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This study presents a data-driven power sharing control problem for independent
microgrids using Deep Q-Network (DQN) enhancement learning. Unlike conventional
change-based methods that rely on predefined control laws and precise knowledge of line
parameters, this proposed approach allows the inverter controller to learn optimal control
actions through continuous interaction with the microgrid environment. A neural network
is used to approximate the value function in the action space, enabling adaptive tuning of
inverter voltage reference data to improve reactive power performance. The controller only
requires locally measured electrical variables, such as voltage, current, and power signals,
and therefore eliminates the need for explicit line impedance estimation. As a result, the
proposed strategy provides enhanced adaptability under load variations and network
uncertainties. The performance of the control scheme proposed by the authors was
evaluated using simulation results performed in the MATLAB/Simulink environment.
These results show that the DQN controller significantly improves the accuracy of reactive

power distribution while maintaining voltage stability at the common connection point.

1. INTRODUCTION

The rapid integration of distributed renewable energy
sources, including photovoltaic (PV) systems, wind generators,
and battery energy storage units, has significantly accelerated
the development of modern microgrid technologies. A
microgrid can integrate multiple distributed generation units
through power electronic converters and operate either in grid-
connected mode or in islanded mode. In particular, islanded
microgrids play an important role in supplying reliable
electricity to remote areas, isolated communities, and critical
infrastructures where the main utility grid is unavailable or
unreliable [1, 2].

One of the major challenges in islanded microgrids is
achieving accurate power sharing among multiple parallel-
connected inverters while maintaining acceptable voltage and
frequency levels at the point of common coupling (PCC). In
practical installations, distributed generators are connected to
the PCC through distribution feeders with different electrical
characteristics. The mismatch of feeder impedances can cause
unequal voltage drops and circulating reactive power among
inverters, which degrades voltage quality and overall system
performance [2, 3].

Droop control is one of the most widely adopted
decentralized control strategies for inverter-based microgrids.
In this method, active and reactive power outputs are regulated
through predefined frequency—power and voltage—reactive
power relationships, allowing distributed generators to share
loads without requiring communication among controllers [1,
2]. However, numerous studies have shown that conventional

droop control often leads to significant reactive power sharing
errors when line impedances are mismatched or when inverter
ratings are different [3, 4].

To address these limitations, various improved control
strategies have been proposed in the literature. These
approaches include adaptive droop control methods, virtual
impedance techniques, and hierarchical control frameworks
that aim to enhance power sharing accuracy and voltage
regulation in microgrids [4-6]. Although these techniques can
improve system performance, many of them rely on accurate
parameter estimation or communication links between
distributed generators, which may increase implementation
complexity and reduce system robustness in uncertain
operating conditions [5, 6].

Recently, the application of artificial intelligence (Al) and
machine learning techniques has been developing, offering
promising solutions for controlling complex power systems,
even in Vietnam. In particular, reinforcement learning (RL)
has demonstrated strong capability in solving control
problems involving nonlinear dynamics and uncertain
environments [7, 8]. Unlike traditional model-based control
strategies, RL algorithms enable controllers to learn optimal
policies through interactions with the environment without
requiring an explicit mathematical model of the system [9].

Among different RL algorithms, the Deep Q-Network
(DQN) has attracted significant attention due to its ability to
approximate the action—value function using deep neural
networks [7]. The incorporation of techniques such as
experience replay and target networks improves training
stability and enables DQN to handle high-dimensional state
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spaces effectively [8, 9]. As a result, deep RL methods have
been successfully applied to a wide range of energy system
applications, including energy management, voltage
regulation, and optimal control of distributed generation units
[10-12].

Recently, several studies have explored the use of RL in
microgrid control problems. These works demonstrate that
learning-based controllers can improve system adaptability
and robustness compared with traditional control methods [13,
14]. Furthermore, multi-agent RL approaches have been
investigated to coordinate multiple distributed generators in
microgrids, enabling decentralized decision-making and
improved system scalability [15-18].

In addition, recent research has focused on intelligent
inverter control and data-driven strategies for inverter-
dominated power systems. These studies highlight the
potential of Al techniques to improve voltage regulation,
power sharing accuracy, and overall microgrid stability [19-
21]. Data-driven control approaches are particularly attractive
for modern microgrids where system parameters may be
uncertain or time-varying [21, 22].

Moreover, Al has been increasingly integrated into power
electronic converter control and smart grid operation, enabling
more flexible and adaptive control architectures for future
energy systems [23, 24]. Recent surveys also indicate that RL-
based control strategies have strong potential for autonomous
microgrid operation and intelligent energy management [24,
25].

Motivated by these developments, this paper proposes a
power sharing control strategy for islanded microgrids based
on the DQN reinforcement learning algorithm. In the proposed
framework, each inverter is modeled as an intelligent agent
capable of learning an optimal control policy to minimize
reactive power sharing errors while maintaining voltage
stability at the PCC. The proposed controller relies only on
locally measured electrical variables and does not require
explicit knowledge of line impedance parameters. Simulation
studies are conducted to evaluate the effectiveness of the
proposed approach and to compare its performance with that
of conventional droop-based control strategies.

2. MICROGRID MODELING AND REACTIVE POWER
SHARING PROBLEM

Consider an islanded microgrid composed of several three-
phase voltage source inverters connected in parallel to a
common bus through distribution feeders, as illustrated in
Figure 1 [1-3]. Each inverter represents a distributed
generation unit interfaced through power electronic converters.
In practical installations, the electrical characteristics of the
feeders are generally different due to variations in cable length,
conductor type, and installation conditions. As a consequence,
the line impedances between individual inverters and the PCC
are not identical.

This impedance mismatch introduces unequal voltage drops
along the feeders, which directly affects the reactive power
exchanged between inverters and the PCC. As a result,
conventional decentralized control strategies may lead to
inaccurate reactive power sharing and circulating currents
among distributed generators.

Each inverter is controlled by a hierarchical two-loop
control structure:

Point of Load Group

=g i 8

Distribution lines have
different impedances

Figure 1. Cavity diagram of the three-phase voltage source
inverters connected to the point of common coupling (PCC)
in a microgrid

Inverter Control Structure

. Inner control loop:

Within the proposed control architecture, the inner loop is
responsible for controlling the inverter output current and
voltage using the synchronous dg coordinate system. This
structure allows the system to achieve fast transient
performance while preserving local stability. The voltage
dynamics of the i-th inverter in the dq frame can therefore be
written as:

. dig; .
Vg = Riigi +L; ar wLilq; +ug;
dig; @
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where, ig; and i, denote the dgq-axis current components,
while ug4; and ug; represent the associated control signals. The
parameters R; and L; indicate the resistance and inductance of
the inverter output filter, respectively.

. Outer control loop:

The outer loop performs the task of power regulation while
ensuring proper load sharing among the parallel inverters in
the microgrid.

Power Model and Load Sharing
The active and reactive power delivered by the i-th inverter
to the PCC are defined as follows:

V.V
p, =2 XP ¢ sin(8;)
L

R/ )
Qi = Z (Vi = Vpce)

where, V; is the magnitude of the inverter terminal voltage,
Vpce denotes the voltage magnitude at the PCC, X;
corresponds to the feeder reactance, and §; represents the
phase angle difference between the inverter and the PCC.
Under the small-angle assumption (§; = 0), the reactive
power can be approximated as a linear function of voltage:

Vi
Q= X, (Vi = Vpee)- (3)

The reactive power reference is allocated proportionally to
the rated capacity of each inverter:
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where, S; denotes the apparent power capacity assigned to the
i-th inverter.

Accordingly, the reactive power sharing error is defined as
the difference between the actual and reference reactive
powers, i.e., eq; = Q; — Q;.

Drawbacks of Conventional Droop Control
According to the classical Q —V droop mechanism, the
voltage reference signal of each inverter is defined as:

Vi=V,— nyQ; 5)

where, n, is a fixed droop coefficient. Due to unequal line
reactances X;, using identical droop coefficients results in
unequal reactive power sharing: Q; # Q, # -+ # Q,, Which
leads to circulating reactive power and degraded voltage
regulation [5, 6].

Motivation for DQN-Based Control

To overcome the above limitations, the proposed approach
replaces the fixed Q — V' droop characteristic with a DQN-
based controller. The voltage reference of the i-th inverter is
modified as:

Vi=Vy+ AVDQN,i (6)

where, AVpqy ; is the voltage correction signal generated by
the DQN agent.

Through iterative interactions with the microgrid system,
the DQN agent is trained to obtain an optimal policy that
determines the appropriate adjustment of AVj,y ; such that:

}Lrglo eqi () > 0,vi=1,..,n, 7)

while maintaining the PCC voltage close to its nominal value:
Vece = Vo.

This learning-based control strategy enables accurate
reactive power sharing without requiring prior knowledge of
line parameters and provides strong adaptability to load
variations and network uncertainties.

3. DEEP Q-NETWORK-BASED POWER SHARING
CONTROL

3.1 Reinforcement learning problem formulation

In the proposed control framework, the power sharing
problem is formulated as an RL task in which each inverter is
represented by an intelligent agent. The agent interacts with
the microgrid environment by observing system variables,
selecting control actions, and receiving feedback in the form
of reward signals. Through repeated interactions, the agent
gradually learns a control policy that optimizes system
performance.

The state vector is constructed from locally measured
electrical variables that reflect the operating condition of the
inverter and the microgrid. Typical state variables include
inverter active power, reactive power, PCC voltage magnitude,

and the reactive power sharing error. Based on the observed
state, the DQN agent selects a discrete control action that
modifies the inverter control variable, such as the voltage
reference or the droop coefficient [4, 12].

3.1.1 State
The state vector of the agent at time step k is defined as:

Sk = [Pk’ Qx> Vpce ko AQk] (8)

where:

P, and @, correspond to the inverter active and reactive
power components, respectively;

Vpcc i refers to the voltage magnitude at the PCC;

AQy = Qi — Qy expresses the mismatch between the actual
and reference reactive powers.

3.1.2 Action
Since DOQN handles a discrete action space, the action set is
constructed by quantizing the control signal, for example:

ay € {—4V,0,+4V} (9)

The selected action is used to adjust one of the following
control variables: the voltage reference V,..; or the Q-V droop
coefficient; or the equivalent virtual impedance value.

3.1.3 Reward function
The reward function is designed to minimize power sharing
errors while maintaining voltage stability:

1, = —a|AQy| — ,3|Vpcc,k - V0| (0)

where, V, is the rated voltage, and a and 8 are weighting
coefficients.

The weighting factors a and 3 are selected based on a
sensitivity analysis to balance voltage regulation and reactive
power sharing. In this study, « = 1and g = 1.5 are chosen
as they provide a good trade-off between the two objectives.

3.2 Deep Q-Network algorithm

The DQN algorithm is a deep RL approach that integrates
traditional Q-learning with deep neural networks in order to
handle control problems involving high-dimensional and
nonlinear state spaces [7, 12]. In the DQN framework, the
action—value function Q(s,a) is not represented using a
tabular form as in classical Q-learning. Instead, it is
approximated by a deep neural network parameterized by 6.

In the proposed microgrid control framework, each inverter
is treated as an autonomous RL agent. At every discrete time
instant k, the agent observes the current system state s,
selects a control action a,, and subsequently receives a reward
1, together with the next system state s,.,. Through this
interaction process, the agent gradually learns a control
strategy that maximizes the cumulative discounted reward
over time.

The action—value function used in the DQN algorithm can

be expressed as [9]:
Qsia) = E Zyi-kn-l (12)




where, y € (0,1) denotes the discount factor that determines
the relative weighting between immediate rewards and future
rewards.

To improve the stability of the training process, the DQN
algorithm incorporates two important mechanisms: experience
replay and a target network. The experience replay buffer
stores transition samples in the form of tuples (s, ag, 7, Sk+1)
obtained from the agent’s interaction with the environment.
During training, mini-batches are randomly sampled from this
buffer, which helps eliminate the strong temporal correlations
between successive data and consequently enhances the
convergence behavior of the neural network.

Furthermore, a separate target network with parameters 6~
is introduced to generate the target Q-values during the
learning process. The parameters of this target network are
periodically synchronized with those of the primary network.
This mechanism mitigates learning oscillations and
contributes to a more stable training procedure. Accordingly,
the loss function of the DQN algorithm can be expressed as:

L) =

2

E

Throughout the learning process, an e-greedy policy is used
to maintain a trade-off between exploration and exploitation.
More specifically, the agent selects a random action with
probability € to investigate new possibilities, while with
probability 1 — €, it chooses the action that maximizes the
estimated Q-value provided by the neural network.

In the proposed control strategy, the DQN algorithm is
integrated into the outer control loop of each inverter to adjust
reference signals, such as the voltage reference or the
equivalent droop coefficient. Owing to its ability to learn
directly from operational data, the DQN-based controller does
not require prior knowledge of the mathematical model or line
impedance parameters, and it exhibits strong adaptability to
load variations and changes in microgrid topology.

3.3 Integration of the Deep Q-Network algorithm into the
microgrid control structure

In the proposed control strategy, the DQN algorithm is
integrated into the outer control loop of each inverter, while
the inner control loop continues to employ conventional linear
controllers to ensure fast stability of current and voltage
dynamics, as illustrated in Figure 2 [16-18].

Specifically, the DQN controller generates a voltage
correction signal AV ; to adjust the reference voltage of the
i-th inverter as follows:

V" =Vo + AVpon,; (13)

where, V, denotes the rated voltage of the microgrid. The
signal AVpqy,; is updated according to the action selected by
the DQN agent at each discrete time step. As a result, the
inverter can autonomously regulate its output voltage to
compensate for reactive power sharing errors caused by
mismatched line impedances.

The incorporation of the DQN controller into the outer
control loop enables the system to operate without relying on
line impedance parameters, adapt effectively to load variations,

and significantly reduce circulating reactive power among
parallel inverters.
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Figure 2. Deep Q-Network (DQN)-based microgrid control
structure

To estimate the action-value function, a deep neural
network is employed in the proposed DQN framework. The
network takes the system state vector as the input and outputs
the estimated Q-values corresponding to all possible control
actions. In this study, a fully connected feedforward neural
network is adopted due to its simplicity and effectiveness for
nonlinear control problems.

The neural network consists of an input layer, two hidden
layers, and an output layer. The hidden layers contain 64 and
32 neurons, respectively, and use the Rectified Linear Unit
(ReLU) activation function to enhance nonlinear
representation capability. The output layer employs a linear
activation function to generate the Q-values associated with
each action.

During training, the network parameters are optimized
using the Adam optimizer with a learning rate of 10, The
discount factor is set to y = 0.95, and the experience replay
buffer size is chosen as 10,000 samples. Mini-batches of size
64 are randomly sampled from the replay buffer to update the
network parameters. The target network parameters are
periodically updated every 200 training steps to improve
learning stability. The architecture of the neural network used
in the DQN controller and the corresponding training
parameters are summarized in Table 1.

Table 1. Deep Q-Network (DQN) neural network
architecture and training parameters

Parameter Value
Network type Fully connected feedforward
network
Input layer State vector sy,

Hidden layer 1
Hidden layer 2

64 neurons, ReLU
32 neurons, ReLU

Output layer Q-values for each action (linear

activation)
Optimizer Adam
Learning rate 0.001
Discount factor y 0.95
Replay memory size 10000
Mini-batch size 64
Target network update Every 200 steps




Algorithm: DQN-based power sharing control for islanded
microgrids
Input:
o Rated voltage V,
Discount factor y
Reward weighting coefficients «, B
Voltage adjustment step AV
Initial exploration rate €
Output:
o Voltage correction signal AV, ; for each inverter
Initialization

1. Initialize the main Q-network with parameters 6
2. Initialize the target network with parameters 8~ < 6
3. Initialize the experience replay memory D

4, Set AVpqn,:(0) = 0 for all inverters
Training and Control Process
5. For each training episode do
6. Observe the initial state
sio = [Pio» Qo Veccor €g,i0)
For each timestep k = 0,1,2,...do
8. Select action a; j, according to the e-greedy policy:
random action, with probability ¢
Aike = arg maxaQ(si,k, a; 9), with probability 1 — ¢
9. Update the voltage correction signal:
AVpon,i(k + 1) = AVpon,i(k) + a;
10.  Apply the reference voltage:
Vi* = VO + AVDQN,i(k + 1)
11.  Measure the new state s; .1 and the reward:
Tik = _a|eQ,i,k| - I3|Vpcc,k - Vo|
12.  Store the transition
(Si,k' Ai g Ti ko Si,k+1)
into the replay memory D
13.  Sample a random minibatch from D
14. Compute the target value:
Ve =Tig + YH‘lf}XQ (Sijer1,a’;07)
15.  Update the main network parameterséby minimizing:
2
L®) =E [(}’k — Q(sip ais 9)) ]
16.  Gradually decrease the exploration rate €
17. If k mod Niyeee = 0 then

18.  Update the target network: 8~ < 6
19. End For
20. EndFor

™~

4. STABILITY ANALYSIS OF THE DEEP Q-
NETWORK-BASED MICROGRID SYSTEM

4.1 Reactive power sharing error model

Consider the reactive power sharing error of the i-th
inverter defined as:

eqi = Qi — Qi (14)

where, Q; is the reference reactive power allocated according
to the rated capacity of each inverter.

Under the assumptions of small phase angle differences and
predominantly inductive line impedances, the reactive power
can be approximated as a linear function of the voltage,
yielding [11, 21]:

eg. = Ki (15)
where, K; > 0 is a positive constant dependent on system
parameters.

Since
it follows that:
€. = KiAVL;QN,L (17)

4.2 Lyapunov stability analysis

A candidate Lyapunov function for the overall microgrid is
chosen as [4, 23]:

<
Il
T
M:
)
on

(18)

i=1
Taking the time derivative of IV, we obtain:

n

n
V= Ze i€o, = ZK%LAVDQN: (19)

i=1 i=1

Assume that the DQN agent learns an equivalent control
policy of the form:

where, k; > 0 and g; represents the approximation error of the

neural network, which is assumed to be bounded as: |¢;| < &,.
Substituting into V yields:

n n
_ZkiKieé,i + ZKieQ,igi (21)
i=1 i=1

Applying Young’s inequality, we obtain:

. CkK , o K —
V< _Z 2 eQ‘l- + Zﬁgl (22)
- . 13

Therefore, the microgrid system is uniformly ultimately
bounded (UUB) in the Lyapunov sense. When the learning
process converges and g; — 0, the reactive power sharing
error asymptotically converges to zero.

5. SIMULATION RESULTS

To evaluate the effectiveness of the proposed DQN-based
power sharing control strategy, comprehensive simulations
were carried out in the MATLAB/Simulink environment. The
simulated system consists of an islanded microgrid with
multiple three-phase inverters connected in parallel to a PCC
through distribution lines with different impedances. The
system parameters and controller settings were selected in
accordance with typical microgrid studies reported in the
literature. The system parameters used in the simulation are
listed in Table 2.



In the simulation scenarios, the microgrid operates in
islanded mode with time-varying loads to examine the
adaptability and robustness of the proposed controller. The
inverters have different rated power capacities and are
connected to the PCC through lines with unequal reactances,
which leads to reactive power sharing inaccuracies when
conventional droop control is applied. The performance of the
proposed method is directly compared with that of the
conventional droop control to highlight the advantages of the
DQN-based controller.

Table 2. System parameters of the studied microgrid

Parameter Symbol Value
Rated apparent power (Inverter 1) S1 8 kVA
Rated apparent power (Inverter 2) S, 4 kVA
Nominal voltage Viom 380V
Nominal frequency from 50 Hz
Line resistance (Inv1-PCC) Ry 02Q
Line reactance (Inv1-PCC) X1 04Q
Line resistance (Inv2-PCC) R, 03Q
Line reactance (Inv2-PCC) X, 0.6 Q
Filter inductance L¢ 2mH
Filter resistance Ry 0.1Q
Load active power P, 10 kW
Load reactive power Q. 5 kVar
Sampling time Ty 0.0001 s

To evaluate the training stability of the proposed method, a
reward-versus-episode curve is presented, which is a standard
metric for assessing convergence in RL. Figure 3 shows the
evolution of the average reward over training episodes.
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Figure 3. Training convergence of the Deep Q-Network
(DQN) controller

Figure 4 presents the active power distribution among the
inverters. Because of the inherent properties of droop-based
control, active power is shared with satisfactory accuracy
under both control schemes. The results show that the
proposed DQN-based controller achieves a level of active
power sharing similar to that of the conventional droop
approach, without introducing any noticeable degradation in
microgrid frequency stability.

Figure 5 presents the reactive power responses of the
inverters in the microgrid. With conventional droop control,
the unequal line impedances lead to significant reactive power
sharing errors, resulting in circulating reactive power among

the inverters. In contrast, the DQN-based control method
significantly improves the accuracy of reactive power sharing.
The inverters distribute reactive power according to their rated
power capacities, and the sharing error is substantially reduced
after a short learning period.
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Figure 4. Active power sharing performance
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Figure 5. Reactive power sharing performance

Figures 6 and 7 show the simulated power-sharing behavior
in an islanded microgrid with two parallel-connected inverters,
where the intended sharing ratio is set to 2:1 using the
proposed DQN-based control strategy. The results
demonstrate that, following a short transient interval, the
output power of the inverters converges to the desired 2:1
distribution. During the initial stage, due to startup conditions
and the learning process of the DQN controller, small power
oscillations may occur. However, as the learning process
gradually converges, these oscillations are rapidly attenuated,
and the system reaches a stable steady state.

Specifically, the first inverter supplies approximately twice
the power of the second inverter, which is consistent with the
prescribed power-sharing ratio. The power-sharing error is
significantly reduced and converges to nearly zero,
demonstrating the high accuracy of the proposed control
strategy. Moreover, the adjustment process is smooth, without
inducing large oscillations or adversely affecting the overall
stability of the microgrid.

The results presented in Figures 6 and 7 demonstrate that
the proposed DQN-based controller is capable of adaptively
regulating the power-sharing process to achieve the specified
ratio, even without prior information about the line impedance
parameters. These results highlight the effectiveness of the
proposed approach in enabling flexible and accurate power
distribution among parallel inverters operating in islanded
microgrids.

Figure 8 depicts the voltage profile at the PCC when the
proposed DQN-based power-sharing  controller s
implemented. It can be seen that the PCC voltage remains



stable and close to its nominal level during the entire operation,
despite the presence of line impedance mismatches and the
interactions among parallel inverters. At the initial stage,
minor voltage variations may occur due to the initialization
and training process of the DQN controller; however, these
fluctuations are quickly attenuated as the learning algorithm
gradually converges.
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Figure 6. Active power sharing performance
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These results indicate that the DQN-based controller not
only improves reactive power sharing accuracy but also
significantly enhances voltage quality at the PCC, effectively
overcoming the voltage deviation and fluctuation issues
commonly associated with conventional droop control.
Therefore, Figure 8 clearly demonstrates the effectiveness and
adaptability of the method in ensuring PCC voltage stability
for islanded microgrid operation.

Figure 9 illustrates the system response under a sudden load
change. The simulation results demonstrate that the DQN-
based controller rapidly adapts to new operating conditions,
maintaining PCC voltage stability and ensuring accurate
reactive power sharing among the inverters. In contrast, the
conventional droop control exhibits a slower dynamic
response and larger reactive power errors during the transient
period.

From the simulation results, it is evident that the proposed

DQN-based controller provides improved performance over
the traditional droop control method, particularly with respect
to reactive power sharing precision and PCC voltage quality.
In addition, the proposed strategy operates without requiring
prior information about line impedances and shows robust
adaptability to variations in load demand and operating
conditions. This indicates a promising capability for
deployment in islanded microgrids subject to significant
uncertainties.
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Figure 9. System response under sudden load change

6. CONCLUSIONS

This paper has proposed a reactive power sharing control
strategy for islanded microgrids based on the DQN algorithm.
By integrating DQN into the outer control loop of inverters,
the proposed method enables the system to adapt to line
impedance mismatches and load variations, thereby
overcoming the limitations of conventional droop-based
control. The DQN algorithm is designed with appropriate state
variables and a reward function, which effectively reduces
reactive power sharing errors while maintaining the PCC
voltage close to its nominal value. Lyapunov-based stability
analysis demonstrates that the microgrid system achieves
UUB stability, and the reactive power sharing error
asymptotically converges to zero as the learning process
converges. The results indicate that the proposed approach
provides an effective and flexible solution for microgrid
control, particularly suitable for systems with uncertain
parameters and varying operating conditions.

Future work will focus on real-time implementation of the
proposed DQN-based controller on embedded platforms such
as DSPs and FPGAs, with particular attention to latency and
computational efficiency. In addition, the framework will be
extended to large-scale multi-inverter microgrids under highly
dynamic operating conditions, while incorporating advanced
RL techniques to further enhance convergence speed and
robustness.
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