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Abstract 

The increasing demand for fuel efficiency and environmental sustainability has driven the 

emergence of More Electric Aircraft (MEA) concepts, aiming to reduce weight, fuel 

consumption, environmental pollution, and operational costs. To achieve this, aircraft 

propulsion systems are transitioning towards electrical energy, resulting in a high demand for 

efficient power management and control. In this context, DC microgrids (MGs) have gained 

attention for power distribution in MEA due to their simplicity and the single-bus high voltage 

direct current (HVDC) electrical power system (EPS) architecture has been identified as a 

promising solution. Droop control is commonly employed in this architecture to achieve 

autonomous power management among power-generating sources without the need for a 

communication network. However, traditional droop control methods have limitations that 

require innovative and intelligent solutions. The primary goal of this thesis is to overcome the 

limitations of traditional droop control methods and enhance the power management, overall 

performance, and stability of the MEA EPS HVDC distribution network. To achieve this, the 

study focuses on the application of artificial intelligence (AI) techniques and introduces the 

following proposed approaches: 

1. This thesis develops an advanced droop settings design strategy using AI-based 

optimisation with artificial neural networks (ANNs). This approach optimises droop 

coefficient settings offline, leveraging a trained ANN-based surrogate model to 

enhance voltage regulation and power sharing among power-generating sources. 

2. A real-time tuning approach for droop control using reverse data training of an ANN-

based surrogate model is presented. By directly predicting optimal droop gain settings 

based on specific performance requirements, the controller can adapt in real-time to 

reference changes, enhancing flexibility and responsiveness in dynamic conditions. 

3. An innovative AI-based hierarchical control design strategy to address voltage 

deviations and improve overall voltage regulation under various operating conditions 

is proposed. The trained ANN-based surrogate model computes optimal droop and 

voltage compensation coefficients based on desired power-sharing ratios and bus 

voltage regulation requirements. 
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4. A new approach utilising two ANNs to address controller limitations in the presence of 

varying line resistance conditions is presented. One ANN optimises droop gain settings, 

while the second estimates real-time interconnecting cable resistances to compensate 

for terminal voltage deviations, leading to accurate current sharing and enhanced 

voltage regulation in DC MGs. 

Extensive simulations and hardware-in-the-loop (HIL) experiments are conducted to validate 

the effectiveness and reliability of the AI-based approaches in improving droop control 

performance, offering promising prospects for enhancing the operation of MEA EPS. 
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Chapter 1 Introduction 

1.1 Background 

The evolution of modern aircraft has been marked by numerous developmental changes since 

their inception over a hundred years ago [1]. These aircraft have revolutionised transportation, 

providing passengers with a convenient and safe means of travelling long distances in short 

periods, thanks to their exceptional speed compared to other modes of transportation. As a 

result, the aviation industry has experienced a significant surge in passenger travel, and it is 

projected that by 2030, approximately 27,000 new aircraft will take to the skies [2]. This 

exponential growth underscores the immense importance of the aircraft industry on a global 

scale. Not only does it facilitate the seamless movement of individuals across borders, but it 

also plays a vital role in stimulating economic growth and reducing unemployment rates in 

numerous countries.  

However, despite the remarkable advantages associated with the aircraft industry, it is also 

recognised as one of the major contributors to greenhouse gas emissions, raising serious 

concerns about its environmental and climatic impacts. Currently, commercial aviation emits 

an estimated 186 million metric tons (MMmt) of carbon dioxide (CO2), and this figure is 

projected to reach 209 MMmt by 2050 [3]. Furthermore, the aviation sector accounts for 13.9% 

of emissions within the transportation sector, positioning it as the second-largest contributor to 

transport emissions, following road transport [4]. Therefore, the pursuit of enhanced energy 

efficiency, reduced emissions (CO2 and NOx), and minimised noise from aircraft has become 

imperative to mitigate the threats to quality of life. To ensure a sustainable future, the aircraft 

industry must strive to develop energy-efficient and environmentally friendly air transportation 

while also working towards reducing operational costs [5]. Failure to address these challenges 

could result in sanctions, leading to increased airfares and decreased competitiveness within 

the industry. Additionally, achieving lower emissions, noise levels, and overall operational 

costs necessitates a re-evaluation of aircraft development and design. 

To overcome these challenges, the aircraft industry has directed its attention towards the 

development of technologies that promote more efficient and greener solutions. One notable 
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advancement is the shift towards more electric aircraft (MEA) driven by progress in power 

electronics, electrical machines, and drives [6, 7, 8, 9]. MEA represents a significant 

breakthrough in addressing environmental and climatic concerns within the aircraft industry 

[10]. To achieve significant efficiency gains, various aspects of the aircraft need to be 

optimised, including power generation, distribution, onboard energy management, utilisation, 

aerodynamics, and weight considerations [11, 12]. These optimisations are important for 

advancing the industry's objectives and aligning it with the principles of sustainability.   

1.1.1 Overview of the Conventional Aircraft Power System 

To comprehend the advantages associated with the transition to MEA, it is important to first 

provide an overview of conventional aircraft electrical power systems (EPS). These systems 

encompass both primary and secondary power sources, each playing a distinct role in the 

aircraft's operation and functionality. This section aims to shed light on conventional power 

systems before delving into the advancements of MEA.  

Conventional aircraft primarily rely on gas turbine engines as their primary power source. 

These engines generate the necessary propulsion and supply most of the aircraft's power needs. 

However, alongside the primary source, there exist secondary power sources that contribute to 

various systems and passenger comfort. These secondary sources encompass pneumatic, 

hydraulic, mechanical, and electrical power systems, all derived from the primary power 

source, as shown in Figure 1.1. Collectively, these secondary sources account for 

approximately 5% of the total fuel consumption during flight operations. The secondary power 

sources are vital for ensuring the aircraft's safe operation and enhancing passenger comfort 

[13], [12]. They support a range of critical functions and systems within the aircraft, 

contributing to its overall performance and reliability. However, it is important to note that jet 

fuel remains the primary power source used for aircraft take-off and propulsion. 

Pneumatic power, also known as "Bleed air", is derived from aircraft engines. This form of 

power is primarily utilised for the operation of the Environmental Control System (ECS), air-

conditioning, cabin pressurisation, engine start-up, and the Wing Ice Protection System (WIPS) 

[14], [15]. In particular, the "Bleed air" provides hot air for wing de-icing, with the WIPS 

system functioning in either Anti-Icing or De-icing mode. However, the pneumatic power 

system finds it difficult to detect leaks and has low efficiency. The low efficiency is more 
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noticeable in the bleeding compressors and cabin pressurisation [6]. The low-efficiency results 

in increased fuel consumption [16]. Furthermore, the traditional pneumatic power system tends 

to extract more power than required, which results in unutilised energy being dumped 

overboard the aircraft [15]. 
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Figure 1.1 The non-propulsive power system in the conventional large civilian aircraft 

Mechanical power, on the other hand, is obtained by extracting energy from a shaft driven by 

the aircraft engine. This mechanical power is then distributed throughout the aircraft via an 

accessory gearbox. It serves as the driving force for various subsystems, such as central 

hydraulic pumps, fuel pumps, engines, and other mechanically driven components. 

Nevertheless, the accessory gearbox from which it is generated is heavy and complex, 

expensive to maintain, and it must be completely replaced if any component becomes faulty. 

Besides, the accessory gearbox is an essential medium for the transmission of power for 

electrical and hydraulic systems. To minimise bearing friction in the gearbox, additional oil 

pumps are used to facilitate the circulation of oil through the rotating bearings within the 

mechanical system [17]. 

Hydraulic power is generated through the operation of hydraulic pumps driven by the accessory 

gearbox. This power is essential for both primary and secondary flight control actuation, utility 

actuation, and landing gears. The central hydraulic pump distributes hydraulic power to the 

actuation systems, ensuring precise control and movement of various aircraft components. The 
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hydraulic system is known to have high power density and robustness; however, its main 

drawback is related to the transmission pipes that connect to loads. The pipes are usually 

inflexible, heavy, and prone to leaks. In addition, the pipes are very long (from the engine to 

the aft of the aircraft). Furthermore, the hydraulic systems have no leakage detection 

mechanism in place, and this makes it difficult to maintain [6].  

Electrical power, another vital power source, is generated by electrical machines connected to 

the accessory gearbox. The electrical power system is responsible for generating, controlling, 

and distributing power for avionic systems, in-flight entertainment, flight-deck displays, and 

commercial loads, including galleys, cabin electronics, lighting, avionics, utility actuators, and 

flight control equipment onboard the aircraft. While the aircraft is on the ground, power is 

supplied by an auxiliary power unit (APU) generator located at the aft of the aircraft. In 

emergencies or in the event of an engine failure, a ram air turbine (RAT) is utilized to provide 

power. It is worth noting that electrical power represents a relatively small percentage of the 

total power in conventional aircraft as shown in Figure 1.1. 

1.1.2 Challenges with the Conventional Aircraft EPS  

To understand the potential advantages and driving factors behind the development of more 

efficient and environmentally friendly electrical power systems in aircraft, it is essential to 

examine the limitations inherent in conventional power systems. Conventional power systems, 

while effective in enabling aircraft functionality, face certain challenges that require attention. 

These challenges include issues related to energy efficiency, environmental impact, and overall 

system performance. In terms of energy efficiency, conventional power systems often exhibit 

inefficiencies due to the presence of multiple power sources and complex distribution 

networks. The utilisation of pneumatic, mechanical, hydraulic, and electrical power sources, 

each with its energy conversion processes, can result in suboptimal energy utilisation and 

unnecessary fuel consumption [16]. Consequently, there is a growing need to develop power 

systems that maximise energy efficiency and minimise waste. Also, the combustion of jet fuel 

in gas turbine engines releases carbon dioxide (CO2) and other pollutants into the atmosphere, 

contributing to climate change and air pollution. As concerns about environmental 

sustainability grow, there is an urgent demand for more environmentally friendly power 

systems that reduce emissions and minimise the industry's ecological footprint [18]. 

Furthermore, conventional power systems may encounter limitations in terms of overall system 
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performance and reliability. The complex interdependencies between different power sources 

and subsystems can introduce potential points of failure and reduce overall system robustness. 

Moreover, it becomes difficult to find and correct faults in time, thus reducing the system's 

reliability and increasing its downtime. Addressing these limitations requires innovative 

approaches to power generation, distribution, and system integration. 

Based on the limitations of conventional power systems, it has become apparent to develop 

more efficient, sustainable, and reliable electrical power systems in aircraft. The subsequent 

sections will delve into the advancements and potential solutions offered by MEA technologies, 

which aim to overcome these limitations and pave the way for a greener and more efficient 

future of air transportation. 

1.2 The More Electric Aircraft Concept  

The fundamental principle behind the MEA concept is the replacement of traditional non-

electric systems with electrical alternatives, thereby minimising the reliance on hydraulic, 

pneumatic, and mechanical power sources [8]. MEA aims to take advantage of the 

advancements in power electronics, electrical machines, and drives to create a more integrated 

and electrically driven aircraft system [10]. At the core of the MEA concept is the notion of 

electrical power as the primary source for various aircraft functions and operations. By 

transitioning from mechanical and hydraulic power to electrical power, several benefits can be 

achieved. Firstly, electrical power systems are inherently more efficient, offering higher power 

density and improved energy utilisation compared to their conventional counterparts. This 

increased efficiency translates into reduced fuel consumption, lower emissions, and enhanced 

overall energy management [9]. Furthermore, the electrification of aircraft systems allows for 

more accurate control and modulation of power delivery, resulting in improved system 

responsiveness, reliability, and fault tolerance. Electric systems also offer greater flexibility in 

terms of power distribution, enabling optimised power routing and the elimination of bulky 

and complex mechanical components [16]. This reduction in weight and complexity can 

contribute to lower maintenance requirements, reduced system complexity, and improved 

overall aircraft performance [9].  

The MEA concept encompasses various aspects of aircraft systems, including propulsion, 

environmental control, flight control, and auxiliary functions. For instance, electric propulsion 
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systems, such as electric motors or hybrid-electric configurations, hold the potential for 

enhanced propulsion efficiency and reduced emissions [19]. Electrically driven ECS can 

provide more accurate and efficient cabin temperature control, reducing the energy 

consumption associated with cabin pressurisation and air conditioning [9], [20]. Flight control 

systems, including primary and secondary flight control surfaces, can also benefit from 

electrical actuation, offering increased reliability, reduced weight, and improved 

manoeuvrability. Additionally, auxiliary functions like lighting, in-flight entertainment, and 

avionics can be powered by electrical systems as shown in Figure 1.2, providing greater 

flexibility, reliability, and improved passenger comfort [21], [22]. 
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Figure 1.2 The non-propulsive power system in the More Electric Aircraft 

The concept of MEA has a long history [13], with renewed interest in the 1990s due to 

advancements in power electronics technology [23]. Various research projects, such as Power 

Optimised Aircraft (POA) [24], Totally Integrated More Electric Systems (TIMES) [11], More 

Open Electrical Technologies (MOET) [23], and Cleansky initiatives [14], are driving 

innovation and pushing the boundaries of technology to create more energy-efficient, 

environmentally friendly, and economically viable aircraft. The POA project focuses on 

maximising the overall efficiency of aircraft systems through the integration of advanced 

electrical components, subsystems, and optimised power management techniques [24]. On the 

other hand, the TIMES project aims to develop fully integrated and intelligent electrical 
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systems, ensuring seamless communication and coordination among various aircraft 

components [25]. The MOET project set out to explore open-architecture electrical systems, 

allowing for greater flexibility, adaptability, and standardisation across the aircraft industry 

[21]. Meanwhile, the Cleansky initiative targets significant reductions in emissions and noise, 

promoting environmentally friendly aviation through the development of greener aircraft 

technologies [26]. The Cleansky 2 project represents a continuation of efforts to further 

enhance the performance and efficiency of aircraft systems, with a particular emphasis on 

sustainability and eco-friendly solutions [27]. Through these research and development efforts, 

the aviation industry is at the forefront of realizing the MEA vision, pushing the boundaries of 

technology and innovation to create aircraft that are more energy-efficient, environmentally 

friendly, and economically viable. 

Commercial aircraft like the Airbus A380 and Boeing 787 (B787) serve as successful examples 

of MEA implementation [9]. They utilise electricity to power critical services and systems on 

board, resulting in improved efficiency and reduced fuel consumption. For instance, in the 

B787, electricity is predominantly employed to power services such as ECS, wing de-icing, 

cabin pressurisation, and even backup wing actuators [13]. Similarly, the Airbus A380 relies 

heavily on electricity to drive critical components such as flight-control actuators. To facilitate 

these advancements, both aircraft models have transitioned from conventional power 

generation systems that utilised integrated drive generators (IDGs) to more efficient variable 

frequency generators (VFGs) [15]. The integration of VFGs directly coupled to the engines has 

proven to be a significant step forward in enhancing power generation capabilities in these 

aircraft. One notable aspect of the B787 is its electrically powered cabin pressurisation system, 

which is a departure from traditional pneumatic systems. This shift to electric power 

contributes to the B787's impressive fuel-saving potential, estimated to be around 3% during 

cruise conditions [15]. The adoption of a no-bleed electrical system architecture in the B787 

enables the aircraft to reduce fuel consumption while maintaining optimal performance levels. 

Furthermore, the B787 benefits from its construction using lightweight composite materials. 

These advanced materials offer significant weight reduction compared to conventional aircraft 

construction methods, enhancing overall fuel efficiency [15]. In addition, the engines of the 

B787 have been meticulously designed to minimise fuel consumption and maximise thrust 

power, further contributing to the aircraft's improved efficiency [15]. The successful 
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integration of MEA concepts in these commercial aircraft paves the way for further 

advancements and sets a benchmark for future aircraft development.  

While the MEA concept offers numerous advantages, it also presents challenges that need to 

be addressed, including power management, power density, energy storage, thermal 

management, electromagnetic compatibility, and safety and reliability issues [6]. This thesis 

will focus on the challenges in the MEA EPS in terms of power management. 

1.3 Challenges of MEA Electrical Power System Management 

The implementation of MEA places greater demands on the aircraft EPS, including power 

generation, fault tolerance, power management, reliability and stability of both DC and AC 

power systems. These challenges necessitate innovations in power generation, distribution, 

processing, and management systems. The design of the aircraft EPS faces increasing 

complexities due to the growing number of power electronic loads. Architecture paradigms are 

being studied to address these challenges, with a focus on high-voltage DC (HVDC) networks 

that offer mass reduction and improved performance [28]. The use of HVDC networks allows 

for optimised coupling between generators and loads, regenerative load acceptance, and 

compliance with AC quality standards [29]. Furthermore, studies carried out under the MOET 

European Union (EU) project highlight the interest in HVDC architecture for MEA and prove 

the efficiency and controllability of the 270 V HVDC network [30, 31].  The evolution of power 

generation, distribution, and utilisation systems will be discussed in further detail in Chapter 2. 

The choice of the HVDC system for the MEA EPS architecture is due to its several advantages 

when compared to the classical AC network system. The following are some of the advantages 

of the HVDC network [32, 33]. 

✓ MEA requires efficient power distribution and management systems to handle the 

growing demand for electrical power. Traditional AC power distribution systems are 

limited in their ability to manage power optimally and flexibly. DC MGs offer 

advantages in terms of higher power quality, lower losses, and improved control over 

power distribution, making them suitable for MEA applications. 

✓ Power conversion efficiency plays a critical role in MEA, as it directly affects overall 

energy consumption and system performance. Conventional AC power systems involve 

multiple stages of power conversion, leading to increased power losses. DC MGs, on 
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the other hand, enable direct conversion of power from the source to the load, 

minimising conversion stages and improving overall efficiency. 

✓ Aircraft have stringent weight and space limitations, making it challenging to 

accommodate additional power systems and components. AC power systems require 

bulky and heavy transformers and multiple conversion stages, adding to the overall 

weight and size. DC MGs offer a compact and lightweight solution, reducing the impact 

on weight and space constraints in MEA. 

✓ MEA power systems should be flexible and scalable to accommodate changing power 

demands, system upgrades, and future advancements. DC MGs offer inherent 

flexibility, allowing for the integration of various power sources, and energy storage 

systems, and the easy addition or removal of loads. This scalability enables MEA to 

adapt to evolving power requirements and technological advancements. 
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Figure 1.3 Single bus HVDC power distribution system architecture for the future MEA [35] 

HVDC distribution systems have been widely adopted in various applications [34], leading to 

the proposal of different architectures such as single-bus, multi-bus, and ring-bus 

configurations [32]. Among these, the "single bus" architecture stands out due to its simplicity 

and is considered a promising candidate for future MEA. In this architecture, twin engine-



Introduction 

10 

 

driven generators supply electrical power to the single DC bus through active rectifiers (ARs) 

as shown in Figure 1.3. 

When multiple sources are connected in parallel as shown in Figure 1.3, it helps to enhance the 

redundancy and availability of the power system [36], [36], [37]. As shown in Figure 1.3, the 

converters are essential elements connecting electrical sources and loads. In such an EPS, the 

parallel-connected sources should operate in a coordinated way to regulate the DC bus voltage 

and share the electrical loads' current demand in proportion to their power ratings. Accurate 

sharing of the load power demand among the multiple sources is critical to prevent some of the 

sources from being overloaded and thermally stressed [37].  The control of these converters 

interfacing sources to the MG is a key issue in the MG’s operation [38, 39], especially 

concerning the sharing of the load power demand among the sources and bus voltage regulation 

[40].  

These issues can be summarised as [41]: 

❖ proportional power sharing control among the multiple parallel-connected sources 

❖ robust DC bus voltage control and maintaining power quality.  

These issues will be further explored and discussed in the upcoming subsection, highlighting 

their significance in the context of MEA implementation. 

1.3.1 Load Power Sharing 

In a twin-shaft engine configuration, the low-pressure turbine (LPT) drives the fan and low-

pressure compressor (LPC) through the LP shaft (LPS), while the high-pressure turbine (HPT) 

drives the axial and radial high-pressure compressors (HPCs) through the HP shaft (HPS). This 

arrangement is depicted in Figure 1.4. Traditionally, an electrical generator is connected to the 

gearbox associated with the HPS of the engine [7]. This is preferred due to the favourable 

characteristics of the HPS, such as high and relatively constant speed, which allows for smaller 

and lighter generators [42]. However, extracting a significant amount of power from the HPS 

can negatively impact the overall engine performance [43]. An alternative approach is to utilise 

the LPS as an additional power source by employing it to drive an additional electrical 

generator. This involves connecting the engine to dual generators, one through the LPS and the 

other through the HPS [44]. In a multi-source multi-load power system, ensuring appropriate 



Introduction 

11 

 

load power sharing becomes paramount and optimising the performance of both the engine and 

the HVDC grid. Achieving an optimal balance of power distribution among the various loads 

is essential in maximising efficiency and maintaining system stability [28]. Further details on 

the load-sharing methods will be provided in Chapter 2.  

 

Figure 1.4 Schematic of a twin-spool, high-bypass turbofan engine connected to a single 

HVDC bus [43]. 

1.3.2 DC Bus Voltage Control  

In a single-source-based system, there is only one source responsible for regulating the bus 

voltage. However, in systems with multiple sources and converters operating in parallel, at 

least one converter must regulate the DC bus voltage, while the others can operate in active 

power control mode. After an outage occurs in one or more converters, the remaining 

converters should share the resulting power deficit in an appropriate proportion [45]. To 

achieve this, it is beneficial for all converters to operate in the DC link voltage control mode, 

rather than strictly following their active power references. This highlights the need for 

cooperative voltage control among all power sources [28]. 
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1.4 Aims and Objectives 

The main aim of this research is to enhance power management and control in the MEA EPS 

HVDC distribution network by overcoming the limitations of the traditional droop control 

method through the application of artificial intelligence (AI) techniques. 

The research objectives are as follows: 

1. To develop an optimal droop control design strategy, utilising an artificial neural 

network (ANN) optimisation-based method, to overcome the limitations of traditional 

droop control affected by mismatched cable parameters, and enhance power 

management in the MEA HVDC distribution network.  

2. To propose a new approach utilising an ANN for real-time tuning of the droop gain 

parameters in a hardware control platform, enabling dynamic and efficient control of 

the MEA HVDC distribution network.  

3. To design and develop an AI-based hierarchical control strategy for the MEA DC MG 

that optimises voltage regulation and power-sharing under various operating 

conditions, incorporating droop and bus voltage compensation coefficients for power 

sharing and bus voltage restoration while addressing the trade-off between current-

sharing accuracy and bus voltage regulation in traditional droop control methods. 

4. To investigate the impact of line resistance variation on control performance and 

develop an AI-based approach using ANN models to optimise droop gain settings and 

estimate real-time interconnecting cable resistances for compensation.  

5. To validate the proposed methodologies through extensive simulations and experiments 

using advanced power system simulation tools and hardware-in-the-loop (HIL) setups. 

The research primarily focuses on aircraft onboard power systems, akin to islanding DC MGs, 

but the study's findings and analysis can be extended to other DC MGs like marine power 

systems, and the methodologies can also be applied to terrestrial DC MGs or shipboard DC 

power systems. 

1.5 Proposed Approaches and Contributions 

This research is dedicated to enhancing the droop control performance in the MEA DC MG by 

introducing optimal droop control design using AI techniques, enabling real-time tuning of 
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droop gain parameters, implementing hierarchical control design for improved voltage 

regulation, and utilising AI for accurate current sharing and enhanced voltage regulation by 

identifying real-time line resistance. The primary objective is to improve the stability and 

efficiency of transient and steady-state operations in the MEA DC MG, leading to more 

effective power management and control in the aircraft's EPS.  

1.5.1 Optimal Droop Control Design Using ANN 

Proposal of an alternative solution using ANN-based optimisation for offline design and 

selection of optimal droop gain settings for power converters in DC MGs (Chapter 3). This 

approach effectively improves droop control performance without adding computational 

burden on the EPS or elongating the design process. It leverages a trained ANN-based surrogate 

model to evaluate a user-defined fitness function and obtain optimal droop coefficient settings, 

offering more robust and practical designs for various MG scenarios compared to existing 

model-based approaches. The method also avoids the risk of local optima observed in other 

intelligent optimisation techniques and directly provides optimal designs for any additional 

sub-design space without the need for further data collection and training. Extensive 

simulations and HIL experiments have been conducted to validate the effectiveness of this 

proposed approach. 

1.5.2 Real-Time Tuning of Optimal Droop Gain Using ANN 

The heuristic methods and ANN optimisation-based design have some drawbacks which are 

undesirable in a practical implementation. The heuristic optimisation techniques require time-

consuming simulation or experimental results for specific design points, while ANN 

optimisation-based design involves processing large datasets to find the best droop gain 

settings. To overcome these challenges, this thesis presents a quicker and real-time method 

enabling real-time tuning of droop gain parameters in a hardware control platform (Chapter 4). 

The proposed approach utilises reverse data training of an ANN, allowing direct determination 

of the optimal droop gain settings based on the power sharing ratio and bus voltage regulation 

references. This contribution facilitates automatic updates of droop gains in local controllers, 

ensuring quick adaptation to reference changes and achieving the desired control performance. 

A detailed comparison between the proposed approach and the ANN optimisation-based design 

has been performed, which shows the simplicity, flexibility, and low computational burden of 
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the proposed design approach. Comprehensive simulation and HIL experimental results further 

validate the effectiveness and practical applicability of this approach. 

1.5.3 Artificial Intelligence-Based Hierarchical Control Design 

The limitations of droop control cannot be fully overcome by simply adjusting the droop gains. 

Therefore, a new AI-based design strategy is proposed to address these drawbacks through a 

hierarchical control design (Chapter 5). This approach incorporates both the primary droop 

control and a secondary control method. In the proposed design strategy, a methodology is 

developed using an ANN to compute the optimal settings of the droop and bus voltage 

compensation coefficients based on desired power sharing and bus voltage regulation. The 

proposed strategy aims to achieve both bus voltage compensation and improved load sharing 

simultaneously, avoiding the shortcomings of conventional secondary control methods with 

high droop gains that may compromise robustness and reliability in case of source faults or 

secondary control failure. 

1.5.4 Real-time Line Resistance Identification with Artificial Intelligence 

The unknown and varying interconnecting cable resistance in low-voltage DC MGs, impacts 

the effectiveness of conventional droop control methods. Therefore, this thesis presents an AI-

based line resistance identification techniques, utilising advanced data-driven algorithms, 

particularly neural networks (Chapter 6). The approach leverages optimal droop gain settings 

to determine initial line resistance values and creates an identification model based on ANN 

using generated data. This model establishes a mapping between current sharing ratios and line 

resistances within a predefined design range. As a result, during EPS operation, the ANN-based 

identification model can accurately identify new line resistance values, allowing real-time 

adjustment of converter voltage references to achieve accurate current sharing and improved 

voltage regulation. The proposed method offers high estimation accuracy without 

compromising system stability or adding computational complexity. Additionally, it reduces 

the need for extra sensors, as the only required parameter for measurement is the output current 

of the converter used for normal control and operation of the EPS. This contribution enables 

more effective and reliable optimal droop control performance in low-voltage DC MGs. 
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1.6 Thesis Outline 

Chapter 2 provides a comprehensive literature review covering various aspects of the electrical 

power system in a MEA. It discusses the power generation and distribution systems, as well as 

the electrical starter/generator system and potential electrical machine candidates. The chapter 

also presents models for individual components, such as permanent magnet synchronous 

generators (PMSGs) and AC-DC converters. The paralleling of generation channels and load-

sharing methods are explored, along with a detailed examination of the limitations of droop 

control in DC MGs and the proposed solutions found in the literature. Furthermore, the review 

explores different AI techniques applied in power electronics and control, with a particular 

focus on their applications for enhancing power management.  

Chapter 3 (based on publication J1) introduces the methodology for designing optimal droop 

control using an ANN-based surrogate model. The chapter outlines the process of optimisation 

design based on ANNs and formulates the droop control optimisation problem. It introduces 

ANNs and their training algorithms. It demonstrates how the surrogate model is implemented 

to determine the optimal droop gains and compares the accuracy of the created ANN surrogate 

with simulation and HIL experimental results. The chapter also presents simulation results to 

evaluate the performance of the proposed droop control design and compares it with traditional 

droop control methods.  

Chapter 4 (based on publications J2 and C3) presents a new approach for real-time tuning of 

droop gain parameters by exploring reverse data training of ANNs. The chapter discusses the 

integration of the ANN model into the hardware control platform. Additionally, a 

comprehensive comparison between the proposed design strategy and ANN optimisation-

based design (presented in Chapter 2) is provided. The chapter includes simulation validation 

and analysis to evaluate the effectiveness and efficiency of the real-time tuning approach.  

Chapter 5 (based on publications J3) introduces a methodology for hierarchical control design 

using ANNs. The chapter explores the concept of hierarchical control and its significance in 

the context of the MEA DC MG. It formulates the computation of optimal droop and bus 

voltage compensation coefficients to enhance power sharing and bus voltage restoration. The 

chapter provides simulation results, highlighting the improved power sharing and bus voltage 

restoration achieved through the proposed hierarchical control design.  
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Chapter 6 (based on publications J4, C2, and C5) focuses on addressing the issue of line 

resistance variation in the MEA DC MG and its impact on control performance. The chapter 

presents a new approach utilising two ANNs models to tackle the challenges associated with 

accurate current sharing and voltage regulation in DC MGs. It discusses the training and 

implementation of ANN models to achieve accurate current sharing and voltage regulation. 

The effectiveness of the proposed approach is evaluated through simulation studies under 

various line resistance scenarios.  

Chapter 7 (based on publications J1, J2, J3, and J4) focuses on the HIL experimental validation 

of the theoretical and simulation results presented in the previous chapters. It provides a 

detailed explanation of the hardware-in-the-loop (HIL) setup used for the experiments. The 

chapter presents the HIL experimental results, which serve to corroborate and reinforce the 

analytical and simulation findings discussed in earlier chapters. 

Chapter 8 presents a summary of the research findings and their implications. It reflects on the 

achieved research objectives and highlights the contributions of the study. The chapter also 

discusses potential future research directions. 
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Chapter 2 Literature Review 

This chapter presents a thorough overview of aircraft electrical power systems, encompassing 

power generation, distribution, and utilisation. It examines various power generation options 

and compares electric machines used in starter/generator applications. The review includes 

control strategies for the DC power system and methods for power sharing among parallel 

generation sources. Additionally, the chapter discusses the application of AI in power 

electronics systems. 

2.1 Electrical Power System in the MEA  

Recent years have seen substantial advancements and transformations in the electrical power 

system of MEA. This section presents a comprehensive overview of the MEA electrical power 

system, encompassing its components, power generation, and distribution. 

2.1.1 Evolution of Electrical Power Generation Systems in MEA  

The power generation systems have witnessed significant developments to meet the increasing 

demand for electrical power on board. Historically, aircraft power generation began with the 

use of DC generators, driven by aircraft engines and equipped with electromagnets for power 

generation. The DC power generated was distributed through a commutator, and the voltage 

level was maintained with the support of onboard batteries [46]. However, to address the need 

for higher speeds, reduced aircraft size, and increased electrical power requirements, a shift 

from DC to AC power generation occurred in the 1960s. AC power generation offered 

advantages such as improved power density, reliability, and the ability to operate at higher 

voltages [47], [48]. The standard voltage and frequency adopted since then, and still in use 

today, is 115/200 V at 400 Hz, as set by the United States Air Force in 1959 [49]. 

In commercial aircraft, each engine typically drives one electrical generator for power 

generation. In some cases, there may be multiple generators connected to each engine, serving 

as backups to ensure redundancy and compliance with operational standards like extended 

range twin-engine operations performance (ETOPS) [50], [51]. Additionally, an auxiliary 

power unit (APU), which is a small gas turbine-driven generator, serves as an additional power 
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source. The APU provides power while the aircraft is on the ground and can act as an 

emergency power source during flight [52]. Batteries are also present on the aircraft to start the 

APU and provide backup power for critical cockpit equipment and essential functions like 

emergency lighting [53], [54]. 

Over time, the AC power generation system in aircraft has evolved to adapt to technological 

advancements in areas such as power generation efficiency and address specific challenges. 

Initially, constant frequency (CF) systems with fixed-frequency integrated drive generators 

(IDGs) were used. These generators were mechanically coupled to the engine, maintaining a 

constant mechanical speed and electrical frequency on the aircraft's electric bus [55]. In the 

1990s, variable frequency (VF) generation systems were introduced to simplify the mechanical 

gearbox and provide more flexibility. Aircraft like the A380 and A350 adopted variable-

frequency generators with a doubled voltage standard of 230/400 VAC to meet increased 

electrical power demands [56]. Further advancements led to the emergence of variable-speed 

constant-frequency (VSCF) systems in the 2000s [57]. These systems incorporated power 

electronic converters (PECs), allowing for variable speeds and frequencies. However, the 

introduction of power electronics introduced a range of harmonics, which had to be managed 

using passive and active power filters [58]. This evolution in power generation systems enabled 

the replacement of fixed-frequency power loads, such as induction motor-driven pumps, with 

power electronics-controlled loads compatible with variable frequency standards (ranging from 

360 to 900 Hz). This transition was evident in systems like the A380's flight control actuation 

systems, which employed electro-hydrostatic actuators (EHAs) as a hydraulic network backup. 

Table 2-1 Recent Advances in Aircraft Power Generation Systems [21] 

Power generation type                        Civil aircrafts                              Power ratings 

Constant frequency                                      A340                    4×90 kVA 

  2×120 kVA                                                                      B777 

Variable frequency                                       A380                                    4×150 kVA 

                                                                      B787                                    4×250 kVA 

VSCF (115V at 400 Hz)                               MD-90                                 2×75 kVA 

 

The power generation system in aircraft has undergone a gradual evolution, transitioning from 

a 115 VAC 400Hz constant frequency system to variable speed constant frequency, and finally 

to variable speed variable frequency. Table 2-1 provides an overview of the power generation 
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solutions employed in recent aircraft. In the following subsections, the architectures of these 

power generation systems will be looked into, exploring their operating principles and 

examining the core equipment involved, namely the starter/generator. 

2.1.1.1 Constant Speed Constant Frequency 

Traditional aircraft power generation systems rely on a mechanical coupling between the 

engine and generator shafts through a gearbox known as a constant speed drive (CSD). The 

CSD converts a variable speed input into a constant output speed required to drive the AC 

generator. This hydromechanical CSD maintains a constant output frequency of 400 Hz, 

resulting in a steady supply of electrical power. In addition, this approach ensures a stable 

output speed, while allowing for variations in the input speed, such as the engine shaft speed. 

However, the use of the CSD necessitates maintenance and adds weight and size to the power 

generation system. Moreover, the gearbox itself is costly, challenging to maintain, and 

compromises system reliability, highlighting the need for improvements [55]. 

Gearbox

Variable 

Speed Shaft

Aircraft Engine

CSD

Variable 

Speed Shaft

Generator
3-Phase

115 V, 400Hz

Constant 

Speed Shaft

IDG

 

Figure 2.1 Constant frequency constant speed using IDG. 

To address these concerns, in the 1970s, the generator and CSD were integrated into a single 

unit called an integrated drive generator (IDG) [12], [59]. This integration marked a significant 

advancement, resulting in improved power density, enhanced system reliability, and weight 

reduction. The IDG system has been implemented in various aircraft models such as the A340, 

B717, B737NG, B747, B767-400, B777, and the MD-12 [46], [60]. Figure 2.1 illustrates the 

block diagram of the IDG system. Despite the introduction of IDG, these power generation 

system components still need to be located near the engine and cannot be distributed throughout 

the aircraft, presenting a limitation in design flexibility. As a result, alternative topologies are 

being explored to address these limitations and improve overall aircraft’s power generation 

system performance. 
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2.1.1.2 Variable Speed Constant Frequency (VGSCF) 

The Variable Generator Speed Constant Frequency (VGSCF) system is an advanced power 

generation solution that has emerged as an alternative to traditional constant speed drive (CSD) 

architectures. Unlike the CSD system, which relies on a mechanical gearbox to maintain a 

constant speed, the VGSCF system utilises a direct connection between the generator and the 

engine to achieve a constant frequency output, as shown in Figure 2.2. However, since the 

engine speed can vary during different flight phases, the generator produces an output 

frequency that fluctuates accordingly [57]. To rectify this, a cyclo-converter or matrix power 

converter, along with a filter, is employed to convert the variable frequency output into a fixed 

frequency (typically 400 Hz) and voltage supply for the aircraft [61], [62], [63].  

One of the main advantages of the VGSCF system is its ability to simplify the mechanical drive 

system. Through the elimination of the need for complex gearboxes and constant speed drives, 

the system becomes more streamlined, reducing weight, size, and maintenance requirements. 

Additionally, the introduction of PECs enables finer control over the electrical frequency, 

improving the overall performance and flexibility of the aircraft’s power generation system. 

However, a notable drawback of this system is that the power converter must handle the entire 

power generated by the generator. As a result, the power converter must exhibit high reliability 

to ensure the required level of safety in the aircraft's operation. Presently, power electronics 

technology still faces reliability challenges, which limit the widespread adoption of this 

configuration, making it a less commonly chosen option [61]. 
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Figure 2.2 VGSCF system with a power converter. 

2.1.1.3 Variable Speed Variable Frequency (VSVF) 

The Variable Speed Variable Frequency (VSVF) generation system offers a new configuration 

for aircraft power generation, addressing some of the challenges faced by the VGSCF system. 

In this new configuration, the generator is directly connected to the gas turbine engine, as 
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illustrated in Figure 2.3 [64]. As a result, the generated electrical frequency varies according to 

the engine speed, typically ranging from 320 to 800 Hz, while maintaining a controlled voltage 

[65]. 
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Figure 2.3 Variable speed variable frequency generation system. 

The key advantage of this system is the direct connection between the generator and the power 

bus, which simplifies the overall electrical generation setup and reduces costs. However, one 

drawback is that the variable frequency output from the generator is not suitable for most 

onboard loads, necessitating the use of power converters for control purposes and to ensure 

compatibility with variable frequency power [9], [61]. This architecture has been successfully 

implemented in aircraft such as the Boeing 787 and Airbus A380. In these aircraft, the voltage 

is adjusted to 115V AC (A380) or 230V AC (B787). 

The variable frequency range of the VSVF system can present challenges for aircraft loads that 

are sensitive to frequency, particularly AC motors. When these motors are directly powered by 

the AC grid, their speed is influenced by the frequency of the grid, which can lead to 

inconsistent performance. To address this issue, local power converters can be employed to 

ensure the appropriate frequency and control of these motors. Additionally, advanced control 

techniques can be implemented to optimise the performance of these motors [46]. 

2.1.1.4 DC Power Generation 

The DC power generation system in aircraft relies on DC generators to supply the necessary 

voltage for powering onboard loads. Typically, there are two DC buses: a 28 VDC bus for low-

power loads and a higher voltage bus, such as 270 VDC or 540 VDC, for high-power loads 

[12]. The DC generator is carefully controlled to maintain a constant DC voltage, regardless of 

changes in engine speed or load power. This control mechanism is important for meeting 
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aerospace standards, including the stringent MIL-STD-704F [49], which ensures compatibility 

between the aircraft power system and other electrical loads.  
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Figure 2.4 AC generator with AC-DC converter. 

The DC power generation system has already been adopted in military aircraft like the F35 and 

is also a part of the electric power system in the B787. Figure 2.4 illustrates a DC power 

generation system featuring a variable frequency generator that supplies power to an AC-DC 

converter. The AC electrical power generated by the generator is rectified to produce a DC 

power output of either 270 V or 540 V [9]. The architecture shown in Figure 2.4 offers several 

advantages, including reduced corona effect, elimination of the need for reactive power 

compensation, decreased skin effect, and ultimately reduced power loss in the transmission 

cable [66]. Some DC power generation systems incorporate conversion mechanisms to meet 

the specific requirements of various loads. These systems involve the transformation of high-

voltage DC into either 115VAC at a frequency of 400Hz or 28VDC. Lockheed Martin's F-22 

and F-35 aircraft employ these DC power generation configurations that offer enhanced 

efficiency compared to traditional methods. These configurations have fewer power conversion 

stages, resulting in a more streamlined and efficient power generation process [46]. 

2.1.1.5 Electrical Machines for Starter/Generator Applications  

Electrical machines play a vital role in providing power generation and starting functions, thus, 

contributing to the overall performance and efficiency of the aircraft's electrical power system. 

In starter/generator (SG) applications, the electrical machines are designed to serve dual 

purposes. During the starting phase, they act as motor-like devices, providing the necessary 

torque to initiate the rotation of the engine. Once the engine is running, these machines 

transition seamlessly into generators, converting mechanical energy from the engine into 

electrical energy to power various onboard systems and charge the aircraft's battery [67], [68].  
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The SG scheme offers a simplified connection between the engine and the electrical machine, 

eliminating the need for accessory gearboxes, power take-off shafts, and engine tower shafts 

in future aircraft designs. Instead, a power converter is employed to serve as an interface 

between the aircraft's main bus and the electrical machine, resulting in a reduction in the 

complexity of the power system [67]. With this arrangement, the power converter controls the 

flow of power into and out of the electrical machine, allowing it to function as either a starter 

or a generator. The power flow and a visual representation of the SG system can be observed 

in Figure 2.5. 
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Figure 2.5 Overall Architecture of the Starter-Generator System. 

As shown in Figure 2.5, the SG system utilises a bi-directional power converter to drive the 

electrical machine in two modes: motoring and generating. In the motoring mode, the machine 

is driven by the power converter using power from the main bus, enabling it to accelerate the 

aircraft's engine. The control system regulates the speed of the machine to match a reference 

value, ensuring efficient operation. Alternatively, in the generating mode, the engine acts as a 

source of mechanical power. This mechanical power is then converted into electrical power by 

the electrical machine and power converter. The generated electrical power is subsequently 

utilised to supply power to various loads onboard the aircraft [28]. 

One of the key objectives in the development of electrical machines for SG applications is to 

achieve high efficiency and power density. This involves designing machines that can deliver 

a high output power while minimising energy losses and size constraints. Additionally, these 
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machines should exhibit reliable performance, withstand the demanding operating conditions 

of aircraft environments, and ensure a smooth transition between motor and generator modes. 

Different types of electrical machines have been explored for SG applications, including 

induction machines (IM), permanent magnet machines (PMM), and switched reluctance 

machines (SRM). Each type offers distinct advantages and challenges, and researchers continue 

to investigate and optimise their performance for different applications [69]. 

Wound Field Synchronous Machine (WFSM) 

The Wound Field Synchronous Machine (WFSM) is a synchronous machine that employs a 

wound field rotor and stator windings. The WFSM consists of a rotor, which includes a field 

winding, and a stator, which contains armature windings. The field winding is connected to a 

direct current (DC) power source and creates a magnetic field when energized. The armature 

windings, on the other hand, are connected to the aircraft's electrical system and interact with 

the magnetic field to generate electrical power.  
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Figure 2.6 Diagram of the three-stage wound-field synchronous machine [70]. 

Figure 2.6 shows the equivalent electrical structure of a typical three-stage WFSM, which 

consists of three distinct electric machines integrated into a single housing. The left side of the 

circuit represents a Permanent Magnet (PM) generator, which produces a variable frequency 

voltage based on the speed of the engine. The control system of the WFSM detects the voltage 

levels at the PM generator armature and adjusts the exciter field accordingly by providing a 

suitable DC reference. The exciter, located in the middle of the circuit, consists of an armature 
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and windings. The control scheme ensures that the exciter armature voltage is controlled in 

response to the exciter field. This voltage is then rectified into DC form using a rotating diode 

rectifier. The rectified DC creates a main excitation field, which induces AC voltage through 

the main armature windings. This AC voltage is utilised for various aircraft applications [70]. 

In addition to its excitation control, the WFSM's control scheme also monitors and regulates 

the output AC voltage. This ensures that the generated AC voltage remains stable and within 

the desired range. 

 

Figure 2.7 Induction motor construction [74]. 

The WFSM is a potential choice for future More Electric Aircraft (MEA) applications due to 

its advantages in field regulation, mature technology, and potential direct connection to the 

distribution network. However, this machine topology has certain limitations. The presence of 

multiple windings and electronic components on the rotor contributes to its complexity. To 

achieve higher power density, additional windings and larger diodes are necessary, which 

increases the overall complexity and weight of the system. The heavier rotor imposes 

constraints on the achievable operating speed of the machine [71], [72]. Furthermore, if the 

three-stage WFSM is intended to support electrical engine start operations, additional windings 

are required, further increasing the complexity [73]. Considering these drawbacks, the three-

stage WFSM may not be suitable for meeting the power rating improvement demands of the 

MEA. Thus, it is necessary to explore alternative machines that offer improved efficiency and 

performance for MEA SG systems. 

Induction Machine (IM) 
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The induction machine (IM), also known as an asynchronous machine, is a widely used type 

of electrical machine in various industries and applications. It is known for its simplicity, 

robustness, and cost-effectiveness [75]. The construction of an IM consists of two main 

components: the stator and the rotor as shown in Figure 2.7. The stator consists of a laminated 

core with slots that hold insulated copper windings. These windings are arranged in a specific 

pattern to create a rotating magnetic field when an alternating current (AC) is applied. The 

rotor, on the other hand, can be either a wound rotor or a squirrel cage rotor. 

 

Figure 2.8 Structure of stator and rotor of the switched reluctance machine [77]. 

The IM exhibits notable characteristics that make it suitable for MEA applications. These 

include its high robustness, fault tolerance, low cost, and tolerance to high operating 

temperatures. However, despite its advantages, the IM does encounter certain challenges that 

need to be addressed for MEA applications. These challenges include low power density [71], 

the presence of large end windings, and excitation problems at high speeds [76]. In MEA 

applications, where weight reduction is a priority, the IM's relatively larger size and weight 

may also pose a challenge [76]. These issues require further research and development efforts 

to optimise the performance and overcome the limitations of the IM in MEA applications. 

Switched Reluctance Machines (SRM) 

Switched Reluctance Machines (SRM) are a type of electrical machine that offer unique 

characteristics and advantages for various applications, including MEA systems. These 

machines operate based on the principle of magnetic reluctance, utilising the tendency of 
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magnetic flux to flow through the path of least reluctance. The SRM consists of a stator with 

salient poles and a rotor with salient teeth as shown in Figure 2.8. The stator poles are energized 

sequentially by switching the current flow, creating a magnetic field that interacts with the rotor 

teeth [78]. The absence of permanent magnets or field windings on the rotor is a distinguishing 

feature of SRMs. 

One of the key advantages of SRMs is their simplicity in design and construction. With a 

reduced number of parts, such as the absence of permanent magnets and brushes, SRMs offer 

a more robust and reliable solution. The simplicity also contributes to easier maintenance and 

lower manufacturing costs compared to other machine types. SRMs are highly suitable for 

variable speed applications due to their inherent ability to operate over a wide range of speeds. 

They exhibit excellent performance in high-speed regimes and can maintain efficiency even at 

low speeds. This flexibility makes SRMs well-suited for the varying power demands of aircraft 

systems during different flight phases. Furthermore, SRMs offer advantages in terms of fault 

tolerance and reliability [73].  

Although SRMs have many benefits, they also present some challenges. One major challenge 

is the generation of acoustic noise and vibration due to the nature of the operating principle. 

Mitigation techniques, such as proper mechanical design and control algorithms, are necessary 

to minimise these effects. Another drawback is the presence of a high torque ripple, which can 

impact system efficiency and smooth operation. These drawbacks restrict the usage of the SRM 

for MEA applications [77], [73]. Thus, addressing these challenges associated with torque 

ripple reduction, and noise reduction will enhance the applicability of SRMs in aerospace 

applications and contribute to their wider adoption in the industry. 

Permanent Magnet Machine (PMM) 

The PMM (Permanent Magnet Machine) utilises permanent magnets in the rotor to provide 

excitation. These magnets can be either surface-mounted or interior-mounted. The structure of 

the stator in a PMM is like that of an IM as shown in Figure 2.9. However, the rotor of the 

PMM differs, as it incorporates permanent magnets that generate a constant magnetic field 

[77]. Unlike the IM, the PMM experiences higher efficiency and power density, making it 

suitable for a wide speed range with superior torque and power capabilities. PMMs have gained 

significant popularity in recent years, particularly in electric vehicle (EV) and hybrid electric 
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vehicle (HEV) applications [79]. They offer advantages such as a wide torque-speed range, 

superior torque and power density, and high efficiency. 

 

Figure 2.9 Structure of a permanent Magnet Machine [77]. 

In a study [80], a surface mounted PMM machine with a power rating of 45 kVA and a 

rotational speed of 32 krpm was used for an SG application. It was connected to the DC bus 

through a neutral point clamped (NPC) three-level converter, and experimental results 

demonstrated excellent power generation and control performance. Another research [81] 

employed an interior PM (IPM) synchronous motor as a SG, and a field-weakening strategy 

was developed to enhance its power generation capability in the high-speed range. The PMM 

offers advantages such as higher efficiency, power density, and a wide speed range. However, 

considerations for temperature management, fault tolerance, and cooling systems must be 

addressed for their application in aerospace and other industries [28]. In summary, each of the 

three machine types has its advantages when used as a SG: 

✓ SRMs are preferred for their robustness. 

✓ IMs are chosen for their mature technology and cost-effectiveness. 

✓ PMM offers high power density and superior performance. Due to their high efficiency, 

power density, and well-established control strategies, the PMM-based SG system will 

be utilised in this thesis.  
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2.1.2 Overview of Power Distribution Architectures 

In aircraft power distribution systems, both AC and DC topologies are commonly used. AC 

power at 115V/400Hz is supplied to large electrical loads such as galleys, while 28V DC power 

is used for avionics, flight control, and essential services powered by the battery [16]. The DC 

power in the conventional aircraft is obtained by converting the AC power through transformer 

rectifier units (TRUs). However, the operation of TRUs can introduce harmonic distortions 

into the AC side of the aircraft's EPS. This harmonic distortion can have negative effects on 

the performance of sensitive instruments and circuits within the aircraft. TRUs, being the 

primary source of harmonics in the EPS, have the potential to increase voltage distortion and 

the presence of harmonic content. This can result in malfunctions and disruptions in the 

operation of sensitive equipment and circuits onboard the aircraft. Also, in conventional 

aircraft, the distribution system is centralised, requiring power to be sent to the front of the 

aircraft, resulting in increased line losses and inefficiency [82].  

However, with the shift towards MEA, power generation and distribution are now located 

closer to the point of consumption. This is made possible by advanced solid-state power 

controllers and contactors with improved communication capabilities, enabling remote 

distribution. This approach reduces line losses, increases efficiency, and allows for significant 

reductions in the volume and weight of the aircraft. Consequently, lower-rated equipment can 

be used, leading to cost savings in maintenance and improved fuel efficiency. Figure 2.10 (a) 

shows the power distribution system of a traditional aircraft, while Figure 2.10 (b) shows the 

power distribution system of a MEA. Figure 2.10 (b) showcases the modern network 

configuration implemented in the Boeing 787 aircraft as an example.  
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(a)                                                                         (b) 

Figure 2.10 Power distribution system in conventional aircraft and B787 [15]. 
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Figure 2.11 Conventional B767 aircraft power distribution system [83]. 
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2.1.2.1 Power Distribution System Architecture in Conventional 

Aircraft 

The power system configuration in a conventional aircraft involves the generation of electrical 

power from engine-driven generators to supply both AC and DC loads. In most aircraft, the 

engine-driven generators are connected in parallel, with each generator responsible for 

powering a specific set of distribution buses. These generators are interconnected through a 

Bus-Tie Breaker (BTB) arrangement [83]. 

If one generator fails, it is isolated from its respective busbar, and the loads on that busbar are 

transferred to the functioning generator. If both generators fail, essential services in the aircraft 

are powered by the onboard batteries for a predetermined duration based on the battery's state 

of charge (SOC) and the power requirements of the loads. The simplified power distribution 

system of a conventional aircraft, such as the Boeing 767, is shown in Figure 2.11 (excluding 

the external power system) [46]. The generators supply AC loads with a constant-frequency 

AC voltage of 115V at 400 Hz [84], [46]. The TRU’s main function is to convert the 115V AC 

voltage into 28V DC voltage, which is then supplied to the DC buses. This conversion enables 

the DC buses to receive the appropriate voltage level required to power the respective DC 

loads. The DC-tie system is employed to interconnect the two DC buses in case of a failure in 

either the main AC bus or the TRU [83]. Moreover, autotransformers facilitate the supply of 

115V AC voltage at a constant frequency of 400 Hz from both main AC buses to specific loads. 

In situations where both generators are non-functional, the batteries supply power to essential 

loads and feed the main bus through an inverter [83]. 

2.1.2.2 Power Distribution System Architectures in MEA 

MEA EPS architectures represent the latest advancements in aircraft EPS evolution [7], [85]. 

It is worth noting that state-of-the-art technology emphasizes two main approaches: high-

voltage variable frequency (ranging from 360 Hz to 900 Hz) AC primary distribution or high-

voltage DC distribution (at 270 V, ±270 V, or 540 V). 

One example of a hybrid AC-DC MEA EPS architecture can be found in the European Union 

(EU) FP6 project MOET [86], [87]. This architecture, as shown in Figure 2.12 (a detailed 

description can be found in [88]), follows an islanded structure during normal operating 
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conditions. Each generator is responsible for its own loads and distribution layers. Only in the 

event of a fault, specific inter-tie contactors can transfer load to a healthy primary source.  

 

Figure 2.12 Electrical Power Distribution Architecture for MEA in the MOET Project [89]. 

 

Figure 2.13 Flexible power distribution architecture with modular and identical PECs [89]. 
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A notable characteristic of this topology is its extensive use of power electronic converters, 

resulting in a high reliance on power electronic components. However, since many onboard 

loads are only required for short durations during flight missions, the utilisation rate of power 

electronics in this EPS architecture is relatively low. Enhancing this utilisation rate would lead 

to significant reductions in the overall weight and cost of the EPS system [89]. 

The use of modular PECs in the MEA EPS allows for flexible architecture and improved power 

availability. The architecture as shown in Figure 2.13 consists of smaller PECs called "cells" 

that can connect primary buses to secondary buses without causing power interruptions. These 

cells can operate in parallel with others, providing redundancy and allowing for increased 

power availability [87]. Also included in the architecture are an energy storage system (ESS) 

and modular cell power electronic converter (MCPEC). The modular design of the cells also 

offers benefits in terms of weight and volume reduction, as they can be easily replaced as 

individual units. The EPS with this architecture functions as a smart MG, with the supervision 

logic responsible for energy management and optimising the system configuration. Recent 

research has focused on developing optimised control logic for these architectures, aiming to 

improve overall EPS performance in terms of reliability, safety, power availability, weight 

reduction, and component count reduction [90]. 

 

Figure 2.14 Single bus electrical power distribution system [91]. 
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A recent development in the MEA power distribution system is the adoption of a "single-bus" 

concept, where all or most of the system is connected to a single bus that interfaces with all the 

loads and power sources as shown in Figure 2.14 [35], [92], [91], [93]. This configuration is 

enabled by using active PECs to control and regulate the primary sources. The HVDC bus 

allows for the connection of various power management equipment. The use of a single DC 

bus configuration offers several advantages compared to an AC network. It improves system 

efficiency, reduces costs, and results in smaller system sizes. This is mainly because fewer 

PECs are required, leading to higher overall efficiency. Additionally, the absence of 

transformers in AC/DC converters significantly reduces the size of the DC network. Another 

benefit of the single-bus topology is the ease of establishing optimal power allocations through 

decentralised droop control. This can result in significant weight reduction by reducing the 

design ratings of the main power sources. These advancements in the MEA power distribution 

system enhance efficiency and contribute to a more compact and effective power system [94].  

2.1.3 Power Consumption and Electric Loads on Aircraft 

The power consumption on aircraft involves various electrical services and loads that serve 

different functions. These services include lighting, heating, motors and actuation, subsystem 

controllers, and avionics systems [83]. Nevertheless, in the EPS of MEAs, various types of 

physical loads can be categorised into constant impedance loads (CIL), constant current loads 

(CCL), and constant power loads (CPL). These load types are used to analytically represent the 

behaviour of different electrical loads on the aircraft. Constant impedance loads (CIL) are 

characterised by their impedance remaining constant regardless of the operating conditions. 

Examples of CILs include resistive loads and other devices such as the wing ice protection 

system, galley ovens, and cargo heaters [95]. These loads exhibit a consistent impedance value 

during operation. Constant current loads (CCL) draw a constant current from the power supply. 

They include devices like transducers that require a consistent current input for their operation. 

Most loads connected to the high-voltage DC (HVDC) bus in MEA systems, which are 

supplied by PECs or inverters, behave as constant power loads (CPL). These loads, such as 

DC/DC converters for resistive loads and DC/AC inverters for motor drives, consume power 

at a constant rate regardless of voltage or current fluctuations [95]. 

The heating load is necessary for anti-icing or de-icing systems (WIPS) and can consume a 

significant amount of power, often in the tens of kilovolt-amperes (kVA) [83]. Motors are 
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employed in various applications on board the aircraft. These include linear actuation for 

engine control and trim actuators, and engine starters for initiating engine and APU operation 

[83]. These electrical services and loads are essential for the proper functioning of the aircraft, 

ensuring safety, comfort, and operational efficiency. Proper management and allocation of 

power to these systems are significantly important to meet the diverse power requirements and 

maintain reliable operation throughout the flight. 
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Figure 2.15 A single bus EPS architecture for future MEA applications. 

2.1.4 Single Bus-based Multi-Generator Electrical Power System  

After analysing the power generation, distribution, and utilisation system in the MEA, this 

thesis focuses on the study of a single-bus electrical power system (EPS) architecture with 

multiple generators feeding power to the same bus. The architecture, depicted in Figure 2.15, 

serves as the basis for the research conducted in this thesis. As shown in Figure 2.15, two 

permanent magnet synchronous generators (PMSGs) are connected directly to the turbine 

shafts through active rectifiers (ARs). These generators can operate at variable speeds. The two 

generators extract power from the main engine through the high-pressure (HP) and low-

pressure (LP) shafts, ensuring efficient utilisation of the engine's generated power. They 

operate in parallel to transfer the power to the DC bus, typically providing a 270V DC output. 

This DC power can be obtained either from the main engine-driven generators or through active 

rectification. Additionally, during the ground starting of the engine, the 270V DC power can 
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also be sourced from a ground-based auxiliary power unit (APU). Utilising parallel generation 

with a single bus offers several anticipated advantages, such as enhanced power system 

redundancy. This means that in the event of a generator failure, the parallel system can ensure 

an uninterrupted power supply. Furthermore, the parallel operation of multiple generators can 

be effectively managed, providing potential benefits in terms of weight reduction, improved 

efficiency, increased availability, and cost savings [89]. The on-board loads consist of a 

combination of conventional resistive loads and Controlled Power Loads (CPLs) that are 

typically driven by tightly controlled power electronics. 

As mentioned in Chapter 1, Section 1.3, there are challenges associated with coordinating the 

control of multiple power sources and ensuring proper power management within this 

architecture. One of the key motivations for this PhD research lies in exploring and addressing 

these challenges in achieving efficient load sharing and optimal power management within the 

studied single-bus EPS architecture. Nevertheless, a comprehensive understanding of the 

electrical power system (EPS) requires an introduction to the characteristics of each component 

within the system. This enables a holistic view of how the system operates and interacts. 
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Figure 2.16 Control block diagram of PMSM. 

2.1.4.1 PMSG Model 

Three-phase Permanent Magnet Synchronous Generators (PMSGs) have gained widespread 

use in power generation over the past decades. To simplify the calculations and avoid the 
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complexity of dealing with three phases, PMSGs are often modelled using synchronous and 

rotating reference frames, such as the dq frame [96]. The frame transformation from three-

phase to dq is presented in Appendix B. 

d
d s d d e q q

q

q s q q e d d e m

di
v R i L L i

dt

di
v R i L L i

dt



  


= + −


 = + + +
  

(2-1) 

The dynamic equations for the PMSG in the dq frame (in (2-1)) are given by the following 

variables: vd (d-axis stator voltage), vq (q-axis stator voltage), id (d-axis current), iq (q-axis 

current), Ld (d-axis inductance), Lq (q-axis inductance), Rs (stator resistance), φm (flux linkage 

of the permanent magnet), and ωe (electrical rotor angular velocity). The PMSG model 

diagram, represented in olive green, is depicted in Figure 2.16, based on the equation (2-1). 

The derivation process for equation (2-1) is detailed in Appendix C. 

The maximum allowable phase currents are governed by the ratings of both the inverter and 

the machine. Additionally, the maximum voltage is contingent on the available DC-link voltage 

and the modulation method used. These voltage and current limitations can be represented as 

follows, neglecting the stator resistance and transient terms [97]: 
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(2-2) 

The parameters vc
max and ic

max represent the maximum phase voltage amplitude at the 

fundamental frequency and the maximum phase current, respectively. 

2.1.4.2 Control of the PMSG system 

A. Flux weakening and DC Link control. 

The flux weakening (FW) control is important to ensure the machine operates within the 

voltage limit circle and enables high-speed operation, particularly in the context of MEA. This 

control strategy involves injecting a demagnetizing current to weaken the PMSG's flux, 

reducing the back-emf generated. By effectively managing the demagnetizing current, the 
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stator voltage can be regulated [98]. The use of the flux weakening controller impacts (id), and 

it remains active during generator mode to maintain the stator voltage ( 2 2

c d qv v v= +  ) at the 

required level and prevent converter overmodulation. As the machine rotates beyond the base 

speed, the flux-weakening operation activates, injecting a negative d-axis current (id
*) based on 

the error between the reference voltage and the converter's voltage limit. The FW controller 

equation is as expressed in (2-3). 

* max( )iFW
d c c

k
i v v

s
= −

 

(2-3) 

where the integral gain of the FW controller is represented as kiFW. It is essential to note that if 

the PMSG operates in a region where flux weakening is not necessary, id
* = 0. 

During generation mode, the outer DC power loop sets the q-axis current reference (iq
*). In 

flight, the system operates in generation mode, and the q-axis current reference (iq
*) is 

determined by the dc-link current or voltage demands, which are dictated by the specific power 

sharing method. For example, if the power sharing method is voltage feedback-based droop 

control (current-mode droop control method), the current reference should be implemented. 

Conversely, if the power sharing method is current feedback-based droop control (voltage-

mode droop control method), a voltage reference should be used. 

B. Current control 

The current control loop regulates the dq-currents (id and iq) based on their reference values (id
* 

and iq
*). Figure 2.16 illustrates the dq current loops along with their corresponding control 

plant. The flux-weakening controller and DC controller generate the dq-current references, 

which are then supplied to the current controller. The feedforward terms within the current 

control plant are utilised to compensate for the coupling effect in the dq frame. Consequently, 

the control plant can be simplified to first-order transfer functions, expressed as (2-4) for the 

d-axis current and (2-5) for the q-axis current. 
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A block diagram showing the current PI controller and plant is shown in Figure 2.17. 
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Figure 2.17 Current Controller Transfer Function 

By incorporating a PI controller with feedforward elements, a closed-loop transfer function can 

be derived as follows: 

( )* 2
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(2-7) 

The transfer function, resembling an ideal second-order response, with kpc and kic representing 

the proportional and integral gains of the current regulator can be expressed as in (2-8). The 

denominator terms in equations (2-6) and (2-7) are the determinants of the current controller 

dynamic response. In order to obtain the PI controller gain parameters, they are compared with 

the standard second-order response equation shown in (2-8). 
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(2-8) 

The damping ratio (ζ) and natural bandwidth (ωn) for the current regulator can be expressed as 

follows, using equations (2-9) and (2-10), respectively: 
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To achieve the desired dynamic and static response, the values of ζ and ωn are typically set 

based on the fundamental frequency and switching frequency. With these values, the 

proportional and integral gains of the current regulator can be calculated accordingly. While 

the tuning method is straightforward to apply, it may come with drawbacks due to the presence 

of a zero in the closed-loop transfer function, as shown in equations (2-6) and (2-7). An 

examination of the impact of this zero on control performance reveals that it can enhance 

dynamic performance and will not pose a significant challenge to the system stability. 
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Figure 2.18 Two-level three-phase active front end (AFE) rectifier. 

2.1.4.3 Converter Model 

The need for high power quality in MEA systems has led to the adoption of active-front-end 

converters (AFE) as a potential replacement for traditional transformer rectifiers. AFE 

converters offer improved electrical behaviour while maintaining robustness and safety 

requirements. Two-level and three-level converters, especially the neutral point clamped 

topology, are considered suitable for aircraft applications [99]. In this thesis, a two-level 

converter (shown in Figure 2.18) is chosen over a three-level converter for its simplicity and 

intrinsic reliability due to the minimal number of devices. Besides, the focus of this research is 

on designing and testing the control scheme, and the two-level converter serves this purpose 

effectively.  
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The converter, like the PMSG, is modelled in the dq rotating frame. In this frame, the AC 

voltage of the power converter is expressed as 

2 2

c d qv v v= +
 

(2-11) 

where vd and vq are peak voltages. As depicted in Figure 2.19, the d-axis and q-axis components 

of the AC-side terminal voltage can be represented as follows: 

1

2
d d dciv m v=
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2
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(2-13) 

where md and mq represent the modulation indices in their respective directions. 
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Figure 2.19 Model of a two-level active front-end (AFE) power converter in dq frame. 

The real power at the AC-side terminal of the two-level AFE can be represented as in (2-14). 

( )
3

2
d d q qP v i v i= +

 

(2-14) 

Assuming negligible power loss in the converter, the power balance between the DC and AC 

sides can be expressed as  
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(2-15) 

where idc represents the output DC current flowing into the capacitor. 
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Figure 2.20 DC-link model 

2.1.4.4 DC-link Model 

In the DC-link model shown in Figure 2.20, the magnitude of the current passing through the 

DC-link capacitor (i.e., icap) is dependent on the current supplied to the DC-link by the AC-DC 

converter. The dynamics of the DC-link can be expressed using equation (2-16). 

dc dc L

b

dV i i

dt C

−
=

 

(2-16) 

In (2-16), idc represents the current generated from sources, iL is the output current for loads, 

and Cb is the capacitance of the DC-link. Assuming that the interconnecting cable impedance 

can be neglected, the DC link voltage (Vdc) will be equal to the main bus voltage (Vbus). The 

nominal voltage of the main bus is typically defined based on specific standards, such as MIL-

STD-704F for MEA. For instance, a nominal voltage of 270V is specified, and a voltage range 

between 250V and 280V is considered acceptable for MEA applications [49]. 

2.1.4.5 Load Model 

Conventional aircraft primarily rely on electric power to energize avionics, lighting, 

entertainment systems, and galleys. However, the evolution of power electronics has paved the 

way for MEAs to incorporate additional electric loads, such as air conditioning, pressurisation, 

flight controls, fuel pumps, and wing ice protection [99]. In general, the electric aircraft DC 
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grid experiences a mix of constant impedance loads (e.g., wing ice protection) and constant 

power loads (CPLs), as indicated in equation (2-17). 
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dcv
P P P P

R
= + = +

 

(2-17) 

where Pcpl and Pres represent the total power of the CPL and resistive load, respectively, and 

Rres denotes the resistance of the resistive load. The voltage-current relationship can be 

expressed as in (2-18) 
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i

R V
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(2-18) 

In simulation studies, the constant power load (CPL) can be effectively represented as a 

controllable current source. The model diagram depicting the load combination is illustrated in 

Figure 2.21. 
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Figure 2.21 Load model combining constant impedance load (CIL) and constant power load 

(CPL). 

The subsequent subsections will present a detailed review of load sharing among the parallel 

sources. 

2.2 Power Sharing Control Methods 

After examining the existing electrical loads in the MEA, it is important to address the issue of 

load power sharing within the multiple generator-based single-bus architecture. The studied 
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architecture shown in Figure 2.15 can be considered a challenging case of islanded DC MG 

[94]. Therefore, the power sharing methods utilised in DC MGs can be extended to the EPS 

examined in this thesis. Implementing power sharing control enables system-level 

optimisation, including improvements in efficiency and power management. From a 

communication perspective, power sharing control can be categorised into three methods: 

centralised control, distributed control, and decentralised control [100]. These methods will be 

further explained and illustrated in the subsequent sections. 

2.2.1 Centralised control  

The centralised control method is commonly employed in distributed generation (DG) based 

DC grids, as shown in Figure 2.22 [101]. In this approach, a centralised controller is utilised to 

regulate the DC bus and coordinate the operation of various power modules, such as PMSGs. 

The DG data is collected and processed by a centralised aggregator, and feedback commands 

are then transmitted through a digital communication network to the individual DG units and 

their corresponding local controller (LC), as illustrated by the dashed lines (in blue colour). 
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Figure 2.22 Centralised control operating principle in DC EPS. 

In small-scale grid systems, centralised control is relatively straightforward to implement, as 

depicted in Figure 2.23. The central controller manages the voltage regulation of the DC bus 

and determines the current references for each power module by dividing the total current 

reference based on the rated power ratio of the sources [28], [102]. The splitting of the total 
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current reference is based on the rated power ratio of the sources and can be achieved through 

average splitting [102] or unequal splitting algorithms [103]. Examples of applications where 

centralised controllers are used in MGs can be found in [104], [105]. 

Alternatively, master-slave control can be implemented as a substitute for centralised control. 

This configuration involves designating one module as the "master" and the remaining modules 

as "slaves" [106], [107], [108]. The master module takes charge of regulating the DC-link 

voltage and generating current references for the slave modules as shown in Figure 2.24. The 

advantage of master-slave control is that it eliminates the need for an additional central 

controller, resulting in cost reduction. However, it is worth noting that master-slave control 

presents greater challenges in implementation compared to centralised control. 

LC1

PMSG1 

+ AR1

-

LC3

PMSG3 

+ AR3

- PI

-

Load

I1 I1
*

I3
I3

* Power

split

V*

Centralised controller

Vbus

I*

LC2

PMSG2 

+ AR2

-
I2 I2

*

Cable

Cable

Cable

 

Figure 2.23  Control scheme of centralised control. 
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Figure 2.24 Control scheme of master-slave control. 

Centralised control offers notable advantages in terms of voltage regulation and current-sharing 

performance. It provides a robust framework for achieving the desired objectives of the entire 

system under the management of a single operator [109]. However, the major drawbacks of the 

centralised control strategy are that it has a single point of failure, needs high speed 

communication, and provides less reliability [110]. If the central controller fails (a single point 

of failure), it can result in the shutdown of the entire MG, impacting its operation and 

functionality. In addition, the dependence on communication networks for data exchange limits 

its application to smaller-scale grid systems, as large-scale systems may experience constraints 

in communication bandwidth [109]. In such cases, hierarchical control, which combines local 

converters and coordinated control through digital communication links (DCL), becomes a 

preferred choice [111], [36]. Hierarchical control provides a certain level of independence 

between control levels, ensuring system reliability even in the event of centralised control 

failure [112], [113], [114], [115].  

2.2.2 Distributed control  

The distributed control method operates without a central control unit, relying instead on 

communication between local controllers through dedicated DCL, as shown in Figure 2.25. 
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One key advantage of this approach is its ability to maintain full functionality even in the event 

of communication link failures, as it is not reliant on a single point of control [116]. This 

resilience to single-component failures makes distributed control a robust and reliable solution. 

In the distributed control strategy, local controllers exchange information that is limited to 

locally available variables. This means that if two local controllers are not directly connected 

by a DCL, they do not have direct access to each other's data and their system observation is 

constrained. However, this limitation can be mitigated by employing consensus algorithms, as 

described in [117]. These algorithms enable local controllers to achieve a level of awareness 

comparable to that of a centralised controller, facilitating the seamless achievement of 

objectives such as voltage restoration, output current sharing, and overall system efficiency 

improvement [118], [119]. Furthermore, the distributed control architecture offers greater 

flexibility and reliability when compared to the centralised control method [100], [120]. 
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Figure 2.25 Operating principles of distributed control in DC EPS. 

Despite the many benefits of the distributed control method, analysing the performance of 

distributed control in MGs can be complex due to its decentralised nature. Additionally, the 

interconnections required between individual units in the distributed control scheme may 

reduce system redundancy and flexibility [121]. It is important to note that distributed control 

in MGs has been studied extensively in the literature, with various implementations and 

investigations found in references [119], [40], [122]. The work presented in references [119] 
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utilises a distributed control model to establish a primary/secondary control structure for DC 

MGs. Each converter within the system is equipped with both current and voltage regulators. 

The proposed cooperative control scheme ensures accurate global voltage regulation and 

facilitates load sharing among the converters. In [40], droop control is described as the primary 

control method for achieving load current sharing in DC EPS applications. The average DC 

voltage and current are controlled using two PI controllers, which are guided by a low-

bandwidth communication-based consensus algorithm. However, the approach employed in 

[40] only utilises static averaging, assuming that all units can communicate with each other. 

Alternatively, [122] demonstrates the application of a consensus algorithm in a modular DC-

DC converter system, where each converter serves as a node in the communication graph. The 

communication graph layout can be randomly selected. In comparison to [40], the methods 

proposed in [119] and [122] require only neighbour information and utilise a sparse 

communication graph across the DC EPS, resulting in a reduced number of communication 

lines. Additional studies that utilise the distributed control approach, specifically for AC MGs, 

can be found in references [123, 124, 125]. 
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Figure 2.26 Operating principles of decentralised control in DC MGs. 

2.2.3 Decentralised control 

Decentralised control employs local measurements and local controllers to regulate individual 

components without the need for communication between units, as shown in Figure 2.26. In 

the event of a module failure, the remaining modules can still contribute to power sharing by 

following their droop settings, thereby enhancing system reliability [111]. This control 

principle offers the advantage of easy control implementation and independence from digital 

communication networks. Additionally, each parallel module can operate independently using 
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only LCs and measurements, eliminating the need for costly communication networks [121]. 

However, the absence of a communication network results in limited information exchange 

between units, which can restrict the performance of the system. 

Droop control is considered a decentralised control method that operates independently of a 

communication network. It is used to achieve parallel operation and current sharing among 

multiple sources in a power system. The droop control is realised by adding a "virtual 

resistance" to the local voltage controllers of the sources to regulate their power sharing. This 

virtual resistance limits the flow of circulating current and helps prevent excessive power flow 

between sources. The "virtual resistance," also known as the droop gain, droop constant, or 

droop coefficient, differs from a "real resistance" in that it remains constant regardless of 

working conditions such as temperature. Unlike real resistance, virtual resistance does not 

produce actual power losses and does not vary with environmental factors. A virtual resistance 

is an ideal value used in the context of control systems. Therefore, by operating independently 

and without the need for a communication link, droop control provides reliable and cost-

effective control.  

The droop control method has been extensively used in traditional AC electrical power system 

grids [111, 126, 127]. Its reliability, simplicity, and modularity have made it a successful choice 

for power sharing among parallel sources and converters in DC systems [40]. Unlike AC 

systems, where "reactive power" is applicable, DC systems transfer only active power. The 

amount of active power transferred in the DC network can be determined by the voltage. Thus, 

a similar droop control mechanism can be implemented in DC systems by establishing a 

relationship between active power (P) and voltage (V) to achieve the desired load sharing 

through voltage adjustments. In some cases, the P-V droop can be expressed as an I-V droop, 

which is also a common type of DC droop [128]. The voltage mode (i.e., V-I strategy) and 

current mode (i.e., I-V strategy) droop control strategies can be illustrated using Figure 2.27 

(a) and (b) respectively [128].   
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Figure 2.27 Droop characteristics (a) V-I droop (b) I-V droop. 

In the voltage-mode droop control method, the output current is measured and then fed into the 

V-I droop characteristics, as shown in Figure 2.27 (a). Subsequently, the calculated reference 

voltage, Vdc
*, is provided to the inner voltage controller. The DC voltage is then regulated based 

on the V-I droop characteristics. Conversely, the current-mode droop control method is 

implemented by measuring the output DC voltage, which is then input to the I-V droop 

characteristics, as illustrated in Figure 2.27 (b). Additionally, the calculated reference current, 

Idc
*, is supplied to the inner current controller, and the injected current is controlled in 

accordance with the I-V droop characteristics. The voltage controller references for the voltage 

mode drop control strategy and the output current reference for the current mode droop control 

strategy can be calculated as shown in (2-19) and (2-20) respectively.  

* *

dci dc di dciV k IV= −
 

(2-19) 

*
* dc dci
dci

di

V V
I

k

−
=  

(2-20) 

In the context of the droop controller, let's denote i as the number of subsystems, Vdci
* as the 

output, which represents the reference value of the DC output voltage of the ith converter. Vdc
* 
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corresponds to the rated value of the DC voltage. Idci
*

 is the generated reference DC current of 

the ith converter. The coefficients kdi is the droop gain associated with voltage-mode and 

current-mode droop control startegies. Additionally, Idci represent the output current of the ith 

converter. 

As a decentralised control method, droop control can enhance power sharing while promoting 

system modularity and reliability. However, the presence of impedance in the interconnecting 

cable can impact droop control performance, and the cable resistance is susceptible to changes 

like temperature variations. To address the influence of cable resistance, the droop gain needs 

to be adjusted accordingly, but this adjustment involves a trade-off in the droop gain design. 

Illustrating the effect of mismatched cable resistances on droop control, we can take the 

example of the two parallel-connected DC sources depicted in Figure 2.28. Figure 2.29 

illustrates the V-I droop characteristics curve for the two parallel connected DC sources, 

highlighting the unequal load sharing caused by the impact of mismatched line resistances 

within the system. Observing Figure 2.29, it can be observed that when the droop gain for the 

converters is set small, identical, or comparable to the mismatched line resistance Rci, the 

current sharing error (Idc1 - Idc2) becomes significantly high. Conversely, setting a high droop 

gain larger than the line resistance (kdi ≫ Rci) can mitigate the impact of unequal line resistance 

on current sharing, reducing the current sharing error. However, this approach may result in 

poor bus voltage regulation (as shown in Figure 2.29), which is unacceptable for many practical 

applications due to threats to system stability and power quality.  
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Figure 2.28 Two-source single load DC MG 
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Figure 2.29 Trade-off between power sharing accuracy and voltage regulation. 

Table 2-2 Comparison of Various Control Principles 

 Centralised control Distributed control Decentralised 

control 

Communication 

medium 

DCL DCL Power Line 

Modularity Low High High 

Centralised 

controller 

Yes No No 

Reliability Low Medium High 

Single point of 

failure 

Yes No No 

Advantages Flexible and serves 

as the best 

foundation for the 

use of advanced 

control 

functionalities. 

Not affected by a 

single point of 

failure. 

Local measurement 

and regulation 

Disadvantages Single point of 

failure and limited to 

small-scale DC EPS. 

Complex analytical 

performance 

analysis. 

Depends only on 

local variables, 

hence, the lack of 

global information. 
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Despite the inherent trade-off, droop control remains a viable and competitive solution for 

distributed DC EPS, suitable for both small and large-scale systems, as it offers advantages 

such as independence from communication channels, increased system reliability, and 

modularity. Therefore, the design and optimisation of converters' droop coefficients play an 

important role in striking the right balance between accurate current sharing and satisfactory 

DC bus voltage regulation. In [129], a novel droop method is introduced for converter parallel 

operation to enhance load-sharing performance by regulating the nominal voltage. However, 

this method has limitations as it only considers equal sharing conditions. In [130], the impact 

of DC interconnecting cable impedance on DC MG balancing power distribution under droop 

control is investigated, and an analytical expression for estimating the balancing power 

distribution accounting for DC line voltage drops is derived. In [131], an adaptive droop control 

approach is applied for effective power sharing in multi-terminal DC (MTDC) grids, ensuring 

self-sustaining power sharing, tight DC link voltage control, and prevention of overload during 

the outage of a power converter. Additionally, [132] proposes a novel voltage control technique 

for DC-DC converters with an energy storage system (ESS) that combines fuzzy control with 

gain-scheduling techniques to achieve energy management and power sharing objectives. The 

approach establishes the relationship between load state and droop gain, enabling simultaneous 

DC voltage regulation and stored energy balancing without a trade-off between high droop gain 

and voltage regulation. In [111], a three-level control hierarchy (primary, secondary, and 

tertiary) inspired by the ISA-95 and electrical dispatching standard is proposed to address the 

challenges associated with droop control in DC MG systems. This hierarchical structure offers 

improved load sharing, voltage regulation, flexibility, and intelligence. The primary control 

level employs droop control with an output-impedance virtual loop for DC output current 

sharing, while the secondary control level handles voltage restoration and frequency 

synchronisation by compensating for deviations caused by the primary control. Additionally, 

the tertiary control level is responsible for energy management, allowing the MG to achieve 

various objectives such as reduced energy cost and increased efficiency. A summary of the 

various control principles is provided in Table 2-2.  

To summarise, droop control, as a decentralised method, can achieve balanced power sharing 

among parallel sources by utilising local variable information. Its improved modularity and 

system reliability make droop control a suitable choice to address power sharing challenges in 

DC systems.  
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Figure 2.30 Application of some AI methods in power electronic systems (PES). 

2.3 Artificial intelligence techniques in power electronics and control 

The implementation of AI techniques in EPS enables them to learn and reason similarly to 

human beings, leading to improved system performance [133]. AI has found widespread use 

in various industrial applications, including computer vision, autonomous vehicles, image 

classification, and speech recognition, due to its numerous advantages. In the field of power 

electronics, AI has been extensively applied for tasks such as design optimisation, system 

health estimation, and intelligent control, spanning over the last three decades. A 

comprehensive review of AI applications in power electronics is available in [133], covering 

design [134], control [135], and maintenance phases [136], with AI often utilised for 

optimisation tasks in the design phase of PES [137]. The important functions of AI, serving as 

an intermediary layer between AI and power electronic applications as shown in Figure 2.30, 

can be classified into optimisation, classification, regression, and data structure exploration. 

However, this thesis solely focuses on optimisation and regression aspects. 

Optimisation: Optimisation using AI involves finding the best solution for a given problem, 

aiming to either maximise or minimise the objective functions while considering user-defined 

constraints and conditions. This technique is extensively used in system parameter design tasks 

to identify the optimal set of parameters that lead to desired system performance. In essence, 

optimisation helps explore and determine the most suitable parameters that fulfil design goals 

within specified constraints [133]. 
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Regression: Regression in AI involves establishing a relationship between input and output 

variables through training. Once trained, the AI technique can predict output variables based 

on given input variables. This is particularly useful in control applications, where a regression 

model can establish a functional relationship between input signals and control output 

variables, enabling intelligent controllers to predict control variable values based on input 

electrical signals [133]. 

The field of power electronics extensively utilises AI methods, including expert systems, fuzzy 

logic, metaheuristic methods, and machine learning techniques. A comprehensive review [133] 

emphasizes the widespread application of AI in power electronics, with a focus on regression 

and optimisation tasks using machine learning techniques. In the following subsection, we will 

explore metaheuristic methods and machine learning techniques, which are particularly 

relevant and extensively applied in power electronics. 

2.3.1 Metaheuristic methods 

Metaheuristic methods serve as efficient and scalable tools for optimisation tasks in power 

electronics, avoiding the need for complex calculations of gradient and Hessian matrices. These 

methods, inspired by biological evolution, include trajectory-based (e.g., tabu search and 

simulated annealing) and population-based methods (e.g., genetic algorithm (GA), particle 

swarm optimisation (PSO), and ant colony optimisation (ACO).  

In [138] and [139], the PSO technique is utilised to tune the parameters of the PI controller and 

determine the optimal droop coefficient. In [138], the objective functions for optimisation 

involve minimising the error in measured power and improving damping characteristics in both 

autonomous and grid-connected modes. In the autonomous mode, the power sharing 

coefficients and controller parameters are optimised. In addition, the design parameters in [138] 

are optimised to enhance the damping characteristics in both autonomous and grid-connected 

modes to enhance its stability and minimise the error in the measured power. However, the 

constraint used for searching the optimal design parameter settings requires the need to carry 

out a small-signal model analysis. On the other hand, [139] focuses on achieving stable 

coordination of multiple DGs interfaced with inverters for effective active and reactive power 

sharing, while also enhancing the control of the inverters against disturbances like voltage and 

frequency. In [140], a novel enhanced droop control method is introduced, incorporating virtual 
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impedance, and coupling compensation into the basic droop control for AC MG applications. 

The virtual impedance parameters are optimised using an improved particle swarm 

optimisation (IPSO) algorithm, eliminating the need to calculate the line resistance. However, 

the accuracy of current sharing relies heavily on the proper tuning of the virtual impedance. 

Meanwhile, [141] proposes an approach to determine the optimal droop settings of dispatchable 

DG units in an islanded DC MG, aiming to minimise total operational cost and emissions. This 

bi-objective optimisation problem is solved using the fuzzy membership function and PSO. 

The harmony search (HS) algorithm is employed in [142] to search for the optimal droop 

resistance that will minimise the current sharing error. 

Population-based methods are commonly used due to their superior convergence speed and 

global searching capability, with GA and PSO being the most popular. However, they are 

heuristic and have an intensive computational burden [133]. In addition, for every design 

objective, a new set of simulations are required [39] to find the optimal droop gain. Another 

drawback includes the possibility of being stuck in the local optimum due to the premature 

convergence of the results of the optimisation [143, 144]. Thus, there is no guarantee that their 

solutions are globally optimal.  

2.3.2 Machine Learning 

Machine learning (ML) is a subset of AI that allows computer algorithms to recognise patterns 

and behaviours in power electronics systems by learning from collected data. Machine learning 

algorithms have gained significant popularity in power electronics applications owing to their 

ability to learn non-linear system behaviours rapidly and efficiently. Their advantage lies in 

not relying on explicit knowledge of the physical system model, allowing them to accurately 

map and establish relationships between desired system parameters [145]. This capability 

presents a significant advantage for electrical power system parameter design and optimisation. 

ML can be categorised into supervised learning, unsupervised learning, and reinforcement 

learning. These data-driven algorithms can work with both structured and unstructured data to 

make decisions based on previous experiences and collected information [133], [146]. 

2.3.2.1 Supervised learning 

Supervised learning involves establishing implicit mappings and functional relationships 

between input and output data pairs in a training dataset [145]. This approach is particularly 
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beneficial in power electronics, where formulating system models can be complex. Supervised 

learning encompasses tasks like classification, which deals with labelling discrete categories, 

and regression, which predicts continuous variables [133], [147]. Once the model is trained, it 

can evaluate new data points from a testing dataset, and its generalisation on new inputs is 

important for its performance. Supervised learning methods in power electronics can be 

classified into connectionism-based methods (e.g., neural networks), probabilistic graphical 

methods, and memory-based methods (e.g., kernel methods) [133]. Neural network (NN) 

methods utilise connection weights and structures to learn from training data, with fuzzy neural 

networks (FNN) and recurrent neural networks (RNN) improving robustness and dynamic 

performance, respectively. Probabilistic graphical methods use diagrams to represent 

conditional dependence relationships and are well-suited for handling uncertainty and 

incomplete knowledge. Kernel methods, such as support vector machine (SVM) and relevance 

vector machine (RVM), utilise a subset of the training dataset for testing and are more efficient 

for smaller datasets [133]. 

2.3.2.2 Unsupervised learning 

Unsupervised learning operates without labelled data, allowing it to autonomously detect 

patterns from unlabelled datasets. It is used for tasks such as clustering, compression, and 

analysis of data [145]. For example, it can be applied in medical imaging, fault diagnosis, and 

computer vision. While it offers the advantage of not requiring labelled data, it often 

necessitates longer training times and larger datasets, leading to increased computational 

complexity and a higher risk of generating inaccurate results. Nonetheless, unsupervised 

learning serves as valuable data preprocessing for subsequent analytics, aiding in reducing the 

computational burden and improving accuracy [133], [148]. 

2.3.2.3 Reinforcement learning 

Reinforcement learning (RL) stands apart from supervised and unsupervised learning as it does 

not rely on a training dataset [145]. Instead, RL aims to find an action strategy that maximises 

rewards for a specific task through trial-and-error interactions with systems or simulation 

models, allowing it to progressively accumulate experience and learn a strategy that achieves 

predefined goals [133], [149]. This dynamic programming approach is advantageous in cases 
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where existing datasets are limited, or the system model is difficult to formulate. One practical 

application of RL is maximum power point tracking (MPPT) [150]. 

Among the machine learning methods, supervised learning takes the lead in its application to 

power electronics. This dominance stems from the versatility of supervised learning, making it 

a central and widely used tool in various machine learning-related applications within power 

electronic systems [133]. 

2.3.3 Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANNs) are a class of machine learning models inspired by the 

structure and function of biological neural networks found in the human brain [151]. They are 

powerful tools used for various tasks, including pattern recognition, classification, regression, 

and optimisation. The structure of an ANN is shown in Figure 2.31. The feedforward neural 

network (FFNN) is the most frequently employed type of ANN in power electronics 

applications [133]. The choice of FFNN is driven by its simple structure. In an FFNN, data 

flows in a forward direction, starting from the input layer and progressing through the hidden 

layer(s) before reaching the output layer [152]. In various applications, the FFNN is utilised to 

take advantage of its static nonlinear mapping property [133]. In [153], an FFNN is used for 

waveform processing and delay less filtering. The FFNN is capable of converting m-phase 

waveforms with different shapes, frequencies, and magnitudes into n-phase waveforms with 

various characteristics. This approach simplifies hardware implementation and allows for easy 

embedding of additional single processing functions due to its flexible structure. Also, in [154], 

an FFNN is used to implement Space Vector PWM (SVPWM) for a three-level voltage-fed 

inverter. The NN takes sampled command phase voltages as input and generates pulse width 

patterns for SVPWM as output. The training data are generated through simulation using an 

SVPWM algorithm. The performance of the FFNN-based SVPWM is compared with a 

conventional DSP-based solution, demonstrating its flexibility in implementation on a 

dedicated IC chip. 
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Figure 2.31 Artificial neural network representation. 

As the name implies, data is feedforward from the input to the output (as shown in Figure 2.31) 

and there is no feedback from the output to the input. The basic FFNN structure consists of an 

input layer which receives the data or features that are fed into the network for processing, a 

hidden layer and an output layer which produces the final result or prediction of the ANN's 

task. Depending on the problem's complexity, the FFNN structure can be expanded to contain 

more than one hidden layer as shown in Figure 2.31. The hidden layers, if present, process the 

input data through a series of weighted connections. Each neuron in the hidden layers applies 

a transformation to the data based on its corresponding weights and biases. These hidden layers 

help the network learn complex patterns and representations from the data [151]. 

There exists a certain number of neurons in each of these layers. The neurons present in each 

layer process the information coming from the neurons in the layer before it. The training 

dataset is usually divided into two: input and output data. The number of parameters in the 

input and output data used for training determines the number of neurons in the input and output 

layers respectively. However, for the hidden layer, the number of neurons is determined by the 

system designer. Each neuron applies an activation function, which introduces non-linearity to 

the model. Common activation functions include sigmoid, tanh, and ReLU (Rectified Linear 

Unit) [151]. During training, the network adjusts the weights and biases associated with each 

connection to minimise the error or loss function between the predicted output and the actual 
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target output. The training process in ANNs typically involves backpropagation, where the 

error signal from the output layer is propagated backwards through the network to update the 

weights and biases. This iterative process helps the network improve its predictions over time 

[151]. 

Assuming the inputs supplied to the input layer are x1 to xN, where N denotes the number of 

inputs. These inputs are multiplied with their respective weights wik
l and then added to the bias 

value bk
l. The weight and bias values are updated during the training iteration. The results are 

processed with the aid of an activation function σ. The sigmoid symmetric transfer function 

(i.e., tansig) shown in (2-21) is considered in this thesis as the activation function. The 

generated neuron output in layer l becomes hi
l. The same procedure is repeated to compute the 

output of other neurons in the other layers. The expression for the signal flow of the ANN for 

each layer and the output of the FFNN is expressed in (2-22)-(2-24).  
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o Layer 1 (input): 

1 ,i ih x=                                      i = 1,…,Nl (2-22) 

where xi represents the inputs. 

o Layers  (hidden): 
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where k = 1,….,Nl-1 

o Layer (output): 

,l L

i i iy w h=                                      i = 1,…,Nl 
(2-24) 

where yi represents the outputs. 
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AI methods offer a solution to improve the formulation of design objectives in power 

electronics system (PES) design. By employing surrogate models, computational efforts are 

significantly reduced, as these models mimic the behaviour of complex system dynamics that 

are difficult to characterise or computationally intensive. The conventional design process in 

PES design involves time-consuming iterative steps and may rely on expert intuition without 

sufficient data for reference. ANN-based surrogate models act as efficient replacements, 

reducing design time and enabling more reliable and efficient design processes. These 

surrogate models are excellent alternatives for solving power electronics problems that require 

complex computer simulations or physical experiments, accurately predicting outputs across 

the entire design space while replacing detailed simulation models [133, 155, 156]. To that end, 

in this thesis, ANNs are chosen as a fundamental tool for parameter identification and control 

design in the MEA HVDC distribution network aiming to contribute towards advancements in 

power system control and optimisation. ANN’s flexibility allows them to handle complex 

functions and intricate data patterns, making them suitable for addressing the challenges in the 

power system [151]. However, overfitting, where the model performs well on training data but 

poorly on unseen data, is a common challenge in training ANNs. Despite this challenge, ANNs 

have achieved remarkable success in various domains, such as image and speech recognition, 

natural language processing, and control systems. 

2.4 Summary 

Considering the emphasis on weight reduction for MEA, the Permanent Magnet Synchronous 

Generator (PMSG) is chosen for power generation due to its high efficiency and power density 

compared to other electrical machines. HVDC power distribution technology is adopted due to 

its popularity, high reliability, efficiency, and ease of interconnecting different power sources. 

Three control approaches are presented: centralised, distributed, and decentralised control, with 

a comparison of their pros and cons. The decentralised control is favoured for its high 

reliability, modularity, and dependence on local variables, making it effective for mitigating 

source contingencies and communication breakdown. The chapter identifies ANN as the 

suitable AI and ML algorithm for parameter identification and control design in the thesis, 

owing to its flexibility in dealing with complex power systems. 
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Chapter 3 Optimal Droop Control Design using 

ANN. 

The design of the droop coefficient is one of the challenges for the droop control of converters, 

as it plays a key role in enhancing the performance of the droop control method. This chapter 

presents an ANN optimisation-based technique for the design of optimal droop control of 

parallel-connected converters in a fast and accurate manner, without imposing an additional 

computational burden on the system. The developed ANN-based design strategy of droop 

coefficients is used for load sharing and DC bus voltage regulation for MEA application. In the 

design process, the optimal droop coefficient setting is obtained by evaluating a user-defined 

fitness function with the aid of a trained ANN-based surrogate model. The system performance 

metrics predicted by the surrogate model are compared with that obtained from the simulation 

model.  

3.1 Introduction  

As described in Chapter 2, this thesis focuses on studying a promising single-bus HVDC EPS 

architecture for the future more electric aircraft (MEA) electrical power system (EPS). This 

architecture consists of multiple parallel-connected sources and multiple loads (see Figure 

2.15). In this setup, PECs act as essential elements connecting electrical sources and loads [38, 

155]. One of the most widely used PECs topologies is the voltage source converter (VSC). The 

control of these PECs' interfacing sources to the MG is a key issue in the MG’s operation 

especially concerning the sharing of the load power demand among the sources and voltage 

regulation [38, 39].  

The droop control method is widely adopted for load sharing and voltage regulation in DC 

MGs due to its independence from communication networks, high reliability, and modularity 

[111, 157]. This control technique involves introducing a virtual resistance, known as the droop 

coefficient or droop gain, in series with the converter on the DC bus side to dynamically adjust 

power sharing. The droop gains are usually predetermined and fixed for each PEC, determined 

based on the converter's current ratings to achieve proportional current sharing. However, the 
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conventional droop control has limitations in achieving accurate load sharing and voltage 

regulation due to practical factors such as mismatched interconnecting cable impedance and 

nominal voltage reference offset.  

As a rule of thumb, when the droop gains of the converters are selected to be large, there is 

almost a guaranteed accurate power sharing among the sources [111]. This is because the 

influence of cable resistance on power sharing becomes negligible. However, this results in 

poor regulation of the DC bus voltage, due to the unequal voltage drops across the transmission 

cables connecting the paralleled converters to the DC bus, particularly under heavy load 

conditions. Also, the use of a large droop coefficient has the potential of affecting the system's 

stability [40]. On the other hand, when the droop coefficient selected for the converters is small, 

the regulation of the DC bus voltage is enhanced while the power sharing accuracy is degraded 

[158]. Hence, a trade-off exists between power sharing accuracy and voltage regulation when 

using the droop control method [159]. Therefore, finding an optimal droop coefficient becomes 

important in striking the right balance between accurate load sharing and acceptable voltage 

regulation. 

Over time, several approaches have been proposed to enhance the droop control method's 

performance. Some strategies suggest using a large droop coefficient for improved load sharing 

[36, 160, 161], but they are only suitable for small-scale MGs where interconnecting cable 

resistance is negligible [162]. A communication network is required in [161] to compensate for 

the huge deviation in the DC bus voltage due to the large droop coefficient. The use of a 

communication link will reduce the reliability and modularity of the droop control method and 

increase the cost. Other methods, like the general piecewise droop (GPD) design in [163], offer 

improved load sharing and voltage compensation but involve complex strategies based on 

different load regions. Adaptive droop control is another option [164, 165, 166, 167], adjusting 

the droop gain based on the system's loading condition, but it requires online parameter 

estimation and communication links [168]. An enhanced droop control strategy [158, 169, 

170], independent of communication networks, adjusts the droop coefficient using estimated 

cable resistances. The line resistance is estimated by actively injecting a pulse disturbance into 

the system [169, 170]. The injection of disturbance has the potential of affecting the power 

quality of the system. 
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It can be observed that the existing proposed approaches have limitations, such as reliance on 

communication, computational complexity, or the need for accurate subsystem parameters. 

Therefore, some of these approaches may not be robust and reliable in ensuring optimal 

performance for different MGs, especially when the system parameters are difficult to obtain. 

To overcome these challenges, an alternative solution is to explore intelligent and efficient 

computing techniques for determining the optimal droop coefficient of the converters, ensuring 

robust and reliable performance in various MG scenarios. 

This chapter proposes a possible solution to improve the performance of the traditional droop 

control method by employing the ANN-based optimisation for the design and selection of the 

optimal droop coefficient of power converters without incurring an extra computational burden 

on the EPS and reducing the design time. To carry out an efficient and reliable design process, 

the usual procedure used in the design of a power electronics system (PES) parameter involves 

performing optimisations to find the optimum design parameter that will yield the best 

performance. This design process involves running many simulations by using different 

combinations of the design parameter as input. These are usually time-consuming and 

computationally expensive. In this regard, the AI method can be employed as a surrogate model 

to serve as a replacement for the original PES to reduce the design time [133, 156]. Surrogate 

models are excellent alternatives for solving power electronics problems that require carrying 

out complex computer simulations of physical experiments.  The main purpose of the surrogate 

model is to accurately predict the output of a detailed simulation model or experiment across 

the whole design space while replacing the original detailed simulation model. By exploring 

different combinations of the droop coefficients in the design space, the desired ANN can be 

trained efficiently after data generation. Based on the design criteria, the ANN can be used to 

quickly find the optimal droop coefficient. Moreover, it mitigates the risk of getting stuck in 

local optima, a common issue with other intelligent optimisation techniques like Genetic 

Algorithm (GA) and Particle Swarm Optimisation (PSO). Unlike other methods, the proposed 

approach directly provides the best design for any additional sub-design space, eliminating the 

need for further data collection and training. Additionally, the power system designer is not 

required to define the relationship between training data and a pre-defined function, simplifying 

the process. Furthermore, the modularity and reliability of the traditional droop control method 

are maintained as no additional communication links are necessary.  

The main research contributions of this chapter are as follows: 
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o Introducing an ANN-based optimisation approach for selecting the optimal droop 

coefficient of the converter, which is a new technique that has not been explored in 

previous works. 

o Achieving quick and accurate determination of the optimal droop coefficient after 

training significantly reduces the design time. The approach requires only a small 

amount of data collected from simulations. 

o Implementing the NN offline and utilising the optimal droop coefficient online during 

HIL experiments, ensures no additional computational burden on the EPS during 

implementation. 

o Validating the effectiveness of the proposed approach through simulations and HIL 

experiments. 
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Figure 3.1 Typical Single bus Multi-source HVDC architecture for future MEA EPS. 

3.2 System Description 

Figure 3.1 illustrates a potential multi-source DC grid architecture for the future MEA EPS 

distribution network. The power sources (G1…Gn) are assumed to be permanent magnet 

synchronous generators (PMSGs), drawing power from the aircraft engine. These sources are 

connected to the main HVDC bus (operating at 270V or 540V) through pulse-width-modulated 
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active front-end controlled rectifier units (AR1-ARn) and transmission cables. Each source is 

regulated and controlled by its corresponding AR unit. The main DC bus is equipped with a 

capacitor bank denoted as Cb, while the local converters have output capacitors C1-Cn. The 

electrical loads on the MEA include constant power loads (CPLs) and resistive loads. 

The MEA EPS, referred to as the PMSG-AR systems, can be operated as either current sources 

or voltage sources, depending on the chosen control strategy. In this thesis, the voltage-mode 

droop control scheme, based on the approach proposed in [94], is adopted for achieving current 

sharing among the sources. Figure 3.2 depicts the voltage-mode droop control scheme 

implemented for a single PMSG-AR system. 
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Figure 3.2 Control diagram of the PMSG-AR system controlled using the voltage-mode droop 

control scheme. 

The control structure is designed in a cascaded manner, with the inner loop responsible for 

regulating the d- and q-axis currents. To accommodate the high-speed operation of the PMSG 

in the MEA application, flux-weakening control is usually applied at the outer loop, involving 

injecting a negative component of the flux current id into the machine. Additionally, the PMSG 

operates as a generator, and the DC link current Idc is regulated by the droop characteristics 

within the outer loop. The modulation index M (represented as "M" in Figure 3.2) plays a 

crucial role in the control process. While Figure 3.2 shows the control structure for a single 
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PMSG-AR system, it's important to note that the thesis considers three parallel-connected 

PMSG-AR systems. The control structure remains the same for each of these multiple systems.  

3.3 Problem Formulation 

To achieve load sharing and voltage regulation in the DC MG, a droop control mechanism is 

widely employed. For simplified analysis, Figure 3.3 presents the steady-state equivalent 

circuit model of a two-source system. The droop-controlled parallel-connected sources with 

the interfaced converters (i.e., the PMSG-AR systems) are represented as an ideal voltage 

source followed by a virtual resistance, as depicted in Figure 3.3. Additionally, the 

interconnecting cable impedance connecting the parallel-connected converters to the DC bus 

is approximated as resistance for the analysis of the steady-state operation.  
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Figure 3.3 Steady-state equivalent circuit model of a droop-controlled DC MG formed by two 

(PMSG-AR) systems and one resistive load. 

In the droop control mechanism, to realise load sharing, the output voltage reference of each 

converter drops when the output current increases [40]. The terminal voltage is regulated based 

on the measured branch output DC current, Idci. The output voltage reference of the converters, 

derived using the droop control method, is expressed in (3-1). 

*

ref i dc d i d ciV V R I= −
 

(3-1) 

where the fixed virtual droop coefficient and the nominal bus voltage (270 V) are denoted as 

Rdi and Vdc
*respectively. The value of the droop coefficient for each converter is typically 

limited and determined based on the current ratings of the converters, as shown in (3-2). 
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(3-2) 

where Idcimax is the maximum/full-load output current of the ith converter and the maximum 

allowable deviation of the DC bus voltage is δVmax. The expression (3-2) sets the value of the 

droop coefficient for each converter, ensuring that the voltage deviation at their output, caused 

by the droop control mechanism, remains within the maximum allowable value δVmax. δVmax is 

typically set at around 5% of the nominal voltage [171]. It ensures that the voltage variation is 

limited and helps maintain stable operation within acceptable margins, even during load 

variations. 

Neglecting the interconnecting cable resistance, expression (3-3) provides the current sharing 

ratio between the sources in a steady state. This ratio determines how the load current is 

distributed among the parallel-connected sources. 

1 2

1 2

1 1
: :dc dci

d

d c

d

I I I
k k

=

 

(3-3) 

where kd1=Rd1 and kd2=Rd2 are the droop gain of the converters. The droop gain for each PEC 

is typically chosen to enable proportional current sharing based on their power ratings. As 

shown in equation (3-3), the droop coefficients are inversely proportional to the current ratings 

of the converters. This design ensures accurate current sharing among the sources when 

applying the same nominal voltage to each droop characteristic, assuming the interconnecting 

cable resistance can be neglected. However, in larger and low-voltage DC MGs, neglecting the 

transmission cable impedance becomes impractical, as it has a predominantly resistive nature 

and impacts the droop controller's performance. The limitations of the traditional droop control 

method, including the effects of transmission cable impedance, are further discussed in detail 

in the following subsections. 

3.3.1 Degradation of the DC Bus Voltage 

As shown in equation (3-1), the droop control function causes the converter's output voltage to 

decrease as the output current increases. However, these deviations can be controlled within an 

acceptable range by appropriately selecting the droop gains of the PECs, as indicated in the 

conventional droop gain design expressed in (3-2). Nevertheless, these deviations in the output 



Optimal Droop Control Design using ANN. 

69 

 

voltage of the converters can lead to the degradation of the DC bus voltage. Moreover, when 

considering the voltage drop across the distribution cable impedance, the deviation in the bus 

voltage becomes more pronounced. As a result, if the voltage drop on the cables is taken into 

consideration and voltage control dynamics are neglected, the steady-state bus voltage Vbus is 

determined as follows: 

* ( )refi ci d ci di ci du ib s dc cV V R I k R IV− += −=
 

(3-4) 

where Rci is the resistance of the cables. 

3.3.2 Degradation in the Current Sharing Accuracy 

Similarly, due to the voltage drop across the unequal interconnecting cable resistance, the 

output DC voltage at the terminal of each of the parallel-connected PECs will be different. 

Thus, leading to poor load sharing among the sources.  

From (3-4), it can be derived that, 

( ) ( )di ci d ci dj cj d cjR RkIk I+ = +
     , 1,......,i j N =  

(3-5) 

Therefore, based on the expression in (3-5), the sources will share the load current demand 

between them according to the ratio expressed in (3-6). 

1 2 2
1 2

1 1 2 2 2 1 1

1 1
: : dc d c

dc dc

d c d c dc d c

I k R
I I

k R k R I k R

+
=  =

+ + +
 

(3-6) 

It is obvious from (3-6) that the current sharing ratio between the converters will be affected 

by the unequal interconnecting cable resistance and the droop gain of the converters in steady 

states. In this chapter, we expand the two-source system depicted in Figure 3.3 to include three 

sources. By doing so, we can calculate the current sharing ratio between the converters using 

the equations in (3-7) and (3-8), where the current of converter 1 serves as the reference value. 

2 1 1
1

1 2 2

dc d c

dc d c

I k R
n

I k R

+
= =

+
 

(3-7) 
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(3-8) 

where n1 and n2 are the current sharing ratio between converter 1 and 2, and converter 1 and 3 

respectively. These current sharing ratios will not be as desired when using the traditional fixed 

and identical droop coefficient obtained using the expression in (3-2). This can be attributed to 

the influence of the unequal cable resistance on the current sharing performance of the 

conventional droop control method. Also, the DC bus voltage regulation expressed in (3-4) can 

be normalised as expressed in (3-9). 

270

bus
bn

V
V =

 

(3-9) 

From (3-7) and (3-8), the line impedance between generator connected ARs and the main DC 

bus has a significant impact on power sharing between different sources. This is extremely true 

for aerospace applications, where two main generators and converters (assuming AR1 and 

AR2) are located within the engine nacelle and another generator set (assuming to be AR3) is 

within the auxiliary power unit located at the tail of the aircraft. These 3 ARs are connected to 

DC bus bars located at the power distribution centre at the centre of an aircraft fuselage with 

long cables. Achieving equal power sharing and maintaining DC bus voltage regulation poses 

a significant challenge for the droop control method. One approach to ensure accurate power 

sharing is by setting the droop gains to values much larger than the line resistances (i.e., kdi >> 

Rci). By doing so, the power sharing accuracy improves as the influence of line impedance is 

mitigated. However, the application of large droop gain will compromise the bus voltage 

regulation as well as load current will result in a large voltage drop. This thesis thus proposes 

a better approach to achieve accurate power sharing and acceptable voltage regulation while 

mitigating the impact of the line impedance.  

3.4 Proposed ANN-based Droop Coefficient Design Approach 

This section introduces the utilisation of ANNs to optimise the droop coefficient of the 

converters, aiming to minimise errors in the current sharing ratio between the converters and 

achieve acceptable DC bus voltage regulation. The methodology for the proposed droop 

coefficient design and selection process will be thoroughly discussed in this section. 

Additionally, the structure and training of the ANN will be presented. 
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3.4.1 Methodology 

The overall flowchart of the proposed design approach is shown in Figure 3.4. As shown in 

Figure 3.4, the design methodology involves three stages (i.e., A, B and C). These stages are 

efficiently carried out offline. In stage A, the studied MEA EPS's detailed simulation model is 

run in a loop for every combination of the droop gains: kd1, kd2, and kd3 (used as input to the 

simulation) within a design range. The output DC currents of the converters (i.e., Idc1, Idc2, and 

Idc3), and bus voltage regulation Vbus are extracted at the end of each simulation. Thereafter, the 

extracted data is automatically processed to compute the corresponding current sharing ratios 

between the converters n1 and n2 and the normalised bus voltage Vbn. The sweep range of the 

droop coefficient should be pre-defined and selected in such a way that it covers a feasible 

design space and with high fidelity for the desired control objectives.  

In stage B, the processed data is used to train the ANN to become a dedicated fast surrogate 

model mapping the relationship between the droop gains of the converters (i.e., kd1, kd2, and 

kd3) and the current sharing ratios between the converters (n1 and n2) and normalised bus 

voltage regulation (Vbn). The ANN-based surrogate model will be trained with the droop 

coefficient combinations as input and n1, n2, and Vbn as the targeted output following a similar 

pattern as in the simulation. The trained surrogate model can then be used to predict the current 

sharing ratio between the converters and normalised bus voltage regulation for any 

combination of the droop coefficients. An interesting fact about this approach is that the 

processes involved in stages A and B are required to be executed just once for a particular 

system configuration and working conditions [39, 172]. 

In stage C, in the first instance, the design space of (kd1, kd2, and kd3) is sampled with very small 

steps to generate many design points which are then used as input to the surrogate model. 

Consequently, the corresponding outputs (n1, n2, Vbn) can be quickly generated using the 

surrogate model. Using the surrogate model, it becomes much faster to generate results when 

compared to the detailed simulation model which is a huge advantage. With a detailed mapping 

between the droop coefficients (kd1, kd2, and kd3) and control objectives (n1, n2, Vbn), a user-

defined fitness function fann thus can be utilised to identify the optimal droop gain settings to 

achieve the desired control objectives. This will be detailed in the following sections. 
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Figure 3.4 Flowchart of the proposed ANN-based design of the droop coefficient in droop 

control of power converters. 

3.4.2 ANN Structure and Training 

Various kinds of ANN structures exist in the literature [173], however, the feed-forward neural 

network (FFNN) is chosen to train the surrogate model. It is an enhanced structure of the ANN 

that has the capability of solving both linear and non-linear problems due to the introduction 

of a hidden layer. It has an excellent generalisation capability and can efficiently map the design 

parameter (i.e., kd1, kd2 and kd3) and the performance metrics (i.e., n1, n2 and Vbn). Details about 

the FFNN are provided in Chapter 2, Section 2.3.3. The relationship between the design 

parameter and the performance indicators as represented by the FFNN can be expressed as in 

(3-10). 

1 2 1 2 3( ) ( , , ) ( , , )bn d d dy F x n n V F k k k=  =
 

(3-10) 

where x denotes the input to the ANN and y is the output. 
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Figure 3.5 shows the FFNN model structure used in training the surrogate model. The structure 

consists of 3 neurons in the input layer, 11 neurons in the hidden layer and 3 neurons in the 

output layer. It can be observed that the input parameters at the input layer are the droop 

coefficient combinations x1 = kd1, x2 = kd2 and x3 = kd3. Hence, the number of neurons in the 

input layer is 3. Also, the output layer contains 3 neurons since the three-performance metrics 

y1 = n1, y2 = n2, and y3 = Vbn are the targeted output. The droop coefficient is the design variable. 

The surrogate model is trained offline using the Levenberg-Marquardt backpropagation 

algorithm. The training is executed using the neural network (NN) fitting toolbox available in 

MATLAB. 
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Figure 3.5 Structure of the three-layer FFNN-based surrogate model. 

3.5 Application of the Proposed Approach in the Droop Coefficient Design 

for the MEA EPS  

In this section, stages A and B of the proposed design methodology are verified on the single-

bus HVDC grid architecture for the future MEA EPS. Furthermore, after training, two design 

examples will be demonstrated using stage C. 
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3.5.1 Data generation  

The data used for training the ANN-based surrogate model is generated from the detailed MEA 

EPS control model (shown in Figure 3.2) which is developed in MATLAB SIMULINK©. The 

parameters used for the simulation are provided in Table 3-1. The data is extracted for a CPL 

of 40 kW which is considered the maximum load. To ensure a feasible design space with good 

fidelity, the choice of the design range for the design variables must be selected such that the 

stability of the system is not affected.  To that end, the upper and lower limits of the droop 

coefficients design range are selected as +10% and -10% respectively of the traditional 

identical and fixed droop coefficients (shown in Table 3-1) obtained using the conventional 

droop gain design. The sweep range and sampling step selected for kd1, kd2, and kd3 are given 

in Table 3-2.  

Based on the detailed comparative stability analysis of the droop control methods carried out 

in [174], the maximum value of the droop gain for stable operation is expressed as 

*2

4

dc
di ci

cpl

V
k R

P
 −  

(3-11) 

where Pcpl is the power of constant power loads connected to the DC bus. By substituting the 

MEA EPS parameters shown in Table 3-1 in (3-11), the maximum droop gain would be 0.4256. 

It can therefore be said that the design range selected is within the acceptable limit to ensure 

stable operation.  

As shown in Table 3-2, 11 settings of each of the droop gains are tested, thus, making 1331 

droop gain combinations used in the simulation for data generation. The performance indicators 

n1, n2 and Vbn are automatically computed at the end of each simulation. The multiple 

simulations are automated using MATLAB programmed codes. Each simulation run costs 

around 6 s. The simulation is conducted on a standard computer with 4-core processors. It takes 

around 35 minutes to collect the data samples. The collected data is utilised for training the 

ANN-based surrogate model. 
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Table 3-1 Parameters of the system used as a case study in simulations and HIL experiments. 

Category 

PMSG parameters 

Parameters 

Nominal power 

Base speed 

Switching frequency 

Maximum modulation index 

Pole pair 

Stator winding resistance Rs 

Winding inductance Ld=Lq 

Flux linkage 

Values 

45 kW 

8000 rpm 

100 kHz 

0.9 

3 

1.058 mΩ 

99 µH 

0.03644 Wb 

Converter, cable, and load 

parameters 

DC-link capacitance Cb 

Converter dead time Td 

DC link-rated voltage  

Traditional droop coefficients kdi 

Cable resistances Rci 

Cable inductances Lci 

Load power used during data 

generation 

1.2 mF 

3 µs 

270 V 

1/4.25, 1/4.25, 1/4.25 

3 mΩ, 30 mΩ, 15 mΩ 

1 µH, 10 µH, 5 µH 

40 kW 

 

Table 3-2 Range and sampling step used in data generation. 

Parameter Range Sampling Step Number of Samples 

1/kd1 [3.825, 4.675] 0.085 11 x 11 x 11 = 1331 

1/kd2 [3.825, 4.675] 0.085 

1/kd3 [3.825, 4.675] 0.085 

 



Optimal Droop Control Design using ANN. 

76 

 

3.5.2 ANN-based Surrogate Model Development 

The structure chosen for training the surrogate model is illustrated in Figure 3.5. To avoid 

underfitting or overfitting in the trained surrogate model’s performance, it is very important to 

choose a suitable number of neurons for the hidden layer(s). However, since, this is assigned 

by the system designer, it is generally advisable to start with a small number of neurons and 

then gradually adjust this based on the observed training performance [133]. In this chapter, a 

hidden layer with 11 neurons is utilised, resulting in an excellent match between the training 

data and the surrogate model's predicted output. The trial-and-error process for adjusting the 

number of neurons is fast, typically completed within a few seconds [39]. 

 

Figure 3.6 Comparison between the 1,331 targeted data obtained from the detailed simulation 

model shown in Figure 3.2 and the predicted output of the trained ANN model shown in Figure 

3.5. 

The collected dataset is divided into three parts for training, validation, and testing, comprising 

70%, 15%, and 15%, respectively. The training performance is evaluated using the root mean 

square error (RMSE) between the surrogate model's output and the targeted data used during 

training. A well-trained surrogate model will have an RMSE close to zero. For n1, n2, and Vbn, 

the computed RMSE values are 0.00085733, 0.0012517, and 0.000045932, respectively. 

Figure 3.6 displays a comparison between the surrogate model's predictions and the target data 

used for training, demonstrating a very close match between the ANN predictions and the 

targeted data. 
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Table 3-3 Range and sampling step used in optimisation. 

Parameter Range Sampling Step Number of Samples 

1/kd1 [3.825, 4.675] 0.01 86 x 86 x 86 = 

636056 
1/kd2 [3.825, 4.675] 0.01 

1/kd3 [3.825, 4.675] 0.01 

 

3.5.3 Design Examples with Different Fitness Functions 

The objectives of the optimisation are to minimise the error in the current sharing ratio between 

the converters and achieve good regulation of the DC bus voltage. Therefore, in this section, 

the trained surrogate model will be used to find the optimal droop coefficient settings kd1
opt, 

kd2
opt, and kd3

opt for realizing the desired control performance such as equal power sharing 

among the generators. At the beginning of the optimisation stage, the droop coefficients are 

sampled evenly with a small step of 0.01 within the design space as shown in Table 3-3. 

Thereafter, the trained surrogate model was used to evaluate 636,056 droop gain combinations 

by predicting their corresponding current sharing ratios between the converters (n1ann and n2ann) 

and normalised bus voltage (Vbnann). It took the surrogate model about 0.16 s to make the 

evaluation. In order words, it takes the surrogate model approximately about 0.252 µs to output 

one result. This speed makes it convenient to use an exhaustive search algorithm to find the 

optimal droop gain settings that minimise the fitness function. 

Furthermore, when the data generation and training time is considered, it will only cost the 

proposed approach approximately about 1 hour to optimise the droop coefficient. However, 

when compared to the detailed simulation model, it takes about 6s to generate the 

corresponding current sharing among the converters and DC bus voltage for only one 

combination of the droop coefficient. Therefore, for the considered 636,056 droop coefficient 

combinations (i.e., design points), it will take the detailed simulation model 1,060.1 hours or 

6.31 weeks to evaluate the whole design points. Hence, the CPU time is reduced by more than 

1,058 hours compared to the direct optimisation using the simulation software. This level of 

speed and accuracy is the motivation behind the use of the ANN design approach. Though it 

takes time to run detailed simulations to get the required ANN training data, this is justified by 



Optimal Droop Control Design using ANN. 

78 

 

a much faster optimisation of droop coefficient designs in the ANN execution stage. In 

addition, we do not need to apply any traditional optimisation techniques (e.g., convex 

optimisation, heuristic algorithms) and have no risk of getting stuck on the local optimum. The 

randomness introduced during training, such as random weight initialization, helps ANNs 

avoid convergence to local optima [151]. 

 Even for search algorithm-based optimisation (such as GA and PSO), usually, thousands of 

samples are needed which would still cost much longer computational time than the proposed 

approach (which only costs 0.16 s to evaluate 636,056 design points). This is because the 

computation burden of such optimisation algorithms depends entirely on the simulation model 

time. However, there are many factors in both approaches which can affect the total 

computational time. For example, data collection and training in our approach and parameter 

tuning in search algorithms-based optimisation. The two design examples considered in this 

chapter are presented in the following subsections. 

3.5.3.1 Minimisation of error in current sharing ratios  

The first objective (i.e., the first design example) is to find the optimal droop setting to 

minimise the error in the current sharing ratio between the converters. For a desired equal 

current sharing among the converters, the current sharing ratios between the converters should 

be equal to 1 (i.e., n1desired = 1, and n2desired =1). The fitness function to achieve this is defined 

in (3-12). To generate the best design point that will yield this objective, an integrated function 

d is employed. Using d, the fitness function in (3-12) can be combined as one as shown in 

(3-13). 

1 1 1
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1 2 2

1
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ann i ann

ann i
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(3-13) 

where fann1_1i represents the error in the difference between the ith current sharing ratio between 

converters 1 and 2 predicted by the surrogate model and the desired current sharing ratio 

between converter 1 and 2, and fann1_2i denotes the error in the difference between the ith current 
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sharing ratio between converters 1 and 3 predicted by the surrogate model and the desired 

current sharing ratio between converter 1 and 3. The optimal solution can be obtained by 

finding the index of the minimum value of d. This can be realised by simply using the min 

function in MATLAB as an exhaustive search algorithm, as expressed in (3-14).  

( )[min_ , ] min id index d=
 

(3-14) 

As shown in (3-14), the min function can provide the minimum value of d and the index (i.e., 

position) where this value occurs. Therefore, the position of the minimum value of d that will 

correspond to the optimal droop coefficient setting (kdi
opt) can be found. The plot of the 

integrated function d and the position of its minimum value is shown in Figure 3.7 (a). 

Consequently, the optimal droop setting at this position was found to be kd1
opt = 1/3.985, kd2

 opt 

= 1/4.465 and kd3
 opt = 1/4.185 as shown in Figure 3.7 (b). The corresponding current sharing 

ratios and normalised bus voltage predicted by the surrogate model are n1ann = 1.0000, n2ann = 

1.0000 and Vbnann = 0.9511. 

 

(a) 
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(b) 

Figure 3.7 Optimal droop coefficient setting for the fitness function in (3-12) (a) The plot of 

the integrated function d and position of its minimum value at 267,697.  (b) Optimal droop 

coefficient settings that minimise d are indicated with a red dot. 

3.5.3.2 Minimisation of error in current sharing ratios with good bus 

voltage regulation 

The second objective (i.e., second design example) has to do with finding the optimal droop 

setting that will provide the best possible current sharing ratios between the converters and 

acceptable normalised bus voltage. The fitness function for the second design example is 

expressed in (3-15). 

1 1 1

2 1 2 2

2 1

1

1

1
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ann i ann i ann
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f n
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−

−

−

 = −
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= = −


= −  

(3-15) 

where fann2_1i represents the error in the difference between the ith normalised bus voltage 

(Vbnann) predicted by the surrogate model and the normalised desired system nominal voltage 

of 1 (i.e., 270 V). Using the integrated function e, the fitness function in (3-15) can be combined 

as one as expressed in (3-16). 
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Coefficient 20 was selected in (3-16) to give priority to the minimisation of the error in the 

current sharing ratios. A value of 1 can be selected when the control objectives have the same 

priority. The value can be adjusted depending on which of the control objectives has higher 

priority. However, current sharing is usually accorded higher priority in the operation of the 

MG [171]. It is important to mention that choosing any other value in (3-16) would provide the 

optimal droop gain settings that will give the compromise solution (i.e., trade-off) between the 

control objectives, but the results will be different. The weighting coefficient selection process 

involves a trial-and-error process. The optimal droop coefficient setting that would guarantee 

the optimal trade-off between the current sharing and bus voltage regulation can be obtained 

using the expression in (3-17). 

( )[min_ , ] min ie index e=
 

(3-17) 

The plot of the integrated function e and the position of its minimum value is shown in Figure 

3.8 (a). Consequently, the optimal droop setting at this position was found to be kd1
opt = 

1/4.1550, kd2
 opt = 1/4.6750 and kd3

 opt = 1/4.3750 as shown in Figure 3.8 (b). The corresponding 

current sharing ratios and normalised bus voltage predicted by the surrogate model at this 

position are n1ann = 0.9994, n2ann
 = 1.0005 and Vbnann = 0.9532.  

 

(a) 
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(b) 

Figure 3.8 Optimal droop coefficient setting for the fitness function (3-15) (a) The plot of the 

integrated function e and position of its minimum value at 409,704. (b) Optimal droop 

coefficient setting that minimizes e is indicated with a red dot. 

3.6 Simulation Results 

To validate these results, simulations of the detailed MEA EPS model, as shown in Figure 3.1, 

were conducted in MATLAB Simulink. These simulations utilized the optimal droop settings 

obtained in both design examples. The simulation parameters are as shown in Table 3-1. A 

CPL of 40 kW was applied at 0.2 s during the simulation. The results obtained are shown in 

Figure 3.9 (a) and (b) respectively. As shown in Figure 3.9 (a), when the optimal droop 

coefficient setting from the first design example (shown in Figure 3.7 (b)) is used, the output 

currents shared among the converters in steady states were Idc1 = 51.920 A, Idc2 = 51.920 A and 

Idc3 = 51.920 A. Consequently, the calculated current sharing ratios between the converters are 

n1 = 1 and n2 = 1. Similarly, when the optimal droop coefficient setting from the second design 

example (shown in  Figure 3.8 (b)) is used, the output currents shared among the converters in 

steady states were Idc1 = 51.820 A, Idc2 = 51.770 A and Idc3 = 51.840 A as shown in Figure 3.9 

(b). Thus, the calculated current sharing ratios between the converters are n1 = 0.9990 and n2 = 

1.0004. The result of the bus voltage regulation Vbus obtained when using the optimal droop 

settings from the first and second design examples are 256.8 V and 257.4 V respectively as 
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shown in Figure 3.9 (a) and (b) respectively. Accordingly, the calculated normalised bus 

voltages Vbn are 0.9511 and 0.9533 respectively. It can be observed that the voltage regulation 

performance is within the acceptable range (i.e., > 0.950Vdc
*). Furthermore, there is an 

excellent match between the calculated current sharing ratios and normalised bus voltage from 

the simulation results using the optimal droop settings from the two design examples (n1 and 

n2) and the result obtained using the trained ANN model (n1ann and n2ann). 

 

(a) 

 

(b) 

Figure 3.9 Simulation results for current sharing and voltage regulation using the optimal droop 

coefficient from (a) the first design example and (b) the second design example. 
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For clarity and to further show that the proposed approach works well under load changes, a 

comparison with the traditional fixed and identical droop gains obtained using the conventional 

droop gain design is carried out using simulation studies. The simulation parameters are the 

same as those shown in Table 3-1. The traditional droop gains are also shown in Table 3-1. 

The optimal droop gain settings from the first design example are used for the comparison. 

CPLs of 20 kW, 30 kW and 40 kW are applied during the simulation at times 0.2 s, 0.3 s and 

0.5 s respectively. The results obtained are shown in Figure 3.10.  

 

(a) 

 

(b) 

Figure 3.10 Current sharing and bus voltage regulation using (a) Traditional fixed and identical 

droop gains. (b) Optimal droop gain settings from the first design example. 
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As shown in Figure 3.10 (a), the traditional droop gains cannot yield accurate load sharing due 

to the influence of the unequal interconnecting cable resistance on the droop control method. 

At time t = 0.5 s, the output DC currents flowing through the three converters are Idc1 = 54.610 

A, Idc2 = 49.060 A and Idc3 = 51.990 A respectively and the DC bus voltage regulation is Vbus = 

257 V. Hence, the calculated current sharing ratios between the converters and normalised bus 

voltage regulation in steady state are n1 = 0.8984, n2 = 0.9520 and Vbn = 0.9519. As expected, 

the bus voltage regulation increases with an increase in load demand due to the droop action. 

However, the drop in the bus voltage is less than 5% of the nominal voltage value for the 

maximum load demand considered. Conversely, the optimal droop gain settings obtained using 

the proposed approach can maintain equal and accurate current sharing among the converters 

as desired despite the load fluctuations (as shown in Figure 3.10 (b)). At time t = 0.5 s, the 

output DC currents flowing through the three converters are Idc1 = 51.92 A, Idc2 = 51.92 A and 

Idc3 = 51.92 A respectively and the DC bus voltage regulation is Vbus = 256.80 V as shown in 

Figure 3.10 (b). Hence, the calculated current sharing ratios between the converters and 

normalised bus voltage regulation are n1 = 1, n2 = 1 and Vbn = 0.9519. Similarly, the drop in 

the bus voltage is less than 5% of the nominal bus voltage value for the maximum load demand 

considered. Besides, a voltage range of between 250 V to 280 V is acceptable for the MEA 

EPS application in steady states [49]. Hence, these results show that, compared to the 

conventional droop gain design, the proposed optimal droop gain design strategy can enhance 

the performance of the droop control method by mitigating the influence of unequal line 

resistance. 

A simulation was conducted to assess the robustness of the optimal droop coefficient setting in 

maintaining accurate current sharing in the event of a fault in one of the generators. The optimal 

droop gain settings from the second design example are used in the simulation. Figure 3.11 

illustrates the results obtained. During the simulation, a CPL of 40 kW was applied. The results 

depicted in Figure 3.11 demonstrate that before the disconnection of PMSG2, all three 

converters operated in parallel, effectively sharing the load current demand with a ratio of n1 = 

0.9990 and n2 = 1.0004. Subsequently, upon the disconnection of the second PMSG2, 

converters 1 and 3 took on the responsibility of sharing the load current demand, with current 

sharing values of Idc1 = 79.1 A and Idc3 = 79.84 A, respectively. Despite the loss of converter 

2, the bus voltage remained adequately regulated within the permissible limits for MEA 

applications. Notably, the bus voltage declined from 257.40 V (when all three sources were 
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active) to 250.50 V following the disconnection of PMSG2, as depicted in Figure 3.11. 

Considering these outcomes, it is evident that the optimal droop coefficient setting exhibits 

commendable performance even under fault conditions, with a notably stable transient 

response. 

 

Figure 3.11 Simulation results for current sharing and bus voltage regulation using the optimal 

droop coefficient from the second design example under source fault conditions. 

While the simulation results presented in Figure 3.10 depict the MEA EPS's response to 

instantaneous load changes, it is essential to account for more realistic scenarios, such as 

ramped loads. Ramped load variations better emulate actual operating conditions within 

practical systems, notably in aircraft electrical power systems. To address this, we conducted 

simulations of the detailed MEA EPS model, illustrated in Figure 3.1, using MATLAB 

Simulink. These simulations employed the optimal droop settings obtained from the first design 

example, with the simulation parameters outlined in Table 3-1. At 0.2 s into the simulation, a 

ramped load was introduced, as illustrated in Figure 3.12 (a). The results concerning current 

sharing and bus voltage regulation are presented in Figure 3.12 (b). 

Figure 3.12 (b) reveals that when applying the optimal droop coefficient setting from the first 

design example, the load current demand is equally distributed among the converters. This 

achievement aligns with the desired sharing ratios of n1 = 1 and n2 = 1. Furthermore, the bus 

voltage exhibits a reduction of less than 5% from the nominal bus voltage value, even under 

the maximum load demand (i.e., 40 kW, as shown in Figure 3.12 (b)). These results emphasize 
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that, compared to conventional droop gain design, the proposed optimal droop gain design 

strategy enhances the performance of the droop control method by mitigating the influence of 

mismatched cable resistances. In addition, the results obtained provide insights into how the 

proposed approach responds to gradual load variations, which is important for ensuring the 

stability and reliability of the MEA EPS. 

 

(a) 

 

(b) 

Figure 3.12 (a) Ramp load (b) Current sharing and bus voltage regulation using optimal droop 

gain settings from the first design example under a ramped load. 

Since the line resistance is the main factor that influences the current sharing and voltage 

deviation, additional simulation studies are carried out to test the robustness of the proposed 
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approach to a variation in the interconnecting cable resistance. The cable inductance is not 

included in the robustness study because it does not have an impact on the steady-state 

performance of the system [161].  To that end, each of the cable's parasitic resistance is varied 

by ± 20% and ± 50% from their initial values shown in Table 3-1. Other system parameters 

remain unchanged. The optimal droop gain settings obtained from the first design example are 

used for the simulation studies. Also, a CPL of 40 kW is applied during the simulations. The 

results obtained are summarised in Figure 3.13.   

 

Figure 3.13 Summary of the optimal droop coefficient settings performance against different 

line resistance variations. 

As shown in Figure 3.13, the percentage error in the current sharing ratios (n1 and n2) from 

their ideal values is mostly around or less than 5% for n1, and less than 3% for n2. Similarly, 

the bus voltage deviation from its nominal value is mostly around 5% for the various line 

resistance variation. This demonstrates the good steady-state performance and robustness of 

the obtained optimal droop coefficient settings using the proposed design strategy. Therefore, 

though the cable resistance affects the current sharing, the optimal droop gain settings can 

significantly reduce the error in the current sharing ratios and maintain the bus voltage within 

an acceptable range. 
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3.7 Summary 

In this chapter a new method is proposed for optimising droop gain design in the control of 

parallel-connected converters. It has been demonstrated that the ANN optimisation-based 

design can be used for selecting optimal droop gains in controlling power converters within the 

MEA multi-source EPS. The method involves offline training of a surrogate model using data 

obtained from the traditional droop control. The trained ANN acts as a surrogate model, 

enabling quick determination of the optimal droop coefficient combination based on any user-

defined fitness function. This ANN-based surrogate model substantially reduces computational 

demands, thereby expediting the design process without compromising accuracy. Notably, the 

performance metrics predicted by the surrogate model closely align with those obtained from 

the simulation model. The simulation results highlight that the chosen optimal droop coefficient 

settings significantly enhance the performance of the traditional droop control method under 

both steady-state and transient conditions. 
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Chapter 4 Real-Time Tuning of Optimal Droop 

Gain Using ANN. 

Building on the research presented in Chapter 3, this chapter introduces a new approach for 

real-time tuning of optimal droop gain parameters using ANNs. The chapter explains the 

development of an ANN-based approach for real-time tuning and its integration into the 

hardware control platform. In contrast to conventional data mapping where ANNs relate 

control variables to system responses as described in chapter 3, this method employs "reversed 

data training." Here, the ANN uses system responses as inputs and control variables as outputs. 

For instance, in an aircraft DC MG scenario, where multiple generation systems share power 

through droop control, the ANN is trained in reverse. Power sharing ratios are input, and the 

ANN provides the corresponding droop coefficients as output. This chapter illustrates the 

effectiveness and simplicity of this approach for determining optimal droop gains based on 

desired power sharing requirements. 

4.1 Introduction 

Designing the optimal droop gain to achieve accurate load sharing and effective voltage 

regulation poses a multi-objective optimisation challenge, as these control objectives often 

conflict with each other. Different AI multi-objective optimisation techniques have been 

employed to compute the optimal droop gains of the converters to achieve the desired control 

objectives [175, 171, 176, 142, 138, 177, 178, 179, 139]. In [175, 171, 176, 138], the MOOP 

is tackled by converting these multiple-objective optimisation problems into a single objective 

(SO) one using a weighted sum method [180]. The PSO technique is employed in [175, 171, 

176] for the computation of the optimal droop settings to realise two control objectives of 

current sharing error minimisation and enhanced voltage regulations for various loading 

conditions of a DC MG. In the weighted sum approach, the objective functions are added 

together with different weights for optimisation. However, when one objective is realised, the 

other objective is degraded due to its conflicting nature. Thus, this requires the knowledge of 

the optimum weighting factor design to obtain the optimal solution. The tuning of the weighting 
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coefficients is not trivial and is a time-consuming task. In addition, a slight change in the 

weighing coefficient may result in a large change in the control objectives [177, 179]. Besides, 

this approach only provides a single solution and is highly dependent on the assigned weights, 

thus, not providing flexibility to the power system designer [181]. In contrast, authors in [177, 

179] solved this MOOP by using an extra compromising step called the fuzzy membership 

function after deriving Pareto optimal front solutions. For example, to obtain the optimal droop 

gains for distributed generators (DGs) in an islanded DC MG, the nondominated sorting genetic 

algorithm (NSGA II) was used to generate the Pareto optimal front of the formulated multi-

objective optimisation (MOO) in [177]. The proposed MOO approach considers the system 

voltage regulation, improved current sharing among the DGs and minimisation of the total loss 

in the system. The fuzzy membership function is employed to obtain the best-compromised 

solution from the Pareto optimal front. 

Though the population-based methods (especially the GA and PSO) are the most widely used 

to solve optimisation problems in power electronics and allow the user to find good optimal 

design variables (i.e., have good search capability) [133], however, they are heuristic and have 

an intensive computational burden [133]. In addition, for every design objective, a new set of 

simulations are required [39] to find the optimal droop gain. Another drawback includes the 

possibility of being stuck in the local optimum due to the premature convergence of the results 

of the optimisation [143, 144]. Thus, there is no guarantee that their solutions are globally 

optimal. Besides, since optimisation involves different control objectives, there is a need to 

formulate the objective function. Furthermore, when a wide operating range is considered, the 

heuristic methods will need to run many simulations and experimental results which are time-

consuming. Thus, limiting their practical implementation in industrial applications that require 

speed and efficiency [133]. 

An approach can be considered good for optimal droop gain design if it provides the power 

system designer with a simple way to obtain the optimum system performance for any design 

criteria without incurring a huge computational burden in the implementation of the algorithm. 

The ANN can offer the optimal solution by automatically learning the underlying relationship 

between the model inputs and outputs by using its inherent decision-making feature. The use 

of ANN for optimal droop gain design offers several advantages. It provides a simple way to 

obtain the optimum system performance without a significant computational burden. The ANN 

can approximate non-linear functions accurately, making it applicable to problems with 
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unknown or difficult-to-formulate fitness functions, generating optimal solutions without 

trade-offs [151]. Additionally, data collection is only required once, unlike heuristic methods 

[182] that need multiple data collections for different design objectives, making ANN a 

powerful tool for Multi-Objective Optimisation Problems (MOOPs).  

In recent years, conventional ANN optimisation-based design has been employed for the design 

and automated selection of some power electronics parameters such as the weighting factor in 

the cost function of the finite control set model predictive control (FCS-MPC) [39, 172, 183]. 

In [144], it was used to design and select the parameter of the active disturbance rejection 

control controller for the dual active bridge converter. In [155], an ANN-aided automated 

design for the reliability of power electronics systems is proposed. The design and optimisation 

of the DC filter for the MEA distribution system using search and surrogate algorithms are 

carried out in [184]. In [185], it is used for the design and selection of the optimal weighting 

factors used for predictive torque control in a motor drive. Similarly, [186] employs it to 

facilitate the design of optimal droop gain for droop control of parallel-connected PECs in the 

MEA (as presented in Chapter 3). The conventional ANN optimisation-based design involves 

training an offline surrogate model using data from experiments or detailed simulations of the 

EPS. Thereafter, the surrogate model is used to replace the original detailed simulation model 

in performing optimisation and selection of the desired optimal system parameter. Compared 

to the met-heuristic optimisation techniques, the surrogate model can be used in future studies 

without running the original system model, saving time, and eliminating the need for new 

simulations for different control objectives within a sub-design space [39]. However, despite 

the benefits of conventional ANN optimisation-based design, it exhibits some drawbacks that 

are undesirable in practical implementation including increased computational burden due to 

probing numerous design points and complexity in converting MOOP to a single-objective 

using the weighted sum method for optimal droop gain design. 

AI techniques can provide adaptive and robust power systems control variables that can 

respond to changes in system conditions in real-time [133]. In this regard, for ease of 

implementation, methods are required that have low complexity and computational burden. 

Due to the drawbacks associated with the meta-heuristic approach and conventional ANN 

optimisation-based design, they not only make the offline design of control parameter complex 

and computationally intensive, but none of these methods also allow control parameters to be 

tuned in real-time [187]. Based on the literature reviewed, it is identified that it has become 
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imperative to analyse ANN for droop gain parameters design and computation from the 

practical implementation perspective.  

Motivated by the above discussions, this chapter builds upon the research presented in Chapter 

3, where the conventional ANN optimisation-based design is used for offline computation of 

optimal droop gains of converters. Unlike the work presented in Chapter 3, the proposed 

approach eliminates the need for intermediate optimisations by utilising reverse data training 

of the ANN to directly predict the optimal droop gain settings. Thus, reducing computational 

burden and complexity, and enabling real-time tuning of droop gain parameters. The proposed 

approach represents a significant improvement over the method presented in Chapter 3 and 

offers several advantages: (1) It is a self-contained application that does not depend on external 

hardware to set the optimal droop gain of converters in local controllers. This advantage stems 

from the fact that the ANN is implemented directly within a hardware control platform. (2) 

Facilitates automatic updates of optimal droop gain settings in local controllers, and ensures 

quick adaptation to reference changes, thereby achieving the desired control performance.  

The trained ANN model can be used offline or implemented in a digital control platform for 

real-time computation of the optimal droop gains. In the proposed approach, once the training 

is completed, the power system designer can input the desired control objectives (i.e., a specific 

design point). The surrogate model can then quickly calculate the optimal droop gains based 

on these specified objectives. This allows for immediate determination of the optimal droop 

gains using the surrogate model. The main research contributions in this chapter are highlighted 

as follows. 

✓ The design and validation of a real-time method for the online tuning of the optimal droop 

gains of parallel-connected converters based on the desired power sharing ratios and 

voltage regulation references. This approach effectively regulates power-sharing and bus 

voltage control for droop-controlled converters. To the author’s best knowledge, this work 

represents the first attempt to address the real-time tuning of optimal droop gain settings 

for droop control of parallel connected converters. 

✓ A detailed comparison between the proposed design strategy and conventional ANN 

optimisation-based design has been performed. 
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4.2 System Description 

Figure 4.1 illustrates the architecture of a 270 V single DC bus power system. This architecture 

is recognised as a highly prospective choice for the EPS of future more electric aircraft (MEA) 

[94]. Therefore, it serves as a relevant case study in this chapter. As shown in Figure 4.1, the 

power system configuration consists of multiple parallel-connected generators (specifically, 

permanent magnet generators, denoted as PMSGi) that supply electrical power to a high-

voltage direct current (HVDC) bus. Each generator is connected to the bus through its 

respective AC/DC converter (ARi). The control structure of the system typically follows a 

cascaded design, consisting of outer voltage and inner current control loops, as depicted in 

Figure 4.1 (a). The outer loop is responsible for regulating the DC-link voltage, which is 

achieved through the implementation of droop characteristics during the generation mode. On 

the other hand, the inner current control loop is dedicated to controlling the d- and q-axis 

currents. The FW controller generates the Idref, while the Iqref is produced by the DC-link voltage 

controller. However, to simplify the control structure and given the focus of this thesis on the 

design of droop gains for power sharing among various power generation sources in an onboard 

HVDC power network for MEA applications, only the droop control structure is presented in 

Figure 4.1 (a). Within an islanded DC MG, the primary controller is used for current loop and 

voltage loop control within a single PMSG-AR system. The droop control is generally 

implemented to define the voltage reference within the primary level voltage control, as shown 

in Figure 4.1 (a). 
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(b) 

Figure 4.1 (a) Local PMSG-AR primary controller (b) MEA EPS HVDC grid 

The converters are pulse-width modulated and controlled via their respective primary local 

controllers shown in Figure 4.1 (a). The capacitor Cb is the capacitor bank of the main DC bus, 

and the local capacitors for each of the converter modules are represented as C1, C2 and C3. The 

load power in the MEA DC grid is composed of a combination of constant impedance load and 

constant power load. Additionally, to represent the generators on the left-wing engine, right-

wing engine, and auxiliary power unit (APU) of the aircraft, three Permanent Magnet 

Synchronous Generator (PMSG)-Active Rectifier (AR) systems are considered.   

4.3 Proposed Droop Gain Design Approach and Comparison with 

Conventional ANN Optimisation-Based Design 

This section presents a detailed description of the procedures involved in the droop gain design 

using both the proposed design approach and the conventional ANN optimisation-based 

design. Additionally, a comprehensive overview of the ANN structure and training process is 

provided, highlighting the key aspects of the network architecture and the training procedure. 
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4.3.1 Procedure 

The design process for both approaches is carried out in three stages, (i.e., Stages A, B and C) 

as illustrated in the flowchart shown in Figure 4.2. Stage A is data generation, and the process 

is the same for both approaches. The data can be generated from either a detailed simulation or 

experiments. The data generated from high-fidelity simulation models of a multi-generator 

system (Figure 4.1 (a)) can be carried out on a standard multi-core computer. In this thesis, the 

data generation is carried out on a computer with processor specification as Intel (R) Core (TM) 

i3-8100 CPU @ 3.60GHz (3.60 GHz). Stage B involves ANN training with the data obtained 

from stage A in both approaches. The training process varies between the two approaches. With 

the surrogate model from stage B, the required droop gains can be derived immediately for the 

defined power sharing ratio and DC bus voltage in stage C using the proposed approach. 

However, the selection of the optimal droop gain with the aid of the surrogate model from stage 

B requires extra effort when using the conventional ANN optimisation-based design. Hence, 

the method of obtaining the optimal droop gain settings differs between the two approaches. 

These three stages are further elaborated as follows. 

In stage A, data is extracted by running the detailed simulation model of the MEA EPS shown 

in Figure 4.1 (a) for different combinations of the droop gains (i.e., kd1, kd2, and kd3) within a 

design range. The corresponding current sharing ratios (i.e., n1 and n2) and the normalised bus 

voltage (Vbn) are computed automatically at the end of each simulation and stored. The 

relationship between the input (x) and the processed output (y) of the simulation during data is 

expressed in (3-10) [186]. 

In stage B, for the proposed approach, the surrogate model is trained with the system 

performance indicators (i.e., n1, n2 and Vbn) as inputs and the droop coefficients (i.e., kd1, kd2 

and kd3) as outputs. This way, the surrogate model can be used to predict its output quickly and 

accurately when provided with a suitable input. For clarity, the surrogate model represents the 

relationship in (4-1). 

1 2 3 1 2( ) ( , , ) ( , , )d d d bny F x k k k F n n V=  =
 

(4-1) 
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Alternatively, for the conventional ANN optimisation-based design, the surrogate model is 

trained by following the same input-output pattern used in data generation (i.e., the relationship 

in (3-10)) to train the surrogate model.  
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Figure 4.2 Flowchart of the comparison of the proposed design approach and conventional 

ANN optimisation-based design of the droop coefficient in droop control of power converters. 

Finally, in stage C, for the proposed approach, the power system designer can specify the 

desired performance metrics (i.e., one design point) as input for the surrogate model to compute 

the optimal droop coefficient that will yield such performance as shown in Figure 4.2. This 

approach is expected to significantly reduce the prediction time and simplify the optimal droop 

coefficient design and computation process. In contrast, the conventional ANN optimisation-

based design involves stage C which consists of sampling the design space using small steps, 

resulting in numerous design points. These design points are then fed into a surrogate model, 

which predicts the corresponding system performance metrics. Subsequently, a user-defined 
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fitness function, denoted as fann, is formulated, and evaluated using the surrogate model 

predictions. By minimising the fitness function fann, the optimal droop coefficient setting that 

satisfies the desired control objectives can be determined instantly [186]. It can therefore be 

seen that there are some fundamental differences between the proposed method in this chapter 

and the ANN-optimisation-based design presented in Chapter 3, including the ANN training 

dataset selection, design philosophy and the way to identify the optimal droop gains as clarified 

in Table 4-1. 

Table 4-1 Fundamental differences between the proposed approach and the ANN optimisation-

based design. 

Items ANN optimisation-based 

design (chapter 3) 

Proposed approach Different / 

Same 

Data 

generation  

Using different droop gains in 

the DC generation systems and 

collecting DC currents, 

calculate power sharing. 

Using different droop 

gains in the DC 

generation systems and 

collecting DC currents, 

calculate power sharing. 

Same 

ANN 

training  

Input dataset [different droop 

gains] 

Output dataset [DC currents, 

bus voltage]. 

Input dataset [DC 

currents, bus voltage] 

Output dataset [different 

droop gain]. 

 

Different 

Optimisati

on  

Using ANN derived to generate 

a further large amount of data. 

Extra search algorithm to find 

droop gain sets with the 

minimum cost function. 

Directly use derived 

ANN. 

Different 

 

4.3.2 ANN Structure and Training 

Theoretical analysis suggests that an ANN has the potential to approximate any input-output 

relationship with high precision, given the appropriate structure, including the number of 

neurons and layers, is selected for training [133]. In this chapter, the surrogate models are 

trained offline using FFNN with a Levenberg-Marquardt-based backpropagation training 

algorithm [39]. Figure 4.3 (a) and (b) illustrate the structure of the surrogate models for the 
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proposed approach and the ANN optimisation-based design, respectively. Both surrogate 

models consist of three layers. To ensure a fair comparison, both approaches employ hidden 

layers with 11 neurons each.  

Input layer Output layer

Hidden layer

 

 n2

Vbn

n1
kd1

kd2

kd3

 

(a) 

Input layer Output layer

Hidden layer

 

 

kd1

kd2

kd3

n2

Vbn

n1

 

(b) 

Figure 4.3 Schematics of the FFNN (a) Proposed design approach (b) Convectional ANN 

optimisation-based design [186]. 

The data sample is divided into three sets—training samples, validation samples, and testing 

samples—prior to training the surrogate model. The percentage for each set is randomly 

allocated with the training data having the largest share. Thereafter the weight and biases of 

the ANN are also randomly selected for the initial iteration. However, the weight and biases 

are updated in subsequent iterations based on the error observed in the previous iteration. The 

validation set of data is used to evaluate the ANN training by computing the error between the 

ANN-predicted output and the training data set [188]. The root mean square error (RMSE) is 

commonly employed as a metric to assess the training performance of the regression ANN. If 

the computed RMSE indicates overfitting or underfitting, the training can be halted. However, 
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if the training performance is unsatisfactory, adjustments can be made to the surrogate model 

structure, particularly regarding the number of neurons in the hidden layer. 

4.4 Optimal Droop Gain Design for the MEA EPS  

This section aims to validate the procedures of the proposed design strategy in the context of 

droop control for the system depicted in Figure 4.1 (a). Furthermore, the verification will 

include the demonstration of Stage C using a design example for comparison of both the 

proposed approach and the ANN optimisation-based design (presented in Chapter 3). 

Additionally, the flexibility of the proposed approach will be showcased through two other 

design examples. It is worth noting that the proposed design strategy can be applied to other 

bus systems without any loss of generality, highlighting its broad applicability. 

4.4.1 Data generation 

Prior to data generation, it is important to establish a defined range, known as the design space, 

for the droop gains. Table 3-2 presents the range of droop gains used for data generation, along 

with the corresponding sampling step. The design space is carefully chosen to align with 

practical considerations, taking into account the desired control objectives while ensuring 

system stability. In the case of conventional droop gain design, the determination of droop 

gains is typically based on the power rating of the converters, aiming to achieve effective 

voltage regulation and stable operation. To maintain consistency, the upper and lower 

boundaries of the design range for each design parameter are set at +10% and -10% 

respectively, relative to the conventional droop gains specified in Table 3-1. In addition, 

extensive stability analysis of droop control approaches in voltage source converter-based DC 

MGs, along with the investigation of the effects of droop gains on stability [174], confirms that 

the selected design range falls within the acceptable limits for stable operation. As indicated in 

Table 3-2, a total of 1331 droop gain combinations are systematically explored as inputs in the 

simulation model depicted in Figure 4.1 (a). Random combinations of these inputs are utilised 

to generate the dataset used for training the ANN. Following each simulation, the values of n1, 

n2, and Vbn are automatically calculated and stored for further analysis. 

The simulation utilises the system parameters and equivalent DC cable parameters listed in 

Table 3-1. The PMSG parameter values in Table 3-1 are based on the specifications of the 

AEGART (Aircraft Electrical Starter-Generation System with Active Rectification 
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Technology) machine, designed for the next-generation business Jet application [189]. These 

PMSGs have identical power ratings and are designed to transmit power in a 1:1:1 ratio. The 

AC-DC converter's switching frequency, fc, is set at 100 kHz. To simulate real-world 

conditions, a dead time Td and a computational delay of one sampling time are included in the 

simulation model. The simulations were performed on a standard PC equipped with a quad-

core processor, with each simulation taking approximately 6 seconds to execute. Therefore, the 

total time required for data collection amounts to approximately 35 minutes. The data 

generation process is automated through MATLAB codes. Data was extracted specifically for 

a 40-kW load connected to a CPL. The extracted data was subsequently utilised to train the 

FFNN structures illustrated in Figure 4.3 (a) and (b). 
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(b) 

Figure 4.4 ANN model training profile for (a) Proposed design approach and (b) ANN 

optimisation-based design approach. 
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(a) 

 

(b) 

Figure 4.5 Comparison of the regression plot of the trained ANN showing the relationship 

between the targeted data (o) and the surrogate model prediction (blue line) for (a) Proposed 

design approach and (b) ANN optimisation-based design approach. 

4.4.2 Development of the Surrogate Models 

Prior to training the surrogate models, the generated data is divided into three sets: 70% for 

training, 15% for validation, and the remaining 15% for testing. The training process is 

successfully conducted using the NN fitting toolbox in MATLAB. The weights and biases of 

both surrogate models are optimised using the Levenberg-Marquardt backpropagation 
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algorithm, ensuring a fair comparison between the two approaches. Since the ANNs in the 

proposed approach and the conventional ANN optimisation-based design are trained 

differently, it is crucial to compare the performance of the ANN models.  

The training state of the selected ANN structure (shown in Figure 4.3 (a) and (b)) are depicted 

in Figure 4.4 (a) and (b) for the proposed design approach and the ANN optimisation-based 

design respectively. Figure 4.4 illustrates the change in the gradient coefficient over the course 

of multiple epochs in ANN training. During each epoch, the ANN processes all the training 

data samples once to update its weights and reduce the error. The lower the gradient coefficient 

value, the more effective the training and testing of ANN model [190]. In Figure 4.4 (a) and 

(b), it is evident that the gradient curve of the ANN models reaches exceptionally low values 

across all epochs. In addition, the final gradient coefficient for each of these approaches is 

almost zero. Thus indicating, improved training and testing of the ANN models. The ANN 

model for the proposed design approach has stopped training at 121 epochs as shown in Figure 

4.4 (a), as it attained the best validation set, while the ANN model used for the ANN 

optimisation-based design has stopped training at 130 epochs Figure 4.4 (b).  It is important to 

note that the maximum allowable training epoch was set at 1000. Figure 4.5 (a) and (b) illustrate 

the performance comparison for the two models, where evaluation metrics such as root mean 

square error (RMSE) and correlation coefficient (regression R-value) are employed. A lower 

RMSE value and a higher R-value indicate higher accuracy in the trained network predictions. 

Thus, the closer the RMSE value is to 0 and the R-value is to 1, the better the accuracy of the 

trained network predictions.  

The proposed approach demonstrates calculated root mean square error (RMSE) values of 

0.0032956, 0.002183, and 0.0031714 for kd1, kd2, and kd3, respectively. On the other hand, the 

conventional ANN optimisation-based design approach yields calculated RMSE values of 

0.00085733, 0.0012517, and 0.000045932 for n1, n2, and Vbn, respectively. These RMSE values 

indicate that the surrogate models are effectively trained, and the selected FFNN structures 

deliver exceptional results. The regression plots depicted in Figure 4.5, generated by the NN 

fitting toolbox, display a strong alignment of data points with the linear regression lines for 

both approaches. Moreover, the R-values exhibited in Figure 4.5 (a) and (b) confirm the 

satisfactory training of the surrogate models in both approaches.  
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4.4.3 Design Examples 

4.4.3.1 First design example 

As the benchmark method, the conventional ANN optimisation-based design is initially 

employed to identify the optimal droop coefficient setting (i.e., kd1
opt, kd2

opt, and kd3
opt) that 

achieves a well-balanced solution between the current sharing ratios among the converters and 

normalised bus voltage regulation. Subsequently, the proposed approach is utilised to obtain 

the same results efficiently and effectively.   

a) ANN-optimisation-based design 

In the initial stage of the conventional ANN optimisation-based design, the design range of the 

droop coefficient is evenly sampled with a small step size of 0.01 (see Table 3-3). This 

sampling process results in approximately 636,056 design points, representing various droop 

gains, which are utilised as input for the surrogate model. Subsequently, the surrogate model 

is employed to predict the corresponding performance metrics, namely n1ann, n2ann, and Vbnann, 

for each of the 636,056 droop gain combinations. These predictions are then utilised to evaluate 

a user-defined fitness function, facilitating the assessment of the performance of each droop 

gain setting. The detailed design procedures for the ANN optimisation-based design (shown in 

Figure 3.4 and included in Figure 4.2 for comparison with the proposed approach in this 

chapter). Considering the second design example presented in Chapter 3, Section 3.5.3.2, the 

optimal droop gain design point is selected as kd1
opt = 1/4.1550, kd2

opt = 1/4.6750 and kd3
opt = 

1/4.3750. In addition, the corresponding current sharing ratios and normalised bus voltage 

predicted by the ANN are n1ann = 0.9994, n2ann
 = 1.0005 and Vbnann = 0.9532, respectively. 

b) Proposed approach 

In the approach proposed in this chapter, the power system designer needs to specify the desired 

system performance metrics within the design space, representing a single design point. These 

desired metrics serve as inputs to the surrogate model, which computes the optimal droop gain 

settings necessary to achieve the specified control objectives. To facilitate direct comparison, 

the predicted performance metrics obtained from the surrogate model in the conventional ANN 

optimisation-based design approach are utilised as inputs for the surrogate model in the 

proposed approach. Specifically, the desired performance metrics are set as n1desired = 0.9994, 
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n2desired = 1.0005, and Vbndesired = 0.9532. As a result, the surrogate model in the proposed 

approach calculates the optimal droop coefficients as kd1
computed = 1/4.1509, kd2

computed = 

1/4.6718, and kd3
computed = 1/4.3710. 

Table 4-2 Other design examples 

Case 

 

Desired 

performance 

metrics 

Computed optimal droop gains 

kd1
computated kd2

computated kd3
computated 

1 n1desired = 1, 

n2desired = 1, 

Vbndesired = 

0.9532 

1/4.1508 1/4.6749 1/4.3685 

2 n1desired = 

0.8, n2desired 

= 1, Vbndesired 

= 0.9600 

1/5.0684 1/4.5701 1/5.4082 

 

4.4.3.2 Other Design Examples 

For the three-source system studied in this thesis, there are multiple possibilities for meeting 

the load power demand. This chapter focuses on two specific approaches, which are outlined 

in Table 4-2. In Case 1, all three sources are assumed to have identical ratings and are expected 

to cooperate in sharing the load power demand equally. Additionally, the bus voltage should 

be regulated within an acceptable range for the maximum electrical load considered in this 

study (i.e., 40-kW). As shown in Table 4-2, for equal load sharing among the sources, the 

desired sharing ratio is defined as n1desired = 1 and n2desired = 1. Moreover, the desired bus voltage 

regulation is around 95% of its nominal value (i.e., Vbndesired = 0.9532 = 257.364 V). Using the 

proposed approach, by inputting these desired performance metrics into the trained surrogate 

model, the surrogate model predicts the optimal droop gain settings required to achieve such 

performance objectives, as shown in Table 4-2. In Case 2, generators 1 and 3 are tasked with 

sharing an equal load (assumed to have the same ratings), which is higher than the load assigned 

to generator 2 (assumed to have 80% of the rating of generator 1). To accomplish the desired 

load sharing and bus voltage regulation, the performance metrics presented in Table 4-2 are 

used as inputs to the surrogate model of the proposed approach. The surrogate model predicts 
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the optimal droop gain settings necessary to achieve the desired performance objectives, as 

shown in Table 4-2.  

This demonstrates that the same surrogate model can be utilised to compute different optimal 

droop gain settings to accomplish various control objectives within the design space, 

eliminating the need for additional simulations. Consequently, our proposed approach offers 

flexibility and time-saving advantages compared to other optimisation techniques such as PSO 

and GA. The predicted optimal droop settings for Cases 1 and 2, as shown in Table 4-2, will 

be validated in the HIL experiment.  

4.4.4 Computational Burden 

Both approaches share the same computational burden (offline) in data generation. For the 

three design variables considered in this study (i.e., kd1, kd2 and kd3), it took approximately 35 

minutes to generate the required data. However, if the number of design variables is increased 

to four (e.g., for a system with four PMSG-AR systems) and each variable has 11 settings to 

be tested, a total of 114 = 14,641 data samples would be needed for training. With each 

simulation taking 6 seconds to run on a standard computer with processor specification as Intel 

(R) Core (TM) i3-8100 CPU @ 3.60GHz (3.60 GHz), it would take around 6 hours to generate 

the data. Therefore, the offline computational burden in stage A increases exponentially as the 

number of design variables increases. To mitigate this, one option is to increase the sampling 

step. Instead of testing 11 combinations for each design variable, a smaller number, such as 10, 

could be tested. This would reduce the total number of data samples generated to 103 = 1000 

instead of 1331 for a system with three design variables. However, increasing the sampling 

step may impact the learning and performance of the neural network model [172]. A better 

solution is to utilise the parallel computing toolbox in MATLAB. This toolbox enables efficient 

utilisation of the computer's multicore processors. By incorporating a few lines of code, 

simulations that would typically take days to run can be completed in just a few hours. 

Furthermore, by employing a PC with a higher number of processors, such as 24-core 

processors, the data generation process can be significantly accelerated. For instance, the 1331 

data samples used in this study could be obtained within approximately 6 minutes on a PC with 

24-core processors. 
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Table 4-3 Comparison between the conventional droop gain design, conventional ANN 

optimisation-based design and proposed design approach for the design of three control 

variables, kd1, kd2 and kd3. 

Method Accuracy 

of power 

sharing 

Complexity of 

implementation  

Code execution time  Potential for 

online tuning of 

droop gain 

parameter  

Conventional 

droop gain 

design 

Low Low - - 

Conventional 

ANN 

optimisation-

based design 

[186] 

High High -High 

- Around 0.16 s 

- Increases with an 

increase in the number 

of design variables and 

may become 

impractically long. 

Not possible 

[187]. 

Proposed 

design 

approach 

High Low -Low 

-Around 0.000135 s 

- Low prediction time 

irrespective of the 

number of design 

variables. 

Good [191, 192, 

193, 194]. 

 

While the NN model itself is computationally lightweight, the computational burden in stage 

C of the conventional ANN optimisation-based design increases with the number of design 

variables. However, the burden is not as significant as in stage A. For example, for the three 

design variables considered in this study, the surrogate model can output one design point in 

approximately 0.252 µs, resulting in the evaluation of all 636,056 design points taking around 

0.16 s. The optimal solution is then obtained by simply finding the minimum value of the 

fitness function plot using the min function in MATLAB. However, when the number of design 

variables increases to four, and the same sampling step of 0.01 is used, approximately 55 

million fitness functions need to be evaluated using the surrogate model. This evaluation 

process takes around 14 s. As a result, the computational burden for fitness function evaluation 
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becomes more intensive. Furthermore, evaluating such large fitness functions using the min 

function in MATLAB may become impractically long, and MATLAB's maximum array size 

preference could be exceeded due to memory and processing limitations. Consequently, the 

conventional ANN optimisation-based design may impose restrictions on the number of design 

variables that can be effectively handled. To mitigate the computational burden and overcome 

the limitation on the number of design variables, the fitness function can be evaluated 

sequentially, or gradient descent optimisation can be employed [39]. However, the ANN 

optimisation-based design approach may be prone to getting trapped in local minima in such a 

scenario. On the other hand, stage C of the proposed approach only requires a single user-

defined desired design point as input to predict the optimal droop coefficients. Thus, it 

maintains a low computational burden regardless of the number of design variables, which is a 

significant advantage. 

Table 4-3 provides a summarised comparison between the conventional ANN optimisation-

based design and the proposed design approach. The proposed approach offers additional 

advantages, including its potential for real-time tuning of droop gain parameters.  

4.5 Simulation Results 

The detailed MEA EPS model (shown in Figure 4.1) used as case study is built in MATLAB 

Simulink environment. The simulation parameters are as shown in Table 3-1. 

4.5.1 Equal Power Sharing with Three Generators 

For comparison and to validate the optimal droop gain settings obtained using both design 

approaches (presented in Section 4.3.3), the optimal droop coefficient settings are utilised as 

inputs in the detailed simulation model of the studied system. Simulations are conducted with 

different constant power loads (CPLs) of 20 kW, 30 kW, and 40 kW at different time intervals, 

and the corresponding results are presented in Figure 4.6. The simulation parameters remain 

consistent with those provided in Table 3-1.  
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(a) 

 

(b) 

Figure 4.6 Simulation results of a comparison of the current sharing and bus voltage regulation 

performance using droop gain settings from the (a) Conventional ANN optimisation-based 

design and (b) Proposed design approach. 

In Figure 4.6 (a), the current sharing and bus voltage regulation obtained using the optimal 

droop coefficient settings obtained from the conventional ANN optimisation-based design 

approach are recorded as Idc1 = 51.82 A, Idc2 = 51.77 A, Idc3 = 51.84 A, and Vbus = 257.4 V at t 

= 0.5 s. Consequently, the computed current sharing ratios between the converters and 

normalised bus voltage regulation are determined as n1 = 0.9990, n2 = 1.0004, and Vbn = 0.9533. 

Similarly, in Figure 4.6 (b), the current sharing and bus voltage regulation using the computed 
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optimal droop coefficient settings from the proposed approach yield Idc1 = 51.81 A, Idc2 = 51.78 

A, Idc3 = 51.84 A, and Vbus = 257.4 V, respectively. Consequently, the calculated current sharing 

ratios between the converters and normalised bus voltage regulation are determined as n1 = 

0.9994, n2 = 1.0006, and Vbn = 0.9533. 

Based on the obtained results, it is evident that both approaches can achieve the desired control 

objectives. Additionally, it is observed that under the same design criteria, similar optimal 

droop gain settings can be obtained from both approaches, resulting in similar control 

performance as shown in Figure 4.6. However, the proposed approach in this chapter offers 

notable advantages over the conventional ANN optimisation-based design (presented in 

Chapter 3). With the proposed approach, only a single desired design point is required as input 

to the surrogate model for computing the optimal droop parameters. In contrast, the 

conventional ANN optimisation-based design necessitates processing and feeding the 

surrogate model with approximately 636,056 design points to determine the optimal droop gain 

parameter. Moreover, the proposed approach eliminates the need for formulating objective 

functions and assigning weighting factors to trade off control objectives, which is required in 

the conventional approach. As a result, the proposed design approach offers the power system 

designer a simple, flexible, and efficient method for generating optimal droop gain settings 

with low complexity and computational burden. These advantages are significant when 

compared to other optimisation techniques.  

Furthermore, the proposed approach shows potential for online computation of droop gain 

parameters due to its low complexity and computational burden, as indicated by existing 

literature [191, 192, 193, 194]. Previous works that share similarities with the proposed design 

approach demonstrate reduced iterations for identifying optimal control variables [191], 

decreased computational burden [192], absence of weighting factor tuning, and short execution 

time [193, 194]. These features serve as the primary motivations behind the proposed approach. 

In general, ANN models trained offline can be employed either offline or implemented in a 

digital microprocessor for online applications [194]. 

4.5.2 Equal Power Sharing with Four Generators 

To assess the performance of the proposed design approach in scenarios involving more than 

three control variables, a case study is conducted with four PMSG-AR systems aiming for 
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equal power sharing. In this setup, an additional PMSG-AR system is connected in parallel to 

the system depicted in Figure 4.1 (a). To establish the connection, an extra DC cable with 

resistance and inductance values of 20 mΩ and 6.67 µH, respectively, is utilised. 

To accommodate the additional PMSG-AR system, a new dataset is generated for training the 

surrogate model. This process involves generating a total of 14,641 data samples, which 

requires approximately 6 hours to complete. For achieving equal power sharing among the 

generators and ensuring good bus voltage regulation, the desired inputs provided to the trained 

surrogate model are specified as n1desired = 1, n2desired = 1, n3desired = 1, and Vbndesired = 0.964. 

Furthermore, the desired current sharing ratio between converter 1 and 4 is denoted as n3desired. 

The surrogate model executes the code and computes the optimal droop gain settings to achieve 

the desired control performance within 0.000176 seconds. 

 

Figure 4.7 Simulation results for current sharing and bus voltage regulation using the proposed 

design approach for equal power sharing among four generators. 

The computed optimal droop gain settings for the four PMSG-AR systems are determined as 

kd1
computed = 4.0017, kd2

computed = 4.4865, kd3
computed = 4.2035, and kd4

computed = 4.2939. These 

settings are utilised as inputs in the simulation, where CPLs of 20 kW, 30 kW, and 40 kW are 

applied at different time intervals. The resulting outcomes are presented in Figure 4.7. At t = 

0.5 s, the obtained current sharing and bus voltage regulation values are Idc1 = 38.42 A, Idc2 = 

38.42 A, Idc3 = 38.42 A, Idc4 = 38.42 A, and Vbus = 260.30 V. Consequently, the computed 

current sharing ratios between the converters and normalised bus voltage regulation are 
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determined as n1 = 1.000, n2 = 1.000, n3 = 1.000, and Vbn = 0.964. These results demonstrate 

the capability of the proposed approach to handle complex networks and promptly compute 

the optimal droop gain settings immediately after the training process.  

The primary objective of the study in the chapter is to achieve real-time computation of the 

optimal droop gain settings (kd1
opt, kd2

opt, and kd3
opt) for the converters to enable the controller 

to adapt quickly to reference changes. The block diagram of the proposed control strategy for 

the PMSG-ARi systems in the MEA EPS distribution network is shown in Figure 4.8. 
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Figure 4.8 Block diagram of the proposed control strategy for the PMSG-ARi systems in the 

MEA EPS distribution network. 

To exhibit the dynamic capabilities of the proposed methodology, a step change in the desired 

system responses is demonstrated, transitioning from n1
* = 1.0, n2

* = 1.0, Vbn
* = 0.9532 to n1

* 

= 0.8, n2
* = 1.0, Vbn

* = 0.96, as depicted in Figure 4.9. The response of the ANN, depicted in 

Figure 4.9 (a), showcases the immediate adjustment of computed optimal droop gain settings 

following the transient. Meanwhile, Figure 4.9 (b) illustrates the response of the local 

controllers, adapting current sharing and voltage regulation to align with the desired system 
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response. Importantly, the ANN's response is nearly instantaneous, a distinguishing advantage 

of the proposed approach over alternative methods based on the heuristic or ANN optimisation 

techniques. 

 

(a) 

 

(b) 

Figure 4.9 Step response: (a) Desired system response (ANN model’s input) and computed 

optimal droop gain settings by ANN model (b) Current sharing and bus voltage regulation. 
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4.6 Summary 

This chapter introduced an innovative method for designing optimal droop gains in converters, 

emphasizing reduced computational complexity, and enhanced real-time tuning. The proposed 

approach simplifies the derivation of optimal droop gains based on power sharing 

requirements. It enables rapid computation of optimal droop gains using a single desired design 

point, significantly reducing execution time. The approach eliminates the need for complex 

objective functions and weighting factors, streamlining the design process. It allows adaptive 

adjustments of droop gains to meet specific performance needs, enhancing flexibility in 

dynamic conditions. Extensive simulations confirmed the method's effectiveness in regulating 

power sharing among parallel-connected converters and improving real-time control 

performance. Compared to conventional methods, this approach offers simplicity, lower 

computational burden, and avoids the need for explicit fitness functions, making it a promising 

solution for practical implementation in MEA EPS applications. 
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Chapter 5 Artificial Intelligence-Based 

Hierarchical Control Design  

In the conventional droop control method employed in the primary control layer, there is an 

inherent trade-off between current-sharing accuracy and voltage regulation. Consequently, to 

achieve both accurate current sharing and maintain the bus voltage at its nominal value, 

secondary control schemes are implemented. Nevertheless, a proper design of control 

parameters of an electrical power system (EPS) is important as it has a huge impact on its 

stability and dynamic features. To that end, this chapter proposes a new artificial intelligent-

based design strategy for the optimal design of the power sharing and bus voltage compensation 

coefficients for the islanded more electric aircraft (MEA) EPS DC MG. The effectiveness of 

the proposed approach is validated in both simulations and HIL experiments. 

5.1 Introduction  

The MEA EPS distribution network used as a case study is a typical DC MG operating in the 

islanding mode as shown in Figure 5.1. Figure 5.1 depicts the connection of two electrical 

generators (i.e., permanent magnet synchronous generators (PMSGs) to separate engine shafts: 

a high-pressure (HP) shaft and a low-pressure (LP) shaft. Alongside the generators, an auxiliary 

power unit (APU) is also present in the aircraft, serving as a backup power source in the event 

of engine or generator failure. These generators are feeding power to a common DC bus 

through their dedicated AC-DC converters. The generators operate in parallel, collectively 

supplying power to the DC bus. The generation systems, each with one PMSG and one AC/DC 

converter (referred to as PMSG-AR system), are connected to the DC bus with cables 

represented by resistive-inductive models. Within this MEA EPS, PMSGs extract power from 

aircraft engines or APUs. In aerospace applications, permanent magnet generators (PMGs) are 

favoured over other electrical machines such as switched reluctance starter/generators 

(SRSGs), wound-field synchronous machines (WFSMs), or induction generators (IG). This 

preference is attributed to the advantages in power density, volume, and weight [92]. 

Furthermore, achieving controlled power sharing among the generators holds the potential to 
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decrease the required generator capacity and enable operation at maximum efficiency levels 

[92].  
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Figure 5.1 Single-bus HVDC distribution network utilised in the MEA EPS 

However, a major concern in such a system operating in the islanded mode is the problem of 

power sharing and bus voltage regulation [111] which if not properly handled may result in 

power quality and stability issues in the EPS. In addition, the EPS could experience a huge 

disturbance when there is a sudden load change or one of the sources is under fault conditions. 

For example, the transition from standby mode to full operational mode, such as turning on 

various avionics systems, can result in an instantaneous increase in load. This disturbance may 

cause a significant drop in the bus voltage which can be harmful to loads, incur additional 

losses, affect the power quality, and make the EPS less stable. In this regard, there is a need for 

a robust control technique that will guarantee stable operation in different conditions of the 

EPS by restricting the bus voltage variation within an acceptable range while enhancing the 

current sharing dynamic performance. These are crucial issues that need to be addressed and 

are the focus of this chapter. Besides, a safety-critical application [195] such as the MEA 

requires a great control performance over the bus voltage in most conditions of the aircraft 

operations to power the electrical loads onboard and to meet MIL-STD-704F [49] and DO-

160E [196] voltage standards. 

The most suitable control strategy to tackle such concerns to realise both bus voltage 

compensation and improved load sharing simultaneously is the implementation of a secondary 

control (SC) [197, 198]. The SC level is used for voltage restoration due to the deviations 
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generated by the primary control (PC). The distributed control scheme is the most used 

secondary control scheme and is regarded as a trade-off between centralised and decentralised 

control schemes. In this control method [119], [161], [40, 199-205] [40, 199, 200, 201, 202, 

203, 204, 205], the SC is implemented in local controllers that share information among 

themselves through a low bandwidth digital communication (LBC) link, without depending on 

a central controller. The use of large droop gains is recommended in [161], [40, 203, 204, 205] 

to minimise the error in load sharing at the PC level which is due to the potential inequality in 

nominal voltages and feeder resistance. Consequently, in [161], the product of the average 

current calculated by each local controller and a constant shift coefficient is used to shift up the 

droop characteristics line in each module in a proportionate manner as the load increases for 

compensation of the bus voltage deviation. In [199], the poor voltage regulation and load-

sharing errors are compensated separately with the aid of a proportional (P) controller and a 

proportional-integral (PI) controller respectively. However, just as in [161], the principle of 

selecting the compensation coefficient is also difficult. A voltage drop of about 12% was 

recorded in [199] and to almost zero in [204] when one of the sources were disconnected due 

to a fault condition. Hence, their bus voltage regulation performance during the transient period 

can be regarded as poor. In [168, 206], adaptive droop control algorithms with secondary 

controllers to suppress the circulating current and the effect of line resistance on current sharing 

in a low-voltage DC MG are proposed. In these proposed methods, the droop parameters of the 

converters are adaptively adjusted following the estimated line resistance of the corresponding 

subsystem. However, their control performance is highly dependent on the accurate estimation 

of the feeder resistance. Moreover, since the distributed secondary control relies on a digital 

communication link, the availability, expandability, and reliability of the whole system will 

reduce. This will also increase the cost of the system and possibly its weight [160]. In addition, 

it may suffer from communication latency, traffic, and cyber-attacks [207, 208], which are not 

desirable in a safety-critical application such as the MEA EPS. 

To improve the system reliability, a decentralised secondary control scheme that is independent 

of a communication link is proposed in [158, 209, 169, 210, 211]. In [158], a proportional (P) 

controller is implemented at the secondary control level to mitigate the influence of 

interconnecting cable resistance on load sharing. The proposed control method relies only on 

the local controllers and all the control variables are measured locally. Although independent 

of a communication link, however, it requires accurate knowledge of the line resistance to 
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determine the gain of the P-controller to adjust the droop gain of each converter module for 

better load sharing and DC bus voltage regulation. Besides, it is difficult to estimate the line 

resistance in practical situations. Also, its bus voltage regulation performance is poor under 

heavy load conditions and a source outage. The SC approaches presented thus far for voltage 

restoration rely either on online parameter estimation, communication medium and/or an extra 

PI controller. Hence, making the control system complex and unreliable. 

In sharp contrast to the conventional voltage compensation methods, an improved bus voltage 

compensation approach to eliminate the deviation of the bus voltage and improve power 

sharing performance is proposed in [94]. In the proposed method, the droop gains of the 

converters are set to be larger than the cable resistance to achieve accurate power sharing at the 

PC level. Compared with existing approaches, although the approach in [94] has the advantage 

of not requiring a digital communication link and extra controllers, it can only provide good 

bus voltage regulation performance when the participating converters are contributing to the 

load current. Therefore, making the voltage regulation performance depend on the EPS 

condition. 

Despite the good progress made in previous SC methods, high droop gains are commonly set 

for the converters to achieve accurate power sharing at the PC level. It is observed that this 

makes the control system less robust and reliable in the event of a source fault and/or failure of 

the SC [199]. This is of great concern and makes it important for further investigation into the 

design of the control parameters. It is expected that by the optimal design of the control 

parameters, the EPS should be able to maintain operation with good bus voltage performance 

in different conditions of the EPS. A safety-critical application such as the MEA EPS could 

benefit from such an optimal design. 

Motivated by the challenges enumerated above, this chapter focuses on the optimal design of 

the control parameters used for power sharing and bus voltage compensation at the PC and SC 

levels respectively by developing a new AI-based design methodology. The proposed optimal 

design of the droop and bus voltage compensation coefficients is to maintain a good power 

quality within an acceptable range and ensure robust control performance during load changes, 

source failure and even in a situation of the failure of the SC [212]. The main contribution of 

this chapter is the development of a new neural network-based design strategy for the 

computation of the optimal droop and compensation coefficients based on desired power 



Artificial Intelligence-Based Hierarchical Control Design 

119 

 

sharing ratio and bus voltage regulation. Furthermore, a comparative assessment of the 

proposed approach with the control method used in [94] shows that the proposed method 

performs well in terms of power sharing and bus voltage regulation under a source outage even 

when the compensation coefficient is not updated in real-time and in the event of the failure of 

the SC.  
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Figure 5.2 Proposed Hierarchical Control scheme for the MEA EPS DC grid. 

5.2 Proposed Bus Voltage Compensation  

It can be observed from (3-4) that due to the droop control, the bus voltage Vbus will not be 

equal to its nominal value Vdc
*, except if Idci = 0. Moreover, the deviation will be more 

pronounced when a fault occurs on one of the generators and is disconnected from the system 

and under load changes. Therefore, there is a need to compensate for the bus voltage deviation 

and maintain it at or near its nominal value. One way to maintain the DC bus voltage at its 

nominal value is by adjusting the converter references. Hence, this thesis proposes the bus 

voltage restoration using a feedforward compensation technique as shown in Figure 5.2. In the 

proposed technique, a secondary compensation term ΔV is designed and added as feedforward 

into the primary controller.  
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Based on the addition of the compensation term, the expression in (3-1) becomes 

*

ref i dc d i d ciV V k I V= − +
 

(5-1) 

Consequently, the HVDC bus voltage Vbus after compensation becomes.  

* )( di db cus dc ci ik R I VV V += − +
 

(5-2) 

It can be observed from (5-1), that the droop characteristics can be shifted (i.e., adjusted) along 

the voltage axis by adding a correction term ΔV. As the ultimate control goal is to achieve Vbus 

to be 270V, thus the total load current on the HVDC bus is critical and is used in the 

compensation term as 

c LV k I =
 

(5-3) 

where the total load current IL is given as  
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(5-4) 

From (5-3) and (5-4), we can see that the voltage reference of each power source in the system 

can be adjusted using the compensation term via a feedforward link as shown in Figure 5.2. As 

shown in Figure 5.2, each local dc-link voltage reference Vrefi (i=1,2,3) is now added with a 

common compensation term ΔV associated with the total load currents (i.e., kcIL). No extra 

communication link or voltage controller is needed. The total load current IL is transmitted to 

the local controllers via power line communication [198]. To achieve expected compensation 

and power sharing, the coefficient kc and local droop kdi need to be properly selected and will 

be discussed in the next Section 5.3. 

To facilitate the development of our proposed optimal control parameters design and 

computation strategy in Section 5.3, the way the droop and compensation coefficients are 

selected in [94] will be presented first since the feedforward technique is also used for the 

voltage compensation. In the first instance, the individual droop gains kdi are selected for the 

converters to be larger than the line resistance Rci (i.e., kdi≫ Rci) to mitigate the effect of cable 

resistance on power sharing. Also, the voltage compensation coefficient referred to as the 
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global droop gain kc is selected as follows. From (5-4), the droop characteristics of the DC bus 

are defined by the expression (5-5) [94]. 

1

1

1

( )

c n

i di ci

k

k R=

=

+


 

(5-5) 

where kc is the global droop gain. By selecting the individual droop gain to be large, the effect 

of line resistance in (5-5) can be ignored. Hence, the expression in (5-5) can be re-written as  

1
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i di
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=


 

(5-6) 

It can be observed from (5-6) that the global droop gain kc is closely related to the individual 

high droop gains kdi. This coefficient selection process has the following drawbacks. 

➢ In a situation where not all the participating converters are contributing to the load 

current due to for example a source failure, then, the bus voltage regulation becomes 

poor [201]. To solve this problem and restore the bus voltage to its nominal value, the 

global droop gain will need to be updated in real-time according to the new EPS 

condition. Thus, requiring extra effort. 

➢ If the SC fails and only the primary droop control is working, the high individual local 

droop gain selected for the converters will lead to a huge drop in the bus voltage. Such 

a huge drop in the bus voltage is not ideal for the electrical loads onboard the aircraft 

and it will degrade the system performance, causing power quality and system stability 

issues. 

Therefore, the way the droop and compensation coefficients are selected in [94] makes the 

control approach highly dependent on the EPS condition and less robust. Motivated by these 

challenging issues, a novel and intelligent design strategy for the optimal design of the control 

parameters to safeguard a safety-critical application such as the MEA EPS from such 

vulnerabilities and ensure acceptable voltage regulations in different conditions of the EPS will 

be developed. The control problem is considered an optimisation problem in which an ANN-

based surrogate model is used for the computation of the optimal settings of the droop and 
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compensation coefficients. A detailed comparison between the proposed approach and the 

method used [94] is provided in Section 5.4. 
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Figure 5.3 Flowchart for the design of the droop and compensation coefficients using the ANN 

approach. 

5.3 Proposed ANN-based Hierarchical Control Design Approach 

The main objective of this section is to introduce the design process of the optimal droop gain 

of each power source, kdi, and compensation coefficient, kc, to achieve accurate power sharing 

and bus voltage restoration. A neural network-based design strategy for the computation of the 

optimal droop and compensation coefficients that will yield a user-defined desired power 

sharing ratio and bus voltage compensation at the PC and SC levels simultaneously will be 

developed. 
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5.3.1 Methodology 

Figure 5.3 shows the flowchart of the design steps to be followed. As shown in Figure 5.3, 

there are three stages (i.e., stages A, B and C) in the process of obtaining the optimal control 

coefficients. Each of the stages is discussed as follows. 

5.3.1.1 Stage A: Data generation 

To generate data to train the ANN, the detailed model of the case study shown in Figure 5.4 is 

built in MATLAB Simulink and is simulated with different combinations of the droop gains, 

kd1, kd2, and kd3, and the compensation coefficient, kc within a design space shown in Table 5-1. 

The corresponding current sharing ratios, n1 and n2, and normalised bus voltage Vbcn = Vbus/270 

are thus derived and stored after each simulation cycle. A total of 14,641 data samples were 

obtained from the simulation exercise. The multiple simulations were run in a loop with the aid 

of MATLAB codes on a standard computer with quad-core processors. Each simulation run 

takes around 6 s, thus, it takes approximately 6 hours to generate the entire data samples. The 

system parameters used in the simulation for data generation are shown in Table 3-1.  
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Figure 5.4 Case study setup 



Artificial Intelligence-Based Hierarchical Control Design 

124 

 

Table 5-1 Simulation Input Variables Ranges for Data Generation 

Parameter Range Sampling Step Number of Samples 

1/kd1 [3.825, 4.675] 0.085 11 x 11 x 11 x 11 = 

14,641 
1/kd2 [3.825, 4.675] 0.085 

1/kd3 [3.825, 4.675] 0.085 

1/kc [11.475, 14.025] 0.255 

 

In stage A, the relationship between the inputs (x) to the simulation model and processed 

outputs (y) can be represented as  

1 2 1 2 3( ) ( , , ) ( , , , )bcn d d d cy F x n n V F k k k k=  =
 

(5-7) 

5.3.1.2 Stage B: Training and Development of the Surrogate Model 

The data generated from stage A is used to train an ANN-based surrogate model in stage B. 

The ANN is trained with the current sharing ratios (n1 and n2), and the normalised bus voltage 

(Vbcn) as inputs and the droop and compensation coefficients (kd1, kd2, kd3, and kc) as outputs to 

derive a fast surrogate model to allow quick computation of the optimal control coefficients. 

The FFNN structure shown in Figure 5.5 with the backpropagation training algorithm is used 

for the training and development of the surrogate model.  
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Figure 5.5 Schematic of the NN-based surrogate model. 
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The FFNN structure is made up of 3 neurons in the input layer which are equivalent to the three 

system outputs n1, n2 and Vbcn, 11 neurons in the hidden layer and 4 neurons in the output layer 

which are equivalent to the four design variables (kd1, kd2, kd3 and kc). The surrogate model 

represents the input-output data mapping relationship in (5-8). 

1 2 3 1 2( ) ( , , , ) ( , , )d d d c bcny F x k k k k F n n V=  =
 

(5-8) 

The ANN-based surrogate model is usually employed to establish the relationship between 

input data and output data through mapping in situations where the relationship between the 

two is unknown or computationally intensive to assess. It can approximate non-linear functions 

to a high degree of accuracy with little knowledge about the system [133]. The training was 

implemented using the built-in NN fitting toolbox in MATLAB. Further details about the NN 

fundamental working principle, structure selection and training process can be found in [145], 

[188]. 

5.3.1.3 Stage C: Deployment of the surrogate model 

Finally, after training, the surrogate model can be used in stage C and power system designers 

can define the desired current sharing ratios (i.e., n1desired and n2desired) and normalised bus 

voltage regulation (Vbcndesired) that are within the design space as input to the surrogate model 

to compute the optimal droop and compensation coefficients (kd1opt, kd2opt, kd3opt and kcopt) to 

yield such control performance. The computed optimal droop and compensation coefficients 

can then be used to control the load sharing and bus voltage regulation as desired in both 

simulations and HIL experiments. The proposed design strategy only requires specific input-

output data measurement and does not need detailed information and knowledge of the system 

under study. Hence, making it robust when compared with existing design approaches.  

5.3.2  Design Consideration and Stability Concerns 

Before carrying out the proposed design approach, the design range of the design variables 

(i.e., kdi and kc) should be pre-defined. It is important to choose a proper design range for the 

design variables in such a manner that the stability of the system will not be compromised and 

based on the desired control objectives. To that end, the upper and lower bounds (i.e., design 

range) of each of the droop gains are defined to be +10% and -10% respectively of the 

traditional fixed droop gains. Furthermore, a detailed comparative stability analysis of droop 
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control approaches in voltage source converter-based DC MGs carried out in [174], found that 

the maximum droop gain for stable operation should not exceed the expression in (3-11). For 

the compensation coefficient kc, its range is selected as shown in Table 5-1 to maintain the 

droop control function and guarantee system stability [161].  

5.3.3 Computational Burden 

The data generation stage (i.e., stage A) costs time (i.e., computational burden) and this may 

increase exponentially with an increasing number of design variables. Quantitatively speaking, 

the time taken (offline) for the data generation was estimated by using the duration it takes to 

run one single simulation as a benchmark. Therefore, for the 14,641 design variable 

combinations and simulation runs, the computational burden for the data generation amounted 

to about 6 hours on a standard computer with quad-core processors. However, it would have 

only cost around 1 hour or less to run the simulations for the same design variable combinations 

on a computer with a 24-core processor by running the simulations in parallel with the aid of 

the parallel computing toolbox in MATLAB and a few lines of codes. It is important to note 

that, although, this stage A comes with some computational costs (offline), however, it is only 

required to be executed once and not for every coefficient design that is within the design space. 

The training stage B is straightforward and can be accomplished quickly using the NN fitting 

toolbox in MATLAB. The usual challenge in this stage is the selection of a suitable number of 

neurons for the hidden layers. Although the selection is done using a trial-and-error process, 

the process can be executed quite fast (less than 1 minute). Besides, the NN fitting toolbox 

generates results quickly. Thus, the power system designer can arrive at a suitable number of 

neurons within a short time.  

The trained surrogate model can output results with just a click of a button after being provided 

with appropriate inputs. Thus, making this stage several orders of magnitude faster than stages 

A and B. 
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5.4 Design Examples and Validation Using Simulation 

5.4.1 Design Examples 

In this section, the trained surrogate model is used to compute the optimal droop and 

compensation coefficients to realise two (2) exemplary control goals for the MEA EPS. The 

two (2) design cases considered in this chapter are explained as follows.  

5.4.1.1 Design example 1: Equal load sharing and bus voltage 

compensation 

In this design example, the sources (PMSG1-3) are assumed to have equal ratings (i.e., Idc1
rated 

= Idc2
rated= Idc3

rated) and thus expected to share the load current demand equally while 

maintaining the bus voltage regulation at its nominal value in steady states. To achieve this 

control performance, the desired current sharing ratios and normalised bus voltage which are 

used as inputs to the surrogate model are defined as n1desired = 1, n2desired = 1, and Vbcndesired = 1. 

Consequently, the computed optimal droop and compensation coefficients by the surrogate 

model are obtained as kd1opt = 1/4.0305, kd2opt = 1/4.5211, kd3opt = 1/4.2342, and kcopt = 1/11.9501. 

5.4.1.2 Design example 2: Unequal load sharing and bus voltage 

compensation 

In this design example and within the design space considered (see Table 5-1), PMSG1 and 

PMSG3 are assumed to have equal ratings but 10% higher than that of PMSG2 (i.e., 0.9Idc1
rated 

= Idc2
rated= 0.9Idc3

rated). Therefore, PMSG1,3 is expected to share the load demand equally and 

more than PMSG2. In addition, the bus voltage regulation is desired to be maintained at its 

nominal value in steady states. To achieve this control objective, the desired current sharing 

ratios and normalised bus voltage which are inputs to the surrogate model are defined as n1desired 

= 0.9, n2desired = 1, and Vbcndesired = 1. Thus, the computed optimal droop and compensation 

coefficients by the surrogate model are kd1opt = 1/4.2434, kd2opt = 1/4.2540, kd3opt = 1/4.4698, and 

kcopt = 1/12.1502. The validity of these computed optimal coefficients from the two design 

examples will be tested first in simulation. 
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5.4.2 Simulation Results 

In this section, the performance of the proposed approach with the optimal control coefficient 

settings is validated and compared with the conventional droop control method and the 

approach proposed in [94] using simulation case studies. In this regard, the MEA EPS 

distribution network case study (shown in Figure 5.4) with three PMSG-AR systems working 

in parallel is modelled in MATLAB/Simulink. The simulation parameters are the same as those 

shown in Table 3-1.  

5.4.2.1 Case 1: Normal scenario 

Figure 5.6  (a) and (b) show the simulation results of the case study based on using the optimal 

coefficient settings obtained from design examples 1 and 2 respectively. CPLs of 25 kW, 30 

kW and 40 kW are applied at times 0.1 s, 0.5 s and 0.7 s respectively during the simulation. As 

shown in Figure 5.6 (a), from time t = 0.1 s to t = 0.3 s only the PC (i.e., droop control) is 

activated, hence, the bus voltage drops to around 262 V which represents a 2.96% deviation of 

the bus voltage from its nominal value. This is an advantage of using the optimal droop gain 

settings at the PC level. Though it cannot maintain the bus voltage at its nominal value at this 

control level due to the droop control action. However, it can mitigate the tradeoff between the 

current sharing accuracy and bus voltage regulation. Besides, a voltage range of between 250 

V to 280 V is acceptable for the MEA application in steady states [49]. Immediately the SC is 

activated at t = 0.3 s, the voltage drop at the PC level is compensated and the bus voltage is 

restored to its nominal value as desired (i.e., Vbcndesired = 1). Furthermore, the bus voltage is 

maintained at its nominal value despite the load changes. Also, equal current sharing in the 

desired ratio (n1desired = 1 and n2desired = 1) is achieved at both PC and SC levels irrespective of 

the load fluctuations. The result of this case study shows that the proposed approach can 

guarantee both proportional current sharing and bus voltage restoration simultaneously as 

desired.  
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(a) 

 

(b) 

Figure 5.6 Simulation results of the case study for load sharing and bus voltage regulation using 

Optimal control coefficient from (a) Design example 1 (b) Design example 2. 

Similarly, as shown in  Figure 5.6 (b), from t = 0.1 s to t = 0.3 s only the PC is activated, hence, 

the bus voltage drops to around 262.15 V which represents a 2.91% deviation of the bus voltage 

from its nominal value. However, immediately the secondary control is activated at t = 0.3 s, 

the voltage drop at the primary control level is compensated and the bus voltage is restored to 

its nominal value as desired (i.e., Vbcndesired = 1). Furthermore, the bus voltage is maintained at 

its nominal value despite the load changes. Also, proportional current sharing in the desired 

ratio (n1desired = 0.9 and n2desired = 1) is achieved at both PC and SC levels irrespective of the 
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load changes. This result demonstrates that the proposed approach can yield proportional 

current sharing and bus voltage restoration simultaneously as desired. 

 

(a) 

 

(b) 

Figure 5.7 (a) ramp load (b) Simulation results of the case study for load sharing and bus 

voltage regulation using optimal control coefficient from design example 1. 

The performance of the proposed approach is tested under a ramp load. A ramp load is applied 

at 0.1 s as shown in Figure 5.7 (a). Figure 5.7 (b) show the simulation results of the case study 

based on using the optimal coefficient settings obtained from design examples 1. As shown in 

Figure 5.7 (b), using the proposed control strategy and with the SC activated, the bus voltage 
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is maintained at or near its nominal value despite the gradual load changes. Also, equal current 

sharing in the desired ratio (n1desired = 1 and n2desired = 1) is achieved irrespective of the load 

changes. The result of this case study shows that the proposed approach can guarantee both 

proportional current sharing and bus voltage restoration simultaneously as desired.  

5.4.2.2 Case 2: Comparison with an existing method 

Here, the proposed control approach is compared with the one presented in [94]. The control 

parameters for the proposed method are kd1opt = 1/4.0305, kd2opt = 1/4.5211, kd3opt = 1/4.2342, 

and kcopt = 1/11.9501 as obtained from design example 1. The parameters for [94] are kd1 = kd2 

= kd3 = 2, and kc = 2/3 to meet the condition kdi≫ Rci. The simulation parameters are the same 

as in Case 1. The system goes through the following four stages: 

Stage I (0.1 – 0.3 s): A CPL of 25 kW is applied in the simulation and only the primary control 

(i.e., droop control is activated) at t = 0.1 s. 

Stage II (0.3 – 0.5 s): Secondary control is implemented at t = 0.3 s. 

Stage III (0.5 – 0.7 s): PMSG-AR2 is disconnected from the system (assumed to be under fault 

condition). 

Stage IV (0.7 – 1 s): The fault is cleared and the PMSG-AR2 is re-connected back to the system. 

The simulation result for this case study is shown in Figure 5.8 (a) and (b) for the proposed 

method and the approach presented in [94] respectively. In stage I, it is observed that with only 

the PC activated and using the optimal droop gain settings, both accurate current sharing and a 

very good bus voltage regulation (the Vbus drops to 262 V) can be realised as shown in Figure 

5.8 (a). On the other hand, though the method proposed in [94] can achieve accurate current 

sharing using high drop gains at the PC level, however, the bus voltage drop is very high (the 

Vbus drop to 172.75 V) as shown in Figure 5.8 (b). This voltage drop represents about a 36.19% 

deviation of the bus voltage from its nominal value. This is not good for loads and may cause 

instability in the system if the SC fails.  
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(a) 

 

(b) 

Figure 5.8  Simulation results of the case study for load sharing and bus voltage regulation 

comparison between (a) Proposed method [212] (b) Approach presented in [94]. 

In stage II, both approaches can achieve accurate power sharing and restore the bus voltage to 

its nominal value simultaneously when the SC is activated at t = 0.3 s as shown in Figure 5.8 

(a) and (b). However, despite the SC being active, the method presented in [94] to have good 

control over the bus voltage when PMSG-AR2  is assumed to be faulty and temporarily 

disconnected (i.e., under a source outage (SO)) from the system at t = 0.5 s (i.e., stage III). The 

bus voltage drops to 233.89 V (representing a voltage drop of about 13.37% of the nominal 

value) under the fault condition as shown in Figure 5.8 (b). In contrast, the proposed control 
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approach with designed optimal control parameters has excellent control over the bus voltage 

even under SO (or fault conditions). The bus voltage drops to 266.06 V (representing a voltage 

drop of only about 1.46% of the nominal value) as shown in Figure 5.8 (a). This clearly shows 

the superiority of the proposed approach. Therefore, it can be said that the bus voltage 

regulation performance is significantly affected under the conditions of a source outage (SO) 

and failure of the SC when using the control parameters from [94], while the control parameter 

obtained using the proposed approach can guarantee desired power sharing and improved bus 

voltage compensation in different EPS operation conditions.  

Table 5-2 Comparison of branch current and transmission loss of the method in [94] and 

proposed control approach. 

Method [94] Proposed approach [212] 

Stage 

I 

Branch currents 

(Idc1/Idc2/Idc3) 

48.55 A /47.91 A/48.26 A 31.80 A/31.80 A/31.80 A 

Transmission loss 110.90 W 48.54 W 

Stage 

III 

Branch currents (Idc1/ Idc2/ 

Idc3) 

53.60 A/0.00 A/53.28 A 46.98 A/0.00 A/46.98 A 

Transmission loss 51.20 W 39.73 W 

Stages 

II and 

IV 

Branch currents (Idc1/ Idc2/ 

Idc3) 

31.12 A/30.71 A/30.94 A 30.86 A/30.86 A /30.86 A 

Transmission loss 45.71 W 45.56 W 

 

Furthermore, as shown in Table 5-2, the proposed approach can reduce the current in the 

individual branches compared to the method used in [94]. Consequently, the interconnecting 

cable losses are also reduced. It can therefore be said that the efficiency of the system will be 

enhanced due to reduced losses in lines as shown in Table 5-2. This can be attributed to the 

better voltage regulation of the proposed approach compared to the approach used in [94]. The 

system's stability and overall efficiency will be increased using the proposed control method. 

Finally, as shown in Figure 5.8 (a) and (b), the system is restored to its pre-fault condition 

immediately after the fault is cleared and the PMSG-AR2 is reconnected back to the system at 

t = 0.7 s.  
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5.4.2.3 Plug-and-Play Capability 

This case study demonstrates the plug-and-play capability of the proposed approach. Here, the 

surrogate model is trained with data samples obtained under different conditions of the EPS 

(such as one or two generators failure). To enhance the capability of the proposed strategy, the 

author suggests including abnormal operation scenarios in the ANN training to have more 

dynamic data sets. The data set should be stored in a lookup table to train the corresponding 

surrogate model [190]. This way, the training sessions will need to be carried out once or less 

frequently and not whenever the network changes. The recomputed optimal compensation 

coefficients are kcopt = 1/11.9501 when all three sources are working, kcopt = 1/7.9649 when two 

sources are working, and kcopt = 1/3.9798 when only one source is operational. However, 

irrespective of the number of sources under fault conditions, the other active sources will share 

the load power demand according to their respective optimal droop gain. Thus, the optimal 

droop coefficients are unchanged and remain as kd1opt = 1/4.0305, kd2opt = 1/4.5211 and kd3opt = 

1/4.2342 for equal load sharing. A CPL of 40 kW is applied at t = 0.1 s during the simulation 

and the secondary control is also activated. 

 

Figure 5.9 Simulation results showing the plug-in and plug-out capability of the proposed 

approach. 

As shown in Figure 5.9, only PMSG-AR1 is initially connected to the DC bus, followed by 

PMSG-AR2 and then PMSG-AR3. The results obtained show that as the new PMSG-AR system 
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is connected to the DC bus, both accurate power sharing and bus voltage restoration are realised 

simultaneously.  

5.4.2.4 Impact of Variation in the Cable Resistance 

The line resistance is usually unknown in practice and is considered the major factor that 

influences the current sharing and voltage deviation in the DC MG [213, 206]. Furthermore, it 

is affected by various factors such as temperature variation, the materials of the transmission 

cable and their thickness. In this case study, the impact of the variation of the cable resistance 

on the current sharing and voltage regulation performance of the proposed control method is 

investigated. 

A CPL of 25 kW is applied during the simulation and the optimal droop and compensation 

coefficients from design example 1 are used. The cable resistances are varied by - 30%, 30%, 

- 50%, 50% and 200% which corresponds to 0.3, 1.3, 0.5, 1.5 and 2 respectively of their initial 

values shown in Table 3-1.  The results obtained are shown in Figure 5.10.  It can be observed 

from Figure 5.10 that with a variation of -30%, 30%, -50% and 50% in the cable resistance, 

the error in the current sharing ratios (n1 and n2) from their desired values is mostly around 5% 

or less for n1 and less than 3% for n2. Some errors in the current sharing are acceptable, 

especially under light load conditions and provided the sources are working within their 

capacity [37], [213, 214]. Also, even when the cable resistance was doubled, the error in the 

current sharing ratio n2 is less than 5%, while the error in the current sharing ratio n1 is 9.61%. 

However, in all the cable resistance variations investigated, the deviation of the bus voltage 

from its nominal value is less than 0.5%. This verifies the robustness and good steady-state 

performance of the proposed control approach.  

The cable resistance variation test showed that the proposed control method may not yield 

acceptable control performance for the sharing ratio between converter 1 and 2 (i.e., n1) for a 

200% variation in the cable resistance. In the event of a significant variation in the line 

resistance, the ANN model will need to be updated accordingly for better current sharing 

performance of the proposed control method [190].  
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Figure 5.10 Effect of variation in cable resistance on current sharing accuracy and bus voltage 

regulation of the proposed approach. 

5.5 Summary 

This chapter presented an innovative strategy to address voltage deviations and enhance overall 

voltage regulation in the islanded DC MG of the MEA EPS. The proposed design approach 

incorporates an ANN as a surrogate model to compute the optimal droop and voltage 

compensation coefficients based on desired power-sharing ratios and bus voltage regulation 

requirements. The effectiveness of the proposed approach is validated through extensive 

simulations and HIL experiments, demonstrating its ability to efficiently control and manage 

the MEA EPS distribution network. Through the proposed approach, the bus voltage regulation 

and dynamic performance of the MEA EPS improved in different EPS operation conditions 

while simultaneously achieving optimal load power sharing among power sources when 

compared with the state-of-art methods. Consequently, the safety and continuous operation of 

the electrical loads onboard the MEA are guaranteed. Furthermore, the proposed approach 

substantially reduces the total load current and output currents from each converter. This leads 

to enhanced EPS efficiency by reducing losses in lines, particularly under fault conditions and 

in the event of a secondary control failure, when compared to state-of-the-art methods. The 
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proposed control approach can be conveniently implemented since there is no need for 

additional controllers and existing communication infrastructure such as power line 

communication can be utilised.     
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Chapter 6 Real-time Line Resistance 

Identification with Artificial Intelligence 

This chapter presents a new approach using two ANNs models to address the challenges of 

accurate current sharing and voltage regulation in DC MGs. The first ANN (ANN1) is 

employed to compute optimal droop gain settings for converters, aiming to achieve precise 

current sharing. However, interconnecting cable resistance changes during operation may lead 

to a deviation of the power sharing ratio when only ANN1 is used. To overcome this, another 

ANN (ANN2) is used to identify the line impedance during operation. In real-time operation, 

the ANN2 estimated interconnecting cable resistances are used to compensate for the voltage 

deviation. Together with ANN1 identified optimal droop gain, a robust power sharing control 

has been achieved with accurate current sharing and improved regulation of the bus voltage, 

even in the presence of varying line resistances. The proposed approach is evaluated under 

different line resistance scenarios to assess its effectiveness. Simulation results demonstrate the 

superior performance of the proposed control method over conventional droop control 

approaches, offering promising prospects for enhancing the operation of DC MGs.  

6.1 Introduction  

Microgrids are becoming increasingly popular in emerging technologies like MEA and hybrid 

electric vehicles due to their simplified control, higher system reliability, and easier integration 

of alternative energy sources compared to AC networks [111]. In typical DC MGs, multiple 

power sources are connected in parallel through power electronic converters to a common DC 

bus. However, the conventional droop control method used for power sharing faces challenges 

due to mismatched interconnecting cable resistance and offset in the nominal voltage reference, 

leading to power imbalances and voltage deviations. To enhance stability and control 

performance, addressing these practical issues is essential, with the offset issue being 

manageable through proper sensor calibration, while the mismatched interconnecting cable 

resistance needs careful consideration in low-voltage DC MGs. In addition, the line resistance 

can change during the EPS operation due to environmental conditions such as variations in 
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temperature and other factors [94]. Moreover, such changes may be difficult to predict in 

advance, therefore, the system control performance is also threatened due to parameter 

uncertainty.  

While maintaining the reliability and modularity of the droop control, the design and 

computation of the optimal droop gain settings using AI techniques are considered an elegant 

approach to mitigate the trade-off between power sharing and bus voltage regulation [138], 

[171], [177], [215], [216]. With the optimised droop gain settings, the controllers are expected 

to adapt and perform robustly under different conditions of the EPS. However, the desired 

control performance may not be achieved especially when there is a significant variation in the 

nominal line resistance during the operation of the EPS [186]. Thus, for improved control 

performance, the AI technique will need to be updated accordingly (for example by collecting 

new data samples to re-train the ANN model), which requires extra effort and may become 

inefficient [186].  

An alternative method proposed to improve droop control is the adaptive droop control scheme 

[217], which involves adjusting the droop gains of the PECs in real-time by incorporating 

online parameter identification to ensure desired control performance and stability in the face 

of varying EPS conditions. This approach provides greater flexibility and is more practical than 

conventional droop control when it comes to current sharing and voltage regulation. The 

adaptive droop control based on online line impedance identification is the most commonly 

used approach and can be easily incorporated into the droop controller using a simple feedback 

control loop [168], [218], [219], [220], [217]. However, its control performance is highly 

dependent on the accuracy of the line impedance identification. In this regard, the approach 

used in the estimation of the line impedance is very important as it would have an impact on 

the accuracy of the identification and the overall control performance of the system. This is 

one of the main motivations of this research. Besides, the knowledge of line impedance is also 

beneficial for other purposes including islanding detection [221], controller design [222], and 

online stability evaluation [223]. 

The existing line impedance identification techniques are broadly classified into two 

categories: active, and passive methods [224, 225]. The passive detection method involves 

identifying line impedance based on inherent system characteristics [226]. Being a non-

intrusive technique, it eliminates the need for disturbance injection. The line impedance 
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identification is performed using voltage and current measurements taken at the point of 

common coupling (PCC). A passive detection method involving the use of the recursive least 

squares (RLS) is employed in [206], [220, 227], an extended Kalman filter is used in [228], 

and the RLS method combined with the Kalman filter is employed in [218] for grid impedance, 

voltage amplitude and phase angle estimation. Due to the non-injection of perturbation into the 

system, the passive detection techniques do not affect the stable operation of the system. 

However, they require complex computation processes, thus making their implementation in 

practical systems difficult. For example, the RLS algorithm implemented in [220, 229] requires 

the measurement of the inverter’s output voltage, current, and the common bus voltage to 

estimate each corresponding feeder impedance. Furthermore, since they make use of the 

existing system noise for impedance identification, their detection accuracy is thus relatively 

low in a system with an inherent low signal-to-noise ratio (SNR) [226]. 

Alternatively, active detection techniques require the simultaneous injection of perturbations 

into the system and the processing of the corresponding voltage and current information at the 

PCC to estimate the line impedance. Different kinds of perturbations including single harmonic 

injection [230], wideband pulse injection, frequency injection, current pulse injection [231] 

and step perturbation are used in this technique. The line resistance is estimated using active 

pulse injection, information detection (i.e., voltage and current measurements before and after 

injection) and then calculation in [169, 170]. The injection of disturbance into the system may 

also affect its stability and power quality [232], leading to a temporary decline in the converter's 

performance and a significant amount of time may be required to accurately estimate the 

system parameters [233].  

To implement the aforementioned line impedance detection algorithms, it is necessary to 

measure the voltage and current at the PCC. Thus, additional current and voltage sensors will 

be required in the system. This will incur additional costs to the system, possibly increase its 

weight and may also introduce noise into the system. To eliminate the need for additional 

sensors and the injection of harmonics into the system, the line resistances are estimated using 

mathematical calculations in [168]. There, only knowledge of the output currents of the 

converters and DC bus voltage is required in the proposed method. However, when the DC bus 

is located at a considerable distance from the converters, accurately measuring it can become 

challenging, potentially resulting in inaccuracies during the estimation of line resistance. 

Overall, the need to measure two or more system parameters for the estimation of the line 
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resistance makes the existing identification methods complex and prone to errors. [234] 

proposes an intelligent and data-driven approach for offline line resistance estimation in the 

DC MG. However, the proposed method can only be applied under constant load, and no 

experimental studies were conducted to validate its effectiveness.  

To overcome the above-mentioned challenges, this thesis proposes an ANN-based online line 

resistance identification method. The fundamental concept involves utilising optimal droop 

gain settings to solve an equation set and determine the nominal or initial line resistance values. 

The initial line resistance values are then employed to generate data, which is used to create an 

identification model based on ANN. This model maps the relationship between current sharing 

ratios between the converters and line resistances within a predefined design range. If there are 

variations in the nominal line resistance values during EPS operation, the ANN-based 

identification model can identify the new line resistance. This enables real-time adjustment of 

the voltage reference of each converter, ensuring accurate current sharing and enhanced voltage 

regulation. By employing this method, it is possible to achieve a high level of estimation 

accuracy without compromising system stability or introducing additional computational 

complexity. In addition, the only parameter that requires measurement is the output current of 

the PECs that is used for the normal control and operation of the EPS. Thus, no extra sensors 

are required. The main contributions of this chapter are as follows. 

➢ Development and implementation of an online initial line resistance estimation 

algorithm in the MG controller which involves solving a simple equation set. 

➢ Development and implementation of an identification model based on ANN in the MG. 

This model allows for the real-time estimation of line resistance during the EPS 

operation. To the best of the authors' knowledge, the proposed method has not been 

previously explored for line resistance estimation. 

➢ The proposed approach can guarantee accurate current sharing and improved voltage 

regulation in both steady-state and transient conditions. 

6.2 Modified Droop Control Algorithm  

To address the limitations of the conventional droop control method and improve its control 

performance, a modified droop control algorithm is proposed [158, 235]. The concept behind 

this modified algorithm is to adjust the voltage reference of each converter to compensate for 
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any terminal voltage deviations, resulting in improved power sharing accuracy. Thus, a 

compensation term/voltage offset ΔV is generated and added to the conventional droop 

equation in (3-1). Thus, 

*

ref i dc d i d ciV V k I V= − +
 

(6-1) 

The compensation term ΔV can be obtained as 

ciest dciV R I =
 

(6-2) 

where Rciest is the estimated line resistances. In summary, estimating the line resistances 

precisely is crucial for generating the appropriate compensation term for each converter to 

improve the performance of the droop control method. Furthermore, this knowledge will aid in 

stabilizing the system by suppressing the circulating current among the PECs [168]. The main 

challenge is in the accurate estimation of the corresponding subsystem line resistances Rci under 

varying EPS conditions. In sharp contrast to existing methods, this thesis proposes an artificial 

intelligence-based online line resistance estimation method, and this will be presented in the 

next Section.  

6.3 Proposed Approach for Enhanced Droop Control 

The proposed droop control strategy can be divided into two stages. The first stage involves 

using AI to estimate line resistance online and the second stage is implementing a modified 

droop control algorithm. 

6.3.1 Rational for Using Artificial Intelligence (AI) 

Machine learning (ML) algorithms that are data-driven have attracted significant attention in 

the estimation of EPS parameters because of their capability in learning about the behaviours 

of non-linear systems [236, 237, 238, 239]. The machine learning algorithm is usually designed 

in such a way as to learn and establish the functional relationship between the desired parameter 

to be estimated and signals that can be easily measured in the system without the need for the 

power system designer to know the relationship between the input and output data [133]. Thus, 

saving costs for the system. For practical applications, machine learning-based solutions can 

be utilised as tools for the estimation of EPS parameters since they are non-invasive and do not 
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need hardware sensors, unlike the existing line resistance identification methods. The ANN is 

one of the most powerful and commonly used ML tools for establishing such a functional 

relationship [133]. In addition, there is no need for knowledge of the system dynamics 

beforehand. Therefore, a systematic ML-based interconnecting cable resistance estimation 

methodology will be developed in this chapter. 
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Figure 6.1 Flowchart diagram depicting the proposed methodology for online estimation of 

interconnecting cable resistances. 
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6.3.2 Proposed AI-Based Online Line Resistance Estimation  

This thesis only considers the line resistance estimation since the line inductance does not affect 

the steady-state droop control performance of the DC MG [161]. The research utilises a 

machine learning algorithm to analyse data obtained from a simulation model and identify line 

resistance by considering the current sharing ratios between the converters. 

Figure 6.1 shows the entire flowchart and procedures to follow in the proposed AI-based online 

line resistance estimation method. The entire process is made up of two parts. The initial part 

of the process (enclosed in dotted green lines) involves creating a design strategy for computing 

the optimal droop gain settings using an ANN-based surrogate model (referred to as ANN1). 

This approach is used to achieve the desired power sharing ratio between the PECs. After 

obtaining the optimal droop gain settings, a set of equations is used to estimate the initial line 

resistance online [240]. The second part (enclosed in dotted blue lines) deals with the 

development of an identification model (denoted as ANN2) based on the initially identified line 

resistance that can be used for the real-time estimation of the line resistance during the EPS 

operation. Figure 6.1 shows that each part of the process consists of three steps: data collection 

(step A), development and training of the surrogate model (step B), and deployment of the 

surrogate model (step C). The goal is to obtain the trained identification model (i.e., ANN2). 

The subsequent sections will describe the development of the two ANNs (i.e., ANN1 and 

ANN2) required to achieve this objective. 

6.3.2.1 Training of ANN1: Data Collection, Model Development and 

Training, and Deployment of the Surrogate Model 

Step A: Data Collection 

The necessary data can be gathered either from a simulation model or an experimental rig of 

the studied system. This research gathers data from simulations and verifies the proposed 

approach using simulations and HIL experiments. Table 6-1 presents the simulation parameters 

used. The simulation also includes a computational delay equivalent to one sampling time and 

the model’s converter dead times to replicate experimental conditions as closely as possible. 
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Table 6-1 Parameters of the system used as a case study in simulations and HIL experiments. 

Category 

PMSG parameters 

Parameters 

Nominal power 

Base speed 

Switching frequency 

Maximum modulation index 

Pole pair 

Stator winding resistance Rs 

Winding inductance Ld=Lq 

Flux linkage 

Values 

45 kW 

8000 rpm 

100 kHz 

0.9 

3 

1.058 mΩ 

99 µH 

0.03644 Wb 

Converter, cable, and load 

parameters 

DC-link capacitance Cb 

Converter dead time Td 

DC link-rated voltage  

Traditional droop coefficients kdi 

Cable resistances Rci 

Cable inductances Lci 

Load power used during data 

generation 

1.2 mF 

3 µs 

270 V 

1/4.25, 1/4.25, 1/4.25 

20 mΩ, 40 mΩ, 60 mΩ 

1 µH, 10 µH, 5 µH 

40 kW 

 

The sweep values of the droop gains used as input to the simulations are kd1 = [1/3.825, 1/3.910, 

1/3.995, 1/4.080, 1/4.165,... 1/4.675], kd2 = [1/3.825, 1/3.910, 1/3.995, 1/4.080, 1/4.165,... 

1/4.675], and kd3 =[1/3.825, 1/3.910, 1/3.995, 1/4.080, 1/4.165,... 1/4.675]. The sweep range is 

chosen near the conventional fixed and identical droop gain specified in Table 6-1 to guarantee 

a realistic design space with good high fidelity and stability of the system [186]. A total of 1331 

combinations of droop gains were swept during the simulations to gather data. At the end of 

each simulation, the current sharing ratios (i.e., n1 and n2) for each droop gain combination 

were computed and saved. The data points were collected in approximately 35 minutes using 

a standard computer with 4-core processors. MATLAB codes were employed to automate the 
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simulations, which were run in a loop. The input (x) and the processed output (y) of the 

simulation during data generation are represented by the relationship expressed in (3-10). The 

collected data set is randomly split into three subsets for training, validation, and testing, 

respectively, with a ratio of 70%, 15%, and 15%. 

Step B: Model Development and Training   

The structure for the ANN1 needs to be chosen carefully before proceeding with its training. 

For ANN1, a FFNN structure is utilised, as illustrated in Figure 6.2, consisting of an input layer, 

a hidden layer, and an output layer. The input layer contains two neurons, representing the 

current sharing ratios (i.e., n1 and n2), while the hidden layer has 11 neurons. The output layer 

comprises three neurons, representing the three droop gains (i.e., kd1, kd2, and kd3). The number 

of neurons in the hidden layer is determined using the trial-and-error method as there is no 

standard analytical technique for selecting its appropriate number. The number of neurons in 

the hidden layer has a crucial impact on how well the ANN model is trained [39]. The goal is 

to train the ANN1 as a surrogate model that maps the current sharing ratios to the droop gains. 

The training is done offline using MATLAB's NN fitting toolbox. 
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Figure 6.2 FFNN structure of the ANN1-based surrogate model. 

Step C: Deployment 

The ANN1-based surrogate model is deployed after training to calculate the optimal droop gain 

settings required to achieve the desired user-defined current sharing ratios between the PECs. 
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To that end, the desired current sharing ratios for equal current sharing among the converters 

are defined as n1desired = 1 and n2desired = 1 and provided as input to the ANN1-based surrogate 

model. 

 

(a) 

 

(b) 

Figure 6.3 Simulation results for current sharing and voltage regulation using (a) Traditional 

fixed and identical droop gains (shown in Table 6-1) (b) Optimal fixed droop gain settings 

obtained using the proposed approach. 

The optimal droop gain settings obtained are kd1opt = 1/3.8884, kd2opt = 1/4.2133, and kd3opt = 

1/4.6055. To illustrate the validity of the computed optimal droop gain settings, they are used 

as input to the simulation model. The simulation parameters are the same as those shown in 
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Table 6-1. CPLs of 10 kW, 20 kW, 30 kW and 40 kW are applied during the simulation. Figure 

6.3 (a) shows the results of the current sharing and bus voltage regulation when the traditional 

fixed and identical droop gains (shown in  Table 6-1) obtained using the conventional droop 

gain design are used in the simulation. The results are shown in Figure 6.3 (a) with Idc1 = 56.03 

A, Idc2 = 51.96 A, Idc3 = 48.44 A, and Vbus = 255.7 V at time t = 0.5 s. It can be observed that 

the current sharing among the converters is not as desired because of the mismatched line 

resistances. On the other hand, when the optimal droop gain settings are applied in the 

simulation, both accurate current sharing and good voltage regulation (with Idc1 = 52.19 A, Idc2 

= 52.16 A, Idc3 = 52.20 A, and Vbus = 255.5 V at time t = 0.5 s) are achieved in the desired 

sharing ratio as shown in Figure 6.3 (b). Therefore, compared to the traditional fixed and 

identical droop gains, the computed optimal droop gain settings can mitigate the influence of 

the mismatched line resistance on the droop control performance [186], [215], [216].  

Table 6-2 Error in current sharing ratios and voltage deviation for different variations in line 

impedance. 

 Rcinew = 0.5 x Rci Rci Rcinew = 2 x Rci 

Lcinew=0.5xLci 3.80%, 8.10%, 4.96% 0.00%, 0.00%, 5.37% 6.35%, 11.85%, 6.19% 

Lci 3.80%, 8.10%, 4.96% 0.00%, 0.00%, 5.37% 6.35%, 11.85%, 6.19% 

Lcinew = 2x Lci 3.80%, 8.10%, 4.96% 0.00%, 0.00%, 5.37% 6.35%, 11.85%, 6.19% 

 

Since the line impedance parameter can vary during the EPS operation, the robustness of the 

computed optimal droop gain settings to variations in the interconnecting cable’s inductance 

and resistance are tested using different simulation studies. The results obtained are shown in 

Table 6-2. As shown in Table 6-2, the simulations are carried out for cases where the initial 

line's parameters are unchanged (i.e., Rci and Lci as shown in Table 6-1), halved and doubled. 

The other system parameters remain the same. A CPL of 40 kW is applied during the 

simulation. The results in Table 6-2 are presented as (x,y,z), where x is the percentage error in 

the current sharing ratio between PECs 1 and 2, y is the percentage error in the current sharing 

ratio between PECs 1 and 3,  and z the percentage error in the bus voltage deviation.  
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As expected, the steady-state droop control performance of the studied system is not affected 

by the variation in the line’s inductance [161]. However, the variation in the resistance from 

their initial values affects the current-sharing ratios and voltage deviation while using the 

computed optimal droop gain settings. As shown in Table 6-2, it is evident that an increase in 

the variation of interconnecting cable resistances from their nominal values further deteriorates 

the control performance. An alternative solution will be to collect new data samples to re-train 

the ANN1 model to compute new optimal droop gain settings to adapt the controller to the 

changing EPS conditions. However, this will make the process complex and inefficient. Based 

on these results it can therefore be said that there is a need to develop a solution that can adapt 

the controller to changing EPS operating conditions and improve the current sharing and 

voltage regulation among PECs simply and efficiently.  

The first step towards the development of the proposed approach in this chapter is to use the 

computed optimal droop gain settings to identify the initial line resistances (Rci) [240]. It may 

be recalled that by using the traditional fixed and identical droop gain settings in (3-7) and 

(3-8), the desired equal current sharing ratios between the PECs will not be realised because of 

the effect of the mismatched line resistance. Now, assuming the computed optimal droop gain 

settings by ANN1 can yield equal current sharing among the PECs and in the desired sharing 

ratio, thus, we can obtain. 
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Therefore, by considering equations(3-7), (3-8), (6-3), and (6-4), the expressions for the initial 

line resistances can be obtained as [240] 

1
3 3 1

2

1

2

1
1

d
d d opt d opt

c

k
k k k

n
R

n

 
− + − 

 =
 
− 

   

(6-5) 



Real-time Line Resistance Identification with Artificial Intelligence 

150 

 

( )1 1

2 2

1

d c

c d

k R
R k

n

+
= −

 

(6-6) 

( )1 1

3 3

2

d c

c d

k R
R k

n

+
= −

 

(6-7) 

where kd1, kd2, and kd3 are the traditional droop gains, n1 and n2 are the calculated current sharing 

ratios based on the traditional droop gain settings, and the computed optimal droop gain settings 

by the ANN1-based surrogate model are kd1opt, kd2opt, and kd3opt. As droop gain parameters are 

set within the controller, implementing the equation set is relatively straightforward [241]. 

Hence, the initial line resistance can be identified online. The steps undertaken to develop 

ANN1 only need to be executed once.  

The MATLAB Simulink simulation platform is utilised to validate the proposed approach for 

estimating the initial line resistances. The simulation involves applying various CPLs, namely 

10 kW, 20 kW, 30 kW, and 40 kW. By substituting the traditional fixed and identical droop 

gains and the computed optimal droop gain settings in (6-5), (6-6) and (6-7), the corresponding 

estimated line resistances are Rc1 = 20.38 mΩ, Rc2 = 40.44 mΩ and Rc3 = 60.42 mΩ respectively 

as shown in Figure 6.4. The estimated line resistance matched excellently well with the nominal 

line resistance values shown in Table 6-1. The percentage error in the estimation is less than 2 

%. Thus, showing the accuracy of the proposed initial line resistance estimation method [240]. 

In addition, the initial line resistance estimation method is robust to changing load conditions.   
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Figure 6.4 Online estimations of the initial line resistances. 
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It is important to state that, after the initial line resistance identification, if there is a change in 

the interconnecting cable resistances, the new line resistances cannot be identified by solving 

the equation set. This can be attributed to the fact that the computed optimal droop gains will 

not achieve the desired equal current sharing ratio necessary to solve the equation set, 

considering the assumption made earlier during the formulation of the equation.  

Based on the foregoing, there is a need to develop a comprehensive methodology for the 

identification of the interconnecting cable resistance even when it changes during the system 

operation. This way, the voltage reference of each of the converters can be tuned adaptively to 

enhance the droop control performance. The next section will discuss the development of an 

ANN2-based identification model. 

Table 6-3 Design range based on initially estimated line resistance. 

Parameter Range (mΩ) Step (mΩ) Samples 

Rc1 [18, 22] 0.4 11 x 22 x 

31 = 7,161 
Rc2 [36, 44] 0.4 

Rc3 [54, 66] 0.4 

 

6.3.2.2 ANN2: Data Collection, Model Development and Training, and 

Deployment of the Surrogate Model 

Although it is challenging to estimate the line resistance in practical scenarios, a change in the 

interconnecting cable resistance will lead to a change in its conducted current, thus, the 

corresponding output current of the PECs will also change. Therefore, a functional relationship 

between the current sharing ratio between the PECs (i.e., n1, and n2) and the line resistance 

within a design range (i.e., Rci) can be established by an offline trained ANN2 model. 

Subsequently, the trained ANN2 model can act as an efficient computational surrogate model 

for mapping line resistances to current sharing ratios. The proposed model can help in 

identifying the line resistance accurately within the predefined range. This enables seamless 

online implementation of the method. The design range for the line resistance is defined as +/-

10% of the initially estimated line resistance, as shown in Table 6-3. This range is chosen to 
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generate data and to account for any error in the initial line resistance estimation. It should be 

noted that the power system designer has the freedom to choose the design range for data 

generation. 

Data Collection (Step A): Data is collected by running the simulation model of the studied 

system in a loop for different combinations of the line resistances. A total of 7,161 data samples 

are generated based on the line resistance combinations simulated as shown in Table 6-3. The 

optimal droop gain settings computed using ANN1 are used for the converters during the data 

generation and kept constant. At the end of each round of simulation, the current sharing ratios 

(i.e., n1 and n2) are automatically computed and stored. The overall data samples were collected 

in approximately 2 hours. The data generation process can be fast-tracked with the aid of the 

parallel computing toolbox in MATLAB [39]. The simulation parameters used for data 

generation are shown in Table 6-1. The input (x) and the processed output (y) of the simulation 

during data generation are represented by the relationship expressed in (6-8). 

1 2 1 2 3( ) ( , ) ( , , )c c cy F x n n F R R R=  =
 

(6-8) 

The dataset is split into three sets randomly: 70% of the data is used for training the ANN2-

based identification model, while 15% is used for validation and another 15% for testing.  
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Figure 6.5 FFNN structure of the ANN2-based surrogate model. 

Model Development and Training (Step B): The ANN2 consists of three layers as well. The 

input layer has two neurons that correspond to the current sharing ratios, namely n1 and n2. The 
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hidden layer has 11 neurons, while the output layer has three neurons corresponding to the line 

resistances. The architecture of the ANN2 is depicted in Figure 6.5. The ANN2 is trained offline 

using the NN fitting toolbox in MATLAB to establish a functional relationship between the 

current sharing ratio between the converters (as inputs) and the line resistances (as outputs) 

within a specified design range. 

To verify the performance of the surrogate model, a comparison is made between the original 

training data and the predictions made by the ANN2-based identification model. The results of 

this comparison are presented in Figure 6.6. Based on the comparison between the simulation 

data and the predictions obtained from the identification model, as depicted in Figure 6.5, it 

can be concluded that there is a strong agreement between the two sets of data. Hence, the 

identification model can be considered to be well-trained. 

 

Figure 6.6 Comparison between the simulation data and the surrogate model prediction. 

Deployment (Step C): The trained ANN2-based identification model can then be used for the 

real-time estimation of line resistances during the EPS operation when provided with the 

corresponding current sharing rations (i.e., n1, and n2) as inputs. Since the identification model 

is trained offline based on data obtained from parallel simulation, a low computation burden 

can be achieved in the controller and the HIL device. In this regard, the trained ANN2-based 

identification model is compiled into the MATLAB Simulink model. This way the 

identification model can be used in Simulink or imported into the typhoon HIL control platform 



Real-time Line Resistance Identification with Artificial Intelligence 

154 

 

as a standalone Functional Mock-up Unit (FMU) along with its C source code using the 

Functional Mock-up Interface (FMI) for real-time identification of the line resistances and 

control [242]. The integration of the offline trained ANN2 surrogate model into the Typhoon 

HIL toolchain enables real-time identification of interconnecting cable resistances using 

current sharing ratios. This approach allows for efficient adjustment of the voltage reference of 

each converter, allowing the controller to adapt to changing operating conditions while 

minimising computational load. Moreover, the identification model just serves as an additional 

block for the conventional droop controller. 
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Figure 6.7 Proposed approach implementation on the studied MEA EPS HVDC architecture. 

6.3.3 Implementation of the Proposed Online Line Resistance Estimation  

Figure 6.7 depicts the implementation of the proposed control approach for improved voltage 

regulation and accurate power sharing in the more-electric aircraft (MEA) EPS architecture, 

which serves as the case study for this research. After data collection and training, the 

identification model is integrated with the droop controller (as shown in Figure 6.7). An ANN-

based identification model for real-time estimation of the line resistances (Rciest) is implemented 

for compensation. Thus, the estimated line resistances Rciest in real-time by the ANN2-based 



Real-time Line Resistance Identification with Artificial Intelligence 

155 

 

identification model are assigned to each of the corresponding converter’s primary controllers. 

The modified output voltage reference value for each can be obtained from (6-1) as 

*

diopt d ci ciest d cirefi dcV V I Rk I= +−
 

(6-9) 

Similarly, the modified bus voltage becomes. 

* ( ) ( )diopt ci d ci cie cbus dc st d iV k R I R IV + += −
 

(6-10) 

From (6-10), it can be observed that the effective droop gain becomes. 

( )diopt ci ciestk R R−+
 

(6-11) 

Consequently, after the addition of the compensation term in the droop controller in (6-10), the 

droop characteristics will be modified and restored to their desired designed value as shown in 

(6-11). In this way, the voltage drops across the mismatched line resistances will be 

compensated and equalised. Therefore, the impact of the mismatched line resistances on the 

droop control method's performance is mitigated, leading to precise current sharing and 

enhanced voltage regulation. 

It is important to state that the identification model is only required for the accurate estimation 

of the line resistances, hence, can be disabled after the estimation and the estimated parameters 

can be stored and utilised in (6-9). Furthermore, the identification model is configured to re-

estimate the line resistances only in a situation where there is an error in the power sharing 

among the PECs, this is important to prevent the ANN model from the continuous monitoring 

of the system operation and estimation of the line resistances.  

6.4 Simulation Results 

To demonstrate the efficacy of the proposed control method, the MEA EPS islanded DC MG 

depicted in Figure 6.7 is considered. The simulation of the system is performed using 

MATLAB/Simulink platform. The relevant parameters for the simulation including the DC 

cable are presented in Table 6-1. 
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6.4.1 Cable Resistance identification 

To confirm the viability of the proposed AI-based method for identifying interconnecting cable 

resistance, tests are conducted on the MATLAB/Simulink simulation platform. Table 6-4 

illustrates the variations in the interconnecting cable resistances examined during the 

simulations, with the corresponding results presented in Figure 6.8. The results affirm the 

accuracy of the proposed method in identifying the interconnecting cable resistances. 

Table 6-4 Changes in the interconnecting cable resistances 

Time (s) Changes in Rc1 (mΩ) Changes in Rc2 (mΩ) Changes in Rc3 (mΩ) 

0.0 20.0 40.0 60.0 

0.1 18.3 37.6 65.2 

0.2 18.5 43.3 63.3 

0.3 19.6 42.4 58.4 

0.4 19.6 42.4 58 

0.5 20.4 40.8 56.4 

0.6 20.6 38.2 60.9 

0.7 21.4 36.4 65.4 

0.8 21.8 35.9 56.5 

0.9 22.0 41.2 54.0 

 

 

Figure 6.8 The results of interconnecting cable resistances identification 
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6.4.2 Equal Current Sharing 

In this scenario, the optimal droop gain settings obtained from ANN1 are set for the converters 

and the initial line resistances (shown in Table 6-1) are assumed to have varied during the EPS 

operation. Thus, DC line parameters used in the simulation model are Rc1 = 19 mΩ, Rc2 = 44 

mΩ and Rc3 = 63 mΩ, while all other system parameters remain unchanged. Under normal 

operation, the current sharing among the converters is expected to be equal and the ideal current 

sharing ratio should be 1:1 (i.e., n1 =1 and n2 = 1). CPLs of 20 kW and 30 kW are applied at 

0.1 s and 0.7 s respectively during the simulation.  

 

Figure 6.9 Output currents of the three PECs and the total load current using optimal droop 

gain settings and the proposed control algorithm under a variation in the initial line resistances. 

Figure 6.9 illustrates that during the period of 0.1 ≤ t < 0.5 s, the optimal droop gain settings 

fail to achieve accurate current sharing, which is attributed to the variation in the initial line 

resistances. For the 20-kW load, the current distribution among the converters and the 

regulation of bus voltage are as follows: Idc1 = 25.63 A, Idc2 = 25.16 A, Idc3 = 25.27 A, and Vbus 

= 262.9 V. Consequently, the current sharing ratios are calculated as n1 = 0.9816 and n2 = 

0.9860. These ratios indicate errors of 1.84% and 1.4%, respectively, in the current distribution. 

While these percentage errors may seem small, it should be noted that this is primarily due to 

the minimal variation in the initial line resistances considered in this specific case study. 

However, as illustrated in Table 6-2, significant variations in the initial line resistances would 
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result in higher percentage errors in the current sharing ratios while using the optimal droop 

gain settings.  

 

Figure 6.10 Output voltages of the three PECs and the main bus voltage using optimal droop 

gain settings and the proposed control algorithm under a variation in the initial line. resistances. 

 

Figure 6.11 Online estimation of the line resistances using the ANN2-based identification 

model. 

In contrast, once the proposed control algorithm is implemented at t ≥ 0.5 s, the load current is 

evenly distributed among all converters. In the case of a 20-kW load, the current distribution 

among the converters and the regulation of bus voltage are as follows: Idc1 = 25.36 A, Idc2 = 
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25.34 A, Idc3 = 25.36 A, and Vbus = 263 V. These outcomes demonstrate the effectiveness of 

the proposed control approach in mitigating the impact of initial line resistance variations on 

current sharing within the droop control method. Specifically, the control method accomplishes 

this by generating voltage offsets that modify the voltage reference of each power electronic 

converter (PEC). As a result, the load current requirement is evenly divided among the 

converters, as evidenced by the current profiles after activating the proposed control algorithm. 

Additionally, the proposed control method proves to be robust in the face of load changes, as 

it maintains equal load current sharing even when the load power demand is increased from 20 

kW to 30 kW as shown in Figure 6.9. 

Figure 6.10 illustrates that, under the same load power condition of 20 kW, the proposed 

control method enhances the regulation of the bus voltage. This is achieved by compensating 

for voltage drops by generating voltage offsets to the reference voltage of each converter. 

Converter 3, with a larger line resistance value, has a higher output voltage (i.e., Vdc3) than the 

other converters. Hence, the larger the line resistance value, the greater the voltage offset 

generated in the reference voltage of the corresponding converter. Furthermore, the bus voltage 

remains well-regulated and falls within the acceptable steady-state range (250 ≤ Vbus ≤ 280) for 

the MEA application, even during load changes. 

In Figure 6.11, the estimated line resistances by the identification model are presented. The 

results indicate that the identification model performs an accurate estimation of the line 

resistances once it is activated at 0.5 s. It should be emphasized that the identification model is 

exclusively utilised for the estimation of the line resistances. Subsequently, the estimated line 

resistances are employed in the droop controller. 

6.4.3 Performance Under Fault Condition 

The proposed method's robustness was assessed through a simulated source fault scenario. 

Initially, three converters operated in parallel to distribute the desired load power of 20 kW. 

However, at t = 0.5 s, PMSG-AR3 was disconnected, resulting in converters 1 and 2 assuming 

sole responsibility for meeting the load demand, as observed in Figure 6.12. As shown in Figure 

6.12 (a), under the proposed control strategy, converters 1 and 2 can share the load current 

demand equally between themselves after the loss of the PMSG-AR3 (i.e., disconnected due to 

being under fault) at t = 0.5 s. Furthermore, accurate current sharing is maintained between 
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converters 1 and 2 despite the load change at t = 0.7 s and with PMSG-AR3 under the fault 

condition. Also, the bus voltage is well maintained within the acceptable range for the MEA 

application in different conditions of the system operation as shown in  Figure 6.12 (b). These 

control performances validate the robustness of the proposed control strategy under faulty 

operating conditions. 

 

(a) 

 
(b) 

Figure 6.12 Simulation results using the proposed control algorithm under fault condition (a) 

output currents of the three PECs and the total load current (b) output voltages of the three 

PECs and the main bus voltage. 
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6.5 Summary 

This chapter investigated a new approach to address the challenges of line resistance variations 

in the islanded DC MG of the more electric aircraft (MEA) electrical power system (EPS). The 

proposed method utilises ANNs for the online estimation of interconnecting cable resistances, 

enabling accurate current sharing and enhanced voltage regulation among parallel-connected 

converters. By continuously monitoring and adjusting the voltage reference of each converter 

based on the estimated line resistances, the proposed control strategy effectively compensates 

for terminal voltage deviations caused by line resistance mismatches. The effectiveness of the 

approach is validated through extensive simulations, demonstrating a remarkable accuracy of 

99% in identifying interconnecting cable resistance parameters. This real-time line resistance 

identification technique offers a data-driven solution to eliminate the need for perturbations in 

the system and paves the way for improved control performance and stability in the MEA EPS 

distribution network.  
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Chapter 7 Controller Hardware-In-the-Loop 

(C-HIL) Setup and validation 

This chapter focuses on the hardware-in-the-loop (HIL) platform used for conducting 

experiments to validate the proposed AI-based control methodologies introduced in the 

previous chapter. It provides a detailed description of the HIL setup and presents the 

experimental results obtained from the validation process. 

7.1 Hardware-in-the-loop (HIL) Experimental Setup 

A Hardware-in-the-Loop (HIL) setup consists of a Real-Time Simulator (RTS) and a control 

system, often using a microcontroller or Digital Signal Processor (DSP). They are connected 

directly or through an interface board, depending on voltage compatibility. The RTS operates 

in real-time, generating waveforms to simulate the modelled system. The control system 

receives these waveforms, processes its algorithm, and sends an actuator signal back to the 

RTS, forming a closed-loop system. The Controller Hardware-in-the-Loop (C-HIL) setup is a 

valuable experimental approach used for testing and validating the performance of a controller 

in a realistic environment before its actual deployment in the field. With C-HIL, an assessment 

of the controller's effectiveness under diverse case studies and dynamic conditions can be 

carried out, including full-power scenarios [243]. In addition, using HIL experiments instead 

of real experimental rig is cost-effective and safe for testing complex setups with multiple 

generators and converters, and eliminating the risks associated with high-voltage systems 

[243]. 

In this thesis, the C-HIL experimental setup is shown in Figure 7.1. It involves modelling the 

PMSGs, converters, and interconnecting cable impedances in the studied system in real-time 

and with high fidelity using the typhoon (HIL-604) device real-time emulator. Meanwhile, the 

control algorithms are implemented on the TI F28379D DSP control card using the Embedded 

Coder Support Package in MATLAB. The developed codes are debugged and transferred to 

the DSP through the Code Composer Studio (CCS) software. The gating signal for driving the 

converter switches is derived from the control card, while communication between the control 
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card and the typhoon software is established through an interface board as shown in Figure 7.1. 

The HIL DSP 180 Interface board offers a pin-to-pin compatible connection between the HIL 

604 device and the DSP control card. Due to the high-fidelity emulation of the power stage by 

the Typhoon HIL-604 device, the real DSP controller can effectively control the machines and 

power converters as it would in a physical power stage. This successful integration validates 

the proposed methodologies from the controller's perspective. Results collection during the 

HIL experiments was performed using an oscilloscope. 
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Figure 7.1 (a) C-HIL experimental setup; (b) Simplified block diagram of the C-HIL setup. 
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7.1.1 DSP Control card 

The Texas Instruments F28379D control card shown in Figure 7.2 serves as the control 

platform, featuring a 32-bit floating-point dual-core microcontroller chip. This chip comes 

equipped with various useful peripherals, including the ADC module and ePWM module. 

Additionally, the control card includes the xds100v2 emulator, enabling a convenient interface 

to the Code Composer Studio Software (CCS) without the need for additional hardware. In 

addition, it is designed specifically for advanced closed-loop control applications. It offers 

optimisation for signal processing, sensing, and actuation, making it a strong candidate for real-

time control applications. Among its numerous features include dual-core architecture, four 

12-Bit Analog-to-Digital Converters (ADC), and four Pulse Width Modulator (PWM) 

Channels with enhanced features. 

F28379D 

microcontroller

XDS100v2 

emulator

Connection 

Enable Jumpers

Boot Mode 

Swich

Host device 

connector

 

Figure 7.2 Texas Instruments F28379D control card 

The control card chosen for the setup offers easy access to nearly all pins of the microcontroller, 

making it highly convenient to work with. Additionally, it features a fully functioning universal 

asynchronous receiver-transmitter (UART) emulation onboard, enabling seamless connection 

to the host computer. This eliminates the need for special JTAG programmer/debugger units 

and allows simple programming of the microcontroller using just a USB-Cable. A significant 

factor in selecting this control card is its compatibility with MATLAB/Simulink support 

package. This package empowers users to effortlessly translate control structures implemented 

in Simulink into C-Code, streamlining the development and implementation process. 
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7.1.2 Interface board 

The HIL DSP 180 Interface board is a specialised interface designed to establish seamless 

connectivity between the 180-pin DSP control card and Typhoon HIL 604 device. This 

interface board enables efficient data exchange and communication between the control card 

and the HIL emulator, facilitating HIL simulations for controller testing and validation. The 

interface board layout is shown in Figure 7.3. Within the interface board, all HIL and DSP 

signals are made available through measurement terminals, ensuring convenient access to the 

required data for testing and analysis. It is equipped with a High-Speed Electrical Connector 

(HSEC) 180-pin socket, designed to accommodate the F28379D DSP control card. This 

ensures a perfect fit and reliable connection. In addition, the interface board provides a total of 

24 HIL digital inputs (DI), including 16 DSP PWM signals, and 16 HIL digital outputs (DO), 

including DSP 3 encoder signals. Additionally, it offers 24 HIL analogue outputs (AO), 

clamped to 3.3V on the control card, providing a versatile range of input and output options 

for various simulation scenarios as shown in Figure 7.3 [244].  

HIL digital I/OHIL analog I/O

HSEC 180 pin socket for 

control card

14 pin JTAG

 

Figure 7.3 HIL DSP 180 Interface board layout. 

In the HIL setup, analogue signals from the Typhoon HIL 604 device are connected to the HIL 

DSP 180 Interface board through measurement terminals. These terminals provide easy access 

to the analogue signals, and the board ensures proper interfacing and compatibility with the 

DSP control card. Similarly, the DSP control card generates PWM signals, which are sent back 
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to the Typhoon HIL 604 device through the HIL DSP 180 Interface board for the control of the 

emulated power stage.  

7.1.3 Embedded Coder Support Package for Texas Instruments C2000 

Processors 

The Embedded Coder Support Package for Texas Instruments C2000 processors serves as a 

powerful tool for control algorithm development and deployment. Its integration with 

MATLAB/Simulink and compatibility with C2000 processors provide an efficient and 

effective solution for implementing control applications in real-time environments. 

Furthermore, it comprises various modules and blocks that enable seamless control algorithm 

development and simulation within the MATLAB/Simulink environment. Some of these 

modules include the ADC (Analog-to-Digital Converter) block, which is essential for the 

processing and controlling of analogue data using the DSP control card. A Space Vector Pulse 

Width Modulation (SVPWM) module facilitates the simulation of SVPWM techniques, for 

efficient control of the three-phase inverters. Another important block is the ePWM (Enhanced 

Pulse Width Modulator), which is required for generating pulse width modulated signals used 

to control emulated power stage. The implementation of some of these modules is further 

elaborated on as follows.  

 

Figure 7.4 ADC module in Simulink. 
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7.1.3.1 ADC Module 

The ADC module plays a very important role in the measurement and processing of controlled 

analogue quantities. Since the DSP controller operates with digital values, the ADC module is 

responsible for converting the analogue signals from the HIL device into digital values that can 

be further processed by the DSP as shown in Figure 7.4. 

To achieve good conversion, the analogue outputs from the HIL device, which represent signals 

like current measurements, are calibrated to be within the same voltage range as the ADC of 

the DSP, typically 3.3V or 3V. For example, if the maximum peak value of the current 

(sinusoidal waveform) in the simulation is 50A, the scaling factor in the HIL analogue output 

settings should be set to 33.33 (i.e., 2 x 50(range +-50) / 3.00 = 33.33), and an offset of 1.5V 

(3.00/2 = 1.50) to achieve the desired conversion range. Figure 7.5 shows the HIL device output 

settings.  

 

Figure 7.5 HIL device output settings. 

7.1.3.2 SWPWM Module 

The next module utilised from the C2000 Simulink library is the Space Vector Pulse Width 

Modulation (SVPWM). This module receives the alpha and beta components of the desired 

inverter output voltage as inputs and employs the space vector PWM technique to compute the 

required duty ratios for the inverter legs. The outputs of the SVPWM module are the three 

dwell times (Ta, Tb, Tc) as shown in Figure 7.6 (a), which are subsequently fed into the ePWM 

modules for further processing and control of the inverter as shown in Figure 7.6 (b). The 
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SVPWM module plays a vital role in generating the appropriate pulse width modulation signals 

for the inverter, ensuring efficient and accurate control of the power output. 

 

(a) 

 

(b) 

Figure 7.6 SVPWM Simulink implementation for code generation. 

7.1.3.3 ePWM Module  

The ePWM module can generate PWM signals that control the gate driver of the inverter. Each 

ePWM module represents one complete PWM channel, consisting of two PWM outputs: 

ePWMxA and ePWMxB as shown in Figure 7.6 (b). These outputs are directly linked to two 

different pins on the DSP. One advantageous feature of the ePWM module is the ability to 

generate ePWMxB as an exact inverted version of ePWMxA, while also providing a controlled 

Dead-Band (DB) between these two outputs. The Dead-Band is a time delay introduced 

between the activation of the ePWMxA and ePWMxB signals. This feature is employed to 

prevent the forbidden switching state, where both phase-legs of the inverter have the same 

switching state simultaneously, which could lead to a short circuit and cause damage to the 

system. 
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7.1.4 HIL 604 device 

Typhoon offers comprehensive HIL control software that consists of a schematic editor and a 

control centre. The schematic editor allows users to model the power stage of the system being 

studied, enabling real-time simulation. In Figure 7.7, we can observe a schematic 

representation of the three-phase inverter and Permanent Magnet Synchronous Motor (PMSM) 

used in the study. The three-phase inverter components are directly obtained from the converter 

library, while the PMSM is obtained from the machine’s library. As depicted in Figure 7.7, the 

model focuses solely on the electrical components, and all the components are externally 

controlled by adjusting their properties. For the three-phase inverter, the operation mode is set 

to "Digital input per switch," and for the PMSM, the load is configured as "SCADA / external," 

as illustrated in Figure 7.8 (a) and (b) respectively. 

 

Figure 7.7 Model of the Inverter and PMSM implemented in Typhoon HIL schematic editor. 

After configuring all settings in the schematic editor, the plant system is compiled and executed 

in real-time using the FPGA solver within the HIL604 device. Prior to compilation, the control 

algorithm program code which is developed with the aid of the Embedded Coder Support 

Package in MATLAB is debugged and transferred to the DSP through the Code Composer 

Studio (CCS) software. Once the automated C-Code is running on the DSP, it takes control of 

the plant system through the interface board, enabling seamless interaction and control of the 

system. 
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(a) 

 

(b) 

Figure 7.8 Externally controlled properties (a) Three-phase inverter (b) PMSM 

Following the thorough examination of the HIL experimental setup, the subsequent section will 

present the findings and outcomes obtained from the conducted HIL experiments. 
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7.2 HIL Experimental Results for Optimal Droop Control Design using 

ANN. 

The optimal droop coefficient settings obtained using the proposed design strategy are 

validated in the TI DSP TMS320F28379D control card using the controller hardware-in-the-

loop (C-HIL) experiment shown in Figure 7.1 (a). The PMSGs, converters and interconnecting 

cable impedance as shown in Figure 3.1 are emulated using the typhoon HIL (HIL604) real-

time emulator. The control algorithms shown in Figure 3.2 are implemented in the control card. 

Results are obtained via an oscilloscope connected to the interface board. The HIL 

experimental setup works in such a manner that the DSP controller receives voltage and current 

signals from the HIL-604 device via the interface board. Consequently, the generated PWM 

signals from the DSP are sent to the converter switches via the interface board. This way, the 

accurate modelling and control of the system power structure are realized in real-time and with 

high fidelity. The parameters used in the HIL experimental setup are shown in Table 3-1. 

7.2.1 Validation of Optimal Droop Setting Design 

The optimal droop coefficient settings from the first and second design examples are validated 

here in steady states and the results obtained are shown in Figure 7.9 (a) and (b). As shown in 

Figure 7.9 (a), the output currents shared among the converters and bus voltage regulation using 

the optimal droop setting from the first design example were Idc1 = 51.921 A, Idc2 = 51.915 A, 

Idc3 = 51.924 A and Vbus = 256.81 V. Hence, the calculated current sharing ratios and normalised 

bus voltage are n1 = 0.9999, n1 = 1.0004, and Vbn = 0.9511. Similarly, as shown in Figure 7.9 

(b), the output currents shared among the converters and bus voltage regulation using the 

optimal droop setting from the second design example were Idc1 = 51.805 A, Idc2 = 51.760 A, 

Idc3 = 51.835 A and Vbus = 257.40 V. Hence, the calculated current sharing ratios and normalised 

bus voltage are n1 = 0.9991, n1 = 1.0006, and Vbn = 0.9533. Based on the results obtained, it 

can be said that the optimal droop coefficient settings can yield the desired control objectives. 

Also, the results obtained from the ANN prediction, detailed MEA EPS simulation model and 

C-HIL experimental setup (see Figure 7.1 (a)) matched excellently well as shown in Table 7-1. 

The little differences between the C-HIL experimental results and the ANN predictions might 

be because the ANN is trained using data obtained from the MEA EPS simulation model. 

Moreover, the components used in the simulation are modelled ideally. 
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(b) 

Figure 7.9 HIL Experimental results for steady-state current sharing and bus voltage regulation 

using the optimal droop coefficient from (a) the first design example and (b) the second design 

example. 
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Table 7-1 Comparison of performance metrics. 

Design example First Second 

Metrics n1 n2 Vbn n1 n2 Vbn 

ANN 1.0000 1.0000 0.9511 0.9994 1.0005 0.9532 

Simulation 1.0000 1.0000 0.9511 0.9990 1.0004 0.9533 

HIL experiment 0.9999 1.0004 0.9511 0.9991 1.0005 0.9533 

7.2.2 Comparison with traditional droop coefficient 

To show the superiority of the proposed design strategy, the HIL experimental result of the 

droop control method which uses the conventional identical fixed droop coefficient (shown in 

Table 3-1) is shown in Figure 7.10. The output currents shared among the converters and bus 

voltage regulation in steady states were Idc1 = 54.610 A, Idc2 = 49.064 A, Idc3 = 52.004 A and 

Vbus = 257.10 V respectively. Hence, the calculated current sharing ratios between the 

converters and normalised bus voltage regulation are n1 = 0.8984, n2 = 0.9523 and Vbn = 0.9522 

respectively. It can be observed that there is an error in the current sharing ratio as expected 

due to the influence of the unequal line resistance. However, the error in the current sharing 

ratio is eliminated or significantly reduced using the optimal droop coefficient settings obtained 

using the proposed design strategy (as shown in Figure 7.9). 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)Idc1 = 54.610 A

Idc2 = 49.064 A

Idc3 = 52.004 A

Vbus = 257.10 V

 

Figure 7.10 HIL experimental results for steady-state current sharing and bus voltage regulation 

using the conventional droop coefficient. 
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7.2.3 Load fluctuations 

To test the robustness of the selected optimal droop coefficient setting to load variation, a 

variation of the CPL from 40 kW to 20 kW, 30 kW and then back to 40 kW is applied during 

the HIL experiment as shown in Figure 7.11. Only the optimal droop coefficient setting from 

the first design example is used here due to space limitations. It can be observed from Figure 

7.11 that the optimal droop coefficient setting is robust to load variation and can share the 

current demand by the load equally among the converters as desired despite the load 

fluctuation. Also, the voltage regulation gets better when the load demand is small. For 

instance, the output current shared and bus voltage regulation for the 20-kW load are Idc1 = 

25.29 A, Idc2 = 25.28 A, Idc3 = 25.29 A and Vbus = 263.60 V respectively as shown in Figure 

7.11. 

7.2.4 Fault condition 

The robustness of the optimal droop coefficient setting to maintain accurate current sharing if 

one of the generators is under fault is tested in an HIL experiment as shown in Figure 7.12. The 

optimal droop coefficient setting from the second design example is used here due to space 

limitations. A CPL of 40 kW was applied during the HIL experiment. It can be observed from 

Figure 7.12 that before the disconnection of the PMSG2, the three converters are operating in 

parallel and able to share the load current demand in the ratio of n1 = 0.9991 and n2 = 1 (with 

a current sharing of 51.805 A, Idc2 = 51.760 A, Idc3 = 51.835 A). When the second PMSG2 is 

disconnected, converters 1 and 3 shared the load current demand between them (with current 

sharing of Idc1 = 79.801 A, and Idc3 = 79.849 A) after the loss of converter 2. Furthermore, the 

bus voltage is well regulated within the acceptable limits for the MEA applications, even 

though its value dropped from 257.40 V (when the three sources are supplying together) to 

250.53 V after PMSG2 is disconnected as shown in Figure 7.12. Hence, the optimal droop 

coefficient performs well even under fault conditions and has a good transient performance. 
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Figure 7.11 HIL experimental results for current sharing and bus voltage regulation using the 

optimal droop coefficient from the first design example under load variation conditions. 
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Figure 7.12 HIL experimental results for current sharing and bus voltage regulation using the 

optimal droop coefficient from the second design example under source disconnection 

condition. 
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7.2.5 Robustness to DC-link Capacitance Parameter variations 

The robustness of the optimal droop coefficient settings to variations in the internal model 

parameter is validated in the HIL experiment. Among the EPS parameters that could change 

due to operating temperature or other factors is the capacitance of the DC-link capacitor Cb. A 

test was carried out for a 20% reduction in the value of Cb shown in Table 3-1 (i.e., new Cb = 

0.96 mF). A load step from 20 kW to 40 kW is applied during the demonstration. Only the 

optimal droop coefficient setting from the first design example is used. As shown in Figure 

7.13, the control algorithm is robust to parameter uncertainties. The reduction in Cb mainly 

affects the output current of the converters, hence, the little ripple as seen in Figure 7.13. 

Despite the oscillations, the current sharing and bus voltage regulation is as desired. 
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Load change
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Figure 7.13 HIL experimental results for current sharing and bus voltage regulation using the 

optimal droop coefficient from the first design example. A response to a 20% reduction in Cb. 

7.2.6 Robustness to variation in line resistance and inductance 

This case study demonstrates the robustness of the optimal droop coefficient settings to a 

variation in the interconnecting cable resistance and inductance. The test is carried out for a ± 

50% variation in the nominal values of the cable’s parasitic resistance and inductance shown 

in Table 3-1. The optimal droop coefficient settings from the first design example are used in 
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this case study. Furthermore, CPLs of 20 kW, 30 kW and 40 kW are applied during the HIL 

experiment. The results obtained are shown in Figure 7.14 (a) and (b).  

It is observed that the optimal droop coefficient settings obtained using the proposed approach 

are still able to guarantee a reduction in the current sharing error and regulate the bus voltage 

within an acceptable range despite the variation in the interconnecting cable parameters. For 

the case of a 50% decrease in the line parameters (as shown in Figure 7.14 (a)), the computed 

error in the current sharing ratios (n1 and n2) and bus voltage deviation is 5.65%, 2.44%, and 

4.70% respectively. Similarly, for the case of a 50% increase in the line parameters (as shown 

in Figure 7.14 (b)), the computed error in the current sharing ratios (n1 and n2) and bus voltage 

deviation are 5.03%, 2.30%, and 5.04% respectively. This verifies the robustness of the 

obtained optimal droop coefficient settings to variations in the cable resistance. 

However, if there is a huge variation in the line resistance (exceedingly above the range 

considered) due to temperature or other factors from the line resistance value under which the 

data used to train the surrogate model is extracted, then the selected optimal droop gain settings 

may not yield desired control performance. In that case, new data may need to be collected to 

retrain the surrogate model for the selection of new optimal droop gain settings. Even in that 

case, the data collection process and training of the surrogate mode can still be carried out fast. 
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(b) 

Figure 7.14 HIL experimental results for current sharing and bus voltage regulation to validate 

the robustness of the optimal droop coefficient settings to a (a) 50% decrease in the line 

resistance and inductance (b) 50% increase in line resistance and inductance. 

7.2.7 Performance evaluation under different converter ratings 

This case study demonstrates the applicability of our proposed approach for power sharing and 

bus voltage regulation in a situation where the generators have different power ratings. To 

achieve this, the design space and control objectives are carefully selected before data 

collection and training of the surrogate model. It is assumed that the PMSG1 power rating is 

twice that of PMSG2 and PMSG3 (i.e., Idc1
rated = 2Idc2

rated = 2Idc3
rated). Therefore, the total load 

demand is expected to be shared among the sources according to their power capacity. After 

using our proposed design strategy, the optimal droop gain settings are found to be kd1
opt = 

1/8.230, kd2
 opt = 1/4.565 and kd3

 opt = 1/4.275. Consequently, the optimal droop gain settings 

are used in the HIL experiment and CPLs of 20 kW, 30 kW and 40 kW are applied during the 

HIL experiment. The HIL experimental results for the current sharing and bus voltage 

regulation are shown in Figure 7.15. It can be observed that the proposed approach can yield 

proportional current sharing according to the source's power capacity and regulate the bus 

voltage within acceptable limits. 
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Figure 7.15 HIL experimental results for unequal current sharing and bus voltage regulation. 

7.3 HIL Experimental Results for Realtime Tuning of Optimal Droop 

Gain Settings 

The proposed ANN-based approach has undergone HIL experimental verification using a C-

HIL setup, illustrated in Figure 7.1, with its corresponding parameters listed in Table 3-1. The 

primary objective of the study in chapter 4 is to achieve real-time computation of the optimal 

droop gain settings (kd1
opt, kd2

opt, and kd3
opt) for the converters to enable the controller to adapt 

quickly to reference changes as shown in Figure 4.8. As mentioned in Chapter 4, Section 4.3, 

the ANN models, trained offline, can be employed either offline or implemented in a digital 

microprocessor for online applications. Besides, one of the contributions of Chapter 4 is the 

comparison of the controller's performance using the computed optimal droop gain settings 

obtained from both the proposed design approach and the ANN optimisation-based design 

(presented in chapter 3) [186]. For this comparison, the trained ANN models will be used 

offline. Hence, the HIL experimental validation section is divided into two parts: validation of 

the offline computation of optimal droop gain settings using both design approaches and the 

assessment of real-time implementation performance using the proposed approach in Chapter 

4. The parameters used in the HIL experimental setup are shown in Table 3-1. 
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7.3.1 HIL experimental validation of the offline computed optimal droop 

gain settings   

Within this section, an evaluation and validation of the controller's performance are conducted 

by comparing the offline computed optimal droop gain settings obtained through both the ANN 

optimisation-based design [186] and the newly proposed design approach in chapter 4. To that 

end, the offline computed optimal droop coefficient settings are validated in the TI DSP 

TMS320F28379D control card using the controller hardware-in-the-loop (C-HIL) experiment 

shown in Figure 7.1 (a). The control algorithms as shown in Figure 4.1 (a) are implemented in 

the control card. The PMSGs, converters and interconnecting cable impedance as shown in 

Figure 4.1 (b) are emulated using the typhoon HIL (HIL604) real-time emulator. 

7.3.1.1 Load Changes 

In this case study, the optimal droop gain settings obtained from the first design example using 

both the ANN optimisation-based design and the proposed design approach (see Section 4.3.3) 

are further validated in the C-HIL experiment. Additionally, the current sharing and voltage 

regulation performance of both approaches when the system experiences load changes are also 

assessed. The HIL experimental results are presented in Figure 7.16 (a) and (b) for the ANN 

optimisation-based design and the proposed design approach, respectively, with CPLs of 20 

kW, 30 kW, and 40 kW applied during the HIL experiment.  

Figure 7.16 (a) displays the current sharing and voltage regulation results obtained using the 

optimal droop gain settings from the ANN optimisation-based design for the 40-kW load. In 

this case, the calculated current sharing ratios and normalised bus voltage regulation in steady 

state are n1 = 0.9990, n2 = 1.0006, and Vbn = 0.9537, respectively. Similarly, Figure 7.16 (b) 

illustrates the current sharing and voltage regulation results obtained using the computed 

optimal droop gain settings from the proposed approach for the 40-kW load, resulting in n1 = 

0.9994, n2 = 1.0008, and Vbn = 0.9537 in steady state. These results affirm that both design 

approaches effectively achieve the desired user-defined control objectives, minimising the 

error in current sharing ratios between the generators and ensuring good bus voltage regulation. 
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(b) 

Figure 7.16 Comparative performance assessment using optimal droop gain settings from the 

first design example. (a) ANN optimisation-based design [186]  (b) Proposed design approach. 

Furthermore, it is evident from Figure 7.16 (a) and (b) that both design approaches maintain 

equal current sharing and good voltage regulation even when the load conditions change.  
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Figure 7.17 Comparative performance assessment under fault conditions using optimal droop 

gain settings from the first design example. (a) ANN optimisation-based design [186]  (b) 

Proposed design approach. 

7.3.1.2 Generator disconnection 

In this fault scenario, a CPL of 40 kW is applied during the HIL experiment. The optimal droop 

gain settings obtained from the first design example are utilised in this scenario. Initially, all 

three PMSG-AR1-3 systems work in parallel, sharing the load current demand equally among 

themselves and regulating the bus voltage as desired, as shown in Figure 7.17 (a) and (b). When 

the second PMSG-AR2 is disconnected (assumed to be under fault), converters 1 and 3 take 

over the responsibility of supplying the load power demand, as indicated in Figure 7.17 (a) and 
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(b). It is observed that there is a drop in the bus voltage for both approaches when PMSG-AR2 

is disconnected. However, despite the drop in the bus voltage under the fault condition, the bus 

voltage regulations remain within the acceptable limits (250 V < Vbus < 280 V) for the MEA 

application. Therefore, it can be concluded that both design approaches are robust to generator 

disconnection and exhibit good and similar transient performance. 
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(b) 

Figure 7.18 Comparative performance assessment under line resistance variation using optimal 

droop gain settings from the first design example. (a) ANN optimisation-based design [186] 

(b) Proposed design approach. 
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7.3.1.3 Line resistance variation 

In this HIL experimental study, the robustness of the optimal droop gain settings obtained using 

the ANN optimisation-based design and the proposed design approach from the first design 

example is assessed under the scenario where the line resistance values shown in Table 3-1 are 

increased by 20%. The HIL experiment is conducted with a 40-kW load, and the results are 

presented in Figure 7.18 (a) and (b) for the conventional ANN optimisation-based design and 

the proposed design approach, respectively. 

In Figure 7.18 (a), the output currents and bus voltage regulation obtained from the 

conventional ANN optimisation-based design are shown. The calculated current sharing ratios 

between the converters are n1 = 0.977 and n2 = 0.991, resulting in an error of 2.30% and 0.90% 

in n1 and n2, respectively. Similarly, in Figure 7.18 (b), the output currents and bus voltage 

regulation obtained from the proposed design approach are shown. The calculated current 

sharing ratios between the converters are n1 = 0.978 and n2 = 0.991, resulting in an error of 

2.20% and 0.90% in n1 and n2, respectively. The HIL experimental results demonstrate that 

both design approaches exhibit a similar and significant reduction in the power sharing error 

while maintaining the bus voltage regulation within an acceptable range, even in the presence 

of variation in the line resistance. 

7.3.1.4 Comparison with conventional droop gain 

This test is conducted to compare the current sharing and voltage regulation performance of 

the conventional droop gain design with the proposed design approach. The parallel-connected 

PMSG-ARi system is controlled using two different droop gain settings: traditional identical 

fixed droop gain settings (as shown in Table 3-1) and computed optimal droop gain settings 

obtained for case 1 (as shown in Table 4-2). The HIL experimental results are depicted in 

Figure 7.19, where a CPL of 40 kW is applied during the HIL experiment. 

Figure 7.19 shows the output currents flowing through the three converters and the bus voltage 

regulation for the traditional droop gain setting. The calculated current sharing ratios between 

the converters and normalised bus voltage regulation in steady state are n1 = 0.8984, n2 = 

0.9523, and Vbn = 0.9522, respectively. These results indicate a 10% error in the current sharing 

ratio between converters 1 and 2, a 4.77% error in the current sharing ratio between converters 

1 and 3, and a 4.78% deviation of the bus voltage from its nominal value. These deviations 
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demonstrate that the current sharing using the traditional droop gain settings is not as desired, 

likely due to the impact of unequal cable resistance on the conventional droop control method. 

Nevertheless, the bus voltage regulation is within the acceptable range for the MEA 

application. On the other hand, when the predicted optimal droop gain settings for case 1 are 

applied, the desired control objectives (as presented in Table 4-2) are achieved, and the current 

sharing and bus voltage regulation improve significantly, as shown in Figure 7.19. The 

calculated current sharing ratio and normalised bus voltage regulation in steady state are n1 = 

1.0002, n2 = 1.0003, and Vbn = 0.9534, respectively. 
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Figure 7.19 Comparative performance assessment using different droop gain settings (a) 

Traditional identical fixed droop gain settings (b) Optimal droop gain settings for case 1. 

These results demonstrate a noteworthy enhancement in the current sharing performance of the 

proposed design approach compared to the conventional droop gain design. The optimal droop 

gain settings obtained using the proposed approach effectively mitigate the influence of 

subsystem cable resistance on the current sharing performance of the droop control method. 

The effectiveness of the proposed approach is a key motivation of this study, as it enables the 

quick determination of appropriate droop gain settings for desired control objectives based on 

sample data collected from a simulation loop, without the need for extensive derivations or 

detailed information about the system. 
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Figure 7.20 HIL experimental results demonstrating unequal current sharing and bus voltage 

regulation using the optimal droop gain settings from Case 2. 

7.3.1.5 Unequal power sharing 

In this case study, the optimal droop gain settings for case 2, as obtained from the other design 

examples (shown in Table 4-2), are validated for unequal power sharing. Figure 7.20 displays 

the current sharing and bus voltage regulation results for the 40-kW load. The computed current 

sharing ratios and normalised bus voltage regulation in steady state are n1 = 0.8058, n2 = 

1.0024, and Vbn = 0.9592, respectively. These performance metrics closely match the desired 

control performance used as input to the surrogate model (as shown in Table 4-2). Hence, it is 

confirmed that the proposed design approach can effectively share the load current demand and 

regulate the bus voltage based on user-defined design criteria. 

Furthermore, this validation demonstrates that when a different design criterion is considered 

within the considered design space, the proposed design approach can directly compute the 

optimal droop gain settings without requiring another round of data collection, as might be the 

case with heuristic methods [182], [245]. This highlights the flexibility and efficiency of the 

proposed design approach, enabling quick adaptation to various control objectives without the 

need for additional data gathering or extensive trial-and-error iterations. 
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Figure 7.21 Block diagram of the proposed approach for the real-time tuning of the optimal 

droop gains. 

7.3.2 Evaluation of Real-Time Implementation Performance 

7.3.2.1 Digital Implementation 

Prior to assessing the real-time implementation performance, this section presents an overview 

of the digital implementation process. Power system designers leverage the capabilities of Field 

Programmable Gate Arrays (FPGAs) and advanced Reduced Instruction Set Computing 

(RISC) machines (such as ARM processors) as these technologies enable the implementation 

of machine learning algorithms and real-time tuning of control variables (an example is the 

weighting factor for the FCS-MPC) [187], [246], [247]. ARM refers to a family of processors 

known for their power efficiency and widespread use in various applications, including mobile 

devices and embedded systems. They are commonly found in control and communication 

systems [248]. 

As shown in Figure 7.21, the PMSG-AR systems control algorithm is implemented and runs 

on the DSP F28379D control card, while the ANN model’s compiled C code runs on the HIL’s 

ARM (ARM Cortex A9) real-time processor [249]. The real-time tuning of optimal droop gain 
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settings is achieved through the ARM-based implementation of the ANN model. The ARM 

processor efficiently runs the ANN algorithm, providing predictions of the optimal droop gain 

settings. The ANN model, trained offline in MATLAB, is compiled into a Simulink block and 

then converted into a Functional Mock-up Unit (FMU) file, including its C source code. This 

FMU contains the ANN model's mathematical representation, including weights, biases, and 

activation functions. The inclusion of C source code in the FMU is important for real-time 

tuning of optimal droop gain in the Typhoon HIL toolchain [250]. Consequently, the ANN 

model's FMU file is integrated into the Typhoon HIL toolchain via a Functional Mock-up 

Interface (FMI), allowing the ARM processor to execute the ANN model inference and making 

it accessible to the DSP control card for real-time communication through the HIL DSP 180 

interface board as shown in Figure 7.21. During the C-HIL experiment, the control algorithm 

running on the DSP control card continuously interacts with the ARM processor on the 

Typhoon HIL device to obtain optimised droop gain settings in real-time. This ARM-based 

implementation ensures low latency, high-speed execution, enabling adaptive control and 

quick adjustments to the optimal droop gain settings based on user-defined references. 

7.3.2.2 Real-time Assessment HIL experimental Results 

In this section, the feasibility and effectiveness of the proposed approach for real-time tuning 

of optimal droop gain settings is experimentally validated using the C-HIL setup. Firstly, we 

investigate the transient state performance under varying current-sharing ratios while 

maintaining constant voltage regulation references. A CPL of 40 kW was applied during the 

HIL experiment. Figure 7.22 (a) displays the user-defined references supplied as input to the 

ANN model (Vbn
*

 = 0.9532 (constant), with step changes in current sharing ratios: n1
* = 1.0, n2

* 

= 1.0; n1
* = 0.8, n2

* = 1.0 and n1
* = 1.0, n2

* = 0.75). Figure 7.22 (b) shows the response of the 

ANN, continuously updating the computed optimal droop gain settings following each 

transient. Figure 7.22 (c) exhibits the controller's response, adeptly adjusting the current 

sharing and bus voltage regulation to achieve the desired system responses. Remarkably, the 

ANN response is nearly instantaneous, presenting a distinctive advantage of the proposed 

approach compared to alternative solutions based on heuristic and ANN optimisation-based 

design methods. In contrast to those methods, which are confined to the offline computation of 

the optimal droop gain settings, the approach empowers real-time adaptation and control, 

enhancing the dynamic performance and responsiveness of the system.  
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(c) 

Figure 7.22 Transient-state HIL experimental results under CPL = 40-kW. (a) ANN model 

references. (b) Computed optimal droop gain settings by the ANN model (c) Current sharing 

and bus voltage regulation. 
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Hence, it can be confidently asserted that the proposed strategy functions effectively during 

transient state operation. In addition, the ANN reliably delivers the correct optimal droop gain 

settings (kdi
opt) for each operational point, empowering the controller to achieve the desired 

system response effectively. 

Figure 7.23 presents the transient HIL experimental results, capturing load changes. 

Specifically, Figure 7.23 (a) illustrates the step change in the desired system responses, serving 

as the input to the ANN model. Figure 7.23 (b) showcases the corresponding step changes in 

the computed optimal droop gain settings by the ANN model, responding to the reference 

modifications. Additionally, Figure 7.23 (c) displays the outcomes of current sharing and 

voltage regulation before and after the applied step-change transient. As depicted in Figure 

7.23 (c), the controller successfully maintains the desired current sharing ratios between the 

converters even in the face of load changes. Moreover, the droop control mechanism leads to 

improved bus voltage regulation as the load power demand decreases from 40 kW (assumed 

maximum load) to 20 kW. Nonetheless, for the 40-kW power demand, the controller achieves 

desired bus voltage regulation, following the defined reference. Of note, the ANN rapidly and 

autonomously adjusts the optimal droop gain settings to match the actual operating conditions. 

Furthermore, through the proposed approach, the controller demonstrates quick adaptability to 

reference changes, facilitating efficient and accurate control of the system. 
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Figure 7.23 Transient-state HIL experimental results under CPLs = 40-kW and 20-kW. (a) 

ANN model references. (b) Computed optimal droop gain settings by the ANN model (c) 

Current sharing and bus voltage regulation. 

7.4 HIL Experimental Results for AI-Based Hierarchical Control Design. 

The proposed approach is verified by carrying out a C-HIL experiment. The experimental setup 

is made up of a Typhoon HIL real-time power electronics emulator and a Digital Signal 

Processor (DSP) controller (i.e., Texas Instrument (TI) DSP TMS320F28379D) as shown in 

Figure 7.1 (a). The Typhoon HIL real-time emulator is used to emulate the power stage 

consisting of multiple generators (i.e., the PMSGs), converters and interconnecting cables and 

load shown in Figure 5.4, while the DSP controller is used to control the emulated system. The 

proposed control strategy as shown in Figure 5.2 and the optimised control parameters are 
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implemented in the TI DSP TMS320F28379D control card to generate control signals for the 

control of the three PMSG-AR systems. The DSP controller and the typhoon HIL emulator 

communicate via an interface board, which facilitates the exchange of data between the two 

systems. The parameters used for the HIL experiment are the same as those shown in Table 3-

1. 

7.4.1 Equal power sharing and bus voltage compensation 

In this case study, our proposed control strategy is demonstrated with a mix of resistive and 

CPLs changes for equal power sharing and bus voltage regulation as shown in Figure 7.24. The 

results of the HIL experiment using only the optimal droop coefficient settings from the design 

example 1 and with only the PC activated is shown in Figure 7.24 (a). It can be observed that 

the optimal droop coefficient can yield equal current sharing among the converters in the 

desired sharing ratio (with computed n1 = 1.00, and n2 = 1.00). However, due to the droop 

control action, the bus voltage decreases with an increase in the load demand. The normalised 

bus voltage is computed as Vbcn = 0.976 for the 20-kW load bus voltage regulation shown in 

Figure 7.24 (a). Nevertheless, the bus voltage regulation is still within the steady-state 

acceptable range (i.e., a voltage range of between 250 V to 280 V) for the MEA application 

[49].  

On the other hand, when the optimal droop and compensation coefficient settings (i.e., SC 

activated) from design example 1 are used in this case study, the bus voltage is maintained at 

its nominal value of 270 V (i.e., Vbcndesired =1) despite the load changes as shown in Figure 7.24 

(b). At the same time, the current is shared equally among the participating converters in the 

desired sharing ratio (i.e., n1desired = 1 and n2desired = 1). Based on the output current of the 

converters and bus voltage obtained from the HIL experiment as shown in Figure 7.24 (b), the 

computed current sharing ratios and normalised bus voltage are n1 = 0.9996 ≈ 1.00, n2 = 0.9996 

≈ 1.00, and Vbcn = 1.00. These results show that both equal load sharing and bus voltage 

compensation can be achieved simultaneously as designed and based on user-defined desired 

control objectives using the proposed approach. In addition, each of the branch currents is 

reduced after the bus compensation is implemented as shown in Figure 7.24. Thus, it can be 

said that the proposed SC can reduce interconnecting cable losses compared to the conventional 

droop control method. 
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Figure 7.24 HIL experimental results for mixed load with equal current sharing and bus voltage 

regulation using the proposed approach (a) without bus voltage compensation (b) with bus 

voltage compensation.  

7.4.2 Unequal power sharing and bus voltage compensation 

In case 2, the flexibility and applicability of the proposed approach are tested for unequal load 

sharing (n1desired = 0.9 and n2desired = 1) and bus voltage regulation (Vbcndesired =1). The load 
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changes in this case study are the same as in case 1. The results of the HIL experiment using 

only the optimal droop coefficient settings from design example 2 and with only the PC 

activated is shown in Figure 7.25 (a). It can be observed that the optimal droop coefficient can 

yield unequal current sharing among the converters in the desired sharing ratio (i.e., with 

computed n1 = 0.9 and n2 = 1.00). However, due to the droop control action, the bus voltage 

decreases with an increase in the load demand. The normalised bus voltage is computed as Vbcn 

= 0.953 for the 40-kW load bus voltage regulation shown in Figure 7.25 (a). Nevertheless, the 

bus voltage regulation is still within the steady-state acceptable range (i.e., a voltage range of 

between 250 V to 280 V) for the MEA application [49].  

Conversely, by using the optimal droop and compensation coefficient settings from design 

example 2 and the SC activated, the HIL experimental result is shown in Figure 7.25. It can be 

observed that the desired unequal load sharing among the converters and bus voltage 

restoration is realised simultaneously despite the load fluctuation. The calculated current 

sharing ratios between the converters and normalised bus voltage in steady state using the 

output current of the converters and bus voltage obtained from the HIL experiment as shown 

in Figure 7.25 (b) are n1 = 0.90, n2 = 1.00 and Vbcn = 1.00 respectively. Thus, yielding the user-

defined desired control performance.  
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(b) 

Figure 7.25 HIL experimental results for mixed load with unequal current sharing and bus 

voltage regulation using the proposed approach (a) without bus voltage compensation (b) with 

bus voltage compensation. 

7.4.3 Traditional Droop Control Method 

In this case study, the performance of the proposed control strategy is compared with the 

conventional droop controller. The HIL experiment is carried out using the traditional fixed 

and identical droop coefficients shown in Table 3-1 (obtained using the convention droop gain 

design in (3-2)). As shown in Figure 7.26, the bus voltage regulations are within the acceptable 

range (i.e., less than 5% of the nominal bus value). However, due to the droop control, the bus 

voltage regulation will increase with an increase in load demand. On the other hand, the power 

sharing performance of the droop control method is affected by the unequal interconnecting 

cable resistance. Based on the output current of the converters shown in Figure 7.26, the 

computed current sharing ratios are n1 = 0.8984 and n2 = 0.9523. Thus, representing 10.16% 

and 4.77% deviations of the current sharing ratio from the desired value.  
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Idc2 (20 A/div)

Idc3 (20 A/div)
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263.72 V265.64 V
257.10 V

Idc1 = 54.610 A

Idc2 = 49.064 A

Idc3 = 52.004 A

Vbus = 257.10 V

 

Figure 7.26 HIL experimental results for power sharing and bus voltage regulation using the 

conventional droop control method. 

It can therefore be said that, unlike the conventional droop controller, our proposed control 

strategy can achieve both accurate power sharing and bus voltage restoration simultaneously. 

Besides, compared to the conventional fixed and identical droop coefficient, the obtained 

optimal droop coefficient settings using the proposed design strategy can enhance the current 

sharing performance of the droop control at the PC level as shown in Figure 7.24 (a). 

7.4.4 Fault Scenario 

The robustness of the proposed approach under a source fault condition is demonstrated in the 

HIL experiment. The optimal coefficient settings from design example 1 are used here. A CPL 

of 25 kW is used in the HIL experiment and the SC is also implemented. The HIL experimental 

result is shown in Figure 7.27. As shown in Figure 7.27, it can be observed that the three 

parallel-connected converters are initially operating together and shared the load current 

equally as desired. Furthermore, the bus voltage is regulated at its reference value of 270 V. 

When PMSG-AR2 is disconnected from the system (assumed to be under fault), the current 

demand is shared equally as desired by the two remaining converters after the loss of converter 

2. However, the bus voltage experienced a little drop to about 266.07 V during the fault 

duration (representing a voltage drop of 1.42% of the nominal bus value). However, 

immediately after the optimal compensation coefficient kcopt is updated (new kcopt = 1/7.9649) 
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based on the EPS condition, the bus voltage is restored to its nominal value. Hence, this 

demonstrates the robustness and good fault tolerance capability of the proposed approach. 

270 V 266.07 V 270 V

Disconnected 

PMSG-AR2

Idc1 = 46.99 A (pink) Idc3 = 46.98 A (blue)

Vbus= 266.07 V

Idc2= 0.00 A

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

 

Figure 7.27 HIL experimental results for fault scenario with equal current sharing and voltage 

regulation using the proposed approach. 

7.4.5 Parameter Uncertainty 

In this case study, the robustness of the proposed control approach to parameter changes in the 

power system is assessed, this is particularly important when there are no parameter estimation 

algorithms to adapt to the changes. Some of the parameters that could change during the system 

operation due to operating temperature or other factors include the cable impedance (i.e., Lci 

and Rci), DC-link capacitance Cb, stator winding inductance and resistance (i.e., Ld,q and Rs) 

and the machine flux, ψm. However, we are only going to assess the variation in the cable 

impedance and DC-link capacitance. The optimal coefficient settings from design example 1 

are used in this case study (see Section 5.4). 

To demonstrate the variation in the cable impedance in the HIL experiment, the conductor's 

parasitic inductance and resistance are varied by - 30% and 30% of their nominal values shown 

in Table 3-1. The HIL experimental result is shown in Figure 7.28 (a) and (b) respectively. 

Based on the output current of the converters and voltage regulation shown in Figure 7.28 (a), 

the computed current sharing ratios and normalised bus voltage are n1 = 1.033, n2 = 1.014, and 

Vbcn = 1.00074 respectively. These correspond to 3.30%, and 1.40% deviations of the current 
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sharing ratios from the desired value. The bus voltage deviation from its nominal value is only 

0.074%.  

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 40 kW 

CPL = 20 kW 

RL =    

270.20 V

270.10 V

270.10 V

270.20 V

Idc1 = 48.57 A (pink) Idc2 = 50.18 A (green)

Idc3 = 49.27 A (blue)

Vbus = 270.20 V

 

(a) 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

Idc1 = 50.19 A (pink) Idc2 = 48.62 A (green)

Idc3 = 49.47 A (blue)

Vbus = 269.80 V CPL = 40 kW 

CPL = 20 kW 

RL =    

269.80 V

269.90 V

269.90 V 269.80 V

 

(b) 

Figure 7.28 HIL experimental results for load sharing and bus voltage compensation using the 

proposed control method, a response to (a) a 30% decrease in the cable parameters and (b) a 

30% increase in the cable parameters. 

Similarly, based on the output current of the converters and voltage regulation shown in Figure 

7.28 (b), the computed current sharing ratios and normalised bus voltage are n1 = 0.9687, n2 = 

0.9857, and Vbcn = 0.9993 respectively. These correspond to 3.13%, and 1.43% deviations of 
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the current sharing ratios from the desired value. The bus voltage deviation from its nominal 

value is only 0.074%.  

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

Idc1 = 24.70 A (pink) Idc2 = 24.69 A (green)

Idc3 = 24.69 A (blue)

Vbus = 270 V

 270 V 270 V 270 V

CPL = 40 kW 
CPL = 20 kW 

 

(a) 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 40 kW 
CPL = 20 kW 

Idc1 = 24.70 A (pink) Idc2 = 24.69 A (green)

Idc3 = 24.69 A (blue)

Vbus = 270 V

270 V270 V270 V

 

(b) 

Figure 7.29 HIL experimental results for load sharing and bus voltage compensation using the 

proposed control method, a response to (a) a 30% decrease in the dc-link capacitance and (b) a 

30% increase in the dc-link capacitance. 

Though the deviation in the interconnecting cable impedance from their nominal value affects 

the designed and desired control performance as shown in Figure 7.28 (a) and (b), it is observed 

that the proposed control method is still able to guarantee a significant reduction in the power 
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sharing error and maintain the bus voltage near its nominal value despite the variation in the 

line impedance. Thus, the proposed approach can be said to be robust to a variation in the 

interconnecting cable impedance. 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 40 kW 
CPL = 20 kW 

RL = 5  

Idc1 = 49.79 A (pink) Idc2 = 47.88 (green)

Idc3 = 50.51 A (blue)

Vbus = 269.90 V

269.90 V270.00 V

270.00 V

 
(a) 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 40 kW 

CPL = 20 kW 
RL = 5  

Idc1 = 49.92 A (pink) Idc2 = 49.02 (green)

Idc3 = 49.71 A (blue)

Vbus = 269.10 V

269.10 V269.60 V269.70 V

 

(b) 

Figure 7.30 HIL experimental results for current sharing and bus voltage compensation. The 

response to a +/- 30% variation is shown for both (a) the proposed method and (b) the method 

described in [94]. 
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Also, the dc-link capacitance Cb is varied by - 30% and 30% of its nominal value shown in 

Table 3-1. The 30% decrease and increase in the dc-link capacitance did not affect the designed 

and desired control performance of the proposed control approach as shown in Figure 7.29 (a) 

and (b) respectively. The 30% reduction in the dc-link capacitance mainly causes some small 

oscillations in the output current of the converters as shown in Figure 7.29 (a), however, the 

control is still stable. Based on the results shown in Figure 7.28 and Figure 7.29, it can be said 

that the proposed control approach is robust and will perform well under system parameter 

uncertainty. 

7.4.6 Comparison with the method in [94] under Parameter Uncertainty 

In this case study, the steady-state control performance of the proposed method is further 

validated and compared to the approach proposed in [94] under parameter uncertainty by 

considering opposite changes to the parameters in the different cables. To that end, the line 

impedance parameters in cables 1 and 3 are decreased by 30% while the line impedance in 

cable 2 is increased by 30%. In the proposed control scheme, the droop and compensation 

coefficients obtained from design example 1 are used (i.e., kd1opt = 1/4.0305, kd2opt = 1/4.5211, 

kd3opt = 1/4.2342, and kcopt = 1/11.9501). For the scheme described in [94], the parameters are 

kd1 = kd2 = kd3 = 2, and kc = 2/3. The HIL experimental results are shown in Figure 7.30.  

Based on the output current of the converters and voltage regulation shown in  Figure 7.30 (a), 

the computed current sharing ratios and normalised bus voltage are n1 = 0.9616, n2 = 1.0145, 

and Vbcn = 0.9996 respectively for our proposed method. These values correspond to a deviation 

of 3.84% and 1.45% in the current sharing ratios from the desired value. Furthermore, the bus 

voltage deviation from its nominal value is merely 0.037%. On the other hand, according to 

the output current of the converters and voltage regulation depicted in  Figure 7.30 (b), the 

calculated current sharing ratios and normalised bus voltage for the method proposed in [94] 

are as follows: n1 = 0.9820, n2 = 0.9958, and Vbcn = 0.9967, respectively. These values indicate 

that there is a deviation of 1.80% and 0.42% in the current sharing ratios from the desired value. 

Additionally, the bus voltage shows a deviation of only 0.33% from its nominal value. 

Based on the presented results, it is evident that both approaches are influenced by variations 

in the line impedance parameter, affecting their control performance. The approach proposed 

in [94], which involves setting high droop gains for the converters, as expected demonstrates 
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better adaptability to changes in the line impedance parameter in terms of current sharing. 

However, our detailed case study comparison between the proposed method and the approach 

in [94] (see case 2 Section 5.4.2) reveals that employing large droop gains at the PC level has 

certain drawbacks. One of the drawbacks is inadequate voltage regulation, particularly 

noticeable during secondary control failure and under source fault conditions. Such scenarios 

can result in unstable voltage levels, which are unfavourable for practical applications, 

especially for loads onboard the MEA. Furthermore, setting large droop gains can lead to 

increased interconnecting cable losses under such scenarios due to the voltage drops, reducing 

the overall system efficiency. In contrast, the proposed approach offers a combination of 

satisfactory power sharing and improved voltage regulation performance across various 

operating conditions of the EPS. This capability to maintain acceptable power sharing while 

ensuring stable voltage regulation represents a significant contribution to the proposed control 

method. 

 

Figure 7.31 Summary of the deviations in control performance resulting from the variations 

between the line resistances used in data generation and the HIL setup. 
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7.4.7 Analysis of the impact of variation between simulation and HIL 

parameters 

The purpose of this case study is to analyse the impact of parameter variations between the 

simulation model used for generating training data and the HIL experimental setup on the 

control performance. It aims to determine the acceptable differences in parameters while 

maintaining satisfactory control performance. Additionally, practical conditions may not 

perfectly align with the training data, leading to discrepancies between expected and actual 

performance. While the system comprises multiple parameters, this analysis specifically 

focuses on the variation in interconnecting cable resistance. The line resistance is considered 

the primary parameter influencing the control performance of the system [161].  

In this case study, we examine various adjustments to the line resistance parameters in the HIL 

experiment. These adjustments involve different percentages of variation, such as -/+ 10%, -/+ 

20%, -/+ 30%, and so on. Each percentage corresponds to a specific range of values, for 

example, 0.9/1.1, 0.8/1.2, and 0.7/1.3, respectively, relative to the line resistance values used 

in the simulation model for generating the training data (referred to as Rci in Table 3-1). To 

illustrate this concept, refer to Figure 7.31, which provides a visual representation of how the 

different variations relate to the line resistance values employed in the simulation model. By 

considering these variations, we can assess the impact of changes in line resistance on the 

system's performance and evaluate the robustness of the proposed approach. 

As depicted in Figure 7.31, if the line resistance values used in the simulation model for 

generating the training data match those in the HIL experiment, the desired and designed 

control performance is achieved with perfect accuracy. Furthermore, it is important to 

acknowledge that changes in the interconnecting cable resistance can have an impact on the 

distribution of current among the various sources. These changes lead to deviations from the 

intended current sharing ratios. It is worth noting that the observed deviations in the current 

sharing ratios are within tolerable limits [161], being around 5% for n1 and below 3% for n2, 

for a variation of up to -/+ 50%. As shown in Figure 7.31, for a variation beyond -/+ 50%, the 

steady-state control performance becomes deteriorated, especially for the current ratio n1. 

Nevertheless, across the examined variations, the maximum deviation in the current sharing 

ratios is less than 10% for n1 and less than 5% for n2, for a 200% variation in the cable resistance 
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parameter. On the other hand, the bus voltage is well-regulated despite the different variations 

in the line resistance.  

7.5 HIL Experimental Real-time Line Resistance Identification Using AI  

The proposed approach is further validated using C-HIL experiments. The typhoon HIL real-

time emulator platform and the TMS320F28379D DSP control card from Texas Instrument 

(TI) are used in the C-HIL set-up as shown in Figure 7.1 (a). To that end, the power stage which 

includes the PMSGs, converters and interconnecting cable impedance is emulated by the HIL-

604 device in real-time and with ultra-high fidelity. Specifically, the interconnecting cable 

resistances that link the parallel-connected PMSG-AR systems to the main bus are emulated 

using fixed resistors [214]. In the C-HIL set-up, the proposed control algorithm (shown in 

Figure 6.7) which is realized in the DSP controller is used to control the emulated power stage 

by Typhon (HIL-604) device. The compiled C code of the ANN model operates on the on the 

typhoon HIL’s ARM (ARM Cortex A9) real-time processor. The parameters used in the C-

HIL experiments are the same as those used for the simulation, as shown in Table 6-1. 

Rc1 (20 m  div)

Rc2 (20 m  div)

Rc3 (20 m  div)

Rc3est = 60.55 m 

Rc1est = 20.51 m 
Rc2est = 40.52 m 

 

Figure 7.32 HIL experimental result of the online estimation of the initial line resistances. 

7.5.1 Validation of the Online Initial Line Resistance identification  

To verify the effectiveness of the proposed initial line resistance estimation, a steady-state HIL 

experiment has been carried out. Figure 7.32 shows the online HIL experimental results of the 

estimated initial line resistances after implementing equations (6-5), (6-6) and (6-7) in the 
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controller. As shown in Figure 7.32, it can be observed that the identified line resistances are 

stable around their nominal values shown in Table 6-1 and the estimation error is less than 3%. 

Through this HIL experiment, it can be said that the proposed method can accurately estimate 

the initial line resistances.  

7.5.2 Validation of the Accuracy of the Identification Model  

The estimation accuracy of the developed identification model for different line resistance 

values is further validated in the HIL experiment. To achieve this goal, a set of randomly chosen 

resistor values are used in the HIL test. At the end of each test case, the corresponding current 

sharing ratios between the converters (n1 and n2) are automatically computed and given as input 

to the identification model. A comparison between the model's estimation (denoted as est.) is 

shown in Figure 7.33. The corresponding errors in the identification model’s estimation are 

shown in Figure 7.34, which are less than 1%. Thus, it can be said that the developed 

identification model is effective in the online identification of line resistances. Furthermore, 

this shows the high level of accuracy in estimation and robustness of the identification model 

against variation in the line resistance. 

 

Figure 7.33 Comparison between emulated line resistance and identification model estimation. 
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Figure 7.34 Percentage error in the estimation of the emulated line resistances. 

7.5.3 Load Current Sharing  

In this HIL experimental test case, the converters are assumed to have the same rating and thus 

are expected to share the load current demand equally.  The HIL experimental parameters are 

as shown in Table 6-1, except for the line resistances which were varied from their nominal 

values shown in Table 6-1 as follows: Rc1 = 19 mΩ, Rc2 = 44 mΩ, and Rc3 = 63 mΩ. As 

expected, the load current sharing is unequal (as shown in Figure 7.35) while using the optimal 

droop gain settings obtained from ANN1 due to the variation of the line resistances from their 

nominal values.  

When the proposed control strategy is activated, the converters shared the load current demand 

equally among themselves as shown in Figure 7.35. The estimated line resistances by the 

identification model are shown in Figure 7.36. It can be observed that the estimated line 

resistances by the identification model matched excellently well with the emulated line 

resistances in the HIL experiment. The equal load current sharing is maintained even when the 

load changes. Also, the bus voltage is well-regulated and within the acceptable range under the 

proposed control method.  
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263.01 V

259.31 V
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Idc1 = 25.36 A

263.01 V

Idc2 = 25.34 A

Idc3 = 25.36 A

 

Figure 7.35 HIL experimental result of load current sharing and bus voltage regulation while 

using the optimal droop gain settings and under the proposed control approach. 

Rc3 = 63 m 

Rc2 = 44 m 

Rc1 = 19 m 

Rc1 (10 m  div)

Rc2 (10 m  div)

Rc3 (10 m  div)

 

Figure 7.36 HIL experimental result of the online estimation of the line resistances by the 

identification model. 
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7.5.4 Fault Scenario  

In this case study, the reliability and effectiveness of the proposed control strategy are 

demonstrated under a source fault condition. As shown in Figure 7.37, the load current demand 

is shared equally between converters 1 and 2 after the disconnection of the PMSG-AR3 

(assumed to be under fault) from the system under the proposed control strategy. This is 

achievable due to the utilisation of pre-estimated line resistance values by the local controller 

of each converter, eliminating the need for readjusting these values in the event of a source 

failure. As a result, the proposed control strategy offers the additional benefit of ensuring 

reliability during abnormal operating conditions. 

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 30 kW

CPL = 30 kW

 PMSG-AR3 

disconnected

253.60 V

Idc1 = 59.17 A

Idc2 = 59.13 A

Idc3 = 00.00 A

253.60 V259.30 V

 

Figure 7.37 HIL experimental result of load current sharing and bus voltage regulation under a 

generator failure. 

A comparison between the proposed control method with the existing control techniques 

involving online impedance estimation is summarised in Table 7-2, which highlights the 

benefits of the proposed approach.  
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Table 7-2 Comparison between proposed control strategy and different techniques for online 

line resistance identification. 

Ref. Identification 

technique used 

No. of 

measured 

quantities used 

for 

identification 

Accuracy of 

parameter 

identification 

Current 

sharing 

accuracy 

Control 

complexit

y  

[206], 

[220] 

RLS algorithm 3 Medium Medium High 

[170] Active pulse 

disturbance injection 

3 Low Low Medium 

[Propo

sed] 

Data-driven 1 High High Low 

 

Proposed control activated

Idc1 = 41.86 A

Idc2 = 38.12 AIdc3 = 35.69 A

Vbus= 259.30 V

Idc1 (20 A/div)

Idc2 (20 A/div)

Idc3 (20 A/div)

Vbus (50 V/div)

CPL = 30 kW
CPL = 40 kW

259.30 V 259.30 V

Idc1 = 38.57 A

Idc2 = 38.55 AIdc3 = 38.58 A

Vbus= 259.30 V

Load change

 

Figure 7.38 Experimental result of load current sharing and bus voltage regulation using the 

traditional fixed and identical droop gain. 

7.5.5 Comparison with Conventional Droop Control 

In this case study, the performance of the proposed control strategy is compared with the 

conventional droop control method using fixed and identical droop gains shown in Table 6-1. 

The droop gains were obtained using the conventional droop gain design in in (3-2). The HIL 

experimental result is shown in Figure 7.38. As shown in Figure 7.38., this method fails to 
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achieve accurate current sharing among the converters due to the mismatch in the 

interconnecting cable resistances. In contrast, the proposed control method as shown in Figure 

7.38 exhibits superior performance in terms of current sharing compared to the conventional 

droop control approach. 

7.6 Summary 

This chapter focused on the HIL experimental validation of the theoretical results obtained 

from the previous chapters. It provided an overview of the HIL setup and presented the HIL 

experimental results used to validate various proposed approaches. The key experimental 

findings can be summarized as follows: 

✓ The offline computed optimal droop gain settings have been validated in the HIL 

experiment, and the results demonstrate their capability to enhance the performance of 

the traditional droop control method. 

✓ The real-time tuning of the optimal droop gain settings allows the controller to quickly 

adapt to any reference changes. 

✓  The hierarchical control design of optimal droop and voltage compensation 

coefficients enhances bus voltage regulation and dynamic performance in various MEA 

EPS operation conditions while simultaneously achieving optimal load power sharing 

among power sources compared to state-of-the-art methods. 

✓ This real-time line resistance identification technique provides a data-driven solution 

that eliminates the need for system perturbations, paving the way for improved control 

performance and stability in the MEA EPS distribution network. 

In summary, the experimental results presented in this chapter have validated all the theoretical 

findings of this thesis.  
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Chapter 8 Conclusion and Future Work 

8.1 Conclusion and Discussion  

The research presented in this thesis focuses on the application of AI techniques for parameter 

identification and control design in the DC MG of the More Electric Aircraft (MEA). The 

primary goal of the study was to enhance the performance, reliability, and efficiency of the 

MEA's electrical power system (EPS) through intelligent and efficient computing methods. In 

the earlier chapters, a comprehensive review of the conventional droop control method was 

provided, highlighting its limitations in achieving accurate load sharing and voltage regulation. 

The impact of unequal interconnecting cable resistance and droop gains on current sharing 

among converters was discussed, emphasising the need for improved control strategies. The 

main contributions brought by the proposed AI-based methodologies are highlighted as 

follows: 

• The use of ANN optimisation-based design for selecting the optimal droop coefficient 

settings for the droop control of parallel-connected converter is a new approach not 

previously explored in the literature.  

• The development and validation of a real-time method for online tuning of the optimal 

droop gain settings for the droop control of parallel-connected converters, addressing 

power-sharing and bus voltage control effectively.  

• The development of a new neural network-based design strategy for hierarchical control 

design to ensure accurate power sharing and improved bus voltage regulation in 

different EPS operating conditions.  

• The development and implementation of an online initial line resistance estimation 

algorithm in the MG controller, the use of an ANN-based identification model for real-

time line resistance estimation during EPS operation, and the achievement of accurate 

current sharing and improved voltage regulation in steady-state and transient 

conditions. 

In Chapter 3, a new design strategy for the selection of the optimal droop gain for the control 

of power converters in a MEA EPS multi-source DC grid. The surrogate model is trained 
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offline by using data obtained from the traditional droop control method. The effectiveness of 

the proposed approach was demonstrated using a detailed simulation model of the studied 

system and with a C-HIL-based experiment. The C-HIL experimental results show that the 

proposed approach can enhance the current sharing and voltage regulation performance of the 

traditional droop control method compared to the conventional droop gain design. 

Furthermore, the surrogate model predictions matched excellently well with the results from 

the simulation and HIL experiment and the selected optimal droop coefficient settings are 

robust to transient conditions and parameter uncertainty. 

In Chapter 4, a new and efficient method for computing optimal droop gain settings in the 

droop control of parallel-connected converters is presented. By utilising reverse data training 

of an ANN, the proposed approach enables real-time determination of droop gain settings based 

on power sharing and voltage regulation references. This method overcomes the complexities 

and time-consuming aspects of traditional heuristic and ANN optimisation-based approaches, 

providing a fast and practical solution for online tuning of optimal droop gains. The 

experimental validation using the C-HIL approach confirms the effectiveness and superiority 

of the proposed design approach compared to ANN optimisation-based methods, 

demonstrating its simplicity, flexibility, and low computational burden. 

In Chapter 5, a new design strategy for optimising power sharing and bus voltage compensation 

coefficients in the islanded DC MG of the MEA EPS is investigated. The approach utilises an 

ANN-based surrogate model to compute the optimal droop and bus voltage compensation 

settings. Simulation and C-HIL experimental results demonstrate that the proposed approach 

outperforms the method proposed in [94], achieving superior power sharing and bus voltage 

regulation performance under various EPS conditions. Moreover, the implementation of the 

proposed approach does not require additional digital communication lines and controllers, 

making it an efficient and practical solution for enhancing the performance of the MEA EPS 

distribution network. 

In Chapter 6, a control strategy to enhance power sharing in the islanded DC MG of the MEA 

by incorporating real-time estimated line resistances using an ANN-based model is presented. 

The proposed strategy effectively compensates for terminal voltage deviations, eliminating the 

impact of line resistances and achieving proportional load sharing and improved bus voltage 

regulation among parallel-connected converters. Additionally, the data-driven solution for line 
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resistance identification prevents the injection of perturbations into the system. The simulations 

and HIL-based experimental results validate the effectiveness of the proposed method, 

demonstrating remarkable accuracy in identifying interconnecting cable resistance parameters 

with at least 99% accuracy. 

Chapter 7 provides an overview of the C-HIL setup and presents HIL experimental results for 

the validation of various proposed approaches. The validation includes the optimal droop 

control design using ANN (Chapter 3), the real-time tuning of optimal droop gain settings on 

a hardware control platform (Chapter 4), the hierarchical control design for enhanced bus 

voltage regulation under different EPS operating conditions (Chapter 5), and the real-time 

estimation of line resistances using ANN-model to improve droop control performance 

(Chapter 6). 

8.2 Future Work 

This research thesis has explored the application of AI techniques for parameter identification 

and control design in the DC MG of More Electric Aircraft (MEA) EPS. Based on the theories 

and results presented in this thesis, several promising areas for future research can be 

considered, which are listed as follows:  

1. Due to the real-time implementation of the ANN on a control hardware platform, one 

potential avenue for future research could involve utilising the presented approach to 

create a pre-trained ANN-based surrogate model, which can then be fine-tuned and 

adapted using online learning techniques. This approach has the potential to accelerate 

and simplify the process of online training, making it more efficient and effective. 

2. Based on the proposed approach for real-time estimation of line resistances, a possible 

future research direction would be stability analysis based on the identified line 

resistances. 

3. A compelling future research direction lies in exploring the coordinated control and 

integration of an Energy Storage System (ESS) within the MEA EPS. The incorporation 

of an ESS offers numerous advantages, such as reducing generator ratings, improving 

the dynamic performance of the main DC bus voltage, providing backup electrical 

power supply, and enabling power flow control, including peak shaving to meet load 

demand [251]. To achieve efficient power management and balance between main 
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generators and ESS, the development of a coordinated control strategy is essential. This 

strategy should enable the ESS to operate in discharging mode when load power 

demand exceeds generator capacity, effectively supplying power to meet the load 

demand. Additionally, determining the optimal droop gain settings of the interfacing 

converters for these sources under varying operating conditions would further enhance 

power sharing and control efficiency. 
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Appendix B Reference Frame Transformation 

Three-phase quantities represented in the abc frame can be transformed into a two-axis frame 

(dq frame) rotating at a synchronous speed denoted by ω. This transformation is known as the 

dq transformation. If the d-axis is aligned with phase a (vd = va) as the reference point for both 

frames (θ=0), then: 

=
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k v
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The dq transformation matrix is defined as: 
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The diagram of dq transformation is shown in Figure B-1 
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Figure B-1 Three phase and dq phasor diagram. 
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Appendix C Voltage Equations for Stator 

Windings of a Permanent Magnet Machine in 

the DQ Frame 

 

Figure C-1 Stator αβ and dq equivalent windings [252] 

To calculate the dq winding voltages, we will begin by examining a set of orthogonal αβ 

windings attached to the stator, as depicted in Figure C-1. In this configuration, the α-axis is 

aligned with the stator's a-axis. In all windings, the positive voltage polarity is indicated at the 

terminal marked with a dot. When considering the αβ windings and their respective variables, 

we obtain 

s

s

d
v R i

dt

d
v R i

dt

  

  






= +


 = +


 

(C-1) 

Here, vα and vβ represent the stator winding voltages in the αβ frame. Similarly, iα and iβ denote 

the stator winding currents in the αβ frame, while ψα and ψβ indicate the stator winding flux 

linkage in the αβ frame. Finally, Rs corresponds to the stator winding resistance. 
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The two equations in (C-1) can be merged by multiplying the β-axis voltage equation with the 

operator j and subsequently adding it to the α-axis voltage equation. As a result, the stator 

winding voltage can be expressed in space vectors as follows: 

s

d
v R i

dt
  = +  

(C-2) 

where vv jv  = +  and so on. As shown in Figure C-1, the space vectors of current, voltage, 

and flux linkage concerning the α-axis are interconnected with those pertaining to the d-axis as 

follows:  
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(C-3) 

where d qdq v jv v= +  and so on. Substituting (C-3) into (C-2), we obtain 

. . . )(r r rj j
dq d

j
q dqs

d
v R

d
e ei

t
e

  = +  
(C-4) 

Re-arranging C-4, we obtain the expression in (C-5) 
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e

r r r
dq r

dq dq dqs

j j j j
d d

v Re
t

e e j ei
dt d

   



 
+= +  

(C-5) 

Eliminating the common term ejθr from both sides in (C-5), the stator winding voltage equations 

can be reformulated as follows: 

dq
dq dq dqs e

d
v R ji

dt



= + +  

(C-6) 

The flux linkages in the dq frame are given as: 

d m

q

d

q q
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where Ld and Lq denote the stator inductances in the dq frame, respectively, while ψm represents 

the flux linkage in the airgap generated by the permanent magnets mounted on the rotor. By 

substituting (C-7) into (C-6) and separating the real and imaginary components in (C-6), the 

stator winding voltage equations of a PMM in the dq frame can be derived as follows: 

d
d s d d e q q

q

q s q q e d d e m

di
v R i L L i

dt

di
v R i L L i

dt
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  
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
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