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    ABSTRACT

    The increasing variability of renewable generation creates challenges for energy management in microgrids equipped with hybrid energy storage systems. This study develops a Deep Q-Network (DQN)-based strategy for coordinated battery–supercapacitor operation. The controller uses a seven-dimensional state representation and 25 discrete control actions within a reinforcement-learning environment. A rule-based controller (RBC) serves as the benchmark. During 50 training episodes, the cumulative reward improves, although the training loss remains variable. The evaluation results show distinct battery and supercapacitor utilisation patterns, but intermittent grid imports and negative cumulative reward indicate that the learned policy requires further improvement. The findings demonstrate the feasibility of DQN-based hybrid storage control, rather than overall performance superiority over RBC.
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INTRODUCTION


The rapid deployment
of solar and wind generation has increased the importance of microgrids as a means
of coordinating distributed energy resources at the local level. By enabling
generation and consumption to be managed within a defined electrical area,
microgrids can contribute to improved energy efficiency, system resilience, and
supply reliability (Mulaudzi et al.
2026). Their
operating conditions, however, are strongly influenced by the variable nature
of renewable generation. Solar irradiance and wind availability can change
substantially over relatively short periods, while electricity demand and
market prices may also vary with time. The resulting mismatch between renewable
supply and consumption creates a need for energy management strategies that can
respond effectively to changing operating conditions                 (Sargentis et al.
2026),  (Dawn et al. 2025). Energy storage
therefore represents an important component of renewable-rich microgrids
because it can absorb surplus generation and provide energy during periods when
local renewable production is insufficient (Dawn et al. 2025).


A hybrid energy
storage system (HESS) offers an additional degree of flexibility by combining
storage technologies with different electrical characteristics. In particular,
batteries are capable of storing relatively large amounts of energy and are
therefore appropriate for sustained energy balancing, whereas supercapacitors
can deliver and absorb power rapidly and are better suited to short-duration
fluctuations (Gowtham et al. 2025),                        
(Ghoudelbourk,
Yousfi, and Benbouhenni 2025). Coordinating these
two storage technologies allows the HESS to exploit their complementary
characteristics and can improve the flexibility of energy management in
renewable microgrids (Srivastava et al.
2026a). Nevertheless,
effective coordination cannot rely solely on the physical characteristics of
the storage devices. The controller must continuously determine how the
available storage resources should respond to renewable generation, load
requirements, electricity prices, and their respective state-of-charge
conditions (Eslami et al. 2026), (Banka and
Kumar 2026; Ghoudelbourk, Yousfi, and Benbouhenni 2025).


Rule-based control
(RBC) remains a commonly used approach for energy management because its
operating logic is relatively simple and straightforward to implement. Typical
rules specify charging when excess renewable energy is available and
discharging when renewable production is insufficient to satisfy the load (Guo et al. 2026). Such deterministic
strategies can provide satisfactory operation under predictable conditions;
however, their predefined decision rules may become restrictive when the
microgrid experiences rapidly changing generation, demand, or electricity
prices. More advanced control and optimisation frameworks, including model
predictive and mixed-integer approaches, have consequently been investigated to
improve the adaptability of energy storage operation (Kavaliauskas et al.
2026),  Kırant-Mitić
and Voss
2026). Deep
reinforcement learning (DRL) provides another perspective by allowing a control
agent to learn decision policies from repeated interactions with its operating
environment rather than relying exclusively on manually specified rules (Ioannou et al. 2026),  (Wang et al. 2026). 


Motivated by these
considerations, this study develops a Deep Q-Network (DQN)-based Energy
Management System (EMS) for a renewable microgrid equipped with a
battery–supercapacitor HESS. The proposed framework formulates energy
management as a sequential decision-making problem in which the DQN agent
observes the current operating state and selects an appropriate storage control
action. The state representation incorporates renewable generation, load
demand, electricity price, battery state of charge, supercapacitor state of
charge, and temporal information. Through interaction with the simulated
microgrid environment, the agent learns a control policy for coordinating
battery and supercapacitor operation. The resulting strategy is evaluated
against a conventional RBC approach under the same operating conditions.


The main
contributions are threefold. First, a Gymnasium-compatible
reinforcement-learning environment is formulated for coordinated
battery–supercapacitor energy management. Second, a DQN controller with a
seven-dimensional state representation and 25 discrete control actions is
developed. Third, the learned policy is evaluated against rule-based control in
terms of grid interaction, battery utilisation, supercapacitor utilisation, and
cumulative reward. The study focuses on demonstrating the learning capability
and operating behaviour of DQN-based HESS management rather than claiming
overall performance superiority over the benchmark controller.


 


LITERATURE
REVIEW


The increasing
penetration of renewable energy has made effective energy management an important
requirement for renewable-rich microgrids. Variations in renewable generation,
load demand, and electricity prices require control strategies that can
continuously adapt storage operation to changing system conditions. Recent
reviews have highlighted the increasing use of advanced optimization,
data-driven methods, and intelligent control for microgrid energy management  (Atef et al.
2026; Tasmant et al. 2025). Energy storage is
particularly important because it can absorb excess renewable generation and
supply energy during periods of insufficient renewable production  (Dawn et al. 2025;
Srivastava et al. 2026),
(Ton et al. 2026).


Hybrid energy storage
systems (HESSs) provide additional flexibility by combining storage devices
with complementary characteristics. Batteries are suitable for relatively
long-duration energy management, whereas supercapacitors can respond rapidly to
short-term power fluctuations. Their coordinated operation can therefore
improve the flexibility of storage-based energy management (Gowtham and Suresh
2025; Ghoudelbourk, Yousfi, and Benbouhenni 2025). Recent studies have investigated
hierarchical, data-driven, and optimization-based approaches for HESS control,
including PSO-based energy management, MPC, MILP, and other predictive
strategies (Banka and Kumar
2026; Kavaliauskas et al. 2026a). Rule-based control remains attractive
because of its simple implementation, but predefined rules may become
restrictive under highly variable operating conditions (Guo et al. 2026).


Reinforcement
learning (RL) and deep reinforcement learning (DRL) have consequently attracted
increasing attention for adaptive energy management because control policies
can be learned through interaction with the operating environment rather than
being completely predefined. Recent studies have applied DRL to microgrid
energy management, state-of-charge coordination, and renewable energy storage
control (Ioannou et al. 2026;
Khan et al. 2026; Li, Long, and Tian 2026) (However, the application of DQN
specifically to the coordinated operation of battery–supercapacitor HESSs in
renewable microgrids remains relatively focused on discrete control decisions
and requires further investigation of how the learned policy redistributes the
operating roles of the two storage technologies. This motivates the present
study, which develops a DQN-based energy management framework with a
seven-dimensional state representation and 25 discrete battery–supercapacitor
control actions. The learned policy is evaluated against a rule-based
controller under the same operating conditions, with emphasis on grid
interaction, battery utilisation, supercapacitor utilisation, and cumulative
reward.


 


Comparative Review of
Recent Energy-Management Approaches


Recent research has
investigated optimisation-based, predictive, and reinforcement-learning
approaches for energy management in microgrids and hybrid energy storage
systems. These approaches differ in their dependence on system models,
decision-space formulation, computational requirements, and evaluation
procedures. Table 2 summarises representative studies relevant to the present
work. The comparison focuses on each study's principal method and research
scope; details that are not explicitly reported in the respective publications
should not be inferred.


The literature
indicates that DQN provides a natural framework for problems formulated with
discrete actions, while optimisation-based methods such as model predictive
control (MPC), mixed-integer linear programming (MILP), and particle swarm
optimisation (PSO) offer alternative ways to determine operating decisions. The
present study focuses on formulating a DQN controller for coordinated
battery–supercapacitor operation using a seven-dimensional state representation
and 25 discrete action combinations. Its reported evaluation examines the
resulting grid interaction and storage-utilisation patterns relative to an RBC
benchmark. The current contribution is therefore the formulation and
behavioural assessment of this particular DQN-based HESS controller, rather
than a claim that DQN is universally superior to optimisation-based or
conventional methods.


 


Table 1. Comparison of representative energy-management
studies





 
  	
  Study

  
  	
  Method

  
  	
  System
  focus

  
  	
  Dataset/

  environment

  
  	
  Evaluation
  or benchmark

  
  	
  Relevance
  to this paper

  
 

 
  	
  Ghoudelbourk,
  Yousfi, and Benbouhenni (2025)

  
  	
  Energy-management
  strategy

  
  	
  Autonomous
  hybrid renewable power system

  
  	
  Renewable
  power-system study

  
  	
  See
  original study

  
  	
  Renewable-system
  energy management

  
 

 
  	
  Banka
  and Kumar (2026)

  
  	
  Hierarchical
  data-driven and PSO-based approach

  
  	
  HESS
  in DC microgrids

  
  	
  DC-microgrid
  environment

  
  	
  See
  original study

  
  	
  Optimisation-based
  HESS management

  
 

 
  	
  Kavaliauskas
  et al. (2026a)

  
  	
  MPC
  and MILP

  
  	
  Hybrid
  energy system

  
  	
  Hybrid-system
  model

  
  	
  MPC/MILP
  framework

  
  	
  Predictive
  and mathematical optimisation

  
 

 
  	
  Kavaliauskas
  et al. (2026b)

  
  	
  Deep
  reinforcement learning

  
  	
  Hybrid
  renewable energy system with storage

  
  	
  Study-specific
  simulation environment

  
  	
  See
  original study

  
  	
  DRL
  for storage control

  
 

 
  	
  Ioannou
  et al. (2026)

  
  	
  Deep
  reinforcement learning

  
  	
  Mini-grid
  SoC balancing

  
  	
  Mini-grid
  study

  
  	
  See
  original study

  
  	
  Learning-based
  storage coordination

  
 

 
  	
  Khan
  et al. (2026)

  
  	
  Deep
  reinforcement learning

  
  	
  Off-grid
  renewable microgrid with dual-battery storage

  
  	
  Study-specific
  simulation environment

  
  	
  See
  original study

  
  	
  DRL
  in renewable microgrids

  
 

 
  	
  Asadi,
  Eskandari, and Mansouri (2026)

  
  	
  Integrated
  optimisation and DRL

  
  	
  Battery
  energy storage

  
  	
  Study-specific
  BESS environment

  
  	
  See
  original study

  
  	
  Dynamic-aware
  battery energy management

  
 

 
  	
  Present
  study

  
  	
  DQN

  
  	
  Battery–supercapacitor
  HESS

  
  	
  Hybrid
  Energy Storage Dataset and a Gymnasium-compatible environment

  
  	
  RBC

  
  	
  Seven-dimensional
  state and 25 discrete battery–supercapacitor actions

  
 







 


METHODOLOGY


Dataset and
Preprocessing


The
study uses the Hybrid Energy Storage Dataset obtained from the Kaggle
repository. The dataset includes time-series information related to solar and
wind generation, load demand, electricity price, and battery–supercapacitor
operating conditions. Solar and wind generation are aggregated into a
renewable-power variable, while cyclical time features are constructed from the
timestamp information.


The DQN configuration
uses 50 training episodes. The reported controller evaluation covers 1,000 time
steps. The total number of raw data samples, the temporal resolution, and the
separation between training and testing data must be established from the
original dataset and implementation before the evaluation can be described as
an independent unseen-data test.


 


Aggregated Renewable
Power


Solar and wind
generation are represented by a single renewable-power term to simplify the
representation of renewable availability at each decision interval. The
aggregated renewable power is defined as



  
    [image: ]
    
  



where, is the total
renewable power available at time t, solar power
generation at time t, is the wind power
generation at time t, and t is the step within the simulation period. 


This aggregation
provides the DQN agent with a unified representation of renewable availability
while retaining the combined contribution of the two renewable sources.


 


Cyclical Encoding of
Time


Renewable generation
and electricity demand exhibit recurring daily patterns. A direct numerical
representation of the hour can introduce an artificial discontinuity between
the last and first hours of a day. To avoid this issue, the hour of the day is
transformed into two periodic components:
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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.    


 


Min-Max Normalization


To
obtain numerically consistent input variables, the continuous features are
normalized using the Min-Max 
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where, X is the original feature value, is the
minimum value of the feature, is the
maximum value, and is the
normal feature value.


The transformation
maps the selected continuous variables to the range [0, 1]. This scaling is
particularly useful for neural-network-based reinforcement learning because it prevents
differences in the numerical magnitude of the input variables from
disproportionately affecting the learning process.


 


State-Space
Formulation


The interaction
between the DQN agent and the microgrid is described through a
seven-dimensional state vector. At time tt, the state is defined as
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where, St is the state vector
at time t, is the renewable
power generation, Lt is the load demand, EPt is the electricity
price, is the battery state
of charge, is the sine-based
temporal feature, and is the cosine-based
temporal feature.


 


Reward Function


The reward function
determines how the DQN evaluates its decisions during interaction with the
microgrid. The formulation is designed to discourage operating conditions that
are undesirable from the energy-management perspective, particularly excessive
grid imports, storage-related penalties, and violations of the allowable SoC
range.


The reward at time tt
is formulated as



 
  	
  

  
  	
  (6)

  
 




where, Rt is the reward
received at time t, Gt is the grid import penalty, Dt is the storage
degradation penalty, Vt is the
state-of-charge violation penalty, α is the weight assigned to grid import
penalty,  is the weight
assigned to degradation penalty, and  is the weight
assigned to SoC violation penalty.


The negative formulation
means that undesirable operating conditions reduce the instantaneous reward.
During training, the DQN therefore seeks actions that reduce the accumulated
penalties over successive time steps. In this way, the reward formulation
provides the learning agent with a quantitative objective for balancing grid
interaction and storage operation while maintaining the storage operating
constraints (Wang et al.
2026; Asadi, Eskandari, and Mansouri 2026).  









DQN-Based Energy
Management Framework


The energy-management
problem is solved using a Deep Q-Network (DQN). The DQN treats the microgrid as
a sequential decision-making environment. At each time step, the agent receives
the state St, evaluates the available actions, and selects the action
associated with the highest estimated action value  (Dawn et al.
2025; Ghoudelbourk, Yousfi, and Benbouhenni 2025).


The learning process
can be expressed conceptually as


St→DQN→At→Rt,St+1→DQN  update.                  (7)


Here, St
is the current state, At is the selected control action, Rt
is the resulting reward, and St+1 is the state
observed at the next decision interval.


The agent
progressively improves its control policy through repeated interactions with
the microgrid environment.


 


Action-Space Definition


The HESS uses
a discrete action space in which the battery and supercapacitor are controlled
simultaneously. Five discrete power levels are assigned to each storage device,
resulting in 25 possible combinations:


NA=5×5=25                                                                 (8) 


These combinations
represent different charging, discharging, and idle operating conditions (Banka and
Kumar 2026; Kavaliauskas et al. 2026b).  


 


Q-Value Learning


For each state–action
pair, the DQN estimates the expected cumulative reward. The target value
follows the conventional Q-learning formulation:



 
  	
  

  
  	
  (9)

  
 




where Rt is
the immediate reward, γ is the discount factor, and Qtarget
represents the target-network estimate of the future action value.


The neural network is
subsequently updated to reduce the difference between the predicted Q-value and
the target value. A Smooth L1 (Huber) loss is used for this purpose, providing
a more robust learning objective than a purely quadratic loss when relatively
large temporal-difference errors occur (oannou et al.
2026; Khan et al. 2026; Asadi, Eskandari, and Mansouri 2026).  


 


Exploration Strategy


An ε-greedy
strategy is used to balance exploration and exploitation during training. At
the beginning of training, the exploration probability is set to 1.0, allowing
the agent to investigate the available action space extensively. As training
progresses, ε is reduced to 0.05.


The resulting
strategy gradually shifts the learning process from exploratory actions toward
actions selected according to the learned Q-values. This allows the DQN to
discover potentially effective battery–supercapacitor operating combinations
before increasingly exploiting the learned policy (Wang et al.
2026; Li, Long, and Tian 2026).
 


 


DQN Network
Architecture and Training Configuration


The DQN receives the
seven-dimensional state vector as its input. The network consists of two hidden
layers, each containing 128 neurons, with ReLU activation. The output layer
contains 25 units corresponding to the 25 possible battery–supercapacitor action
combinations. The Adam optimizer is used with a learning rate of 0.001, and the
discount factor is set to 0.99. Gradient clipping with a maximum norm of 5.0 is
employed to control excessively large parameter updates. Experience replay is
implemented using a memory capacity of 50,000 transitions. A mini-batch of 128
samples is used for network updates. Training begins after the specified
initial threshold, while 2,000 warm-up steps are performed using random
actions. The target network is updated every 1,000 steps (Khan et al.
2026; Kavaliauskas et al. 2026b).
 


 


Hyperparameter
Selection


The DQN
hyperparameters were selected as a practical baseline configuration for the
seven-dimensional state space and 25 discrete battery–supercapacitor actions.
The network consists of two hidden layers with 128 neurons per layer, providing
a moderate function-approximation capacity for the defined control problem. The
learning rate of 0.001 and discount factor of 0.99 were adopted as initial
settings for temporal-difference learning, while the Adam optimiser and Smooth
L1 (Huber) loss were used for network training.


Experience replay
with a capacity of 50,000 transitions and a mini-batch size of 128 was
configured to provide a pool of past interactions for network updates. The
ε-greedy exploration schedule decreases from 1.0 to 0.05 to allow broad
exploration during early training and greater use of learned action values as
training proceeds. The target network is updated every 1,000 steps, and
gradient clipping is applied with a maximum norm of 5.0. The 50-episode
training duration is treated as an initial experimental setting rather than
evidence that the policy has converged.


A systematic
hyperparameter search was not conducted in the present study. Accordingly, the
selected values should not be interpreted as globally optimal. The observed
fluctuations in training loss and the negative cumulative reward during
evaluation support the need for further investigation of training duration,
learning parameters, exploration scheduling, and reward-function weights.


The complete
configuration is summarized in Table 2 and is retained from the original
experimental framework. 


 


Table 2. DQN Architecture and Training Hyperparameters





 
  	
  Parameter

  
  	
  Value

  
  	
  Rationale

  
 

 
  	
  Input dimension

  
  	
  7

  
  	
  Matches the seven-dimensional state
  representation

  
 

 
  	
  Hidden layers

  
  	
  2

  
  	
  Baseline network architecture

  
 

 
  	
  Neurons per hidden layer

  
  	
  128

  
  	
  Provides moderate function-approximation
  capacity

  
 

 
  	
  Output actions

  
  	
  25

  
  	
  Five battery levels × five supercapacitor
  levels

  
 

 
  	
  Optimizer

  
  	
  Adam

  
  	
  Optimises the network parameters

  
 

 
  	
  Learning rate

  
  	
  0.001

  
  	
  Initial learning configuration

  
 

 
  	
  Discount factor (γ)

  
  	
  0.99

  
  	
  Weights future rewards in the Q-learning
  target

  
 

 
  	
  Loss function

  
  	
  Smooth L1 (Huber)

  
  	
  Reduces sensitivity to large
  temporal-difference errors

  
 

 
  	
  Replay memory

  
  	
  50,000 transitions

  
  	
  Stores transitions for replay-based updates

  
 

 
  	
  Mini-batch size

  
  	
  128

  
  	
  Determines the number of transitions per
  training batch

  
 

 
  	
  Exploration rate (ε)

  
  	
  1.0 → 0.05

  
  	
  Gradually shifts from exploration toward
  exploitation

  
 

 
  	
  Training episodes

  
  	
  50

  
  	
  Initial training duration; does not
  establish convergence

  
 

 
  	
  Target network update interval

  
  	
  1,000 steps

  
  	
  Specifies the target-network update
  schedule

  
 







 


Overall Solution
Procedure


The complete
procedure consists of data preparation, DQN training, and final controller
evaluation. After preprocessing, the time-series data are partitioned
chronologically into training and testing subsets. During training, the DQN
interacts only with the training environment, stores the resulting transitions
in replay memory, and updates its online network according to the selected
learning configuration. The target network is updated at the specified
interval.


After training, the
learned network parameters are fixed. The final evaluation is then conducted on
the testing interval without further network updates, replay-buffer updates, or
hyperparameter adjustment. The RBC is evaluated over the same testing interval.
This procedure is intended to assess the learned policy on operating data that
were not used for training and to provide a consistent comparison between the
two controllers.
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Figure 1. Overall workflow of the proposed
DQN-based HESS energy management strategy


 


Figure 1 illustrates
the overall workflow of the proposed DQN-based energy management methodology
for the battery supercapacitor hybrid energy storage system. The procedure
begins with data preprocessing and feature construction, followed by initialization
of the DQN agent and the microgrid environment. During training, the agent
observes the seven-dimensional system state, selects one of 25 discrete
battery–supercapacitor control actions using an ε-greedy strategy,
receives the corresponding reward, and stores the transition in the replay
memory. Mini-batch samples are then used to update the DQN parameters, while
the target network is periodically updated to improve training stability. 


 


RESEARCH
RESULTS


Evaluation Protocol


The results are
organised into two groups. The first group describes the learning process using
the training reward and loss over 50 episodes. The second group evaluates
controller behaviour using the designated testing interval. For a valid
generalisation assessment, the trained DQN parameters must remain fixed during
testing, and the testing observations must not be used for network updates or
hyperparameter selection. The RBC and DQN must be evaluated using the same
testing interval and the same underlying renewable-generation and load-demand
conditions.


The training curves
are used to describe learning behaviour and are not treated as evidence of
generalisation. Grid interaction, battery utilisation, supercapacitor
utilisation, and cumulative reward are reported separately for the testing
period. This distinction prevents improvements observed during training from
being interpreted as proof of superior performance on unseen operating
conditions.


 


Renewable
Generation and Load Characteristics


Figure 2
shows the renewable-generation and load profiles used to evaluate the energy
management strategy. Solar generation follows a clear daily pattern, with
negligible output during nighttime and higher production around midday. Wind
generation exhibits greater short-term variability and provides a complementary
renewable source. Load demand remains comparatively persistent and frequently
exceeds the contribution of an individual renewable source. Such
variability is characteristic of renewable-rich microgrids and represents one
of the main motivations for adaptive energy-management strategies (Sargentis
et al. 2026; Atef et al. 2026).  


These
operating characteristics create periods of renewable surplus and deficit,
requiring coordinated charging and discharging of the battery–supercapacitor
HESS. The resulting variability provides an appropriate operating environment
for evaluating the ability of the DQN to adapt storage utilisation to changing
generation and demand conditions.
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Figure 2. Renewable Supply and Load Demand


 


The
complementary characteristics of the renewable sources are particularly
relevant to HESS operation. Solar generation provides a relatively predictable
daytime contribution, whereas wind generation introduces short-term
fluctuations. Consequently, the energy management controller must
simultaneously respond to predictable daily variations and stochastic changes
in renewable availability.


 


DQN
Training Performance


The DQN
training behaviour is evaluated using cumulative reward and average training
loss over 50 episodes. As shown in Figure 3, the cumulative reward improves
from approximately −1200 during the initial training stage to
approximately −400 in the final episodes, although fluctuations remain.
This trend indicates progressive adaptation of the learned policy.


Figure 4
shows that the training loss initially reaches approximately 0.33 and
subsequently decreases to below 0.05 within the first 10 episodes. The loss
then fluctuates and reaches approximately 0.17 toward the final episode. The
combined reward and loss trends indicate that the DQN learns meaningful control
behaviour but does not achieve complete convergence within the 50-episode
training period. 
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Figure 3. Training Reward per Episode


The
improvement from approximately −1200 to −400 represents a
substantial reduction in the accumulated penalty during training. More
importantly, the trend indicates that the DQN agent is progressively modifying
its control policy in response to the observed microgrid states rather than
relying exclusively on random actions.






  
    [image: ]
    
  



Figure 4. Training Loss per Episode


 


The training reward
improves over the 50 episodes, while the training loss decreases during the
early stage and subsequently fluctuates. These trends indicate that the agent
updates its policy during training; however, they do not establish complete
convergence or demonstrate generalisation to unseen operating conditions. The
final policy must therefore be assessed separately on the testing data.


 


Rule-Based
Control Behaviour


The
rule-based controller (RBC) provides the benchmark against which the learned
DQN policy is evaluated. Figure 5 shows the battery and supercapacitor
behaviour under RBC control.


The
battery begins at approximately 50 kWh and gradually decreases to approximately
10 kWh by the end of the simulation. This behaviour indicates that the RBC
relies heavily on the battery for sustained energy balancing. The SC initially
increases from approximately 0 kWh to around 5 kWh and subsequently remains
relatively stable.
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Figure 8 Battery and SC SOC under RBC





The RBC
grid-import profile remains close to zero throughout the evaluated period.
Thus, the benchmark controller primarily satisfies demand through local
renewable generation and HESS operation. This provides a useful reference for
assessing how the DQN redistributes the use of battery, SC, and grid resources.


 


Table 3. Observed RBC Operating
Characteristics





 
  
   	
   Variable

   
   	
   RBC behaviour

   
  

 
 
  	
  Initial battery energy

  
  	
  50 kWh

  
 

 
  	
  Final battery energy

  
  	
  10–15 kWh, depending on the
  plotted evaluation interval

  
 

 
  	
  SC initial energy

  
  	
  0 kWh

  
 

 
  	
  SC subsequent level

  
  	
  5 kWh

  
 

 
  	
  Grid import

  
  	
  Close to 0 kW

  
 

 
  	
  Dominant storage role

  
  	
  Battery-oriented energy
  balancing

  
 







 


The RBC
therefore exhibits a relatively deterministic operating pattern. Its main
characteristic is maintaining a high degree of local energy autonomy, while the
battery performs most of the long-duration balancing function.


 


Evaluation of DQN and
RBC on Unseen Testing Data 


The trained DQN and
the RBC are evaluated over the same unseen testing interval. The DQN network
parameters are kept fixed throughout evaluation. The comparison examines grid
imports, battery utilisation, supercapacitor utilisation, and cumulative reward.
These indicators are interpreted jointly because a change in one storage
component's utilisation does not, by itself, establish an improvement in
overall energy-management performance.


 


Grid
Interaction


Figure 6
compares the grid-import profiles of the RBC and DQN strategies over 1,000
evaluation timesteps. The RBC remains close to zero throughout the evaluation,
whereas the DQN produces intermittent grid-import events with observed peaks of
approximately 0.85 kW.
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Figure 6. RBC and DQN Grid Imports


The
difference indicates distinct resource-allocation behaviours. The RBC maintains
near-zero grid interaction through its predefined control logic, while the DQN
occasionally uses grid support when renewable generation and stored energy are
insufficient to meet instantaneous demand. Under the current reward
formulation, these grid-import events contribute negatively to the cumulative
reward.


 


Table 4. Grid-Import Comparison





 
  
   	
   Controller

   
   	
   Observed
   grid-import behaviour

   
   	
   Maximum
   observed value

   
  

 
 
  	
  RBC

  
  	
  Consistently
  close to zero

  
  	
  0 kW

  
 

 
  	
  DQN

  
  	
  Intermittent
  fluctuations and spikes

  
  	
  0.85 kW

  
 







 


The grid-import
profiles reveal a clear difference between the two control strategies. The RBC
maintains grid imports close to zero under the reported operating conditions,
whereas the DQN exhibits intermittent import events, with a maximum observed
value of approximately 0.85 kW. These events contribute negatively to the
reward under the current formulation. The result indicates that the learned
policy has not yet reproduced the benchmark's near-zero-grid-import behaviour.
Accordingly, the observed flexibility in resource allocation should not be
interpreted as evidence of superior overall performance.


 


Battery
Utilisation


Figure 7
compares the battery trajectories. Under RBC, the battery decreases from
approximately 50 kWh to approximately 15 kWh over the evaluation period. In
contrast, the DQN-controlled battery remains close to the lower operating
region, fluctuating approximately between 0 and 2 kWh.






  
    [image: ]
    
  



Figure 7. Battery SOC: RBC versus DQN


 


Table 5. Battery Operating Characteristics





 
  
   	
   Controller

   
   	
   Initial/typical level

   
   	
   Observed operating range/trend

   
   	
   Main behaviour

   
  

 
 
  	
  RBC

  
  	
   50 kWh

  
  	
  Declines to  15 kWh

  
  	
  Sustained battery utilisation

  
 

 
  	
  DQN

  
  	
  Low level

  
  	
  0–2 kWh

  
  	
  Limited battery cycling

  
 







 


The battery and
supercapacitor trajectories show that the DQN adopts a different
storage-utilisation pattern from the RBC. The DQN-controlled battery remains in
a lower operating region, while the supercapacitor exhibits more frequent
fluctuations. These observations indicate a redistribution of storage
utilisation between the two devices. However, lower battery utilisation alone
does not demonstrate reduced degradation or improved system efficiency, and
more frequent supercapacitor operation does not necessarily imply better
performance. Such conclusions require additional metrics, including energy throughput,
SoC constraint violations, degradation estimates, and total grid interaction.


 


Supercapacitor
Utilisation


Figure 8
shows the SC trajectories under the two control strategies. Under RBC, the SC
remains relatively stable after its initial increase. The DQN, in contrast,
produces substantially more frequent charging and discharging events.
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Figure 8. Supercapacitor SOC: RBC versus DQN


 


Table 6. Supercapacitor Operating
Characteristics



 
  
   	
   Controller

   
   	
   Observed behaviour

   
   	
   Control characteristic

   
  

 
 
  	
  RBC

  
  	
  Rapid initial increase followed
  by relatively stable operation

  
  	
  Limited dynamic utilisation

  
 

 
  	
  DQN

  
  	
  Frequent charging/discharging
  and overall fluctuations

  
  	
  Active short-term power
  balancing

  
 




 


The
difference is particularly important because the SC is the faster storage
component of the HESS. The DQN appears to exploit this characteristic more
actively than the RBC. The frequent SC fluctuations indicate that the learned
controller responds to changing renewable generation and load conditions by
dynamically redistributing short-term power support.


This
result provides the clearest evidence that the DQN has learned a control
strategy that differs structurally from the benchmark controller: the battery
is used less intensively, while the SC is operated more dynamically.


 


Cumulative
Reward


Figure 9
presents the cumulative evaluation reward over 1,000 timesteps. The RBC remains
relatively close to zero, whereas the DQN cumulative reward decreases
progressively to approximately −1200.


This
result is important when interpreting the adaptive behaviour observed in the
previous sections. Although the DQN demonstrates dynamic battery–supercapacitor
coordination, its negative cumulative reward indicates that the current policy
still accumulates substantial penalties during evaluation. Therefore, the
present results demonstrate the feasibility of DQN-based HESS control but do
not establish overall performance superiority over the RBC benchmark. 
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Figure 9. DC-Link Voltage Profiles under
RBC and DQN Control


 


The DC-link voltage
comparison provides an additional perspective on the operating behaviour of the
two controllers. Nevertheless, voltage regulation should be assessed together
with grid interaction, battery utilisation, supercapacitor utilisation, and cumulative
reward. Considering these indicators jointly is important because a controller
may produce a comparatively stable voltage profile while still incurring
penalties in other aspects of the energy-management objective.


     


DISCUSSION


The results indicate
that the DQN learns a storage-control policy during the 50-episode training
process, as reflected in the improvement in cumulative training reward.
Nevertheless, the fluctuations in training loss and the negative cumulative
evaluation reward show that the current learning configuration has not yet
established consistently favourable operating performance Wang et al.
2026; Li, Long, and Tian 2026).


The comparison with
RBC reveals a different allocation of storage resources. The DQN uses the
battery less intensively and operates the supercapacitor more dynamically, but
it also introduces intermittent grid imports. These outcomes illustrate why
individual operating indicators should not be interpreted in isolation. Lower
battery utilisation does not necessarily establish lower degradation, and more
active supercapacitor operation does not by itself demonstrate better energy
efficiency. A comprehensive assessment requires consistent evaluation of grid
imports, storage energy throughput, state-of-charge constraints, reward or
operating cost, and, where supported by the model, degradation-related
indicators (Gowtham and
Suresh 2025; Banka and Kumar 2026).


The present results
should therefore be interpreted as a feasibility assessment of DQN-based
battery–supercapacitor coordination rather than evidence of overall performance
superiority over RBC. The current experimental comparison is limited to a
rule-based benchmark, and a direct comparison with a stronger
optimisation-based or alternative learning controller has not yet been
established. Future experiments should implement MPC, MILP, PSO-based optimisation,
or another RL controller using the same testing interval, system constraints,
and evaluation metrics. Such a comparison would provide a more complete basis
for assessing the relative benefits and limitations of the DQN approach (Asadi,
Eskandari, and Mansouri 2026; Khan et al. 2026).


 


CONCLUSIONS AND
RECOMMENDATIONS


This study developed
a Deep Q-Network-based energy-management strategy for a battery–supercapacitor
hybrid energy storage system in a renewable microgrid. The controller uses a
seven-dimensional state representation and 25 discrete battery–supercapacitor
actions to learn storage-control decisions through interaction with the
simulated environment. The reported training results show an improvement in
cumulative reward over 50 episodes, although the training loss remains
variable. Compared with the rule-based controller, the DQN exhibits lower
battery utilisation and more dynamic supercapacitor operation. However,
intermittent grid imports and a negative cumulative evaluation reward indicate
that the current policy has not yet demonstrated consistently favourable
overall performance. The results therefore support the feasibility of
learning-based battery–supercapacitor coordination, but do not establish the
superiority of DQN over RBC. Further development should focus on improving the
reward formulation, investigating the sensitivity of learning performance to
hyperparameters, and evaluating the trained policy on independent testing data.
A broader comparison with optimisation-based and alternative
reinforcement-learning controllers is also required to establish the relative
performance of the proposed approach.


 


ADVANCED RESEARCH


Future work should
improve the DQN reward function and optimise its hyperparameters to enhance
learning stability and control performance. The trained controller should also
be evaluated on unseen operating data under different renewable-generation and
load conditions. Furthermore, comparisons with MPC, PSO-based optimisation, or
alternative reinforcement-learning methods are needed to assess its performance
more comprehensively.
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