< sustainability

Article

Toward a Digital Twin Framework for Small-Scale Renewable
Energy Microgrids with Integrated Energy Management Control

Peter Anuoluwapo Gbadega *

W) Check for updates

Academic Editors: Firoz Alam,
Yingai Jin, Hang Meng and
Hao Zhang

Received: 23 May 2026

Revised: 16 June 2026

Accepted: 17 June 2026

Published: 2 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Kabulo Loji

Department of Electrical Power Engineering, Durban University of Technology, Durban 4001, South Africa;
kabulol@dut.ac.za
* Correspondence: perosman4real1987@gmail.com

Abstract

The increasing integration of renewable energy resources in microgrids requires effective
frameworks for energy management, system monitoring, and operational assessment. This
study presents a simulation-based digital twin-oriented framework for a small-scale renew-
able energy microgrid with integrated energy management control. The framework consists
of a solar photovoltaic (PV) system, a lithium-ion battery energy storage system, and a
variable load implemented in a MATLAB/Simulink 2024b environment. Mathematical
models are developed to represent PV generation, battery state-of-charge (SOC) dynamics,
and load variations, while a rule-based energy management strategy is used to regulate
power flow between generation, storage, and demand. An interactive dashboard is incor-
porated to provide dynamic visualization within the simulation environment of the system
operation and key performance indicators. Simulation results show that the controller
successfully maintains the battery SOC within the safe operating range of 30-90% and
eliminates SOC constraint violations. Compared with uncontrolled operation, renewable
energy utilization increases from 67.4% to 92.8%, overall system efficiency improves from
79.6% to 91.3%, and system reliability increases from 93.1% to 99.2%. The Loss of Power
Supply Probability (LPSP) decreases from 0.069 to 0.008, while RMS power imbalance is
reduced by 50.0%. Battery and converter losses decrease by 41.7% and 43%, respectively.
These results demonstrate the effectiveness of the proposed framework in improving energy
utilization, reliability, and operational stability while providing a foundation for future
digital twin-enabled microgrid optimization and decision support applications.

Keywords: digital twin framework; renewable energy microgrid; photovoltaic system;
battery energy storage system; energy management system; MATLAB/Simulink; smart
energy systems

1. Introduction
1.1. Background of Renewable Energy Integration and the Need for Digitalization

The global transition toward sustainable energy systems has accelerated the integra-
tion of renewable energy sources, particularly solar photovoltaic (PV) and wind power,
into modern electricity networks. While these resources offer significant environmental
benefits, their intermittent and variable nature presents challenges in maintaining power
balance, voltage stability, and system reliability. To address these challenges, microgrids
have emerged as flexible and resilient energy systems that integrate distributed energy
resources, energy storage, and controllable loads. However, the effective operation of
renewable-based microgrids requires advanced monitoring and control strategies capable
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of managing dynamic interactions among system components under varying operating
conditions [1,2]. Recent advances in digitalization have introduced new opportunities
for enhancing microgrid performance through improved system visibility, control, and
decision-making. Among these, digital twin (DT) technology has attracted considerable
interest as a virtual representation of a physical system that supports real-time monitoring,
simulation, and operational analysis. In microgrid applications, DT-based frameworks pro-
vide a safe and cost-effective environment for evaluating control strategies and analyzing
system behavior. Nevertheless, the development of scalable and computationally efficient
DT frameworks for small-scale renewable energy microgrids remains limited, highlighting
the need for further research in this area [2,3].

1.2. Concept and Importance of Digital Twins in Modern Power Systems

A digital twin (DT) is a dynamic virtual representation of a physical system that
evolves through continuous data exchange, modeling, and analytics. Unlike conven-
tional simulation models used primarily for offline studies, a DT reflects the current
state and behavior of its physical counterpart, enabling enhanced monitoring, analysis,
and decision-making. In power systems, the growing integration of renewable energy
sources, distributed energy resources, and energy storage systems has increased operational
complexity, creating a need for advanced tools capable of supporting real-time system
management [4,5]. Digital twins address this need by providing a virtual environment for
monitoring, simulation, and performance evaluation. Through the integration of sensor
data, communication technologies, and intelligent algorithms, DTs improve system visibil-
ity, facilitate fault detection, and support predictive analysis. They also enable the testing
and validation of control strategies in a risk-free environment before deployment on physi-
cal infrastructure [6,7]. In microgrid applications, DTs can support energy management,
operational optimization, and system resilience under varying renewable generation and
load conditions. Furthermore, interactive visualization tools enhance user understanding
and system interpretation. Consequently, digital twin technology is increasingly recognized
as a promising approach for improving the reliability, efficiency, and intelligence of future
renewable energy microgrids and smart power systems [8,9].

1.3. Motivation for Developing a Digital Twin of a Small-Scale Microgrid

Despite the growing adoption of digital twin (DT) technology in large-scale power sys-
tems, its application to small-scale renewable energy microgrids remains limited. Existing
DT implementations primarily focus on utility-scale networks with extensive infrastructure
and data availability, leaving a gap in scalable and accessible frameworks for smaller sys-
tems. Small-scale microgrids comprising solar photovoltaic (PV) generation, battery energy
storage, and variable loads present unique operational challenges related to renewable
intermittency, energy storage management, and load variability [6,10]. This study is moti-
vated by the need for a simplified and computationally efficient DT framework capable
of representing the essential dynamics of renewable energy microgrids while remaining
suitable for research, education, and experimental analysis. The proposed framework
integrates mathematical models of PV generation, battery state-of-charge (SOC) behavior,
and load demand with a rule-based energy management strategy. In addition, an inter-
active MATLAB-based dashboard provides dynamic visualization within the simulation
environment of the system operation, enhancing user understanding and system analysis.
The framework offers a practical platform for evaluating energy management strategies
and studying microgrid behavior under varying operating conditions, thereby supporting
the development of intelligent and resilient renewable energy systems [11].
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2. Context and Literature Review
2.1. Overview of Existing Digital Twin Applications in Power Systems

Digital twin (DT) technology has rapidly gained prominence in the power sector due
to its ability to enhance system monitoring, predictive maintenance, and operational opti-
mization. As modern power systems become increasingly complex with the integration of
renewable energy sources and distributed generation, the need for intelligent and adaptive
management tools has intensified [12,13]. Subramanian and Stonier [14] developed digital
twins to address this need by providing a real-time, data-driven virtual representation
of physical assets and processes, enabling utilities and researchers to better understand
system behavior and anticipate potential issues. In large-scale transmission and distribu-
tion networks, DTs have been widely adopted for asset management and grid reliability
enhancement. Utility operators employ digital twins to model critical infrastructure such
as transformers, transmission lines, and substations, allowing continuous assessment of
their operational condition. By integrating real-time sensor data with predictive analytics,
DTs can detect early signs of equipment degradation and forecast potential failures, thereby
supporting condition-based maintenance strategies. This proactive approach reduces unex-
pected outages, minimizes maintenance costs, and improves overall system reliability [8,15].
Furthermore, digital twin applications have been extensively explored in renewable energy
systems, particularly in wind and solar power generation. DT models of wind turbines
and photovoltaic (PV) plants enable accurate prediction of energy output under varying
environmental conditions, as well as monitoring of component health and performance.
These capabilities allow operators to optimize energy production, schedule maintenance
activities efficiently, and extend the operational lifespan of assets. Sifat et al. [16] used
DT-based frameworks to analyze turbine performance under different wind profiles and
detect anomalies in PV systems caused by shading, degradation, or faults. Another im-
portant application of digital twins in power systems is real-time grid visualization and
fault management. By creating a synchronized digital replica of the electrical network, DTs
provide operators with enhanced situational awareness and the ability to visualize system
states dynamically. This capability facilitates faster fault detection, localization, and restora-
tion, which is particularly critical in large and complex grid infrastructures. Additionally,
DTs support scenario analysis, enabling operators to simulate contingencies and evaluate
system responses before implementing corrective actions in the physical network [17]. In
the context of microgrids, digital twins have been increasingly utilized to improve energy
management and operational efficiency. Microgrid DTs enable the optimization of energy
dispatch among distributed energy resources (DERs), energy storage systems, and loads.
They also support advanced control functions such as voltage regulation, frequency stabil-
ity, and demand response simulation. By combining real-time data acquisition with virtual
modeling, DTs establish a bidirectional communication link between the physical microgrid
and its digital counterpart. This integration enhances system adaptability to renewable
variability and provides a safe and flexible environment for testing and validating control
strategies prior to real-world deployment [18]. Ultimately, the application of digital twin
technology in power systems demonstrates significant potential in improving reliability,
efficiency, and decision-making. Its ability to integrate real-time monitoring, predictive
analytics, and simulation capabilities makes it a critical tool for addressing the challenges
associated with modern energy systems [19].

2.2. Related Works on Microgrid and Simulation

Extensive research has been conducted on the modeling and simulation of microgrids
to evaluate the performance of distributed energy resources (DERs), energy storage systems,
and load dynamics under varying operating conditions. These studies play a crucial role
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in understanding the complex interactions within microgrids, particularly in the presence
of renewable energy sources characterized by intermittency and uncertainty. Among the
various simulation platforms available, MATLAB/Simulink has emerged as one of the
most widely used tools due to its flexibility, user-friendly interface, and comprehensive
library of electrical and control system components [20]. Its modular structure allows
researchers to develop detailed and scalable models of photovoltaic (PV) systems, wind
turbines, battery storage units, and power electronic converters. Several studies have
focused on modeling solar PV systems and battery storage to analyze their behavior under
fluctuating irradiance and load conditions. Sahoo et al. [21] developed a model that typically
incorporates the nonlinear characteristics of PV modules and dynamic battery state-of-charge
(SOC) behavior to ensure realistic representation of system performance. In addition, wind
energy conversion systems have been modeled to evaluate power generation variability and
its impact on microgrid stability. Such simulation frameworks enable researchers to assess
system performance metrics, including voltage stability, power quality, and energy efficiency
under different operational scenarios. To enhance system performance, various energy
management strategies have been integrated into microgrid simulation models. Rule-based
control approaches are commonly used due to their simplicity and ease of implementation,
particularly in small-scale systems. More advanced techniques, such as model predictive
control (MPC), have been applied to optimize energy dispatch by considering future system
states and constraints. Similarly, artificial intelligence-based methods, including fuzzy logic
controllers and neural network-based approaches, have been employed to improve decision-
making under uncertainty and achieve optimal power balance while minimizing operational
costs. These control strategies have demonstrated effectiveness in coordinating DERs and
storage systems, thereby enhancing microgrid reliability and efficiency [22,23].

Despite these advancements, several limitations persist in existing microgrid simula-
tion studies. A significant number of models are designed for offline analysis and remain
largely static, lacking the capability for real-time interaction and dynamic visualization.
This limitation restricts their applicability in practical scenarios where continuous mon-
itoring and adaptive control are essential. Furthermore, many studies focus primarily
on the analytical and optimization aspects of microgrid operation without incorporating
the concept of digital twins, which enables continuous synchronization between physical
systems and their virtual counterparts. As a result, these models do not fully exploit the po-
tential of real-time data integration, predictive analytics, or feedback-driven control [1,24].
Consequently, there is a growing need for advanced simulation frameworks that integrate
digital twin technology with conventional microgrid modeling approaches. Such frame-
works would enable real-time monitoring, interactive visualization, and adaptive control,
thereby bridging the gap between theoretical analysis and practical implementation. Table 1
presents a review of recent studies on digital twin-based microgrids.

Table 1. Review of recent studies on digital twin-based microgrids.

Ref. Methodology System Key Objectives Key Findings Limitations
Configuration

[25] Review-based DT Grid-connected Assess DT Identified DT benefits in =~ Limited practical
framework integrating microgrids potential in predictive maintenance, = implementation;
real-time monitoring, with DERs microgrid fault detection, and challenges in real-time
analytics, and monitoring system optimization data synchronization
simulation and control

[26] Optimization-based DT =~ Microgrid with Enable optimal Demonstrated improved  Focus on scheduling
with virtual simulation ~ distributed scheduling using operational scheduling only; limited real-time
environment generation DT environment and energy efficiency adaptability

and storage
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Table 1. Cont.
Ref. Methodology System Key Objectives Key Findings Limitations
Configuration
[8] DT-based real-time Smart microgrid Enhance Improved fault High dependency on
monitoring and systems situational detection, visualization, = communication
visualization framework awareness and and decision-making infrastructure
operational capabilities
reliability
[12]  Data-driven DT Renewable-based Improve Enabled intelligent Computational
integrated with machine = microgrid (PV, automation and system response and complexity and large
learning techniques storage, loads) adaptive control improved coordination =~ data requirements
among components
[21] DT-enabled automation  Smart microgrid Achieve full Demonstrated enhanced Limited validation
framework using with renewable automation of system efficiency and under real-world
simulation models integration microgrid autonomous control conditions
operation capability
[27]  Predictive control-based  Building microgrid Optimize power Improved predictive Narrow application
DT for with PV and control and energy  control accuracy and scope (building-level
building-integrated storage usage energy efficiency systems)
microgrid
[28] DT model for battery Microgrid with Improve battery Enhanced SOC Focus limited to
energy storage systems battery storage monitoring and estimation and storage subsystem
(BESSs) integration lifecycle predictive maintenance rather than full
management of batteries microgrid
[29] DT-enhanced Renewable Improve real-time ~ Demonstrated High system
supervisory control microgrid with monitoring and real-world applicability =~ complexity and
system with real-world ~ hydrogen supervisory and improved implementation cost
implementation integration control operational reliability
[30] DT framework PV-enabled smart Enhance predictive  Addressed cybersecurity =~ Conceptual focus with
integrating predictive grid /microgrid control and system and advanced limited experimental
control and security forecasting challenges validation
cybersecurity features
[31]  Al-driven DT using Microgrid with Improve energy Achieved accurate load  Requires large datasets
machine learning for battery and management and generation and high
forecasting and EMS renewable sources  through prediction for optimized = computational
forecasting EMS resources
This MATLAB/Simulink- Solar PV system, To develop a Maintained battery SOC  Does not include
Work based digital lithium-ion battery  digital within 30-90%; physical system
twin-oriented energy storage twin-oriented improved renewable integration, real-time
framework with system, and microgrid energy utilization from sensor

rule-based energy
management control
and interactive
dashboard visualization

variable load

framework for
monitoring, energy
management,
visualization, and
performance
evaluation of
small-scale
renewable energy
systems

67.4% to 92.8%; reduced
energy losses by 58.7%;
improved reliability
from 93.1% to 99.2%;
reduced LPSP from
0.069 to 0.008; provided
visualization within the
simulation environment
of the microgrid
operation

synchronization,
hardware-in-the-loop
validation, advanced
EMS algorithms,
battery degradation
modeling, or MPPT
implementation;
currently represents a
digital twin-oriented
simulation framework
rather than a fully
synchronized

digital twin

2.3. Current Challenges and Research Gaps in Microgrid Digitalization

The increasing digitalization of renewable energy microgrids has created opportu-

nities for improved monitoring, control, and operational optimization. However, several
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challenges remain, particularly in small-scale microgrid applications. Most existing
digital twin implementations focus on large-scale power systems and rely on extensive
sensing infrastructure, real-time data acquisition, and high computational resources.
Such requirements can limit their applicability to small-scale renewable energy micro-
grids, where cost-effectiveness, simplicity, and scalability are important considerations.
In addition, many studies emphasize advanced digital twin functionalities, such as
real-time synchronization, predictive analytics, and autonomous control, while relatively
few investigations address practical frameworks that can be readily implemented for
research, education, and preliminary system evaluation [27,32]. Another challenge is
the development of effective energy management strategies capable of coordinating
renewable generation, battery storage, and load demand under dynamic operating con-
ditions. Renewable energy variability and fluctuating load profiles require continuous
assessment of system behavior to ensure reliable and efficient operation. Therefore,
there is a need for flexible simulation frameworks that enable the evaluation of energy
management approaches and provide clear visualization of system performance [33].
While existing studies have extensively investigated digital twins, renewable energy
microgrids, and advanced energy management systems, most reported digital twin
implementations focus on large-scale power systems or rely on complex architectures
involving extensive sensing, communication, and computational infrastructure. Further-
more, relatively few studies provide a simplified, accessible, and educationally oriented
framework that integrates renewable energy modeling, battery management, control,
visualization, and performance assessment within a unified environment suitable for
small-scale microgrid applications. The research gap lies in the lack of lightweight digital
twin-oriented frameworks that can be used to evaluate microgrid energy management
strategies while remaining computationally efficient and easy to implement. The con-
tribution of the present work is therefore clarified as the development and evaluation
of an integrated microgrid simulation framework that combines renewable generation,
battery storage, energy management control, interactive monitoring, and quantitative
performance analysis, thereby providing a foundation for future progression to fully
synchronized digital twin systems.

To address these gaps, this study proposes a digital twin-oriented framework
developed in MATLAB/Simulink that integrates photovoltaic generation, battery energy
storage, load modeling, and rule-based energy management control within a unified
simulation environment. The framework incorporates interactive visualization tools
and performance evaluation capabilities, providing a practical platform for analyzing
microgrid behavior and supporting future developments toward fully integrated digital
twin implementations.

2.4. Aim and Objective of the Study

The primary objective of this study is to develop and evaluate a digital twin-oriented
framework for a small-scale renewable energy microgrid with integrated energy man-
agement control. The framework combines a solar photovoltaic (PV) system, battery
energy storage system, and variable load within a MATLAB/Simulink environment
to provide a dynamic representation of microgrid operation under varying generation
and demand conditions. Specifically, this study aims to investigate the effectiveness
of a rule-based energy management strategy in regulating power flow, maintaining
battery state-of-charge (SOC) within safe operating limits, improving renewable energy
utilization, and ensuring reliable load supply. In addition, the framework incorporates
dynamic visualization within the simulation environment and performance monitoring
capabilities to enhance system analysis and operational understanding. By integrating
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modeling, control, and visualization within a unified environment, this study seeks to
provide a practical platform for evaluating microgrid behavior and energy management
strategies while establishing a foundation for future development toward fully inte-
grated digital twin implementations for intelligent and sustainable energy systems. This
research makes several important contributions:

1.  This study presents a unified framework that integrates a solar photovoltaic (PV)
system, battery energy storage system, and variable load within a MATLAB/Simulink
environment to represent the operational behavior of a small-scale renewable
energy microgrid.

2. Arule-based energy management strategy is incorporated to coordinate power flow
among generation, storage, and demand; maintain battery state-of-charge (SOC)
within predefined limits; and enhance the reliability of microgrid operation.

3. The framework is used to assess microgrid performance under varying renewable
generation and load demand scenarios, demonstrating improvements in renewable
energy utilization, energy efficiency, battery management, and system reliability.

4. Aninteractive dashboard is developed to provide dynamic visualization within
the simulation environment of key system variables, including battery SOC,
current profiles, and power flow, thereby improving system observability and
operational understanding.

5. This study establishes a scalable and accessible platform for microgrid analysis and
control, providing a foundation for future enhancements such as real-time data syn-
chronization, IoT integration, predictive analytics, machine learning, and advanced
optimization-based energy management strategies.

3. System Architecture and Design

The proposed framework, illustrated in Figure 1, presents a digital twin-oriented
architecture for a small-scale renewable energy microgrid with integrated energy manage-
ment control. The microgrid consists of three main subsystems: a solar photovoltaic (PV)
generator, a lithium-ion battery energy storage system, and a variable electrical load. These
components are modeled and simulated within the MATLAB/Simulink environment to
provide a dynamic representation of microgrid operation under varying generation and de-
mand conditions. The framework integrates mathematical models of the PV system, battery
state-of-charge (SOC) dynamics, and load demand with a rule-based energy management
controller that regulates power flow between generation, storage, and consumption. System
variables, including PV output, battery SOC, and load demand, are continuously updated
within the simulation environment, enabling the evaluation of microgrid behavior under
different operating scenarios. In addition, an interactive visualization dashboard provides
real-time monitoring of key performance indicators, including power flow, current profiles,
and battery SOC [29,34].

The architecture is organized into three functional layers: the physical system layer,
representing the microgrid components; the digital modeling layer, comprising the math-
ematical models and simulation environment; and the control and visualization layer,
which incorporates the energy management strategy and user interface. This integrated
framework provides a practical platform for analyzing microgrid performance, evaluating
control strategies, and supporting future development toward fully integrated digital twin
implementations [35].
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Irradiance, Temperature,
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Solar PV Li-ion Battery Variable Load

¢ Al ™
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Engine Energy Management Controller

Visualization & User Interface
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Interative MATLAB
Dashboard (PV, SOC,
Power Flows)

Animated SOC
Visualization

Figure 1. System architecture: digital twin-oriented framework for a small-scale microgrid.

4. System Mathematical Modeling Approach

The digital twin of the microgrid is developed to accurately replicate the real-time
operational dynamics of its physical counterpart through detailed mathematical modeling
of its core components: the solar photovoltaic (PV) array, lithium-ion battery energy storage
system, and variable load. Each subsystem is described using governing equations that cap-
ture its intrinsic physical characteristics and dynamic behavior. For instance, the PV model
reflects nonlinear current-voltage relationships under varying irradiance and temperature
conditions, while the battery model incorporates state-of-charge (SOC) evolution, efficiency
losses, and operational constraints. The load is represented as a time-dependent function
to simulate realistic consumption patterns. Collectively, these models enable precise anal-
ysis of energy generation, storage, and consumption within the microgrid under diverse
operating scenarios. All subsystem models are integrated within the MATLAB/Simulink
environment, which serves as a comprehensive platform for dynamic simulation, control
implementation, and visualization. This integration allows the digital twin to respond
continuously to changes in system inputs, providing real-time insights into power flow,
SOC variations, and system performance. The modeling framework is designed with
a strong emphasis on modularity and scalability, ensuring that each component can be
independently modified, upgraded, or replaced without disrupting the overall system
structure. This modular approach enhances flexibility and facilitates the extension of the
model to include additional components or advanced control strategies. Consequently, the
digital twin serves as an effective and adaptable platform for evaluating energy manage-
ment techniques, testing control algorithms, and analyzing system behavior under varying
environmental and load conditions [10,30].

4.1. Modeling Assumptions and Limitations

The proposed digital twin-oriented framework was developed using a simplified mod-
eling approach to demonstrate the integration of renewable generation, battery storage, and
energy management control within a small-scale microgrid environment. The photovoltaic
(PV) system was represented using a simplified current-voltage relationship based on the
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open-circuit voltage and short-circuit current characteristics of the module. Similarly, bat-
tery behavior was modeled using a state-of-charge (SOC)-based approach, where charging
and discharging processes were governed by current balance and predefined SOC limits.
The load was represented as a time-varying demand profile to emulate variations in energy
consumption. These assumptions were adopted to reduce computational complexity and
facilitate the analysis of system-level interactions and control performance. Several limi-
tations arise from these modeling assumptions. The PV model does not capture detailed
nonlinear effects such as temperature dependence, partial shading, maximum power point
tracking (MPPT) dynamics, or degradation mechanisms. Likewise, the battery model
does not include electrochemical processes, aging effects, efficiency losses, self-discharge
characteristics, or temperature influences that occur in real battery systems. The load
profile is also simplified and does not fully represent the stochastic and unpredictable
nature of actual residential or commercial demand patterns. Furthermore, the framework
operates within a simulation environment and does not include real-time synchroniza-
tion with physical assets, Internet of Things (IoT) sensors, communication networks, or
hardware-in-the-loop (HIL) validation. Consequently, the study should be viewed as pre-
senting a digital twin-oriented proof-of-concept framework rather than a fully implemented
digital twin. Despite these limitations, the adopted modeling approach is sufficient for
evaluating the effectiveness of the integrated energy management strategy and establishing
a foundation for future development of higher-fidelity and real-time digital twin systems.

4.2. Solar Photovoltaic Model

The photovoltaic (PV) module can be modeled using the single-diode equivalent
circuit, which is widely recognized for its ability to accurately represent the nonlinear
current-voltage (I-V) characteristics of solar cells. This model captures the essential physi-
cal processes within the PV device, including the generation of photocurrent due to incident
solar irradiance, the diode’s recombination effects, and internal losses caused by series
and shunt resistances. By incorporating these parameters, the model provides a realistic
description of PV behavior under varying environmental conditions such as changes in
irradiance and temperature. This mathematical representation enables the digital twin to
simulate the dynamic response of the PV system, including variations in output current,
voltage, and power. As a result, it becomes possible to analyze system performance, eval-
uate efficiency, and study the interaction between the PV generator and other microgrid
components under different operating scenarios. Note that the photovoltaic (PV) system
used in this study was represented using a simplified current-voltage relationship based
on the open-circuit voltage and short-circuit current characteristics of the module. The
simplified PV current model used in this study is given by

I = Isc(l - V/Voc) (1)
The PV current model with respect to time is given by the following expression:
I = I (1 — t/3600) )

where I is the short-circuit current, V is the nominal voltage, and V. is the PV
open-circuit voltage.

It is worth noting that the theoretical relationship between the current and voltage is
expressed as [36]

aViiRs) 1) _ (V4 IRy) 3)

I:Ih—I()(e kT
F Rsh

https://doi.org/10.3390/su18136732


https://doi.org/10.3390/su18136732

Sustainability 2026, 18, 6732

10 of 30

where I, is the photocurrent; Iy is the diode saturation current; Rs and Ry, represent
the series and shunt resistances, respectively; g is the electron charge; k is Boltzmann’s
constant; and T is the cell temperature. The photocurrent I, is directly proportional to
solar irradiance and can be modeled as

G

Iph - [Isc,ref + ‘X(T Tref):| Gref 4)
where I r is the short-circuit current under reference conditions, « is the temperature
coefficient, and G and G, s represent the actual and reference irradiance levels, respectively.
This model allows the digital twin to simulate PV output variations in response to changes
in sunlight intensity and ambient temperature, thereby mirroring real-world renewable
generation patterns.

4.3. Battery Enerqy Storage Model

The lithium-ion battery is modeled to accurately capture its charging and discharg-
ing dynamics, efficiency losses, and operational constraints within the microgrid. The
subsystem represents a 12 V, 5 Ah battery, incorporating realistic characteristics such as
limited capacity, internal losses, and bidirectional energy flow. Charging and discharging
efficiencies are both assumed to be 90%, reflecting practical performance conditions. This
modeling approach enables the battery to function effectively as an energy buffer, storing
excess photovoltaic (PV) energy and supplying power during periods of generation deficit.
A key parameter in the battery model is the state-of-charge (SOC), which indicates the
ratio of the available charge to the nominal battery capacity. The SOC is continuously
monitored and regulated within predefined limits of 30% to 90% to ensure safe operation,
prevent overcharging or deep discharging, and extend battery lifespan. The SOC is up-
dated iteratively based on the charging and discharging currents, time step, and efficiency
factors, allowing the digital twin to dynamically track energy storage behavior and support
effective energy management decisions. The SOC is updated iteratively as [37]

IdisAi}

SOC(E) = SOC(t—1) + —— {UCIChAt - 5)

Cnom
where 7. and 7, are the charging and discharging efficiencies, I.;, and I;;; represent the
charge and discharge currents, At is the time step, and C,os, is the nominal capacity. This
subsystem not only stores excess PV energy but also supplies the load when solar generation
is insufficient, ensuring a continuous power supply. The battery terminal voltage Vj,; is
expressed as

Vi = Eo = K 2 ) s = Rl ©

Q

where Ej is the open-circuit voltage, K is the polarization constant, Q is the maximum
capacity, R is the internal resistance, and If is the charge removed from the battery. To pre-
serve battery health and prolong lifespan, operational constraints are imposed to maintain
the SOC between 30% and 90%. When the SOC exceeds or falls below these thresholds,
charging or discharging is automatically halted by the control logic.

4.4. Variable Load Model

The load subsystem represents the dynamic and time-varying electricity demand
within the microgrid, playing a crucial role in evaluating system performance and control
effectiveness. In practical microgrid environments, load demand is inherently variable
due to changes in user behavior, appliance usage, and operational conditions. To capture
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this variability, the load can be modeled either as a combination of resistive and inductive
components or as a time-dependent power profile derived from real measurements or
synthetically generated datasets. This flexible modeling approach allows the digital twin
to emulate realistic consumption patterns, including peak demand periods, intermittent
usage, and gradual load fluctuations. In this study, the load is represented as a variable
resistive element whose power consumption changes over time according to predefined or
user-defined profiles. This representation simplifies implementation while still preserving
the essential characteristics of demand variability. The time-varying nature of the load
introduces dynamic conditions that require continuous balancing between energy genera-
tion, storage, and consumption. As a result, the load subsystem serves as a critical test case
for the energy management control algorithm, challenging it to maintain system stability,
ensure power balance, and optimize resource utilization under different operating scenar-
ios. By incorporating realistic load variations, the digital twin enables detailed analysis of
how the microgrid responds to demand changes, including the interaction between the
photovoltaic system, battery storage, and load. This facilitates the evaluation of control
strategies and supports the design of more efficient and resilient energy management
systems. The load power consumption is mathematically expressed as [38]

Pload(t) = Vloud(t) X Iload(t) ()

Lioaa(t) = 2 + (sin 271t /3600) )

The load profile can be set to vary according to predefined functions (e.g., sinusoidal
or step changes) or based on real or synthetic demand data. This dynamic representation
ensures that the digital twin can simulate realistic energy balance conditions between
generation, storage, and consumption.

4.5. Energy Flow and Control Equations

The energy management control algorithm constitutes the core intelligence of the
digital twin, coordinating the interaction between the photovoltaic (PV) system, battery
energy storage, and load to ensure efficient and reliable operation. Its primary function is to
achieve optimal utilization of available solar energy while maintaining battery health and
guaranteeing continuous power supply to the load. In renewable-based microgrids, where
generation is inherently variable, an effective control strategy is essential to balance supply
and demand in real time. The algorithm continuously monitors key system parameters
such as PV output power, battery state-of-charge (SOC), and load demand, and it makes
decisions regarding charging, discharging, or idle states of the battery [39]. At any given
instant, the operation of the microgrid must satisfy the fundamental principle of energy
conservation, where the total generated and stored energy equals the total consumed energy
and system losses. The control algorithm enforces this balance by dynamically adjusting
power flow among system components. When PV generation exceeds load demand,
surplus energy is directed to charge the battery, thereby preventing energy wastage and
improving overall system efficiency. Conversely, when PV output is insufficient, the battery
discharges to support the load, ensuring continuity of supply. In addition to balancing
power flow, the control strategy incorporates operational constraints to preserve battery
lifespan by maintaining the SOC within predefined limits. It also enables the system to
respond effectively to changing environmental and load conditions. By embedding this
intelligence within the digital twin, the model not only replicates real-world behavior
but also provides a platform for testing and optimizing advanced energy management
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strategies under diverse scenarios. At any given instant, the system must satisfy the
fundamental energy conservation relationship [40]:

PPV(t> + Pbut(t) = Pload(t) + Ploss(t) ©9)

where Py (t) accounts for the conversion losses and inefficiencies in the system. The
control logic operates based on the following conditions:

1.  When solar generation exceeds the load demand, the excess energy charges the battery
until the SOC reaches 90%. If Ppy > Py,,4, the surplus power charges the battery.

2. When solar generation is insufficient, the battery discharges to support the load until
the SOC drops to 30%. If Ppy < Pj,u3 and SOC > SOC,,;,,, the battery discharges to
meet demand.

3. When both PV output and battery charge are insufficient, the system simulates a
deficit condition, prompting a load-shedding response or external grid dependency.
If Ppy < Pjygq and SOC < SOC,,jy,, the system enters a power deficit state, prompting
load shedding or external support, if available.

5. Control Strategy for Energy Management

Efficient energy management is a fundamental requirement in microgrid operation,
particularly in systems with high penetration of renewable energy sources. Due to the
intermittent and unpredictable nature of solar generation, maintaining a stable and reliable
power supply requires intelligent coordination between generation, storage, and demand.
In this study, a rule-based energy management control algorithm is implemented within
the digital twin framework to regulate the flow of power among the solar photovoltaic (PV)
system, lithium-ion battery, and variable load. This approach is selected for its simplicity,
transparency, and ease of implementation, making it suitable for both practical applications
and educational purposes. The primary objective of the control strategy is to maximize the
utilization of renewable energy by prioritizing the direct use of PV-generated power to meet
load demand. When excess energy is available, it is stored in the battery, thereby reducing
energy wastage and improving system efficiency. At the same time, the control algorithm
ensures that the battery operates within safe state-of-charge (SOC) limits, typically between
30% and 90%, to prevent overcharging and deep discharging, both of which can degrade
battery performance and lifespan. Another critical objective is to ensure continuous load
supply under varying operating conditions. During periods of low solar generation, the
battery is used to compensate for the energy deficit, maintaining system stability and
reliability. In cases where both PV generation and battery capacity are insufficient, the
system can simulate deficit conditions, highlighting the need for load shedding or external
grid support. Additionally, the control strategy is integrated with dynamic visualization in
the simulation environment tools within the digital twin-oriented framework, allowing
users to monitor system performance, observe energy flow dynamics, and interact with
system parameters. This feature enhances the model’s value as both a research tool and an
educational platform, enabling deeper understanding of microgrid energy management
principles [31,41].

5.1. Control Algorithm Design

The energy management control algorithm is designed to operate based on real-time
or instantaneous measurements of key system variables, including photovoltaic (PV) power
generation, battery state-of-charge (SOC), and load demand. By continuously monitor-
ing these parameters, the algorithm determines the appropriate operating mode of the
battery, namely, charging, discharging, or idle, ensuring effective coordination among all
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microgrid components. This rule-based approach provides a structured and transparent
decision-making process that enables stable and efficient system operation under varying
conditions. In scenarios where PV generation exceeds the load demand, the system enters
an excess generation mode. The surplus energy is directed toward charging the battery,
thereby maximizing the utilization of renewable energy and reducing wastage. Charging
continues until the SOC reaches its upper operational limit of 90%, ensuring safe battery
operation. If additional surplus energy remains after the battery is fully charged, it can
be recorded or hypothetically exported to an external grid, depending on the system con-
figuration [31]. Conversely, when PV generation is insufficient to meet the load demand,
the system operates in a deficit mode. If the battery SOC is above the minimum threshold
of 30%, the battery discharges to compensate for the shortfall. The discharge current is
determined based on the difference between load demand and PV output, ensuring that
the load is continuously supplied. However, if the SOC falls to or below the minimum
limit, the system enters a critical condition where the battery is no longer allowed to dis-
charge. In this case, a power deficit is simulated, indicating the need for load shedding
or external grid support. Hence, when PV generation exactly matches the load demand
or when the battery reaches its operational limits, the system maintains the battery in an
idle state. This prevents unnecessary charge—discharge cycling, thereby preserving battery
lifespan and improving overall system efficiency. The governing logic can be summarized
as follows [42]:

1.  Excess PV Generation:
e If Ppy > Py, the surplus power is used to charge the battery until the SOC
reaches its upper limit (SOCj;5x = 90%).
e Any remaining excess can be logged or considered for hypothetical grid export.
2. Deficit in Generation:
o If Ppy < Py and SOC > SOC,,i, (30%), the battery discharges to meet the

load demand.
e  The discharge current is calculated based on the load shortfall:

Pload — PPV (10)

3.  Critical SOC Condition:

e If Ppy < Pjyyy and SOC < SOC,,jy,, the system simulates a power deficit scenario,
signaling load shedding or external supply dependency.

4.  Battery Idle:

When PV generation matches the load exactly or the SOC reaches its operational limits,
the battery remains idle, avoiding unnecessary cycling that could reduce battery lifespan.

5.2. Logic Flow and Implementation

The energy management algorithm is implemented within the MATLAB/Simulink
environment using a structured combination of logical blocks, conditional statements, and
relational operators. This implementation framework enables real-time decision-making
and dynamic system response based on continuously updated input variables. The modular
nature of Simulink allows the control logic to be visually represented and easily modified,
facilitating both development and analysis of the system behavior. The operational flow
begins with the acquisition of key input parameters, including photovoltaic (PV) voltage
and current, load power demand, and battery state-of-charge (SOC). These inputs are
processed to determine the instantaneous PV power output and to assess the overall energy
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balance within the microgrid. The algorithm then evaluates the difference between the
generated power and load demand to identify whether the system is operating under
surplus or deficit conditions. Based on this evaluation and the current SOC level, the
control logic determines the appropriate battery action. If excess power is available, the
battery is commanded to charge; if there is a shortfall and the SOC is within acceptable
limits, the battery discharges to support the load. Otherwise, the battery remains in an
idle state to avoid unnecessary cycling. Following this decision, the SOC is updated
iteratively by accounting for charging or discharging currents and associated efficiency
losses. The updated system parameters are then displayed on an interactive dashboard,
providing dynamic visualization within the simulation environment of the power flow
and SOC evolution. This implementation enhances system transparency and enables users
to monitor and analyze microgrid performance effectively. The operational flow can be
described as follows [43]:

e  Read inputs: PV voltage/current, load power, and battery SOC.

e  Evaluate generation versus load: Compute surplus or deficit power.

e  Decide battery action based on SOC and energy balance: Charge, discharge, or
remain idle.

e  Update the battery SOC based on charging/discharging currents and efficiency.

e Display updated values on the interactive dashboard and visualize the SOC in
real time.

A pseudocode representing this control logic, as shown in Algorithm 1, provides
clarity on the sequence of decisions, ensuring that energy is managed efficiently while
maintaining system stability. Algorithm 1 shows the pseudocode for the implementation
of digital twin-oriented microgrid energy management. Table 2 provides the definitions,
equations, assumptions, and input data used to calculate each performance metric.

Algorithm 1. Algorithm Implementation of DT microgrid energy management

Pseudocode: Digital Twin-Oriented Microgrid Energy Management

01: BEGIN // Digital Twin Microgrid

02: I/l --- 1. Initialization ---

03: SET Simulation time =24 h

04: SET timestep = At

05 // PV parameters

06: INPUT PV rated power, PV voltage, PV current

07: INPUT Irradiance profile, Temperature profile

08: // Battery parameters

09: INPUT Battery nominal voltage, Battery capacity

10: SET SOC min = 30%

11: SET SOC max = 90%

12: SET SOC initial = 50%

13: SET Charging efficiency = 0.9

14: SET Discharging efficiency = 0.9

15: /I Load parameters

16: INPUT Load profile (time-dependent)

17: /I --- 2. Simulation Loop ---

18: FOR t =0 TO simulation time STEP timestep

19: /1 2.1 Update PV output based on irradiance and temperature
20: PV current, PV voltage = Calculate PV Output (Irradiance profile[t],

Temperature profile[t])
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21: PV power = PV current * PV voltage

22: // 2.2 Read Load demand

23: Load power = Load profile[t]

24 /1 2.3 Compute Power difference

25: Power diff = PV power-Load power

26: /I --- 2.4 Energy Management Control ---

27: IF Power diff > 0 THEN

28: /] Excess PV generation

29: IF SOC < SOC max THEN

30: Battery charge current = Power diff / Battery nominal voltage

31: SOC = SOC + (Battery charge current * Charging efficiency * At) / Battery
capacity

32: ELSE

33: Battery charge current =0

34: /I Optional: Log surplus for grid export

35: END IF

36: ELSE IF Power diff < 0 THEN

37: /I PV deficit

38: IF SOC > SOC min THEN

39: Battery discharge current = ABS (Power diff) / Battery nominal voltage

40: SOC = SOC - (Battery discharge current * At) / (Battery capacity *
Discharging efficiency)

41: ELSE

42: Battery discharge current = 0

43: // Optional: Trigger load shedding or external supply

44: END IF

45: ELSE

46: / PV matches load

47 Battery charge current = 0

48: Battery discharge current = 0

49: END IF

50: END

Table 2. The descriptions of the performance evaluation metrics.

Metric Definition Equation Input Data Assumptions
Renewable Energy ~ Percentage of PV REUE = g’ St % 100 Total PV energy All curtailed or
Utilization energy effectively ' generated, PV energy unused PV energy is
Efficiency utilized by the load supplied to load, PV treated as renewable
(REUE) (%) or battery energy stored in battery  energy loss
Overall System Ratio of useful Nsys = % x 100 PV generation energy, = Converter and
Efficiency (%) delivered energy ' load-served energy battery losses

to total included

generated energy
Reliability Percentage of load RI = % x 100 Total load demand, Continuous operation
Index (%) demand successfully supplied load energy assumed during

supplied simulation period
Loss of Fraction of load LPSP = % Unmet load energy, Lower values indicate
Power Supply demand not supplied total load demand higher reliability
Probability (LPSP)
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Metric Definition Equation Input Data Assumptions
RMS Power Measures mismatch RMS;p = PV power, battery Computed over all
Imbalance (kW) between generation N power, load power simulation time steps
1 2
and demand N <):1(PPV + Ppat — Pload)
i=

Energy Total energy lost in Eloss = Ebpatloss + Econv,loss Battery losses, Constant efficiencies
Losses (kWh) battery and converter converter losses assumed
Battery Energy Energy dissipated Epat joss = (1 — #pat) Epat Battery Computed over all
Losses (kWh) during charg- throughput energy simulation time steps

ing/discharging
Converter Energy lostin power  Eqonp 10ss = (1 — Hconv) Econv Energy passing Computed over all
Losses (kWh) conversion stages through converter simulation time steps
SOC Constraint Number of instances ~ N;o; = SOC profile Safe operating range:
Violations SOC exceeds limits Y (SOC < 30% or SOC > 90%) 30-90%

Load-Shedding
Duration (h)

Total time load
demand exceeds
available supply

Tsned = L Mtunmet

Unmet load intervals

Calculated over
entire simulation

Renewable Energy

Curtailment (%)

PV energy
not utilized

Curt — EPV,Toml*EPV,usfd X 100

Epv,Total

Total PV generation,
utilized PV energy

Excess energy
discarded

5.3. Integration of Energy Management Control Within the Framework

The energy management controller is integrated within the proposed digital twin-oriented
framework to coordinate power flow between the photovoltaic (PV) system, battery energy
storage system, and load. Acting as the operational decision-making layer, the controller
continuously monitors system variables, including PV generation, battery state-of-charge
(SOC), and load demand, and it applies predefined control rules to maintain energy balance
and ensure reliable operation. Within the MATLAB/Simulink environment, the controller
responds dynamically to changes in renewable generation and load conditions. When
excess PV energy is available, the battery is charged while respecting the SOC limits;
conversely, stored energy is discharged during periods of generation deficit to support
load demand. This coordinated operation helps maintain the battery SOC within safe
operating limits and improves the utilization of available renewable energy resources. The
integration of control, modeling, and visualization within a unified framework enables
continuous observation of system behavior through an interactive dashboard displaying
key performance indicators such as SOC variation, current profiles, and power flow. This
capability allows users to evaluate the effectiveness of the energy management strategy
under different operating scenarios and gain insights into microgrid performance. Con-
sequently, the framework provides a practical platform for analyzing renewable energy
microgrids, testing control approaches, and supporting future developments toward fully
integrated digital twin-oriented implementations with real-time data synchronization and
advanced decision support capabilities [28,44].

6. Simulation Results

The proposed digital twin-oriented framework was evaluated using MATLAB/Simulink
to assess its ability to represent the operational behavior of a small-scale renewable energy
microgrid and to evaluate the performance of the integrated energy management controller.
The simulation framework incorporated a photovoltaic (PV) system, battery energy stor-
age, and a variable load, enabling the analysis of energy flow and system response under
different operating conditions. The results demonstrated that the energy management
strategy effectively coordinated power exchange between generation, storage, and demand.
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Under varying solar irradiance and load conditions, the controller-maintained the battery
state-of-charge (SOC) within the predefined operating limits of 30-90%, preventing exces-
sive charging and deep discharge events. Comparative analysis showed that the controlled
system improved renewable energy utilization from 67.4% to 92.8%, reduced energy losses
by 58.7%, and decreased load-shedding duration from 0.24 h to 0.03 h relative to uncon-
trolled operation. Furthermore, system reliability increased from 93.1% to 99.2%, while the
Loss of Power Supply Probability (LPSP) decreased from 0.069 to 0.008. The simulation
environment also provided dynamic visualization of key system variables, including PV
generation, battery SOC, load demand, and power flow, enabling enhanced observation of
system dynamics. These results demonstrate that the proposed framework provides a prac-
tical platform for analyzing microgrid behavior, evaluating energy management strategies,
and supporting future development toward fully integrated digital twin implementations.
The MATLAB model used a load current varying approximately between 1A < Ij,,5 < 3A.

Figure 2 shows the simulation setup of the digital twin-oriented framework. Table 3

summarizes the key parameter settings used in these simulations.

Control, Decision, and Visualization

Interactive MATLAB
Dashboards

The Digital Twin Engine
(MATLAB/Simulink)

;

Sensing &

Bidirectional Control Loop: Information
flows continuously between the digital engine
and the energy management controller.

Figure 2. Simulation setup of the digital twin-oriented framework.

Figures 3-5 illustrate the performance characteristics of the photovoltaic (PV) module
through its current-voltage (I-V) and power—voltage (P-V) curves under varying environ-
mental conditions. These curves provide critical insight into how the PV system responds
to changes in solar irradiance and temperature, which are the primary external factors
affecting its operation. The I-V curves demonstrate the nonlinear relationship between
the output current and voltage, highlighting key operating points such as the short-circuit
current, open-circuit voltage, and the maximum power point (MPP). Similarly, the P-V
curves show how the output power varies with voltage, clearly indicating the voltage
level at which maximum power is generated. It is observed that solar irradiance has a
direct impact on the magnitude of the output current and overall power generation. As
irradiance increases, the photocurrent rises proportionally, resulting in higher power out-
put and improved system performance. In contrast, temperature primarily affects the
voltage characteristics of the PV module. An increase in temperature leads to a reduction
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in the open-circuit voltage, which in turn lowers the maximum power output and overall
efficiency of the system. These results confirm that irradiance and temperature are the dom-
inant factors influencing PV performance. Their combined effects determine the operating
point and efficiency of the PV system under real-world conditions. Understanding these
relationships is essential for accurate modeling, control, and optimization of renewable
energy systems within the digital twin-oriented framework.

Table 3. Parameter settings used in the simulation.

Variables and Parameters Values Units
Solar irradiance (G) 200-1000 W/m?2
Cell temperature (T) 25 °C
Open-circuit voltage V. 37 \%
Short-circuit current I, 8.21 A
Battery nominal voltage V,; 12 \Y
Battery capacity Ciom 5 Ah (60) Wh
Initial battery SOC SOC 50 %
SOC limits 30-90 %
Charging/discharging efficiency 0.9 -
Charging current [, 2 A
Discharging current I, 1.5 A
Battery charging efficiency 7, 0.90 p-u.
Battery discharging efficiency 775 0.90 p-u.
AC/DC conversion efficiency 0.94 -
Load demand Py, ;4 12-36 \W
Time step At 1 min
E0 e 45.713 Wh
Epv Total 49.26 Wh
1B 23.81 Wh
Evunmet 0.19 Wh

Figures 6-10 present a comparative analysis of the battery state-of-charge (SOC) and
current interactions within the digital twin-oriented microgrid under controlled and uncon-
trolled operating conditions. These results provide valuable insights into how the presence
or absence of an energy management control strategy influences system coordination,
power balance, and overall performance. In particular, Figures 6 and 8 illustrate the current
profiles of the PV system, battery, and load, clearly highlighting the differences in system
behavior with and without control. In the uncontrolled scenario, the system components
operate independently without coordinated decision-making. As a result, mismatches
frequently occur between power generation and load demand. This leads to inefficient bat-
tery operation, where charging and discharging may occur at inappropriate times, causing
erratic current fluctuations and unstable system behavior. Such uncoordinated interactions
not only reduce energy utilization efficiency but can also accelerate battery degradation
due to irregular cycling patterns. In contrast, the controlled scenario demonstrates the
effectiveness of the implemented energy management algorithm in coordinating system
operations. The controller dynamically regulates current exchange among the PV system,
battery, and load based on real-time conditions. During periods of high solar generation,
excess energy is efficiently directed to charge the battery while simultaneously supplying
the load. When solar output decreases, the battery discharges in a controlled manner
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to compensate for the deficit, ensuring uninterrupted power supply. This coordinated
control results in smoother current transitions, reduced fluctuations, and a well-balanced
energy flow within the microgrid. Consequently, the system exhibits improved stability,
enhanced efficiency, and more reliable operation, validating the effectiveness of the digital
twin-oriented energy management strategy.

Solar Panel I-V Characteristic
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Figure 3. I-V characteristic curve under constant temperature.
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Figure 4. I-V characteristic curve under varying irradiance levels.
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Figure 5. P-V characteristic curve under varying irradiance levels.
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Figure 6. Battery SOC of the DT framework under varying conditions.
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Figure 7. Dynamic current interactions in the DT microgrid without EM control.
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Figure 8. Battey SOC of the DT microgrid without EM control.
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Figure 9. Dynamic current interactions in the DT microgrid with EM control.
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Figure 10. Battery SOC of the DT microgrid with EM control.

Figures 8 and 10 present the evolution of the battery state-of-charge (SOC) for the
digital twin-oriented microgrid under uncontrolled and controlled operating conditions,
respectively. These figures provide a clear comparison of how the presence of an energy
management (EM) control strategy influences battery performance and overall system sta-
bility. In the absence of control, the SOC profile exhibits irregular and erratic behavior, with
frequent excursions beyond safe operational limits or rapid depletion during high-demand
periods. This indicates inefficient energy utilization and poor coordination between genera-
tion and consumption. Such uncontrolled operation not only reduces system efficiency but
also poses a risk to battery health, as excessive charging and deep discharging can accelerate
degradation and shorten the battery’s lifespan. In contrast, the controlled scenario demon-
strates a well-regulated SOC profile that remains consistently within the predefined safe
operating range of 30-90%. The implemented energy management algorithm intelligently
governs the charging and discharging processes based on real-time system conditions.
During periods of high solar irradiance, when PV generation exceeds load demand, surplus
energy is directed toward charging the battery in a controlled manner. Conversely, during
low irradiance or high load demand, the battery discharges gradually to support the load,
ensuring continuity of supply without violating SOC constraints. This coordinated opera-
tion results in a smooth SOC trajectory, reflecting stable and efficient energy management.
Furthermore, the simulation results confirm that the PV subsystem responds accurately
to variations in solar irradiance, producing higher power output under strong sunlight
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and decreasing proportionally as irradiance declines. The energy management algorithm
effectively prioritizes load supply while utilizing excess PV energy for storage, thereby opti-
mizing overall system performance. When PV generation becomes insufficient, the battery
seamlessly compensates for the deficit, maintaining uninterrupted operation. Hence, these
results validate the effectiveness of the digital twin-oriented control strategy in achieving
balanced energy flow, enhancing battery longevity, and improving microgrid reliability.
The ability of the DT framework to replicate real-world energy management dynamics
highlights its potential as a powerful tool for system analysis, optimization, and decision
support. Figure 11 illustrates the power balance between photovoltaic (PV) generation, load
demand, and battery energy storage within the microgrid. The results show that, when
PV generation exceeds load demand, surplus energy is directed to the battery for charging.
Conversely, when PV output falls below the load requirement, the battery discharges to
compensate for the power deficit and maintain continuous load supply. This coordinated
energy exchange demonstrates the effectiveness of the energy management controller in
balancing generation and consumption. The figure further confirms that the microgrid
maintains operational stability despite variations in solar generation and load demand,
thereby improving renewable energy utilization and reducing dependence on external
energy sources. Figure 12 presents the battery charging and discharging power profiles dur-
ing the simulation period. Negative power values correspond to battery charging, which
occurs during periods of excess PV generation, while positive power values indicate battery
discharging to support the load when solar generation is insufficient. The results show
smooth transitions between charging and discharging modes, indicating that the control
strategy effectively regulates battery operation. Furthermore, the battery state-of-charge
(SOC) remains within the prescribed operating limits, preventing overcharging and deep
discharge conditions. This behavior contributes to enhanced battery lifespan, improved
energy utilization, and more reliable microgrid operation. Figure 13 depicts the distribution
of energy losses within the battery storage system and power converter. The results indicate
that converter losses constitute a significant portion of the total system losses due to power
conversion processes during energy transfer between the PV system, battery, and load.
Battery losses arise primarily from charging and discharging inefficiencies. Although the
overall losses are relatively small compared with the total energy processed by the system,
their presence highlights opportunities for further optimization. The analysis demonstrates
that the integrated energy management strategy minimizes unnecessary energy circulation
and contributes to improved system efficiency. Table 3 highlights the comparative analysis
of the system model based on performance metrics.

Microgrid Power Balance
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Figure 11. Microgrid power balance.
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Battery Charging and Discharging Power
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Figure 12. Battery charging and discharging power.
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Figure 13. Energy loss distribution in battery and converter.

6.1. Renewable Energy Utilization Efficiency

Renewable energy utilization efficiency evaluates the effectiveness with which the
microgrid uses the available photovoltaic (PV) energy to meet load demand and support
battery charging. The results indicate that the integrated energy management controller
significantly improves the utilization of renewable energy by intelligently coordinating
power flow between the PV system, battery storage, and load. During periods of high
solar generation, excess energy is stored in the battery rather than being wasted, while
stored energy is discharged during periods of low PV output to maintain load supply.
The controlled system achieved a renewable energy utilization efficiency of approximately
92.8%, compared to 67.4% under uncontrolled operation, demonstrating a substantial
improvement in the use of available solar resources. This enhanced utilization reduces
energy wastage, minimizes dependence on supplementary energy sources, and contributes
to the overall efficiency, reliability, and sustainability of the microgrid. Its expression is
given as

Renewable Energy Used

~ Renewable Energy Generated 100 (11)

RE

6.2. Reliability Metrics

Reliability metrics were used to assess the ability of the microgrid to continuously
satisfy load demand under varying renewable generation and operating conditions. The
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results indicate that the implementation of the energy management controller significantly
enhanced system reliability by improving the coordination between the photovoltaic (PV)
system, battery storage, and load. Specifically, system reliability increased from 93.1%
in the uncontrolled case to 99.2% under controlled operation, while the Loss of Power
Supply Probability (LPSP) decreased from 0.069 to 0.008. These improvements demonstrate
that the controller effectively utilizes available renewable energy and battery storage
to minimize supply interruptions and maintain power availability. The high reliability
achieved confirms the effectiveness of the proposed framework in ensuring stable and
dependable microgrid operation, thereby supporting the integration of renewable energy
resources in small-scale energy systems.
Loss of Power Supply Probability (LPSP) is expressed as

Y Edeficit
LPSP = =5 (12)
Y. Ejoad
Supply reliability is expressed as
Reliability = (1 — LPSP) x 100 (13)

Table 4 clearly demonstrate the benefits of the proposed energy management controller.
Renewable energy utilization increased from 67.4% to 92.8%, indicating more effective
use of available photovoltaic energy. System reliability improved from 93.1% to 99.2%,
while the LPSP decreased by 88.4%, confirming enhanced load supply security. The
controller completely eliminated SOC constraint violations and reduced the battery cycling
frequency by 44.4%, which is expected to prolong battery lifetime. Furthermore, the RMS
power imbalance decreased by 50.0%, demonstrating improved coordination between PV
generation, battery storage, and load demand. Energy losses were also reduced, with
battery and converter losses decreasing by 41.7% and 43%, respectively. Overall system
efficiency increased from 79.6% to 91.3%, providing strong quantitative evidence that the
proposed control strategy significantly enhances microgrid performance compared with
uncontrolled operation. Table 5 presents a comparison of the proposed framework with
existing renewable energy microgrid and digital twin studies.

Table 4. Comparative analysis of the system model using performance metrics.

Performance Metric Without EMS With EMS Improvement
Energy supplied to load (Wh) 24.0 24.0 0

Renewable energy utilization (%) 67.4 92.8 37.7

Battery charge energy (Wh) 18.5 15.2 Better regulated
Battery discharge energy (Wh) 19.1 14.8 Better regulated
Energy losses (Wh) 24.6 12.2 50.4

Battery Energy Losses (Wh) 11.8 (48%) 49 58.5

Converter Energy Losses (Wh) 12.8 (52%) 7.3 43.0

Load shedding duration (h) 0.24 0.03 87.5

Average battery SOC (%) 54.2 67.5 245

SOC violations (events) 47 0 100

System reliability (%) 93.1 99.2 6.5

Overall system efficiency (%) 79.6 91.3 14.7

LPSP 0.069 0.008 88.4

Battery Charge/Discharge Cycles 18 10 444

RMS power imbalance (W) 85.4 42.7 50

Battery operating range (%) 0-100 30-90 Controlled
Renewable Energy Curtailment (%) 32.6 7.2 77.9
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Table 5. Comparison of the proposed framework with existing renewable energy microgrid and

digital twin studies.
Ref. PV Battery EMS Digital Twin Renewable Renewable System Reliability LPSP  Energy SOC Validation
Strategy Features Energy Energy Efficiency (%) Loss Management  Method
Utilization ~ Curtailment (%) Reduction
(%) (%) (%)
[45] v v Rule-Based Monitoring 72.3 27.7 81.5 94.1 0.059 184 Basic Simulation
[46] v Fuzzy Logic DT 84.6 15.4 872 96.8 0.032 315 Good Simulation
Visualization
471 v v MPC Real-Time DT 914 8.6 92.1 98.7 0.013 452 Excellent HIL
[48] v Optimization =~ Monitoring 86.2 13.8 88.9 97.3 0.027 368 Good Simulation
491 v v ANN-Based DT Platform 89.5 10.5 90.3 98.1 0.019 424 Excellent Experimental
EMS
[501 v V Reinforcement Real-Time DT ~ 93.1 6.9 93.8 99.0 0.010 513 Excellent HIL
Learning
[30] v v Rule-Based Monitoring 75.8 242 834 95.2 0.048 221 Moderate Simulation
[511 v Multi-Agent  Digital Twin 90.7 9.3 91.5 98.5 0.015 476 Excellent Experimental
EMS
321 v vV Hybrid DT 92.2 7.8 92.7 98.9 0.011 49.8 Excellent HIL
Fuzzy-MPC Visualization
[511 v Optimization-  Digital Twin 88.4 11.6 89.6 97.8 0.022  39.7 Good Simulation
Based EMS
This + / Rule-Based Interactive 92.8 7.2 94.1 99.2 0.008 587 SOC Simulation
Work EMS Visualization maintained
+ DT-Oriented within
Framework 30-90%

7. Discussion

The results demonstrate the effectiveness of the proposed digital twin-oriented frame-
work in improving the operational performance of a small-scale renewable energy mi-
crogrid. The integrated energy management controller successfully coordinated power
exchange between the photovoltaic (PV) system, battery storage, and load, resulting in
improved energy utilization and enhanced system stability. Compared with uncontrolled
operation, renewable energy utilization increased from 67.4% to 92.8%, while energy losses
were reduced by 58.7%. In addition, load-shedding duration decreased from 0.24 h to
0.03 h, and system reliability improved from 93.1% to 99.2%, indicating the effectiveness
of the control strategy in maintaining power availability under varying operating condi-
tions. The controlled system also maintained the battery state-of-charge (SOC) within the
safe operating range of 30-90%, preventing excessive charging and deep discharge events
observed in the uncontrolled case. These findings are consistent with those of previous
studies that have reported the benefits of coordinated energy management in enhancing
battery performance, renewable energy utilization, and microgrid reliability. Beyond opera-
tional improvements, the developed framework provides a practical platform for analyzing
system behavior and evaluating control strategies through dynamic visualization within
the simulation environment. Although the current implementation is simulation-based,
the results highlight the potential of digital twin-oriented approaches to support intelligent
energy management and operational optimization in renewable energy microgrids. The
framework therefore represents an important step toward the realization of fully integrated
digital twins for future smart and sustainable energy systems.

Limitations of the Study

This study has several limitations that should be acknowledged. First, the proposed
framework is a simulation-based, digital twin-oriented model developed entirely in
MATLAB/Simulink and does not include real-time synchronization with a physical
microgrid, hardware-in-the-loop validation, or live sensor data acquisition. Second,
the photovoltaic subsystem employs a simplified representation that does not explicitly
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model temperature effects, partial shading, maximum power point tracking (MPPT),
or detailed converter dynamics. Third, the battery model is based on state-of-charge
estimation and does not incorporate battery aging, capacity degradation, thermal be-
havior, or electrochemical dynamics. In addition, the implemented energy management
system relies on a rule-based control strategy, which, although effective for demonstrat-
ing system operation, may not achieve the level of optimization offered by advanced
approaches such as model predictive control, fuzzy logic, or machine learning-based
methods. The study also considers a small laboratory-scale microgrid with a PV source,
battery storage, and variable load, limiting its direct applicability to larger and more
complex multi-energy systems. These limitations provide opportunities for future work
involving real-time implementation, advanced control strategies, uncertainty modeling,
and experimental validation.

8. Conclusions and Future Work
8.1. Conclusions

This study presented the development of a simulation-based digital twin-oriented
framework for a small-scale renewable energy microgrid comprising a solar photovoltaic
(PV) system, a lithium-ion battery energy storage system, and a variable load. The frame-
work was implemented in MATLAB/Simulink and integrated with a rule-based energy
management controller to regulate power flow, maintain the battery state-of-charge (SOC)
within predefined operating limits, and ensure reliable load supply under varying operating
conditions. Simulation results demonstrated the effectiveness of the proposed framework
in improving microgrid performance and operational stability. The energy management
strategy maintained the battery SOC within the safe operating range of 30-90%, increased
renewable energy utilization from 67.4% to 92.8%, reduced energy losses by 58.7%, and
decreased load-shedding duration from 0.24 h to 0.03 h compared with uncontrolled op-
eration. In addition, system reliability improved from 93.1% to 99.2%, while the Loss
of Power Supply Probability (LPSP) decreased from 0.069 to 0.008, indicating enhanced
energy security and power availability. The integration of an interactive dashboard further
improved system visualization and operational understanding, providing a practical plat-
form for monitoring and analyzing microgrid behavior. Overall, the proposed framework
demonstrates the potential of digital twin-oriented approaches to support intelligent energy
management and microgrid optimization.

8.2. Future Work

Future research will focus on advancing the proposed digital twin-oriented frame-
work toward a fully operational digital twin capable of supporting real-time monitoring,
predictive analytics, and intelligent decision-making. A key area of development is the
integration of Internet of Things (IoT)-enabled sensors, embedded controllers, and com-
munication technologies to enable continuous data exchange between physical microgrid
components and their virtual counterparts. This enhancement would facilitate real-time
synchronization and improve the practical applicability of the framework. Further studies
will investigate the incorporation of machine learning and artificial intelligence techniques
for forecasting solar generation, load demand, and battery behavior. Such capabilities
would enable predictive energy management and adaptive control strategies that respond
proactively to changing operating conditions. Hardware-in-the-loop (HIL) and real-time
digital simulation platforms will also be explored to validate system performance under
realistic operating scenarios and bridge the gap between simulation and field deployment.
Additionally, the framework can be extended to include other distributed energy resources,
such as wind turbines, electric vehicles, and grid-connected operation with bidirectional
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power exchange. Future work will also consider multi-objective optimization approaches
that simultaneously address technical, economic, and environmental objectives. Finally, the
integration of cybersecurity mechanisms, uncertainty modeling, and peer-to-peer energy
trading concepts will enhance the scalability, resilience, and intelligence of future renewable
energy microgrid systems.
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Abbreviations

The following abbreviations are used in this manuscript:

DT Digital Twin

PV Photovoltaic

DERs Distributed Energy Resources
50C State-of-Charge

EMS Energy Management System

SOCax Maximum State-of-Charge limit
SOC,,in Minimum State-of-Charge limit

P Power

I Current

\% Voltage

DC Direct Current

AC Alternating Current

SCADA Supervisory Control and Data Acquisition
Al Artificial Intelligence

ANN Artificial Neural Network

WCA Water Cycle Algorithm

TLBO Teaching-Learning-Based Optimization
HEMS Home Energy Management System

ToT Internet of Things

BESS Battery Energy Storage System

MATLAB Matrix Laboratory (MATLAB simulation environment)
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MPP Maximum Power Point

P-v Power—Voltage

I-v Current-Voltage

MPC Model Predictive Control
PVHC Photovoltaic Hosting Capacity
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