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Abstract

:

This study addresses the optimization of urban integrated energy systems (UIESs) under uncertainty in peer-to-peer (P2P) electricity trading by introducing a two-stage robust optimization strategy. The strategy includes a UIES model with a photovoltaic (PV)–green roof, hydrogen storage, and cascading cold/heat energy subsystems. The first stage optimizes energy trading volume to maximize social welfare, while the second stage maximizes operational profit, considering uncertainties in PV generation and power prices. The Nested Column and Constraint Generation (NC&CG) algorithm enhances privacy and solution precision. Case studies with three UIESs show that the model improves economic performance, energy efficiency, and sustainability, increasing profits by 1.5% over non-P2P scenarios. Adjusting the robustness and deviation factors significantly impacts P2P transaction volumes and profits, allowing system operators to optimize profits and make risk-aligned decisions.
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1. Introduction


With the global population projected to surpass nine billion by 2050 [1] (Specht et al., 2014), urbanization rates are accelerating, leading to a substantial rise in energy demand [2]. Currently, urban areas account for over 70% of greenhouse gas emissions, and the ongoing dependence on fossil fuels threatens to exacerbate environmental issues [3]. Consequently, the concept of urban integrated energy systems (UIESs) has gained prominence, focusing on the seamless integration of various energy forms—electricity, solar, natural gas, and thermal energy—to ensure a stable, efficient, and decarbonized energy supply [4]. Given the intermittent nature of renewable energy, UIESs face challenges with energy supply imbalances. These systems, acting as both producers and consumers, can leverage advanced information and communication technologies to engage in energy trading with other regional UIESs, thereby optimizing economic performance [5]. Drawing on the “Peer-to-Peer (P2P) economy” concept, direct energy transactions between local producers and consumers are termed P2P energy trading [6]. Thus, within the P2P energy trading framework, addressing the energy scheduling challenges among multiple UIESs with diverse energy sources is not only of practical importance but also crucial for enhancing system economic operations and achieving carbon neutrality goals.



Amidst global warming and energy crises, distributed renewable energy sources, particularly wind and solar power, are experiencing rapid global expansion due to their inherently low-carbon characteristics [7]. As urbanization accelerates, the urban heat island effect has become increasingly significant, and diverse greening strategies, notably the implementation of green roofs, have emerged as effective solutions to mitigate this issue. Green roofs not only constitute a substantial portion of urban surface areas [8] but also significantly contribute to alleviating the urban heat island effect, enhancing energy conservation, and improving indoor thermal comfort [9]. Regarding solar cells, their efficiency is influenced by various factors, with photovoltaic (PV) cell temperature being the most critical [10]. Green roofs, as a passive cooling method, can substantially reduce the temperature of PV panels, thereby increasing power generation [11]. Furthermore, the synergy between green roofs and PV systems not only mitigates the urban heat island effect but also retains soil moisture and fosters plant growth, offering a range of ecological benefits to urban environments [12]. Despite the significant potential of green roofs and PV systems in enhancing the performance of UIESs, current research predominantly focuses on their direct impacts on urban performance metrics, with limited exploration of their combined effects within these systems.



Hydrogen, renowned for its high energy density, flexibility, cleanliness, and superior storage capabilities, has emerged as a prominent energy storage medium within integrated energy systems, a concept extensively explored across scholarly literature [13,14]. The literature [15] enhanced the local utilization efficiency of renewable energy and the economic viability of microgrids by integrating market transactions for combined cooling, heating, and power (CCHP) systems, hydrogen energy storage, and hydrogen fuel cell vehicles. The literature [16] concentrated on harnessing wind power for hydrogen production and examined the economic implications of hydrogen energy storage units within wind–hydrogen energy systems. These studies collectively demonstrate that integrating hydrogen energy storage into integrated energy systems can markedly enhance energy efficiency and yield substantial economic advantages. However, despite the significant potential of hydrogen energy storage in enhancing the efficiency of integrated energy systems, its role in P2P electricity energy trading remains underexplored in the current literature.



When examining the scientific utilization of energy, we adhere to the principle of “grade matching, cascade utilization”. Liquefied Natural Gas (LNG) serves as a primary energy carrier for long-distance maritime and short-distance terrestrial transportation, with its transportation mode being pivotal [17]. The substantial cold or cryogenic energy generated by LNG during liquefaction can be harnessed during the regasification process, and low-temperature power generation stands out as a key strategy for effectively leveraging LNG’s cold energy. The literature [18] highlight that the low-temperature Organic Rankine Cycle (ORC) is an efficient method for electricity generation from cold energy. The literature [19] expanded on this concept by devising an LNG cascade utilization system that incorporates cryogenic energy storage, the ORC, and direct cooling, fully capitalizing on the cooling energy of LNG across various temperature levels. The literature [20] demonstrated that the dual-ORC system’s efficiency was 9.4% greater than that of the single-stage ORC system under a heat source condition of 130 °C, signifying that the dual-ORC system was superior in heat utilization, reduced heat loss, and enhanced overall energy utilization efficiency by capturing waste heat. Although the current literature has conducted thorough thermodynamic analyses and evaluations of LNG cascade utilization, research on energy dispatch within UIESs remains somewhat limited, particularly the integration of LNG cascade utilization with cogeneration cascade utilization subsystems equipped with waste heat recovery devices.



In the domain of P2P energy trading, academics are striving to enhance trading strategies across multiple integrated energy systems. The two primary challenges in current research are, firstly, how to efficiently manage the complex nonlinear models within integrated energy systems to increase overall economic benefits [21] and secondly, how to achieve market equilibrium among multiple systems [22]. The literature [23] significantly advanced the field by presenting an exact relaxation method that transforms nonconvex storage-concerned economic dispatch problems into convex ones, offering a practical and efficient solution with broad applicability, as demonstrated through rigorous mathematical proofs and extensive numerical testing. The literature [24] present a least squares approximation method to efficiently address the nonconvex programming challenges of bi-directional converters in hybrid AC/DC microgrids, achieving a significant computational advantage as demonstrated through case studies on a 66-node system. The literature [25] employed multi-agent deep reinforcement learning to tackle P2P energy trading issues. The literature [26] resolved the optimal bi-directional settlement problem in P2P energy trading using the Alternating Direction Method of Multipliers (ADMM), with simulation results highlighting the method’s advantages in stability and convergence speed. Although the existing studies have largely focused on the implementation of P2P energy trading, there is still a gap in handling complex nonlinear models in transactions. The literature [27] aimed to minimize the cost of integrated energy systems by employing particle swarm optimization algorithms for computation. The literature [28] utilized hybrid genetic algorithms to optimize the renewable energy configuration of producers and consumers in P2P energy trading. These algorithms, such as particle swarm and genetic algorithms, have limitations in terms of precision, potentially affecting the practicality and scalability of P2P energy trading. The NC&CG algorithm demonstrates superior accuracy in addressing sophisticated optimization issues within electrical systems, offering a dependable solution that upholds both the efficiency of the optimization process and the confidentiality of the data [29]. Consequently, in the optimization process of P2P energy trading, this algorithm is capable of delivering precise results while simultaneously protecting sensitive information, which highlights its essential function and the benefits it brings to P2P energy transactions.



Another research focus in P2P energy trading is how to address uncertainties in market trading models to enhance the operational profits of integrated energy systems and the accuracy of optimization outcomes. Uncertainties primarily stem from the instability of renewable energy, fluctuations in energy demand, and volatility in energy prices. The literature [30] introduced hybrid stochastic/robust optimization models to deal with these uncertainties, but estimating probability distributions in practical problems is challenging, increasing the difficulty of decision-making. The literature [31] characterized uncertainty by predicting intervals of renewable energy output and established corresponding P2P energy trading models to manage the fluctuations in the distribution network. Given the intermittent and unstable nature of renewable energy data, improving prediction accuracy is an extremely challenging task. Therefore, there is a need to further explore more efficient and accurate optimization strategies to cope with the complexity and uncertainty in P2P energy trading. At present, the predominant approaches to managing uncertainty in integrated energy systems are stochastic planning [32] and robust optimization [33] Stochastic planning necessitates a multitude of discrete scenarios, resulting in a substantial computational burden that can significantly impact solution efficiency [34]. On the other hand, robust optimization characterizes system uncertainty through an uncertainty set, which, while reducing the computational load, tends to yield overly conservative decision outcomes and may not accurately reflect real-world fluctuation ranges [35]. Consequently, a two-stage robust optimization model was proposed for integrated energy systems, which steers clear of excessively conservative scheduling strategies and effectively balances the economic and robust performance of the system [36].



In summary, within the framework of P2P transactions, the coordinated operation of multiple UIESs must consider not only the energy balance within their respective systems but also the maximization of collective benefits. This study offers a comprehensive review of the existing research and conducts an in-depth comparative analysis focusing on the components of UIESs, the optimization technologies for transactions between these systems, and strategies for managing uncertainty in energy transactions. Building on this foundation, the study identifies several research gaps: (1) While the combination of PV systems with green roofs holds promise for enhancing indoor environmental quality and PV performance and hydrogen storage is recognized for its substantial benefits in boosting the economic efficiency of UIESs, there is a notable gap in research regarding the synergistic impacts of these technologies within such systems. This gap also extends to their application and optimization in P2P energy trading. (2) The gradient utilization of LNG and the waste heat recovery from cogeneration systems are recognized for their significant potential in enhancing energy utilization efficiency. However, the integrated optimization and synergistic effects of these two technologies within P2P energy trading systems remain an underexplored area, indicating a research gap that needs further investigation. (3) In the realm of electricity energy trading among UIESs, existing nonconvex nonlinear models and methods for handling uncertainty are found to be lacking in solution accuracy, convergence speed, and privacy protection, which ultimately hampers their practical applicability in real-world scenarios.



To address these research gaps, this study employs a two-stage robust optimization strategy based on the Nested Column and Constraint Generation (NC&CG) approach for long-term hydrogen storage and multi-energy cascade utilization within the P2P trading environment. The primary contributions of this study are as follows:




	
Envisioning UIESs that seamlessly integrate a PV–green roof subsystem alongside a hydrogen energy storage subsystem, the approach significantly amplifies PV efficiency and longevity. The green roofs actively contribute to energy conservation and the reduction of carbon emissions, while the hydrogen storage subsystem enhances energy utilization and economic efficiency within the energy market. Delving into the theoretical underpinnings, this research provides actionable insights for dissecting the complex energy exchanges and the nuanced roles these subsystems play in the intricate dance of energy trading within UIESs;



	
Integrating an LNG cold energy cascade utilization system with a heat energy cascade utilization system enhanced by waste heat recovery devices, the study presents a comprehensive model that couples these systems through gas turbines, gas boilers, and absorption chillers. This configuration is pivotal in optimizing energy efficiency and economic performance. This study delves into the energy scheduling dynamics under P2P energy trading frameworks and evaluates their economic impact, thereby addressing a significant gap in the current research on the optimization of such integrated systems;



	
Addressing uncertainty in P2P electricity energy trading, this study employs budget uncertainty sets to define the uncertain parameters, thereby formulating a two-stage robust optimization model. The initial stage optimizes social welfare to determine the volume of electricity trades, while the subsequent stage aims to maximize the system’s operating profit amidst uncertainty. Given the presence of 0–1 binary variables in the second stage, direct application of the Karush–Kuhn–Tucker (KKT) conditions for pairwise transformations is infeasible. To tackle this nonconvex nonlinear optimization challenge, the NC&CG algorithm is presented. This approach ensures the confidentiality of the optimization process, the robustness of the solution, and the precision of the outcomes, thereby enhancing the model’s practical applicability.








The organizational structure of this study is outlined as follows: Section 2 delineates a P2P energy trading framework and formulates a two-stage robust optimization model. Section 3 elaborates on the solution methodology for the two-stage robust optimization model applied to P2P electricity energy trading. Section 4 showcases case studies, utilizing data from three UIESs. Section 5 presents the conclusions drawn from this study.




2. Problem Formulation


This study introduces a UIES framework that amalgamates a PV–green roof subsystem, a hydrogen energy storage subsystem, and a cogeneration subsystem for the cascaded utilization of cold and heat energy, all capable of engaging in P2P electricity energy trading as individual entities. P2P energy trading, as an innovative paradigm, signifies the prospective trajectory of smart grid evolution, facilitating direct energy transactions between consumers and producers within a localized region. The literature [37] have conducted an exhaustive examination of the P2P energy trading concept and its implementation within distribution networks. Building upon this foundation, this study formulates a two-stage robust optimization model designed to accommodate the nuances of P2P electricity trading. The initial stage of the model is dedicated to ascertaining the optimal P2P power trading volume by maximizing social welfare, while the subsequent stage concentrates on enhancing the overall economic benefits of the UIESs. This model harmoniously integrates the economic benefits of energy trading with the robustness of system operations.



2.1. P2P Electricity Energy Trading Framework


The UIES investigated in this study integrates a PV–green roof subsystem, a hydrogen energy storage subsystem, and a cold and heat energy cascade subsystem, which collectively act as the primary participants in the market’s P2P electricity trading. The PV–green roof subsystem is composed of high-efficiency PV panels and a meticulously designed green roof, which includes three essential layers: vegetation, substrate, and drainage. Given the substantial impact of roof surface temperature on the temperature of PV panels, this study particularly examines the influence of the green roof on the most critical parameter of PV cell performance–cell temperature–to boost the efficiency of PV power generation. The hydrogen storage subsystem comprises critical components such as electrolyzers, hydrogen storage tanks, and fuel cells, while the cold and heat energy cascade subsystem encompasses key elements such as an LNG receiving station, a low-temperature carbon capture system, cold power generation, direct cooling, gas turbines, gas boilers, waste heat boilers, and absorption chillers. In this study, building users receive cold and heat energy supplies based on a fixed time-of-use pricing, with P2P trading volumes determined via a clearinghouse mechanism. The energy trading framework is depicted in Figure 1. Within the power subsystem, PVs, fuel cells, gas turbines, and cold energy generation serve as power sources to meet the demand side’s needs. Concurrently, UIESs interface with the distribution network, ensuring the capability to engage in power purchases and conduct P2P transactions with other UIESs or distribution network operators. Details on the specific P2P trading mechanisms between UIESs are presented in [38]. The UIESs, leveraging the PV–green roof subsystem, the hydrogen storage subsystem, and the cold and heat energy cascade subsystem, exhibit the following benefits: (1) The PV–green roof subsystem enhances PV power generation efficiency, decreases energy consumption within UIESs, and improves economic viability; (2) Unutilized renewable energy can be transformed into alternative energy forms, such as hydrogen, thereby increasing the overall efficiency of energy utilization; (3) In the energy market, the coordinated operation of the hydrogen storage subsystem and the cold and heat energy cascade subsystem enhances market agility and boosts market efficiency.



Within the energy trading framework proposed in this study, addressing the volatility of electricity prices and the uncertainty of PV generation, we developed a two-stage robust optimization model to guide the participation of the UIES in P2P electricity transactions. At the top level of the model, we constructed a P2P electricity trading volume model aimed at maximizing social welfare, whereas the bottom level model is dedicated to maximizing the total operational profit of the UIESs. Electricity price uncertainty primarily refers to the fluctuations in the prices of power purchased from distribution network operators, while PV generation uncertainty involves variations in the output of PV generation. Given space constraints, this study treats other uncertainties, such as demands for cooling, heating, and electricity, as deterministic variables. This assumption is based on the relative maturity of prediction accuracy for these demands, with error margins typically within acceptable limits. For instance, short-term forecasts for cooling, heating, and electrical demands can be controlled within an error range of 0.5% to 3% [39,40]. Consequently, it is reasonable to infer that the impact of energy demand prediction uncertainty on the P2P electricity trading model is minimal.




2.2. Cold and Heat Energy Cascade Modeling


This study employs the mechanism of coupling cold and heat energy in both time and space. Integrated with waste heat recovery devices, carbon capture systems, and absorption chillers, it facilitates complementary and cascaded utilization of cold and heat energy. LNG can release a substantial amount of cold energy when its liquefaction temperature is increased from −162 °C to the usage temperature of 25 °C. The cold energy across different temperature gradients can be harnessed efficiently to enhance the utilization efficiency of LNG’s cold energy, aligning with the specific energy usage characteristics of building inhabitants. The cascade utilization of LNG cold energy is structured in three tiers. The initial stage involves deep-cold, utilizing low-temperature carbon-capture technology to diminish carbon emissions from gas boilers and other equipment during the heat production process, thereby advancing environmental sustainability. The second stage encompasses middle-cold, satisfying the electrical energy requirements of building occupants with cold power technology. The final stage is sub-cold, which meets the cold load demands of building users with direct cooling technology, thereby improving utilization efficiency. Ultimately, gasified LNG can be deployed to fulfill the natural gas requirements of building users. For cascading heat energy, high-grade heat can be utilized in high-temperature thermal cycles, medium-grade heat can be applied directly for heating or as a heat source for double-/single-effect absorption chillers, and low-grade heat can be reserved for single-effect absorption chillers or direct heating exclusively. Consequently, this study proposes combining the natural gas derived from LNG liquefaction with the high-grade heat from the combustion of natural gas in a gas turbine for power generation. The medium-grade heat generated by the gas turbine is recovered via a waste heat boiler; a portion of this heat can be channeled toward refrigeration in absorption chillers, while another portion can be used directly for heating. Meanwhile, the carbon produced can be captured using low-temperature carbon capture technology in the initial deep-cold stage. For the low-grade thermal energy eventually discharged from the waste heat boiler, it can be repurposed for direct heat supply or as a heat source for absorption chillers.



Equations (1)–(3) describe the process by which the LNG receiving station vaporizes LNG for equipment use, subject to storage capacity and vaporization capacity constraints. Equation (4) is used to calculate the amount of recovered cold energy. Equation (5) determines the amount of CO2 that can be captured by the high-grade cold energy carbon capture device. Equation (6) illustrates the process of using medium-grade cold energy for power generation. Equation (7) describes the direct supply of low-grade cold energy to relevant cold loads. Equations (8)–(12) present the electrical power and medium–low-grade thermal power provided by the gas turbine and waste heat boiler. Equations (13) and (14) represent the medium-grade thermal power generated by the gas boiler. Equations (15) and (16) describe the process by which the absorption chiller uses medium-grade thermal energy to produce cooling power:


   S t  LNG   =  S  t − 1   LNG   −     G t  NG    v   LNG / NG       ζ  NG    λ  LNG       
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         L t  LNG   =     G t  NG      ζ  NG    m  NG       η  LNG          L t  LNG   ≥  L t   LNG , c    +  L t   LNG , p    +  L t   LNG , l           
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         C t   LNG , c    =  L t   LNG , c     η  LNG  c        0 ≤  L t   LNG , c    ≤  L t  LNG    φ  LNG  c         
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         P t   LNG , p    =  L t   LNG , p     η  LNG  p        0 ≤  L t   LNG , p    ≤  L t  LNG    φ  LNG  p         
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  0 ≤  L t   LNG , l    ≤  L t  LNG    φ  LNG  l   
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   P t  GT   =  η  GT  e   ζ  NG    G t  GT    
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   H t   WH , mid    =  η   WH , mid   h    1 −  η  GT  e     ζ  NG    G t  GT    



(9)






   H t   WH , low    =  η   WH , low   h    1 −  η  GT  e     ζ  NG    G t  GT    
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   P   GT , min    ≤  P t  GT   ≤  P   GT , max     
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  0 ≤  H t   WH , mid    +  H t   WH , low    ≤  H   WH , max     
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   H t  GB   =  η  GB  h   ζ  NG    G t  GB    



(13)






  0 ≤  H t  GB   ≤  H   GB , max     



(14)






   Q t  AC   =  η  AC  c   H t  AC    



(15)






  0 ≤  H t  AC   ≤  H   AC , max     



(16)




where    S t  LNG     is the state of charge (SOC) of the LNG storage tank at time  t ;    G t  NG     is the gasification power of the LNG receiving station at time  t ;    ζ  NG     is the calorific value of natural gas;    v  LNG / NG     is the ratio of the volume of LNG and natural gas under the same mass, which takes the value of 1/625;    λ  LNG     is the capacity of the LNG storage tank;    S  LNG , max     and    S  LNG , min     are the upper and lower limits of the SOC of the LNG storage tank, respectively;    G  NG , max     is the upper limit of the gasification power of the LNG receiving station;    L t  LNG     is the cold energy power that can be recovered during the LNG gasification process at time  t ;    m  NG     is the volume/mass ratio of natural gas;    η  LNG     is the efficiency coefficient of LNG cold energy recovery;    L t  LNG , c     is the high-taste cold energy power used for low-temperature carbon capture at time  t ;    L t  LNG , p     is the medium-taste cold energy power used for cold power generation at time  t ; and    L t  LNG , l     is the low-taste cold energy power used for direct cooling at time  t ;    C t  LNG , c     is the amount of carbon captured by low-temperature carbon capture at time  t , the amount of carbon can be regarded as the flow of carbon, and the unit is kg/h;    η  LNG  c    is the efficiency of low-temperature carbon capture, and the value is taken as 6 kg/(kWh); and    φ  LNG  c    is the proportion of high-taste cold energy used for low-temperature carbon capture;    P t  LNG , p     is the power of cold power at time  t ;    η  LNG  p    is the efficiency of cold power; and    φ  LNG  p    is the proportion of medium-grade cold energy utilized for cold power;    φ  LNG  l    is the proportion of low-grade cold energy used for direct cooling;    P t  GT     and    G t  GT     are the gas turbine generating power and gas consumption power at the time  t , respectively;    H t  WH , mid     and    H t  WH , low     are the low- and medium-grade heat power output from waste heat boilers, respectively;    η  GT  e   ,    η  WH , mid  h   , and    η  WH , low  h    are the gas turbine generating efficiency and the low- and medium-grade heat recovery efficiency of the waste heat boiler, respectively;    P  GT , min     and    P  GT , max     are the upper and lower limits of the gas turbine generating power; and    H   WH , max      is the upper limit of the low- and medium-grade heat recovery from the waste heat boiler;    H t  GB     and    G t  GB     are the output thermal power and gas consumption power of the gas boiler at time  t , respectively;    η  GB  h    is the heating power of the gas boiler;    H  GB , max     is the upper limit of the heat production power of the gas boiler;    Q t  AC     is the absorption refrigerator cooling power at time  t ;    H t  AC     is the absorption refrigerator heat consumption power at time  t ;    η  AC  c    is the absorption refrigerator refrigeration energy efficiency ratio; and    H  AC , max     is the upper limit of the absorption refrigerator heat consumption power.




2.3. Hydrogen Energy Storage System Modeling


Hydrogen storage subsystems are employed to bolster the economic efficiency of energy trading among multiple UIESs, comprising primarily electrolyzers, fuel cells, and hydrogen storage tanks.



Equations (17) and (18) describe the process by which electrolyzers convert electrical energy into hydrogen energy. Equations (19) and (20) demonstrate how fuel cells utilize hydrogen to generate electricity, meeting a portion of the power demand. Equations (21)–(25) illustrate the function of hydrogen storage tanks in storing hydrogen during periods of electricity surplus and releasing it during periods of electricity shortage:


   G t  ELE   =  η  ELE    P t  ELE    
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  0 ≤  P t  ELE   ≤  P   ELE , max     U t  EF    
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  0 ≤  P t  FC   ≤  P   FC , max      1 −  U t  EF      
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   S t   H 2    =  S  t − 1    H 2    +     G  t − 1    H 2   , ch     η   H 2    −  G  t − 1    H 2   , dis    /  η   H 2       λ   H 2        
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   S   H 2   , min    ≤  S t   H 2    ≤  S   H 2   , max     
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  0 ≤  G t   H 2   , ch    ≤  U t   H 2     G   H 2   , max     



(23)






  0 ≤  G t   H 2   , dis    ≤   1 −  U t   H 2       G   H 2   , max     



(24)






    ∑ t    G t   H 2   , ch    =   ∑ t    G t   H 2   , dis         



(25)




where    G t  ELE     and    P t  ELE     are the hydrogen production power and power consumption power of the electrolyzer at time  t , respectively;    η  ELE     is the hydrogen production efficiency of the electrolyzer;    P  ELE , max     is the upper limit of the power consumption power of the electrolyzer;    U t  EF     is a binary variable to avoid the simultaneous operation of the electrolyzer and fuel cell at time  t ;    P t  FC     and    G t  FC     are the power generation and hydrogen consumption power of the fuel cell at time  t , respectively;    η  FC     is the efficiency of the fuel cell;    P  FC , max     is the upper limit of power generation of the fuel cell;    S t   H 2      is the SOC of the hydrogen storage tank at time  t ;    G t   H 2  , ch     and    G t   H 2  , dis     are the amount of hydrogen stored and discharged from the hydrogen storage tank at time  t ;    η   H 2      is the hydrogen charging and discharging efficiency of the hydrogen storage tank;    λ   H 2      is the capacity of the hydrogen storage tank;    S   H 2  , min     and    S   H 2  , max     are the lower limit and upper limit of the SOC of the hydrogen storage tank, respectively;    U t   H 2      is the state of charging and discharging of the hydrogen storage tank;    G   H 2  , max     is the upper limit of the charging and discharging capacity of the hydrogen storage tank.




2.4. Two-Stage Robust Optimization Model


2.4.1. The Upper-Level Model


The upper-tier model formulates the problem of maximizing societal welfare based on the P2P electricity energy trading volume model, thereby determining the trading volumes among UIESs:


    max   ∑  i ∈  N I      f i        s . t .        P  i , j , t   +  P  j , i , t   = 0         ∑  j ∈  N J      P  i , j , t   =  P  i , t            P  i , min   ≤  P  i , t   ≤  P  i , max            



(26)




where    f i    is the operating profit of the UIES  i ;    N I    is the total number of UIESs;    N J    is the total number of UIESs trading with the UIES  i ;    P  i , j , t     is the amount of P2P energy trading between the UIES  i  and the UIES  j  at time  t ;    P  i , t     is the total amount of the UIES  i  trading at time  t ;    P  i , min     and    P  i , max     are the minimum and maximum values of UIES  i  trading, respectively.




2.4.2. The Lower-Level Model


The lower-tier model aims to maximize the operational profit of UIESs based on the P2P transaction volume determined by the upper-tier model. This model must adhere to operational constraints, including equipment capacity, the efficiency of cold and heat energy cascading, and the balance of cooling, heating, electricity, and natural gas within the UIESs, in addition to Equations (1)–(25).



	(1)

	
The lower-level objective







The operational profit of the UIESs encompasses profits from the electricity market, as well as profits from the markets for cold, heat, and gas energy and the net of operational costs. Revenues within the electricity market comprise retail earnings from electricity sales, costs associated with P2P electricity transactions, and the expense of electricity traded with the distribution network operator. In contrast, profits in the CCHP market are derived by directly multiplying the retail price by the quantity of CCHP energy sold. Operating costs encompass the expenses related to LNG procurement, as well as operational and maintenance (O&M) costs for gas turbines, gas boilers, absorption chillers, methanation units, electrolyzers, fuel cells, and PV systems:


   f i  =   ∑  t ∈  N T      I t E  +  I t C  +  I t H  +  I t G  −  C t  op      



(27)






     I t E  =  λ t   ret , E     E t   ret , E    −   ∑  j ∈  N J        τ E   Z  i , j   −  λ  i , j , t  P    max    P  i , j , t   , 0          +   λ  i , D , t    E , sell    max    P  i , D , t   , 0   +  λ  i , D , t    E , buy    min    P  i , D , t   , 0      



(28)
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(29)






   I t H  =  λ t   ret , H     E t   ret , H     
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   I t G  =  λ t   ret , G     E t   ret , G     
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   C t  op   =  C t  LNG   +  C t  GT   +  C t  GB   +  C t  AC   +  C t  ELE   +  C t  FC   +  C t  PV    



(32)
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   C t  GT   =  m  GT    P t  GT    
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   C t  GB   =  m  GB    H t  GB    



(35)






   C t  AC   =  m  AC    Q t  AC    



(36)






   C t  ELE   =  m  ELE    G t  ELE    



(37)






   C t  FC   =  m  FC    P t  FC    



(38)






   C t  PV   =  m  PV    P t  PV    



(39)




where    I t E   ,    I t C   ,    I t H   , and    I t G    are the profit of the electricity market, cold energy market, heat energy market, and natural gas market, respectively;    C t  op     is the operating profit of the UIES  i ;    λ t  ret , E    ,    λ t  ret , C    ,    λ t  ret , H    , and    λ t  ret , G     are the retail price of electricity, cold, heat, and natural gas, representing the time-share pricing of different energy demands by the UIESs;    λ  i , j , t  P    is the P2P price of electricity traded between the UIES  i  and the UIES  j ;    E t  ret , E    ,    E t  ret , C    ,    E t  ret , H    , and    E t  ret , G     are the retail demand for electricity, cold, heat, and natural gas, respectively;    τ E    is the unit cost of transporting the electricity;    Z  i , j     is the distance between the UIES  i  and the UIES  j , expressed in terms of line impedance;    λ  i , D , t   E , sell    ,    λ  i , D , t   E , buy    , and    P  i , D , t     are the sale and purchase price of electricity and the corresponding volume of transactions between the UIES  i  and the distribution network operator, respectively;    C t  LNG     is the cost of LNG purchase at time  t ;    C t  GT     is the O&M cost of gas turbines at time  t ;    C t  GB     is the O&M cost of gas boilers at time  t ;    C t  AC     is the O&M cost of absorption chillers at time  t ;    C t  ELE     is the O&M cost of electrolyzers at time  t ;    C t  FC     is the O&M cost of fuel cells at time  t ;    C t  PV     is the O&M cost of PVs at time  t ;    m  GT     is the cost per unit of electricity produced by gas turbines;    m  ELE     is the cost per unit of hydrogen produced by electrolyzers;    m  FC     is the cost per unit of electricity produced by fuel cells; and    m  PV     is the cost per unit of electricity produced by PVs;



	(2)

	
Demand balance constraint







Demand balance constraints primarily encompass constraints for electricity demand balance, hydrogen demand balance, cold demand balance, heat demand balance, natural gas demand balance, and efficiency constraints related to the utilization of cold and heat energy cascades. Power balance constraints stipulate that the aggregate generation from PV systems, gas turbines, chilled energy production, and fuel cell generation must equal the aggregate consumption, including electrolyzer demand, retail electricity, P2P traded electricity, and electricity traded with distribution grid operators. Hydrogen balance constraints require that the total hydrogen produced by electrolyzers and released from hydrogen storage tanks meet the hydrogen consumption of fuel cells and the hydrogen storage tank refill requirements. Cold energy balance constraints define that the cooling demand of the UIESs must be satisfied by direct chillers and absorption chillers. Heat balance constraints mandate that the retail heat supply of the UIESs and the thermal power consumed by absorption chillers be provided by gas turbines, gas boilers, and waste heat recovery boilers. Gas balance constraints indicate that the gas volume at the LNG receiving station must satisfy the needs of gas turbines, gas boilers, and retail sales. In contrast, cold and heat energy cascading efficiency constraints consider the efficient cascading of cold and heat energy and the satisfaction of demand from users within the UIESs to fulfill the operator’s requirements:


   P t  PV   +  P t  GT   +  P t   LNG , p    +  P t  FC   =  P t  ELE   +  E t   ret , E    +  P  i , t   +  P  i , D , t    



(40)






   G t  ELE   +  G t   H 2   , dis    =  G t  FC   +  G t   H 2   , ch     



(41)






   L t   LNG , l    +  Q t  AC   =  E t   ret , C     



(42)






   H t   WH , mid    +  H t   WH , low    +  H t  GB   =  H t  AC   +  E t   ret , H     



(43)






   G t  LNG   =  G t  GT   +  G t  GB   +  E t   ret , G     



(44)






   η   CH , min    ≤     L t   LNG , c    +  L t   LNG , p    +  L t   LNG , l    +  H t  AC   +  E t   ret , H       L t  LNG   +  H t   WH , mid    +  H t   WH , low    +  H t  GB      ≤  η   CH , max     



(45)




where    η  CH , min     and    η  CH , max     are the upper and lower limits of the efficiency of the cold and heat energy cascade, respectively.






3. Solution Methodology


Within the two-stage robust optimization framework presented in this study, the optimization problem at the second stage presents nonconvex attributes owing to the integration of binary decision variables. Consequently, the conventional strong duality theory cannot be directly applied, which precludes the reduction of the problem to a single-level optimization task using the KKT conditions. To surmount this challenge, this study employs the NC&CG algorithm for iterative resolution. The outer layer of this algorithm is grounded in the standard methodology proposed by [41], whereas the inner layer specifically implements the NC&CG approach from [42], targeting the identification of the optimal solution under the worst-case scenario. This two-tiered algorithmic architecture not only bolsters the model’s solution confidentiality, precision, and robustness but also adeptly manages the intricacies introduced by the nonconvex optimization problem through its meticulously designed iterative process. This ensures the attainment of stable and dependable optimization outcomes across a spectrum of uncertainty conditions.



3.1. Uncertainty Treatment


In the practical operation of the UIESs, as previously discussed, this study meticulously accounts for the price volatility of electricity procured from the distribution network operator and the variability of PV output. These elements of uncertainty exert a substantial direct influence on the UIES’s scheduling strategy. Considering the multitude and intricacy of factors contributing to uncertainty, uncertainty intervals are frequently utilized in practical applications to delineate the parameters of such unpredictability. To effectively manage the model’s conservatism, this study adopts budget uncertainty sets to quantify the uncertainties associated with electricity prices and PV generation:


   P  t , real   PV   ∈    P  t , pre   PV   − Δ  P  t , max   PV   ,  P  t , pre   PV   + Δ  P  t , max   PV      



(46)






   λ  i , D , t , real    E , buy    ∈    λ  i , D , t , pre    E , buy    − Δ  λ  i , D , t , max    E , buy    ,  λ  i , D , t , pre    E , buy    + Δ  λ  i , D , t , max    E , buy       



(47)




where    P  t , real   PV     and    λ  i , D , t , real   E , buy     are the actual value of PV output and the actual price of electricity purchased from the distribution grid at time  t , respectively;    P  t , pre   PV     and    λ  i , D , t , pre   E , buy     are the predicted value of PV output and the predicted price of electricity purchased from the distribution grid at time  t , respectively; and   Δ  P  t , max   PV     and   Δ  λ  i , D , t , max   E , buy     are the maximum deviation of PV output and the price of electricity purchased from the distribution grid at time  t , respectively.




3.2. Solution Procedure


For the sake of computational convenience, this study presents the original problem in the following abbreviated form:


      max  y   A T  y + a +   min  u    max   x , I      B T  +  u T  C   x +  L T  u     s . t .     Z y = e     K y ≤ d     F x + G y + H u = c     Q x + D I ≤ b     P x = f     E x ≤ h     x ≥ 0 , u ∈ U        



(48)




where  y  is the decision variable of the first-stage optimization problem;  I  is the 0–1 integer variable;  x  is the continuous variable of the second-stage optimization problem;  u  is the uncertainty variable; and all other parameters are constant coefficients. The specific expression is as follows:


        x =        S t  LNG   ,  G t  NG   ,  L t  LNG   ,  L t   LNG , c    ,  L t   LNG , p    ,  L t   LNG , l    ,  C t   LNG , c    ,  P t   LNG , p    ,      P t  GT   ,  G t  GT   ,  H t   WH , mid    ,  H t   WH , low    ,  H t  GB   ,  G t  GB   ,  Q t  AC   ,  H t  AC   ,      G t  ELE   ,  P t  ELE   ,  P t  FC   ,  G t  FC   ,  S t   H 2    ,  G t   H 2   , ch    ,  G t   H 2   , dis    ,  P  i , D , t        T        y =  P  i , j , t           u =     P  t , real   PV   ,  λ  i , D , t , real    E , buy      T      I =     U t  EF   ,  U t   H 2      T           



(49)







To address the nonconvex nonlinear P2P trading challenge outlined in this study, the NC&CG algorithm was employed. The foundational concept of this methodology entails the dissection of the intricate original problem into two-tier hierarchical structures: the master problem and the subproblem. The subproblem is tasked with uncovering potential adverse scenarios and conveying pertinent feature data back to the master problem, ensuring the model’s capacity to devise robust strategies even under highly unfavorable circumstances. This interlinkage is vital for maintaining the model’s robustness. Consequently, the master problem is responsible for resolving the P2P trading strategy among UIESs, taking into account all identified extreme scenarios. By employing this hierarchical methodology, the NC&CG algorithm adeptly manages nonconvex nonlinear optimization issues and safeguards both the confidentiality of the transaction process and the precision of the solution outcomes.



3.2.1. Outer C&CG Cycle (Master Problem)


The master problem, formulated mathematically, is presented as follows:


      max   y , η    A T  y + a + η     s . t .     Z y = e     K y ≤ d     F  x r  + G y + H  u r  = c     η ≤    B T  +  u T  C    x r  +  L T   u r       x r  ≥ 0 ,  u r  ∈ U     ∀ 1 ≤ r ≤ k        



(50)




where  a  is the constant term in the objective function;  η  is the introduced intermediate variable;  r  is the number of outer layer iterations; and  k  is the total number of times the outer loop has been iterated.



This study’s primary problem aimed to determine the upper bound of the objective function for the original problem, whereas the inner loop was designed to ascertain the lower bound of the same objective function. The outer loop was terminated if the upper and lower bounds met specific error tolerances; that is:


    U  B  out   − L  B  out     ≤ ε  



(51)




where   U  B  out     and   L  B  out     are the upper and lower bounds for outer iteration, respectively; and  ε  is a small positive number.




3.2.2. Inner C&CG Cycle (Subproblem)


An inner loop was utilized to identify the worst-case scenario and convey it back to the main problem. The subproblem is formulated as follows:


      min  u      max   x , I      B T  +  u T  C   x +  L T  u     s . t .     F x + G  y *  + H u = c     Q x + D I ≤ b     P x = f     E x ≤ h     x ≥ 0 , u ∈ U        



(52)




where    y *    is the value of the decision variable obtained from the outer loop.



To enable the application of the KKT conditions, this study addressed the negative subproblem objective function. Specifically:


      max  u      min   x , I   −    B T  +  u T  C   x −  L T  u     s . t .     F x + G  y *  + H u = c     Q x + D I ≤ b     P x = f     E x ≤ h     x ≥ 0 , u ∈ U        



(53)







This study introduced the NC&CG algorithm to address the nonconvex nonlinear P2P trading problem, with the procedural steps detailed as follows:



Firstly, initialize the upper and lower bounds of the subproblem, as well as the number of iterations. With the initial values of the binary variables, employ the KKT conditions to transform and derive the upper bound subproblem, thereby updating the upper bound   U  B  in    :


      max   u , x   τ     s . t .     τ ≤ −    B T  +  u T  C    x o  −  L T   u o      F  x o  + G  y *  + H  u o  = c     Q  x o  + D  I  o *   ≤ b     P  x o  = f     E  x o  ≤ h     − B −  u T  C +  Q T   λ 1 o  +  E T   λ 2 o  +  F T   μ 1 o  +  P T   μ 2 o  = 0         λ 1 o    T    Q  x o  + D  I  o *   − b   = 0         λ 2 o    T    E  x o  − h   = 0      x o  ,  λ 1 o  ,  λ 2 o  ≥ 0     ∀ 1 ≤ o ≤ R      u o  ∈ U        



(54)




where  τ  is the estimated value of the introduced objective function;    I   o *      is the value of the integer variable at the  o  iteration;    λ 1 o   ,    λ 2 o   ,    μ 1 o   , and    μ 2 o    are the dyadic variables at the  o  iteration; and  R  is the number of times the inner loop has been iterated.



In the context of the upper bound subproblem, the presence of bilinear terms necessitates the application of the large M method to achieve linearization:


       λ 1 o  ≤ M   1 −  δ 1        Q x + D  I  o *   − b ≤ M  δ 1       



(55)






       λ 2 o  ≤ M   1 −  δ 2        E x − h ≤ M  δ 2       



(56)




where  M  is an arbitrarily large positive constant; and    δ 1    and    δ 2    are 0–1 integer variables;



Subsequently, the worst-case scenario derived from the upper bound subproblem is incorporated into the lower bound subproblem, thereby facilitating the update of the lower bound   L  B  in    :


      min   x , I   −    B T  +      u *     T  C   x −  L T   u *      s . t .     F x + G  y *  + H  u *  + M I = c     Q x + D I ≤ b     P x = f     E x ≤ h     x ≥ 0        



(57)




where    u *    is the worst-case scenario obtained for the upper-bound subproblem;



Ultimately, if the discrepancy between the upper and lower bound subproblem meets the predefined error tolerance, the subsequent iteration is initiated by substituting the integer variable values obtained from the lower bound subproblem into the upper bound subproblem. This process then repeats steps (1) and (2). Upon confirmation that the error tolerance is satisfied, the inner loop is concluded, the worst-case scenarios are conveyed back to the main problem, and the outer iteration advances:


    U  B  in   − L  B  in     ≤ ε  



(58)







The detailed algorithmic solution flowchart is depicted in Figure 2.






4. Numerical Results and Analysis


4.1. Experimental Settings


This study employed an adapted System Advisor Model (SAM) to simulate the energy yield of PV panels [43], It calculated the PV output within UIESs using solar radiation data from a specific region as a case study. The parameters for the PV panels and rooftops were sourced from [43,44,45]. Additionally, the paper references electrical and thermal load data from [46], cooling load information from [46], and gas load data from [47]. Energy pricing was derived from [16,45,47]. The equipment parameters are shown in Table 1.



The iterative dynamics of the NC&CG algorithm are vividly captured in Figure 3. The convergence behavior of both the outer and inner layers is graphically represented, with the objective values for all outer and inner layer problems being depicted in terms of upper and lower bounds. Initially, during the early iterations of the outer loop, the upper bounds are relatively high, reflecting the algorithm’s exploratory phase. The cumulative computational expenditure for both outer and inner layer problems is quantified at 2460.2 s. The computational time for the outer layer Mixed-Integer Programming escalates with each iteration, as new decision variables and constraints are successively generated and integrated into the outer Mixed-Integer Programming. Concurrently, the duration for resolving the inner layer problems is predominantly correlated with the total number of iterations it undergoes.




4.2. Case Studies


To validate the proposed framework’s model and the solution algorithm’s effectiveness, this study analyzed three sets of cases:




	
Case 1 involves analyzing the operation optimization of three UIESs equipped with PV–green roofs, hydrogen energy storage, and cold and heat energy cascading subsystems within a P2P trading environment. The objective is to assess the performance of the system model in real-world operations, focusing on its potential to enhance energy efficiency and economic outcomes;



	
Case 2 examines the optimization outcomes of the system architecture proposed in this study, both with and without incorporating the P2P electrical energy trading mechanism. This analysis highlights the specific effects of P2P trading on operational strategies and economic performance, thereby underscoring the significance of P2P trading mechanisms in contemporary energy systems;



	
Case 3 focuses on analyzing the impact of various uncertainties on operating profits within a P2P trading model. This includes considering electricity price volatility and PV power generation uncertainties. The case aims to assess the potential impact of these uncertainties on the operating margins of UIESs and explore effective risk management strategies.








4.2.1. Case 1: Analysis of Movement Control Results


In this study, we analyzed the energy transfer within three UIESs to assess the practical effectiveness of the proposed robust optimization model. The energy flow direction of the devices in each system is clearly shown in Figure 4. In the illustration of the UIES, each edge is meticulously designed to denote the energy transfer specific to each device, while each node precisely signifies an individual energy device within the system’s architecture. The energy flow diagram allows us to visualize the energy dynamics of each system. Notably, the PV–green roof coupling system significantly contributes to energy transfer. This integrated system not only boosts the energy output of the PV panels but also enhances the incorporation of renewable energy into the UIES through the synergistic effect with the green roof. Specifically, the electricity generated by the PV system is conveyed to the demand side via the power distribution network, markedly reducing reliance on conventional energy sources.



Secondly, the hydrogen storage subsystem showcases its distinct advantages in energy transmission. Electrical energy is transformed into hydrogen through water electrolysis and stored, ready for conversion back to electricity during peak demand periods using fuel cells. This process not only optimizes energy utilization efficiency but also bolsters the system’s peaking capacity.



Furthermore, the integration of the natural gas network with gas turbines ensures a stable energy input to the UIESs. The electricity and heat produced by gas turbines are distributed to meet the UIES’s energy requirements. The synergy of gas boilers and absorption chillers not only satisfies the demand for cold and heat energy but also enhances the overall efficiency of energy utilization.



Through the integration of thermal networks and waste heat recovery systems, UIESs achieve high-efficiency energy use and minimize waste. The deployment of low-temperature carbon capture technology particularly contributes to reducing greenhouse gas emissions, enhancing the system’s environmental sustainability.



Overall, the energy transfer analysis of the three UIESs indicates that the proposed robust optimization model can effectively manage energy flow, leading to efficient energy allocation and utilization.



Figure 5a–c provide a detailed depiction of the energy flow across various devices within the three UIESs. During the peak PV generation periods, such as from 10 to 14 h, the overall energy consumption is notably reduced despite the similar energy demand compared to the previous period. This indicates that the increase in PV generation effectively diminishes the reliance on other energy sources, highlighting the pivotal role of PV within the UIES. Consequently, the integration of PV with green roofs not only effectively mitigates the operational temperature of PV panels but also enhances the overall energy generation efficiency, thereby improving the energy utilization efficiency of the entire system. In terms of the hydrogen energy storage system, it comes into play during periods of low PV output, specifically from 1 to 5 h and 20 to 24 h, to supplement the unmet energy requirements. Conversely, during periods of high PV output, from 10 to 14 h, the hydrogen storage system accumulates excess energy for future use. As for the cascading utilization of cold and heat energy, it demonstrates the multifunctionality of LNG and its critical role in meeting the varying cold and heat demands throughout the day. Additionally, the system incorporates low-temperature carbon capture technology to minimize environmental impact.



Figure 5d provides an exhaustive presentation of the daily total energy transfer within the three UIESs. Economic factors, such as the higher unit purchase cost of LNG compared to the O&M cost of PV panels, lead all UIESs to prioritize PV for electricity generation, aiming for zero waste. The gasification power at the LNG receiving station is directly influenced by each system’s gas load demand, with UIES1 exhibiting the highest demand and, thus, the greatest gasification power. Conversely, UIES2, having the lowest gas load demand, also has the lowest gasification power. This pattern extends to the utilization of LNG’s tertiary cold energy, affecting the scale of low-temperature carbon capture and cold energy generation accordingly.



Regarding electricity supply, UIES1, facing the largest electrical load and high LNG costs, relies predominantly on gas turbines for power generation, with fuel cells producing the least among the three systems. This reliance results in UIES1’s waste heat boiler absorbing the most heat from the gas turbines to enhance energy efficiency. In contrast, UIES2 and UIES3 opt for electricity trading when prices are low, impacting their generation strategies. UIES2, particularly, reduces gas turbine and fuel cell generation during peak electrical loads, with the fuel cell output being the smallest among the systems.



The interplay between electrolyzers, hydrogen storage tanks, and fuel cells indicates that systems producing larger amounts of hydrogen have correspondingly larger inputs and outputs to these components. In terms of LNG’s tertiary cold energy utilization, the direct cooling power is primarily determined by the gasification power of the LNG receiving station. UIES2, with the highest cold energy load, relies heavily on absorption chillers to meet this demand. Although UIES2’s heat load demand is not as large as UIES1’s, its actual heat consumption is the greatest. To improve system economics, UIES2’s residual heat is mainly supplemented by gas boilers, leading to the highest heat production among the three UIESs.



From a carbon capture perspective, low-temperature carbon capture using high-grade cold energy in deep-cooled zones effectively reduces carbon costs and promotes the decarbonization of integrated urban energy systems. The analysis reveals that the LNG procurement at an LNG receiving station directly affects its gasification power output. The equipment within a hydrogen storage system interacts, impacting a high-demand UIES’s ability to meet its load requirements from similar functional equipment.



The PV–green roof subsystem serves as the primary renewable energy supplier, providing substantial clean energy and reducing reliance on costly LNG through a zero-waste strategy. The hydrogen energy storage subsystem optimizes the energy storage and conversion process through the synergistic operation of electrolysis tanks and fuel cells, enhancing energy efficiency and supporting peak load demands. The cold and heat cascade utilization subsystem demonstrates LNG’s versatility and its crucial role in meeting hot and cold demands through efficient energy utilization of gasification, cold power, and direct cooling while mitigating environmental impacts through low-temperature carbon capture technology.




4.2.2. Case 2: Comparative Analysis


Table 2 provides a detailed account of the P2P electricity transaction volumes between the UIESs. The table employs positive figures to represent the acquisition of electricity and negative figures to signify the sale of electricity. A thorough analysis of the data presented in Table 2 indicates that UIES2 and UIES3 conducted a total of 400 kWh in electricity transactions. This exchange was driven by the more advantageous trading prices between UIES2 and UIES3, which were lower than UIES2’s own electricity generation costs during certain periods. Considering UIES2’s high demand for electricity, it was economically beneficial for UIES2 to purchase power from UIES3, aiming to minimize expenses. As a result, the collective operational profit for the three UIESs, under P2P energy trading conditions, was calculated at USD 153,651.4, which is 1.5% higher than in non-P2P scenarios. This enhancement in profit margin highlights the economic advantages that can be achieved through well-considered P2P energy transactions.



In light of the P2P electricity trading conducted between UIES2 and UIES3, with UIES2 purchasing electricity from UIES3, this study delved into an in-depth analysis of the energy transfer within UIES2’s equipment under scenarios with and without P2P energy transactions. Figure 6 vividly illustrates the energy output of UIES2 across various time periods under these two distinct conditions, offering a critical perspective for evaluating the impact of P2P trading on the operational efficiency of the UIES. Regarding the gasification power at the LNG receiving station, UIES2’s gasification power is higher in non-trading scenarios at times 1, 6, 7, etc., compared to when trading is involved. Under the three-stage cold energy utilization model, the outputs of the low-temperature carbon capture, cold power, and direct cooling units increase at these times. As natural gas is the primary energy source, UIES2’s unsatisfied power demand outside P2P trading is primarily fulfilled by gas turbine equipment consuming 3505 kW more than in the trading scenario, with the fuel cell covering the remaining load, leading to higher overall power generation. Consequently, the waste heat boiler recovers more heat to meet the load, reducing the gas boiler’s output compared to the P2P trading scenario.



The P2P energy trading mechanism enhances UIES2’s flexibility and economic performance. During peak demand, UIES2 can purchase additional energy, smoothing energy output fluctuations, improving utilization efficiency, and bolstering the network’s stability and reliability. Additionally, P2P trading brings UIES2 financial benefits, increasing the system’s total operating profit.




4.2.3. Case 3: The Impact of Multiple Uncertainties on P2P Trading


This research delved into the effects of uncertainty factors on electricity trading volumes between UIESs and overall operational profits, placing particular emphasis on the robustness factor and the maximum deviation coefficient related to PV generation output and the trading price with the distribution network operator. Analysis of the data presented in Figure 7a,b reveals that when the maximum deviation coefficient is raised from 0.1 to 0.5 and the robustness factor is elevated from 1 to 12, there is a substantial 649.2% surge in P2P electricity trading volumes, concurrent with a consistent 8.39% enhancement in total operational profits.



With a constant maximum deviation factor, the P2P electricity trading volumes and the aggregate operating profits across UIESs exhibit a steady, albeit decelerating, rise as the robustness factor increments. Conversely, for a set robustness factor, augmenting the maximum deviation coefficient can moderately elevate P2P electricity trading volumes and total operating profits, with the extent of this increase being relatively stable. These observations indicate that smaller robustness factors and maximum deviation coefficients, especially when PV generation is elevated and UIESs engage in trades with the distribution grid at lower prices, result in a narrower gap between the uncertainty parameter and its forecasted value. Nevertheless, since PV generation does not entirely meet system demand, UIESs tend to prioritize procuring the necessary electricity from the distribution grid over P2P energy trading to bolster system profits. As the robustness factor and maximum deviation coefficient escalate, PV generation diminishes, and the transaction price with the distribution grid increases. In such scenarios, to fulfill unmet demand and enhance system profit, UIESs ramp up the P2P energy trading volume. Furthermore, the impact of increasing the robustness factor and maximum deviation coefficient on trading volume and profit suggests that a larger divergence of the uncertainty parameter from its predicted value correlates with a higher likelihood of energy trading among UIESs, thereby improving the system’s economic performance.






5. Conclusions


This study proposes a two-stage robust optimization approach for P2P electricity trading, addressing uncertainties in the trading prices of PV outputs and interactions between UIESs and the distribution grid. Initially, a two-stage optimization model was formulated for P2P electricity trading, encompassing three key subsystems: photovoltaic–green roofs, hydrogen storage, and cold and heat energy cascade utilization. To address the nonconvex model with binary variables in the second-stage problem, the NC&CG algorithm was employed to ascertain the volumes of P2P energy trading and the energy scheduling for each UIES. Ultimately, the efficacy of the proposed optimization model and solution approach was confirmed through case studies.



Case study analyses reveal the following insights: (1) The robust optimization model, which integrates PV–green roofs, hydrogen storage, and cold and heat energy cascade utilization, significantly enhances the economic viability, energy efficiency, and environmental sustainability of UIESs under uncertain conditions. (2) By optimizing P2P electricity trading, this model ensures efficient energy allocation, yielding a total profit that is 1.5% greater compared to scenarios without P2P energy trading. (3) Increasing the maximum deviation coefficient from 0.1 to 0.5 and the robustness factor from 1 to 12 results in a substantial 649.2% rise in P2P electricity trading volumes and an 8.39% steady increase in total operating profits. This provides system operators with strategic insights to maximize profitability.



Future research can delve into energy pricing mechanisms, investment cost assessments, and demand load uncertainty management within the P2P energy trading model. These directions will enhance the system model’s utility and expandability, providing more comprehensive and in-depth decision support for UIES planning and management. Through these studies, we aim to make significant contributions to the development of smarter, more efficient, and sustainable UIESs.
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Figure 1. Market framework for P2P electricity energy trading. 
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Figure 2. Flowchart of the NC&CG algorithm. 
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Figure 3. Upper and lower bounds for outer and inner iteration: (a) upper and lower bounds for outer iteration; (b) upper and lower bounds for inner iteration. 
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Figure 4. Energy flow map for UIESs. 
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Figure 5. Flow diagrams for individual equipment units: (a) UIES1 energy transmission volumes by moment; (b) UIES2 energy transmission volumes by moment; (c) UIES3 energy transmission volumes by moment; (d) Total energy transmission volumes of three UIESs. 
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Figure 6. Comparison of UIES2 energy output in P2P and non-P2P transactions. 
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Figure 7. Comparison of profits and trading volumes under different robust factors and maximum deviation factors: (a) comparison of profits under different robust factors and maximum deviation factors; (b) comparison of trading volumes under different robust factors and maximum deviation factors. 
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Table 1. Equipment parameters.
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	Parameters
	Value





	Calorific value of natural gas (kWh/m3)
	9.87



	Capacity of the LNG storage tank (m3)
	527



	Upper and lower limits of the SOC of the LNG storage tank (%)
	90, 10



	Upper limit of the gasification power of the LNG receiving station (kW)
	8000



	Volume/mass ratio of natural gas (m3/kg)
	1.39



	Efficiency coefficient of LNG cold energy recovery
	0.26



	Proportion of high-taste cold energy used for low-temperature carbon capture (%)
	5



	Efficiency of cold power
	0.6



	Proportion of medium-grade cold energy utilized for cold power (%)
	45



	Proportion of low-grade cold energy used for direct cooling (%)
	50



	Gas turbine generating efficiency
	0.3



	Low- and medium-grade heat recovery efficiency of the waste heat boiler
	0.3, 0.6



	Upper and lower limits of the gas turbine generating power (kW)
	3000, 0



	Upper limit of the low- and medium-grade heat recovery from the

waste heat boiler (kW)
	6000



	Heating power of the gas boiler
	0.93



	Upper limit of the heat production power of the gas boiler (kW)
	6000



	Absorption refrigerator refrigeration energy efficiency ratio
	0.9



	Upper limit of the absorption refrigerator heat consumption power (kW)
	5000



	Hydrogen production efficiency of electrolyzer
	0.65



	Upper limit of the power consumption power of electrolyzer (kW)
	4000



	Efficiency of fuel cell
	0.55



	Upper limit of power generation of fuel cell (kW)
	2000



	Hydrogen charging and discharging efficiency of hydrogen storage tank
	0.9



	Upper and lower limits of the SOC of the hydrogen storage tank (kW)
	0.9, 0.1



	Upper limit of the charging and discharging capacity of hydrogen

storage tank (kW)
	3000










 





Table 2. P2P electricity energy trading volumes of UIESs.
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	UIES
	UIES1
	UIES2
	UIES3





	UIES1
	—
	0
	0



	UIES2
	0
	—
	−2400 kWh



	UIES3
	0
	2400 kWh
	—
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