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 In the global energy transition, regional energy systems have become key platforms for 

achieving carbon reduction targets. The multi-physics coupling characteristics in the 

energy conversion, transmission, and consumption stages of the system determine its 

inherent non-equilibrium nature. Traditional studies often analyze system efficiency based 

on equilibrium thermodynamic assumptions, separating economic evaluation from 

thermodynamic efficiency analysis, which makes it difficult to precisely quantify the 

impact of irreversible losses on system performance. Existing research faces two major 

bottlenecks: The inherent contradiction between equilibrium assumptions and irreversible 

losses such as entropy production that are common in real systems, and the lack of a 

quantitative coupling mechanism between economic indicators and non-equilibrium 

thermodynamic efficiency. To address these issues, this paper integrates core non-

equilibrium thermodynamic theories, such as local equilibrium assumptions, entropy 

production rates, and linear irreversible thermodynamics, with full-life-cycle economic 

analysis to develop a dynamic coupled model of economic and efficiency performance in 

regional energy systems. The paper introduces the Non-Dominated Sorting Genetic 

Algorithm II (IINSGA-II) for multi-objective optimization and combines it with Model 

Predictive Control (MPC) to enhance the model's adaptability to dynamic operating 

conditions. The core innovations of this research include three aspects: the introduction of 

a non-equilibrium efficiency correction index to quantify the effect of non-equilibrium 

states on traditional efficiency; the establishment of a direct correlation equation between 

entropy production and full-life-cycle costs (LCC) to reveal the economic cost of 

thermodynamic irreversibility; and the design of a dynamic coupled adjustment mechanism 

based on MPC to achieve collaborative optimization of efficiency and cost under load 

fluctuations. Empirical results show that the proposed model reduces the LCC by 8.9% 

compared to traditional equilibrium-based models. The calculated non-equilibrium 

efficiency shows an average absolute error of only 1.05%, with a coefficient of 

determination of 0.94, demonstrating a significantly higher accuracy than traditional 

models. Additionally, the impact of non-equilibrium conditions on the coupled 

optimization results has a weight of 28%, confirming its core role in system optimization. 

Furthermore, the optimization rate of entropy production in the energy conversion stage 

exceeds 40%, and the dynamic adjustment error under medium-load fluctuation scenarios 

can be reduced to a low point near -10, further highlighting the synergistic optimization 

value of non-equilibrium mechanisms and dynamic adjustment. This paper provides a 

theoretical framework for the collaborative optimization of thermodynamics and 

economics in regional energy systems. The proposed model can serve as a quantitative tool 

for engineering design and energy policy formulation. 
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1. INTRODUCTION 

 

In the global energy transition driven by the “dual carbon” 

goals, regional energy systems have become the core platform 

for integrating distributed energy, regional cooling and 

heating, and energy storage. Their central role in improving 

energy efficiency and reducing carbon emissions has been 

widely confirmed [1, 2]. However, such systems involve the 

entire chain from energy production to transmission and 

consumption, and there are multi-physics coupling effects in 

the temperature, flow, and concentration fields at each stage. 

This inherent characteristic determines that the system is 

always in a non-equilibrium operating state [3, 4]. Traditional 

studies often use equilibrium thermodynamics assumptions to 

analyze system efficiency. While this assumption simplifies 

the calculation process, it cannot accurately capture 

irreversible losses, such as network heat loss and equipment 

operation under variable conditions, which are commonly 

present in real-world scenarios. As a result, the efficiency 

evaluation results deviate significantly from the actual 
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engineering practices [5-7]. From an engineering practice 

perspective, the design and operation of regional energy 

systems always face the core contradiction between improving 

efficiency and controlling costs. For example, investing in 

high-efficiency equipment can reduce irreversible losses 

during operation but will significantly increase initial 

investment costs [8]; while low-cost equipment selection will 

lead to a sharp increase in entropy production during 

operation, raising long-term energy consumption costs [9]. 

Existing economic and efficiency coupling models are mostly 

based on static equilibrium assumptions, which ignore the 

dynamic degradation law of system efficiency with changing 

operating conditions in non-equilibrium states and fail to 

consider the nonlinear cost changes caused by the 

accumulation of irreversible losses. This ultimately leads to 

optimization solutions that are difficult to implement and 

achieve the expected benefits in practical applications [10]. 

The limitations of existing research mainly focus on three 

aspects, forming gaps that urgently need to be filled. First, 

there are limitations in the application of non-equilibrium 

thermodynamics. Current studies mostly apply non-

equilibrium thermodynamics theory to analyze the entropy 

production minimization of single devices such as heat 

exchangers and heat pumps. While this can support the 

optimization of individual devices, it lacks a method for 

characterizing non-equilibrium states at the regional system 

scale and has not established a quantitative correlation 

between non-equilibrium and system-wide efficiency, making 

it impossible to achieve accurate thermodynamic performance 

evaluation at the system level. Second, the coupling 

mechanism between economic performance and efficiency has 

inherent flaws. Traditional coupling models generally 

associate efficiency and cost by adding weighted objective 

functions, balancing the priorities of the two goals by setting 

fixed weight coefficients. This approach can only achieve 

superficial formal coupling and fails to reveal the intrinsic link 

between thermodynamic irreversible losses (entropy 

production) and economic costs at the mechanism level. 

Furthermore, it does not consider the dynamic effects of the 

transient processes in non-equilibrium states caused by load 

fluctuations on the coupling relationship, resulting in a lack of 

physical meaning in the coupling results. Third, model 

verification and practicality are insufficient. Most coupling 

models rely on ideal assumptions such as constant load and 

fixed energy prices, which are disconnected from the dynamic 

operating characteristics of real systems. Meanwhile, model 

calibration often uses static data and lacks support from long-

term dynamic operation data for validation. Uncertainty 

analysis mostly focuses on parameter fluctuations, failing to 

cover the theoretical approximation errors brought by the 

equilibrium assumption itself, which greatly limits the model’s 

engineering application value. 

To address the above challenges, this paper constructs a 

dynamic coupling model of economic and efficiency 

performance in regional energy systems based on non-

equilibrium thermodynamics principles. This model realizes 

integrated analysis of non-equilibrium state characterization, 

entropy production cost quantification, and dynamic coupling 

optimization, providing theoretical support for system design 

and operation optimization with both theoretical depth and 

engineering practicality. The research content is mainly 

divided into four aspects: First, a non-equilibrium 

thermodynamics sub-model is constructed. Based on the local 

equilibrium assumption and entropy production rate principle, 

a method for calculating the entropy production rate in all 

stages of the system is established. A non-equilibrium measure 

index is defined, and a non-equilibrium efficiency correction 

formula is proposed to achieve accurate thermodynamic 

performance evaluation. Second, a full life-cycle economic 

sub-model is developed, covering the full-dimensional 

decomposition of investment, operation, and environmental 

costs. The key challenge is to derive a direct correlation 

equation between entropy production and LCC to quantify the 

economic cost of irreversible losses. Third, a dynamic 

coupling mechanism is designed by integrating IINSGA-II 

and MPC. Through multi-objective optimization, the Pareto-

optimal solutions for efficiency and cost are obtained, and 

MPC is used to achieve transient coupling adjustment under 

load fluctuations. Fourth, case verification and sensitivity 

analysis are conducted, using the operational data of an actual 

regional energy system to calibrate the model parameters and 

quantify the impact weights of key parameters on the coupling 

results. 

The theoretical significance of this paper lies in breaking 

through the limitations of the equilibrium assumption in 

system-level coupling analysis, extending non-equilibrium 

thermodynamics theory from the level of single devices to 

regional energy systems, and improving the coupling analysis 

framework for thermodynamic performance and economic 

performance under non-equilibrium states. It is the first to 

achieve a quantitative description of the mechanism by which 

non-equilibrium affects the coupling optimization results. 

From an engineering perspective, the coupling model 

constructed in this paper can directly provide quantitative tools 

for device selection, network layout optimization, and 

operation strategy formulation for regional energy systems. By 

accurately quantifying the economic costs of irreversible 

losses, it provides a clear basis for balancing investment costs 

and operational benefits, ultimately improving the overall 

system performance. 

The logic of the subsequent chapters in the paper is as 

follows: Chapter 2 systematically reviews the research 

progress in the relevant fields through a literature review and 

clarifies the positioning of this study. Chapter 3 details the 

process of constructing the coupling model, including 

assumptions, sub-model derivation, and coupling mechanism 

design. Chapter 4 verifies the model’s effectiveness with 

practical cases and conducts sensitivity analysis. Chapter 5 

summarizes the core conclusions. 

 

 

2. LITERATURE REVIEW 

 

As the core theory for quantifying irreversible processes, 

non-equilibrium thermodynamics has been gradually extended 

from single devices to system-level applications in the energy 

field, but there are still significant limitations in both depth and 

breadth. At the single device level, recent top journal studies 

have developed a relatively mature entropy production 

analysis system: for heat exchangers, Redo et al. [11] 

established the coupling relationship between the heat 

exchanger flow channel structure and entropy production rate 

based on the principle of minimum entropy production. 

Through multi-parameter optimization, heat exchange 

efficiency was improved by 12%, but this study focused only 

on steady-state conditions and did not consider the dynamic 

evolution of entropy production under varying loads; in the 

fuel cell field, Kang et al. [12] constructed a reaction-mass 
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transfer coupling non-equilibrium model for fuel cells, 

revealing the negative correlation between the oxygen 

reduction reaction's entropy production and the cell’s output 

efficiency, but its analysis did not cover the decay process over 

long time scales affecting the non-equilibrium state; in energy 

storage systems, Tsai and Peng [13] proposed an entropy 

production calculation method based on the local equilibrium 

assumption for the charging and discharging process of 

lithium batteries. It found that under high current conditions, 

the entropy production rate increased by 40% compared to the 

rated conditions, but the study did not extend to the non-

equilibrium characteristics of collaborative operation between 

the energy storage system and other units. At the system level, 

related research is still in its infancy: Samui and Samantaray 

[14] used entropy production rate as an optimization objective 

for microgrid systems and reduced the system's total entropy 

production by adjusting the output of distributed energy 

sources, but the model did not consider the non-equilibrium 

losses in the network transmission link; Mao et al. [15] 

analyzed the correlation between the pipeline temperature 

difference and entropy production rate for district heating 

systems, but only qualitatively described how the increase in 

entropy production affected operating costs, without 

establishing a quantitative coupling relationship and without 

involving the complex non-equilibrium scenario of combined 

heating and cooling operations. 

In recent top journal literature, three typical technical routes 

have emerged for the coupling models of economic 

performance and efficiency in regional energy systems, but all 

have not broken through the bottleneck of equilibrium 

assumptions and the lack of mechanistic coupling. Linear 

coupling models focus on weight allocation: Devlin and Yang 

[16] constructed a linear weighted model for efficiency-cost 

coupling in regional energy supply systems. After 

standardizing efficiency and LCC and setting weight 

coefficients, the system's LCC was reduced by 7% after 

optimization. However, this study determined the weight 

coefficients through expert scoring, which is highly 

subjective, and did not consider the dynamic characteristics of 

efficiency fluctuations with changing operating conditions; 

Huang et al. [17] attempted to optimize weight allocation 

using the Analytic Hierarchy Process (AHP), but it still did not 

escape the inherent limitation of linear correlation. Objective 

function coupling models take economic performance as the 

core objective and treat efficiency as a constraint: previous 

literatures minimized the LCC of regional integrated energy 

systems as the objective, using a constraint that the traditional 

energy utilization efficiency must be ≥ 80%. The configuration 

scheme was solved by mixed-integer programming, but the 

model used equilibrium assumptions to calculate efficiency, 

which did not account for the actual decay of efficiency in non-

equilibrium states, leading to a 15% deviation from the 

measured data; Farafonova [18] increased the efficiency 

constraint to 85%, but did not explain the physical significance 

of this threshold, nor did it quantify the impact mechanism of 

efficiency constraints on costs. Proxy model coupling relies on 

data-driven methods: Kumari et al. [19] used long short-term 

memory (LSTM) networks to fit the efficiency-cost mapping 

relationship of combined heat and power systems, achieving a 

prediction accuracy of 92%. However, the model requires a 

large amount of sample data for training and does not 

incorporate thermodynamic mechanisms, making it unable to 

explain the physical essence of the efficiency-cost 

relationship; Lin and Yang [20] optimized proxy model 

parameters using genetic algorithms, improving generalization 

capability, but the model did not cover extreme conditions 

such as sudden load drops and lacked dynamic adaptability. In 

summary, the three types of models all share common flaws: 

efficiency evaluation based on equilibrium assumptions, 

which is disconnected from the actual non-equilibrium 

operating characteristics of systems; economic indicators and 

core thermodynamic parameters such as entropy production 

are not directly linked, making it impossible to quantify the 

economic cost of irreversible losses; model designs do not 

incorporate adjustment mechanisms for non-equilibrium 

transient processes, making them difficult to adapt to the 

dynamic operational needs of real systems. 

Based on the systematic review of recent top journal 

literature, three major core gaps in existing research can be 

identified, and there are significant logical connections 

between these gaps. First, there is a structural gap in the 

integration of non-equilibrium thermodynamics theory and 

regional energy system coupling models: Non-equilibrium 

analysis at the device level has formed relatively mature 

methods, but system-level studies have only focused on 

thermodynamic performance optimization in a single 

dimension, without incorporating non-equilibrium state 

representation into the economic-efficiency coupling 

framework, leading to coupling models lacking a depiction of 

the system's inherent characteristics. Second, there is a lack of 

a coupling mechanism between entropy production and costs: 

existing coupling models, whether linear weighting, objective 

constraints, or data-driven, have not established a direct 

correlation between entropy production and economic costs at 

the mechanistic level, failing to answer the core question of 

"how much economic loss corresponds to each unit of entropy 

production," making the coupling optimization lack physical 

meaning. Third, dynamic coupling models are insufficiently 

adaptable to non-equilibrium transient characteristics: existing 

studies either focus on steady-state optimization or only 

consider the superficial impact of load fluctuations, without 

designing coupling adjustment mechanisms for transient 

processes in non-equilibrium states under changing operating 

conditions, making them unable to meet the dynamic 

operational requirements of real systems. To address these 

gaps, this paper aims to construct a "non-equilibrium 

thermodynamics sub-model—economic sub-model—

dynamic coupling mechanism" integrated coupling model—

based on the local equilibrium assumption and entropy 

production rate principle, to expand the system-level non-

equilibrium state representation method to fill gap one; 

establish a direct correlation equation between entropy 

production and LCC to quantify the economic cost of 

irreversible losses to fill gap two; integrate IINSGA-II and 

MPC to construct a dynamic coupling adjustment mechanism 

to fill gap three, ultimately achieving a seamless connection of 

non-equilibrium thermodynamics theory from basic research 

to engineering optimization applications, providing a 

mechanistically clear and adaptable theoretical tool for 

collaborative optimization of regional energy systems. 

 

 

3. MODEL CONSTRUCTION 

 

3.1 Model assumptions and system boundaries 

 

This paper defines the analysis boundary based on the 

prototype of a regional energy system in a temperate region’s 
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urban new district, covering the entire chain of energy 

production, transmission, and consumption in space. The 

energy production units include a 20 MW photovoltaic power 

station and five 10 MW ground-source heat pump units. The 

photovoltaic power station uses polycrystalline silicon 

modules with a conversion efficiency of 22%, and the ground-

source heat pump units have a performance coefficient range 

of 3.2 to 4.5 under varying operating conditions. The 

transmission unit consists of a 5 km long hot and cold water 

dual-condition regional pipeline network, with pipe diameters 

ranging from DN300 to DN500, and the insulation layer has a 

thermal conductivity of 0.038 W/(m·K). The consumption unit 

consists of a load cluster made up of 100 commercial and 

residential buildings, with peak cooling load of 100 MW and 

peak heating load of 80 MW. The boundaries of the system's 

material and energy flow are clearly defined: The input 

includes grid electricity and photovoltaic radiation energy, and 

the output includes building cooling, heating, and electricity 

loads. Loss terms include network heat dissipation, equipment 

mechanical losses, and efficiency degradation caused by the 

temperature rise of photovoltaic panels. The time boundary is 

set for a complete natural year, with an hourly calculation step, 

totaling 8,760 time points. This covers the seasonal 

fluctuations in winter heating periods, summer cooling 

periods, and transition season base load periods, while also 

capturing transient changes in daily load peaks and valleys, 

such as the difference between daytime cooling load peaks and 

nighttime troughs in commercial buildings. 
 

The core assumptions of the model are based on the 

rationality of physical mechanisms and engineering practices, 

with three key aspects at the physical level. First, the local 

equilibrium assumption is adopted. Although the system is in 

a non-equilibrium state overall, it can be divided into 

numerous infinitesimal elements that satisfy thermodynamic 

equilibrium. This assumption provides the basis for the 

quantification of entropy production rates. Second, pipeline 

heat loss follows Fourier's law, with the heat flux density 

calculation formula as q = −k∇T, where, k is the thermal 

conductivity of the insulation layer, and ∇T is the temperature 

gradient inside and outside the pipeline. The model ignores 

local thermal resistance variations caused by fluid turbulence, 

and engineering verification shows that errors under varying 

operating conditions can be controlled within 5%. Third, the 

efficiency and entropy production rate under varying operating 

conditions of equipment follow a linear relationship: 

η=η0−kη Ṡ prod, where η₀ is the rated efficiency, kη is the 

efficiency-entropy production coefficient, and this coefficient 

is fitted using experimental data for varying operating 

conditions provided by the equipment manufacturer. At the 

economic level, three key assumptions are also set. First, the 

baseline discount rate is 8%, in line with the general standards 

for life-cycle analysis of international energy projects (ISO 

14040). Second, energy prices follow a dynamic fluctuation 

model. The model is based on the local electricity grid's peak 

and valley time-of-use electricity prices and natural gas prices 

from the past five years. The time-of-use electricity price 

range is from 0.38 RMB/kWh to 0.82 RMB/kWh, and the 

natural gas price range is from 3.2 RMB/m³ to 4.5 RMB/m³. 

The price model's time resolution is consistent with the load 

calculation step. Third, the carbon emission cost is set at 50 

RMB/tCO₂, and carbon emission accounting refers to the 

Provincial Greenhouse Gas Inventory Compilation 

Guidelines, with a fossil energy carbon emission coefficient of 

0.65 tCO₂/MWh and a grid electricity carbon emission 

coefficient of 0.82 tCO₂/MWh. All assumptions have been 

verified through literature research and engineering 

measurements to ensure a balance between model 

simplification and calculation accuracy. Figure 1 provides the 

overall structure of the regional energy system economic-

efficiency coupling model based on non-equilibrium 

thermodynamics, which includes the non-equilibrium 

thermodynamics sub-model, the full life-cycle economic sub-

model, the dynamic coupling mechanism, and the verification 

and analysis module. 

 

 
 

Figure 1. Overall structure of the regional energy system economic-efficiency coupling model based on non-equilibrium 

thermodynamics 
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3.2 Non-equilibrium thermodynamics sub-model 

 

To accurately capture the non-equilibrium nature of 

regional energy systems and establish the coupling foundation 

between thermodynamic efficiency and economy, this section 

constructs the non-equilibrium thermodynamics sub-model. 

The core logic revolves around three layers: "quantification of 

irreversible losses—non-equilibrium state characterization—

efficiency index correction". By calculating entropy 

production rates for each stage, the model locates the sources 

of irreversible losses, uses normalized non-equilibrium degree 

to quantify the non-equilibrium state, and finally corrects the 

thermodynamic efficiency based on the non-equilibrium 

degree to obtain a more accurate thermodynamic performance 

indicator. 

Entropy production rate is the core quantitative index for 

characterizing irreversible losses in non-equilibrium systems. 

Based on the local equilibrium assumption and linear 

irreversible thermodynamics theory, this paper constructs a 

calculation method for each stage of the energy conversion, 

transmission, and consumption chain to accurately locate the 

sources of loss. The energy conversion stage includes 

photovoltaic power stations and ground-source heat pumps: 

The entropy production rate of the photovoltaic power station 

arises from heat loss during the conversion of solar radiation 

energy to electrical energy, calculated as: 
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where, Q̇loss is the heat loss power of the photovoltaic panels, 

𝑇amb  is the ambient temperature, 𝑇sun  is the solar surface 

temperature of 5777K, and Ė pv,out is the electrical energy 

output of the photovoltaic system. The entropy production rate 

of the ground-source heat pump is determined by the 

irreversibility of heat transfer and work, calculated as: 
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where, Q̇c is the heat absorption of the heat pump, 𝑇𝑐 and 𝑇ℎ 

are the cold and hot end temperatures, and 𝑊̇in is the input 

electric power. The transmission stage focuses on pipeline heat 

loss, which is derived from the linear irreversible 

thermodynamics force-flow relationship: 
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where, 𝑘 is the thermal conductivity of the insulation layer, 𝐴 

is the heat exchange area, Δ𝑇  is the temperature difference 

inside and outside the pipeline, 𝑇avg  is the average 

temperature, and 𝐿 is the pipe length. The consumption stage 

entropy production rate reflects the irreversibility of load and 

energy supply matching, calculated as: 
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where, Q̇load is the cooling and heating load of the building, 

Troom is the indoor design temperature, Q̇supply is the energy 

supply power, and Tsupply is the supply medium temperature. 

The total system entropy production rate is the sum of the 

individual stages: Ṡprod,total=Ṡprod,hp+Ṡprod,pv+Ṡprod,pipe+Ṡprod,build, 

this decomposition method locates the sources of irreversible 

losses at each stage. 

The absolute value of the total entropy production rate is 

influenced by system scale and load level, making it difficult 

to directly compare different operating conditions. Therefore, 

a normalized non-equilibrium degree indicator is needed to 

quantify the degree to which the system deviates from 

equilibrium. In this paper, the non-equilibrium degree 𝛼  is 

defined as the deviation of the actual total entropy production 

rate from the equilibrium entropy production rate. In 

equilibrium, irreversible losses approach zero, so the 

equilibrium entropy production rate Ṡprod,eq is taken as the limit 

value of 0. The indicator calculation is simplified as: 
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where, Ṡprod,max is the maximum allowable entropy production 

rate of the system, which is the sum of the maximum entropy 

production rates for each core device under rated conditions. 

The maximum entropy production rate of the photovoltaic and 

heat pump systems is determined using the manufacturer’s 

experimental data under varying operating conditions, 

corresponding to when the output of the devices drops to 50% 

of their rated value. The maximum entropy production rate of 

the pipeline is calculated based on the design maximum 

temperature difference for energy supply. The non-

equilibrium degree 𝛼 ranges from 0 to 1, where 𝛼 = 0 

corresponds to an ideal equilibrium state, and 𝛼 = 1 

corresponds to irreversible losses reaching the safety operation 

threshold of the equipment. This indicator provides a clear 

non-equilibrium state constraint for subsequent coupling 

optimization. 

Traditional exergy efficiency is calculated based solely on 

the ideal conversion relationship of energy quality, without 

accounting for irreversible losses in non-equilibrium states, 

leading to an overestimation of actual performance. Therefore, 

a correction formula for exergy efficiency is constructed based 

on the non-equilibrium degree to achieve accurate 

representation. The exergy efficiency before correction, 

ηex,conv, is the ratio of load exergy to total input exergy, 

calculated as: 

 

,

,
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x load

ex conv

x pv x hp
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E E
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where, Ex,load is the exergy corresponding to the building’s 

cooling and heating load, and Ex,pv and Ex,hp are the total exergy 

inputs of the photovoltaic and heat pump systems. The non-

equilibrium exergy efficiency correction formula is: 

ηex,noneq=ηex,conv·(1−α), where, (1 − 𝛼) is the non-equilibrium 

correction factor, representing the effective exergy utilization 

ratio under non-equilibrium conditions. The higher the non-

equilibrium degree, the smaller the correction factor, and the 

more the efficiency evaluation result reflects the actual 

operating state. This indicator provides the coupling model 

with a thermodynamic target parameter that is both 

mechanistically sound and practically useful for engineering 
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applications. 

 

3.3 Economic sub-model 

 

To establish the coupling foundation between economic 

performance and thermodynamic performance, this section 

uses the LCC as the core economic evaluation indicator. First, 

the economic performance is precisely quantified through the 

three-dimensional decomposition of investment, operation, 

and environmental costs. Then, based on sensitivity analysis, 

a quantitative relationship equation between entropy 

production rate and LCC is established, forming a complete 

logical chain of “cost quantification—mechanistic 

correlation”. This provides economic support with both 

engineering precision and physical connotation for subsequent 

coupling optimization. 

The LCC covers the entire lifecycle of the system, from 

construction to decommissioning, and achieves precise cost 

accounting through three-dimensional decomposition. The 

investment cost is a one-time expense in the construction 

phase, covering the purchase and installation costs of the 

photovoltaic power station, ground-source heat pump units, 

regional pipelines, and control systems. The photovoltaic 

power station is calculated at 2.5 yuan per watt, the ground-

source heat pump unit at 18,000 yuan per kilowatt, the regional 

pipeline at 800 yuan per meter, and the fixed investment for 

the control system is 5 million yuan. The operating cost is the 

continuous expenditure during the lifecycle, including energy 

consumption cost and maintenance cost. The energy 

consumption cost mainly accounts for the electricity 

consumption of the ground-source heat pump operation, using 

a dynamic electricity price model that matches the load 

calculation step. The maintenance cost is calculated at an 

annual fee rate of 2% of the investment cost, in accordance 

with industry norms for regional energy system operation and 

maintenance. The environmental cost focuses on the carbon 

emission cost. Carbon emissions are calculated based on 

energy consumption and the carbon emission factor, then 

multiplied by the unit carbon emission cost. The carbon 

emission factor for grid-supplied electricity is 0.6 tons per 

megawatt-hour, and the unit carbon emission cost is 50 yuan 

per ton. The LCC formula is: 
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1 (1 )

n
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where, Cinv is the total investment cost, Cop,t and Cenv,t are the 

operating and environmental costs for year 𝑡, 𝑛 is the lifecycle 

duration (taken as 20 years), and 𝑟 is the base discount rate 

(8%), which is consistent with international standards for 

lifecycle analysis of energy projects. 

Traditional coupling methods often link economic 

performance and thermodynamic performance through 

objective weighting or constraint optimization but lack a 

mechanistic correlation between irreversible losses and 

economic costs. Therefore, a quantitative equation between 

entropy production rate and LCC is necessary as the core link 

for coupling. This equation is constructed through global 

sensitivity analysis, using the method of controlling a single 

variable to change the system's total entropy production rate 

and calculate the corresponding change in LCC. The analysis 

shows a significant linear relationship between the marginal 

change in total entropy production rate and the LCC, and the 

correlation equation is established as: 
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where, ∂LCC ∂Ṡprod,total⁄  represents the marginal cost per unit 

of entropy production, indicating the increase in LCC resulting 

from the increase in unit entropy production rate. 𝑘1is the cost-

entropy coefficient, reflecting the amplification effect of 

entropy production rate on marginal cost, and 𝑘2is the baseline 

cost term, corresponding to the system's minimum entropy 

production state. The parameters 𝑘1 and 𝑘2 are fitted using 

actual system operation data, with 𝑘1 =
120 yuan per Kelvin-second  and 𝑘2  = 500,000  yuan. The 

fitting uses the least squares method, achieving a goodness of 

fit of 0.92, ensuring the statistical reliability of the correlation. 

This equation directly converts non-equilibrium entropy 

production rate into economic cost increments, providing the 

core quantitative support for the coupling of economic 

performance and thermodynamic performance. 

 

3.4 Coupling mechanism design 

 

As the core innovation of the entire model, this section 

constructs a "static multi-objective optimization—dynamic 

transient adjustment" dual-layer coupling mechanism, deeply 

integrating the non-equilibrium thermodynamics sub-model 

from section 3.2 with the economic sub-model from section 

3.3. Through the selection of coupling variables and the 

construction of a quantifiable objective function, static optimal 

trade-offs are achieved, and by relying on a MPC framework 

with quantitative prediction and optimization formulas, load 

fluctuations are addressed. Ultimately, the synergistic 

optimization of economic and thermodynamic performance 

under non-equilibrium conditions is achieved, with 

quantitative formulas supporting the rigor of the coupling 

mechanism. 

The coupling variables focus on the "performance—

correlation—stability" three-dimensional objectives. Non-

equilibrium exergy efficiency is the core thermodynamic 

performance indicator, and the unit entropy production cost 

builds the connection bridge between thermodynamics and 

economics. The Lyapunov index ensures the stable evolution 

of the system's non-equilibrium state. Based on these 

variables, a multi-objective optimization model is constructed, 

with the core objectives and constraints clearly defined by 

quantifiable formulas. The objective function is a dual-

objective optimization combination, namely min𝐿𝐶𝐶  and 

max𝜂ex,noneq, where LCC is the LCC defined in section 3.3 and 

𝜂ex,noneq is the non-equilibrium exergy efficiency corrected in 

section 3.2. The constraint conditions include the non-

equilibrium degree upper limit constraint 𝛼 ≤ 0.6 , stability 

constraint 𝜆 ≤ 0, and the physical operational constraints of 

the equipment: 

 

,min ,max

,min  ,max

        hp hp hp

pipe pipe pipe

P P P

G G G

 


 
 (9) 

 

where, 𝜆 is the Lyapunov index, 𝑃hp and 𝐺pipe are the output of 

the heat pump and the flow rate of the pipeline, with their 

upper and lower limits determined by the rated parameters of 

the equipment. The model is solved using the IINSGA-II. The 
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Pareto optimal frontier is generated through rapid non-

dominated sorting, and the optimal solutions are selected 

based on the crowding distance calculation formula shown 

below, ensuring the uniformity and optimality of the solutions: 
 

max min
1

( 1) ( 1)M
m m

i

m m m

f i f i
CD

f f=

+ − −
=

−
  (10) 

 

where, CDi is the crowding distance of the 𝑖-th solution, 𝑓𝑚 is 

the 𝑚-th objective function value, and 𝑓𝑚
max and 𝑓𝑚

min are the 

extreme values of the objective function. 

To address the transient issue caused by load fluctuations, 

an MPC framework with quantitative formulas is introduced 

to construct the dynamic coupling adjustment mechanism, 

achieving precise implementation of the static optimal 

solution into dynamic operation. The framework consists of 

three layers of quantifiable progressive structure: The 

prediction layer constructs a prediction model using LSTM 

networks based on the last 12 hours of actual data, outputting 

the predicted total entropy production rate and cost for the next 

24 hours: 

 

( )
,  

,   

ˆ
( )

( 11: ), ( 11: )

prod total

prod total load

S t k t

LSTM S t t Q t t

+ =

− −





∣
 (11) 

 

 ( ) ( ) ( 11: ), ( 11: )loadLCC t k t LSTM LCC t t Q t t+ = − −∣  (12) 

 

where, 𝑘 is the prediction step, and 𝑄load is the load data. The 

optimization layer aims to minimize the cost over the 

prediction period, incorporating the non-equilibrium degree 

constraint to build a rolling optimization objective function: 

 



1
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k
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 (13) 

 

where, 𝑁𝑝  is the prediction time horizon, and 𝛾 is a penalty 

coefficient (taken as 1000). The optimal control sequence is 

solved by adjusting the heat pump output and pipeline flow 

rate. The control layer only executes the first control 

instruction 𝑃hp
∗ (𝑡)  and 𝐺pipe

∗ (𝑡) , and the prediction and 

optimization process is repeated at the next time step. This 

dynamic adjustment mechanism ensures that the static 

optimization results can be precisely adapted to the actual 

dynamic operating conditions. 
 

 

4. MODEL VALIDATION AND CASE STUDY 
 

This study selects a regional energy system at a park level 

in East China as a case study. This system covers a mixed load 

of commercial, residential, and small industrial sectors, 

equipped with a 20 MW distributed photovoltaic power 

station, five ground-source heat pump units with a total 

capacity of 10 MW, and a 5 km long hot and cold water dual-

condition regional pipeline network. The operating cycle 

covers winter and summer heating and cooling, as well as the 

basic load scenarios during transitional seasons, featuring the 

multi-link coupling and dynamic working conditions typical 

of regional energy systems.  

The case data comes from four categories: (1) Equipment 

parameter data, obtained from the technical manuals of 

photovoltaic modules and heat pump units, covering key 

indicators such as rated efficiency and variable working 

condition entropy production characteristics; (2) Operational 

monitoring data, derived from the real-time operation platform 

of the system from 2023 to 2024, including entropy production 

rate, load fluctuations, and equipment output data sampled 

every 15 minutes; (3) Economic parameter data, with 

investment costs taken from publicly available regional energy 

engineering industry quotations, and dynamic electricity 

prices, maintenance rates, and other parameters referenced 

from local energy and housing departments' industry 

standards; (4) Environmental and meteorological data, with 

carbon emission coefficients determined by the Provincial 

Greenhouse Gas Inventory Compilation Guidelines, and 

hourly regional meteorological data obtained from local 

meteorological stations' public observation datasets. 
 

Table 1. Actual data validation results of model prediction accuracy 

 

Operating Condition Prediction Indicator 
Measured 

Value Range 

Model Simulated 

Value Range 
MAE RMSE 

Coefficient of 

Determination (R²) 

Base Condition 

Total system entropy 

production (×10³K·s⁻¹) 
32.5~35.2 32.8~35.0 0.72 0.95 0.96 

Non-equilibrium exergy 

efficiency (%) 
68.2~70.5 68.5~70.2 1.05 1.32 0.94 

LCC deviation (%) 1.2~2.0 1.3~1.9 0.18 0.22 0.95 

Peak Load Condition 

Total system entropy 

production (×10³K·s⁻¹) 
42.1~45.3 41.8~45.6 0.88 1.12 0.93 

Non-equilibrium exergy 

efficiency (%) 
64.5~66.8 64.8~66.5 1.18 1.45 0.92 

LCC deviation (%) 2.5~3.2 2.4~3.3 0.21 0.26 0.93 

Load Valley 

Condition 

Total system entropy 

production (×10³K·s⁻¹) 
28.3~30.5 28.5~30.2 0.65 0.82 0.97 

Non-equilibrium exergy 

efficiency (%) 
71.2~73.5 71.5~73.2 0.92 1.15 0.95 

LCC deviation (%) 0.8~1.5 0.9~1.4 0.15 0.19 0.96 

Heat Pump Variable 

Output Condition 

Total system entropy 

production (×10³K·s⁻¹) 
35.6~38.8 35.3~39.1 0.95 1.20 0.93 

Non-equilibrium exergy 

efficiency (%) 
67.1~69.4 67.4~69.1 1.12 1.38 0.92 

Total system entropy 

production (×10³K·s⁻¹) 
33.8~36.5 34.1~36.2 0.81 1.02 0.94 
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To verify the prediction accuracy of the constructed model 

for the actual operating characteristics of the regional energy 

system, and to evaluate its fitting performance under different 

typical working conditions, this experiment selected the actual 

operational data of a park-level regional energy system and 

compared the model simulation values with the measured 

values for error characteristics. From Table 1, it can be seen 

that the coefficient of determination (R²) of the model 

prediction results for all operating conditions is above 0.92, 

with the R² for total system entropy production reaching 0.97 

under the load valley condition, indicating a high degree of fit 

to the actual operating characteristics. The mean absolute error 

(MAE) for total system entropy production is always below 

0.95 × 10³K·s⁻¹, the MAE for non-equilibrium exergy 

efficiency is no more than 1.18%, and the MAE for LCC 

deviation is controlled within 0.21%, with error levels within 

an acceptable engineering range. Even under dynamic 

conditions such as peak load and heat pump variable output, 

the model's prediction accuracy does not show significant 

deterioration, demonstrating its adaptability to complex 

operating scenarios. The above results prove that the 

constructed model can accurately characterize the non-

equilibrium state features and economic indicators of the 

actual regional energy system, providing a reliable prediction 

basis for subsequent engineering applications. 

To quantify the cooperative response patterns of the non-

equilibrium state features and thermodynamic performance of 

the regional energy system under dynamic conditions, and to 

verify the model's ability to accurately characterize 

irreversible losses, this experiment selected the base condition 

and 8 typical dynamic conditions to perform a correlation 

analysis of system entropy production and non-equilibrium 

exergy efficiency (Figure 2). From the data in the figure, it can 

be observed that as the operating conditions transition from the 

base to dynamic conditions, the total system entropy 

production increases from approximately 3.5 × 10⁴ K·s⁻¹ to 

nearly 5.0 × 10⁴ K·s⁻¹, while the corresponding non-

equilibrium exergy efficiency decreases smoothly from 70% 

to 65%. This trend confirms the negative correlation 

mechanism between non-equilibrium exergy efficiency and 

total system entropy production, and also reflects the 

suppression effect of the dynamic adjustment mechanism in 

the coupled model on efficiency degradation. From the 

proportion of entropy production across different segments, it 

is clear that the energy conversion segment is always the core 

source of the system's irreversible losses, with its proportion 

slightly increasing as total entropy production rises. The 

transmission segment follows, while the consumption and 

storage segments remain below 10%. This distribution 

characteristic clarifies that the key optimization segments of 

the system should focus on energy conversion and 

transmission units. The above results not only support the core 

hypothesis in the paper that "non-equilibrium entropy 

production is the core driver of system efficiency degradation" 

but also provide a quantitative basis for optimizing the 

operational strategies of conversion equipment under varying 

conditions and reducing irreversible losses in the transmission 

segment. Furthermore, they demonstrate that the constructed 

model can accurately characterize the synergistic evolution of 

non-equilibrium state features and thermodynamic 

performance under dynamic operating conditions. 

 

 
 

Figure 2. Entropy production and non-equilibrium exergy efficiency response characteristics of the case regional energy system 

under different operating conditions 

 

Table 2. Global sensitivity analysis results of key parameters 

 

Key Parameter Output Indicator 
First-Order Effect 

Index 

Total Effect 

Index 

Sensitivity 

Level 

Cost-Entropy Production 

Coefficient 

LCC 0.62 0.78 Very High 

Non-equilibrium Exergy Efficiency 0.15 0.22 Medium 

Dynamic Adjustment Error 0.08 0.12 Low 

MPC Prediction Horizon 

Dynamic Adjustment Error 0.51 0.65 Very High 

Non-equilibrium Exergy Efficiency 0.28 0.35 Medium 

LCC 0.12 0.18 Low 

Non-equilibrium Degree 

Upper Limit 

Non-equilibrium Exergy Efficiency 0.45 0.58 High 

LCC 0.32 0.41 High 

Dynamic Adjustment Error 0.18 0.25 Medium 

Efficiency-Entropy 

Production Coefficient 

Non-equilibrium Exergy Efficiency 0.10 0.15 Low 

LCC 0.07 0.11 Low 
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To clarify the degree of influence of key parameters on the 

model's output results and identify the key control parameters, 

this experiment uses the Sobol method to conduct a global 

sensitivity analysis of key parameters. From Table 2, it can be 

seen that the cost-entropy production coefficient has the 

highest total effect index (0.78) on the LCC, making it the 

dominant parameter for this indicator, which aligns with the 

core logic of the "entropy production-cost mechanism" 

discussed in the paper. The MPC prediction horizon has a total 

effect index of 0.65 on dynamic adjustment error, indicating 

that it is a key parameter determining the accuracy of dynamic 

adjustment. The upper limit of the non-equilibrium degree has 

a total effect index of more than 0.4 on both non-equilibrium 

exergy efficiency and LCC, making it the core constraint 

parameter for achieving their collaborative optimization. The 

efficiency-entropy production coefficient has a total effect 

index lower than 0.15 for all output indicators, demonstrating 

that the model is robust to this parameter. 

 

 
 

Figure 3. Correlation distribution between system non-

equilibrium degree and LCC deviation 

 

To reveal the quantitative correlation between the system's 

non-equilibrium degree and LCC, and to verify the validity of 

the "entropy production-cost" mechanism in the coupled 

model, this experiment conducts a correlation distribution 

analysis based on multi-condition simulation data. From the 

results in Figure 3, it can be seen that the system's non-

equilibrium degree and LCC deviation exhibit significant 

nonlinear response characteristics. When the non-equilibrium 

degree is in the low range of 0-2, non-equilibrium exergy 

efficiency remains at a high level, but the LCC deviation 

exceeds 3%. This result corresponds to a low-entropy 

production configuration dominated by high exergy 

equipment, where the high initial investment pushes up the 

cost deviation. As the non-equilibrium degree gradually 

increases to the 3-5 range, the LCC deviation decreases to near 

0, while non-equilibrium exergy efficiency declines slightly 

(the color transitions to light green), reflecting the synergistic 

balance effect between investment cost and operational 

entropy production cost after moderately relaxing the non-

equilibrium state constraint and optimizing equipment 

configuration and operational strategy. However, when the 

non-equilibrium degree further increases to the high range of 

7-8, the LCC deviation slightly increases, and non-equilibrium 

exergy efficiency drops below 1%, reflecting that excessively 

high non-equilibrium degree leads to the accumulation of 

entropy production, where the increase in operating costs 

offsets the savings in initial investment. The above results not 

only verify the nonlinear characteristics of the "non-

equilibrium degree-entropy production-cost" mechanism in 

the coupled model but also support the core conclusion of the 

paper: "By optimizing the non-equilibrium degree to a 

reasonable range through multi-objective optimization, 

collaborative optimal LCC and non-equilibrium exergy 

efficiency can be achieved." This provides quantitative 

guidance for operational control based on the coupled model's 

engineering applications. 

 

 
 

Figure 4. Dynamic correlation between non-equilibrium 

exergy efficiency and unit entropy production cost 

 

To explore the collaborative response relationship between 

non-equilibrium exergy efficiency, unit entropy production 

cost deviation, and heat pump output share, and to verify the 

dynamic regulation effect of equipment operating parameters 

on the thermodynamic-economic coupling relationship in the 

coupled model, this experiment conducts a correlation analysis 

based on multi-condition simulation data from the model. 

From the results in Figure 4, it can be seen that all three exhibit 

significant stage-specific response characteristics: When non-

equilibrium exergy efficiency is in the low range of 0-1, the 

heat pump output share remains high at 8-9, and the unit 

entropy production cost deviation rises synchronously to 

around 3.5. This trend corresponds to a scenario where the heat 

pump operates at high load to ensure exergy efficiency, but the 

entropy production concentrated at full-load operation 

increases the cost deviation of unit entropy production. As 

non-equilibrium exergy efficiency increases to around 4, the 

heat pump output share gradually decreases to 2-3, and the unit 

entropy production cost deviation drops to a low point of -0.5, 

reflecting the effect of the dynamic regulation of heat pump 

output in the coupled model, with supplementary energy from 

photovoltaic and other distributed sources. A moderate 

reduction in heat pump load can optimize the system’s entropy 

production distribution, resulting in a significant reduction in 

unit entropy production cost. When non-equilibrium exergy 

efficiency further increases to the high range of 9, the heat 

pump output share rises again to 7-8, and the unit entropy 

production cost deviation increases accordingly. This is 

because, under high exergy efficiency demand, the heat pump 

must maintain high-load operation, and the accumulation of 

irreversible losses exacerbates the cost increase of unit entropy 

production. The above results not only validate the hypothesis 

in the coupled model that "dynamic regulation of equipment 

operating parameters is a key method to balance non-

equilibrium exergy efficiency and unit entropy production 

cost," but also support the effectiveness of the dynamic 

coupling regulation mechanism in the paper. This provides a 

quantitative direction for parameter optimization during the 

operational phase of regional energy systems.
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Figure 5. Response relationship between load fluctuation 

coefficient and dynamic coupling adjustment error 

 

To verify the robustness and adaptability of the dynamic 

coupling adjustment mechanism under different load 

fluctuation scenarios, and to clarify the impact of load 

fluctuation on adjustment accuracy and LCC, this experiment 

conducts a response relationship analysis based on simulation 

data from multiple load fluctuation scenarios. From the results 

in Figure 5, it can be seen that all three exhibit significant 

stage-specific patterns: When the load fluctuation coefficient 

is in the low range of 0-2, the LCC remains at a low level, and 

the dynamic coupling adjustment error is also in the narrow 

range of -2 to 0. This characteristic corresponds to a relatively 

stable system condition, where the regulation mechanism does 

not need frequent adjustments to match the operating 

conditions, so both cost and error remain within controllable 

limits. As the load fluctuation coefficient increases to the 

middle range of 2-4, the LCC slightly increases, while the 

dynamic coupling adjustment error decreases to a low point 

near -10, reflecting the advantages of MPC under moderate 

load fluctuations. By using 12-hour historical data for time-

series prediction, the regulation mechanism can accurately 

match changes in operating conditions, thereby maximizing 

the improvement in adjustment accuracy. When the load 

fluctuation coefficient further increases to the high range of 4-

10, the LCC rises significantly, and the dynamic coupling 

adjustment error gradually increases to near 0. This trend is 

due to the system's operating condition’s instantaneous change 

rate exceeding the model's prediction horizon adaptability 

under high load fluctuations, which limits prediction accuracy. 

However, the adjustment error can still be controlled within a 

small range, while the system entropy production 

accumulation effect triggered by high fluctuations pushes up 

the LCC. The above results not only verify the high-precision 

adaptability of the dynamic coupling adjustment mechanism 

in medium and low load fluctuation scenarios but also confirm 

its reliable error control capability in high load fluctuation 

scenarios. 

To explore the evolution law of non-equilibrium exergy 

efficiency at different operational stages throughout the 

lifecycle of different types of regional energy systems, and to 

verify the capability of the constructed coupled model in 

characterizing the long-term non-equilibrium performance 

degradation of systems and its applicability across scenarios, 

this experiment selected 8 typical regional energy system 

cases for multi-stage operational efficiency feature analysis. 

From the results in Figure 6, it can be seen that the system's 

non-equilibrium exergy efficiency exhibits significant "system 

type heterogeneity - operational stage evolution" dual 

characteristics: During the initial operation stage, the non-

equilibrium exergy efficiency of the industrial system in Case 

3 in the eastern region is close to 1.4, significantly higher than 

other cases. This is due to the high exergy quality and low 

entropy production state of the initial equipment configuration 

of the industrial system. After entering the stable operation 

stage, most cases show a slight decline in efficiency but remain 

in the range of 0.8-1.2, reflecting the steady-state characteristic 

of the non-equilibrium state after system conditions are 

adapted. In the long-term operation stage, the comprehensive 

system in the Yellow River Basin in Case 5 shows little 

fluctuation in efficiency, while Case 3 shows a slight decrease 

in efficiency, reflecting the entropy production accumulation 

effect caused by equipment wear during long-term operation 

of the industrial system. During the aging operation stage, 

most cases experience varying degrees of efficiency 

degradation, but the industrial system in the northwest region 

shown in Case 8 maintains an efficiency of about 1.0, which 

is related to the maintenance strategy of this type of system 

that suppresses entropy production. At the same time, the 

fluctuation range of the regional energy system's non-

equilibrium exergy efficiency average line is always 

controlled within the range of 0.4-1.0, confirming that 

although different types of systems have different evolutionary 

paths, the overall change in non-equilibrium efficiency 

conforms to the entropy production accumulation law of non-

equilibrium thermodynamics. 

 

 
 

Figure 6. Evolution characteristics of non-equilibrium 

exergy efficiency in different types of regional energy 

systems across multiple operational stages 

 

To systematically compare the performance differences 

between the constructed non-equilibrium coupling model and 

traditional equilibrium models in terms of non-equilibrium 

thermodynamics and economic coupling characteristics in 

regional energy systems, and to verify the new model’s 

adaptability and optimization ability in multi-dimensional 

scenarios, this experiment selected 25 typical regional energy 

system cases for a comparative analysis from three 

dimensions: entropy production link optimization, dynamic 

adjustment adaptability, and lifecycle performance. As shown 

in Figure 7, in the entropy production link optimization 

dimension, the constructed model significantly outperforms 

the traditional equilibrium model in terms of entropy 

production optimization and cost-efficiency synergy across 

conversion, transmission, and consumption stages, especially 

in industrial systems such as Case 2 and Case 3, where the 

entropy production optimization rate in the conversion stage 

increases by over 40% compared to the traditional model, and 

the cost-efficiency synergy improves simultaneously.
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a: Conversion stage exergy production optimization level, b: Transmission 

stage exergy production optimization level, c: Consumption stage exergy 

production optimization level, d: Cost-efficiency coordination level 

(a) Entropy production link optimization degree and cost-

efficiency synergy degree 

 

 
a: Load fluctuation adjustment adaptability level, b: Non-equilibrium degree 

control accuracy level c: Equipment adjustment response speed level, d: 

Distributed energy consumption coordination level 

(b) Dynamic adjustment adaptability and non-equilibrium 

stability 

 
a: Initial operation efficiency level, b: Stable operation efficiency level, c: 

Long-term operation efficiency level, d: Optimal LCC level 

(c) LCC deviation and non-equilibrium exergy efficiency 

 

Figure 7. Comparison of non-equilibrium thermodynamic-

economic coupling characteristics of typical regional energy 

system cases 
 

This reflects the new model's precise regulation ability of 

irreversible losses in each stage. In the dynamic adjustment 

adaptability dimension, the new model performs better in 

indicators such as load fluctuation adaptability, non-

equilibrium control accuracy, and equipment adjustment 

response speed. For example, distributed energy consumption 

coordination in commercial and residential systems such as 

Case 16 and Case 17 increases by nearly 30%, confirming the 

adaptability of the dynamic coupling regulation mechanism to 

condition fluctuations. In the lifecycle performance 

dimension, the new model's non-equilibrium exergy efficiency 

in the initial, stable, and long-term operation stages is higher 

than that of the traditional model, with an approximately 25% 

improvement in LCC optimization. In cases like Case 9 and 

Case 10, the long-term operation efficiency degradation is 

reduced from 20% in the traditional model to 8%, highlighting 

the new model's effective maintenance of non-equilibrium 

performance throughout the system’s lifecycle. The above 

results fully support the core conclusion in the paper that "the 

constructed non-equilibrium coupling model can significantly 

improve the thermodynamic-economic coupling level of 

regional energy systems from three dimensions: entropy 

production regulation at the link level, dynamic condition 

adaptation, and lifecycle performance maintenance." This also 

demonstrates that the model has universal optimization 

capabilities that cover different types of regional energy 

systems. 

 

 

5. CONCLUSION 

 

This paper focuses on the essential nature of non-

equilibrium states and the core demands of thermodynamic-

economic coupling optimization in regional energy systems. It 

constructs a dynamic coupling model integrating non-

equilibrium thermodynamics principles and lifecycle 

economic analysis. Through four core innovations—

quantifying entropy production by stage, correcting non-

equilibrium exergy efficiency, establishing the entropy 

production-cost mechanism relationship, and implementing 

the MPC dynamic adjustment mechanism—collaborative 

optimization of system comprehensive performance under 

non-equilibrium states is achieved. Empirical results show that 

the proposed model reduces LCC by 8.9% compared to 

traditional equilibrium coupling models. The average absolute 

error between non-equilibrium exergy efficiency and 

measured values is controlled within 1.18%, with R² values 

above 0.92, demonstrating significant accuracy improvements 

over the traditional model. The impact weight of non-

equilibrium degree on coupling optimization results is 28%, 

the entropy production optimization rate in the energy 

conversion and transmission stages exceeds 40%, and the 

dynamic adjustment error in medium load fluctuation 

scenarios can be reduced to around -10. This fully confirms 

the central role of non-equilibrium characteristics in system 

optimization and the adaptability of the dynamic coupling 

mechanism to working conditions. The theoretical value of 

this research lies in breaking through the limitations of 

equilibrium assumptions in system-level coupling analysis, 

extending non-equilibrium thermodynamics theory from 

individual devices to regional energy systems, and 

establishing a complete analytical framework of "non-

equilibrium state representation - mechanism coupling - 

dynamic optimization." The engineering value is reflected in 

providing a quantitative tool with both accuracy and general 

applicability, which can directly support equipment selection, 

pipeline layout, and operational strategy optimization for 

regional energy systems, offering a clear basis for balancing 

investment costs and operational benefits. 

Although this study has achieved stage results in model 

construction and empirical verification, there are still three 

limitations that need further expansion: 1) The case study 

focuses on urban new districts in China's temperate regions, 

and the applicability to extreme climate zones such as cold, 
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hot summer and warm winter areas, and specific scenarios like 

pure industrial or ultra-large parks has not been fully verified; 

2) The model parameter calibration relies on ideal operating 

condition equipment experimental data, and the depiction of 

long-term irreversible degradation processes such as 

equipment aging and pipeline scaling still needs to be 

deepened; 3) The real-time verification of the dynamic 

adjustment mechanism is based on simulation analysis, 

lacking actual operating data support from semi-physical 

simulations or engineering demonstrations. Future research 

can advance in three areas: expanding the case coverage to 

include regional energy systems in different climate zones and 

with different load types to further improve model 

generalization ability; introducing equipment lifecycle 

degradation models and uncertainty analysis methods, 

considering random factors such as energy price fluctuations 

and sudden meteorological changes, to enhance model 

robustness; integrating digital twin technology to build a real-

time optimization platform that combines virtual and physical 

systems, verifying the actual operating effects of the dynamic 

coupling adjustment mechanism through engineering 

demonstrations, and deepening the study of non-equilibrium 

state evolution and multi-physics field coupling micro-

mechanisms to provide more solid theoretical support for the 

low-carbon, efficient operation of regional energy systems. 
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