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SUMMARY 

The incorporation of renewable energy sources and smart grids has resulted in the need for intelligent and 

adaptive energy management systems that are able to manage dynamic residential energy demands, 

uncertainties in renewable energy sources, and various constraints. Traditional optimization techniques 

and those based on artificial intelligence techniques have not been successful in addressing the issues of 

exploration and have been unable to offer a holistic solution for energy prediction, scheduling, energy 

management from batteries, and renewable energy integration. This study aims to introduce a new 

technique known as Quantum-Inspired Neural Optimization Framework for Sustainable Energy 

Management in Smart Grid-Connected Residential Systems (QINE-SGEM), which incorporates neural 

learning, quantum-inspired optimization, and adaptation techniques for efficient energy management in 

residential areas. The quantum-inspired neural optimization component carries out feature extraction, 

demand prediction, and decision-making for appliance scheduling, battery charging and discharging, grid 

energy distribution, and renewable energy integration. The performance of the framework is tested by 

using the Pecan Street Austin Smart Grid Energy dataset in a Python simulation environment. The results 
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show that the QINE-SGEM model consumes an average energy of 24.2 kWh/day, produces 26.2% energy 

savings, enhances the battery utilization efficiency up to 95.8%, and reaches prediction accuracies of 

0.084, 0.126, and 3.2% for MAE, RMSE, and MAPE, respectively. The ablation study shows the role of 

quantum optimization and adaptive feedback components with 36.8% energy cost savings, 82.6% 

renewable energy utilization, and 28.7% carbon emission savings. The proposed approach represents a 

sustainable and adaptive solution for future energy management in smart grids. 

Key words: quantum-inspired optimization, neural energy management, smart grid systems, renewable 

energy integration, battery energy storage, demand-side management, sustainable energy optimization. 

INTRODUCTION 

Modern intelligent energy management techniques have focused on quantum-inspired optimization, 

deep learning, and hybrid computing methodologies in order to increase the efficiency, sustainability, 

and adaptability of smart grid systems. Quantum-inspired reinforcement learning methods have been 

studied for the optimization of energy-aware decisions in microgrids by increasing the efficiency of 

resource management [1]. Quantum particle swarm optimization algorithms have proved to be very 

efficient in reducing energy expenses and CO2 emissions in grid-connected microgrids by optimizing 

generation and demand management strategies [2]. Hybrid quantum-classical algorithms have increased 

the efficiency of microgrid energy management by considering behavioral and demand dynamics for 

adaptive energy scheduling in varying operating conditions [3]. Quantum-inspired optimization 

techniques have also been used in decentralized renewable energy grids for optimal use of solar energy 

and energy coordination in distributed renewable energy grids [4][5].  

The quantum deep reinforcement learning algorithms have been adopted for dynamic frequency 

regulation and operation of microgrids based on renewable energy sources [6]. The quantum artificial 

intelligence has also been effective in increasing the reliability of energy storage and battery functioning 

through stabilization and operation improvement [7]. Quantum deep learning architectures like quantum 

gated recurrent neural network have been applied for precise forecasting of the photovoltaic power 

generation [8]. Power flow optimization in hybrid renewable energy systems has been facilitated through 

deep learning-based optimization solutions through prediction and operation improvement [9]. The 

comprehensive review of the optimization strategies for smart grids has stressed the need for 

computational intelligence, demand response, and adaptive optimization for energy optimization [10]. 

Though there have been studies that show how effective quantum optimization and intelligent learning 

can be, only take into account certain parameters like forecasting, frequency control, or microgrid 

optimization. Hence, an integrated framework that takes into consideration parameters such as neural 

learning, quantum-inspired optimization, renewable energy coordination, battery management, and 

adaptive decision-making must be devised to cater to the environment of a smart grid-enabled residence. 

The QINE-SGEM framework aims at filling this research gap and uses a combination of                           

quantum-inspired search ability and neural prediction with continuous feedback-based optimization to 

provide efficient energy management of residences. 

Research Challenges 

There are many challenges that can be faced by the intelligent management of energy in a home                        

grid-connected environment because of the dynamic behavior of energy consumption, the 

unpredictability of renewable energy sources, and other issues involved. The traditional optimization 

techniques have some deficiencies while dealing with large-scale and complex energy management 

problems, including nonlinearity and multiple objectives. It is difficult to make an efficient coordination 

among renewable energy generation, battery storage system, appliances, and grid connection because of 

constant changes in consumption patterns and the environment. 

Research Motivation 

The rising usage of renewable energy resources and intelligent grid technology requires the development 

of an intelligent and adaptive energy management system within residential settings. Optimal usage of 

renewable power generation, reduced cost of energy usage, improved efficiency of the battery, and 
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reduced dependence on the grid demand advanced techniques of optimization. The need for such an 

intelligent energy management technique arises due to the limitations of the existing classical and 

independent AI-based systems; therefore, the present study introduces a Quantum-Inspired Neural 

Optimization Framework for Sustainable Energy Management in Smart Grid-Connected Residential 

Systems (QINE-SGEM). 

Key Contribution 

• The integration of neural learning with quantum optimization algorithms has led to the 

development of an innovative framework to facilitate adaptive and efficient energy management 

for smart grid-enabled residential systems. 

• The framework helps to optimize the operation of appliances, battery charging and discharging, 

usage of renewable energy sources, and power transactions with the grid to minimize the use of 

energy, costs, and emissions. 

• An optimization mechanism based on feedback control is designed to adapt the energy 

management decision dynamically based on changes in residential loads, renewable sources, 

and grid operations. 

The rest of this paper is structured as follows. In section I, the background of the research, its motivation, 

problems, and contributions are explained. Section II describes the relevant literature and the previous 

methodologies used along with their shortcomings and the research gap that this research attempts to 

address. Section III describes the methodology used in this research, including the architecture, 

functional modules, and optimization approach adopted to achieve sustainable performance. Section IV 

describes the experiment setup, which includes the dataset used, the simulation environment, 

methodology and criteria used for evaluation. Section V describes the experimental results and analysis 

performed in comparison with the existing methodologies. Section VI explained the main key summary 

of this research. 

LITERATURE REVIEW 

Some of the latest studies in the area of smart grid and microgrid energy management have involved 

intelligent optimization, integration of renewable energy sources, and adaptive control techniques. The 

use of swarm intelligence in the optimization of photovoltaic energy storage systems to optimize 

renewable energy usage and storage has been studied for dynamic energy environments [11]. Some of 

the recent studies have involved a review of advanced power management strategies for efficient energy 

distribution and control in microgrids [12]. Mathematical programming methods-based optimization 

decision models have been used for efficient renewable energy-based microgrid energy management in 

order to reduce operational cost and enhance energy scheduling [13]. The use of quantum-inspired 

optimization techniques for designing resilient and uncertainty-aware residential energy systems for 

better decision-making has been studied for vehicle-to-home energy management and dynamic energy 

management [14]. The intelligent prediction and optimization approach for energy integration using an 

artificial intelligence approach has been used in smart grids and smart homes [15].   

Hybrid quantum-inspired optimization techniques have been designed for advanced microgrid control 

systems to enhance their stability, adaptive control, and energy efficiency under varying operation 

conditions [16]. Energy management systems with digital twins that are combined with quantum 

optimization have been studied for improved grid monitoring, predictive control, and frequency stability 

of smart grids [17]. Sustainable demand-side energy management models have been designed for                   

grid-connected microgrids to manage loads, reduce energy costs, and improve the utilization of 

renewable energy sources. Such sustainable approaches support efficient resource management and 

long-term economic growth through optimized energy utilization strategies [23][18]. Quantum 

computing methods have become popular in decentralized management of microgrids owing to their 

enhanced computational power for solving optimization and energy management problems [19].                   

Trust-aware adaptive control systems have been explored for cyber-physical systems for security and 

energy efficiency purposes [20]. The effectiveness of data-driven decision-support techniques in smart 
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connected environments, supporting the use of intelligent data-driven approaches for optimizing energy 

management in smart grid-connected residential systems [22]. 

Despite showing remarkable enhancements in the integration of renewables, energy scheduling, and 

optimization performance, current techniques usually solve these problems independently. Hence, there 

is a need to have an intelligent technique which integrates neural learning, quantum inspired 

optimization techniques, coordination of renewables, battery management, and adaptive feedback loops 

in residential smart grid settings. The designed Quantum Inspired Neural Optimization Framework for 

Sustainable Energy Management in Smart Grid Connected Residential Systems (QINE-SGEM) seeks to 

solve this problem by providing an intelligent approach to residential energy management. 

Research Gap 

The current state-of-the-art energy management strategies for smart grids have succeeded in providing 

substantial improvements regarding energy scheduling, renewable energy use, and optimization. 

However, some important constraints still exist. Traditional optimization methods, like mathematical 

programming and heuristics, need a proper model of a system and are unable to cope with dynamical 

changes in residential energy consumption, uncertainties in the generation of renewables, and variations 

in grid environment. Although AI-based and DL-based approaches allow one to improve predictions and 

decision-making processes, still have no efficient exploration methods to solve the issue of                            

multi-objective energy optimization. Quantum-inspired optimization approaches can provide better 

performance in terms of search but are typically focused on particular applications, like microgrid 

control, battery management, renewable scheduling, etc., without taking into account comprehensive 

residential energy management needs. Moreover, there is not enough literature devoted to the 

combination of energy demand prediction, appliance scheduling, coordination of battery 

charging/discharge, renewable energy usage, and the connection between the residential consumer and 

the grid into an adaptive framework.  This paper therefore suggests the Quantum-inspired Neural 

Optimization Framework for Sustainable Energy Management in Smart Grid-enabled Residential 

Environments (QINE-SGEM), which address these limitations through intelligent, adaptable, and 

sustainable energy management within smart residential environments. 

PROPOSED QUANTUM-INSPIRED NEURAL OPTIMIZATION FRAMEWORK 

Overall Architecture for Proposed Methodology 

 

Figure 1. Overall architecture of proposed methodology 
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Input Data Acquisition Module 

Input Data Acquisition Module is the first step in the proposed architecture of QINE-SGEM. In this 

module, diverse energy data are acquired and preprocessed for intelligent optimization. The input data 

are related to residents’ consumption patterns, available renewable energy, grid conditions, and 

constraints. These inputs are processed into a common feature vector that is further fed to the                       

Quantum-Inspired Neural Optimization Module for energy prediction and decision making, as shown in 

figure 1. 

The input feature vector can be represented as: 

X(t) = {XR(t), XG(t), XC(t), XRE(t)}                                (1) 

Equation (1) describes the  𝑋𝑅(𝑡) represents residential energy parameters.,  𝑋𝐺(𝑡) represents grid and 

environmental parameters. 𝑋𝐶(𝑡) represents operational constraint parameters. 𝑡 denotes the time 

interval. 

Residential Energy Data 

Smart home energy information refers to the current as well as past energy consumption features of the 

smart homes. Such data allow the neural optimizer to learn about energy consumption patterns of the 

households. 

The residential energy feature vector is defined as: 

XR(t) = {PH(t), M(t), A(t), PV(t), SOC(t)}                (2) 

Equation (2) describes 𝑃𝐻(𝑡) = household electricity consumption profile., 𝑀(𝑡) = smart meter 

measurement. 𝐴(𝑡) = appliance operation pattern. 𝑃𝑉(𝑡) = solar photovoltaic generation. 𝑆𝑂𝐶(𝑡) = 

battery State of Charge. 

Household Electricity Consumption Profiles 

The total residential power demand is expressed as: 

Pload(t) = ∑ Pi

N

i=1

(t)                                                          (3) 

Equation (3) describes the 𝑃𝑖(𝑡) is the power consumption of appliance 𝑖. 𝑁 represents the number of 

connected appliances. 

This information helps the optimizer determine peak times and schedule appliances during cheap power 

periods. 

Smart Meter Measurements 

The smart meter gives instantaneous readings on voltage, current, active power, and energy used. 

The measured electrical power is calculated as: 

P(t) = V(t)I(t) cos(ϕ)                                               (4) 

Equation (4) describes the  𝑉(𝑡) represents voltage. 𝐼(𝑡) represents current. cos(𝜙) represents the power 

factor. These numbers give an accurate response on energy consumption. 
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Appliance Operation Patterns 

Operating behavior of appliances reveals information about the timing, length, and significance of 

appliance usage. 

The appliance scheduling variable can be represented as: 

Si(t) ∈ {0,1}                                                                             (5) 

Equation (5) describes the  𝑆𝑖(𝑡) = 1 indicates appliance operation. 𝑆𝑖(𝑡) = 0 indicates appliance 

inactivity. The optimizer uses this information to perform intelligent load shifting. 

Solar PV Generation 

The solar generation statistics depict the availability of renewable energy from PV sources. 

The available renewable power is expressed as: 

PPV(t) = ηAG(t)                                                                           (6) 

Equation (6) describes  𝜂 = PV conversion efficiency. 𝐴 = solar panel area. 𝐺(𝑡) = solar irradiance. 

This ensures that the system makes maximum use of renewable energy. 

Battery State of Charge (SoC) 

Battery condition is responsible for determining the stored energy in the battery. 

The battery SoC is calculated as: 

SOC(t) = SOC(t − 1) +
ηcPc(t) −

Pd(t)
ηd

Cb
                            (7) 

Equation (7) describes the  𝑃𝑐(𝑡)= charging power. 𝑃𝑑(𝑡)= discharging power. 𝜂𝑐and 𝜂𝑑= 

charging/discharging efficiencies. 𝐶𝑏= battery capacity. 

Input Data Acquisition module is responsible for providing the basis for the proposed QINE-SGEM 

solution, which combines residential consumers' behavior, renewable energy generation attributes, grid 

state, and constraints. The former type of information can be used for effective demand forecasting and 

scheduling of appliances' work, whereas the latter one can be used for cost-aware and sustainability-

driven optimization. Constraints ensure that the energy management solutions generated by our system 

would be feasible and reliable. All this information is aggregated into a single vector and provided to 

the next module – Quantum-Inspired Neural Optimization Module. 

Quantum Inspired Neural Optimization Module 

Figure 2 depicts the designed Quantum-Inspired Neural Optimization Framework for Sustainable 

Energy Management in Smart Grid-Connected Residential Systems that incorporates data gathering, 

neural learning, quantum-inspired optimization, and decision-making in a holistic system. The 

framework starts with gathering heterogeneous input data from energy sources in residences, renewable 

generation systems, and grid conditions. The input feature vector is formulated as: 

X(t) = {XR(t), XRE(t), XG(t), XC(t)}                                    (8) 

Equation (8) where 𝑋𝑅(𝑡) represents residential energy characteristics, 𝑋𝑅𝐸(𝑡) represents renewable 

energy parameters, 𝑋𝐺(𝑡) represents grid and environmental information, and 𝑋𝐶(𝑡) represents system 
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constraints. Residential energy data consists of profiles of electricity usage of households, smart meters, 

appliance usage patterns, solar PV production, and battery SoC data to give insight into the dynamics of 

energy demand and the resources available. The grid and environment data consisting of electricity 

tariffs, grid demand, weather data, renewable availability, and carbon emission factor make the 

optimization problem aware of the cost and sustainable. Constraints on battery storage limit, power 

limits, voltage limit, and energy efficiency keep the solutions feasible. 

 

Figure 2. Overall architecture for quantum-inspired neural optimization module 

The collected input features are transformed into a unified representation in equation (9) 

X = [x1, x2, x3, … , xL]                                               (9) 
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hj
(l) = f (∑ Wij

(l)

n

i=1

xi
(l−1)

+ bj
(l))                               (10) 

Equation (10) where 𝑊𝑖𝑗
(𝑙)

 represents the connection weights, 𝑏𝑗
(𝑙)

 represents bias values, and 𝑓(⋅) 

denotes the activation function. Using several hidden layers, the neural network gains insights into the 

complicated relations between electricity usage behaviors, renewable power generation, and the grid 

operating environment. 

To enhance the exploratory ability of the neural network, a quantum-inspired optimization technique is 

implemented in which the probable energy management configurations are expressed by means of 

quantum probability amplitudes. 

|ψ⟩ = α|0⟩ + β|1⟩                                                      (11) 

Equations (11) and (12) describes the where 𝛼 and 𝛽 represent probabilities of various optimization 
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|α|2 + |β|2 = 1                                                              (12) 

This representation allows exploration of many different possible energy schedules simultaneously 

without falling into local minima. Optimization states are adaptively updated by applying the following 

quantum rotation. 

From the optimized feature representation, the output layer makes smart decisions regarding energy 

management, 

Y = f(WoH + bo)                                                       (13) 

Equation (13) where 𝑌 represents the final optimization outputs, 𝑊𝑜 represents output weights, and 𝐻 

represents the extracted hidden-layer features. These decisions comprise scheduling for appliances, 

battery charging and discharging, grid power consumption, and renewable energy consumption. 

Optimization of appliance scheduling has been done through the use of binary control variables, 

Si(t) ∈ {0,1}                                                                 (14) 

Equation (14) where 𝑆𝑖(𝑡) = 1 indicates appliance activation and 𝑆𝑖(𝑡) = 0 represents appliance 

deactivation. Battery management decisions are determined using: 

PB(t) = Pc(t) − Pd(t)                                                  (15) 

Equation (15) where 𝑃𝑐(𝑡) and 𝑃𝑑(𝑡) represent battery charging and discharging power, respectively. 

The grid power exchange is optimized as: 

PG(t) = PL(t) − PPV(t) − PB(t)                                  (16) 

Equation (16) where 𝑃𝐿(𝑡) represents residential load demand and 𝑃𝑃𝑉(𝑡) represents solar PV 

generation. Furthermore, renewable energy utilization is evaluated using: 

RU =
EPV

ETotal

× 100                                                         (17) 

Equation (17) where 𝐸𝑃𝑉 denotes utilized renewable energy and 𝐸Total represents total energy 

consumption. 

The optimized solutions are implemented to the smart-grid connected residential system and the 

operational feedback is constantly provided back to the input module. The feedback updating process is 

depicted by, 

X(t + 1) = X(t) + ΔX(t)                                           (18) 

Equation (18) where 𝑋(𝑡 + 1) represents the updated system state and Δ𝑋(𝑡) represents variations due 

to changes in demand for energy, availability of renewables, and conditions within the grid network. 

Efficient appliance scheduling, effective integration of renewable energy resources, decreased electricity 

costs, reduced carbon emissions, and sustainability of energy management in smart grid-integrated 

environments are attained through this feedback-based optimization process. 

Proposed Algorithm 

𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 1: 𝑄𝑢𝑎𝑛𝑡𝑢𝑚
− 𝐼𝑛𝑠𝑝𝑖𝑟𝑒𝑑 𝑁𝑒𝑢𝑟𝑎𝑙 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑜𝑟 𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑙𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 𝑀𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 (𝑄𝐼𝑁𝐸
− 𝑆𝐺𝐸𝑀) 

𝐼𝑛𝑝𝑢𝑡: 𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑑𝑎𝑡𝑎 𝑋𝑅 , 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑒𝑛𝑒𝑟𝑔𝑦 𝑑𝑎𝑡𝑎 𝑋𝑅𝐸 , 𝑔𝑟𝑖𝑑 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑋𝐺 ,  
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𝑠𝑦𝑠𝑡𝑒𝑚 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 𝑋𝐶 . 

𝑂𝑢𝑡𝑝𝑢𝑡: 𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑚𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦 𝑌∗ 

𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 𝑄𝐼𝑁𝐸 − 𝑆𝐺𝐸𝑀 

1: 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑛𝑒𝑢𝑟𝑎𝑙 𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑊, 𝑏𝑖𝑎𝑠 𝑏, 𝑞𝑢𝑎𝑛𝑡𝑢𝑚 𝑠𝑡𝑎𝑡𝑒𝑠 |𝜓⟩ 

2: 𝐶𝑜𝑙𝑙𝑒𝑐𝑡 𝑒𝑛𝑒𝑟𝑔𝑦 𝑖𝑛𝑝𝑢𝑡𝑠: 

𝑋(𝑡) = {𝑋𝑅(𝑡), 𝑋𝑅𝐸(𝑡), 𝑋𝐺(𝑡), 𝑋𝐶(𝑡)} 

3: 𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑎𝑛𝑑 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒 𝑖𝑛𝑝𝑢𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

4: 𝐹𝑜𝑟 𝑒𝑎𝑐ℎ 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑑𝑜 

5: 𝐸𝑥𝑡𝑟𝑎𝑐𝑡 𝑒𝑛𝑒𝑟𝑔𝑦 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑢𝑠𝑖𝑛𝑔 𝑛𝑒𝑢𝑟𝑎𝑙 𝑛𝑒𝑡𝑤𝑜𝑟𝑘: 

𝐻 = 𝑓(𝑊𝑋 + 𝑏) 

6: 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑞𝑢𝑎𝑛𝑡𝑢𝑚 − 𝑖𝑛𝑠𝑝𝑖𝑟𝑒𝑑 𝑠𝑡𝑎𝑡𝑒𝑠: 

|𝜓⟩ = 𝛼|0⟩ + 𝛽|1⟩ 

7: 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑒𝑛𝑒𝑟𝑔𝑦 𝑚𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠 

8: 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠 𝑢𝑠𝑖𝑛𝑔 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛: 

𝐹 = 𝑤1Cost + 𝑤2PeakLoad + 𝑤3CO2 + 𝑤4GridDependency 

9: 𝑆𝑒𝑙𝑒𝑐𝑡 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛: 

𝑌∗ = 𝑎𝑟𝑔 𝑚𝑖𝑛(𝐹) 

10: 𝑈𝑝𝑑𝑎𝑡𝑒 𝑞𝑢𝑎𝑛𝑡𝑢𝑚 𝑠𝑡𝑎𝑡𝑒𝑠 𝑎𝑛𝑑 𝑛𝑒𝑢𝑟𝑎𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 

11: 𝑈𝑛𝑡𝑖𝑙 𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑖𝑠 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 

12: 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑠: 

− 𝐴𝑝𝑝𝑙𝑖𝑎𝑛𝑐𝑒 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑖𝑛𝑔 

− 𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔/𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 

− 𝐺𝑟𝑖𝑑 𝑝𝑜𝑤𝑒𝑟 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 

− 𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 

13: 𝐴𝑝𝑝𝑙𝑦 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑠 𝑡𝑜 𝑠𝑚𝑎𝑟𝑡 𝑔𝑟𝑖𝑑 − 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙 𝑠𝑦𝑠𝑡𝑒𝑚 

14: 𝑈𝑝𝑑𝑎𝑡𝑒 𝑚𝑜𝑑𝑒𝑙 𝑢𝑠𝑖𝑛𝑔 𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 

15: 𝑅𝑒𝑡𝑢𝑟𝑛 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑚𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦 𝑌∗ 

𝐸𝑛𝑑 𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 
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Algorithm Explanation 

The QINE-SGEM algorithm offers a dynamic solution to optimize residential energy management 

connected to the smart grid system. Algorithm 1 combines neural learning and quantum-inspired 

optimization methods to analyze energy data, develop optimal decisions, and make wise decisions. The 

QINE-SGEM algorithm optimizes the schedule of appliances, battery management, renewable energy 

sources, and power supply from the grid through continuous feedback-based learning. 

EXPERIMENTAL SETUP 

Dataset Description 

The Pecan Street Austin Smart Grid Energy Dataset is used for evaluating the performance of the 

Quantum-Inspired Neural Optimization Framework for Sustainable Energy Management in Smart                               

Grid-Connected Residential Systems (QINE-SGEM). The Pecan Street Austin Smart Grid Energy 

Dataset comprises energy consumption data along with renewable energy data collected from smart grids 

of the residents in Austin, Texas. The dataset comprises real-life household electricity consumption along 

with the solar photovoltaic (PV) generation, which is done through the high-resolution time-series 

measurements of the household electricity consumption as well as the renewable energy generation [21]. 

Such energy parameters as the household load profile, smart meter measurements, appliance 

consumption, and renewable energy generation are essential in order to develop the intelligent energy 

management strategy for the residential sector. The collected data serve as input features in the                      

QINE-SGEM, including the residential energy parameters (XR) and the renewable energy parameters 

(XRE). Data on residential energy usage are useful for predicting energy demand and scheduling 

appliances. On the other hand, solar energy production data help in maximizing energy use from 

renewables and minimizing dependency on the grid. Hence, Pecan Street Austin Smart Grid Energy 

Dataset can be used as an appropriate real-world benchmark to test the effectiveness of QINE-SGEM in 

energy scheduling. 

Simulation Environment 

Table 1. Simulation parameters of QINE-SGEM framework 

Parameter Configuration 

Programming Language Python 3.10 

Deep Learning Framework TensorFlow 2.13 / Keras 

Data Processing Libraries NumPy, Pandas, Scikit-learn 

Optimization Implementation Custom Quantum-Inspired Optimization Module 

Dataset Pecan Street Austin Smart Grid Energy Dataset 

Data Type Residential energy consumption and renewable generation time-series data 

Simulation Platform Jupyter Notebook / Google Colab 

Hardware Processor Intel Core i7 CPU 

RAM Capacity 32 GB 

GPU Accelerator NVIDIA RTX 3060 

Neural Network Type Quantum-Inspired Neural Network 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 64 

Training Epochs 100 

Training Data Split 70% Training, 15% Validation, 15% Testing 

Activation Function ReLU 

Output Activation Sigmoid 

Number of Optimization 

Iterations 

500 

Battery Capacity 10 kWh 

PV Generation Capacity 5 kW 

Simulation Time Resolution 15 minutes 

Optimization Objectives Energy cost reduction, peak load reduction, renewable utilization, carbon emission 

reduction 
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The developed quantum inspired neural optimization framework for sustainable energy management 

(QINE-SGEM) was implemented and tested in a simulation environment utilizing a software system. 

This software contains modules that perform data pre-processing, neural network training, quantum 

inspired optimization, and energy scheduling to simulate real residential energy operating environments. 

The tests were performed in computational frameworks utilizing Python and related deep learning and 

optimization packages. The proposed model was built using Python 3.10 as the programming platform. 

The neural prediction and optimization modules were built with TensorFlow 2.13 and Keras, 

respectively, whereas the numerical calculations and data processing tasks were done with NumPy, 

Pandas, and Scikit-learn modules. The quantum-inspired optimization module was built through custom 

Python functions to update quantum states, probability amplitudes, and optimization parameters. All 

experiments were conducted on a workstation with an Intel Core i7 CPU, 32 GB RAM, and NVIDIA 

RTX 3060 GPU to speed up the neural network training and optimization process. The simulation was 

carried out for a smart residential setting with household loads, roof-mounted PV generation, battery 

energy storage system, and grid. The simulation settings for evaluating the performance of QINE-SGEM 

are listed in table 1. 

Metric Evaluation 

Energy Consumption Reduction (ECR) 

Reduction in energy consumption measures the capability of QINE-SGEM in minimizing unnecessary 

energy consumption by the household through proper load scheduling. 

ECR(%) =
Ebase − Eopt

Ebase

× 100                                 (19) 

Equation (19) describes the   𝐸base represents the energy consumption before optimization. 𝐸opt is the 

optimal energy consumption after using QINE-SGEM. A higher value of ECR implies better energy 

efficiency.  

Battery Energy Storage Efficiency (BSE) 

The efficiency of a battery can be determined by assessing its charge and discharge efficiency. 

BSE(%) =
Eout

Ein
× 100                                           (20) 

Equation (20) describes the  𝐸𝑜𝑢𝑡 represents discharged energy. 𝐸𝑖𝑛 represents charged energy. This 

metric determines the effectiveness of battery energy management. 

Prediction Performance Metrics 

The neural network element of QINE-SGEM is used to forecast residential energy consumption. 

Prediction performances are assessed by MAE, RMSE, and MAPE, in accordance with the prediction 

analysis part. 

Mean Absolute Error (MAE) 

MAE =
1

𝑁
∑ |

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖|                            (21) 
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Root Mean Square Error (RMSE) 

RMSE = √
1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2                  (22)

𝑁

𝑖=1

 

Mean Absolute Percentage Error (MAPE) 

MAPE =
100

𝑁
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑁

𝑖=1

                 (23) 

Equations (21), (22) and (23), the 𝑦𝑖 represents actual energy demand. 𝑦̂𝑖 represents predicted energy 

demand. 𝑁 represents the number of samples. Lower MAE, RMSE, and MAPE values indicate better 

prediction accuracy. 

RESULTS AND DISCUSSION 

Energy Consumption Optimization Analysis 

The optimization analysis of energy consumption considers the efficiency of QINE-SGEM in reducing 

electricity demand of households through scheduling and energy load balancing of appliances. The 

suggested approach compared with other energy management systems based on average daily energy 

consumption and peak load balancing. 

Table 2. Energy consumption optimization performance 

Method Average Energy Consumption 

(kWh/day) 

Peak Load 

(kW) 

Energy Reduction 

(%) 

MILP-Based EMS 29.6 5.8 9.7 

ANN-Based EMS 27.9 5.4 14.9 

DRL-Based EMS 26.8 5.1 18.3 

QINE-SGEM 24.2 4.5 26.2 

 

Figure 3. Battery energy storage optimization 
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The comparative energy optimization performance of various energy management techniques such as 

MILP-Based EMS, ANN-Based EMS, DRL-Based EMS, and the proposed technique (QINE-SGEM) is 

illustrated in table 2 and figure 3. According to the results obtained, QINE-SGEM technique is more 

efficient in terms of energy optimization due to decreasing the average energy consumption to 24.2 

kWh/day and peak load to 4.5 kW, which are lower compared to 29.6 kWh/day and 5.8 kW, 27.9 

kWh/day and 5.4 kW, and 26.8 kWh/day and 5.1 kW of the traditional methods, such as MILP-Based 

EMS, ANN-Based EMS, and DRL-Based EMS. Moreover, the QINE-SGEM technique achieves an 

energy reduction of 26.2%, outperforming MILP-Based EMS, ANN-Based EMS, and DRL-Based EMS 

by 16.5, 11.3, and 7.9 percentage points, respectively. These enhancements demonstrate that combining 

quantum-inspired optimization with neural learning yields superior load scheduling and minimizes 

energy waste. 

Battery Energy Storage Management Analysis 

Battery management system analysis assesses the battery charging and discharging control of the 

proposed system while ensuring battery stability and effective renewable resource usage. 

Table 3. Battery energy storage optimization 

Method Battery Efficiency 

(%) 

SoC Stability 

(%) 

Charging/Discharging Loss 

(%) 

Conventional 

Control 

82.4 78.5 17.6 

MILP Optimization 87.2 84.6 12.8 

DRL-Based Control 91.5 90.2 8.5 

QINE-SGEM 95.8 94.7 4.2 

The comparative performance evaluation of the various battery energy storage optimization schemes 

with respect to battery efficiency, state-of-charge (SoC) stability, and charging/discharge loss is 

presented in table 3. As seen from the results, the proposed QINE-SGEM scheme has been able to attain 

a maximum battery efficiency of 95.8% and SoC stability of 94.7%, and minimize the 

charging/discharge losses to 4.2%. The QINE-SGEM method increased battery efficiency by 13.4%, 

8.6%, and 4.3% compared with Conventional Control, MILP Optimization, and DRL-Based Control, 

respectively. Also, the SoC stability has been improved to 16.2%, 10.1%, and 4.5% as compared with 

the Conventional Control, MILP Optimization, and DRL-Based Control approaches, respectively. The 

losses related to charging and discharging have been minimized by 17.6%, 12.8%, and 8.5% with respect 

to the existing methods to 4.2%. 

Prediction Performance Analysis 

Prediction analysis studies the neural aspect of QINE-SGEM for predicting residential energy demand 

accurately. 

Table 4. Energy demand prediction performance 

Model MAE RMSE MAPE (%) 

ANN 0.182 0.264 8.6 

LSTM 0.146 0.219 6.4 

GRU 0.131 0.198 5.8 

Transformer 0.118 0.176 4.9 

QINE-SGEM 0.084 0.126 3.2 

Table 4 depicts the energy demand prediction accuracy comparison of various deep learning models 

employed within the QINE-SGEM framework. The comparison is based on Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) criteria, 

whereby lower values imply better forecast accuracy. It is apparent from the proposed QINE-SGEM 

model has produced the lowest prediction errors with an MAE of 0.084, RMSE of 0.126, and MAPE of 

3.2%, outperforming ANN, LSTM, GRU, and Transformer-based models. In addition, compared with 
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the best conventional model, i.e., Transformer, QINE-SGEM has shown a reduction of 28.8% in MAE, 

28.4% in RMSE, and 34.7% in MAPE. Likewise, compared with ANN, LSTM, and GRU models, 

QINE-SGEM has shown reduced prediction errors, implying a better ability to capture residential energy 

consumption patterns. Such improvements are possible due to the quantum-inspired optimization 

process that allows effective feature learning and prediction of energy demand changes. 

Ablation Study Analysis 

The ablation study tests the effect of each component of QINE-SGEM through the omission of its 

quantum optimization and adaptive learning capabilities. 

Table 5. Ablation study of the proposed QINE-SGEM framework 

Model 

Variant 

Energy 

Cost 

Reduction 

(%) 

Peak Load 

Reduction 

(%) 

Renewable 

Utilization 

(%) 

Prediction 

RMSE 

Convergence 

Iterations 

Carbon 

Emission 

Reduction 

(%) 

ANN Only 18.6 14.8 61.2 0.182 760 13.5 

Quantum 

Optimizer 

Only 

23.4 18.9 66.8 0.164 680 17.2 

QINE without 

Feedback 

29.7 23.6 75.4 0.121 590 22.8 

QINE without 

Quantum 

Optimization 

31.2 24.8 77.1 0.109 560 24.1 

Proposed 

QINE-

SGEM 

36.8 29.5 82.6 0.084 500 28.7 

Table 5 shows the ablation study for the proposed QINE-SGEM framework to study the contributions 

of different components such as the neural prediction module, quantum optimizer, feedback mechanism, 

and quantum optimization approach. Results indicate that the entire QINE-SGEM framework 

outperforms all the others and has the maximum energy cost reduction, peak load reduction, renewable 

energy utilization, and carbon emission reduction, in addition to the minimum prediction RMSE with 

just 500 convergence iterations. Comparing QINE-SGEM with the ANN-based model shows that the 

energy cost reduction and renewable utilization increase by 18.2% and 21.4%, respectively, and the 

carbon emission reduction increases by 15.2%, which reflects the efficiency of the quantum-inspired 

optimization approach in combination with adaptive learning. When the quantum optimizer is removed, 

the optimization process becomes less efficient, and the RMSE increased to 0.109, and energy cost 

reduction decreased to 31.2%, proving the significance of using the quantum optimization method. In 

addition, the exclusion of the feedback mechanism has shown that the prediction accuracy decreased 

along with reduced renewable utilization. 

Discussion 

The results show the successful application of the QINE-SGEM framework that effectively enhances 

the residential energy management process with the help of neural prediction, quantum-inspired 

optimization, and adaptive feedback mechanisms. Significant energy savings and a reduction in peak 

load can be obtained through intelligent appliance scheduling, integration of renewable energy sources, 

and efficient interaction with the smart grid. The efficiency of energy storage is evidenced by improved 

battery efficiency and stability of the state of charge, while the decreased charging/discharging losses 

are an indicator of the ability of QINE-SGEM to ensure reliable energy utilization. Moreover, the better 

accuracy of predictions with the lower values of MAE, RMSE, and MAPE confirms the high 

effectiveness of the neural optimization component. The results of the ablation analysis also prove the 

contribution of the quantum optimization and adaptive feedback components to the improvement of 

energy cost savings, renewable energy use, and carbon emissions reduction. In summary, the                         
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QINE-SGEM offers an adaptive approach to residential energy management that is connected to a smart 

grid infrastructure, which eliminates the shortcomings in conventional optimization approaches and 

independent AI systems. Nevertheless, further research should be conducted in regard to the application 

of the model in real-time and at a larger scale of residential buildings. 

CONCLUSION 

The objectives of this study were to propose an intelligent and adaptive energy management system 

framework for the residential energy system that is connected to a smart grid in order to overcome the 

drawbacks of traditional optimization techniques and the standalone use of artificial intelligence. The 

proposed framework, named Quantum-Inspired Neural Optimization Framework for Sustainable Energy 

Management in Smart Grid-Connected Residential Systems (QINE-SGEM), integrates neural learning, 

quantum-inspired optimization, and feedback-based adaptation in order to facilitate effective energy 

scheduling, renewable energy coordination, battery management, and grid connection. The uniqueness 

of the proposed framework lies in the unified optimization framework, which uses the capability of 

quantum-inspired search along with the neural learning mechanism. Experimentation with the Pecan 

Street Austin Smart Grid Energy Dataset proves the efficacy of the developed approach, obtaining an 

average energy consumption of 24.2 kWh/day, 26.2% energy savings, 95.8% battery efficiency, and 

prediction accuracy with MAE of 0.084, RMSE of 0.126, and MAPE of 3.2%. Moreover, the ablation 

study proves the effect of quantum optimization and adaptive feedback schemes by obtaining 36.8% 

energy cost savings, 82.6% utilization of renewable energy sources, and 28.7% carbon emission savings. 

It is concluded that QINE-SGEM offers a scalable and adaptive solution for future energy management 

at homes. Future work includes the hardware implementation of the scheme in real time, its application 

to large-scale residential communities, and incorporation into modern smart grid frameworks.  
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