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Preface 

 
This book has been a result of the project SMARTGYsum, funded by the European 
Union’s Horizon 2020 research and innovation programme under the Marie 
Skłodowska-Curie grant agreement no. 955614, under Innovative Training Networks 
(ITN) call H2020-MSCA-ITN-2020). 
 
The project has been run by a consortium coordinated by University of Extremadura  
(Spain) and conformed by Aalborg University (Denmark); Christian-Albrechts-
Universitaet Zu Kiel (Germany); Tallinn University of Technology (Estonia); 
Universitá degli Studi di Salerno (Italy); CY Cergy Paris Université (France); 
Politechnika Gdanska; Politechnika Warszawska (Polan); Chernihiv National 
Technological University (Ukarine); Siemens Industry Software SAS France (France); 
Smart Energy Products and Services (Spain); Karlsruhe Institut für Technologie 
(Germany); Universitá Commerciale Luigi Bocconi (Italy); and Universidade Nova de 
Lisboa (Portugal). 
 
Its general objective is to drive the evolution of European Electric Energy Systems by 
integrating the knowledge on Power Electronics, Electric Engineering and Information 
and Communication Technology as well as their socio-economical aspects with the 
creation of new Businesses Models to cover the green economy energy requirements 
(sustainability, efficiency, reliability and manageability). SMARTGYsum contributes 
to long-term structural challenges and also proposes an innovative program for training 
ESRs following a collaborative, transferable, inter and multidisciplinary approach, 
aimed at raising the employability and career opportunities of ESRs within the public 
and the private sectors, as well as their potential for conducting innovation, 
entrepreneurship and for impacting in European society at medium and long-term. 
 
The overall objective of this ITN is to implement a multidisciplinary and innovative 
research and training programme, bringing together different scientific fields and 
industrial participation to enable a new generation of Early Stage Researchers (ESR) to 
foster a New Green Energy Economy in Europe. SMARTGYsum – Smart and Green 
Energy Systems and Business Models research and training programme will focus on 
providing the ESR with relevant knowledge, methods and skills across a wide range of 
disciplines around the Energy ecosystem and within the accelerating area of Renewable 
Electric Energy Systems (REES) to sustain the proliferation and consolidation of 
business models which will sustain the deployment of REES and technologies into the 
green energy system. Today, various barriers prevent an increased deployment of 
renewable electric energy systems including market and social barriers (as price 
distortion through externalities, low priority of energy issues, split incentive); financial 
barriers (investment, high up-front costs, lack of access to capital); Information failures 
(lack of awareness, knowledge and competence); and regulatory barriers (restrictive 
procurement rules). The business models in SMARTGYsum – will be developed as 
strategies to invest in renewable electric energy systems in which the financing and 
implementation of renewable electric energy systems contribute to overcome the 
deployment of REES. This goal will be achieved by a unique combination of direct 



research training, non-academic internships and courses and seminars/workshops on 
scientific and complementary so-called “transversal” or “soft” skills facilitated by a 
multidisciplinary, multisectoral and international consortium. 
 
The objectives of the project are: 
• The generation and storage of electric energy using Renewable Electric Energy 

Generation (REEG) sources and distributed energy resources (DER), and their 
integration in ESS. (Addressed in WP2) 

• The distribution of electric energy from generator to consumers, ensuring the 
optimal efficiency of the system through collaborative models and radial networks.  

• The analysis of the socioeconomic elements, among them the consumption patterns 
and behaviours, consumer engagement and other aspects that allow to understand 
and promote new business models to tackle with the customer prosumption 
concept, as well as the market uptake of energy and ICT innovation. 

• Coordination of all sectors of Electric Energy Systems fusing smart grids, 
combining IoT, sensor networks, Big Data, AI and together with societal/social 
and behavioural aspects. 

• To perform knowledge networks and platforms to promote the required changes in 
academia, industry, policy and society. 

 
This book is a compilation of selected SMARTGYsum scientific results produced in 
the different individual research projects run during the project execution from 
September 2021 to September 2025. 
 
 
Enrique Romero Cadaval 
eromero@unex.es  
SMARTGYsum Project Coordinator 
Department of Electric, Electronic and Automation Engineering,  
University of Extremadura. Badajoz, Spain 
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Abstract. This chapter investigates advanced control and power quality 
enhancement for an AC nanogrid combining a two-level voltage source inverter 
(2L VSI) and a three-level T-type inverter (3L T-type). Discrete-time 
proportional-resonant (PR) controllers are designed and tuned using MATLAB’s 
SISOTOOL and validated through PLECS simulations under various load 
conditions, including linear, nonlinear, and unbalanced loads. The control 
strategy integrates droop control, virtual impedance, and multiple second-order 
generalized integrators (MSOGI) to achieve precise voltage and current 
regulation while mitigating harmonics and voltage imbalances. Stability is 
confirmed via Bode and Nyquist analyses, and power quality is assessed through 
Fourier analysis focusing on total harmonic distortion (THD) and compliance 
with European grid standards. Results show significant improvements in voltage 
stability, harmonic reduction, and balanced power sharing between inverters. 
This work offers a practical framework for optimizing power quality and control 
in modern nanogrid systems, supporting the development of reliable and efficient 
distributed energy solutions. 

Keywords: AC nanogrid, Power quality, Harmonic compensation, Total 
harmonic distortion, Three-level T-type inverter 

1   Introduction 

The rapid growth of renewable energy integration and the increasing demand for 
reliable power conversion have brought significant attention to advanced inverter 
technologies in modern power electronics. Modern power electronics face escalating 
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demands for high-efficiency, scalable energy conversion systems, driven by renewable 
energy integration and industrial electrification. Inverter systems, which convert DC to 
AC power, are central to this transition. The inverter systems play a vital role in the 
conversion of direct current (DC) obtained from renewable energy sources and batteries 
to alternating current (AC) which is then suitable for grid usage as well as local 
consumption. As power requirements continue to rise, the need for scalable, efficient, 
and resilient inverter solutions has become more pronounced [1]. 
One promising approach to meet these power demands is the parallel, cascaded 
operation of multiple inverter systems. By connecting the different inverter systems in 
parallel it is possible to achieve an increase in power capacity enhancement, overall 
reliability and stability of the system along with higher flexibility in the system design. 
Parallel architecture allows for upgradation and variations in incremental power 
without any replacements in the existing infrastructure. This is also the main reason 
why the parallel system architecture is considered as the optimal choice for critical 
applications such as data centers and medical facilities in order to ensure stable and 
uninterrupted power supply during any component or system failures [1]. Among the 
different inverter system topologies, the two-level voltage source inverter (2L VSI) and 
the three-level T-type inverter (3L T-type) systems have gained significant importance 
owing to the distinct advantages that they present regarding efficiency, stability, control 
and implementation. Moreover, according to studies, the 3L T-type inverter systems 
provide an overall reduction in switching losses by upto 30% as compared to 2L VSIs, 
while on the other hand the 2L VSI systems provide optimal performance in case of 
low-voltage and high-frequency situations. The parallel interconnection of both 
inverter systems in turn combines their specific optimum capabilities enabling 
efficiency gains that are load specific [2]. 
However, there are also certain technical and operational challenges associated with the 
parallel operation of multiple inverter systems. These challenges are particularly related 
to coordination, power sharing as well as harmonic mitigation capabilities. The control 
system of the 2L VSI system is relatively simple but faces high level of harmonic 
distortion and switching losses at high frequency levels. Whereas, the 3L T-type 
inverter configuration provides a reduction in harmonics but also requires precise 
voltage balancing at the neutral point. Moreover, parallel configuration also leads to a 
mismatch in the modulation schemes and switching frequencies. This can in turn 
develop circulating currents in the system, leading to a destabilization of the system 
[3]. The synchronization of the pulse width modulation (PWM) signals of both the 
inverter systems is also important to avoid imbalances and voltage spikes. The 
additional switching states of the 3L T-type inverter system further complicates this 
parallel coordination. Misalignments in the PWM signals generation along with dead-
time implementations in the switching signals can cause deviations in voltage and 
current, disrupting power sharing during varying load changes [1][3]. 
The motivation for the project is taken from the untapped potential of hybrid 
configuration of parallel systems combining the cost-effectiveness of 2L VSIs with the 
stable and efficient performance of 3L T-type inverters. The existing research has 
mainly focused on the homogenous parallel inverter systems, leaving a gap in research 
regarding control strategies associated with heterogenous toplogies [4]. This project 
addresses this gap through: 
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1. Development of decentralized control algorithms for the synchronization of 
2L VSI and 3L T-type inverter systems while minimizing the circulating 
currents and harmonics. 

2. Proposition of a dynamic load sharing framework that leverages the strengths 
and advantages of each inverter system. 

3. Validation of the hybrid parallel system through simulation and experimental 
testing, focusing on overall efficiency and harmonic suppression. 

 
This pairing of the 2L VSI and 3L T-type inverter systems was chosen in order to 
achieve a balance in stablity, cost, efficiency and scalability. While the 3L T-type 
inverter topology provides optimum operational performance in medium-voltage 
applications, the high component count leads to an increase in costs. This is in turn 
compensated by the 2L VSI inverter topology that offers a low-cost solution for high 
frequency applications [5]. Combining both these systems provides a parallel structure 
that is optimized in terms of cost which is also adaptable to variations in load 
conditions. 
 
2   Background 
 
The two-level voltage source inverter (2L VSI) is a fundamental topology in power 
electronics, characterized by its simplicity and cost-effectiveness. It employs six 
switching devices to generate a two-level output waveform, making it suitable for low-
to-medium power applications such as motor drives and residential solar systems. 
However, its abrupt voltage transitions result in significant harmonic distortion, 
particularly at higher switching frequencies, necessitating bulky passive filters to meet 
grid standards. In contrast, the three-level T-type inverter (3L T-type) introduces a third 
voltage level through a bidirectional switch connected to the DC-link midpoint. This 
configuration reduces total harmonic distortion (THD) by 40–60% compared to 2L 
VSIs and minimizes switching losses in medium-voltage applications. Despite these 
advantages, the 3L T-type requires precise neutral-point voltage balancing and 
advanced gate-drive synchronization, complicating its integration into parallel systems 
[6], [7]. 
Recent advancements in grid-forming (GFM) converter systems have placed significant 
emphasis on the development of advanced control strategies to mitigate voltage 
unbalance and minimize total harmonic distortion (THD). Effectively managing 
harmonic imbalances is critical for achieving stable and optimal system operation, 
particularly in modern microgrids and distributed generation environments. One 
notable approach, as discussed in [8], involves a control strategy designed to maximize 
voltage support during voltage sags by safely injecting current and selectively boosting 
the lowest phase voltage. This method ensures that voltage stability is maintained even 
under adverse grid conditions. Another significant contribution, presented in [9], targets 
the elimination of negative sequence voltages and the regulation of positive sequence 
voltages, while also imposing limits on the magnitude of injected currents. This strategy 
is particularly relevant for implementation in static synchronous compensators 
(STATCOMs), where precise control of current injection is essential for grid support. 
In addition, a cooperative compensation strategy has been proposed in [10], which 
mitigates voltage unbalance by controlling distributed generators (DGs) to behave as 
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negative sequence conductance elements. However, this approach can inadvertently 
introduce disturbances into the voltage control loop, particularly when the 
compensation signal is injected at the voltage regulation stage. To address this 
challenge, a solution presented in [11], involves directly modifying the voltage 
reference to resolve unbalance issues, thereby preventing the compensation from 
interfering with the main voltage control loop. 
Achieving effective suppression of harmonic imbalances is essential for maintaining 
stable and reliable operation, especially in islanded microgrids where power quality 
directly influences system performance. One notable contribution in this area is the 
introduction of the Three-Level Zero Harmonic Distortion (ZHD) grid-forming 
converter [12], which has been proposed as an innovative solution to power quality 
challenges in isolated microgrid environments. This converter topology is particularly 
advantageous because it eliminates the necessity for bulky capacitive filtering 
components, which are traditionally used to attenuate harmonics but often lead to 
increased system costs, reduced efficiency, and larger physical footprints. By inherently 
minimizing harmonic content in its output, the ZHD converter streamlines the system 
design and enhances overall performance. In addition to advancements in converter 
topology, novel control techniques have been developed to address power sharing and 
voltage regulation issues in parallel-connected inverter systems. For example, adaptive 
virtual impedance control [13], has been explored as a means to compensate for voltage 
drop mismatches and improve power distribution among multiple converters. This 
method involves dynamically adjusting the virtual impedance of each inverter based on 
real-time measurements of reactive power deviation, thereby equalizing voltage drops 
across different lines and facilitating more accurate load sharing. Harmonic control in 
GFM converters has also seen progress through the implementation of unified harmonic 
voltage-current drop strategies. This approach enables each converter to proportionally 
share harmonic currents according to its rated capacity, while simultaneously reducing 
harmonic voltages at the point of common coupling (PCC) [14]. Such coordinated 
control not only enhances harmonic mitigation but also ensures that the burden of 
harmonic compensation is distributed fairly among all participating units. Further 
improvements in voltage quality have been achieved through the application of dead-
time compensation techniques within pulse width modulation (PWM) schemes [15]. 
By integrating quasi-resonant controllers, these methods effectively address the adverse 
effects of PWM switching, such as waveform distortion and timing errors, leading to 
more precise voltage regulation. Additionally, enhancements in droop-based control 
strategies have been proposed for shunt-compensated GFM inverters, including the 
introduction of modified secondary control loops [16]. These advanced control 
frameworks are designed to maintain voltage and frequency stability under varying load 
conditions, while also preserving equitable power sharing among inverter-based 
resources. Collectively, these developments represent significant progress toward 
achieving robust, high-quality power delivery in modern microgrid and distributed 
generation systems. 
Recent developments in T-type multilevel inverter (TMLI) design have focused on 
enhancing efficiency, minimizing the number of components, and effectively 
mitigating leakage currents. One notable advancement is the hybrid asymmetrical 
TMLI [17], which integrates a neutral-point clamped (NPC) converter with a cascaded 
H-bridge and a level-doubling network. In this configuration, the DC buses are merged 
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through the NPC arrangement, which eliminates the need for multiple capacitors and 
allows the system to operate with a single DC source. This design inherently reduces 
leakage currents, thereby improving safety and ensuring better compliance with grid 
standards. An important feature of this topology is the asymmetric division of the DC 
voltage in a 1:5 ratio, which enables the inverter to generate a greater number of output 
voltage levels compared to traditional symmetric designs. This approach not only 
enhances the quality of the output waveform but also avoids increased switching losses, 
as the NPC stage is operated at the fundamental frequency rather than at higher 
switching frequencies. Additionally, voltage balancing is achieved cost-effectively by 
employing a low-rated buck-boost converter instead of a transformer, further reducing 
the overall system cost while maintaining reliable operation [17]. These advancements 
in TMLI design and control align with the parallel 2L VSI and 3L T-type inverter 
architecture explored in this work. The asymmetric voltage division and self-balancing 
mechanisms in TMLIs, for instance, report strategies for reducing harmonic distortion 
and enhancing voltage regulation in nanogrids. Similarly, the hybrid modulation 
approaches (e.g., carrier-based PWM) provide a foundation for discrete-time PR 
controller tuning, ensuring robust performance under nonlinear and unbalanced loads. 
By integrating these insights, the project advances power quality and reliability in 
renewable energy systems. Table 1 provides a comparative analysis of the performance 
parameters of the mostly used three-phase multilevel inverters which include neutral 
point clamped (NPC), flying capacitor (FC) and cascaded H-bridge (CHB) inverters. 
 
Table 1. Comparison of Performance Parameters of 3-Phase Multilevel Inverter 
Topologies [17] 

 NPC FC CHB 
Voltage Stress 50% 50% 33 
Leakage Current 600 mA 750 mA 450 mA 
Efficiency 98% 97% 99% 
Hardware cost 1.5x 1.7x 1.6-2x 
THD 1.5-3% 1.5-3% 1-2.5% 
Modulation complexity High Low Lowest 

While proportional-resonant (PR) controllers are widely recognized for their ability to 
suppress steady-state errors and harmonics in AC systems, most design and tuning 
methodologies for these controllers are rooted in the continuous (s-domain) framework. 
This traditional approach, although analytically mature, presents significant limitations 
when transitioning to practical digital implementations, which inherently operate in the 
discrete (z-domain) time domain. The discretization process introduces challenges such 
as computational delays, quantization effects, and altered dynamic behavior, all of 
which can compromise the intended performance of the controller if not properly 
addressed [18]. As a result, tuning algorithms developed for continuous systems often 
cannot be directly applied to digital platforms, necessitating specialized design 
techniques that account for the unique characteristics of discrete-time control. 
Furthermore, most existing control strategies for islanded microgrids rely on separate 
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compensation mechanisms to address voltage unbalance and harmonic distortion, 
which are typically treated as distinct problems. This fragmented approach can lead to 
suboptimal power quality, particularly under the influence of non-linear and 
unbalanced loads, which are increasingly prevalent in modern microgrid environments. 
Comprehensive power quality assessment methodologies have highlighted the 
importance of unified control schemes that can simultaneously manage multiple power 
quality indices, such as total harmonic distortion (THD), voltage stability, and current 
limits, to ensure compliance with established standards and to maintain reliable 
operation in case of diverse disturbances. 
In response to these gaps, this project is dedicated to the development and 
implementation of a discrete-time PR control strategy specifically tailored for islanded 
AC nanogrids. The discussed approach not only addresses the intrinsic challenges of 
digital controller design but also integrates this discrete control with the continuous 
dynamics of the plant to achieve robust harmonic suppression and voltage balancing. 
Furthermore, the study adopts a unified control scheme capable of mitigating both 
voltage imbalances and harmonic distortion under non-linear and unbalanced load 
conditions. By systematically evaluating key power quality indicators, this research 
aims to demonstrate the effectiveness of the considered methodology in meeting power 
quality requirements and in advancing the state of the art for digital control in microgrid 
applications. 

 

3   System Architecture 
3.1 Power System 
The AC nanogrid system considered in this work is designed to combine the strengths 
of both conventional and advanced inverter technologies by integrating a two-level 
voltage source inverter (2L VSI) in parallel with a three-level T-type inverter (3L T-
type). The system architecture is illustrated in Fig. 1. 
By connecting both inverters in parallel, the system leverages the economic advantages 
of the 2L VSI while simultaneously benefiting from the advanced features of the 3L T-
type inverter. This parallel arrangement not only improves the overall reliability of the 
nanogrid, since either inverter can continue to operate if the other encounters a fault, 
but also facilitates effective sharing of load currents. This redundancy enhances system 
stability and ensures a more balanced and robust response to varying load conditions. 
Each inverter is powered by its own independent DC voltage source, providing 
flexibility in energy management and source integration. To further improve the output 
waveform and suppress high-frequency switching harmonics, both inverters are 
equipped with LCL filters at their AC output terminals. These filters play a crucial role 
in meeting grid interconnection standards and protecting sensitive loads. 
The nanogrid is designed to supply a diverse range of loads, including linear, non-
linear, and unbalanced types. All loads are connected at a common bus, known as the 
point of common coupling (PCC), where the outputs of both inverters converge. 
Voltage and current sensors are strategically placed at the PCC to enable continuous 
monitoring and assessment of power quality parameters such as total harmonic 
distortion (THD), voltage stability, and current sharing between the inverters. This 
architecture not only enables the study of individual inverter performance but also 
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provides a comprehensive platform for evaluating how the combined system manages 
voltage imbalances, harmonic suppression, and dynamic load sharing under a variety 
of operating conditions. The flexibility and redundancy inherent in this design make it 
well-suited for modern nanogrid applications, where reliability and high power quality 
are of importance. 
 

 
Fig. 1. Structure of the considered ac nanogrid. 
 
3.2 Control System 
The control architecture of the AC nanogrid, illustrated in Fig. 2, employs a 
decentralized strategy to regulate voltage, frequency, and power sharing between the 
parallel 2L VSI and 3L T-type inverters. The system relies on primary droop control 
without secondary control layers, simplifying implementation by using local 
measurements and eliminating communication dependencies. 
 
3.2.1 Droop Control 
 The droop control method adjusts the inverter’s output frequency ω and voltage 
magnitude V based on active P and reactive Q power measurements. This mimics the 
behavior of synchronous generators, enabling autonomous power sharing without inter-
inverter communication [19]. The governing equations are: 𝜔 = 𝜔∗ − 𝑚௣(𝑃 − 𝑃∗) (1) 𝑉 = 𝑉∗ − 𝑚௤(𝑄 − 𝑄∗) (2) 

Here, ω* and V* are the rated frequency and voltage, while P* and Q* are the reference 
active and reactive power values. The droop coefficients mp and mq are calculated as: 𝑚௣ = ୼ఠ௉max

 (3) 

𝑚௤ = ୼௏ொmax
 (4) 
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where Pmax  and Qmax  represent the maximum deliverable power, and Δω and ΔV 
denote allowable deviations. Compliance with the EN 50160 standard ensures 
frequency deviations remain within ±2% and voltage deviations within ±10% of rated 
values [19]. 

3.2.2 Virtual Impedance Loop 
A virtual impedance loop modifies the inverter’s output impedance to improve power-
sharing accuracy and mitigate circulating currents [20]. By introducing resistance Rv 
and inductance Lv, the loop decouples power dynamics from physical line 
impedances. The αβ frame voltage references are adjusted as: 𝑣ఈ = 𝑅௩ ⋅ 𝑖௚ఈ − 𝜔𝐿௩ ⋅ 𝑖௚ఉ𝑣ఉ = 𝑅௩ ⋅ 𝑖௚ఉ + 𝜔𝐿௩ ⋅ 𝑖௚ఈ  (5) 

Here, vαβ, igαβ are the voltage and output current in the stationary reference frame. 
This adjustment ensures proportional load sharing and stabilizes the system under 
identical line conditions. 

3.2.3 Proportional-Resonant(PR) Controller 
PR controllers regulate voltage and current by providing high gain at the fundamental 
frequency, effectively suppressing steady-state errors and harmonics [21]. The 
transfer function is: 𝐺௖௉ோ(𝑠) = 𝐾௣ + 𝐾௥ ௦௦మାఠమ (6) 

where Kp (proportional gain) ensures fast transient response, and Kr  (resonant gain) 
eliminates steady-state errors at the target frequency. The resonant term 

௦௦మାఠమcreates 
an infinite gain at ω enhancing harmonic rejection. 

3.2.4 Space Vector Pulse-Width Modulation 
The SVPWM technique generates gate signals for the inverter switches using 
reference voltages from the PR controllers. This method optimizes switching 
sequences to minimize harmonic distortion and maximize DC-link utilization [22]. 
Each inverter operates under an independent SVPWM scheme, ensuring synchronized 
yet autonomous operation. 
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Fig. 2. Control scheme of the considered ac nanogrid. 

4   Control Strategies 
This section includes the different control strategies employed in order to assess the 
nanogrid system performance. 
 
4.1 Control System Tuning 
4.1.1 Model Description 
Developing an accurate mathematical model of the inverter system is a foundational 
step for designing and tuning its control algorithms. Analytical modeling enables a 
deeper understanding of how various system parameters influence stability and 
dynamic performance, which is essential before any control strategy is implemented. 
In this work, the tuning of the proportional-resonant (PR) controllers for both voltage 
and current regulation is based on the methodology presented in [23]. The inverter 
system is equipped with an LCL filter, as shown in Fig. 1, which serves to attenuate 
high-frequency switching harmonics and improve the quality of the output waveform. 
To properly characterize the behavior of the system, Kirchhoff’s laws are applied to the 
LCL filter circuit, resulting in a block diagram that captures the dynamic relationships 
among the inverter, filter components, and the grid interface. This block diagram, 
illustrated in Fig. 3, forms the basis for deriving the system’s transfer functions. 

 
 
Fig. 3. Block diagram of LCL filter. 
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Using the principles of block diagram manipulation and Mason’s Gain formula, the 
transfer functions that describe the cascaded control structure are systematically 
obtained. The first transfer function, 𝐺௣௜ (𝑠), represents the relationship between the 
inverter’s reference voltage input and the resulting filter current. The second, 𝐺௣௩(𝑠), 
relates the inverter’s input to the output voltage across the filter. These transfer 
functions are mathematically expressed as follows: 𝐺௣௜ (𝑠) = ௜೎(௦)௏೔(௦) (7) 

𝐺௣௜ (𝑠) = ௒೎(௦)ൣଵା௒೒(௦)௓೏(௦)ା௒೒(௦)௓೗(௦)൧ଵା௒೒(௦)௓೏(௦)ା௒೒(௦)௓೗(௦)ା௒೎(௦)௓೏(௦)ൣଵା௒೒(௦)௓೗(௦)൧ (8) 

𝐺௣௩(𝑠) = ௓೏(௦)ൣଵା௒೒(௦)௓೗(௦)൧ଵା௒೒(௦)௓೏(௦)ା௒೒(௦)௓೗(௦)ା௒೎(௦)௓೏(௦)ൣଵା௒೒(௦)௓೗(௦)൧ (9) 

Here, the terms 𝑌௖(𝑠), 𝑌௚(𝑠), 𝑍ௗ(𝑠) and 𝑍௟(𝑠) represent the admittances and 
impedances of the various branches within the LCL filter network. These transfer 
functions provide a detailed mathematical framework for analyzing the closed-loop 
performance of the cascaded voltage and current control loops. 
To further assess the effectiveness of the controller design, a digital pre-filter, denoted 
as F(z), is incorporated into the simulation and implementation process. This pre-filter 
is designed to shape the system’s response to a unit step input, effectively transforming 
it into a sinusoidal reference signal. Such a filter is essential for evaluating how well 
the controller can track sinusoidal commands, which is a critical requirement in AC 
power systems. The pre-filter is mathematically defined as: 𝐹(𝑧) = ቀ(௭ିଵ)௭ ቁ ቀ ୱ୧୬(ఠ೚ ೞ்)௭మିଶୡ୭ୱ(ఠ೚ ೞ்)௭ାଵቁ (10) 

In this expression, 𝜔௢ denotes the fundamental angular frequency of the AC waveform, 
and Ts is the sampling interval used in the digital controller. The choice of sampling 
time Ts is a key design decision, as it must be short enough to ensure accurate digital 
representation and timely control action, while still being compatible with the 
computational capabilities of the controller hardware. Selecting an appropriate 
sampling period is thus vital for achieving both precise control and reliable real-time 
operation. 

4.1.2 Controller Design 
The process of designing and tuning the control system is centered around meeting 
specific dynamic performance targets, such as minimizing settling time and overshoot, 
while ensuring robust stability for the inverter system operating with a LCL filter and 



Smart and Green Energy Systems 21 

load. To achieve these objectives, the SISOTOOL environment in MATLAB was used 
for both the 2L VSI and 3L T-type inverter systems. SISOTOOL was chosen for its 
powerful visualization capabilities, which allow for real-time assessment of design 
criteria and comprehensive stability analysis throughout the controller development 
process. 
A key focus of this work is the implementation and fine-tuning of the inner control 
loops in the discrete time domain, aligning with the requirements of modern embedded 
digital controllers. For this reason, the proportional-resonant (PR) controller transfer 
function has been discretized using the Tustin method with pre-warping [23]. This 
discretization technique was selected because it preserves the essential frequency 
response characteristics of the original continuous-time controller, making it 
particularly effective for digital implementations of resonant controllers where accurate 
frequency tracking and stability are paramount. The resulting discrete-time transfer 
function for the PR controller system shown in (7) is expressed as: 

𝐺஼௉ோ(𝑧) = 𝐾௣ + 𝐾௥ ቀୱ୧୬(௪೚ ೞ்)ଶ௪೚ ቁ ቀ (௭మି௭)(௭మିଶୡ୭ୱ(௪೚ ೞ்)௭ାଵ)ቁ (11) 

The overall block diagram for the PR controller design, shown in Fig. 4, incorporates 
the transfer functions for both the controllers and the LCL filter, providing a 
comprehensive view of the control structure. 

 
Fig. 4. PR controller + plant block diagram used for controller design. 
 

To accurately represent the plant dynamics in the digital domain, the transfer functions 
for the current and voltage loops, as previously derived, were discretized using the First 
Order Hold (FOH) method. This ensures that the digital control system closely mirrors 
the behavior of the actual physical system. 

4.1.3 Tuning of PR Current Controller 
The tuning process for the PR current controller consists of defining target performance 
metrics, including settling time, rise time, and allowable overshoot. Within the 
SISOTOOL environment, the PR current controller was integrated into a single-loop 
control architecture. The discrete-time transfer function of the PR controller 𝐺஼௉ோ(𝑧) 
was paired with the discretized plant model and a pre-filter F(z) was included to 
facilitate sinusoidal step response testing. 
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The design and tuning algorithm implemented in SISOTOOL for the PR current 
controller is explained in detail: 

1. The initial step involved defining the performance criteria for the inner current 
control loop, specifically targeting parameters such as settling time, rise time, 
and permissible overshoot. 

2. Using SISOTOOL’s control system designer, a single-loop control 
configuration was established. In this setup, the discrete-time transfer function 
of the PR current controller, 𝐺஼௉ோ(𝑧), was assigned as the controller, while 
the plant was represented by the discretized transfer function 𝐺௣௜ (𝑧) of the 
LCL filter. The pre-filter, F(z), was also incorporated to enable testing with a 
sinusoidal step input. 

3. The tuning process proceeded by first selecting the resonant gain, 𝐾௥, and then 
systematically adjusting the proportional gain, 𝐾௣, until the resulting 
sinusoidal response satisfied the specified dynamic performance 
requirements. 

Tuning involved first selecting the resonant gain K_r and then incrementally adjusting 
the proportional gain Kp until the desired system response was achieved. The final 
controller gains were determined to be Kpi=20 and Kri=15000, which satisfied the 
design criteria of a settling time under 0.1 seconds, a rise time below 0.05 seconds, and 
an overshoot less than 10%. The effectiveness of the current controller is demonstrated 
in Fig. 5, which shows a rapid and stable response to a step change in reference current. 

 
Fig. 5. PR current controller step response. 
 
4.1.4 Tuning of PR Voltage Controller 
The design and tuning algorithm implemented in SISOTOOL for the outer PR voltage 
control loop is explained in detail: 
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1. The initial step involved the establishment of the desired performance 
criteria for the voltage control loop, focusing on parameters such as 
settling time, rise time, and allowable overshoot. 

2. In SISOTOOL’s control system designer, a cascaded control 
structure was configured. This setup incorporated the discrete-time 
transfer functions of both the PR voltage controller, 𝐺௏௉ோ(𝑧), and the 
previously tuned PR current controller, alongside the plant models 𝐺௣௜ (𝑧) and 𝐺௣௩(𝑧) representing the respective LCL filter dynamics. 
The pre-filter, F(z), was also included to facilitate sinusoidal step 
response testing. 

3. The tuning procedure involved first selecting the resonant gain, 𝐾௥, 
and then incrementally adjusting the proportional gain, 𝐾௣, until the 
voltage controller produced a sinusoidal response that met the 
specified dynamic performance targets. 

The tuning approach mirrored that of the current controller: the resonant gain 𝐾௥ was 
fixed, and the proportional gain 𝐾௣ was varied to achieve the optimal response. The 
finalized gains for the voltage controller were 𝐾௣௩=0.025 and 𝐾௥௩=50. These values 
reflect the need for the current loop to respond more rapidly than the voltage loop, as 
accurate current tracking is essential for maintaining overall system stability. Fig. 6 
illustrates the step response of the voltage controller, confirming its ability to quickly 
stabilize the output voltage within the specified performance limits. 
 

 
Fig. 6. PR voltage controller step response. 
 
4.1.5 Stability Analysis 
To ensure the designed controllers would provide stable operation under all expected 
conditions, both Bode and Nyquist plots were generated using the finalized controller 
parameters. The Bode plot, presented in Fig. 7, reveals a pronounced gain peak at the 
resonant frequency (50 Hz or 314 rad/s), indicating the controller’s strong tracking 
capability at this frequency. The phase margin, which exceeds 45 degrees, confirms 
that the system maintains a buffer against instability. 
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Fig. 7. Bode Plot for the cascaded control system. 
 
The Nyquist plot, shown in Fig. 8, further validates stability by demonstrating that the 
system’s frequency response does not encircle the critical point (-1, 0), a key criterion 
for closed-loop stability. Together, this analysis confirmed that the controller design is 
robust and well-suited to the demands of the parallel inverter nanogrid system. 

 
Fig. 8. Nyquist Diagram for the cascaded control system. 
 
Tables 2 and 3 summarize the final tuning results for the PR current and voltage 
controllers respectively, providing a clear reference for implementation and further 
analysis. 

Table 2. Tuning results for PR Current Controller 

Proportional Gain 20 
Resonant Gain 15000 
Gain Margin 31.6 dB 
Gain Margin frequency 1.57 x105 rad/s 
Phase Margin 88.4 degrees 
Phase Margin frequency 1.43 x105 rad/s 
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Table 3. Tuning results for PR Voltage Controller 

Proportional Gain 0.025 
Resonant Gain 50 
Gain Margin 6.83 dB 
Gain Margin frequency 2.11 x103 rad/s 
Phase Margin 10.9 degrees 
Phase Margin frequency 3.13 x103 rad/s 

 
 
4.2 Power Quality Analysis 
This section investigates how different types of loads affect the performance of the AC 
nanogrid, with a particular focus on enhancing power quality through targeted harmonic 
compensation a nd balanced power sharing. The analysis is based on a control strategy 
designed to dynamically adjust the inverter output [24], thereby reducing voltage 
harmonics and correcting imbalances that arise from non-linear and unbalanced loads. 
The objective is to maintain a stable and reliable voltage profile across the nanogrid, 
ensuring efficient operation even under challenging load conditions. 
A key aspect of this approach is the selective compensation of voltage harmonics and 
negative sequence components. The control system is specifically configured to 
counteract voltage imbalances and suppress harmonics of the -5th, 7th, -11th, and 13th 
orders, which are commonly introduced by non-linear devices and asymmetrical 
loading. To achieve this, the system computes a compensation current, denoted as Icomp 
, which is injected to offset both the undesired harmonic content and the negative 
sequence components present in the voltage waveform. Fig. 9 presents a block diagram 
of the power quality control scheme, illustrating how the compensation current is 
generated. In this diagram, kG represents the compensation gain, while G is the 
conductance used in the compensation process. 
 

 
Fig. 9. Block diagram of power quality control scheme for generation of compensation 
current. 
 
To effectively address voltage unbalance, the control algorithm first isolates the 
negative sequence component of the voltage. This process involves extracting both 
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harmonic and negative sequence elements from the measured voltage and current 
signals. The extraction is accomplished using a Harmonic Decoupling Network (HDN) 
in combination with Multiple Second Order Generalized Integrators (MSOGI), as 
depicted in Fig. 10. The HDN and MSOGI modules work together in a feedback 
arrangement to separate the fundamental frequency component as well as the positive 
and negative sequence harmonics from the original waveform. Following this, a 
Positive and Negative Sequence Calculation (PNSC) step determines the respective 
sequence components from the filtered data. 

 
Fig. 10. HDN+MSOGI structure for fundamental and harmonic extraction. 
 
The compensation process begins by calculating the root mean square (RMS) values of 
the active and reactive power. These are obtained by subtracting the calculated values 
from the instantaneous measurements: 𝑃௥௠௦ = 𝑃௜௡௦௧ − 𝑃௖௔௟௖  (12) 𝑄௥௠௦ = 𝑄௜௡௦௧ − 𝑄௖௔௟௖  (13) 
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where 𝑃௥௠௦ and 𝑄௥௠௦ are the RMS values of active and reactive power, 𝑃௜௡௦௧ and 𝑄௜௡௦௧ are the instantaneous powers, and  𝑃௖௔௟௖ and 𝑄௖௔௟௖ are the calculated reference 
values. Next, the total power distortion, 𝑃஽, is determined using the following 
relationship: 

𝑃஽ = ඥ𝑃௥௠௦ଶ + 𝑄௥௠௦ଶ  (14) 

This measure quantifies the combined effect of active and reactive power distortions 
due to harmonics and imbalances. The conductance G used in the compensation 
algorithm is then calculated as: 𝐺 = 𝑘ீ × 𝑃஽  (15) 

Here, kG is a tunable gain factor that dictates the strength of the compensation. Finally, 
the compensation current Icomp is computed to target both the negative sequence of the 
fundamental voltage and the specified harmonic orders: 𝐼comp = 𝐺൫𝑉(ଵఈఉ)ି + ∑ 𝑉(௛ఈఉ)௛ୀିହ,଻,ିଵଵ,ଵଷ ൯ (16) 

In this equation, 𝑉(ଵఈఉ)ି  denotes the negative sequence component of the fundamental 
voltage, and 𝑉(௛ఈఉ) represents the voltage harmonics for the specified orders h. The 
calculated compensation current is then compared with both the reference and actual 
output currents of the inverter. This comparison allows the control system to inject the 
appropriate current to correct the voltage waveform, thereby improving power quality 
by reducing both harmonics and voltage imbalance. 

 

5   Simulation Results and Analysis 

This section discusses the implementation of the control strategies previously 
mentioned and their simulation results in detail. 

5.1 Performance of Discretized PR Voltage and Current Controllers 
5.1.1 Simulation Results 
In order to evaluate the effectiveness of the designed proportional-resonant (PR) 
controllers, a comprehensive simulation study was conducted using the PLECS 
platform. The modeled system consisted of a parallel configuration of a two-level 
voltage source inverter (2L VSI) and a three-level T-type inverter, both operating under 
identical system parameters and control gains. This setup ensured a fair comparison 
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and allowed for a unified assessment of the controllers’ performance across both 
inverter types. The PR controllers were implemented in the discrete domain to 
accurately reflect the behavior of digital controllers in practical embedded systems. All 
simulation parameters, including filter values, controller gains, and load characteristics, 
are detailed in Table 4. 

Table 4. Nominal values of AC nanogrid components 

Description Symbol Value 
DC voltage 𝑉ௗ௖ 725 V 

System frequency 𝑓 50 Hz 

Switching frequency 𝑓௦ 50 kHz 

LCL Filter inductance 𝐿௖ , 𝐿௚ 1 mH 

LCL Filter resistance 𝑅௖, 𝑅௚ 0.4 Ω 

LCL Filter capacitance 𝐶ௗ  100 𝜇𝐹 
Damping resistance 𝑅ௗ 3.3 Ω 

Resistive load (linear load) 𝑅௟௜௡௘௔௥ 20 Ω 
Resistive load (non-linear load) 𝑅௡௢௡ି௟௜௡௘௔௥ 349 Ω 

Rectifier output capacitor 𝐶௡௢௡ି௟௜௡௘௔௥ 1 𝑚𝐹 
Resistive load (2-phase unbalanced load) 𝑅௨௡௕௔௟௔௡௖௘ௗ 175 Ω, 175 Ω 
PR voltage controller proportional gain 𝐾௣௩ 0.025 

PR voltage controller resonant gain 𝐾௥௩ 50 

PR current controller proportional gain 𝐾௣௜  20 

PR current controller resonant gain 𝐾௥௜ 15000 

Reference active power rating 𝑃௥௘௙ 5 kW 

Reference reactive power rating 𝑄௥௘௙ 1.5 kVAR 

Compensation Gain 𝑘ீ  0.00045 

The dynamic response of the PR voltage controller is presented in Fig. 11. In all tested 
scenarios, the output voltage closely tracks the reference signal, with the error signal 
remaining negligible throughout the simulation. This precise tracking is maintained 
even as the system is subjected to varying load conditions and the introduction of 
compensation currents. The controller’s ability to maintain such a minimal error 
demonstrates its effectiveness in regulating the output voltage, thereby ensuring 
stability and reliability in the nanogrid. 
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Fig. 11. PR voltage controller response of ac nanogrid. 
 
Similarly, the performance of the PR current controller is illustrated in Fig. 12. The 
measured output current aligns almost perfectly with the reference current, as indicated 
by the near-zero error. This high degree of accuracy is preserved across different case 
studies, including sudden changes in load demand and the activation of compensation 
currents. The rapid and precise response of the current controller is crucial for 
minimizing current distortion and supporting the overall power quality of the system. 
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Fig. 12. PR current controller response of ac nanogrid. 
 
5.1.2 Analysis 
The simulation findings reveal that both the PR voltage and current controllers deliver 
robust and stable operation for the parallel inverter system. The voltage controller’s 
ability to maintain a consistent output, regardless of fluctuations in load or the presence 
of compensation currents, signifies its robustness and adaptability. This stability is 
particularly important for applications where voltage quality directly impacts the 
performance of connected loads. 
The current controller’s swift response to changes in current demand ensures that the 
system can quickly adjust to dynamic conditions, minimizing the risk of overcurrent 
situations or excessive harmonic distortion. Its capacity to maintain a low steady-state 
error and effectively reject disturbances further highlights the controller’s suitability 
for real-world nanogrid applications. Collectively, these results demonstrate that the 
discrete-domain PR controllers are highly effective in achieving the dual objectives of 
voltage regulation and current control, even in the presence of system disturbances and 
non-linearities. 
 
5.2 Selective Harmonic Compensation and Power Sharing 
5.2.1 Simulation Results 
To further enhance power quality, a selective harmonic compensation strategy was 
integrated into the control system. This approach was designed to specifically target 
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and mitigate voltage harmonics and negative sequence components, which are common 
in nanogrids with non-linear and unbalanced loads. 
The power quality control scheme was implemented in the simulation, and the system 
was tested under a range of load conditions. At 0.75 seconds, a compensation current 
was activated with the goal of suppressing harmonics of the 5th, 7th, 11th, and 13th 
orders, as well as negative sequence voltage components. Fig. 13 and Fig. 14 show the 
extracted harmonic voltages for both inverters, represented in the αβ domain. Prior to 
compensation, significant harmonic content is evident at the targeted orders, indicating 
notable voltage distortion. Upon activation of the compensation current, these harmonic 
components are significantly reduced, resulting in a much cleaner and more sinusoidal 
voltage waveform. 
 
 

 
Fig. 13. Harmonic voltages - 2L VSI. 
 



32 Smart and Green Energy Systems 

 
Fig. 14. Harmonic voltages - 3L T-type. 

 
Fig. 15. Output voltage of ac nanogrid system. 
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Fig. 15 illustrates the voltage output at the filter terminals for both inverters, 
highlighting the improvement in waveform quality following compensation. The 
system demonstrates a stable and high-quality voltage profile, even as load conditions 
vary. The effectiveness of the control strategy in achieving balanced power sharing is 
demonstrated in Fig. 16. Here, both the 2L VSI and 3L T-type inverter contribute 
equally to meeting a combined load demand of approximately 5 kW. This balanced 
distribution of power is essential for preventing individual inverter overload and 
ensuring the efficient utilization of system resources. 
 

 
Fig. 16. Power sharing performance by both inverters in nanogrid. 
 
A detailed harmonic analysis was also performed on the output voltage and current. 
Fig. 17 and Fig. 18 present the Fourier spectra before and after compensation, 
respectively. Initially, the output voltage spectrum reveals prominent harmonic peaks 
at integral multiples of the fundamental frequency, reflecting significant distortion. 
After compensation, these peaks are substantially diminished, confirming the efficacy 
of the harmonic mitigation scheme. 
 
5.2.2 Analysis 
The simulation results provide strong evidence for the effectiveness of the selective 
harmonic compensation strategy. The marked reduction in harmonic voltages after the 
introduction of compensation current is critical for maintaining a stable and sinusoidal 
output voltage, which is vital for the operation of sensitive electronic equipment and 
for compliance with power quality standards. 
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Fig. 17. Fourier spectrum of the output voltage before compensation. 

 
Fig. 18. Fourier spectrum of the output voltage after compensation. 
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The balanced sharing of load between the two inverter systems not only enhances 
overall system efficiency but also contributes to operational reliability, particularly 
during periods of fluctuating demand. This collaborative power-sharing capability is a 
direct result of the robust control scheme and the precise tuning of the PR controllers. 
The performance of the system was also benchmarked against major international 
standards for power quality, including IEEE 519, EN 50160, and IEC 61000-2-2/12. 
Table 5 summarizes the voltage distortion limits for Total Harmonic Distortion (THD) 
and odd harmonics in public Low Voltage (LV) and Medium Voltage (MV) networks, 
as specified by major international standards including IEEE 519, EN 50160, and IEC 
61000-2-2/12 [25]. Tables 6 and 7 summarize the measured total harmonic distortion 
(THD) values for both voltage and current, as well as the individual harmonic 
components. To ensure the robustness of the control strategy under practical conditions, 
the simulation included a “worst-case" grid scenario with high line impedance, 
simulating weak or heavily loaded distribution networks. Despite these challenging 
conditions, the nanogrid maintained compliance with all relevant power quality 
standards, highlighting the resilience and adaptability of the proposed approach. Before 
compensation, the voltage THD was measured at 10.25%, exceeding the limits set by 
the standards for both low and medium voltage networks. After compensation, the THD 
was reduced to 7%, bringing the system into compliance with EN 50160 and IEC 
standards. Similarly, the current THD dropped from 10.8% to 3.6%, ensuring 
compliance with IEEE 519 requirements. The reduction in individual harmonic 
components, especially for the 3rd and 5th orders, further demonstrates the 
effectiveness of the compensation scheme. 

Table 5. Voltage distortion limits for THD and odd harmonics in public LV and MV 
networks. [25] 

ℎଵ 
IEEE 519 

LV   
IEEE 519 

MV 
EN 50160 
LV,MV  

IEC 61000-2-2/12 
LV,MV 

3 5   3 5 5 
5 5   3 6 6 
7 5   3 5 5 
9 5   3 1.5 1.5 

11 5   3 3.5 3.5 
13 5   3 3 3 
15 5   3 0.5 0.4 
17 5   3 2 2 
19 5   3 1.5 1.76 
21 5   3 0.5 0.3 
23 5   3 1.5 1.41 
25 5   3 1.5 1.27 

27—49 3   3 - 2.27(17/h)-0.27 
THDv 8   5 8 8 
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Table 6. THD of output voltage and harmonic components in ac nanogrid system. 

Harmonic Order without 𝐼௖௢௠௣ (%)  with 𝐼௖௢௠௣ (%) 

3 5 4.3 
5 6 3.75 
7 3.5 3.12 

11 3 2.5 
THDv 10.25 7 

 

Table 7. THD of output current and harmonic components in ac nanogrid system. 

Harmonic Order without 𝐼௖௢௠௣ (%)  with 𝐼௖௢௠௣ (%) 

3 9.3 3.33 
5 5.3 1.33 
7 1 0.26 

11 0.53 0.06 
THDi 10.8 3.6 

 

5.2.3 Summary and Implications 
In summary, the comprehensive simulation study demonstrates that the integrated 
control strategies, including discrete-time PR voltage and current controllers, combined 
with selective harmonic compensation substantially improve the performance of the 
AC nanogrid system. The controllers ensure precise voltage and current regulation, 
significantly reduce harmonic distortion, and enable efficient and balanced power 
sharing between parallel inverters. 
The system’s ability to maintain low THD and comply with international standards, 
even under adverse grid conditions, signifies the practical viability of the proposed 
approach for deployment in modern nanogrid and microgrid environments. The 
improvements in voltage and current quality, harmonic suppression, and load 
distribution collectively contribute to a more reliable, efficient, and resilient power 
system. These findings highlight the potential of advanced control and compensation 
strategies for optimizing power quality and operational stability in distributed energy 
systems, paving the way for their application in future smart grid and renewable energy 
networks. 
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6   Advancing Green Energy Transition: Practical Applications and 
Implications 

The findings of this study hold significant potential to accelerate the global shift toward 
renewable energy by addressing critical challenges in grid stability, power quality, and 
decentralized energy management. Below are key applications of these control 
strategies and nanogrid architecture in real-world green energy systems: 

6.1 Integration of Renewable Energy Sources 
The discretized PR controllers and harmonic compensation schemes ensure stable 
voltage and current regulation, even when integrating intermittent renewable sources 
like solar and wind. By mitigating harmonic distortion and voltage imbalances, the 
system can accommodate higher shares of renewables without compromising grid 
reliability. 

6.2 Localized Energy Generation 
The parallel inverter architecture, with its robust power-sharing capabilities, allows for 
the deployment of hybrid systems combining cost-effective 2L VSI and high-efficiency 
3L T-type inverters. This flexibility enables localized energy generation, storage, and 
consumption which are the key pillars of the green transition. 

6.3 Reduction of Energy Waste 
The harmonic suppression and voltage balancing achieved by the control scheme 
minimizes energy losses caused by distorted waveforms. In industrial settings, where 
non-linear loads like variable-speed drives are prevalent, this technology can reduce 
operational costs and carbon footprints by improving energy efficiency. 

6.4 Enhancement of Grid Resilience 
The system’s ability to maintain stability under unbalanced and non-linear loads makes 
makes it integral for the provision of uninterrupted clean energy to critical 
infrastructure. 

6.5 Compliance with Green Energy Standards 
By adhering to international power quality standards (IEEE 519, EN 50160), the 
proposed system simplifies regulatory compliance for renewable energy projects in the 
future. This reduces barriers to grid interconnection for solar farms, wind parks, and 
community-owned energy systems, fostering faster adoption of green technologies. 

6.6 Integration with Smart Grids and Electric Vehicles 
The precise control of voltage and current harmonics ensures compatibility with smart 
grid technologies and EV charging stations, which are sensitive to power quality 
fluctuations. This paves the way for scalable EV adoption and bidirectional energy flow 
in vehicle-to-grid (V2G) systems, further decarbonizing transportation. 
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7   Conclusions 

This work has presented a comprehensive control strategy for an AC nanogrid system 
featuring the parallel operation of a two-level voltage source inverter and a three-level 
T-type inverter. Through detailed simulation studies, the proposed approach centered 
on the discrete-time tuning of outer voltage and inner current proportional-resonant 
(PR) controllers has been validated for its ability to deliver stable voltage regulation, 
effective power sharing, and substantial reductions in harmonic distortion. 

The results demonstrate that the PR controllers enable both inverters to closely track 
their reference signals, resulting in minimal steady-state error and robust dynamic 
performance under a variety of load conditions. The selective harmonic compensation 
scheme further enhances power quality by efficiently mitigating voltage and current 
harmonics, as well as addressing voltage unbalance. Notably, the system achieves 
significant improvements in total harmonic distortion and maintains compliance with 
international power quality standards, even when subjected to challenging grid 
scenarios. Furthermore, the ability of the two inverter systems to share power equitably 
while maintaining a stable output highlights the reliability and flexibility of the 
proposed control architecture. These findings collectively highlight the scheme’s 
potential for advancing the performance, efficiency, and resilience of AC nanogrid 
systems, making it a strong choice for deployment in modern distributed energy 
environments. 

Looking ahead, future work will focus on the experimental validation of the proposed 
control and power quality schemes. By implementing the tuned PR controllers and 
compensation strategies in a physical AC nanogrid system, further insights will be 
gained into their real-world effectiveness in mitigating voltage unbalance, suppressing 
harmonic distortions, and supporting reliable power sharing. This next phase will 
provide a comprehensive assessment of the approach’s practicality and pave the way 
for its integration into future smart grid and microgrid applications. 
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Abstract. The availability of photovoltaic (PV) sources has increased even at the 
residential level. In the grid-connected mode of operation, an energy storage 
device can be included in the system to support the inherent intermittency of the 
renewable energy source (RES). However, for the standalone mode of operation, 
this is almost a mandatory requirement in order to manage the power balance 
between load and generation in the system. The local controllers of the system 
are essential to provide the foundation that ensures stable and continuous 
operation during different scenarios. This work presents a PV and battery-based 
residential system, together with the control scheme used in the standalone mode 
of operation. Moreover, the experimental prototype used for this system is 
described thoroughly. Simulation and experimental results show the 
effectiveness of the proposed controllers for the operation of the system. 

Keywords: photovoltaics, standalone, energy storage, power sharing, three-
phase, four-leg inverter. 

1   Introduction 

The deployment of renewable energy technologies is accelerating in the upcoming 
years, especially wind-powered and photovoltaic (PV) systems, which are being 
developed due to their reduction in power generation costs at different scales [1]. 
However, renewable energy sources (RES) suffer from inherent intermittency, and 
energy storage systems (ESS) have emerged as a tool to provide support when the 
generation source is not available [2]. At the residential scale, the proliferation of 
rooftop PV installations and lithium-ion batteries enables consumers to become 
prosumers, providing more flexibility to the system. Moreover, in some cases, 
regulatory frameworks promote the participation of small-scale energy systems through 
economic incentives for residential prosumers [3]. With the increasing complexity of 
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these systems, effective coordination among components becomes essential. For 
instance, RESs must be controlled to extract the maximum available power, while ESSs 
must operate within safety constraints and provide high performance without 
compromising the useful lifetime.  
 
The interactions between loads, generation units, storage devices, and the electrical grid 
demand the development of suitable control algorithms that provide continuous 
operation under different scenarios, for example, in grid-connected or standalone mode 
of operation. In general, such systems comprise three control layers, where the first one 
corresponds to the local controllers for power electronics converters (PECs) and the 
second and third layers allow for power sharing and energy management techniques. 
Typically, the energy management systems (EMSs), which are implemented as the third 
layer, are capable of real-time supervision and control of energy flows, ensuring secure 
operation, maintaining supply-demand balance, and achieving operational objectives 
such as economic optimization and resilience [4]. 
 
While many studies emphasize the optimization stage, several works address the 
operational requirements of the system by integrating the lower-level controllers that 
determine the dynamics in shorter time scales, typically within the order of milliseconds 
[5]. For example, an off-grid system comprising a wind turbine and PV array managed 
via a flowchart-based EMS is examined in [6]. In [7], forecasted load and generation 
data are employed to adjust the lower state-of-charge (SOC) threshold of the energy 
storage system, serving as a risk-mitigation strategy against uncertainty. The system in 
[8] integrates an electric vehicle to support peak demand. These implementations, while 
relying on relatively simple rule-based EMS frameworks, are necessary to ensure 
system resilience during critical events such as black-start conditions or grid outages. 
Moreover, in these studies, the local controllers are well described, and the 
experimental validation is conducted across various scenarios to demonstrate the 
performance of the system. 
 
In a PV and battery-based residential system, the control scheme determines the power 
sharing in the system. Typically, in the grid-connected mode of operation, the ac 
converter is responsible for the power balance in the system by regulating the dc-link 
voltage. In contrast, in the standalone mode of operation, the most common approach 
is to use the ESS to regulate the dc bus voltage, which in turn regulates the power 
balance of the system. In this work, the control techniques for a PV and battery-based 
system operating in the standalone mode of operation for a residential system, are 
described.  

2   System Description 

The system under study comprises a photovoltaic array and a lithium-ion battery as 
the primary energy storage device, and is illustrated in Fig. 1. The PV array is interfaced 
with the dc bus using a boost converter. In contrast, the battery is connected through a 
bidirectional dc-dc converter. Both converters operate in interleaved mode, with this 
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configuration having the ability to reduce the current stress on semiconductor devices. 
Compared to conventional single-phase converters, interleaving also enables a four 
times reduction in the filter size for the same input current ripple [9][10]. 

 
 

 
 

Fig. 1. PV and Battery-supported residential supply subsystem. 
 

For the dc-ac converter, either three-leg or four-leg two-level inverters may be 
employed depending on the applications and the operation mode. In residential 
applications, where low-voltage distribution networks typically supply a set of single-
phase and unbalanced three-phase loads, a four-leg inverter topology is preferred. This 
configuration allows for the regulation of zero-sequence components, which is essential 
for standalone operation, and enhances flexibility under unbalanced conditions. An 
LCL filter is connected to the output of the inverter to reduce the switching harmonics 
components and ensure compliance with the connection of the local loads, providing 
sinusoidal voltages at the point of common coupling [11]. The following section 
describes the detailed mathematical model of each element of the system and the 
corresponding controllers. 

3  Modelling and Control 

This section presents the modeling and control strategies for a PV and battery-based 
system interfaced through a three-phase four-wire inverter that supplies ac loads. The 
objective is to describe the mathematical models of the PV array, battery storage, and 
the corresponding power converters as a base to design the corresponding control loops. 
The control scheme regulates the power balance, maintains the voltage, and ensures the 
maximum energy extraction from the PV system. Each subsystem and its corresponding 
control scheme are described in the following. 
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3.1   PV System 

The PV array is modeled using the single-diode Shockley equation and an irradiance-
dependent current source. For this model, the inputs are the solar irradiance and the 
temperature, and the model accounts for the temperature drift of the open-circuit 
voltage as well as the short-circuit current. Additionally, the model is flexible because 
different power ratings can be achieved using the same model. The dc-dc converter 
used is an interleaved boost converter, that is connected to the dc bus capacitor that 
couples the dc sources with the ac converter. 
 
The main task of the converter is to extract the maximum available power from the PV 
array, to either be used by the dc-ac converter or by the battery converter. To achieve 
this objective the controller structure has to account for a Maximum Power Point 
Tracking (MPPT) algorithm, which will produce a voltage reference that has to be 
controlled at the input terminals of the converter, to follow the voltage reference two 
cascaded proportional-integral (PI) regulators are chosen, the outer one provides a 
current reference to the inner loop. The latter produces the duty cycle that commands 
the converter switches. The topology of the PV converter is shown in Fig. 2 (a), and 
the local controller is illustrated in Fig. 2 (b). 
 

 
 

Fig. 2. PV system. (a) Power stage. (b) Control diagram. 
 
In this system, the measurements used for the control stage are the inductor currents  𝑖௨,௝, the PV voltage 𝑣௣௩, and the dc bus voltage 𝑣ௗ௖. The MPPT algorithm is a simple 
perturb and observe (P&O). The mathematical model that describes the average 
inductor current 𝑖௅, ௝ for each leg of the converter is given by,   𝑖௅, ௝(𝑠) = ൫𝑣௣௩ − 𝑣௖௢௡௩, ௝൯ 1𝑠𝐿 + 𝑅 
The control action corresponds to the average voltage 𝑣௖௢௡௩, ௝, at the IGBT terminals 
generated during one switching period 𝑇௦. It can be noted that in this transfer function 
the voltage 𝑣௖௢௡௩, ௝, and the relation between input and output is linear, allowing the use 
of a simple PI controller to track the current reference However, the power converter 
input is the duty cycle for each leg 𝑑௨,௝. Therefore, the equation relating the duty cycle 
and the average voltage depends on the operating mode of the converter, which can be 
either continuous conduction mode (CCM) or discontinuous conduction mode (DCM). 
In [12], the process to obtain the corresponding duty cycle from the average voltage, 
regardless of the operating mode in a digital controller, is described and is the one 
implemented in this work. Assuming that the current through the inductors is equal, 
which is achieved through the use of independent PI controllers in the inner loop, the 
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transfer function that relates the input voltage that has to be controlled for the PV to 
operate at the maximum power point, with the average inductor current as the control 
action, is given by: 𝑣௣௩തതതത(𝑠) = 𝑖௣௩ − 2 𝑖௨,௝𝑠 ⋅ 𝐶௣௩  

It can be noted that the relation between input and output is again linear, allowing the 
implementation of a PI controller. Using a cascaded control structure and tuning with 
an order of magnitude difference between the controllers, the coupling between them 
is avoided. 

3.2   ES System 

For the development of the battery model, research of the different options available in 
the literature was conducted to determine which was the most suitable option for this 
application. After comparing the different characteristics, a run-time model was 
selected that allows for the inclusion of the capacity, dynamic behavior of the battery, 
and the non-linear relation between the State of Charge (SOC) and the battery voltage. 
The latter is one of the most important features, as the energy level of the battery has to 
be monitored and kept within allowable limits during operation to preserve the battery's 
lifetime. The ES system's power stage and local controller are shown in Fig. 3(a) and 
Fig. 3(b), respectively. 
 

 
Fig. 3. ES system. (a) Power stage. (b) Control diagram. 

 
 The PEC selected for this application is a bidirectional interleaved converter, which is 
in charge of controlling the charging and discharging of the battery. The lithium-ion 
battery can be operated in constant current mode in the range of 20% to 90%. Therefore, 
a current controller is used, and the power reference is converted to a current reference. 
Then, a PI controller is used to track the reference current to command the converter 
switches.   

3.3   Grid Side dc-ac Converter 

The dc-ac converter comprises four legs, this configuration provides better support to 
the unbalanced loads, to interface the converter to the grid it is necessary to reduce the 
harmonics produced at the switching frequency, therefore an LCL + L filter is used, 
compared to the L filter this configuration reduces the total inductance needed for the 
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same attenuation. The converter and the local controller are presented in Fig. 4(a) and 
Fig. 4(b), respectively. 
 

 
Fig. 4. dc-ac stage. (a) Power stage. (b) Local controller. 

 
The controller of this converter is in charge of regulating the power between the dc-dc 
converters (battery and PV) and the grid as needed, to provide energy from the PV and 
battery to the loads or to take power from the grid to charge the battery. As part of this 
task, the voltage on the capacitor that couples the dc and the ac stages has to be 
controlled. A cascaded control structure is used, in this case the dc bus voltage error is 
fed to a PI controller, its output and the grid voltage measurements are used to generate 
appropriate sinusoidal current references that are tracked using a proportional-resonant 
controller, to finally activate the switches of the converter accordingly.  

4   Experimental Validation 

This section comprises two parts, one is the description of the developed experimental 
prototype and its components, followed by the experimental tests conducted to 
demonstrate the effectiveness of the proposed control structure. The tests that were 
conducted corresponded to individual loops, and the complete control schemes for each 
converter.  

4.1   Prototype Description 

The prototype diagram is shown in Fig. 5. Each power electronic converter comprises 
a set of half-bridges, four for the grid side converter and two for each dc-dc converter. 
For each half-bridge, two MOSFETS and one gate driver per switching element are 
used. The grid side converter is a four-leg, three-phase converter connected to an LC 
filter in the three phases, and an L filter is used for the neutral leg. The filtering stage 
is followed by an additional breaker that enables the connection with a Chroma 6180. 
This device emulates the connection of a three-phase low-voltage network under safe 
operating conditions. Besides, a set of three Chroma 63804 programmable loads is used 
to emulate balanced or unbalanced loads. The coupling of the dc-ac converter and the 
dc-dc stage is made by means of a bank of electrolytic capacitors labeled as 𝐶ௗ௖. 

 
A bidirectional converter is used for the energy conversion stage of the battery system. 
At the input of this converter, one inductor per switching leg is used, and the inductors 
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are connected to a small capacitor in parallel with an ITECH IT6018B bidirectional 
source. This device is utilized to emulate the behavior of a real battery, allowing the 
simulation of different technologies, power levels, and dynamic conditions. The PV 
converter has the same topology as the battery converter. However, it is important to 
note that this converter must be operated so that energy is sent from the source to the 
rest of the system and never in the opposite direction. Besides, the IT6018B DC source 
can be used to simulate the dynamic behavior of the PV modules, where different 
temperature and irradiance conditions can be programmed to emulate the dynamic 
scenarios under which the converter must operate. 

 

 
 

Fig. 5. Diagram of the experimental setup including power supplies. 
 

The list of passive components, semiconductors, gate drivers, control devices, and 
measurements for the power converters is summarized in Table 1. 

Table 1.  Table of prototype components. 

Component Value/Description Component Value/Description 
L1,abcn 250 µH inductor Lu,12 500 µH inductor 
Cf,abc 10 µF capacitor Lb,12 500 µH inductor 
Cpv 10 µF capacitor Cbat 10 µF capacitor 
Cdc 990 µF capacitor UCC21750-Q110-

A 
Isolated Gate Driver 

AMC1306E05DWV Single Channel 
ADC Delta-Sigma 
20Msps Manchester 
Encoded 

TMS320F28379D Texas instruments 
microcontroller 

MOSFET 
C3M0065090D 

900 V / 24 A ECP5U-LFE5U Lattice FPGA 
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For every half-bridge of the converter, a pair of CMS62800 semiconductors is used. 
Each semiconductor is equipped with an isolated gate driver UCC21750-Q1, which can 
detect shoot-through events and faults that can be sent to the control board to disable 
the system's operation. The current measurements indicated in the schematic are taken 
using shunt resistors and single-channel Delta-Sigma analog-to-digital converters 
(ADC), which are isolated from the power stage. A voltage divider and the same ADC 
devices are used for the voltage measurements. These readings are sent to the FPGA, 
where filtering is performed, and the data is communicated to the microcontroller to 
carry out the necessary calculations and execution of the control routines.  
 
The CAD of four switching legs, where each unit has a half-bridge arrangement of 
semiconductors, and the corresponding heat sink is shown in Fig.6(a). On the other 
hand, the partial assembly of the physical system is shown in Fig.6(b) for comparison 
with the CAD model. Besides, the assembly of the power stage of the prototype is 
presented in Fig. 7, which includes the passive components, measurements, and control 
board, and the switching devices. 

 
 

 
(a)                                                      (b) 

 
Fig.6. Modular PCB for power stage including four switching legs and heatsink. (a) 

CAD design. (b) Physical prototype. 
 

 

 
 

Fig. 7. Assembly of the power stage with dc link capacitors and filters. 
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4.2  ES System tests 

The first test corresponds to the performance of the current control loop which is the 
inner-most loop in the control scheme of the ES system. In this scenario two voltage 
sources are connected one at the input side to emulate the battery, and another at the dc 
bus capacitor connection. The simulation and experimental results for a change in the 
reference current from 0.75 A to -1.0 at 𝑡 = 0.6 ms, are illustrated in Fig. 8. In this case, 
the closed-loop response reaches 95% of the reference in 1.7 ms. 
 

 
Fig. 8. Current control of ES system transition from discharging to charging. 

 
In the standalone mode of operation, the ESS is in charge of balancing the power in the 
system by controlling the dc bus voltage. Once the current control loop has been 
validated, the following tests correspond to the regulation of the dc link voltage. During 
this test, a voltage source is connected at the input of the battery converter with a setting 
of 100 V, the controller is enabled at 𝑡 = 0.035 s, and the reference voltage for the dc-
link is set to 175 V. The dc bus voltage and the battery current are shown in Fig. 9(a)-
(b). Regarding the step response of the voltage control, it corresponds to a second-order 
system, the reference is reached after 17 ms. However, the settling time is 85 ms. It can 
be noted that the battery current reaches a maximum value of 20 A, which corresponds 
to the saturation limit implemented in the voltage controller.  
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Fig. 9. Voltage control for the dc link from the battery converter. 

 

4.3   PV System  

The first test corresponds to the assessment of the performance of the current control 
loop, which is the innermost loop in the control scheme of the PV system. The controller 
must be tested in both the CCM and the DCM of operation, as well as the corresponding 
transitions between these modes. In this scenario a PV simulator is connected at the 
input of the converter and a bidirectional power supply is connected with a fixed dc bus 
voltage. The simulation and experimental results of the test from DCM to CCM are 
presented in Fig. 10. In this test, the reference for each leg is changed from 0.25 A to 
2.25 A, at 𝑡 =0.5 ms. The solid lines correspond to the inductor currents measured in 
the experimental setup, and the dashed lines correspond to the results obtained from the 
simulation model in the software PLECS. It can be noted that the time constant of the 
current control loop is of 1.1 ms.  
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Fig. 10. Current control of PV system DCM to CCM transition. 

 
On the other hand, a step change from the CCM to the DCM of operation is shown in 
Fig. 11, in this case, the change in reference current for both inductors is from 1.75 A 
to 0.25 A. The achieved time constant is 1.2 ms, which is only 9% different compared 
to the test in CCM, demonstrating that the current controller provides similar 
performance regardless of the operating mode. 
 

 
Fig. 11. Current control of PV system CCM to DCM transition. 

 
After validating the current control loops, the MPPT and voltage control loops are 
tested. The setup is the same, using a PV simulator at the input of the converter and a 
power supply with constant voltage on the dc link capacitor. The results for the startup 
of the PV system are presented in Fig. 12. The voltage of the PV, and the corresponding 
reference set from the MPPT algorithm are presented in Fig. 12(a). The output current 
of the PV array, one of the inductor currents of the converter, and the reference current 
for one leg are shown in Fig. 12(b).  
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Fig. 12. Start-up of the PV system from open-circuit condition. (a) PV voltage. (b) 

PV, reference, and inductor current. 
 
Similarly, the input voltage 𝑣௣௩, and the corresponding reference algorithm during the 
MPPT mode are shown in Fig. 13(a). It can be observed that the PV system operates in 
the typical three-level operation of the P&O when the maximum power point has been 
reached. Moreover, the inductor, input, and reference currents are presented in Fig. 
13(b). 
 

 
Fig. 13. PV system operation during MPPT mode. (a) PV voltage. (b) PV, 

reference, and inductor current. 
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4.4  GSC in Islanded Mode 

The results to validate the voltage control of the ac converter are presented in Fig. 14. 
During this test, the dc-link voltage is regulated by the ES system, as can be observed 
in Fig. 14(a). In order to test the response of the system to unbalanced loads, three 
electronic loads are connected at the output of the LC filter of the converter. The load 
voltages 𝑣௚,௔௕௖ are presented in Fig. 14(b), corresponding to three sinusoidal 
waveforms, each phase-shifted by 120 degrees. Finally, the unbalanced load currents 
are shown in Fig. 14(c), demonstrating that the proposed control structure can supply 
unbalanced loads, which can appear due to the connection of single-phase loads to the 
system.   
 

 
Fig. 14. Inverter operation in steady state. (a) DC Link voltage. (b) Load voltages. 

(c) Load currents. 

5   Conclusions 

This chapter presented the modeling, control design, and experimental validation of a 
standalone residential supply system that enables the power sharing between a 
photovoltaic (PV) generator and an energy storage system (ESS), which are interfaced 
to three-phase loads through a four-leg ac converter. Special attention is given to the 
mathematical model of the PV system, followed by the design of the corresponding 
controllers to ensure stable and efficient operation. The PV converter was controlled 
for maximum power point tracking (MPPT), the ESS converter ensured smooth power 
balance in the standalone mode of operation, and the grid-side converter enabled 
seamless operation for unbalanced load conditions. 
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Experimental results validated the effectiveness of each control strategy under realistic 
operating conditions using a custom-built prototype. Accurate MPPT and a stable start 
of the PV system have been demonstrated, as well as the ability of the ES System to 
control the dc-link voltage accurately. Moreover, the dc-ac can provide sinusoidal and 
balanced voltages even under unbalanced loading conditions. The proposed control lays 
the foundation for further developments such as power sharing in critical conditions 
and the implementation of energy management systems in the upper control layers.  
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Abstract. To keep up with the rising demand for electricity, renewable energy 
sources (RES) including solar and wind power are being used on an increasing 
basis. However, grid stability is compromised by renewable energy 
resources' intermittent nature. Technologies for energy storage provide a solution 
by enhancing system flexibility. As prosumer-based electrical systems and 
distributed energy resources expand, energy management systems are becoming 
more essential for optimizing system functionality and efficiency by 
coordinating the operation of various devices. This paper deals with a genetic 
algorithm-based virtual power plant that consists of PV generation, household 
load, electric vehicle, and energy storage system in which the objective is to 
reduce electricity costs by defining the objective function and related constraints. 
The study also includes the definition of different parameters used in genetic 
algorithm and inclusion of technical constraints such as peak shaving for greater 
economic benefits. Finally, a business model is proposed to integrate the virtual 
power plants with industries and factories.  

Keywords: cost minimization; energy management system; energy storage; 
genetic algorithm; optimization; electric vehicle 

1   Introduction 

The emergence of distributed energy systems has been promoted by the continuous 
increase in renewable energy sources like photovoltaic (PV) generation systems, 
supported by energy storage technologies such as Lithium batteries and electric vehicles 
(EV). Systems in this configuration provide additional flexibility and independence 
from the centralized electricity generation paradigm. In this sense, due to the increasing 
complexity, energy management systems (EMS) are necessary to coordinate each 
element of the system with a particular goal [1]. Typically, economic benefits and 
energy reduction are common goals for the EMS. In order to attain these objectives, an 
optimization algorithm is necessary in which the EV or the batteries are scheduled 
during the day [2]. 

Metaheuristic optimization algorithms are widely adopted due to their advantages, 
for example, these algorithms are easy to implement and are not limited to a particular 
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type of objective function or constraints [3]. In contrast, other optimization algorithms, 
such as linear programming (LP), quadratic programming (QP), or mixed-integer linear 
programming (MILP), are only suitable for a particular problem formulation [4].  

Several metaheuristic optimization algorithms have been compared when solving the 
energy management problem, such as particle swarm optimization (PSO), genetic 
algorithm (GA), gray wolf optimization (GWO), ant colony optimization (ACO), 
artificial bee colony (ABC) and bald eagle search (BES) [5-7]. Nonetheless, the 
performance of different algorithms may be statistically equivalent when compared to 
different problems, which is known as the no free lunch theorem [8]. Moreover, 
metaheuristic optimization algorithms need different parameters which are selected by 
the user. Among the most common are the number of iterations and the population size, 
that are directly related to an increase in the exploration space and performance of the 
algorithm. Despite the body of research devoted to comparison of metaheuristic 
algorithms, to the best of the authors knowledge, there is a research gap of the 
performance assessment based on the parameter selection for a given metaheuristic 
algorithm.  

Genetic algorithm has demonstrated a good performance in solving the energy 
management problem [7,8,9]. Therefore, in this work, we perform an extensive study 
on the performance of the GA under different parameters to solve the energy 
management problem of a residential system with PV generation, battery supply, and 
EV availability during a given time frame. Different options for crossover and selection 
operators are tested together with different probabilities for each of them, to determine 
their impact on the optimization problem.  

The EMS under study consists of a single household load, a PV power plant, a 
battery-based ESS and a EV as shown in Figure 1. 

 
Figure 1. Elements of the MG under study 
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The main objective of this paper is to use different parameters considered in GA to 
optimize the EMS to reduce electricity bill by defining the objective functions and 
constraints to create new set-points of operation for the EV and the ESS and find out 
the best set of parameters which later can be used as a handbook for designing similar 
type of systems consisting of an EMS. 

2   Relationship with Promoting the Transition to Green Electric 
Systems 

In order to make interactive systems practical and beneficial, human-centered design 
applies human factors/ergonomics, usability knowledge and techniques, and focuses on 
the users, their needs, and requirements. This method counteracts the negative impacts 
of use on human health, safety, and performance while increasing effectiveness and 
efficiency, user satisfaction, accessibility, sustainability, and human well-being [10]. 
According to the definition of human centric systems as determined by ISO, it is clear 
that EMS can play a pivotal role in increasing the effectiveness of human well-being. 
EMS can be customized to match user requirements and preferences by utilizing human-
centered design concepts. This leads to increased user satisfaction, better energy 
efficiency, and increased sustainability. EMS is a software-based system that is intended 
to track, regulate, and maximize the use of energy in different kinds of buildings. It is 
applied to minimize environmental effect, lower energy expenditures, and increase 
energy efficiency [11].  

One of the key aspects of implementing an EMS is the ability to reduce electricity 
bills of residential households. With the addition of new types of consumer loads, such 
as EVs, electrical grids are subjected to more adverse and dynamic types of demand 
stress. This is why it is important to implement EMS with the electrical grids to manage 
and control these new types of severe demand profiles [12]. One possible solution of 
reducing electricity bill is to use the heavy loads during the off-peak period or valley 
hours during the day when the price of electricity is cheaper compared to the time of the 
day. However, it is difficult for the consumers to always control the heavy household 
loads or EVs manually to turn on only during the valley hours and hence an EMS can 
ease the use of this operation. An EMS can automatically control the adjustable loads 
to consume the electricity during the off-peak hours as well as supply electricity to the 
grid from the ESSs when the cost of electricity to sell is higher. These types of automatic 
control of energy flow eases the efficiency of human comfort where it is no longer 
necessary to control each load/EV manually. 
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3   State of the art 

Genetic Algorithm (GA) is a technique that leverages the notion of genetic selection to 
optimize the search tool for complex situations. It is useful for research and 
development as well as machine learning in addition to optimization. With factors like 
selection, crossover, and mutation all constituting genetic operations that would 
initially be applied on a random population, it is comparable to biology in terms of 
chromosomal creation. The goal of GA is to produce answers for upcoming 
generations. The degree of success in individual production is directly correlated with 
the fitness of the solution that it represents, guaranteeing higher quality in subsequent 
generations. When a GA proves to be the most appropriate solution for the problems 
requiring optimization related to a computable system, the procedure is finished [13].  

The Darwinian theory of evolution [14,15], which simulated the survival of fitter 
creatures and their genes, served as the model for GA. The GA algorithm is based on 
population. A chromosome is represented by each solution, and a gene is represented 
by each parameter. GA uses a fitness (objective) function to assess each member of the 
population's level of fitness. The best solutions are selected at random using a selection 
mechanism (such as a roulette wheel) in order to improve subpar alternatives. Given 
that the probability is correlated with the objective value of fitness, this operator has a 
higher likelihood of selecting the optimal solutions. Selecting subpar solutions also 
raises the likelihood of avoiding local optima. This implies that good solutions can be 
freed from a local solution if they are imprisoned there by other solutions.  

Since the GA method is stochastic, one can wonder about its dependability. This 
algorithm's ability to keep the best solutions from each generation and use them to 
enhance subsequent solutions is what gives it its reliability and ability to estimate the 
global optimum for a particular problem. Individual crossing leads to the "area" 
between the two parent solutions being offered being exploited. Mutation also helps 
this method.  The genes in the chromosomes are randomly altered by this operator, 
preserving the population's variety and enhancing GA's inquisitive behaviour. Like 
nature, the mutation operator may produce a solution that is noticeably superior to the 
original and guide more solutions in the direction of the global optimum. 

As discussed in [16], an EMS can be economically optimized by using GA by 
following a series of procedures. Initially the objective functions to reduce the 
electricity bill must be defined accordingly. Some of the procedures are discussed in 
detail.  

 
3.1 Initial Population 
 
The GA algorithm operates by starting with a random population. To boost the 
diversity, this population can be created using a Gaussian random distribution. There 
are several solutions in this population, each of which represents a person's 
chromosome. A collection of variables on each chromosome replicates the genes. The 
primary goal of the initialization step is to distribute the solutions as evenly as possible 
throughout the search space in order to boost population diversity and improve the 
likelihood of locating promising areas [17]. In EMS, the solutions represent different 
strategies that can optimize the defined functions and constraints.   
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3.2 Selection 
 
This part of the GA algorithm is mostly inspired by natural selection. In the natural 
world, there is a greater likelihood of food and mating for the most fit individuals. 
Because of this, the genes in them contribute more to the next generation of that species. 
Drawing inspiration from this straightforward concept, the GA algorithm uses a roulette 
wheel to allocate probability to individuals and choose which ones to include in the 
next generation based on their fitness (objective) values [18-23]. In EMS, a fitness 
function is constructed to assess each solution's performance in relation to the 
previously established objectives. This could involve calculating key metrics, such the 
cost of the electricity used in this instance and modelling the system's energy usage 
under each solution. 

 
3.3 Crossover (Recombination) 
 
To develop the next generation, the people who have been chosen via a selection 
operator must be employed. In the natural world, a new chromosome is created when 
the chromosomes from a male and a female gene join. In order to emulate this, the GA 
algorithm combines two solutions (parent solutions) chosen by the roulette wheel to 
create two new solutions (children solutions). In the literature, there are various 
methods for the crossover operator, of which two (single-point and double-point [24]). 
Crossover is a technique used in EMS to combine various schedules for energy 
consumption or configurations of energy-efficient devices to produce 
offspring solutions that may carry over positive traits from their parent solutions. 

 
3.4 Mutation 
 
The final evolutionary operator involves the alteration of one or more genes subsequent 
to the creation of offspring solutions. Because large mutation rates reduce GA to a 
rudimentary random search, the mutation rate is set at low in GA. Through the 
introduction of an additional degree of unpredictability, the mutation operator preserves 
the population's diversity. In actuality, this operator raises the likelihood that local 
solutions in the GA algorithm will not occur by preventing solutions from becoming 
identical. The three evolutionary operators—selection, crossover, and mutation—are 
combined by the majority of EAs. To raise the caliber of genes in the following 
generation, these operators are applied to each generation [25-32]. In EMS, mutation 
refers to the introduction of minor, arbitrary changes to energy schedules, energy-
efficient device configurations, or renewable energy source settings which refers to the 
operation set-points of the EVs and ESSs in this case.  

4   Genetic Algorithm in Virtual Power Plants 

GA is widely used in performing the optimization of different objectives such as cost 
reduction, minimization of energy, minimization of environmental impacts etc. of 
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EMS. Here, some of the existing literatures are discussed and compared with this 
current paper to identify the novelty. Ref [33] proposes a smart-grid approach that uses 
energy storage and hybrid renewable energy generation to match HVAC loads with 
renewable energy generation based on GA. A hierarchical GA is used in ref [34] to 
synthesize a fuzzy inference system (rule-based) EMS using various techniques in an 
effort to optimize the profit from the energy exchange with the grid. In reference [35], 
GA is used to optimize the technical and economic problems with the MG, including 
the participation of different consumers in reserve schedules and demand response 
programs, which lowers the microgrid's operating costs. The objective of ref [36] is to 
create an advanced EMS model that can use GA to identify the best operating strategies 
for minimizing energy costs, reducing pollutant emissions, MG system constraints, and 
making better use of renewable energy sources like solar and wind power through daily 
load demand. In ref [37], the time of use (TOU) pricing system, together with GA and 
bat algorithm (BA) to schedule appliances to minimize electricity costs, the peak to 
average ratio, and appliance delay time, are used to optimize energy usage. Even 
though, all of references implement GA algorithms to optimize the energy interchange 
or to reduce electricity bills, none of them contain scheduling charging/discharging of 
EVs during the valley hours in the systems. Also, none of these references contain a 
proper explanation of the parameters used to design the GA algorithm. Ref [38],[39] 
contains the inclusion of charging/discharging of EVs in the MGs, but there is no 
guideline for the selection of proper values of the parameters considered in GA.  
 
The chapter is organized in the following way. The first part consists of the performance 
evaluation of a three-phase PV power plant operating at both connected and isolated to 
the grid. This is an important part of the validation of the performance of a microgrid 
in VPP. The next part consists of the general algorithm development of VPP for cost 
optimization for different scenarios. A further study is also done for the validation of 
the proposed algorithm using PLECS simulation model in the next stage. Finally, a 
business model is proposed for the VPP.  
 
4.1 Performance Evaluation of a Three-Phase PV Power Plant 
 
The main aim of this study as discussed in [40] is to analyze the operation of a three-
phase photovoltaic power plant (rated at 250 kW) supplying power to both three-phase 
and single-phase loads. The analysis covers both, connected and disconnected modes 
and also includes the performance of a basic islanding detection method and the effect 
on the whole system considering unbalanced situations. 

Figure 2 represents the general block diagram of the overall system. It consists of a 
PV field composed by 616 solar panel modules (with parameters shown in Table I) 
connected in an array of 7 in series and 88 in parallel, totalling a power of 250kW. The 
rated frequency considered for the system is 50Hz. PV field is connected to three level 
with neutral point clamping (NPC) inverter that converts the DC power to AC and 
includes an LCL filter to effectively reduce the harmonics injected to an acceptable 
value achieving the desired power quality. The system is finally connected to the grid 
by means of a distribution transformer. A balanced three phase load rated at 250kW (at 
nominal voltage of 25kVRMS) is placed in the high voltage side and, to perform the main 
analysis of this paper, a single-phase load is connected in the low voltage side.  



Smart and Green Energy Systems 63 

Single Phase 
Load

Three Phase 
Load

PV 
PANELS

3-LEVEL 
INVERTER

LCL FILTER TX.
PCC

GRID
PMG PDGCBPLVPPV

PPV- POINT OF PV
PLV- POINT OF LOW VOLTAGE
PCC- POINT OF COMMON COUPLING
PMG- POINT OF MICROGRID
PDG- POINT OF DISTRIBUTION GRID
TX.- TRANSFORMER
CB- CIRCUIT BREAKER  

Figure 2. Power system under study 

The general scheme of the inverter control algorithm three main parts: 
• Algorithm for controlling the inverter in grid-connected mode. 
• Algorithm for controlling the inverter in islanding mode. 
• Islanding detection and selection of the right operation mode. 

In the simulation results of the mentioned model is divided into two sections. In this 
section, the microgrid is operating as a balanced system whereas in next section, the 
system model will be analysed when operating in unbalanced situation. In the balanced 
situation, the microgrid is initially connected to the main grid and at 1s, it is 
disconnected after opening the corresponding breaker. Simulations results are shown 
in Figure 3 where it can be seen that the system operates properly in both modes. The 
reference voltages, both in LV and HV points of the inverter are 250 VRMS L-L and 
25kVRMS L-L respectively.  
 

 
 

Figure 3. Voltage (in V) and current (in A) waveforms in different points of the 
microgrid, as indicated in Figure 1: (a) Simulated results, (b) Zoom at 1s 

(disconnection) 
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In this section the operation under unbalanced condition is analysed. This condition is 
created connecting a single-phase load in the low voltage feeder. To carry out the 
analysis, a case is proposed where the system is connected to the grid from 0s to 1s and 
then disconnected from 1s to 2s. Single-phase load is connected between 0.3s to 0.8s 
and 1.3s to 1.8s. This load is connected to phase a (blue waveform in figures) 
Figure 4 shows the results for the proposed case when the irradiance level is 1000 
W/m2. In this case, when the single-phase load is not connected the power generated 
by the PV is close to the power demanded by the local load in the microgrid. Figure 4 
also shows the transient details when connecting and disconnecting the single-phase 
load in both grid-connected and isolated modes. 

 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 4. (a) Simulated results, voltage (in V) and current (in A) waveforms in 
different points of microgrid, as indicated in Figure 1, Details of voltage (in V) and 

current (in A) waveforms in different points of microgrid, as indicated in Figure 1: (b) 
Zoom at 0.3 s (single-phase load connection, grid-connected mode), (c) Zoom at 0.8 s 

(single-phase load disconnection, grid-connected mode) (d) Zoom at 1.3 s (single-
phase load connection, isolated mode), (e) Zoom at 1.8 s (single-phase load 

disconnection, isolated mode) 
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It can be observed that, even though the voltage waveforms are not affected 
considerably due to the synchronization to the grid voltage, the current waveforms in 
the low voltage feeders are affected considerably and results in unbalanced condition 
between 0.3s and 0.8s of the simulation time. This study is helpful later in during the 
validation of algorithm output results using PLECS simulation model.  

4.2 Genetic Algorithm Application in Virtual Power Plants 

As discussed in literature review, GA is widely used optimization tool for achieving 
cost minimization. This section is again divided into 4 parts. The first part consists of 
the defining the objective function and its related constraints for developing the GA. 
The next parts consists of addition features that can be included in GA to make the 
system more robust and further reduce the costs.  

4.2.1 A Genetic Algorithm for Residential Virtual Power Plants 
with Electric Vehicle Management Providing Ancillary Services 

In order to maximize grid support and economic performance, this study proposes a 
management system for domestic virtual power plants that combines household loads, 
solar generation, energy storage, and electric vehicles.  The research shows that even 
small-scale virtual power plants can successfully accomplish technical and financial 
goals commonly observed in larger systems by comparing different optimization 
techniques and using a genetic algorithm. The VPP under study encompasses a set of 
households, a communitarian PV power plant, a battery-based ESS, and EVs. 
Eight residences in Denmark and Spain with different demand profiles, a 15 kW 
common PV plant, a 24 kWh Li-ion energy storage system (ESS), and four electric 
vehicles (EVs) make up the domestic virtual power plant (VPP) that is modeled in this 
study. Given the current investment hurdles, the ESS and PV system are sized in 
accordance with Spanish self-consumption legislation, with battery utilization 
optimized for cost-efficiency. Spain's time-of-use tariffs encourage EVs with 50 kWh 
batteries to charge during off-peak hours, which results in a concentrated load in the 
early morning. The initial findings indicate a self-sufficiency rate of 33.89% and a self-
consumption rate of 59.87%. Peak grid injection occurs at midday, when solar 
generation is at its highest, and peak power demand coincides with EV charging.  

 
(a) 

 
(b) 

Figure 5. (a) Initial accumulated demand and generation, excluding ESS; (b) Power 
interchange with distribution grid in initial situation. 



66 Smart and Green Energy Systems 

The power exchanged between the entire VPP and the power grid in this initial scenario 
is depicted in Fig. 5b. The well-known rebound effect caused by time-of-use tariffs 
makes it clear that the highest demand for electricity happens when EVs are charging. 
This is followed by high demand hours in the late evening, which are typical of family 
consumption profiles. However, during midday, when PV plant production is at its 
peak, the power pumped into the grid reaches its highest value. 
The ESS and EVs hourly power plans are optimized using a GA, with an emphasis on 
charging EVs at night when energy prices are lower and EVs are usually connected. 
GA is ideally suited for energy management in home virtual power plants because of 
its evolutionary method, which efficiently explores complex search spaces and steers 
clear of local optima. 
The VPP power balance is defined in (1). Starting from (1), the objective functions are 
shown in (2) and (3). 
 𝑃௚௥௜ௗ(ℎ) = 𝑃௉௏(ℎ) − 𝑃௅஽(ℎ) − 𝑃ாௌௌ(ℎ) − 𝑃ா௏(ℎ)    (1) 

 𝑓ଵ = ∑ 𝑃௚௥௜ௗଶ (ℎ)ଶସ௛ୀଵ      (2) 
 𝑓ଶ = ∑ ቂቀ𝐼௣௨௥(ℎ) · 𝑝௣௨௥(ℎ) − 𝐼௦௘௟(ℎ) · 𝑝௦௘௟(ℎ)ቁ · ห𝑃௚௥௜ௗ(ℎ)หቃଶସ௛ୀଵ   (3) 

Objective function f1 in (2) aims to minimize the power interchanged with the grid. It is 
useful to maximize SC and SS without considering prices, for example, in TVPP devoted 
to supporting the distribution grid. CVPP requires economic incentives for final users to 
be motivated to participate in the VPP; in these kinds of VPP, objective function f2 in (3) 
is more appropriate, which aims to minimize the VPP electricity bill. 
Constraints for ESS are shown in (4)-(6). 
 

 −𝑃ாௌௌ௠௔௫ ≤ 𝑃ாௌௌ(ℎ) ≤ 𝑃ாௌௌ௠௔௫   (4) 
 

 𝑆𝑜𝐶௟௢ ≤ 𝑆𝑜𝐶(ℎ) ≤ 𝑆𝑜𝐶௨௣   (5) 
 

 |𝑆𝑜𝐶௜௡ − 𝑆𝑜𝐶(24)| ≤ 10%,   (6) 
where: 
 𝑆𝑜𝐶(ℎ) = 𝑆𝑜𝐶௜௡ + ∑ ቀ𝐼ாௌௌ௖௛(𝑖) · 𝑃ாௌௌ(𝑖) · 𝜂௖௛ + 𝐼ாௌௌௗ௜(𝑖) · ௉ಶೄೄ(௜)ఎ೏೔ ቁ௛௜ୀଵ . (7) 

The energy storage system (ESS) is limited by its maximum charge/discharge power 
and a state-of-charge (SoC) range that is established by the manufacturer. Additionally, 
in order to preserve operational flexibility, the SoC variance over a day must not exceed 
10%. Similar restrictions apply to electric vehicle (EV) power, guaranteeing effective 
and realistic involvement in the energy management of the virtual power plant. 
Constraints for EV power are shown in (8)-(10).  

 −𝑃ா௏௠௔௫ · 𝑛ா௏(ℎா௏) ≤ 𝑃ா௏(ℎா௏) ≤ 𝑃ா௏௠௔௫ · 𝑛ா௏(ℎா௏), ℎா௏ ∈ 𝑛ℎா௏ (8) 



Smart and Green Energy Systems 67 

 
 𝑃ா௏(ℎ) = 0,ℎ ∉ 𝑛ℎா௏   (9) 

 
 ∑ 𝑃ா௏(ℎா௏)௛ಶೇ = 𝐸ா௏௧௢௧௔௟.   (10) 

Finally, to provide support to the distribution grid, a constraint is also included for Pgrid to 
perform peak shaving, as a means of grid congestion prevention (11). 

 
 ห𝑃௚௥௜ௗ(ℎ)ห ≤ 𝑃௣௘௔௞.   (11) 

Figs. 6 shows the results obtained by the GA when objective function f2 in (3) and 
constraints (4)-(6) and (8)-(10) are used. 

 
Figure 6. Power interchange with distribution grid, case 2. 

In this case, SC is 58.16%, SS is 39.19% and the final bill is 19.95 €/day (a reduction 
of 15% starting from the base case). This bill is the lowest among the studied cases 
detrimental to SC and SS rates.  
In conclusion, in this study different objective functions and constraints are tested, and 
the best result is obtained when a single-objective function based on purchase/sale 
prices is minimized and a peak-shaving constraint is added to regular constraints related 
to the different energy resources. This technique guarantees a limited peak power 
interchanged with the distribution grid, as well as minimizing the electricity bill of the 
whole VPP subject to network constraints, outperforming even a multi-objective 
optimization technique. 
 
4.2.2 Participation of a Residential Microgrid in Flexibility Markets Providing 
Ancillary Services   
 
In order to participate in flexibility markets by obtaining financial incentives, this 
study addresses the cost-effective optimization of energy storage systems' power 
reservation in a residential microgrid to provide ancillary services.  In the study, an 
energy management system for a home microgrid comprising electric vehicles, 
photovoltaic generating, domestic loads, and energy storage systems is proposed.  By 
designing and testing a genetic algorithm with appropriate parameters to define new 
set-points of operation for the energy storage systems and the charging/discharging of 
electric vehicles, the technical goal of providing ancillary services by reserving a fixed 
power capacity of the energy storage systems and including grid congestion constraint, 
as well as the economic goal of lowering electricity bills, are accomplished. 
This paper [41] proposes a novel idea to integrate the technical and economic objectives 
in a residential microgrid (MG) with ESS by using GA to develop an EMS. The optimal 
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charging/discharging of EVs to minimize electricity bill during valley hours as well as 
incentive-based allocation of energy storages’ power capacity to provide ASs to the 
grid by either supplying or absorbing power are considered as additional constraints in 
the optimization problem. Moreover, the grid congestion constraint of peak-shaving is 
also included in the optimization problem to observe different scenarios. Finally, a real-
life case study is analysed in which both technical and economic objectives are 
validated by performing the GA.  𝑃஺ௌ_௨௣(ℎ) ≤ 𝑅𝑃௨௣(ℎ)  (11) 

𝑃஺ௌ_ௗ௢௪௡(ℎ) ≤ ⃒ − 𝑅𝑃ௗ௢௪௡(ℎ)⃒  (12) 

Here, PAS_up and PAS_down defines the maximum available power allocated for the 
AS by either supplying or demanding from the grid respectively in kW that are obtained 
after performing GA. RPup and RPdown represents the reservation power (RP) that is 
available from the ESS to either increase or decrease the power respectively that are 
used to define the constraints before performing GA. The reservation price for DERs 
to provide ASs may be regulated by the Distributed System Operators (DSO) or traded 
in flexibility markets. This pricing is generally based on multiple bidding strategy 
which depends on the total production of electricity and the demand during a time slot. 
In this case study, the reservation allocation pricing for ASs is considered to be constant 
due to the simplicity of the optimization. The reservation allocation of the ESS depends 
on the prices offered by the DSO or cleared in the flexibility market. To guarantee the 
power reservation, constraints are added as shown in equations (11) and (12). The 
constraints are set in such a way that, the optimal values for the power to increase RPup 
and the power to decrease RPdown during the 24 hours depends on the distance to the 
extreme values of SoC and the maximum charging/discharging power PESSmax that 
limit these values. With this purpose, both reservation power PAS_up and PAS_down 
are obtained by the GA as optimization variables. The ESS can both supply the power 
to the grid when necessary to provide ASs as well as demand the power from the grid 
when required. The power reservation is compensated by means of a reservation price.  
In the case study, two different types of scenarios have been analysed based on the 
incentives provided during the allocation of the ESS power capacity. Two different 
prices have been used to analyse the optimization problem. The AS cost as a 
compensation payment determined in the flexibility market for the ESS owner to 
provide the reserved and allocated power is considered to be 50 €/MW/h and 250 
€/MW/h.  Later, the constraint of peak shaving is added to the optimization problem 
and the results are analysed in both cases. 
In some cases, a penalty is introduced in case the peak power of the demand is 
exceeded. The penalty cost calculation can be determined by using the following 
equation. 𝐶𝑜𝑠𝑡௠௔௫,𝑃௛ = 𝐾௣ · 𝑡௘௣ඥ(𝑃௛ − 𝑃௖)ଶ         (13) 

where, Pc is the contracted power in kW (10kW in this case). Values for tep = 3.424853 
and Kp (Tariff 3.0 TD, for consumers connected in LV, with 15 < Pc <100 kW) varies 
during the different hours of the day and months of the year as in Spanish tariffs.  
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Applying the above formula results in a total electricity bill of 65.28 €/day and for case 
1 and 56 €/day case 2 respectively which is significantly higher than the electricity bill 
obtained with the peak shaving constraint. In both the cases, only when the peak power 
demanded exceeds the contracted power of 10kW, a penalty cost is applied according 
to the regulations determined by Spanish tariffs because it is unfair to the consumers to 
apply a penalty when supplying a power more than 10kW peak to the grid.  

Some of the results discussed above have been demonstrated using the following table.  
TABLE I 

COMPARATIVE ANALYSIS OF RESULTS 

Case number 0 1 2 1 2 

Description Without ESS 
(base) 

Compn. 
50 

€/MW/h 

Compn. 
250 

€/MW/h 

Compn. 
50 €/MW/h + 
peak shaving 

(12) 

Compn. 
250 €/MW/h 

+ peak 
shaving (12) 

SC (%) 59.87 44.62 41.66 68.42 64.54 

SS (%) 33.89 30.06 28.07 46.10 43.48 

Electricity bill 
(€/day) 23.47 14.75 7.76 20.1 13.13 

Cost saving 
(%) 0 37.12 66.92 14.36 44.1 

Extreme power 
peak (kW) -36.44 -27.05 -24.94 -10 -10 

PAS_up (kW) 0 0.76 1.35 0.09 0.87 

PAS_down (kW) 0 0.45 1.37 0.76 0.58 
 

In order to provide ancillary services based on incentives or compensation, this study 
suggests a novel EMS for a residential MG. The ESS reserves an allocated power 
capacity to participate in the flexibility markets and either supplies or demands the 
power from the distribution grid.  A novel aspect of this study is the inclusion of the 
best time to schedule EV charging and discharging during valley hours in addition to 
traditional DERs and residential loads. Additionally, ESS power capacity is reserved. 
Lastly, an analysis and comparison of the optimization outcomes in various 
circumstances are conducted. We can conclude that the optimization problem as 
discussed in case 2 shows the most promising results, with the total bill reduced by 
66.92%, when a high compensation is offered for the power reservation and there are 
no restrictions on the peak power that consumers can demand. In contrast to other 
circumstances, cost savings are unappealing if there is little incentive to offer auxiliary 
services. 

 
4.2.3 Guidelines for the Application of Genetic Algorithm 
 
The main novelty of this study [42] is the function of different parameters used in a 
genetic algorithm, and to find out the best set of parameters in terms of electricity cost 
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reduction, that can be later used as guidelines to design similar types of systems. 
Simulations are carried out using the genetic algorithm solver that is part of the global 
optimization toolbox of MATLAB. In this study, we performed four groups of 36 
simulations. The simulations are grouped to study the influence of the population size 
and the number of generations. On the one hand, increasing the first one leads to a 
broader exploration of solutions during the optimization process. On the other hand, 
better solutions can be found in subsequent iterations. Therefore, it is expected that 
increasing these parameters will lead to a better solution. The parameters of population 
size and number of iterations for each group of simulations are listed in Table 2. 
Moreover, for each group of simulations, the parameters considered for the study are 
the following: two crossover operators, three probability values for crossover, two 
selection operators, and three probability values for the mutation. The mutation 
operator is fixed, as this is the only option that guarantees the feasibility of the solution, 
in other words, the constraints of the problem are satisfied. The parameters used for the 
simulations are summarized in Table 2, and details regarding each operator can be 
found in.  

Table 2. Population and iterations for each group. 

Group Population size Number of iterations 
1 100 200 
2 100 500 
3 500 200 
4 500 500 

Table 3. List of parameters analyzed in each group of simulations. 

Parameter Values 
Crossover operator Scattered, Intermediate 
Probability of crossover 0.2, 0.5, 0.8 
Selection operator Stochastic-uniform, Roulette-wheel 
Mutation operator Adaptable-Feasible 
Probability of mutation 0.2, 0.5, 0.8 

 
The profiles of load consumption, PV generation, and the grid power without any 
support from storage units are shown in Figure 3, and in this case, the total operation 
cost results in €2.114 at the end of the day.  
 

 
Figure 7. Power profiles for the system without storage units. 
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The results of group 4 are presented in Table 2, where the best solution corresponds to 
€0.938, using the Intermediate operator for crossover, and the stochastic-uniform 
selection. The probabilities of crossover and mutation are set to 80%. In contrast, the 
worst result is of €1.16 using the scattered crossover and stochastic-uniform selection 
operators with probabilities of crossover and mutation of 20% for both parameters. 
 

Table 4. Results for simulations of group 4. 

Crossover Scattered Intermediate 
Pca (%) 20 50 80 20 50 80 
Selection Stochastic-uniform 
 
Pmb(%) 

20 1.160 1.053 1.083 0.961 0.986 1.079 
50 1.006 0.979 1.019 0.991 1.128 1.017 
80 1.045 1.067 0.986 0.997 1.035 0.938 

Selection Roulette-wheel 
 
Pm (%) 

20 0.990 1.111 0.954 1.096 0.960 0.995 
50 0.967 0.997 1.014 0.983 0.972 0.990 
80 0.989 0.993 1.044 0.949 0.958 1.063 

 
The power profiles of the system under study and the SoC of the storage units, for the 
best result, are shown in Figure 8(a) and Figure 8(b), respectively. In the early hours of 
the day, power from the grid is taken to charge both the battery and the EV. Later, from 
t =9 h to t = 15 h, the battery is charged up to its full capacity, and then at t= 17 h, the 
battery is well utilized to support the load demand during the last hours of the day, when 
the price reaches the highest values. Moreover, during the last hours of the day the 
energy interchanged with the grid is reduced compared to the case where the battery is 
not available. Regarding the SoC profiles, both constraints are satisfied, the electric 
vehicle is completely charged at = 8h, and the battery SoC reaches 50% at the end of 
the day.   

 
(a)  

(b) 

Figure 8. Simulation of best result case among all groups. (a) Power profiles (b) State 
of charge of storage units. 

Additionally, a comparison of results among the groups was carried out, and the results 
are summarized in Table 5. The best solutions for each group are shown and the average 
values and the standard deviation for the 36 simulations in each group are also shown. 
For each of the best solutions, the corresponding set of options is shown. It is worth 
noting that, as expected, having more individuals and iterations gives the best result. 
However, the standard deviation indicates that more consistent results are obtained 
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when the number of iterations is increased, regardless of the number of individuals. 
Moreover, for three groups, the best results are obtained using the stochastic-uniform 
selection operator and intermediate crossover operator. 

Table 5. Comparison between groups. 

Group Best 
(€) 

Avg. Standard 
Deviation 

Pc. 
(%) 

Pm 

(%) 
Sel. Cross. 

1 1.0647 1.213 0.076 50 20 S-u In. 
2 0.958 1.031 0.041 20 80 S-u Sc. 
3 0.979 1.117 0.087 50 20 Ro. In. 
4 0.938 1.015 0.054 80 80 S-u In. 

* S-u: Stochastic-uniform, Ro: Roulette wheel, Sc: Scattered, In: Intermediate. 

The main contribution of this paper is to use different parameters used in genetic 
algorithm in a typical energy management system consisting of PV generation, 
household load, energy storage system and electric vehicle and find out the best set of 
parameters used in the algorithm solver among two crossover operators, three 
probability values for crossover, two selection operators, and three probability values 
for the mutation for the electricity cost reduction.  that can be later used as a handbook 
to design similar types of systems. It can be concluded that, Using the stochastic-
uniform selection and the Intermediate operator for crossover, the optimal solution 
comes out to be €0.938. 80% is the fixed value for the crossover and mutation 
probabilities. On the other hand, with 20% chances of crossover and mutation for both 
parameters, the worst outcome obtained with the dispersed crossover and stochastic-
uniform selection operators is €1.16. Moreover, higher individuals and iterations yield 
the best outcome. Regardless of the number of individuals, the standard deviation 
suggests that increasing the number of iterations yields more consistent findings. This 
paper will pave the way for designing energy management systems more efficiently.  
using genetic algorithm and can be used a guideline in terms of the selection of 
parameters.  

4.2.4 Novel Iteration Based Two-Stage Optimization  
 

The study [43] proposes an energy management system for a residential microgrid that 
includes household loads, photovoltaic generation, energy storage systems and electric 
vehicles. The economic objective of reducing electricity bill is achieved by designing 
and testing a novel two-stage optimization consisting of genetic algorithm and gradient 
based method with suitable parameters to define new set-points of operation for the 
energy storage systems and the charging/discharging of electric vehicles that can 
significantly reduce the simulation time as well as solve the problem of not complying 
with the constraints of genetic algorithm.The different stages of optimization process 
is illustrated by means of a flowchart in Figure 9.  

This study presents a novel approach of integrating the economic objective of price 
reduction in a residential microgrid (MG) with ESS by developing an EMS utilizing 
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two stage optimizations. The optimal charging/discharging of EVs to minimize 
electricity bill during valley hours as well as scheduling the energy storages’ power to 
the grid by either supplying during peak hours or demanding power during valley hours 
are considered as additional constraints in the optimization problem. Moreover, two 
stage optimizations are performed for an increased reduction of electricity bill by 
performing GA in the first stage. 

 

Figure 9. Strategy of two-stage optimization procedure 

It can be observed that the results are random each time the algorithm is performed. 
And so, 1000 iterations are performed and then GBM (Fmincon) is used due to the fast 
computational nature in the second stage optimization. If any constraints are not met, 
they are fulfilled analogously.  Finally, a real-life case study is analysed in which the 
economic objectives and the set constraints are validated. 

The objective function and its constraints related to the 2nd stage optimization of 
gradient based method is based on the equations (10-13).   𝑚𝑖𝑛 𝑓ଶ(𝑥) =  ∑ ሾ𝑓ଵ(ℎ)ሿଶସ௛ୀଵ                                                 (14) 

The objective function 𝑓ଶ is the function to be minimized, typically representing a cost 
objective in which the output is fed from the 1st stage optimization of GA. The 
constraints related to the SoC of the ESS and EVs are considered to be the same as 
before for this optimization problem. Here, 𝑥 can be defined as: 𝑥௞ାଵ = 𝑥௞ − 𝛼𝛻𝐹(𝑥௞)                                                        (15) 
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Here, 𝑥௞is the decision variable at iteration k, representing power dispatch decisions, α 
is the step size (learning rate) and 𝛻𝐹(𝑥௞) is the gradient of the objective function, 
given by:  𝛻𝐹(𝑥) =  డி(௫)డ௉೒ೝ೔೏(௛)                                                                    
  (16) 

For each time step h,  

డிడ௉೒ೝ೔೏(௛) = 𝐼௣௨௥(ℎ) · 𝑝௣௨௥(ℎ) − 𝐼௦௘௟(ℎ) · 𝑝௦௘௟(ℎ)                   

 (17) 

Finally, after the 2nd stage optimization, it can be observed that the constraint of the 
SoC of the EV is not totally fulfilled. The following equation (14) is used to analogously 
fulfil the required constraint of EVs.   𝐸ா௏௧௢௧௔௟ =  𝐸ா௏௧௢௧௔௟ + max (0,30000 − 𝐸ா௏௧௢௧௔௟)               
  (18) 

Here, if the total SoC of the EVs do not reach 30 kWh at the end of 8 hours, then the 
rest of the power is supplied from the grid to charge them 100% during the last hour 
(7h to 8 h). This occurs due to the absence of “MaxTime” in the GA options. In this 
way it is possible to reduce simulation time but there is the trade-off of not meeting 
certain constraints.      

To obtain the lowest possible cost, given the random nature of the optimization, the GA 
together with GBM optimization procedure have been executed 1000 times, with the 
following results in Figure 10: It can be observed that after 1000 iterations, the SoC 
constraint of the EVs are not met even for a single time. Hence, it is a necessity to adjust 
the SoC during the last hour of the EVs charging duration. After these number of 
attempts, the following minimum prices are obtained:   

• Before (Only GA): 17.9375 euros (on iteration 703). 

• After 1st Stage (GA + Fmincon): 16.7925 euros (in iteration 51). 

• After 2nd Stage (GA + Fmincon + SoC Adjustment): 17.7674 euros (in iteration 51). 

Iteration 51 is considered as the best-case scenario for the case study since the cost is 
lowest after fulfilling the SoC constraint of the EVs in this case as obtained from Figure 
10. The reference solution (attempt 51) is shown in Figure 11. 
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Figure 10. Number of iterations versus change in cost 

 

Figure 11. References for the most optimized solution 

 
4.2.4.1 Results Findings: 
 
1. The SoC of the EVs after 2nd stage must be equal to 30kWh and it cannot be 

greater or lesser.  
2. The first step of the optimization process can result in a minimum cost (Before) 

being lower than the reference in 92.7% of the total cases. 
3. It is worth highlighting how it is possible to achieve a minimum price of 18 

euros, complying with the requirement of having fully charged electric vehicles 
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up to 30 kWh. Based on this test, it was decided to take a minimum reference 
target price of 18 euros. 

4. An estimated price improvement of about 3.5 euros (17%) can be achieved. 
5. There are attempts that result in a cost higher than the reference cost; these 

attempts should be discarded, not considering them as valid attempts. 
6. The third step (manual adjustment of the state of charge of electric vehicles) is 

necessary since in most cases with only two steps this constraint has not been 
guaranteed, remaining below the target value. 

7. The minimums in the different steps are not achieved in a coordinated manner 
in the same attempt, therefore the attempts must be complete, including the three 
steps. From this moment on, the minimum cost to consider will be the after GBM 
(Fmincon) cost.  

8. With the first and second steps, the charging restriction is not met, leaving the 
cars charged at an average value of 27 kWh (26.48 kWh for the first step, and 
24.85 kWh for the second step). This effect appears to be due to differences in 
efficiency between charging and discharging. 

9. After analysing the results in Figure 6, it can be found that the second step 
manages to reduce the cost of the first in 99.4% of the cases, while the third only 
achieves it in 96.8%, since by forcing compliance with the load restriction it 
forces to purchase the power defect in the load. The second step (After1) 
manages to reduce the cost on average by 0.7352 euros (4% approx.) 

10. The time required to perform the simulation after considering “MaxTime” 
option in the GA to fully comply with the charging constraint of the EVs takes 
between 35 to 40 minutes whereas in the proposed method, excluding this option 
the time required to perform 1000 cases is approximately 4 hours and 6 minutes. 
However, it can be observed that 40 iterations give satisfactory results which 
takes 6 minutes and 21 seconds approximately. So, this method reduces the 
simulation time by more than 75%.  

 
4.2.4.2 Validation using PLECS Simulation Model 
 
This section [44] consists of the validation of the obtained set points of operation after 
performing the optimization by using a detailed system model that incorporates PECs 
along with their associated low-level controllers. The simplified diagram of the 
developed model is shown in Figure 12 depicts a residential grid-connected system with 
PV generation and a lithium-ion battery serving as the ES device for this study.  
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Figure 12. Schematic diagram of the residential system under study 

A bidirectional DC–DC converter links the battery to the DC bus, while a boost 
converter connects the photovoltaic (PV) module to the system. In operation, both DC–
DC converters employ an interleaved configuration. This topology was chosen due to 
its ability to reduce the current stress on semiconductor devices. Furthermore, 
interleaving allows the filter size to be reduced by a factor of four while maintaining 
the same input current ripple as conventional converter configurations. 

4.3 Business Model for Virtual Power Plants  

The graphical user interface based VPP Digital Twin is developed by using MATLAB 
App Designer. In the GUI, it is possible to define the number of VPPs and MGs. So, 
from the user’s perspective, only the number of VPPs and MGs should be defined. In 
the initial version, a single VPP can control a maximum of two MGs. However, in the 
final version of the software, an infinite number of MGs can be controlled by the VPPs 
in which each element such as ESS, EVs, PV generation of the MGs can be also 
inputted into the system by the user. The basic UI of the VPP Digital Twin is shown 
below in Figure 13 and Figure 14. 
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Figure 13. Graphical User Interface of VPP 

 

 
Figure 14. References for the most optimized solution in GUI 

First the definitions of the VPPs and MGs must be loaded in the application. Then after 
optimizing the system, the results can be found in the visualization section as shown 
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below. In this section, all the optimized results as discussed in the above section can be 
found as desired. 
 
4.3.1 VPPEC Introduction 
 
The name of the application is chosen as VPPEC (Virtual Power Plant for Cost 
Efficiency) in which the motto is chosen as “Providing Economican Energy for All”. 
Some of the main features of the application are given below: 

• Price Minimization of up to 15% 
• Price Minimization of up to 44.1% (Peak Shaving Constraint) 
• Price Minimization of up to 66.92% (Providing Ancillary Services) 
• User friendly interface 
• Personalized services 
• Eco-Friendly Solution 
• Social Awareness 

 
4.3.2 Market and Impact on Society 

VPPs enable market participation for smaller producers, offering ancillary services, 
peak shaving, demand response, and grid stabilization. In diversified markets, VPPs 
improve resilience, flexibility, and cost efficiency by dynamically coordinating varied 
resources. The current VPP Market is USD 48 Million in Spain and USD 1951.2 million 
globally in which the main customers are commercial VPP users, DSOs and 
aggregators. The current EMS Market is USD 143.1 Million in Spain and USD 57.33 
Billion globally mostly for the EMS Users as shown in Figure 15.  

  

Figure 15. Global VPP and EMS Market 

The main business plan is based on the following: 

• Initial Application License fee: Ranging from Entry Level at 100 Euro and 
Premium at 500 Euro. 

• Subscription model: 20 or 50 Euro/Month 
• 1st year forecast: 1000 Customers at Break-Even (€492K) 
• 2nd year forecast: 3000 Customers with a Net profit of €296K (€1.48M) 



80 Smart and Green Energy Systems 

• 3rd year forecast: 10000 Customers with a Net profit of €984K (€4.92M) 
• Equity Share: 20% Share for 50,000 Euros 

Conclusions 

To conclude, the obtained reference set-points obtained from the developed algorithm 
were validated by using PLECS simulation model in which there was less than 5% 
difference which can be considered as negligible.   
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Abstract. This chapter proposes a data-driven condition monitoring method for 
aluminum electrolytic capacitors in modular multilevel converters, with a focus 
on jointly estimating capacitance and equivalent series resistance (ESR). Unlike 
conventional approaches that assume ESR is negligible, the proposed method 
incorporates the coupling effect between capacitance and ESR using a capacitor 
voltage model and particle swarm optimization (PSO). The method achieves 
higher estimation accuracy, especially under ESR degradation, and demonstrates 
that neglecting ESR may lead to incorrect condition assessments. It is validated 
through experiments on a mission-profile emulator and implementation on a 
digital signal processor (DSP), highlighting its suitability for edge applications. 
Comparative analysis with other methods confirms its balanced trade-off 
between accuracy, computational time, and memory usage.  

Keywords: Condition monitoring, MMC, capacitor, PSO.  

1   Introduction 

Condition monitoring methods are employed to evaluate the health status of the critical 
components, aiming to mitigate the risk of unplanned failures. In this context, the focus 
is placed on the submodule capacitor within a modular multilevel converter (MMC), 
which is of particular interest due to its pivotal role and the high component count 
inherent in MMC architectures, thereby posing significant reliability challenges [1],[2]. 
More specifically, the focus of this study is on aluminum electrolytic capacitors, which 
are widely used due to their low-cost, high power density, and high energy storage 
capability [3]. 

Existing condition monitoring methods for capacitors in MMC can be broadly 
classified into model-based and data-driven methods, as summarized in Table 1. 
Model-based methods rely on analytical formulations and typically utilize features such 
as harmonic components in voltage and current [2],[4], voltage ripple characteristics 
[5], and submodule conduction time [6]. These methods are generally characterized by 
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low computational requirements and reduced dependency on extensive measurements. 
However, they are built upon a fundamental assumption that the capacitance (C) 
dominates the impedance, while the equivalent series resistance (ESR) is considered 
negligible. According to existing methods, this assumption has not been rigorously 
validated, and its continued use may undermine the accuracy and robustness of 
condition monitoring results.  

Meanwhile, data-driven methods offer the advantage of incorporating ESR 
estimation by analyzing charging transients, typically measured via additional sensing 
circuits. Representative techniques include recursive least-square (RLS) [7], wavelet 
decomposition (WD) [8], and convolution neural network (CNN) [9], which 
demonstrate improved robustness and accuracy under varying operational conditions. 
However, these methods generally impose higher computational demands and 
necessitate supplementary measurement hardware. In particular, CNN-based methods 
relies on supervised learning, which requires large-scale labeled degradation datasets 
that span diverse operating scenarios, such as different power levels and ambient 
temperatures. Acquiring such comprehensive datasets is often time-consuming and 
resource-intensive, which contributes to the scarcity of publicly available open-source 
datasets [10].  

Based on these observations, there is a need to enhance condition monitoring 
methods through two key strategies. First, by explicitly incorporating the coupling 
effect between capacitance and ESR, which is expected to improve the accuracy and 
reliability of parameter estimation. Second, by adopting computationally efficient 
algorithms to minimize the demand for processing resources. 

Therefore, the coupling between the capacitor parameters is analyzed by modeling 
them through the capacitor voltage equation. This equation reveals the capacitance 
contributes to the accumulated variation in capacitor voltage, whereas ESR primarily 
influences the instantaneous voltage during charging transients. Building on this 
analysis, a particle swarm optimization (PSO)-based method is proposed to estimate 
both capacitance and ESR simultaneously.  

The remainder of this chapter is organized as follows: Section 2 presents the MMC 
system architecture and its operational principles. Section 3 details the proposed 
condition monitoring method. Validation results and comparative analyses are 
discussed in Sections 4 and 5, respectively. Finally, Section 6 concludes the study and 
outlines potential directions for future research.  

Table 6.  Existing condition monitoring methods of capacitor in MMC.  
Type Method Advantage Disadvantage 

Model-
based 

[2] Use harmonics to estimate C 

Non-invasive, 
low computation 

Neglecting 
coupling 

between C and 
ESR 

[4] Use harmonics to estimate C 
[5] Use voltage ripples to estimate C 
[6] Use conduction time to estimate 

C 

Data-
driven 

[7] RLS regression for C 
Robust, 
accurate 

Invasive, training 
dataset, heavy 
computation 

[8] WD of the charging transient for 
ESR 

[9] WD and CNN for C and ESR 
C: Capacitance; ESR: Equivalent-series resistance; WD: Wavelet decomposition; CNN: 
C l ti l l t k RLS R i l t
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2   System Description 

As shown in Fig. 1(a), the modular multilevel converter (MMC) is typically connected 
between the AC grid (va, vb, vc) and the DC side (Vdc), incorporating a grid-side filter 
— comprising an inductance Lf and resistance Rf — as well as an arm filter with 
inductance Larm, and a series of submodules (SM) in each arm. Each submodule adopts 
a half-bridge configuration, consisting of two insulated gate bipolar transistors 
(IGBTs), denoted as S1 and S2, and two free-wheeling diodes, D1 and D2.  

The monitored aluminum electrolytic capacitors, denoted as CSM, in Figs. 1(b) and 
(c), can be represented by an equivalent electrical circuit consisting of a capacitance C, 
an equivalent series resistance (ESR), and an equivalent series inductance (ESL). The 
ESL component is typically negligible at frequency below several megahertz [7]. 

The primary failure mechanism of aluminum electrolytic capacitors is electrolyte 
evaporation [3], which results in a reduction in capacitance and an increase in ESR. The 
end-of-life (EOL) criteria of C and ESR are defined as 80% and 200% of their initial 
value, respectively [3]. Accelerated aging experiments have demonstrated that these 
two health indicators typically reach their EOL at different times, as illustrated in Fig. 
2. Specifically, in Fig. 2 (a), if only capacitance is monitored, the system continues 
operating during the interval between tR-EOL and tC-EOL, potentially under degraded ESR 
conditions without detection.   

To further analyze the available measurements related to the submodule capacitor, 
the capacitor voltage waveform are demonstrated in Fig. 3, where the submodule 
voltages in both upper and lower arms, denoted as vSMu and vSMl, are regulated by a 
submodule voltage balancing algorithm [11],[12]. The arm current iarm corresponds to 
the submodule capacitor current when the switch is S1 conducting.  

3   Proposed Method 

The proposed method estimates both the capacitance and ESR by leveraging a capacitor 
voltage model, time-domain voltage prediction, and a particle swarm optimization 
(PSO) algorithm, as depicted in Fig. 4. The specific functions of each component within 
the method are detailed in this section. For illustrative purposes, the following analysis 
focuses on a single submodule, specifically, one located in the upper arm of SM1. 
Applying the method to other submodules is expected to require only minor 
modifications.    
 
3.1   Input Signal 
The input signals consist of a moving window of the submodule voltage vSM, switching 
signal SW1, and arm current iarm.  

To ensure stable parameter estimation, the input data is segmented into multiple 
overlapping windows with a fixed temporal shift. This approach reduces estimation 
variability while limiting the computational burden per execution. Based on systematic 
testing, each sampling window is set to 5 ms, and the total observation period spans 35 
ms, as illustrated in Fig. 4 (a).  
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Fig. 4. Proposed method (a) Flowchart, (b) Input signals, (c) Prediction of submodule voltage, 
(d) Prediction error calculation, and (e) Optimization with PSO. 

3.2   Capacitor Voltage Model and Prediction 

The input signals are utilized to predict the submodule capacitor voltage using 
backward Euler in conjunction with the estimated capacitance �C and ESR � CR , as 
expressed in Eq. (1). As evident from the formulation, the capacitance contributes to 
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the cumulative variation in voltage over time, whereas the ESR primarily influences 
the voltage response at charging and discharging instants.  

� �
1 1

( ) , 1
( )

( ) ( ) ( ) ( ) , 2,3,...,

SM k

SM k
SM C C Ck C k S k k

v t k
v t

v t i t T C R i t i t k N− −

==   + + − =  


     (1) 

where tk denotes the discrete time steps used for voltage prediction, ranging from 1 to 
N. The capacitor current iC(tk) equals the arm current when the switching signal is high. 
Specifically, SW1=1 indicates that the upper switch is conducting (on-state), while it is 
zero corresponding to the off-state, during which the submodule is bypassed.  

1( ) ( ) ( )C k arm k ki t i t SW t=      (2) 
The predicted capacitor voltage is then compared with the measured voltage to 

evaluate the accuracy of parameter estimations, using the mean squared error (MSE) 
defined in Eq. (3). If the estimated �C and � CR are closely match their actual values, the 
resulting MSE will approach zero.  

1

2
2

1
( ( ) ( ))

N

k

t

SMerr SM k k
t tm

V v t v t
V N =

= −      (3) 

where V2
m is the maximum voltage inside the sampling window.  

3.3   Particle Swarm Optimization 

Particle swarm optimization (PSO) is a metaheuristic algorithm widely used for 
parameter estimation due to its low hyperparameter and ease of implementation [13]. 
The algorithm mimics the social behavior of birds searching for food, where individual 
particles adjust their positions based on both their own experience and the collective 
experience of the swarm, thereby converging toward the optimal solution.  

The optimization process begins with a population of randomly initialized 
candidates distributed across the search space. Each candidate, or particle, is assigned 
an initial velocity v0 and position x0, where the subscript zero denotes the starting epoch. 
Based on their current positions, the objective function is evaluated to assess the quality 
of each solution. The best position found by the entire swarm is denoted as xg, while 
the best position found by each individual particle is represented as xp. Subsequently, 
the velocity and position of each particle are updated according to the following 
equations: 

1 1 1 1 2 2 1( ) ( )j j j j P j j g jv w v c r x x c r x x− − −= + − + −     (4) 

1j j jx x v−= +       (5) 
where subscripts j and j-1 refer to the current and previous epochs, respectively. The 
coefficients c1 and c2 represent the cognitive and social components of the velocity 
update. The terms r1 and r2 are randomly distributed between zero and one, introducing 
stochastic behavior into the search process [13]. 

In the proposed method, PSO is employed to iteratively update the parameter vector 
x, which is a two-dimensional vector comprising the estimated capacitance and ESR. 
During each epoch, both parameters are jointly updated, guiding the solution 
progressively toward their actual values.  
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4   Validation 

4.1   Mission-profile Emulator 

The proposed method is experimentally validated using a mission-profile emulator 
(MPE). The MPE is designed to replicate the current and voltage waveforms of a 
submodule, thereby emulating MMC behavior while significantly reducing system 
complexity and power requirements [14],[15].  

The topology of the MPE is depicted in Fig. 5(a), consisting of a device under test 
(DUT) that represents the target submodule, a full-bridge current generator, and a filter 
composed of inductance Lf and resistance Rf.  

The DUT is operated using switching signals recorded from simulation, allowing it 
to reproduce voltage and current waveforms closely resembling those of an actual 
MMC submodule. The full-bridge current generator is controlled via a voltage 
regulation loop, which maintains the low-pass filtered (LPF) submodule voltage and 
the arm current iarm, both regulated by proportional-integral (PI) controllers.  

The experimental setup and typical waveforms are illustrated in Figs. 5 (b)-(d)., 
while the corresponding test conditions are summarized in Table 2.  

Furthermore, to validate the computational requirement, the proposed method is 
implemented on a digital signal processor (DSP) TMS320F28069M. This DSP features 
256 kB of Flash memory and 100 kB of RAM, which is sufficient to store the collected 
sampling data, occupying approximately 85 kB. The subsequent parameter estimation 
results are obtained directly from DSP implementation.  

 

 
Fig. 5. Mission-profile emulator (a) system diagram, (b) topology, and (c-d) typical waveforms. 
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Table 2.  Experimental parameters of the mission profile emulator.   

Parameter Value  Parameter Value 
Input power Sin 2 kVA  SM capacitance C 2.26 mF 
DC voltage VDC 200 V  SM capacitor ESR 44.12 mΩ 
Fundamental freq. fg 50 Hz  Tolerance 10-6 
DUT switching freq. fSW 1 kHz  Swarm size 10 
Current generator switching 
freq. 

10 kHz  Repeat times Rm 5 

Sampling window 35 ms  Maximum iteration 100 
Sampling freq. fsa 100 kHz  Adaptive inertia weight [0.1, 1.1] 
Voltage loop bandwidth 20 Hz  Cognitive weight c1 1.49 
Current loop bandwidth 800 Hz  Social weight c2 1.49 
Filter inductance Lf 5.4 mH  Boundary of C estim. [1.1, 6.6] mF 
Filter resistance Rf 1 Ω  Boundary of ESR estim. [20, 120] mΩ 
Prediction steps N 500    

Table 3.  Experimental test conditions.   

Scenario 1 2 3 4 5 6 
VSMDC (V) 50 V 30 V 

I*AC (A) 9 A 6 A 3 A 9 A 6 A 3 A 
Cerr (%) 0.35 0.18 0.66 0.57 0.83 2.56 

ESRerr (%) 11.47 0.41 19.73 9.71 8.68 5.90 

4.2   Estimation Results 

The emulated conditions encompass various submodule voltage levels and power 
levels, as listed in Table 3.  

Estimation results are presented in Fig. 6, demonstrating that the predicted 
submodule voltage closely follows the measured waveform, with instantaneous 
prediction errors remaining below 0.5 V. The waveforms correspond to two test 
scenarios—Scenario 1 and Scenario 3 —highlighting the performance under different 
arm current conditions.  

 The estimation accuracy for capacitance and ESR is further visualized using 
boxplots in Fig. 6(c)-(d). In most cases, the median values of the estimated capacitance 
and ESR fall within ±1% and ±10% of the nominal values, respectively, with the 
exception of light load conditions represented by Scenario 3 and 6. Despite this 
deviation, the estimations remain sufficiently accurate to capture end-of-life 
degradation trends for both C and ESR.  
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Fig. 6. (a-b) Measurement in solid lines and prediction in dashed lines, and the instantaneous 
prediction error. Waveforms representing scenario 1 and 3, with different current levels. (c-d) 
Boxplot of estimation for C and ESR. 

5   Method Comparison 

One of the key contributions of this work lies in the incorporation of the coupling effect 
between capacitance and ESR in the condition monitoring process. This enhancement 
enables the proposed method to achieve higher estimation accuracy, particularly under 
scenarios where the ESR increases significantly from its initial value [16],[17], as 
illustrated in Fig. 7. The solid curve represents the estimation error curve of C under 
the proposed method, which exhibits minimal sensitivity to ESR variations compared 
to the dashed curves representing methods that neglect ESR.  

The proposed method is further validated by modifying the conventional recursive 
least square method to incorporate ESR in the estimation process. The modified RLS 
approach yields similarly low estimation errors as the proposed method. 
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Table 4.  Compare the computation requirement of condition monitoring methods. 

Method Indicator Converge time Sampling 
window Memory Degradation 

Performance 
RLS [7] 

C 
0.01 s 

2 s Low 
Accuracy of 

C depends on 
ESR 

Model-based 
[2] 0.004 s 

Model-based 
[4] 

C & ESR 

0.28 s 

CNN [10] Training and 
monitoring>1000 s 5 s High Accuracy of 

C 
independent 

of ESR 
PSO 

(proposed) 0.56 s 0.035 s Medium 

 
These methods are also compared in terms of convergence time and memory 

requirements, as summarized in Table 4. The proposed method offers a balanced trade-
off among computation time, memory usage, and degradation tracking performance. In 
contrast, other methods exhibit limitations, for instance, the CNN-based method [10] 
has high computation time and memory demand, thereby requiring a high-performance 
processor.  

6   Conclusion and Future Work 

In summary, a data-driven condition monitoring method has been proposed to explicitly 
account for the coupling effect between capacitance and ESR, leading to improved 
accuracy in degradation estimation. The study also challenges the commonly adopted 
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assumption that ESR can be neglected, demonstrating that this simplification is not 
always valid and that incorporating the coupling yields more reliable results.  

In addition, the proposed method is computationally efficient and has a low memory 
demand, making it well-suited for implementation on edge platform.  

Future work will focus on reducing the sampling frequency to a level closer to the 
switching frequency, thereby lowering the requirements for sensing circuitry and 
minimizing data volume. 
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Abstract. The use of renewable Photovoltaic (PV) sources and Battery Storage 
Systems (BSS) in the distribution network and residential buildings in general 
has been and will continue to be an increasing trend. In the last decade, solar and 
hybrid inverters have been used as an interface converter between renewable 
sources, BSS, and the power grid. Given the DC nature of renewable sources and 
BSSs, the move towards DC nano/microgrids and higher efficiency has been the 
focus of current research. However, regarding the dominance of the AC network 
in the distribution sector at present, using hybrid methods seems a possible 
solution. This study introduces the hybrid multi-port Energy Router (ER) as a 
reliable solution for integrating the DC system with the AC grid and managing 
energy flow in different parts. Issues related to safety and grounding are raised, 
and solutions are presented. Control strategies at different levels are examined, 
and finally, a reliable and highly reliable Energy Management System (EMS) is 
presented. 

Keywords: Energy router, hybrid microgrid, energy management, flatness-based 
control theory, dynamic conditions. 

1   Introduction 

The energy provision has consistently been a major priority for governments 
worldwide. In recent years, this concern has intensified due to the dual pressures of a 
gas supply crisis impacting power generation facilities and a surge in electricity demand 
following the easing of COVID-19 restrictions. These factors have collectively driven 
electricity prices sharply upward. Simultaneously, the shift toward clean and 
Renewable Energy Sources (RES) has gained urgency, not only to address 
environmental concerns but also to curb greenhouse gas emissions. Although numerous 
countries have integrated RES-based electricity generation into their national strategies 
and constructed many renewable energy plants, a considerable portion of electricity is 
still derived from fossil-fuel-based power stations. 
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Recent data on the European Union’s electricity generation mix reveals that 
approximately 40% of electricity is still generated by combustion plants. In 
comparison, wind energy contributes around 16%, and solar energy accounts for just 
7% [1]. Fig. 1 illustrates the distribution of electricity generation across various sources, 
along with the breakdown of solar energy production between utility-scale and rooftop 
systems across EU member states [1]. In 2023, the total solar energy capacity 
approached 263 GW, with rooftop installations contributing roughly 66% of that total 
[2]. 

In 2022, the European Union introduced a strategic roadmap aimed at accelerating 
the deployment of solar energy solutions [3]. One of its key objectives was to mandate 
the installation of rooftop solar systems on all new constructions. In parallel with the 
growing integration of photovoltaic (PV) systems into distribution networks, BSS have 
witnessed rapid development, particularly for enhancing self-sufficiency and enabling 
off-grid functionality. Based on data published by SolarPower Europe, battery storage 
capacity experienced a remarkable surge in 2023, reaching 17.2 GWh, marking a 94% 
increase compared to the previous year [4]. 

Fig. 1. Energy production shares and solar share in utility-scale and rooftop parts from 2020 to 
2023. 

With these statistics, it can be said that residential and commercial facilities that 
utilize a combination of PV arrays and BSS make a significant contribution to 
decentralized electricity generation. These systems not only ensure a reliable energy 
supply but also yield economic advantages for owners of distributed energy resources 
(DERs). Such solutions effectively fulfill the principles of Nearly-Zero Energy 
Buildings (NZEBs) [5] and Zero Emission Buildings (ZEBs) [6]. 

On the other side, electricity demand is rising at a rate that surpasses projections for 
generation capacity expansion. The growing electrification of both public and private 
transportation further intensifies this issue. Given the inherently intermittent nature of 
renewable energy sources, network congestion has become a prevalent challenge in 
many industrialized nations. Without expanding grid capacity and incorporating 
advanced EMS, maintaining grid stability is increasingly difficult. 

Within this framework, the development of advanced control algorithms and 
comprehensive energy coordination strategies has paved the way for a new class of 
intelligent and multifunctional power electronics, commonly referred to as Energy 
Routers (ERs). These interfaces serve as pivotal elements in future smart grids, enabling 
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dynamic energy flow control, real-time optimization, and seamless integration of 
diverse energy sources and loads within prosumer-based networks. 

Considering the increasing expansion of DC systems, the integration method and 
various connection scenarios in power electronic converters are reviewed in this study. 
Safety issues related the integration of DC system to AC grid are discussed. Then, the 
proposed ER structure is described, and control strategies are classified. Finally, the 
energy management system is reviewed, and a high-reliability method for use in ER is 
presented. A summary of these discussions is described in the conclusion section. 

2   DC System Integration 

Given that both PV systems and BSS technologies inherently operate on direct 
current (DC), the adoption of DC-based architectures in buildings and distributed 
energy systems has gained considerable attention in recent years as a means of 
enhancing overall system efficiency. Nevertheless, because the prevailing distribution 
infrastructure is primarily alternating current (AC)-based, the practical implementation 
of this concept often involves developing DC or hybrid AC/DC systems that remain 
connected to the conventional AC grid. As shown in Fig. 2, the future grid architecture 
visualizes LVDC networks operating in synergy with existing AC infrastructure, 
offering a more efficient and flexible energy ecosystem [7]. As can be seen, there are 
AC, DC, and hybrid buildings in the distribution network, and this can lead to more 
compatibility with renewable resources and DC loads. 

Various approaches exist for connecting DC microgrids to AC grids. Traditionally, 
a transformer is recommended to ensure galvanic isolation and enhance system 
reliability. Early configurations employed a low-frequency transformer followed by an 
AC-DC interface converter [8]. However, due to the bulky size and weight of such 
transformers, high-frequency isolation techniques have gained popularity. In these 
modern configurations, an AC-DC converter is used first, followed by a high-frequency 
isolated DC-DC converter incorporating a compact transformer [9]–[11]. These 
solutions offer galvanic isolation, suppress leakage currents, and improve reliability. 
Nevertheless, the presence of a transformer increases system cost, size, and may reduce 
overall efficiency. 

While many studies advocate for isolated architectures in LVDC-to-AC 
interconnections, isolation is not strictly necessary, particularly in hybrid AC/DC 
systems [12]. Transformerless configurations are a viable alternative, involving only a 
single-stage AC-DC interface without a transformer. Depending on design 
requirements, converters such as full-bridge, NPC, ANPC, or T-type can be utilized. In 
transformerless designs, safety considerations become especially critical. Leakage 
current mitigation must be addressed through advanced converter topologies or 
modified modulation techniques that decouple the AC and DC domains [13]–[20].  
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Fig. 3 illustrates various potential configurations for connecting future residential 
buildings to the electrical grid. In scenario (a), a conventional AC-based system is 
depicted, which represents the most common current topology. Most commercially 
available hybrid inverters are designed to operate based on this setup. Scenario (b) 
presents a hybrid AC/DC architecture, where AC loads remain connected to the main 
grid, while DC loads are powered via a 48 V DC bus. This configuration aligns with 
the ER concept. In scenario (c), the internal infrastructure of a Zero Emission Building 
(ZEB) is fully DC, interfaced with the AC grid through an isolated AC-DC converter. 
Lastly, scenario (d) considers a fully DC architecture, in which PV arrays, energy 
storage units, and DC loads are connected directly to the DC bus via individual DC-DC 
converters. Despite its efficiency advantages, the implementation of scenarios (c) and 
(d) remains constrained due to the limited development of standardized DC systems 
and the availability of DC-compatible end-use devices. 

To assess and compare the efficiency and power losses across these configurations, 
real-world electricity consumption profiles for residential buildings were used [21]. The 
case study assumes a building located in Berlin, equipped with a 5-kW photovoltaic 
system and a battery storage unit with a capacity of 5 kWh. Simulations were conducted 
for two representative days: one in June, with maximum solar irradiance, and one in 
December, with minimal sunlight. Losses were calculated for all system components, 
assuming uniform and negligible efficiency degradation due to load scaling. The 
comparative results are depicted in Fig. 4. 

As expected, the pure DC configuration (scenario d) exhibited the lowest overall 
power losses on both test days, underscoring the efficiency potential of fully DC 
systems. However, this outcome, though intuitive, cannot be universally applied, 
particularly when compared with the conventional AC scenario (a), which 
demonstrated relatively higher energy losses. Of particular interest is the hybrid AC/DC 
system (scenario b), which offers a balanced trade-off between infrastructure 
compatibility and performance. In regions with temperate climates and minimal 
seasonal variation in solar radiation, such systems can operate with high energy 
autonomy. In these cases, the interlink converter between AC and DC domains is used 
minimally, thereby preserving system efficiency. Conversely, in regions with 
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significant climatic variation, reliance on the AC grid increases, potentially reducing 
overall efficiency due to the lower performance of isolated AC-DC conversion 
interfaces. 

Several recent studies [22]-[25] have also explored and compared the efficiency of 
DC versus AC residential nanogrids under varying configurations of photovoltaic and 
storage capacities. In particular, reference [23] evaluates the performance of an office 
building and demonstrates that transitioning to a DC-based infrastructure can enhance 
overall system efficiency by approximately 11% to 17%. Moreover, it is important to 
highlight that the redesign and optimization of currently available AC appliances for 
DC operation can further improve energy efficiency. A clear example lies in motor-
driven devices commonly used for applications such as air conditioning, refrigeration, 
and household cleaning. Research findings indicate that transitioning to brushless DC 
(BLDC) motors could yield significant energy savings, up to 50% in heating 
applications, 30–50% in cooling, and 5–15% in cleaning systems [26]. 

Consequently, while the long-term transition from AC to DC systems and end-use 
devices remains a complex and gradual process, the hybrid AC/DC approach, as 
exemplified by the ER configuration (scenario b), emerges as a practical and forward-
looking solution. This architecture not only bridges existing AC infrastructure with the 
growing DC demands but also offers a scalable pathway toward higher efficiency in 
both current and future nanogrid implementations. 
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Fig. 3. Different scenarios for connecting ZEB to the power grid. 
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Fig. 4. Losses for four scenarios of connecting NZEBs to the grid for a day in June and a day in 
December based on the electricity consumption profile in [21]. 

3   Possible ER configurations 

Considering the above, the ER configuration corresponds to the layout illustrated in 
Fig. 5(a). It closely resembles hybrid inverter architectures but incorporates relays as 
optional components to enable load-shifting capabilities and to support a DC interface 
for supplying light DC loads. Additionally, an optional isolated DC-DC converter may 
be integrated to connect with an external DC microgrid, serving as a supplementary 
power source. The inclusion of relays becomes unnecessary if the loads possess IoT-
based communication features, which is increasingly common in modern appliances. 
Given that only electrical isolation between future AC and DC networks is considered 
acceptable in the current context, maintaining isolation between hybrid AC/DC systems 
and DC microgrids is essential. However, since interactions with DC microgrids are 
anticipated to be occasional, they are unlikely to lead to notable energy inefficiencies. 

An alternative topology, receiving growing attention, is shown in Fig. 5(b). In this 
arrangement, the internal DC bus is directly linked to the DC microgrid, which acts as 
the primary power source. Simultaneously, due to the isolation standards between AC 
and DC systems, an isolated interlink converter becomes a necessary component. This 
configuration may become viable when heavy-duty DC appliances emerge alongside 
conventional AC counterparts. These integrated systems can coordinate power flow 
among generation units, energy storage, and end-use devices, and they may be designed 
as a unified power electronics module offering comprehensive functionalities such as 
energy monitoring and embedded components. Energy management strategies (EMS) 
will also be executed through this architecture, utilizing real-time data and optimization 
algorithms. 
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4   Safety Issues 

Although the integration of DC architectures can significantly reduce conversion 
losses and improve system performance, a major obstacle remains: the lack of 
comprehensive standards governing DC systems. These standards must address critical 
aspects such as appropriate voltage levels, grounding methodologies, and protection 
mechanisms. As in AC systems, ensuring robust protection in DC nanogrids is also 
crucial to safeguard both users and equipment. A typical DC nanogrid may include 
interconnected PV modules, BSS, DC loads, and electric vehicles (EVs), all of which 
necessitate proper protective measures to ensure operational safety [27]. 

Considering that the ER is poised to serve not only as an advanced EMS component 
but also as a critical interface between AC and DC microgrids. This dual functionality 
introduces new design and operational challenges, particularly concerning safety 
protocols, leakage currents, and grounding techniques. While galvanic isolation is not 
mandatory in hybrid AC/DC systems, such as those utilized in conventional hybrid 
inverters, it becomes indispensable when interfacing separate AC and DC microgrids. 

As previously discussed, traditionally, isolation has been achieved through low-
frequency transformers, which provide robust electrical separation. However, the high-
frequency isolation techniques, often embedded within isolated power electronic 
converters, offer a compact and cost-effective alternative that is far more suitable for 
household environments [28]. Nevertheless, even high-frequency isolation cannot 
eliminate associated issues. For instance, when interconnecting a three-phase AC grid 
with a two-wire DC system, a DC common-mode voltage offset may arise. If the 
isolation barrier degrades over time or multiple parallel converters are present, this bias 
can result in unintended DC leakage currents (Fig. 6(a)) [29]. 
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Grounding strategies, essential in both AC and DC systems, exhibit notable 
differences in implementation. In the DC domain, various grounding methods exist for 
linking the system to protective earth, each with specific trade-offs regarding safety and 
electromagnetic compatibility [30]–[32]. To suppress DC leakage currents effectively, 
specially tailored grounding approaches must be applied (Fig. 6(b)). 

In specific cases, particularly those involving hybrid AC grids connected to 
individual DC systems rather than full DC microgrids, a non-isolated configuration 
remains viable. One such solution involves the use of a common-ground structure [33], 
[34], in which the negative terminal of the DC-link is directly tied to the neutral line of 
the AC grid. This approach stabilizes the common-mode voltage at zero, thereby 
preventing leakage current circulation. Moreover, it enables one side of the system to 
be grounded safely (Fig. 6(c)). 
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5   Proposed ER and Control Strategy 

Fig. 7 illustrates the architecture of the proposed Single-Cell Three-Phase (SC-TP) 
ER. On the grid side, a single-stage common-ground inverter is utilized, capable of both 
voltage step-up and step-down operations [35]. A central DC bus (shown in blue) forms 
the backbone of the system, linking all power sources, inverters, and DC loads. This 
configuration not only ensures system-wide interconnection but also provides 
expandability by supporting future integration with other nanogrids. 

AC loads are positioned between the inverter and the grid, allowing uninterrupted 
operation in both grid-connected and islanded modes. Relay switches are installed on 
the grid, inverter, and AC load sides to manage phase selection and routing. Although 
the DC bus can interact with all three AC phases, it does so sequentially rather than 
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simultaneously. To minimize phase imbalance, common in three-phase residential or 
commercial setups, the system actively detects and limits consumption on the most 
loaded phase. This strategic control enhances energy efficiency and provides a cost-
effective alternative to traditional three-cell (TC) designs by eliminating the need for 
multiple converter stages. 

PV and Battery Storage System (BSS) units are interfaced with the DC bus through 
dedicated DC-DC converters. The PV converter operates in both buck and boost modes 
depending on panel voltage, while the BSS employs a bidirectional interleaved 
converter for efficient high-current charge and discharge management. The common-
ground design reduces leakage current risks and establishes a shared ground between 
AC and DC domains, thereby improving system protection [36]. Additionally, a Solid-
State Circuit Breaker (SSCB) is incorporated for fast fault response and improved 
safety [37]. 

The SC-TP configuration, as justified in [38], offers enhanced PV self-consumption, 
reduced phase imbalance, and significantly lower cost compared to traditional TC 
setups. It also provides better integration with distributed energy sources, contributing 
to improved grid stability and resilience. To fully realize these benefits, the topology 
relies on a Smart Energy Management Algorithm (SEMA) running alongside low-level 
control loops. While SEMA is critical for balancing and optimizing performance, its 
detailed implementation is beyond the scope of this section. 
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Fig. 7. Schematic diagram of the ER. 

Beyond the structural design and protection mechanisms, one of the most pressing 
challenges in ER systems lies in the precise control and coordinated management of 
power flows across its various components. In this context, devising efficient control 
strategies and hierarchical control architectures remains a prominent area of ongoing 
research. Fig. 8 provides an overview of the multi-level control strategy employed in 
the ER. 
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As illustrated in Fig. 8, the control hierarchy of the ER is composed of multiple 
levels. In the low-level control layer encompasses fundamental functions such as grid 
current regulation, DC-link voltage stabilization, and grid synchronization. These 
elements form the core operational layer, ensuring stable and reliable interaction 
between the ER and the main grid. The mid-level control manages component-level 
functions, including PV power tracking, battery charging/discharging, and load 
prioritization. At the high level, broader tasks are addressed, including EMS 
coordination, data communication, and cloud-based optimization.  

In the low-level, various strategies have been explored for grid-connected inverter 
control, with conventional methods largely centered around Proportional-Integral (PI) 
controllers implemented in the dq reference frame [39]. In low-level control, the 
inverter control strategy consists of an outer PI loop for DC-link voltage regulation, 
complemented by a Phase-Locked Loop (PLL) for synchronization with the AC grid. 
The PI controller generates a reference current (ig

*), which is compared with the 
measured grid current (ig). The resulting error signal is then fed into a Proportional-
Resonant (PR) controller, which computes the modulation reference voltage to ensure 
accurate grid current tracking. While PR controllers offer superior steady-state 
performance under sinusoidal conditions, particularly in tracking and harmonic 
compensation, they are notably difficult to tune and typically exhibit poor transient 
response [40]. Conversely, PI controllers are favored in many industrial settings due to 
their simplicity, low implementation complexity, and minimal computational burden. 
However, their performance can be adversely affected by slow dynamic response, 
reduced effectiveness in disturbance rejection, and heightened sensitivity to system 
parameter uncertainties and grid disturbances [41], [42]. 

The control block diagrams for the PV and BSS converters are illustrated in the mid-
level control system. In both cases, the reference currents (IPV

* and IBSS
*) are defined 

either based on the grid connection status, instructions from the EMS, or via DC-link 
voltage deviations processed through outer PI loops. These reference currents are then 
compared to the actual measured currents, and the error signals are managed by inner 
PI controllers to generate the modulation signals for the respective converters. 

At the high level, the EMS is responsible for determining reference values based on 
real-time energy consumption, load profiles, and the State of Charge (SoC) of the BSS. 
Depending on the system design, EMS can operate locally through rule-based logic or 
leverage cloud-based platforms that integrate advanced communication protocols and 
optimization algorithms. 
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6   Flatness-based control (FBC) for low-level control 

Recent studies primarily focus on conventional control strategies designed to 
regulate link and manage power exchange with the grid. While these methods 
demonstrate acceptable performance, they often exhibit relatively slow dynamic 
responses. 

To enhance control system response under dynamic conditions, alternative 
approaches such as Model Predictive Control (MPC), adaptive controller, Fuzzy Logic 
Controller (FLC), and Sliding Mode Control (SMC) have been explored in the literature 
[43]–[45]. In [43], MPC is employed to control the load-side inverter in a back-to-back 
ER, while the dc link is controlled using a PI controller, and the grid-side inverter is 
managed with a Proportional-Resonant (PR) controller. Although the PR controller has 
proven effective for grid-connected inverters, its tuning process remains complex [46]. 
SMC is robust and has a fast dynamic response, but the practical implementation is 
complex due to high-frequency oscillations near the sliding surface [45]. Given that the 
ER integrates multiple links, including PV, battery storage, DC and AC loads, and the 
grid, any sudden change in these components can introduce disturbances into the 
system. Therefore, a control system capable of delivering a fast, robust, and precise 
response under dynamic conditions is essential. 
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Among the control methods suitable for dynamic conditions and nonlinear systems, 
Flatness-Based Control (FBC) theory has been introduced as a reliable solution [47]. 
This control method, initially introduced by Fliess, demonstrates excellent performance 
in managing nonlinear systems and provides robust capabilities for systems with 
multiple state variables and inputs. However, like other advanced control strategies, 
FBC imposes certain conditions that must be met. Similar to MPC, it first requires an 
accurate mathematical model of the system. Additionally, the system should be 
differentially flat, ensuring that the overall conditions of the flat system are met. In 
contrast, compared to methods such as MPC, FBC offers a lower computational burden. 
While MPC requires solving an optimization problem at each time step, FBC relies on 
analytical relationships, making it computationally more efficient. This control 
approach has been successfully applied across various domains, including mechanical 
and chemical systems, aerospace, and power systems, demonstrating its capability to 
manage nonlinear and dynamic systems while ensuring fast and stable responses. Over 
the past decade, several studies have explored the application of FBC in power 
electronics, yielding promising results in dynamic conditions [48]–[51]. 

Employing FBC improves overall system performance and stability by offering fast 
dynamic response and robust control of nonlinear systems, which significantly reduces 
voltage and current fluctuations. Based on the definition, a system is considered 
differentially flat if a set of flat outputs can be found such that all state variables and 
inputs can be expressed as a function of these flat outputs and their derivatives.  From 
a mathematical point of view: 

If the system   has a state  є , and an input  є , then the system 
is differentially flat if an output  є ,  can be found in the form: ,                                          (1) 

when,  ,                                             (2) 
and, 

                                          (3) 
Then, the system is differentially flat, and the mapping of  is called Lie-

Backlund isomorphism, which defines a flat system.  l and r are also the number of time 
derivatives. 

FBC is a model-based control system that needs equations to define the system. 
Therefore, the system is modeled with corresponding equations, and then it is proved 
that the system with the considered inputs and outputs is differentially flat. For the 
described ER in Fig..7, FBC is applied to control the DC-link voltage by setting the 
reference current of the inverter in an outer loop. Afterwards, in an inner loop, applied 
to the output LC filter of the inverter to generate a voltage reference and control the 
inverter current. Detailed processes are described in the following subsections. In this 
study, the reference currents for the PV and storage battery power converters are set by 
EMS and then tracked by conventional PI controllers. 

6.1   DC-link voltage control using FBC 

As mentioned previously, the DC-link voltage in grid-connected mode is controlled 
in an outer loop by regulating the inverter reference current. To reach that, the inverter 
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power is calculated by applying FBC. For this purpose, the total power in the DC-link 
is calculated. The EMS sets the PV and battery power. DC load power can also be 
measured through the DC load current. Thus, the energy in the DC-link is:  

,                                                    (4) 
where edc is the energy in the link, Cdc is the capacitance value of DC-link capacitor, 

and Vdc is the DC-link voltage. From the power point of view, the power in the DC-link 
is the derivative of energy, which is of the total power in the dc link. Note that the 
power injected into the DC-link is considered positive:    

,                                      (5) 
where PPV is the PV power, PBSS is the battery power, Pdc is the power of dc loads, 

and PInv is the inverter power. Defining the following parameters as the flat system 
terms:   

                                                       (6) 

where y is the flat output, x and u are the control variable and control input, 
respectively.  

Then, rewriting (4) to obtain Vdc: 

                                         (7) 

Therefore, the state variable (Vdc) is a function of flat output (edc). Also, from (5), 
and rewriting Pdc in terms of Vdc:      

     ,              
(8) 

which proves that the input variable is a function of flat output and its derivative.  
Considering the flat system criteria, it can be concluded that this system is 

differentially flat. Using a linearizing feedback control law with the following equation, 
 can be achieved: 

              (9) 
while yRef is the reference value of the control output, and   is the output derivative. 

Also, K11 and K12 are the coefficients and must comply with the following polynomial: 
,                                         (10) 

which K11 and K12 are defined as follows: 
,                                       (11) 

while ζ and ωn are the desired dominant damping ratio and natural frequency, 
respectively. These parameters are set knowing the switching frequency fsw of the 
system. 

Finally, getting  in equation (8), PInv can be obtained. Obtaining PInv, the inverter 
reference current can be easily calculated. Since the reference current is needed for 
inverter control and the control structure is based on dq transformation, the following 
equation should be used to obtain the dq component of the reference current.  

                              (12) 

while PInv is calculated in (8), QInv is set to zero, vd and vq are measured in the dq 
form of the grid voltage. 
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6.2   Inverter control using FBC 

FBC is also used in an inner loop to control the inverter current. For this purpose, 
equations related to the ac-side output filter and also the dq components of inverter 
reference currents, which were calculated in (12), are needed. Fig. 9 shows the inverter 
and its LC filter between the inverter and grid. αβ to dq domain transfer is applied for 
this control system. The process of applying dq transformation for a single-phase 
system is described in [52]. 
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Fig. 9. The ER inverter and its LC filter. 

 
Fig. 9. ER inverter and its LC filter. 
To extract the system equations, Kirchhoff's Voltage Law (KVL) and Kirchhoff's 

Current Law (KCL) are applied on the output side of the inverter and the following 
equations in the dq frame are obtained: 

,                               (13) 

,                              (14) 

                                   (15) 

                                    (16) 

where Lf, Rf, and Cf are the LC filter inductor, resistance, and capacitor, respectively.  
id, iq, are dq components of the inverter reference current, and vd and vq are dq 
components of the inverter output voltage. igd, igq, vCd, and vCg are also the dq 
components of the grid current and the voltage across the filter capacitor, respectively. 
Finally, ω is the angular frequency. 

To meet the conditions of the flat system, the following definitions are assumed:        

                                (17) 

From (17) it is clear that x=y, and then x=φ(y), which means the state variable is a 
function of flat output. 

Then from (13), it can be written, 

                (18) 
and from (14), we can write:     

                  (19) 
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Therefore, the input variables can also be expressed in terms of flat outputs and their 
derivatives, meaning the considered system is differentially flat. Using the same 
linearizing feedback control law as (9) and finding appropriate coefficients that satisfy 
the criteria in (10) will be found. Then, using (18) and (19), vd,vq will be achieved. Once 
vd,vq are obtained, dq to αβ transformation will be used, and vα is sent as a reference 
voltage for the modulation block. 

The general control system proposed to control the DC-link voltage and inverter 
current is illustrated in Fig. 10. As can be seen, FBC is first used in an outer loop to 
obtain the reference current of the inverter, which is responsible for DC-link voltage 
control. Then, another FBC is used in an inner loop to control the inverter current. As 
is clear, the reference current obtained in the first part is fed to the second part of the 
control system. It should also be pointed out that the red circle in Fig. 10(a) exhibits the 
control equation in (9).  
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Fig. 10. Proposed control scheme. (a). FBC for DC-link control through inverter 
reference current. (b). FBC for controlling the inverter current.  
 

7   Energy Management System for ER 

Nowadays, the Internet of Things (IoT) plays a pivotal role in the daily operations 
of numerous industries, with a broad range of applications spanning smart cities, smart 
grids, and smart homes. IoT technologies facilitate the collection, processing, analysis, 



Smart and Green Energy Systems 113 

and utilization of data to support management and optimization tasks, addressing 
essential requirements such as comfort, usability, security, and energy efficiency [53]. 
In line with this technological evolution, modern buildings are increasingly integrating 
IoT under the concept of smart buildings, a trend that has gained significant momentum 
in recent years. Through IoT-based systems, building operations can benefit from 
remote monitoring, intelligent temperature and lighting control, and enhanced energy 
performance, all of which contribute to cost reduction while improving occupant 
comfort [54]. 

Simultaneously, the increasing demand for electrical energy has spurred interest in 
the on-site integration of Distributed Generation (DG)—particularly PV systems—
alongside BSS in residential and commercial buildings. This integration has led to a 
growing need for robust EMS to coordinate and optimize the production, storage, and 
consumption of energy, with the ultimate goal of achieving ZEBs. This transition has 
been made feasible through advancements in power electronic converters and 
microcontroller technologies. 

In the context of EMS, various control strategies can be employed depending on 
system architecture and communication capabilities [55]. One of the most widely used 
approaches for power sharing in microgrids is droop control, which can be adapted for 
use in ERs as well. Ideally, this strategy enables autonomous power sharing based on 
predefined droop coefficients, eliminating the need for communication links. This plug-
and-play, low-cost, and scalable solution remains a preferred option among power 
electronics researchers [56]. However, droop control is not without its limitations. 
Challenges such as impedance-dependent performance, inaccurate power distribution, 
and slow transient response have been identified as key drawbacks [57]-[58]. These 
issues have motivated the exploration of enhanced or alternative control strategies that 
can provide better accuracy and dynamic performance, especially in complex and 
highly dynamic smart building environments. Consequently, various enhancements to 
conventional droop control have been proposed to address its inherent limitations. 
These include adaptive droop control [59]-[60], robust droop control [61], and neural 
network-based droop control [62]. The latter leverages input-output data to train a 
neural network that adjusts droop characteristics dynamically. In another approach [63], 
voltage droop control is combined with a secondary communication-based control 
layer, aiming to improve overall performance. The secondary controller determines 
setpoints based on optimization schemes, enabling better voltage and current regulation 
under varying operating conditions. 

To manage multiple control objectives, the distributed hierarchical control paradigm 
typically structured into two or three levels has become a common framework for DC 
microgrids [64]. At the primary level, a local droop-based controller maintains system 
stability and enables plug-and-play functionality. Higher-level controllers use low-
bandwidth communication for coordination [65], where consensus algorithms are 
widely adopted to ensure reliable data exchange and agreement among distributed units 
[66]. At the tertiary level, optimization techniques can be implemented to maximize 
system efficiency and economic operation [67]. 

However, despite these improvements, distributed control whether hierarchical or 
not cannot ensure optimal power flow from an economic perspective. Achieving global 
optimization requires centralized communication, data acquisition, computation, and 
management. The foundational step in this approach involves monitoring and 
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measuring all aspects of the system production, storage, and consumption and 
transmitting this data to a centralized EMS. 

With the rapid adoption of full digitalization in new buildings and the 
interconnection of all energy assets within a central control platform, the initial 
investment for implementing centralized systems has become less of a concern. Most 
modern EMS platforms are now cloud-based, offering scalability, flexibility, and high 
computational capacity for handling vast amounts of energy-related data. The cloud 
infrastructure facilitates advanced analytics, real-time monitoring, and even machine 
learning-based forecasting and decision-making. As a result, cloud-based EMS 
emerges as a powerful, accurate, efficient, and cost-effective solution for smart 
buildings and microgrids. Nonetheless, this architecture also comes with drawbacks, 
primarily the single-point-of-failure risk and reduced system reliability in the event of 
communication loss. Moreover, the operational costs of continuous communication can 
be significant in large-scale implementations [68]. 

To overcome the aforementioned limitations, a hybrid control paradigm is emerging, 
which combines cloud-based EMS with Edge Computing Platforms (ECP) deployed at 
the ER level [68]. In this architecture, most of the computationally intensive tasks are 
performed in the Cloud Computing Platform (CCP), including long-term forecasting 
and global optimization based on comprehensive datasets. At the local level, only 
simple real-time tasks remain, which are manageable by the embedded computing 
resources within inverters and local controllers. These include adapting or fine-tuning 
the control strategies provided by the CCP using real-time measurements from the ER 
such as local generation, consumption, battery state of charge, and the status of 
switchable loads. This reduces the computational load and maintenance requirements 
at the edge, while allowing faster response times and increased autonomy. Moreover, 
since edge devices do not require continuous communication with the cloud, they can 
operate independently for short-term decision-making in the event of communication 
loss, thereby alleviating communication burdens. The architecture also benefits from 
the flexibility and scalability of cloud computing software updates, control algorithms, 
and optimization strategies can be remotely updated at the CCP. Additionally, a single 
CCP instance can serve multiple independent buildings, further reducing 
implementation costs. 

In summary, the integration of CCP with ECP offers a flexible, scalable, and cost-
effective control solution. It enables global economic optimization based on predictive 
analytics and aggregated data an objective that decentralized EMS approaches cannot 
fully achieve. Furthermore, a local droop control strategy can still be maintained as a 
fallback mechanism in the event of communication failure, thus enhancing system 
reliability. 

This hybrid cloud-edge control approach, illustrated in Fig. 11, ensures autonomous 
operation when needed and effectively addresses the single-point failure issue, while 
also minimizing communication costs compared to traditional centralized EMS 
solutions. 
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8   Conclusion 

With the increasing penetration of renewable energy sources and BSS, alongside the 
adoption of concepts such as NZEB, demand-side load shifting and EMS tools are 
becoming critical components of next-generation residential infrastructures. At the 
same time, transitioning toward DC and hybrid-compatible architectures is essential to 
leverage the higher efficiency of DC-based systems. 

This study analyzes and compares multiple scenarios for DC system integration. 
Subsequently, prospective configurations for future ERs are explored. Safety concerns 
related to leakage currents are addressed, and corresponding mitigation strategies are 
proposed. Finally control strategy was discussed at different levels, and at the high-
level layer, a robust EMS framework is introduced to support system digitalization 
while ensuring high reliability. 
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Abstract. The rapid adoption of electric vehicles, now comprising around 20% 
of the global automotive market, calls for a strategic expansion of charging 
infrastructure. Urban areas face particular challenges due to limited space and the 
high cost of installing new high-power chargers. A promising solution is to 
leverage existing low-voltage DC traction grids—commonly used for trams and 
metros—for EV charging. This approach reduces infrastructure costs and allows 
efficient use of existing substations and power electronics. This book chapter 
discusses a scalable multiport Current-Fed Multi-Active Bridge DC-DC 
converter to support multiterminal EV charging stations connected to DC traction 
networks. The multiport architecture enables flexible power flow, bidirectional 
operation, and shared use of converter components across multiple EVs and 
energy storage units. In addition to cost and space efficiency, the system 
enhances grid stability, allows recuperation of regenerative braking energy from 
public transport, and supports smart grid functions such as vehicle-to-grid and 
vehicle-to-vehicle energy exchange.  

Keywords: bidirectional EV charging; traction grids; DC/DC converters; smart 
charging; V2G services. 

1   Introduction 

In recent years, the number of electric vehicles (EVs) worldwide has been growing at 
an unprecedented rate, with annual sales increasing year over year. As a result, EVs 
now account for approximately 20% of the global automotive market [1]. This rapid 
adoption contributes significantly to reducing local air pollution and greenhouse gas 
emissions, particularly in densely populated urban areas. However, to fully realize the 
environmental and energy benefits of EVs, it is critical that their charging infrastructure 
is strategically developed, utilizing renewable energy sources and advanced power 
electronics technologies to ensure efficient, scalable, and sustainable integration with 
the power grid. One of the primary challenges accompanying this growth is the 
increasing demand for publicly accessible EV charging stations, especially in cities. 
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Installing high-power chargers in urban areas typically requires substantial investments 
in new infrastructure, including medium-voltage substations, transformers, and 
dedicated power converters. These upgrades are not only costly but are also often 
constrained by limited space and regulatory barriers in built-up areas. Moreover, 
integrating a large number of EV chargers into existing grids can lead to considerable 
stress on the grid, including voltage fluctuations, transformer aging, and power quality 
issues, especially when fast charging is involved [2]. To address these challenges, 
recent research and urban energy planning efforts have explored the possibility of 
leveraging existing infrastructure to support EV charging needs. One promising 
approach is to utilize low-voltage direct current (LV DC) traction grids—already 
present in many European cities for light rail, trams, and metro systems—as a backbone 
for EV charging stations [3]. These traction grids are typically underutilized during off-
peak hours and at night when public transport is inactive, yet remain operational and 
capable of supplying power. By connecting EV chargers to these existing DC networks, 
it is possible to significantly reduce the installation and operational costs associated 
with building new charging infrastructure. This approach is particularly effective in 
locations where multiple vehicles are typically parked and can be charged 
simultaneously, such as near residential buildings, transit hubs, or parking lots adjacent 
to rail lines. Implementing multiterminal charging stations in such areas makes efficient 
use of space and resources, enabling multiple EVs to share power electronics and grid 
access infrastructure. 

Beyond cost and space efficiency, integrating EV charging with LV DC traction 
grids offers several technical advantages. These include the ability to mitigate LV DC 
traction grid voltage surges and sags through controlled power exchange, improving 
overall grid stability, and utilize regenerative braking energy from public transport 
systems to charge EVs, rather than dissipating it in resistive braking elements [4]. 
Moreover, EVs equipped with bidirectional chargers can participate in vehicle-to-grid 
applications, discharging stored energy during grid demand peaks, thereby supporting 
grid and reducing the impact of load fluctuations. In this way, EVs can function as 
distributed energy storage units within a smart grid ecosystem. In this book chapter, the 
use of a Current-Fed Multi-Active Bridge (CF-MAB) DC-DC converter is studied, as 
a potential solution for providing bidirectional EV charging from the LV DC traction 
grids. The CF-MAB converter is a multiport power converter that allows multiple EVs 
and a battery energy storage system be connected to a common DC bus with high 
flexibility and efficiency. Compared to conventional charging station architectures—
where each EV or battery storage unit requires a separate dedicated converter—the 
multiport CF-MAB converter topology reduces the total number of components, 
leading to cost savings, simplified thermal management, and enhanced system 
reliability. Each port of the MAB converter can operate independently, supporting 
flexible energy flow modes such as vehicle-to-grid (V2G), vehicle-to-vehicle (V2V), 
and energy exchange with a stationary battery. This modular and scalable architecture 
is well-suited to multiterminal charging stations and can be adapted to varying numbers 
of EVs or different grid conditions. Furthermore, the CF-MAB-based system 
contributes to stabilizing the voltage of the LV DC traction grid at the point of 
connection and optimizes the usage of surplus energy, such as that generated by rail 
transport regenerative braking. 
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2   State of EVs market and EVs charging 

2.1   Electromobility and EV chargers development trends Formulas  

Electric car sales continue to grow, surpassing 17 million in 2024 and accounting for 
more than one in five cars sold globally. They are steadily becoming a mass-market 
option in more countries. Despite concerns over tight profit margins, volatile battery 
metal prices, inflation, and the reduction of subsidies in some regions, global sales 
remain strong. In the first quarter of 2024, electric car sales rose about 25% compared 
to the same period in 2023, similar to growth in 2022. In Europe, one in five new cars 
sold was electric, maintaining the previous year's share. Sales share increased in 14 of 
27 EU countries, but declined or stalled in others, including Germany and France, 
mainly due to subsidy changes. Germany ended subsidies in late 2023, while France 
has gradually scaled back its incentives, limiting bonuses for higher-income buyers and 
narrowing eligibility in early 2024 [5]. 

 

 
Fig. 2. Electric car registrations and sales share in China, United States and Europe, 2018-2023. 

Home charging remains the most common option for EV owners. In Europe and the 
U.S., over two-thirds of chargers are in urban areas, where most public infrastructure 
still relies on slow chargers (≤22 kW). Only 15% of urban public chargers in Europe 
exceed this power. However, expanding public charging is essential for wider EV 
adoption, especially for people without home charging access. In 2024, public charging 
points in Europe grew by over 35%, surpassing 1 million. Yet, deployment varies 
widely by country. The Netherlands leads with over 180,000 public chargers, followed 
by Germany (160,000) and France (155,000). Under the STEPS scenario, public 
chargers in Europe are expected to double by 2030 to more than 2 million, with fast 
chargers making up 30% of the total—up from less than 20% in 2024. This would boost 
public charging capacity to 115 GW. To meet 2030 goals, Europe needs to install 
around 210,000 public chargers annually. Several countries have set ambitious national 
targets: France aims for 400,000 public chargers by 2030, the UK for 300,000, and 
Germany has proposed 1 million—though this figure has faced criticism for being 
excessive. EU regulation is also pushing deployment forward. The AFIR mandates fast 
chargers of at least 150 kW every 60 km along major road networks by 2025, increasing 
minimum total power output per station to 600 kW by 2027. Additionally, the revised 
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EU Energy Performance in Buildings Directive supports private charging rollout by 
requiring pre-cabling in buildings to avoid costly retrofits later. 

2.2   Bidirectional charging perspectives 

From the other side, mass electric vehicles charging can significantly impact the power 
grid in a negative way, creating significant technical challenges, such as grid overloads, 
especially during peak charging hours, leading to voltage instability, increased wear on 
infrastructure, the need for costly grid upgrades, and potential disruptions in electricity 
supply if not properly managed. Several measures can turn these impacts into 
opportunities for flexibility. In Table 1, four phases are outlined, each reflecting greater 
flexible EV load and rising system demand for flexibility, starting with a V1G grid 
compliant charging, ending with aggregated V2G bidirectional charging. The core 
strategy is to maximize managed charging over unmanaged charging.  

Table 7.  Vehicle to grid integration levels [6, 7].  

   

Level 2 – V1G 
Cooperative 

smart charging 

Level 3 – 
V2G 

Bidirectional 
charging 

Level 4 – 
V2G 

Aggregated 
charging 

  Level 1 – V1G 
Smart 

Charging 

-Bidirectional 
charging 
-EV charging 
goes beyond 
customers 
own needs 
(aggregation 
function, 
balancing 
services, 
economic 
profits). 
-Aggregation 
across large 
area (city, 
country) 

 Grid 
compliant 
charging 

-Bidirectional 
charging 
-Energy can 
be transferred 
from battery to 
customers 
home/load 
-Supports 
behind the 
meter services 
-Charging is 
motivated by 
economical or 
sustainability 
reasons  

 -Unidirectional 
charging 
-EV charging 
profiles is set 
according to 
monetary 
reasons, grid 
constrains etc. 
-EV 
aggregation in 
order to have 
more power 
(local, per 
charging spot) 

 -Unidirectional 
smart charging 
-Charging 
power can be 
regulated by 
EV user, home 
management 
system or DSO 
in automatic 
regime 
remotely 
according to 
needs  

D
es

cr
ip

tio
n 

-Unidirectional 
charging 
-Compliant EV 
charging from 
grid to EV 
-Power levels 
are low in 
order to be 
controlled by 
DSO 

Re
qu

ire
m

en
ts 

-Local 
regulations 
(grid codes, 
IEC 61851, 
IEC 60364 
series…) 

-IEC 61851 
-DIN-SPEC 
70121 
-OCPP 1.6 
-Demand-
response 
-Opt-out 
possibilities 

-Level 1 + 
-ISO/IEC15118 
-OCPP 1.6 
-EV and Grid 
Telematics 
-Time of Use 
metering 

-Level 2 + 
-
ISO/IEC15118
-20 
-EEBus 
 

-Level 3 + 
-ISO-15118-
20-2022, 
CHAdeMO 

Measures include providing locational signals, applying non-firm connections 
during peak times, requiring storage or associated fees, and linking connection fees to 
demand or controllability. Policy tools such as tariff design, flexibility markets, and 
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wholesale market participation can support this. Although individual EVs may be too 
small to participate in markets, standardization and interoperability can enable 
aggregation. Coordinated EV charging, aligned with renewable generation, can be 
incentivized through renewable capacity contracting. To realize these benefits, policy 
makers should promote smart-readiness through clear control standards, easily 
implementable by EV producers and monetary reward for EV owners. 

However, the challenge of implementing controlled bidirectional charging and 
enabling EV participation in the aforementioned services is further complicated by the 
fact that vehicles from different manufacturers are equipped with different charging 
connectors, have varying power ratings, and adhere to different charging standards. EV 
chargers are commonly categorized by their power output into slow and fast chargers, 
with ultra-fast chargers considered a subset of the latter. Several international standards 
define and classify these systems, including IEC 61851-1, SAE J1772, and CHAdeMO. 
These standards specify power levels for both AC and DC charging modes (see Table 
2). Slow charging generally refers to AC Levels 1 and 2, which rely on onboard 
chargers. Under the IEC standard, this corresponds to a maximum power of 22 kW, 
while under SAE it is up to 19 kW. Notably, within the SAE classification, only AC 
Level 3 refers to an off-board charger capable of delivering fast charging above 50 kW. 
Fast charging, particularly DC fast charging, is defined in standards such as SAE CCS, 
IEC 61851-23, and CHAdeMO. These systems typically deliver power in the 50–240 
kW range, with ultra-fast chargers—like the EVTEC TERRA HP 350—providing up 
to 350 kW. To accommodate both AC and DC charging, EVs are usually equipped with 
two charging ports or a combined inlet. For AC, common connector types include 
J1772 Type 1, Type 2, GB/T-AC, and Tesla. For DC, standards include CHAdeMO, 
GB/T-DC, and Tesla DC. Integrated systems such as CCS1, CCS2, and ChaoJi allow 
both AC and DC charging through a single interface. 

Table 2.  Charging standards description [8].  

Type Level Charger location Hours to 
charge 300 

km 

Specification 

On- 
board 

Off-board Voltage 
(V) 

Current 
(A) 

Power 
(kW) 

 SAE 

AC 

Level 1 + − 7 - 17 120 12 - 16 ≤ 1.92 
Level 2 + − 0.4 - 1.2 240 80 1.92-19.2 
Level 3 − + 0.5 - 1 480 ≥ 100 ≥ 50 

IEC 
Level 1 + − 2 - 3 250 - 450 16 4-7 
Level 2 + − 1 - 2 63 22 

 SAE 

DC 

Level 1 − + 0.4 - 1.2 
200 - 600 

80 36 
Level 2 − + 0.2 - 0.4 200 90 
Level 3 − + 0.2 400 240 

CHAdeMO 
Fast 
Charging − + ≥ 0.5 ≤ 480 200 ≥ 135 

 
Many of today’s charging standards are evolving to support bidirectional power 

flow, enabling V2G and vehicle-to-home (V2H) applications. CHAdeMO has long 
supported bidirectional charging, while CCS is gradually adding V2G functionality 
through updates like ISO 15118-20. However, integrating V2G into ultra-fast chargers 
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raises practical concerns. These chargers are typically used when drivers need rapid 
energy replenishment—often during travel or emergencies—so activating V2G in such 
scenarios would delay charging and run counter to user expectations. As a result, 
enabling bidirectional flow at high-power stations may be inefficient or even 
counterproductive. Slow AC chargers are much better suited for grid services like 
frequency regulation, voltage support, or energy balancing. EVs connected to these 
chargers—often overnight or during the workday—offer grid operators a stable and 
predictable energy resource. Mid-range fast chargers (below 50 kW) present a more 
nuanced case. They appeal to users needing moderate top-ups and can be effective for 
short-duration grid services (0 - 30 seconds) like frequency regulation or post-blackout 
stabilization, where energy drawn from the EVs battery is minimal. However, relying 
on mid-power fast chargers is less convincing for long-duration grid services such as 
peak shaving, capacity market participation, or backup power during outages, which 
require extended energy discharge and could conflict with user charging needs. As a 
result, aligning charger type and power level with appropriate V2G use cases is critical 
and remains a major challenge for widespread V2G deployment. 

3   Suitable urban connection LV DC connection vs AC connection. 

To avoid overloading the low-voltage network, public EV charging stations are often 
connected to the medium-voltage (MV) grid through a low-frequency (LF) distribution 
transformer, as illustrated in Table 3a. While AC-based charging is the more commonly 
used and researched approach, it comes with notable drawbacks: it requires an 
additional AC/DC conversion stage and a large LF transformer. These components 
increase installation costs, reduce energy efficiency, and enlarge the physical footprint 
of the charging station. A more cost-effective alternative is to make use of existing 
infrastructure—specifically, urban traction grids, which are already well-developed in 
many large cities. Integrating EV chargers with these grids offers several mutual 
advantages: 

- Voltage stabilization and energy recovery: DC traction grids can experience 
significant voltage fluctuations, during electric trains acceleration and deceleration. 
Traditionally, on-board energy storage systems, located on a moving train are used to 
smooth these instabilities. However, connected to the traction grid bidirectional EV 
chargers can serve the same purpose. 

- Reactive power support: Traction lines often suffer from reactive power 
imbalances, particularly during periods of low activity (e.g., night time), when active 
power consumption is minimal. Although reactive power compensators are typically 
installed to handle this issue, EV chargers can partially offset the need for them by 
acting as an additional load. 

- Lower charger installation costs: Smart charging strategies can shift EV charging 
to periods of low traction demand, such as off-peak hours, minimizing the risk of grid 
overload. By aligning EV charging with the power availability in traction systems, both 
the traction grid and EV infrastructure can benefit from more balanced and cost-
effective energy use. 
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Table 3.  Urban EV charger connection points.  

  
a) MV AC Distribution grid connection 
through LF-step down transformer 

b) MV AC Traction Grid connection 
using a LF-step-down transformer 

-Reliable  
-Low voltage fluctuations in the point of 

connection 
-Significant installation costs 
-Requires additional AC-DC conversion 

stage 
-Bulky LF transformer 

-Significant installation costs 
-MV AC Traction grid voltage 

fluctuations 
-Requires additional AC-DC conversion 

stage 
-Bulky LF transformer 

  
c) AC connection at traction substation 

through LF isolation transformer 
d) DC connection through High 

frequency isolation DC-DC converter 
-Reliable 
-Low voltage fluctuations in the point of 

connection 
-Requires additional AC-DC conversion 

stage 
-Bulky LF transformer 

-No AC-DC stage 
-Reduced installation costs 
-Small HF-isolation transformer 
-LV DC traction grid voltage 

fluctuations 

 
Several connections of EV charging infrastructure into railway traction systems are 

presented in Table 3b, c, d. A MV AC traction connection typically involves interfacing 
directly with the traction grid using a LF step-down transformer, which comes with 
notable drawbacks. The LF transformer required is physically large, whereas MV AC 
traction grids are prone to voltage fluctuations, which can compromise the stability of 
EV charging. Moreover, this topology necessitates an additional AC-DC conversion 
stage, increasing system complexity, energy losses and costs. Alternatively, connecting 
to the AC side of a traction substation through a LF isolation transformer offers 
improved stability (Table 3c). In the proximity to the traction substation, voltage is 
more stable and predictable, enhancing the reliability of EV charging. However, similar 
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to the MV approach, it still requires a bulky LF transformer and a subsequent AC-DC 
conversion stage, which adds to the system’s footprint and operational losses. Other 
possible solution is a DC connection to the traction grid via a high-frequency isolated 
DC-DC converter. This approach eliminates the need for an intermediate AC-DC 
conversion stage, reducing component count and overall installation costs. The use of 
a high-frequency transformer allows for much smaller and lighter equipment, 
facilitating integration in constrained environments. However, the main drawback is 
the fluctuations of the DC traction voltage, which can change significantly, depending 
on train operation and load conditions.  

In urban environments, the most prevalent DC traction grids include MV DC 
(typically operating at 1.5 kV or 3 kV) for suburban trains and metro systems, and LV 
DC systems (600–750 V) for trams and trolleybuses [9]. MV DC traction grids 
experience substantial voltage fluctuations—ranging from approximately 1.0 kV up to 
3.6 kV and sudden load changes. This imposes higher technical requirements on the 
isolation and control stages of the DC-DC converter, often necessitating the use of 
advanced topologies such as multilevel or cascaded converters to ensure safe operation 
and high efficiency. In contrast, LV DC traction grids present a less demanding 
environment for EV charger integration. Although they still experience voltage 
variation, the range is narrower and easier to manage from a converter design 
standpoint. Furthermore, light rail systems in cities are typically well-developed, with 
many substations located at street level, which simplifies physical access for 
integration. From a power-matching perspective, power demand required for EVs 
multiport charging station aligns more closely with the power levels typical in light rail 
networks. This enhances the feasibility and efficiency of using EV batteries to absorb 
regenerative braking energy. Therefore, further study focuses on the integration of EV 
chargers into LV DC traction grids, which offers a balanced trade-off between technical 
complexity and practical implementation benefits. 

The integration of battery energy storage (BES) systems into EV charging 
infrastructure is usually optional, however, it offers technical and economic advantages. 
Battery storage helps mitigating voltage fluctuations in DC traction grid, when 
aggregated EVs charging/discharging power is not enough for the required service, or 
there are no EVs connected. Additionally, BES allows providing longer term services 
– being used as a reserve battery for capacity market and electricity trading. As a result, 
studied solution includes a storage battery, used for a more flexible system operation. 

4    Suitable converter topologies to integrate lots of EVs to the grid 

To integrate multiple EVs and BES system into LV DC traction grids, different 
architectural options are available. A straightforward approach involves connecting 
each EV through an independent converter, for example, single-phase dual active 
bridge (DAB) converter, while the BES is interfaced using an interleaved three-phase 
boost converter (Fig. 2). This method supports scalability, by simply adding more DAB 
modules per each additional EV, ensures EV ports galvanic isolation and independent 
control of both EVs and BES. However, the trade-off is a higher component count 
required. Additionally, while the BES stabilizes the traction grid voltage, it does it in 
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some range ΔVDC. This means EVs still face unstable input voltages, which can 
complicate the DAB operation. 

For the solutions requiring multiple loads and sources connection, the multiple active 
bridge (MAB) converter has been explored extensively [10]. It uses a shared 
transformer core to interconnect multiple active bridges, reducing the total number of 
switches. However, in multi-terminal EV charging stations—where each EV requires 
different voltage and power—this topology becomes difficult to manage due to inter-
port dependencies. To tackle this, a variant using single-phase transformers was 
proposed in [11], allowing independent operation of multiple EVs while still 
minimizing switch count. Despite this improvement, it lacks a dedicated port for BES 
and still exposes EVs to the unstable traction grid voltage. A more refined solution 
involves using the current-fed dual active bridge (CF-DAB) converter [12], which 
combines a DAB converter with a boost stage. This topology adjusts the voltage on an 
auxiliary DC-link capacitor to match the EV voltage, ensuring perfect matching and 
stable operation even when the grid voltage fluctuates. While both single-phase [13] 
and multi-phase [14] CF-DAB designs improve voltage matching, they lack scalability, 
typically supporting only a few ports. Alternative is a studied current-fed multi active 
bridge converter, that integrates the benefits of a MAB with a single-phase transformers 
[11] and CF-DAB [13] topologies, while supporting scalable EV port expansion. 
Studied converter (Fig. 3) includes a dedicated BES port, and ensures all EVs are 
charged from a stable DC voltage node, while keeping the switch count low. 

 
Fig. 2. The conventional way of integrating multiple EV charging stations and battery energy 
storage into a low-voltage DC traction grid. 
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Table 4.  Comparison of storage battery and EV charger topologies.  

  
a) 3-phase Interleaved boost b) Dual Active Bridge 

-Simple structure and low cost 
-Power distribution between phases 
-Modular structure 
-Low ripples 
-Non isolated, thus, suitable as second 

stage for EV charging, or as a converter for 
BES connection 

-High efficiency 
-High power density  
-Simple control 
- Reduced efficiency during VDC and VEV 

mismatch 
- EVs charging from an unstable traction 

grid voltage VDC 
 

 

 
c) Multi-Active Bridge with 

common core transformer 
d) Multi-Active Bridge with single 

phase transformers 
-Multiple ports connection is possible, 

with reduced number of switches 
-Complex control 
-Ports interdependence, which becomes 

more challenging as the number of ports 
increases 

- Reduced efficiency during VDC and VEV 
mismatch 

- EVs charging from an unstable traction 
grid voltage VDC 

-Multiple ports connection is possible, with 
reduced number of switches 

-Ports are independent from each other, 
thus, scalability is improved 

- Reduced efficiency during VDC and VEV 
mismatch 

- EVs charging from an unstable traction 
grid voltage VDC 

 
 

e) Single Phase CF-MAB f) Three Phase CF-MAB 
-Improved efficiency during VDC and 

VEV mismatch due to utilization of a buffer 
capacitor Cbuf  

-Lacks scalability 

-Improved efficiency during VDC and VEV 
mismatch due to utilization of a buffer 
capacitor Cbuf  

-Higher power deliver capability then of a 
single-phase version  

-Lacks scalability 
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5   Studied CF-MAB converter solution 

5.1   Bidirectional charging perspectives 

 
Fig. 3. Multi-terminal EV charging station using the studied multiport converter connected to a 
low-voltage DC traction grid. 

 

 

a) b) 
Fig. 4. CF-MAB converter topology for an arbitrary numer of EVs (a) and its working diagrams 
(b). 

The converter being analyzed (Fig. 4a) includes a port for connection to a DC grid, 
a non-isolated port for battery (BT) storage, and N isolated output ports for EV 
charging. On the input side, it uses N interleaved half-bridge stages that operate with 
phase shifts, similar to an interleaved boost converter.  These stages boost the DC grid 
voltage VDC to match the battery voltage VBT during charging, and step down VBT to 
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match VDC during discharging. As a result, the buffer battery voltage VBT always has to 
be higher than the DC grid voltage. The upper switches on the primary side S1, ... , SN 
operate with a duty cycle D1, determined by equation (1), while the lower switches S̅1, 
... , S̅N  operate complementarily with a duty cycle of 1-D1. 

1 S DC BTD T T V V= =  (1) 

where T=TS+TS̅ , TS - switch on time. 
The control pulses for the input-side switches S1, S2, ..., SN are phase-shifted by an 

angle φS, which is determined by the number of EV ports and given by φS = 2π/N, where 
number of ports N =3,5... 

The EV charging outputs are implemented using N full-bridge AC-DC converters, 
each electrically isolated from the primary side by a single-phase transformer. The 
transformer windings are connected to the midpoints of the input-stage converter 
bridges, as illustrated Fig. 4a. The connection points labeled "j" and "k" correspond to 
transformer winding terminals, with their indices defined as follows: 

( ) ( )( 1) / 2 2 1 / 2k j N N j N N= + − − ⋅ + −    (2) 

where j=1,2, ... , N; ⌊ ⌋ – floor function.  

The phase voltages Vj and Vk between points “j” and “k” are shifted relative to each 
other by a phase angle φN. In the simplest case, when N=3, the transformer windings 
are connected in a delta (Δ) configuration, resulting in a phase shifts of  φS=φN=120o. 
For the system with more output ports, the phase shift φN  is calculated using expression 
φN = π(N-1)/N, where N=3, 5, 7… 

Each isolated output of the converter includes four switches Qj , Q’k , Q̅j , Q̅’k , 
configured in a full bridge to support bidirectional power flow. Switch Qj operates with 
a phase shift δ relative to the input side switch Sj, while Q’k operates with the same 
phase shift δ relative to Sk. The control signals for Qj and Q’k are phase shifted by the 
angle φN. When the phase shift δ=0 and the input and output voltages are perfectly 
matched (i.e. VBT ·n=VEV), the transformer primary and secondary voltages are identical 
in both waveform and amplitude. In this case, the voltage across the leakage inductor 
LP,j is zero, and no power is transferred through the transformer. In such case, operation 
of each EV port comparable to a single-phase Dual Active Bridge (DAB) converter, 
consisting of switches Sj, S̅j, Sk, S̅k on the input side and Qj, Q’k, Q̅j, Q̅’k on the output 
side. By adjusting the phase shift δ, the voltage across the transformer leakage inductor 
LP,j changes, thereby controlling the power delivered to the EV port. Detailed 
descriptions of the converter’s operation using Single-Phase Shift (SPS) modulation 
[15] and modified Dual-Phase Shift (DPS) modulation [16] can be found in prior 
publications. 

When the battery-side voltage perfectly matches the EV port voltage (i.e. n·VBT=VEV, 
with n being the transformer turns ratio), SPS modulation produces a transformer 
current waveform where the current drops to zero during zero-voltage intervals. 
However, any mismatch between nVBT and VEV creates a volt-second imbalance across 
the transformer’s leakage inductor LP,j, leading to non-zero current intervals (Fig. 5b) 
and increased RMS current. To reduce transformer RMS current, various DAB control 
methods are used—among them, Triple Phase Shift (TPS) modulation [17] is the most 
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advanced. However, TPS cannot be applied in the CF-MAB converter, as input-side 
parameters are constrained: changing φN disrupts interleaving between input phases, 
and modifying D1 affects the battery current IBT. This limits control of the isolated 
output ports to just two degrees of freedom: d2 and δ. Thus, the converter uses a 
modified DPS modulation scheme (where the duty cycle is not fixed at 0.5). This allows 
d2 to be adjusted to ensure volt-second balance across the transformer—achieving 
nVBT·d1=VEV·d2, —while δ is used to control the EV port output power PEV,N. 

 

  
a) b) 

 
Fig. 5. a) Characteristics of the CF-MAB converter EV ports for different values of D1 and for 
varying voltage mismatch ratio (G=VBT · n / VEV). The converter operation is symmetric with 
respect to D1=0.5; therefore, values  D1=m and D1=1-m yield the same regulation behavior, 
assuming VBT remains constant; b) shows the primary and secondary transformer voltages and 
currents under SPS and modified DPS modulation. 

In general, the power delivered to the EV port under this modulation scheme is 
defined by the equation (3). As can be seen, across all eight operating modes, the output 
power PEV,N depends not only on the phase shift δ, but also on the primary-side duty 
cycle D1 and the voltage mismatch ratio G (Fig. 5a): 

, 1
,

( , , )EV N BT
EV N

sw P N

V V
P f D G

n f L
⋅

= ⋅ δ
⋅ ⋅

 
(3) 

where 1( , , )f D Gδ - is a mode-dependent function detailed in [18]. 

5.2   Bidirectional charging perspectives 

To quantitatively evaluate the RMS current values in the CF-MAB converter 
switches, a comparison was made with the most conventional configurations: series 
(Fig. 6a) and parallel (Fig. 6b) connections of a 3-phase interleaved boost converter and 
three independent DAB converters. In both cases, the 3-phase interleaved converter is 
used to connect the BT port, while the DAB converters are used to charge the EVs. The 
power delivered to the BT and EV ports is kept the same across all configurations.  
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a) Series connection  b) Parallel connection  

 

Fig. 6. EV charging station architectures using series-connected converters (where the BT is 
charged from the DC grid and EVs are charged from the BT) and parallel-connected converters 
(where both the BT and EVs are charged directly from the DC grid).  

In all configurations, under peak load conditions, the average current through the 
interleaved boost inductors is the same. In the series configuration, peak power is 
reached when both the BT and all EV ports transfer maximum power to the DC grid. 
In contrast, in the parallel configuration, peak power is reached when the BT supplies 
power both for EV charging and DC grid stabilization. The formulas used to calculate 
the RMS currents for the CF-MAB converter and conventional solutions are presented 
in Table 5. 

Table 5. Comparison of storage battery and EV charger topologies.  Comparison of storage 
battery and EV charger topologies.  

 
Average input inductor current (For all connections: Series, Parallel and CF-MAB) 
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where , ,( ) ( ) ( )j LP j LP kI t I t I t= − . 
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RMS transformer current, represented by Fourier Series (For all connections: Series, 

Parallel and CF-MAB) 
2

2 2
, 02

1,2,3... 0 ,

2 2 cos( )LP j
m P j

I rms A AB m B
m L=

 
= − ⋅ω δ + 

ω π  
     

[ ]

[ ]
1 1 1

2 2 2

cos( ( )) cos( )

cos( ( )) cos( )

BT

EV

A V m d m
V

B m d m
n

= ⋅ ⋅ α + − ⋅α

= ⋅ ⋅ α + − ⋅α
  

(9) 

where 1 2 1 2, , ,d dα α - modified DPS modulation parameters for a CF-MAB converter (Fig. 

7) and are specified in [18]. In case of SPS modulation (for CF-MAB) 1 2 1 2, d dα = α =  

and for a typical SPS for DAB 1 2 1 20, 0.5d d Tα = α = = = . 

 

 

Fig. 7. Modified DPS modulation variables, used for RMS currents calculation.  

Using the formulas above, RMS currents for the three configurations were 
compared. The normalized sum of the system’s switch RMS currents is shown in Fig. 
8a. Separate bars for the BT and EV ports are included to highlight the differences 
between the converters. As shown, the parallel configuration results in higher RMS 
currents at the EV ports. This is because the EV port inputs are connected directly to 
the DC grid, which has a lower voltage—meaning higher currents are needed to deliver 
the same power compared to the series connection, where the DABs are powered from 
the higher-voltage BT port.  

For the CF-MAB converter, the RMS current in the input switches is generally 
higher than in the series and parallel configurations. The total RMS current at the output 
EV ports is also slightly higher for the CF-MAB, which is attributed to differences in 
modulation strategies between CF-MAB and DAB. In the case of the classical DAB, 
standard SPS modulation is used with both the primary and secondary duty cycles set 
to 0.5. In contrast, the CF-MAB in both SPS and DPS operates with duty cycle lower 



136 Smart and Green Energy Systems 

than 0.5. This results in slightly higher RMS currents due to lower utilization of the 
transformer and switches, which is feature of the CF-MAB design. 

  
a) b) 

Fig. 8. Comparison of CF-MAB, parallel and series connection of battery and EV chargers to the 
DC traction grid by normalized total switches RMS currents (a) and total devices rating (b).  

However, the total RMS current does not fully reflect the differences between the 
solutions, because the CF-MAB and conventional configurations differ in the number 
of switches and their voltage ratings. To account for this, a Total Device Rating (TDR) 
coefficient is introduced, which considers both the number of switches and their 
electrical stress (i.e., peak voltage and RMS current): 

1

z

k k
k

TDR V ds I rms
=

= ⋅  (20) 

where Vkds is a k is the maximum drain-source voltage of the k-th transistor, and Ikrms 
is its RMS current.  

The results (Fig. 8b) show that, in all cases, the CF-MAB converter has a lower TDR 
due to the reduced number of switches. This suggests that the CF-MAB could 
potentially be less costly than both the series and parallel alternatives. 

5.3   Converter control system 

The main goals of the converter control are to ensure efficient EV charging without 
overloading the substation and to stabilize the traction catenary voltage by managing 
bidirectional power flow between the catenary and both the buffer battery BT and EVs. 
These objectives are achieved by continuously monitoring the catenary voltage VCT and 
dynamically adjusting the charging/discharging currents of the BT and EVs to 
counteract voltage fluctuations. A catenary-voltage-based control approach is adopted 
due to its simplicity and low cost, as it does not require additional communication links 
between the charging station and the substation [19]. The overall control system (Fig. 
9) is divided into a high-level control (Fig. 9a), which sets the current references Iref

BT  
and Iref

EVN based on VCT, and a low-level control (Fig. 9b), which ensures these reference 
values are accurately tracked.  
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Fig. 9. a) High-level control algorithm of the catenary-based system, which determines the 
reference battery current IrefBT and reference EV port currents EVs IrefEVN ; b) Low-level control 
system, which receives IrefBT and IrefEVN  from the high-level controller and, through closed-loop 
regulation, maintains these values by adjusting the input-side duty cycle D1 and the phase shift δ 
for each EV port; c) Structure of the digital PI controllers used in the control system.  

 
The control algorithm begins by measuring key system parameters: voltages VCT, 

VBT, VEVN and currents IBT, IEVN. It then computes the charge and discharge thresholds 
Vch and Vdis using equations (11). These thresholds are adjusted to balance the State Of 
Charge (SOC) of the buffer battery and to prevent overcharging or deep discharging, 
particularly during dynamic load conditions caused by varying EV charging demand. 
Based on a comparison of the measured VCT with these thresholds, the control system 
determines whether the BT should be in charging, discharging, or idle mode. 

( ) ( ) nom
ch adj chV i V i V= + , ( ) ( ) nom

dis adj disV i V i V= +  (31) 

where Vnom
ch , Vnom

dis represent the default charging and discharging voltage thresholds 
when the catenary is unloaded.  
The adjustment term Vadj(i) is dynamically regulated by a controller defined as follows: 

( ) ( 1) ( 1) (0.5 )
( ) (0.5 )

adj adj SOC SOC

SOC SOC

V i V i e i ki T kp
e i ki T kp

= − + − ⋅ ⋅ ⋅ − +

+ ⋅ ⋅ ⋅ +
 (42) 

( ) ( ( ) )nom
SOC BT BTe i SOC i SOC= −  (13) 

 
where kp and ki are the proportional and integral gains respectively, TSOC is the SOC 
measurement interval, eSOC is the error between the measured and desired SOC. The 
reference charging and discharging currents are calculated using equations (14) and 
(15):  

BT charging: ( ) ( ) nom
ch adj chV i V i V= + , ( ) ( ) nom

dis adj disV i V i V= +  (54) 
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BT discharging: ( )ref
BT CT dis BTI V V k= − ⋅ , 

EV smart charging: max ( )ref ref
EV N EV N CT dis EVI I V V k= + − ⋅ , 

 

(15) 

(16) 

where kBT = Iref
BTmax /ΔVCTmax , kEV =2·Iref

EVmax /ΔVCTmax.  
 

 
Fig. 10. Charge/discharge behavior of the buffer battery as a function of its state of charge SOCBT.  

The droop coefficient kBT is defined based on the maximum allowable voltage 
deviation ΔVCTmax during the catenary voltage stabilization process. When the catenary 
voltage VCT is sufficiently high, the high-level control charges EVs with the maximum 
current Iref

EVN= IEVNmax. If VCT falls below the discharging threshold Vdis the EVs switch 
to a smart charging mode, governed by equation (16). 

The buffer battery (BT) is typically kept at a medium SOC level, allowing it to either 
absorb or supply power when needed. Due to this balancing strategy, there is no need 
for a constant-voltage charging mode or voltage regulator in the BT control loop. 
Instead, the BT current IBT is regulated using a single PI controller, which compares the 
measured current with the reference Iref

BT and adjusts the duty cycle D1 accordingly (Fig. 
9b). Nonetheless, high-level control continuously monitors the BT voltage, ensuring it 
remains within the permissible range VBTmin to VBTmax; charging or discharging is halted 
if these limits are exceeded. 

EV charging and discharging follow a constant-current/constant-voltage (CC/CV) 
method. This is implemented via a conventional two-stage control loop, where current 
and voltage errors—calculated as the difference between reference values Iref

EVN, Vref
EVN 

and the measured currents IEVN, VEVN —are fed into their respective PI controllers. These 
controllers generate the required phase shift δ for each EV port. During the transition 
from charging to discharging mode, the signs of VrefEV N and VEV N are inverted to ensure 
proper operation of the saturation block that limits IrefEVN. All PI controllers are 
implemented digitally in the z-domain, using bilinear transformation of the standard s-
domain PI controller transfer function (see Fig. 9c). 
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5.4   Simulation, HIL experimental results and prototype. 

 
Simulation and HIL verification of the proposed converter were carried out for three 

EV ports (N=3), using parameters listed in Table 6. 

Table 6. CF-MAB HIL model parameters  

Parameter Value 
DC grid voltage VDC 600 V 
DC grid resistance RDC 0.2 Ohm 
Battery nominal voltage Vnom

BT 1200 V 
Battery capacitance CBT 10.5 Ah 
Battery resistance RBT 0.1 Ohm 
Battery maximum current Imax

BT 250 A 
EV voltage VEV1, VEV2, VEV3 345 V 
EV maximum current Imax

EV1 , Imax
EV2 , Imax

EV3  125 A 
Transformer ratio 1:n 0.28 
DC side inductance L1,DC, L2,DC, L3,DC 10·50 uH 
Primary inductance LP,1, LP,2, LP,3 10·30 uH 
Battery side capacitor Cf, BT 10·470 uF 
Battery and EV sides inductances Lf, BT, LfEV 10·10 uH 
EV side capacitor CfEV 10·1 mF 
DC filter inductance Lf,DC 8 uH 
DC filter capacitor Cf,DC 4 mF 
Discretization step size, Tstep 8 us 
HIL switching frequency fsw 2.5 kHz 

 
In the considered scenario, the EV charger is located at some distance from the 

traction substation, while a tram operates nearby. This setup leads to fluctuations in the 
catenary voltage VCT relative to the nominal DC voltage VDC. During tram acceleration, 
the voltage VCT drops due to the resistance RDC of the catenary, while during tram 
braking, VCT rises due to recuperated braking energy. According to EN 50163, for a 600 
V DC traction grid, such fluctuations can reach ±33%, with the upper limit constrained 
by the braking chopper, which dissipates energy in a resistor when VCT reaches 800V.  

Switched-model simulation results (Fig. 11) display the input boost inductor current 
ILN,DC, transformer primary voltage VP,N and currents ILP,N, secondary voltages VS,N 
under various conditions: a), c) EVs and BT charging, which occurs during normal line 
operation (no tram present), as well as during tram braking, when breaking energy is 
recuperated and used for BT and EVs charging; b), d) BT and EVs discharging, which 
occurs during tram acceleration, when power from BT and EVs is send to the DC grid 
to reduce voltage drop. Each EV port has different voltage levels, which for cases (a) 
and (b) correspond to fully discharged electric car VEV1=288 V, fully charged 
VEV3=400 V and with a nominal voltage VEV2=345.6 V, which is matched with a 
nominal battery voltage VBT=1200 V by a transformer with a ratio n=0.288. All ports 
use modified DPS modulation, ensuring zero current flow during zero voltage intervals 
across the transformer. As expected, due to the symmetrical regulation characteristics, 
the phase shift δ between the primary and secondary voltages is identical in magnitude 
but opposite in sign for forward and reverse power flow.  
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Fig. 11. Switched model simulation results for N=3, with different EV and BT ports load. Results 
are shown for different cases: EVs and BT are charging (a, c), consuming power from grid, and 
discharging (b, d), supplying power to DC grid. Cases (a,b) simulated with D1~0.5 and nominal 
catenary and battery voltage (VBT=1200V, VCT=600V), whereas (c) corresponds to D1~0.3, with 
VBT=1100V, VCT=780V and (d) to D1~0.7, with VBT=1400V, VCT=420V.  

Fig. 11 presents simulation results for various loading conditions of EV and BT 
ports. Cases (a) and (b) illustrate operation at D1~0.5, with nominal VBT=1200V and 
VCT=600V, leading to symmetrical zero-voltage intervals on both transformer sides. 
However, during real-time operation, both VBT and VCT vary due to changes in BT state 
of charge and tram activity. These variations cause D1 to adjust accordingly. Cases (c) 
and (d) demonstrate operation with D1~0.3 and D1~0.7 respectively. Despite different 
voltages (VBT=1200V in (c) and VBT=1400V in (d)), the current and voltage waveforms 
remain similar due to the converter’s symmetrical regulation characteristics. A lower 
battery voltage in (c) requires a higher phase shift δ  to achieve the same port power 
compared to (d). In all scenarios, each EV port operates independently. For instance, 
EV1 can be charged while EV2 is discharged—enabling vehicle-to-vehicle (V2V) 
energy transfer—without impacting other ports. Power exchange in this mode occurs 
through the BT port capacitor Cf,BT without affecting  BT current IBT.  

To validate the converter performance, a hardware-in-the-loop (HIL) experiment 
was conducted. The hardware portion was simulated using PLECS RT Box 1, while 
control was implemented on a TMS320F28379D signal processor (Fig. 12). 

 

 
Fig. 12. HIL experimental setup for converter control verification (N=3). 
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Fig. 13. HIL simulation results for case when system is turned OFF (a), and for the normal system 
operation (b) with EVs and BT operating bidirectionally. 

The results (Fig. 13a) confirm that during tram operation at selected power levels 
VCT fluctuates within ±33% of the nominal 600 V DC grid voltage. In case (a), DC grid 
stabilization is disabled, while EV1 and EV2 operate in V2V mode. EV1 discharges at 
100 A and EV2 charges at 100 A, without impacting the performance of other ports. 
Energy is exchanged via the BT port capacitor Cf,BT with zero average current flow 
through IBT. In contrast, when DC grid stabilization is enabled (Fig. 13b), voltage drops 
in VCT are reduced to −12.5%, and voltage surges are eliminated thanks to bidirectional 
charging of BT and EVs. During normal operation VCT, does not rise above VDC, which 
is attributed to the load presented by the charging EVs. For example, bidirectional 
charging is disabled for EV2 (based on user preference), while other EVs continue to 
operate bidirectionally. When the voltage drop is minimal, smart charging is applied 
across all EVs to reduce power draw. However, under significant voltage drop 
conditions, EVs inject power back into the grid to support voltage stabilization.  

The next step in the research is assembling a lower-power experimental prototype to 
verify the theoretical results obtained. The developed prototype (Fig. 14) has three 
output ports for charging electric vehicles, a port for connecting a battery, and a port 
for connecting to a DC grid. The prototype will be tested under laboratory conditions 
at a power level of 20 kW. A key aspect of the testing is verifying proper operation in 
bidirectional mode for all ports, as well as performance across the full range of traction 
grid voltages and vehicle battery voltages. 
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Fig. 14. CF-MAB converter 20kW prototype. 

5   Conclusions 

A scalable multiport Current-Fed Multi-Active Bridge DC-DC converter enables 
multiterminal EV charging from existing LV DC traction grids, eliminating the need 
for dedicated transformers and rectifiers, and reducing infrastructure costs. The 
converter supports independent, bidirectional charging for multiple EVs and integrates 
a buffer battery for DC grid voltage stabilization and recuperation of braking energy 
from traction systems. Shared use of power components reduces the number of switches 
required (6N vs. 8N+6 in conventional systems), making the CF-MAB converter more 
economical. At the same time, EV ports are powered from a stabilized capacitor voltage 
at the BES port, simplifying the EV charging control process. Additionally, the applied 
improved battery SOC balancing maintains the buffer battery at optimal levels 
regardless of load conditions or the number of connected EVs. Simulation and HIL 
results show catenary voltage surge reductions of up to 30% and voltage drop 
reductions of 10–12.5%. The application of the proposed modified DPS modulation, 
instead of classical single-phase shift modulation, reduces RMS currents in the 
transformer by up to 5.7% on average, with differences reaching 43.6% under low-
power conditions and extreme voltage mismatches. 
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Abstract. Battery degradation is a decisive factor influencing the economic viability of 
residential photovoltaic-battery systems. Existing approaches often decouple sizing from 
operational decisions, risking accelerated aging and compromised performance. This chapter 
proposes a two-stage optimization framework: first, system sizing determines the optimal PV and 
battery capacities, estimated lifetime, and annual degradation losses by incorporating 
consumption and weather data. The resulting configuration is then fixed for day-ahead operation, 
where a degradation cost model consistent with the sizing assumptions is integrated into the daily 
optimization. Seasonal simulations show that the proposed sizing approach estimates a battery 
lifetime of approximately 13–14 years by integrating both calendar and cyclic degradation 
effects. This con- figuration achieves a system payback time of about 7 years. While, the 
proposed day-ahead optimization yields daily savings compared to full grid supply, reaching 
€1.31 in summer and €6.80 in winter. The chapter finally discusses a deployable cloud/edge EMS 
architecture and the use of multiparametric optimization to support fast real-time control under 
uncertainty. 

Keywords: PV-battery systems, sizing optimization, battery degradation, day-
ahead control. 

1   Introduction 

The foundation for deploying smart Energy Management Systems (EMS) in 
residential applications has become increasingly viable due to recent technological and 
economic advances. The declining cost of photovoltaic (PV) panels and Battery Energy 
Storage Systems (BESS), particularly lithium-ion batteries with long service life, has 
made energy self-generation and storage more accessible. 
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Moreover, the development of Energy Router (ER) converters provides a funda- 
mental infrastructure for optimal managing power flows between the grid, PV systems, 
storage units, and household loads [1]. These fundamentals now make it possible to 
implement cost-effective EMS solutions that are perfectly suited to the needs of 
residential consumers. 

To assess the practical feasibility and economic performance of such systems, 
various sizing methodologies have been developed. These approaches aim to de- 
termine optimal configurations of PV and BESS components that minimize over- all 
costs while meeting energy demands under different usage and environmental 
scenarios. For instance, [2] investigates optimal sizing and energy management for 
smart homes, while [3] incorporates operational optimization to determine battery 
capacity in Australian households. Battery degradation plays a critical role in such 
assessments, models accounting for calendar and cyclic aging ex- plored in [5][6]. 
Additionally, the widespread use of lithium-ion batteries with high efficiency and long 
life in residential settings is presented in [13]. 

A critical factor in the optimal sizing and long-term cost estimation of PV- BESS 
systems is the battery lifetime, which directly impacts both the frequency of 
replacements and the total economic viability. Unlike fixed-lifetime assumptions used 
in many conventional models, real battery lifetime depends heavily on usage, including 
depth of discharge and charge/discharge rates. These factors influence the degradation 
process, which combines both calendar aging (time-based degradation) and cyclic 
aging (usage-based degradation). Modeling this degradation is essential for ensuring 
that sizing decisions reflect realistic performance expectations over the system lifespan. 

While long-term battery lifetime estimation is essential for proper system sizing, its 
value lies not in planning replacement but in integrating it into daily operation. In 
practice, respecting the degradation limits inferred during sizing requires establishing 
a coherent relationship between sizing and day-ahead optimization. Without such 
coordination, short-term decisions can lead to accelerated aging, undermining long-
term system viability. To address this, several works have introduced degradation-
aware models that integrate degradation cost models into short-term decision-making. 
For instance, in [7], a two-stage EMS is proposed that incorporates battery degradation 
cost to guide operation. A MILP-based model considering Depth of Discharge and SoC 
limitations was developed in [8], while [21] proposed a cost function based on SoH 
degradation, ensuring compliance with end-of-life criteria. These strategies could 
ensure that day-ahead energy management aligns with long-term objectives, preserving 
battery health while minimizing operational costs. 

This chapter proposes a framework that bridges battery degradation modeling, 
system sizing, and day-ahead EMS optimization. The starting point (Section 2) 
represents the targeted application and case study. section 3 presents the development 
of a battery degradation model, capturing both calendar and cyclic aging. System 
operation and power flow is presented in section 4. This enables an estimation of battery 
lifetime under realistic operating conditions. Next, this degradation model is integrated 
into a joint system sizing approach (Section 5), where the optimal number of PV panels 
and batteries, as well as the annual battery losses, are determined. 

To link these long-term objectives to short-term EMS operation, a day-ahead 
optimization framework is developed (Section 6) by proposing a short-term 
degradation cost model is integrated into day-ahead optimization. 
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The chapter concludes with the presentation of a two-level EMS architecture and 
proposed business model (Section 7), combining Cloud Computing and embedded 
Edge Computing to support future implementation.  

2 Case study 

This work targets a typical residential household equipped with a self-consumption 
system combining PV generation and BESS, as shown in Figure 1. The house- hold is 
connected to the electrical grid under a time-of-use (ToU) tariff structure, allowing both 
import and export of electricity. The objective is to optimize both system sizing and 
day-ahead (short-term) operation to minimize energy costs while accounting for battery 
degradation. 

 

 
The system includes key physical components: residential loads with varying 

demand profiles, rooftop PV panels sized to fit typical installation limits for single-
family homes, and lithium-ion batteries sized to balance generation and consumption 
over daily and seasonal cycles. An ER converter coordinates power flows between the 
PV system, BESS, grid, and household loads, enabling flexible energy management. 
Realistic consumption, local weather data, and dynamic electricity pricing are 
considered to capture practical operational conditions. 

3 Battery Lifetime Modeling 

The BESS cost constitutes a substantial portion of the total investment in residential 
PV-battery systems, both in terms of initial capital and future replacement expenses. 
This highlights the need for smart charging strategies and effective BESS management. 
However, BESS lifetime is often a major source of uncertainty during system sizing, as 
it strongly depends on how the battery is used. If not handled carefully, the degradation 

Fig.  1: System considered 
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behavior of the BESS can fluctuate significantly, which directly impacts its 
performance and economic viability. Different sizing approaches often assume a fixed 
BESS lifetime, ignoring the significant role of degradation in determining its actual 
lifespan. Such simplifications may lead to an underestimation of the real replacement 
needs and long-term operational costs. Other approaches concentrate primarily on 
cyclic aging, overlooking calendar aging effects, which can also accelerate degradation 
particularly when the battery remains at high SoC levels for prolonged periods [4]. 

Various BESS degradation models are found in the literature, with a focus on 
physico-chemical, empirical, or semi-empirical approaches [9]. For energy man- 
agement purposes, semi-empirical models are the most widely adopted [10][11], as they 
offer a balance between accuracy and computational efficiency. More detailed models, 
such as electrochemical or thermal degradation models, impose high computational 
requirements, making their integration into optimization frameworks more complex 
[12]. 

This section is dedicated to modeling BESS lifetime as a function of degradation. 
The objective is to establish a representation that can be effectively incorporated into 
both operational control and sizing processes, allowing for a more realistic and 
integrated energy management strategy. 

 
3.1 Battery degredation model 
 
In recent years, the most commonly used batteries for residential PV-battery systems 

is lithium-ion batteries, particularly LiFePO4, due to their long lifetime and high 
efficiency [13]. Hence, this battery is used and evaluated in degradation studies. 

The degradation of lithium-ion batteries is typically characterized by two 
interconnected processes: calendar aging and cyclic aging [15]. Calendar aging refers 
to the decline in battery performance over time, regardless of usage, while cyclic aging 
is related to the number of charge-discharge cycles the battery can complete before 
reaching its end-of-life (EOL). 

The overall battery degradation is calculated by combining the effects of calendar 
aging and cyclic aging at each time step, as shown in Equation (1). 

 𝑄௧,ி = 𝑄௧,ி௖௬௖ + 𝑄௧,ி௖௔௟  (1) 
 

where 𝑄௧,ி௖௬௖ represents the degradation due to cyclic aging, and 𝑄௧,ி௖௔௟ corresponds to 
calendar aging. 

A semi-empirical model for the calendar aging of LiFePO4 batteries is proposed in 
[16]. This model depends on temperature and SoC. For residential applications, the 
temperature is typically close to ambient conditions. Therefore, it is fixed at 25°C to 
analyze the impact of SoC variation alone. The model is given in Equation (2). 𝑄௧,ி௖௔௟(T, 𝑆𝑜𝐶௧) = (𝛽ଵ ⋅ 𝑆𝑜𝐶௧ఉమ + 𝛽ଷ)(𝛽ସ𝑇ఉఱ + 𝛽଺)𝑑ఉళ   (2) 

 
Where 𝛽ଵ to 𝛽଻ are fitting parameters. 
Cycle aging can be modeled as a function of SoC, C-rate, or the energy throughput 

of the battery. In Equation (3), cyclic degradation is expressed based on the energy 
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throughput, taking into account 𝑁௕, the number of batteries installed, 𝐸௕ the energy 
capacity of each battery and 𝑁௖௬௖, the number of battery cycles. 𝑄௧,ி௖௬௖ = 0.5∑𝑃௧,௕ ⋅ Δ𝑡𝑁௖௬௖𝑁௕𝐸௕   (3) 

Where 𝑃௧,௕ is the battery power at time step t, defined as the charging or discharging 
power exchanged with the battery. ∆t is the time step duration. 

 
3.2 State of Health (SoH) and battery lifetime modeling 
The battery SoH is modeled based on the capacity fade 𝑄௧,ி. It starts from an initial 

value 𝑆𝑜𝐻௜ = 1 when the battery is new and unused, and decreases over time as 
capacity fade increases due to the aging process. The battery reaches its EoL when SoH 
drops to a final value 𝑆𝑜𝐻௙ = 0.8 [17]. As shown in Equation 4. 𝑆𝑜𝐻௧,௕ = 𝑆𝑜𝐻௧ିଵ,௕ − 0.2 ⋅ 𝑄௧,ி  (4) 

where 0.2 is the degradation coefficient, such that a complete degradation level (i.e., 𝑄௧,ி = 1) corresponds to a state of health SoH = 0.8, which is considered the EoL 
threshold 𝑆𝑜𝐻௙. 
To better understand how to model the aging process of batteries, it is important to 
examine the evolution of their capacity fade over time. Figure 2 illustrates the general 
degradation trend of lithium-ion batteries, as shown in [14][15]. The capacity starts at 
its initial value with zero capacity fade and gradually decreases due to the combined 
effects of calendar and cyclic aging. Once the battery reaches the EoL threshold, 
typically defined at 80% of the initial capacity, degradation accelerates rapidly and the 
remaining capacity becomes unpredictable. 

 
To capture this behavior, the battery service duration 𝐿௕ is modeled as a function of 

annual degradation rate, denoted by 𝐿௟௢௦௦, quantifies the yearly reduction in battery 
capacity due to aging. As given in Equation (5). 

 𝐿௕ = 𝑆𝑜𝐻௜ − 𝑆𝑜𝐻௙𝐿௟௢௦௦   (5) 

 

Fig.  2: General trend of battery degradation 
based on time 
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where 𝐿௟௢௦௦ is the total annual scaled degradation of the batteries is calculated in 
Equation (6). 𝐿௟௢௦௦ = 0.2 ⋅ 𝛽෍(𝑄௧,ி௖௬௖ + 𝑄௧,ி௖௔௟)௡

௧ୀଵ   (6) 

where 𝛽 is a scaling parameter that depends on the time resolution of the data used 
in the optimization either weekly, as in sizing, or daily, as in short-term day-ahead 
optimization in order to annualize the degradation. 

 
4 System operation model 
 
From the power flow representation in Figure 3, the operation model of the system 

can be formulated by considering power limitations and physical constraints. 
Power constraints must be satisfied at each time step t, as the optimization is carried 

out using real data with a fixed interval ∆t over a predefined time horizon. 
Limitation on the maximum contracted power exchange between the grid and the 

system is expressed in equation (7) and (8). 0 ≤ 𝑃௧,ீ→(௕,௅) ≤ 𝑃௠௔௫  (7) 0 ≤ 𝑃௧,(௣௩,௕)→ீ ≤ 𝑃௠௔௫  (8) 
 

 
 
Equations (9) and (10) present models for PV generation, which take into account 

the solar irradiance incident on the PV modules and their temperature to determine the 
instantaneous normalized output power [18][19]. 𝑇௣௩(t) = 𝑇௔(t) + 𝑁𝑂𝐶𝑇 − 20800  G(t) (9) 𝑝௣௩(t) = 𝑝௣௩,௠(1 − 𝐾்(𝑇௣௩(t) − 𝑇௦)) ⋅ 𝐺(𝑡)𝐺௦   (10) 

 
Where 𝑝௣௩ denotes the instantaneous output power of a PV module, while 𝑝௣௩,௠ 

refers to its rated power. 𝐾𝑇 is the temperature coefficient of the PV cell, 𝑇௣௩ is the cell 
temperature, and 𝑇௦ is the reference temperature under Standard Test Conditions. G 

Fig.  3: Power flow representation 
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represents the actual solar irradiance, 𝐺𝑠 is the irradiance under STC, 𝑇௔ is the ambient 
temperature, and NOCT stands for the Nominal Operating Cell Temperature. 

The maximum PV output constraint is defined in Equation (11). 0 ≤ 𝑃௧,௣௩→(௅,௕,ீ) ≤ 𝑃௣௩௠௔௫  (11) 
Equation (12) presents the battery energy balance, accounting for charging and 

discharging processes. The term 𝑆𝑜𝐻௧,௕ is included to reflect the impact of degradation 
on the battery storage capacity over time. 𝐸௧,௕ = 𝐸௧ିଵ,௕ + (𝜂௕,௖𝑃௧,(௣௩,ீ)→௕ − 𝑃௧,௕→(ீ,௅)𝜂௕,ௗ )Δ𝑡 ⋅ 𝑆𝑜𝐻௧,௕  (12) 

The lower and upper bounds of the charging and discharging power of the battery 
storage unit are defined in Equations (13) and (14). 0 ≤ 𝑃௧,(௣௩,ீ)→௕ ≤ 𝑃௕,௖௛௠௔௫  (13) 0 ≤ 𝑃௧,௕→(ீ,௅) ≤ 𝑃௕,ௗ௜௦௠௔௫  (14) 

Equation (15) defines the SoC of the battery as the ratio of the stored energy Et,b to 
the total battery capacity 𝑁௕E௕, providing a normalized measure of the battery available 
energy at a given time. Meanwhile, Equation (16) imposes constraints on the minimum 
and maximum allowable SoC levels. 𝑆𝑜𝐶௧,௕ = E௧,௕𝑁௕E௕ (15) 𝑆𝑜𝐶௕௠௜௡ ≤ 𝑆𝑜𝐶௧,௕ ≤ 𝑆𝑜𝐶௕௠௔௫  (16) 

The C-rate of the BESS is determined based on its charging and discharging 
operations, as shown in Equation (17). 𝐶௧,௥௔௧௘ = P௧,௕𝑁௕E௕ (17) 

The constraints on DC-side power limitation, simultaneous battery charging and 
discharging, and power exchange with the grid are given in Equations (18), (19), and 
(20), respectively. In addition, the power flow balance to the load is enforced by the 
constraint in Equation (21). 𝑃௧,௣௩→(௅,ீ) + 𝑃௧,௕→(௅,ீ) ≤ 𝑃஽஼௠௔௫ (18) 𝑃௧,௕→(௅,ீ) ⋅ 𝑃௧,(௣௩,ீ)→௕ = 0  (19) 𝑃௧,ீ→(௅,௕) ⋅ 𝑃௧,(௣௩,௕)→ீ = 0 (20) 𝑃௧,௅ = 𝑃௧,ீ→௅ + 𝑃௧,௕→௅ + 𝑃௧,௣௩→௅  (21) 

Equation (22) represents the energy cost associated with power exchange with the 
grid. It accounts for the energy consumed from the grid by both the batteries and the 
loads, calculated according to the ToU tariff. It also includes the energy fed back into 
the grid, which consists of contributions from both the BESS and the PV system. 𝐶௧,ீ = 𝑃௧,ீ→(௅,௕) ⋅ Δ𝑡 ⋅ 𝑇𝑜𝑈௧ − 𝑃௧,(௣௩,௕)→ீ ⋅ Δ𝑡 ⋅ 𝐹𝑖𝑇௧  (22) 

where 𝐹𝑖𝑇௧ is the energy price for selling electricity back to the grid. It represents 
80% of 𝑇𝑜𝑈௧, excluding applicable taxes. 

This system operation model allows for integration into the sizing process, making 
the combined sizing and operation model more realistic for predicting actual system 
costs and estimating battery lifetime. 
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5 Sizing approach 
 
For sizing PV and BESS in residential applications, the most commonly used 

approach involves modeling investment, replacement, and maintenance costs over the 
project lifetime typically 20 years. To integrate operational costs and account for the 
impact of battery degradation, an annualized cost-based sizing approach is used. In this 
method, project lifetime costs are converted to equivalent yearly values. This allows 
annual battery capacity losses to be consistently linked with annual costs, ensuring 
realistic and comparable optimization results. 

The expenses include the cost of PV panels, BESS capacity, and the ER. The PV 
system lifetime is considered fixed, as it typically exceeds the 20-year (𝐿௣௥) project 
duration. The ER is assumed to have a lifespan of 15 years, and its replacement is 
accounted for accordingly. Therefore, the BESS is the only component whose 
performance and cost are significantly affected by degradation. 

 
5.1 Annualized cost 
The total cost includes the initial investment cost, replacement cost, and main- 

tenance cost. Equation (23) presents the initial investment cost of the complete system, 
incorporating the Capital Recovery Factor (CRF) to account for annual loan interest 𝑖௅ 
payments on the total cost of all components over M years. 𝐶஼௔௣௜௧௔௟ = ෍ 𝐶஼௔௣,௝ ⋅ 𝑖௅(1 + 𝑖௅)ெ(1 + 𝑖௅)ெ − 1 ⋅ 𝑀𝐿௣௥௝   (23) 

The total initial investment cost 𝐶஼௔௣௜௧௔௟ of the system can be broken down by 
component as follows: Equation (24) defines the investment cost of the photovoltaic 
system, where 𝑁௣௩ is the number of PV panels and 𝐶஼௔௣,ଵ is the unit cost of one panel. 𝐶஼௔௣,௣௩ = 𝑁௣௩ ⋅ 𝐶஼௔௣,ଵ  (24) 

Equation (25) expresses the battery storage system investment, where 𝑁௕ is the 
number of battery units and 𝐶௕,ଵ is the cost per battery. The ER, acting as the power 
converter, is assumed to be a single unit with a fixed cost 𝐶ாோ. 𝐶஼௔௣,௕ = 𝑁௕ ⋅ 𝐶௕,ଵ, 𝐶஼௔௣,ாோ = 𝐶ாோ   (25) 

The replacement cost accounts only for the BESS and the ER and is calculated to 
cover future replacements. It includes the Sinking Fund Factor (SFF) to determine the 
periodic deposit required to accumulate the future amount, based on the interest rate of 
a savings account 𝑖௦௔. The corresponding calculation is shown in Equation (26). 𝐶ோ௘௣௟௔௖௘௠௘௡௧ = ෍ 𝐶ோ௘௣,௝ ⋅ 𝑖௦௔(1 + 𝑖௦௔)௅ೕ − 1 ⋅ (1 − 𝐿௝𝐿௣௥)௝   (26) 

The battery replacement cost is calculated based on the number of battery units 𝑁௕ 
and the unit cost 𝐶௕,ଵ. Similarly, the ER replacement cost is assumed to be a fixed 
amount 𝐶ாோ, as shown in Equation (27). 𝐶ோ௘௣,௕ = 𝑁௕ ⋅ 𝐶௕,ଵ, 𝐶ோ௘௣,ாோ = 𝐶ாோ  (27) 

The annual maintenance cost is estimated as 1% of the capital cost of each 
component, assuming a uniform maintenance rate across all components, as shown in 
Equation (28). 𝐶ெ௔௜௡௧௘௡௔௡௖௘ = ෍ 𝐶ோ௘௣,௝ ⋅ 1%௝   (28) 
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5.2 Joint sizing approach 
 
Once the models for sizing and operating costs are defined, a joint sizing and 

operation approach can be established. The main idea of this approach is to integrate 
running costs based on real consumption data, weather conditions, and energy prices 
for a realistic case study. The optimization problem is then formulated as follows. 𝑚𝑖𝑛 𝐶்௢௧ = 𝐶஼௔௣௜௧௔௟ + 𝐶ோ௘௣௟௔௖௘௠௘௡௧ + 𝐶ெ௔௜௡௧௘௡௔௡௖௘ + 𝐶௢௣௘௥௔௧௜௢௡  (29) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: ⎩⎨
⎧𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 𝑖𝑛: (7) − (8), (11), (13) − (14), (16),𝑎𝑛𝑑 (18) 𝑡𝑜 (21)𝑁௣௩ ≤ 𝑁௣௩,௠௔௫𝐶ூே௏ ≤ 𝐶ூே௏,௠௔௫

  (30) 

Where: 𝐶௢௣௘௥௔௧௜௢௡ = 𝛽෍𝐶௧,ீ௡
௧ୀଵ   (31) 

The number of PV panels selected by the optimization must not exceed the available 
physical space for their installation. Additionally, the initial investment cost is 
constrained by the maximum budget allocated for the system. 

The optimization procedure starts by uploading the input data, including the 
household consumption profile, corresponding weather data, and the applicable ToU 
tariff. It proceeds with the initialization of model parameters, such as PV module 
characteristics and battery specifications. 

Throughout the optimization loop, the number of PV panels and the BESS size are 
selected. For each configuration, power flow is simulated, battery SoC and aging are 
calculated, and energy costs are evaluated based on real consumption data, weather, 
and energy prices. 

The algorithm computes the total cost, including investment, replacement, 
maintenance, and operational costs. Constraints such as SoC bounds, power limits, and 
battery degradation are checked. If all constraints are satisfied and the stopping criteria 
are met, the optimization converges to the optimal solution. The optimization is handled 
using MATLAB fmincon solver with an interior-point algorithm, subject to nonlinear 
constraints and configured to run in parallel with strict tolerance settings for constraint 
satisfaction, step size, and optimality. However, the optimization process determines 
the 𝐿௟௢௦௦, creating a trade-off between 𝐿௟௢௦௦ and the number of batteries 𝑁௕. This trade-
off is illustrated in Figure 4, which shows the replacement cost as a function of 𝐿௟௢௦௦ 
and 𝑁௕. 

Fig.  4: Replacement cost variation with Lloss 
and Nb 
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The optimization tends to minimize the replacement cost either by selecting a higher 

number of batteries, which reduces degradation, or by avoiding high 𝐿௟௢௦௦ values that 
would result in frequent replacements. 

 
5.3 Sizing Results 
 
To evaluate the proposed approach, different scenarios based on solar irradiance 

levels are considered. Each scenario is built by selecting one representative week of 
consumption along with the corresponding solar irradiance and temperature data (with 
a time step of one hour), which is then annualized to serve as input for the optimization 
process. The objective is to determine the optimal selection of 𝑁௕ and 𝑁௣௩, along with 
the associated operational cost, annualized total cost, and corresponding battery 
lifetime. 

Both self-consumption and grid-selling scenarios are analyzed to assess the impact 
of incorporating battery degradation under different conditions and its influence on 
dynamic lifetime estimation. 

Table 1 presents the optimization results under three irradiance levels (high, 
medium, and low) and two operation strategies: self-consumption and selling to the 
grid. 

 

Table 8: Optimization results under different irradiance and selling strategies 

 Self Consumption Selling to the Grid Option 
 𝑁௣௩௢௣ 𝑁௕௢௣ 𝐿௟௢௦௦ 𝐿௕ 𝑁௣௩௢௣ 𝑁௕௢௣ 𝐿௟௢௦௦ 𝐿௕ 

High irradiance 24 5 1.58 12.6 25 5 1.59 12.57 
Medium irradiance 16 3 1.33 15 25 7 1.37 14.5 
Low irradiance 25 7 1.59 12.5 25 7 1.73 11.52 

 
The analysis reveals that irradiance level strongly influences the optimal system 

configuration. Under high irradiance, a reduced number of PV panels are sufficient for 
self-consumption (𝑁௣௩௢௣ = 24) compared to low irradiance conditions, which require the 
maximum number of panels (𝑁௣௩௢௣ = 25). A similar trend is observed for battery sizing. 
Medium irradiance conditions result in a reduced battery configuration (𝑁௕௢௣= 3), 
reflecting a favorable balance between energy generation and consumption. 

It should be noted that consumption and energy prices also play a significant role in 
system sizing. In the medium irradiance scenario, the reduced selection of both PV and 
battery capacity is partly due to lower overall energy demand during the selected period. 
Additionally, the peak consumption aligns better with the solar generation profile, 
improving self-consumption efficiency and reducing the need for storage or excess 
generation capacity. 

When grid-selling is enabled, the system tends to size the PV system at its upper 
bound (𝑁௣௩௢௣= 25) across all irradiance levels to maximize revenue. This shift comes 
with an increase in battery usage, especially under medium irradiance (𝑁௕௢௣= 7) 
compared to only 3 in the self-consumption case. Notably, in the low irradiance case, 
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𝐿௟௢௦௦ increases from 1.59% to 1.73% and 𝐿௕ drops to 11.52 years, indicating that 
maximizing profit through export comes at the cost of higher battery degradation. 

The number of batteries 𝑁௕௢௣ and the annual degradation rate 𝐿௟௢௦௦ exhibit a clear 
inverse relationship. Increasing 𝑁௕௢௣ helps reduce 𝐿௟௢௦௦, thereby extending the battery 
lifetime 𝐿௕, as observed in the medium irradiance case, where 𝑁௕௢௣ increases from 3 to 
7 under the selling scenario. However, in grid-selling scenarios, the system tends to 
exploit battery cycling more intensively to maximize revenue, resulting in higher 𝐿௟௢௦௦ 
and lower 𝐿௕, even when 𝑁௕௢௣ is high. 

Table 2 presents the cost results for three representative weeks, each associated with 
a different solar irradiance level and mapped to a corresponding season. Since a typical 
year is composed of such seasonal variations, this approach provides an estimate of the 
annual degradation rate 𝐿௟௢௦௦ and a more realistic evaluation of system performance. 
For this purpose, all optimization runs were conducted with a fixed number of PV 
panels 𝑁௣௩௢௣ = 25 and batteries 𝑁௕௢௣ = 7 across all scenarios. These values were selected 
based on the optimal system sizing identified in the previous table. This setup ensures 
that the analysis reflects realistic operational conditions throughout the year, focusing 
specifically on the scenario where selling electricity back to the grid is enabled, which 
is the adopted case. 

Table 9: Cost breakdown and battery degradation under fixed PV and BESS 
configuration 

Total 
capital 

cost 
(€/year) 

Total 
maintenance 

cost  
(€/year) 

Total 
replacement 

cost 
(€/year) 

Annual 
imported 
energy 

cost 
(€/year) 

Annual 
exported 
energy 

cost 
(€/year) 

Annual 
operational 

cost 
(€/year) 

Overall 
cost 

(€/year) 

𝐿௟௢௦௦ 
(%) 

𝐿௕ 

516.6 90.75 86.85 4231.23 - 531.28 3700 4394.2 1.47 13.6 
 
The results in Table 2 show that, under the fixed configuration, the annual 

degradation rate 𝐿௟௢௦௦ is 1.47%, corresponding to a battery lifetime 𝐿௕ of ap- 
proximately 13.6 years. These values confirm the effectiveness of the selected system 
sizing in limiting battery wear while maintaining operational performance throughout 
the year. The moderate degradation rate ensures fewer replacements, contributing to a 
balanced trade-off between investment and operational cost.  

Figure 5 shows the power flow dynamics, battery SoC, and C-rate behavior over a 
representative day in the average irradiance scenario with grid selling enabled. The C-
rates for both charging and discharging remain below 0.3, indicating moderate battery 
usage and controlled cycling. The battery is primarily charged during low-tariff periods 
and discharged during high-tariff periods, reflecting the optimization objective to 
reduce energy costs and increase revenue through grid export. All operational 
constraints are respected, including those on power flow and battery SoC, as shown in 
the figure. 

Figure 6 illustrates the payback time when considering the option of selling 
electricity back to the grid. It shows two curves: the first represents the cumulative cost 
over 20 years when all the energy demand is met only from the grid. The second curve 
represents the cumulative cost of the PV-BESS system integrated with an energy router. 
This cost includes the initial investment (distributed over M years), replacement and 
maintenance costs, as well as operational costs calculated as the cost of energy 
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purchased from the grid minus the revenue from energy sold back to the grid. As shown 
in the figure, the payback time is approximately 7 years, indicating that the adoption of 
such a system becomes more economically beneficial in the long term. 

 

 

 
 
6 Day-Ahead Operation and Energy Management 
 
For day-ahead operation, the focus shifts to the EMS, which becomes central to 

optimizing energy flow in real time. The presence of the ER converter enables the 
dynamic coordination of power exchange between the PV system, BESS, the grid, and 
the residential load. The proposed EMS is designed to operate over a 24 hours horizon 

Fig.  5: Power flow, SoC, and C-rate profiles for a 
representative day under average irradiance 

Fig.  6: Payback time analysis for PV-
BESS System with energy export to the Grid 
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where it predicts both energy consumption and PV generation. These forecasts, 
combined with day-ahead energy prices, serve as inputs for the day-ahead optimization. 

The day-ahead optimization is applied within the household EMS and is structured 
in two main layers, as shown in Figure 7. The upper layer is the EMS, which collects 
historical system data, integrates weather forecasts, and predicts PV output and 
electricity demand. Using this information, the optimization problem is solved to 
determine the most cost-effective strategy for managing energy flow over the next 24 
hours. The resulting power references are then sent to the lower layer, consisting of the 
physical system: the residential load, PV panels, BESS, and the grid, all interconnected 
via the ER converter, which executes the optimal energy dispatch in real-time 
operation. 

 
Fig.  7: Architecture of the proposed Short-Term EMS 

 
6.1 Day-Ahead optimization 
The developed day-ahead optimization strategy aims to minimize the total oper- 

ational cost of a residential PV-battery system while accounting for short-term battery 
degradation effects. To ensure the approach realistically captures battery wear in daily 
operations, the optimization is formulated to be battery aging-aware by integrating 
degradation cost models directly into the objective function. Several degradation 
modeling approaches exist in the literature to quantify the impact of battery usage on 
lifetime, such as SoH-based models that compute cost as a function of SoH loss [21], 
and FEC-based models that use Full Equivalent Cycles to estimate degradation [22]. 
These models are used to link short-term energy management decisions with long-term 
battery degradation dynamics. 

 
6.1.1 Optimization formulation 
 
The day-ahead optimization problem is formulated to minimize the total opera- 

tional cost over a 24-hour time horizon with a fixed step time, typically set to 5 minutes. 
The objective function, presented in (32), includes three main components: the cost of 
electricity purchased from the grid, the revenue from energy exported to the grid, as 
detailed in Equation (22) in the case study and system operation model section, and the 
degradation cost of the battery 𝐶ௗ,ிெ௢ௗ௘௟, which accounts for both calendar and cyclic 
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aging effects, as introduced in the battery degradation model section. This integrated 
formulation ensures that the optimization not only minimizes daily operational costs 
but also balances short-term economic benefits with long-term battery health 
preservation. The optimization is formulated as follows. 𝑚𝑖𝑛 𝐶஽௔௜௟௬ = 𝐶ௗ,ிெ௢ௗ௘௟ + ෍𝐶௧,ீ௡

௧ୀଵ  (32) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: ൜𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 𝑖𝑛: (7) − (8), (11), (13) − (14), (16),𝑎𝑛𝑑 (18) 𝑡𝑜 (21)   (33) 

The optimization includes all operational constraints previously defined in the 
system operation model section, covering power balance, maximum power limits, and 
charging/discharging constraints. 

6.1.2 Battery degradation cost modeling 
A commonly used approach in EMS is to convert battery degradation into a 

monetary cost, enabling the integration of long-term battery wear into short-term 
operational decisions. This formulation helps prevent excessive degradation due to 
daily cycling and ensures that optimal control strategies account for battery aging 
[22][9][21]. 

Two widely adopted models for estimating battery aging costs are the SoH-based 
model and the (FEC)-based model: 

1) SoH-Based Model This approach calculates degradation cost based on the loss 
in battery SoH over time. The idea is to penalize each loss of SoH 
proportionally to the initial capital cost of the battery. The total cost over a 
prediction horizon is given by: 𝐶ௗ,ிௌ௢ு = ෍−𝑐௙ ⋅ 𝑁௕𝐸௕1 − 𝑆𝑜𝐻௙ ∆𝑆𝑜𝐻௧,௕௡

௧ୀଵ  (34) 

Where:  
– 𝑐௙ is the battery cost per kWh [€/kWh], 
– 𝐸௕ is the nominal capacity of the battery [kWh], 
– ∆𝑆𝑜𝐻௧,௕ is the SoH degradation during time step t. 

2) FEC-Based Model This model assumes that battery degradation is mainly due 
to the number of charge-discharge cycles. The total battery life is characterized 
by a predefined number of Full Equivalent Cycles (FECs), after which the 
battery reaches its end of life. The cost per time step is calculated as: 𝐶ௗ,ிிா஼ = ෍𝑐௙ ⋅ 𝑁௕𝐸௕𝑁஼௬௖ ∆𝐹𝐸𝐶௧,௕௡

௧ୀଵ  (35) 

Where: 
– ∆𝐹𝐸𝐶௧,௕ is the fraction of a full cycle consumed at time step t. 
This approach may underestimate degradation under conditions where calendar 

aging dominate. 
3) Proposed degradation cost model Unlike the previous models, the proposed 

approach incorporates both the physical degradation of the battery and the 
financial impact of its future replacement by considering the effect of interest 
rates. This choice is motivated by the fact that in the system sizing stage, the 
battery replacement cost was discounted using a sinking fund approach, which 
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ensures financial consistency between long-term investment planning and 
short- term operational decisions. 𝐶ௗ,ிௗ௘௚ି௥௘௣ = 𝑐௙ ⋅ 𝑁௕𝐸௕ ⋅ 𝑖௦௔(1 + 𝑖௦௔)ௌ௢ு೔ିௌ௢ு೑଴.ଶ⋅ఊ⋅ொ೏,ಷ − 1 ⋅ 1𝛾 (36) 

Where: 
– In the daily case, γ is set to 365. 
Where: 𝑄ௗ,ி = ෍𝑄௧,ி௡

௧ୀଵ  (37) 

This model ensures consistency with the economic assumptions used during the 
sizing phase and reflects more accurately the financial consequences of battery wear. It 
is especially useful for applications where the EMS must balance cost savings and asset 
longevity while respecting financial return criteria. 

 
6.1.3 Seasonal performance analysis of the proposed model 
 
To evaluate the sensitivity of the proposed degradation-integrated cost model to 

seasonal conditions, the day-ahead optimization was applied to two representative days: 
one in summer and one in winter (Figure 8). These test cases reflect typical 
consumption behaviors under different environmental and pricing conditions. The 
optimization problem was solved with a temporal resolution of 5 minutes (∆t = 5 min). 
Both energy prices and household demand exhibit seasonal variability, winter presents 
higher consumption and significantly elevated energy tariffs compared to summer. This 
allows for a comprehensive assessment of how the proposed EMS strategy responds to 
seasonal fluctuations in both grid dynamics and household energy behavior, 
particularly with respect to battery usage, degradation impact, and cost-effectiveness. 

 

 
 

(a) Consumption profiles (b) Energy prices 

Fig.  8: Seasonal variations in consumption and energy prices 
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Figure 9-a illustrates the evolution of battery SoH under both winter and summer 
conditions, starting from the same initial value. As shown, the degradation is more 
significant in the winter case. This is primarily due to higher energy demand, more 
intensive cycling, which amplify both calendar and cyclic aging effects. In contrast, the 
summer scenario demonstrates a slower degradation trend, reflecting less stressful 
operating conditions for the battery. Figure 9-b shows the battery SoC profiles over 24 
hours. During winter, the battery reaches its lower SoC limit (𝑆𝑜𝐶௠௜௡ = 0.2), indicating 
important discharging to meet demand. This increases cycling-related stress. In 
summer, the battery operates within a narrower and more stable SoC range, benefiting 
from higher PV generation and lower consumption. 

 
 
As shown in Table 3, the PV-battery system leads to cost savings in both summer 

and winter scenarios. The Grid-only cost represents the case where all electricity is 
drawn from the grid without any local generation or storage. The Final cost excludes 
the degradation cost, which is treated as a penalty reflecting battery wear. Despite 
higher degradation in winter, the system yields greater savings due to higher 
consumption and electricity prices, emphasizing the economic advantage of the 
proposed day-ahead optimization. 

 

Table 10: Cost comparison between summer and winter scenarios 

Cost component Summer (€/day) Winter (€/day) 

Imported cost 3.6711 27.2072 
Exported cost - 0.6435 - 0.0030 
Battery degradation cost 0.2310 0.4395 
Final cost (without degradation) 3.0276 27.2042 
Grid-only cost 4.3380 34.0158 
Potential savings 1.3104 6.8086 

(a) SoH evolution (b) SoC evolution 

Fig.  9: SoH and SoC profiles for different seasonal scenarios 
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7 Business Model Perspective and Deployment Roadmap 
 
To translate the proposed degradation-aware sizing and day-ahead EMS into a 

deployable solution, we consider a hybrid Cloud/Edge architecture designed for 
residential prosumers equipped with PV, BESS, and an ER as shown in figure 10. The 
key technical challenge for real deployment is that uncertainty (load, PV generation, 
tariffs, and user behavior) requires frequent decision updates, while embedded 
controllers must remain fast, reliable, and privacy-preserving. 

 
Architecture (two-level Table 4): 
Edge Computing Platform (ECP): implemented on a low-cost Raspberry Pi 4 

integrated with Home Assistant. The ECP handles data acquisition (smart meter, PV, 
BESS, ER), provides the user interface, performs local short-term consumption 
prediction, and executes real-time decision making by computing power references for 
the ER. High-frequency household data can be stored locally by default, supporting 
privacy and resilience (operation continues even if connectivity is degraded). 

Table 11: ECP/CCP Split of Responsibilities 
Edge Computing Platform (ECP): Raspberry 

Pi 
Cloud Computing Platform (CCP): Cloud 

Service 
• Data acquisition (smart meter, PV, BESS, 

Energy Router) 
• Home Assistant UI (user-friendly) 
• Local consumption prediction 
• Real-time decision making (compute power 
references for ER) 
• Local storage (default) 

• Day-ahead optimization (heavy compute) 
• Multiparametric optimization to compute critical 
regions 
• Tariff/forecast processing 
• Policy distribution + updates 
• Optional cloud storage (limited retention) 

Uploads: aggregated day-ahead forecast (and 
optional consented aggregates), not raw sensitive 
signals by default. 

Returns: compact policy packages (critical 
regions) enabling fast real-time control on the 
ECP. 

Operates in Real-time. Runs on schedule (daily + every 4 hours). 
 
 

Fig.  10: Two-level EMS architecture with CCP and ECP 
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Cloud Computing Platform (CCP): runs the computationally intensive day-ahead 
optimization and periodically performs multiparametric optimization to generate 
Critical Regions (CRs). These policies are transmitted to the ECP, enabling real-time 
optimal control without solving heavy optimization problems on the embedded device.  

 
7.1 Role of multiparametric optimization under uncertainty 
Instead of relying on continuous cloud control, the CCP converts the day-ahead 

problem into a set of critical regions that map uncertain/variable parameters to an 
optimal control law. This approach ensures that the ECP can react in real time with 
minimal computation and latency, while still following an optimization-consistent 
strategy.  

Value proposition: 
The solution targets measurable outcomes already demonstrated by the research 

results:  
1)  reduced electricity cost through optimized scheduling under ToU and export 

rules. 
2)  improved asset durability by explicitly accounting for battery degradation 

(calendar + cyclic). 
3)  practical feasibility through a low-cost embedded implementation. The 

availability of an open-access residential load profile predictor already 
implemented on Raspberry Pi 4 supports immediate prototyping and future 
replication across sites and climates [20]. 

 
7.2 Go-to-market logic 
A realistic adoption path is through PV+BESS+ER installers and integrators, where 

the end user bears installation costs as part of the global installation/retrofit project, 
while the EMS provider supplies the ECP package and software onboarding. A 
recurring subscription can cover CCP services (day-ahead optimization, critical-region 
updates, cybersecurity maintenance, tariff updates, and technical support), with multi-
tenant cloud execution reducing marginal compute cost per household. 

 
7.3 Roadmap 
The next step is to close the loop in a real case study by finalizing:  
(i) the CCP day-ahead optimization based on multiparametric optimization. 
(ii) the ECP real-time execution layer that computes ER power references from 

the received CRs. A preliminary cost assessment (edge hardware, local 
storage, and cloud compute) enables feasibility evaluation before 
customization and full experimental validation on the ER prototype. 

 
 
8 Conclusion and Perspectives 
 
This chapter presented a degradation-consistent framework for residential PV–

battery systems, linking battery lifetime modeling, system operation, sizing, and day-
ahead optimization. A semi-empirical LiFePO4 model combining calendar and cyclic 
aging was used to track SoH and quantify annual degradation losses, enabling sizing 
decisions that reflect realistic replacement needs and economic impact. The resulting 
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configuration was then used in a day-ahead EMS where battery aging is monetized 
through a degradation cost model consistent with the sizing stage. Seasonal case studies 
indicate annual capacity fade typically in the 1.3–1.7% range, yielding an estimated 
lifetime of about 13–14 years, while export-enabled scheduling improves profitability 
with a payback time close to 7 years and daily savings compared to grid-only operation. 

 
Future work will focus on experimental validation on a residential application with 

an ER and full implementation using a two-level cloud/edge EMS. Multiparametric 
optimization will be used to handle uncertainty and to deliver compact “critical-region” 
policies from the cloud, enabling fast real-time control on embedded hardware while 
preserving privacy and reliability. 
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Abstract. AC microgrids and nanogrids have reached a mature stage in terms of 
efficiency, operational flexibility, and resilience. However, in recent decades, DC 
microgrids have gained significant attention as a promising alternative for both 
industrial and residential applications. Modern DC-DC converters now offer high 
efficiency across a wide range of use cases, from general-purpose to specialized 
applications. Replacing conventional AC-based components with DC systems 
can further reduce energy losses and unlock greater operational flexibility. 
Among various DC architectures, droop-controlled DC microgrids stand out for 
their adaptability, resilience, and stable performance. Even with fixed droop 
curves, DC microgrids provide a degree of operational flexibility. However, 
integrating an Energy Management System (EMS) to control droop-regulated 
assets can significantly enhance this flexibility, enabling a wider range of 
operational modes and dynamic responses. This chapter provides an overview of 
EMS for DC microgrids and presents simulation results and experimental 
validation of a centralized EMS with binary shifting from a 350V DC nanogrid 
testbed. 

Keywords: DC droop control, Setpoint shifting, DC nanogrid, energy 
management, Battery Management. 

1   Introduction 

With the global population rising rapidly and fossil fuel reserves gradually depleting, 
the world has increasingly shifted toward renewable energy over the past few decades. 
This transition is also driven by concerns over geopolitical stability, the urgent need for 
energy independence, and the push to mitigate climate change. The European Union, 
through initiatives like the Green Deal, has set an ambitious goal to become carbon 
neutral by 2050. As a result, member states are adopting policies to cut emissions. For 
example, since 2020, Estonia has mandated that all new residential buildings meet the 
nearly zero-energy building (nZEB) standard, corresponding to energy performance 
class A. This standard necessitates that buildings are constructed using energy-efficient 
solutions and renewable energy technologies in a technically reasonable manner [1]. 

However, the growing integration of renewables into the grid introduces challenges 
such as grid congestion and harmonic distortion. While renewable energy installations  
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Fig. 3. Typical DC droop-controlled residential nanogrid/microgrid. 
 

were once viewed as highly profitable, widespread adoption could drive down energy 
prices, potentially reducing return on investment. In such cases, prosumers may benefit 
more by consuming or storing their excess energy for use during peak price periods 
rather than selling it to the grid. Effective EMS approaches can make this strategy 
feasible. 

Currently, most renewable integration relies on traditional AC systems using line-
frequency converters. However, AC microgrids present limitations, including multiple 
conversion stages, bulkier infrastructure, and reduced control flexibility. Additionally, 
essential resources like copper and iron are also becoming scarce, making conventional 
AC setups less efficient in terms of both energy and material use. 

These challenges can be addressed by adopting droop-controlled DC microgrids. DC 
microgrids offer benefits like fewer power conversion stages and the need for only one 
grid-interface converter, leading to higher efficiency, greater operational flexibility, 
and reduced use of raw materials. As illustrated in Fig. 1, a typical DC nanogrid 
configuration demonstrates this streamlined and resource-efficient design. In the droop 
control approach, each asset is assigned a specific operating voltage range by applying 
a droop coefficient (virtual resistance) to the converter [2]. Converters and loads are 
given unique droop curves based on their power ratings and capabilities, enabling 
efficient power sharing and the implementation of various operating modes across 
different voltage bands.  

The concept of DC droop control is derived from its AC counterpart, where power 
sharing among multiple sources is governed by system frequency [3]. This case, 
however, limits the controllability of AC systems as the stable operating frequency 
band is quite narrow. In most cases, energy management in AC systems is event or 
mode-triggered, focusing primarily on maintaining a stable reference voltage rather 
than enabling dynamic, fine-grained control. 
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Fig. 2. DC residential microgrid/nanogrid operating bands according to Current/OS. 

 
 Fig. 3. Piecewise droop curves of different converters and loads in a DC microgrid. 
 
 In contrast, DC droop-controlled microgrids offer greater flexibility, as the 

operating voltage ranges are wider and can be tailored, and droop curves can take 
various forms: linear, piecewise linear, or even nonlinear [4][5]. Even with fixed droop 
curves, significant operational flexibility can be realized, such as maximizing self-
consumption or increasing energy export to the grid. The operating range of a DC 
droop-controlled system is illustrated in Fig. 2, while Fig. 3 presents a representative 
droop curve used within this range. 

In the literature, energy management in DC microgrids or nanogrids is typically 
categorized into three hierarchical control architectures: centralized, decentralized, and 
distributed control. In centralized systems, each converter in the microgrid 
communicates directly with a central EMS, which collects data from all converters and 
sends back optimal power setpoints based on system-wide analysis. In decentralized 
architectures, there is no communication between converters or with a central EMS; 
instead, each converter independently makes decisions based solely on local 
information, such as the DC bus voltage or the state of charge (SOC) of its connected 
energy storage system. Distributed systems, on the other hand, involve peer-to-peer 
communication among converters. Each converter exchanges information with others 
and adjusts its power setpoints collaboratively, without relying on a central controller. 
A simplified illustration of different EMS architectures comprising distributed 
generating units(DGs) is presented in Fig. 4[6]. 

Several research studies have been conducted on implementing energy management 
strategies in DC microgrids. In [7], a standalone DC microgrid comprising photovoltaic 
(PV) panels, fuel cells (FC), batteries, and supercapacitors (SC) is managed using fuzzy 
logic and PI controllers. Reference [8] discusses a SOC-driven, condition-based energy 
management approach for an islanded DC microgrid with a similar configuration.  
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Fig. 4. DC microgrid/nanogrid EMS architecture, (a) Centralized, (b) distributed, and 
(c) decentralized. 

 
In [9], a rule-based EMS is developed for a standalone DC microgrid incorporating PV, 
FC, SC, batteries, and an electric vehicle. This EMS addresses issues such as DC bus 
voltage stability and power-sharing fluctuations caused by renewable generation 
variability and load dynamics. Its effectiveness is validated through hardware testing 
and MATLAB Simulink simulations, demonstrating improved voltage stability and 
energy source coordination. Indirect battery management in a droop-controlled 
microgrid is explored in [10]. In [11], the proposed EMS uses battery SOC as a dynamic 
droop coefficient for power distribution, stabilizing bus voltage, and balancing energy 
storage levels. The strategy includes a secondary control layer that monitors both bus 
voltage and SOC, enabling seamless transitions between operational modes under 
various microgrid conditions. In [12], an EMS is proposed that utilizes an adaptive 
droop control algorithm to maintain DC bus voltage, especially during the islanded 
operation, where voltage regulation is more challenging. It employs a nonlinear droop 
profile with four tunable parameters, optimized for stable and efficient performance 
across different load and generation scenarios.  

In [13], an optimized droop control strategy is introduced for DC microgrids with 
parallel-connected batteries. The focus is on mitigating SOC imbalances that lead to 
battery degradation. The strategy incorporates actual battery capacity data into the 
control logic, enabling proportional power sharing and SOC equalization. In [14], a 
centralized EMS is proposed for maximizing the utilization of PV and battery energy 
storage system (BESS)  through multi-objective optimization techniques. This includes 
linear programming for energy scheduling and mixed-integer linear programming for 
intelligent load shedding. In [15], an EMS for an isolated DC microgrid based on fuzzy 
logic control (FLC) is presented, which efficiently manages power generation and 
demand. The FLC adjusts the fuel cell output in response to the power gap and battery 
SOC, enhancing the overall efficiency and reliability of the microgrid. 

Conventional energy management strategies often face certain limitations. They 
either depend on computationally intensive algorithms or require a reliable and fast 
communication link to enable frequent data exchange between the EMS and power 
converters within the nanogrid. However, DC microgrids with piecewise droop curves 
inherently operate within well-defined voltage bands, offering an opportunity to reduce 
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the need for continuous EMS intervention. This work aims to leverage that 
characteristic by developing an EMS approach that minimizes the frequency of setpoint 
updates sent to the converters. The goal is to simplify control by reducing the EMS's 
direct involvement in real-time operations. To achieve this, a mode-based, condition-
triggered EMS architecture is proposed. This approach allows the system to operate 
autonomously within predefined voltage ranges, only adjusting the droop curve when 
certain operational thresholds are crossed, thereby improving reliability and reducing 
communication overhead. 

2   Methodology 

2.1   Droop curve shifting 

Considering voltage-power (V–P) droop control, the basic expression for the nth 
converter in a nanogrid is given by: 𝑉௥௘௙ = 𝑘௣.𝑃௠௔௫ + 𝑉௕௨௦ (1) 

 
For a piecewise linear droop curve, within the segment defined by voltage setpoints 

Va and Vb, the power output can be calculated as: 
 𝑃௢௨௧ = 𝑉௕௨௦ − 𝑉௔𝑘௣ + 𝑃௔ (2) 

Where the droop coefficient is: 
 𝐾௣ = 𝑉௔ − 𝑉௕𝑃௔ − 𝑃௕  (3) 

 
When droop setpoint shifting is applied, both voltage reference points are moved to 

new values within the allowable operating range, denoted as Va* and Vb*. 
Consequently, the updated droop coefficient and resulting power output are given by: 

 𝑘௣∗ = 𝑉௔∗ − 𝑉௕∗𝑃௔ − 𝑃௕  (4) 

 𝑃௢௨௧∗ = 𝑉௕௨௦𝑘௣∗ + 𝑃௔ (5) 

By shifting the droop curve, the power output of a converter can be adjusted, 
enabling or enforcing specific operating modes. In essence, energy management in 
droop-controlled microgrids can be effectively implemented through this approach. 

One of the primary goals of this work was to minimize the frequency of interactions 
between the nanogrid and the EMS, meaning that droop curve setpoint shifting should 
occur infrequently. To achieve this, a simple EMS strategy based on conditional logic 
was implemented. The EMS evaluates predefined operating conditions to determine 
when setpoints should be adjusted. These conditions include defined operating bands 
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to prevent excessive communication, which could otherwise overload the network and 
complicate system control. 

Each converter operates in telemetry mode, periodically sending measured input and 
output parameters to the EMS. The EMS checks these values against the predefined 
conditions but only sends new setpoint data if one or more of the condition bands are 
exceeded. Four key parameters were selected to perform droop curve shifting: 

1.  Power consumption, derived from telemetry data, is categorized into high, 
medium, and low prices. 

2. Electricity price, retrieved via DSO APIs, categorized into high, medium, and low 
prices. 

3. Power surplus or deficit, inferred from deviations in DC bus voltage, and 
4. Battery SOC, also obtained from telemetry. Modes change depending on available 

energy based on the SOC's upper and lower limits. 
 To validate this approach, the droop shifting control is applied exclusively to the 

BESS converter in this study. Moreover, the droop curve shifting is implemented 
symmetrically, with a fixed voltage offset for each shift, hence the term binary shifting. 
Fig.5 depicts a flow chart for applying shifting based on the conditions of the four 
parameters. 

The flowchart illustrates that electricity prices are divided into three categories: high, 
medium, and low. These are determined based on historical hourly price data and 
assigned percentile ranges. Similarly, overall power consumption (excluding ESS 
charging power) is classified into the same three tiers based on different load levels. 

 

 
Fig. 5. Flowchart of droop curve shifting based on different operating conditions 
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When the electricity price is in the medium range, the EMS does not perform any 
droop curve shifting for the BESS converter, unless the battery is depleted. In that case, 
if the load is high, the EMS attempts to shed non-critical loads. 

For low-price conditions, if the consumption is low to medium and there is an 
opportunity to charge the battery from the grid, the EMS shifts the droop curve to 
initiate charging. If PV generation is available, the system prioritizes charging from PV 
instead. However, if the load is high and there’s a power deficit (i.e., Vbus < V2, where 
V2 is the voltage threshold just above the lower bound of the normal operation band, 
typically 320 V), the EMS shifts the curve to the left to enable battery discharge. If the 
BESS is unavailable, it again resorts to shedding non-essential loads. If surplus power 
is detected, the system reverts the curve to its original state. 

Under high-priced conditions, the EMS always shifts the droop curve to prioritize 
battery discharge, regardless of load conditions. If the battery is depleted during high 
load, non-critical loads are shed to maintain system stability. This method is tested in 
the RT box simulation as well as in a 350 V DC microgrid.  

2.1   RT Box Simulation Model 

Before implementing droop curve shifting for converter control in real hardware, a 
simulation model was developed to emulate the behavior of the nanogrid. To closely 
replicate real-world operation, the same communication microcontroller used in the 
actual system was also used as the input source for a hardware-in-the-loop (HIL) 
simulation setup. For this purpose, the microgrid model was simulated using PLECS 
Standalone with RT-Box 1. Communication with the EMS was handled by the ESP32-
C3 microcontroller, which is also used in the physical system (discussed in the next 
section). 

However, newer RISC-V-based ESP32 variants lack onboard digital-to-analog 
converters (DAC), which are essential for providing analog signals required for droop 
curve shifting or for injecting real-time mission profiles into the simulation. There are 
two ways to overcome this: generate PWM and average out the PWM signal using an 
RC filter, or an external DAC chip connected to the ESP32 via Inter-Integrated 
Circuit(I2C) protocol. For this experiment, the second option is chosen. A Raspberry Pi 
4 is used to process feedback data, compute the necessary symmetrical droop shifting 
values, and send them to the ESP32 via Message Queuing Telemetry Transport  
(MQTT) protocol, and the microcontroller emulates the behavior of a BESS converter. 

In the simulation, all current-fed converters are represented as average models using 
controlled current sources. These sources are driven by custom C-scripts containing 
predefined droop parameters. Real-time analog values from the DAC are read by the 
RT-Box, filtered, scaled, and then passed to the C-script controlling the BESS converter 
within the simulation. A simplified schematic of the system is shown in Fig. 6. 
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Fig. 6. Real-time simulation model of the nanogrid with the proposed droop curve 
shifting. 

The simulation input mission profile for a day, shown in Fig. 7, is a synthetic dataset 
generated using a Python script. The mission profile was generated in a way that it can 
have both surplus and deficit scenarios. For the price information, a synthetic hourly 
price of energy was chosen; the price curve is shown in Fig.8. 

 
Fig. 7. Input mission profile for HIL simulation. 
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Fig. 8. Synthetic price curve with classification. 

 
The data injector modules are illustrated in Fig. 9. Three ESP32 units are connected 

to the RT-Box 1: one functions as the BESS converter, adjusting the droop curve 
according to incoming setpoints; another receives system feedback from the RT-Box; 
and the third injects the mission profile. The complete setup is depicted in Fig. 10. 

 

 
Fig. 9. Mission Profile injector, simulation feedback module, and droop curve shifter 
modules. 

2.2   350 V DC Nanogrid Test Setup 

In the prototype BESS converter, the actual microcontroller used for primary control 
was STM32G4, and for secondary communication, ESP32-S3 was used. Both the 
microcontrollers share information through a hardware Universal Asynchronous 
Receiver/Transmitter (UART) port set at 115200bps speed. ESP32 connects to EMS  
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Fig. 40. Experimental setup for HIL simulation. 

 

 
Fig. 51. Experimental setup in DC 350 V residential nanogrid testbed. 

 
hardware via a wireless local area (WLAN) network to reduce the amount of latency 

in the communication. The EMS hardware processes the data and creates a JavaScript 
object notation (JSON) format containing all 6 coordinates for the droop curve. Which 
is received by ESP32 and pushed to the main microcontroller through UART. Then the 
converter moves toward the new setpoints through a current ramp up or down to 
maintain operational stability.  

For simulating the residential load and PV generation, an ITECH IT6006C power 
supply was connected to the DC bus, and it was connected to a host computer via USB 
and controlled using a Python script using the Pyvisa library and the value for PV 
generation and load consumption was loaded to the power supply through a web 
interface. The 350VDC microgrid setup is shown in Fig. 11. 
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Table 12.  Input parameters of different components used in the simulation and tests  

Parameters Simulation Model DC test nanogrid 
AFE converter (kW) 3 2.5 
BESS converter(kW) 1.5 1 
PV converter (kW) 2 1 
Peak load (kW) 2 2 

 
2.2 System parameters for both simulation and real testing 

For the HIL simulation, the converter parameters differed from those used in the 
real-world tests. Additionally, the converter configurations varied between the two 
setups. The specific simulation parameters are presented in Table 1. The converters 
used in the DC test nanogrid are designed for higher power capacities, but their output 
has been intentionally limited through the configuration of their droop curves. 

3   Result analysis 

3.1   HIL setup using RT-Box 1  

From Fig. 12, it can be observed that the EMS did not shift the droop curves during 
periods when electricity prices were in the medium range. Similarly, during high-price 
hours, sufficient PV generation was available, so no curve shifting occurred. The EMS 
initiated droop curve shifts by -25 volts during low-price periods, at around 200 
minutes, and again around 1200 minutes to charge the battery. At 1200 minutes, in the 
absence of PV generation, the charging began via the AFE converter, causing a drop in 
bus voltage compared to the previous operating condition. After charging, the curve 
was shifted back to its original position, prompting the battery to start discharging. As 
a result, the voltage returned to the earlier level, and the AFE converter power injection 
decreased.  

3.2   Results from the test nanogrid   

In the experimental nanogrid setup, a partial power converter (PPC) was used as the 
BESS converter. To ensure system safety and avoid overstressing the hardware, the 
droop setpoint shift range was limited to ±6V. Due to this limitation, not all operating 
modes demonstrated in the simulation phase could be replicated in the hardware test. 
However, to validate the concept, test conditions were manually configured by 
inputting different electricity price levels. 

Fig. 13 shows an oscillogram from the hardware test, while Fig. 14 shows data from 
an external power monitor, demonstrating the system's response to various test 
scenarios. Four distinct conditions, combining varying load demands and electricity 
price levels, were introduced as inputs to the EMS. 
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Fig. 62. Bus voltage, converter power, and shifting command from the simulation. 

 

 
 
Fig. 73. AFE and BESS converter oscillogram from test nanogrid setup. 
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Fig. 84. Snippet of change of power of converter from the test nanogrid setup (data 
from external power monitor). 
 
Based on these conditions, the EMS adjusted the droop curve accordingly. As a result 
of the droop shifting, the BESS converter changed its current output, either increasing 
or decreasing the power injection, demonstrating the effectiveness of voltage-based 
setpoint control in real-time operation. Although constrained in its full functionality, 
the test successfully showcased the responsiveness of the BESS converter to EMS-
driven droop control under simplified conditions. 

4   Conclusion  

This work presents an energy management strategy designed to benefit from the 
inherent flexibility of droop-controlled DC nanogrids. By introducing a mode-based, 
condition-triggered centralized EMS architecture, the system significantly reduces the 
need for frequent setpoint updates, minimizing real-time EMS intervention and 
simplifying overall control. The converters operate autonomously within predefined 
voltage bands, and droop curve adjustments are only triggered when specific operating 
thresholds are exceeded. This reduces communication overhead and enhances system 
reliability. Symmetrical droop curve shifting was employed for adjusting the converter 
power output. The proposed approach was validated through both HIL simulations and 
experiments in a real residential DC nanogrid testbed. Results demonstrate that the 
system can effectively limit EMS-to-converter control actions without compromising 
performance. Future work will focus on expanding EMS integration across multiple 
converters and refining inter-converter power-sharing strategies. 
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Abstract. This chapter presents the practical implementation of a Non-Intrusive 
Load Monitoring (NILM) framework for real-time energy monitoring in 
residential environments. The work builds on the O2RE (Online, Real-time, 
Robust, and Edge-driven) algorithm, previously developed by the authors, which 
is optimized for execution on low-cost, resource-constrained edge devices. The 
system disaggregates aggregated household electricity consumption into 
individual appliance-level estimates, supporting energy awareness and enabling 
integration with Energy Management Systems (EMS). The framework was 
implemented on a Raspberry Pi and integrated into the open-source Home 
Assistant platform, allowing real-time data visualization, historical tracking, and 
seamless control within a smart home ecosystem. Experimental verification using 
real-world consumption data demonstrates that the solution operates reliably over 
long periods while meeting real-time processing requirements. This work 
confirms the feasibility of deploying NILM technology in practical residential 
settings through accessible hardware and open-source tools.  

Keywords: Non-Intrusive Load Monitoring, Edge Computing, Residential 
Energy Management, Real-Time Energy Disaggregation, Smart Home 
Automation 

1   Introduction 

The building sector accounts for a significant portion of electricity consumption and 
greenhouse gas emissions in industrialized countries. Addressing this challenge 
requires more efficient energy use and better management of household electricity 
demand. Recent advancements in smart grid technologies have enabled detailed 
monitoring of consumption patterns through smart meters, demand-side management 
tools, and real-time data infrastructure [1]. These capabilities improve fault detection 
[2], enhance load forecasting [3], and support demand response strategies [4]. 
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Traditionally, centralized cloud computing has supported smart grid applications, but 
it presents limitations such as bandwidth constraints, latency, data transmission 
overhead, and privacy concerns [5, 6]. Edge computing (EC) addresses these challenges 
by processing data near its source, reducing transmission requirements and enhancing 
privacy through local control [6, 7]. EC also supports the use of cost-effective, resource-
constrained hardware, making advanced monitoring technologies more accessible. 

 
In this context, Non-Intrusive Load Monitoring (NILM) emerges as an effective 
solution for appliance-level consumption tracking without the need for individual 
sensors. By operating locally on edge devices, NILM enables real-time analysis, 
improves user awareness of energy usage, and supports energy-saving behaviors. 
Furthermore, NILM can be integrated into Energy Management Systems (EMS) to 
automate responses to demand response signals, electricity prices, and incentive 
programs. Manual control of appliances in response to dynamic pricing is impractical 
for most users, but NILM enables consumer-specific optimizations that lower energy 
costs while preserving comfort [8]. 

 
Various methods have been proposed to solve the NILM problem. Hidden Markov 
Models (HMMs) and their extensions have been widely used [9, 10], but their 
dependence on extensive submetered data or long training periods limits their 
applicability. To address these constraints, training-less approaches have gained 
attention. These include Integer Programming [11, 12], Graph Signal Processing [13, 
14], the Population-Based Incremental Learning algorithm [15], subtractive clustering 
[16], and the balanced window technique [17]. 

 
Deep Learning has also become a dominant approach, with architectures based on 
CNNs [18], RNNs [19], and LSTMs [20]. However, their practical deployment faces 
three main challenges. First, generalization remains difficult due to variability in 
appliance behavior and the lack of labeled data across households [21, 22]. Second, the 
opacity of deep learning models hinders explainability and model refinement [22]. 
Third, even compressed models often exceed the computational limits of edge devices 
[23–26], and their impact on generalization performance has not been thoroughly 
validated. 

 
This chapter describes the implementation of the O2RE (Online, Real-time, Robust, 
and Edge-driven) NILM framework, an algorithm previously proposed by the same 
authors [15]. O2RE is designed for real-time operation on constrained edge devices, 
using a dynamic structure that updates appliance state probabilities upon event 
detection while preserving historical and temporal information with minimal memory 
usage. The method also handles unknown and constantly-on loads, enhancing its 
robustness in real households. We deployed O2RE on a low-cost edge device and 
integrated it into an open-source home automation platform that ensures local control 
and privacy. This implementation demonstrates the feasibility of deploying NILM in 
practical residential energy management systems. 
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2   NILM O2RE Framework 

The O2RE (Online, Real-time, Robust, and Edge-driven) framework, introduced in 
[15], focuses on the practical deployment of a real-time NILM algorithm suitable for 
operation at approximately 1 Hz on constrained edge devices. The method accounts for 
the presence of unknown loads, modeled as finite state machines or constantly-on 
appliances. At its core, the framework maintains a dynamic structure 𝑆௉, where each 
element 𝑆௉೔,ೕ represents the probability that appliance 𝑖 is in state 𝑗. This structure is 
updated sequentially in response to detected events using a dynamic programming 
algorithm, allowing efficient storage of historical and temporal information. 

 
To identify the operating state of each appliance, the structure 𝑆௉ is incorporated into a 
state-based optimization process using the Population-Based Incremental Learning 
(PBIL) algorithm. Unlike traditional metaheuristics, PBIL enhances computational 
efficiency by evolving a single probability vector rather than a population of individual 
solutions. This vector is iteratively updated based on the performance of sampled 
solutions, reducing the computational load typically associated with approaches such 
as Genetic Algorithms [15]. 

 
2.1  NILM Preliminaries 

 
The goal of the NILM problem is to estimate the real power consumption of 𝑁 
individual appliances at time 𝑡, denoted as [𝑝̂ଵ(𝑡), … , 𝑝̂ே(𝑡)], using only the aggregated 
power measurement 𝑃(𝑡). These estimates aim to approximate the actual appliance-
level consumptions [𝑝ଵ(𝑡), … ,𝑝ே(𝑡)]. 

 𝑃(𝑡) = ෍𝑝௜ே
௜ୀଵ (𝑡) + 𝐵(𝑡) + 𝜂(𝑡)  (1) 

 
The aggregated power consumption 𝑃(𝑡) is composed of the power signals from 𝑁 
monitored appliances 𝑝௜(𝑡), a base load 𝐵(𝑡) representing the steady-state consumption 
of unknown appliances, and a residual term 𝜂(𝑡). The residual term accounts for 
measurement noise and the consumption of unmonitored or unmodeled loads. Each 
appliance is modeled using a Finite State Machine (FSM) (Figure 1), which defines a 
set of discrete operating states and the permissible transitions between them. 
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Figure 1: Finite State Machine Model. The diagram shows the power consumption for 
each state (𝑃) and the probability (𝑆௣) of being in that state at a given time 𝑡. Transitions 
between states are labeled with power differences (Δ𝑃) [15]. 

 
Let 𝑃௜,௝ denote the nominal power of appliance 𝑖 when operating in state 𝑗, where 0 ≤𝑗 ≤ 𝑀௜ and 𝑀௜ is the number of "On" states for appliance 𝑖. The estimated power 
consumption 𝑝̂௜(𝑡) at any time 𝑡 can therefore take one of the discrete values in the set ሼ𝑃௜,଴,𝑃௜,ଵ, … ,𝑃௜,ெ೔ሽ. Based on this formulation, the NILM problem becomes one of 
identifying the operating state indicator vector 𝑆 that best represents the actual state of 
the appliances. Each element 𝑆௜,௝ is defined as follows: 

 𝑆௜,௝ = ቄ1 if appliance 𝑖 is operating in state 𝑗0 otherwise   (2) 
S.T: ෍𝑆௜,௝ெ೔

௝ୀ଴ = 1 for each appliance 𝑖  (3) 

 
Constraint (3) implies that any appliance always operates exactly in one of the given 
states. Equation (1) can now be rewritten in terms of 𝑆௜,௝ as follows: 

 𝑃(𝑡) = ෍෍𝑆௜,௝ெ೔
௝ୀ଴ (𝑡)𝑃௜,௝ே

௜ୀଵ + 𝐵(𝑡) + 𝑒(𝑡)  (4) 

 
Here, 𝑒(𝑡) represents the total error term, which includes the residual 𝜂(𝑡) (as defined 
in Equation 1) along with the additional error introduced by the estimation of 𝑝௜(𝑡). A 
straightforward criterion for determining 𝑆௜,௝ is to minimize the absolute value of the 
error term |𝑒(𝑡)|: 
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|𝑒(𝑡)| = |𝑃(𝑡) − 𝐵(𝑡) −෍෍𝑆௜,௝ெ೔
௝ୀ଴ 𝑃௜,௝ே

௜ୀଵ |  (5) 

 
An important discrimination feature for NILM algorithms operating at sampling 
frequencies around 1 Hz is the power difference between consecutive steady states. Let 𝑃curr denote the power value of the current steady state and 𝑃prev the value of the 
previous steady state. The edge 𝐸 is then defined as: 

 𝐸 = 𝑃curr − 𝑃prev  (6) 
 

Given the sampling frequency used, it is reasonable to assume that the edge 𝐸 results 
from a state change in a single appliance. Under this assumption, 𝐸 can serve as a key 
discrimination feature. However, due to transient spikes and fluctuations in the signal, 
the reliability of this feature strongly depends on the effectiveness of the steady-state 
detection method applied. 

 
2.2   O2RE: High-level architecture 

 
O2RE framework evolves a dynamic structure 𝑆௉, where 𝑆௉೔,ೕ denotes the probability 
that appliance 𝑖 is in state 𝑗. Unlike a fixed-dimension matrix, 𝑆௉ supports a variable 
number of states per appliance. 𝑆௉ is sequentially updated upon detecting a significant 
edge (event-based) or inconsistencies with the total aggregated power. After updating 𝑆௉ an appliance might still be associated with multiple states with varying probabilities. 
To define a unique state for each appliance, 𝑆௉ is integrated into a state-based 
optimization algorithm by employing the total matching criterion and possibly other 
additional criteria. The functioning of the O2RE framework is depicted in Algorithm 1, 
as originally presented in [15]. 
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2.3  O2RE: Low level design 
 

Edge Detection (Module 1). The edge detection algorithm begins by assessing whether 
the system is likely in a steady state, taking into account the power grid noise variance 𝜎௚ଶ. For this purpose, the three-point method is employed [16], which is both simple 
and effective. Given the current aggregated power sample 𝑃(𝑡), the method computes 
the local average power 𝜇௉(𝑡) and the local variance 𝜎௉ଶ(𝑡) around 𝜇௉(𝑡). 

 𝜇௉(𝑡) = 13෍𝑃ଷ
௜ୀଵ (𝑡 − 𝑖Δ𝑡)  (7)

𝜎௉ଶ(𝑡) = 13෍(𝑃(𝑡 − 𝑖Δ𝑡) − 𝜇௉(𝑡))ଶଷ
௜ୀଵ .  (8) 

 
If 𝜎௉(𝑡) ൏ 𝜎௚, the system is likely in a steady state, and the steady state values are 
updated accordingly: 𝑃prev = 𝑃curr and 𝑃curr = 𝜇௉(𝑡). This procedure forms the core of 
the UpdateSteadyStates function in Algorithm 1. A significant edge is then identified 
when Equation 6 yields |𝐸| ൐ 𝜃, where 𝜃 is a predefined threshold satisfying 𝜃 ൒ 𝜎௚. 
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Base load detection (Module 1). Accurate estimation of the base load is essential for 
improving the performance of NILM algorithms, especially those based on state 
modeling. The base load reflects the steady-state consumption of appliances that 
operate continuously. It is estimated sequentially, as outlined in Algorithm 2 [15]. 

 

 
 

Probabilistic model for power state transitions in FSM appliances (Module 2). If 
the random fluctuations of the power transition in load 𝑖 from state 𝑗 to state 𝑘 is 
represented with the random variable Δ𝑃௜,௝,௞, we define the transformed random 
variable Δ𝑃෨௜,௝,௞ as: 

 Δ𝑃෨௜,௝,௞ = sgn(Δ𝑃௜,௝,௞) ⋅ ln(|Δ𝑃௜,௝,௞|)  (9)𝜇୼௉෨೔,ೕ,ೖ = sgn(𝑃௜,௞ − 𝑃௜,௝) ⋅ ln(|𝑃௜,௞ − 𝑃௜,௝|)  (10)Δ𝑃෨௜,௝,௞ ∼ 𝒩(𝜇୼௉෨೔,ೕ,ೖ ,  𝜎୼௉෨ଶ )  (11)  

 
Where sgn(. ) is the sign of the given argument. Here it is assumed Δ𝑃෨௜,௝,௞ to be normal 
distributed with mean 𝜇୼௉෨೔,ೕ,ೖ and variance 𝜎୼௉෨ଶ . On the other hand, it is considered a 
fixed value of the variance 𝜎୼௉෨ଶ , and this is a tunable parameter of the algorithm. 

 
Likelihood calculation given an appliance state transition (Module 2). Once an 
edge 𝐸 is detected, the objective is to assign a likelihood value 𝐿(𝐸 ∣ 𝑇௜௝௞) to each 
appliance state transition 𝑇௜௝௞. Based on the model described in Equations 9 to 11, and 
by normalizing each distribution to the standard normal distribution 𝒩(0,1) using 𝑥෤ =௫ିఓఙ , is obtained: 𝑥௜௝௞ = 𝐸෨ − 𝜇୼௉෨೔ೕೖ𝜎୼௉෨   (12) 

Where: 𝐸෨ = sgn (𝐸)ln(|𝐸|)  (13) 
 
By evaluating 𝑥௜௝௞ in the probability density function of the standard normal 
distribution, the corresponding likelihoods are computed as follows: 

 𝐿(𝐸|𝑇௜௝௞) = 1√2𝜋 𝑒ି௫೔ೕೖమଶ   (14) 
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Likelihood of unknown state transition (Module 2). It is assumed that unknown 
loads may be present in the aggregated power signal. Consequently, a detected change 𝐸 might result from a transition in an unmonitored appliance rather than from any of 
the 𝑁 monitored devices. To assign a likelihood to such unknown transitions, this work 
adopts the concept of an improper constant density defined over the entire Euclidean 
space, as shown in Equation 15. 

 𝐿(𝐸|𝑈𝑛𝑘𝑇𝑟𝑎𝑛𝑠) = 𝛿  (15) 
 
The constant 𝛿 > 0 represents the improper constant density and is a configurable 
parameter of the algorithm. The underlying idea is that transitions located in low-
density regions, where 𝐿(𝐸 ∣ 𝑇௜௝௞) < 𝛿, are unlikely to explain the observed edge 𝐸. In 
such cases, it is more plausible that the edge was caused by a different, unmonitored 
transition. 

 
Conditional probability calculation (Module 2). Once the likelihoods are computed, 
a probability is assigned to each possible event, conditioned on the observed edge 𝐸. 
The set of events includes all possible state transitions of the monitored appliances as 
well as the unknown transition event. Let Pr(𝑇௜௝௞ ∣ 𝐸) denote the probability that the 
transition of appliance 𝑖 from state 𝑗 to state 𝑘 caused the edge 𝐸, and Pr(UnkTrans ∣𝐸) the probability that the change was due to an unknown load. Applying Bayes’ 
theorem, we obtain: 

 𝑃𝑟(𝑇௜௝௞|𝐸) = 𝐿(𝐸|𝑇௜௝௞)𝑃𝑟(𝑇௜௝௞)∑ 𝐿(𝐸|𝑇௜ᇲ௝ᇲ௞ᇲ)𝑃𝑟(𝑇௜ᇲ௝ᇲ௞ᇲ)∀௜ᇲ௝ᇲ௞ᇲ௝ᇲஷ௞ᇲ + 𝑈𝑇𝑇  (16) 

 
Here, UTT = 𝐿(𝐸 ∣ UnkTrans) ⋅ Pr(UnkTrans) represents the unknown transition 
term, and Pr(𝑇௜௝௞) and Pr(UnkTrans) are the prior probabilities. In Equation 16, the 
indices 𝑖ᇱ, 𝑗ᇱ,𝑘ᇱ iterate over all appliances and their possible state transitions. The 
denominator in Equation 16 is a direct application of the Law of Total Probability, since 
the set of all state transitions and the unknown transition event are mutually exclusive 
and collectively exhaustive. Initial values for Pr(𝑇௜௝௞) and Pr(UnkTrans) can be set to ଵெାଵ, where 𝑀 is the total number of possible state transitions across all appliances, 
implying an equal prior probability for each event. 

 
Updating sequentially the appliance state probabilities (Module 2). In (17) is shown 
the equation to calculate the updated state probabilities sequentially. 

 𝑆௉೔,ೕᇱ = [෍𝑃𝑟(𝑇௜௞௝|𝐸) ⋅ 𝑆௉೔,ೖ௝ஷ௞ ]
+[(1 −෍𝑃𝑟(𝑇௜௝௞|𝐸)௝ஷ௞ ) ⋅ 𝑆௉೔,ೕ]  (17) 
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The first term in Equation 17 computes the probability that appliance 𝑖 transitions to 
state 𝑗 from any other state 𝑘. The second term represents the probability that appliance 𝑖 remains in state 𝑗 without any change. By assigning 𝑆௉೔,ೕ = 𝑆௉೔,ೕᇱ , the updated state 
probabilities are stored in 𝑆௉೔,ೕ. 

 
State Probabilities Tuning (Module 3). The tuning phase is designed to keep 𝑆௉ 
robust in the presence of anomalous conditions. In this work, tuning is triggered when 
the expected power consumption 𝔼[𝑃] exceeds the fluctuating power 𝑃fluc. The 
fluctuating power 𝑃fluc is defined as the maximum between zero and the difference 
between the current steady-state power 𝑃curr and the base load 𝐵. In essence, 𝑃fluc 
represents the non-constant portion of the total power, which is expected to encompass 
the consumption of all FSM-modeled appliances. 
As we are assuming that the appliances are independent, the expected value of power 
can be defined as 

 𝔼[𝑃] = ෍෍𝑆௉೔,ೕெ೔
௝ୀ଴ ⋅ 𝑃௜,௝ே

௜ୀଵ   (18) 

 
If 𝔼[𝑃] > 𝑃fluc, this suggests an overestimation of power consumption, indicating that 
some appliances may have been incorrectly assigned to an on-state. To address this, 𝑆௉ 
is adjusted to ensure that 𝔼[𝑃] ≤ 𝑃fluc, while minimizing deviation from the original 
state distribution. The deviation is quantified using relative entropy (also known as 
Kullback–Leibler divergence) [27] between the original and the updated 𝑆௉. 
 
States Prediction (Module 4). We propose a modified Population-Based Incremental 
Learning algorithm (PBIL) [28] for this step. The standard PBIL algorithm was 
designed for binary vector encoding but can be extended to consider integer vector 
encoding. In this case, the probability vector is defined as: 𝑃𝑟ሬሬሬሬ⃗ = [𝑃𝑟ଵሬሬሬሬሬሬ⃗ , . . . ,𝑃𝑟ேሬሬሬሬሬሬሬ⃗ ], where 𝑃𝑟పሬሬሬሬሬ⃗ = [𝑝ଵ, . . . ,𝑝ெ೔] (𝑀௜ is the length of the vector 𝑃𝑟పሬሬሬሬሬ⃗ ), and ∑ 𝑝௝ெ೔௝ୀଵ = 1. PBIL is an 
iterative algorithm in which a set 𝑝𝑜𝑝 of 𝑆௭ solutions is sampled from the probability 
vector 𝑃𝑟ሬሬሬሬ⃗  each iteration. Then, the probability vector 𝑃𝑟ሬሬሬሬ⃗  is learned toward the best 
sample 𝐵ሬ⃗  in 𝑝𝑜𝑝, according to the problem-specific fitness function. To maintain 
diversity, a mutation process is carried out, learning the vector 𝑃𝑟ሬሬሬሬ⃗ ௜ towards a neutral 
vector 𝑀ሬሬ⃗ ௜ with a certain probability 𝑝௠ሬሬሬሬሬ⃗ , and the cycle is repeated. Here we consider the 
Total Matching Criterion and the state probabilities 𝑆௉ as the bases for the fitness 
function. The first criterion considered is the minimization of |𝑒(𝑡)| in (5). The second 
criterion is the maximization of the probability of a given solution 𝑆. As we are 
assuming that appliances are independent, this probability can be defined as 𝑃𝑟 =∏ [∑ 𝑆௜,௝ெ೔௝ୀ଴ ⋅ 𝑆௉೔,ೕ]ே௜ୀଵ . An equivalent computationally robust formulation of this 
criterion is the minimization of minus the logarithm of the probability (19): 
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−ln(𝑃𝑟) = −[෍ ln(෍𝑆௜,௝ெ೔
௝ୀ଴ ⋅ 𝑆௉೔,ೕ)ே

௜ୀଵ ]  (19) 

 
To select the best sample from the population 𝑝𝑜𝑝, two ranking arrays are defined based 
on distinct evaluation criteria: 𝑟𝑎𝑛𝑘_𝑒 for error minimization and 𝑟𝑎𝑛𝑘_𝑝 for power 
plausibility. Specifically, 

 
-𝑟𝑎𝑛𝑘_𝑒[𝑖] denotes the rank of the 𝑖-th sample 𝑝𝑜𝑝[𝑖] when the population is sorted by 
the first criterion in ascending order. 
-𝑟𝑎𝑛𝑘_𝑝[𝑖] denotes the rank of 𝑝𝑜𝑝[𝑖] when sorted by the second criterion in ascending 
order. 

 
The best sample 𝐵ሬ⃗  from the population is determined by selecting the individual 𝑝𝑜𝑝[𝑖] 
that minimizes the maximum of its ranks across the two evaluation criteria. Formally, 
this is expressed as: 

 𝐵ሬ⃗ = 𝑝𝑜𝑝[𝑖] where 𝑖 = argmin௜ max(𝑟𝑎𝑛𝑘_𝑒[𝑖], 𝑟𝑎𝑛𝑘_𝑝[𝑖])  (20) 
 
Algorithm 3 presents the pseudocode for the state prediction module, which represents 
the base of the function PredictStates in Algorithm 1 [15]. 

 

 

3   O2RE: Practical implementation in an Edge Device 

This section presents the practical implementation of the O2RE framework in an edge 
device, which provides real-time information to the users about some appliances of 
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interest. The integration of this NILM algorithm in an open-source framework for home 
automation is also described, designed to be an Internet of Things ecosystem-
independent integration platform and central control system for smart home devices, 
with a focus on local control and privacy. This integration facilitates the use of the 
NILM technology in real cases and motivates the development of future integrations to 
accomplish important goals in Energy Management Systems. 

 
3.1  Block diagram of the prototype 

 
A block diagram of the real-time NILM prototype is presented in Figure 2, from 
Aggregated Power to Appliance-Level Disaggregation: 

 

 
Figure 2: Non-Intrusive Load Monitoring (NILM) Process: From Aggregated Power to 
Appliance-Level Disaggregation 
 
A detailed explanation of the diagram is provided in the following. The section 
Monitored Appliances (FSM) represents the set of N monitored appliances, each 
labeled as "Appliance 1", "Appliance 2", and so on, up to "Appliance 3" in this case. 
These appliances are finite state machines (FSMs). Each appliance’s power 
consumption contributes to the aggregated power measurement. The block Non-
Monitored Appliances is divided into two subcategories: Appliance 4 (FSM), is an 
example of an appliance that operates with distinguishable states but is not included in 
the monitored set. Its consumption is part of the aggregated power, yet is not 
individually tracked or estimated by the NILM process. Appliance 5 (Always On) 
represents appliances contributing to the base load B(t). These are typically always-on 
devices whose consumption is steady and contributes a constant load over time. Main 
Sensor is the central device capturing the aggregated power consumption P(t), which is 
the sum of the power from all appliances (monitored and non-monitored), the base load, 
and any residual noise or unaccounted-for consumption. Edge Device (Disaggregation 
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Block): Acts as the computational heart of the NILM system. It continually fetches the 
aggregated active power from the Main Sensor with frequency Δ𝑡 and employs 
algorithms to disaggregate this data in real-time. Each monitored appliance’s estimated 
consumption is output separately, allowing for detailed analysis and monitoring of 
individual appliances. Unknown Loads represents the disaggregated component 
attributed to FSM appliances not monitored. This block would include the estimated 
consumption of "Appliance 4" in this context. Base Load reflects the constant power 
consumption part of the aggregated signal, including "Appliance 5 (Always On)" in this 
diagram. This load is steady and contributes to the overall consumption without 
significant variation over short periods. 

 
3.2  Integration in an open-source framework for home automation 

 
Integrating NILM into home automation frameworks is a key step towards enhancing 
its practical application. For our integration, we have selected Home Assistant as the 
home automation platform of choice. This decision is based on its open-source nature 
and extensive compatibility with a wide array of devices and protocols, enabling NILM 
to reach a broader audience. Moreover, for users who have already integrated Home 
Assistant into their homes, the addition of our NILM algorithm does not require any 
extra hardware investments. This aspect is crucial, as it lowers the barriers to adoption 
and integration, making it feasible for more users to take advantage of NILM 
technology. 
Home Assistant (https://www.home-assistant.io/) is an open-source home automation 
platform designed to control and monitor a wide array of smart home devices. 
Developed with privacy and local control in mind, it runs locally, ensuring that your 
data remains within your home and does not rely on cloud services. This platform 
supports thousands of smart devices across various brands and ecosystems, allowing 
users to seamlessly integrate lighting systems, thermostats, smart plugs, sensors, 
cameras, and more. One of the core strengths of Home Assistant is its highly 
customizable nature. Users can create unique automations and scripts to make devices 
work together based on time, location, sensor readings, and other triggers. It features a 
user-friendly interface that can be accessed through web browsers on desktops, tablets, 
and smartphones, enabling users to manage their smart home from anywhere. 

 
3.3  Hardware of the prototype 

 
The prototype for our NILM system is built upon the versatile and cost-effective 
Raspberry Pi platform, specifically utilizing the Raspberry Pi 3B and 4 models. These 
selections are based on several key attributes that align with the requirements of NILM 
processes, namely their computational capabilities, connectivity options, and the 
feasibility of hosting Home Assistant directly on the device. Within our prototype block 
diagram, the Raspberry Pi functions as the Edge Device that is responsible for the real-
time processing of aggregated power data received from the Main Sensor Fig. 2. In this 
case, the connection to the Main Sensor can be established through GPIO pins for direct 
measurement or via wireless protocols supported by smart meters. 
While our NILM prototype is designed around the Raspberry Pi 3B and 4 models due 
to their exceptional balance of cost-effectiveness, performance, and direct compatibility 
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with Home Assistant, it is noteworthy that the architecture of our system permits the 
use of other computing units supported by Home Assistant as well. This flexibility in 
hardware selection allows for the adaptation of our NILM system to various operational 
needs and preferences, expanding its applicability and potential user base. 

 
3.4  Experimental verification of the prototype 

 
The experimental verification of our NILM prototype utilized the Raspberry Pi 3 and 
Raspberry Pi 4 models. The aim was to assess the system’s ability to disaggregate 
power consumption effectively and to ensure stable, long-term operation. We also 
verified the system’s real-time performance to confirm it meets the requirements for 
timely data processing. For this reason, our prototype was tested for a continuous period 
of one month, simulating a main sensor that sends data at a frequency of 6 seconds. 

 
Simulation of the Main Sensor. To simulate real-world energy consumption data for 
our experiments, we used the UK-DALE dataset [29], which contains detailed energy 
usage data from UK households. Instead of relying on physical sensors, we simulated 
a main sensor by wirelessly transmitting this real, publicly available data to the Home 
Assistant OS running on the Raspberry Pi. This method allowed us to evaluate the 
prototype under various conditions and scenarios, closely mimicking real household 
energy consumption patterns. For this proposes, an addon was created in Home 
Assistant that implements a web server that listens to queries. Through a specific 
endpoint, the server returns the aggregated active power coming from the UK-DALE 
dataset, that better matches the actual time of the server. Then, it was created a REST 
sensor in Home Assistant that uses this endpoint to fetch each 6 seconds a value of the 
active power (6s is the same frequency as UKDALE-DATASET). 

 
NILM Integration with Home Assistant. A significant aspect of our experimental 
setup was the integration of the NILM prototype with Home Assistant. By running 
Home Assistant directly on the Raspberry Pi, we were able to create virtual sensors 
within the platform to report the NILM disaggregation results. This integration 
facilitated a seamless flow of information, where the disaggregated energy 
consumption data for each monitored appliance, as well as for the base load and 
unknown loads, was estimated and displayed within Home Assistant in real time. The 
creation of virtual sensors in Home Assistant for each appliance of interest allowed us 
to not only monitor their power consumption in real-time but also to utilize this data for 
further automation and energy management tasks within the smart home environment. 
This level of integration highlights the potential of NILM technologies to enhance 
energy awareness and efficiency in residential settings. 

 
Experimental Outcomes. The initial step to replicate the experimental prototype is 
selecting and installing the appropriate operating system for your hardware. Figure 3 
illustrates the Raspberry Pi Imager utility, a user-friendly tool designed to simplify the 
installation of different operating systems on a Raspberry Pi. Highlighted within this 
tool is the option to install Home Assistant. Whether you are configuring a Raspberry 
Pi 4/400 or a Raspberry Pi 3, the Imager provides a straightforward path to embedding 
Home Assistant into your hardware. 
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Figure 3: Installation of Home Assistant OS for a Raspberry Pi 

 
We then connected the Raspberry Pi to a router (Figure 4), in such a way that by 
connecting devices as phones, tablets, and laptops to the Wi-Fi created in the router, we 
can visualize and control the Home Assistant running environment. 

 

 
Figure 4: Raspberry Pi unit connected to a router, serving as a central hub for smart 
home automation and energy monitoring tasks. 

 
Once you have access to the Home Assistant OS, the next step is to install the NILM 
integration into the /config/custom_components folder. For this, it is necessary to have 
the Command Prompt addon or the Visual Studio Code addon installed. During the 
installation, the user must first configure the integration. For this, we provide an easy-
to-use user interface shown in Figure 5. 
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(a): Details about monitored appliances (b): Sensor representing mains readings 

Figure 5: Configuration of the NILM integration 
 
When the NILM integration is installed and running, the user can visualize in real time, 
the power consumption of the configured appliances in the Home Assistant Dashboard. 
In addition, we provide a sensor for the Base Load and other for the Unknown 
Applianes that can also be visualized (Figure 6(a)). The integration also allows the user 
to inspect the power consumption history for each monitored appliance as shown in 
Figure 6(b) and Figure 6(c). By examining the historical power consumption data, users 
can better understand how their behaviors impact their energy bills, allowing them to 
make informed decisions about where to cut back on usage to save on costs. 

 

 

(a):Real-Time Information 
of Power Consumption. 

 

(b):NILM History of the 
Fridge 

 

(c):NILM History of the 
Dish Washer 

Figure 6: Home Assistant Information 
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In addition to the visualization of the active power in real time for each monitored 
appliance, the user can also visualize the flow of energy in their homes. In the Energy 
section inside Home Assistant, it can be observed the total energy as well as the energy 
for each monitored device (Figure 7). By making energy consumption data accessible 
and easy to understand, users can become more energy-conscious, often leading to 
behavior changes that prioritize energy efficiency. 

 

 

(a): Energy Usage and Distribution 

 

(b): Energy Distribution and Sources 

Figure 7: Total Energy and Individual Appliances Energy 
 
 

Computational capabilities. An experimental comparison with state-of-the-art 
methods of the performance capabilities of the proposed algorithm was presented in the 
original paper [15]. Here, we are going to concentrate on the computational capabilities 
of the algorithm and verify its capabilities for real-time feedback to the user. For this 
purpose, it was measured the running time for each time step, for an instance of the 
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algorithm running on a Raspberry Pi 3 with Home Assistant. Raspberry Pi 3 is the edge 
device with less computational capabilities of the analyzed. 

 
Table 1 presents the performance Analysis of the NILM Algorithm Across Normal and 
Critical Detection Intervals. This table summarizes the mean running times under 
regular conditions and during critical edge detection events (running time > 0.5 
seconds). 

 
Table 1: Timing Statistics with Confidence Intervals 

Statistic Time (seconds) 

Mean (All) 0.0149 

Mean (> 0.5 s) 1.1666 

95% Confidence Interval Lower Bound (All) 0.0140 

95% Confidence Interval Upper Bound (All) 0.0158 

95% Confidence Interval Lower Bound (> 0.5 s) 1.1484 

95% Confidence Interval Upper Bound (> 0.5 s) 1.1849 

 
Table 1 presents an analysis of the NILM algorithm running times, with a focus on its 
performance during critical situations where an edge is detected. An edge signifies a 
notable change in energy consumption, triggering the algorithm to update its 
predictions. This updating process is the most computationally intensive, resulting in 
longer running times. To accurately reflect the algorithm’s performance, especially in 
these key moments, we specifically highlight the mean running time for instances 
exceeding 0.5 seconds. This approach ensures a comprehensive understanding of how 
the algorithm behaves when it is most needed, offering insights into its efficiency and 
responsiveness during essential prediction updates. 

 
The overall mean running time of approximately 0.0149 seconds indicates that, under 
normal conditions, the NILM algorithm operates with high efficiency. However, the 
analysis also highlights instances where the running time exceeds 0.5 seconds, notably 
when an edge is detected, and the algorithm updates its predictions. These instances, 
while less frequent, are critically important as they reflect the algorithm’s response to 
significant changes in energy consumption patterns. The mean running time for these 
instances is around 1.1666 seconds, indicating that while the algorithm takes longer to 
process these significant events, it still does so in a fast manner, and the method can 
handle frequency in the order of 1.5 seconds in a Raspberry Pi 3 running Home 
Assistant. These results suggest that our method is well-suited for real-time monitoring. 
 
The inclusion of a 95% confidence interval for both the general running times and those 
exceeding 0.5 seconds adds a layer of statistical robustness to our analysis. The narrow 
confidence interval for the overall running times underscores the reliability of the 
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NILM algorithm’s performance under standard operating conditions. In contrast, the 
specific analysis of running times over 0.5 seconds provides a focused understanding 
of the algorithm’s behavior during important moments of energy consumption change. 

4   Conclusion 

This work demonstrates the practical deployment of an edge-based NILM system as an 
effective solution for optimizing energy management in smart buildings. The O2RE 
framework, previously developed by the authors, was implemented on low-cost 
hardware and integrated into the Home Assistant platform, enabling real-time 
appliance-level monitoring without reliance on cloud services or submetered training 
data. 

 
The system was tested on Raspberry Pi 3 and 4 devices, showing reliable and stable 
operation over a one-month period using real-world data from the UK-DALE dataset. 
The NILM integration within Home Assistant provided live monitoring, historical 
tracking, and visualization of energy use, allowing users to better understand and 
manage their consumption. 

 
Performance evaluation showed that the algorithm maintained a low average processing 
time of 0.015 seconds under normal conditions, and around 1.17 seconds during critical 
appliance switching events. These results confirm that the method supports real-time 
operation even on constrained edge devices. 

 
Overall, the implementation confirms the feasibility of embedding NILM into 
residential energy systems. Its flexibility, compatibility with home automation 
platforms, and accessibility through low-cost hardware highlight its potential for 
broader adoption in real-world applications. 
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Abstract. Energy Communities (ECs) aim to foster collaborative, citizen-driven 
clean energy transitions. Within the EU, they are formally defined as Renewable 
Energy Communities (RECs) and Citizen Energy Communities (CECs). These 
initiatives promote citizen participation in decentralized energy production and 
in delivering energy services. Examples may include services to the grid; services 
to members; and services directed to external clients. Moreover, they contribute 
to reducing greenhouse gas emissions, enhancing energy security, and lowering 
dependence on fossil fuels by fostering cleaner and more efficient energy 
systems. However, ECs face significant barriers to growth, including social, 
economic, institutional, and technological challenges. Overcoming these requires 
suitable enablers, such as smart metering and accessible renewable energy 
technologies. Many studies focus on EC enablers by categorizing them into 
technical, institutional, social, and economic enablers. Among technical enablers, 
Renewable Energy Sources (RES)-powered Electric Vehicle Charging Stations 
(EVCS) are gaining increasing relevance support the optimization of renewable 
energy generation and enable G2V and V2G operations. These functions enhance 
self-consumption, provide flexibility services to the grid, and supply backup 
storage to local communities, while potentially generating additional revenues 
when serving external clients who pay for charging their vehicles. Despite these 
potential benefits, RES-powered EVCS are rarely integrated into the main 
activities of ECs, and their feasibility remains underexplored in the literature. 
This study addresses this gap by validating RES-powered EVCS as effective 
enablers through two techno-economic feasibility analyses, applied to real case 
studies. The analyses combine software-based optimisation (HOMER) with a 
mathematical optimisation approach. Results demonstrate that RES-powered 
EVCS can substantially reduce both energy costs for local communities and CO₂ 
emissions, by enhancing and optimising onsite RES generation. These findings 
provide policymakers, researchers, and energy planners with evidence-based 
insights. They confirm that integrating RES and e-mobility solutions, can 
strengthen ECs, expand their impact, and create profitable opportunities for 
investors, prosumers, and consumers alike. 
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1   Introduction 

Fossil fuels remain a primary energy source in the European Union (EU); however, 
their extensive use significantly contributes to greenhouse gas (GHG) emissions, air 
pollution, and global warming. Moreover, the EU faces economic and geopolitical risks 
due to its heavy dependence on imported fossil fuels [1]. In response, the EU has set 
renewable energy targets to reduce CO2 and enhance energy security. The EU 
Renewable Energy Directive (RED II) 2018/2001, set a target of 32% renewable energy 
in the energy mix by 2030 [2], which was increased to 42.5% in RED III (EU Directive 
2023/2413). These shifting targets underscore the need to accelerate the transition to 
Renewable Energy Sources (RES) powered energy generation. Therefore, it is crucial 
to reduce reliance on fossil fuels to achieve long-term sustainability and energy 
autonomy with benefits in terms of energy costs for final users. 

Local RES production is essential to decarbonise energy generation and improve 
energy democratization. Therefore, Energy Communities2 (ECs) can play a pivotal role 
in engaging people in local RES generation specifically in RECs [3] and in 
transforming citizens from passive consumers to active prosumers [4]. Nevertheless, 
ECs are more of an exception than a rule in the Europe energy system, with 
approximately 10,000 EC initiatives establishing around 22,000 projects that account 
for between 7 and 10 GW of capacity [5]. Considering that the total renewable capacity 
in the EU is 848 GW, ECs represent only 0.82% to 1.17% of this total renewable 
capacity.  

The full potential of ECs expansion cannot be fully achieved because of a set of 
barriers hindering them, including technical, institutional, social, and economic 
barriers. However, appropriate enablers3 (such as smart metering, availability of 
renewable energy technology, etc.) are essential to overcoming these barriers. Many 
studies focus on EC enablers by categorizing them into technical, institutional, social, 
and economic enablers. Institutional enablers can positively affect organizations, 
institutions, and communities by helping end users (EC members) access services [6]. 
Key enablers include a liberalized energy market and a stable regulatory framework for 
ECs [7]. Moreover, economic enablers are mechanisms, policies, and support systems 
that aid the financial aspects and economic growth of projects [8, 9]. The crucial 
enablers that can play a pivotal role for ECs are access to financial support (including 
grants and subsidies) and crowdfunding [7]. A social enabler is a personal behaviour 
(ECs member traits), a policy, or awareness that facilitates participation (interaction 
between members of ECs) to achieve social goals more frequently [10, 11]; key 
enablers include trust, and community-based networks [12]. Furthermore, a technical 

 
2 “Energy communities enable collective and citizen-driven energy actions to support the clean 

energy transition” [35]. 
3 An enabler is an approach or technology that facilitates or smooths the operation of a system, 

including technical, economic, social, and institutional [12]. 
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enabler is a technological solution, including both hardware (equipment) and software, 
that enhances operations and management and reduces the costs of projects, including 
EC projects [13, 14]. Crucial enablers include the availability of RES technology 
options, net metering, and Electric Vehicle Charging Stations (EVCS) (Vehicle-to-Grid 
(V2G) and Grid-to-Vehicle (G2V) [15]). 

Among technical enablers is raising in relevance the role of EVCS integrated into 
RES-based production. However, this technical enabler is rarely included in the main 
activities of ECs, despite its crucial importance in decarbonizing the transportation 
sector, reduce energy costs and optimize energy consumption for local communities. 
Also, there is a lack of academic studies validating whether these enablers are effective 
or not through techno-economic feasibility analyses. The role of RES-powered EVCS 
in ECs is underexplored, with few studies focusing on its practical application and 
management. Additionally, thorough evaluations of their technological feasibility, 
including integration with RES, storage, and V2G systems, as well as their economic 
viability, are limited.  

Therefore, the objective of this study is to assess the techno-economic feasibility of 
EVCS powered by RES, with the aim of validating their role as effective enablers for 
ECs. By doing so, the study seeks to expand the functional scope of ECs beyond energy 
production and self-consumption, enabling them to actively contribute to the 
decarbonization of the mobility sector through e-mobility solutions. The research 
methodology combines a comprehensive review of the existing literature with 
empirical validation through case studies. First, the study analyses the definition and 
scope of ECs as outlined in the European regulatory frameworks. It then identifies and 
categorizes potential enabling factors from the literature, with a particular focus on the 
integration of RES-powered EVCS. Finally, the role of these EVCS is evaluated 
through techno-economic optimization analyses applied to two representative case 
studies, in order to assess their viability and contribution to EC development. 

To this end, the chapter is organized into the following sections. Section 2 outlines 
the definitions of ECs by the EU, characteristics, and the EU member state’s 
transposition situation of REC and CEC definitions. Section 3 reviews the existing 
literature on the enablers for the development of ECs, with a particular emphasis on 
technical and economic factors. In Section 4, two techno-economic analyses are 
presented with an aim to formulate concrete proposals that can enhance knowledge 
about the EVCS as an enabler for ECs, which are validated through two case studies. 
Finally, Section 5 offers the main conclusions of this study. 

2   ECs definition by EU and member states’ transposition of REC 
and CEC 

There are two definitions of ECs available in the EU directives. First, the recast on RED 
II (EU) 2018/2001 mentioned EC as a REC [16]. Furthermore, common rules under the 
IEMD (EU) 2019/942 mentioned another definition of EC as a CEC [17]. The RED II 
emphasizes the promotion of renewable energy, while IEMD’s main purpose is the 
completion of the internal market. Furthermore, both directives explicitly accept that 
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the consumer is “at the heart of the energy markets”, which is expressed as an “Active 
Consumer” in the IEMD and as a “Renewable Self-consumer” in the RED II [18]. 

The REC is a legal entity based on voluntary and open participation. REC is 
autonomous, which is managed by shareholders or members (natural persons, SMEs or 
local authorities, including municipalities) that are situated near (proximity) to the 
renewable energy projects which are owned and constructed by a legal entity. 
Moreover, the CEC is a legal entity based on voluntary and open participation. In 
contrast, CEC is controlled by shareholders or members, including natural people and 
local authorities (municipalities, or small enterprises and micro-enterprises). Several 
similarities are discovered between the two EC definitions, such as open and voluntary 
involvement in both CEC and REC. Main features considered to compare REC and 
CEC include ‘membership status,’ ‘autonomy,’ ‘management of EC,’ ‘geographical 
limitation,’ ‘primary purpose,’ and ‘activities,’ which are found in the literature [19] 
(regarding ‘membership status’ means what kind of members can participate in ECs; 
the ‘primary purpose’ is to provide economic, environmental and social benefits are 
toward ECs members and shareholders rather than concentrating on financial benefits 
for companies; ‘Activities’ are also similar in both aspects including generation, 
distribution, consumption, energy storage, aggregation, energy supply and distributing 
energy-related services. Furthermore, a few key differences are found between them in 
terms of ‘degree of autonomy’ and ‘geographical limitations’ means any 
geographical proximity limitations that all members, and authorities need to follow 
for joining an EC. Key aspects and differences between REC and CEC are summarized 
in Table 1 [19].  

Table 13.  Key aspects of REC and CEC. 

Main features  REC CEC 
EU directive Directive (EU) 2018/2001 (RED II) Directive (EU) 2019/942 
Membership 
Status 

Open and voluntary involvement; the 
shareholders or members are 
individuals, micro, Small or Medium-
sized Enterprises (SMEs) or local 
authorities  

Open and voluntary involvement; 
members or shareholders are 
individuals, local authorities, 
including municipalities, or small 
enterprises  

Degree of 
Autonomy  

Autonomous Not Autonomous, (restricted decision 
making of large energy companies in 
EC) 

Management 
of EC 

Efficiently managed by shareholders 
or members that reside close to the 
RES projects which owned and 
constructed by the REC  

Efficiently managed by members or 
shareholders; the decision-making 
abilities should be limited to those 
members that are not connected with 
large-scale commercial activity  

Geographical 
limitation  

Reside close to REC No limitation 

Primary 
purpose  

To deliver environmental, economic 
or social benefits to EC’s members or 
shareholders instead of focusing on 
financial gains 

To deliver environmental, economic 
or social benefits to EC’s members or 
shareholders instead of focusing on 
financial gains 

Activities  Generation, distribution, 
consumption, energy storage, 

Generation, distribution, energy 
supply, consumption, energy sharing, 
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aggregation, energy supply and 
distributing energy-related services  

aggregation, energy storage, energy-
efficiency services and EV charging-
services 

 
REC and CEC definitions can help the EU member states to understand how they 

can transpose these definitions to their national and regional level. Specifically, these 
directives are binding legislative instruments requiring member states to develop or 
adapt their national legal frameworks, ensuring alignment with the EU renewable 
energy targets and the empowerment of ECs. These directives seek to accelerate the 
proliferation of ECs and substantially increase the share of renewables in the EU’s 
energy portfolio. This directly supports the EU’s overall objectives of reducing GHG 
emissions, boosting energy autonomy, and achieving climate neutrality by 2050. 
However, the national and EU-level regulations can be different from each other, which 
sometimes can create confusion.  

Furthermore, the revised RED III (EU Directive 2023/2413) establishes an aim of 
42.5% for RES in final energy consumption. RED III strengthens the role of RECs in 
the EU’s energy transition by encouraging them to participate in electricity markets by 
enabling its contribution to providing flexibility services like demand response, energy 
storage, and EV integration (smart and bidirectional EV charging). Also, the directive 
stresses local governments engage with network operators to ensure that grid 
development aligns with energy-saving goals and community-based renewable 
initiatives. Moreover, RED III declares that the licensing process for solar systems up 
to 100 kW must be finished within a month, and if there is no response, the systems 
will be automatically approved. This step will facilitate the integration of small-scale 
renewable energy. The registration procedure should be made easier for installations of 
less than 50 kW. RED III promotes the simplification of renewable energy system 
implementation, especially for small solar panel implementation, to facilitate ECs and 
self-consumption [20]. 

2.1   EU member state’s transposition situation of REC and CEC 

The transposition of the RED II and the IEMD EU directives into national laws is 
necessary to define national policies that aim to support and boost citizen-centred 
initiatives and strengthen citizens’ rights within the energy market. Although the 
deadline for transposing RED II was 30 June 2021, not all member states have fully 
integrated it into their national legislation. Similarly, IEMD was not transposed by all 
Member States appropriately, despite the deadline being set for December 2020. 
Member States can decide to merge CECs and RECs definitions in a unique EC model 
to avoid confusion and facilitate the creation of ECs. In case Member States decide to 
maintain the two concepts, their definitions, and relation should be coherent with the 
EU dispositions.  

The REScoop transposition tracker (2024) categorized the transposition situation of 
EU Member States into 4 different categories: ‘Bad transposition’, ‘Substantial 
deficiencies’, ‘Average progress’, and ‘Good practice’, based on ‘Criteria of EU 
definition reflected in national definition’, ‘Level of detail in the elaboration of 
principles contained in EU criteria’, ‘Clearly defined purpose’, ‘Legal entities 
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allowed’, ‘Citizen participation is ensured’, and ‘Coherency between both definitions’. 
‘Bad transposition’ means either that Member States do not have draft legislation for 
EC development, or they are working on the draft legislation but have not started to 
implement it at national or regional levels. The ‘substantial deficiencies’ of 
transposition category indicates that Member States have regulations regarding REC or 
CEC, but several aspects are missing, such as citizen participation not always ensured, 
and blurring definitions of CEC and REC that hinder a successful EC development. 
‘Average progress’ of transposition means that there is legislation for ECs, but those 
are not fully compliant with the EU legislation. ‘Good practice’ of transposition 
indicates that EU Member States fully transpose the EU directives in the national 
legislation. In this case, Member States set proper rules considering any aspects 
concerning the EC setup and implementation, such as EC governance and legal forms 
allowed, membership and voting rules, ownership and control rights, proximity 
requirements, energy sharing rules, and roles of the current status of nation energy 
market operators, etc. The current transposition situation of EU Member States is in 
Table 2 [21].  

Table 2.  Transposition Situation of EU Member States. 

Transposition Situation Member States 
Good Practice Belgium, Czech Republic, Denmark, France, 

Ireland, Italy 
Average progress Cyprus, Germany, Greece, Latvia, Lithuania, 

Slovenia, Spain 
Substantial deficiencies Austria, Bulgaria, Croatia, Estonia, Finland, 

Hungary, Luxembourg, Malta, Poland, Portugal, 
Romania, Slovakia 

Bad Transposition Sweden 
 
Figure 1 illustrates the transposition situation of the EU Member States [21]. Where 

one Member State is in the bad transposition category, twelve Member States in the 
substantial deficiencies, seven Member States are in average progress of transposition, 
and six Member States are in good practice of transposition [21]. 

The EU has established several directives and regulations that can promote the 
development of ECs capable of participating in the entire energy value chain. However, 
as mentioned earlier, ECs are still in their infancy stage and have not yet fully developed 
since there are many barriers, including technical [22], economic [23], institutional 
[24], and social/behavioural barriers [22, 24] to their development. Thus, many scholars 
have focused on analysing how ECs can overcome these barriers through a set of 
technical, economic, institutional, and social enablers, which can facilitate EC 
operation, reduce operational barriers, and support the rollout of EC initiatives in the 
EU. Therefore, the next section identifies and discusses the key enablers of ECs found 
in the literature. 
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Fig. 9. Transposition situation of the EU Member States. 

3   Enablers of ECs 

3.1   Key Enablers of ECs in the literature 

There are several types of enablers of ECs, including technical, institutional, social, and 
economic. A technical enabler is a technological solution, including both hardware 
(equipment) and software, that enhances operations and management while reducing 
project costs, including EC projects. A social enabler is a combination of personal 
behaviours (traits of EC members), policies, and awareness that promotes participation 
(interaction among EC members) to achieve social goals. Economic enablers are 
mechanisms, policies, and support systems that promote the economic growth of 
projects. Institutional enablers can positively influence an organization, institution, or 
community, helping end users (EC members) access services.  

To identify the key enablers of ECs in the literature, a traditional literature review 
process is conducted by searching Google Scholar with two keywords, namely “energy 
communities” and “enabler.” After analysing current literature found that economic 
enablers are (a) access to financial support including subsidies or grants, (b) a 
cooperation bank that facilitates low-interest loans, (c) crowdfunding which helps ECs 
by allowing members to choose and support projects that need funding from a social or 
local standpoint), and (d) self-ownership for locally produced energy [7]. Moreover, 
institutional enablers are (a) a liberalized market enables direct energy trading, 
encourages the involvement of prosumers, promotes the integration of RES, and 
developing economies of ECs with competitive markets, (b) a stable regulatory 
framework for ECs, (c) CO2 taxation assist emerging economies by increasing fossil 
fuel prices, making RES more competitive, and enhancing the self-consumption of ECs, 
(d) reduced installation cost of RES than traditional energy, and (e) state financial 
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support or debt securities. Social enablers are (a) trust, and community-based networks, 
(b) values including self-ownership of RES and RES-based energy production locally 
either onsite or through VPP, [22], and (c) social learning [25]. Technical enablers are 
(a) Decentralized Energy System (DES) which can work as an enabler to promote a 
sustainable and resilient energy future by generating energy at its point of use, reducing 
reliance on centralized grids, and improving grid flexibility and local energy security 
[26], (b) RES technology options available, (c) smart meters which are essential tools 
for a modern energy system, changing utilities and consumers by increasing grid 
efficiency and providing innovative services such as real-time consumption data, 
dynamic pricing, and more accurate billing, (d) net metering, and virtual net-metering, 
(e) blockchain which is a popular option as a security enabler [27] that can be integrated 
with ECs [28], (f) virtual power plants have developed into advanced facilitators of 
various energy assets which can be considered as enabler [29]), (g) microgrid 
facilitating peer-to-peer [7], and (h) EVCS where EV can play as energy storage and 
EVCS can sellback energy during RES generation [15]. Figure 2 illustrates the enablers 
of ECs. 

 
 

 
Fig. 2. Enablers of ECs. 

3.2   Key Enablers considered in this study (EVCS powered by RES) 

There are many enablers found in the literature but for this work RES powered EVCS 
is chosen as it can reduce fossil fuel consumption and promote EV in ECs. The lack of 
availability of EV charging infrastructure slows down interest in buying EVs in many 
countries [30, 31]. To increase EV adoption and fulfil the demand of EV users, adequate 
EVCS’s are required to charge their EVs. Nevertheless, the majority of EVCSs’ relies 



Smart and Green Energy Systems 209 

on fossil fuels, resulting in higher grid emissions as most of the EVCSs are powered by 
energy grids. Incorporating RES into EVCS is a crucial approach to reducing emissions 
associated with grid energy use, plus this incorporation can reduce emissions, and grid 
stress [32]. Additionally, for ECs, EVCSs can play a pivotal role in improving the 
operation and management of the grid. Additionally, EVCSs can also take on additional 
roles, such as serving as storage for the EC member, facilitating temporal optimization 
of consumption, and providing extra services to the outside (e.g., paid charging points 
for external users), which generate revenue for the EC that can then be reinvested. E-
mobility and EVCS as a service is already proven in the literature, where K. Pantazis 
et al. make a Business Model archetype where ‘Integrated Energy Services and the 
Electromobility Model’ offer a variety of services to members and other stakeholders 
[33]. 

As a whole RES powered EVCS contribute to reducing the use of fossil fuels, 
facilitating the decarbonization of the transport sector, and improving the incorporation 
of RES into the local energy system. This collaboration enhances individual ECs 
member’s energy self-sufficiency and profitability by promoting e-mobility, local 
generation and consumption. At the community level, it improves resilience by limiting 
dependence on external energy suppliers, alleviating grid congestion, and increasing 
the adaptability of local energy systems through demand-side management and storage 
integration (Battery Energy Storage System (BESS) and EV as storage for EVCS). 

4   Techno-economic analysis of RES-powered EVCS as enablers of 
ECs 

The objective of this section is to look at how RES-powered EVCS can help ECs in 
both technical and economical ways. This section describes the results of a techno-
economic assessment of RES-powered EVCS and examines their potential as a key 
enabler for improving the sustainability and economic viability of ECs. This section is 
essential to demonstrate how incorporating EVCS into ECs can aid local citizens 
become more energy-independent and move toward sustainable and decentralized 
energy systems. 

In Case Study I, a university campus is considered to evaluate the technical and 
economic feasibility of a RES-powered EVCS. While this case study does not focus on 
an existing EC, a university campus is chosen because of its high energy consumption 
by many users and its local generation potential, which is similar to that of an EC. These 
similarities make university campuses ideal for testing EVCS. Furthermore, the 
optimisation analysis conducted for this Case Study I was conducted in a single step. 
In contrast, Case Study II involves integrating a building community with the university 
campus4. The main difference lies in the optimization analysis methodology and 
comparison with and without VPP, which now employs a two-step optimization 
process and incorporates VPPs to improve the technological advancement of energy 
integration. VPP is considered for integrating new solutions into the energy grid. VPPs 

 
4 This work has been presented and published in the IEEE EUROCON 2025 - 21st International 

Conference on Smart Technologies, 04-06 June 2025 [36]. 
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coordinate distributed resources (PV, energy storage, and EVs) to optimize energy 
flows, offer flexibility services, and increase economic and technical feasibility, unlike 
Case Study I, but it can operate remotely as well. VPPs enable decentralized RES 
production and EV within VPP frameworks. 

Techno-economic analysis of RES-powered EVCS can deliver useful results such as 
(a) assist ECs’ managers to understand the initial investment and possible profitability, 
(b) optimize energy-economic parameters and see their variances before even the 
project is built, and (c) convince investors to invest in sustainable projects with 
validation of the payback period. Therefore, two techno-economic case studies have 
been conducted to validate the hypothesis that renewable-powered EVCS can act as 
key enablers of ECs. 

4.1   Case Study I: RES-powered EVCS for a university 

A university campus is used as a case study to evaluate the technical and economic 
feasibility of RES-powered EVCS. While this study does not focus on existing EC, it 
employs a university campus because of its energy consumption by many users and the 
potential for local power generation, which are similar to a EC. These similarities make 
university campuses ideal for testing EVCS. The aim is to validate a RES-powered 
EVCS as an enabler for ECs by examining performance, cost, and environmental 
benefits in realistic and scalable scenarios using simulation tools. In Case Study I the 
assessment focuses on the Caparica campus of NOVA University in Lisbon, Portugal, 
as a pilot site to test the feasibility of RES-powered EVCS. The main goal of case study 
I (RES powered EVCS for a university5) is to optimize the system through an integrated 
techno and economic feasibility analysis, evaluating its capacity to serve the university 
community and act as a scalable model for broader applications. Four Scenarios are 
considered during analysis, (a) Scenario-1 (S1) as Grid (Base Case), (b) Scenario-2 (S2) 
as PV-Grid, (c) Scenario-3 (S3) as Wind Turbine (WT)-Grid, and (d) Scenario-4 (S4) 
as PV-WT-Grid, were evaluated using Hybrid Optimization Model for Multiple Energy 
Resources (HOMER6) optimization software.  

A systematic approach is utilized to achieve the main goal of this case study. (i) 
energy resource assessment, (ii) parking time data analysis utilizing Python, (iii) EV 
load profile estimate utilizing stochastic approaches, (iv) energy system sizing is 
optimized, and scenario analysis are evaluated, and (v) performing techno-economic 
analysis entering estimated load, technical, economic, and environmental data from 
research papers and reports into HOMER software. Techno-economic optimization is 
performed using HOMER software, which calculates key performance metrics such as 
Net Present Cost (NPC7), Capital Expenditure (CAPEX8), Operating Expenditure 

 
5 This case is selected to check EVCS feasibility after validated it in the second case study 

community is considered by us.  
6 HOMER is a simulation program that assists participants in performing techno-economic 

optimization with renewable energy sources [37]. 
7 The NPC is the difference between the total cost of the project and the revenue generated by the 

system during the project period [38]. 
8 CAPEX refers to an organization’s funds to acquire, upgrade, or maintain physical assets such 

as property, buildings, technology, or equipment [39]. 



Smart and Green Energy Systems 211 

(OPEX9), Cost of Energy (COE10), and CO₂ emission reduction. Table 3 provides a 
summary of the economic results for Case Study I. 

Table 3.  Summarized Economic Analysis results of Case Study I. 

Scenario NPC 
(million $) 

CAPEX  
(million $) 

OPEX  
(million $/year) 

COE  
($/kWh) 

S1 13.62 0.74 0.35 0.23 
S2 5.66 3.67 0.023 0.027 
S3 11.16 3.34 0.21 0.11 
S4 5.67 5.89 -0.045 0.019 

 
Among the four cases, S1 has the highest NPC of 13.62 million $. With a COE of 

0.23 $/kWh, S1 leads in terms of achieving lowest COE among four scenarios. 
Additionally, S1 has the lowest CAPEX at 0.74 million $, primarily due to its allocation 
to energy system-related expenses. Among the four cases, S1 has the maximum OPEX. 
Moreover, S2’s NPC is 5.66 million $, higher than S1’s NPC. Hence C2’s OPEX is 
0.023 million $/year. Furthermore, S2 has a CAPEX of 3.67 million $. 

Besides, S3 has an NPC of 11.16 million $. The OPEX of S3 is 0.21 million $/year. 
S3’s CAPEX also comes at 3.34 million $. Among the four cases, S4 has the least NPC 
of 5.67 million $. On the other hand, S4 had the highest CAPEX at 5.89 million $. 
Nevertheless, with the highest CAPEX, S4 is regarded as the best scenario among the 
four cases. Furthermore, S4 has the lowest -0.045 million $/year OPEX. Conversely, 
S4 has the lowest energy purchase and the largest energy sales from the grid. Therefore, 
in the most ideal case, economic parameters are calculated in the best-case comparison 
to the grid scenario; so, NPC and COE in the best cases are lower than in the grid cases 
as base. 

As observed, this case study is quite helpful for universities planning to build an 
EVCS and can be replicated to develop EC projects in the following case study 
combining university and community settings. 

4.2   Case Study II: RES-powered EVCSs for a Building Community and a 
university 

Case Study II expands on the findings of Case Study I by incorporating a building 
community adjacent to the university campus. Unlike the Case I, which analysed the 
feasibility of a RES powered EVCS, Case Study II uses a more advanced two-step 
optimization approach. This method incorporates the concept of VPPs, enabling the 
coordinated management of distributed energy resources. The use of VPPs improves 
system flexibility, promotes energy sharing among multiple buildings, and 
demonstrates the potential for scaling from a single site to a community energy system. 

 
9 OPEX or Lease Operating Expenses (LOE), lifting, or production costs, refer to items with a 

useful life of one year or less. Their costs are recorded as expenses in the accounts [40]. 
10 The COE is defined as the annual cost ratio to the supplied electrical load [38]. 
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Case Study II is RES-based EVCS for a building community and a university, which 
aimed to examine a real-world scenario involving a university and a building 
community11, an energy-economic feasibility analysis of merging an EVCS and 
residential load with a VPP12 or on-site RES. Data were initially gathered from NOVA 
University Lisbon, Caparica, Portugal, to facilitate the analysis. Later, for the 
residential load, a building dataset was employed from Denmark [34]. After combining 
the datasets, two methods, including HOMER and Genetic Algorithm (GA), were 
applied to perform a feasibility analysis of EVCS and building community load. 
HOMER performed the first-stage energy-economic optimization. Later, MATLAB 
employed the output of HOMER, comprising generation, grid sales, and purchasing, to 
complete the second stage of economic optimization by reducing EV users’ energy 
costs. Three scenarios were considered suitable for the validation: Scenario-1 (S-1) with 
a G2V infrastructure; Scenario-2 (S-2) with EVCS powered by VPP; Third Scenario-3 
(S-3) with EVCS powered by RES on-site incorporating BESS. Table 4 displays the 
summarized economic analysis of Case Study II. 

 
Table 4 Summarized Economic Analysis results of Case Study II 

Scenario NPC 
(million $) 

CAPEX  
(million $) 

OPEX  
(million $/year) 

COE  
($/kWh) 

S1 6.52 0.22 0.15 0.19 
S2 5.38 0.51 0.112 0.13 
S3 5.38 0.51 0.112 0.12 

 
S-1 has the highest COE at 0.19 $/kWh of the three scenarios. Furthermore, it 

possesses the lowest CAPEX at 0.22 million $, as there is no on-site RES production. 
Nonetheless, it encounters the largest OPEX of 0.15 million $ per annum.  

S-2 possesses the lowest NPC at 5.38 million $ among the three cases. Additionally, 
it possesses a COE of 0.13 $/kWh and a CAPEX of 0.51 million $. However, the OPEX 
of this S-2 is 0.112 million $ per year, which is a bit lower than the S-1.  

In S-3, minimizing COE was the main objective using GA inside a VPP framework. 
The preliminary EVCS setup envisaged that EVs would charge at maximum power 
starting at 9 AM until completely charged. This approach enables the optimization of 
energy costs from an economic perspective. Also, the COE of the S-3 is 0.12 $/kWh, 
which is lower than the other two cases. 

An analysis of the two case studies reveals significant differences. In Case Study I, 
the use of renewable-powered EVCSs was effective in reducing energy costs and 
emissions. However, the first case only utilized one-step optimization, whereas Case 

 
11 This study used a dataset of energy loads from 89 households, as reported in [34]. This dataset 

was chosen because of the limited building data near NOVA University Lisbon. Originating 
from Denmark, the dataset comprises measurements and statistical data on the annual energy 
load profiles of buildings, which are necessary for our case study [34]. 

12 A Virtual Power Plant (VPP) is defined similarly to a standalone microgrid [41]. It can operate 
as a remote energy generation and storage facility. Furthermore, a centralized control system 
manages the functions of a set of autonomous units for the power grid [26]. These units can 
comprise electricity-generating systems like biogas, wind, and solar converters, as well as 
cogeneration hydroelectric plants, electricity consumers, and storage facilities [42]. 
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Study II employed two-step optimization, which resulted in a lower energy bill 
compared to Case Study I. Additionally, Case Study II incorporates a VPP with the 
building community, which provides extra flexibility to ECs. The primary conclusion 
is that both of these case studies assist in reducing COE and energy bills, which can be 
replicated in ECs, particularly when combined with advanced management strategies, 
such as VPP, with the methodology developed during our analysis. 

5   Conclusions 

The research aimed to validate the role of RES-powered EVCS as enablers of ECs 
through techno-economic feasibility analyses. The study integrated findings from 
existing literature with two case analyses, using techno-economic optimization to 
evaluate the effectiveness of RES-powered EVCSs under various scenarios. The results 
indicate that incorporating EVCS powered by locally sourced renewable energy can 
significantly reduce energy expenditures and CO₂ emissions while improving 
community flexibility and resilience. In addition to quantitative findings, the study 
verifies that EVCS serves as a vital technological enabler for ECs. However, it is crucial 
to acknowledge the limitations of case studies, which are often site-specific, and to note 
that results may vary depending on regulatory, geographical, and socioeconomic 
factors. Furthermore, the methodology currently overlooks user behaviour factors, 
dynamic market processes, and broader grid-level interactions. Consequently, further 
research should broaden its focus to evaluate the scalability of these solutions by 
investigating their incorporation into cloud-based energy management systems. These 
solutions enhance stakeholder engagement, facilitate coordination among distributed 
assets, and expedite the transition toward sustainable and inclusive energy systems. It 
will not only create new opportunities for decision-makers and investors to engage in 
sustainable ventures, but it will also be beneficial for local people to join the new 
workforce required for these services. 

In the future, other mathematical based optimizations, such as ant colony 
optimization, can be utilized to schedule the loads, make the optimization stronger, and 
compare with current results. One limitation of this work is not utilizing a machine 
learning algorithm for EV load estimation, which also can be considered for future 
work. 
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Abstract: The current book chapter is related to the research conducted 
within the context of the SmartGySum project. The study presented here was 
carried out during the collaboration of the early-stage researcher 15 (ESR15) 
with the research team of Bocconi University, which is the lead partner in 
work package 5 (WP5) of the SmartGySum project focusing on green 
economy management models and systems. ESR15's primary objective is to 
identify the enablers and barriers that can enhance the replicability of 
business models for green energy systems. In this context, ESR15 
specifically investigates Energy Communities (ECs), with the aim of 
identifying and assessing the key barriers that affect the establishment, 
development, and expansion of ECs within the EU. Additionally, ESR15 
aimed to explore the different business models (BMs) that ECs can develop. 
The results provided below focus on how the ownership models of ECs affect 
the funding mechanisms they utilize to support their projects, as well as the 
financial barriers these ECs encounter13 (see section 3). Moreover, an 
analysis of the ECs BMs is presented14. In particular, an analytical 
framework was developed for the evaluation of the EC's BMs. This 
framework was subsequently applied, resulting in the creation of distinct 
categories of EC BMs that explain how these communities create, deliver, 
and capture value (section 4). 

Keywords: Energy Community · Business Models · Ownership Models · Funding 
Mechanisms · Barriers 

1   Introduction 

 
13 This work has been presented and published in the 16th international scientific conference on 

energy and climate change, 11-13 October 2023 [59]. 
14 This work has been presented and published in the 19th international conference on 

compatibility, power electronics and power engineering (CPE-POWERENG), 20-22 May 
2025 [72]. 
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Reaching 3,870 GW, global renewable power capacity [1] provides around 13% of 
world’s final energy consumption in 2023 [2]. The transition from fossil fuels to 
renewable energy is particularly advanced in the European Union (EU) compared to 
other countries. In 2023, renewable sources, which include various types, such as wind, 
biomass, and geothermal energy, accounted for around 25% of the EU’s final energy 
consumption. In the same year the electricity generated by renewables, in the EU, 
accounted for over 45% of final electricity consumption [3]. However, many studies 
have pointed out that this change is not merely technological but instead socio-technical 
[4], [5], [6]. This socio-technical shift, from fossil fuels to renewable energy, is leading 
to the transformation of the energy system from a centralized, vertically integrated 
model to a liberalized and decentralized system. This change empowers citizens, 
municipalities or small and medium-sized enterprises (SMEs) to produce and consume 
their own energy, transforming them from passive consumers into prosumers [7]. This 
transformation has also sparked researchers' interest in analyzing how these new actors 
can influence and drive the transition towards a sustainable energy system. Special 
attention is given to Energy Communities (ECs). Although it lacks a generally accepted 
definition in academic literature, ECs can be described as collective initiatives that can 
develop activities across the energy value chain. These activities aim for environmental 
and social benefits rather than economic profit in the area where they operate [8]. 

Although EC initiatives have recently gained prominence in academic and policy 
discourse, citizen engagement in energy-related initiatives, ranging from small-scale 
groups to entire local communities, has a long tradition within the EU. Citizen 
participation and community ownership over energy sources can be traced back to 1970 
and 1980 in countries like the Netherlands and Belgium [9], or even earlier at the end 
of the 19th century in the Alpine region in Italy [10]. However, ECs rose in relevance 
after the publication of the two EU directives, namely, the Renewable Energy Directive 
2018/2001/EU (REDII) that defines Renewable Energy Communities (REC) and the 
Internal Market Energy Directive 2019/994/EU (IEMD) that defines Citizen Energy 
Communities (CEC)15. While RECs and CECs allow different types of membership, 
technologies, and activities and have different geographical restrictions, both are legally 
recognized entities that operate on the basis of free and voluntary participation, are 
controlled by shareholders or members, and focus on social, economic, and 
environmental benefits rather than financial gains [11].  

The EU policy framework related to ECs has further evolved with the introduction 
of the Fit for 55 package and the REPowerEU plan (EU Regulation 2023/435). These 
initiatives reinforce the EU’s climate and energy strategy and, among other things, set 
targets to create at least one EC in every municipality with more than 10,000 inhabitants 
by the end of 2025 [12]. Additionally, the updated RED III (EU Directive 2023/2413) 
sets a target of 43.5% renewables in the final energy consumption by 2030 and 
encourages EU countries to make it easier to set up renewable energy systems, 
especially for small solar panel installations, to support ECs and self-consumption [13]. 
Finally, the revised Energy Efficiency Directive (EU Directive 2023/179) underlines 
the importance of ECs in fighting energy poverty and strengthening energy-saving 
targets [14]. 

 
15 See chapter 13. 
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The favorable EU policy framework has enhanced the growth of ECs and enabled 
their participation in the energy system. As a result, there are more than 10,000 ECs in 
the EU that have developed more than 22,000 projects [15]. However, regardless of 
common EU framework, the current landscape of EC development is quite diverse, 
with some countries being more developed than others [15], [16]. The variation 
regarding the development of ECs in the EU is characterized not only by quantitative 
but also by qualitative differences, as Western countries host more EC initiatives and 
engage in a greater variety of activities than Eastern European countries [17]. 

The activities carried out by various ECs extend beyond mere energy production and 
self-consumption. They encompass energy storage, flexibility services for the grid, e-
vehicle charging stations, and initiatives related to energy saving and sharing. 
Additionally, many ECs have been established by a diverse range of actors, both public 
and private, benefiting from this collaboration. Consequently, it is evident that ECs can 
vary internally, as they operate in different ways, engage in various activities, offer 
unique services, and involve a wide array of participants. As a result, numerous scholars 
from different scientific backgrounds are trying to analyze this complex topic [16], [17], 
[18]. 

Walker & Devine-Wright [19] examine the full range of social arrangements of ECs 
based on two dimensions, namely the process dimension, that focuses on explaining 
who “participates,” “manages,” and has “influence” in ECs, and the outcome 
dimension, which refers to “who the project is for” and who “benefits” socially and 
economically [19]. Gui et al. [20] explores the different configurations that ECs can 
take in the transition from the current centralized to a decentralized energy system. The 
authors defined three different typologies of ECs, namely the centralized, the 
distributed, and the decentralized ECs. More recent studies have explored ECs from 
various perspectives. Dudka et al., [21] drawing from institutional logic, aim to 
categorize ECs by developing typologies of energy citizenship while other studies 
investigate the topic of ECs through a Business Model (BM) lens [22], [23], [24], [25], 
[26], [27]. Furthermore, other researchers consider the various financing methods that 
ECs can adopt for their project development [28], [29], [30]. 

Nevertheless, the results of this research demonstrate that while there has been a 
growing number of scientific publications on ECs, several areas remain relatively 
unexplored, or there has not been a consensus between academics on how to approach 
and analyze ECs. It is observed that although there are studies that examine ECs from 
a BM perspective, scholars haven’t defined a generally accepted way to analyze and 
categorize EC BMs. Moreover, there are studies that have analyzed the different 
ownership models or the funding mechanisms that ECs can use; however, there is a 
lack of scientific studies that examine how the ownership model affects the funding 
mechanisms. In addition, there is a lack of literature examining the financial barriers 
faced by ECs with different ownership models. Therefore, the present study seeks to 
address the above-mentioned gaps in literature by utilizing various approaches and 
methodologies. Thus, this chapter pursues three main objectives. First, it aims to 
examine the academic literature on ECs; second, to identify the different EC ownership 
models and the financial barriers they encounter; and third it seeks to systematize and 
categorize the various types of EC BMs. 

To that end, a literature review was conducted, aiming to examine the academic 
literature on the topic and identify the different research areas that have emerged 
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concerning the ECs as well as identified research gaps. Second, a survey was 
conducted, gathering information from different EU countries through a questionnaire 
on how the ownership model of ECs affects the funding mechanism used to finance 
their generation plants as well as the financial barriers ECs face. Finally, the research 
examines the literature of EC BMs and provides a tailor-made analytical framework 
that allows the analysis and categorization of different EC BMs. 

The next sections summarize the results of this study. Section 2 presents the current 
academic literature on the topic of ECs. Section 3 outlines the findings related to the 
ownership models of ECs, the funding mechanisms they utilize, and the financial 
barriers they face. Section 4 introduces a customized analytical framework for EC BM 
analysis based on literature review. This framework allows for the analysis and 
categorization of different EC BMs. Furthermore, by applying this framework four EC 
BM archetypes were identified and presented in the same section. Finally, Section 5 
presents the conclusions of current research. 

2   Literature review on ECs 

As already mentioned, the topic of ECs has attracted a lot of attention in academia, 
with many studies analyzing it from different disciplinary backgrounds [31], [32]. In 
the first stage of this research, the existing body of literature was reviewed to provide a 
clear map of the current academic landscape on the topic. Hence, a literature review 
and desk research were conducted by retrieving papers and reports from the Web of 
Science, Scopus and Google Scholar. This approach enables a preliminary but 
comprehensive understanding of the topic of ECs, allowing for the retrieval of 
information on how the topic of EC has been addressed. Thus, a wide range of academic 
papers and reports has been compiled to establish a solid knowledge base for analyzing 
the current state and evolution of the EC. This process included reviewing key policy 
documents, such as EU EC directives, and examining statistical databases that 
illuminate current trends in EC development. The analysis indicates that the numbers 
of EC has recently increased in the EU [33]. However, western European countries have 
a more developed network of ECs than the southeastern European countries [15]. 
Moreover, the adoption and implementation of EU directives vary significantly among 
EU member states, with some possessing more comprehensive legal provisions 
regarding ECs than others [34].  

Furthermore, the literature review reveals an exponential increase in academic 
studies since 2017 concerning the topic of ECs [35], [36], [37]. However, some 
countries have focused on this topic more than others. It appears an uneven 
geographical distribution of publications, with the United Kingdom (UK), Germany, 
the Netherlands, and Spain have the most published papers [38]. However, a study 
conducted by Giannarelli et al. (2024) concludes that Italy, Germany, Austria and Spain 
as the country’s most frequently appeared in the literature [39]. This may be attributed 
to the longer tradition of citizen participation in the energy system in these countries 
[9], [10]. Additionally, as previously mentioned, these countries have stronger policy 
frameworks that support the establishment and development of ECs [9], [40]. Despite 
the differences in the studies, which may be due to the time period in which they were 
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carried out or their focus, both show that Europe is at the forefront of EC research, with 
77% of scientific articles derived from European countries [38]. 

However, the diversity of the topic of ECs is not only related to the geographical 
distribution of the published scientific work but also to the research areas that have been 
explored. The analysis of the literature revealed that research on the topic revolved 
around different areas [31], [32]. Some studies concentrate on the role ECs have in 
energy transition, and the scholars who belong to this research area analyze, among 
other things, the various definitions that exist about ECs [35], [37], [41], the benefits 
they provide to the environment and society, the drivers for the development of ECs, 
etc. [22], [42], [43]. Some other studies focus on the different technologies that have 
been or can be utilized by ECs and evaluate them from a technoeconomic perspective 
[44], [45], [46]. Finally, some scholars center on the different models that ECs can 
develop within the energy market, such as Peer-to-Peer (P2P), aggregators, and 
prosumers [47], [48], [49]. In addition, scholars in this research area investigate how 
these EC arrangements can influence and be influenced by the energy market [49], [50].  

Nonetheless, it was found that there are areas of research that have not been 
sufficiently explored. For instance, studies related to EC BMs and the barriers faced by 
ECs have been studied less. In addition, it was found that although there are studies that 
illustrate the barriers that ECs face, it appears that there is a lack of a systematic 
categorization of these barriers. The identification of these research gaps facilitated the 
development of research questions that determined the next research steps presented in 
the following sections. 

 
 
 
 

3   Energy Communities: Analysis of ownership models and funding 
mechanisms 

As previously mentioned, ECs comprise diverse actors and can adopt various 
ownership models and legal structures. Some ECs, for instance, are limited liability 
companies, cooperatives, or non-profit organizations. Furthermore, ECs may not be 
initiated and managed exclusively by citizens, since other types of actors may set up 
the initiatives. According to Krug M. et al. [51] many EC projects in Italy have been 
initiated by companies or governmental bodies, including SMEs and municipalities, 
while a significantly smaller proportion has been initiated by citizens.  

Both the ownership model and the initiators of the ECs impact how a community 
can raise capital and fund its projects. For example, the literature shows that private 
investors, such as private banks, often do not trust ECs due to the absence of liability 
in the case of a project failure [52], [53] or because they view these businesses as 
unprofitable [54], [55]. In addition, the launching of ECs by different actors, either 
public or private, is probably linked to the fact that the initial phase of establishing an 
EC is considered the most difficult [29], [42]. Moreover, the understanding of the 
energy market and the financial capacity and commitment of the members to establish 
an EC are considered essential [29]. De Bakker et al. [56] argue that ECs often face 
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internal shortcomings, such as insufficient knowledge and money, as well as external 
constraints, such as legal barriers; therefore, they are obliged to develop synergies with 
various partners. Consequently, ECs often depend on external support from 
organizations such as local businesses, NGOs, or public authorities for money and 
guidance [57]. 

However, there is a lack of academic literature that examines how different types of 
EC ownership models and initiators affect funding mechanisms that ECs can use. With 
funding mechanisms, we refer to the “ways by which a supplier makes financial 
resources available to the organizations that require them. These methods can have a 
variety of implications for capital recovery, expected returns, ownership rights, and 
other factors.” [58]. Therefore, this research aims first to identify and categorize the EC 
based on the ownership models and types of initiators of ECs and second to investigate 
the funding mechanisms that these ECs use and the barriers they encounter in order to 
raise capital [59]. 

To define the various ownership models of ECs, this study utilizes four dimensions 
identified by the International Renewable Energy Agency (IRENA) [60]: (i) 
membership, (ii) the level of democratic governance, (iii) the local distribution of 
benefits, and (iv) the main purpose of the organization. Membership refers to the 
various types of actors who participate in and hold shares in the ECs. The level of 
democratic governance pertains to how decisions are made within the community. For 
instance, many ECs operate under the one-member, one-vote principle, which means 
that each member has one vote, regardless of the number of shares they hold. The local 
distribution of benefits indicates the extent to which the EC generates social, 
environmental, and economic benefits at the local level. The purpose of the 
organization relates to the primary goals of the ECs, which may include economic, 
environmental, or social objectives, such as distributing profits among participants or 
addressing energy poverty. In addition, this study defines the initiators of the EC as any 
public or private actor, including SMEs, local authorities, or citizens involved in the 
establishment and setup of the EC.  

Among the various funding mechanisms that exist [58], four different types have 
been highlighted in the literature in relation to ECs: i) Equity finance consists of shares 
that a community offers in exchange for ownership rights to the community or a project 
[61], ii) debt finance refers to the money that an EC borrows in the form of a loan from 
another entity and must repay over a certain period of time at an interest rate, iii) grants 
refer to capital that ECs can get without having the obligation to pay it back and can be 
provided either nationally, regionally, or even by the EU, and iv) alternative finance, 
which is associated with crowdfunding and crowd-investment platforms that have 
developed from ECs [62]. 

To investigate how the ownership model of ECs influences the funding mechanisms 
utilized to support their energy generation plants, a survey was conducted using a self-
completion questionnaire, and 25 responses from different ECs were collected from 
seven EU countries16. The questionnaire aimed to analyze the characteristics of ECs 
and their ownership models, the funding mechanisms utilized, as well as the financial 
barriers encountered by different ECs. The analysis focuses on ECs that have developed 

 
16 The seven EU countries that participated in the survey are Greece, Spain, France, Austria, 

Belgium, Sweden, and the Netherlands. 
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energy generation plants and does not consider other types of activities or services, such 
as e-mobility or flexibility services. Therefore, the questionnaire was divided into three 
sections: (i) general characteristics of ECs, such as the year of establishment, stage of 
development, and characteristics related to the ownership model; (ii) characteristics of 
the power plants developed by ECs, such as the type of technology used, the number 
of end-users; and (iii) economic characteristics, including funding mechanisms, 
investment size, and the main barriers ECs face. 

Regarding the general characteristics of the ECs and the main technology used, the 
results revealed that the vast majority of the ECs are small, in terms of number of 
members and mostly utilize PV panels as energy generation units. Specifically, only 
three communities reported it as large (500-2000 members), or very large (more than 
2000 members) while the rest have less than 500 members. In relation to the year of 
establishment, most ECs, 20 out of 25 ECs, were initiated from 2017 onwards. 
Furthermore, the majority of the ECs in the sample are non-profit, 16 ECs, and only 6 
ECs were described as for-profit ECs, while 3 ECs declared that their main goals were 
not financial.  

The analysis of the ownership models of the ECs revealed that the only reported 
differences were related to the type of membership. There were no significant variations 
in governance, local profit distribution, or the purpose of the organization. Additionally, 
differences concerning the initiators were noted. Consequently, this study categorizes 
the ECs based on the different types of members involved and the various actors who 
initiate the ECs. A total of eight distinct categories of ECs were defined (see Tab. 1).  

Table 1. ECs in the sample categorized by initiators and membership. 

Categori
es 

Initiators Membership Number of EC in 
the sample 

1 Citizens Citizen 4 

2 Citizens Citizens + Private 6 
3 Citizens Citizens + Public 1 
4 Citizens Citizens + Public + 

Private 
7 

5 Public Public 1 
6 Public Public + Citizens 1 
7 Private Citizens 2 
8 Citizens + Public + Private Citizens + Public + 

Private 
3 

Total  25 
 

Most ECs employed a combination of funding mechanisms. Debt capital was 
utilized by nearly 70% of ECs, while approximately 60% relied on equity capital. 
Additionally, around 40% of the ECs in the sample used grants or crowdfunding. 
Regarding the relationship between the eight categories found in this study (see Tab. 1) 
and the funding mechanism they used, it is observed that the ECs initiated by citizens 
having public and/or private actors as members (Tab. 1, categories, 2,3 and 4) can more 
easily raise capital using equity or other internal resources than the ECs having only 
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citizens as members (Tab 1. Category 1). Furthermore, this study, like other studies 
[63], shows that the size of the community in terms of the number of members as well 
as the total capital required to fund the project could affect the choice regarding the 
funding mechanisms. Specifically, ECs, with investments of more than 200,000 euros 
in energy generation plants, tend to use debt capital. However, large ECs (more than 
2000 members) can use different funding mechanisms such as green bonds provided to 
their members, thus reducing the financial risk by depending on debt capital. 

Regarding the financial barriers that ECs encounter, it is observed that ECs in the 
sample face problems raising capital both from private and public actors. Table 2 
summarizes the main barriers that ECs encounter in order to raise capital and fund their 
generation plants. The barriers that are reported more frequently are the lack of grants 
or subsidies at the national level (barriers 1-3), followed by barriers related to private 
funding (Tab. 2, barriers 4-6), while barriers in relation to crowdfunding and citizen 
participation are reported less (Tab 2, barriers 7 and 8). 

Table 2. EC barriers regarding the funding mechanism of energy generation plants. 

N. Barriers Number of ECs 
reporting impact  

1 No subsidies or grants for EC provided at 
a national level 

14 

2 Public grants or prizes are not tailored-
made for your EC 

14 

3 Complex bureaucratic processes make it 
difficult to access public finance 

14 

4 Private financial institutions or banks do 
not fund your generation plant because they 
consider it non-profitable. 

11 

5 No access to favorable loans, such as soft 
loans, green loans, etc. 

12 

6 Unattractive environment for private 
investors because of the absence of feed in 
tariff (FiT) or other pricing mechanisms 

8 

7 Absence of a legislative framework for the 
proper functioning of crowdfunding or 
crowd-investment platforms 

7 

8 Low participation of people in funding 
energy generation plants; thus, it isn’t easy to 
raise capital from equity shares 

11 

 
However, the present analysis reveals differences between EC categories in terms of 

the barriers they face. The lack of citizen participation is identified as a barrier by 
communities initiated by citizens (Tab.1, categories 1, 2, 3 and 4) but not by those 
initiated by public or commercial actors. Furthermore, it appears that citizen-initiated 
ECs, which also include public and private actors as members (Tab. 1, categories 2, 3, 
and 4), can more easily raise funds internally through equity compared to those ECs 
whose members consist solely of citizens (Tab. 1, category 1). Lastly, regarding access 
to public funding mechanisms, it appears that all ECs encounter barriers, regardless of 
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the category they belong to. However, due to the limited sample size of this study, 
additional research is needed to validate this trend. 

 
 
 

4   Energy Communities Business Models  

The differences between ECs extend beyond just the initiators and the types of members 
involved. Numerous other factors have been reported in academic literature regarding 
the categorization and analysis of ECs. Scholars have focused on examining the 
motivations and roles of actors within ECs, in addition to the types of actors involved. 
While some actors may only act as consumers, others may also act as prosumers or 
producers [16], [18], [64]. In addition, ECs can develop different revenue-sharing 
mechanisms among EC members. As a result, ECs can adopt various BMs based on 
their objectives, structure, technology preferences, and revenue sharing mechanism 
[24]. Hence it was aimed to expand the research focus on the topic by examining the 
literature related to the EC and BMs.  
According to Shafer et al. [65], a BM is “a representation of a firm’s underlying core 
logic and strategic choices for creating and capturing value within a value network” 
[65]. With the increased focus on sustainability-related issues, new approaches have 
emerged in BM studies. Porter & Kramer [66] criticize the neoclassical thinking that 
sets the goal of profit maximization without considering environmental and social 
factors. Thus, the authors suggest the concept of “shared value”, arguing that 
environmental and social challenges should not be seen as obstacles to business 
activities but rather as opportunities for innovation, technological or organizational, that 
can expand or create markets [66].  
The above-mentioned discussion is essential for ECs, as they are entities that aim for 
environmental and social benefits rather than economic gains. Therefore, the value that 
ECs aim to bring to society is related to issues such as tackling energy poverty, raising 
awareness about environmental issues, promoting renewable energy sources, and 
combating climate change.  

However, based on the complexity of the EC configurations and the different 
approaches to analyze BMs, there are a variety of perspectives and analytical 
frameworks in the literature concerning EC BMs [24], [67], [68], [69]. For instance, 
some studies have used the Business Model Canvas (BMC), which is the most widely 
used analytical framework to analyze and categorize different BMs [70], [24], [28]. 
Nevertheless, other studies have employed the four macro categories of BM analysis: 
value proposition, value creation, value delivery, and value capture [22], [71]. 
Additionally, some researchers have examined the unique features of ECs, such as 
membership types or governance structures, to develop categories that better organize 
and differentiate the various EC BMs [26]. The studies mentioned aim to analyze ECs 
from a BM perspective and categorize them in different BM archetypes, which is 
intended to provide an abstract theoretical framework that illustrates a set of 
mechanisms that help explain how various EC initiatives differ in terms of their 
operations, value creation, and value capture. 
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However, the different dimensions and frameworks used by scholars to analyze and 
categorize EC BM led to confusion due to divergent results. Hence, this study aims to 
analyze the literature in order to identify and categorize the key dimensions that have 
been used and to develop a customized analytical framework for the analysis of EC BM 
[72]. This framework facilitates the analysis of ECs from the BM perspective, 
incorporating both established dimensions from the business literature, such as the 
value proposition, and the unique characteristics of ECs, such as governance. 
Furthermore, the use of this framework allows the categorization of different ECs BM. 

5   Energy community business model framework 

By conducting a semi-structured literature review, 30 papers discussing EC from a BM 
perspective were identified. Later, through content analysis, 30 dimensions emerged as 
unique characteristics of a EC BM. However, the strong thematic relationships among 
these 30 dimensions led to their merging, resulting in the identification of 13 unique 
dimensions. In the final stage of this research, only the most frequently occurring 
dimensions with high relevance to BM analysis were retained to develop the analytical 
framework of EC BM, which consists of 5 dimensions (see Tab.3). Specifically, the five 
dimensions identified are the “value proposition”, “value capture”, “main functions”, 
“governance”, and “membership”.  

Table 3. The Five Dimensions of the Tailor-made BM Framework for ECs.  

Dimensions Description Occurrences  
Value Proposition Refers to EC’s main 

objective and the benefits 
provided to its members and 
society 

21 

Value Capture Refers to revenue stream and 
cost structure of the EC.  

9 

Main Function Refers to the main activities, 
technologies and services of the 
EC.  

12 

Governance Refers to the management, 
decision-making and control of 
the EC.  

9 

Membership Refers to the different types 
of actors who participate in the 
EC as members. 

16 

 
The value proposition is the cornerstone of BM analysis and describes the EC's main 

objectives. As Osterwalder [73] states, the value proposition explains why a customer 
chooses one business over another, since it solves their needs or solves a specific 
problem. However, in literature related to the topic of EC, different terms appear that 
describe the same concept, such as goals [69], unique value proposition [24], and 
generated benefits [74], etc. Hence, the first dimension that appears to be strongly 
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related to EC BM analysis is the value proposition that was defined in this study as the 
main benefits that ECs provide to their members and to society.  

Similarly to value proposition, the dimension of value capture appears many times 
in literature, albeit in different terms. Many scholars use terms such as financial model 
[22], financial characteristics [69], value-sharing mechanisms [75], or energy value 
capture [26]. Nevertheless, all these terms refer to the revenue stream and cost structure 
of an EC, which explain the respective returns in relation to the value the EC provides 
to its members and society, as well as the costs associated with building and maintaining 
the community. 

The main function dimension incorporates characteristics of value creation and value 
delivery, as it refers to activities, technologies, and services provided by the EC to create 
and deliver value to its members and society. Furthermore, studies that concentrate on 
technologies employed by ECs fall under this dimension since these technologies are 
crucial for creating and delivering value and achieving EC's objectives. However, the 
terminology used by academic scholars varies; for instance, [16], [26] use the term key 
function. Nevertheless, the meaning stays the same as it elucidates the various energy 
services and activities that ECs engage in, including self-production, energy sharing, 
supply, etc.  

 Governance structure and membership are the last two dimensions identified in the 
literature as key dimensions influencing how ECs can implement different BMs. The 
former pertains to the internal governance of the EC, specifically the decision-making 
process and community control exercised by its members [76]. Many scholars used the 
terminology defined by EU directives: autonomy and effective control [11], while 
others used terms such as recruitment and participation processes [77] or the legal forms 
of ECs [11], [18]. All terms similar to governance were considered since they discuss 
how the EC makes the decisions. For example, the legal form of an EC is highly related 
to the governance structure since it implies the way in which the community is 
governed. The cooperative legal framework, for example, imposes the “one member, 
one vote principle”, which means that each member has one vote in the community 
assembly regardless of the shares held in the community by this member, while 
partnerships operate under quotas/shares and employ an entirely different decision-
making process.  

On the other hand, membership is related to the type of actors that participate in the 
EC, such as citizens/natural persons, SMEs or large enterprises, local authorities, and 
public actors. Membership has been discussed frequently in literature as a dimension 
that highly affects the EC function from many aspects [67]. However, scholars use 
varying terms, such as participants [11] or energy community members [26]. Moreover, 
many studies focus on the role of the members and differentiate them as prosumers, 
consumers, or storage operators [21]. Therefore, the membership dimension not only 
discusses the type of actors who participate in the EC but also their role within the 
community.  

5.1   Energy Community Business Model Archetypes 

The five dimensions described above can be used as a conceptual framework to 
examine, analyze, and categorize ECs into different BMs. Thus, by utilizing this 
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framework, four different EC BM archetypes were identified and presented below, 
namely the self-consumption model, the third-party model, the aggregator model, and 
the integrated energy services and e-mobility model.  
 
 

5.1.1   Self-consumption model  

The value proposition of this archetype is based on reducing the energy bill for 
community members through the construction of collective power plants that operate 
with the aim of self-consuming energy, instead of selling it to the grid. The self-
consumption model protects members from energy price fluctuations since they 
produce the energy they consume. Vulnerable households can benefit, as the self-
consumption model often aims to combat energy poverty.  

The main benefits for members in this model, which does not aim to sell energy, is 
to reduce the energy bill. However, opt-in and opt-out fees could cover the costs 
associated with the EC, including installation and maintenance of power plants, as well 
as other costs related to establishing and operating the community. A member of the EC 
buys at least one share of the EC, thereby increasing the share capital of the community. 
Additionally, the community can use the annual fees for EC members to cover labor 
costs and other expenses. However, this type of EC usually relies on voluntary work 
and does not incur high maintenance expenses. In addition, the installation of the power 
plant is the largest cost for this type of community, as the maintenance expenses are 
very low. Therefore, it is often possible to raise the initial capital through public funding 
or crowdfunding campaigns.  

The main function of this archetype is related to the creation and supply of energy 
through an energy production system, usually photovoltaic (PV), which is owned by 
the community and supplies energy to the energy grid. A licensed supplier is required 
to calculate the community's output from the energy plant and subtract it from the 
amount of energy consumed by the community. By offsetting the energy produced and 
consumed, community members do not pay for electricity, as the electricity they have 
consumed has been produced by their power plant. 

This EC BM archetype usually is citizen-driven, although the membership can vary, 
and different types of members, such as SMEs or local authorities, can participate. 
However, all of them can be considered as collective prosumers, with no distinct roles 
within the community, since they collectively produce and consume energy. To enhance 
the community's performance, the EC operation may assign specific responsibilities to 
certain members. Finally, the governance structure of this archetype is usually based on 
the cooperative model, applying the one-member-one-vote principle described earlier. 

5.1.2   Third Party model 

The value proposition of this archetype is based on reducing energy costs for members 
of the EC through the collective purchase of renewable energy at a lower price or 
through the rental of energy production assets provided by third parties. Therefore, the 
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third party plays a crucial role in this EC BM, functioning as an external stakeholder 
who can aid in the establishment and operation of the EC by offering energy services, 
providing technical and management support, or even financing the entire project.  

The value capture mechanisms are different for the third party and the EC members. 
The third-party benefits by securing a long-term revenue stream from the EC members 
either by selling energy or services at a fixed price through long-term agreements or by 
lending energy production assets to the EC. On the other hand, the EC members benefit 
from the reduction of electricity costs and from not assuming any financial risk or 
obligation to maintain energy assets.  

The main function of this model is to purchase energy by supporting the creation of 
an EC that acts as an energy buyer. In this model, a third party undertakes the 
installation and maintenance of the project. Therefore, the third party manages and 
governs the project. Due to their dependence on the third party to provide specialized 
services that meet the requirements of the community, the EC members are thus 
excluded from decision-making and control of the energy production assets. This EC 
model usually includes residents or SMEs living close to each other, such as households 
in large building complexes, social housing, small towns, etc. All members of the EC 
are consumers who own the properties where the power plants are located.  

5.1.3   Aggregator model 

The value proposition of an EC aggregator is that it can manage energy production and 
demand better than a single prosumer or EC, thanks to economies of scale, and it 
facilitates the sharing of self-generated energy while offering flexibility and balancing 
services to the grid. Value capture mechanisms vary by community member's role since 
some are prosumers, other producers, or simple consumers. However, all EC members 
shall own, finance, and install the storage system and the necessary technologies to 
monitor and optimize the services. Thus, the community can save energy, and 
prosumers can earn money from the energy they provide to consumers or the grid. 
Moreover, the EC can generate revenue from opt-in and opt-out fees and from the fees 
for services provided to external actors. Nevertheless, the revenue distribution is based 
on the role of members and the service they provide.  

The main function of this archetype is to concentrate the total supply and demand 
within a community. Prosumers in the community provide energy both to consumers 
and also provide services to external stakeholders, like the grid operators. Specifically, 
the aggregator can provide energy, flexibility, and auxiliary services on both the supply 
and demand sides since it can store the excess energy from the system or can transmit 
the excess energy produced by the community to the system. An aggregator uses a 
platform for daily operations to coordinate the different members of the EC. Although 
the implementation of this model can take different forms, the general function involves 
the use of the platform by the aggregator to manage energy sharing and optimize 
demand-side management on the community side, as well as to support the interactions 
of the members with external actors. 

It becomes obvious that different types of members can be involved in this type of 
EC model, SMEs, citizens, and local authorities, albeit with different roles, since, as 
highlighted earlier, some can be prosumers or simple consumers. Despite the different 
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roles of the members, they all share a common interest in sharing energy with each 
other, participating in the energy market, and being managed by an aggregator. In terms 
of governance, all members participate in decision-making, and the energy assets can 
be owned and controlled either individually or collectively; however, the interaction 
with suppliers and network operators is controlled, managed, and promoted by the 
aggregator. 

5.1.4   Integrated energy services and e-mobility model 

The value proposition of this model includes providing low-carbon solutions through 
integrated services and facilitating various actors; hence, this EC BM archetype is 
characterized by the fact that it provides a wide range of energy-related services to both 
EC members and external stakeholders. The types of actors participating in this EC BM 
and their roles vary; therefore, different value capture mechanisms exist depending on 
the actors, their roles, and the services provided. For instance, the e-vehicle services, 
energy savings, or opt-in and opt-out membership fees can serve as revenue streams. 

The function of this EC resembles the aggregator archetype presented earlier, with 
EC members having distinct roles and services provided both internally and externally 
to the community. However, this model also includes activities that go beyond energy 
generation and flexibility provision, as it also offers other services, such as electric 
vehicle charging stations, car sharing, etc. 

The EC members, who participate in decision-making based on their quotas, can 
collectively or individually own the EC's assets. The EC in this BM provides 
management services and interacts with suppliers and network operators by offering 
them solutions and thus securing long-term contracts. However, this model tailors its 
services to meet the needs of its members. 

6   Conclusion 

ECs represent an innovative and multifaceted topic that has acquired increasing 
attention in the last years, especially after the publication of two EU directives. Many 
studies have analyzed ECs from different angles, including its configurations, the 
different types of members that participate and their motives, the various technologies 
and activities performed by ECs as well as the benefits provided to members and 
society. The present study aimed to analyze academic literature and identify the current 
research areas related to the topic of ECs. A literature review and desk research were 
conducted, and it was found that, although the scholars' focus on the topic has increased 
remarkably in the last few years, there are still gaps that this research aimed to address.  

Two important gaps were found in the literature. First, it appeared that there are no 
scientific studies that analyze how the ownership model influences the funding 
mechanisms that ECs use to finance their energy generation plants. Thus, in this 
research, a survey was conducted to gather primary data from ECs. It aimed to analyze 
the preferred funding mechanisms that ECs used based on their ownership models, as 
well as the main financial barriers they encounter. The second research gap is associated 
with the different BMs that ECs can develop, since there is no generally accepted 
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analytical framework to analyze and categorize EC BMs. This study analyzed the 
literature, and a tailor-made analytical framework was created that incorporates all 
unique characteristics of ECs and can facilitate the analysis and categorization of 
different EC BMs. Moreover, 4 EC BM archetypes were defined that explain the 
different mechanisms in which different ECs can create, deliver, and capture value. 

The results of the current study consolidate existing knowledge on ECs and extend 
it to new areas. The results from the literature review and desk research served as the 
preliminary step in this study and guided the subsequent phases. Consequently, this 
review primarily serves academic purposes, providing an overview of how various 
studies have approached the topic of ECs, highlighted different research areas, and 
identified existing research gaps. 

The analysis of the ownership model and funding mechanisms of ECs provides 
useful information for both EC members and policymakers, as it highlights the financial 
barriers related to the development of ECs. In addition, it can facilitate the decision-
making for ECs regarding the best funding mechanisms based on EC’s ownership 
model and the size of the community. For policymakers, this research can enhance their 
understanding of how different ownership models affect funding mechanisms. 
Consequently, the development of new funding mechanisms tailored to specific types 
of EC ownership can help to promote specific policy objectives. For example, ECs 
established through citizen-led initiatives could benefit from innovative financing 
instruments. These instruments can support ownership models that face challenges in 
raising capital and financing their energy generation plants while promoting equity and 
citizen participation in the energy transition. In addition, new funding mechanisms, 
such as public guarantees, that mitigate the financial risk associated with some EC 
ownership models can enhance the confidence of private investors in supporting ECs. 
However, the benefits of this research could also be academically significant, as it can 
support cross-disciplinary studies that focus on both finance and governance, thereby 
promoting an interdisciplinary approach to the topic of ECs. Therefore, future research 
can focus on the analysis of real case studies aimed at collecting primary data on how 
the different ownership models of ECs affect funding mechanisms. 

Finally, the study on EC BMs attempts to explain the mechanisms through which 
ECs operate from BM's perspective and provide an analytical framework tailored to 
ECs' unique characteristics. This study goes beyond the analysis of different ownership 
models of EC, since it aims to analyze the way in which ECs create, deliver, and capture 
value, economic, social, or environmental. Policymakers can benefit from this study by 
understanding how various EC BMs can advance policy objectives. For instance, the 
self-consumption model may be an ideal way to combat energy poverty since it aims to 
reduce energy bills. Meanwhile, the aggregator model defined in this study could help 
address grid imbalances that arise from the intermittent nature of renewables by 
providing flexibility services to the grid. Additionally, EC BMs can support initiatives 
like car-sharing and e-mobility services that encourage sustainable commuting. 
Moreover, the customized analytical framework for analyzing EC BMs can aid in the 
creation of new models, enable ECs to redefine their value propositions, and help 
examine the mechanisms through which they can achieve their goals. Furthermore, the 
findings of the current study hold academic significance as they offer an analytical 
framework specifically designed for analyzing EC BMs. Researchers can also use this 
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framework to find different EC BMs from those shown here by applying it to real-world 
case studies. 
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