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Abstract

:

This study presents an innovative home energy management system (HEMS) that incorporates PV, WTs, and hybrid backup storage systems, including a hydrogen storage system (HSS), a battery energy storage system (BESS), and electric vehicles (EVs) with vehicle-to-home (V2H) technology. The research, conducted in Liaoning Province, China, evaluates the performance of the HEMS under various demand response (DR) scenarios, aiming to enhance resilience, efficiency, and energy independence in green buildings. Four DR scenarios were analyzed: No DR, 20% DR, 30% DR, and 40% DR. The findings indicate that implementing DR programs significantly reduces peak load and operating costs. The 40% DR scenario achieved the lowest cumulative operating cost of $749.09, reflecting a 2.34% reduction compared with the $767.07 cost in the No DR scenario. The integration of backup systems, particularly batteries and fuel cells (FCs), effectively managed energy supply, ensuring continuous power availability. The system maintained a low loss of power supply probability (LPSP), indicating high reliability. Advanced optimization techniques, particularly the reptile search algorithm (RSA), are crucial in enhancing system performance and efficiency. These results underscore the potential of hybrid backup storage systems with V2H technology to enhance energy independence and sustainability in residential energy management.
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1. Introduction


1.1. Background and Motivations


The global energy landscape is at a critical juncture, facing the dual challenges of finite fossil fuel reserves and escalating environmental impacts [1,2]. Traditional energy sources like coal, oil, and natural gas, while essential for meeting current global energy demands, exact a heavy toll on the environment through greenhouse gas emissions [3]. These emissions contribute significantly to global warming and climate change [4]. The consequences are profound and far-reaching, from sea-level rise and melting polar ice caps to an increase in the frequency and intensity of weather events like hurricanes, droughts, and heatwaves [5]. The urgency to transition towards sustainable energy solutions has never been clearer. Compounding these challenges are energy shortages and vulnerabilities in our existing energy infrastructure. Many regions are heavily reliant on imported fossil fuels, exposing them to economic volatility and geopolitical tensions.



Convention power grids and transmission systems further exacerbate risks of supply disruptions and grid instability, underscoring the need for resilient and decentralized energy strategies [6]. In response to these imperatives, HEMS have emerged as a promising solution [7]. HEMS leverage cutting-edge technologies to track and improve energy usage [8,9,10]. By integrating data on electricity prices, demand patterns, weather forecasts, and renewable energy availability, these systems empower homeowners to make informed choices that minimize energy waste and decrease utility expenses. Through sophisticated algorithms and smart controls, HEMS adjust appliance usage, heating, and lighting to align with optimal energy efficiency practices [11].



Moreover, HEMS play a pivotal role in facilitating the integration of RESs such as PV and small-scale WTs into the residential energy mix. This decentralized approach not only reduces reliance on centralized fossil fuel-based power generation but also enhances local energy resilience and sustainability [12,13,14,15]. By generating clean energy at the point of consumption, households equipped with HEMS contribute to broader efforts to mitigate greenhouse gas emissions and combat climate change. Beyond their technical capabilities, HEMS empowers consumers by providing an actionable understanding of their energy use trends and practices. Furthermore, these systems enable participation in DR programs, where electricity consumption can be adaptively modified based on grid conditions [16]. This capability supports grid stability during peak demand periods and enhances overall system reliability as RESs become more prevalent.



The integration of RESs into residential energy systems has been extensively studied, with numerous research efforts highlighting the benefits and challenges associated with PV and WTs [17,18,19]. Studies consistently show that RESs can significantly decrease dependence on fossil fuels and reduce greenhouse gas emissions. However, the inherent intermittency of solar and wind energy necessitates the inclusion of backup systems to ensure a stable energy supply [20,21,22,23]. Various studies have explored the use of batteries and FCs as effective backup sources. However, there is limited research on the comprehensive integration of these elements, namely PV, wind, batteries, FCs, EVs, and TOU-based DR programs, into a cohesive energy management system for residential applications.




1.2. Related Works


The evolution and optimization of HEMS have seen substantial progress over the past few decades. The foundation for the modern smart grid was laid by the electrical power research institute (EPRI) in 1998, which researched a sophisticated interactive system designed to create a highly reliable and fully automated grid in the United States, laying the foundation for the U.S. smart grid [24].



Several studies have explored various approaches to optimize HEMS. In [25], a study integrated a smart thermostat with a HEMS using MILP for day-ahead load scheduling to reduce costs and enhance DR and PV self-consumption. The fuzzy logic-based thermostat managed air-conditioning efficiently. A simulation showed a 53.2% cost reduction under the TOU rates of Turkey and a 24% AC cost reduction compared with conventional thermostats. An energy management system using reinforcement learning (RL) and fuzzy reasoning (FR) was proposed [26]. It optimally scheduled appliances, considering user preferences, and showed significant cost reductions and consumption smoothing. The system employed Q-learning for optimal decision-making, shifting appliance usage to off-peak hours. A MATLAB/Simulink interface demonstrated the DR scheme with smart appliances and energy sources.



A HEMS using deep Q-learning (DQN) and double deep Q-learning (DDQN) for scheduling home energy appliances was proposed [27]. These model-free algorithms help customers reduce electricity consumption in a dynamic environment. Tests show that DDQN is more effective than DQN for cost minimization. Detailed analysis and comparisons with particle swarm optimization (PSO) validated the performance. Effectiveness was confirmed using a real-world database combined with a household energy storage model. In [28], their study explored DR in household appliance usage by analyzing factors affecting electricity usage behavior. It utilized K-means clustering to categorize households and estimate daily electricity consumption patterns, crucial for effective DR strategies in Greater Accra, Ghana. The study ensured clustering quality using the Silhouette Score and principal component analysis, integrating qualitative and quantitative data. Consumer behavior surveys further refined insights into appliance usage trends.



Research has also focused on addressing the mismatch between energy supply and demand through flexible load management, achieving notable reductions in electricity costs and improvements in renewable energy utilization [29]. The study utilized a genetic algorithm to minimize electricity costs and improve renewable energy use, showing a 22.5% cost reduction and a 16.5% increase in renewable energy utilization. In [30], the integration of attention networks into HEMS was explored to enhance energy consumption optimization. By using the AMpds2 dataset and evaluating time series forecasting models, the study found that transformers improved forecasting accuracy by 4%. The implementation used Python 3.2 and the matplotlib library for visualizing results. In [31], the day-ahead operation of a smart residential distribution electrical grid was demonstrated using a two-stage multiple-criteria decision-making model. The study optimized energy consumption costs, power losses, and demand-side comfort by employing load shifting and interruption strategies. Improved sunflower optimization (IFSO) and TOPSIS were utilized, demonstrating effectiveness on a 33-bus distribution network.



Studies on shared energy storage and enhanced DR have addressed issues related to the low utilization of energy storage caused by uncertainties in energy sources and load demands, demonstrating improved energy storage utilization and operational economy [32]. By expressing source-load uncertainty with interval numbers and analyzing DR mechanisms, the model optimized source–grid–load–storage interactions. Sensitivity analysis on the linearized objective function under dual-side uncertainty improved result accuracy. Simulation comparisons revealed that this method effectively handled uncertainties, enhancing energy storage utilization and operational economy compared with traditional centralized storage systems. In [33], the study optimized hybrid RESs with PV and backup storage, comparing PV/battery systems with off-grid PV/hydrogen configurations for remote locations. Using PSO in MATLAB, the research showed PV/battery systems were more economical with decreasing reliability and increasing interest rates. The PV/battery setup required 44.8% less solar panel capacity than PV/hydrogen.



In [34], a comprehensive framework for optimizing urban energy systems with renewable sources was introduced. Applied to a small neighborhood in Beijing, this framework combined rooftop PV and waste biomass potential assessment, multi-perspective optimization, and an analysis of energy policy impacts. The study revealed that fully utilizing biomass and PV could meet 73% of local electricity demand at a cost of 0.1030 $/kWh and 0.5416 kg/kWh in carbon emissions. EVs are increasingly vital for sustaining energy balance. Properly managing the energy of these vehicles as well as that of charging stations is essential [35,36]. In [37], a new approach for designing and optimizing a PV/Wind Hybrid RESs for an EV charging station and a university shopping complex in India was introduced. It proposed a two-stage framework that considered uncertainties in renewable energy generation and utilized the Ebola optimization search algorithm (ESOA). The first stage involved modeling the hybrid system components to minimize levelized power supply price, while the second stage used ESOA for optimization. The results showed a 15% reduction in levelized power supply price and a 10% improvement in system reliability, offering insights into optimal distributed generation sizing in SWHS.



In [38], a distributed cooperative operation strategy was proposed for multi-agent energy systems integrating wind, solar, and buildings, utilizing chance-constrained programming (CCP). The system was modeled with detailed electric and thermal characteristics to enhance flexibility. A Nash bargaining model was used to maximize profits, addressing coalition income and power payment, with the adaptive alternating direction method of multipliers ensuring agent privacy. The CCP method managed uncertainties from wind, solar generation, and outdoor temperatures. Simulations validated that the strategy preserves privacy and boosts profitability for both the system and individual agents. In [39], a stochastic bi-level optimal allocation strategy was introduced to reduce energy storage costs for urban development, integrating BESS with intelligent buildings (IBs). Detailed thermal dynamic models were created for IBs with air conditioning systems and the BESS station. A bi-level model addressed electricity price uncertainties: the upper-level reduces BESS station planning costs, while the lower-level minimizes IB operating costs. This nonlinear model was simplified to a single-level mixed-integer linear programming problem using Karush–Kuhn–Tucker (KKT) conditions. The results showed it met temperature comfort needs and benefited both BESS stations and IBs.




1.3. Paper Contributions


Despite significant advancements in HEMS and the integration of RESs, there remain several critical gaps in the literature regarding the use of backup systems, V2H technology, and DR strategies. Specifically, the comprehensive integration and optimization of these elements within a unified HEMS framework for residential applications are not fully addressed. A comparative review of recent HEMSs, evaluating their objectives and contributions is presented in Table 1. While batteries have been extensively studied as a backup source to manage the intermittency of RESs, there is a limited understanding of the integrated use of multiple backup systems within a single HEMS. This includes the combined utilization of batteries, FCs, and EVs in a cohesive system that ensures continuous energy supply and enhances overall system reliability. The potential of EVs to serve as mobile energy storage units and their role in providing backup power through V2H technology is underexplored. While most studies concentrate on V2G capabilities, the specific advantages and challenges of V2H, where EVs provide power directly to homes during outages or peak demand periods, warrant further exploration. Understanding the integration of V2H with other backup systems and renewable sources can significantly improve energy resilience and flexibility in residential settings.



Although Time-of-Use (TOU) pricing and other DR strategies have been widely studied for their effectiveness in shifting energy consumption to off-peak periods, their interaction with backup systems and V2H technology in a unified HEMS framework remains largely unexplored. Integrating DR programs with backup systems and V2H can optimize energy usage, reduce costs, and enhance grid stability, but practical implementation and optimization methods need more comprehensive research. Advanced optimization algorithms have shown promise in managing specific aspects of HEMS. However, the combined application of these algorithms to simultaneously manage RESs, backup systems, V2H technology, and DR programs in real-time is not well documented.



Developing robust control strategies that can dynamically adjust to varying energy demands and supply conditions is crucial to enhance the efficiency and reliability of HEMS. There is a lack of comprehensive case studies that demonstrate the practical benefits and challenges of integrating backup systems, V2H technology, and DR programs in diverse real-world scenarios. Detailed case studies, particularly in different geographical and climatic conditions, are necessary to validate theoretical models and simulations, providing practical insights into the feasibility and effectiveness of these integrated systems. This paper addresses several critical gaps in the field of residential energy management and renewable energy integration, specifically focusing on the integration of backup systems, V2H technology, and DR strategies. The contributions are outlined as follows:




	1-

	
A novel hybrid energy system is presented, combining PV and wind as primary sources with FCs, batteries, and EVs as backup sources. This system is designed to optimize energy reliability, flexibility, and resilience, ensuring a continuous energy supply even under variable conditions.




	2-

	
A fast and computationally efficient optimization model is developed for HEMS applications, facilitating swift decision-making processes and enhancing overall system performance. The application of the RSA optimizer for multi-objective optimization is thoroughly examined, effectively balancing multiple objectives such as cost minimization, energy efficiency, and emissions reduction. By leveraging the RSA optimizer, the energy management system operates at optimal performance levels across various scenarios, providing a holistic and efficient solution to energy management challenges.




	3-

	
The implementation of TOU-based DR programs within the hybrid energy system is detailed. By leveraging real-time price signals, the system effectively manages energy consumption, reduces costs, and enhances grid stability.




	4-

	
A comprehensive case study of a home in Liaoning Province, China, is provided. This case study illustrates the practical application and benefits of the proposed energy management system, including detailed data on energy consumption patterns, cost savings, and system performance under various operational scenarios.




	5-

	
The scalability and replicability of the proposed system in different geographical and climatic conditions are discussed. By addressing potential challenges and providing solutions, this paper offers a framework for the wider adoption of hybrid energy systems in residential settings.




	6-

	
This study explores optimal scheduling strategies for the daily plugging of home appliances and EVs, aiming to maximize energy usage efficiency and benefits from the integrated energy system.




	7-

	
The potential benefits of installing hybrid backup energy systems are investigated, including a thorough cost–benefit analysis for different electricity tariffs. This analysis, focused on dedicated end-users in China, highlights significant cost reduction opportunities and underscores the economic viability of the proposed system.











2. Proposed HEMS Framework


In recent years, the need for efficient energy management in residential settings has gained significance due to rising energy costs, the environmental effects of fossil fuels, and the growing demand for sustainable living solutions. HEMSs are crucial in optimizing energy consumption by integrating various energy sources and storage systems. These systems are designed to not only enhance energy efficiency but also support the use of RESs, which is crucial for decreasing carbon footprints and combating climate change. By intelligently managing the energy flow and storage, HEMSs contribute significantly to the stability and reliability of the overall power grid, thereby ensuring a consistent and sustainable energy supply for households. The development and implementation of HEMSs are vital steps toward achieving energy sustainability, as they enable homeowners to utilize RESs more effectively, reduce energy costs, and contribute to environmental conservation efforts.



The proposed HEMS framework utilizes PV systems and WTs as the primary energy sources. In addition to these main sources, three backup energy sources are incorporated: hydrogen storage systems, batteries, and EV batteries (EVBs). These backup sources ensure a reliable energy supply even when the primary sources are insufficient. The central control unit plays a vital role in overseeing energy flow within the HEMS. It applies advanced optimization algorithms to manage the distribution and consumption of energy effectively. Effective energy management within HEMS relies on various strategies, including DR programs and TOU pricing. DR programs are designed to motivate consumers to cut back or adjust their energy usage during peak demand periods, thereby enhancing grid stability and reducing energy costs. TOU pricing encourages consumers to move their energy usage to off-peak periods, further optimizing energy consumption patterns. Optimization techniques, such as multi-objective optimization using the RSA optimizer, are employed to balance energy supply and demand, achieving cost savings and efficiency. RSA has been selected because of its high performance compared with many new optimizers.



A key component of the proposed HEMS is its data acquisition and monitoring system. These data are crucial for the optimization and decision-making processes, ensuring that the HEMS can respond dynamically to changing conditions and maintain optimal performance. The AI-based HEMS design is shown in Figure 1. The AI-based HEMS presented in the figure serves as the central component responsible for optimizing energy usage and flow within a modern home. The HEMS integrates various energy sources, storage solutions, and home appliances, ensuring the efficient management of electricity generation, storage, and consumption. This system is designed to adapt dynamically to changing conditions, leveraging real-time data for decision-making and optimization processes.



This system acts as the central control unit for a home that primarily relies on PV panels and WTs for its power. To ensure a continuous energy supply, even when these renewable sources are not generating sufficient power, the home is supported by three key backup solutions, namely the HSS, the BESS, and V2H technology. The PV panels and WTs capture energy from the sun and wind, directing it into the home’s energy system. The HEMS intelligently manages this energy, ensuring that it is used effectively to meet the household’s needs. Recognizing the intermittent nature of renewable energy, the system is equipped with advanced backup solutions, namely the HSS, which stores energy in the form of hydrogen that can be converted back into electricity during periods of low renewable generation. The BESS stores excess electricity, providing power during peak demand or when electricity prices are high. The V2H system adds an additional layer of flexibility by allowing electric vehicles to not only charge but also supply power back to the home when necessary, ensuring a reliable power supply even during outages or times of low energy production.



A significant aspect of this HEMS is its ability to acquire and monitor data in real-time. The system continuously collects and processes information about the home’s energy demand, the power generated by the PV panels and wind turbines, and the current electricity price based on TOU pricing. TOU pricing is crucial for the system’s operation, enabling the HEMS to make smart decisions about when to use stored energy, when to rely on real-time generated power, and when to shift the operation of specific appliances to times when electricity is more affordable. This integration with DR strategies ensures that energy costs are minimized while maximizing the use of renewable energy.



The HEMS demonstrates its versatility by managing different types of household appliances, which are categorized as shiftable, elastic, and fixed. Shiftable appliances, namely dishwashers and clothes dryers, are scheduled to operate during off-peak hours or when energy is plentiful, reducing strain on the grid and lowering costs. Elastic appliances, including air conditioners and water heaters, have their energy consumption adjusted by the HEMS to align with the availability of renewable energy and price signals. Fixed appliances, namely lighting and TVs, are monitored to ensure they operate efficiently within the overall energy management strategy.



Figure 2 provides a detailed diagram that outlines the methodology of the proposed integrated smart HEMS. AI techniques are integrated into the HEMS to optimize energy management strategies dynamically. Additionally, AI-based anomaly detection improves system reliability by identifying and addressing potential issues before they escalate. A practical application of the HEMS framework can be seen in a case study of a home in Liaoning Province, China.



The framework is structured into three main sections: system configuration, methodology, and findings evaluation, each providing a clear view of the system’s components, operational strategy, and outcomes. The system configuration section illustrates the core components of the home energy system. The home primarily relies on main RESs, namely WTs and PV panels, which generate electricity based on weather conditions and the availability of wind and sunlight. These renewable sources are essential for powering residential loads, contributing to a sustainable and energy-efficient household. To ensure continuous energy supply, even when the RES are insufficient, the system is supported by a backup system that includes batteries, V2H technology, and FCs. The V2H integration allows electric vehicles not only to charge from the grid but also to supply power back to the home when needed, providing additional flexibility and resilience.



The methodology section is divided into two stages: the optimization of individual renewable energy sources and the development of an adaptive AI-based smart HEMS. In the first stage, the system focuses on modeling renewable energy sources, assessing energy demand effectively, conducting resource assessments, selecting appropriate technologies, and gathering weather data. This stage is crucial for understanding the potential of renewable resources at the specific location of the home and ensuring that energy generation is optimized to meet the household’s needs. The second stage involves the implementation of an adaptive AI-based HEMS that incorporates user preferences, assesses operating costs, determines decision variables, conducts sensitivity analysis, and selects optimal technologies. This adaptive approach ensures that the HEMS can dynamically respond to changing conditions, maintaining optimal performance and cost efficiency.



The findings evaluation section focuses on the outcomes of implementing the AI-powered Smart HEMS and is divided into three assessments: technical, economic, and environmental. The technical evaluation includes an energy analysis that compares the energy generation from renewable sources with the household’s energy consumption. This analysis helps to identify periods of surplus and deficit energy, ensuring that the backup systems are effectively utilized to balance energy supply and demand. The economic assessment involves a financial analysis that evaluates the operating costs across various scenarios, such as high renewable energy availability versus low availability. This analysis helps to determine the most cost-effective energy management strategies. The environmental assessment includes an ecological analysis that measures the reduction in greenhouse gas emissions achieved by prioritizing renewable energy sources and the improvement in the renewable fraction, which indicates the proportion of total energy consumption met by renewable sources.




3. Modeling of Backup Systems


Incorporating backup systems into a HEMS is vital for ensuring a dependable and uninterrupted power supply. This study focuses on three primary backup systems: the HSS, BESS, and the EV. These systems support the main RESs, such as PV and WTs, by providing additional power during periods of low generation or high demand. The HSS stores surplus energy as hydrogen, which can later be transformed back into electricity, offering a long-term storage solution. The BESS provides immediate power balancing, crucial for addressing short-term fluctuations in energy supply and demand. The EV functions as both a mode of transportation and a mobile energy storage unit, charging during times of surplus energy and discharging during peak demand. Integrating these backup systems enhances the effectiveness and dependability of the HEMS, ensuring energy security and optimizing the use of RESs. This section details each backup system, covering their components, operational characteristics, and integration strategies within the HEMS.



3.1. Hydrogen Storage System


The HSS is a pivotal element in enhancing the reliability and adaptability of a HEMS. This system encompasses three main components: an electrolyzer, a hydrogen tank, and an FC. Each component has a distinct role in the process of converting excess renewable power into hydrogen, storing it safely, and reconverting it into electricity when required. By integrating an HSS, homeowners can effectively manage energy generated from intermittent RESs such as PV and WTs.



3.1.1. Electrolyzer


The electrolyzer is the cornerstone of the hydrogen storage system. It utilizes excess electricity from RESs to separate water into hydrogen and oxygen through electrolysis. This process ensures that any excess energy, which would otherwise be wasted, is converted into a storable form. The efficiency of the electrolyzer significantly impacts the overall performance of the HSS. Different electrolyzer types, such as alkaline, proton exchange membrane, and solid oxide, offer varying levels of efficiency, cost, and scalability. The choice of electrolyzer depends on several factors, including the specific requirements of the energy system, economic considerations, and the intended scale of hydrogen production. The ability of the electrolyzer to convert surplus renewable energy into hydrogen enhances the sustainability and efficiency of the HEMS by ensuring that no generated energy is wasted. Through this process, water is broken down into oxygen (O2) and hydrogen (H2), as illustrated below:


   E l e c t r i c i t y   +   H   2   O =   H   2   +    1   2      O   2     



(1)







The amount of     H   2     generated by the electrolyzer and sent to the tank can be calculated through the following formula [50,51]:


     m     H   2   . E L     ( Δ t )   =            P   E L     t   × Δ t ×   η   e l e       α   e l e                              i f     P   E L     t   > 0       0                                                   i f     P   E L     t   = 0         



(2)







The given equation describes the hydrogen production rate of an electrolyzer, which depends on the power supplied to it and the efficiency of the conversion process. When power is supplied (    P   E L     t   > 0  ), the electrolyzer produces hydrogen, with the amount generated over a time interval Δt calculated based on the power input and the electrolyzer’s efficiency (    η   e l e    ). If no power is supplied (    P   E L     t   = 0  ), the hydrogen production is zero. This equation ensures that hydrogen production only occurs when the electrolyzer is active, effectively linking energy input to hydrogen output, which is critical for optimizing the use of electrolyzers in energy systems, especially when integrated with renewable energy sources.




3.1.2. Hydrogen Storage Tank


Once     H   2     is generated, it must be stored safely and efficiently. The     H   2     tank is designed to store hydrogen gas at high pressure, ensuring it is readily available for use when needed. The storage capacity of the tank is a critical parameter as it calculates the amount of energy that can be stored for later use. Advanced storage technologies, including composite materials and cryogenic methods, are employed to maximize storage efficiency and ensure safety. Proper storage management is crucial to maintaining the integrity of the hydrogen and preventing leaks or other safety hazards. By storing energy in the form of hydrogen, the HSS provides a long-term energy storage solution that can balance seasonal variations in renewable energy production, thus guaranteeing a consistent energy supply even when renewable generation is low. It is kept under high pressure, and the tank’s capacity can be calculated through the following formula [51]:


    V     H   2     =      m     H   2   . E L   ×   M   H T       P     H   2     ×   ρ     H   2         



(3)




when the PV and WTs produce more power than what is required by the load at time t, the electrolyzer will store hydrogen in the tanks. The quantity of hydrogen stored in the tank can be determined with the following formula [52]:


    E   s t o r     t   =   E   s t o r     t − 1   +     E   g e n     t   −      E   L o a d     t       η   i n v        ×   η   e l e    



(4)







The equation for the hydrogen storage tank describes how the amount of hydrogen stored at any time t is calculated based on the energy dynamics within the system. Specifically, the stored energy (    E   s t o r     t    ) is determined by adding the energy stored at the previous time step t − 1 to the net surplus energy generated at time t. This surplus energy is the difference between the energy generated by renewable sources (    E   g e n     t    ) and the energy consumed by the load (    E   L o a d     t    ), adjusted for the efficiency of the inverter (    η   i n v    ). The resulting net energy is then multiplied by the electrolyzer’s efficiency (    η   e l e    ), which dictates how effectively this energy is converted into storable hydrogen. This equation is essential for managing the conversion of excess renewable energy into hydrogen, allowing for effective energy storage that can be used during periods of lower generation or higher demand.



Conversely, when there is insufficient power obtained from RESs, the stored hydrogen is converted into electricity using FCs. In this situation, the quantity of hydrogen in the tank can be calculated using the following formula:


    E   s t o r     t   =   E   s t o r     t − 1   −          E   L o a d     t       η   i n v     −   E   g e n     t         η   F C s   ×   η   i n v       



(5)







The equation describes the process of utilizing stored hydrogen to generate electricity when RESs are insufficient to meet the load demand. Specifically, it calculates the remaining energy in the hydrogen storage tank at time t by subtracting the amount of hydrogen used to cover the energy shortfall. This shortfall is determined by the difference between the load demand and the energy generated by RESs, adjusted for the efficiency of the inverter and the fuel cells. The equation ensures that the stored hydrogen is only depleted by the necessary amount to make up for the energy deficit, effectively balancing the system’s energy needs when renewable generation is low. This approach helps maintain a reliable power supply while optimizing the use of stored hydrogen as a backup energy source.




3.1.3. Fuel Cells


The FC is responsible for converting stored hydrogen back into electricity when there is a demand for power. This conversion is essential during periods of low RES generation or when energy demand peaks. The efficiency of FCs is crucial in determining how effectively the stored hydrogen can be converted back into usable energy. Various types of FCs, such as PEM, solid oxide FCs (SOFC), and molten carbonate FCs (MCFC), offer different characteristics and suitability for specific applications. Choosing the right fuel cell technology is essential for optimizing the performance of the HSS and ensuring its smooth integration with the HEMS. FCs not only deliver a dependable source of electricity but also help in reducing greenhouse gas emissions, thereby supporting sustainable energy practices. It produces electricity via chemical reactions through providing     O   2     to the anode and     H   2     to the cathode. The output voltage of the fuel cells can be calculated using the following equation [53,54]:


    V   F C   = V −   V   a c t   −   V   c o n     − V   o h m    



(6)






  V = 1.229 − 0.85 ×   10   − 3       T   k   − 298.15   +    R × T   2 F      ln  ⁡      P     H   2     ×     P     O   2          1   2           



(7)







The activation and concentration losses can be determined using the following equations:


    V   a c t   =    R T   α   n   e   F    l n ⁡ (      I   F C       j   0   × S    )  



(8)






    V   c o n   =    R T     n   e   F    l n ⁡ ( 1 −      I   F C       i   1      )  



(9)







Ohmic losses are mainly influenced by the membrane resistance (    R   m    ), which can be computed using the following formula:


    V   o h m   =   R   m   ×   I   F C    



(10)







To calculate the current produced by the FCs, the following equation can be utilized:


    I   F C   =   n   e x   × F ×   U   F   ×     m  ˙    c o m b    



(11)







The energy generated by the FCs can be determined using the following equation:


     P   F C     =   V   F C   ×   I   F C     



(12)






    η   F C   =      V   F C   ×   I   F C       Q   L H V   ×   U   F   ×     m  ˙    c o m b       



(13)







The cost of operating and maintaining the FCs can be determined using the following equation:


    O M   F C   =   ϕ   F C   ×   S   F C   ×   ∑  j = 1   N               1 + μ   1 +   i   r          j                    



(14)







The integration of these components within the HSS is managed through sophisticated control systems that optimize the production, storage, and utilization of hydrogen. Real-time monitoring and management ensure that the electrolyzer operates when there is excess renewable energy, the hydrogen storage tank maintains optimal pressure levels, and the FC provides electricity as required. This coordinated operation maximizes the efficiency and reliability of the HSS, making it a vital backup system for the HEMS.





3.2. Battery Storage System


The BESS is crucial for providing immediate power supply and balancing energy demand within the HEMS. By accumulating energy in batteries when there is an excess and discharging it during shortages, the BESS ensures a stable power output. This system is defined by its high efficiency, quick response time, and the ability to deliver power instantly. The BESS helps mitigate fluctuations in energy supply from renewable sources, contributing to a stable and reliable energy system. Additionally, the SOC of the batteries is continuously monitored and managed to maximize their lifespan and performance. The BESS offers a versatile solution that enhances the overall reliability and efficiency of the HEMS by providing both short-term and long-term energy storage. The SOC of the battery while charging can be determined using the following formula, which represents the energy stored at time t during the charging cycle [55,56].


     C   b a t t     t     =   C   b a t t     t − 1   ×   1 − σ   +     P   P V     t   +   P   W     t   +   P   F C     t   −      P   L     t       η   i n v          η   b a t     



(15)







The SOC of the battery during the charging process is calculated using a formula that accounts for the energy stored at the previous time step, the self-discharge rate, and the net energy available from RESs and FCs after meeting the load demand. Specifically, the SOC at time t is determined by adding the energy contributions from PV, WTs, and FCs, while subtracting the load demand adjusted for inverter efficiency, and then applying the battery’s charging efficiency. This equation ensures an accurate representation of the battery’s energy storage level, reflecting both the energy inputs and losses, and is crucial for managing the battery’s performance and optimizing energy storage in a renewable energy system. The energy stored in the battery during discharge mode can be determined using this equation:


     C   b a t t     t     =   C   b a t t     t − 1   ×   1 − σ   −        P   L     t       η   i n v      −   ( P   P V     t   +   P   W     t   +   P   F C     t   )     



(16)







The equation calculates the SOC of a battery during discharge mode by considering both the energy used to meet the load demand and the contributions from RESs such as PV, WTs, and FCs. The SOC at the current time t is derived by first accounting for natural self-discharge, then subtracting the net energy drawn from the battery after renewable generation has been applied. This equation ensures that the battery’s energy depletion is accurately tracked, reflecting the actual power requirements and the support provided by other energy sources, thereby optimizing the battery’s role in maintaining the system’s energy balance. The energy storage in the battery is governed by the following constraints:


    C   b a t t − m i n   ≤   C   b a t t     t   ≤   C   b a t t − m a x    



(17)






     C   b a t t − m i n     = DOD   ×     C   b a t t − n o m     



(18)







The battery SOC constraints ensure that the battery operates within safe and efficient limits, maintaining the SOC between a defined minimum and maximum level. The minimum SOC (    C   b a t t − m i n    ), is calculated based on the DOD and the nominal capacity of the battery (    C   b a t t − n o m    ), indicating the lowest level to which the battery can be safely discharged. The maximum SOC (    C   b a t t − m a x    ), prevents overcharging, which could damage the battery. These constraints are essential for preserving battery health, optimizing performance, and extending the battery’s lifespan by preventing harmful conditions such as deep discharging or overcharging.




3.3. Electric Vehicle


EVs offer a dual function in the HEMS: they serve as both a mode of transportation and a mobile energy storage unit. The EVs can be recharged during times of surplus energy generation and can supply power back to the HEMS during peak demand or power outages. This bidirectional energy flow enhances the system’s flexibility and resilience. Integrating EVs into the HEMS allows homeowners to enhance their energy efficiency and decrease dependence on the power grid. Key factors in integrating EVs include battery capacity, charging and discharging rates, and availability schedules. This approach promotes renewable energy use and supports sustainable and efficient energy practices. The SOC of the EVB during charging is defined through the following formula:


    S O C   E V     t   =   S O C   E V     t − 1   +     P   g e n     t   −   P   L     t     ×   η   E V   c h   / (   C a p   b a t   )  



(19)







The SOC of the EVB during charging is determined by a formula that accounts for the balance between the power generated and the load demand at a given time, adjusted by the charging efficiency of the battery. Specifically, the SOC at the current time (t) is calculated by adding the net energy gained during charging to the SOC from the previous time step. This net energy is derived from the difference between the generated power and the load demand, multiplied by the charging efficiency, and then normalized by the battery’s total capacity. This equation effectively tracks how the battery’s energy level increases during charging, ensuring that the SOC is accurately reflected based on real-time power dynamics and the efficiency of the charging process.



The EVB acts as a power supply when there is an energy shortfall from RESs. The SOC of the EVB during discharging through the following formula:


    S O C   E V     t   =   S O C   E V     t − 1   −     P   L     t   −   P   g e n     t     / (   η   E V   d i s   ×   C a p   b a t   )  



(20)







The SOC of the EVB during discharging is calculated by considering the energy required to meet the load demand, adjusted by the power generated at that time. Specifically, the SOC at the current time t is determined by subtracting the net energy needed to satisfy the load from the SOC at the previous time step. This net energy is the difference between the load demand and the generated power, divided by the discharging efficiency and the battery’s total capacity. This equation effectively tracks the decrease in the battery’s energy during discharging, ensuring that the SOC accurately reflects the energy used to meet the system’s demands while accounting for the efficiency of the discharging process.





4. Operational Strategy


The operational strategy of the HEMS is designed to enhance the usage of RESs, manage backup systems efficiently, and ensure a continuous power supply to meet load demands. The process begins by assessing the load requirements of the residential building. This involves determining the total energy demand to guarantee the seamless operation of all electrical appliances and systems within the home. Following this, the power produced by the primary RESs, specifically PV and WTs, is computed. The total power generated is then compared against the load requirements. If the power produced by the PV and WTs surpasses the load demands, the system moves to verify the status of the backup sources. Conversely, if the power generated is less than the load requirements, the system proceeds to assess the power deficit and verify the constraints and availability of backup sources. In the next step, the system verifies the status of the backup sources, which include the BESS, HSS, and EVB. The parameters checked are the quantity of H2 in the tank and the SOC of the BESS and EVB. If there is excess energy, it is redirected to the backup sources based on their status. For instance, if the hydrogen tank is full and both the BESS and EVB reach their maximum SOC (SOCmax), the excess energy is sent to a dummy load.



In cases where a power deficit is identified, the system checks the availability and constraints of the backup sources. If the SOC of the EVB (SOCEV) is between 70% and 80%, the system proceeds to load shedding. Similarly, if the SOC of the BESS (SOCBatt) is between 20% and 80%, the system evaluates the operational cost. Additionally, if there is stored hydrogen available, the system also evaluates the operational cost. For backup sources that meet the criteria, the system performs an operational cost evaluation. This involves calculating the cost of activating the backup sources to meet the load requirements. The operational cost analysis is further refined using advanced optimization techniques, specifically the RSA. This step ensures that the most cost-effective and efficient backup source is selected. Based on the optimization analysis, the system activates the optimal backup source to meet the load shortage, ensuring that the power supply remains uninterrupted. Finally, the system checks if the load shortage has been met. If the shortage is resolved, the process stops. If not, the system may loop back to reassess the available options and continue the process. The operational strategy of the HEMS provides a comprehensive framework for managing energy generation and storage as detailed in the flowchart in Figure 3. By leveraging advanced optimization techniques and systematically evaluating the status of primary and backup sources, the system ensures efficient energy management and continuous power supply.




5. Proposed Optimization Problem


The operational strategy of the HEMS addresses a complex multi-objective optimization problem, which aims to balance several conflicting objectives, such as minimizing operating costs, LPSP, and surplus power wasted in a dummy load. This section details the formulation of the optimization problem and the application of advanced optimization techniques to achieve optimal performance.



5.1. Objective Functions


The primary objective functions of the proposed multi-objective optimization problem are as follows. First, the minimization of operating costs aims to reduce the total expenses associated with energy consumption and the operation of backup storage systems. The cost function considers the expenses related to purchasing electricity from the grid, maintaining renewable energy systems, and running backup sources such as batteries and FCs. Second, the minimization of the LPSP focuses on ensuring a consistent and dependable power supply to fulfill the load requirements, thus minimizing the probability of power shortages. Third, the minimization of surplus power wasted in a dummy load seeks to optimize the use of generated power by reducing the amount of excess energy that cannot be stored or used effectively, thereby minimizing waste. The multi-objective problem is represented by these equations:


  M i n i m i z e   f   x   =         f   1     x           f   2     x         .       .       .         f   n     x         ,   s u b j e c t e d   t o      G   x   ≤ 0   H   x   = 0       



(21)






     f   1   =     Min   (   C   O M    )  



(22)






    f   2   =   Min   ( LPSP )  



(23)






     f   3   =     Min   (   P   S u r    )  



(24)




where   x =     x   1   ,   x   2   , … … . . ,   x   m       denotes control vectors,   H   x     a n d   G   x     denote the equality and inequality constraints, respectively, and   f   x   =   f   1     x   ,   f   2     x   ,   f   3     x   , . . . . .   f   m     x     denote objective function values.



The multi-objective optimization problem presented seeks to simultaneously minimize multiple objectives, including operation and maintenance costs (    f   1    ), the loss of power supply probability (    f   2    ), and surplus power (    f   3    ), subject to certain constraints. Minimizing     C   O M     aims to reduce the costs associated with running and maintaining the system, while minimizing LPSP enhances system reliability by reducing the likelihood of power shortages. Additionally, minimizing     P   S u r     improves system efficiency by reducing excess power generation.




5.2. Constraints


The constraints are critical to guarantee the effective and optimal operation of the HEMS. The equality constraints guarantee that the power balance is maintained, ensuring that the generation and consumption of energy are always matched. The inequality constraints help in maintaining the operational limits of the system, such as the maximum capacity of energy storage and the allowable power drawn from renewable sources. Operational constraints guarantee that the SOC of the battery remains within safe boundaries, and the RESs operate within their specified capacities. Additionally, the constraints on operational and maintenance costs are vital for keeping the system economically viable. These constraints collectively ensure that the HEMS operates reliably, sustainably, and cost-effectively, balancing various objectives such as cost minimization, the maximization of renewable energy usage, and the minimization of environmental impact. The proposed optimization problem includes the following constraints:




	a. 

	
Power balance constraint









Ensuring the power balance is a fundamental requirement for the effective functioning of a HEMS. This constraint guarantees that the energy produced by various sources matches the energy consumed by the household at all times. Balancing power generation from photovoltaic panels, WTs, and FCs with the energy demands of household appliances and devices is crucial to maintain system stability. Any imbalance can result in either energy shortages or surpluses, which can destabilize the system and reduce efficiency. By meticulously coordinating different energy sources and backup systems, such as BESSs and EVBs, the system provides a consistent and dependable power supply. This balance enables optimal resource utilization, minimizes dependence on external power sources, and improves overall system efficiency. It can be expressed as follows:


    P   L t     t   =   P   G e n t     t   , ∀ t ∈ τ  



(25)






     P   P V     t     +   P   W T     t     +   P   F C s     t   + k   ×     P   B E S S     t     +   k   ×     P   E V     t     =     P   L     t     



(26)






  k =       k = 1       d i s c h a r g e                                                 k = 0     charge   stays   constant                               k = − 1       c h a r g e                                                        



(27)







The power balance constraint ensures that the total power demand (    P   L t     t    ) is always met by the total generated power (    P   G e n t     t    ) at any given time t, which is crucial for maintaining grid stability. This is achieved by balancing the power contributions from PV systems, WTs, FCs, BESS, and EVs. The term k determines the operation mode of the BESS and EVs. When k = 1, it indicates that the system is discharging, meaning that the BESS and EVs are supplying power to the home. When k = 0, it indicates that there is no change in the charge state, meaning the BESS and EVs are neither charging nor discharging, and their SOC remains constant. When k = −1, it indicates that the system is charging, meaning that the batteries and EVs are absorbing power from the home. This constraint ensures that the sum of power from all sources and storage systems precisely matches the load demand at all times.



	b. 

	
Surplus power Constraints







Effectively managing surplus power is essential to prevent overloading the energy system and to make efficient use of excess generation. The surplus power constraint limits the amount of extra power that can be generated by renewable sources or other means. This is crucial, especially when RESs like PV and WTs produce more energy than needed. Without this constraint, excess power could lead to system instability, potential equipment damage, or wasted energy. By capping the surplus power, the system can adopt strategies such as storing the excess energy in batteries, exporting it to the grid, or modulating generation levels. This approach safeguards the system and maximizes the utilization of RESs, promoting a more sustainable and resilient energy management framework. It can be expressed as follows:


     P   s u r     ≤     P   s u r p l u s   m a x     



(28)







This constraint ensures that the surplus power     P   s u r     does not exceed the maximum allowable limit     P   s u r p l u s   m a x    . By imposing this limit, the system is designed to avoid overgeneration, which can lead to inefficiencies, wasted energy, or even potential operational issues.



	c. 

	
Reliability constraint







Reliability is a vital feature of any energy management system, especially in a residential context where an uninterrupted and reliable power supply is vital. The reliability constraint ensures that the probability of power supply failure, or the LPSP, stays within acceptable limits. This constraint is essential for maintaining user confidence and ensuring that household devices and appliances receive a consistent power supply. By setting a maximum threshold for LPSP, the system can implement measures to enhance reliability, such as integrating backup power sources, improving grid interaction, or optimizing the operation of energy storage systems. High reliability not only improves user experience but also supports critical applications that require uninterrupted power, thereby strengthening the overall resilience and dependability of the HEMS [10,57].


  L P S P ≤ β  



(29)




  w h e r e  


  L P S P ( t ) =      ∑  t = 1   T    L P S ( t )         ∑  t = 1   T    P     L     t       



(30)






  L P S   t   =   P   L     t   −   P   P V     t   −   P   W T     t   −   P   F C     t   −   P   B E S   S   d       t   −   P   E   V   d       t    



(31)







This reliability constraint ensures that the system maintains a high level of reliability by keeping the LPSP below the acceptable threshold (  β )  . By calculating the LPSP, the system assesses whether the power generated and stored is sufficient to meet the load demand over time, accounting for all available sources of power. The goal is to minimize the risk of power shortages, thereby ensuring that the system consistently meets consumer demand with minimal interruptions.



	d. 

	
Operational constraints of EV







EVs serve a dual purpose in modern HEMSs, acting both as a mode of transportation and a flexible energy storage resource. The charging and discharging constraints for EVs are designed to optimize battery performance and longevity. These constraints ensure that the EVB is charged and discharged within specified limits to avoid overcharging or deep discharging, which can degrade the battery’s health and efficiency. Maintaining the SOC within optimal levels enhances the battery’s lifespan and ensures readiness for use when needed. Additionally, these constraints help seamlessly integrate the EV into the HEMS, allowing it to act as a backup power source during peak demand or as a storage solution for excess renewable energy. By managing the EV’s charging and discharging cycles effectively, the system can leverage the EV’s capacity to enhance overall energy efficiency and reliability.


      P   r     E V , m a x   ≥     P   r     d i s   ,     P   r     c h   ≥     P   r     E V , m i n    



(32)






   70 %   ≤     S O C   E V     ≤   80 %   



(33)







The SOC of the EVB should remain between 70% and 80% to ensure optimal operation. The effectiveness of the EVB’s charging and discharging process can be determined using the following formula:


    η   E V   =      C   E V , P r   ×   R   E V       D   E V   H o m e   ×   C A P   E V   t o t a l   ×   C   p r     t       



(34)







The availability status of the EV is given as follows:


    L O C   E V   =           1                               E V   a v a i l a b l e             0                         E V   n o t   a v a i l a b l e        



(35)







The provided constraints ensure the optimal operation of the EVB by regulating its charging and discharging power levels and maintaining the SOC between 70% and 80%, a range that balances the dual purposes of the EV for both transportation and energy storage. The charging and discharging power constraints ensure that the EVB operates safely within its power limits, while the efficiency of the EVB’s charging and discharging process is evaluated using a specific formula that considers various operational factors. Additionally, the availability status of the EV is monitored, determining whether the EVB can participate in charging or discharging at any given time. These constraints work together to effectively integrate the EVB into the energy management system, optimizing its use for both transportation and energy support while preserving battery health and ensuring reliability.



	e. 

	
Operational Constraints of BESS







The BESS is an essential element of the HEMS, offering flexibility and resilience by storing excess energy and supplying power during high demand periods. The operational constraints for BESS are designed to ensure that the battery operates within safe and efficient limits. These constraints define the acceptable SOC range, preventing the battery from overcharging or deep discharging. By maintaining the SOC within 20% to 80%, the system can maximize the battery’s lifespan and efficiency. Additionally, constraints on the energy storage capacity and the charging and discharging rates ensure that the battery’s operation is optimized for both daily cycling and long-term durability. These measures help maintain a reliable and sustainable energy supply, support the integration of RESs, and enhance the overall performance of the HEMS. It can be expressed as follows:


   20 %   ≤     SOC   ≤   80 %   



(36)







This range ensures that the battery has enough capacity to handle daily charge and discharge cycles while preserving its structural integrity and performance over time. Batteries naturally lose charge over time even when not in use, a phenomenon known as self-discharge. The SOC at the next time step takes this into account, ensuring the system correctly anticipates the battery’s available charge.


  S O C   t + 1   = S O C   t   ( 1 − δ )  



(37)







The energy that a battery can store is bound by its maximum and minimum capacities. These constraints ensure that the battery operates within its designed limits, which are determined by the battery’s physical characteristics and safety requirements [58,59]:


     E   b a t t − m i n     ≤     E   b a t t   ( t )   ≤ E   b a t t − m a x     



(38)




where


    E   b a t t , m a x   =   S O C   m a x   ×   C   B   ×   V   B a t t .    



(39)






    E   b a t t , m i n   =   1 −   D O D   m a x     ×   C   B   ×   V   B a t t .    



(40)







The rate at which a battery charges or discharges is also regulated to prevent overloading and to maintain system stability. These constraints ensure that the charging and discharging processes occur within safe limits, promoting battery longevity and reliable performance:


  0 ≤   P   d i s     t   ≤   N   B a t t   ×   P   d i s . m a x    



(41)






  0 ≤   P   c h     t   ≤   N   B a t t   ×   P   c h . m a x    



(42)









6. Reptile Search Algorithm


The RSA is a metaheuristic algorithm inspired by natural processes, introduced by [60] in 2022. It emulates the hunting strategies, exploitative actions, and encircling maneuvers observed in crocodiles. In the RSA approach, the optimization process initiates with a stochastically generated group of potential solutions (X), as presented in Equation (43). During each iteration, the best solution identified is treated as nearly optimal.


  X =           x   1 , 1       ⋯       x   1 , j         x   2 , 1       ⋯       x   2 , j       ⋯     ⋯       x   i , j             x   1 , n − 1       x   1 , n       ⋯         x   2 , n       ⋯       ⋯           ⋮   ⋮   ⋮       x   N − 1 , 1     ⋯     x   N − 1 , j         x   N , 1     ⋯     x   N , j           ⋮   ⋮     ⋯     x   N − 1 , n         x   N , n − 1       x   N , n            



(43)




where   X   denotes a group of candidate solutions that are randomly produced according to the following equation, with     x   i , j     referring to the     j   t h     position of the     i   t h     solution.


     x   i , j   = r a n d ×   U B − L B   + L B ,   j = 1 , 2 , … , n   



(44)







The RSA shares similarities with other nature-inspired algorithms, particularly in its reliance on the two fundamental concepts of exploration and exploitation. These principles are key to understanding the algorithm’s functionality. Crocodiles use these strategies when hunting for food, employing movements to encircle their prey.



	
Encircling phase (exploration)






In the context of encircling behavior, crocodiles use two main types of movement: high walking and belly walking. These actions are linked to different regions and are primarily involved in the global exploration phase of the search. However, these movements, unlike the hunting phase, do not allow crocodiles to easily approach their prey due to the potential for disturbances. Consequently, the exploration phase aims to cover a large search area, potentially identifying dense regions after several attempts. Moreover, during this stage of optimization, the exploration strategies (high and belly walking) are utilized to aid the subsequent hunting/exploitation phase by conducting a comprehensive and extensive search. This search phase is determined by two distinct conditions. The high walking movement strategy is executed when   t ≤    T   4     , whereas the belly walking movement strategy is implemented when   t ≤    2 T   4      a n d   t >    T   4     . The position update equations for the exploration phase are presented as follows:


      x   i , j     t + 1   =         B e s t   j     t     x −   n   i , j     t     x   β −   R   ( i , j )     t     x   r a n d ,               t   ≤      T   4            B e s t   j     t     x     x       r   1   ,   j       x   E S   t     x   r a n d ,               t ≤      2 T   4      a n d   t >    T   4           



(45)






     n   i , j     t     =   B e s t   j     t   ×     P   i , j     



(46)






    R   ( i , j )   =      B e s t   j     t   −   x   (   r   2   , j )       B e s t   j     t   + ϵ     



(47)






  E S   t   = 2   ×     r   3     ×     1 −    1   T       



(48)







    P   i , j     indicates the percentage change between the jth value of the optimum solution and the equivalent value in the current solution. This can be determined as follows:


    P   i , j   = ∂ +      x   i , j   − M (   x   i   )     B e s t   j     t   ×     U B   j   −   L B   j     + ϵ     



(49)







  M     x   i       represents the average of the solutions, which can be computed using the following formula:


  M     x   i     =    1   n      ∑  j = 1   n      x   i , j      



(50)







	
Hunting phase (exploitation)






In hunting behavior, crocodiles use two main strategies: hunting coordination and cooperation. These strategies relate to different intensification techniques that focus on the local exploitation search. Unlike encircling mechanisms, these strategies allow crocodiles to effectively approach their prey due to their intensification efforts. Consequently, the exploitation search often uncovers a near-optimal solution, potentially after multiple attempts. Moreover, during this optimization phase, the exploitation mechanisms are employed to perform an intensified search close to the optimal solution, with an emphasis on communication between these strategies. The search in this phase follows specific conditions: the hunting coordination strategy is employed when   t ≤    3 T   4      a n d   t >    2 T   4     . In contrast, the hunting cooperation strategy is utilized when   t ≤ T   a n d   t >    3 T   4     . The value is updated during exploitation using the following formula:


    x   i , j     t + 1   =         r a n d   ∈ [ − 1,1 ]     ×     B e s t   j     t     ×     P   i , j     t   ,                     t ≤      3 T   4      a n d   t >    2 T   4            B e s t   j     t   −   n   i , j     t     ×   ϵ −   R   i , j     t     ×   r a n d ,           t ≤ T   a n d   t >    3 T   4           



(51)







To underscore both exploration and exploitation, the search processes are organized into two main approaches: exploration and exploitation, each consisting of two strategies. The exploration phase includes the high walking and belly walking strategies, while the exploitation phase involves hunting coordination and cooperation. The flowchart in Figure 4 provides a clear and detailed overview of the RSA process.



In the proposed approach, the RSA algorithm is utilized to address a multi-objective optimization problem, a task that demands careful consideration of multiple, often conflicting, objectives. The RSA algorithm is particularly well-suited for such complex scenarios due to its robust capabilities in exploring vast solution spaces and effectively balancing trade-offs between competing goals. The parameters used in this study, as detailed in Table 2, are crucial for the algorithm’s performance.



The number of iterations is set to 100, providing the algorithm with ample opportunities to thoroughly explore the solution space and refine its search for optimal solutions. A large population size of 200,000 is chosen to ensure a diverse set of potential solutions. This diversity is crucial in a multi-objective context, as it allows the algorithm to simultaneously consider various solutions that may offer different balances between the objectives. The problem is modeled in a three-dimensional space, which reflects the complexity of the objectives and constraints that need to be satisfied. To guide the algorithm’s search process, specific values for the parameters α and β are set at 0.1 and 0.005, respectively. These parameters play a key role in fine-tuning the algorithm’s exploration and exploitation balance, ensuring that the search process is neither too random nor too rigid but instead maintains an effective equilibrium that leads to high-quality solutions.



Furthermore, the pseudocode provided in Algorithm 1 comprehensively outlines the RSA process, covering each step from the initialization of the population to the eventual discovery of the optimal solution. This detailed pseudocode not only offers a clear understanding of the algorithm’s flow but also highlights the significance of each parameter in steering the algorithm towards achieving the desired multi-objective outcomes. By following this structured approach, the RSA algorithm effectively navigates the complexities inherent in multi-objective optimization, ultimately delivering a robust and balanced solution.



	
Algorithm 1: RSA pseudocode




	
Initialization




	
Configure the parameters for the RSA, including α, β, and others as necessary.




	
  Set   up   the   initial   positions   for   the   solution   candidates   randomly .   X    :   i      = 1 , . . . ,   N  




	
While (t < T) do




	

	
Compute the fitness value for each candidate solution within the set (X)




	

	
Identify the most optimal solution among those evaluated.




	

	
  Update   E S   t     using Equation (45).




	

	
Start the RSA process




	

	
  For   i = 1   t o   N   d o  




	

	

	
  For   j = 1   t o   n   d o  




	

	

	

	
  Update   n    ,   R    ,   and   P   using Equations (43), (44) and (46), respectively.




	

	

	

	
  If   t ≤    T   4     then




	

	

	

	

	
  Update     x   i , j     t + 1     using




	

	

	

	

	

	
    x   i , j     t + 1   =   B e s t   j     t     x −   n   i , j     t     x   β −   R   ( i , j )     t     x   r a n d ,   [High walking]




	

	

	

	
Else if   t ≤    2 T   4      a n d   t >    T   4      then




	

	

	

	

	
  Update     x   i , j     t + 1     using




	

	

	

	

	

	
    x   i , j     t + 1   =       B e s t   j     t     x     x       r   1   ,   j       x   E S   t     x   r a n d ,   [Belly walking]




	

	

	

	
Else if   t ≤    3 T   4      a n d   t >    2 T   4      then




	

	

	

	

	
  Update     x   i , j     t + 1     using




	

	

	

	

	

	
    x   i , j     t + 1   =   r a n d   ∈ [ − 1 , 1 ]     x     B e s t   j     t     x     P   i , j     t   ,   [Hunting coordination]




	

	

	

	
Else




	

	

	

	

	
  Update     x   i , j     t + 1     using




	

	

	

	

	

	
    x   i , j     t + 1   =   B e s t   j     t   −   n   i , j     t     x   ϵ −   R   i , j     t     x   r a n d ,   [Hunting cooperation]




	

	

	

	
End if




	

	

	
End for




	

	
End for




	

	
t = t + 1




	
End while




	
Return the optimal solution Best(X)










7. Load Data


To assess the proposed problem, a medium-sized household is utilized. Table 3 illustrates the load profile for different household appliances, detailing their daily energy usage and operational times. This case study examines a residential home in Liaoning Province, China. The location of the home is indicated on the map of Liaoning shown in Figure 5. The table presents the energy consumption of different appliances, showing their power usage and the number of hours they typically operate each day. For instance, the home uses two air conditioners, each with a power consumption of 1500 watts. These air conditioners operate for approximately 11 h daily, resulting in a combined daily energy consumption of 33,000 Wh. This substantial energy use reflects the necessity for cooling in the regional climate.



Additionally, the household includes two refrigerators, each consuming 100 watts. These refrigerators operate for an estimated 22 h daily, leading to a total energy consumption of 4400 Wh per day. The extended operation time accounts for the refrigerators’ intermittent cycling to maintain optimal cooling while efficiently managing energy use. Fans contribute significantly to the household’s energy profile. The home is equipped with five fans, each consuming 80 watts. Due to the climate in Liaoning, these fans are used extensively, operating for about 19 h a day and contributing 7600 Wh to the daily energy usage. The frequent use of fans highlights the household’s efforts to maintain comfort in varying temperatures. In addition to cooling devices, the washing machine and space heater also play notable roles in energy consumption. The washing machine, with a power usage of 700 watts, is used for about 4 h each day, resulting in a daily energy consumption of 2800 Wh. During colder periods, the space heater, which consumes 1500 watts, operates for around 6 h daily, contributing 9000 Wh to the household’s energy usage. These figures underscore the varying energy demands depending on the season and household activities.



The intelligent HEMS seeks to enhance the efficiency of appliance operations to reduce operation and maintenance costs, sustain energy balance, ensure user comfort, and prevent elevated demand during peak periods. This study explores HEMS from the viewpoints of both consumers and suppliers, with the goal of developing a system that effectively handles both energy production and consumption. Decisions are made based on the demand for and generation of energy, with the status of devices being updated regularly. In the context of home energy management, appliances can be classified into three distinct types according to their operational flexibility and energy consumption patterns: Elastic, Shiftable, and Fixed. Understanding these categories is crucial for optimizing energy usage, particularly in systems incorporating RESs and DR programs. Elastic appliances are those whose energy consumption can be modulated or adjusted within certain limits without affecting their core functionality. These appliances are highly adaptable to fluctuations in energy supply and can operate under variable power conditions. Elastic appliances play a crucial role in DR programs by providing the flexibility to increase or decrease electricity usage in response to the grid conditions or energy prices, thereby helping maintain grid stability and energy cost savings.



Shiftable appliances are those whose operation can be delayed or rescheduled to a different time without impacting their overall functionality. These appliances are typically used for tasks that do not require immediate attention and can be deferred to periods of lower energy demand or higher renewable energy availability. Shiftable appliances enhance the efficiency of HEMSs by aligning energy consumption with periods of lower demand or higher supply, reducing overall energy costs and improving the utilization of RESs. Fixed appliances are those that require a constant and uninterrupted power supply to function correctly. Their operation cannot be delayed, shifted, or adjusted without compromising their intended use.



Fixed appliances demand a reliable and steady power supply, making it essential to ensure their uninterrupted operation even during periods of fluctuating energy availability. Their energy consumption is typically prioritized in HEMSs to maintain essential services. The categorization of home appliances into Elastic, Shiftable, and Fixed has significant implications for home energy management strategies. By leveraging the flexibility of Elastic and Shiftable appliances, households can maximize the use of RESs, decreasing dependence on non-renewable energy and lowering energy costs. Additionally, these appliances enable households to participate in DR programs, modifying their energy usage in response to the grid signals and energy prices. The proper management of these appliance categories can result in enhanced energy efficiency and lower overall energy consumption, contributing to sustainability goals.




8. Results and Discussion


8.1. Case Study


This case study focuses on a residential home in Liaoning Province, China, which is equipped with a hybrid energy system integrating PV, WTs, and backup energy sources including hydrogen storage, batteries, and EVs. The primary objective is to analyze the performance and energy management under different DR scenarios, leveraging local weather data for accurate assessments. The proposed HEMS has been applied in a real case study in China, providing valuable insights into its practical implementation.



Liaoning Province is located in the northeastern part of China, known for its diverse climate and industrial base. It experiences significant seasonal variations with cold winters and warm summers. The province has abundant solar and wind resources, making it suitable for renewable energy generation. The highest recorded irradiation was 895.16 Wh/m2, and the peak wind speed reached 8.89 m/s. The temperature varied from 8.73 °C to 25.8 °C, and the load demand ranged from 642.67 W to 1658 W. These values significantly influence the energy generation capacity of the PV and WTs installed at the residence. The daily profiles of load demand, solar irradiation, temperature, and wind speed are depicted in Figure 6, Figure 7, Figure 8 and Figure 9, respectively. The load demand data for a specific day in May 2023 shows significant variation throughout the day. Early morning demand started at 916 W and decreased slightly around 642.67 W by mid-morning. As the day progressed, the load demand gradually increased, peaking at 1658 W in the late afternoon. This variation in load demand throughout the day corresponds to typical household activities and the increased use of cooling systems during the warmer parts of the day.



Four scenarios were studied to understand the impact of DR programs on energy management and cost efficiency. The first scenario, without any DR programs, serves as the baseline. This scenario reflects the energy usage patterns and costs without any adjustments or incentives to shift energy consumption. In the second scenario, a DR program with a 20% reduction in peak energy usage was implemented. This scenario incentivized the household to move energy consumption to non-peak periods, resulting in a significant reduction in energy costs and optimized use of backup systems. The third scenario involved a more aggressive DR program with a 30% reduction in peak energy usage. This further reduction in peak demand demonstrated additional cost savings and enhanced the efficiency of the energy management system. The final scenario examined the effects of a 40% DR program, the most aggressive of the four scenarios. This scenario showcased the maximum potential for cost savings and optimal utilization of RESs and backup systems.




8.2. Scenario 1 (NO DR)


In this scenario, the residential home in Liaoning Province operates without any DR programs. This serves as the baseline scenario, reflecting the typical energy usage patterns and costs without any external incentives or strategies to shift consumption.



Throughout the day, the energy load varies significantly due to the household’s activities and external factors such as temperature. Early in the morning, the load starts at 916 W at 1:00 a.m., gradually decreasing to 642.67 W by 4:00 a.m. During this period, most household activities are minimal, leading to lower energy consumption. As the day progresses, the load begins to increase, with a notable rise starting from 6:00 a.m. as household members wake up and begin their morning routines, such as using kitchen appliances and heating systems. The load reaches 888.67 W by 7:00 a.m. This increase continues throughout the morning, peaking at 1148.67 W around 9:00 a.m. to 11:00 a.m. when various household devices and systems are in use. During midday and early afternoon, the load stabilizes somewhat but remains high as cooling systems and other appliances continue to operate. The highest load demand is observed in the late afternoon and early evening, reaching 1658 W at 9:00 p.m. This peak period corresponds to when household members return home from work or school, leading to increased use of lighting, cooking appliances, entertainment systems, and other devices.



The degree of participation from both primary and backup sources in satisfying the electrical demand in Scenario 1 without utilizing DR programs is shown in Figure 10. As the day progresses, PV generation begins at 6:00 a.m. with 304.7 W, increasing to a peak of 901 W by 1:00 p.m. Wind generation also sees a steady increase, peaking at 880.1 W at 4:00 p.m. The highest load demand is observed in the late afternoon and early evening, reaching 1658 W at 9:00 p.m. During these peak hours, the system relies heavily on wind generation and battery discharge to meet the load, with wind contributing up to 1044 W and batteries discharging up to 1004.42 W. The battery discharges energy during the night and early morning hours when PV generation is zero. At 1:00 a.m., the battery discharges 48.2 W, and this increases to 173.57 W by 4:00 a.m. FCs contribute sporadically throughout the day, with the highest contribution being 988.79 W at 9:00 p.m. EVs also contribute to the energy supply, though their impact is minimal compared with batteries and FCs. EV contributions are observed in both charging and discharging cycles, with minor discharges such as 538.34 W at 00:00 a.m. The cumulative operating cost for the day is calculated based on the hourly costs provided. Costs accumulate throughout the day, with notable increases during peak load periods. For example, at 1:00 a.m, the cumulative cost is $16.74, rising to $31.73 at 2:00 a.m., and reaching a total of $767.067 by the end of the study period. This cumulative cost reflects the expenses associated with operating and maintaining the energy systems, including the PV, WTs, batteries, FCs, and EVs. The LPSP is a metric indicating the probability that the power supply will be insufficient to cover the load demand. Throughout the day, the LPSP remains well within the accepted range of 0 to 0.05, with the highest value being 0.000882 at 4:00 p.m. as shown in Figure 11. This indicates that the system is highly dependable in fulfilling the energy demand, although there are periods of higher risk during peak load times. Maintaining the LPSP within this range is crucial to ensure a consistent and dependable power supply.



In the “No DR” scenario, the residential home relies heavily on backup systems to satisfy energy demands, especially during times of peak load. The absence of DR programs means that there are no external incentives to shift consumption to off-peak periods, leading to higher cumulative operating costs and greater reliance on batteries and FCs. The PV and wind generation provide substantial contributions during daylight hours, but the fluctuations in load demand and generation highlights the importance of having a robust energy management system in place.




8.3. Scenario 2 (20% DR)


In the second scenario, a 20% DR program is implemented to incentivize the household to transfer energy consumption to non-peak times. This scenario aims to reduce peak energy usage by 20%, resulting in significant energy cost savings and optimized use of backup systems. With the 20% DR program, the household adjusts its energy usage patterns to reduce peak load demand. Early in the morning, the load starts at 1034.54 W at 1:00 a.m., gradually decreasing to 725.83 W by 4:00 a.m. During this period, most household activities are minimal, leading to lower energy consumption. As the day progresses, the load begins to increase, with a notable rise starting from 6:00 a.m. as household members wake up and begin their morning routines, such as using kitchen appliances and heating systems. The load reaches 1003.67 W by 7:00 a.m. This increase continues throughout the morning, peaking at 1247.47 W around 9:00 a.m. to 11:00 a.m. when various household devices and systems are in use. During midday and early afternoon, the load stabilizes somewhat but remains high as cooling systems and other appliances continue to operate. The highest load demand is observed in the late afternoon and early evening, reaching 1555.50 W at 9:00 p.m. Despite the high demand, the system effectively utilizes wind generation and battery discharge to meet the load. The degree of participation from both primary and backup system in satisfying the load demand in Scenario 2 is shown in Figure 12.



PV generation follows a daily pattern dictated by the availability of sunlight. In the early morning hours, PV generation starts to rise as the sun begins to ascend. At 6:00 a.m., PV generation begins at 304.7 W, increasing steadily as the sun climbs higher in the sky. By 7:00 a.m., PV generation reaches 460.33 W, continuing to rise to 631.66 W at 8:00 a.m. and 755.00 W at 9:00 a.m. The peak PV generation occurs around midday when the sunlight is most intense. At 10:00 a.m., PV generation hits 795.00 W and peaks at 870.00 W by 12:00 p.m. It remains high, with 901.00 W at 1:00 p.m. and 910.00 W at 2:00 p.m. This period of maximum generation coincides with the highest sun angle, ensuring optimal solar energy capture. As the afternoon progresses, PV generation begins to decline, following the sun’s descent. By 3:00 p.m., it reduces slightly to 779.50 W and continues to drop to 683.02 W at 4:00 p.m. By the early evening, PV generation falls significantly, reaching 332.97 W at 6:00 p.m. and 228.16 W at 7:00 p.m., before ceasing completely as the sun sets.



Wind generation exhibits a consistent yet fluctuating pattern throughout the day, influenced by wind speed variations. In the early morning hours, wind generation starts at 376.1 W at 1:00 a.m. and remains steady, contributing between 320 to 376 W until around 6:00 a.m. As the day progresses, wind generation increases, aligning with rising wind speeds. By 7:00 a.m., wind generation rises to 329.3 W and continues to climb, reaching 420.2 W at 9:00 a.m. and 495.8 W at 10:00 a.m. The highest wind generation is observed during the late morning and early afternoon, peaking at 880.1 W at 4:00 p.m. This peak coincides with the period of highest wind speeds, indicating an optimal time for wind energy production. After reaching the peak, wind generation begins to decline gradually, falling to 669.5 W by 9:00 p.m. and further decreasing to 601.1 W at 10:00 p.m. Throughout the day, wind generation remains a vital component of the household’s energy supply, complementing PV generation and reducing the reliance on backup systems.



Batteries play a vital role in maintaining a balance in the energy supply, particularly during periods when PV and wind generation fall short of meeting the load demand. The batteries discharge energy at night and in the early morning when PV generation is non-existent. For example, at 1:00 a.m., the batteries discharge 280.47 W, increasing to 527.70 W by 4:00 a.m. In the afternoon peak, battery discharge reaches a maximum of 903.24 W at 8:00 p.m. FCs contribute intermittently throughout the day, providing significant support during peak periods. For instance, FCs provide 74.95 W at 1:00 a.m., increase to 237.58 W at 3:00 a.m., and reach up to 200.81 W at 5:00 a.m. During the evening peak, FCs provide 228.66 W at 10:00 p.m. EVs also aid in energy supply, though their impact is less pronounced compared with batteries and FCs. EV contributions include both charging and discharging cycles, with notable discharges of 302.74 W at 1:00 a.m., and −130 W (charging) at various times like 2:00 a.m., 3:00 a.m., and 4:00 a.m. By the end of the study period, the total cumulative operating expense reaches $753.56. Throughout the day, the LPSP remains well within the accepted range of 0 to 0.05, with the highest value being 0.00081 at 6:00 p.m. as shown in Figure 13.



In the 20% DR scenario, the residential home adjusts its energy usage patterns to reduce peak load demand, leading to significant energy cost savings and optimized use of backup systems. The implementation of the DR program results in a reduction in peak load demand by 20%, allowing for more efficient use of PV and wind generation, as well as backup systems such as batteries and FCs. The PV and wind generation provide substantial contributions during daylight hours, while the fluctuations in load demand and generation highlights the importance of having a robust energy management system in place. The cumulative operating cost for the day is $753.56, which is lower than in the “No DR” scenario, demonstrating the cost-saving potential of DR programs.




8.4. Scenario 3 (30% DR)


The introduction of a 30% DR program causes notable changes in the household’s energy consumption patterns, leading to significant cost savings and better use of backup systems. This scenario evaluates the effects of the DR program on hourly energy load, production from PV and wind, the use of backup systems like batteries, FCs, and EVs, and the total operating costs and LPSP. The degree of participation from both primary and backup systems in satisfying the load demand in Scenario 3 is shown in Figure 14.



The 30% DR program markedly affects the hourly load distribution, especially during peak hours. In the early morning, the load starts at 1093.81 W at 1:00 a.m., dropping to 897.97 W by 2:00 a.m. and 800.06 W by 3:00 a.m. This decrease continues as household activities remain low during off-peak hours. PV generation begins at 6:00 a.m. with 304.7 W and steadily rises, peaking at 910.00 W by 2:00 p.m. Wind generation is more variable, hitting its highest point at 880.1 W at 4:00 p.m. The highest load demand occurs in the evening, reaching 1504.24 W at 9:00 p.m., with PV generation stopping after sunset and wind generation gradually decreasing.



Backup systems are essential for maintaining energy balance, particularly when PV and wind generation are insufficient. Battery storage discharges heavily in the early morning, peaking at 718.37 W at 2:00 a.m. In the afternoon, battery discharge reaches up to 903.24 W at 8:00 p.m. FCs provide intermittent support, peaking at 383.59 W at 3:00 a.m. and 312.26 W at 9:00 p.m. EVs also play a role through both charging and discharging cycles, with notable discharges of 350.53 W at 1:00 a.m. and charging phases at −156.00 W at various times like 2:00 a.m., 3:00 a.m., and 4:00 a.m.



The operating costs rise significantly during periods of high load. For example, at 1:00 a.m., the total expense is $16.86, increasing to $31.80 by 2:00 a.m. By the end of the study period, the total cumulative operating expense reaches $749.09. The LPSP stays within the satisfactory range of 0 to 0.05 throughout the day as represented in Figure 15. The highest LPSP value is 0.0010 at 2:00 a.m., indicating a reliable system capable of meeting energy demands with minimal risk of power shortages.



The 30% DR program shows how further reductions in peak load demand can result in significant reductions in energy costs and better use of backup systems. The household adjusts its energy consumption patterns to capitalize on off-peak periods, resulting in a more balanced and efficient energy system. The cumulative operating cost for the day is $749.09, lower than both the “No DR” and “20% DR” scenarios, demonstrating the economic benefits of more aggressive DR programs.




8.5. Scenario 4 (40% DR)


The 40% DR program is designed to achieve significant shifts in energy consumption, leading to further cost reductions and enhanced system efficiency. This scenario evaluates the impact of the DR program on hourly energy load, generation from PV and wind, the utilization of backup systems like batteries, FCs, and EVs, and the total operating costs and LPSP. The degree of participation from both primary and backup systems in satisfying the load demand in scenario 4 is shown in Figure 16.



Under the 40% DR program, the household’s energy load exhibits notable variations throughout the day. In the early hours (1:00 a.m. to 6:00 a.m.), the load starts at 1153.08 W and decreases to 895.44 W by 6:00 a.m. During this period, there is no PV generation due to the absence of sunlight. Wind generation remains relatively consistent, ranging from 320.3 W to 376.1 W. By 7:00 a.m., PV generation begins with 304.7 W, reaching its peak of 910.00 W at 2:00 p.m. Wind generation also peaks at 880.1 W around 4:00 p.m. The highest load demand is observed in the evening, reaching 1452.99 W at 9:00 p.m., with PV generation ceasing after sunset and wind generation gradually declining. BESSs play a critical role in balancing the energy supply, particularly during periods when PV and wind generation are insufficient. The battery discharge pattern shows significant activity in the early morning, with a discharge of 488.32 W at 1:00 a.m., peaking at 743.00 W at 8:00 p.m. FCs provide intermittent support, particularly during peak demand periods. Notable contributions include 331.71 W at 1:00 a.m., increasing to 439.85 W at 2:00 a.m., and a significant discharge of 866.43 W at 9:00 p.m. EVs also participate through both charging and discharging cycles. In the early hours, EVs discharge −42.35 W at 1:00 a.m. and −56.80 W at 3:00 a.m., with charging phases occurring at −156.00 W during several hours including 6:00 a.m. and 7:00 a.m.



The cumulative operating costs for the day are tracked based on hourly expenses. These costs increase significantly during periods of high load. For instance, the cumulative cost is $16.73 at 1:00 a.m., rising to $31.71 by 2:00 a.m., and reaching $749.09 by the end of the study period. The LPSP, a metric indicating the chance of not meeting load demand, remains within the acceptable range of 0 to 0.05 throughout the day as shown in Figure 17. The highest LPSP value recorded is 0.0009 at midnight, indicating a reliable system capable of meeting energy demands with minimal risk of power shortages. In the early morning, the load starts at 1153.08 W, decreasing to 895.44 W by 6:00 a.m. PV generation is zero during this period, while wind generation ranges from 320.3 W to 376.1 W. Batteries and FCs discharge significantly, with EVs providing additional support. During the daytime, PV generation begins at 6:00 a.m., peaking at 910.00 W by 2:00 p.m. Wind generation varies but remains substantial, reaching a high of 880.1 W at 4:00 p.m. The load peaks at 1452.99 W at 9:00 p.m., with backup systems adjusting to maintain energy balance. In the evening, the load remains high, peaking at 1452.99 W at 9:00 p.m. PV generation ceases after sunset, while wind generation gradually declines. Backup systems, including batteries and FCs, play an essential role in fulfilling high load demands.



The 40% DR program results in a significant reduction in peak load demand, leading to notable energy cost savings and optimized use of renewable and backup energy sources. The household effectively shifts its energy usage to off-peak periods, resulting in a balanced and efficient energy system. The cumulative operating cost for the day is $749.09, which is lower than the previous scenarios, highlighting the economic benefits of an aggressive DR program. This scenario demonstrates the potential for further DR strategies to improve the efficiency and sustainability of residential energy systems.




8.6. Comparative Analysis of DR Scenarios


In this subsection, we provide a comparative analysis of the four DR scenarios studied, focusing on their impact on energy management, cost-effectiveness, and the use of primary and backup energy sources. The implementation of DR programs significantly influences the household’s energy load distribution. In the baseline scenario (No DR), the load varies widely, peaking at 1658 W in the late afternoon. With the introduction of DR programs, the peak load is progressively reduced: 1555.50 W in the 20% DR scenario, 1504.24 W in the 30% DR scenario, and 1452.99 W in the 40% DR scenario as shown in Figure 18. These reductions demonstrate the effectiveness of DR strategies in shifting energy consumption to off-peak periods, thereby flattening the load curve and reducing peak demand stress on the energy system. PV and wind energy generation follow similar patterns across all scenarios, dictated by local weather conditions. PV generation starts around 6:00 a.m., peaking at midday with values around 901 W to 910 W. Wind generation is more variable, peaking at approximately 880.1 W in the late afternoon. The consistent generation profiles highlight the reliability of these renewable sources in contributing to the household’s energy needs.



The reliance on backup systems varies across the scenarios. In the No DR scenario, batteries discharge significantly during peak periods, contributing up to 1004.42 W. FCs and EVs provide additional support, with FCs peaking at 988.79 W. As the DR programs are introduced, the discharge rates of these backup systems are optimized, showing reduced peak contributions in the 20%, 30%, and 40% DR scenarios. This optimization underscores the improved efficiency in energy management facilitated by DR strategies. Cumulative operating costs are a critical metric in evaluating the effectiveness of DR programs. The baseline scenario (No DR) incurs the highest cost of $767.067 for the day. With the implementation of DR programs, these costs are reduced to $753.56 in the 20% DR scenario, $749.09 in the 30% DR scenario, and $749.09 in the 40% DR scenario. The cost savings highlight the economic benefits of transferring energy usage to off-peak periods and optimizing the use of RESs and the backup system.



Across all scenarios, the LPSP values remain within the acceptable range of 0 to 0.05, demonstrating the reliability of the HEMS. The highest LPSP values are observed during peak demand periods but remain low, indicating a robust system capable of meeting energy demands with minimal risk of power shortages. The comparative analysis of the four DR scenarios demonstrates the substantial benefits of implementing DR programs in a residential setting equipped with a hybrid energy system. By reducing peak load demand, optimizing the use of renewable and backup energy sources, and achieving significant cost savings, DR programs enhance the efficiency and sustainability of HEMSs. The findings underscore the potential for DR strategies to contribute to more balanced and reliable energy systems in residential applications.




8.7. Impact of Seasonal Variations on Energy Management


The impact of seasonal variations on the performance and efficiency of the HEMS in Liaoning Province, China, is substantial. The region’s diverse climate, characterized by cold winters and warm summers, significantly influences energy generation and consumption patterns, making it crucial to understand these seasonal effects to optimize the system’s operation throughout the year. During summer, the longer daylight hours and higher levels of solar irradiation lead to increased PV output. PV generation starts early, around 5:00 a.m., and peaks at midday, reaching up to 910 W. Conversely, in winter, shorter days and lower solar irradiation reduce PV generation, with PV output starting later, around 7:00 a.m., and peaking lower, typically around 750 W. Wind energy generation remains relatively consistent throughout the year, with peak wind speeds around 8.89 m/s, although winter months may see higher peaks due to increased wind speeds. Load demand also varies with the seasons. In summer, higher temperatures increase the use of cooling systems, resulting in higher peak loads in the afternoon and evening, with a notable peak of 1658 W at 9:00 p.m. Early morning demand starts at 916 W and decreases slightly to around 642.67 W by mid-morning. In winter, lower temperatures lead to increased heating demands, causing higher energy consumption in the early morning and evening. For instance, the load demand in winter may start at 1093.81 W at 1:00 a.m., dropping to 897.97 W by 2:00 a.m., and peaking again in the evening.



The utilization of backup systems, such as batteries, FCs, and EVs, is crucial in meeting the fluctuating load demands caused by seasonal changes. In summer, these systems are heavily relied upon during late afternoon and evening peaks when cooling demands are high. For example, during peak hours at 9:00 p.m., the system relies on wind generation contributing up to 1044 W and battery discharge up to 1004.42 W. In winter, backup systems are essential during early morning and evening peaks when PV generation is minimal. Batteries discharge heavily in the early morning, with values like 527.70 W at 4:00 a.m., and peak battery discharge can reach up to 903.24 W in the evening. Wind generation supplements the energy supply throughout the day, helping to balance the system. Seasonal variations also impact the cumulative operational cost of the HEMS. Higher energy usage for cooling during the summer increases operating costs, especially during peak periods. In the baseline scenario (No DR), the cumulative cost reaches $767.067 by the end of the day. Similarly, increased heating demands in winter elevate costs, although higher wind generation can offset some expenses.



Implementing DR programs can significantly reduce these costs by shifting energy usage to off-peak periods and enhancing the utilization of RESs. For instance, with a 40% DR program, the cumulative operating cost drops to $749.09. The LPSP remains a critical metric, indicating the chance of not meeting the load requirements. Across all scenarios and seasons, the LPSP values stay within the acceptable range of 0 to 0.05, demonstrating the system’s reliability. The highest LPSP value recorded was 0.0010 at 2:00 a.m. in winter, suggesting a robust system capable of meeting energy demands with minimal risk of power shortages. Seasonal variations in Liaoning Province significantly affect the performance and efficiency of the HEMS. By understanding and adapting to these changes, the HEMS can improve the use of PV and WTs generation, reduce reliance on backup systems, and minimize operating costs. The effective implementation of DR programs further enhances system efficiency, ensuring reliable and cost-effective energy management throughout the year.




8.8. Environmental Impact and Sustainability


The impact on the environment and long-term sustainability of the HEMS are crucial considerations for its overall effectiveness. This section examines the system’s contribution to reducing greenhouse gas emissions, its role in promoting renewable energy usage, and the long-term sustainability benefits. The integration of RESs such as PV and WTs significantly reduces the reliance on fossil fuels. This reduction leads to a decrease in greenhouse gas emissions. In the baseline scenario without any DR programs, the system heavily relies on renewable sources during daylight hours, with PV generation peaking at 910 W and wind generation peaking at 880.1 W. By optimizing the use of these renewable sources through DR programs, the system further minimizes the need for fossil fuel-based power, thus reducing emissions. The 20% DR scenario effectively shifts energy consumption to off-peak periods, reducing the load on backup systems like FCs and batteries that might otherwise rely on non-renewable energy. This shift not only lowers operational costs but also contributes to a significant reduction in carbon footprint. The more aggressive 30% and 40% DR scenarios enhance this effect by further smoothing out energy consumption peaks, ensuring that RESs are utilized to their maximum potential.



The HEMS promotes the usage of RESs by integrating PV and WTs into the residential energy grid. In Liaoning Province, where the case study is based, solar irradiation reaches up to 895.16 Wh/m2, and wind speeds peak at 8.89 m/s, making it an ideal location for renewable energy generation. The system’s design ensures that these renewable sources are the primary contributors to meeting the household’s energy needs. Throughout the day, PV and wind energy are prioritized, with PV generation starting as early as 6:00 a.m. and peaking at midday. Wind energy complements PV generation by providing steady power throughout the day and peaking in the late afternoon. By leveraging these renewable sources, the HEMS reduces dependency on conventional power sources, promoting a cleaner and more sustainable energy mix.



The long-term sustainability benefits of the HEMS are multifaceted. Firstly, the system’s reliance on RESs contributes to the reduction of fossil fuel consumption and greenhouse gas emissions. This reduction is crucial for combating climate change and promoting environmental health. Secondly, the HEMS enhances energy resilience by incorporating diverse energy sources and storage solutions. The integration of batteries, FCs, and EVs maintains a dependable power supply even during periods of reduced RES generation. For example, during the highest load demand of 1658 W at 9:00 p.m., the system effectively utilizes battery discharge and wind generation to satisfy the energy needs, demonstrating its robustness and reliability.



The economic savings achieved through DR programs translate into long-term financial sustainability. By reducing operational costs and achieving quick payback periods, the HEMS provides an economically viable solution for residential energy management. These savings can be reinvested into further improving the system or into other sustainable initiatives, creating a positive feedback loop for environmental and economic benefits. The environmental impact and sustainability of the HEMS are significant. By reducing greenhouse gas emissions, promoting renewable energy usage, and providing long-term sustainability benefits, the system proves to be an effective solution for modern residential energy needs. The integration of DR programs further enhances these benefits, making the HEMS a model for sustainable and environmentally friendly energy management.





9. Conclusions


The global energy landscape is rapidly evolving, driven by the urgent need for sustainable and resilient energy solutions. As residential energy consumption continues to rise, integrating RESs and advanced HEMSs has become increasingly critical. This study introduced a state-of-the-art HEMS designed to incorporate PV, WTs, and hybrid backup storage systems, including hydrogen storage, batteries, and EVs with V2H technology. This study was conducted in Liaoning Province, China, and evaluated the performance of the HEMS across different DR scenarios with the goal of enhancing resilience, efficiency, and energy independence in green buildings. The successful application of DR programs, combined with RSA, further underscores the economic and environmental advantages of this approach.



The analysis of the four DR scenarios, namely No DR, 20% DR, 30% DR, and 40% DR, revealed substantial improvements in energy management, cost efficiency, and system reliability. Implementing DR programs significantly reduced operating costs, with the 40% DR scenario achieving a 2.34% reduction in cumulative operating cost in comparison with the No DR scenario. Additionally, the integration of RESs with advanced backup systems such as BESS and HSS allowed for effective energy management, maintaining a low LPSP and promoting sustainability and energy independence. The key findings from this analysis are as follows:



1. Implementing DR programs resulted in notable cost savings. The 40% DR scenario achieved the lowest cumulative operating cost of $749.09, reflecting a 2.34% reduction compared with the $767.07 cost in the No DR scenario. The 20% and 30% DR scenarios resulted in cumulative costs of $753.56 and $749.09, respectively.



2. The integration of RESs with advanced backup systems allowed for effective energy management. Batteries discharged up to 1004.42 W during peak demand, and FCs contributed up to 988.79 W. PV generation peaked at 910 W, and wind generation peaked at 880.1 W, optimizing renewable energy utilization and reducing grid dependency.



3. The system maintained a low LPSP across all scenarios, with the highest LPSP value recorded being 0.0010. This indicates high reliability in consistently meeting energy demands, even under varying conditions.



4. The HEMS significantly contributed to sustainability by encouraging the use of RESs and lowering greenhouse gas emissions. V2H technology further enhanced energy independence, enabling EVs to function as both transportation and mobile energy storage units. The system managed load demands ranging from 642.67 W to 1658 W efficiently.



5. The implementation of advanced optimization techniques, particularly the RSA, played a crucial role in enhancing the performance of the system. The RSA was benchmarked against another advanced optimization technique, demonstrating superior efficiency in managing energy resources and reducing costs.



This study has primarily concentrated on the economic dimensions of the proposed HEMS, with a particular emphasis on reducing operating costs. However, it has limitations in exploring the full technological framework and integration of the system. Key components such as computers, transceivers, sensors, and other critical technologies were not examined in detail, which limits our understanding of the system’s overall efficacy and practical implementation. Future work will address these gaps by providing an in-depth analysis of the technological components and their integration within the HEMS. Moreover, future research will incorporate methods to manage uncertainties in energy systems, such as probabilistic models or adaptive algorithms, and explore a stochastic bi-level optimal allocation approach for improving flexibility and stability. This approach will consider energy storage-sharing services to balance the interests of various stakeholders and mitigate the impact of electricity price uncertainties.



This will involve a thorough examination of the system’s configuration, operational methodology, and performance in real-world scenarios. This expanded scope will not only enhance the clarity of the system’s operational methodology but will also provide valuable insights into its practical implementation and performance in real-world scenarios. By addressing these aspects, forthcoming studies aim to offer a more holistic and robust framework for HEMS, bridging the gap between economic optimization and technological feasibility.
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Abbreviations


The following abbreviations are used in this manuscript:









	HEMS
	Home Energy Management System
	RESs
	Renewable Energy sources



	HSS
	Hydrogen Storage System
	TOU
	Time-of-Use



	BESS
	Battery Energy Storage System
	EPRI
	Electrical Power Research Institute



	EVs
	Electric Vehicles
	RL
	Reinforcement Learning



	V2H
	Vehicle-to-Home
	FR
	Fuzzy Reasoning



	DR
	Demand Response
	DQN
	Deep Q-learning



	FCs
	Fuel Cells
	DDQN
	Double Deep Q-learning



	COE
	Cost of Energy
	PSO
	Particle Swarm Optimization



	RSA
	Reptile Search Algorithm
	IFSO
	Improved Sunflower Optimization



	WTs
	Wind Turbines
	KKT
	Karush–Kuhn–Tucker



	CCP
	Chance-Constrained Programming
	ESOA
	Ebola Optimization Search Algorithm



	LOHC
	Liquid Organic Hydrogen Carrier
	LFCARO
	Levy Flight and Chaos-assisted Artificial Rabbits Optimization



	EVBs
	EV Batteries
	LCOE
	Levelized Cost of Energy



	RSOCs
	Reversible Solid Oxide Cells
	HDI
	Human Development Index



	GSHP
	Ground Source Heat Pump
	NPC
	Net Present Cost



	LPSP
	Loss of Power Supply Probability
	GOA
	Grasshopper Optimization Algorithm



	GWO
	Grey Wolf Optimization Algorithm
	IBs
	Intelligent Buildings



	AI
	Artificial Intelligence
	SOFC
	Solid Oxide FCs



	MCFC
	Molten Carbonate FCs
	
	









Nomenclature










	     P   E L     t     
	Electrolyzer input power during step   Δ t  
	     P     H   2       
	Hydrogen pressure (atm)



	     η   e l e     
	Electrolyzer efficiency
	     P     O   2       
	    O   2     pressure (atm)



	     α   e l e     
	required energy to produce one Kg of     H   2    
	F
	Faraday constant (96,485 C/mol)



	     M   H T     
	Margin coefficient for     H   2     tank
	     i   1     
	Current density limit



	     E   s t o r     t     a n d   

     E   s t o r     t − 1     
	Energy stored in the hydrogen tanks at hours t and t − 1, respectively.
	     E   g e n     t     
	Generated power from the RESs



	    P   P V     t    ,     P   F C     t     and     P   W     t    
	PV, FCm and wind turbines generated power at time t, respectively.
	     η   F C s     
	Overall efficiency of the FC



	     C   b a t t − n o m     
	Nominal capacity of battery
	     E   g e n     t     
	Generated Energy at time t



	     ρ     H   2       
	Hydrogen density
	     I   F C     
	FC current



	     n   e     
	Number of electrons
	S
	Catalyst area (m2)



	R
	Ideal gas constant (8.31 J/mol·K)
	     j   0     
	Current density (A/m2),



	   α   
	Symmetry factor
	       m  ˙    c o m b     
	Mass flow rate (Kg.    S   − 1    )



	     n   e x     
	Number of electron exchanges
	     ϕ   F C     
	Annual O&M cost of the FC



	     U   F     
	Fuel utilization
	     S   F C     
	Rated capacity of the FC



	     Q   L H V     
	Lower heating value (J.    K m o l   − 1    )
	     η   b a t     
	Battery efficiency,



	     P   L     t     
	Load demand at time t
	   σ   
	Self-discharge rate



	     η   E V   d i s       
	EV discharging efficiency
	DOD
	Depth of discharge



	    P   d i s . m a x     and     P   c h . m a x    
	Maximum discharging and charging capacity of a battery bank
	     D O D   m a x     
	Maximum Depth of discharge



	     η   i n v     
	Inverter efficiency
	    S O C   E V     t     and     S O C   E V     t − 1    
	SOC of the EV at times   t   and     t − 1    , respectively



	    C   b a t t     t     and     C   b a t t     t − 1    
	Energy stored at times   t   and     t − 1    , respectively
	     η   E V   c h     
	EV charging efficiency of the EV



	    C   b a t t − m i n    , and     C   b a t t − m a x    
	Minimum and maximum permissible energy storage levels, respectively
	   β   
	Crucial parameter that governs the precision of the exploration process



	     C a p   b a t     
	Capacity of the EV
	     P   G e n t     t     
	Total generated power



	     P   L t     t     
	Total load power
	   β   
	Maximum acceptable LPSP



	     P   s u r     
	Surplus power generated
	     P   E   V   d       t     
	EV power during discharge



	    P   L t     t     and     P   G e n t     t    
	Total load demand and generated power, over time (t), respectively.
	     P   B E S   S   d       t     
	BESS power during discharge



	    P   P V     t    ,     P   W T     t    ,     P   F C s     t    ,     P   B E S S     t     and     P   E V     t    
	Power generated by PV, WTs, FCs, BESS, and EVs, respectively.
	     D   E V   H o m e     
	Distance between the EV and home



	     P   s u r p l u s   m a x     
	Maximum allowable surplus power
	     L O C   E V     
	Location of the EV



	     C   E V , P r     
	Cost tied to power losses
	     C   p r     t     
	EV power price



	      P   r     E V , m i n     and       P   r     E V , m a x    
	Lower and upper limits of operational power of the EV
	     C   O M     
	Operational and maintenance cost



	     C A P   E V   t o t a l     
	Total battery capacity of the EV
	     C   B     
	Nominal capacity of battery



	     E   b a t t     
	energy stored in the battery at time t
	     B e s t   j     t     
	the     j   t h     position of the best solution identified up to that point



	     N   B a t t     
	Number of battery units
	   δ   
	Self-discharge rate of the battery



	     V   B a t t     
	Battery voltage
	     R   E V     
	EV’s range



	     x   i , j     
	The     j   t h     position of the     i   t h     solution
	   r a n d   
	Randomly generated value



	   n   
	Dimensionality of the problem being addressed
	   t   
	Current iteration count



	  L B   and   U B  
	Lower and upper bounds of the problem, respectively
	   T   
	Maximum number of iterations



	     n   i , j     t     
	Hunting operator
	N
	Total number of candidate solutions



	     r   1     a n d     r   2     
	A randomly selected number between 1 and   N  
	   E S   t     
	Probability ratio



	     x       r   1   ,   j       
	A random position within the     i   t h     solution
	ϵ
	A small value



	     r   3     
	A randomly selected integer between −1 and 1
	     R   i , j     g     
	Factor for reducing the search region



	  ∂  
	sensitive parameter
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Figure 1. Proposed Framework of the HEMS. 
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Figure 2. Comprehensive Diagram Illustrating the Framework of the Proposed Integrated Intelligent HEMS. 
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Figure 3. Flowchart of the HEMS’ Operational Strategy. 
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Figure 4. Flowchart illustrating a clear and comprehensive overview of the RSA process. 
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Figure 5. Location of the residential home in Liaoning Province, China, examined in this case study. 
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Figure 6. Daily load demand pattern of the chosen area. 
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Figure 7. Daily solar irradiation profile of the selected region. 
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Figure 8. Daily temperature profile of the selected region. 
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Figure 9. Daily wind speed profile of the selected region. 
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Figure 10. The degree of participation from both primary and backup system in satisfying the load demand in Scenario 1 without utilizing DR programs. 
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Figure 11. The LPSP values in Scenario 1 without employing DR programs. 
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Figure 12. The degree of participation from both primary and backup system in satisfying the load demand in Scenario 2. 
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Figure 13. The LPSP values in Scenario 2. 
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Figure 14. The degree of participation from both primary and backup system in satisfying the load demand in Scenario 3. 
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Figure 15. The LPSP values in Scenario 3. 
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Figure 16. The degree of participation from both primary and backup system in satisfying the load demand in scenario 4. 
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Figure 17. The LPSP values in scenario 4. 
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Figure 18. Daily Electrical Load Profiles with Varying Degrees of DR Participation. 
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Table 1. A comprehensive comparison of recent HEMSs, evaluating their aims and the significance of their outcomes.
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	Ref.
	System Architecture
	Fitness Functions
	HEMS Technique
	Constraints
	Key Points and Contributions





	[40]
	Utility grid/BESS/FCs/Natural Gas
	Minimizing the Operating Cost
	LFCARO
	Power balance constraints, constraints of FC and BESS
	The influence of varying electricity rates from the main grid on the system’s operational expenses is investigated.



	[41]
	PV/BESS/FCs
	Total Annualized Costs
	MILP
	Energy balance
	A techno-economic analysis of a single-family residence aimed at energy self-sufficiency by 2030 was carried out. The study illustrated the integration of a heat-integrated hydrogen storage unit combined with a Liquid Organic Hydrogen Carrier (LOHC) and Reversible Solid Oxide Cells (rSOCs).



	[42]
	PV, WTs, Ground source heat pump (GSHP), DGs, Battery bank, and FCs
	Minimizing LPSP, Levelized Cost of Energy (LCOE), CO2 Emission, and Human Development Index (HDI)
	NSGA-II and MOPSO algorithms
	Power generation sources constraints (PV, GSHP, DGs, BESS, and FCs)
	The key finding is that using LPSP, LCOE, emissions, and HDI as objective functions allows for a comprehensive optimization of the system, integrating economic, reliability, environmental, and social factors.



	[43]
	PV/BESS/EVs
	Net Annual Energy Cost
	PSO
	Energy balance, battery constraints, and EV operation constraints
	Implement a price-driven HEMS tailored to various EV usage patterns. These strategies focused on coordinating the operations of V2H systems, multi-site EV charging stations, and BESS charging and discharging processes to maximize energy efficiency and cost savings.



	[44]
	PV/WTs/BESS/DGs
	Net Present Cost (NPC) and LCOE
	HOMER
	BESS limitations, power balance, renewable fraction, and CO2 emissions
	A thorough sensitivity analysis was performed, evaluating 27 different parameter settings to assess the factors affecting the cost of generated electricity.



	[45]
	PV, WTs, Hydro, Biogas and BESS
	Total Net Present Cost (TNPC), Unmet Load, and Cost of Energy (COE)
	GOA and HOMER Pro
	Battery storage constraint, reliability constraint, power generation constraints
	The findings revealed that the HRES using GOA, which incorporates a greater proportion of Biogas and PV, is more economical compared with solutions based on HOMER.



	[46]
	PV/BESS/EVs
	Daily Energy Costs
	MILP
	Power balance, battery limitations, and EV constraints
	The HEMS was developed as a MILP optimization task, integrating PV, BESS, and EVs to optimize household energy expenses and maintain comfort levels.



	[47]
	PV/Utility grid/BESS/EV
	Minimizing the Peak-to-Average Ratio and COE
	GWO
	Power generation sources constraints and reliability constraints
	This study presented a HEMS design that incorporates RES and ESS with home-to-grid power flow functionality. It enables the charging of the ESS and EVs during phases of reduced electricity prices and releasing stored energy during times of elevated electricity prices.



	[48]
	PV/FCs
	Equivalent Annual Cost
	GAMS software and CPLEX solver
	Power balance and hydrogen storage limitations
	The approach maximizes several factors by employing both PV and HSS to supply energy to the buildings. These factors include solar system performance, power line capacities between buildings, FCs power, water electrolyzer efficiency, and the optimal management of HSSs.



	[49]
	PV/BESS
	Energy Consumption Costs and the Wear and Tear of Certain Electrical Appliances
	Soft Actor-Critic and XGBoost
	Appliance operational limitations, EV operation limitations, home power balance constraints, and BESS limitations.
	Introduces a thermal comfort evaluation model that utilizes the XGBoost algorithm to increase the precision of comfort data within HEMS. This model includes external environmental conditions and internal system characteristics for a complete evaluation.










 





Table 2. The parameters of the AVOA, RSA, and SO algorithms.
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RSA Parameters






	
Number of iterations

	
100




	
Population size

	
200,000




	
Dimensions

	
3




	
A

	
0.1




	
Β

	
0.005











 





Table 3. Power Usage, Operating Duration, and Categories of Household Appliances.
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	Household Appliances
	Category
	Quantity
	Power Usage (W)
	Daily Operating Hours
	Daily Energy Consumption (W)





	Cloth dryer
	Shiftable
	1
	2000
	1
	2000



	Fan
	Fixed
	5
	80
	19
	7600



	TV
	Fixed
	3
	100
	10
	3000



	Vacuum cleaner
	Elastic
	1
	700
	2
	1400



	Water pump
	Elastic
	1
	200
	3
	600



	Washing machine
	Shiftable
	1
	700
	4
	2800



	Light
	Fixed
	21
	11
	17
	3927



	Refrigerator
	Elastic
	2
	100
	22
	4400



	cloth iron
	Fixed
	1
	800
	2
	1600



	Space heater
	Elastic
	1
	1500
	6
	9000



	Air conditioner
	Elastic
	2
	1500
	11
	33,000



	Microwave
	Fixed
	1
	800
	4
	3200



	Dish washer
	Shiftable
	1
	1800
	3
	5400



	Water heater
	Elastic
	1
	1200
	5
	6000
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