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Abstract— This paper proposes a Digital Twin-enabled Deep Reinforcement Learning (DRL) framework for real-time energy
management of photovoltaic (PV) and battery energy storage systems (ESS) in active distribution networks under uncertainty. A
cyber-physical Digital Twin architecture is developed to continuously synchronize operating measurements with a virtual network
model, providing validated system states for a Proximal Policy Optimization (PPO)-based DRL controller. The energy management
problem simultaneously considers operational cost, voltage regulation, battery degradation, and uncertainty robustness. Monte
(arlo-generated PV and load scenarios are employed to improve policy generalization under stochastic operating conditions. The
proposed framework is validated on the IEEE 33-bus distribution system with 60% PV penetration and a 1.5 MWh ESS. Simulation
results show that the proposed DRL+DT approach achieves a 22.2% reduction in operational cost, reduces voltage deviation, and
improves robustness compared with RBC, OPF, and standalone DRL methods. The results demonstrate that Digital Twin-assisted
state synchronization significantly enhances the effectiveness and reliability of DRL-based energy management in renewable-rich
active distribution networks.
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INTRODUCTION

The ongoing transition toward low-carbon energy systems has significantly reshaped the
operational paradigm of modern power grids. In particular, the increasing penetration of
renewable energy sources, especially photovoltaic (PV) systems, has transformed traditional
passive distribution networks into active and highly dynamic systems. While this transition
contributes to decarbonization goals, it simultaneously introduces critical operational
challenges, including voltage fluctuations, reverse power flow, and increased uncertainty in
generation and demand [1], [2], [3].

To mitigate these issues, energy storage systems (ESSs) have emerged as a key enabling
technology for balancing supply and demand in renewable-rich distribution systems [4], [5], [6].
The coordinated operation of PV and ESS has therefore attracted considerable research
interest in microgrids and active distribution networks [7], [8]. However, integrating these
resources fundamentally changes network dynamics and requires intelligent energy
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management strategies capable of operating reliably under uncertain real-time conditions.

Conventional approaches for energy management in distribution systems are primarily based
on deterministic optimization techniques, such as optimal power flow (OPF) and mixed-integer
programming [3], [9]. Although these methods can achieve satisfactory performance under
predefined operating scenarios, their effectiveness is highly dependent on forecast accuracy
and static assumptions. Consequently, their adaptability becomes limited in practical systems
with stochastic PV generation and rapidly varying load demand.

To overcome these limitations, artificial intelligence (Al)-based approaches, particularly deep
reinforcement learning (DRL), have recently gained significant attention in power system
operation and control [10], [11]. DRL enables data-driven and model-free decision-making by
continuously learning optimal control policies through interaction with the environment. Existing
studies have demonstrated the capability of DRL for real-time energy management, voltage
regulation, and ESS scheduling in renewable-integrated systems [1], [8], [11].

Another emerging paradigm in modern power systems is the Digital Twin (DT), which provides
a continuously synchronized virtual representation of physical assets for real-time monitoring,
simulation, and control. Recent studies have highlighted its potential to improve operational
awareness and decision-making in renewable-integrated energy systems [1], [6], [12]. DT
technology has been increasingly explored in energy systems to enhance situational
awareness and improve decision-making accuracy. However, its integration with Al-based
control frameworks for distribution network operation remains relatively underexplored.

Despite the growing body of literature, several important gaps can be identified. First, many
existing studies adopt deterministic or simplified stochastic models, which do not adequately
capture the inherent uncertainty of PV generation and load demand [3]. Second, battery
degradation, an essential factor affecting the lifecycle and economic viability of ESS is often
neglected in energy management formulations [5]. Third, most conventional optimization
frameworks lack scalability and real-time adaptability for practical large-scale distribution
systems [9], [10].

Reliable operation of active distribution networks increasingly depends on energy
management strategies capable of responding to renewable uncertainty in real time while
maintaining economic and technical performance. In this context, this paper develops a Digital
Twin-enabled Deep Reinforcement Learning (DRL) framework for coordinated photovoltaic
(PV) and battery energy storage system (ESS) operation. The proposed framework combines
a cyber—physical Digital Twin environment with a Proximal Policy Optimization (PPO)-based
control agent to achieve continuous state synchronization, adaptive ESS scheduling, and real-
time decision-making under uncertain operating conditions. In addition to minimizing
operational costs, the framework explicitly considers voltage regulation, battery degradation,
and uncertainty robustness within a unified optimization framework. The effectiveness of the
proposed approach is evaluated on the IEEE 33-bus active distribution network using Monte
Carlo-generated PV and load scenarios and is compared against conventional Rule-Based
Control (RBC), Optimal Power Flow (OPF), and standalone DRL approaches.

The main contributions of this work are summarized as follows. First, a Digital twin-enabled
DRL framework is developed to provide continuous state synchronization, power-flow-
validated system awareness, and real-time adaptive control for coordinated PV-ESS operation.
Second, a stochastic scenario-based uncertainty modeling approach is incorporated using
Monte Carlo-generated PV and load variations to enhance the robustness and generalization
capability of the DRL agent. Third, battery degradation is explicitly integrated into the control
objective through a degradation-aware ESS scheduling mechanism, enabling a balanced
trade-off between short-term economic benefits and long-term battery lifetime preservation.
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Fourth, a PPO-based DRL controller is designed to optimize ESS charging and discharging
actions under dynamically changing operating conditions while maintaining voltage stability
and operational reliability. Finally, the proposed framework is comprehensively validated using
benchmark comparisons with RBC, OPF, and standalone DRL approaches, together with
convergence analysis, statistical validation, and sensitivity assessment under different
uncertainty levels.

METHOD

A. System Architecture and Problem Description

This study considers an active distribution network based on the IEEE 33-bus test system
integrated with photovoltaic (PV) generation and battery energy storage systems (ESSs). The
increasing penetration of renewable energy resources introduces significant operational
challenges, including voltage fluctuations, reverse power flow, and uncertainty in power
generation. To address these challenges, a Digital Twin-enabled Deep Reinforcement
Learning (DRL) framework is proposed for real-time energy management.
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Figure 1. Digital Twin Architecture and Closed-Loop Synchronization Framework

The overall framework consists of three tightly coupled components: (i) the physical distribution
network, (ii) the Digital Twin platform, and (iii) the DRL-based decision-making agent. Real-
time measurements including load demand, PV generation, bus voltage magnitudes, and ESS
operating conditions are continuously collected and synchronized with a virtual representation
of the network. The Digital Twin provides a physically consistent operating environment
through state estimation and AC power flow validation, while the DRL controller determines
optimal ESS charging and discharging actions.
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The proposed framework aims to simultaneously minimize operational cost, maintain voltage
stability, and reduce battery degradation under uncertain operating conditions. Figure 1
illustrates the overall cyber—physical architecture adopted in this study.

B. Digital Twin-Based Cyber—Physical Modeling

The proposed Digital Twin is implemented as a cyber-physical platform that continuously
synchronizes operating information between the physical distribution network and its virtual
counterpart. As shown in Figure 1, the framework consists of a physical network layer, a data
acquisition layer, a Digital Twin synchronization layer, and a PPO-based DRL control layer.

The physical system is represented by the IEEE 33-bus active distribution network integrated
with PV generation and an ESS. Real-time measurements, including load demand, PV output,
battery state-of-charge (SOC), and bus voltage magnitudes, are collected and transmitted to
the Digital Twin environment. This closed-loop interaction enables continuous adaptation to
system dynamics and uncertainty, which is not achievable using conventional deterministic
optimization methods [6], [13]. The measurement vector is defined as:

se = [PEoed, PPV, 50C,, Vi) (1)

where ptLoaddenotes the load demand, pFVrepresents the photovoltaic generation output,
Soc,is the battery state-of-charge, and y,denotes the network voltage profile at time ¢.

§ = fDT(Zt; 9DT) (2)

where z, represents the measurement vector, s, denotes the estimated virtual state, and g,,,.
represents the Digital Twin model parameters.

The virtual model is developed in MATLAB/MATPOWER using AC power flow analysis of the
IEEE 33-bus distribution network. Network topology, load demand, PV generation, and ESS
operating constraints are continuously updated and validated to ensure physical consistency.
The synchronization accuracy is evaluated by Equation (4). At each time step ¢, real-time
measurements xt (including load demand, PV output, and voltage profiles) are collected from
the physical system. These measurements are processed by the Digital Twin, which
reconstructs an estimated system state 5, through a mapping function:

S¢ = T(xt; Zt) (3)

where z, represents internal model parameters. Unlike purely data-driven approaches, the
Digital Twin enforces physical consistency through embedded power flow constraints, ensuring
that the estimated state remains feasible with respect to network operation [1], [7]. This step is
critical, as inaccurate state representation can significantly degrade the performance and
stability of DRL-based controllers.

The accuracy of the Digital Twin can be quantified by the estimation error:

e, =l sTes — 5, || (4)
Minimizing this error ensures that the DRL agent interacts with a high-fidelity representation of
the system, thereby improving policy learning and generalization. This integration of physics-
based modeling with learning algorithms has been identified as a key enabler for reliable Al
deployment in power systems [14].
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The validated operating states are subsequently provided to the PPO-based DRL controller for
ESS scheduling. The resulting control actions are applied to the physical system, and updated
measurements are fed back to the Digital Twin, forming a closed-loop cyber—physical control
framework. This continuous interaction improves state awareness and enhances control
performance under renewable generation uncertainty.

The interaction between the Digital Twin and the DRL agent forms a closed-loop control
system:

Xt =S¢ = Ap > Sty (9)

where x, denotes the physical system state, s represents the Digital Twin-synchronized state
provided to the DRL agent, q, denotes the ESS control action, and s, , is the resulting system
state at the next time step. Equation (5) summarizes the closed-loop interaction between the
physical network, Digital Twin, and PPO controller. Although a laboratory-scale hardware
platform is not available, the proposed Digital Twin emulates real-time cyber—physical
interactions through synchronized measurement streams and power-flow-validated system
states, providing a realistic environment for intelligent energy management studies. The
proposed framework therefore represents a simulation-based Digital Twin environment
designed for real-time energy management studies, where measurement synchronization,
state validation, and closed-loop control interactions are continuously emulated within a cyber—
physical setting.

C. Dataset Preparation and Uncertainty Modeling

The proposed framework is trained and evaluated using time-series operating data generated
from the IEEE 33-bus active distribution network. The dataset contains measurements
collected at 15-minute intervals over a 24-hour operating horizon, resulting in 96 samples per
day. Each sample includes load demand, PV generation output, bus voltage magnitude, and
ESS state-of-charge (SOC). Representative dataset samples are presented in Table 1.

Table 1. Representative Dataset Samples
Time Load (MW) PV Output (MW) Voltage (p.u.) ESS SOC (%)

00:00 2.15 0.00 0.984 80
06:00 2.48 0.32 0.978 72
12:00 3.12 1.85 1.012 65
18:00 3.45 0.42 0.971 58

To account for renewable intermittency, PV generation uncertainty is modeled as:
PPV =PVt 6)
where Prv is the forecasted PV output and ¢, ~ (0, o2y) represents forecast uncertainty.

This probabilistic representation enables the proposed framework to evaluate system
performance under realistic operating conditions where renewable generation uncertainty
significantly impacts voltage stability and energy balance [4], [5].

To evaluate the robustness of the proposed framework under uncertain operating conditions,
Monte Carlo simulation is employed to generate 100 stochastic scenarios. PV generation is
assumed to vary within £20% of forecast values, while load demand is varied within £15% of
nominal demand. The generated scenarios are used during both training and performance
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evaluation to expose the DRL agent to diverse operating conditions and improve policy
generalization under uncertainty.

D. Distribution Network and ESS Mathematical Model

The operation of a distribution network with integrated photovoltaic (PV) generation and energy
storage systems (ESS) is inherently a multi-temporal and stochastic optimization problem. In
this work, the energy management task is formulated as a sequential decision-making process,
where control actions are determined based on evolving system states under uncertainty. This
formulation aligns with recent advances in intelligent energy management using reinforcement
learning and digital twin frameworks [9], [10].

The physical behavior of the distribution network is governed by nonlinear AC power flow
equations. At each bus j, the active and reactive power balance can be expressed as:

Pigen _ Piload — 2 V; V].YUCOS(QL- - 9]') (7)
JeN (@)

Qigen _ iload — 2 Vl.Vle.]- Sin(@i — 9]') (8)
jeN (i)

where pl,gen and Qigen represent the net power injections from PV and ESS units, while plead
and Qlead denote the local demand. The voltage magnitude y; and V; phase angle g, 6;
define the electrical state of the network, and Y;; captures the admittance between buses.
These equations reflect the fundamental coupling between nodal voltages and power
injections, which becomes increasingly complex under high penetration of distributed energy
resources [14].

To maintain secure operation, voltage magnitudes must satisfy operational limits:
Vimin < Vi < Vimax’ Vi (9)

In distribution systems with high PV penetration, voltage profiles are highly sensitive to local
power imbalances. However, since ESS units mainly regulate active power rather than reactive
power, the resulting voltage control mechanism becomes indirect and strongly nonlinear. This
characteristic motivates the use of intelligent control approaches capable of learning complex
system responses adaptively [8], [9].

The dynamics of the ESS are modeled through the state-of-charge (SOC), which ensures
energy conservation throughout the scheduling horizon [5]. The SOC evolution is expressed
as:

PCh _
Corr = SOC, + ladi .. At

max

(10)

where: pch and pdis denote charging and discharging power, ». and 5, are charging and
discharging efficiencies, E is the battery energy capacity, At is the simulation time interval.

max

This formulation captures both energy conservation and conversion losses during battery
operation. Ignoring these physical characteristics may lead to unrealistic or infeasible operating
strategies [6].
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The ESS operational constraints are defined as:
0 < Pfh < P&h.; 0 < PAs < pdis ; SOC™M < SOC, < SOC™3X (11)

To improve long-term operational sustainability, battery degradation is explicitly incorporated
into the optimization problem. A degradation-aware surrogate aging model is adopted as
follows:

DESS = alpdis| + B(soc, — socref)2 + klasoc,| (12)

With: ASoc, = Soc, — SOc,_,

where ¢ represents cycling-related degradation effects, s penalizes deviation from the optimal
SOC operating range, and 50C,,y denotes the reference SOC value that minimizes battery
stress. The additional term ASoc, is introduced to capture the impact of frequent SOC
fluctuations on battery aging. The weighting coefficients are selected as ¢ = 1.0, g = 0.20, and
k = 0.05. These coefficients were selected through preliminary sensitivity analysis to ensure
that degradation penalties influence policy learning without dominating the economic objective.
The coefficient a represents degradation associated with battery energy throughput, g
penalizes sustained operation away from the preferred SOC region, and k discourages
excessive SOC fluctuations. Since K is significantly smaller than ¢ and g, the third term mainly
acts as a regularization component and does not substantially alter the overall optimization
outcome.

The adopted degradation model is a surrogate aging representation that captures cycle-related
and SOC-dependent degradation mechanisms. Compared with electrochemical and rainflow-
counting-based aging models, the adopted formulation offers substantially lower computational
complexity and is therefore more suitable for real-time DRL applications [15], [16], [17].

E. DRL Formulation and PPO Implementation

The ESS scheduling problem is formulated as a Markov Decision Process (MDP), which
enables the DRL agent to learn an optimal control policy through continuous interaction with
the Digital Twin environment. The MDP is defined as:

M =(5,A,P,R (13)
where the state space § includes load demand, PV generation, voltage magnitudes, and ESS
SOC, while the action space 4 consists of feasible ESS power outputs. The transition
dynamics P capture the stochastic evolution of the system due to uncertainty in renewable
generation and load demand.

The state space is designed to capture the most relevant operating conditions of the active
distribution network and is defined as

s¢ = [PFoad PPV soc,, V| (14)

where pload denotes the load demand, p?V represents the photovoltaic generation output,
Soc,is the battery state-of-charge, and y, denotes the network voltage profile at time ¢.

The action space corresponds to the ESS charging and discharging power command:
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a, = PPEES (15)

where pBEES represents the charging/discharging power command of the ESS. Positive values
correspond to charging actions, while negative values indicate discharging actions.

To simultaneously achieve economic operation, voltage regulation, and battery lifetime
preservation, the reward function is formulated as:

Ry = _(Cop + w1 Viey + WZDEES) (16)

where ¢, denotes the operational cost, y,,, represents voltage deviation, p, is the battery
degradation penalty, and y, and , are weighting coefficients. The reward formulation
encourages the DRL agent to simultaneously minimize operating cost, maintain voltage
stability, and reduce battery degradation, thereby achieving a balanced energy management
strategy under uncertainty. The training and control procedure of the proposed Digital Twin-
enabled PPO agent is illustrated in Figure 2.

1. Initialization

+ Initialize Digital Twin model

+ |Initialize DRL agent and parameters

* Set ESS limits and constraints

* Generate stochastic PV/load scenarios
v

2. State Acquisition from DT

« Obtain Pl°%¢, pFY, v,, soc,

* Construct state vector s,
v

3. Action Selection by DRL Agent

* Input state s, to the agent

+ Determine ESS control action a, (PF*S)

v

4. Environment Transition

* Apply action a, to the network
* Run power flow via DT

* Obtain next state s;4q

v

5. Reward Evaluation

+ Compute operational cost
« Evaluate voltage deviation No
+ Evaluate battery degradation
* Calculate reward R,

v
6. Policy Update (DRL Learning)
« Store transition (s¢, a;, Re, Se+1)
* Update policy using PPO algorithm

v

7. Convergence Check

* Check voltage and SOC constraints
* Check reward convergence

* Check robustness under uncertainty

8. Converged and
constraints satisfied

Yes

9. Output
Optimal DRL control policy for
real-time PV-ESS energy management

Figure 2. Flowchart of the Proposed Digital Twin-Enabled PPO Training and Control
Procedure

To solve the MDP, a policy-based DRL algorithm is employed. In this work, the Proximal Policy
Optimization (PPO) algorithm is adopted due to its stability and sample efficiency in continuous
control problems [6], [7].
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Neural Network Architecture

The PPO controller employs separate actor and critic neural networks with identical
architectures. The input layer consists of four neurons corresponding to load demand, PV
generation, ESS state-of-charge (SOC), and network voltage magnitude. Two fully connected
hidden layers with 128 neurons each are utilized, with Rectified Linear Unit (ReLU) activation
functions to improve nonlinear feature extraction and learning efficiency. The output layer
contains a single neuron representing the ESS charging/discharging power command.
The neural network architecture can be summarized as follows:

i) Input Layer: 4 neurons (Load, PV output, SOC, Voltage)

i)  Hidden Layer 1: 128 neurons (ReLU)

i) Hidden Layer 2: 128 neurons (ReLU)

iv)  Output Layer: 1 neuron (ESS action)
Both actor and critic networks share the same architecture but maintain independent
parameter sets during training. The actor network generates control actions, whereas the critic

network estimates the state-value function to guide policy updates and improve learning
stability.

The policy is updated by maximizing the clipped surrogate objective:

LCLP(9) = E[min(r,(6)A,, clip(r,(6),1 — €,1 + €)A)] (17)

where r:(6) is the probability ratio and A, is the advantage function. This formulation prevents
excessively large policy updates, ensuring stable convergence during training.

PPO Hyperparameter Configuration

The DRL controller is implemented using the Proximal Policy Optimization (PPQO) algorithm.
The policy and value networks each consist of two hidden layers with 128 neurons per layer
and RelLU activation functions. The Adam optimizer is employed for parameter updates. All
parameter settings are presented in Table 2.

Table 2. PPO Hyperparameter Settings

Parameter Value

Learning rate 1x10~*
Discount factory 0.99
Clipping factore 0.2
Batch size 64
Epochs 10
Hidden neurons 128
Training episodes 2000
Optimizer Adam

Training Procedure

To enhance robustness under renewable uncertainty, the PPO agent is trained using 100
Monte Carlo-generated PV and load scenarios. Policy optimization is performed using the
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Adam optimizer with a batch size of 64 and 10 training epochs per update. The training process
runs for 2,000 episodes, and convergence is evaluated using the average cumulative reward.
As shown in Figure 3, the reward progressively increases and eventually stabilizes, indicating
that the agent has learned a stable and effective ESS scheduling policy.

The Digital Twin environment is implemented in MATLAB/MATPOWER, where AC power flow
calculations are continuously executed to validate network feasibility. The DRL controller is
developed using the MATLAB Reinforcement Learning Toolbox. Communication between the
Digital Twin and the DRL agent is performed at each 15-minute control interval, enabling real-
time state synchronization and adaptive decision-making. Although a laboratory-scale physical
testbed is not available, the Digital Twin continuously synchronizes measurement streams and
power-flow-validated states within the simulation environment, thereby emulating practical
cyber—physical interactions.

F. Multi-Objective Optimization Framework

The proposed energy management framework is formulated as a multi-objective optimization
problem that simultaneously considers economic efficiency, voltage regulation, battery lifetime
preservation, and operational robustness under uncertainty. These objectives are integrated
into a unified decision-making framework to ensure balanced system performance under
varying operating conditions.

Let t e T denote discrete time intervals over a finite horizon. The system state at time ¢,
denoted by s,, includes load demand, PV generation, nodal voltages, and ESS states. The
control action g, corresponds to the charging or discharging power of the ESS units. The
objective is to determine an optimal control policy 1T that minimizes the expected cumulative
operational cost over time:

T
min [wa(st,at)] (18)
t=1

where y € (0,1) is the discount factor reflecting the relative importance of future costs. This
formulation enables the explicit consideration of long-term operational impacts, including
battery degradation, which is often neglected in conventional optimization approaches.

The overall operational objective combines economic efficiency, voltage regulation, and
battery health preservation into a unified multi-objective function [18]:

F(5t,0) = WiCe+ Wy ) [V = Vry] + w3 DS (19)
i
where w,, w,, and w, are weighting coefficients representing the relative importance of each
objective term. The operational cost component is defined as:
Cr = CgriaP?™ + cgss|PESS| (20)

where Corid denotes the electricity purchase price from the utility grid and ¢, represents the
ESS operating cost coefficient.

To evaluate robustness under uncertainty, a scenario-based Monte Carlo framework is
employed. A set of stochastic scenarios k is generated to represent variations in PV output
and load demand. The expected system performance is calculated as:
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while the associated variance is given by:

N
1
02 =5 ). Ulw) — ] @2)
k=1

where J(, ) denotes the operational performance under scenario k. The expected value
reflects the average system performance, whereas the variance quantifies robustness against
uncertainty.

G. Validation Framework

The proposed Digital Twin-enabled DRL framework is validated using the IEEE 33-bus active
distribution network with a PV penetration level of 60% and a 1.5 MWh battery energy storage
system. Simulations are performed in MATLAB/MATPOWER using a 24-hour scheduling
horizon with a 15-minute time resolution. To account for renewable generation and load
uncertainty, 100 Monte Carlo scenarios are generated and used throughout the evaluation
process.

To demonstrate the effectiveness of the proposed approach, three benchmark methods are
considered for comparison:

i)  Rule-Based Control (RBC): a conventional fixed-rule energy management strategy.
i)  Optimal Power Flow (OPF): a deterministic optimization-based scheduling approach.

i)  Deep Reinforcement Learning (DRL): a PPO-based controller without Digital Twin
integration.

The performance of each method is evaluated using multiple technical and economic
indicators, including operational cost, voltage deviation, voltage violation rate, ESS cycling
frequency, SOC variance, battery degradation, and cost variance. These metrics provide a
comprehensive assessment of economic efficiency, voltage stability, battery lifetime
preservation, and operational robustness. In addition to deterministic performance evaluation,
statistical validation is conducted using the mean, standard deviation, and best- and worst-
case operating costs obtained from Monte Carlo simulations. Furthermore, a sensitivity
analysis is performed by gradually increasing PV uncertainty levels from 10% to 40% to
examine the generalization capability of the proposed framework under increasingly uncertain
operating conditions. The adopted validation framework enables a comprehensive evaluation
of both control performance and robustness, ensuring that the proposed Digital Twin-enabled
DRL strategy is assessed under realistic and uncertain operating environments.

RESULT AND DISCUSSION

A. Simulation Setup and Evaluation Framework

To validate the effectiveness of the proposed Digital Twin-assisted DRL framework,
simulations are conducted on the IEEE 33-bus distribution system [19]. The network operates
at a nominal voltage level of 12.66 kV with a total load demand of 3.72 MW and 2.3 MVAr. The
test system is selected due to its widespread adoption in active distribution network research
and its suitability for evaluating voltage-sensitive operating conditions under high renewable
penetration. The Digital Twin environment is implemented using MATLAB/MATPOWER for

71



IJEEPSE — Vol. 09, No. 02, June 2026
https.//doi.org/10.31258/ijeepse.9.2.61-78

real-time power flow validation, whereas the DRL controller is developed using the PPO
algorithm in the MATLAB Reinforcement Learning Toolbox. All benchmark methods are
evaluated under identical operating conditions to ensure fair comparison. The virtual model is
developed based on AC power flow analysis of the IEEE 33-bus distribution network. Network
topology, line parameters, load profiles, PV generation outputs, and ESS operating constraints
are continuously updated and validated within the Digital Twin environment to ensure physical
consistency. The key simulation parameters, including PV penetration level, BESS capacity
and power rating, time resolution, and voltage limits, are summarized in Table 3.

Table 3. Simulation Parameters

Parameter Value

PV penetration 60% of peak load
BESS capacity 1.5 MWh

BESS power rating 0.5 MW

Time resolution 15 min

Voltage limits 0.95-1.05 p.u.

B. PPO Training Convergence Analysis

To evaluate the learning effectiveness and stability of the proposed DRL controller, the training
convergence behavior of the PPO algorithm is analyzed over 2,000 training episodes. Figure
3 illustrates the evolution of the average episode reward during the learning process. The
reward value gradually increases as the agent gains experience through continuous interaction
with the Digital Twin environment and learns more effective ESS scheduling policies. The
convergence trend provides important evidence of training stability and demonstrates the
capability of the proposed DRL framework to identify near-optimal control strategies under
uncertain operating conditions.
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Figure 3. PPO Training Convergence Curve

As shown in Figure 3, the average episode reward improves significantly from approximately
-1,250 at the beginning of training to about —295 after 2,000 episodes. A rapid performance
improvement is observed during the early training stage, indicating efficient exploration and
policy learning. The reward curve gradually stabilizes after approximately 1,800 episodes,
confirming the convergence of the PPO algorithm. These results demonstrate that the
proposed DRL agent successfully learns a stable and effective energy management policy for
real-time PV-BESS coordination under renewable uncertainty.
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C. Voltage Regulation and Operational Cost Performance

The effectiveness of the proposed DRL + DT framework is validated through comprehensive
simulations on the IEEE 33-bus distribution system. The results clearly demonstrate that
integrating Digital Twin technology with Deep Reinforcement Learning substantially enhances
both operational efficiency and system reliability under uncertain operating conditions.

Table 4. Voltage Regulation and Operational Cost Performance

Method Cost Cost Reduction Maximum Voltage Average Voltage
(USD/day) (%) Deviation (p.u.) Deviation (p.u.)
RBC [8] 1,245 - 0.081 0.034
OPF [9] 1,082 13.1% 0.056 0.021
DRL [2] 1,035 16.9% 0.049 0.018
DRL+DT 968 22.2% 0.039 0.015
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Figure 4. Performance Comparison of Different Energy Management Methods: (a) Voltage
Profile Comparison, (b) Operational Cost Comparison

As presented in Table 4 and Figure 4, the voltage regulation and operational cost performance
of all evaluated energy management strategies are compared. Among all methods, the
proposed DRL + DT framework achieves the best overall performance, reducing the
operational cost to 968 USD/day, which corresponds to a 22.2% reduction compared with
RBC. In addition, it maintains the lowest maximum and average voltage deviations of 0.039
p.u. and 0.015 p.u., respectively. While OPF and standalone DRL improve system
performance relative to RBC, their effectiveness is limited by deterministic scheduling and state
estimation uncertainty. By combining adaptive DRL decision-making with Digital Twin-assisted
state synchronization, the proposed framework provides more accurate ESS control actions,
resulting in improved economic efficiency, voltage regulation, and operational reliability under
uncertain operating conditions.

D. ESS Operation and Robustness Under Uncertainty

To further assess operational robustness, ESS behavior and system performance are
evaluated under stochastic PV and load scenarios. The results presented in Table 5 represent
the average operational performance obtained under 100 Monte Carlo uncertainty scenarios.

Table 5. ESS Operational Characteristics and Robustness under Uncertainty
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Method Avg. SocC Mean Cost Std Dev Voltage
Cycles/Day Variance (USD) (USD) Violations (%)

RBC [8] 2.8 0.19 1,310 182 12.4

OPF [9] 2.1 0.14 1,150 135 6.7

DRL [2] 1.9 0.11 1,085 118 4.1

DRL+DT 1.6 0.09 1,020 88 23

As presented in Table 5 and Figure 5, the proposed DRL + DT framework achieves the best
overall robustness among all evaluated methods. The proposed approach reduces ESS
cycling frequency, SOC variance, operating cost variability, and voltage violations while
maintaining the lowest average operating cost. These improvements are attributed to the
combination of uncertainty-aware DRL training and Digital Twin-assisted state
synchronization, which enables more reliable ESS scheduling under stochastic PV and load
conditions. As a result, the proposed framework effectively balances operational efficiency,
voltage stability, and battery lifetime preservation.
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Figure 5. ESS Performance and System Robustness Analysis: (a) ESS SOC Trajectories,
(b) Monte Carlo Cost Distribution, (c) Voltage Deviation Over Time
E. Statistical Validation
To further investigate the robustness and consistency of the proposed framework under
uncertainty, Monte Carlo simulations with 100 stochastic operating scenarios are conducted.

Table 6 presents the statistical characteristics of the operating cost obtained from repeated
simulation runs under the nominal operating scenario.

Table 6. Statistical Validation of Operational Cost Under Stochastic Conditions

Method Mean

(USD/day) Std (USD/day) Best (USD/day) Worst (USD/day)
RBC [8] 1,245 76 1,162 1,368
OPF [9] 1,082 52 1,018 1,163
DRL [2] 1,035 38 984 1,107
DRL + DT 968 21 935 1,002

As shown in Table 6, the proposed DRL + DT framework achieves the lowest mean operational
cost and exhibits the smallest standard deviation among all compared methods. The standard
deviation of the proposed framework is significantly lower than those of RBC, OPF, and
standalone DRL, indicating superior robustness and reduced sensitivity to renewable
intermittency and load uncertainty. Moreover, the proposed framework exhibits the narrowest
gap between the best- and worst-case operating scenarios, demonstrating highly consistent
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performance across a wide range of uncertainty realizations. These results provide quantitative
evidence that the observed performance improvements are not limited to a single operating
condition but remain reliable under stochastic environments.

F. Sensitivity Analysis

To evaluate the generalization capability of the proposed framework under different levels of
renewable uncertainty, a sensitivity analysis is conducted by gradually increasing the PV
forecast uncertainty from 10% to 40%. The corresponding operational costs are summarized
in Table 7 and illustrated in Figure 6.

Table 7. Impact of PV Uncertainty on Operational Cost

PV Uncertainty Operational Cost

(%) (USD/day)
10 942

20 968

30 1014

40 1087

As shown in Figure 6 and Table 7, the operational cost increases with higher PV uncertainty
due to the growing difficulty of balancing renewable variability and load demand. Nevertheless,
the increase remains moderate across all tested scenarios. Even at the severe uncertainty
level of 40%, the proposed DRL + DT framework maintains acceptable voltage profiles and
stable operating costs. This behavior demonstrates the strong generalization capability of the
learned control policy and confirms the effectiveness of the Digital Twin-assisted state
synchronization mechanism under highly uncertain operating conditions.
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Figure 6. Sensitivity Analysis Under Different PV Uncertainty Levels

G. Comparison with Existing Approaches

To position the proposed framework within the current state of the art, a quantitative
comparison with representative existing methods is provided in Table 8.

The reported performance ranges for existing approaches are summarized from the
corresponding references and are provided for qualitative benchmarking purposes. As shown
in Table 8, the comparative analysis reveals that most existing approaches only partially
address practical operational requirements. Conventional DRL methods generally lack
degradation awareness, while stochastic OPF methods suffer from limited real-time capability.
In contrast, the proposed DRL + DT framework simultaneously integrates uncertainty handling,
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degradation-aware optimization, real-time adaptive control, and accurate state estimation
within a unified architecture. The results confirm that the proposed framework provides a
robust, intelligent, and practically deployable solution for modern renewable-integrated
distribution microgrids, offering significant advantages in operational efficiency, voltage
stability, and long-term system sustainability.

Table 8. Quantitative comparison with existing approaches

Study Uncer_tainty Battery _ ReaI-T!r_ne Cost _
Handling Degradation Capability Reduction
DRL-based EMS [11] Partial No Yes 12-15%
Stochastic OPF [9] Yes No No 15-18%
Heuristic Control [8] No No Yes Limited
DRL + DT Yes Yes Yes 22.2%
CONCLUSION

This paper proposes a Digital Twin-enabled Deep Reinforcement Learning framework for real-
time PV-ESS energy management in active distribution networks under renewable
uncertainty. By integrating a cyber-physical Digital Twin with a PPO-based controller, the
proposed framework achieves continuous state synchronization, adaptive ESS scheduling,
and uncertainty-aware decision-making. Simulation results on the IEEE 33-bus system
demonstrate superior performance over conventional RBC, OPF, and standalone DRL
approaches, achieving a 22.2% reduction in operational cost while improving voltage
regulation, reducing ESS cycling frequency, and enhancing battery lifetime preservation.
Statistical and sensitivity analyses further verify the robustness and generalization capability
of the proposed framework under stochastic PV and load conditions. These findings indicate
that Digital Twin-assisted DRL provides an effective and computationally efficient solution for
reliable energy management in renewable-rich active distribution networks. Future work will
extend the proposed framework to larger-scale distribution systems incorporating electric
vehicles, demand response, and multiple distributed energy resources.
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