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Abstract

With the increasing penetration of distributed renewable energy (DRE), the stable operation of smart microgrids integrating
wind, solar, hydro, and storage faces significant challenges. The core issue lies in the strong intermittency and random-ness
of distributed generation outputs, which can easily trigger voltage fluctuations, particularly at the grid connection points of]
Power Conversion Systems (PCS), seriously threatening power quality and supply reliability. This study innovatively
integrates Deep Reinforcement Learning and Digital Twin (DRL+DT) technologies to establish a novel control framework,
which constructs a digital twin of the microgrid. Based on the Proximal Policy Optimization (PPO) algorithm, a DRL
controller is designed, with clearly defined state spaces, action spaces, and a composite reward function incorporating multi-
objective constraints. This modeling approach transforms the voltage control problem into a sequential decision-making task
solvable through data-driven methods. The trained policy neural network serves as an intelligent controller for performance
comparison in subsequent sections. To validate the proposed approach, simulation tests verify that the proposed method
suppresses voltage fluctuations more rapidly and smoothly compared to conventional PI control and single DRL approaches.
The voltage deviation is reduced by 62.4%, while the State of Charge (SOC) of the energy storage system is effectively
maintained within a healthy range. The experimental results not only verify the technical advantages of the combined
DRL+DT framework in addressing complex energy control challenges in microgrids but also demonstrate its capability to
support the development of highly resilient and self-healing smart microgrid control systems, highlighting both advanced
functionality and practical utility.
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1. Introduction

The increasing penetration of distributed renewable energy
(DRE) in microgrids has highlighted the critical importance
of managing the high stochasticity and multi-timescale
coupling effects on both the generation and load sides [1].
Conventional methods such as PI control, model predictive
control (MPC), and model-free adaptive control (MFAC)
exhibit limitations in control accuracy, and it remains
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challenging to achieve globally optimal coordinated control
using a single approach. Consequently, there is a pressing
need to enhance the applicability and adaptability of control
models [2]. Current knowledge lacks a control paradigm
capable of operating without reliance on precise
mathematical models, underscoring the necessity for in-depth
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research into adaptive learning mechanisms that can capture
system dynamics in real time [3].

Recent studies in power management have explored
various strategies. Smith, A. B. et al. proposed a droop-
control-based voltage regulation method for microgrids, and
incorporated active power, voltage and reactive power, and
voltage droop characteristics [3]. A key limitation, however,
is its strong dependence on accurately tuned droop
coefficients and the inherent inability of static droop
characteristics to adapt to dynamic system changes. In
Reference [4], a model predictive control (MPC) strategy was
designed for energy storage management to achieve
anticipatory optimization; nevertheless, its performance is
highly reliant on prediction model accuracy, and significant
model mismatch can occur under highly fluctuating
renewable power injection, leading to performance
degradation. A robust control approach was introduced in
Reference [5] to handle system uncertainties through an
optimized Controller ™IN-MAX = alheit at the expense of
performance under normal operating conditions to ensure
robustness in worst-case scenarios. Schmidt, P. et al. applied
an improved fuzzy logic control to converter regulation using
an expert-knowledge-based fuzzy rule base [6]. However, the
methodology for constructing rule sets and tuning
membership functions lacks systematic rigor and offers
limited optimization. The study in Reference [7] investigated
a distributed cooperative control framework with an
information exchange protocol among neighboring nodes,
though communication delays and reliability issues adversely
affect system stability. In Reference [8], a supervised
learning-based neural network control was developed
featuring an offline-trained feedforward controller. Its
drawbacks include the requirement for extensive labeled data
covering all operational scenarios and the lack of online
adaptability to unknown dynamics. While these studies have
contributed to improving system stability, they often involve
trade-offs among model accuracy, computational complexity,
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and adaptive capability. None fully resolve the core challenge
of achieving real-time, optimal, or autonomous voltage
control under high uncertainty [9].

A methodology integrating deep reinforcement learning
(DRL) with digital twin technology is proposed in this study.
A high-fidelity digital twin model is constructed to emulate
the dynamic behavior of the physical microgrid, which serves
as a safe and realistic virtual environment for DRL agent
training. A smart controller based on the proximal policy
optimization (PPO) algorithm is designed, with carefully
formulated state and action spaces and a composite reward
function. This enables the DRL agent to autonomously learn
an optimal control policy through trial and interaction within
the digital twin. The strategy aims to dynamically coordinate
the active and reactive power outputs of energy storage
converters in real time. The proposed approach is anticipated
to significantly enhance the dynamic performance of voltage
regulation, not only enabling rapid fluctuation suppression
but also ensuring the operational sustainability of the energy
storage system (ESS). Ultimately, it is expected to achieve
adaptive and robust control performance superior to
conventional methods, without requiring an exact
mathematical model.

The technical innovations of this study are listed here:

(1) An integrated framework of deep integration of DRL
training and digital twin simulation is constructed to provide
a feasible engineering path for key energy applications.

(2) A multi-objective  collaborative  optimization
mechanism with a compound reward function is innovatively
designed to guide agents to make optimal decisions that take
into account both short-term effectiveness and long-term
sustainability under multiple constraints.

(3) An intelligent coordinated control strategy is
developed to achieve four-quadrant operation of power
conversion systems (PCS) in energy storage systems (ESS),
thereby unlocking their potential as flexible regulation
resources. This approach significantly enhances the overall
control flexibility and optimization scope of the system.
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Fig. 1. The microgrid traditional control model

2. The relative work

2.1. Overall analysis of voltage fluctuation
control in microgrid

As a critical platform for integrating distributed renewable
energy (DRE), the smart microgrid faces core operational
stability challenges stemming from the strong intermittency
of primary energy sources such as wind and solar, as well as
the stochastic nature of load demand [10]. The combined
effect of these two uncertainty factors frequently disrupts
real-time power balance within the system, thereby inducing
sustained fluctuations and deviations in the voltage at the
Point of Common Coupling (PCC) [11]. The Energy Storage
System (ESS), which injects or absorbs active and reactive
power via the Power Conversion System (PCS), is recognized
as one of the most effective solutions for mitigating such
power disturbances and supporting voltage stabilization [12].
A conventional control architecture of a microgrid is
illustrated in Figure 1.

Therefore, the control strategy design of PCS has become
the research focus to ensure the power quality and operation
reliability of microgrid [13]. Current research as a whole
faces the need to shift from traditional control relying on
linear models to data-driven and intelligent decision-making
paradigms dealing with highly nonlinear systems [14].

2.2. Comparative analysis of mainstream
control technologies

In the field of microgrid voltage control, prevailing
techniques exhibit distinct characteristics. PI control is simple
and reliable, but lacks adaptive capability. Model Predictive
Control (MPC) offers strong optimization performance yet is
constrained by model accuracy [15]. Fuzzy logic control
handles uncertainties effectively but relies heavily on expert
knowledge for design, and Model-Free Adaptive Control
(MFAC) eliminates the need for an explicit model but suffers
from theoretical limitations in convergence and
generalization [16]. The technical analysis is presented in
Table 1.

Table 1. Comparison and analysis of mainstream technologies of microgrid voltage control.

Control Technology Advantages Disadvantages
PI Control [17] Simple structure and the low calculation cost Rely on the exact lmearwngglc(iel, and the robustness is

MPC [18] multi-variable constraints.
FLC [19] It does not rely on accurate models and is good at dealing
with nonlinear problems.
MFAC [20] Only I/O data is required.
DRL [21] Learning optimal strategies to handle highly nonlinear

problems

A rolling optimization mechanism is adopted to deal with

Heavy computational burden, heavily dependent on
model accuracy
Design relies on expert experience and lacks self-
learning ability.
Theoretical guarantees of convergence and stability
require strict assumptions.

Training needs a lot of data, and there is instability.

Because the inherent drawbacks of a single technology
cannot be completely and perfectly solved, it is necessary to

combine multiple methods for common optimization to meet
the system requirements, as shown in Table 2.

Table 2. Comparison and analysis of technical integration scheme.

Combining technology Way of implementation

Advantages Limitations

Using FLC to tune PID

narameters on line

PID-FLC combination [22]

MPC-state estimator

combination [23] are used to provide state

nrediction for MPC.

DRL-simulation Training with high fidelity
environment integration  simulation model instead of real
241 environment

Improve the adaptive ability of

Addressing safety risks in DRL

Performance is limited by PID

traditional PTD framework

Kalman filter and other algorithms Enhance the ability of MPC to cope
with measurement noise and

Unresolved model dependency
uncertaintv.

Final performance depends on

physical training model and algorithm efficiency.
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Combining technology Way of implementation

Advantages Limitations

The Digital Twin provides a high-

Deep integration of DRL  fidelity training environment and Both environmental authenticity and

and DT the DRL provides intelligent

decision-making.

High accuracy requirement for

decision intelligence digital twin model

A technical pathway integrating deep reinforcement
learning (DRL) and digital twin (DT) technology is adopted,
in which a digital twin provides a high-fidelity virtual
representation that closely approximates the physical entity.
The dynamic characteristics of the system are described by a
set of differential-algebraic equations. For a microgrid
incorporating an Energy Storage System (ESS), the key
dynamics on the AC side are used to construct the core
electrical model of the digital twin.

3. Voltage control method of energy
storage converter based on DRL+DT
fusion

To address the issue of voltage fluctuation suppression in the
Power Conversion System (PCS) within a renewable-
integrated microgrid, comprising wind, photovoltaic, hydro,
and storage sources, this study focuses on enhancing voltage
quality at the Point of Common Coupling (PCC). The PCC
voltage is subject to multiple disturbances, including
fluctuations from wind and photovoltaic power generation, as
well as random load variations [25].

3.1. Brief description of research object and
technical framework

An innovative control architecture is proposed that deeply
integrates DRL and DT technologies. This framework is
designed to accurately simulate the dynamic responses of the
physical system. The resulting control strategy is deployed to
the central controller of the physical microgrid to enable real-
time closed-loop control of the PCS. The overall system
architecture is depicted in Figure 2.

DRLADT Integrated Control Framework

I Twin

Z Coordinate (m)

P
;

0
" Y Coordinate (m)

Fig. 2 The technical framework of the DRL+DT
integrated control

Figure 1 shows the information interaction and closed-
loop relationship between the digital twin environment, the
DRL agent, and the physical system. The modeling accuracy
of digital twins is the cornerstone of the effectiveness of the
DRL strategy. Its construction needs to cover the dynamic
characteristics of distributed generation, network topology,
load, and ESS. Each component model constitutes the
interactive environment £ of the DRL agent.

3.2. Digital twin environment modeling

The randomness of wind-solar power and load is the core
disturbance source. Its model usually adopts a time series
modeling method. The output power model of the PV array
can be expressed as:

=P, Z k@ o-T0 ()

std

Where: P, (?) is the output active power (W) of the PV
array at time ¢; P,, is the rated power (W) under standard
test conditions; G(?) is the actual irradiance (W/m?) on the
surface of the PV panel at time ¢ ; G, is the irradiance
(1000 W/m?) under standard test conditions; k is the power
temperature coefficient (%/°C); T,(¢) is the temperature
(°C) of the PV cell at time ¢ ; T,, is the temperature at

standard test conditions (25°C).
The linearized model is expressed as:

AV = J-AP+K-AQ )

In the formula, AV represents the N-dimensional column
vector (V) formed by the voltage deviation value of each
node; AP, AQ represent the N-dimensional column vector
(W, Var) formed by the deviation value of the active and
reactive power injected by each node; J, K represent the
system active-voltage and reactive-voltage sensitivity matrix
(V/W, V/Var), whose eclements are determined by the
network topology parameters and the initial operating point.

3.3. Design of deep reinforcement learning
algorithm

In this paper, PPO (Proximal Policy Optimization) algorithm
is used, and the interaction process is modeled as MDP
(Markov Decision Process). It comprises a state space, an
action space and a reward function.
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The state space S shall comprehensively represent the
system operation state, and the formula is:

S = [VPCC 2 Plaad > Qload ) va P} P SOC]T (3)

t wind *

In the formula: s, is the state vector at time ¢ ; V.. is the

pee
measured value of PCC point voltage (V); F.u>Opa is the
active and reactive power of the total load (W, Var); P, P, .,

is the active power of photovoltaic and wind turbine output
(W); and SOC is the current state of charge of ESS (%).

The action space 4 is defined as the control instructions
of the agent to the PCS. Its output is a continuous value:

a,=[AP,,AQ,, T “

Where: aq,

AP, AQ,, denotes the adjustment quantity (W, Var) of the
active and reactive power reference values at time 7 .

The reward function R designs a multi-objective
compound reward function to stabilize the voltage and ensure
the healthy operation of the energy storage at the same time:

denotes the action vector at time ¢ ;

n=-a,

pee

- Vref)2 - ﬂ : (SOC - SOC{)pt )2 - }/ : (AP;;” + AQrzef)
(%)

In it: 7, is the instant reward obtained at time ¢ ; V,e,» is

the rated reference value (V) of PCC voltage; SOC,,, is the
optimal working state of charge of ESS (such as 60%);
a, B,y are the weight coefficients of each penalty factor,
which are used to balance the importance of different
optimization objectives.

The goal of the PPO algorithm is to find a strategy
7m,(a,|s,) that maximizes the expected cumulative

discounted reward:

n(z,)=Er~x00> y'r] (6)

t=0

Where, 7 is the trajectory from the initial state to the
terminal state, 7 represents the discount factor, and &
represents the strategy neural network parameter. Its core
update formula guarantees stability by tailoring the surrogate
target:

L7 (0) = B/ [min(r.(0) 4, clip(r:(0),1-0,1+0)4 )] (7)

LCLIP

In the formula: (6) represents the pruning loss

}’;(9)= ”B(az |S1)
77'-00“ (at |Sz)

represents the probability ratio of the new and old strategies;

function under the parameter 6 ;

A, represents the estimated value of the advantage function

attime 7 ; O represents the pruning hyperparameter, which is
used to limit the amplitude of each strategy update.
Algorithm pseudo code:

2 EA

Algorithm 1: PPO-based Control for Energy Storage PCS

Input: Environment E, hyperparameters { &, ,E,A }, max
episodes E

Output: Optimized policy 7,

1.Initialize policy network 7, and value network V,

2.for episode =1 to E do

Reset environment: S, < E .init (*)

for t=0 to T do

W

Sample action: o ~ ﬂg(~|S)

4
5
6. Execute: (s,,, 7'y, done) « E .step(@)
7 Store transition: (s, &, 7, S,;)

8. end for

9. Compute advantages: A «— GAE(y, 1)
10.Update policy: € <« 6+ a Vmin [+A
11.Update value: ¢« ¢—aV(V,(s)-V
12.End

4. Hierarchical reinforcement learning
cooperative control architecture

4.1. Synergetic mechanism of the system
architecture

The system employs a dual-layer intelligent agent
architecture. The Manager operates on a slower time scale to
optimize State of Charge (SOC) stabilization, while the
Worker functions at a faster time scale to perform tactical
voltage fluctuation suppression and achieve precise power
tracking. The overall system workflow is depicted in Figure

Hierarchical Reinforcement Learning Control Architecture

High-Level
Low-Level Cc

N High-Level Manager
N Low-Level Controller

Digital Twin Environment
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a: primitive action

B s state information

z: sub-goal
" Millisecond)s

— ~
\wTwm Envagn/,/ ~

Y Coordinat y .
cordmate \\,//{(,oordmatc

Fig. 3. The cooperative control architecture based on
hierarchical reinforcement learning

[ | Pm/er: power reference

Z Coordinate (Time Scale)

In Figure 3, the layers communicate and collaborate
through a potential Goal. The Manager produces an abstract
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objective g, every ¢ time step, which serves as part of the

reward function of the underlying controller, guiding its
short-term behavior to align with the long-term strategy.

4.2. Multi-time scale digital twin environment
enhancement modeling

To support hierarchical decision-making, the digital twin
model captures both the fast dynamics (such as voltage
fluctuations) and the slow dynamics (such as SOC evolution)
of the system [26].

The transient process used to simulate the initial stage of
the disturbance is expressed as:

dIline = L_l (Vbus - RI

i Viee) ®)

line pee
In the formula: I, is the line current vector (A); L is the
line inductance matrix (H); V,,, is the bus voltage vector (V);
R is the line resistance matrix (Q); and V, is the voltage
vector at the point of common coupling (V).
The dynamic response is simulated by a first-order inertia
link:
dP

out

dt

1
=—(Py=B.) ©)

Where: P, denotes the actual output active power of the

PCS (W); P, denotes the active power reference command

(W); 7 is the time constant of the PCS (s), reflecting its
response speed.

In addition to the static component, the dynamic
component is added to the load model to simulate the actual
disturbance more realistically. The model is expressed as:

dP, V
T— =+ P =R (10)
0

In Formula 10: £, is the dynamic active component of
the load (W); T is the mechanical time constant of the motor
(s); B, is the initial power at rated voltage (W); and «
denotes the voltage index.

The model connects fast and slow time scales, and the
internal control dynamics of PCS need to be more finely
characterized to evaluate the tracking performance of control
instructions.

5. Simulation experiment and analysis

5.1 The setup of the experimental
environment

The experiments were conducted within a smart microgrid
digital twin model integrating wind, solar, hydro, and storage
components. The model was constructed using parameters
from the Ausgrid Solar Home Electricity Dataset [27] and the
Open Power System Data (OPSD) [28], which include load,
wind power, and photovoltaic generation data from multiple
regions. The simulation platform configuration is detailed in
Tables 3 to 5.

Table 3. Hardware configuration environment

Items Parameters Functions
CPU Intel Xeon Platinum 8360Y Accelerate the simulation and training process
GPU NVIDIA A100 Deep neural network model training and inference
RAM 512 GB DDR4 ECC Model parameter access and exchange
DISK Samsung PM1743 3.2TB High-speed read and write storage log, checkpoint
and data set
Table. 4 Software configuration environment
Items Parameter/version Functions
Operating system Ubuntu 20.04.6 LTS Underlying system operating environment

Programming language Python 3.8.18

Deep learning framework

Power system simulation
Interactive interface

PyTorch 2.1.2 + CUDA 11.8

MATLAB/Simulink R2023a
ONNX Runtime, MATLAB Engine API

Algorithm logic, data preprocessing and
analysis
Deployment of DRL and HRL neural network
models
Provide a simulation environment
Real-time data exchange and control

2 EA
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Table 5. Key training hyperparameter settings [29]

Items Parameters Functions
Discount factor (y) 0.99 Weigh the immediate rewards
Crop range (€) 0.2 Limit policy update amplitude
Learning rate (Actor) o4 Step size for updating control policy network
parameters
Learning rate (Critic) le-3 Control the step size of the value network
parameter update
Batch size (Batch Size) 1024 Number of samples used per parameter update
High-level decision-making cycle (c) 10 Interval time step for new target

5.2 Simulation results and analysis

Photovoltaic power step drop test. To evaluate the dynamic
response capability of the proposed control strategy under
severe fluctuations in distributed renewable energy (DRE)
generation, extreme scenarios involving abrupt changes in
photovoltaic output were simulated. These tests assessed the
strategy’s effectiveness in mitigating voltage fluctuations and
maintaining the transient stability of the system. The
corresponding results are presented in Table 6 and Figure 4.

3D Voltage Response Comparison

Average Voliage Response
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Fig. 4. Photovoltaic power step drop test

The test results demonstrate that the proposed HRL
strategy exhibits superior transient performance by
effectively limiting the voltage overshoot to 1.5%, which
represents a reduction of 64.3% compared to the PI control
and 46.4% compared to the single DRL approach. In terms of
settling time, the proposed HRL requires only 0.6 seconds to
restore voltage stability, which responds 60% faster than the
PI control and 40% faster than the single DRL method.

2 EA

Load random fluctuation test. To evaluate the steady-
state performance and stability of the control strategies
under continuous random disturbances, tests were
conducted by simulating continuous random variations in
load power to examine the ability of each strategy to
maintain voltage stability at the Point of Common
Coupling (PCC). Metrics such as Root Mean Square
Error (RMSE), mean deviation, and maximum deviation
were computed to quantitatively assess the disturbance
rejection capability and voltage control accuracy of the
different control strategies [30]. The corresponding test
results are presented in Table 7 and Figure 5.

Table 6 Dynamic performance comparison under PV
power step-down scenario (n=50)

Sct(r):tltgg}ll Overshoot (%) Settling Time (s) Stability Margin
PI Control 4.2 1.5 Low
Single DRL 2.8 1.0 Moderate
Proposed HRL 1.5 0.6 High

Table 7. Statistical comparison of voltage deviation
under load fluctuation scenario (n=6000)

Control Mean Deviation RMSE Maximum Deviation
Strategy (4] Q0] W)
PI Control 1.85 2.34 8.71
Single DRL 1.12 1.42 6.53
Proposed
HRL 0.78 0.90 4.89
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(a) Voltage Response Surface with Load Fluctuation
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Fig. 5a. Load random fluctuation test

(a) Performance Metrics Radar Chart
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Fig. 5b. Load random fluctuation test

The test results show that the proposed HRL method

reduces the voltage RMSE to 0.90 V' \which achieves a
61.5% and 28.6% reduction compared to the PI Control and
Single DRL strategies, respectively. These results
corroborate that the proposed HRL can more accurately
compensate for voltage deviations arising from load
fluctuations, thereby providing smoother voltage support.
SOC coordination management test. The proposed HRL
exhibits the capability to coordinate voltage control with
energy storage management over extended time scales. To
evaluate its performance under sustained disturbances, an
eight-hour continuous operation scenario was simulated,
during which identical stochastic sequences of renewable
power and load disturbances were applied. The

< EAI

corresponding experimental data is presented in Table 8 and
Figure 6.

Table 8. Long-term operation performance comparison
(n=8 hours, data sampled per minute)

Performance Metric Single DRL Proposed HRL
Strategy Strategy
SOC Maintenance (%) 18.5 (5.7) 59.8 (£3.2)
Voltage RMSE (V) 3.41 0.95
Time of Regulation 65 )
Loss (h) )
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(a) 3D SOC Evolution Probability Distribution
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Fig. 6a. Comparison of long-term SOC evolution trajectories under different control strategies
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Fig. 6b. Comparison of long-term SOC evolution trajectories under different control strategie

From the results, we conclude that the Single DRL agent,
whose reward function solely focuses on minimizing
instantaneous voltage deviation, exhibits greedy control
behavior that rapidly exhausts the energy storage capacity. In
contrast, the proposed HRL framework demonstrates superior
multi-objective cooperative optimization capability. Guided
by latent goals generated by the Manager, the system
successfully maintains the State of Charge (SOC) at a healthy
average level of 59.8% (with a standard deviation of £3.2%).
Thus, it achieves an optimal balance between voltage
regulation performance and energy sustainability.

5.3. Discussion
Experimental results confirm the significant potential of the

proposed HRL approach in addressing multi-timescale and
multi-objective  control problems in microgrids. Its

< EAI

performance advantages primarily stem from effective
functional decomposition: the Manager focuses on slow-
timescale energy planning, thereby allowing the underlying
controllers to concentrate on fast-timescale voltage
regulation. This division of labor mitigates the curse of
dimensionality and objective conflicts inherent in single-
agent strategies. However, this study has limitations. For
example, the ultimate performance of the algorithm partially
depends on the accuracy of the digital twin model. Thus, the
model inaccuracies may incur performance degradation when
the strategy is deployed on physical systems.

6. Conclusion

Based on the deep integration of single-agent deep
reinforcement learning (DRL) and digital twin (DT)
technology, this study addresses the voltage stability issues in
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smart microgrids with high penetration of distributed
renewable energy (DRE) by proposing a novel coordinated
control architecture for power conversion systems (PCS). A
high-fidelity, multi-timescale digital twin environment was
constructed. Besides, a hierarchical reinforcement learning
algorithm incorporating goal-conditioned mechanisms and
intrinsic reward design was developed. This framework
successfully achieves effective coordination between short-
term rapid and precise voltage regulation and long-term
energy management. From the simulation results, we confirm
that compared to conventional PI control and single-agent
DRL strategies, the proposed method significantly reduces
voltage deviation (with root mean square error reduced by up
to 61.5%), improves dynamic response performance, and
maintains state of charge (SOC) at healthy levels under power
abrupt changes and stochastic load fluctuations. Therefore,
the approach provides a viable solution for addressing control
challenges in complex energy systems.

To mitigate potential performance degradation during real-
world deployment, subsequent research will study
incorporating online adaptive and transfer learning
mechanisms. These enhancements are intended to improve
robustness against unmodeled dynamics and model mismatch
as to increase the reliability of transferring control strategies
from virtual simulation to physical implementation. Further
investigation will also explore the regulatory potential and
economic benefits of the integrated energy systems.
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