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Abstract: This study proposes a deep-reinforcement-learning (DRL)-based vehicle-to-grid (V2G) op-
eration strategy that focuses on the dynamic integration of charging station (CS) status to refine 
solar power generation (SPG) forecasts. To address the variability in solar energy and CS status, this 
study proposes a novel approach by formulating the V2G operation as a Markov decision process 
and leveraging DRL to adaptively manage SPG forecast errors. Utilizing real-world data from the 
Korea Southern Power Corporation, the effectiveness of this strategy in enhancing SPG forecasts is 
proven using the PyTorch framework. The results demonstrate a significant reduction in the mean 
squared error by 40% to 56% compared to scenarios without V2G. Our investigation into the effects 
of blocking probability thresholds and discount factors revealed insights into the optimal V2G sys-
tem performance, suggesting a balance between immediate operational needs and long-term stra-
tegic objectives. The findings highlight the possibility of using DRL-based strategies to achieve more 
reliable and efficient renewable energy integration in power grids, marking a significant step for-
ward in smart grid optimization. 

Keywords: blocking probability; charging station; deep reinforcement learning; electric vehicle; 
forecast error; power generation forecasting; reinforcement learning; solar; vehicle-to-grid  
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1. Introduction 
1.1. Motivation 

Power generation from renewable sources has undergone an unprecedented in-
crease. The International Energy Agency (IEA) reports that annual additions to renewable 
capacity will surge by 50% year on year in 2023, reaching approximately 510 GW, and the 
capacity is projected to increase to 7300 GW by 2028 [1]. Notably, solar power has become 
the predominant form of renewable energy, contributing to over 70% of the additions 
globally. The preference for solar energy stems from its dual benefits: addressing envi-
ronmental problems and offering economic advantages through a lower levelized cost of 
energy (LCOE) compared to traditional fossil fuels in developed nations [2]. 

However, the assimilation of solar power into the grid poses distinct challenges, pri-
marily because of its variable nature. Solar power generation (SPG) is subject to natural 
phenomena, such as sunlight intensity and duration, causing daily and seasonal fluctua-
tions [3]. Consequently, the precise forecasting of SPG has become vital for maintaining 
grid stability and optimizing the use of solar energy. Despite technological advancements, 
forecasting inaccuracies remain a major challenge. These inaccuracies, which are caused 
by unpredictable weather changes and the inherent limitations of forecasting models, 
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require grid operators to devise robust strategies to use forecasted outputs in actual gen-
eration [4]. 

Alongside the growth in renewable energy, electric vehicles (EVs) are gaining trac-
tion owing to environmental sustainability concerns. In 2022, EVs represented 14% of all 
new car sales, and this figure is expected to increase to approximately 35% by 2030 [5]. 
The increasing prevalence of EVs has opened up new avenues for their utilization as 
adaptable energy resources [6]. Owing to their rapid response capabilities, EVs are ideal 
for integration into vehicle-to-grid (V2G) technology [7]. This innovative application al-
lows for a bi-directional flow of energy, enabling EVs to either draw power from, or sup-
ply power back to, the grid, as required, thereby acting as a dynamic energy storage solu-
tion. The flexibility offered by EVs can be strategically employed to address the challenges 
posed by SPG forecast errors, demonstrating the potential of V2G technology to enhance 
the resilience and efficiency of solar energy integration into the grid. 

1.2. Contributions 
This study contributes to the development and validation of a DRL-based V2G oper-

ation strategy that meticulously considers the status of CS within its framework. This 
strategy is specifically designed to manage the uncertainties associated with SPG forecast 
errors, highlighting a critical area in renewable energy integration, where predictive inac-
curacies can significantly impact grid operations. The main contribution can be summa-
rized as follows: 
• Charging-station-centric V2G operation modeling: Acknowledging the dynamic in-

terplay between EV charging and discharging activities and the operational status of 
the CS, this study introduces an approach that seeks to optimize V2G operations. By 
considering the availability and capacity of the CS and the potential increase in service 
time resulting from V2G actions, we addressed the operational challenge of maintain-
ing efficient CS utilization while managing SPG forecast error uncertainties. This was 
achieved by formulating the V2G operation problem as a Markov decision process 
(MDP), where sequential decision making was employed to identify the optimal 
charging or discharging actions of EVs in the context of CS utilization. 

• Enhanced DRL model with advanced learning techniques: To ensure the practical ap-
plicability and effectiveness of the proposed strategy, we incorporated a penalty-
based reward system into the DRL model. This was complemented by advanced tech-
niques, such as the use of a replay buffer and a target network with delayed updates, 
to enhance the learning efficiency and performance of the model. The feasibility and 
performance of the proposed DRL-based V2G operation strategy were rigorously val-
idated through experimental studies using a real CS status measurement dataset from 
Korea. The present analysis provides a comprehensive evaluation of the impact of this 
strategy on grid management and demonstrates its potential to mitigate the adverse 
effects of SPG forecast errors. 

• Insights and implications of V2G operation: By integrating V2G operations with in-
telligent grid management practices, this study highlights the significance of leverag-
ing advanced DRL methodologies to address the complexities and uncertainties in-
herent in renewable energy systems. This contribution advances state-of-the-art V2G 
operation strategies and offers valuable insights for future developments in renewa-
ble energy integration and grid optimization. 
The remainder of this paper is structured as follows. Section 2 reviews prior works 

and discusses the research gap. Section 3 details the SPG model within a V2G system con-
text and outlines the specific V2G operation problem addressed in this study. Section 4 
describes the methodology behind the proposed V2G operation strategy and provides in-
sights into the design process and the rationale behind the chosen approach. In Section 5, 
we present measurement studies and discuss the application and effectiveness of the pro-
posed strategy, highlighting the key findings and implications. Finally, Section 6 
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concludes the paper and summarizes the contributions of the study, implications for fu-
ture V2G operations, and potential directions for further research. 

2. Literature Review 
2.1. Prior Works 

To address the uncertainty in SPG forecasting, scholars have approached the problem 
from several perspectives, including resource dispatch from a utility perspective and de-
mand response from the demand side. Ferris and Philpott explored the optimization of 
investments in renewable energy generation within an electrical system dominated by hy-
dro power, particularly under the challenge of inflow uncertainty, which threatens energy 
shortages [8]. Their work integrated uncertain seasonal hydroelectric supply and short-
term renewable supply variability into a two-stage stochastic programming framework, 
considering hydroelectric and battery storage solutions. Gheouany et al. proposed a 
multi-stage energy management system for microgrids, incorporating a multi-objective 
particle swarm optimization algorithm for model predictive control and reactive layers 
using extremum seeking for real-time optimization [9]. The system effectively addressed 
forecast uncertainty and ensures significant reductions in daily energy costs and battery 
storage system degradation. Srinivasan et al. developed a cost-optimization model that 
accommodated load and generation uncertainty by engaging in electrical ancillary service 
markets [10]. By aiming for decarbonization, their model attempted to design a multi-
energy system in a cost-optimized manner while providing flexibility through battery 
storage after addressing weather-related forecasting errors. Bodong et al. introduced an 
autoregressive moving-average probabilistic model for economic management and plan-
ning that integrated renewable energy sources and a battery-based demand-side manage-
ment program within a multi-energy market context [11]. A hybrid algorithm combining 
the seagull optimization algorithm and a genetic algorithm was developed to effectively 
manage renewable energy production uncertainties. Zheng et al. proposed a strategy to 
enhance the management of demand response in renewable energy systems by combining 
deep-learning-based short-term renewable power generation prediction and fuzzy-logic-
based energy storage system operation [12]. Battery and supercapacitor system operation 
has been proposed to improve the stability and reliability of renewable energy systems. 

In existing studies on managing SPG forecast uncertainty, battery energy storage sys-
tems (BESSs) serve as flexibility resources because of their controllability and designation 
as fixed energy resources, thereby eliminating uncertainty in their flexibility role. How-
ever, BESSs still present an economic barrier owing to their high cost and limitations in 
terms of installation and mobility [13]. This cost barrier encompasses the initial capital 
expenditure and maintenance and potential replacement expenses over the system’s life-
time [14]. Additionally, the substantial size and weight of these systems can complicate 
their deployment in areas with limited space or remote locations, thereby affecting the 
scalability and flexibility of energy storage solutions. 

The research on V2G is advancing, utilizing EVs as flexible resources without requir-
ing additional investment costs. Unlike BESSs, EVs function as dynamic resources because 
their availability and capacity for grid services vary based on the EV owners’ preferences. 
Consequently, much of the research involving EVs as flexible resources has been dedi-
cated to developing methodologies for V2G operations. Alfaverh et al. investigated the 
integration of EVs into a grid for supplementary frequency regulation (SFR) through V2G 
technology, presenting an optimal V2G control strategy that employed deep reinforce-
ment learning (DRL), specifically the deep deterministic policy gradient (DDPG) algo-
rithm, for the dynamic adjustment of V2G power scheduling [15]. This study utilized ran-
domly generated models for the EV status. Maeng et al. introduced a DRL approach for 
managing EV charging and discharging to mitigate peak loads, highlighting the capacity 
of V2G technology to enhance grid stability by enabling bidirectional energy flow, thereby 
enabling EVs to supply excess energy back to the grid during peak periods [16]. In 
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addition to bolstering grid reliability, it offered revenue generation opportunities for EV 
owners, considering a probabilistic-distributed EV status. Dong et al. explored optimizing 
the use of EVs within intelligent transportation systems (ITSs) to diminish peak loads, 
underscoring the dual functionality of EVs as both a transportation method and a distrib-
uted energy resource (DER) for efficient peak load management [17]. Their approach is 
notable for permitting EVs, viewed as agents, to autonomously decide on energy dis-
charge times back into the grid with optimization through centralized training and local 
execution, thus maintaining individual EV owners’ autonomy and privacy. However, the 
study did not model the EV status. Wang et al. optimized EV charging station (CS) sched-
uling to improve the operational efficiency and economic benefits, acknowledging the dy-
namic and real-time alignment between EVs’ charging demands and CS resources such as 
DERs [18]. This research framed the CS scheduling problem as a finite MDP and inte-
grated a DRL method using a modified rainbow algorithm to devise a time-scale-based 
CS scheduling scheme that accommodated mismatches in energy scale resources. The 
model assumed a uniformly random EV status. Shibl et al. presented a DRL-based power 
system management solution for EV charging management considering the impact of fast 
charging, conventional charging, and V2G operations [19]. The study balanced EV users’ 
needs with utility demands, ensuring grid stability and minimizing adverse effects such 
as voltage fluctuations, power losses, and overloads from EV charging. This research did 
not presuppose EV status but demonstrated outcomes based on a case sensitivity analysis. 

In examining the landscape of existing research, it is clear that a significant propor-
tion of studies on V2G operations rely on RL approaches. The preference for RL methods 
is primarily owing to their model-free characteristic, which is particularly well suited for 
navigating and modeling the inherently dynamic nature of V2G environments. This ca-
pacity allows for adaptive learning in situations where the environmental variables and 
system dynamics are not fully known or are too complex to model explicitly. 

Despite the adaptability of RL methods, a notable limitation observed across many 
studies is the simplistic treatment of the EV status. Often, the EV status is considered ei-
ther as a random variable or assumed to be predefined. It overlooks the variable behavior 
of EVs within the V2G system, such as their availability for charging or discharging at any 
given time, which is a critical factor in the application of V2G technologies. In the context 
of V2G operations, the functionality and efficiency are significantly influenced by the op-
erational strategies for charging the CS. These stations serve as the nexus for the interac-
tion between the grid and EVs, where the scheduling and management of EV charging 
and discharging are crucial. Although some research [18] delves into CS scheduling prob-
lems, it often limits this exploration to viewing EV resources through the lens of an aggre-
gator’s role. This perspective does not fully address the dynamic interplay between EV 
charging and discharging actions and their impact on CS status. Reliable V2G operations 
require an approach that fully considers the impact of EV charging and discharging activ-
ities on CS status. 

2.2. Research Gaps 
While existing studies have significantly advanced the integration of renewable en-

ergy resources into grid systems and explored the utility of V2G technology, several gaps 
remain, particularly in the context of optimizing these systems: 

• Dynamic Integration: Most studies, such as those by Ferris and Philpott, Gheouany et 
al., and others, focus on optimizing renewable energy systems with a static or quasi-
static approach to resource management. There is a lack of emphasis on dynamic in-
tegration where real-time data and continuous learning from the environment can 
profoundly impact operational strategies. Our study addressed this by implementing 
a DRL-based strategy that continuously adapted to changing conditions, enhancing 
the responsiveness of V2G systems to SPG forecast errors. 
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• Comprehensive V2G Operation Modeling: Although research such as that by 
Alfaverh et al. and Wang et al. has begun to explore the use of DRL in V2G operations, 
these studies often do not fully incorporate the complex interdependencies between 
EV charging demands, CS operational status, and grid needs. Our approach extended 
this by formulating the V2G operation as an MDP that captured a broader range of 
variables and scenarios, providing a more holistic view of V2G dynamics. 

By addressing these gaps, our study aimed to significantly advance the field of smart 
grid management, offering innovative solutions for the integration of renewable energy 
sources through sophisticated DRL-based V2G operations. 

3. System Model and Problem Formulation 
3.1. SPG Model with a V2G System 

In this study, a grid-connected SPG system was considered, as shown in Figure 1. 

 
Figure 1. SPG system model with a V2G system. 

3.1.1. SPG Forecast Error Model 
Let 𝑔௧ and 𝑔ො௧ denote the actual SPG and its forecast at time 𝑡, respectively. The SPG 

forecast error at time 𝑡 was defined as follows: 𝑒௧ = 𝑔௧ − 𝑔ො௧. (1) 

A V2G system was added to manage the SPG forecast error, as shown in Figure 1. 
The V2G charging or discharging energy 𝑞௧ compensated for the SPG forecast error, as 
follows: 𝜖௧ = 𝑒௧ − 𝑞௧. (2) 

The objective of the V2G charging or discharging operation was to eliminate the SPG 
forecast error in Equation (2). Therefore, a positive action by 𝑞௧ expressed the charging 
operation, and vice versa. 

3.1.2. V2G Model as Flexibility Resource 
V2G systems are designed to harness parked EVs as flexible resources. This concept 

revolves around using EV batteries effectively as a buffer to address the discrepancies be-
tween the forecasted and actual power demand. Flexibility resources refer to the capabil-
ity to supply energy that can be readily dispatched to compensate for SPG forecast errors. 
Therefore, modeling the V2G system as a flexible resource primarily focuses on the char-
acteristics and capabilities of EV CSs. 

At decision time 𝑡, if no EVs are present at the CS, it becomes impossible to provide 
a flexible resource. However, if EVs are present at the CS EV, then it is assumed that all 
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EVs can be utilized as a flexibility resource. Although the capacity available for flexibility 
can be estimated based on preferences and associated probabilities, the capacity available 
at decision time 𝑡 is determined as a deterministic value. This means that while the po-
tential to contribute to the grid’s flexibility can vary based on the likelihood of EV presence 
and the owners’ willingness to participate in V2G services, the actual capacity that can be 
deployed at any given moment is fixed and can be precisely calculated. This deterministic 
approach promotes more accurate planning and utilization of the V2G system to support 
grid stability and efficiency by providing a clear and immediate measure of the amount 
of energy that can be drawn from or supplied to the grid through these parked EVs. This 
also implies that the flexibility resources provided by V2G systems are determined by the 
CS utilization. 

The CS utilization with the decision time interval 𝛥𝑇 (e.g., 1 h) is presented as [20] 

𝜌௧ = 𝜆௧𝑚 min{ℎ௧, 𝛥𝑇} + ෍ 𝜆௜𝑚௧ିଵ
௜ୀିஶ min{ℎ௧,௜ோ , 𝛥𝑇}, (3) 

where 𝑚, 𝜆௧, and 𝜆௧ indicate the number of chargers, the EV arrival rate in time slot 𝑡, 
and its service time. In Equation (3), the first term represents the CS utilization owing to 
new EVs arriving in timeslot 𝑡, while the second term accounts for the CS utilization re-
sulting from existing EVs that arrived before timeslot 𝑡 and continue to be serviced. The 
residual service time of the existing EVs ℎ௧,௜ோ  is calculated as ℎ௧,௜ோ = max{ℎ௜ − (𝑡 − 𝑖)𝛥𝑇, 0}. 

Considering the blocking probability, which indicates the likelihood of unaccommo-
dated EVs owing to the full occupancy of chargers, the effective utilization of a CS 
equipped with 𝑚 during timeslot 𝑡 is adjusted. 𝜌ො௧ = 𝜌௧ {1 − 𝑃௕(𝜌௧, 𝑚)}, (4) 

where the blocking probability is measured as 𝑃௕(𝜌௧, 𝑚) = 𝜌௧௠/𝑚! ∑ 𝜌௧௜/𝑖!௠௜ୀ଴൘  [21]. 

Using the effective utilization and charging power of the charger, 𝑐 kW, the V2G 
flexibility resource at time slot 𝑡, 𝐶௧, is given by 𝐶௧(𝜌௧, 𝛥𝐶) = 𝑐𝛥𝐶𝑚𝜌௧ {1 − 𝑃௕(𝜌௧, 𝑚)}, (5) 

where 𝛥𝐶 (≤ 𝛥𝑇) indicates the participation time duration in the V2G operation. 
In Equation  (5), the V2G flexibility resource represents the maximum capacity of the 

V2G system. Therefore, the V2G charging or discharging energy, denoted as 𝑞௧ must be 
determined within the limits of the flexibility resource, as follows: −𝐶௧(𝜌௧, 𝛥𝑇) ≤ 𝑎௧ ≤ 𝐶௧(𝜌௧, 𝛥𝑇)  ∀ 𝑡 ∈ 𝒯, (6) 

where 𝒯 denotes the V2G operation time horizon; i.e., 𝒯 = {1, ⋯ , 𝑡, ⋯ , 𝑇}. Considering 
the charger efficiency 𝜂 ∈ (0,1], the actual charging or discharging quantity 𝑞௧ is meas-
ured as 𝑞௧ = ൜𝑎௧/𝜂, if 𝑎௧ ≥ 0,𝜂 𝑎௧, if 𝑎௧ < 0. (7) 

Moreover, unlike electrical energy storage systems, which may have a fixed capacity, 
the V2G flexibility resource changes with each time slot 𝑡  based on the status of the 
chargers and the provision of V2G resources. If discharging is performed for the V2G, 
then the charging must return to the original level. Therefore, the service time increases 
by twice the participation time as ℎ௧ା = ℎ௧ + 2𝛥𝐶. This increases the CS utilization at time 
slot 𝑡 and continues with the CS utilization in the next time slot. 

To reflect these characteristics, a blocking probability constraint is considered as a 
V2G system constraint, 𝑝஻(𝜌௜ା, 𝑚) − 𝑃௕(𝜌௜, 𝑚) ≤ 𝜁்௛,    𝑖 ∈ {𝑡, 𝑡 + 1, 𝑡 + 2, ⋯ , 𝑇}, (8) 
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where 𝜁்௛ refers to the blocking probability threshold. The blocking probability thresh-
old is determined by the V2G service provider based on the system environment. 

3.2. V2G Operation Problem 
The goal of this study was to design a V2G operation method for managing SPG 

forecast errors. This is formulated as an SPG forecast error minimization problem. This 
study considers the mean squared error (MSE) as an error-management performance met-
ric. 

During the V2G operation time horizon, the MSE is calculated as 𝒪(𝐚) = 1𝑇 ෍(𝑒௧ − 𝑞௧)ଶ௧∈𝒯 = 1𝑇 ෍ 𝜖௧ଶ௧∈𝒯 , (9) 

where 𝐚 = {𝑎ଵ, ⋯ , 𝑎௧, ⋯ , 𝑎்}. 
Considering the V2G operation constraints, the SPG forecast error minimization 

problem can be expressed as an optimization problem, as follows: max𝐚 𝒪(𝐚)
subject to Equations (6)  and  (8). (10) 

The problem presented in Equation (10) is a quadratic problem bounded by convex 
constraints. Consequently, if information such as the SPG and its forecast error for future 
time slots is known, then the problem can be addressed using search algorithms such as 
the gradient descent method in an iterative manner [22]. However, the premise of having 
foresight into future information violates the principle of causality and is infeasible in real-
world scenarios [23]. This study introduces an effective approach to tackling the problems 
outlined in Equation (10) without the need for advanced knowledge of future time slots 
by employing DRL approaches. 

4. Proposed V2G Operation Method 
4.1. Markov Decision Process 

As expressed in Equation (9), the V2G operation to manage the SPG forecast error is 
a sequential decision-making problem (SDP). The MDP is a general formalization of the 
SDP and a mathematical form of the RL problem [24]. To determine the optimal criterion 
for an MDP model, the state–action space and transition probability between spaces are 
required. However, the RL method eliminates the requirement for the transition probabil-
ity. Therefore, only a definition of the state–action space is required to design the criteria 
for the RL method. 

The state represents the environment required for V2G operation. For the object func-
tions in Equation (9), the environmental variables used to determine the V2G operation 
action include the decision time 𝑡 and the SPG forecast error 𝑒௧. Moreover, the V2G op-
eration action is in the range of the flexibility resource that is based on the CS utilization 𝜌௧, as expressed in Equations (6) and (8), respectively. Therefore, the state space contains 
three tuples: the operation time, SPG forecast error, and CS utilization. 𝑠௧ = {𝑡, 𝑒௧, 𝜌௧} ∈ 𝒮. (11) 

The action space is defined as all the available action, considering CS utilization: 𝑎௧ ∈ 𝒜. (12) 

The action space is a discrete space with size 𝑁: 𝒜 = {𝑎ଵ, ⋯ , 𝑎௝, ⋯ , 𝑎ே}. (13) 
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It is noteworthy that the MDP-based RL method is solved only under discrete condi-
tions. This implied that the state and action spaces are discrete spaces. However, a contin-
uous state space can also be applied to the DRL method. 

Moreover, the action at each stage should be determined within the state range, as 
follows: 𝑠௧ାଵ ←< 𝑠௧, 𝑎௧ >. (14) 

Therefore, the feasible action set at time 𝑡  is a subset of 𝒜 , considering the con-
straints in Equations (6) and (8): 𝒜௧ ⊆ 𝒜. (15) 

4.2. Proposed RL-based V2G Operation Method 
An RL-based V2G operation is the decision-making process for the action at each 

stage 𝑠௧, considering the feasible action range 𝒜௧. 
The aim of V2G operation is to minimize the SPG forecast error, which is presented 

as the MSE during the operation time horizon, as shown in Equation (9). The objective 
function at each operation time 𝑡 is modified as follows: 

𝒪௧(𝑎௧|𝑒௧) = 1𝑇 ෍ 𝜖௧ଶ்
௜ୀଵ= 1𝑇 𝜖௧ଶ + 1𝑇 ෍ 𝜖௜̂ଶ்

௜ୀ௧ାଵ= 1𝑇 𝜖௧ଶ + 𝒪௧ାଵ(𝑎ො௧ାଵ|𝑒̂௧ାଵ),
 (16) 

where the values with a hat, 𝑎ො௧ାଵ and 𝑒̂௧ାଵ, present the expected values. 
From Equation (16), the rewards and returns of the RL method are defined. The re-

ward at the operation time is the instantaneous value from the current action within the 
current state, and the return is the cumulative reward from the onward operation time. 
The reward at operation time 𝑡, 𝑟௧, is expressed as the first term in Equation (16): 𝑟௧ = 1𝑇 𝜖௧ଶ. (17) 

Using the reward, the return 𝑅௧ is defined: 𝑅௧ = 𝑟௧ + 𝛾𝑟௧ାଵ + 𝛾ଶ𝑟௧ାଶ + ⋯ + 𝛾்ି௧𝑟= 𝑟௧ + 𝛾𝑅௧ାଵ,  (18) 

where 𝛾 indicates the discount factor in (0,1] that reduces the risk of the expected value 
from the decision time onward. The return in Equation (18) becomes the discounted ob-
jective function in Equation (16). Therefore, the decision making in the ESS operation ac-
tion involves designing the action selection to minimize the reward, which is the error 
performance. 

The state–action value function that represents the performance of a decided action 
in a given state is defined as follows: 𝑄(𝑠௧, 𝑎௧) = 𝔼ሾ𝑅௧|𝑠௧, 𝑎௧]= 𝔼ሾ𝑟௧ + 𝛾𝑄(𝑠௧ାଵ, 𝑎௧ାଵ)|𝑠௧, 𝑎௧]. (19) 

If 𝜋 represents the decision-making strategy of the action, then the optimal strategy 
is to minimize the state-action value of all states, 𝜋∗ = argminగ𝑄(𝑠௧, 𝑎௧), ∀ 𝑠௧ ∈ 𝒮, 𝑎௧ ∈ 𝒜. 
From the aspect of the state–action value function, it is expressed as 𝑄∗(𝑠௧, 𝑎௧) =minగ𝑄గ(𝑠௧, 𝑎௧),  ∀ 𝑠௧ ∈ 𝒮, 𝑎௧ ∈ 𝒜. 𝑄గ(𝑠௧, 𝑎௧) expresses the state–action value when the pol-
icy 𝜋 is applied. From the Bellman optimality equation for the state–action function [25], 
the optimal state–action function can be rewritten as 
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𝑄∗(𝑠௧, 𝑎௧) = 𝔼 ൤𝑟௧ + 𝛾 min௔೟శభ∈஺೟శభ𝑄(𝑠௧ାଵ, 𝑎௧ାଵ)|𝑠௧, 𝑎௧൨= 𝔼ሾ𝑟௧ + 𝛾𝑄∗(𝑠௧ାଵ, 𝑎௧ାଵ)|𝑠௧, 𝑎௧].  (20) 

The optimal state–action function in Equation (20) shows that the optimal policy is to 
determine the local optimal action at each decision time 𝑡 because the expected reward 
from the onward decision time is the optimal value. Therefore, the optimal action is de-
termined as follows: a୲∗ = argmin௔೟∈𝒜೟ 𝑄∗(𝑠௧, 𝑎௧). (21) 

If the state–action probability at each decision time is known, then the optimal state–
action function in Equation (20) is calculated, and the optimal action in Equation (21) is 
determined using the optimal state–action function. This requires information from all the 
states, including future times, making the method impractical. In this study, the state–
action function is estimated through learning. 

In tabular-based RL methods such as Q-learning, the state–action value functions are 
updated as 𝑄(𝑠௧, 𝑎௧) ← (1 − 𝛼)𝑄(𝑠௧, 𝑎௧) + 𝛼 ൤𝑟௧ + 𝛾 min௔∈𝒜೟శభ𝑄(𝑠௧ାଵ, 𝑎)൨ , (22) 

where 𝛼 is a learning rate of convergence in (0,1]. This is a linear approximation func-
tion. 

In the DRL approach, the state–action value function is approximated using deep-
learning-based Q-network with parameter 𝜃௧௞, which is a nonlinear approximation func-
tion [26]. The Q-network is updated to minimize the quadratic loss function. The quad-
ratic loss function of the 𝑘-th iteration at decision time 𝑡 is expressed as follows: 𝐿௧௞(𝜃௧௞) = 12 {𝑦௧ − 𝑄(𝑠௧, 𝑎௧; 𝜃௧௞)}ଶ, (23) 

where 𝑦௧ = 𝔼ൣ𝑟௧ + 𝛾min௔೟శభ∈஺೟శభ𝑄(𝑠௧ାଵ, 𝑎௧ାଵ; 𝜃௧௞ିଵ)|𝑠௧, 𝑎௧൧ . The Q-network parameter 𝜃௧௞ 
is updated based on the gradient descent method, as follows: 𝜃௧௞ = 𝜃௧௞ିଵ − 𝛼∇ఏ೟ೖ𝐿௧௞(𝜃௧௞)= 𝜃௧௞ିଵ − 𝛼{𝑦௧ − 𝑄(𝑠௧, 𝑎௧; 𝜃௧௞)}∇ఏ೟ೖ𝑄(𝑠௧, 𝑎௧; 𝜃௧௞). (24) 

When the state–action value function is iterated to convergence, the action policy is deter-
mined using the approximate value: a୲ = argmin௔೟∈𝒜೟ Q(𝑠௧, 𝑎௧; 𝜃௧௞). (25) 

Three engineering techniques were applied to enhance the DRL method. The first is 
a penalty-based reward system. To determine the actions in Equation (25), it is necessary 
to compute the feasible action space 𝒜௧. Given that this feasible space is present in recur-
sive form, as shown in Equation (8), repeated calculations are required. To streamline this 
process, the action space to be decided at each decision time is relaxed to 𝒜 and the fea-
sibility of the determined actions is subsequently assessed. Based on this framework, the 
reward is modified as 𝑟௧ = ൜𝑟௧, if a feasible 𝑎௧,𝜅, otherwise,  (26) 

where 𝜅 is the penalty value. This approach simplifies the decision-making process by 
broadening the initial set of possible actions and applying criteria to evaluate their feasi-
bility, thereby reducing the computational complexity associated with the identification 
of viable actions within a recursive framework. 

The second engineering skill involves the use of the replay buffer 𝒟. SPG exhibits 
non-stationary characteristics owing to weather changes, which can significantly hinder 
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the convergence of DRL models. A replay buffer is used to address this challenge. This 
buffer stores previous states, actions, and rewards, facilitating the learning of the state–
action value function approximation through a random sampling of these stored experi-
ences. The use of random sampling in the replay buffer helps mitigate the correlation be-
tween sequential data points, thereby enhancing the efficiency of DRL learning by provid-
ing a more diversified and representative sample of experiences for training. The tech-
nique is crucial for adapting DRL methods to environments with non-stationary dynam-
ics, such as those influenced by variable weather conditions affecting SPG. 

Finally, a target network with a delayed update approach is implemented. The loss 
function for the state–action value function approximation in Equation (23) is composed 
of the target value 𝑦௧ and the action value 𝑄(𝑠௧, 𝑎௧; 𝜃௧௞), with updates proceeding sequen-
tially based on the gradient descent method. The target network with parameter 𝛩௧௞ is a 
clone of the main state–action value function approximation network with parameter 𝜃௧௞. 
It is used to calculate the target values, as follows: 𝑦௧ = 𝔼 ൤𝑟௧ + 𝛾 min௔೟శభ∈஺೟శభ𝑄(𝑠௧ାଵ, 𝑎௧ାଵ; 𝛩௧௞ିଵ)|𝑠௧, 𝑎௧൨, (27) 

The target network is updated less frequently than the main network. This separation 
creates a more stable learning target, reducing the variance in updates and mitigating the 
risk of divergent behavior that can occur in a rapidly changing environment. 

The proposed DRL-based V2G operation method is summarized as follows: 

A DRL-based V2G operation method 
Initialization 
1:   Initialize the main state–action value function network parameters 𝜃. 
2:   Copy the parameter to the target network 𝛩 = 𝜃. 
3:   Initialize replay buffer 𝒟, the maximum number of iterations 𝐾, the target 
network update frequency 𝑍 

 
Optimal policy learning 
4:   For 𝑘 = 1 to 𝐾 do 
5:  Set the current state to 𝑠଴. 
6:  For 𝑡 = 1 to 𝑇 do 
7:     Replay buffering 
8:     Decide the action using Equation (25) with exploration process. 
9:     Calculate the reward using Equation (26). 
10:     Store (𝑠௧, 𝑎௧, 𝑟௧, 𝑠௧ାଵ) as a set of sample data in 𝒟. 
11:     If 𝑟௧ == 𝜅 then 
12;   Infeasible terminated. 
13: 
14:     Policy learning 
15:     Sample random minibatch of transitions (𝑠௧, 𝑎௧, 𝑟௧, 𝑠௧ାଵ) from 𝒟. 
16:     Calculate the target value 𝑦௧ using Equation (27). 
17:     Update a main network parameter 𝜃௧௞ using Equation (24). 
18:  end for 
19: 
20:  Target network updating 
21:  If 𝑘 mode 𝑍 then 
22:     Copy the main network parameter 𝜃 to the target network 𝛩 = 𝜃. 
23:   end for 
 

The architecture of the proposed DRL-based V2G operation method is expressed in 
Figure 2. 
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Figure 2. The architecture of the proposed DRL-based V2G operation method. 

Our research employs a model-free approach based on DRL, which optimizes actions 
within a given state–action space through deep learning techniques. The objective of DRL 
is to discover the optimal action sequence that minimizes a cumulative reward by learning 
from interactions with the environment, without requiring a model of the environment’s 
dynamics. 

The state space in our study is defined by two critical aspects: the instantaneous error 
in SPG forecasts and the utilization of CSs. The instantaneous SPG error provides real-
time deviation information between forecasted and actual power generation, which is cru-
cial for adjusting control strategies dynamically. The CS utilization is modeled using an 
M/M/C queue-based Markov chain model. This modeling approach allows us to capture 
the operational dynamics of multiple CSs under varying load conditions, providing a re-
alistic framework for simulating V2G interactions. 

Each decision point in our system adheres to the characteristics of an MDP, where 
the choice made at any given moment is influenced solely by the current state and not by 
any previous states. This property ensures that our DRL algorithm can efficiently navigate 
the decision-making process, optimizing actions based on current observations without 
the burden of historical data. 

The model-free nature of the DRL algorithm implies that it does not require a prede-
fined model of the environment, making it highly adaptable to various operational con-
texts. By adjusting parameters within the DRL framework, the algorithm can be tailored 
to different environmental conditions and constraints, enhancing its applicability across 
different V2G scenarios. 

This methodological foundation supports our V2G operation strategy, allowing for 
the sophisticated and dynamic management of energy resources in real time. By leverag-
ing the capabilities of DRL, our approach addresses the inherent uncertainties and varia-
bilities in renewable energy systems, offering a robust tool for enhancing grid reliability 
and efficiency. 

5. Results and Discussion 
5.1. Experimental Environments 

The efficacy of our study was assessed using SPG data with a capacity of 187 kW 
alongside forecasting data recorded by the Korea Southern Power Corporation from 2013 
to 2022. The data were made available through a public data portal operated by the Min-
istry of the Interior and Safety, Korea, and formed the empirical basis of our research [27]. 
Data spanning from 2013 to 2020 were employed to train the proposed DRL-based V2G 
operation strategy, while data from 2021 to 2022 were utilized to evaluate the effectiveness 
of the model. 

To enhance the clarity of our analysis and facilitate a more accessible interpretation 
of the computational results, we normalized the SPG capacity to 100 kWh. This 
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normalization, a standard procedure in modeling and simulation efforts, aims to stand-
ardize the data scale, thereby simplifying the comparative analysis and evaluation pro-
cesses. Notably, the MSE for the SPG forecast in the absence of V2G operations stands at 
44.38. This metric serves as a critical benchmark against which the performance improve-
ments introduced by the proposed DRL-based V2G strategy are measured, underscoring 
the potential of our approach in enhancing the accuracy and reliability of SPG forecasting. 

For our V2G system analysis, we utilized CS information sourced from the Korea 
Environment Corporation [20], which offers critical insights into the operational dynamics 
of the CS infrastructure. The selected CS was equipped with three DC chargers, each 
boasting a charging power of 50 kWh, which served as a practical foundation for evaluat-
ing the proposed V2G operation strategy. 

As illustrated in Figure 3, the CS status provides a comprehensive view of the oper-
ational capacity and limitations of the charging infrastructure. Notably, Figure 3a shows 
that the maximum utilization rate of the CS approaches approximately 0.83, with an av-
erage utilization per charger of 0.28. This utilization metric is pivotal because it indicates 
the extent to which CS resources are leveraged under typical operational conditions. Fig-
ure 3b shows the maximum blocking probability associated with CS, recorded at 0.04. This 
figure signifies a 4% likelihood that an arriving EV will encounter a fully occupied CS, 
thereby being unable to initiate immediate charging. 

  
(a) (b) 

Figure 3. Charging station status. (a) Charging station utilization; (b) blocking probability of the 
charging station. 

In our study, the approximation of the state–action value function, which is crucial 
to the DRL framework, was facilitated by a fully connected neural network (FNN) archi-
tecture comprising two hidden layers. Each of these layers was densely populated with 
256 neurons, providing the necessary computational capacity to effectively capture the 
complex dynamics of the V2G operation strategy. 

For the iterative optimization of our neural network, the training process employed 
a minibatch size of 60 for each gradient update. This specific batch size was chosen to 
synchronize updates on a bi-monthly basis, aligning with the operational timelines typical 
of V2G system evaluations. Furthermore, a cycle for updating the target network was es-
tablished over six iterations. When combined with the bi-monthly update schedule and 
the chosen minibatch size, this configuration implies that the target network underwent 
an update approximately once per year. This temporal setting was strategically selected 
to mimic real-world operational and decision-making cycles within the context of V2G 
systems. 

The learning algorithm was fine-tuned with a learning rate of 0.001, ensuring a grad-
ual and stable convergence toward optimal policy solutions. These parameters were care-
fully selected to optimize the performance and reliability of the proposed DRL-based 
framework with the aim of delivering robust and practical solutions for managing the 
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intricate interplay between SPG forecasts, EV charging/discharging activities, and CS uti-
lization within the V2G ecosystem. 

We conducted our experiments on a system equipped with a single NVIDIA GeForce 
RTX A6000 GPU. Moreover, we utilized the PyTorch framework due to its robust support 
for tensor operations and compatibility with GPU architectures. To ensure the reliability 
and reproducibility of our results, all experimental outcomes were obtained by averaging 
the results of 200 repeated trials. This approach mitigated any anomalies or outliers that 
could have affected the stability and accuracy of our findings. 

Table 1 provides a detailed description of the implementation parameters used in our 
study, outlining their specific values and roles to ensure clarity and reproducibility in our 
experimental setup. 

Table 1. Implementation parameters. 

Name Values 
System parameters 

Number of charging stations 3, 4, 5 
Blocking probability threshold 0.02, 0.04, 0.06, 0.08, 0.10 

Model parameters 
Network model FNN 

Hidden layer 2 
Neurons 256, 256 

Learning rate 0.001 
Discount factor 0.01, 0.20, 0.40, 0.60, 0.80, 0.99 
Minibatch size 60 

Target network update cycle 6 

5.2. MSE Reduction Performance 
Table 2 presents a comprehensive analysis of the MSE changes in the SPG forecasts 

under the application of the proposed V2G operation strategy across varying blocking 
probability thresholds and discount factors. Additionally, Table 3 presents the MSE reduc-
tion ratios relative to the baseline scenario in which V2G operations are not utilized. 

Table 2. MSE change in SPG forecast applying the proposed V2G operation method. 

Blocking probability threshold, 𝜻𝑻𝒉 
Discount factor, 𝜸 

0.01 0.20 0.40 0.60 0.80 0.99 
0.02 24.44 24.01 23.99 24.05 24.40 26.14 
0.04 24.18 24.18 22.95 23.63 23.79 25.24 
0.06 22.77 21.56 19.93 19.95 20.98 22.64 
0.08 23.81 20.66 20.30 19.65 19.45 20.79 

Table 3. MSE reduction ratio applying the proposed V2G operation method. 

Blocking probability threshold, 𝜻𝑻𝒉 
Discount factor, 𝜸 

0.01 0.20 0.40 0.60 0.80 0.99 
0.02 44.9% 45.9% 45.9% 45.8% 45.0% 41.1% 
0.04 45.5% 45.5% 48.3% 46.8% 46.4% 43.1% 
0.06 48.7% 51.4% 55.1% 55.0% 52.7% 49.0% 
0.08 46.3% 53.4% 54.2% 55.7% 56.2% 53.1% 

By implementing the V2G operation strategy, we recorded the SPG forecast errors 
falling between 19.45 and 26.14. This signifies an improvement over the baseline scenario, 
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which had an MSE of 44.38, demonstrating an error reduction performance ranging from 
over 40% to as much as 56% across all cases. 

5.3. Effect of Characteristics 
5.3.1. Effect of Blocking Probability Threshold 

A notable trend observed in the results in Tables 2 and 3 is a reduction in MSE as the 
blocking probability threshold increases, indicating an enhanced accuracy in SPG fore-
casting owing to the application of the V2G operation method. This phenomenon can be 
attributed to the interplay between the imposed constraints and resultant flexibility within 
the V2G system. The blocking probability threshold serves as a critical constraint that di-
rectly affects CS utilization. This effectively delineates the operational limits within which 
the CS can accommodate EV charging and discharging activities without compromising 
service availability. A higher blocking probability threshold signifies a greater tolerance 
for reaching or exceeding the capacity of the CS, thereby allowing for increased flexibility 
in V2G operations. This flexibility is crucial for dynamically managing the integration of 
EVs into the grid, facilitating optimal charging and discharging schedules that align with 
the SPG forecast errors and grid demands. Moreover, from the perspective of CSs, an in-
creased blocking probability threshold may complicate EV charging, potentially degrad-
ing the quality of charging services. Therefore, V2G service providers must consider this 
trade-off when setting the blocking probability thresholds. 

5.3.2. Effect of Discount Factor 
In Table 2, the MSE of the SPG forecast varies based on the discount factor in addition 

to the blocking probability threshold. To examine the impact of the discount factor on the 
MSE of the SPG forecasts more closely, Figure 4 aggregates the results across different 
blocking probabilities to depict the variation in MSE values that correspond to each dis-
count factor. Figure 4 shows that the MSE of the SPG forecasts demonstrates the lowest 
value within the discount factor range of 0.4 to 0.6. 

 
Figure 4. Average MSE of SPG forecast applying the proposed V2G operation method, varying the 
discount factor. 

The discount factor, which is a critical parameter in DRL algorithms, essentially de-
termines the weight assigned to future rewards compared with immediate rewards. A 
higher discount factor values future rewards more, encouraging strategies that may ben-
efit long-term outcomes, even if they do not yield immediate gains. Conversely, a lower 
discount factor prioritizes immediate rewards, which can be beneficial in environments in 
which quick adaptation is essential for performance. In conventional DRL-based resource 
management systems, particularly those involving BESSs, the absence of uncertainty in 
resource availability often justifies setting a high discount factor, such as 0.9–1 [16–18]. 
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This approach favors long-term benefits and enhances performance by significantly valu-
ing future rewards over immediate ones. The rationale is that, in scenarios with predicta-
ble resource behavior, prioritizing future outcomes can effectively optimize system oper-
ations and energy utilization over extended periods. 

However, the V2G system introduces a different dynamic, given the inherent flexi-
bility and variability associated with EV behavior and availability. V2G systems offer dy-
namic flexibility resources influenced by numerous unpredictable factors, such as EV 
owners’ charging habits, mobility patterns, and willingness to participate in V2G services. 
These elements introduce a level of uncertainty that differs markedly from the more stable 
characteristics of BESSs. A discount factor within 0.4–0.6 strikes a balance between the 
importance of immediate and future rewards, aligning with the operational realities of 
V2G systems. It ensures that the DRL model is adequately sensitive to adapt to the short-
term fluctuations and opportunities presented by the availability of EVs for charging or 
discharging without overly discounting the significance of forthcoming rewards. This bal-
anced approach facilitates the effective management of SPG forecast errors by leveraging 
the unique characteristics of V2G systems to enhance grid stability and renewable energy 
integration. This adjustment underscores the necessity of considering future values 
amidst resource uncertainty, offering crucial insights into managing systems with DRL 
algorithms. Identifying the optimal discount factor that accounts for these uncertainties 
represents a significant area for future research. Investigating this will not only improve 
the robustness of DRL applications in variable and uncertain environments but also en-
hance the overall efficiency and effectiveness of renewable energy integration strategies. 

5.3.3. Combining Effects of Blocking Probability Threshold and Discount Factor 
To examine the combined effects of the blocking probability threshold and discount 

factor on the V2G operations, Figure 5 presents the distribution of the maximum blocking 
probability increments in the form of boxplots. These plots delineate the 25% and 75% 
quantile values as the lower and upper bounds of the box, respectively, and the median 
(50% quantile) is represented by the central line. Figures 5a,b specifically illustrate scenar-
ios with discount factors set at 0.4 and 0.99, respectively. 

  
(a) (b) 

Figure 5. Maximum blocking probability increment distribution: (a) 0.4 discount factor case; (b) 0.99 
discount factor case. 

Figure 5a shows that with a discount factor of 0.4, the average value of the maximum 
blocking probability increment increases closer to the threshold value as the blocking 
probability threshold itself increases. This trend indicates that lower discount factors that 
prioritize immediate rewards allow for increased system flexibility without significantly 
compromising future outcomes. However, for a discount factor of 0.99, as shown in Figure 
5b, even as the blocking probability threshold increases, the average value of the maxi-
mum blocking probability increment tends to converge. This phenomenon suggests that 
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a high discount factor, which heavily weighs future values, may not capitalize on the im-
mediate benefits of increased flexibility resulting from higher blocking probability thresh-
olds. 

A closer inspection of the minimum values of the blocking probability increment re-
veals that at a blocking probability threshold of 0.8, scenarios with a discount factor of 
0.99 exhibit larger values compared to those with a discount factor of 0.4. A lower blocking 
probability increment implies a less effective V2G operation, suggesting that a higher dis-
count factor may not always facilitate optimal V2G interactions. Consequently, these re-
sults can be interpreted to mean that a discount factor of 0.99, compared with 0.4, may 
offer more stable operation within V2G systems, despite the potentially less effective uti-
lization of V2G flexibility. 

5.4. Discussion and Summary 
This section presents a thorough analysis of the proposed V2G operation strategy, 

focusing on its impact on SPG forecast accuracy, with special attention paid to the roles of 
the blocking probability thresholds and discount factors. The key aspects can be summa-
rized as follows: 

First, the study demonstrates a significant reduction in the MSE of the SPG forecasts 
when the V2G operation method is applied across various blocking probability thresholds 
and discount factors. The MSE improvement, ranging from over 40% to as much as 56%, 
compared to a baseline scenario without V2G utilization, highlights the effectiveness of 
the proposed strategy in enhancing the SPG forecast accuracy. This improvement under-
scores the potential of V2G systems in mitigating the variability and uncertainty inherent 
in solar power generation, thereby contributing to more stable and efficient grid manage-
ment. 

Second, the analysis reveals the critical influence of the blocking probability thresh-
old on the efficacy of V2G operation. An increase in the threshold enables for greater sys-
tem flexibility by accommodating more EV charging and discharging activities, which, in 
turn, leads to enhanced SPG forecast accuracy. This finding suggests that strategically 
managing the blocking probability threshold can optimize V2G operations, balancing the 
need for CS utilization with the benefits of increased renewable energy integration into 
the grid. 

Finally, this study examined the combined effects of blocking probability thresholds 
and discount factors on V2G operations. It is observed that lower discount factors, which 
prioritize immediate rewards, facilitate an increase in system flexibility and consequently 
improve SPG forecast accuracy. However, a higher discount factor, while potentially of-
fering a more stable V2G system operation, may not capitalize on the immediate benefits 
of the increased flexibility afforded by higher blocking probability thresholds. This inter-
play between the discount factor settings and blocking probability thresholds highlights 
the importance of carefully calibrating these parameters to achieve optimal performance 
in V2G systems. 

In summary, the discussion emphasizes the potential of a well-designed V2G opera-
tion strategy that utilizes DRL techniques to significantly improve SPG forecast accuracy. 
Moreover, it highlights the necessity of balancing operational flexibility with strategic 
foresight through adept manipulation of key system parameters: namely, blocking prob-
ability thresholds and discount factors. This balance is crucial for maximizing the benefits 
of V2G systems in supporting renewable energy integration and enhancing grid stability. 

6. Conclusions 
This study proposed a DRL-based V2G operation strategy for managing SPG forecast 

errors. By intricately considering the status of the CS, the developed DRL-based strategy 
significantly enhanced the accuracy of SPG forecasts, demonstrating a potential reduction 
in MSE of up to 56% compared with the scenario without V2G. This improvement not 
only highlights the effectiveness of the proposed strategy in optimizing renewable energy 
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use but also underlines the critical role of V2G systems in stabilizing the grid amidst the 
variability inherent in solar power. This study further discusses the dynamics between 
blocking probability thresholds and discount factors within the V2G operation frame-
work. The findings reveal an optimal balance that maximizes system flexibility and fore-
cast accuracy, suggesting a strategic pivot toward moderate discount factor values to ac-
commodate the unpredictable nature of EV availability and behavior. This balance is cru-
cial to leverage EVs as dynamic energy resources, thereby enabling more resilient and 
efficient grid operations. 

Based on the foundations of this study, there are several promising directions for 
future research. First, by extending the findings that emphasize the importance of tailor-
ing discount factors based on resource uncertainty, future studies could explore the de-
velopment of DRL methodologies that incorporate discount factors. Such an approach 
would dynamically adjust the discount factor in response to the fluctuating uncertainty 
levels of renewable energy resources, potentially enhancing the adaptability and effective-
ness of DRL strategies for managing renewable energy integration. Furthermore, while 
this research primarily focuses on a simplified model for the CS status, there is a signifi-
cant opportunity to delve into more complex models of CS operation. Future work could 
investigate the application of V2G strategies within the context of an equivalent circuit 
model, offering a more comprehensive understanding of CS dynamics. This advanced 
model could provide new insights into optimizing V2G operations, particularly in scenar-
ios characterized by complex interactions between EVs, renewable energy sources, and 
grid infrastructure. 

Additionally, we encountered challenges in applying advanced DRL models like 
DDPG or twin-delayed DDPG in the V2G context due to their complex network structures 
and high sensitivity to parameter tuning. The inherent uncertainties in SPG and the dy-
namic demands of V2G systems often led to convergence issues. Future research should 
focus on enhancing the robustness of these models to ensure reliable convergence in the 
face of such uncertainties. Developing methodologies that can adaptively manage the 
complexities of real-world energy systems, while maintaining stability and performance, 
will be crucial. Addressing these challenges will advance the application of DRL in energy 
management, contributing to more reliable and efficient renewable energy integration in 
the power grid. 
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