-
formed on the decommissioned transformer. Real-time monitoring of the oil flow rate
is conducted, and this step ends when the flow rate drops to zero. The insulating oil
obtained from this step undergoes degassing, regeneration treatment, and performance
testing, and, if qualified, can be reused. Due to the complex internal structure of trans-
formers, such as windings and iron cores, a large amount of residual oil cannot be
recovered through extraction alone. Therefore, hot air vaporization and circulation
heating are further applied to fully vaporize residual oil on the surfaces of the inner tank
wall, windings, and other structures.

After maintaining a stable pressure and temperature within the tank for a period,
the heated oil–gas mixture is extracted. This heating and extraction cycle is repeated
multiple times until the oil–gas saturation detection results remain unchanged from
the previous cycle. Finally, a low-frequency induction heating method, combined with
negative pressure inside the oil tank, is used to thoroughly dry residual oil from the
windings and insulation materials, thus achieving complete recovery of insulating oil
from decommissioned transformers.
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Figure 1. Flowchart of the full recovery process for insulating oil.

2.2. Transformer Insulating Oil Recovery System

This paper developed a comprehensive recovery system for waste transformer insulat-
ing oil based on the aforementioned methods. The structural schematic is shown in Figure 2,
comprising the waste oil extraction module, residual oil vaporization module, exhaust gas
treatment module, and online monitoring module. The integrated recovery system for
waste transformer insulating oil, along with the low-frequency induction heating device, is
depicted in Figure 3, with the specifications of each component listed in Table 1.

Figure 2. Schematic diagram of the full recovery system for waste transformer insulating oil.
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Figure 3. Full recovery system for waste transformer insulating oil and low-frequency induction
heating device. (a) Full recovery system. (b) Low-frequency induction heating device.

Table 1. Parameters of the recovery system for waste transformer insulating oil.

Device Model Key Parameters Manufacturer City

Hot Air Blower KMS-DRGF-3380-10

Heating Power: 10 kW
Fan Power: 1.5 kW

Maximum Air Pressure: 17 kPa
Maximum Airflow: 210 m³/h

Shanghai Meng Shang
Industrial Hot Air Blower

Co., Ltd.

Shanghai, China

Air Cooling Unit 3HP Air-Cooled
Power: 3 kW

Flow Rate: 3 m³/min
Pressure Resistance: 1.25 MPa

Suzhou Aoubo
Machinery Co., Ltd.

Suzhou, China

Oil-Gas Filter FS-A30 Flow Rate: 3 m³/min
Pressure Resistance: 1.25 MPa

FuSheng Industrial
(Shanghai) Co., Ltd.

Shanghai, China

Vacuum Pump FKMVP-25
Power: 0.75 kW

Flow Rate: 25 m³/h
Vacuum Level: −101 kPa

Zhejiang KaiMeng
Mechanical Technology

Co., Ltd.
Hangzhou, China

Oil Pump WCB-75
Power: 750 W

Flow Rate: 40 L/min
Pressure: 0.15 MPa

Zhejiang HuanYao
Machinery Co., Ltd. Yiwu, China

Temperature Sensor WRNT-02 Temperature Range: 0–600 ◦C
Jiangsu Mingyang

Electrical Appliance
Instrument Co., Ltd.

Xinghua, China

Pressure Sensor PT129 Pressure Range: 0.1–1 MPa
Shanghai Yamen

Automation Instrument
Co., Ltd.

Shanghai, China

The waste oil extraction module includes an oil extraction connector, a residual oil
suction connector, an oil pump, and an oil pump flow sensor, operating during the oil
extraction and residual oil suction phases. The oil extraction connector is used for high-flow
extraction of residual oil from the upper interface of the transformer. The residual oil
suction connector, designed with a honeycomb column structure at the front end, ensures
maximum suction efficiency for the remaining oil at the bottom. Additionally, to enhance
the residual oil suction effect, the transformer oil tank can be tilted by 10–20 degrees during
this phase, allowing the remaining oil at the bottom to converge toward the lower interface.
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The oil pump flow sensor monitors the residual oil extraction process and signals the
transition to the next phase when the flow rate reaches zero.

The residual oil vaporization module includes components such as a hot air blower,
a vacuum pump, and a low-frequency induction heating device. It operates during the
hot air vaporization circulation heating and negative-pressure low-frequency induction
heating phases. The hot air blower and vacuum pump are connected to the upper and
lower interfaces of the waste transformer via high-temperature steel-wire flexible hoses,
with electromagnetic valves controlling the on–off states of each pipeline. The hot air
blower initially delivers hot air into the transformer oil tank, vaporizing the residual oil
adhered to the surfaces of internal structural components and the inner walls of the tank.
Pressure and temperature sensors in the online monitoring module monitor the internal
pressure and temperature of the oil tank, controlling the hot air blower to maintain values
close to but not exceeding the rated limits (temperature not exceeding the transformer
oil flash point of 135 ◦C, and pressure not exceeding 200 kPa). Once the pressure and
temperature stabilize for 1 min, the hot air blower is turned off, and the vacuum pump
is activated to extract the oil–gas mixture. The vacuum pump operates until the pressure
drops below 10 kPa, after which it is turned off.

The above describes a single hot air vaporization and circulation heating cycle. The in-
sulating oil recovery process involves performing at least two such cycles until the satu-
ration level of the oil–gas mixture extracted in the current cycle shows no further change
compared to the previous cycle. The process then transitions to the vacuum low-frequency
induction heating stage, where the low-frequency induction heating device, as shown
in Figure 3b, is used to heat the metal components inside the transformer. This device
facilitates the extraction of residual oil from the complex structures of components such as
silicon steel sheets and windings. The low-frequency induction heating device operates on
the principle of electromagnetic induction and consists of components such as induction
coils and a power control system. When alternating current passes through the induction
coil, an alternating magnetic field is generated around it. Metal components placed within
this magnetic field produce eddy currents due to electromagnetic induction. As these eddy
currents flow through the metal, they generate Joule heat, which rapidly raises the tem-
perature of the metal components. Coupled with a vacuum pump that creates a negative
pressure environment inside the oil tank, the boiling point of oil vaporization decreases,
enhancing the drying efficiency of the transformer’s internal structures. Additionally,
the vacuum environment reduces oxidation on the surfaces of the metal components, im-
proving the quality of the recovered transformer. During this phase, the vacuum pump
continuously extracts the oil–gas mixture until the saturation level of the extracted oil–gas
mixture reaches zero, indicating that all residual oil has been completely recovered. At this
point, the recovery process is complete.

The exhaust gas treatment module includes an air cooler, an oil–gas filter, and a gas
quality detection module. After the oil–gas mixture is extracted by the vacuum pump,
it contains a significant amount of pyrolysis products such as alkanes, alkenes, alkynes,
sulfides, and a small amount of solid particulates. Direct discharge into the air would
cause environmental pollution. Therefore, the high-temperature oil–gas mixture first passes
through the air cooler, where it is cooled to condense some of the large molecular clusters.
Next, the oil–gas filter removes solid particulates from the exhaust gas using fibrous filter
materials. Activated carbon adsorbents are then used to absorb gaseous pollutants. Finally,
the gas quality detection module ensures that the exhaust emissions meet regulatory
standards before releasing them into the atmosphere. In the exhaust gas treatment module,
we mainly monitor the following substances: acetylene (C2H2), ethylene (C2H4), hydrogen
(H2), carbon monoxide (CO), and hydrocarbon gases. The emission standards applied in
our system are as follows: C2H2 content generally does not exceed 0.5 ppm, C2H4 content
usually does not exceed 100 ppm, H2 content typically does not exceed 1000 ppm, the CO
content generally does not exceed 10 ppm, and the hydrocarbon gas content generally does
not exceed 150 ppm.
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The online monitoring module includes pressure sensors, temperature sensors, and an
oil–gas composition analyzer, which monitor the internal pressure, temperature, and oil–gas
saturation of the transformer oil tank throughout the recovery process. This module controls
the output power of devices such as the low-frequency induction heating system, hot air
blower, and vacuum pump. The goal is to ensure the efficient and high-quality recovery
of residual oil without damaging the oil tank or internal components. The installation
locations of the pressure and temperature sensors are shown in Figure 4a. Both sensors are
fixed via threads onto specially designed metal connectors. These connectors, as part of the
oil–gas mixture circulation loop, are threaded onto the upper and lower interfaces of the
waste transformer, enabling real-time monitoring of the internal pressure and temperature
of the transformer oil tank.

Figure 4. (a) Diagram of the pressure and temperature sensor installation and (b) structural diagram
of the oil–gas analyzer.

The schematic of the internal structure of the oil–gas composition analyzer is shown
in Figure 4b. Gas samples are extracted from the oil–gas mixture circulation path via a
sampling interface, then processed through a dehumidifier and filters. The analyzer detects
oil–gas macromolecules as well as the concentrations of gases such as methane, ethane,
acetylene, ethylene, and carbon monoxide using sensors. Based on a neural network-
driven oil–gas saturation analysis, the system monitors the recovery status of the residual
oil within the transformer and adjusts the output power of the low-frequency induction
heating system accordingly. This prevents overheating, which could cause damage to
components such as windings and silicon steel sheets, and avoids adverse impacts on the
dismantling efficiency, as well as the economic and environmental value of the recovery
process. Exhaust gas analyzed by the sensors is purified through a hydrocarbon removal
device before being discharged into the atmosphere.

3. Analysis of Oil and Gas Saturation and Control of the Low-Frequency Induction
Heating Device

3.1. Oil and Gas Saturation Evaluation Algorithm Based on the XGBoost Model

The oil and gas composition detector is a key component of the waste transformer
insulation oil recycling device, determining the time and power settings for the hot air
circulation and low-frequency induction heating during system operation. Its role is to
effectively control the accuracy of the heating process, avoiding two common problems: on
the one hand, preventing residual transformer oil due to insufficient heating, and on the
other hand, avoiding thermal damage to the internal structure of the transformer (such as
windings, core, etc.) due to overheating. Therefore, the oil and gas composition detector not
only directly affects the performance of the recycling device but also relates to the stability
and safety of the entire recycling process.
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The oil and gas composition detector monitors the various oil and gas components
produced during the heating and cracking process of transformer oil, including the content
of large molecular groups of oil and gas, methane, ethane, acetylene, ethylene, carbon
monoxide, etc., in real time. Combined with the oil and gas saturation evaluation module
based on convolutional neural networks, the oil and gas composition detector can instantly
assess the state of oil and gas release, thereby accurately controlling the heating process.

The oil and gas saturation evaluation algorithm based on the XGBoost model captures
the complex nonlinear relationship between different gas concentrations (such as methane,
ethane, acetylene, ethylene, carbon monoxide, etc.) and oil and gas saturation to achieve
high-precision saturation prediction. The model’s input is the concentration values of
various gases monitored, and the output is the predicted value of oil and gas saturation.
To ensure the accuracy and robustness of the model, a comprehensive dataset must first
be prepared, ensuring that the dataset includes the concentration values of various gases
as features, while the oil and gas saturation is used as the target label. To ensure the
model’s generalization ability, the dataset is divided into training and testing sets to
evaluate the model’s performance. In addition, in data preprocessing, cleaning of missing
or abnormal values is performed, such as filling missing values with mean or median
values, and removing or smoothing extreme or abnormal values to ensure data quality and
stability of model input.

Specifically, in this paper, we collect oil–gas saturation data in the following way: the
used transformer is placed in a sealed state for heating. First, it is kept sealed for 30 min,
and after 30 min, the air is drawn out using an exhaust fan, and data are collected. The total
gas volume inside the oil tank is 100 L, and the exhaust fan’s air flow rate is 10 L per second.
The data at 0 s are considered as 100% oil–gas saturation, and the data at 10 s are considered
as 0% oil–gas saturation. The intermediate data are obtained through linear fitting, with a
fitting dataset size of 1000. We repeat the experiment 50 times, and the final size of the training
dataset is 50,000. In our method, when encountering outliers, we first remove the outliers and
then fill the missing data using the average of the preceding and following data points.

3.2. Output Power Prediction Model for Low-Frequency Induction Heating Devices Based on the
Transformer Model

In the output power prediction task of low-frequency induction heating devices,
the transformer model can effectively process multi-dimensional time-series data and
capture the complex relationships between input features. The model’s inputs include the
evolution trends of oil and gas saturation precipitation, multi-point temperature evolu-
tion trends of the transformer, and the evolution trends of the transformer’s equivalent
resistance (i.e., input voltage divided by current). These features collectively influence the
heating process’s efficiency and output power.

The transformer model consists of multiple encoders and decoders, making it par-
ticularly suitable for processing sequence data. Its self-attention mechanism can capture
long-range dependencies. First, the input features are standardized and embedded, form-
ing vector representations of the same dimension for easier processing by the model.
Through the self-attention layers, the model can establish associations between different
time steps, thereby recognizing temporal relationships between features. For example, it
can understand how temperature changes at one moment affect subsequent power output.
The self-attention mechanism can be expressed as:

Attention(Q, K, V) = softmax(
QKT
√

dk
V) (1)

where Q, K, and V represent the query, key, and value matrices, respectively, and dk is the
dimension of the key, which is used for scaling to prevent excessively large values.
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Subsequently, the output of the self-attention layer undergoes a nonlinear transfor-
mation through a feedforward neural network to further extract features and enhance the
model’s expressive capability. The computation of the feedforward network is typically
represented as:

FFN(x) = max(0, xW1 + b1)W2 + b2. (2)

At the same time, the transformer model introduces residual connections and layer
normalization to address the vanishing gradient problem in deep network training, en-
suring smoother information flow through the network. After passing through multiple
encoder layers, the model outputs the predicted power value for the low-frequency induc-
tion heating device. This process can be implemented through a linear regression layer,
mapping the high-dimensional features to the output power value. During the training
phase, the model fits using historical data and evaluates the difference between the pre-
dicted values and the true power values using loss functions such as Mean Squared Error
(MSE). The loss function is represented as:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2. (3)

The model parameters are adjusted through optimization algorithms (such as Adam)
to improve prediction accuracy. During the evaluation phase, metrics like MSE and Root
Mean Squared Error (RMSE) can be used to assess the model’s performance on the test set,
ensuring its generalization ability.

Using the Transformer model for output power prediction of low-frequency induction
heating devices can effectively capture the complex temporal relationships between oil
and gas saturation, transformer temperature, and equivalent resistance. Its powerful self-
attention mechanism and flexible architecture enable the model to demonstrate superior
performance when handling multi-dimensional time-series data, providing strong support
for the optimization of the low-frequency induction heating process.

4. Experiments

4.1. Parameters of the Waste Transformer

This study conducts an insulating oil full recovery test on a 10/0.4 kV, 400 kVA waste
transformer, with its physical appearance shown in Figure 5a. The exterior of the waste
transformer is intact, with no signs of destructive damage or oil leakage, meeting the
requirements for the full oil recovery test. The test site is shown in Figure 5b. The detailed
factory parameters of the waste transformer are listed in Table 2.

Figure 5. The waste transformer and the full oil recovery test. (a) The waste transformation. (b) The
full oil recovery test.
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Table 2. Parameters of the waste transformer.

Parameter Value

Model 10/0.4–400
Rated Capacity (kVA) 400

High Voltage (kV) 10
Low Voltage (kV) 0.4

No-load Loss (kW) 0.8
Load Loss (kW) 4.3

No-load Current (%) 1
Impedance voltage (%) 4

Oil weight (kg) 275
Core and winding weight (kg) 905

Total weight (kg) 1465
Length (mm) 1545
Width (mm) 1120
Height (mm) 1558

4.2. Electrical Performance and Sealing Test of the Waste Transformer

Before conducting the full oil recovery experiment based on vacuum low-frequency
induction heating, it is necessary to test the electrical performance and sealing integrity of
the transformer to ensure that it meets the operational requirements of the recovery system.
The DC resistance of the windings and the ground insulation of the waste transformer were
measured according to the standard (GB 1094.1-2013) [28] and the results are shown in
Table 3.

Table 3. Parameter estimation of the waste transformer.

Parameter Value

Winding resistance

RAB = 7.826 Ω
RBC = 8.035 Ω
RCA = 8.046 Ω

Rab = 6.572 mΩ
Rbc = 6.573 mΩ
Rca = 6.618 mΩ
Ran = 3.403 mΩ
Rbn = 3.399 mΩ
Rcn = 3.445 mΩ

Ground resistance (low voltage to high voltage and ground) 28.2 GΩ
Ground resistance (high voltage to low voltage and ground) 32.2 GΩ
Ground resistance (low voltage and high voltage to ground) 30.0 GΩ

In Table 3, RAB is the winding resistance between phases A and B on the high-voltage
side, Rab is the winding resistance between phases a and b on the low-voltage side, and Ran
is the winding resistance between phase a and ground on the low-voltage side. The notation
for other winding resistances is the same. From Table 3, it can be seen that the winding
resistance and insulation condition of each phase of the waste transformer are good. Fur-
thermore, a sealing test was conducted on the waste transformer. A vacuum pump was
connected to the upper interface, and the internal air was extracted until the pressure
reached 10 kPa and maintained for 10 min. No significant fluctuations were observed in
the pressure data, proving that the sealing performance is good. In conclusion, the elec-
trical performance and sealing integrity of the waste transformer meet the experimental
requirements for the transformer full oil recovery system.

88



Energies 2024, 17, 6345

4.3. Full Oil Recovery Experiment

Firstly, the degraded insulating oil inside the waste transformer’s oil tank was ex-
tracted. The factory parameters indicate that the total amount of insulating oil is approx-
imately 275 kg. The flow rate of the recovery system’s oil pump is 40 L/min. The oil
was extracted using both the upper interface for oil extraction and the lower interface for
residual oil suction simultaneously, until the oil pump flow sensor indicated a flow rate of
0. The total time taken was 12 min.

Next, a hot air vaporization circulation heating method was used to fully vaporize
the residual oil on the inner wall of the oil tank, windings, and other structures. Since
the hot air blower used in the recovery system was not powerful enough to raise the
internal temperature and pressure of the oil tank to the maximum values (temperature
not exceeding the transformer oil flashpoint of 135 ◦C, pressure not exceeding 200 kPa),
the hot air blower was operated at maximum power during the heating process, with a
heating power of 10 kW and a fan power of 1.5 kW. After each one-minute heating cycle,
the vacuum pump was started to extract the oil–gas mixture until the pressure dropped
below 10 kPa, after which the vacuum pump was turned off. This cycle was repeated
13 times, with a total time of 25 min.

Finally, a low-frequency induction heating method under vacuum was used to heat
the metal components inside the transformer, allowing the residual oil inside the complex
structures of the silicon steel sheets, windings, and other components to be extracted,
achieving full recovery of the degraded insulating oil. The voltage and current waveforms
input to the low-frequency induction heating device are shown in Figure 6. The rapid
decrease in current, voltage, and power after 60 min is due to the winding temperature
approaching the maximum temperature set in our experiment. If high power is maintained
further, there is a risk of damaging the transformer windings. At the same time, after the
power drops to a lower level, the heat generation and dissipation will balance out, keeping
the temperature of the transformer’s internal components close to the critical value, which
helps improve efficiency. After 100 min, the delay in the data decrease is to ensure that
the temperature of the internal components of the transformer does not drop too quickly,
allowing all the residual oil to fully evaporate.

Figure 6. Current, voltage, power, and equivalent resistance waveforms of the low-frequency
induction heating device during the recovery process.
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The entire recovery process can be divided into four stages, each corresponding to
different heating modes and oil–gas precipitation characteristics:

• Stage I: Voltage Rise Stage. After the low-frequency induction heating device is
started, the voltage and current applied to the transformer windings rise rapidly,
causing the transformer windings to heat up quickly. At 10 min, the input power
reaches approximately 3.1 kW. Although the maximum heating power of the low-
frequency induction heating device has not yet been reached, the equivalent resistance
of the transformer windings rises rapidly, reaching approximately 1 Ω/h. Based on the
copper resistivity–temperature curve, at 100 ◦C, the resistance is about 1.4 times that
at room temperature (20 ◦C). Therefore, at this power level, the winding is expected to
reach over 100 ◦C in about 1.5 h, which satisfies the requirement for the precipitation of
residual oil in the transformer’s internal structure. Typically, low-frequency induction
heating of transformers should not exceed 80 ◦C to ensure that the equipment stays
within safe operating limits. This heating rate also helps prevent localized overheating
inside the transformer that could cause damage.

• Stage II: Constant Current Stage. During this stage, the current from the low-frequency
induction heating device is kept constant at around 24 A. However, as the winding
temperature gradually rises, the input power also increases, reaching a peak of ap-
proximately 3.6 kW at around 53 min. The oil–gas analyzer detects a rapid increase in
the oil–gas saturation of the extracted mixed gas, indicating that the coil temperature
is sufficient to meet the conditions for rapid vaporization of the residual oil in the
transformer’s internal structure. Therefore, the input voltage is reduced to enter the
next stage.

• Stage III: Constant Voltage Stage. The input voltage is gradually reduced to approx-
imately 61 V, and the equivalent resistance of the transformer windings begins to
decrease slowly, at a rate of around 0.2 Ω/h. During this stage, the input voltage of the
low-frequency induction heating device is kept constant. As the equivalent resistance
decreases, the input power increases, allowing the transformer windings to remain
at a high temperature for an extended period. This ensures the rapid precipitation of
residual oil while minimizing energy loss.

• Stage IV: Voltage Reduction Stage. By around 90 min, the oil–gas analyzer detects a
decrease in the oil–gas saturation of the extracted mixed gas, indicating that the main
oil–gas precipitation process is nearly complete. The low-frequency induction heating
device then begins to gradually reduce the input power until the oil–gas saturation
reaches zero. At approximately 90 min, both the voltage and current drop to zero,
marking the end of the entire recovery process.

Finally, a core removal treatment is performed on the waste transformer to evaluate
the final effect of full oil recovery. As shown in Figure 7, it can be observed that both the left
and right sides of the transformer windings are completely dry, with no oil stains remaining.
No oil traces are found on the inner side of the core and cover plate. In addition, using
absorbent paper to wipe the winding insulation paper and the inner walls of the oil tank
shows no residual oil marks. These observations demonstrate that the recovery system
effectively achieves full oil recovery, ensuring that no oil stains remain on any surface of
the waste transformer components, thereby verifying the high efficiency and reliability of
the recovery system.

In the subsequent statistical analysis of full oil recovery from 50 waste transformers,
the following evaluation indicators were used to comprehensively assess the reliability of
the full oil recovery system:

• Recovery Time: The total time from the start to the completion of the recovery process;
• Residual Oil Rate: The completion rate of full oil recovery;
• Safety Assessment: The impact on the core components of the transformer during the

recovery process.
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Figure 7. Full oil recovery effect of the waste transformer.

Table 4 presents the comparison results with traditional methods. It should be noted
that direct comparison with traditional methods is quite difficult because the field we are
studying is highly engineering-oriented. A fair experimental comparison requires tests
on transformers with exactly the same parameters. The transformers we used are 10 KV,
400 KVA oil-immersed transformers. However, based on our research, we have not found
any papers or work that use the same transformer for recovery. Therefore, we apologize
for being unable to provide highly accurate comparative experimental data. However,
based on our research and past engineering experience, comparisons can be made from
several aspects. Traditional methods are mainly divided into direct oil draining and drying
methods. First, in terms of recovery rate, the direct oil draining method generally has a
recovery rate of no more than 80%, because the insulating oil inside the inner walls of the
tank, the windings, the core, and the insulating materials cannot be directly drained by
gravity. The recovery rate of the drying method is about 90%, as traditional methods use a
separate drying process, involving handling and hoisting. During this process, residual oil
drips onto the factory floor and onto the workers, leading to about a 10% loss.

Regarding recovery time, the average time for full oil recovery from the 50 waste
transformers was approximately 132.1 min. As for the residual oil rate, oil stains were
found on internal structural parts of over 30 transformers. Small amounts of insulating
oil droplets were found in the core layers of 11 transformers, and partial residual oil was
found on the inner side of the cover plate of 13 transformers. The overall residual oil rate
was less than 1%.

Table 4. Comparison results with traditional draining and drying methods.

Method Recovery Rate (%) Recovery Time (min)

Draining <80 <20
Drying <90 >120
Ours >99 >120
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The experimental results show that in the full oil recovery experiment of 49 used trans-
formers, the system did not cause any damage to core components. The oil–gas saturation
precipitation algorithm and the low-frequency induction heating output prediction model
effectively prevented damage to critical components. However, there was one failure case
in the recovery process, and the recovery result is shown in Figure 8.

In the failure case, excessive heating occurred during the recovery process of the used
transformer, leading to unsatisfactory recovery results. Specifically, the left and right sides
of the transformer windings showed obvious burn marks, the surface of internal structural
components underwent oxidation, and there was paint peeling. Additionally, although the
inner wall of the oil tank was severely damaged, a large amount of insulating oil remained
at the bottom, which had not been fully recovered. The test results indicated that the
transformer’s oil tank shell had undergone severe aging and damage due to long-term
use, which caused the failure to maintain the internal vacuum during the recovery process.
This poor sealing condition allowed cold air to seep into the oil tank while extracting the
mixed gas. As a result, the vaporized insulating oil condensed when it came into contact
with the cold air, reattaching to the surfaces of the oil tank’s internal structural components
or accumulating at the bottom of the oil tank, rather than being extracted by the vacuum
pump. Despite the overheating inside the oil tank, the residual oil could not be effectively
expelled due to condensation, which significantly impacted the overall recovery effect.

Figure 8. Full oil recovery failure case.

This case demonstrates that the aging of the oil tank shell led to a decline in sealing
performance, making it impossible to maintain a vacuum environment during the insu-
lating oil recovery process, thereby exacerbating the condensation and redeposition of
oil vapors. It is evident that ensuring the integrity and sealing of the oil tank structure
is crucial in the insulating oil recovery process to prevent the ingress of cold air, thereby
improving recovery efficiency and avoiding unnecessary condensation and deposition
issues. Generally, the issue of aging and poor sealing is divided into two situations. The first
is poor sealing at the interface, which can be addressed by creating universal interface
components for sealing. The second is when cracks appear on the transformer’s body,
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leading to poor sealing. In this case, pouring thermal conductive epoxy resin for sealing
may be considered.

4.4. Scalability Explanation

Since our system uses the transformer itself as the sealed container, the site require-
ments are relatively low. For larger transformers, a higher power heating device, hot air
blower, and related connection equipment may be needed. To improve the scalability of
the system for transformers of different sizes or configurations, we will further integrate
our equipment to form a system similar to an engineering vehicle or assembly line, making
it more adaptable to different scenarios and transformer capacities. In addition, the device
we designed for interfacing with the transformer oil port is independent, allowing it to be
compatible with various transformer models.

4.5. Discussion of Key Factors

Here, we discuss several key factors, including ambient temperature, transformer transfor-
mation efficiency, and derived voltage, and analyze their impact on the recovery process.

In fact, the ambient temperature, transformer transformation efficiency, and derived
voltage have little effect on the recovery efficiency of transformer insulating oil, but they
do affect the heating time and the quality of the insulating oil. Ambient temperature
does not directly affect the recovery efficiency, but it can influence the heating duration,
thereby indirectly affecting the recovery time, although the impact is minimal. Similarly,
transformer transformation efficiency and derived voltage have little impact on recovery
efficiency. However, low transformer transformation efficiency means that more energy
is lost as heat during operation. During the insulating oil recovery process, this heat can
affect the physical and chemical properties of the insulating oil, ultimately impacting its
quality. For example, if the transformer generates excessive heat due to low transformation
efficiency, the temperature of the insulating oil will rise. High temperatures may accelerate
the aging of the insulating oil, producing more oxidation products and impurities. The
derived voltage could also lead to local discharge phenomena in the insulating oil. When
the voltage is too high, impurities and small particles in the insulating oil may become the
starting point for discharge. Local discharges will cause chemical changes in the insulating
oil, generating new decomposition products such as hydrogen, acetylene, and other gases.
The generation of these gases will alter the composition of the insulating oil, reducing its
insulating properties and ultimately affecting its quality.

In terms of energy consumption, transformers with low transformation efficiency
consume more energy, increasing operational costs. In the insulating oil recovery process,
sustained high energy consumption will increase the overall cost of recovery. Furthermore,
additional cooling measures may be needed to deal with the excess heat generated by the
transformer, which will also add to equipment costs and energy consumption. For example,
extra cooling equipment may be required to lower the temperature of the insulating oil to
ensure it is within an appropriate temperature range for recovery.

5. Conclusions

This paper proposes a transformer insulating oil full recovery technology based on
collaborative intelligence. In response to the challenges of oil recovery, especially the
difficulty of fully extracting residual oil from complex structures, a recovery system in-
corporating methods such as hot air vaporization, circulation heating, and low-frequency
induction heating under vacuum conditions was designed. Experimental results show that
the system can achieve over 95% oil vaporization through 2–3 hot air cycles, while keeping
the oil tank temperature below 135 ◦C and the pressure below 200 kPa. The remaining
residual oil is then further extracted under vacuum conditions via low-frequency induction
heating, achieving full recovery of the residual oil. After recovery, the oil–gas saturation ap-
proaches zero, ensuring that no oil remains inside the discarded transformer. Additionally,
by integrating the XGBoost model-based oil–gas saturation intelligent monitoring mod-
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ule, the system can adjust heating power and duration in real-time to avoid overheating
damage to the transformer’s internal structure. Overall, this study achieves efficient, safe,
and environmentally friendly recovery of transformer insulating oil, providing significant
technical support for the recycling of used transformer oil, with notable environmental and
economic benefits.
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Abstract: In response to the escalating challenges of rapid load fluctuations and intricate operating
environments, supercritical power units demand enhanced control efficiency and adaptability. To this
end, this study introduces a novel model predictive hybrid PID control strategy that integrates PID
with model predictive control (MPC), leveraging the operational characteristics of multi-loop systems.
The proposed strategy adeptly marries the swift response of PID controllers with the foresight and
optimization capabilities of MPC. A dynamic model of a supercritical unit is constructed using the
subspace identification method. The model’s high precision is confirmed by its alignment with
field data. Load change simulations demonstrate that the PID–MPC hybrid controller shows faster
response times and more precise tracking capabilities compared to the feedforward-PID strategy.
It achieves substantial improvements in the IAE index for three loops, with increases of 29.2%,
54.1%, and 57.3% over the feedforward-PID controller. An energy-saving performance analysis
indicates that the proactive control actions of both the PID–MPC and MPC strategies lead to dynamic
exergy efficiency and coal consumption rates with a broader range of dynamic process changes. The
disturbance scenario simulation regarding the proposed controller achieves faster settling times and
minimizes control deviation compared to the traditional controller.

Keywords: supercritical unit; coordination control; model predictive control; energy-saving analysis;
rapid load change

1. Introduction

In the age of swift renewable energy expansion, while celebrated for their cleanli-
ness and low-carbon profiles [1], the inherent unpredictability and intermittency of these
sources present substantial challenges to the stability and dependability of electrical grids.
Consequently, coal-fired power plants are evolving from their traditional single-energy
supply paradigm towards a more agile and efficient energy supply model [2]. Supercritical
coal-fired power plants (SCFPPs), recognized for their high efficiency in power generation,
are assuming an increasingly stable role within the power production sector [3,4]. Nev-
ertheless, with escalating and fluctuating power demands, particularly the prevalence of
rapid load shifts and complex operating scenarios, the control efficiency and flexibility of
supercritical units are subjected to more stringent demands.

The performance of a power unit’s control system is directly linked to the safety,
economy, and stability of the unit [5]. Among the various control challenges in SCFPPs,
the coordinated control of boilers and turbines stands out as one of the core issues that
urgently requires innovative solutions. For a long time, simple and easy-to-implement PID
controllers have dominated the coordinated control systems of boiler–turbine units [6,7].
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However, when faced with complex, nonlinear, and multivariable coupled control sys-
tems, the limitations of PID controllers become increasingly apparent, making it difficult
to achieve the desired control effects. Consequently, academia and industry have been
continuously exploring new control strategies, such as gain-scheduling [8], sliding mode [9],
and adaptive control [10]. Among the many advanced control strategies, model predictive
control (MPC) stands out due to its unique predictive mechanism and ability to handle
multivariable coupling and complex constraints [11–13]. It has demonstrated significant
advantages in improving dynamic response and operational efficiency over a wide range
of load conditions for power units.

Many scholars have explored the application of MPC in the control systems of power
plants. Wu et al. [14] presented a distributed MPC approach for coal-fired power plants
that incorporates carbon capture technology, which led to a significant improvement of
33.1% in the load tracking performance. In another study, He and Lima [15] designed an
enhanced MPC algorithm based on modified sequential quadratic programming (SQP)
and successfully implemented it in an SCFPP. Zhu et al. [16] developed a three-term MPC
strategy and successfully applied it to a 1030 MW supercritical coal power plant. Compared
with the existing PID controller, the new strategy significantly improves the performance
of load and steam pressure control.

However, while MPC theoretically demonstrates significant potential for managing
complex control systems and optimizing performance, it encounters substantial challenges
in practical implementation. These include high computational complexity and the diffi-
culty in meeting real-time requirements. Particularly in the operation of supercritical units,
which are subject to rapid load changes and complex working conditions, the question of
how to effectively reduce computational costs and enhance system response speed without
compromising control precision has become a critical issue that needs to be addressed.

To tackle the aforementioned challenges, an innovative model predictive hybrid PID
control strategy (PID–MPC) was developed. Some scholars have studied the feasibility
of PID–MPC hybrid control. Sanama, Xia, and Nguepnang [17] implemented PID–MPC
to enhance the performance of a chiller-fan coil unit. Sen, Singh, and Ramachndran [18]
designed a hybrid MPC–PID controller. Compared with the pure PID controller, the results
show that the performance of the control loop is improved under the hybrid control system.
Existing studies have demonstrated the application potential of a PID–MPC hybrid strategy.

In this study, the application of PID–MPC hybrid control in power plant units is
explored. This approach aims to seamlessly integrate the immediate feedback adjustments
of PID control with the predictive optimization capabilities of MPC. The strategy leverages
the complementary strengths of these control techniques through multi-loop decoupling,
particularly under complex operating conditions. The paper commences by constructing
a high-precision dynamic simulation model of a supercritical unit using the subspace
identification method. Subsequently, the PID–MPC hybrid control strategy is meticulously
designed based on this model. To assess the control performance, a set of control and
energy-saving performance indicators are proposed. Ultimately, the effectiveness and
robustness of the proposed strategy are comprehensively evaluated through extensive
multi-scenario simulation tests.

2. Supercritical Unit Coordination System

2.1. System Description

The schematic diagram of the supercritical unit in this study is shown in Figure 1.
Coal is burned in the furnace as fuel to release heat energy. The feed water enters the
water wall after being preheated by an economizer and becomes a two-phase flow after
being heated at a high temperature in the furnace. The steam is output by the separa-
tor and then heated into high-temperature and high-pressure steam through the multi-
stage heating surface. Steam turbines and motors convert thermal energy from product
steam into electrical energy for power generation. The entire energy conversion process
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within a power plant is a complex orchestration involving the synchronized operation of
numerous components.

Figure 1. The structural diagram of the subcritical power plant.

2.2. Coordinated Control System

To maintain the stability and efficiency of supercritical units, effective boiler–turbine
coordination is crucial. However, the multivariable coupling nature of these systems
demands sophisticated control strategies. Traditionally, a combination of feedforward
functions and PID control has been used, as depicted in Figure 2a. While this approach
is straightforward and adaptable, it falls short as grid flexibility demands and unit capac-
ities increase. Frequent load changes exacerbate internal variable coupling, heightening
sensitivity to disturbances and uncertainties. Moreover, the need for rapid power plant
load adjustments necessitates a control system that is capable of swift, accurate responses
and flexible adaptation to dynamic changes, presenting a significant challenge to the
conventional control strategy.

This study presents a novel PID–MPC hybrid control strategy to tackle the challenges
faced by supercritical units, as shown in Figure 2b. The implementation of a PID–MPC
hybrid control strategy in industrial applications faces challenges such as system nonlin-
earity, external disturbances, and the technical limitations of sensors and actuators. Our
strategy effectively addresses these challenges by integrating the rapid response of PID
with the predictive and optimization capabilities of MPC. The predictive and optimization
features of MPC enable the direct consideration of operational constraints, a capability not
present in traditional PID control, which is particularly crucial when dealing with industrial
systems that have hard constraints. The PID controller swiftly adjusts the main steam valve
in response to load changes, while MPC precisely controls coal and water feed to optimize
pressure and temperature.
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(a) 

(b) 

Figure 2. Coordinated control structure of supercritical unit. (a) Traditional feedforward-PiD control,
(b) Novel PiD-MPC hybrid control.

3. Methods

3.1. Subspace Identification Modeling

Subspace identification (SID) has become extensively used in the realm of system
identification [19]. Assuming that the n-th order continuous linear state-space equation of
a CFPP can be expressed in the following form:{ .

x(t) = Acx(t) + Bcu(t) + Kce(t)

y(t) = Ccx(t) + Dcu(t) + ec(t)
(1)

where Ac, Bc, Cc, Dc, and Kc are the continuous state-space matrices. u(t) are the inputs,
and y(t) are the outputs. e(t) are the disturbances, and x(t) are the vectors of n-th states.
For dynamic systems, D is fixed to zero by default, meaning that the system has no
feedthrough [19].

The parameters in system model (1) are determined by SID method, and the Hankel
matrix composed of input and output data blocks is as follows:
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U(0|2i−1)de f
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

u(0) u(1) · · · u(j − 1)
u(1) u(2) · · · u(j)

...
...

. . .
...

u(i − 1) u(i) · · · u(i + j − 2)

u(i) u(i + 1) · · · u(i + j − 1)
u(i + 1) u(i + 2) · · · u(i + j)

...
...

. . .
...

u(2i − 1) u(2i) · · · u(2i + j − 2)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

[
U(0|i − 1)
U(i|2i − 1)

]
=

[
Up

U f

]
(2)

Y(0|2i−1)de f
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

y(0) y(1) · · · y(j − 1)
y(1) y(2) · · · y(j)

...
...

. . .
...

y(i − 1) y(i) · · · y(i + j − 2)

y(i) y(i + 1) · · · y(i + j − 1)
y(i + 1) y(i + 2) · · · y(i + j)

...
...

. . .
...

y(2i − 1) y(2i) · · · y(2i + j − 2)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

[
Y(0|i − 1)
Y(i|2i − 1)

]
=

[
Yp

Y f

]
(3)

where i and j are user-defined parameters for adjusting identification accuracy. Yp and
Yf represent past and future outputs, respectively. Up and Uf represent past and future
inputs, respectively.

Similarly, a corresponding definition of the state matrix is formulated to derive the
generalized input–output matrix equation as follows:

Xf= AiXp+ΔiUp (4)

Yp = ΓiXp + HiUp (5)

Yf = ΓiXf + HiUf (6)

where Xp and Xf represent past and future state variables, respectively. Γi is the generalized
observable matrix, and Hi is the low-dimensional partitioned triangular Toeplitz matrix.

By combining Formulars (4)–(6),

Ŷf= LwWp + LuUf

Lw =
[

AiΓ
†
i Δi − AiΓ

†
iHi

]
Wp =

[
Yp
Up

]
Lu = Hi

(7)

The current state can be characterized by historical input and output data, with Lw
representing the state subspace matrix and Lu denoting the deterministic input subspace matrix.

The subspace matrices Lw and Lu can be identified from the Hankel matrix employing
the least squares method. Subsequently, leveraging a linear observer grounded in (7), the
system matrix [A, B, C, D] is solved by least squares method as follows:

[A, B, C, D] = arg min
A,B,C,D

∥∥∥∥( X̃i+1
Yi

)
−
(

A B
C D

)(
X̃i+1
Ui|i

)∥∥∥∥2

F
(8)

To reflect the dynamic operation characteristics of the unit as the coordinated control
object, this study is based on the historical data of a cooperative power plant in China as the
identification data. In order to optimize the control design, the input variables were selected
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as coal feed, water feed, and throttle valve opening, and the output variables include power,
main steam pressure and water wall outlet temperature. The SID identification method
in MATLAB R2022 B system identification toolbox is used to identify the system state
space model.

3.2. PID–MPC Hybrid Control Strategy
3.2.1. PID Controller for Output Power

In the scenario of power generation control, the PID controller accurately regulates
the opening of the main steam valve through real-time power feedback signals collected so
as to achieve efficient and stable control of the power generation of the supercritical unit.
The expression is as follows:

u(t) = KP · e(t) + KI ·
∫

e(t)dt + KD
de(t)

dt
(9)

where KP is the proportional coefficient, KI is the integral coefficient, and KD is the integral
coefficient. After controller parameters are adjusted, the value of KP is 58, KI is 0.1, and
KD is 0.3.

3.2.2. Design of MPC

In view of the nonlinear, time-varying, and strong coupling characteristics of super-
critical unit coordination system, MPC control strategy is proposed to regulate the main
steam pressure and the outlet temperature of water wall in the coordination system.

Utilizing the general form (1) of the identified state-space model, discretization and
difference processing are implemented to derive an augmented model as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

[
Δx(k + 1)
y(k + 1)

]
︸ ︷︷ ︸

x(k+1)

=

[
Am 0T

m
Cm Am 1

]
︸ ︷︷ ︸

A

[
Δx(k)
y(k)

]
︸ ︷︷ ︸

x(k)

+

[
Bm
0

]
︸ ︷︷ ︸

B

Δu(k)

y(k) =
[

0m 1
]︸ ︷︷ ︸

C

[
Δx(k)
y(k)

] (10)

where 0m ∈ Rnx represents the 0 matrix with dimension nx. �u(k) is the increment of
control input at time k.

Define the vectors of the predicted output Y and the control input ΔU as

Y =
[
y(k + 1|k )Ty(k + 2|k )T · · · y(k + NP|k )T

]T

ΔU =
[
Δu(k)TΔu(k + 1)T · · ·Δu(k + NC − 1)T

] (11)

Based on model (10), recursively in the prediction horizon NP, the set of prediction
output Y is obtained as follows:

Y(k) = Fx̂(k) + ΦΔU(k)

F =

⎡⎢⎢⎢⎣
CA
CA2

...
CANP

⎤⎥⎥⎥⎦, Φ =

⎡⎢⎢⎢⎣
CB 0 · · · 0

CAB CB · · · 0
...

. . .
...

CANP−1B CANP−2B · · · CANP−NC B

⎤⎥⎥⎥⎦ (12)

where F and Φ represent the constructed coefficient matrix, respectively.
For the coordinated control problem of supercritical power plant in this study, the goal

of controller design is to minimize the absolute difference between the control output and
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the set point in the future prediction horizon NP. Define the cost function of the quadratic
form reflecting the control objective as follows:

J = (R − Y)TS(R − Y) + ΔUT RΔU

RT =
[
11· · ·1]︸ ︷︷ ︸

NP

ri(k)

R = rw INC×NC

(13)

where J is the cost function of energy-aware MPC. ri(k) and yi(k) are the i-th reference and
measure outputs at time k, respectively. R is the reference value matrix. S and R are error
and control weight matrix, respectively. rw is used as a tuning parameter for the desired
response speed.

Necessitating the substitution of (12) with (13),

J =
(

R − Fx̂(k)
)TSq

(
R − Fx̂(k)

)− 2ΔUTΦTSq
(

R − Fx̂(k)
)
+ ΔUT

(
ΦTSqΦ + Sr

)
ΔU (14)

To facilitate optimal solution, (14) is transformed into quadratic programming (QP)
form as follows: ⎧⎪⎪⎨⎪⎪⎩

min
ΔU

J = min
ΔU

(
ΔUT HΔU − 2 f TΔU

)
H = ΦTSΦ + R

f =
(

R − Fx̂(k)
)TSΦ

(15)

where H is the symmetric matrix of the quadratic term and f is the matrix of the linear term.
In the realm of coal-fired power plant operations, safety regulations and equipment

specifications necessitate the imposition of upper and lower bounds on control variables.
For regulating variables, coal feed rate, water feed rate, and valve opening, the constraints
are set as follows:

Umin(k) ≤ U(k) ≤ Umax(k) (16)

ΔUmin(k) ≤ ΔU(k) ≤ ΔUmax(k) (17)

The MPC optimization problem is composed of objective function (15) and constraint
conditions (16) and (17). The optimal control sequence is obtained by solving the opti-
mization problem at k time. According to the MPC principle, the MPC rolling optimiza-
tion control is realized when only the first item in the prediction sequence is applied to
the system.

After many tests in the simulation environment, the key parameters of MPC applied to
the control of the main steam pressure of the coordination stage and the outlet temperature
of the water wall are set in Table 1.

Table 1. Parameter settings of MPC.

Parameter Value

Sampling time 4
Predictive horizon 25

Control horizon 10
Error weight of main steam pressure 1

Error weight of water wall outlet temperature 0.9

3.3. Perfermance Index
3.3.1. Control Performance

Considering the long-term operational performance of the control system and the
comprehensive impact of error amplitude and persistence, the Integrated Absolute Error
(IAE) index is employed as follows:
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IAEi =
N

∑
k=1

|ri(k)− yi(k)|Δt i = 1, 2, 3 (18)

The maximum error (ME) is a comprehensive measure of the maximum difference
between the actual output and the expected output. The formula is as follows:

MEi = max
1≤k≤N

[ri(k)− yi(k)] i = 1, 2, 3 (19)

3.3.2. Energy-Saving Performance

The exergy analysis method based on the second law of thermodynamics is a crucial
tool for studying and optimizing the thermodynamic performance of systems [20,21]. The
coal supply serves as the energy input source for an SCFPP. The electrical power is the
product energy of SCFPP. Exergy represents the maximum potential of a system to perform
work. The equations are as follows:

.
Excoal =

.
mcoal · excoal (20)

.
ExW =

.
P (21)

where
.
Excoal is the dynamic exergy rate of coal feed, kW;

.
mcoal is the mass flow rate of coal

feed, kg/s; excoal is the specific exergy of coal, kJ/kg;
.
P is the electric power, kW.

The dynamic exergy efficiency of the overall cycle of an SCFPP is precisely defined
as follows:

ηex =

.
P

.
Excoal

(22)

where ηex represents dynamic exergy efficiency, %.
Coal consumption is a vital consideration in the operation and optimization of CFPPs.

As a key indicator of energy saving and carbon reduction, the coal consumption rate (CCR)
accurately reflects the amount of coal consumed per kilowatt-hour of electricity generated

CCR =
Mcoal
.
P × td

(23)

where CCR is the coal consumption rate, kg/MW·h; Mcoal is the total coal consumption
during operation period, kg; td is the operation period, h.

4. Results and Discussion

4.1. Model Validation

In this study, a dataset comprising 4500 samples, each taken at 4 s intervals, is extracted
from a 350 MW supercritical unit at a cooperative power plant in China for the purpose of
system identification modeling. To assess the model’s validity, 9000 additional unidentified
data are employed for testing. Figure 3 shows the model identification and testing results.
Figure 3 demonstrates that the model’s output closely aligns with the actual field data,
and the trend of the three output groups shown in Figure 3b is consistent with the power
plant’s data, thereby validating the model’s high accuracy and reliability.

4.2. Wide-Range Load Change

To assess the variable load control performance of various control strategies, a com-
parative analysis of the PID–MPC hybrid controller, the classical MPC controller, and the
feedforward-PID controller is conducted, as depicted in Figure 4. Figure 4 reveals that,
while the feedforward-PID controller exhibits minimal overshoot during the response
phase, it suffers from a significant delay in response time, underscoring its lack of respon-
siveness. Conversely, both the PID–MPC and MPC controllers display superior rapid
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response capabilities, effectively and swiftly addressing the load change signals. The
performance index is detailed in Table 2. According to the table, the PID–MPC hybrid
controller achieves a control performance nearly equivalent to that of MPC, with substantial
improvements in the IAE index for the three loops, showing increases of 29.2%, 54.1%, and
57.3% over the feedforward-PID controller. Furthermore, the energy-saving performance
depicted in Figure 4c indicates that the more proactive control actions of PID–MPC and
MPC result in dynamic exergy efficiency and CCRs with a broader range of dynamic
process changes.

 
(a) (b) 

Figure 3. Model identification and test results. (a) Identification data; (b) test data.

Table 2. Performance indexes of different strategies.

Controller IAE1 IAE2 IAE3

PID–MPC 2320.4 452.7 1669.8

MPC 1998.2 430.1 2067.4

Feedforward-PID 3278.3 985.6 3909.9

4.3. Uncertainty Disturbances

To assess the performance of various control strategies in the presence of uncertain
disturbances, step disturbances are introduced at 500 s, 4000 s, and 7500 s for three critical
control variables: coal feed rate, water feed rate, and throttle valve opening. Figure 5 compares
the responses of the PID–MPC hybrid controller, the MPC controller, and the feedforward-
PID control to these disturbances. Figure 5a illustrates that, across the three disturbance
scenarios, the feedforward-PID controller experiences the most significant overshoot. Its
adjustment process is characterized by substantial fluctuations and a slow convergence to
the set reference value. In contrast, the PID–MPC hybrid control strategy and the MPC
controller demonstrate superior anti-interference capabilities. They can swiftly identify
and respond to disturbances, markedly reducing settling time and effectively minimizing
control deviation. The energy-saving performance following the disturbances, as influenced
by the controllers, is depicted in Figure 5c. This figure indicates that the feedforward-PID
exhibits more gradual changes, while PID–MPC and MPC show larger response peaks.
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(a) (b) 

 
(c) 

Figure 4. Simulation comparison of control strategies in the wide-range load tracking. (a) Process
outputs; (b) control inputs; (c) energy-saving performance.

Table 3 provides a quantitative summary of the performance indicators, highlighting
that, under three distinct interference conditions, the PID–MPC hybrid controller and the
MPC controller significantly outperform the traditional feedforward-PID control method
in terms of the ME and IAE indicators. Notably, as indicated in bold in Table 3, the MPC
controller achieves the best performance in the indicators, while the PID–MPC hybrid
control strategy closely matches MPC’s performance but with a substantially reduced com-
putational complexity. This reduction enhances the real-time performance and decreases
resource consumption in practical applications, underscoring its significant potential and
practical value in the optimization of control strategies.

Table 3. Performance index of different strategies.

Case Controller IAE1 IAE2 IAE3
ME1

(MW)
ME2

(MPa)
ME3

(°C)
ηex,ave(%)

CCRave

(kg/MW·h)

Case 1: Throttle
valve opening

disturbance
(7500 s)

PID–MPC 34.2 20.5 114.7 0.10 0.02 −0.14 30.47 613.7

MPC 13.1 12.7 99.5 −0.03 0.01 −0.12 30.47 613.7

Feedforward-PID 327.4 103.7 201.9 −0.32 −0.09 −0.33 30.45 614.1
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Table 3. Cont.

Case Controller IAE1 IAE2 IAE3
ME1

(MW)
ME2

(MPa)
ME3

(°C)
ηex,ave(%)

CCRave

(kg/MW·h)

Case 2: Coal
feed rate

disturbance
(500 s)

PID–MPC 21.2 4.7 69.7 0.08 0.02 0.23 30.48 613.6

MPC 1.2 4.1 46.7 0.01 0.01 0.16 30.48 613.6

Feedforward-PID 73.5 20.8 550.9 0.09 −0.03 1.32 30.49 613.3

Case 3: Water
feed rate

disturbance
(4000 s)

PID–MPC 56.2 3.8 25.4 −0.10 −0.01 −0.09 30.48 613.4

MPC 5.1 2.4 20.5 −0.16 −0.01 −0.06 30.49 613.5

Feedforward-PID 116.4 3.2 48.6 −0.20 0.01 −0.09 30.49 613.4

 
(a) (b) 

 
(c) 

Figure 5. Simulation comparison of control strategies in the uncertainty disturbances case. (a) Process
outputs; (b) control inputs; (c) energy-saving performance.
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5. Conclusions

This paper introduces a novel PID–MPC hybrid control strategy that synergistically
merges the immediate feedback adjustment capabilities of PID control with the predictive
optimization features of MPC. The main conclusions are as follows:

• A dynamic model of a supercritical unit is constructed using the subspace identification
method. The model’s high precision is confirmed by its alignment with field data,
providing a solid foundation for the design of subsequent control strategies.

• In variable load simulation tests, the PID–MPC hybrid control strategy shows faster
response times and more precise tracking capabilities compared to the traditional
feedforward-PID strategy. It achieves substantial improvements in the IAE index
for three loops, with increases of 29.2%, 54.1%, and 57.3% over the feedforward-PID
controller, closely matching the performance of a classic MPC controller and effectively
enhancing the system’s dynamic response performance.

• The energy-saving performance analysis indicates that the proactive control actions of
both the PID–MPC and MPC strategies lead to dynamic exergy efficiency and CCRs
with a broader range of dynamic process changes.

• Faced with a variety of control disturbance scenarios, the PID–MPC hybrid controller
proves its robust anti-interference capabilities. This strategy consistently shows less
overshoot, achieves faster settling times, and minimizes control deviation when com-
pared to the conventional feedforward-PID controller.

Future research will place greater emphasis on directly considering the operational
constraints in the energy efficiency and process optimization of MPC. Additionally, there
will be an exploration of tighter integration between MPC and PID, along with more
extensive application testing, particularly in industrial applications.
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Abstract: To achieve a rational allocation of real-time operational equipment, such as
excavators and dump trucks, in open-pit mines, and thereby enhance truck–shovel coor-
dination, this paper addresses the challenges posed by unreasonable on-site scheduling,
which includes excessive truck waiting times and prolonged excavator boom-and-dipper
operations. Ultimately, the paper aims to attain optimal truck–shovel coordination effi-
ciency. To this end, we construct a scheduling optimization model, with the production
capacities of trucks and shovels serving as constraints. The objective functions of this model
focus on minimizing transportation costs, reducing truck waiting times, and shortening
excavator boom-and-dipper operation durations. To solve this model, we have developed
an improved genetic algorithm that integrates roulette wheel selection and elite preserva-
tion strategies. The experimental results of our algorithm demonstrate that it can provide
a more refined operational equipment scheduling scheme, effectively decreasing truck
transportation costs and enhancing equipment utilization efficiency in open-pit mines.

Keywords: open-pit mine; transportation costs; truck waiting times; excavator boom-and-
dipper operation durations; improved genetic algorithm

1. Introduction

Open-pit mining has been widely used in the development and utilization of modern
mining practices due to the short construction period, high production capacity, low mining
costs, and safe and reliable operating [1–4]. However, in opencast mining and large-scale
earthwork projects, the scheduling management of most construction projects lags behind.
Construction enterprises deploy multiple site managers who drive command vehicles to
inspect the current construction status, identify unreasonable production scheduling, and
make scheduling decisions to resolve the issues. However, inspections cannot identify
problems in real-time, leading to many unreasonable production scheduling issues being
concealed. Even when site managers discover production scheduling problems, they often
only observe partial phenomena and lack a holistic perspective. Additionally, influenced
by their work levels and experience, it is difficult for them to make optimal scheduling
decisions [5–8]. This prevents construction machinery from operating at full productivity
and increases the idling time of construction machinery [9], resulting in increased fuel
consumption of engineering machinery and equipment [10].

Specifically, the problems in the scheduling of open-pit mining equipment include,
but are not limited to, the lack of real-time and accuracy in scheduling decisions, resulting
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in low equipment utilization; scheduling strategies lacking global optimization, resulting
in resource waste and increased energy consumption; and, a lack of experience or mis-
judgment of on-site management personnel leading to inefficient scheduling and increased
production costs. These problems not only have a negative impact on the economic benefits
of enterprises, but also exacerbate environmental pollution, such as the emission of large
amounts of greenhouse gasses and dust, which pose a threat to the ecological environment.

Not only that, but open-pit mining equipment scheduling management also faces
many other problems. Difficulties in fuel consumption control, delayed equipment mainte-
nance, lack of security for goods, and low levels of intelligence not only lead to increased
operating costs and low production efficiency for enterprises, but also exacerbate en-
ergy consumption and environmental pollution. Therefore, optimizing the scheduling of
open-pit mining equipment through digital and intelligent means, improving scheduling
efficiency, reducing operating costs, and reducing environmental impact have become
urgent needs for achieving sustainable development of open-pit mines.

With the continuous improvement of industrialization and informatization levels in
China, the trend towards intellectualization and digitization in the mining industry is
inevitable [11–14]. To address the issues described above, digital and intelligent solutions
can be employed to optimize the scheduling of trucks and excavators during the production
process [15–18]. This aims to achieve optimal collaboration efficiency between trucks and
excavators, thereby enhancing the production efficiency of enterprises and increasing their
competitiveness in the mining and large-scale earthwork construction industries.

Currently, within the industry, truck dispatching systems primarily rely on manual
scheduling. There is a lack of successful cases regarding automatic dispatching in the
systematic operation of trucks and excavators. The intelligent scheduling algorithm devel-
oped through this project can effectively reduce the waiting time for excavators and trucks,
improve the efficiency of earth stripping in opencast mines, decrease fuel consumption for
excavators and dump trucks, and contribute to energy conservation, emission reduction,
and the construction of green mines.

2. Related Work

The truck scheduling problem in opencast mines represents a highly intricate op-
timization challenge that has garnered significant attention over the past few decades.
Researchers, including Wang Xu [19], have advanced a two-stage heuristic algorithm to
tackle this issue, while Wei Ming [20] and others have introduced a discrete particle swarm
optimization algorithm for the same purpose. To address the vehicle scheduling problem
in opencast mines, certain scholars [21] have further refined the composition of transporta-
tion costs within a general model, incorporating factors such as truck wear and tear, tire
damage, and driver salaries, thereby developing an optimization model aimed at mini-
mizing total comprehensive costs. Additionally, other researchers [22] have established a
time-constrained truck scheduling model to minimize total system costs and presented a
simulated plant growth algorithm as a solution. Huo Xiaoyu [23] formulated a schedul-
ing model focused on minimizing total truck operating costs and employed an adaptive
mutation particle swarm optimization algorithm to solve it. Jian Jie [24] and colleagues
constructed a scheduling model aimed at minimizing the combined costs of truck fuel con-
sumption and fixed vehicle usage, developing a cloud-adaptive genetic algorithm tailored
to this problem.

The aforementioned scholars primarily focused on single-truck-type scheduling prob-
lems. While the single-truck scheduling model excels in simplicity, ease of understanding,
and low computational demand, particularly in small-scale or straightforward scheduling
scenarios, its limitations in terms of scheduling efficiency and resource utilization become
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evident as the scale expands and requirements grow more complex. Conversely, the multi-
truck scheduling model demonstrates superior performance in handling large-scale and
complex scheduling demands, significantly boosting scheduling efficiency and resource
utilization. Despite its higher computational load and model complexity, in practical
settings such as opencast mines, optimizing scheduling strategies using this model can
lead to substantial improvements in production efficiency. Therefore, some scholars have
turned their attention to multi-truck-type scheduling. Notably, Ge Xianlong [25] designed
a cloud-adaptive genetic algorithm to address dynamic demand issues in multi-truck-type
scheduling. Subsequently, Ge Xianlong et al. [26] considered both fixed costs and fuel
consumption costs of vehicle transportation, formulated a multi-truck-type scheduling
model, and ultimately solved the problem using a quantum gene algorithm.

In the realm of genetic algorithms, the selection operation plays a crucial role in
determining which individuals will serve as parents for the next generation. Currently,
irrespective of whether the context involves multi-vehicle-type or single-vehicle-type
scheduling, many algorithms utilize the roulette wheel selection method. However, this
method is characterized by slower convergence and an increased risk of losing excellent
individuals. In response to the challenge of truck scheduling in opencast mines, this
paper introduces a genetic algorithm that integrates the elite preservation strategy with the
roulette wheel selection method (see Table 1). To provide a comprehensive understanding
of these two methods and their integration, we have included a table accompanied by
detailed textual explanations.

Table 1. Introduction to Elite Preservation Strategy and Roulette Wheel Selection Method.

Method Name Description Advantages Disadvantages

Elite Preservation Strategy

During the iteration process of the
genetic algorithm, a portion of

individuals with higher fitness are
preserved to avoid the loss of

excellent individuals.

Maintains elite genes in the
population, accelerating the

convergence process.

May lead to reduced population
diversity.

Roulette Wheel Selection Method

Based on the fitness value of
individuals, the probability of

each individual being selected is
calculated, and random selection

is performed.

Maintains population diversity,
avoiding premature convergence.

May result in the loss of
excellent individuals.

Combination of Elite Preservation
Strategy and Roulette Wheel

Selection

Before roulette wheel selection, a
portion of elite individuals are
preserved, and the remaining
individuals undergo roulette

wheel selection.

Combines the advantages of both
the elite preservation strategy and

the roulette wheel selection
method, maintaining population
diversity while avoiding the loss

of excellent individuals.

Higher implementation
complexity.

The elite preservation strategy is a widely adopted enhancement technique for genetic
algorithms. Its fundamental principle involves retaining a fraction of highly fit individuals
during the genetic algorithm’s iterative process to prevent the loss of superior solutions.
This approach ensures the preservation of elite genes within the population, thereby
accelerating the convergence rate. However, it may also compromise population diversity,
increasing the likelihood of premature convergence.

The roulette wheel selection method, on the other hand, is a probabilistic selection
technique grounded in individual fitness values. It assigns a selection probability to each
individual based on its fitness and proceeds with a random selection process. This method
preserves population diversity, mitigating the risk of premature convergence. Nevertheless,
it may inadvertently lead to the elimination of excellent individuals, adversely impacting
the algorithm’s convergence speed and efficacy.
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To address the limitations of these two methods, this paper introduces a genetic al-
gorithm that integrates the elite preservation strategy with the roulette wheel selection
method. In each iteration, a subset of elite individuals is preserved, while the remain-
der undergoes roulette wheel selection. This hybrid approach leverages the strengths
of both methods, maintaining population diversity while safeguarding against the loss
of superior individuals. Experimental results demonstrate that this method exhibits im-
pressive convergence speed and effectiveness in tackling the truck scheduling problem in
open-pit mines.

A comparative analysis of contemporary research methodologies for addressing the
truck dispatching challenge in open-pit mines, as opposed to the methodology proposed in
this paper, is presented in Table 2.

Table 2. Comparison of Research Methods on Open-Pit Mine Truck Dispatching.

Scholar Research Method Vehicle Type Main Features/Contributions

Wang Xu et al. [19] Two-stage heuristic algorithm Single-truck-type Proposed a heuristic approach for solving
the problem

Wei Ming et al. [20] Discrete particle swarm optimization (DPSO) Single-truck-type Introduced DPSO for solving the
dispatching problem

Xu Maozeng et al. [21] Comprehensive cost minimization model Single-truck-type Created a model considering various costs

Cao Qingkui et al. [22] Simulated plant growth algorithm Single-truck-type Proposed an algorithm for solving the
time-constrained problem

Huo Xiaoyu et al. [23] Adaptive mutation particle swarm
optimization (AMPSO) Single-truck-type Used AMPSO for cost minimization

Jian Jie et al. [24] Cloud-adaptive genetic algorithm (CAGA) Single-truck-type Introduced CAGA for single-truck-type
dispatching

Ge Xianlong et al. [25] Cloud-adaptive genetic algorithm (for
dynamic demands) Multi-truck-type Addressed dynamic demands in

multi-truck-type dispatching

Ge Xianlong et al. [26] Quantum gene algorithm (QGA) Multi-truck-type Included fixed and fuel costs in the model
and solved it using QGA

This study
A Genetic Algorithm Incorporating Elite

Preservation Strategy with Roulette
Wheel Selection

Multi-truck-type

Proposes a method combining elite
preservation strategy with roulette wheel

selection, which avoids the loss of elite
individuals and accelerates the

convergence process.

3. Optimization Model for Truck Scheduling Objectives in Open-Pit
Mines

3.1. Factors to Consider in Transportation Scheduling

The truck scheduling problem in open-pit mines aims to minimize transportation costs
and equipment idleness by considering several critical factors. These include:

• Number and location of deployed excavators: Mines typically feature multiple excava-
tion points, each with varying quantities of ore. Consequently, the determination of
excavation locations and the number of excavators must be based on actual conditions.
Typically, only one excavator is required at each excavation point (loading point).

• Number of required trucks and traffic frequency on each route: Due to factors such as
equipment specifications and environmental conditions, the loading, unloading, and
travel times of trucks are not fixed, posing challenges for precise operational planning.
The optimized number of trucks and the delivery frequency on a given traffic route
can only fulfill the basic scheduling requirements.

• Reducing truck waiting time: Larger trucks consume more fuel, and each restart
consumes energy. Therefore, it is advisable to minimize truck restarts, ideally limiting
them to shift changes and keeping trucks running as much as possible during other
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times. Additionally, minimizing truck waiting time is crucial. When trucks are stopped
waiting, their utilization rate decreases, leading to increased transportation costs.

By addressing these factors, effective truck scheduling in open-pit mines can be
achieved, resulting in cost savings and improved operational efficiency.

3.2. Objective Functions

The truck scheduling process in open-pit mines is quite cumbersome, and its essence
remains a vehicle sequencing problem. The mathematical model for vehicle scheduling in
multiple depots can be expressed as follows:

At a mining site, a mixed fleet of trucks and excavators is used for construction
operations. The mining site has n loading points Di (i = 1, 2, . . . , n), with each loading
point having a specific ore quantity qi. The fleet departs from the depot, proceeds to each
loading point to load ore, and then transports it to the unloading point for discharge.

During operation, trucks are not assigned to a specific excavator but are instead
assigned to the required excavator within a specified time frame based on the actual
situation of the operational objectives and plans. This approach enhances production
efficiency and reduces the amount of required equipment and vehicle waiting times.

To achieve coordinated operation between trucks and excavators and reduce trans-
portation costs, unified scheduling of the fleet is required, with a reasonable and efficient
scheduling scheme design. Based on reducing transportation costs, truck waiting times,
and excavator hook times, two objective functions are constructed: F1(S) represents the
total transportation cost, and F2(S) represents the total number for truck waiting time and
excavator hook time.

F1(S) = ∑k ∑(i,j)∈D ck
ijdijxk

ij + ∑g ∑(i,j)∈D gg
ijdijy

g
ij+∑k ∑(i,j)∈D ek

ijdijzk
ij+

∑g ∑(i,j)∈D f g
ij dijw

g
ij,

(1)

F2(S) = ∑k(Tk − ∑(i,j∈D)t
a
ijx

k
ij − ∑(i,j∈D)t

b
ijz

k
ij) + ∑g(Tg − tg). (2)

In the formula,
ck

ij represents the unit heavy-load transportation cost for trucks;
gg

ij represents the unit heavy-load transportation cost for excavators;
ek

ij represents the unit empty-load transportation cost for trucks;
f g
ij represents the unit empty-load transportation cost for excavators;

dij represents the distance between nodes i and j.
xk

ij and zk
ij are indicators:

xk
ij = 1 indicates that a truck is traveling from point i to point j with a heavy load; xk

ij = 0 indicates that
a truck does not travel from i to j;

zk
ij = 1 indicates that a truck is traveling from point i to point j with an empty load; zk

ij = 0 indicates
that a truck does not travel from i to j empty;

yg
ij and wg

ij are indicators:
yg

ij = 1 indicates that an excavator is traveling from point i to point j with a heavy load; yg
ij = 0

indicates that an excavator does not travel from i to j;
wg

ij = 1 indicates that an excavator is traveling from point i to point j with an empty load; wg
ij = 0

indicates that an excavator does not travel from i to j empty.
i and j are node indices:
Tk represents the instance working duration of a truck;
ta
ij represents the heavy-load operating time of a truck;

tb
ij represents the empty-load operating time of a truck;

Tg represents the instance dwell time of an excavator;
tg represents the instance working duration of an excavator.

3.3. Constraint Conditions

The constraint conditions of the model are as follows:
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1. Path Constraint (Each demand point is served only once, and each path is traversed
only once):

∑k∑(i.j)∈Dxk
ij = 1, i, j ∈ {1, 2, . . . , n}, (3)

∑g∑(i.j)∈Dgg
ij = 1, i, j ∈ {1, 2, . . . , n}, (4)

∑(i,j)∈Dxij = ∑(i,j)∈Dxji ≤ 1, i, j ∈ {1, 2, . . . , n}. (5)

2. The cargo quantity transported by each vehicle should not exceed its carrying capacity,
and the loading quantity of the vehicle when leaving point i should not be less than
the loading quantity when arriving at point i:

∑(i,j)∈Dxk
ijq

k
i ≤ Qk

max, (6)

Qk
i + qk

i + M(1 − xk
ij) ≥ Qk

j , (7)

∑(i,j)∈Dqg
i yg

ij ≤ Qg
max, (8)

Qg
i + qg

i + M(1 − xk
ij) ≥ Qg

j (9)

In the formula, qi represents the cargo-loading quantity of the vehicle at point i, Qi

represents the cargo-loading quantity of the vehicle when leaving point i, M represents
an infinitely large number, Qmax represents the maximum carrying capacity of the vehicle,
and Qj represents the cargo-loading quantity of the vehicle when arriving at point j.

3. The total shipping volume of all vehicles is not less than the total demand at the
demand points:

∑k∑(i,j)∈Dqk
i xk

ij + ∑g∑(i,j)∈Dqg
i yg

ij ≥∑i∈Dqi. (10)

4. The number of allocated vehicles does not exceed the total number of vehicles available:

∑(i,j)∈Dxk
oi + ∑(i.j)∈Dyg

oi = ∑(i,j)∈DZk
j0 + ∑(i,j)∈Dwg

j0 ≤ K + G. (11)

In the formula, K and G represent the total number of trucks and excavators, respec-
tively, with 0 denoting the departure point and unloading point.

5. Each excavator can only be assigned to one area within each time period:

∑a∈Aλt
g,a = 1, ∀t ∈ T, g ∈ G. (12)

In the formula,
a ∈ A represents a specific mining area within the set of all mining areas;
t ∈ T represents the time planning range;
g ∈ G represents an excavator operating within the set of all excavators;
λt

g,a indicates that if excavator g is located in area a during time period t, then λt
g,a = 1,

otherwise λt
g,a = 0.

6. The constraint that an excavator is only allowed to operate within one region is
as follows:

∑g∈Gλt
g,a ≤ GMax

a , ∀t ∈ T, a ∈ A. (13)

In the formula, GMax
a represents the maximum number of excavators allowed to

operate within the same region.

7. Limitation on the number of trucks that need to be dispatched:
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KMin ≤ kt ≤ KMax, ∀t ∈ T. (14)

In the formula, KMin and KMax represent the maximum and minimum number of
trucks that need to be dispatched within any time period, respectively.

4. Design of Improved Genetic Algorithm Combining Roulette Wheel
Selection with Elite Preservation Strategy

The Genetic Algorithm (GA) is an adaptive algorithm with global optimization capa-
bilities, mimicking the genetic evolution process of organisms in nature. Owing to its robust
global optimization ability, good resilience, and suitability for parallelization, GA has found
widespread application in various domains, including vehicle sequencing, transportation,
and supply chain network optimization. As a heuristic search algorithm, GA involves
encoding the problem, initializing a population, calculating fitness values, selecting elite
individuals, generating new individuals through crossover, introducing diversity through
mutation, and checking termination conditions before outputting the optimal solution. The
steps of applying GA to open-pit truck scheduling are illustrated in Figure 1. Initially, the
problem solution is identified and formalized as a decoding process. An initial popula-
tion is then created to generate a series of potential solutions. To evaluate the quality of
each solution, the fitness of each decoder is calculated, quantifying the performance of
each solution for subsequent selection. The algorithm terminates when the termination
conditions are met, such as reaching a preset number of iterations or finding a satisfactory
solution. If the conditions are not met, the algorithm continues to execute. In the selection
step, based on the fitness values of the decoders, excellent individuals from the current
population are chosen for replication, as they have higher fitness values and are more likely
to produce better solutions in subsequent iterations. Finally, the decoders are enhanced
through crossover and mutation operations, which combine the genetic information of
different individuals and introduce random variations to generate new, potentially superior
solutions. After multiple iterations and selections, the optimal solution is ultimately output,
representing the best open-pit truck scheduling scheme.

In this paper, we introduce an enhanced genetic algorithm that incorporates an elite
preservation strategy and a roulette selection method to address the challenges of prema-
ture convergence and sluggish convergence rates often encountered in traditional genetic
algorithms during the search process. Traditional genetic algorithms generate new in-
dividuals through selection, crossover, and mutation operations, but this approach can
occasionally result in the loss of high-quality genes during evolution, thereby compromis-
ing the algorithm’s performance. To mitigate this issue, we introduce an elite preservation
strategy. The core principle of this strategy is to retain the best individuals from each
generation and directly propagate them to the next generation, ensuring that the algorithm
does not lose high-quality solutions during the search process. This approach helps main-
tain population diversity, reduces the risk of premature convergence, and accelerates the
convergence towards the global optimal solution.

Furthermore, we incorporate the roulette selection method to further refine our al-
gorithm. Roulette selection allocates selection probabilities based on individuals’ fitness
ratios, with higher fitness individuals having a greater chance of being selected. This
method not only ensures the inheritance of outstanding individuals but also maintains
the competitiveness and diversity of the population. By effectively integrating the elite
preservation strategy and the roulette selection method, our enhanced algorithm achieves a
delicate balance between exploring new solution spaces and exploiting the current optimal
solution, thereby significantly improving the global search efficiency and solution quality
of the algorithm.
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In conclusion, the improved genetic algorithm presented in this paper exhibits sub-
stantial advancements over traditional genetic algorithms through the incorporation of
elite preservation strategies and roulette selection methods. These innovations not only
enhance the algorithm’s performance but also offer novel insights and methodologies for
addressing complex optimization problems.

Figure 1. Flowchart of Genetic Algorithm for Open-Pit Truck Scheduling.

4.1. Encoding

When applying the genetic algorithm to solve the truck dispatching schedule problem
in open-pit mines, selecting an appropriate chromosome encoding method is crucial as
it directly influences the complexity and overall efficiency of system implementation.
This paper chooses a symbolic encoding method that does not require decoding and is
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conducive to programming. This method refers to the use of symbols in the encoding
process that, apart from {0, 1}, do not carry any actual numerical significance. These
symbols can be letters, numbers, or other characters, such as {a, b, c, d . . .}, {1, 2, 3, 4 . . .},
or {a1, a2, a3, a4 . . .}.

From practical transportation scheduling, it can be observed that trucks generally
travel back and forth between loading points and unloading points for transportation.
Therefore, when encoding, it is necessary to first create three vector sets:

• Loading Point Set: z_name, represented by uppercase letters, for example, z_name = [‘ABC ’];

• Unloading Point Set: x_name, represented by lowercase letters, for example, x_name = [‘abc ’];

• Truck Set: k_name, represented by numbers, for example, k_name = [1, 2, 3, 4].

Then, within a certain period of time, a scheduling plan for all (for example, four)
trucks can be represented as:

T =

⎡⎢⎢⎢⎣
A a B b C c
A b C a B c
B c A a C b
C b A a

⎤⎥⎥⎥⎦
That is, a vehicle scheduling plan for Truck 1 can be represented as ‘AaBbCc’, Truck 2

as ‘AbCaBc’, Truck 3 as ‘BcAaCb’, and Truck 4 as ‘CbAa’.
In traditional genetic algorithms, the length of the chromosome (or individual) is

typically fixed. However, for certain specific problems, a variable-length chromosome
symbolic encoding may be more appropriate. A variable-length chromosome implies
that the number of genes in different individuals may vary, depending on the specific
requirements of the problem. To obtain such chromosomes, the following conditions must
be met:

• Based on the unique circumstances of truck scheduling in open-pit mines, it is essential
to first define the optimal working time period before developing the genetic algorithm
for truck scheduling. This period can be one hour, one shift, or any other relevant time
unit. During this specified time period, each program iteration will generate a vehicle
scheduling plan. Once the set working period has elapsed, the program will reinitiate,
repeating the process cyclically.

• When a truck completes loading at a loading point (excavator), its subsequent destina-
tion will be randomly selected from the unloading points that are currently unoccupied
by other trucks (i.e., those that are free). Conversely, after a truck unloads at an un-
loading location, its next destination can only be randomly chosen from the loading
points (excavators) that are not currently in use.

These conditions ensure that the variable-length chromosome encoding is tailored to
the complexities of truck scheduling in open-pit mines, facilitating the development of an
effective genetic algorithm for this specific application.

4.2. Initialization of Population

Firstly, a transportation scheduling plan is created for an arbitrary truck within a
specified time period. This plan is then replicated and applied to other trucks to construct
a chromosome. Subsequently, this chromosome is repeated N times to generate an initial
population comprising N individuals.

This approach ensures that each individual in the initial population represents a
potential solution to the truck scheduling problem in open-pit mines, laying the foundation
for the application of genetic algorithms to optimize truck scheduling.
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4.3. Fitness Function

In this study, the objective function is chosen as the fitness function, based on several
key considerations. Firstly, as the cornerstone of the problem-solving process, the objective
function directly embodies the optimization target we seek to achieve. By adopting it as
the fitness function, we ensure that the genetic algorithm remains focused on this target
throughout the search, thereby boosting the efficiency of identifying the optimal solution.
Secondly, the objective function typically possesses a straightforward mathematical for-
mulation, enabling swift calculation and comparison of individuals’ fitness values. This
simplifies the selection and reproduction operations within the genetic algorithm. Lastly,
this choice streamlines the design and implementation of the algorithm, eliminating the
need to devise a complex fitness function tailored to specific problems. In summary, uti-
lizing the objective function as the fitness function offers numerous benefits, including
clear goal orientation, computational efficiency, and simplicity in design, rendering it a
prudent choice.

4.4. Selection

In the selection operation of the genetic algorithm for truck transportation scheduling,
a combination of roulette wheel selection and elitist preservation is employed. The roulette
wheel selection mechanism allocates selection opportunities based on the fitness proportion
of individuals, where those with higher fitness have a greater chance of being selected.
This mechanism embodies the natural principle of “survival of the fittest” and directs the
algorithm towards evolving individuals with higher fitness.

The elitist preservation mechanism is a strategy designed to prevent the loss of optimal
solutions. During the iteration process of the genetic algorithm, this mechanism identifies
the top individuals (or several individuals with the highest fitness) in the current population
and directly transfers them to the next generation, bypassing the crossover and mutation
processes. This ensures continuous progress towards a superior solution domain during the
evolution process and mitigates the risk of accidentally losing the current optimal solution
due to crossover and mutation operations.

The combination of roulette wheel selection and elitist preservation maintains popula-
tion diversity while ensuring that the algorithm converges to the global optimal solution.
The specific implementation of this combined strategy is as follows:

1. Calculate the fitness values and directly retain the individuals with the highest fitness
values into the next generation of the population:

Calculate the fitness value f (x) for all individuals based on the fitness function f (xi),
where i = 1, 2, . . . , n, and n represents the population size.

This is usually achieved by evaluating the objective function value of each individual.
The higher (or lower, depending on the nature of the problem) the objective function value,
the higher the fitness of the individual. Then, calculate the sum of the fitness values for
all individuals:

F = ∑n
i=1 f (xi). (15)

Based on the fitness values, select the optimal individuals (or several individuals with
the highest fitness) in the current population as elite individuals. These elite individuals
will be directly retained for the next generation of the population.

2. Calculate Selection Probabilities:

For individuals other than the elite individuals, the roulette wheel selection method
is used. Based on the fitness value of each individual, calculate the probability of each
individual being selected to pass its genes to the next generation of the population:
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pi =
f (xi)

F
. (16)

3. Calculate Cumulative Probabilities:

Calculate the cumulative probability for each chromosome:

qi = ∑m
j=1qj. (17)

where j = 1, 2, . . . , m, m represents the number of iterations, and the cumulative
probability qi denotes the sum of the selection probabilities from the first individual to the
i-th individual (inclusive of the i-th individual).

4. Roulette Wheel Selection:

Generate a uniformly distributed random number r within the interval [0, 1]. Then,
starting from the first individual, compare the random number r with the cumulative
probability qi one by one. If r is less than or equal to qi, select the i-th individual; otherwise,
continue comparing r with the next cumulative probability qi+1 until the appropriate
individual is found.

Through the roulette wheel method, individuals with higher fitness will have a greater
probability of being selected to pass their genes to the next generation. Combine the elite
individuals and the individuals selected through the roulette wheel method to form a new
population for the next generation. During the merging process, ensure that the population
size remains unchanged.

4.5. Crossover

The crossover operator in genetic algorithms mimics the process of genetic recom-
bination in nature by combining the genetic information of different parent individuals
to generate new offspring. This operation not only bolsters the genetic diversity of the
population, leading to variations in the genetic composition of offspring, thereby aiding
the algorithm in exploring a broader search space, but also fosters the dissemination of
advantageous gene segments within the population. Through genetic recombination, new
individuals with superior adaptability may emerge, accelerating the convergence of the
algorithm towards the global optimal solution. Consequently, the crossover operator
stands as a pivotal mechanism for achieving population evolution and optimized search in
genetic algorithms.

Given the potential for task conflicts between different trucks, it is determined that
crossover should be permitted solely between chromosomes of the same type, as opposed
to traditional direct crossover, to mitigate the occurrence of such conflicts. Following the
chromosome crossover operation, it is imperative to verify whether the individual satisfies
the constraint conditions. If the conditions are unmet, the positions of trucks involved in
task conflicts are iteratively adjusted and re-verified. If the conditions remain unmet, the
individual must be regenerated. This process persists until the entire iteration is completed.
Ultimately, the crossover results are evaluated, and any individual where the starting
trip time of the last truck exceeds the predetermined scheduled time is removed from the
schedule, as illustrated in Figure 2, where Truck #10, post-crossover, needs deletion until
the starting time of the last truck’s trip falls within the scheduled timeframe. In Figure 2,
the symbol “#” denotes the vehicle number, with “#1” representing the first vehicle, for
instance. The gray color signifies Individual 1 of the current generation, while the green
color signifies Individual 2 of the current generation. The portion to the right of the dashed
line indicates the section that exceeds the predetermined time.
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Figure 2. Schematic Diagram of Crossover Operation.

4.6. Mutation

In genetic algorithms, the mutation operation introduces random changes to the genes
of an individual to generate new individuals, with the primary objective of enhancing
the population’s diversity. The core purpose of this operation is to maintain genetic
diversity within the population, thereby mitigating the risk of premature convergence.
As an auxiliary means of generating new individuals, mutation plays a crucial role. It
can recover and supplement genetic information that may be lost during the crossover
operation, preventing the algorithm from becoming trapped in local optimal solutions.
This ensures that the genetic algorithm possesses robust local search capabilities.

In the application of genetic algorithms to truck transportation scheduling, the muta-
tion operation is carried out as follows:

Set the population size of the genetic algorithm to N, and generate N random numbers
a within the range defined by (0, 1). On this basis, compare each of these N a values with
the mutation probability Pm. If a b value is less than Pm, then for one randomly selected
truck in its scheduling route, mutate either a loading point or an unloading point.

4.7. Generating a New Population

In genetic algorithms, new individuals are generated through the three mechanisms
of selection, crossover, and mutation, collectively forming a new population of size N′.
If condition N′ > N is met, the top N individuals with the highest fitness are selected to
form the new population. If condition N′ < N is met, an additional (N − N′) individuals
are randomly generated and added to the new population to ensure that its size remains
consistent with the previous generation.

4.8. Termination Condition: Maximum Iteration Reached

Set a maximum number of iterations for the algorithm, and stop the algorithm when
it has reached this specified number of iterations.

5. Model Application

5.1. Basic Data

Ultimately, the model is resolved using the specific context of an opencast coal mine in
China. The mining area comprises a total of five loading points and three unloading points,
with each loading point staffed by one excavator. Each unloading point necessitates a total
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of 3500 tons per shift. Figure 3 (The colors in the figure are only for aesthetic purposes
and have no actual meaning) illustrates the mine’s geographical map depicting the shovel
points, while Table 3 enumerates the distances between each loading and unloading point.
The garage houses 60 trucks (allocated in unequal numbers based on the daily work
schedule), each with a maximum payload capacity of 50 tons. The operational costs for
empty and loaded trucks are 40 CNY/km and 60 CNY/km, respectively, with average
speeds of 30 km/h and 20 km/h. Similarly, the costs for empty and loaded excavators
are 50 CNY/km and 70 CNY/km, respectively (considering that the excavators’ positions
are largely stationary, only the cost of one round trip is typically factored in). Based on
the collected data, the excavator’s loading time is 6 min, the truck’s unloading time is 3
min, the average waiting time for trucks per shift is 1.25 h, and the average hook time for
excavators per shift is 0.5 h.

Table 3. Distances Between Shovel Points and Unloading Points (km).

Site Location Loading Point 1 Loading Point 2 Loading Point 3 Loading Point 4 Loading Point 5

Unloading point 1 1.6 3.4 3.3 2.2 2.5
Unloading point 2 2.0 3.6 2.9 1.6 1.4
Unloading point 3 1.7 3.2 3.1 1.7 1.6

Figure 3. Geographic Map of the Mining Area with Shovel Points.

5.2. Result Analysis

By setting the population size to 100, crossover rate to 0.7, mutation rate to 0.05, and
a maximum number of iterations to 100, the scheduling scheme was derived through the
implementation of the improved genetic algorithm using MATLAB (2022a) programming.
This was performed while considering scenarios with 30, 45, and 60 trucks, respectively,
along with five excavators. It was presumed that the positions of the excavators were static
and not subject to real-time scheduling adjustments.

5.2.1. Comparison of Transportation Costs

Figure 4 presents the iterative convergence comparison diagram for transportation
costs when utilizing the genetic algorithm with 30 trucks. When employing the traditional
genetic algorithm, the total transportation cost per shift amounts to CNY 136,582. In con-
trast, with the implementation of the improved genetic algorithm, the total transportation
cost per shift decreases to CNY 129,545. When using the on-site fixed scheme, the total
transportation cost per shift stands at CNY 141,500. Notably, the improved genetic algo-
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rithm achieves savings of 8.4% compared to the on-site fixed scheme and 5.2% compared to
the traditional genetic algorithm. As illustrated in the diagram, the improved genetic algo-
rithm converges to the minimum value around the 40th iteration, whereas the traditional
genetic algorithm converges to the minimum value around the 60th iteration. The differing
initial values at 0 iterations for the two algorithms stem from the fact that different genetic
algorithms may adopt distinct strategies or methods for generating initial solutions during
population initialization. Consequently, these initial solutions may exhibit variations in
fitness, resulting in differing initial values in the iterative convergence diagram.

Figure 5 presents the iterative convergence comparison diagram for transportation
costs when utilizing the genetic algorithm with 45 trucks. When employing the traditional
genetic algorithm, the total transportation cost per shift amounts to CNY 202,034. In con-
trast, with the implementation of the improved genetic algorithm, the total transportation
cost per shift decreases to CNY 194,298. When using the on-site fixed scheme, the total trans-
portation cost per shift stands at CNY 212,250. Notably, the improved genetic algorithm
achieves savings of 8.5% compared to the on-site fixed scheme and 3.8% compared to the
traditional genetic algorithm. As illustrated in the diagram, the improved genetic algorithm
converges to the minimum value around the 40th iteration, whereas the traditional genetic
algorithm converges to the minimum value around the 80th iteration.

Figure 4. Iterative Convergence Comparison of Transportation Costs Using Genetic Algorithm with
30 Trucks.

Figure 5 presents the iterative convergence comparison diagram for transportation
costs when utilizing the genetic algorithm with 45 trucks. When employing the traditional
genetic algorithm, the total transportation cost per shift amounts to CNY 259,581. In
contrast, the implementation of the improved genetic algorithm reduces this cost to CNY
249,651 per shift. The on-site fixed scheme, on the other hand, results in a total transporta-
tion cost of CNY 280,000 per shift. Notably, the improved genetic algorithm achieves cost
savings of 10.8% compared to the on-site fixed scheme and 3.8% compared to the traditional
genetic algorithm. As illustrated in the diagram, the improved genetic algorithm converges
to its minimum value around the 50th iteration, whereas the traditional genetic algorithm
converges to its minimum value around the 60th iteration.
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Figure 5. Iterative Convergence Comparison of Transportation Costs Using Genetic Algorithm with
45 Trucks.

5.2.2. Comparison of Equipment Idle Time

The waiting times for trucks and the hook times for excavators using different methods
are shown in Table 4.

Table 4. Comparison Chart of Equipment Idle Time.

Number of Trucks
On-Site Fixed Solution/Traditional Genetic Algorithm/Improved Genetic Algorithm

Truck Waiting Time Excavator Hook Time Equipment Idle Time

30 37.5 h/36.1 h/33.9 h 1.5 h/0.9 h/0.7 h 39 h/37 h/34.6 h
45 56.3 h/52.8 h/50.3 h 2.2 h/1.3 h/1 h 58.5 h/54.1 h/51.3 h
60 75 h/71.8 h/67.7 h 3 h/1.8 h/1.3 h 78 h/73.6 h/69 h

When utilizing 30 trucks, the implementation of the improved genetic algorithm
results in savings of 11.3% compared to the on-site fixed scheme and 6.5% compared to
the standard genetic algorithm. With 45 trucks, the savings amount to 12.3% and 5.1%,
respectively. For 60 trucks, the savings are 11.5% and 6.2%, respectively.

In summary, the adoption of the improved genetic algorithm leads to substantial
improvements in transportation costs, truck waiting times, and excavator hook times when
compared to the on-site fixed scheme. It also demonstrates considerable enhancements
over the standard genetic algorithm. Furthermore, as Figures 4–6 illustrate, the improved
genetic algorithm converges more rapidly than the standard genetic algorithm.

In real-world applications, we have employed my algorithm to orchestrate the intelli-
gent scheduling of 500 trucks, excavators, and other pieces of operational equipment at the
site. This has led to a marked enhancement in operational efficiency and a considerable re-
duction in energy consumption. Specifically, the algorithm achieves real-time and pinpoint
scheduling by precisely calculating job specifications, location details, and task hierarchies
for each device. This not only fosters seamless collaboration among devices but also mini-
mizes waiting periods and the resultant resource wastage due to inefficient scheduling. By
deploying this algorithm, we have successfully elevated earthwork stripping efficiency in
open-pit mines by more than 10%.
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Figure 6. Iterative Convergence Comparison of Transportation Costs Using Genetic Algorithm with
60 Trucks.

In terms of energy conservation, the algorithm significantly cuts down the fuel con-
sumption of excavators and dump trucks by optimizing the operational routes and schedul-
ing protocols of the equipment. Through intelligent scheduling, it eliminates redundant
movements and repetitive operations among equipment, resulting in a 3% decrease in
fuel consumption. This achievement not only contributes positively to environmental
sustainability, but also yields substantial energy cost savings for the enterprise.

In conclusion, by applying the algorithm developed by our institute to orchestrate the
intelligent scheduling of 500 trucks, excavators, and other pieces of operational equipment,
we have achieved a marked enhancement in operational efficiency and a considerable
reduction in energy consumption. This practical implementation underscores the robust-
ness and practicality of the algorithm in real-world scenarios and highlights its immense
potential for application in complex industrial settings.

6. Conclusions

Addressing the truck transport scheduling problem in open-pit mines, we have devel-
oped truck scheduling models with the objectives of minimizing total transportation costs,
truck waiting times, and excavator hook times. These models take into account the issue
of excessive truck waiting times due to improper truck–shovel coordination, aiming to
maximize output and minimize equipment idling to achieve optimal coordination efficiency
between trucks and excavators.

In solving the truck scheduling model using the genetic algorithm, we adopt variable-
length symbolic encoding. This encoding method allows for flexible adjustment of the
encoding length based on the characteristics and requirements of the problem. Compared
to fixed-length encoding, variable-length encoding can more effectively utilize space,
particularly for problems with significant variations in the number of features. For problems
requiring high-precision representation, variable-length encoding provides a finer encoding
method. By increasing the encoding length, the precision of the representation can be
enhanced, more accurately reflecting the problem’s characteristics.
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During the selection process, we employ a combination of roulette wheel selection
and elitist preservation strategies. This approach effectively balances the diversity of the
population and the convergence of the algorithm, keeping the algorithm from falling into
local optimal solutions while ensuring that it can converge to the global optimal solution.
This improves the performance and efficiency of the genetic algorithm.
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Abstract: Well-production forecasting plays a crucial role in oil and gas development.
Traditional methods, such as numerical simulations, require substantial computational
effort, while empirical models tend to exhibit poor accuracy. To address these issues,
machine learning, a widely adopted artificial intelligence approach, is employed to
develop production forecasting models in order to enhance the accuracy of oil and gas
well-production predictions. This research focuses on the geological, engineering, and
production data of 435 fracturing wells in the North China Oilfield. First, outliers were
detected, and missing values were handled using the mean imputation and nearest
neighbor methods. Subsequently, Pearson correlation coefficients were utilized to
eliminate linearly irrelevant features and optimize the dataset. By calculating the gray
correlation degrees, maximum mutual information, feature importance, and Shapley
additive explanation (SHAP) values, an in-depth analysis of various dominant factors was
conducted. To further assess the importance of these factors, the entropy weight method
was employed. Ultimately, 19 features that were highly correlated with the target variable
were successfully screened as inputs for subsequent models. Based on the AutoGluon
framework, model training was conducted using 5-fold cross-validation combined with
bagging and stacking techniques. The training results show that the model achieved an
R2 of 0.79 on the training set, indicating good fitting ability. This study offers a promising
approach for the development of oil and gas production forecasting models.

Keywords: machine learning; production forecast; data preprocessing; principal component
analysis; AutoGluon

1. Introduction

In the oil and gas industry, reservoir evaluation is a key parameter for petroleum
engineers to make accurate decisions during extraction [1]. The well-production rate is one
of the important parameters in reservoir evaluation, which can assist in reservoir modeling
and numerical simulation and guide reservoir development strategies [2]. From current
technological developments, traditional well-production prediction generally adopts three
methods: Arps decline curve prediction, machine learning methods, and combination
model prediction [3]. The Arps decline curve prediction method can achieve visualization
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of prediction results through software [4]. Machine learning methods have excellent self-
learning abilities and diverse algorithms, and their performance largely depends on the
quality and quantity of data; however, they can efficiently process large-scale datasets [5].
The combination model prediction method has a wide range of applicability, can reduce
systematic errors, and has strong model stability [6]. Arps decline curve prediction includes
exponential decline, hyperbolic decline, and harmonic decline [7]. You et al. proposed a
method for predicting the economic recoverable reserves of SAGD units through the decline
constant method based on the Arps index decline and hyperbolic decline, as well as a new
approach for predicting technical recoverable reserves using the intercept divided by slope
method [8]. Chen et al. conducted a comparative analysis of three models, Arps, SPED,
and MFF, and evaluated the predictive performance of the decline curve model and the
combination of the decline curve and data-driven neural network model [9]. The prediction
of the Arps decline curve requires a sufficiently long production time for the oil field to
detect the trend of production decline, which is suitable for analyzing constant-pressure
production situations. Due to its simplification of well assumptions, it cannot accurately
estimate the actual well production [10].

Machine learning is an important branch of artificial intelligence (AI) that aims to
enable computers to acquire knowledge and experience from data through the learning
and automated reasoning of computer systems, and to use this knowledge and experience
for pattern recognition, prediction, and decision-making [11]. Machine learning contains
a large number of algorithms and models. For well-production prediction, machine learn-
ing methods establish a linear relationship between independent variables (geological
parameters, production time, etc.) and dependent variables (production) [12]. Hou et al.
applied machine learning methods to predict the porosity and permeability of reservoirs.
Research has shown that logging parameters have a significant impact on the prediction
results of porosity and permeability, and an optimal adaptive model can be selected [13]. In
recent decades, some algorithms in machine learning have become increasingly frequent in
predicting well production. Among the numerous algorithms in machine learning, ANN
stands out because of its unique structure and learning ability, making it an effective means
of solving complex problems [14]. Due to the strong nonlinear fitting ability of ANN, its
prediction results are usually more accurate than those of traditional linear regression or
time series analysis [15]. In production prediction, ANN can automatically learn patterns
from historical data and predict future yields based on these patterns [16]. Amr et al. used
machine learning methods to simultaneously train oil well productivity for multiple blocks.
The monthly oil production is designated as the dependent variable of the model, which
improves the accuracy of the prediction. They improved the robustness of the model by
increasing the amount of data and studied the impact of the input variables on prediction
accuracy [11]. ANN is a very suitable method for production prediction.

In terms of production prediction, in addition to the outstanding performance of ANN,
other machine learning algorithms also play an important role. Chakra et al. constructed an
oil and gas cumulative production prediction model based on high-order neural networks
(HONN). HONN can effectively express the linear and nonlinear relationships between
input variables. The model was trained using data from a sandstone reservoir in India, and
the trained model was used to predict the cumulative production of oil and gas. Research
shows that even in situations where on-site data are relatively insufficient, the model still
exhibits good predictive ability and high accuracy [17]. Aizenberg et al. established an
oil and gas production prediction model based on a complex neural network (MLMVN)
with multi-valued neurons that can accurately achieve the dynamic prediction of oil and
gas field production [18]. Shoeibi et al. used long short-term memory (LSTM) networks
to predict oil and gas production capacity and validated the effectiveness of the model
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through multiple numerical simulations and field data. The research results indicate that
the model exhibits good predictive performance in both stable and dynamic production
modes [19]. Lolon et al. used a multivariate statistical model to evaluate the relationship
between well parameters and production in the Bakken and Three Forks formations. The
study found that in tight reservoirs, the total fracturing fluid volume and proppant dose
during hydraulic fracturing are the main engineering parameters that affect production [20].
Song et al. conducted a nonlinear analysis of multiple factors using the random forest
method for a certain ultra-low-permeability reservoir, identifying the main influencing
factors on the initial production capacity of the reservoir. They overcame the limitation
of the gray wolf algorithm, which can only identify a single influencing factor using
the random forest method. They combined random forest and gray wolf algorithms
to predict and optimize the production capacity of oil wells, thereby achieving a fast
training speed prediction model [21]. Zhang et al. proposed an unconventional oil and gas
production prediction model based on local preserving projection (LPP). This model can
accurately capture the nonlinear characteristics of various parameters. Through parameter
testing and comparative experiments, research has shown that the LPP-based model has
good adaptability and effectiveness [22]. In the same year, Cao et al. used machine
learning algorithms to predict production capacity by combining geological data, historical
production capacity, and pressure data. He used an artificial multi-layer perceptron to
complete two tasks: to predict the future production capacity of existing oil wells based on
historical data and to predict the production capacity of new wells based on the historical
production of adjacent wells under similar geological conditions [15]. Wang et al. proposed
a method that combines multi-layer perceptron (MLP) and long short-term memory (LSTM)
networks to predict shale gas production based on geological and fracturing reservoir
parameters, historical data, and other information. On the basis of reservoir numerical
simulation, they constructed a dataset and trained the model to achieve high accuracy [23].
Rober S et al. developed a complete well-completion design optimization and rapid
economic benefit evaluation process based on an ANN. In terms of data processing, they
used a self-organizing feature map (SOM) clustering neural network to associate and
classify data with reservoir types and completion features [24]. Dong et al. used the
XGBoost algorithm to predict the initial production capacity of sandstone reservoirs and
improved the model loss function, enhancing the physical constraints of data mining
algorithms and significantly improving the prediction accuracy [25]. Khan et al. optimized
the fracturing design for heterogeneous oil reservoirs and evaluated its accuracy using
various machine learning methods. They found that the XGBoost model performed well in
productivity prediction and significantly improved prediction performance [26].

On the basis of machine learning, the combination model prediction method combines
the advantages of multiple prediction methods and can combine different machine learning
algorithms to improve the accuracy and stability of predictions [11]. Berneti et al. combined
the International Accounting Association (ICA) with an Artificial Intelligence Network
(ANN) to develop a model for predicting oil well productivity. The model combines the
local search function of the BP algorithm and the global search feature of the ICA. Based
on the production data of 31 wells, the researchers use the ICA-ANN prediction model
to forecast the production capacity and compare it with the ANN prediction results. The
results show that the ICA-ANN model has good performance [27]. Aditya Vyas cleverly
used machine learning to link the descent curve model with well-completion parameters.
They proposed an evaluation criterion by combining the best descent curve and accurate
EUR prediction with machine learning, providing a new method for predicting oil well
productivity [28]. Noshi et al.’s joint decision-making based on multiple decision trees can
effectively handle multidimensional data and has a strong ability to avoid overfitting [29].
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Adesina et al. significantly improved the processing efficiency of nonlinear data by mapping
data to a high-dimensional space using the kernel function method [30]. Considering that
individual algorithms in machine learning have certain errors in yield prediction, the
combination model prediction method provides a new approach for improving accuracy.
AutoGluon is an open-source framework launched by Amazon with automated machine
learning (AutoML) capabilities aimed at simplifying the training and deployment process
of machine learning models [31]. AutoGluon utilizes the available computing resources to
find the most powerful models in its allocated runtime, providing a user-friendly interface
and documentation support. Nick et al. found that multi-layer combinations of many
models make better use of allocated training time than finding the best model. Testing
50 classification and regression tasks on Kaggle and OpenML AutoML Benchmarks using
AutoGluon showed that AutoGluon is faster, more robust, and more accurate [32].

However, there are significant limitations in the current research on the analysis
of the main control factors of production capacity in intelligent production forecasting
models. Most studies only analyze engineering or geological parameters separately and
fail to achieve an organic combination of the two. This type of single-factor analysis
method makes it difficult to fully reflect the production dynamics of oil and gas reservoirs,
thereby affecting the accuracy of production capacity prediction. Therefore, there is an
urgent need to develop an intelligent prediction model that comprehensively considers
both geological and engineering factors to improve the accuracy of production capacity
prediction. In addition, most of the current research on capacity prediction models is based
on a single model. AutoGluon can automatically combine multiple models and conduct
integrated learning, comprehensively utilize the advantages of each model, reduce the
limitations of a single model, and enhance the stability of the trained model.

2. Methodology

2.1. Data Introduction

This study collected data from 435 fractured wells in the PetroChina North China
Huabei Oilfield, encompassing over 100 characteristic parameters, ranging from quan-
titative to categorical data. From these parameters, 13 geological parameters and
14 engineering parameters were selected as input features due to their significance and
relatively low rates of missing values. The cumulative oil production over 1800 days served
as the output target [33]. However, there are issues with missing values, outliers, and
non-standard on-site data that need to be addressed through preprocessing steps, such as
data imputation and outlier identification.

2.2. Data Governance Process

The main problems with the data include missing data, presence of outliers, and
confusion of labeled data. Data governance refers to filling in missing data, filtering out
outliers, and standardizing labeled data according to certain processes and methods. The
data governance process, also known as the data preprocessing process, can be divided
into the following steps:

1. Data exploration and analysis: Data analysis is the process of examining, analyzing,
and reviewing data to collect statistical information regarding its quality, starting with
an investigation of existing data and its characteristics. Using histograms and box
plots, the distribution of the data can be understood, including the shape of the data
and the distribution of outliers and missing data.

2. Outlier screening: Based on the conclusions obtained from the data exploration and
analysis, select data fields with outliers. Outlier recognition methods are used to
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identify and reset outliers to null values, which can subsequently be filled using
methods such as mean, mode, median, or quartile values.

3. Missing data processing: Visualize the degree of missing data, explore and analyze
the data to understand the types of missing data, and use different filling methods
(such as mean, median, or mode filling) based on the reasons and extent of missing
data to fill all data, ensuring that there are no missing values in the overall dataset.

These steps are carried out sequentially, starting with data exploration and analysis to
understand the distribution of the data. Subsequently, abnormal outlier data are screened
out, and the empty outlier data can be processed in subsequent data filling. In addition,
before filling in data, all data that needs to be cleaned up or left blank should be processed
completely, and then multiple methods should be used to fill in the empty values in the
data; After data filling, a dataset without null values was obtained.

2.3. Main Control Factor Analysis

According to the characteristics of the data and the requirements of machine learning
algorithms, it is crucial to process the parameters appropriately to enhance the model’s
performance and effectiveness. Once data governance and target parameter selection are
complete, analyzing the relationships between these parameters becomes essential [34].
This analysis aims to identify data fields that exhibit high correlation and strong represen-
tativeness with the target parameters. The selected fields are then utilized for tasks such as
feature selection and variable screening in modeling, prediction, and classification.

Data correlation analysis refers to a method that calculates the correlation coefficient be-
tween two or more variables or employs graphical representations to illustrate the strength
and direction of the relationships between these variables. Common techniques include
the Pearson correlation coefficient, Spearman correlation coefficient, scatter plots, and heat
maps. This type of analysis is invaluable, as it aids in uncovering hidden connections and
influencing factors within the data, enabling causal inference, hypothesis testing, and other
related work.

In this study, the Pearson correlation coefficient method was used to eliminate linearly
irrelevant data, thereby ensuring a correlation between features. Additionally, the study
calculated the gray correlation degree, maximum mutual information, AutoGluon feature
importance, and SHAP importance. By combining these metrics with the entropy weight
method for a comprehensive evaluation, the primary controlling factors were analyzed and
ranked in depth.

2.4. AutoGluon
2.4.1. Introduction to AutoGluon

The research method chosen in this study is the combined model prediction method
AutoGluon. It is capable of automating the entire process from data preprocessing to model
training, hyperparameter optimization, and result evaluation. It is particularly suitable for
tabular data, image data, and text data, allowing users to quickly build high-performance
machine learning models with minimal coding. The AutoGluon framework can auto-
matically train a variety of models, automatically select hyperparameters, and perform
integrated learning on well-performing models. In this process, only hyperparameters
need to be set, including the number of layers of the integrated training stack and the
number of cross-validation. This makes AutoGluon suitable not only for data scientists but
also for developers without an extensive background in machine learning, enabling them
to rapidly apply machine learning techniques to real-world problems.
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2.4.2. Core Features of AutoGluon

Automation: One of AutoGluon’s core strengths lies in its fully automated machine
learning workflow. It can automatically select the most suitable algorithms based on the
characteristics of the data and perform hyperparameter tuning. This process not only
reduces the workload for users but also lowers the requirement for domain expertise,
allowing users without a deep background in machine learning to build high-performance
models. The automation features of AutoGluon make machine learning more accessible
and widely applicable.

Multi-task Support: AutoGluon supports multiple task types, including classification,
regression, and time series forecasting. This extensive task support provides users with
great flexibility, enabling AutoGluon to handle various data types and application scenarios.
Whether dealing with structured tabular data or complex image and text data, AutoGluon
offers effective solutions.

Simplicity and Efficiency: AutoGluon offers a simple and intuitive API, allowing users
to perform model training and prediction using only a few lines of code. This simplification
significantly lowers the entry barrier, enabling both beginners and experts to quickly start
and work efficiently. Additionally, the AutoGluon framework utilizes parallel processing
and GPU acceleration technologies to significantly enhance the speed of model training
and prediction. This efficiency allows AutoGluon to handle large datasets in a relatively
short amount of time, saving users’ valuable time and computational resources.

2.4.3. Working Principles of AutoGluon

AutoGluon employs intelligent search strategies, such as Bayesian optimization and
grid search, to automatically select the best model and optimize its hyperparameters.
This intelligent search process ensures that the model’s performance on a given dataset is
maximized. AutoGluon can efficiently explore and evaluate multiple model configurations
to determine the optimal combination, thereby maximizing both prediction accuracy and
model stability. Additionally, by using ensemble learning strategies, this approach combines
predictions from multiple models employing techniques like bagging and stacking. This not
only enhances the model’s stability and generalization capabilities, but also compensates
for the shortcomings of individual models. Even if a particular model performs poorly
under certain conditions, the predictions from other models can still maintain the overall
accuracy and reliability of the predictions.

2.4.4. Steps for Using AutoGluon

The use of AutoGluon for model training involves a relatively simple process, making
it accessible to users with varying backgrounds. First, users need to prepare the training
data, which typically include identifying features and target variables, and configuring
relevant parameters based on their project requirements, such as defining the problem
type, specifying the model save path, setting training time limits, and selecting other hy-
perparameters. In practice, users can further enhance the model’s generalization capability
and stability by choosing a five-fold cross-validation to split the training and validation
sets. This method involves dividing the dataset into five parts, with four parts used for
training and one for validation in each iteration, thereby effectively reducing overfitting
and improving the model robustness. Additionally, users can employ a layer of stacking
ensemble learning to combine the predictions of multiple base models and further enhance
the overall prediction performance through a meta-model. Figure 1 illustrates the Auto-
Gluon framework process utilizing five-fold cross-validation. This approach leverages the
strengths of different models, compensates for the shortcomings of individual models, and
significantly improves the final model’s accuracy and stability.
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Figure 1. AutoGluon Framework Process Diagram.

Once the configuration is complete, users can initiate the training process. Notably,
AutoGluon automatically handles complex operations, such as model selection and hyper-
parameter tuning, allowing users to focus on analyzing the results without delving into
every detail. After the training is complete, users can provide a test set to evaluate the
trained model. AutoGluon generates a detailed evaluation report, analyzing the model’s
performance across various metrics, such as RMSE and R2. RMSE is the root mean square
error, which measures the difference between the predicted value of the model and the
true value. The smaller the value, the better the prediction effect of the model. R2 is the
coefficient of determination, a statistic that measures how well a regression model fits. It
reflects the correlation between the predicted value of the model and the actual data and
represents the proportion of variance that the model can explain. The higher the R2, the
more variability the model can explain in the data, and the better the model fits. This
comprehensive evaluation helps users understand the strengths and weaknesses of the
model and provides a basis for further improvement.

Through this process, AutoGluon not only simplifies the entire machine learning
workflow but also makes the construction of high-performance models more efficient and
convenient. In particular, the combination of five-fold cross-validation and stacking meth-
ods further enhances the model performance, ensuring good results across various datasets.

2.4.5. Advantages of AutoGluon

In the field of machine learning, as data volume and complexity continue to grow,
choosing an appropriate tool for model training has become increasingly important. Com-
pared to individual manual models, AutoGluon offers significant advantages. Firstly,
AutoGluon features a high degree of automation, streamlining many machine learning
processes. This enables users to easily obtain high-quality models without the need to
delve into every detail. This simplified process allows non-expert users to start quickly,
significantly reducing the time and cost of model development.

Additionally, by utilizing ensemble learning techniques, AutoGluon combines the
strengths of multiple models, thereby significantly enhancing the performance and stability.
Compared with a single training model, the AutoGluon framework can be used to integrate
multiple models for learning, and cross-validation can improve the stability of the model.
This method not only enhances the adaptability of the model to various data types, but also
improves the stability of the model. Therefore, selecting AutoGluon for model training not
only enhances efficiency but also provides more reliable results, making it my top choice
among model training tools.
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3. Case Study

This study employs ensemble techniques from hybrid machine learning methods to
enhance oil well-production forecasting. Initially, various outlier detection and missing
value imputation methods are applied to analyze and preprocess geological and engineer-
ing data from oilfield sites, removing outliers and filling in missing values. After data
governance and target parameter selection, a relationship analysis is conducted among the
parameters to filter out those with high correlations with the target parameters. The study
utilizes gray relational analysis, the maximal mutual information method, AutoGluon fea-
ture importance evaluation, and SHAP value analysis, combined with the entropy weight
method for comprehensive evaluation, to determine appropriate input parameters. Finally,
the AutoGluon framework, which integrates multiple models, is used for target output
prediction, with RMSE employed to validate the model performance, while MSE, MAE,
and R2 are used to assess the model’s performance on both the training and testing datasets.
All data have been desensitized for confidential consideration.

3.1. Abnormal Data Situation

By normalizing the on-site data and scaling them uniformly to the range [0, 1], the
distribution of the data can be visually observed using a box plot. A box plot is a statistical
chart designed to display the dispersion of a dataset, primarily reflecting the characteristics
of the original data distribution and allowing for the comparison of distributional character-
istics across multiple datasets. In the box plot, the middle line represents the median, while
the upper and lower boundaries of the box represent the upper and lower quartiles (75%
and 25%, respectively). The outer edges of the plot represent the outlier cutoff points. The
distance from the box to the outer edges is typically 1.5 times the interquartile range. Data
points within this range are considered inner limits, while data points outside this range
are considered outer limits. Generally, data points beyond the outer limits are regarded as
extreme outliers (IQR method). Perform normalization on the data and then construct a
box plot, as shown in Figure 2.

Figure 2. Box distribution graph after data normalization processing.
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Due to recording errors, magnitude errors, calculation errors, deduction errors, and
other reasons, there are many outliers in the on-site data, often reflected in the form of
outlier data. The distribution of the data range is displayed in a histogram [1], as shown
in Figure 3.

Figure 3. Histogram of the overall distribution of quantitative data.

As can be seen from the graph, the distribution of on-site data is mostly uneven, with
many outliers. There are two reasons for determining outliers: one is that there are a large
number of 0 s in sparse data, which affects the overall data distribution, and the second
reason is abnormal values caused by erroneous construction records, as shown in Figure 4.
For these two types of data, they need to be treated differently. Although sparse data are
classified as outliers in the mathematical distribution, they do not affect model training,
while outliers caused by recording errors can significantly affect the training process and the
prediction accuracy of machine learning models. This part needs to be manually corrected.

Figure 4. Abnormal value determination.
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3.2. Data Preprocessing
3.2.1. Data Missing Situation

In addition to the issue of data anomalies, there are also serious missing data problems
on-site. In traditional processing methods for big data, data fields with missing values
exceeding 60% are usually deleted directly. However, due to the small amount of on-site
data, these fields cannot be deleted. Therefore, special attention should be paid to data
filling during data preprocessing.

As can be seen from Figure 5, only nearly 150 wells have complete data, while most
wells lack ten to fifteen types of data, resulting in a high data loss rate.

Figure 5. Distribution of missing values in each row of data.

As can be observed from Figure 6, the parameter data statistics are also incomplete,
with 38.7% of parameters having a missing rate between 60% and 70%, and 3.2% of
parameters having a missing rate exceeding 80%. These include important parameters
such as porosity, permeability, and saturation.

Figure 6. Distribution of missing rate of feature parameter data.

3.2.2. Outlier Handling

The primary foundation of outlier handling is to identify outlier data, and commonly used
outlier identification methods include the IQR method, MAD method, and 3sigma method.

The IQR method is based on the lower quartile Q1 and upper quartile Q3 of the dataset
for judgment. The size between the upper and lower quartiles is called IQR, while a value
that exceeds 1.5 times IQR beyond the upper and lower quartiles is considered an outlier.
The dataset is arranged from small to large, with the lower quartile Q1 located in the fourth
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quarter and the upper quartile Q3 located in the third quarter. The difference between
Q3 and Q1 is the IQR. By using box plots and bar charts, it is possible to visually observe
the data points outside the whisker axis, namely, outlier points, as shown in Figure 7.
The green dashed line represents the lower boundary of the IQR (Q1 − 1.5 × IQR), and
any data below this value are considered outliers. The purple dashed line represents
the upper boundary of IQR (Q3 + 1.5× IQR), and any data above this value are also
considered outliers. The light blue Kernel Density Estimate (KDE) curve illustrates the
smooth probability density distribution of the data, illustrating the central tendency and
dispersion of the da-ta values. This curve, combined with the histogram, aids in visually
understanding the data distribution and highlighting the location of outliers. The curves
depicted in Figures 8 and 9 carry the same significance as the curves in Figure 7. The lower
plot in Figure 7 shows the box plot distribution of the data, with points outside the two
black lines identified as outliers. The combination of the histogram and box plot provides a
better observation of both the quantity and distribution of outliers.

Figure 7. IQR method identifies outliers in the data.

The MAD method assumes that the data follow a normal distribution, and the values
within the middle 50% area of the normal distribution are normal values, while the remain-
ing 50% of the area on both sides are outliers. The outlier situation can be viewed in the
histogram, and the judgment boundary of the MAD is shown in Figure 8.

The 3 σmethod assumes that the data follow a normal distribution, with the mean as
the center, and the probability within plus or minus 3 σ is 99.7%. Therefore, the probability
of values outside the mean value of 3 σ occurring is 0.3%, which is a very rare and small
probability event. Therefore, it can be identified as an outlier, and the outlier situation can
be viewed in the histogram. The judgment boundary of 3 σ is shown in Figure 9.
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Figure 8. MAD method identifies outliers in the data.

Figure 9. Identifying outliers in data using the triple standard deviation method.

This study adopts the density-based noise unsupervised spatial clustering (DBSCAN)
clustering algorithm, which performs multidimensional clustering analysis based on Eu-
clidean distance and automatically and accurately identifies outlier data points as outliers.
DBSCAN only requires specifying two parameters: the search neighborhood radius ε and
the minimum number of points contained within the search radius MinPts. In the clustering
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process, any data point is determined to have neighboring points within its neighborhood
radius ε, and points with a number of neighboring points greater than MinPts are identified
as core points. Points with fewer neighboring points than MinPts, but adjacent to the core
point, are identified as boundary points. The core and boundary points always belong to
a certain category cluster, and points that do not belong to any cluster are identified as
noise points. The core points and noise points are shown in Figure 10. In the figure, purple,
yellow, and green dots represent core points, while black dots indicate noise points, which
are also considered outliers.

Figure 10. DBSCAN Abnormal value determination.

Choosing an appropriate method is crucial for the accuracy of results in the process of
outlier detection. Compared with other commonly used outlier detection methods, such
as IQR, MAD, and the triple standard deviation method, the DBSCAN method exhibits
more reasonable characteristics in multiple aspects. Firstly, DBSCAN’s density-based
clustering method can automatically identify clusters and noise points in data without
making assumptions about the distribution pattern of the data, while traditional IQR,
MAD, and triple standard deviation methods typically assume that the data follows a
normal distribution or a relatively uniform distribution, which may not always hold true
in practical applications. Secondly, DBSCAN can effectively handle data with nonlinear
structures and has stronger adaptability. In addition, DBSCAN does not require a pre-set
number of clusters and can automatically determine the number and shape of clusters,
which is particularly important for datasets with unknown or complex data features.
Taking into account these advantages and data characteristics, the DBSCAN method is
more reasonable and effective in outlier detection. Therefore, this method was chosen for
this study.

3.2.3. Data Filling

In data analysis and machine learning projects, handling missing values is one of
the key steps in ensuring data quality and model performance. If missing values are not
handled properly, this may lead to analysis bias and even affect the predictive ability of
the model. Therefore, in this project, we adopted a comprehensive strategy that combines
mean imputation and the K-Nearest Neighbor (KNN) algorithm to ensure that missing
values in the data are properly and effectively filled.

Firstly, we conducted preliminary processing on the geographical features in the
dataset. For the missing values in these feature columns, we filled them with column
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means. This method can reduce the information loss caused by missing values while
preserving the overall trend of the data, providing a relatively complete data foundation
for subsequent processing steps.

After completing the preliminary processing, we further used the K-Nearest Neighbor
(KNN) algorithm to fill in the missing values in the data. KNN is an instance-based learning
method that infers possible missing values by referencing several neighbors in the dataset
that are most similar to the missing value samples. We set the number of reference neighbors
to 50, which means that when filling in each missing value, the algorithm searches for the
50 most similar samples and infers the missing value based on the data of these neighbors.
This method fully utilizes the similarity information in the data, providing more accurate
and reasonable filling results, thereby effectively improving the integrity of the data.

After filling in using the above method, we updated the entire dataset to ensure
that all missing values were properly processed. The situation before and after missing
value processing is shown in Figure 11. In the figure, blue dots represent the original data
distribution, while green dots show the data distribution after imputation.

Figure 11. Comparison chart before and after missing value supplementation.

3.3. Feature Extraction

Pearson coefficient analysis was conducted on the extracted geological and engineering
data. This analysis involved determining the coefficient value for each pair of parameters.
Following the analysis of all parameters, Figure 12 was generated. The colors depicted in
the heatmap correspond to the magnitude of the data. Specifically, Pearson coefficients
closer to 1 are represented by redder hues in the heatmap, while coefficients nearer to −1
appear bluer [35]. This visual representation provides a clear and intuitive understanding
of the correlations present within the dataset.
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Figure 12. Pearson coefficient heatmap of production and construction data.

When the absolute value of the Pearson coefficient is greater than 0.4, a linear correla-
tion is generally considered. By extracting parameters with Pearson correlation coefficient
absolute values greater than 0.4, as shown in Figure 13, a linear relationship test was con-
ducted between each parameter and 1800 days of cumulative oil production. The results
show that although there is a certain linear correlation between the construction parameters,
geological parameters, and cumulative oil production, this correlation is not strong. This
indicates that there may be nonlinear relationships or other complex influencing factors
that have not been fully identified. In order to comprehensively understand and evaluate
the impact of these parameters on cumulative oil production, this article has decided to
introduce more analytical methods. Subsequently, gray relational analysis, the maximum
mutual information method, AutoGluon feature importance, and SHAP value analysis
will be used, combined with the entropy weight method for comprehensive evaluation,
to deeply analyze and determine key influencing factors. These comprehensive methods
are expected to reveal more potential relationships and provide a more accurate basis for
subsequent optimization decisions.

For the target variable of 1800 days of cumulative oil production, this study compre-
hensively utilized various methods, such as gray relational analysis, the maximum mutual
information method, AutoGluon feature importance assessment, and SHAP value analysis,
combined with the entropy weight method, for a comprehensive evaluation. Through this
series of analytical methods, the impact of each parameter on the target variable was suc-
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cessfully identified and quantified, and the final evaluation results of the main controlling
factors are shown in Figure 14.

Figure 13. Combination of linear correlation above 0.4 in production and construction data.

In the feature extraction stage, this article selects features from the raw data that are
highly correlated with the target parameters. The aim is to reduce the dimensionality
of the data, enhance its nonlinearity, and increase its expressive power in order to more
effectively adapt it to machine learning models and algorithms. To achieve this goal,
this article primarily uses the principal component analysis (PCA) method for feature
extraction. This method minimizes information loss by preserving the most representative
information in the original data. After applying principal component analysis (PCA), this
paper selected 19 geological and engineering parameters from an initial set of 29 variables,
using the entropy weight method to rank them by their scores from high to low. These
parameters were chosen to serve as input features for subsequent model training. The
geological parameters include aspects such as the total gel liquid volume, liquid intensity,
liquid-to-sand ratio, pre-pad liquid proportion, total sand volume, average sand ratio, sand
intensity, total liquid volume, perforations, and net liquid volume. On the engineering side,
the selected parameters include minimum permeability (K_min), average pressure (P_avg),
minimum pressure (P_min), maximum oil saturation (So_max), maximum water saturation
(Sw_max), average oil saturation (So_avg), minimum water saturation (Sw_min), thickness,
and average water saturation (Sw_avg). Among the preferred parameters, Total Gel Liquid
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Volume, Liquid intensity, and Total Liquid Volume are positively correlated to the yield,
while other preferred parameters are negatively correlated.

Figure 14. Using entropy weight method for comprehensive evaluation and analysis of main control factors.

3.4. Model Training

In this article, the AutoGluon machine learning framework was utilized for rapid
model training and optimization, achieving higher accuracy predictions by integrating
multiple models without the need for manual hyperparameter search. Specifically, various
ensemble learning techniques from AutoGluon, including stacking, k-fold cross-validated
bagging, and multi-level stacking, were employed to enhance the model’s fitting and
generalization performance.

Stacking technology trains multiple models independently on the same dataset and
uses linear models to calculate the weighted average of all model predictions. Bagging
through k-fold cross-validation effectively prevents model overfitting by performing k-fold
cross-validation on all the models and obtaining the average output. Multi-layer stacking
combines the original data with the results of single stacking to form a new linear weighted
model, further improving the prediction accuracy.

In the specific implementation, the model was trained for regression problems with
the key parameters set to optimize the training process. By specifying the model save
path, controlling the training time, and utilizing GPU-accelerated computing, the training
efficiency of the model was significantly improved. Additionally, 5-fold cross-validation
was employed to enhance the model’s generalization ability and ensure the effective
application of stacking and bagging techniques through appropriate hierarchical control.

Through these methods and parameter settings, AutoGluon was able to automatically
select and combine multiple models without human intervention, significantly improving
the accuracy and efficiency of predictions.

In the data preprocessing stage, the DBSCAN algorithm is used to identify and remove
outliers, and the mean and KNN methods are used to fill in missing values. Subsequently,
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the data set was divided into a training set and a test set, with the test set accounting for
20% and not participating in model training. Based on the AutoGluon framework, bagging
technology with 5-fold cross-validation and single-layer stacking integrated learning strategy
were implemented. The RMSE was selected as the loss function, and the ability of the model
to fit the actual data was evaluated using R2. According to the results shown in Figure 15,
the closeness between the predicted value of the model and the real value is measured by
the distance between the predicted value and the red dotted line. The closer the distance,
the better the prediction effect. The blue marks represent the prediction performance on the
training set, the yellow marks represent the prediction performance on the test set, and the
points falling in the green area indicate that the prediction accuracy is above 85%. It is worth
noting that although the R2 value on the training set reached 0.79, indicating good model fit,
the R2 value on the test set was only 0.23, which may indicate overfitting of the model.

Figure 15. AutoGluon Prediction comparison chart.

4. Conclusions

This study aims to preliminarily construct a production capacity prediction model
for a specific oilfield by employing regression analysis methods on a dataset containing
435 records and 19 features, with the goal of predicting the cumulative oil production over
1800 days. In the data preprocessing phase, we utilized a combination of graphical analysis
and numerical processing methods. Specifically, we used the K-Nearest Neighbors (KNN)
algorithm to impute missing values and employed the entropy weight method to conduct
a comprehensive weighting of various key factors, extracting critical features to prepare for
model training. Ultimately, we achieved automated model training using the AutoGluon
framework, efficiently completing the prediction task.

During the model training process, we applied various algorithms, including Random
Forest, CatBoost, Extra Trees, Neural Networks, XGBoost, NeuralNetTorch, and LightGBM.
A comparative analysis revealed that the LightGBM model performed the best, with a root
mean square error (RMSE) of 4175.08 on the training set and a coefficient of determination
R2 of 0.79, indicating that the model could explain 79% of the data variability. However, dur-
ing the validation process, especially on the test set, the model’s performance significantly
declined, with the RMSE increasing to 11,113.33, and the R2 dropping to 0.23, revealing
a clear overfitting issue. This result emphasizes the importance of the model generalization
capability. Future research will explore more advanced models and algorithms based on
this foundation to further improve the prediction accuracy and reliability, providing more
scientific guidance for the overall oil and gas development process.
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163



λ (SOC − 0.8)
λ (SOC − 0.1)

Pbat re f

Pbat re f = Pt(1 − λx).

Pt

λx

{
U1 = IR1·

[
1 − esp

(
− t

τ1

)]
Ut = OCV(SOC)− IR0 − U1

.

ξ 0.5(1 +
√

0.5−SOC
0.4 ) 0.5(1 −

√
0.9−SOC

0.4 )

ξ 0.5(1 −
√

0.5−SOC
0.4 ) 0.5(1 +

√
0.9−SOC

0.4 )

Psc re f

Psc re f =
∼
Pt(1 − ξx).

∼
Pt ξ

Pr

164



Pr > 0

Pg = Pr − Psc re f − Pbat re f .

Pr < 0

Pr = 0

Phess + Pg = Ppv − Pload.

ibe

165



−

−

166



167



Ω

◦

168



(a) (b)

169



(a) (b)

170



(a) (b)

171



172



173



174



175



Academic Editor: Giovanni

Lutzemberger

Received: 26 January 2025

Revised: 19 February 2025

Accepted: 7 March 2025

Published: 11 March 2025

Citation: Kang, K.; Shi, N.; Cai, S.;

Zhang, L.; Shao, X.; Cao, H.; Fei, M.;

Zhou, S.; Wan, X. Distributed Model

Predictive Load Frequency Control for

Virtual Power Plants with Novel

Event-Based Low-Delay Technique

Under Cloud-Edge-Terminal

Framework. Energies 2025, 18, 1380.

https://doi.org/10.3390/

en18061380

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Distributed Model Predictive Load Frequency Control for Virtual
Power Plants with Novel Event-Based Low-Delay Technique
Under Cloud-Edge-Terminal Framework

Kai Kang 1, Nian Shi 2, Si Cai 2, Liang Zhang 2, Xinan Shao 2, Haohao Cao 2, Mingjin Fei 2, Shisen Zhou 3

and Xiongbo Wan 3,*

1 PowerChina Hubei Engineering Co., Ltd., Wuhan 430040, China; kangkaisj@powerchina-hb.com
2 PowerChina Hubei Electric Engineering Co., Ltd., Wuhan 430040, China; shinsj@powerchina-hb.com (N.S.);

caisi@powerchina-hb.com (S.C.); zhanglsj@powerchina-hb.com (L.Z.); shaoxnsj@powerchina-hb.com (X.S.);
caohaohao-huby@powerchina.cn (H.C.); feimingjin-huby@powerchina.cn (M.F.)

3 School of Automation, China University of Geosciences, Wuhan 430074, China; sszhou25@cug.edu.cn
* Correspondence: xbwan23@cug.edu.cn

Abstract: In this paper, the distributed model predictive load frequency control problem
for virtual power plants (VPPs) under the cloud-edge-terminal framework is addressed,
where the data packets are transmitted under a novel dynamic event-triggered mechanism
(DETM) with hybrid variables. The proposed DETM has the ability to flexibly manage
packet releases and reduce network congestion, thus decreasing the communication delay
of the VPP. A method of the DETM-based distributed model predictive control (DMPC) is
proposed, which can shorten the data processing time and further decrease the commu-
nication delay. The DMPC problem is described as a “min-max” optimization problem
(OP) with hard constraints on the system state. By utilizing a Lyapunov function with an
internal dynamic variable, an auxiliary OP with matrix inequalities constraints is proposed
to optimize the controller gain and the weighting matrix of the DETM. The effectiveness
and superiority of the designed DETM and dynamic event-based DMPC algorithm are
demonstrated through a case study on two-area VPPs.

Keywords: load frequency control; dynamic event-triggered mechanism; distributed model
predictive control; cloud-edge-terminal; virtual power plant

1. Introduction

Frequency is a significant indicator of power quality, and keeping the frequency
fluctuation within the rated allowable range is key to maintaining the stability and security
of the power system [1]. Load frequency control (LFC) maintains the quality of system
power by keeping the system operating frequency within the rated allowable range [2,3].
With the increase in renewable energy penetration in the power system, the strong volatility
and intermittency of renewable energy output also lead to frequent fluctuations in the
grid frequency, and the system’s flexible regulation capability decreases significantly [4].
Therefore, it is urgent to explore the potential and value of new regulation resources to
enhance the frequency stability of the power system.

Currently, under the role of power system marketization, a large number of adjustable
resources such as energy storage and vehicle clusters are connected to the power system,
which brings new possibilities for supplementing the frequency response capacity of the
generation side. By aggregating each adjustable resource to form a virtual power plant

Energies 2025, 18, 1380 https://doi.org/10.3390/en18061380
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(VPP), additional regulation capacity can be provided to provide auxiliary frequency
regulation services for large-capacity systems. VPPs realize cooperative operation through
aggregation and regulation of geographically dispersed and different kinds of distributed
resources [5], which has great potential to improve the sustainable development of energy
and ensure the safe and stable operation of power grids [6]. Therefore, it is of great
significance to study the regulation strategy of VPPs.

Since distributed resources present small capacity, large volume, and wide dispersion,
a VPP generally adopts a cloud-edge-terminal collaborative information framework [7,8].
The communication network is key to the cloud-edge-terminal framework, which facilitates
the transmission of system data. However, due to the limited communication bandwidth,
transmissions of large amounts of data cause congestion on the communication network,
which subsequently increases the communication delay [9]. Therefore, it is of great engi-
neering significance to investigate how to reduce the communication delay while ensuring
the control performance of the VPP.

To solve the VPP communication delay problem under the cloud-edge-terminal frame-
work, the event-triggered mechanism (ETM) is an effective method [10]. Unlike the time-
triggered method, the ETM transmits data only when a pre-defined triggering condition is
satisfied [11]. This means that ETM reduces unnecessary packet releases and decreases the
likelihood of network congestion, thereby reducing communication delay. Recently, some
scholars have proposed dynamic event-triggered mechanisms (DETMs) [12–14], which
can flexibly manage the release of packets and further save network resources compared
to static event-triggered mechanisms [15–17]. However, the existing DETMs still have
room for improvement. For example, for the DETM in [13], the coefficients are fixed and
cannot dynamically adjust the packet releases. These provide opportunities for designing
improved DETMs to reduce the delay of VPPs further.

Model predictive control (MPC) has the advantages of handling hard constraints
and yielding good dynamic performance [18–20]. Some scholars have studied the model
predictive LFC with VPP participation and there have been some results [21,22]. The
aforementioned studies use a centralized MPC (CMPC) approach, but under the cloud-
edge-terminal framework, VPPs with the CMPC strategy for LFC will aggregate all data
to an edge-centered processor for processing. Data centralization often leads to network
congestion and increases the data processing time, which triggers the latency problem of the
VPP. On the contrary, the distributed MPC (DMPC) avoids centralized transmission of data
by decentralizing the data to be processed on multiple edge nodes. This shortens the data
processing time and reduces the network burden, which helps to reduce communication
delay. However, the DMPC problem for VPPs has not been discussed, let alone an improved
DETM-based DMPC for VPPs. This presents an opportunity to explore distributed model
predictive LFC for VPP under the new DETM.

In this paper, in order to reduce the communication delay of a VPP, a new DETM is
proposed for VPPs, and a dynamic event-based DMPC algorithm is developed under the
cloud-edge-terminal framework. The main contributions are three-fold: (1) a low-delay
communication technique based on novel DETM is proposed, and the proposed DETM
is more generalized than some existing ETMs, which further reduces the network burden
and thus reduces the communication delay of the VPP; (2) under the cloud-edge-terminal
framework, the distributed model predictive controllers were designed for the edge servers
of each VPP, which further reduces the communication delay by shortening the data
processing time compared to the centralized control strategy while guaranteeing the control
performance; and (3) a dynamic event-based distributed model predictive LFC algorithm
is developed to reduce the consumption of communication resources and shorten the data
processing time, which reduces the communication delay of the VPP.
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2. Problem Formulation

2.1. General Structure of VPP

VPPs serve as a way to realize the aggregation and coordinated optimization of dis-
tributed energy resources such as distributed power sources, energy storage systems,
controllable loads, electric vehicles, and other distributed energy resources through ad-
vanced information and communication technologies and software systems. The general
structure of a VPP is shown in Figure 1, and this paper focuses on a typical VPP that
integrates a combination of wind energy, energy storage, and electric vehicles to participate
in the frequency regulation of the power system.

solar 
power

household 
load

electric 
vehicle

wind 
power

industrial 
load

energy 
storage

control center

Figure 1. General structure of VPP.

2.2. Wind Storage System Frequency Modulation Model

The expression for the general wind turbine aerodynamic system is shown in [23].
Under the condition of constant wind speed and maintaining the optimal tip speed ratio,
the adjustment of the output power of the wind turbine is realized by changing the size of
the pitch angle opening. Now, consider the following wind turbine model:

ΔPwind = ΔβGwind = Δβ
kβ

1 + Twinds
, (1)

where Δβ is the angular change in paddle pitch angle, Gwind is the wind turbine power transfer
function, Twind is the wind turbine response time, and kβ is the pitch angle control slope.

The long response time of the pitch angle of the wind turbine leads to a reduction
in the frequency modulation capability, and it is necessary to combine the energy storage
system with fast response capability to suppress the power fluctuation. The energy storage
model of the VPP can be represented as follows [24]:

ΔPbess = ΔPsGbess = ΔPs
1

1 + Tbesss
, (2)

where ΔPs is the storage instantaneous power, Gbess is the storage system transfer function,
and Tbess is the storage system response time.

2.3. Electric Vehicle Frequency Modulation Model

As a flexible control resource, the charging and discharging processes of electric
vehicles can be regarded as load and power supply, respectively, for the power grid. With
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the number of cars fixed, consider the following frequency modulation model for electric
vehicles [25]:

ΔPev = ΔUevGev = ΔUev
1

1 + Tevs
, (3)

where ΔUev represents the depth of charge and discharge of the electric vehicle battery, and
Tev is the electric vehicle system response time.

2.4. Distributed Predictive LFC Model with VPP

In Figure 2, we give the system structure and consider the following dynamic model
of LFC with VPP for the ith control area:⎧⎪⎪⎪⎨⎪⎪⎪⎩

ẋi(t) = Aiixi(t) + Biiui(t) + Fiiwi(t) +
N

∑
j �=i
j=1

(Aijxj(t) + Bijuj(t)),

yi(t) = Ciixi(t),

(4)

where

xi(t) = [Δ fi ΔPtie−i ΔPmi ΔPvi

∫
ACEi ΔPwindi ΔPbessi ΔPevi]

T,

yi(t) = ACEi = βiΔ fi + ΔPtie−i, wi(t) = ΔPdi,

Aii =

[
A11 A12

03×5 A22

]
, A12 =

⎡⎢⎢⎢⎢⎢⎣
1
M i

1
M i

1
M i

0 0 0
0 0 0
0 0 0
0 0 0

⎤⎥⎥⎥⎥⎥⎦, A22 =

⎡⎢⎣ − 1
Twindi

0 0
0 − 1

Tbessi
0

0 0 − 1
Tevi

⎤⎥⎦,

A11 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

− Di
Mi

− 1
Mi

1
Mi

0 0

2π
N
∑

j=1,j �=i
Tij 0 0 0 0

0 0 − 1
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1
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0
− 1

RTgi
0 0 − 1

Tgi
0

βi 1 0 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

Bii =

⎡⎢⎢⎢⎢⎣
0 0 0 1

Tgi
0 0 0 0

0 0 0 0 0
kβi

Twindi
0 0
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0
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Tevi

⎤⎥⎥⎥⎥⎦
T

,

Fii =
[− 1

Mi
0 0 0 0 0 0 0

]T, Cii = [βi 1 0 0 0 0 0 0],

Bij =

⎡⎢⎢⎢⎣
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0

⎤⎥⎥⎥⎦
T

, Aij =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0 0 0 0 0
−2πTij 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

Tij = Tji.
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Figure 2. Structure of multiple VPPs using DETM-based DMPC under loud–edge–terminal framework.

For explanations regarding the parameters in Equation (4), please refer to [3] for
details.

The discrete-time model of LFC for a VPP for the ith control area is given as follows:⎧⎪⎪⎪⎨⎪⎪⎪⎩
xi(k + 1) = Aiixi(k) + Biiui(k) + Fiiwi(k) +

N

∑
j �=i
j=1

(Aijxj(k) + Bijuj(k)),

yi(k) = Ciixi(k),

(5)

where Aii, Bii, Fii, Aij, Bij, and Cii are the discretized coefficient matrices.

Remark 1. In Figure 2, each control area contains distributed energy from wind energy, energy
storage, and vehicle clusters in the VPP. The distributed model predictive controllers are designed for
the edge servers of each VPP, which reduces the processing time of the data and the communication
delay. In addition, each control area is a terminal, and the cloud server is used for uploading and
downloading data. Under this cloud–edge–terminal framework, DETMs are utilized to manage the
release of packets, thereby reducing network congestion and achieving low-delay communication.

Suppose that the load disturbance satisfies

‖wi(k)‖2 ≤ pi, (6)

where pi ≥ 0 is constant.
Consider the following hard constraints:

|[xi(k)]ι| ≤ [x̄i]ι, ι ∈ L � {1, 2, . . . , nxi}, (7)

where the vector x̄i is given with its elements being nonnegative.
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To reduce communication delay and increase the packet transmission rate, the follow-
ing DETM is presented:⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

smi+1 = mink∈N+

{
k > smi | η1iζi(k) + θ1i ϕi(k)xi

T(k)Ωi(k)xi(k)

−θ2iei
T(k)Ωi(k)ei(k) ≤ 0},

ζi(k + 1) = η2iζi(k) + θ3i ϕi(k)xi
T(k)Ωi(k)xi(k)− θ4ieT

i (k)Ωi(k)ei(k),

ϕi(k) = ϕ
i
+ εi�

eT
i (k)ei(k)

i ,

(8)

where smi stands for the mth instant for data release, ζi(k) is a dynamic variable (DV) with
ζi(0) ≥ 0, ϕi(k) is an adaptive adjustment variable (AAV), Ωi(k) is a weighting matrix,
η1i ≥ 0, 0 ≤ η2i ≤ 1, θ1i ≥ 0, θ2i > 0, θ3i ≥ 0, θ4i > 0, 0 < �i ≤ 1, ϕ

i
≥ 0, and εi ≥ 0 are

given constants, and ei(k) = xi(k)− x(smi) where s0i = 0.
Note that in DETM (8), there exist a DV ζi(k) and an AAV ϕi(k), which are incorporated

to enhance the capability of adjusting releases of data packets. Additionally, we have

ϕ
i
< ϕi(k) ≤ ϕ

i
+ εi � ϕi. (9)

Let

x̃i(k) = x(smi), ∀k ∈ [smi, smi+1). (10)

Then, we obtain

ei(k) = xi(k)− x̃i(k), (11)

which holds for any k ∈ [0, ∞).

Remark 2. In (8), a new DETM is designed that contains an AVV with adjustable upper and lower
bounds to flexibly regulate packet releases. In addition, DETM (8) can also be degraded to existing
DETMs by setting suitable parameters. For example, by setting η1i = 1, θ1i = θ2iθ3i, θ4i = 1,
ϕ

i
= 0, εi = 1, and �i = 1, DETM (8) becomes the DETM in [13]. As a result, DETM (8) is more

general and flexible than existing DETMs, which can further decrease the possibility of network
congestion and thus reduce communication delay.

To further reduce the communication delay, a distributed control strategy is used to
shorten the data processing time. A distributed state feedback controller for the ith control
area can be designed:

ui(k) = Hi(k)x̃i(k). (12)

The state feedback controller of the neighboring subsystem j(j �= i) is expressed as

uj(k) = Hj(k)x̃j(k). (13)

Applying (11)–(13) to (5), we can obtain the following closed-loop control system:

xi(k + 1) = (Aii + Bii Hi(k))xi(k)− Bii Hi(k)ei(k) + Fiiwi(k)

+
N

∑
j �=i
j=1

((Aij + Bij Hj(k))xj(k)− BijHj(k)ej(k))

= (Ai + Bi H(k))x(k)− Bi H(k)e(k) + Fiiwi(k),

(14)
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where

x(k) =
[

x1(k)T · · · xi(k)T · · · xN(k)T
]T

, e(k) =
[
e1(k)T · · · ei(k)T · · · eN(k)T

]T
,

Ai =
[
Ai1 . . . Aii . . . AiN

]
, Bi =

[
Bi1 . . . Bii . . . BiN

]
,

H(k) = diag{H1(k) . . . Hi(k) . . . HN(k)}.

For ease of presentation, we define

·(k + l | k) � ·(l, k), ·(k | k) � ·(k).
The following prediction model is given:{

xi(l + 1, k) = (Ai + Bi H(k))x(l, k)− Bi H(k)e(l, k) + Fiiwi(l, k),
ζi(l + 1, k) = η2iζi(l, k) + θ3i ϕi(l, k)xi

T(l, k)Ωi(k)xi(l, k)− θ4ieT
i (l, k)Ωi(k)ei(l, k).

(15)

Consider the following objective function:

J∞
i (k) =

∞

∑
l=0

[
‖xi(l, k)‖2

Qi
+ ‖ui(l, k)‖2

Ri
− ρiwT

i (l, k)wi(l, k)
]

+
N

∑
j �=i
j=1

∞

∑
l=0

[∥∥xj(l, k)
∥∥2

Qj
+
∥∥uj(l, k)

∥∥2
Rj

]
,

(16)

where Qi > 0, Ri > 0, Qj > 0, and Rj > 0 are given weighting matrices, and ρi is a constant.
For DMPC in each area i, and at each time instant k, we construct the following

“min=-max” optimization problem (OP) to design the DMPC controllers for System (14):

OP1

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
min
ui(k)

max
wi(k)

J∞
i (k),

|[xi(l, k)]ι| ≤ [x̄i]ι, ι ∈ L (17a)[
xT

i (l, k), ζ
1
2
i (l, k)

]T
∈ Λi, (17b)

where

Λi � {[xT
i (l, k), ζ

1
2
i (l, k)]T|xT

i (l, k)Pi(k)xi(l, k) + ζi(l, k) ≤ γi}, (18)

where Pi(k) > 0 and γi > 0 give the weighting matrix to be designed and the optimisation
index, respectively.

Definition 1. For System (5), the set Λi is a positively invariant set (PIS) if [xT
i (l, k), ζ

1
2
i (l, k)]T ∈

Λi, ∀l ∈ N.

Lemma 1. In DETM (8), where ζi(0) ≥ 0, if the constants η1i ≥ 0, 0 ≤ η2i ≤ 1, θ1i ≥ 0, θ2i > 0,
θ3i ≥ 0, and θ4i > 0 satisfy η1iθ4i ≤ η2iθ2i and θ1iθ4i ≤ θ2iθ3i, then ζi(k) ≥ 0, ∀k ∈ N+.

Proof. It is not difficult to complete the proof by following the method in [14]; the details
are thus omitted.

Since it is difficult to solve OP1 directly, we need to transform OP1. Therefore, we
next propose an LMI-based auxiliary OP for OP1 and then develop a DETM-based DMPC
algorithm to design the controller gain matrix Hi(k) and the DETM weighting matrix Ωi(k).
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3. Main Results

3.1. LMI-Based Auxiliary OP of OP1

In this section, we will design a DMPC algorithm based on the DETM (8) for Sys-
tem (14). To achieve this goal, we design an LMI-based auxiliary OP to solve OP1.

Consider the following Lyapunov-like function:

Vi(ζi(k), xi(k)) = xT
i (k)Pi(k)xi(k) + ζi(k). (19)

Rewrite (16) as follows:

J∞
i (k) =

∞

∑
l=0

[
‖x(l, k)‖2

Q + ‖u(l, k)‖2
R − ρiwT

i (l, k)wi(l, k)
]
, (20)

where

Q = diag{Q1 . . . Qi . . . QN}, R = diag{R1 . . . Ri . . . RN}.

At each time instant k, we suppose the following inequality:

Vi(ζi(l + 1, k), xi(l + 1, k))− Vi(ζi(l, k), xi(l, k))

≤ −
(
‖x(l, k)‖2

Q + ‖u(l, k)‖2
R

)
+ ρiwT

i (l, k)wi(l, k).
(21)

Adding both sides of (21) from l = 0 to l = ∞, we obtain

− Vi(ζi(k), xi(k)) ≤ −J∞
i (k)− Vi(ζi(∞, k), xi(∞, k)) ≤ −J∞

i (k). (22)

According (18) to (22), we obtain

J∞
i (k) ≤ Vi(ζi(k), xi(k)) ≤ γi. (23)

Based on (23), we construct the following auxiliary OP:

OP2 : min
Hi(k)

γi,

s.t.(14), (17a), (17b), (21).
(24)

Theorem 1. Let the scalars η1i ≥ 0, 0 ≤ η2i ≤ 1, θ1i ≥ 0, θ2i > 0, θ3i ≥ 0, θ4i > 0, 0 < �i ≤ 1,
ϕ

i
≥ 0, εi ≥ 0, and ρi > 0, and the matrices Q > 0 and R > 0 be given. If a scalar γi > 0 and

matrices Si(k) > 0, Xi > 0, Ti(k) > 0, Yi(k), and Gi(k) exist such that, ι ∈ L, the following LMIs[
D

(1,1)
1 ∗

D
(2,1)
1 D

(2,2)
1

]
≤ 0, (25)

[
Xi Gi(k)

∗ D
(2,2)
1

]
≥ 0, (26)

[Xi]ιι ≤ [x̄i]
2
ι , (27)
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hold, where

D
(1,1)
1 = diag

{
D̃

(1,1)
1 , D̃ (2,2)

1 ,−ρiγiLTi Li

}
, D̃ (1,1)

1 = ET
i
(
Si(k)− GT

i (k)− Gi(k)
)
Ei,

D̃
(2,2)
1 = θ4iET

i
(
Ti(k)− GT

i (k)− Gi(k)
)
Ei, D

(2,2)
1 = diag{−Si(k),−γi I,−γi I,−Ti(k)},

D
(2,1)
1 =

⎡⎢⎢⎢⎣
AiG(k) + BiY(k) −BiY(k) γiFiiLi

R
1
2 Y(k) −R

1
2 Y(k) 0

Q
1
2 G(k) 0 0√

θ3i ϕiEiG(k) 0 0

⎤⎥⎥⎥⎦, D (2,2)
1 = GT

i (k) + Gi(k)− Si(k),

G(k) = diag{G1(k) . . . Gi(k) . . . GN(k)}, Y(k) = diag{Y1(k) . . . Yi(k) . . . YN(k)},

Ei =
[
Z−

1i I1i Z+
1i
] ∈ Rnxi×(nx1+···+nxN ),

Li =
[
Z−

2i I2i Z+
2i
] ∈ Rnwi×(nw1+···+nwN ),

I1i ∈ Rnxi×nxi , I2i ∈ Rnwi×nwi , and Z−
1i ∈ Rnxi×(nx1+···+nxi−1 ), Z+

1i ∈ Rnxi×(nxi+1+···+nxN ),

Z−
2i ∈ Rnwi×(nw1+···+nwi−1 ), Z+

2i ∈ Rnwi×(nwi+1+···+nwN ) are zero matrices,

then conditions (17a) and (21) are satisfied, and the feedback gain matrix Hi(k) and the weighting
matrix Ωi(k) are designed by

Hi(k) = Yi(k)G−1
i (k), Ωi(k) = γiT−1

i (k). (28)

Proof. It follows from (15) that

ζi(l + 1, k)− ζi(l, k) = (η2i − 1)ζi(l, k) + θ3i ϕi(l, k)xT
i (l, k)Ωi(k)xi(l, k)

− θ4ieT
i (l, k)Ωi(k)ei(l, k)

≤ θ3i ϕi(l, k)xT
i (l, k)Ωi(k)xi(l, k)− θ4ieT

i (l, k)Ωi(k)ei(l, k).

(29)

Substituting (19) into (21) yields

xT
i (l + 1, k)Pi(k)xi(l + 1, k) + ζi(l + 1, k)− xT

i (l, k)Pi(k)xi(l, k)− ζi(l, k)

+ ‖x(l, k)‖2
Q + ‖u(l, k)‖2

R − ρiwT
i (l, k)wi(l, k) ≤ 0.

(30)

According to (9), (14), and (29), Inequality (30) holds if

[(Ai + Bi H(k))x(l, k)− Bi H(k)e(l, k) + Fiiwi(l, k)]TPi(k)[(Ai + Bi H(k))x(l, k)

− Bi H(k)e(l, k) + Fiiwi(l, k)]− xT
i (l, k)Pi(k)xi(l, k) + θ3i ϕix

T
i (l, k)Ωi(k)xi(l, k)

− θ4ieT
i (l, k)Ωi(k)ei(l, k) + ‖x(l, k)‖2

Q + ‖u(l, k)‖2
R − ρiwT

i (l, k)wi(l, k) ≤ 0.

(31)

Further, we obtain

[(Ai + Bi H(k))x(l, k)− Bi H(k)e(l, k) + FiiLiw(l, k)]TPi(k)[(Ai + Bi H(k))x(l, k)

− Bi H(k)e(l, k) + FiiLiw(l, k)]− xT(l, k)ET
i Pi(k)Eix(l, k) + θ3i ϕix

T(l, k)ET
i Ωi(k)Eix(l, k)

− θ4ieT(l, k)ET
i Ωi(k)Eie(l, k) + ‖x(l, k)‖2

Q + ‖u(l, k)‖2
R − ρiwT(l, k)LT

i Liw(l, k) ≤ 0,

(32)

where

wT(l, k) =
[
w1(l, k)T · · ·wi(l, k)T · · ·wN(l, k)T

]T
.

We write (32) as the following equivalent form:

ξT(k)
(
C1 + C2Pi(k)C T

2 + C3RC T
3

)
ξ(k) ≤ 0, (33)
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where

ξ(k) =
[

xT(l, k) eT(l, k) wT(l, k)
]T

,

C1 = diag{Q − ET
i Pi(k)Ei + θ3i ϕiE

T
i Ωi(k)Ei,−θ4iET

i Ωi(k)Ei,−ρiLT
i Li},

C2 =
[

Ai + Bi H(k) −Bi H(k) FiiLi

]T
, C3 =

[
H(k) −H(k) 0

]T
.

By the Schur complement, (33) is guaranteed if[
D

(1,1)
2 ∗

D
(2,1)
2 D

(2,2)
2

]
≤ 0, (34)

where

D
(1,1)
2 = diag{−ET

i Pi(k)Ei,−θ4iET
i Ωi(k)Ei,−ρiLT

i Li},

D
(2,1)
2 =

⎡⎢⎢⎢⎣
Ai + Bi H(k) −Bi H(k) FiiLi

R
1
2 H(k) −R

1
2 H(k) 0

Q
1
2 0 0√

θ3i ϕiEi 0 0

⎤⎥⎥⎥⎦, D (2,2)
2 = diag{−P−1

i (k),−I,−I,−Ω−1
i (k)}.

Pre- and post-multiply the left-hand side matrix of Inequality (34) by diag
{

γ
− 1

2
i GT(k),

γ
− 1

2
i GT(k), γ

1
2
i I, γ

1
2
i I, γ

1
2
i I, γ

1
2
i I, γ

1
2
i I
}

and its transpose, respectively. Then, by denoting
γiP−1

i (k) = Si(k) and (28), we have[
D

(1,1)
3 ∗

D
(2,1)
1 D

(2,2)
1

]
≤ 0, (35)

where

D
(1,1)
3 = diag

{
D̃

(1,1)
3 , D̃ (2,2)

3 ,−ρiLT
i Li

}
,

D̃
(1,1)
3 = −ET

i GT
i (k)S

−1
i (k)Gi(k)Ei, D̃

(2,2)
3 = −θ4iET

i GT
i (k)T

−1
i (k)Gi(k)Ei.

Since −GT
i (k)S

−1
i (k)Gi(k) ≤ Si(k)− GT

i (k)− Gi(k) and −GT
i (k)T

−1
i (k)Gi(k) ≤ Ti(k)−

GT
i (k)− Gi(k), then (35) holds if (25) is satisfied.

Now, we prove that conditions (26) and (27) guarantee (17a), and noting that
γiP−1

i (k) = Si(k), we obtain

max
n∈N

|[xi(l, k)]ι|2 = max
n∈N

∣∣∣∣[S
1
2
i (k)S

− 1
2

i (k)xi(l, k)
]

ι

∣∣∣∣2 ≤ max
n∈N

∥∥∥∥[S
1
2
i (k)

]
ι

∥∥∥∥2∥∥∥∥S− 1
2

i (k)xi(l, k)
∥∥∥∥2

≤ max
n∈N

∥∥∥∥[S
1
2
i (k)

]
ι

∥∥∥∥2(
1 − ζi(l, k)

γi

)
≤
∥∥∥∥[S

1
2
i (k)

]
ι

∥∥∥∥2
.

(36)

Then, (17a) holds if there exists a matrix Xi > 0 such that

Xi − Si(k) ≥ 0 (37)

and (27) are met.
By the Schur complement, we obtain[

Xi ∗
I S−1

i (k)

]
≥ 0. (38)
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Pre- and post-multiplying the left hand-side matrix of (38) by diag{I, GT
i (k)} and its

transpose, and noting that GT
i (k)S

−1
i (k)Gi(k) ≥ GT

i (k) + Gi(k)− Si(k), we can obtain (26).
Then, (17a) holds if (26) and (27) are satisfied, which completes the proof.

3.2. Sufficient Conditions for PIS

To ensure that Λi is a PIS, we give sufficient conditions and give the corresponding LMIs.

Theorem 2. Define the scalar αi satisfying 0 ≤ αi ≤ 1 − η2i, and the scalars associated with
DETM (8) are the same as in Theorem 1. If there exist a scalar γi > 0 and matrices Si(k) > 0,
Ti(k) > 0, Yi(k), and Gi(k) such that the LMIs⎡⎢⎣ I ∗ ∗

xi(k) Si(k) ∗√
ζi(k) 0 γi

⎤⎥⎦ ≥ 0, (39)

[
E
(1,1)

1 ∗
E
(2,1)

1 E
(2,2)

1

]
≤ 0, (40)

hold, where

E
(1,1)

1 = diag
{

Ẽ
(1,1)

1 , Ẽ (2,2)
1 ,− αi

pi
LTi Li

}
,

Ẽ
(1,1)

1 = (1 − αi)ET
i
(
Si(k)− GT

i (k)− Gi(k)
)
Ei, Ẽ

(2,2)
1 = θ4iET

i
(
Ti(k)− GT

i (k)− Gi(k)
)
Ei,

E
(2,1)

1 =

[
AiG(k) + BiY(k) −BiY(k) FiiLi√

θ3i ϕiEiG(k) 0 0

]
, E (2,2)

1 = diag
{− Si(k),−Ti(k)

}
(refer to Theorem 1 for the detailed form of matrices Li, Ei, G(k), and Y(k)), then (18) is a PIS.

Proof. Noting that γiP−1
i (k) = Si(k), by Schur complement, we know that (39) guarantees

[xT
i (k), ζ

1
2
i (k)]

T ∈ Λi; further, we obtain [xT
i (l, k), ζ

1
2
i (l, k)]T ∈ Λi. Due to the presence of

disturbance, we need to prove that [xT
i (l + 1, k), ζ

1
2
i (l + 1, k)]T ∈ Λi.

The invariant set (18) holds at k + 1 if

1
γi

‖ xi(l + 1, k)‖2
Pi(k)

+
1
γi

ζi(l + 1, k)− 1 − αi
γi

‖xi(l, k)‖2
Pi(k)

− 1 − αi
γi

ζi(l, k)− αi
pi

wT
i (l, k)wi(l, k) ≤ 0.

(41)

Substituting (6) into (41), and noting that ‖xi(l, k)‖2
Pi(k) + ζi(l, k) ≤ γi, we have that

1
γi
‖x(l + 1, k)‖2

Pi(k) +
1
γi

ζi(l + 1, k) ≤ (1 − αi) + αi = 1, and thus ‖xi(l + 1, k)‖2
Pi(k) + ζi(l +

1, k) ≤ γi. This proves that
[

xT
i (l + 1, k), ζ

1
2
i (l + 1, k)

]T
∈ Λi. Furthermore, we obtain

that (41) is ensured by (40) [the detailed proof is similar to the proof of Theorem 1 and
is omitted here]. Finally, the condition (17b) is guaranteed by (39) and (40). This completes the
proof.

From the sufficient conditions given above, we transform OP2 into the following
auxiliary OP:

OP3 : min
Hi(k)

γi,

s.t.(25), (26), (27), (39), (40).
(42)

Based on OP3, we give Algorithm 1.
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Algorithm 1 DETM-based DMPC for System (14)

Step 1. At k = 0, set the initial state xi(0), the matrices Qi and Ri, and set the scalars η1i, η2i,
θ1i, θ2i, θ3i, θ4i, εi, �i, ϕ

i
, αi, pi, and ζi(0).

Step 2. If the error ei(k) between xi(k) and x(smi) meets the event-triggered condition in
DETM (8), then update x(smi) by xi(k); otherwise, implement x(smi) on the controller.

Step 3. Obtain the feedback gain matrix Hi(k), and the matrix Ωi(k) by solving OP3, and
then calculate ui(k) and uj(k) by (12) and (13).

Step 4. Execute ui(k) and uj(k) on System (5). Set k = k + 1 and go to Step 2.

4. Case Study

To illustrate the superiority of our proposed approach, we construct the model of an
11-node LFC system in two areas, as shown in Figure 3. Areas 1 and 2 include 600 MW
thermal power units, G1 and G2, respectively, and each area contains a VPP aggregating
wind power, energy storage, and electric vehicles. In each area, all generation units are
simplified as an equivalent generation unit, and the system parameters (see Tables 1 and 2)
are borrowed from [26].

1d
P 2d

P

Figure 3. System simulation.

Table 1. Parameters of two-area power system.

Parameters Tch Tg R D β M

Area 1 0.3 0.1 0.05 1.0 21.0 10
Area 2 0.4 0.17 0.05 1.5 21.5 12

T12 = T21 = 0.1986

Table 2. Parameters of two virtual power plants.

Parameters Twind Tbess Tev

Area 1 1 0.1 0.05
Area 2 1.2 0.15 0.06

Let x̄1 = x̄2 = [0.5, 0.1, 0.5, 0.5, 0.2, 0.5, 0.5, 0.2]T, and the scalars η11 = η12 = 1,
η21 = η22 = 0.4, θ11 = θ12 = 0.1, θ21 = θ22 = 10, θ31 = θ32 = 0.11, θ41 = θ42 = 1.2,
ϕ

1
= ϕ

2
= 0.2, ε1 = ε2 = 1.3, �1 = �2 = 0.5, α1 = α2 = 0.6, ζ1(0) = ζ2(0) = 5, p1 = p2 = 0.01,

and ρ1 = ρ2 = 4, and the matrices Q = 15I and R = I. Set x1(0) = [0.07, 0, 0, 0, 0, 0, 0, 0]T and
x2(0) = [0.05, 0, 0, 0, 0, 0, 0, 0]T. Select the discretization period Tp = 3 s.
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Scenario 1. Suppose that in the first 60 s, there exist step load disturbances with ΔPd1 = 0.03 pu
and ΔPd2 = 0.02 pu.

Figure 4 shows the DETM triggering instants and release intervals for Area 1 (Area 2).
Figure 5 shows the trajectories of Δ f and ACE. The above simulation results indicate that
the designed dynamic event-based DMPC algorithm is able to reduce packet releases while
achieving control performance, thus reducing the communication delay of the VPP.
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(a) Area 1
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Figure 4. DETM evolutions of two areas under step load disturbances.
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Figure 5. Trajectories of Δ f and ACE subjected to step load disturbances.

To further illustrate the superiority of DETM (8), we compare it with DETM in [13].
By setting η11 = η12 = 1, θ11 = θ12 = 1.1, θ41 = θ42 = 1, ϕ

1
= ϕ

2
= 0, ε1 = ε2 = 1, and

�1 = �2 = 1 and keeping the other parameters of DETM (8), we can obtain DETM in [13].
Table 3 gives the average triggering rates (ATRs) of the above two DETMs for two

areas, and it can be noticed that the ATR of DETM (8) is lower than that of DETM
in [13]. This means that the DMPC algorithm under DETM (8) is able to significantly
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reduce the ATR, thus reducing network congestion and decreasing the communication
delay of the VPP at a slight sacrifice of control performance (see Table 4 for the de-
tailed performance comparison of different algorithms, where summation of the abso-
lute value of the error (SAE), summation of the square value of the error (SSE), and
summation of the time multiplied by square value of the error (STSE) are defined as

SAE = ∑
Ts/Tp
k=0 Tp(|ACE1|+ |ACE2|+ |ACE3|), SSE = ∑

Ts/Tp
k=0 Tp(|ACE1|2 + |ACE2|2 + |ACE3|2),

and STSE = ∑
Ts/Tp
k=0 kT2

p(|ACE1|2 + |ACE2|2 + |ACE3|2) with Ts = 60 s and Tp = 3 s).

Table 3. ATRs under DETM (8) and DETM in [13] for the case of step load disturbances.

DETM (8) DETM in [13]

ATRs 47.5% 57.5%

Table 4. Performance comparison under step load disturbances between different algorithms.

Performance Criteria SAE SSE STSE

DMPC under DETM in [13] 1.3671 0.1162 0.0887

DMPC under DETM (8) 1.5217 0.1184 0.1269

CMPC under DETM (8) 1.4762 0.1195 0.1295

In Table 5, we list the data processing time under DMPC and CMPC algorithms on the
MATLAB R2016b platform with Intel(R) Core(TM) i5-8300H CPU @2.3 GHz. We obtain from
Tables 4 and 5 that, under the cloud-edge-terminal framework, compared with the CMPC
algorithm under DETM (8), the DMPC algorithm under DETM (8) is able to shorten the data
processing time while guaranteeing the control performance. The above results demonstrate
that the DMPC algorithm under DETM (8) reduces the network burden and shortens the data
processing time, which helps to reduce the communication delay of the VPP.

Table 5. Data processing time under DMPC and CMPC algorithms.

Method DMPC CMPC

Times (s) 1.3087 2.2116

Scenario 2. Suppose that in the first 60 s, there exist random load disturbances, which are
shown in Figure 6.

Figure 7 shows the DETM triggering instants and release intervals for Area 1 (Area 2).
Figure 8 gives the trajectories of Δ f and ACE. The above results show that the dynamic
event-based DMPC algorithm reduces the packet releases and the communication delay of
the VPP while achieving the desired control performance.

To further illustrate that our proposed algorithm is also superior under random load
disturbances, we compare the DMPC algorithms under DETM (8) and DETM in [13]. The
corresponding ATRs for the above two DETMs are shown in Table 6, from which we can
observe that the ATR of DETM (8) is lower than that of DETM in [13]. In other words, the
DMPC algorithm under DETM (7) can significantly reduce the ATR at a slight sacrifice
of control performance (see Table 6 for the detailed performance comparison of different
algorithms). Therefore, the DMPC algorithm under DETM (8) is able to reduce the release
of packets and thus decrease the communication delay of the VPP.
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Figure 6. Random load disturbances.
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Figure 7. DETM evolutions of two areas under random load disturbances.
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Figure 8. Trajectories of Δ f and ACE subjected to random load disturbances.
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In addition, under the cloud–edge–terminal framework, we give the performance
criteria of the DMPC algorithm and CMPC algorithm under random load disturbances
in Table 7, and the result shows that the DMPC algorithm under DETM (8) can guarantee
the control performance. The data processing time under the two MPC algorithms is
almost identical to the corresponding results in Table 5 and is thus omitted here. The above
experimental results show that the DMPC algorithm under DETM (8) can shorten the
data processing time while guaranteeing the control performance, which contributes to a
reduction in the communication delay of the VPP.

Table 6. ATRs under DETM (8) and DETM in [13] for the case of random load disturbances.

DETM (8) DETM in [13]

ATRs 42.5% 50.0%

Table 7. Performance comparison under random load disturbances between different algorithms.

Performance Criteria SAE SSE STSE

DMPC under DETM in [13] 1.3849 0.1143 0.1015

DMPC under DETM (8) 1.4498 0.1156 0.1177

CMPC under DETM (8) 1.4068 0.1165 0.1193

5. Conclusions

The DETM-based distributed model predictive LFC problem is investigated for VPPs
under the cloud-edge-terminal framework. We design a new DETM that manages packet
release more flexibly than several existing ETMs and reduces network congestion, which
further reduces the communication delay of the VPP. Based on the above DETM, we design
DMPC controllers for each edge server of the VPP. Specifically, to facilitate the solution of
the “min-max” OP of the DMPC, we design an auxiliary OP which utilizes the Lyapunov-
like function containing a DV, and then transform it into another auxiliary OP with LMI
constraints which provides the design method of the DMPC controller. A case study of
two-area VPPs is given to illustrate the effectiveness and superiority of the DETM-based
DMPC approach under the cloud-edge-terminal framework. The designed DETM-based
DMPC algorithm is able to save network resources and shorten data processing time while
maintaining the control performance, which helps to reduce the communication delay of
the VPP.
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Abbreviations

The following abbreviations are used in this manuscript:

VPP virtual power plant
LFC load frequency control
DMPC distributed model predictive control
CMPC centralized model predictive control
DETM dynamic event-triggered mechanism
OP optimization problem
DV dynamic variable
AAV adaptive adjustment variable
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