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Abstract 

The increasing integration of renewable energy sources into microgrids has intensified the need for intelligent energy 

management strategies capable of addressing the intermittency of solar and wind generation while ensuring reliable and cost-

effective operation. Although Rule-Based Control (RBC) methods are straightforward to implement, their limited adaptability 

often leads to suboptimal utilisation of Hybrid Energy Storage Systems (HESS). This study develops and evaluates a Deep 

Reinforcement Learning (DRL)-based energy management system employing a Deep Q-Network (DQN) to coordinate battery–

supercapacitor operation within a renewable microgrid. A Gymnasium-compatible simulation environment was constructed 

using a publicly available time-series dataset comprising renewable generation, load demand, electricity prices, battery state of 

charge (SoC), and supercapacitor SoC. Feature engineering, incorporating sinusoidal temporal representations and Min-Max 

normalisation, was applied to enhance learning stability and capture cyclical demand and generation patterns. The DQN agent 

was trained over 50 episodes and benchmarked against a conventional RBC strategy under identical operating conditions. 

Training performance demonstrated progressive policy improvement, with cumulative rewards increasing from approximately -

1200 to -400, indicating enhanced decision-making capability during learning. The learned controller exhibited adaptive energy 

scheduling through dynamic utilisation of the supercapacitor and selective grid interaction in response to varying operating 

conditions, whereas the RBC followed a deterministic control strategy with limited flexibility. However, comparative evaluation 

revealed that the DQN did not consistently outperform the RBC in cumulative economic performance, suggesting the need for 

further refinement of the reward function, training process, and hyperparameter configuration. Nevertheless, the proposed 

framework demonstrates the feasibility of applying deep reinforcement learning to coordinated battery–supercapacitor energy 

management and highlights its potential to enhance operational flexibility and intelligent resource utilisation in renewable 

microgrids. The study contributes a dataset-driven reinforcement learning framework that provides a foundation for future 

research on advanced AI-based energy management systems and the integration of more sophisticated reinforcement learning 

algorithms for resilient and sustainable microgrid operation. 
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1. Introduction 

The growing integration of renewable energy sources, par-

ticularly solar and wind, into contemporary power systems has 

accelerated the advancement of microgrids as a practical solu-

tion for decentralised and sustainable energy generation [1]. 

Microgrids facilitate localised production and consumption of 

energy, thereby improving reliability, resilience, and effi-

ciency [2]. Nevertheless, the inherent intermittency and sto-

chastic behaviour of renewable energy sources present con-

siderable challenges in sustaining a stable equilibrium be-

tween supply and demand [3]. Variations in generation, com-

bined with dynamic load profiles and fluctuating electricity 

prices, necessitate the adoption of advanced energy manage-

ment strategies to ensure optimal system performance [4]. 

Within this framework, energy storage systems assume a piv-

otal role in mitigating variability and reinforcing grid stability 

[5]. 

HESS, which integrate complementary technologies such 

as batteries and supercapacitors, have emerged as an effective 

means of overcoming the limitations associated with single-

storage solutions [6]. Batteries provide high energy density 

and are well suited to long-term energy storage, while super-

capacitors deliver high power density and are particularly ef-

fective in managing short-term fluctuations [7]. The combina-

tion of these technologies enhances operational flexibility and 

efficiency in microgrid applications [8]. However, the suc-

cessful deployment of hybrid systems necessitates advanced 

control mechanisms capable of dynamically allocating energy 

resources in response to changing system conditions [9]. 

Conventional energy management strategies, particularly 

RBC approaches, are widely adopted owing to their simplicity 

and ease of implementation [10]. These methods operate on 

predefined heuristics, such as charging during periods of sur-

plus generation and discharging during deficits [11]. While ef-

fective in straightforward scenarios, RBC strategies are inher-

ently reactive and lack the adaptability required for complex 

and dynamic operating environments [12]. Consequently, they 

often result in suboptimal energy utilisation, increased reli-

ance on the grid, inefficient State-of-Charge (SoC) manage-

ment, and elevated operational costs [13]. These limitations 

underscore the need for intelligent, data-driven approaches ca-

pable of learning optimal control policies through system in-

teractions [14]. 

The objective of this study is to design and evaluate a DQN-

based energy management system for the coordinated opera-

tion of battery-supercapacitor storage within a renewable mi-

crogrid. Specifically, it seeks to model a dataset-driven mi-

crogrid environment, formulate an adaptive reward function 

to enable intelligent energy scheduling, investigate the opera-

tional behaviour of the learned control policy under varying 

renewable generation and load conditions, and assess its per-

formance against a conventional RBC. 

The significance of this research lies in its contribution to 

advancing intelligent energy management in microgrids 

through the integration of artificial intelligence techniques. 

The proposed system facilitates adaptive decision-making in 

complex and uncertain environments by employing reinforce-

ment learning, thereby enhancing energy efficiency, reducing 

operational costs, and improving the overall reliability of mi-

crogrid operations [15]. Moreover, the study enriches the 

growing body of knowledge on Artificial Intelligence (AI) ap-

plications in power systems, particularly in the optimisation 

of hybrid energy storage systems [16]. 

The key contributions and anticipated outcomes of this 

study include the development of a Gymnasium-compatible 

reinforcement learning environment for modelling hybrid en-

ergy storage dynamics, the implementation of a DQN-based 

EMS capable of learning optimal control policies, and a com-

prehensive comparative analysis against a rule-based baseline. 

The results reveal distinct operational behaviours between the 

DQN and Rule-Based Controller, particularly in grid interac-

tion patterns and energy storage utilisation. The findings con-

firm the feasibility of reinforcement learning for hybrid en-

ergy storage management, while also highlighting the need for 

further optimisation to enhance policy performance. These 

findings highlight the effectiveness of the proposed method in 

achieving both economic and operational optimisation. 

The scope of this study is confined to the design and evalu-

ation of an AI-driven EMS for a microgrid integrating renew-

able energy sources with a hybrid battery-supercapacitor stor-

age system. The analysis is conducted using time-series data 

derived from publicly available datasets, encompassing re-

newable generation, load demand, and electricity price signals. 

The reinforcement learning framework is implemented within 

a simulated environment using a discrete action space, and its 

performance is assessed through key metrics, including oper-

ational cost, grid imports, and state-of-charge behaviour. 

The novelty of this study lies in the integration of Deep Q-

Network-based reinforcement learning with hybrid energy 

storage management in microgrids, complemented using en-

gineered temporal features to enhance learning performance. 

In contrast to conventional approaches, the proposed method 

enables proactive and adaptive energy scheduling by captur-

ing both short-term and long-term system dynamics. The 

demonstrated adaptive control behaviour and dynamic utilisa-

tion of hybrid energy storage resources highlight the potential 

of deep reinforcement learning as a robust approach to intelli-

gent microgrid energy management. 

1.1. Related Works 

To provide a comprehensive overview of recent advances 

in intelligent microgrid energy management, a systematic lit-

erature review was conducted using Web of Science, Scopus, 

ScienceDirect, and IEEE Xplore. The search employed key 

terms including deep reinforcement learning, energy manage-

ment, hybrid energy storage system, battery-supercapacitor, 
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and renewable microgrid. The review was restricted to studies 

published between 2024 and 2026, thereby capturing the most 

recent developments in this rapidly evolving field. The search 

identified more than 150 publications, which were subse-

quently screened for relevance, originality, methodological 

rigour, and alignment with the objectives of this study. Fol-

lowing this screening process, 14 high-quality papers were se-

lected for detailed examination and comparative analysis, as 

summarised in Table 1. 

1.2. Research Gap 

Despite growing interest in Deep Reinforcement Learning 

(DRL) for microgrid energy management, comparatively little 

attention has been directed towards the coordinated control of 

battery–supercapacitor hybrid storage systems within unified, 

dataset-driven simulation environments. Existing research of-

ten concentrates on battery-only configurations, simplified 

state representations, or theoretical control frameworks that 

fail to adequately reflect the temporal variability of renewable 

generation and load demand. Moreover, the operational be-

haviour of DQN controllers in managing complementary stor-

age technologies remains insufficiently explored under con-

sistent renewable generation, load, pricing, and storage condi-

tions. To address these gaps, this study develops a Gymna-

sium-compatible reinforcement learning environment for a re-

newable energy microgrid incorporating a battery-superca-

pacitor HESS. The framework integrates engineered temporal 

features through sinusoidal time representations to enhance 

the agent’s ability to capture cyclical generation and demand 

patterns. Unlike previous studies that focus predominantly on 

battery-only systems or theoretical DRL implementations, the 

proposed approach explicitly models the coordinated opera-

tion of battery and supercapacitor resources and evaluates a 

DQN-based Energy Management System against a conven-

tional RBC strategy under identical time-series datasets and 

operating conditions. This enables a more comprehensive as-

sessment of adaptive energy scheduling, storage utilisation, 

and grid interaction behaviour in renewable microgrids. 

Table 1. Literature review of related works. 

SN Methods Employed Description Results Constraints Ref. 

1. 

PSO and neural networks 

combined hierarchically to 

decouple fast and slow storage 

dynamics 

Four‑bus ringmain DC 

microgrid with hybrid 

storage, simulated in 

MATLAB and validated 

experimentally 

Hybrid PSO‑NN framework 

improved voltage regulation, 

reduced battery stress, and 

enhanced transient response 

Required extensive offline 

neural training, with 

performance dependent on 

dataset quality and 

representativeness 

[17] 

2. 

PRISMA‑guided review synthesi-

ing 214 DRL studies across hy-

brid power system applications 

Analysis of DRL algo-

rithms, applications, verifi-

cation platforms, chal-

lenges, and prospects 

DRL achieved near‑optimal 

energy efficiency, strong 

adaptability, and superior ro-

bustness compared to tradi-

tional methods 

Deployment hindered by 

low sample efficiency, 

safety concerns, interpreta-

bility issues, and reality 

gaps 

[18] 

3. 

Integrated quantum particle 

swarm optimisation with deep re-

inforcement learning for dy-

namic-aware EMS 

It investigated microgrid 

energy management using 

BESS under uncertain iner-

tia, damping, and transient 

conditions 

The hybrid framework im-

proved economic efficiency 

by 52.2% and enhances BESS 

charging/discharging 

performance 

DRL faces challenges from 

non-Markovian 

dynamics, high-dimen-

sional state spaces, and 

computational training 

complexity 

[19] 

4. 

It employed multi‑objective 

mixed‑integer nonlinear program-

ming with metaheuristic algo-

rithms and deep reinforcement 

learning 

It investigated techno‑eco-

nomic optimisation of 

off‑grid hybrid renewable 

microgrids using dual‑bat-

tery storage 

The framework reduced 

life‑cycle costs by over 20%, 

emissions by 30%, and bat-

tery degradation by 10% 

Limitations from simplified 

simulations, incomplete 

degradation modeling, and 

scarce real‑world reinforce-

ment learning deployments. 

[20] 

5. 

Applied bi‑LSTM forecasting 

with DQN and SAC reinforce-

ment learning for HRES control 

Examined supervisory con-

trol of solar, wind, bio-

mass, and hydrogen stor-

age within a unified HRES 

SAC agent achieved superior 

adaptability, reducing energy 

imbalance below 0.5 MWh 

and improving stability 

Reliance on a short 24‑hour 

dataset and absence of con-

ventional baseline compari-

sons 

[21] 

6. 

Reviewed smart grid and mi-

crogrid advances using 

state‑of‑the‑art literature 

Researched on planning, 

operation, economics, and 

resilience of distributed en-

ergy systems 

Highlighted on synergistic in-

tegration of distributed gener-

ation and storage improving 

efficiency and resilience 

Reliance on simulated case 

studies and incomplete 

real‑world validation across 

diverse contexts 

[22] 
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SN Methods Employed Description Results Constraints Ref. 

7. 

Analysed 101 selected articles us-

ing structured keyword searches 

and comparative synthesis 

Examined microgrid en-

ergy management systems 

integrating machine learn-

ing and IoT technologies 

Highlighted EMS roles in op-

timising microgrid stability, 

efficiency, and reliability 

through advanced technolo-

gies 

Renewable variability, cy-

bersecurity risks, and de-

ployment complexities lim-

iting microgrid perfor-

mance 

[23] 

8. 

Analysed diverse optimisation 

strategies for CPS‑based mi-

crogrids using literature synthesis 

Surveyed forecasting, de-

mand management, eco-

nomic dispatch, and unit 

commitment in CPS mi-

crogrids 

Multi‑agent and meta‑heuris-

tic approaches outperformed 

conventional methods in de-

centralised, dynamic CPS mi-

crogrids 

Advanced optimisation 

techniques remained un-

derutilised in forecasting 

and demand management, 

limiting scheduling accu-

racy 

[24] 

9. 

Reviewed microgrid control strat-

egies and IoT‑enabled monitoring 

systems 

Examined AC, DC, and 

hybrid microgrid modes 

with distributed energy re-

sources integration 

Emphasised IoT‑based moni-

toring improved stability, ef-

ficiency, and resilience of mi-

crogrid operations 

Intermittency of renewa-

bles, cybersecurity risks, 

and complexity of ad-

vanced control strategies 

[25] 

10. 

Reviewed centralised, decentral-

ised, and hierarchical microgrid 

control strategies 

Studied renewable en-

ergy‑based microgrid sys-

tems, IoT monitoring, and 

emerging control technolo-

gies 

Advanced controllers and IoT 

integration significantly im-

proved microgrid stability, 

scalability, and operational 

efficiency 

System complexity, scala-

bility issues, cybersecurity 

risks, and limitations of 

conventional linear control-

lers 

[26] 

11. 

The study implemented a 

DQN‑based reinforcement learn-

ing algorithm on TI C2000 con-

troller 

Explored adaptive 

real‑time smart charging of 

supercapacitors using rein-

forcement learning tech-

niques 

The RL framework achieved 

high capacitance retention af-

ter 8,000 cycles with reduced 

degradation 

Focused on short‑term cy-

cling tests without exten-

sive validation across di-

verse operating conditions 

[27] 

12. 

Reviewed conventional and ad-

vanced microgrid control strate-

gies, including IoT integration 

Analysed microgrid con-

trol methods, energy man-

agement systems, and 

emerging technologies for 

resilience and efficiency 

The review highlighted 

strengths and limitations of 

droop, PID, MPC, ANN, and 

IoT - enabled control frame-

works 

Challenges of scalability, 

computational demands, 

cybersecurity risks, and 

limited real‑world valida-

tion of advanced tech-

niques 

[28] 

13. 

Developed and simulated a com-

munication‑free SOC‑based coop-

erative control strategy for hybrid 

energy storage 

Studied a solar‑PV DC mi-

crogrid integrating batter-

ies and supercapacitors 

with droop‑controlled con-

verters 

The proposed SOC‑based 

control achieved seamless 

mode switching, stable volt-

age regulation, and extended 

battery lifespan 

The approach did not ad-

dress aging effects, SOC 

estimation errors, or declin-

ing storage performance 

over time 

[29] 

14. 

Conducted a review of IoT, AI, 

blockchain, and digital twin ap-

plications in microgrids 

Analysed Industry 4.0 

technologies for enhancing 

microgrid resilience, effi-

ciency, and sustainable en-

ergy integration 

Demonstrated that IoT, cloud 

computing, AI, and block-

chain significantly improved 

microgrid monitoring, con-

trol, and security 

Scalability, cybersecurity, 

data management, and lim-

ited real‑world implemen-

tation of advanced technol-

ogies 

[30] 

 

2. Materials and Methods 

2.1. Dataset Description and Preprocessing 

The foundation of this study is a comprehensive time-series 

dataset obtained from the Kaggle repository Hybrid Energy 

Storage Dataset (Ziya07, Kaggle). This dataset provides the 

essential environmental variables for a HESS, which regulates 

the interaction between a battery (characterised by high en-

ergy density) and a supercapacitor (characterised by high 

power density). A HESS is modelled as a Gymnasium com-

patible reinforcement learning environment for microgrid en-

ergy management. The seven-dimensional state space consists 

of normalised renewable generation, load demand, electricity 

price, battery SoC, supercapacitor SoC, and two cyclical tem-

poral features, sin (hour) and cos (hour). The discrete actions 

of charging, discharging, and idle are optimised through a re-
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ward function that penalises grid imports, excessive degrada-

tion, and violations of SoC limits, thereby ensuring reliable 

and cost-efficient operation. 

To enhance training stability and enable the Reinforcement 

Learning (RL) agent to effectively capture and interpret tem-

poral patterns, the following preprocessing procedures were 

applied: 

1) Feature engineering: to provide the model with a more 

comprehensive understanding of the environment, sev-

eral additional features were engineered from the raw 

data. Combined_Renewable_kW was obtained by sum-

ming the Solar_Power_kW and Wind_Power_kW col-

umns, thereby consolidating the primary renewable en-

ergy sources into a single metric. The Timestamp col-

umn was utilised to generate cyclical features, sin_hour 

and cos_hour. These features are particularly important 

as they capture the periodic nature of energy generation 

and consumption (for example, solar output typically 

peaks at midday), enabling the agent to adopt a proac-

tive rather than purely reactive control strategy; and 

2) Data Scaling: The continuous observation features, 

namely Combined_Renewable_kW, Load_De-

mand_kW, and Electricity_Price_USD per kWh, were 

normalised using a MinMaxScaler. This transformation 

standardises the data within a uniform range (0 to 1), 

thereby preventing features with larger numerical mag-

nitudes from exerting disproportionate influence on the 

neural network’s learning process and enhancing over-

all training stability. 

2.2. Architecture of the Microgrid System 

The grid-connected microgrid integrates renewable genera-

tion (solar PV and wind), hybrid storage and utility grid support 

(battery-supercapacitor system and utility grid), and a 

DQN-based energy management system that coordinates gen-

eration, demand, pricing, and storage states to ensure reliable 

and optimised operation, as illustrated in Figure 1. This study 

considers two renewable generation sources namely, solar pho-

tovoltaic and wind power, together with complementary storage 

technologies comprising a battery and a supercapacitor. The 

DQN framework is structurally extensible, as additional gener-

ation or storage units can be incorporated by expanding the state 

vector, action space, operating constraints, and reward function. 

However, the reported results are confined to the solar-wind and 

battery-supercapacitor configuration represented in the selected 

dataset, and the controller’s performance with other technolo-

gies was not evaluated in this study. 

 
Figure 1. Schematic Representation of the Microgrid System Architecture. 

2.3. Representation and Impact of Load 

Demand 

Load demand was treated as an aggregated time-series var-

iable rather than separated into residential, commercial, indus-

trial, critical, or flexible categories. At each decision step, the 

normalised demand formed part of the DQN state vector and 

directly influenced battery and supercapacitor actions. Higher 

demand relative to renewable generation created an energy 

deficit, prompting storage discharge or grid import. Lower de-

mand or higher renewable output produced surplus energy, 

which was directed to storage charging. Demand variability 

also influenced storage coordination. Gradual and sustained 

changes were mainly managed by the battery, while rapid 

fluctuations were handled by the supercapacitor. The dataset, 

however, represents demand only at an aggregated level and 

excludes load criticality, demand response, power factor, har-

monic distortion, and appliance-level behaviour. As a result, 

the effects of distinct load categories were not evaluated. 
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2.4. Deep Reinforcement Learning Process 

Figure 2 presents the process (flowchart) of the DRL frame-

work. At each timestep, the agent observes the current mi-

crogrid state and selects one of 25 combined battery–superca-

pacitor actions using an ε-greedy policy. The environment 

then updates the storage states, computes grid exchange and 

operating penalties, and returns the subsequent state and re-

ward. Each transition is stored in replay memory and utilised 

to update the online DQN through mini-batch learning. To en-

hance training stability, the target network is periodically up-

dated. Upon completion of the training episodes, the learned 

policy is evaluated and benchmarked against the RBC under 

identical data and system constraints. 

 
Figure 2. Flowchart of the Deep Reinforcement Learning Process. 

2.5. Mathematical Formulation of the Energy 

Management Framework 

2.5.1. Sample Combined Renewable Power 

Solar and wind generation were aggregated into one renew-

able power variable, enabling unified evaluation at each deci-

sion-making interval, expressed as: 

( ) ( ) ( )
renew solar wind

t = t + tP P P                (1) 

where, ( )
renew

tP is the total renewable power available at 

time t, ( )
solar

tP  solar power generation at time t, ( )
wind

tP
is the wind power generation at time t, and t is the step within 

the simulation period. 

2.5.2. Cyclical Temporal Feature Representation 

Energy generation and consumption follow distinct daily 

cycles. To preserve the continuity of time and avoid artificial 

breaks between successive hours, the hour variable was ex-

pressed using sine and cosine transformations, as follows: 
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2πh
sin_hour = sin

24

2πh
cos_hour = cos

24

 
 
 

 
 
 

             (2) 

where, h is the hour of the day (0 - 23), π is a mathematical 

constant (3.14159), sin_hour is the sine representation of 

hourly periodicity, and cos_hour is the cosine representation 

of hourly periodicity. 

2.5.3. Data Normalisation 

To maintain numerical consistency across input variables 

and enhance neural network convergence during training, all 

continuous variables were normalised using the Min-Max 

scaling method, expressed as: 

min

norm

max min

=
x - x

x
x -x

             (3) 

where, X is the original feature value, 
minx is the minimum 

value of the feature, 
maxx is the maximum value, and 

normx  is the normal feature value. 

2.5.4. State Space Representation 

The reinforcement learning agent engages with the mi-

crogrid through a seven-dimensional state space that encapsu-

lates the prevailing operating conditions of the system, de-

fined as: 

( ) ( )renew,t, t, t, t tt bat,t,
= sin ,cosS SoCP L EP h h 
  

  (4) 

where, 
tS is the state vector at time t, 

renew,tP is the renew-

able power generation, 
tL is the load demand, 

tEP is the 

electricity price, 
bat,tSoC is the battery state of charge, 

( )tsin h is the sine-based temporal feature, and ( )tcos h is 

the cosine-based temporal feature. 

2.5.5. Reward Function Formulation 

The objective of the DQN-based Energy Management Sys-

tem is to minimise operational costs while ensuring reliable 

microgrid operation. To achieve this, a reward function was 

designed to penalise undesirable actions, including excessive 

grid imports, storage degradation, and violations of storage 

operating limits, as expressed in: 

( ) ( ) ( ) ( )( ) ( )
load renew bat sct

= max 0, t - t - t - t EP tG P P P P                             (5) 

where 
tG is the grid import penalty at time step t that de-

notes the monetary expense or operational drawback associ-

ated with importing electricity from the external main grid at 

a given time step, ( )max 0,.  is the operator that establishes a 

boundary condition that restricts grid penalty evaluation to in-

stances where the load demand exceeds the aggregate contri-

bution of renewable generation and storage, ( )
load

tP  is the 

load demand that represents the microgrid’s electricity usage 

requirement at time step t, ( )
renew

tP  is the combined re-

newable generation that represents the total power output from 

local solar and wind resources at time step t, as defined earlier 

in Equation (1), ( )
bat

tP  is the battery power output that rep-

resents the commanded charging or discharging power of the 

battery system, ( )
sc

tP  is the supercapacitor power output 

that represents the transient charging or discharging power of 

the supercapacitor system, and ( )EP t is the electricity price 

that shows the time-dependent grid electricity tariff at time 

step t (USD/kWh). 

Also, the Storage Degradation Penalty is expressed as in: 

( )( ) ( )( )
2 2

t bat sc
= +

bat sct tω ωD P P       (6) 

where 
tD  is the storage degradation penalty at time step t 

that represents the abstract penalty imposed on the agent to 

deter intensive usage behaviours that accelerate the physical 

ageing of hybrid storage assets, 
batω  is the battery wear co-

efficient that represents a fixed scaling factor that captures the 

elevated long-term degradation costs of electrochemical bat-

teries operating under high-current conditions, 
scω  is the 

supercapacitor wear coefficient that represents a structural 

weighting factor assigned to the supercapacitor, 

( )( ) ( )( )
2 2

and 
bat sct tP P are the squared power 

outputs that represent the quadratic penalty on power terms, 

guiding the DQN agent towards low-amplitude operation and 

thereby reducing stress-induced battery degradation. 

Likewise, the State-of-Charge Violation Penalty is ex-

pressed as in: 
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( )( ) ( )( )t i i,max i,min i
i {bat,sc}

= [max 0, t  -  + max 0,  - t ]V SoC  SoC SoC  SoC


                   (7) 

where 
tV is the State-of-Charge Violation Penalty at time 

step t, representing a strict penalty triggered when the state of 

charge breaches safe limits, 

i {bat,sc}

  is the Summation op-

erator aggregating boundary checks for battery and superca-

pacitor into a single penalty, ( )
i

tSoC  is the current state 

of charge, representing the real-time percentage or energy 

level of the storage asset at time step t, ( )
i, max

tSoC  is the 

Maximum Safe State of Charge, representing the upper phys-

ical limit of the storage unit, ( )
i, min

tSoC  is the Minimum 

Safe State of Charge, representing the lower physical limit of 

the storage unit, and ( )max 0,. is the set of conditions that 

function as conditional logical gates. 

2.5.6. Deep Reinforcement Learning Model 

Configuration 

Table 2 outlines the architectural configuration and training 

hyperparameters employed in the DQN agent developed for 

optimising energy management within the hybrid battery-su-

percapacitor storage system. These parameters define the 

learning dynamics, control strategy, and convergence behav-

iour of the reinforcement learning framework, thereby facili-

tating adaptive energy scheduling under fluctuating renewable 

generation, load demand, and electricity pricing conditions. 

The chosen configuration was designed to balance computa-

tional efficiency, training stability, and optimal decision-mak-

ing within the microgrid environment. 

Table 2. Configuring Hyperparameters for the Deep Q-Networks. 

SN Parameter Value 

1. Input State Dimension 7 

2. Hidden Layers 2 

3. Neurons per Hidden Layer 128 

4. Activation Function ReLU 

5. Output Actions 25 (5 battery power levels x 5 supercapacitor power levels) 

6. Optimiser Adam 

7. Learning Rate 0.001 

8. Discount Factor (γ) 0.99 

9. Loss Function Smooth L1 (Huber) 

10. Gradient Clipping (max norm) 5.0 

11. Replay Memory Capacity 50,000 

12. Mini-Batch Size 128 

13. Initial Exploration Rate (ε) 1.0 

14. Final Exploration Rate (ε) 0.05 

15. Exploration Strategy ε-Greedy 

16. Training Episodes 50 

17. Warm-up Steps (random actions) 2,000 

18. Training Start Threshold 1000 steps 

19. Target Network Update Every 1000 steps 
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3. Results and Discussion 

3.1. Exploratory Data Analysis 

Figure 3 illustrates the time-series profiles of solar generation, 

wind generation, and load demand within the microgrid. Solar 

output follows a distinct diurnal cycle, with negligible production 

at night and peak generation around midday. Wind output dis-

plays stochastic fluctuations throughout the observation period, 

providing a complementary contribution to solar energy. Load 

demand varies dynamically, with several intervals exceeding the 

combined renewable supply, thereby necessitating support from 

hybrid energy storage systems or grid imports. On the contrary, 

periods of surplus renewable generation create opportunities for 

charging storage assets. The figure highlights the inherent mis-

match between supply and demand and emphasises the need for 

coordinated energy management to ensure reliable and efficient 

microgrid operation. 

 
Figure 3. Renewable Supply and Load Demand. 

Also, Figure 4 depicts the temporal evolution of the battery 

SoC and SC energy within the HESS. The battery SoC (%) 

shows a gradual and steady upward trajectory across the simu-

lation horizon, reflecting sustained charging and its role in long-

term energy balancing with minimal short-term variability. In 

contrast, the SC energy (kWh) exhibits rapid, high-frequency 

fluctuations, highlighting its function in mitigating transient 

power imbalances and delivering short-term dynamic support. 

The complementary behaviour of these two storage compo-

nents demonstrates effective coordination within the HESS, 

thereby enhancing system stability, operational reliability, and 

efficient energy management in the microgrid. 

 
Figure 4. Battery SoC and Supercapacitor Energy Profiles. 
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Likewise, Figure 5 presents the daily average profiles of so-

lar generation, wind generation, and microgrid load demand. 

Solar generation output follows a distinct diurnal, bell-shaped 

pattern, with negligible production during the early morning 

and evening, a steady increase after sunrise, and a pronounced 

midday peak of approximately 30 kW before declining to-

wards sunset. In contrast, wind generation exhibits a stochas-

tic and continuous profile characterised by moderate fluctua-

tions and multiple local peaks, with no strict diurnal depend-

ency and generally lower magnitude than solar output. Load 

demand remains relatively smooth and stable, with modest in-

creases during morning and evening periods, occasionally sur-

passing renewable generation. The observed temporal mis-

match between generation and demand underscores the neces-

sity of hybrid energy storage systems, advanced energy man-

agement strategies, and potential grid support to ensure relia-

ble, efficient, and balanced microgrid operation. 

 
Figure 5. Daily Solar - Wind - Load Trends. 

Similarly, Figure 6 presents the hourly averages derived 

from the source dataset. The solar-power series does not dis-

play the typical night-time minimum and midday maximum 

characteristic of measured photovoltaic generation. This atyp-

ical pattern may result from the nature of the dataset, aggrega-

tion effects, or limitations in its temporal resolution. Conse-

quently, the profile is treated as a dataset-specific input rather 

than a physically validated photovoltaic generation curve. 

 
Figure 6. Hourly Average Solar, Wind, and Load Demand Profile. 
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3.2. Training Performance 

The training results indicate that the DQN agent progres-

sively improved its policy across the evaluated episodes. 

However, the learned policy should not be considered globally 

or economically optimal. Figure 7 illustrates the cumulative 

reward progression across 50 episodes. The reward begins at 

approximately -1200 in the early episodes, reflecting subopti-

mal decision-making during the initial learning phase. As 

training progresses, the reward increases steadily, despite 

fluctuations, reaching around -400 by the final episodes. This 

upward trajectory demonstrates the agent’s improving perfor-

mance, reduced penalties, and gradual convergence towards 

more effective energy management strategies. The figure 

highlights the reinforcement learning process, in which explo-

ration and adaptation drive enhanced reliability, efficiency, 

and overall optimisation of microgrid operation. 

 
Figure 7. Training Reward per Episode. 

 
Figure 8. Training Loss per Episode. 
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The evolution of the average training loss is illustrated in Fig-

ure 8. The graph depicts the evolution of average loss across 50 

episodes. At the outset, the loss rises sharply to approximately 

0.33, reflecting instability during the initial learning phase. It 

then declines rapidly within the first 10 episodes, falling below 

0.05, which indicates that the agent quickly adapts and enhances 

its decision-making efficiency. Following this sharp reduction, 

the loss gradually increases with fluctuations, reaching around 

0.17 by episode 50. This subsequent rise suggests potential in-

stability in training, possible overfitting, or continued explora-

tion of alternative strategies, all of which introduce variability 

into the learning process. 

The performance of the heuristic‑based RBC is illustrated 

in Figure 9. The battery begins with a relatively high charge 

level of about 50 kWh and gradually decreases over time, with 

minor fluctuations, until it reaches approximately 10 kWh by 

the end of the simulation. This steady decline reflects its role 

in providing long-term energy balancing, discharging progres-

sively to meet sustained demand. The supercapacitor starts 

near 0 kWh, rises quickly to around 5 kWh, and then remains 

almost constant throughout the simulation. This behaviour 

highlights its function as a fast-response storage device, pri-

marily absorbing short-term fluctuations and stabilising tran-

sient power imbalances rather than supplying extended energy. 

Grid import remains consistently close to 0 kW across all 

timesteps, indicating that under the rule-based control strategy 

the microgrid operates with near-complete independence from 

the external grid, relying instead on renewable generation and 

the hybrid energy storage system to meet demand. 

 
Figure 9. Battery and SC SoC under RBC. 

3.3. Performance Comparison with Rule-Based 

Control 

Figure 10 illustrates the grid import profiles obtained under 

the RBC and DQN strategies across 1,000 timesteps. The RBC 

profile remains consistently close to zero throughout the simu-

lation, indicating that the controller predominantly relies on lo-

cal renewable generation and the hybrid energy storage system 

to meet load demand, thereby minimising dependence on the 

external grid. In contrast, the DQN profile displays frequent 

fluctuations and intermittent spikes in grid import, reaching val-

ues of approximately 0.85 kW. This behaviour suggests that the 

DQN adopts a more dynamic operational strategy, selectively 

importing electricity from the grid when renewable generation 

and stored energy are insufficient to satisfy demand. The ob-

served differences highlight that the DQN actively adapts to 

changing operating conditions, whereas the RBC follows a 

more deterministic and conservative control policy. Although 

the DQN results in greater grid interaction, this behaviour re-

flects its adaptive decision-making capability within the mi-

crogrid environment. 
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Figure 10. RBC and DQN Grid Imports. 

Figure 11 compares the battery SoC trajectories under RBC 

and DQN control. The RBC maintains a relatively high charge 

level throughout the simulation, gradually declining from ap-

proximately 50 kWh to around 15 kWh by the end of the eval-

uation period. This pattern reflects the continuous use of the bat-

tery as a primary energy-balancing resource. In contrast, the 

DQN-controlled battery remains close to its lower operating 

limit, fluctuating only slightly between 0 and 2 kWh. This be-

haviour indicates that the DQN places less emphasis on battery 

utilisation, instead preserving capacity by limiting charge–dis-

charge cycling. Such a strategy may mitigate degradation asso-

ciated with frequent cycling, but it also represents a fundamen-

tally different energy management philosophy compared with 

the RBC approach. 

 
Figure 11. Battery SoC: RBC vs. DQN. 
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Figure 12 illustrates the supercapacitor SoC under both con-

trol strategies. The RBC profile remains almost constant 

throughout the simulation, indicating limited utilisation of the 

supercapacitor and reflecting a largely static control approach. 

By contrast, the DQN profile exhibits pronounced fluctuations 

with a generally upward trend over time. The repeated charging 

and discharging behaviour demonstrate that the DQN actively 

exploits the fast-response characteristics of the supercapacitor 

to accommodate short-term variations in generation and de-

mand. This dynamic utilisation underscores the reinforcement 

learning agent’s ability to interact with diverse energy storage 

resources and adapt its actions to prevailing system conditions. 

 
Figure 12. Supercapacitor SoC: RBC vs. DQN. 

 
Figure 13. Cumulative Cost and Reward: RBC vs. DQN. 
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Figure 13 presents the cumulative performance profiles of 

the RBC and DQN strategies over 1,000 timesteps. The RBC 

curve remains relatively stable and close to zero throughout 

the simulation, indicating that cumulative penalties or costs 

remain largely unchanged during operation. By contrast, the 

DQN cumulative reward declines progressively, reaching ap-

proximately -1200 by the end of the evaluation period. This 

downward trend shows that the DQN accumulates negative 

rewards over time, suggesting that the operational decisions 

generated by the learned policy incur penalties associated with 

grid imports, storage utilisation, or other constraints embed-

ded within the reward function. While the DQN demonstrates 

adaptive and dynamic control behaviour, the cumulative re-

ward profile indicates that the learned policy has not yet con-

verged to an economically optimal operating strategy under 

the evaluated conditions. These findings imply that further re-

finement of the reward structure, training process, and hy-

perparameter configuration may be necessary to enhance 

overall policy performance. 

4. Conclusions 

This study aimed to design and assess an intelligent energy 

management framework for hybrid battery-supercapacitor 

storage systems in renewable energy microgrids, employing a 

DRL approach through a DQN. The results demonstrated that 

the proposed agent progressively acquired effective charge-

discharge strategies and reduced operational penalties. The 

DQN agent developed a more dynamic control policy than the 

deterministic RBC, although this did not consistently yield su-

perior economic performance. 

The findings revealed marked distinctions between the Deep 

Q-Network and heuristic control strategies. While the rule-based 

controller followed static, deterministic patterns with limited 

adaptability, the Deep Q-Network demonstrated dynamic utilisa-

tion of the supercapacitor, selective grid interactions, and adap-

tive scheduling in response to fluctuating operating conditions. 

These behaviours emphasise the capacity of reinforcement learn-

ing to capture complex temporal dynamics and to develop poli-

cies that enhance operational flexibility, efficiency, and reliability 

within microgrid environments. 

This study contributes to the expanding body of knowledge 

on data-driven optimisation in power systems by incorporat-

ing artificial intelligence techniques into hybrid energy stor-

age management. It advances both theory and practice by 

demonstrating the viability of reinforcement learning for 

adaptive energy scheduling, thereby facilitating the seamless 

integration of renewable resources into future smart energy 

systems. The practical implications include enhanced utilisa-

tion of complementary storage technologies, provided evi-

dence of adaptive storage coordination, although reduced grid 

dependence and lower operating costs were not consistently 

demonstrated, while the theoretical contribution lies in 

demonstrating the feasibility of reinforcement learning as an 

alternative control framework that requires further reward and 

training optimisation. 

While this study demonstrates the feasibility of DQN-based 

energy management for hybrid battery-supercapacitor sys-

tems, certain limitations remain. First, the proposed controller 

was evaluated solely against a conventional RBC, and there-

fore does not establish superiority over other contemporary 

DRL algorithms such as Double DQN, Dueling DQN, Proxi-

mal Policy Optimisation (PPO), or Soft Actor-Critic (SAC). 

In addition, the experiments were conducted within a simu-

lated environment using a publicly available dataset, which 

may not fully capture the uncertainties and operational com-

plexities of real-world microgrids. Furthermore, although the 

reward function effectively guided policy learning, further in-

vestigation into reward-weight optimisation and sensitivity 

analysis could enhance controller performance. Future re-

search should therefore benchmark the proposed approach 

against multiple DRL algorithms, validate the framework us-

ing real-world microgrid data, refine reward-function design, 

and explore continuous-action reinforcement learning meth-

ods to achieve improved operational outcomes. 

The demonstrated adaptive control behaviour and dynamic 

resource utilisation affirm the potential of deep reinforcement 

learning as a transformative approach to intelligent microgrid 

energy management. This study establishes a strong founda-

tion for advancing AI-driven strategies that will play a pivotal 

role in enabling resilient, efficient, and sustainable energy sys-

tems in the future. 
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