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ABSTRACT 

The interconnection of renewable energy sources and variable electricity consumption has introduced new 
challenges to smart grid energy management, including energy imbalances, high operational expenses, and 
grid instability. Although deep reinforcement learning and quantum-inspired optimization techniques have 
demonstrated applicability in smart grid applications, very few studies have explored their integration 
within a unified framework for real-time energy scheduling and resource allocation under dynamic 
operating conditions. To address this challenge, this work introduces a novel Quantum-Enhanced Deep 
Reinforcement Learning (QEDRL) framework that integrates Long Short-Term Memory (LSTM)-based 
load forecasting, quantum-inspired probabilistic state encoding, and Deep Q-Network (DQN) 
reinforcement learning to optimize energy consumption in smart grids. The proposed framework was 
evaluated using a hybrid smart grid dataset comprising real-time load demand, renewable energy 
generation, battery storage status, and electricity pricing information. Performance assessment was 
conducted using metrics including optimization efficiency, forecasting accuracy, renewable energy 
utilization, convergence speed, and grid stability. Experimental results showed that the proposed QEDRL 
framework achieved 96.8% optimization efficiency, 97.1% load forecasting accuracy, 31.4% energy cost 
reduction, 27.2% transmission power-loss reduction, and 93.7% renewable energy utilization, 
outperforming conventional Energy Management Systems (EMS), Genetic Algorithm (GA), Particle 
Swarm Optimization (PSO), and standard DQN approaches. The quantum-inspired state representation 
significantly improved convergence speed and exploration efficiency in a high-dimensional smart grid 
environment. The study makes original contributions to the knowledge base by demonstrating how 
quantum-inspired optimization can be integrated with deep reinforcement learning to enhance energy 
efficiency, renewable energy utilization, grid stability, and adaptive decision-making. The findings provide 
valuable insights for the design of future intelligent, sustainable, reliable, and adaptive smart grid energy 
management systems. 
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1. INTRODUCTION  
 

Today, the development of modern power 
system has greatly changed the traditional electrical 
power system into the intelligent power system with 
smart grid technology, which can monitor, adapt 
and control in real time, and can also communicate 
with energy generators and consumers in both 
directions [1]. The growing interconnection of 
renewable energy resources like wind turbines and 
solar photovoltaic (PV) systems has driven the shift 
towards sustainable and environmentally friendly 
power generation systems [2]. However, the 
variability and unpredictability of renewable energy 
sources create serious problems in maintaining the 
stability of the electric network, balancing energy 
production with demand, voltage control, and the 
reliable distribution of energy under varying load 
conditions [3]. 

The main purpose of traditional power 
systems was to generate electricity in a centralized 
location and to have the load as static. 
Contrastingly, current smart grids are faced with 
very dynamic conditions where demand for 
electricity continuously changes because of 
industrial expansions, EVs charging, distributed 
generation systems, and the different behaviours of 
consumers [4]. The transient loading causes the lack 
of energy efficiency, loss of transmission power, 
instability of the peak demand, and rising operating 
costs [5]. Hence, energy optimization in a smart 
grid system is one of the most important research 
issues. 

In the field of smart grid energy 
management, conventional optimization methods 
like Dynamic Programming (DP), Mixed Integer 
Linear Programming (MILP), Linear Programming 
(LP) and heuristic optimization algorithms have 
been widely used [6]. These techniques achieve 
good optimisation performance for small scale 
systems, but often are subject to scalability 
limitations, high computational complexity and lack 
of adaptability in uncertain operating environments 
[7]. Metaheuristic optimization methods such as 
GA, PSO, ACO, and GWO have been found to be 
effective in optimizing load balancing and energy 
scheduling [8]. However, these techniques tend to 
converge prematurely and premature convergence 
also can be the source of local minima and slow 
response time in large-scale real-time applications. 

This study is motivated by the growing 
complexity of modern smart grids, driven by the 
widespread integration of renewable energy 
resources, fluctuating electricity demand, and 
distributed energy resources. Traditional energy 
management systems face significant challenges in 
making optimal decisions within highly dynamic 
and unpredictable environments, often resulting in 
energy inefficiencies, increased operational costs, 
and reduced grid stability. Although machine 
learning, optimization, and reinforcement learning 
methods have been employed for smart grid 
management, many existing approaches lack 
adaptability and are unable to efficiently handle 
high-dimensional decision spaces in real time while 
maintaining fast convergence. Consequently, there 
is a strong need for an intelligent and adaptive 
energy management framework that can optimize 
energy utilization, enhance grid reliability, and 
support sustainable smart grid operations. The 
proposed Quantum-Enhanced Deep Reinforcement 
Learning (QEDRL) framework addresses these 
challenges by integrating quantum-inspired 
optimization with deep reinforcement learning to 
enable efficient, adaptive, and reliable energy 
management in smart grids. 

In recent years, Artificial Intelligence (AI) 
and Machine Learning (ML) techniques have come 
into view as potential solutions in the field of next 
generation smart grid optimization [9]. Some deep 
learning models like Artificial Neural Networks 
(ANN), Convolutional Neural Networks (CNN) and 
Long Short-Term Memory (LSTM) networks have 
achieved outstanding results in load forecasting, 
Demand Side Management (DSM) and renewable 
energy prediction [10]. Of these techniques, LSTM 
models are more effective for time-series 
forecasting because they can be used to model long-
term temporal relationships in dynamic load 
patterns [11]. 

Autonomous decision making in the smart 
grid environment has gained significant attention in 
the research community with Deep Reinforcement 
Learning (DRL) techniques, which integrate 
reinforcement learning and deep neural network 
techniques [12]. DRL is a technique that allows the 
intelligent agent to learn the optimal energy 
scheduling policy as a result of continually 
interacting with the environment. For real-time 
energy management and distributed power 
optimization, Deep Q-Networks (DQN), Deep 
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Deterministic Policy Gradient (DDPG) and 
Proximal Policy Optimization (PPO) algorithms 
have been applied successfully [13]. Although these 
developments provide significant progress, 
traditional DRL methods are still plagued with 
some difficulties such as unstable convergence, 
sparse reward, exploration-exploitation dilemma 
and computational inefficiency in high dimensional 
smart grid state space [14]. 

Recently, quantum computing has 
appeared as a new paradigm that might be able to 
solve very complex optimization problems using 
the principles of quantum superposition, 
entanglement, and representation of states as 
probabilities [15]. Quantum Inspired Optimization 
Algorithms offer greater parallel search capability 
and can markedly decrease the computational load 
when dealing with large-scale optimization 
problems. The potential of combining quantum 
computing concepts with deep reinforcement 
learning could mitigate the drawbacks of 
conventional DRL, such as slow convergence 
speed, suboptimal exploration efficiency, and 
erroneous decision-making processes, in smart grid 
dynamic environments. 

Past research has demonstrated the 
benefits of using optimization algorithms, machine 
learning models, and deep reinforcement learning 
techniques to enhance smart grid energy 
management. However, most existing studies have 
focused on individual optimization or learning 
methods and have not adequately integrated 
forecasting, adaptive decision-making, and 
quantum-inspired optimization within a unified 
framework. Motivated by these limitations, this 
study introduces the Quantum-Enhanced Deep 
Reinforcement Learning (QEDRL) framework and 
demonstrates improvements in optimization 
efficiency, renewable energy utilization, and grid 
stability. 

While a few works have explored the 
optimization of the smart grid using Artificial 
Intelligence and Quantum Computing separately, 
there is a lack of research dedicated to combining 
Quantum-Enhancing Deep Reinforcement Learning 
(QEDRL) with smart grid for intelligent energy 
management in dynamic load scenarios. Current 
approaches have difficulties meeting multiple 
optimization objectives: uncertainty in the 
renewable energy resources, adaptive load 
balancing, real-time scalability, and intelligent 
energy scheduling. Moreover, a lot of the present 
models have poor forecasting capability and 
efficient mechanisms for state space representation, 

which are necessary for the next generation of smart 
grid intelligence. 

Considering these drawbacks, this paper 
presented a new framework of Quantum-Enhanced 
Deep Reinforcement Learning (QEDRL) for smart 
grid energy optimization with dynamic loads. The 
proposed framework combines load forecasting 
using LSTM, state encoding inspired by quantum 
computing, and Deep Q-Network optimization to 
realize the intelligent management of energy in real 
time. Combined with the quantum-inspired 
computation, this system uses the LSTM 
forecasting module to increase predictive capability 
for the dynamic energy demand patterns, and 
improve the efficiency of the exploration process 
and the convergence of learning. 

 

The major goals of this research study are as 
follows: 

1. To propose a new Quantum-Enhanced Deep 
Reinforcement Learning (QEDRL) algorithm 
for intelligent energy optimization in smart 
grid.  

2. To develop a state representation approach 
inspired by quantum information, which is 
suitable to high-dimensional space 
exploration.  

3. To incorporate LSTM dynamic load 
forecasting with accurate energy demand 
prediction with uncertain operating conditions.  

4. Optimize energy consumption cost, 
transmission losses and grid stability with 
adaptive reinforcement learning strategies to 
minimize.  

5. To compare the performance of the proposed 
framework with the conventional optimization 
methods in different smart grid scenarios. 

The proposed model helps in the 
development of the smart grid systems, which are 
intelligent, adaptive and scalable to meet the future 
energy infrastructure requirements. The results 
achieved show that combining deep reinforcement 
learning with a quantum-inspired optimization 
method can significantly enhance energy efficiency, 
stability, and utilization of renewable energy in the 
ever-evolving smart grid scenario. 

This work is organized as follows: The 
related research related to optimization in smart 
grid, deep reinforcement learning and quantum 
inspired computing techniques is given in section 2. 
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The proposed Quantum-Enhanced Deep 
Reinforcement Learning (QEDRL) methodology is 
described in section 3, which consists of dataset 
description, system architecture, mathematical 
modeling and optimization algorithm. The 
experimental results, performance evaluation 
metrics, comparison and graphical interpretations 
are discussed in section 4. Finally, key findings, 
limitations and future research directions are 
presented in Section 5.  

 

2. RELATED WORK 

The distributed energy resources, 
integration of renewable energy and intelligent 
energy management systems have created an 
extensive research field for energy optimization in 
smart grid. To tackle energy efficiency, load 
balancing, and real-time grid stability issues, many 
optimization methods, machine learning models, 
and computational frameworks inspired by 
quantum computing have been suggested. 

 
Initial papers dealing with smart grid 

optimization were related to mathematical 
techniques like Economic Dispatch (ED), Unit 
Commitment (UC) and Optimal Power Flow (OPF) 
[16]. These methods offered best solutions for the 
scheduling problems in a static operation scheme 
but proved to be unfeasible for the large-scale smart 
grid with uncertainty of renewable energy resources 
[17]. After that, models that consider the 
uncertainty of renewable energy sources and load 
demand forecasting were introduced, such as 
stochastic optimization models and robust 
optimization models [18]. These techniques could 
increase reliability in the system, but they required 
a lot of computational power and were based on 
specific system models. 

With the ability to solve nonlinear and 
multiobjective optimization problems efficiently, 
metaheuristic optimization techniques became very 
popular. A particle swarm optimization (PSO), 
differential evolution (DE), ant colony optimization 
(ACO), firefly algorithm (FA) and whale 
optimization algorithm (WOA) algorithms were 
found to perform well for economic load dispatch 
and energy scheduling applications [19]. 
Mohammadi-Ivatloo et al. [20] proposed a modified 
PSO approach for energy management in smart grid 
and achieved better load balancing performance 
under different load demand patterns. But they tend 
to have the problem of getting stuck in local optima 
and converging at a slow rate in high dimensional 
optimization problems. 

 
In recent years, the use of machine 

learning methods has revolutionized the field of 
intelligent power system management. SVM, RF, 
ANN and ensemble learning models are common 
models used for load forecasting, fault diagnosis 
and optimization of demand response [21]. Here, 
deep learning models showed superior feature 
extraction and nonlinear learning ability among 
these methods. CNN has been successfully used to 
identify faults and monitor the power quality in 
smart grid systems [22]. For the same purpose, the 
recurrent neural network model, the Long Short-
Term Memory (LSTM) and the Gated Recurrent 
Unit (GRU) networks also demonstrated a high 
accuracy in forecasting short and long-term energy 
demands [23]. 

 
Recently, Deep Reinforcement Learning 

(DRL) has become one of the most promising 
methods for an autonomous smart grid 
optimization. In order to support adaptive decision-
making in dynamic environments, reinforcement 
learning concepts are integrated with deep neural 
networks in DRL [24]. Wei et al. [25] offered a 
demand response management system with Deep 
Q-Network (DQN) which is able to decrease 
electricity peak consumption and operational cost. 
The study showed that the energy scheduling 
efficiency was higher than that of the traditional 
rule-based system. In the same way, Lu et al. [26] 
used Deep Deterministic Policy Gradient (DDPG) 
algorithms to optimize the energy management of 
distributed microgrids and improved the use of 
renewable energy. 

 
There has been several attempts of 

advanced reinforcement learning frameworks for 
smart grid control applications as well. Multi-Agent 
Reinforcement Learning (MARL) techniques were 
used to achieve decentralized energy management 
for multiple distributed energy resources [27]. 
Wang et al. [28] proposed a cooperative MARL 
method for real-time power distribution 
optimization and observed that scaled up the system 
with better performance and lower communication 
overhead. Nevertheless, there are still some 
problems existing in the current DRL methods such 
as unstable convergence, sparse reward design, 
inefficiency in exploration and computational 
complexity in large-scale smart grid environments. 

 
Researchers have developed a novel way 

to enhance the learning efficiency of reinforcement 
learning systems by incorporating forecasting 
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models. Architectures of LSTM and DRL were 
used to develop a hybrid for adaptive energy 
scheduling under dynamic load conditions, where 
the latter showed improved performance [29]. To 
optimize energy consumption in smart homes, 
Zhang et al. [30] presented an LSTM-based 
reinforcement learning approach that resulted in a 
substantial reduction in the energy consumption 
cost and peak demand fluctuations. Although all 
these improvements, existing hybrid models 
typically have problems with high dimensionality 
of the state representation and the complexity of the 
optimization at real time. 

 
In recent years, a novel approach to 

complex optimization problems in power systems is 
quantum computing. Quantum algorithms take 
advantage of the quantum superposition and 
entanglement principles to solve multiple 
optimization states at once for a better 
computational efficiency [31]. Quantum Annealing 
and Quantum Approximate Optimization 
Algorithms (QAOA) have demonstrated great 
promise in the fields of combinatorial optimization 
and power flow management problems [32]. 
Venturelli et al. [33] have shown that, quantum-
inspired optimization algorithms can improve the 
speed of scheduling optimization for large-scale 
energy systems. 

 
Also getting more and more research 

interest are the quantum machine learning and 
quantum reinforcement learning frameworks. High 
dimensional optimization problems have shown 
quantum enhanced neural networks and variational 
quantum circuits to be more efficient at learning 
[34]. Skolik et al. [35] introduced a quantum 
reinforcement learning model that is superior to 
classical reinforcement learning algorithms in 
complex state-space exploration tasks. Likewise, 
Jerbi et al. [36] proposed a parameterized quantum 
policy optimization framework that can enhance the 
convergence of RL in stochastic environments.  

Previous research on smart grid energy 
management can be broadly categorized into 
traditional optimization techniques, machine 
learning methods, reinforcement learning 
approaches, and quantum-inspired optimization 
models. Traditional optimization techniques, such 
as Genetic Algorithms (GA) and Particle Swarm 
Optimization (PSO), have proven effective for 
energy scheduling; however, they often lack 
scalability and adaptability under dynamic 
operating conditions. Machine learning and deep 
learning methods have improved load forecasting 

accuracy but generally lack the capability to make 
adaptive decisions in real time. Furthermore, many 
reinforcement learning approaches suffer from slow 
convergence and reduced exploration efficiency 
when operating in high-dimensional state spaces. 
Similarly, quantum-inspired optimization methods 
have enhanced search performance, but they are 
rarely integrated with adaptive learning 
mechanisms for real-time smart grid control. These 
limitations highlight the need for a unified 
framework capable of integrating forecasting, 
adaptive learning, and optimization. To address 
these challenges, the proposed Quantum-Enhanced 
Deep Reinforcement Learning (QEDRL) 
framework integrates LSTM-based load 
forecasting, quantum-inspired state encoding, and 
deep reinforcement learning within a unified 
intelligent energy management architecture. 

While AI-driven and quantum-based smart 
grid optimizations have yielded significant research 
progress in recent years, there are still a number of 
research problems to address. The current studies 
are mainly dedicated to single deep reinforcement 
learning (DRL) applications or quantum 
optimization methods, and do not incorporate both 
methods into a single coherent intelligent energy 
management (IEM) architecture. Moreover, 
existing systems do not have efficient dynamic load 
forecasting mechanisms and adaptive exploration 
strategies to optimize the smart grid in a real-time 
scenario under uncertain operating conditions. 

In addition, most of the current RL models 
do not have a robust ability to generalize to sudden 
changes in demand, renewable energy variability, 
and deployment uncertainty of distributed energy 
resources [37]. Several challenges still persist in the 
application of DRL based smart grid management 
system in real-world environments, such as 
scalability, slow reward propagation, and 
computational cost [38].  

To address these limitations, this research 
proposes a novel Quantum-Enhanced Deep 
Reinforcement Learning (QEDRL) framework that 
incorporates the quantum-inspired state 
representation, LSTM-based dynamic load 
forecasting and Deep Q-Network optimization 
within an integrated architecture. The proposed 
model attempts to improve the convergence speed, 
increase the efficiency of exploration, minimize the 
operational cost and increase the stability of the 
grid under highly dynamic smart grid conditions. 

3. METHODOLOGY 
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3.1 Proposed Quantum-Enhanced Deep 
Reinforcement Learning Framework 

In this work, a new quantum-enhanced 
deep reinforcement learning (QEDRL) method for 
intelligent smart grid energy optimization in 
dynamic load was proposed. The solution proposed 
combined reinforcement learning, quantum-
inspired state representation with load forecasting 
by Long Short-Term Memory (LSTM) into a single 
optimization framework. The framework was 
developed to increase the use of renewable energy, 
lower the operating cost, decrease transmission 
power losses, and stability the grid in a highly 
dynamic smart grid. 

The proposed framework was divided in five key 
modules, namely: 

1. Smart Grid Data Acquisition Module  

2. Data Preprocessing and Normalization 
Module  

3. LSTM-Based Dynamic Load Forecasting 
Module  

4. Quantum-Inspired State Encoding Module  

5. Deep Reinforcement Learning Optimization 
Module  

The operational process of the proposed 
system consisted of collecting real-time smart grid 
data from the distributed energy resources and 
smart meters. The preprocessed and normalized 
data was then passed to the LSTM forecasting 
module for predicting the future load. Next, the 
predicted states were represented in a quantum-
inspired probabilistic form with the aim of 
enhancing the efficiency of the state-space 
exploration. Lastly, energy scheduling actions that 
optimize energy use were determined using reward-
driven learning by a Deep Q-Network optimization 
agent. 

3.2 Dataset Description 

The proposed QEDRL framework was 
based on a hybrid smart grid dataset with realistic 
energy consumption patterns and renewable energy 
generation patterns. The dataset included 
residential, industrial, and commercial energy 
consumption data along with renewable energy 

uncertainty conditions like solar intermittency and 
wind speed. The data-set comprised about 250,000 
time-series records gathered at 5-minute intervals 
for a year. 

The data set consists of operational 
parameters like load demand, solar power 
generation, wind power generation, battery charge 
level, voltage stability, grid frequency, transmission 
power loss, electricity pricing and environmental 
factors, as shown in Table 1. The data set created 
featured very dynamic smart grid conditions such 
as peak hour demand fluctuations, renewable 
intermittency, seasonal load variations, and 
stochastic consumer behavior. 

Table 1: Smart Grid Dataset Parameters 
Parameter Description Unit 

𝐿ௗ Load demand kW 

𝑆௚ Solar power generation kW 

𝑊௚ Wind power generation kW 

𝐵௖ Battery charge level % 

𝑉௚ Grid voltage V 

𝐹௚ Grid frequency Hz 

𝑃௖ Electricity price ₹/kWh 

𝑃௟  Transmission power loss MW 

𝑅௨ Renewable utilization % 

𝑇௔ Ambient temperature °C 

Data inconsistency and poor training 
performance were resolved by preprocessing data 
such as missing value interpolation, moving 
average filtering, normalization, and sequence 
generation. 

The normalization process was 
mathematically represented as: 

𝑋௡௢௥௠ =
𝑋 − 𝑋௠௜௡

𝑋௠௔௫ − 𝑋௠௜௡

(1) 

 
where: 
 

 𝑋represents the original feature value,  
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 𝑋௡௢௥௠denotes normalized data,  

 𝑋௠௜௡and 𝑋௠௔௫represent minimum and 
maximum feature values.  

3.3 Proposed QEDRL Architecture 

The proposed Quantum-Enhanced Deep 
Reinforcement Learning architecture is a 
combination of forecasting, quantum optimization 
and reinforcement learning into an intelligent smart 
grid optimization system. 

The architecture comprised the following 
successive working stages: 

The overall architecture of the proposed 
QEDRL framework for intelligent smart grid 
energy optimization is shown in figure 1. Smart 
meters and grid sensors, via IoT sensor nodes, first 
gather real-time operational information like energy 

consumption, load demand and renewable energy 
generation. At the same time, external information, 
such as market prices, load forecasts, and weather 
forecasts, is collected and preprocessed. 

The data fusion module combines all the 
data from the various sources and passes them to 
the deep learning-based prediction system. This 
module is used for energy demand forecasting and 
prediction of the grid stability under dynamic 
operating environments. The dynamic resource 
allocation module optimizes energy allocation, load 
balancing and energy waste reduction based on the 
projected outputs. 

The framework also includes adaptive 
decision-making and self-learning mechanisms to 
enhance operational efficiency and sustainable 
power management. Last, the proposed system 
successfully provides better energy efficiency, 
lower operating expenses, and greater stability of 
the grid under dynamic smart grids. 
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Figure 1. Proposed Quantum-Enhanced Deep Reinforcement Learning Architecture for Smart Grid Optimization 
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Figure 2. Deep Q-Network (DQN)-Based Reinforcement Learning Architecture for Hybrid Renewable Energy Smart 

Grid Optimization 

 

The proposed intelligent energy 
optimization method using the reinforcement 
learning (RL) with the Deep Q-Network (DQN) 
architecture is illustrated in figure 2. The current 
state of the system (energy demand, renewable 
generation, battery state, grid operating conditions, 
etc.) is constantly fed into the DQN agent in the 
hybrid renewable energy system. 

The Critic network of the DQN agent is 
used to compute the reward that is expected if the 
state is fed into the network and the reward is 
associated to possible input actions. Using these Q-
values, the policy module determines the optimal 
action to be taken for energy scheduling and energy 
resource allocation. Once the selected action is 
chosen, it is applied to the smart grid environment 
and energy distribution and load balancing are 
regulated. 

Once the action is performed, rewards are 
provided by the environment using metrics related 
to the performance of the system, like energy 
efficiency, operational cost and grid stability. The 
reward and updated state information is used to 
calculate the loss function, which in turn is used to 
update the weights of the critic network using 
backpropagation. This continual process allows the 
DQN agent to develop optimal energy management 
policies and enhance the efficiency of smart grid 
operation in this case.  

The proposed mathematical framework 
combined state representation for the Smart Grid, 
dynamic load forecasting, Quantum inspired state 
encoding, and Reinforcement learning 
optimization. 

Smart Grid State Representation 

The multidimensional state vector for the 
smart grid environment at time instant twas 
consisted of energy demand and grid operational 
parameters. 

𝑆௧ = [𝐿ௗ, 𝑆௚, 𝑊௚, 𝐵௖ , 𝑉௚, 𝐹௚, 𝑃௖] (2) 
 
where: 
 

 𝐿ௗ= load demand,  

 𝑆௚= solar generation,  

 𝑊௚= wind generation,  

 𝐵௖= battery charge level,  

 𝑉௚= grid voltage,  

 𝐹௚= grid frequency,  

 𝑃௖= electricity pricing.  
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The state representation was done in a 
multi-dimensional approach, which allowed 
efficient modelling of the dynamic operational 
conditions of a smart grid. 

LSTM-Based Dynamic Load Forecasting 

The energy demand pattern was forecasted 
using temporal sequence learning with the LSTM 
forecasting network. 

An update equation for the hidden state 
was given as follows: 

ℎ௧ = 𝑓(𝑊௛𝑥௧ + 𝑈௛ℎ௧ିଵ + 𝑏௛) (3) 

The memory cell state changing rule was 
given as: 

𝐶௧ = 𝑓௧ ⊙ 𝐶௧ିଵ + 𝑖௧ ⊙ 𝐶௧
෩ (4) 

 
where: 
 

 ℎ௧denotes hidden state output,  

 𝐶௧ represents memory cell state,  

 𝑓௧ denotes forget gate activation,  

 𝑖௧  represents input gate activation,  

 𝑊௛ and 𝑈௛ are trainable weight matrices.  

The LSTM forecasting model was 
successfully able to capture the temporal 
dependencies in the smart grid demand pattern. 

Quantum-Inspired State Encoding 

To enhance the optimization efficiency for 
large state spaces, a quantum inspired probabilistic 
state encoding was proposed. 

It was mathematically formulated as 
quantum state representation: 

∣ 𝜓⟩ = 𝛼 ∣ 0⟩ + 𝛽 ∣ 1⟩ (5) 
 
subject to the normalization constraint: 
 

∣ 𝛼 ∣ଶ +∣ 𝛽 ∣ଶ= 1 (6) 
 
where: 

 ∣ 𝜓⟩ represents quantum state,  

 𝛼 and 𝛽 denote probability amplitudes.  

The proposed quantum inspired 
representation enhanced the exploration efficiency, 
and reduced the complexity of the computation. 

Deep Reinforcement Learning Optimization 

The Deep Q-Network (DQN) optimization 
agent has been trained by continuously interacting 
with the smart grid environment to obtain optimal 
scheduling policies. 

The function to update the Q value was written as: 

𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾max 
௔ᇲ

𝑄(𝑠ᇱ, 𝑎ᇱ) − 𝑄(𝑠, 𝑎)] (7) 
 
where: 
 

 𝑄(𝑠, 𝑎) represents state-action value,  

 𝑟 denotes reward value,  

 𝛾 represents discount factor,  

 𝛼 denotes learning rate. 

The reinforcement learning framework 
tuned network parameters on an ongoing basis to 
obtain the maximum cumulative rewards over time. 

Multi-Objective Reward Function 

A novel multi-objective reward function 
was designed to optimize energy saving, renewable 
utilization, transmission loss reduction and 
minimizing operational cost. 

The reward function was mathematically 
defined as: 

mathematically defined as: 
 

𝑅௧ = 𝑤ଵ𝐸௦ + 𝑤ଶ𝑅௨ − 𝑤ଷ𝑃௟ − 𝑤ସ𝐶௘ (8) 
 
where: 
 

 𝐸௦= energy savings,  

 𝑅௨= renewable energy utilization,  



 Journal of Theoretical and Applied Information Technology 
31st July 2026. Vol.104. No.14 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
29 

 

 𝑃௟= transmission power loss,  

 𝐶௘= operational energy cost,  

 𝑤ଵ, 𝑤ଶ, 𝑤ଷ, 𝑤ସ= weighting coefficients.  

The reward function proposed allowed the 
optimization of multiple objectives of smart grid to 
be balanced. 

Computational Complexity 

The proposed QEDRL framework was 
represented by the computational complexity: 

𝑂(𝑛log 𝑛 + 𝑚ଶ) (9) 
 
where: 
 

 𝑛 is the dataset size,  

 𝑚 represents smart grid state-space 
dimension.  

The quantum-inspired encoding led to a 
substantial decrease in the complexity of the state 
space exploration compared with the traditional 
reinforcement learning techniques.  

 
 

3.4 Proposed Algorithm 
Quantum-Enhanced Deep Reinforcement Learning for Smart Grid Optimization 
Input: 

 Smart grid dataset 𝐷 
 Learning rate 𝛼 
 Discount factor 𝛾 
 Replay memory size 𝑀 

Output: 
 Optimized smart grid scheduling policy  

 
Step 1: 
Initialize replay memory, LSTM forecasting network, quantum state encoder, and DQN parameters. 
Step 2: 
Collect real-time smart grid operational state 𝑆௧. 
Step 3: 
Preprocess input smart grid data using normalization and filtering. 
Step 4: 
Predict future load demand using the LSTM forecasting module. 
Step 5: 
Encode predicted smart grid states using quantum-inspired probabilistic representation. 
Step 6: 
Select optimal action 𝑎௧using epsilon-greedy exploration policy. 
Step 7: 
Execute optimized energy scheduling decision. 
Step 8: 
Compute reward value using the multi-objective reward function. 
Step 9: 
Store transition tuple (𝑆௧

, 𝑎௧
, 𝑟௧

, 𝑆௧ାଵ)into replay memory. 
Step 10: 
Update Deep Q-Network parameters using mini-batch gradient descent optimization. 
Step 11: 
Repeat the optimization process until convergence criteria are satisfied. 
Step 12: 
Generate optimized smart grid energy scheduling policy. 
 
4. RESULTS AND DISCUSSION 
 
4.1 Experimental Setup 

 

 

Experimental testing was conducted with a 
hybrid smart grid dataset comprising of dynamic 
energy demands, uncertainty of renewable energy 
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sources, battery storage parameters, and real-time 
electricity price. The experiments were performed 
on a high-performance computing system with an 
Intel core i9 processor, NVIDIA RTX 4090 
graphics card, and 64 GB of RAM, and 
implemented using libraries such as Python, 
TensorFlow, NumPy, and Pandas. 

The data set was randomly partitioned into 
training (70%), validation (15%), and test (15%) 
sets. The proposed framework was trained for 200 
epochs with the Adam optimizer with a learning 
rate of 0.001 and a batch size of 64. The proposed 
QEDRL model was compared with various 
traditional and intelligent optimization methods 
such as: 

 Conventional Energy Management System 
(EMS),  

 Genetic Algorithm (GA),  

 Particle Swarm Optimization (PSO),  

 LSTM-DQN,  

 Standard Deep Q-Network (DQN).  

The optimization efficiency, energy cost 
reduction, power loss minimization, renewable 
energy utilization, convergence speed, forecasting 
accuracy, and grid stability improvement were the 
key aspects of the experimental analysis. 

4.2 Performance Evaluation Metrics 

To assess the effectiveness of the proposed 
framework, under the dynamically changing 
operating conditions of the smart grid several 
performance assessment criteria were leveraged. 

Table 2: Performance Evaluation Metrics 
S. 

No. 
Metric Description 

1 Optimization 
Efficiency (%) 

Measures the overall 
smart grid optimization 

capability 

2 Energy Cost 
Reduction (%) 

Indicates reduction in 
operational electricity 

cost 

3 Power Loss 
Reduction (%) 

Represents reduction in 
transmission power 

losses 

4 Renewable 
Energy 

Utilization (%) 

Measures effective 
utilization of renewable 

energy resources 

5 Grid Stability 
Index (%) 

Evaluates voltage and 
frequency stability 

improvement 

6 Convergence 
Time (s) 

Time required for model 
convergence 

7 Prediction 
Accuracy (%) 

Measures forecasting 
accuracy of the proposed 

model 

The major evaluation metrics were 
identified for this study, and are summarized in 
Table 2. The optimization efficiency is used to 
assess the performance of the proposed structure to 
manage smart grid energy distribution in an 
intelligent way. Reducing the cost of energy and 
reducing the loss of energy measure economic and 
operational improvements. Renewable energy 
utilization assesses the efficiency of integration of 
renewable energy in the smart grid. The voltage and 
frequency stability under varying load conditions 
are captured by the grid stability index, and the 
learning ability and forecasting ability of the 
proposed framework are captured by the 
convergence time and the accuracy of the 
prediction, respectively. 

4.3 Load Forecasting Performance Analysis 

The benchmarking method employed for 
the evaluation of the forecasting module is the 
LSTM was Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), and prediction 
accuracy. The proposed forecasting framework was 
able to well represent the temporal dynamics of 
energy demand and the intermittency of renewable 
energy under highly dynamic operating conditions. 
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Table 3: Load Forecasting Performance Comparison 
S. 

No. 
Model MAE RMSE Prediction 

Accuracy 
(%) 

1 ANN 4.82 6.13 89.4 

2 CNN 3.95 5.24 91.8 

3 GRU 3.27 4.69 93.7 

4 LSTM 2.84 4.11 95.2 

5 Proposed 
QEDRL-

LSTM 

2.16 3.48 97.1 

The different machine learning and deep 
learning models are also compared in terms of their 
forecasting performance in Table 3. The proposed 
QEDRL-LSTM model gave the best performance, 
with its lowest MAE value and RMSE value as well 
as the highest accuracy of 97.1%. This enhanced 
forecasting capability was mainly attributed to the 
combination of temporal sequence learning and 
quantum enhanced optimization mechanisms, 
which are crucial for the effective prediction of 
dynamic load demand and fluctuations of 
renewable energies. 

In this case, the machine learning (ML) 
and deep learning (DL) models are compared in 
terms of the accuracy of load forecasting, as shown 
in Figure 3. QEDRL-LSTM framework 
consistently exhibited higher prediction accuracy 
and reduced forecasting error in the different smart 
grid load conditions. 

 
Figure 3. Load Forecasting Accuracy Comparison 

 
4.4 Energy Optimization Performance Analysis 

The proposed QEDRL framework showed 
remarkable efficiency in optimizing the smart grid 
in terms of optimization efficiency as compared 
with conventional optimization techniques. 

Table 4: Energy Optimization Performance Comparison 
S. 

No. 
Method Optimization 

Efficiency (%) 
Energy Cost 

Reduction (%) 
Power Loss 

Reduction (%) 

1 EMS 78.3 12.5 10.8 

2 Genetic Algorithm (GA) 84.7 18.2 16.9 

3 Particle Swarm 
Optimization (PSO) 

88.6 22.4 20.3 

4 LSTM-DQN 91.5 25.8 22.6 

5 Standard DQN 93.2 28.1 24.5 

6 Proposed QEDRL 96.8 31.4 27.2 

The results of energy optimization can be 
compared as shown in Table 4. The proposed 
QEDRL framework was optimized with the highest 
efficiency of 96.8% and reduced the operational 
energy cost by 31.4%, and the transmission power 
losses by 27.2%. This improvement was attributed 

to state space exploration using the quantum 
approach and the adaptive reinforcement learning 
scheduling decisions. 

The comparison of optimization efficiency 
of conventional and AI based smart grid 
optimization methods is shown in Figure 4. The 
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proposed QEDRL framework was found to be 
superior to all the baseline models as it has adaptive 
learning capability and intelligent allocation of 
resources mechanism. 

 

 
Figure 4. Energy Optimization Efficiency Comparison 

 
4.5 Grid Stability Performance Analysis 

In today's smart grid, voltage and 
frequency stability is one of the main challenges in 
managing load demand and uncertainty of 
renewables. The proposed framework showed 
significantly improved stability performance of the 
grid. 

Table 5: Grid Stability Performance Analysis 
S. 

No. 
Method Voltage Stability 

(%) 
Frequency Stability 

(%) 
Grid Stability 

Index (%) 

1 EMS 74.8 76.2 75.5 

2 Genetic Algorithm (GA) 81.4 82.6 82.0 

3 Particle Swarm Optimization 
(PSO) 

85.3 86.1 85.7 

4 LSTM-DQN 89.2 90.4 89.8 

5 Standard DQN 91.5 92.8 92.1 

6 Proposed QEDRL 95.7 96.4 96.1 

The grid stability analysis results of 
different optimization approaches are shown in 
Table 5. Proposed QEDRL framework offered the 
best results of voltage stability, frequency stability 
and overall grid stability index with intelligent 
reinforcement learning based control and adaptive 
resource allocation. The framework was effective at 
reducing disturbances to the grid during 
intermittent renewable energy and sudden peak-
demand situations. 

It is observed from Figure 5 that the 
proposed control approach, QEDRL, improves 
voltage and frequency stability. The smart grid 
condition were extremely dynamic, and the 
intelligent optimization mechanism resulted in 
significant reduction of instability and enhanced 
operational reliability. 

 
Figure 5. Grid Stability Performance Comparison 

 
4.6 Convergence Performance Analysis 

Reinforcement learning optimizations are 
dependent on the convergence speed. The proposed 
quantum-inspired optimization mechanism 
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converged faster and helped with the computational 
efficiency. 

Table 6: Convergence Performance Comparison 
 

S. 
No. 

Method Iterations to 
Convergence 

Convergence 
Time (s) 

1 Genetic 
Algorithm 

(GA) 

980 154 

2 Particle 
Swarm 

Optimization 
(PSO) 

820 131 

3 LSTM-DQN 610 104 

4 Standard 
DQN 

540 91 

5 Proposed 
QEDRL 

340 58 

The convergence performance comparison 
of different optimization algorithms is shown in 
Table 6. The proposed QEDRL framework 
produced much less number of iterations and 
reduced convergence time as compared to the 
traditional optimization methods. The efficiency of 
state space exploration and convergence of 
reinforcement learning was enhanced by employing 
a quantum-inspired probabilistic state 
representation. 

 
Figure 6. Convergence Analysis of Optimization Models 

In Figure 6, it is shown that various 
optimization methods converge. It is found that 
proposed QEDRL framework is able to converge 
the learning process in the shortest time and to 
ensure learning stability with efficient learning 

optimization based on the reward principle and 
learning exploration capability based on quantum. 

 

4.7 Renewable Energy Utilization Analysis 

Successful implementation of renewable 
energy in the smart grid demands effective 
integration. The proposed framework would largely 
enhance the use of renewable energy in the 
changing environmental conditions. 

Table 7: Renewable Energy Utilization Comparison 
S. 

No. 
Method Renewable Energy 

Utilization (%) 

1 EMS 68.4 

2 Genetic Algorithm 
(GA) 

74.6 

3 Particle Swarm 
Optimization (PSO) 

79.8 

4 LSTM-DQN 85.2 

5 Standard DQN 88.5 

6 Proposed QEDRL 93.7 

The comparison of the utilization of 
renewable energy through different optimization 
methods is given in Table 7. The proposed QEDRL 
framework was the most effective in achieving the 
maximum renewable energy utilization rate of 
(93.7%), while it has shown the ability to schedule 
and integrate renewable energy resources optimally. 
The adaptive reinforcement learning mechanism 
reduced the wastage of renewable energy and 
enhanced the management of battery storage. 

4.8 Discussion 

Results of the experiments proved the 
capability of the proposed Quantum-Enhanced 
Deep Reinforcement Learning framework in 
intelligent optimization of energy use in smart grid 
under dynamic load condition. This combination of 
LSTM forecasting, quantum-inspired state 
encoding, and reinforcement learning optimization 
greatly enhanced the operational intelligence and 
optimization capabilities. 
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In comparison with other traditional 
optimization techniques like GA and PSO, the 
suggested approach outperforms them and attained: 

 Higher optimization efficiency,  

 Faster convergence,  

 Improved renewable energy utilization,  

 Better grid stability,  

 Lower operational energy cost,  

 Reduced transmission power losses.  

The quantum inspired probabilistic state 
representation significantly enhanced the efficiency 
of exploring a high-dimensional smart grid 
environment, and the reinforcement learning agent 
continually updated scheduling policies according 
to the changing operational conditions. The results 
obtained showed that the proposed QEDRL 
framework is highly suitable for next generation 
smart grid system with integrated distributed 
renewable energy, intelligent demand response and 
adaptive energy management.  

While the proposed QEDRL framework 
demonstrated promising results in optimizing 
energy utilization, maximizing renewable energy 
integration, and enhancing grid stability, it is 
important to acknowledge its limitations. The 
framework was evaluated in a simulated hybrid 
smart grid environment, and its performance may 
vary when deployed in large-scale real-world 
settings characterized by highly heterogeneous 
energy resources and communication constraints. 
Furthermore, the integration of quantum-inspired 
optimization and deep reinforcement learning 
increases the computational complexity of energy 
management compared to conventional energy 
management techniques. Therefore, more extensive 
validation using real-world smart grid datasets and 
deployment scenarios is required to assess the 
framework’s scalability, robustness, and 
operational feasibility. 

 

4.9 Difference from Prior Work and Study 
Achievements 

Existing smart grid energy management 
research has primarily focused on classical 
optimization methods, machine learning models, 
and conventional reinforcement learning 

approaches for energy scheduling and load 
management. While these methods have improved 
operational efficiency, they are often constrained by 
the challenges associated with high-dimensional 
state spaces, dynamic load variations, and 
uncertainties in renewable energy integration. In 
contrast, the proposed QEDRL framework 
integrates quantum-inspired probabilistic state 
encoding, LSTM-based load forecasting, and Deep 
Q-Network (DQN) learning within a unified 
architecture. This integration enhances exploration 
efficiency, improves convergence, and supports 
adaptive decision-making under dynamic operating 
conditions. The study successfully achieved its 
objectives by improving optimization efficiency, 
forecasting accuracy, and renewable energy 
utilization, while simultaneously enhancing grid 
stability and reducing energy costs and 
transmission losses. The results demonstrate that 
the proposed QEDRL framework is an effective 
and intelligent solution for smart grid energy 
management. 
 
4.X Problems and Open Research Issues 

While the proposed QEDRL framework 
demonstrated considerable improvements in energy 
optimization efficiency, renewable energy 
utilization, forecasting accuracy, and grid stability, 
several challenges remain. The framework has been 
evaluated in a simulated smart grid environment, 
and its performance in large-scale real-world 
deployments requires further investigation. As the 
complexity of Distributed Energy Resources 
(DERs), Variable Renewable Energy (VRE) 
generation, and fluctuating load demands increases, 
additional challenges related to scalability, 
computational requirements, and real-time 
decision-making may emerge. Furthermore, the 
integration of quantum-inspired optimization with 
deep reinforcement learning increases model 
complexity and may necessitate advanced 
computational resources for practical deployment. 

This study also highlights several open 
research issues. Future investigations should 
explore the deployment of quantum-enhanced 
learning frameworks on practical quantum 
computing platforms to evaluate their performance 
beyond simulation environments. Another 
important research direction involves the 
development of lightweight and scalable 
architectures suitable for resource-constrained 
smart grid infrastructures. In addition, challenges 
related to cybersecurity, privacy preservation, 
federated energy management, and adaptive 
learning under highly uncertain operating 
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conditions require further attention. Addressing 
these issues will contribute to the development of 
more powerful, scalable, and intelligent smart grid 
energy management systems capable of supporting 
future sustainable energy infrastructures. 

 

 
5. CONCLUSION 

 
The study suggested a Quantum-Enhanced 

Deep Reinforcement Learning (QEDRL) approach 
for the intelligent optimization of energy usage in 
the smart grid system in the presence of dynamic 
load. The suggested framework combined load 
forecasting using LSTMs with state encoding using 
quantum-inspired methods and optimization using 
Deep Q-Network to enhance adaptive energy 
scheduling and grid stability. The experimental 
results showed that the proposed model is more 
efficient in optimizing the power system, more 
accurate in forecasting, can reduce the energy cost, 
reduce the power loss in the transmission system, 
and utilize Renewable Energy, which is 96.8%, 
97.1%, 31.4%, 27.2% and 93.7% respectively, 
higher than conventional EMS, GA, PSO and 
standard DQN approaches. It also increased the 
grid stability index to 96.1% and shortened 
convergence time to 58 seconds by making the 
most of quantum-inspired state-space exploration. 

The novelty of this work is to demonstrate 
the feasibility of combining quantum-inspired 
optimisation with deep reinforcement learning and 
LSTM-based load forecasting to build an intelligent 
energy management system for the smart grid. The 
proposed QEDRL framework does not rely on 
conventional optimisation and reinforcement 
learning methods, but also significantly improves 
the adaptation of the decision-making process 
under dynamic load conditions, and increases 
renewable energy utilisation, grid stability, and 
energy efficiency. The results add to the body of 
knowledge by demonstrating the potential of 
quantum-enhanced learning to solve high-
dimensional optimisation problems in the smart 
grid and laying the groundwork for the creation of 
future, more intelligent energy management 
systems. 

This study builds upon prior research in 
smart grid energy management and provides 
evidence that quantum-inspired optimization, deep 
reinforcement learning, and load forecasting can be 
integrated into a unified energy scheduling 
framework for dynamic load management. 
Although these techniques have previously been 

studied in isolation, the proposed QEDRL 
framework demonstrates how their integration can 
enhance optimization efficiency, renewable energy 
utilization, grid stability, and decision-making 
performance. Therefore, this research not only 
delivers incremental performance improvements 
but also demonstrates the effectiveness of quantum-
enhanced learning in addressing the challenges 
associated with high-dimensional and uncertain 
smart grid optimization problems. 

 
Though it worked better, the proposed 

framework fell short in terms of computational 
complexity and reliance on simulated quantum 
environments instead of real quantum hardware 
implementation. Additionally, real-time 
deployment in large-scale distributed smart grids 
may require higher computational resources and 
enhanced cybersecurity mechanisms. 

A key takeaway from this study is that 
integrating quantum-enhanced learning with deep 
reinforcement learning can provide an effective 
approach for handling dynamic and uncertain smart 
grid environments. The results show that the 
proposed control strategy has the potential to 
enhance operational efficiency and grid stability. 
The findings can inform researchers and 
practitioners in the development of future scalable, 
adaptive, and intelligent energy management 
systems that could be used for future smart grid 
infrastructures. 

Future work will go into implementation 
of the smart grid in the real world with practical 
quantum computing platforms, federated 
reinforcement learning for distributed energy 
management, and secure blockchain-assisted smart 
grid optimization for increased scalability, privacy, 
and operational reliability. 

Despite the exciting outcomes, there are 
still a number of open research questions to 
address, such as deployment of quantum-enhanced 
learning on existing quantum hardware, scalability 
with large-scale distributed smart grids, real-time 
adaptation to highly variable renewable energy 
generation, cybersecurity protection of intelligent 
energy management systems, and lightweight 
quantum-AI architectures. These challenges will 
increase the usefulness and robustness of future 
smart grid optimisation systems. 
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