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Abstract

On more electric aircraft (MEA), reducing fuel consumption and guaranteeing flight safety
are pursued by efficient operational management of the electrical power system (EPS). It is
essential to design a system-level operational control to coordinate the power and energy among
different subsystems, ensuring the flight mission and reducing the operation costs while
guaranteeing the safety requirements. This thesis presents an operational control design which
adopts different techniques for a novel modular converter-based aircraft EPS architecture,
providing an efficient, reliable, and robust operating strategy in both normal and faulty

conditions.

Four main issues are integrated into the operational control for the modular converter-based
EPS architecture: intelligent load shedding; power allocation and scheduling (PAS); EPS
(re)configuration; and energy storage management (ESM). Firstly, this thesis studies the
mathematical formulation and optimization methods for the studied EPS and the control targets.
The optimal PAS and EPS (re)configuration are studied for a modular converter power
distribution system, demonstrating mixed-integer linear programming (MILP) and linearization
techniques for mathematical modeling with operation constraints, including the power
balancing and limitations, contactor switching logic, the transmission losses of cables, and the
nonlinear characteristics of converter efficiencies. The results are compared when two different

objective functions are applied for power loss and generator sizing reduction.

Secondly, the aforementioned MILP formulation techniques are applied for decisions on
load shedding and ESM for the system in study. With the aim of avoiding worst-case scenarios
during the flight, for both cost reduction and safety improvement, a MILP-based model
predictive control (MPC) operational control is proposed based on future predictions. The
proposed MILP-MPC method aims to achieve multiple control targets, including maintaining
energy storage (ES) and prolonging the battery life cycle, minimizing load shedding, and
reducing switching activities to improve a device’s lifetime and avoid unnecessary transients.
To achieve these control targets, three different objective functions are proposed. The
importance of the different objective functions and prediction horizons are compared by the

proposed evaluation framework.

Thirdly, this thesis proposes an intelligent two-level hierarchical supervisory control
method for the entire EPS, achieving all of the multiple control targets in various faulty
scenarios. The control targets here include the reduction of total power losses and generator

sizing, intelligent ESM and load shedding, and reducing switching activities. The MILP-MPC-



based high level (HL) controller improves the long-term (i.e., the entire flight stages) EPS
performance of these control targets with future predictions utilizing a slow clock, to reduce
the computation burden. In addition, a rule-based lower level (LL) controller is designed with
a faster clock to provide quick responses to load changes and faults which occur over a short
timeframe within one of the HL sample intervals. Hence, the proposed hierarchical control
provides optimized performances while maintaining quick responses to EPS changes. In
addition, the LL controller is designed with the consideration of handling the situation when
the HL is in a faulty condition, which improves the reliability of the hierarchical control.

Finally, uncertainties of fluctuating load demands are considered for the aforementioned
MILP-MPC operational control of the entire EPS, aiming to avoid poor performance due to
imprecise load predictions. To improve the robustness of the control strategy, a chance-
constrained stochastic MPC (CC-SMPC) method is proposed to improve both the system
operation in terms of the system’s objectives as well as the ability to cope with uncertainties
due to fluctuating load demands. Both normal and faulty operating conditions are investigated
with multi-failure cases, resulting in different uncertainty propagation paths. To verify the
effectiveness of the proposed strategy, a comprehensive comparison study is conducted to
compare the performance of the proposed CC-SMPC and deterministic MPC (DMPC)

techniques.

In summary, this thesis provides the design engineer with different aspects and techniques
for designing an optimized operational controller for an aircraft EPS. The practical techniques,
performances, and benefits of the proposed methods are presented and discussed, inspiring
further studies in the target area with different EPS architectures, requirements, and control

targets.
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Chapter 1 Introduction

1.1 Background and motivation

Environmental issues have been the main focus in the development of all transportation
systems in recent years. Among all the transportation sectors, the aircraft industry has
developed the most rapidly to provide fast, safe, and most far-reaching travel in a little more
than a century [1]. However, this also increases the environmental problems: the aviation
industry is responsible for approximately 2.5% of global human-induced CO2 emissions.
Therefore, the aircraft industry is required to develop more environmentally friendly solutions
to meet the CO2 emission targets. For example, Airbus targets a 50% reduction in net aviation
carbon emissions of 2005 levels by 2050 [2]. To meet these requirements, the concept of more
electric aircraft (MEA) has been put forward as the main development tendency for future

aircraft to make air travel more efficient and environmentally friendly.

1.1.1 Evolution of electrical power system of MEA

1.1.1.1 Development of MEA

The environmental impacts of aircraft depend on how we use energy onboard. In
conventional aircraft, the power systems are composed of hydraulic, pneumatic, electrical and
mechanical subsystems. These four types of power sources support different tasks during the
aircraft flight, and they all derive power from the main engines in different ways. For example,
the mechanical power, extracted from the engine shaft through the accessory drive train (ADT),
is consumed for the accessories, such as generator, fuel and oil pumping. The pneumatic power,
obtained by bleeding the compressor, is used to drive motors for the wing ice-protection
systems (WIPSs) and environmental control systems (ECSs). The electrical power, generated
by the main generators connected to the shaft of the engines, is used to supply avionics systems,
lighting, galleys, and in-flight entertainment, while the hydraulic power drives actuators for
flight-control actuators, landing gear, and auxiliary systems [3],[4]. This power integration

architecture in aircraft is illustrated in Figure 1.1.
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Figure 1.1 Power systems in conventional aircraft

The complicated multiple-source architecture in conventional aircraft is a design that has

evolved overtime, however, when the aircraft is considered as a whole, the power system

architecture causes the following drawbacks.

1)

2)

Compared to using just one power source onboard, e.g. electrical power,
conventional aircraft with four power systems have less possibilities to gain better
fuel efficiency and weight reductions. For example, bleed air from engines is used
to supply the ECS and WIPS, while the air bled from the engine will reduce the
operating efficiency of the engine. In addition, without power conversion from
mechanical power to other types of power sources, the ADT could be removed
from engines to other onboard accessories to reduce the aircraft overall weight.

Having four separate power systems on an aircraft, each subsystem is designed to
be suitable for its dedicated loads and is irreplaceable in case of failure by any of
the other systems. The failure of any kind of power source will affect the aircraft’s
operation. For example, if a leak occurs in the pneumatic or hydraulic subsystems,
the flight has to be interrupted and delayed by grounding the aircraft. Moreover, it
is usually difficult and time-consuming to locate and handle the pneumatic or
hydraulic leak. Thus, it will be more efficient and reliable if only one type of power
source is used for all subsystems, but this should be able to support all functions,

providing flexibility as well as being easy to maintain.
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Figure 1.2 Power systems in MEA

Electrical power is the best candidate in terms of functionality, flexibility and reliability

[5]. The replacement of other power subsystems by an electrical system leads to the MEA

concept. In recent years, the breakthroughs in power electronics, fault-tolerant electrical

machines, electro-hydrostatic/electro-mechanical actuators, and motor-drive systems, have

dramatically increased the capacity of electric power with more compact volume compared to

other power sources. It provides good opportunities for the development of MEA. Therefore,

this concept has become a main trend for aviation [6]. Following illustrates the power systems

on MEA. Compared to conventional aircraft presented in Figure 1.1, the adoption of MEA in

future aircraft has tremendous benefits, such as:

1)

2)

3)

The fuel consumption, and the environmental impact of future air travel can be reduced.
For instance, the bleed air system can be removed together with the pneumatic system,
which will significantly increase the engine efficiency. It is also possible to reduce the
overall weight by removing the mechanical and hydraulic systems, because MEA relies
on electrical power distribution, avoiding conversion to other types of power sources.

The flight costs include both the direct costs (fuel consumption, flight tariff, etc.) and
the indirect costs linked to maintenance and availability. For example, 75% of late
flights are due to system faults. The electrical system could increase the availability
because it can isolate a subsystem in case of failure, and has far more flexibility for
reconfigurability [7]. In contrast, a hydraulic leakage in a device leads to the isolation
of the entire circuit, which provokes a “No Go” fault [8].

The electrical system provides the possibility of prognostics and diagnostics through
the health-monitoring capacity. For example, by monitoring the equipment usage and



environmental conditions, and profiles of its failure mechanisms, the service life can
be predicted so that preventative maintenance based on usage can be accomplished. In
addition, the fault detection and location become easier and more accurate. For instance,
reflectometry devices are able to detect and localize cabling faults within 1m of

accuracy.

1.1.1.2 Development of MEA EPS
The introduction of MEA brings significant changes to the design of the overall EPS

architecture, including the subsystems for power consumption, generation, distribution, and

energy storage (ES). The following discusses the four main changes of the EPS, comparing

MEA in Following to conventional aircraft in Figure 1.1.

1)

2)

3)

As presented in Following, more electrical loads are used in MEA to replace the
pneumatic and hydraulic loads. For example, the hydraulically powered flight control
actuators are partially replaced by electrical actuators in the Airbus A380 [9], while the
ECS and WIPS is driven by the electrical power rather than the pneumatic one in
Boeing 787 [10]. Therefore, more electrical power is required on MEA. In addition,
with different rated power and voltage, the loads are allocated to different buses. To
supply the loads, the EPS requires power supply and distribution with high availability,
reliability, and quality to improve flight safety and performance.

In MEA, the main generators driven by the engine (during the flight) and auxiliary
generator (AG) driven by the auxiliary power unit (APU) (when landing on the airport)
are the two main power generation units. In addition, the APU is essential to supply
the EPS during emergencies. To improve the fuel efficiency at the generation side, the
bleed air is removed from the turbine by replacing the bleed-air extraction system with
variable frequency starter generators, which start engines electrically, such as B787.
To reduce the overall weight, the constant speed device (CSD) is removed by
connecting generators directly to the engine shaft, causing a variable generator output
frequency decided by the speed of turbine. If constant frequency AC voltage and DC
voltage is required, power converters can be applied in this configuration, such as
AC/AC converters and DC link (by means of an AC/DC rectifier and a DC/AC
inverter).

To supply distributed electrical loads with different rated voltages and frequencies,
power conversions based on power electronics are increasingly applied as the
development of MEA EPS. In the meantime, conventional breakers are replaced by
high performance switches for high reliability, fast response time, and low
maintenance, such as solid state power contactors (SSPCs) [11]. Benefited from the

aforementioned power conversion and distribution techniques, novel power

4



distribution designs are exploited in MEA, such as novel topologies for higher
reliability and less weight, novel voltage standard to reduce transmission losses, etc.
4) In conventional aircraft, energy storage systems (ESSs) play an essential role in APU
start-up and powering up the necessary avionic equipment in case of emergency. As
the development of ES technologies, ESSs are increasingly used in all flight stages, in
addition to the aforementioned function, such as supplying peak power, maintaining
constant bus voltage under dynamic conditions [12]. Among all technologies, the
development of batteries, super/ultra-capacitors (SCs/UCs), and fuel cells (FCs) have
attracted the most attention for aircraft applications. For example, Li-ion batteries are
fast growing in terms of new research and development to replace Pb-acid and Ni-Cd
batteries, because they have high energy density, no memory effect, low self-discharge

and low maintenance.

1.1.1.3 Typical EPS architectures

Following the aforementioned ESP development tendency and novel technologies and
devices, there are four typical EPS architectures applicable for the MEA [6], [13], [14], [15],
[16], and [17]:

1) Constant frequency AC EPS (115V/400Hz AC): As presented in Figure 1.3, it consists
of 115V/400Hz AC and 28V DC buses. The CSD, connecting the engine shaft and
generator, is used to maintain a constant generator rotation speed, thus the frequency
of power is constant 400Hz. Generally, transformer rectifier unit (TRU) is adopted to
convert the AC power to 28V DC power. The high-power loads, such as galleys, fuel
pumps, fans, equip cooling are directly powered by the AC bus, while the 28V DC bus
powers avionics and other low power loads. In this system, batteries are only used as
emergency power sources and they can power AC loads via DC/AC inverters if
necessary. However, the application of CSD causes some disadvantages to the onboard
EPS, such as additional weight and power loss for the mechanical power transmission.

In addition, the CSD can be expensive to purchase and maintain [4].
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Figure 1.3 Architecture of constant frequency AC EPS [6]

Hybrid AC/DC EPS (115V/360-800Hz AC and 270V DC): In the architecture
presented in Figure 1.4, the heavy and inefficient CSD is removed, and the generators
are connected directly to the engine. The AC power frequency at the primary AC bus
varies between 360Hz and 800Hz following the engine speed. The constant 400Hz AC
power is obtained via AC/AC converters from primary AC buses, hence, legacy AC
loads can be supplied. The 270V high-voltage DC (HVDC) is typically obtained
directly by rectifying 115V AC power via an auto-TRU (ATRU). In addition, HVDC
leads to the benefit of electrical system weight reduction. This architecture has been
adopted in the Airbus A380.
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Figure 1.4 Architecture of hybrid AC/DC EPS [6]

Hybrid HVAC and HVDC EPS (230Vv/360-800Hz AC and 270V DC): this architecture

is similar to the previous one, while the voltage level of the primary AC bus is higher.



The voltage level of the primary AC bus is increase to 230V. This architecture has been
used in the Boeing B787.

4) HVDC EPS (+270V DC): As presented in Figure 1.5, this architecture consists of the
+270V HVDC and the 28V LVDC buses, and DC/DC converters connecting the buses
are used to interface them. The 270V HVDC is popular because of less power
transmission losses compared to AC system, as well as the potential weight saving by
reducing the number of conductors [18]. The HVDC architecture is promising for
future MEAs and has been intensively studied in major research programs such as the
MOET EU project [6], the CleanSky project [19]. This study is also based on the
HVDC EPS architecture.
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Figure 1.5 Architecture of HVDC EPS [6]

1.1.2 Overview of operation control of MEA EPS

As described in Section 1.1.1, the onboard EPS architectures becomes more complex,
integrating generators, high-voltage (HV) and low-voltage (LV) buses, multiple power
electronic converters, and switches for flexible power transmission, as well as energy storage
systems and different types of loads with higher electrical power demands [20],[5]. In addition,
the overall power onboard is significantly increased. To address the consequent environmental
concerns, it is especially important to control/manage power and energy onboard in an efficient
manner. To coordinate the power/energy of different subsystems and devices to complete the
flight mission following the EPS real-time load, safety, efficiency, and EPS operating
requirements, a system-level control based on power/energy calculations is needed, which is

known as operational control.



An optimized operation control can achieve three main flight objectives. Firstly, the flight
mission should be completed by supplying the loads required in different flight stages,
including ground, take off, climb, cruise, descent, loiter, and landing [21]. For instance, flight
actuators are supplied to control the aircraft positions in all flight stages, while landing gear is
used when the aircraft is on the ground. In addition, power is needed to raise and lower the
landing gear for takeoff and landing. Hence, the operational control configures the EPS and
allocates power for each power source and transmission branch to provide sufficient power to
the loads. When completing the flight mission, the operational control supervises the EPS to
follow the safety and operating requirements, such as avoiding overload, ensuring critical loads
in normal/faulty condition, higher fault tolerance, and avoiding transient issues. Finally, the
operational control can provide optimized strategies to the EPS to reduce the flight cost for
good EPS performances, including fuel consumptions and component wear and tear, such as
energy storage systems (ESSs).

As indicated in the aforementioned flight objectives, the operational control integrates the
issues of power consumption, distribution, generation and energy storage (ES) in EPS.
Correspondingly, four main functions are achieved when the operational control is applied in
different subsystems, as presented in Figure 1.6. When the operational control is studied for
demand side, the load management (LM) problems, such as load shedding (LS), power
reduction, and regenerative loads, are considered. To distribute power from sources to demand
side (consumers), the operational control provides connection strategies to the contactors in
both normal and faulty conditions, hence available power sources and transmission branches
are adopted to maintain the power availability. In addition, power allocation and scheduling
(PAS) is conducted in operational control to decide power of each power supply and
transmission branch as the load power changes in all flight stages. Moreover, when ES devices
are applied as power sources, the operational control for their configuration and PAS are

considered as one specific problem, named energy storage management (ESM).

This section gives a brief introduction to each function and its sub-functions. The detailed
introduction to the problems highly focused in this study are marked with yellow background

in Figure 1.6, which are presented in the Section 1.1.4.
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Figure 1.6 Operational control objectives and functions in EPS

1) Load management (LM)

In practice, the generated power needs to match the demanded power at every time instant
to avoid grid instability, undesired high voltage fluctuations, and possible failures [22]. LM,
also known as demand-side management, is therefore required to balance the supply of
electricity in the grid by adjusting/controlling the power consumption rather than the power
supply, aiming to reduce the total system peak load, increase load factor, and improve
utilization of sources. To reduce load demands, the controller can either disconnect loads or
control load power by voltage chopping, which are known as load shedding [23] and load power
reduction [22], respectively. When regenerative loads are applied in MEA, such as regenerative
braking [24], the EPS requires controller to manage the power/energy from these loads. The
mechanism to harvest energy from loads is named energy regeneration. Although this study

focuses on LS, the method proposed is applicable to other LM problems.
2) EPS (re)configuration

The EPS configuration is defined by decisions as for status of power sources (generators,
APU) and connections provided by the power distribution (transmission lines, switches,
interfacing converters). EPS reconfiguration is a process of changing from one configuration
to another according to load demand changes or emerged failures, aiming to transfer power
from the power supply to the loads [25]. In EPS normal condition, the EPS reconfiguration is
required to satisfy all the loads requirements in all flight stages. While in EPS faulty condition,

the EPS reconfiguration is required to ensure the flight safety related loads to guarantee the



flight safety, considering component failures such as generators, transmissions, and energy

storage system (ESS).
3) Power allocation and scheduling (PAS)

Targeting reducing the EPS operation costs related to power flow, such as power losses
and device efficiency, PAS is logistical planning of power flow for deciding power generation
and distributing the total available power in the transmission grid to satisfy the load power
demands [26], [27]. In addition to power balance and power capacity limitations, PAS is
intrinsically decided by the EPS architecture and the configurations, because only the connected
components can be applied in power generation/transmission. Hence, according to the EPS
architecture, two types of studies are explored for the PAS problem. In [28] and [29], a common
bus with parallel energy sources is studied for load sharing to improve EPS efficiency, which
is one topic for PAS. In [19] and [30], PAS is studied for a EPS architecture with multiple buses,
which are connected with distributed power sources and loads. In these studies, EPS
(re)configuration is integrated with PAS problem, which is also the focus of this work.
Although the integration of EPS (re)configuration and PAS is common, there are slight
differences between these two problems. In system reconfiguration problems, the system
configuration requirements and connection availability are more focused, while PAS decides

power allocated in each power sources and transmission branch.
4) Energy storage management (ESM)

Electrical ESSs, based on batteries, SCs/UCs, and FCs, play an important role in improving
the reliability, stability, and quality of aerospace electrical networks. In conventional aircraft
EPS, batteries are commonly used as ESS, while hybrid ESSs with SCs and FSs are increasingly
studied for recent MEA studies [31]. In conventional aircraft, batteries are always charged
during the flight except engine starting-up stage and emergency conditions. However, with the
advances of the energy storage (ES) techniques and the development of MEA architectures [32],
scheduling ESSs with other power sources intelligently in all flight conditions is required to be

explored for lower operation cost while guaranteeing safety.

1.1.3 Novel MEA EPS architecture based on modular converters

According to Section 1.1.2, considering the components and subsystems adopted in a
studied EPS architecture, the specific operational control issues for LM, reconfiguration, PAS,
and EMS are required to be discussed. In this work, a novel modular-converter-based EPS
architecture is studied as shown in Figure 1.7. It consists of a 270V HVDC network and a 28V
LVDC network, which are connected by multiple DC/DC power converters potentially linking

any HV and LV buses by the switches. Two main generators are connected to the corresponding
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HVDC buses through the rectifiers to supply the HV loads when the generators are available.
In addition, there is one auxiliary power unit (APU) that can support EPS load demand with
bus interconnections when any of the main generators is out of service. Modular DC/DC
converter consisting of a number of cells transfer power between HV and LV sides,. On LV
side, each bus is connected to an ESS comprised of one lithium-ion battery and one bidirectional

DC/DC power converter, as well as several LV loads.

The benefits of this modular converter-based EPS architecture are discussed in [20]. Firstly,
this benefits the aircraft with transmission redundancy, which avoids power interruption in case
of cell faults. Consequently, the EPS architecture provides increased level of power availability
to the loads and improved safety. Secondly, significant weight and volume benefits can be
achieved since each cell is a small and modular line replaceable unit (LRU)-type unit. In
addition, by intelligently utilizing the power sources and cells, such as improving their
utilization ratio and EPS power efficiency, the number of cell units and the aircraft fuel
consumption can be reduced. To achieve the aforementioned advantages, an optimized
operational control, as introduced in Section 1.1.2, is required for EPS management to supply
loads in all flight stages and normal/faulty conditions, while reducing a variety of operation
costs and guaranteeing flight safety. In the following Section 1.1.4, the main control problems

in literature with regards to each function are presented.
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Figure 1.7 A novel flexible EPS architecture using modular power electronic converters [20]

1.1.4 Operational control problems with the novel MEA EPS

As mentioned in Section 1.1.2, different EPS architectures arise various operational control
problems according to the functions of the subsystems. For the studied EPS architecture
presented in Figure 1.7, four control functions require to be exploited. Firstly, different types
of loads allocated in both HV and LV buses need to be supplied. Load shedding for deciding
their connections is essential for operational control to avoid overload in EPS faulty conditions.
Secondly, modular DC/DC converters and multiple buses increase the configuration and power
scheduling flexibility in both normal and faulty conditions, which require operational control
to provide reconfiguration and PAS strategies to ensure power availability. Moreover, ESSs are
adopted in LV side controlled by ESM for power supply and energy reserving for EPS. To
clarify the main issues in each control functions, the following subsections introduces the

targets discussed in literature.

1141 Load shedding
Motivated by grid stabilization, load shedding cuts off loads in emergencies. The state-of-
the-art load shedding system uses real-time system-wide data acquisition that continually
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updates a computer-based real-time system model, including power transmission, generator
dynamics, updated status and actual loading of each sheddable load, and dynamic
characteristics of the system loads. This system produces the optimum solution for EPS
preservation by shedding only the necessary amount of load and is called intelligent load
shedding [23]. To conduct load shedding strategy, the operational control determines the on/off
status of load contactors, which are represented by integer control variables (i.e. 0, 1) in load
shedding formulations.

For the MEA EPS, the load profile is related to flight stages. Automatic load shedding and
load curtailment have to be ensured in case of power source overload and power shortage
scenarios, whereas automatic reconnection of loads should be established, when enough power
is available on the power source, respecting the available power and the priority levels of each
load [33], [34]. Typically, each controllable load has a predefined priority, and the higher the
priority of a load the less time it is preferred to be shed [30]. Fixed priority indices are
commonly applied to present different load priorities, which are applied to penalize the load
shedding in the objective function when optimization models are applied, such as the studies in
[35], [36], [30] and [34]. However, faulty loads are not considered in the aforementioned studies,
while the authors in [37] propose adaptive load priority to consider a trade-off between a high-

priority faulty load and a lower-priority healthy loads.

When dealing with shedding and reconnections, there is always a trade-off between
switching activities and usable generator capacity. Figure 1.8 illustrates the situation when
periodical switching activities happen. The load is controlled to be shed when the power
consumption exceeds some max value, while reconnection takes place when the power
consumption is below min. When the load is shed in Figure 1.8, the power consumption drops
below min which triggers reconnection, which consequently leads to unwanted periodical
switching activities, causing EPS transient issues [38]. This can also be reduced by solving an
optimization problem for minimizing the switching activities considering future status [39], or

make decisions based on the memory of previous status [34].

Loads shedding
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Raconnection

Time

Figure 1.8 Chattering occurring if max and min power levels are too close [38]
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1.1.42 Reconfiguration

1) In EPS normal condition

One common goal of reconfiguration of the distribution network is to find an operating
structure that minimizes the power losses in the distribution system. This optimization problem
is subjected to a group of operation constraints, such as power balance for each bus, power
capacity of each device/cable, and connection requirements [40]. Among the constraints, power
balance and power capacity constraints integrate both binary variables for configuration and
continuous variables for power, ensuring the calculated configuration is applicable for
supplying power from energy sources to loads because only the connected transmission paths
can be used for transferring power. The constraints for connection requirements only contain
the binary variables for EPS configuration, depending on the EPS architecture features and

safety operation rules.

In addition to the power losses minimization, the EPS reconfiguration can be optimized
targeting other operation costs, such as minimization of the number of times for reconfiguration,
which indicates avoiding the transients caused by the switching activities [30]. However, this
can increase the total power losses, which requires the balance between the two objectives [41].

2) In EPS faulty condition

Achieving flight safety is critical for airborne applications, therefore, when failures occur
in the MEA EPS, operational control is required to provide strategies to isolate the failures,
maintain the safety-related critical loads, and reduce the impact of the failures to the EPS. In
section 1.1.4.1, load shedding is introduced as one strategy to cope with the power shortage
scenarios which can be caused by EPS failures. Furthermore, by starting the redundant energy
sources (e.g. APU) or using redundant transmission branches (e.g. bus interconnections,
DC/DC cells), reconfiguring the system appropriately can ensure the critical loads being

supplied and less loads are shed/reduced.

In addition to the operation constrains mentioned in EPS normal condition, the EPS faulty
condition introduces further operation constraints to the control design: the fault devices are
inapplicable for power generation/transmission, some configurations are only applicable in EPS
faulty condition, such as bus interconnections and APU starting. Subjected to these constraints,
the EPS reconfiguration in faulty condition is exploit to respond quickly to isolate the EPS fault
and provide applicable configuration to improve the power availability [30], [42], and [43],
while minimizing the power losses [44] and the starting up cost of the power source [45], such
as APU on MEA.
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1.1.4.3 Power allocation and scheduling for multi-bus EPS architecture

When the EPS configuration has been decided, PAS provides power references to each
connected power source and converters, which automatically schedule the power flow through
transmission cables. Optimal PAS commonly aims to reduce the power losses of the EPS or
reduce the cost of power sources. For example, the fuel consumption can be considered as one
cost function for a generator, which is traditionally assumed to be a quadratic function of
generator output power [39], [46]. Quadratic functions can be applied for estimating the power
losses of converters and cables as proposed in [47] and [48], which are considered as the cost
of transmission power loss. In different applications with the author defined targets, a variety
of formulations are proposed to represent the power-related cost functions for PAS. For instance,
in [49], authors aim to control the main generators to save fuel in the main engines during
various flight phases, therefore, they defined an optimal range for the generators, to confine the
generators to work within the ranges. In the residential grid, authors formulated carbon dioxide
emission cost [50] and grid pricing cost [51] as objectives, which are proposed as linear

functions of output power.

PAS calculation is based on the principle of power balance, reducing power losses, and the
limitations of power capacity of each device/branch when the EPS configuration is known. In
addition, power transmission and generation can introduce further constraints with regard to
their characteristics. In [52], voltages, phase angles and frequency requirements are formulated
when PAS is studied for an AC systems. In addition, generator ramping limits are discussed for

a residential grid in [53].

1.1.4.4 Energy storage management

ESSs are used to share the loads with generators, as hybrid energy sources (HESs), which
requires the PAS to consider different response dynamics. On the other hand, ESSs, such as
batteries and SCs, allow for both charging/discharging, hence, can be used for energy shifting,
i.e. storing at times of energy surplus and releasing at times of energy deficit. When generators
can provide more power than the load demands, batteries and SCs can store and keep the
redundant energy for supporting higher power demands in other flight stages and in emergency
scenarios. Intelligently scheduling the ESS is one target for the operational control of energy

storage management (ESM).

To describe the ESSs mathematically, the dynamics of ESSs are formulated in addition to
the PAS requirements. For example, the hydrogen consumption estimation equations related to
fuel cell output power [54], [55], and the change of state of charge (SOC) for batteries and SCs
are required to be kept within preferred operation ranges [49]. Following these limitations,

researchers exploit strategies to improve the ESS applications in various aspects, such as
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avoiding over charging, deep discharge, fast charge, and fast discharge [56]. In [57], the authors
provide the ESS with sequential target energy references in PAS of the ESS, which leads to
power losses reduction and load sharing improvement. The cost function is formulated as a
guadratic equation similar to the function in terms of ESS energy. Moreover, one particular
target in the ESS management is lifespan improvement for the energy storage (ES) devices. In
[58], the proposed ESM keeps the depth of discharge (DOD), i.e. minimum SOC level, of the
battery within certain limits to maximize the lifetime of the battery. The DOD related
degradation is considered to be the capacity fade resulting from the daily minimum SOC level
achieved during battery operation. In [59], the battery lifetime is considered to be impacted by
battery current magnitude/variations. Hence, the battery current magnitude and variations are
minimized in the cost function. To evaluate aging of a battery, state of health (SOH) is another
index which has been recently used. SOH is a figure of merit that indicates the battery level of
degradation, which is defined as the ratio of the maximum battery charge to its rated capacity
[60], [61]. In [62], The SOH value of the battery is estimated by a current counting method

using the measurable parameters of the battery, such as current and temperature.
1.2 Research aims and objectives

As discussed in Section 1.1.4, the operational control for the EPS in Figure 1.7 contains
various requirements and control targets. This study aims to provide methods to design an
optimized operational controller for the studied modular converter-based EPS in Figure 1.7.
This controller is required to provide efficient, reliable, and robust operating strategies
regarding various targets of LS, reconfiguration, PAS, and ESM issues, while satisfying all the
requirements in EPS normal and faulty conditions. To this end, the following research

objectives should be achieved:

e To propose a feasible MILP mathematical model for the multi converter-based power
distribution system, targeting optimal PAS and reconfiguration with a group of
operation constraints and nonlinear efficiency.

e To bring clearer and deeper insights into MILP based model predictive control (MPC)
design for optimal ES and load management problems, considering the flexibility of
MILP-MPC objective formulations and horizon selections.

e To extend the MILP-MPC method to a fault-tolerant hierarchical supervisory control
of the entire EPS, considering long-term (i.e., the entire flight stages) and short-term

(i.e., a sample time interval of the high-level controller) control targets.
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To consider the uncertainty of load demands in the operational control of the entire
EPS in normal/faulty conditions, which requires the formulation of deterministic and
probabilistic constraints in a chance-constrained stochastic MPC (CC-SMPC) model.

1.3 Summary of research contributions

Novel contributions from this work are summarized in the following points:

This work investigates the optimal PAS and reconfiguration problem for the modular
converter-based power distribution architecture, which introduces bidirectional power
flow, nonlinear characteristics of modular DC/DC power converters, and flexible EPS
configurations. MILP is an effective method for solving optimization problems if they
can be described as mathematical MILP models — i.e. that variables are integer or
continuous and both constraints and objectives are (at least mostly) linear. In this work,
a solvable mathematical model in MILP is formulated for two PAS objectives when
subjected to the power system operation constraints with both continuous and binary
variables. In addition, linearization techniques such as piecewise functions are applied
to deal with nonlinear efficiency characteristics.

Focusing on the LM and ESSs, an MPC scheme is proposed to intelligently schedule
the ESS and to exploit flexibility in the demand-side while satisfying time-varying
operational requirements, such as power balance constraints and SOC requirements of
ESSs. To achieve different control targets, a MILP formulation is integrated in the
MPC scheme, which is designed with different objective functions. In addition, the
technique of soft constraints is applied to improve the feasibility of the model. An
evaluation framework is proposed to analyze the effects of various objective functions
and the prediction horizon on system performance, which provides the designers and
users of MEA and other complex systems with new insights into operation management
problem formulation.

Based on the studies of different operational control problems for the subsystems
mentioned above, this thesis proposes a two-level hierarchical controller design for
supervising the entire EPS operation in different time scales and operational scenarios
(normal and multiple faulty scenarios). The high level (HL) control is based on the
optimization scheme of MILP-MPC to improve the long-term EPS performance with
future predictions. The long-term EPS performance here includes a variety of
optimization objectives, such as reducing total power losses and generator sizing,
intelligent ESM and load shedding, and reducing switching activities. To provide quick

responses to short-term system changes, such as load demands and failure occurrence,
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a low level (LL) control is proposed with a faster clock, reducing the violation of the
EPS operational constraints caused by the short-term system changes. A group of rules
are designed for this LL controller to allow it both to cooperate with HL and to operate
alone in any scenario.

In the study of MPC, EPS future prediction is one fundamental precondition, such as
load demand predictions. However, real-time load demands can have disturbances,
resulting in the aforementioned MPC (which is a deterministic MPC (DMPC)) model
providing invalid strategies, with constraint violations. Hence, in this study, a CC-
SMPC (i.e. chance-constrained stochastic MPC) method is proposed to improve both
the system operation cost optimization, and the ability to cope with uncertainties due
to fluctuating load demands on multiple buses. Both normal and faulty operating
conditions are investigated with multi-failure cases, resulting in different uncertainty
propagation paths. To verify the effectiveness of the proposed strategy, a
comprehensive comparison study is conducted for comparing the performance of the
proposed CC-SMPC and DMPC techniques.

1.4 Thesis outline

This thesis is structured into seven chapters, covering topics related to the operational

control of the MEA EPS, taking a novel modular converter-based EPS architecture in Figure

1.7 as an example. Figure 1.9 presents the problems included in each subsystem and the

research in each chapter of this thesis. To better demonstrate the control problems, this work

focuses on different subsystem functions first. The PAS and reconfiguration functions for the

modular DC/DC converters is firstly studied. This inspires the ESM and load shedding study

for the LV side taking one ESS and LV bus as an example. Based on the studies of these

subsystems, the operational control for the entire EPS is finally explored. The rest of this thesis

is organized as follows.
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Figure 1.9 Research map of the operational control problems for the novel MEA EPS

Chapter 2 reviews the techniques for the operational control problems discussed in Section
1.1.2 and 1.1.4 (i.e. LM, EPS reconfiguration, PAS, and ESM), which are proposed to benefit
the controller in different aspects, such as mathematical formulations and solution calculations,
acting to future predictions, responding to EPS dynamics in different time scale, and uncertainty
considerations, etc. Among all techniques, the basis of the methods adopted in this thesis
include deterministic rule-based methods, MILP/MINLP, MPC, hierarchical control, and
SMPC. Hence, these methods are introduced in detail and compared with other optional
methods, showing both advantages and disadvantages.

In Chapter 3, the modular converter-based power distribution architecture is studied. The
optimized PAS integrated with EPS reconfiguration is discussed in this section. The
optimization model is firstly proposed to work out the most efficient paths to transfer the power
with minimum total power losses, subject to the power system operation constraints, including
power balancing and the limitations for each bus/converter, the bus/converter connection logic,
the transmission losses in the cables and the nonlinear converter efficiency characteristics. Then
the model is utilized for reducing each generator sizing, and the modification in the model is
presented. The detailed MILP model and numerical simulation results are presented in this

section.

In Chapter 4, MPC-based optimal ESM and load management is studied for a subsystem
consisting of input power from HV side, ESS, and several loads on an LV bus. The proposed
online control strategy aims to maintain ES and prolong the battery life cycle, while minimizing
load shedding, with fewer switching activities to improve device lifetimes and to avoid
unnecessary transients. Using a MILP formulation, three objective functions are proposed with

various cost function terms, where each objective function can perform differently for each
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control target as the horizon changes, with soft constraints improving the feasibility of the
model. An evaluation framework is proposed to analyse the effects on system performance of
various objective functions and of the prediction horizon. A real-time experiment is conducted

with the final selection of the objective function and the length of the prediction horizon.

In Chapter 5, an intelligent two-level hierarchical supervisory control method for the entire
EPS is presented. An HL controller based on MILP-MPC model is firstly formulated for the
EPS for the optimization targets studied in Chapter 3 and 4. Then, a rule-based LL controller
with a faster clock is designed to deal with load changes and fault occurrence over a short time
during the HL sample intervals. Four control modes are designed for the LL controller, allowing
the LL to work in EPS normal/faulty conditions by collaborating with the HL, as well as by
deciding control sequence independently when online MPC in HL is unavailable, e.g. in case
of communication failure between different control levels. The performance of each control
mode is simulated and evaluated when the EPS operates in both normal/faulty conditions.
Based on the evaluation results, the effectiveness and the benefits of the proposed hierarchical

control are demonstrated.

In Chapter 6, a CC-SMPC method is proposed based on the MPC model formulated in
Chapter 5 to improve the ability to cope with uncertainties due to fluctuating load demands.
The system's operational and technical requirements are formulated as a set of deterministic
and probabilistic constraints in the CC-SMPC model. To verify the effectiveness of the
proposed strategy, a comparison study is conducted for comparing the performance of the
proposed CC-SMPC and DMPC techniques. Three uncertainty/failure cases are taken into
account and simulations are performed for both offline and online control strategies while the
Monte-Carlo algorithm is used for scenario generation. The results are evaluated by the
proposed evaluation framework, showing the performance improvement by adopting the
proposed CC-SMPC.

To conclude the thesis, Chapter 7 summarizes the contributions and findings, and suggests

potential future works to extend this research, in the area of operational control of MEA EPS.
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Chapter 2 State of the Art: Operational

controller design techniques

The previous chapter has presented an introduction and background to the work described
in this thesis, initially introducing the problems considered in the system-level operational
control. The control strategy can be concentrated on different aspects, such as mathematical
formulations and solution calculations, acting on future predictions, responding to EPS
dynamics in different time scales, and uncertainty considerations, etc. A variety of techniques
are proposed for these aspects in dealing with the operational control problems of EPSs in
literature. In this chapter, techniques adopted in the following chapters are reviewed and

compared with other typical optional techniques.
2.1 Control design techniques

As introduced in Sections 1.1.2 and 1.1.4, operational control is needed to solve the issues,
including load management (LM), reconfiguration, power allocation and scheduling (PAS), and
energy storage management (ESM), which are proposed, with various targets and EPS
operation limitations. For designing an effective control, a number of techniques are proposed,
with novelties in different aspects, while four aspects are highly focused upon in this study, as

presented in Figure 2.1.

Aspects considered Techniques applied in this thesis Other optional techniques
» Mathematical formulations —* *+ Rule-based: o Rule-based: Fuzzy rules
- Deterministic rules (Chapter 5)
* Optimization-based: Optimization-based:
- MILP (Chapter 3, 4, 5) Heuristic methods
Operational . - MINLP (Chapter 6)

control » Future predictions ——— Model predictive control (Chapter 4, 5, 6)

» Multi-time scale dynamics — Hierarchical control (Chapter 5)

~ » Uncertaintiess ——————— Stochastic methods (Chapter 6) Robust methods

Figure 2.1 Control design techniques with the consideration of different aspects

Firstly, it is essential for operational control to mathematically model the control targets
and EPS requirements, as well as to solve this model to provide operational strategies. Rule-
based methods and optimization-based methods are two main types of techniques. Since rule-
based methods are based on predefined logics, they cause less run-time computational burden
compared to optimization-based methods (the optimization having been effectively done offline,

to generate the rules), while the latter potentially provide more flexible optimization strategies,
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for better performance. In this research, deterministic rule-based methods and exact
optimization-based methods are applied, which are reviewed and compared with the other
optional methods in Section 2.2, including fuzzy rules and heuristic optimization methods. The
adopted exact optimization-based methods include mixed-integer linear programming (MILP)

and mixed-integer nonlinear programming (MINLP).

Secondly, to improve the control ability for future EPS changes, researchers propose model
predictive control (MPC) to make strategies based on the predicted future EPS status.
Combined with the optimization techniques, MPC is studied to provide optimized control
sequences for a future time period in the literature, as presented in Section 2.3. In addition, an
EPS contains a variety of components and subsystems, resulting to different dynamics and
requirements in multiple time scales, hence, researchers propose hierarchical control
architecture as discussed in Section 2.4. These studies inspire this study when short-term
responses to failures are considered in combination with the future long-term performance

improvements.

Finally, uncertainty design in operational control is necessary for an onboard EPS to meet
strict flight safety requirements. Stochastic methods and robust methods are studied in the
literature, as discussed in Section 2.5. Based on the review and comparisons, a stochastic MPC

method is finally proposed in this thesis in Chapter 6.

2.2 Techniques for mathematical formulations

If the operational problems introduced in Sections 1.1.2 and 1.1.4 (i.e. LM, reconfiguration,
PAS, ESM), are formulated as a group of “if-then” logic in the controller, these techniques are
known as rule-based methods, which are straightforward to apply when the designers have the
knowledge of the EPS and the control rules. Rule-based methods are classified as deterministic
rule-based and fuzzy ruled-based, based on the application of crisp logic or fuzzy logic. In this

thesis, only deterministic rule-based methods are applied based on the review in Section 2.2.1.

Although rule-based methods are theoretically applicable with the knowledge of the EPS
in any cases, it can be difficult to apply in practice when the EPS is complex with lots of rules
or defining rules for optimal decisions. In this case, rather than setting up rules, the control
problem can also be formulated as an optimization model containing operational constraints
and objective functions, therefore an optimal control sequence can be provided to the system
by solving the model with different optimization methods [63]. The optimization algorithms
contain exact methods and heuristic methods. In this thesis, two exact methods, including MILP

and MINLP, are applied based on the review in Section 2.2.1.2.
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2.2.1 Rule-based methods

Rule-based methods consist of deterministic rule-based and fuzzy ruled-based methods.
Section 2.2.1.1 introduces deterministic rule-based methods in the literature, which are adopted
in this thesis in Chapter 4 as low-level control in the proposed hierarchical control framework.
Then in Section 2.2.1.2, fuzzy rule-based methods are briefly introduced, and the comparisons
of the two methods are presented.

2.2.1.1 Deterministic rule-based

The deterministic rule-based controllers operate on a set of rules that have been defined by
human expertise, and implemented prior to actual operation [64], for example, [65] proposes a
rule-based power distribution strategy to schedule the power among hybrid power sources by
selecting different predefined modes according to the “if-then” conditions. To cope with the
reconfiguration in the EPS design stage of MEA, research in [66] builds up the rules as an
expert system to provide several reconfiguration solutions to different failure scenarios. In [19],
a rule-based energy management controller is proposed for an aircraft power distribution
system, which integrates power allocation and scheduling (PAS), energy storage management
(ESM), reconfiguration, and energy regeneration. The proposed strategy is formulated by safety
and reliability rules considering the potential for eliminating the 5 min overload capability of
the generators. The following diagram in [33] presents an example of the rule-based load

management algorithm for aircraft.
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Figure 2.2 Rule-based algorithm for load management [33]
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Compared to direct application of the “if-then” rules, finite state machine (FSM) transfers
between different states with sequential logic. [70] proposes an energy management strategy
based on the FSM to apply the predefined rules for hybrid energy sources on a single bus of
vehicles, and Figure 2.3 presents the diagram with the state transfer. The system working mode
is divided into 9 states (S1-S9), aiming for deciding the power of the battery (Py) and the fuel
cell system (Pr). The transition conditions are formulated by comparing the decision variables
(Pp and Ps) with the power limitations (Pr.max) and the power demand (Pm), as well as the
comparison of the battery SOC (zp) to its limitation (zv+). In [67], [68], and [69], the authors
compile the rules in a FSM for the power distribution management of aircraft ESP to decide
load shedding and charging batteries. In these studies, several sets of safety rules are defined to
cope with different failure cases to ensure uninterrupted power supply to the high-priority loads.
However, this method relies on accurate measurements to change the operational state and it is
hard to integrate multiple operating goals. In addition, setting optimal rules by hand can be
difficult for complex systems because of the large number of system states.

S1: Py=0, P,=0;
S2: Pi=0, Py—|P, ;

S3: Pﬂ"f'zov Ph:'|Ph,rh;:|-;

S4: Pﬁ-:P_ﬁ maxs P}r:Pm'P_ﬁ maxs
85: Pﬁ.:Pﬁ naxs Ph:Pﬁ,d{.frg;
S6: Pr=Ppmaxs Pr=0;

§7: Pi=Py, Pr=-|Ppmax-Pul:
S8: P=0, P,=P,;

S9: Pr=Pu=Phgengs Pv=Phdche.

Figure 2.3 Rule-based energy management for battery/fuel cell system with finite state
machine [70]

2.2.1.2 Comparison with fuzzy rule-based methods

In deterministic rule-based algorithms, the crisp logic is applied in which a proposition is
either true or false (1 or 0). In contrast, fuzzy rule-based algorithms apply fuzzy logic in which
propositions are presented with degrees of truthfulness or falsehood, i.e., fuzzy logic uses a
continuous range of truth values from 0 to 1 [71]. The conventional fuzzy system requires
expert knowledge of the process operation for the parameter setting, and the controller can be
only as good as the expertise involved in the design [72]. To avoid the inadequacy in
applications with fixed parameters, adaptive fuzzy controllers are proposed to generate and

modify the control protocol by a learning process based on measuring performance [73].

24



Conventional fuzzy rule-based methods have been applied for onboard ESM and PAS problems
for a common bus in [74] and [75], and load management in [37]. In [76] and [77], an adaptive
fuzzy rule-based mechanism is developed to validate the integrity of the critical data for the

power/energy control of an emergency power system of MEA and detect potential cyber-attacks.

Table 2.1 presents the advantages and disadvantages when comparing deterministic rule-
based methods to fuzzy rule-based methods. Based on the application requirements in this
research, deterministic rule-based methods are adopted as low-level control in the proposed
hierarchical control framework, to collaborate with high-level optimization-based control. The
proposed deterministic rule-based methods and the hierarchical control framework are

introduced in detail in Chapter 5.

Table 2.1 Comparison of deterministic and fuzzy rule-based methods

Methods Deterministic rule-based Fuzzy rule-based
1. Less design complexity, especially | 1. More tolerant to imprecise
when the EPS is complex with multiple | measurements and variations
decision variables 2. Require less expert knowledge for
Advantages | 2. More straightforward to collaborate | adaptive fuzzy methods

with other controllers, such as

optimization-based control

3. Less computational complexity

Disadvantages

1. Less

measurements and variations

tolerant to  imprecise

2. Require complete expert knowledge

1. Additional design complexity, such
as fuzzification and defuzzification,
therefore less adopted when the EPS is
complex with  multiple  decision
variables

2. Not common to collaborate with
optimization-based control

3. More computational complexity

2.2.2 Optimization-based methods

Exact methods and heuristic methods are two classifications of optimization techniques.
The exact methods formulate the objectives and constraints by linear programming (LP), MILP,
MINLP, and etc., which are solved for global optimal solutions. However, exact methods are
feasible only when the model is convex with limited nonlinearity, such as quadratic functions.
In contrast, heuristic methods rely on random searching, which are applicable when the exact

methods are infeasible, such as genetic algorithms, Tabu search, etc.
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2.2.2.1 Exact methods

Exact optimization method takes advantage of the analytical properties of the problem to
generate a sequence of points that converge to a global optimal solution [78]. These methods
benefit from a variety of commercial optimization solvers, such as CPLEX, Gurobi, Xpress,
etc, to effectively provide reliable solutions to the power system problems [79], [80]. The
following subsections introduce the applications of MILP and MINLP, which are the
highlighted methods in this research.

1) Mixed-integer linear programming

LP-based techniques are used to linearize nonlinear power system optimization problems
so that objective functions and constraints in these problems have linear forms [81]. LP has
been widely used in various engineering disciplines, such as flow control and power
management, because it provides a guaranteed solution to a well-formulated problem, and it is
possible to solve a large-scale problem in a reasonable time [82],[83]. In the 1990s, M. Mangoli
et al. applied an LP formulation for both active and reactive power optimization modules,
utilizing the revised simplex method [84]. In [85], LP is used for the optimization of operating
cost for a single-phase high-frequency AC microgrid with distributed energy sources.

The LP only contains continuous variables such as power/energy and SOC. In real
applications, binary/integer variables are often required, to present connection or on/off
activities in the EPS, such as load shedding, generator starting, etc. To decide these integer
variables, MILP techniques are proposed. Compared to LP, MILP involves problems in which
only some of the variables, are constrained to be integers, while other variables are allowed to
be non-integers. In addition, all of the constraints and objective functions are formulated as
linear functions. Similar to LP, the MILP output is predictable, being mathematically calculated,
and can be used for both stability and reliability studies, thanks to its strong mathematical
formulation; this is a great advantage for aeronautical applications [86]. Hence, MILP
techniques are adopted in various EPS optimization problems for simultaneously providing

decisions of EPS configurations, load connections, and power/energy flow.

A MILP-based dynamic load balancing for civil aircraft is proposed in [87], to reduce the
peak currents of the power feeder and to minimize the return current. To solve the problem
within a limited time, i.e. 10ms, this study proposes to add a break condition and reduce the
number of loads by defining a threshold for the load level. In [30], the authors formulate the
EPS connectivity, safety and performance requirements in terms of MILP constraints, which
are combined with the MPC framework. The proposed method optimizes the number of
generators used, load shedding, battery usage, and switching activities in the presence of one

generator fault. The load management of the aircraft EPS is also studied in [86] with a MILP
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formulation for the constraints of voltage and power. In this study, to overcome the quadratic
problem formulation when the grid is expressed in terms of the conductance matrix, the authors
propose to express the voltage limits in terms of power, giving a homogeneous formulation to
the problem. The authors of [88] introduce MILP methods for optimal PAS and unit
commitment for diesel-electric marine vessels to reduce the power, starts/stops and running
hours of gensets. To reduce the computational burden, [89] proposes a MILP model for fuel
reduction of the powertrain on a hybrid electric vehicle, which is relaxed to a LP, and devises
an iterative algorithm for rapid computation. MILP has also been widely used in various
optimization problems for residential EPSs. For example, it has been applied to schedule the
thermal generators in [90] and [80], and cope with optimal power flow calculation for real-time
control in [91] and [92]. In [93], the MILP is compared and aided the fuzzy logic methods for
the ESM and PAS problems.

2) Mixed-integer nonlinear programming

In some cases, nonlinear functions are required to describe the EPS. As introduced in
Section 1.1.4, quadratic functions are applied for modelling the cost functions, such as fuel
consumption and transmission power losses. Nonlinear programming (NLP)-based techniques
are applied to handle power systems operation problems with nonlinear objective and constraint
functions. Quadratic programming (QP) is the most commonly used form of NLP in real
applications, where the objective function of the QP model is quadratic, and the constraints are
in a linear form. In [94], a QP-based method is proposed for optimal ES management and power
allocation strategies, and optimal flight paths for the fuel cell-powered hybrid unmanned aerial
vehicles (UAV). To minimize fuel consumption for hybrid electric aircraft (HEA), the study in
[95] uses QP to formulate the system subject to the constraints of the ESS, electric motors, and

gas turbines.

The aforementioned NLP and QP based methods only contain continuous variables.
Considering both continuous and integer variables, such as the power allocation and EPS
connectivity decisions respectivly, MINLP and mixed-integer quadratic programming (MIQP)
are introduced. Compared to other NLP and MINLP models, QP and MIQP models have less
computational complexity. Some solvers, such as CPLEX, Gurobi, can solve QP and MIQP
problems as long as they have the right kind of structure. In [49], the cost for the generators in
PAS is proposed as a quadratic function to confine the generators to work within a preferred
range. Considering the connection of three HVDC buses, the optimal PAS is formulated as a
MIQP and is solved by Gurobi solver. An AC/DC hybrid EPS system with multiple buses is
studied in [21] and [96], which aims to reduce the costs of fuel burn and energy storage (ES),

both being formulated as quadratic functions considering the bus interconnections. To reduce
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the computational complexity, Lagrangian relaxation and sub-gradient methods are applied to
distribute the PAS into four QP problems in the corresponding subsystems, resulting in a
computation time reduction of 95% compared to the conventional centralized MIQP method.
Targeting appropriately selecting the operation modes of a DC microgrid with renewable
energy sources and the ESS, a MIQP method is proposed in [97] to minimize the perturbation

of the small signal branch current and the operation cost.

2.2.2.2 Comparison with heuristic methods

Due to the complexity of the EPS operation problems, accurate formulation of the system
characteristics, such as battery degradation, generator efficiency curves, transmission losses,
combined switching decisions, etc., leads to the highly non-linear and non-convex optimization
model, for which the exact methods become less applicable or infeasible. In these cases,
heuristic algorithms based on random search mechanisms can potentially be applied to obtain
good (i.e. near-optimal) solutions at a reasonable computation cost without being able to
guarantee optimality [98]. Heuristic algorithms include evolutionary-based algorithms (e.g.
genetic algorithms), swarm-based algorithms (e.g. particle swarm optimization), and Tabu
search [99]. In [100] and [101], the operational control of the MEA EPS is solved by genetic
algorithms aiming to improve the efficiency of the generators and converters with nonlinear
cost functions. The power allocation and scheduling for hybrid onboard energy sources is
solved by particle swarm optimization in [102] and [54] to minimize hydrogen consumption.
Residential distribution systems are reconfigured by Tabu search in [25], [103], [104] to reduce

power losses.

Table 2.2 compares the advantages and disadvantages of exact and heuristic optimization
algorithms. In most practical applications, exact optimization-based methods are adopted when
the problem can be formulated in a solvable model, therefore it is unnecessary to resort to
heuristic methods. In this thesis, two exact optimization methods are adopted . Based on the
problems formulated, MILP is adopted in Chapter 3-Chapter 5, while MIQP is adopted in

Chapter 6 when uncertainties are studied.
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Table 2.2 Comparison of exact and heuristic optimization methods

Methods Exact Heuristic
1. Guarantee the global optimality 1. Fewer limitations in mathematical
2. Commercial solvers give solutions | formulization of control problems
efficiently with high accuracy 2. Better ability to cope with nonlinear
Advantages

3. A benchmark to the

verify

performance of the heuristic methods

and nonconvex problems
3. Pareto optimality for multi-objective

functions

Disadvantages

1. Often highly reliant on the structure of
the mathematical formulization of the
problem - e.g. some methods have
limited ability to cope with nonlinear and

nonconvex problems, some rely on being

1. The global optimality cannot be
guaranteed
2. Additional

performance is needed

verifications of the

3. Computation time cannot be foreseen

able to decompose the problem into
stages, or to be able to quickly
eliminate/prune infeasible areas of the

search space.

2.3 Model predictive control for future status considerations

Instead of solving the optimization problem for a single time step, model predictive control
(MPC), also named receding horizon control, computes the optimization problem over a future
time horizon to optimize forecasts of behavior [105]. This leads to the system acting in advance
to (predicted) future system changes, thereby avoiding operating based on the worst-case
scenarios, with potentially high costs. The inherent feedback mechanism of MPC, stemming
from its receding horizon mechanism, makes the system more resilient to predictable future
changes [39].

In the application for MEA, on the one hand, the robustness of controller design can benefit
from the intrinsic robust characteristics of MPC due to the rolling horizon strategy. On the other
hand, the system operational and time-coupling constraints can be integrated into the MPC
model. As mentioned in Section 2.2.2.1, [30] integrates the MILP model with the MPC
framework for optimal PAS and load management of aircraft EPS, which reduces the switching
of the APU and loads when generator faults occur, based on EPS prediction of loads and ESS
dynamics. In [106], a stochastic MPC method is proposed based on the MILP model in [30],
with the consideration of load demand and connection fault uncertainty. When the quadratic

cost functions are proposed for generators, MIQP models are adopted into MPC in [107] and
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[21], while [21] reduces the computation complexity by introducing adaptive horizons. In [108],
a QP based MPC model is proposed, to reduce fuel consumption considering electrical and
mechanical powertrain losses and constraints on the battery, electric motor and gas turbine for
a HEA. Rather than solving a MIQP model by exact methods in MPC controller for one
objective function, [100] and [101] apply NSGA-II (Non-dominated Sorting Genetic Algorithm
I1) to calculate the Pareto optimum of the EPS level efficiency with multi-objectives, while
considering generator and transmission cable faults. In [57], a hierarchical MPC framework for
a hybrid propulsion system is presented to minimize the power generation costs and delivery
losses, decoupling the slow energy management from dynamic power management in a holistic
optimized manner, which is implemented on heterogeneous real-time computing hardware.
However, the possibility of load shedding and system failure is not considered. With regard to
different time scale and design entities of different subsystems, [109] proposes a distributed
MPC to exploit the differing rates of the control updates of the engine and power subsystem
controllers while preserving subsystem privacy, which matches the performance of a fully
centralized MPC.

The benefits of MPC also inspire its application in the EPS of EV and residential grids. In
[110] and [111], the NLP-based MPC controller attempts to minimize the vehicle equivalent
fuel consumption and the battery capacity fade at the same time. To enhance the battery lifespan
and power performance, [112] and [113] propose a QP-based MPC approach to reduce the
battery power variation and maintain supercapacitors’ SOC at their desired values. In [58],
MILP-MPC is proposed to supervise a rule-based controller for optimizing a household energy
cost by scheduling load power and ESS, which considers battery degradation. In [114], [115],
MILP-MPC is applied for achieving economic efficiency in residential microgrids. In [114],
the quadratic cost function of fuel consumption is linearly approximated, while in [115], a

hierarchical MPC architecture is applied to coordinate a group of microgrids.

In this thesis, MPC is adopted in Chapter 4, Chapter 5, and Chapter 6. In Chapter 4, when
ESS and load management are studied, MPC is introduced to provide optimal decisions
considering future energy and load power predictions, and the improved performance compared
to instantaneous framework is studied. Based on the conclusions in Chapter 4, in Chapter 5,
MPC is adopted in the HL optimization for the entire EPS operation with multi-objectives. In
Chapter 6, the MPC model proposed in Chapter 5 is combined with chance constraints to cope

with uncertainties.
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2.4 Hierarchical control for various dynamics

To cope with the control targets in different time scales and deal with computational
complexity appropriately, hierarchical control architecture is commonly used, which consists
of controllers in different levels, and in each level, different control techniques can be adopted
[116]. In this thesis, a hierarchical control architecture is proposed in Chapter 5 to improve the
long-term performance and quick responses to short-term power/faulty changes, which is

inspired by the following studies.

In [117], [118], and [14], a two-level fuzzy rule-based supervisory controller is designed
for embedded EPS, with the first level to determine the total required power, while the second
level has to minimize the dissipated power and compensate for the slower dynamic behavior of
the storage system. Considering the load operative mode and health level of MEA, a three-level
hierarchical fuzzy rule-based method is studied in [37] for fault-tolerant load management,
which consists of a task level, an optimization level, and a detection level. In [57], for the
aircraft EPS supplying loads with hybrid power sources, the authors propose a hierarchical
MPC framework with two levels to reduce long-term energy costs and the transients for voltage
regulation and current following. In [30] and [106], the authors assume a rule-based low-level
(LL) controller to collaborate with a high-level (HL) MPC controller for MEA EPS, without
introducing the details of the LL controller design. For an HEV EPS, a two-level MPC method
is proposed to overcome the computation burden in [119]. The HL MPC computes the travel
time and battery energy for the entire route by using an abstracted powertrain model, while the

LL computes the optimal control for a short horizon following the target sets from HL.

In residential microgrids, the hierarchical operational control can be used both in multiple
cooperative microgrids as well as within a single microgrid. Loads and ESS are managed for a
household EPS in [58] and in [120] with renewable generation, which introduce a hierarchical
two-layer control to reduce daily household energy costs with the upper layer using MPC and
the lower layer comprises a rule-based real-time controller, compensating for the effects of
forecast uncertainties and sample time resolution. In [51], a 4-level MIQP-MPC controller is
designed, coping with the time scale from long-term, medium-term, short-term, and very short-
time, to reduce the operational cost and ESSs degradation for a microgrid, in which the ESS is
scheduled to start-up/shut-down with power scheduling. For an isolated microgrid with
renewable energy, energy storage, and interruptible loads, [121] proposes a two-stage MILP
based robust MPC controller, which solves the unit commitment in the first stage and solves

the final power dispatch commands in the second stage.
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2.5 Techniques for uncertainty considerations

Without considering the uncertainty during the sample intervals and future predictions, the
deterministic operational control, such as deterministic MPC (DMPC), can provide ineffective
strategies to the EPS, resulting to violations of EPS operation requirements and safety
limitations. Hence, stochastic and robust methods are proposed to model the EPS uncertainty,
which can be combined with the aforementioned techniques. Both methods are reviewed and

compared in the following subsections.

2.5.1 Stochastic methods

Rather than estimating the worst-case scenario, the uncertain parameters are modeled by
probability density functions (PDFs) and are coped with by different stochastic strategies [122].
In these strategies, loads are commonly modeled as a Gaussian PDF, the wind speed of a wind
turbine is commonly modeled as a Weibull PDF, the generated power of a PV generator is
commonly modeled by Beta distribution [123], and failures can be modeled by a Bernoulli
distribution [124], [125] or uniform distribution [126]. Chance constrained (CC) methods and
scenario-based methods are two typical stochastic programming methods for modeling
optimization problems with uncertainties. When stochastic programming is integrated with
MPC, it is also known as stochastic MPC (SMPC), which is increasingly studied nowadays in

the studies of optimal operational control of EPS under uncertainties [127].

In [30], when DMPC is applied for optimal load management of an aircraft power
distribution system, the uncertainty in load demand leads to poor performance of the DMPC
due to imprecise load predictions. Therefore, the authors in [106] propose a chance-constrained
stochastic MPC (CC-SMPC) method, solved by MILP, to optimize the same onboard load
management problem, considering the load demand uncertainty and contactor failures. Day-
ahead scheduling is studied in [128] and [129] for residential microgrids, considering forecast
errors of renewable energy resources as well as load demand. In [128] a CC-based strategy,
solved by MIQP, is proposed for reconfigurable microgrids, which models the probability
constraints of islanding capability, aiming to reduce the costs of fuel, reliability, purchasing
power, and switching. In [129], a hierarchical chance-constrained strategy solved by MILP is
proposed for ESM and PAS, considering the degradation cost of energy storage elements.
Focusing on the unit commitment problem, the chance constraint is used to restrict the
probability of load imbalance in [130], where the authors propose a bilinear MILP formulation
method for CC-SMPC to reduce the computational complexity for large-scale systems. Without
configuration decisions, CC-SMPC solved by QP is applied for the coordinated energy
management of terrestrial multi-microgrids for ESM and PAS in [131] by a distributed
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framework and in [132] by centralized framework, while different distribution characteristics

of uncertainty sources are considered in [131].

Rather than directly formulating uncertainty with chance constraints, some studies solve
the optimization problem for a number of predefined uncertain scenarios at each time step,
which is known as scenario-based stochastic optimization [133]. When combined with MPC,
the MPC model is solved for all scenarios at each time step, which is known as scenario-based
SMPC. This method is applied for operational scheduling and hourly reconfiguration of
distribution systems of residential grids in [134], and for energy management of ESS and
distributed energy sources in [135], [136], and [137]. Moreover, in [138], a scenario-based
SMPC strategy is proposed for coordinated engine and power management of MEA. Compared
to CC-SMPC, scenario-based SMPC methods heavily rely on the selection of predefined
uncertain scenarios at each time step. More scenarios normally indicate better representations
of uncertainties; however, this can result in a dramatic increase in the computational time for

large-scale systems or systems that contain a large number of decision variables.

2.5.2 Comparison with robust methods

Robust optimization (RO) was relatively recently introduced as a method to incorporate
uncertainty into mathematical programming models (Ben-Tal et al., 2009). By the very nature
of the methodology, robust optimal solutions are highly conservative, aiming to hedge against
all possible worst-case realizations of the uncertainty [141]. It essentially targets finding the
decision variables that would maximize the minimum possible objective function value under
uncertainties. For the PAS and ESM of a fuel cell/ ultra-capacitor HEV, a RO-based EMS
solved by PSO is studied in [142] to improve fuel economy, FC system slow dynamics, and
solutions’ robustness under uncertainty parameters such as the propulsion demanded power. In
[143], power exchanges between distribution systems and networked microgrids are formulated
using two-stage robust optimization in a decentralized framework to address the uncertainties

of renewables and load demands.

Table 2.3 Comparison of probabilistic and robust methods

Methods Probabilistic Robust
1. Better cost-risk trade-offs 1. Less nonlinearity in the model
2. Better approximation to real | 2. Ability to cope with the scenarios
Advantages L o
probabilistic distributions when probabilistic distributions are
unknown

) 1. Computation complexity with more | 1. Highly conservative
Disadvantages ; o
nonlinearity in the model
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Table 2.3 compares the advantages and disadvantages of probabilistic and robust methods.
In Chapter 6, uncertainties in both HV and LV sides are considered as Gaussian distributions
when adopting CC-SMPC.

2.6 Chapter summary

This chapter firstly introduced four aspects focused on the operational control design,
including mathematical formulations and solution calculations, acting according to future
predictions, responding to EPS dynamics in different time scales, and uncertainty
considerations, which are studied in the following chapters. After that, the techniques adopted
in the following chapters are reviewed and compared with other typical optional techniques,
which provides a deep insight into developing operational control with different techniques,
referring to their advantages and applications in literature. In addition, from this literature
review, it is found that there are few studies considering applications in airborne EPSs. This
research gap is filled in this thesis.
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Chapter 3 Optimal power allocation and

scheduling by MILP in the distribution system

In this chapter, the optimal power allocation and scheduling (PAS) is studied for a modular
converter-based EPS distribution system for two vital targets: routing the power in the system
with less transmission losses; and reducing the generator sizing by minimizing the required
overload capabilities for lighter main generators. The PAS is initially integrated with
reconfiguration of the studied EPS, which introduces constraints and objective functions with
both continuous and binary decision variables. By linearizing the nonlinear transmission
efficiencies, using piecewise-linear functions, the proposed MILP model can be formulated and
solved efficient by MILP solvers, which provides optimal solutions for both PAS and

reconfiguration simultaneously.
3.1 Introduction

3.1.1 Modular converter-based distribution architecture

In Section 1.1.3, the EPS architecture with modular power converters is introduced. In this
chapter, power transmission from generators/APU to loads is studied with a simplified case
presented in Figure 3.1, which is comprised of four 28V LVDC buses, two 270V HVDC buses,
and one APU bus. The main generators/auxiliary generator power the HV buses, and a group
of HV loads, via AC/DC rectifiers. The LV buses are connected with the HV buses through
bidirectional DC/DC power converters (named cells), which supply LV loads. In this chapter,
the modular DC/DC converters are assumed to consist of eight cells, giving an example of PAS
formulation for this type of architecture. Each cell is rated at 3kW. In addition, the energy

storage system and load shedding are not investigated, but these will be discussed in Chapter 4.
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Figure 3.1 Modular converter-based EPS distribution architecture

3.1.2 Targets of optimal PAS with EPS reconfiguration

Based on the load requirements and system operation constraints, operational control for
this distribution system aims to configure the EPS to allocate power in each generator and
transmission branch. Two control targets are studied in this work. Firstly, EPS total power loss
is minimized. Then, a generator sizing problem is studied by minimizing the power requirement
on each generator. The EPS reconfiguration requirements are integrated into the constraints in
the PAS.

3.1.2.1 Minimizing power losses in different flight stages

In this study, the optimized PAS has to work out the most efficient paths to transfer the
power and minimize the total power demand for the generators. For example, modular power
converters/cells can be used in the power distribution system, and for each converter/cell the
efficiency is a non-linear function of input power. The optimal PAS provides power references
to the converters/cells to make them operate at a higher efficiency range, based on the system
operation constraints including generator failures. The detailed problem formulation and
numerical simulation results will be presented in Section 3.2. The optimal PAS are illustrated
for several cases of different load requirements, to present the effectiveness of the proposed

model.
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3.1.2.2  Size reduction of each generator

Generator sizing is a system design optimization problem which aims to select the most
suitable generator size. In general, the generator sizing depends on load requirements and
distribution losses, thus the power requirements allocated to a generator dramatically influence
its size. The main objective for this problem is to reduce generator power rating, hence, to
reduce the total weight, but with load satisfaction over the whole flight. Despite reducing the
total power demands from the generators, this problem requires the minimum power demand
from each generator. Because the two problems are based on similar power limitations, in this
study we propose the method to solve the generator sizing problem based on the optimal PAS

for loss reduction by introducing new constraints and objectives.

Three scenarios are simulated in Section 3.3 to present the power required from each
generator during different flight stages with various loads. In each scenario, the generator
operation range and the maximum output power are compared for both optimal PAS problems,
i.e. power loss and generator sizing reduction. This comparison presents the effectiveness of

the modelling techniques for different objectives.

3.1.3 Contributions

As introduced in Section 2.2.2.1, although optimal PAS has been studied for aircraft EPS
in [30], [107] and [96], none of these considered the converters, nor included the transmission
losses in their models. In [101] and [100], the generators are controlled to operate at high
efficiency, while the power loss during power conversion is considered in power balance
equations. However, the transmission efficiencies are simplified by treating them as constant
values, and the model only considered the generator and HV bus side. In addition, the
constraints for the operation of modular converters have not been studied in the literature. The
generator sizing problem has been investigated for terrestrial EPS, for instance, the optimal
location and sizing of distributed generation sources are formulated in [144] and [145] to
minimize the network power losses and improve voltage regulation within the framework of
system security constraints in a radial distribution system. However, these studies contain load
flow analysis in their models and they both focus on AC terrestrial grids, while EPS in MEA

should consider different constraints and modelling methodologies.

In this study, two optimization problems with regards to optimal PAS are addressed, as
defined in Section 3.1.2. These two problems are investigated for the distribution architecture
shown in Figure 3.1, where each bidirectional DC/DC converter (cell) can operate in buck or
boost mode, allowing bidirectional power flow. The objective is therefore to formulate a
solvable mathematical model for both problems, subject to the power system operation

constraints, including the power balancing and the limitations for each bus/converter, the

37



bus/converter connection logic, the transmission losses in the cables and the nonlinear converter
efficiency characteristics. In addition, this is not really a static problem: when the load
requirements change during different flight stages, the optimal solutions will change to
accommodate the changing loads. This study proposes a formulation method for optimal PAS
with modified cost functions and constraints, as well as providing mathematical models for
both loss reduction and generator sizing problems. The nonlinear functions caused by
efficiencies and losses in the models are modelled using a piecewise linearization method to
deal with these nonlinear constraints. Using the proposed method, the models can be formulated
as MILP models and solved using the CPLEX MILP solver.

3.1.4 MILP model

As the PAS and reconfiguration problems are integrated in this study, MILP is proposed to
formulate the problems mathematically, which benefits from effective solvers for global
optimal solutions, as introduced in Section 2.2.2. In addition, compared with nonlinear
programming, MILP models has fewer feasibility issues. Hence, it is preferable to model the
EPS with less nonlinearity. In this study, linearization techniques are proposed in the model

formulation.

The generic form of deterministic MILP problem can be presented as follows, where x is
a set of integer variables, y is a set of continuous variables, g(x, y) is the objective function,
A,B,C,D,E are parameters describing the system, such as load demands, maximum power,

efficiency factor, etc. In the following sections, the models are formulated in this form.
min g(x,y) = Ax + By (3.1)
xy
Subject to

Cx+Dy<E

x € {0,1}

3.2 Optimal PAS for minimizing power losses in different

flight stages

3.2.1 Model formulation

To concentrate on power flow analysis, a single line power flow diagram, as shown in
Figure 3.2, is built for the studied architecture. In this diagram, the devices, such as generators,
buses, cells, and loads, are represented by nodes, the power flows are given as lines where the

arrow indicates flow direction. The system consists of two main generator nodes G1 and G2,
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one APU generator node, two HVDC bus nodes HVB1 and HVB2, one APU bus node APUB,
eight cell nodes from Cell1 to Cell 8, four LVDC bus nodes from LVB1 to LVB4, two HVDC
load nodes HVL1 and HVL2, and two LVDC nodes LVL1 and LVL2. The unidirectional power
flows from the main generators/APU generator to HV/APU buses, and from the buses to loads,
are represented by blue arrows. Bidirectional power flows between the buses and cells and
among LV buses are represented by red lines. The notations for the parameters and the decision
variables (including the binary and continuous variables) used for the model formulation is
shown in Table 3.1-Table 3.3.

Table 3.1 Notation for parameters

Connection status
af €{0,1} the connection status between the generator i and corresponding HV bus
¥y €{0,1} the connection status between HV load p and corresponding HV bus
04 €{0,1} the connection status between LV load g and corresponding LV bus
Efficiency parameters
Ne the efficiency of cell ¢ in buck mode
n'. the efficiency of cell ¢ in boost mode
v the cable efficiency between the APU bus and HV bus j
Newt the cable efficiency of LV bus connection between bus k and k'
niwe the cable efficiency between the HV bus j and cell ¢
nkr¢ the cable efficiency between the cell ¢ and LV bus k
Power limits
meax the maximum power can be produced from each generator
PAPU the maximum power can be produced from APU generator
PS o the capacity of cell
Pilx the maximum HV load
PYrax the maximum LV load
PE max the maximum power can be transferred between LV bus nodes
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Table 3.2 Notations for binary decision variables

Connections status between layers

a?PlU € {0,1} the connection status between APU to APU bus
x; € {0,1} the connection status between the APU bus and HV bus j
Bjc €{0,1} the connection between HV bus j and cell ¢
fic €{0,1} The variables of indicators for power flow direction from HV bus j to cell
¢, the cell operates in buck mode
fic €{0,1} the variables of indicators for power flow direction from cell ¢ to HV bus j,
the cell operates in boost mode
0. €{0,1} the connection between LV bus k and cell ¢
fo €{0,1} the variables of indicators for power flow direction from cell ¢ to LV bus k,
the cell operates in buck mode
for €{0,1} the variables of indicators for power flow direction from LV bus k to cell c,
the cell operates in boost mode
Connections in the same layer
Yir' €{0,1} the connection status between the LV bus k and LV bus k'
1Y € {0,1} the variables of indicators for power flow direction from LV bus k to LV
bus k'

Table 3.3 Notations for continuous decision variables

Power flow at/between nodes

PiG € [0' Pi(_;max]

the power from generator i to corresponding HV bus

P € [0, BIEY]

the power from APU to the APU bus

AHV APU
B € [0, Phax

the power from APU bus to the HV bus j

Pi2Y¢ € 10, Prax/njc ]

the power from HV bus j to cell ¢, the cell operates in buck mode

HVC
ch,in

€ [0, Prax]

the power injected into the cell ¢ from HV bus j, the cell operates in buck

mode

Pei € [0, Brax]

the power from cell ¢ to LV bus k, the cell operates in buck mode

1HVC
P jc € [0: Prgax]

the power from cell ¢ to HV bus j, the cell operates in boost mode

LVC
p ck € [O'Pngax/ng}cl

the power from LV bus k to cell c, the cell operates in boost mode

1LVC
p ck_in € [0: Prrclax]

the power injected to cell ¢ from LV bus k, the cell operates in boost

mode

R € [0,

the power of HV load p

PqLVL € [0’ PqL_%ax

the power of LV load g

PLV ]

kk'_max

P, € [0,

the power from LV bus k to LV bus k'
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HVL1 LvLl LvL2 LVL3 LviL4 HVL2
Figure 3.2 Simplified power flow diagram of the studied system

3.2.2 Objective functions

The objective of power allocation is to minimize the total power demand from generators
while satisfying load demands. In different flight stages, the loads change, thus the optimal EPS
configures power contactors on/off status, and the power flowing through each component to
achieve a more efficient topology, in other words reducing the power losses from the generators
to the loads. The objective function can be expressed in (3.2), where N¢ is the total number of

main generators.

1 NG
JP) = g Q. P+ PA) (32

3.2.3 Constraints

1) Power balance constraints

Power balance for each node is essential to maintain voltage stability. The power flowing
through each node should strictly comply with this rule — the sum of power into/out each node

equals zero (Kirchhoff’s Current Law for a given voltage).

For the APU bus node, the power balance equation in (3.3) should be satisfied. The

equation represents the power drawn from the APU equals the power flowing into the HV buses.
pAPU _ Z PAHY = (3.3)
j

For all HV bus nodes, the power balance equation is presented in (3.4), where N#V5 is the

number of HV buses. The input power for each HV bus includes the power from the connected
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generator/APU bus, and the cells when in boost mode, and the output power flows to the

connected HV loads and the cells when in buck mode. The cell can only operate in either buck
or boost mode, which means either P’ﬁvc or PfC”’C is 0. This constraint is demonstrated in

unidirectional constraints.

' . 3.4
PP+ VP 13 (VP Y~ PIVE) 3, B = 0, v e (1, Ny B

For all cell nodes, the power balance equation is presented in (3.5), where N¢ is the number
of cells. In (3.5), the first term indicates the power between HV buses to cell c; the second term
indicates the power between LV buses to cell ¢. The input power for each cell includes the
power from the HV buses (buck mode) and the LV buses (boost mode), and the output power

includes the power flowing to HV buses (boost mode) and the LV buses (buck mode).

1 ' / 3.5
01 2 P = 5, PR = (TP =i B P) = 0, ve e 1 Ny B9

HVC _ pHVC.,,HVC prLVC _ p/LVC_ LvC
where PjC_iTl —ch T]]C 1P ck_in =P ck Mk -

For all LV bus nodes, the power balance equation is presented in (3.6), where NLVB is the
number of LV buses. In (3.6), The first term indicates the power between cells and the LV bus
k; the second term indicates the load power allocated on LV bus k; the third term indicates the
power between LV bus k and LV bus k. The input power for each LV bus includes the power

from cells (buck mode) and the adjacent LV bus nodes P,f,Vk, and output power includes the

power flowing to cells (boost mode) and the adjacent LV bus nodes P,ﬁ,‘c’,. Power exchange
between the LV buses is bidirectional, but it cannot flow in both directions simultaneously.

Hence, either Yy.rr PLY), OF Yxis Prypr should be 0.
N PR = P'ek®) = Bq PEE = Siewrr Py — M Per) = 0, (3.6)

vk € {1,..,N"B}
2) Component efficiency and linearization

In the power balance equations (3.3) - (3.6), the cable losses and the cell efficiencies are

taken into consideration.

e Cable losses and efficiency coefficient

The cable losses in LV bus interconnections, between APU bus and HV buses, and the
connections between HV/LV buses and converters are considered. In the DC grid, the power

losses for cables are mainly copper losses, which can be calculated as

P, = I’r 3.7)
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where P, is the cable/copper losses, I is the current flowing through this cable, and r is the

cable resistance. Hence, the cable efficiency coefficient can be calculated as follow:

— Ptrans — Ptrans (38)
Ptotal Ptrans + PCu

where P;,:q; IS the total power flowing into this cable, P,.., is the power transferred to the

next node.

Taking the cable between one cell and one LV bus as an example to calculate the cable
efficiency coefficient nLY¢, the power flows and cable losses are presented in Figure 3.3 (a),
where P{Y'¢ represents the power out of the converter 1 to LV bus 1, P{y$, represents the power
into the LV bus 1, P, represents the power losses on the cable between Cell 1 and LV bus 1
(LVBL1), and the PEVL is the LV load power demand. The efficiency coefficient for this cable

nL¥C can be calculated as follow:

LVC pLvc 1
Lvc _ “11_in __ 11_in _
M1 = pLvC — pLvC L p T P, (3.9)
11 11_in Cu 1+ PLVI({‘

11_in

where P{{$, = P{VE.

In this study, the LV bus voltage is assumed to be kept constant at 28V, the current in this
routing can be calculated, thus the cable loss can be derived. The functions are shown in (3.10),
where r is the resistance of the cable. The current and the resistance of this cable in this route

is presented in Figure 3.3 (b).

LVC \ 2
P =%y = P . (pLVC. 2 T (3.10)
Cu 28V 11_in (28V)2
Celll Celll
e
r e
pLve sfeu _ Pii in
11_in >ay 28V
LVB1 28V LVB1
pivL
LVL1 LVL1
(@) (b)

Figure 3.3 Example to introduce cable loss and efficiency coefficient: (a) example of power
flows and cable loss from Cell 1 to load 1 (LVB1); (b) the current and resistance in this power

route
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Based on equations (3.9) and (3.10), the cable efficiency can be rewritten as shown in

(3.11). It can be observed that nV¢ Pw;c,, which presents a nonlinear function to the

11_in
decision variable. This introduces nonlinearity to the power balance constraints (3.6). Similar

derivations can be addressed for other cables.

phve — 1 (3.11)
11 pLvC .
14 1lin r
(28V)2

Assuming that cable resistance is small, the cable efficiency can be approximated to a
constant value to simplify the model formulation. For example, in this study, the cell is rated at
3kW, which means P{{$, < 3kW, hence if the resistance r is 1mQ, then 0.9962 < Y€ < 1.
In this case, an average efficiency 0.9981 is adopted as the constant efficiency coefficient for
this cable.

e Cell (modular DC/DC converter) efficiency

In contrast to cable efficiencies, the cell efficiency is typical a nonlinear function of input
power, as illustrated in Figure 3.4. This will lead to a nonlinear problem instead of a MILP,
unless it is reformulated in a linearized format. Therefore, a piecewise function is proposed to

linearize this nonlinear relationship.

1r

0 05 1 15 2 25 3 35 4 45
DC/DC Input power[kW]

Figure 3.4 A typical cell efficiency curve dependent on input power

In this study, it is assumed that the cell efficiency curve in both buck and boost operation

modes are the same. Their relationship is given in (3.12).
ne=£Q, B

Me=1Q, P

(3.12)
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where 3 ; P70 and ¥y P4y, are the total power flowing to the cell from HV buses and LV

buses respectively.

Equation (3.5) can consequently be presented in the format of (3.13) resulting, in

nonlinearity in the constraints, which is unsolvable in CPLEX.

GQ, P D, P ) PEO = P =1 PEG- ) Py =0 (13

In this case, a new decision variable PZY¢, is introduced to represent the cell’s output

power in buck mode, and P’ .5, to present the output power in boost mode. Taking the

variable PYyS, as an example, it can be approximated by a piecewise function, and each

segment is a linear function relating to the input power as demonstrated in (3.14).

Pt = ey, m=1y() P2
j
) PG o< ) B <
HVC HVC (3'14)
kzz P]cm+b2'lfm1 ijcm—

=1 .
ks ) PG+ by, if my< Y B <m,
j j

(ko ), P+ o if mas < ) PG <,
Taking the typical efficiency curve in Figure 3.4 as an example, the corresponding output

power PZY¢, can be illustrated in regarding to the input power X P]’ZVUC1 in blue, while the

piecewise linear approximation of PZ¥C, is in red with 5 segments. The piecewise output power

curve is very close to the original one.

4

Output power (real)
3.5 - |= “©= ' Output power (piecewise)

w
T

g
o
T

DC/DC output power [k\W]
oo

05r

0 0.5 1 1.5 2 25 3 3.5 4
DC/DC input power [kW]

Figure 3.5 Piecewise output power curve compared to the original one based on the typical

efficiency curve in Figure 3.4
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To verify its accuracy, the approximated converter efficiency 7, is derived in (3.15), which
is compared to the actual one in Figure 3.6. The figure shows that the approximated efficiency

7. s very close to the original.

HVC
. km2jPicimtbm N by, (3.15)
Ne = . pAVC = m T pHVC
J tjc_in J “jc_in
1 3 - T N
Efficiency (real)

0.9 = = = Efficiency (piecewise)
0.8
0.7

DC/DC Efficiency
o o ©o o o©o
Nt @

=
o

(=]
cg

0.5 1 1.5 2 25 3 3.5 4
DC/DC input power [kW]

Figure 3.6 The piecewise function derived efficiency curve compared to the original one

When the cell operates in the boost mode, the output power P’y oo, has a similar

relationship with the input power ¥, P'5, 5. A similar procedure could be adopted, and thus

no detail is presented here.

3) Power limitation constraints

As defined in Table 3.1, each connection/power flow direction has its power limitation — a
non-negative upper bound. The power in each connection also depends on its connection status,
when the connection status is 0, the power through this connection line is restricted to be 0.
This principle is similarly applied to the bidirectional power flow, i.e. when the power flow in
one direction is restricted to be 0 when the indicator of this direction is 0. The following

inequalities are proposed to present the power in connection lines.

Limitations of the generator power in (3.16) and APU in (3.17)

0<Pf <alps (3.16)

L_max

0 < PAPU < gAPUpPAPU (3.17)

Limitations of the power from the APU bus to HV buses
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0 < PAHV < x;pary (3.18)

Limitations of the power into and out of the cells in buck mode

3.19
0 < PG < ficPlax (3.19)
0< PR < fuPfax (3.20)
Limitations of the power into and out of the cells in boost mode
e (3.21)
0< P’ck_in < fc’kprgax
(3.22)

tHVC I pC
0<Pjc" < fijcPnax

Limitations of power out of and into the LV bus node k between the adjacent LV bus nodes

LV LV pLV 3.23
0= Pkk’ = fkk’Pkk'_max ( )

4) Unidirectional constraints
In Figure 3.2, the red lines presented the connections where the power has two optional

directions, but the power cannot flow in both directions simultaneously. Therefore, the

unidirectional constraints are set to avoid the conflicts in the power directions.

e Operation mode constraints of cells

Each cell can operate in either buck mode or boost mode, but it cannot operate in both
modes simultaneously. Thus, if a cell works in buck mode, the power flows from an HV bus to

an LV bus through it, and the power in the reverse direction is 0. This can be formulated as: if
PHVE ,PH/C > 0, then P'5Cn ,P’jHCVC = 0. The binary power indicators could be 0 or 1, in buck
mode, the binary variables f;. = 1, f, = 1, the boost mode indicators are forced to be 0. If the
cell is not connected to the buses, then variables are forced to 0. This if...then... function can be
realized when the constraints in (3.24) - (3.25) are combined with the power balance constraints

(3.4) - (3.6) and the power limitation constraints in (3.19) - (3.22).
fic + fie = Bje (3.24)
fer + fc’k = Ok (3.25)

e Bus interconnection power constraints

In practice, bus interconnections are connected only when any bus is in the faulty condition.
For example, an LV bus interconnection is connected when one LV bus is in the faulty condition,

which is studied in Chapter 5. In this chapter, the LV bus failures are not considered. However,
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to present the formulations of the bus interconnections and the configuration changes when
considering a wider range of options, it is assumed that the LV bus can be connected in the EPS
normal condition in this chapter. Hence, there is a situation that the LV bus interconnections
are adopted to supply one LV bus to provide sufficient power to the connected loads on this LV
bus when the EPS operates normally, despite the fact that this is unlikely in practice. The LV
buses are considered to be able to be connected together under this assumed situation. For an
interconnection of LV bus node k and k', the power could flow either from k to k', or from k'
to k. Similar to the converter operation mode constraint, the power flow constraints can be
realized by combining (3.26) with the power balance constraints (3.6) and the power limitation
constraints in (3.23).

3.26
fe + fitke = Vi (3.26)

5) Physical connection constraints

Besides the aforementioned constraints for the power flow perspective, some other

physical connection constraints should also be considered.

The APU connects to the APU bus only when a main generator failure has occurred, which

can be presented as in (3.27) where N¢ is the number of the generators.
aAPU 4 Z al < N6 (3.27)
{<
i

Each cell cannot be connected to more than one HV and LV bus, as presented in (3.28) -
(3.29).

0< Z B.<1 (3.28)
j

0< Z 0, <1 (3.29)
k

For the LV bus interconnection, only neighboring nodes can be connected together, as
presented in (3.30), where NLVB is the number of LV buses. It is noted in this study that LV
bus interconnections are assumed to be applicable in any EPS scenarios to present more
potential configuration results. However, in the following chapters, both HV and LV bus

interconnections are allowed only in an EPS faulty condition.

k'=k+1,and NIVE > k k' .. > 1 (3.30)

e Other physical connection assumptions

Some other physical connection assumptions are taken into consideration to simplify the

studied system, they are listed as follows:
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a) Each generator only connects to one specific HV bus.

b) Each HV/LV load only connects to one specific HV/LV bus.

c) The APU only connects to the APU bus.
3.2.4 Case study

To verify the effectiveness of the proposed model and algorithms, three cases will be
studied in this section, considering different load profile of MEA EPS, such as symmetric
HV/LV load allocation on the left and rights side of the aircraft. Case 1 and Case 2 show how
the EPS allocates power intelligently to symmetric and asymmetric load demands respectively
when all generators work well, while Case 3 shows the power allocation under one generator
failure. The topology used in these cases is given in Figure 3.1, and the adopted converter
efficiency curve is shown in Figure 3.4. Other parameters are listed in Table 3.4 and Table 3.5.
The values are assumed to consider the power losses caused by different cable resistance,
considering cable length, cross-sectional area, and resistivity.

Table 3.4 Cable efficiencies for bus connections

Parameters Values
n;.“HV 0.9998
Lv, 0.9000

Mere

Table 3.5 Cable efficiencies between HV/LV buses and DC/DC cells

Cable efficiencies 1/’ between HV bus j and cell ¢

;776"5 Cell 1 Cell 2 Cell 3 Cell 4 Cell 5 Cell 6 Cell 7 Cell 8

HVB1 | 0.9963 | 0.9962 0.9961 0.9960 0.983 0.982 0.981 0.980
HVB2 | 0.980 0.981 0.982 0.983 0.9963 0.9962 0.9961 0.9960

Cable efficiencies n%/¢ between cell c and LV bus k

k¢ | Celll Cell 2 Cell 3 Cell 4 Cell 5 Cell 6 Cell 7 Cell 8
LVB1 | 0.9963 | 0.9962 0.9961 0.9960 0.983 0.982 0.981 0.980
LVB 2 | 0.9960 | 0.9961 0.9963 0.9962 0.9835 0.9825 0.9815 0.9805
LVB 3 | 0.9805 | 0.9815 0.9825 0.9835 0.9963 0.9962 0.9961 0.9960
LvB 4 | 0.980 0.981 0.982 0.983 0.9960 0.9961 0.9963 0.9962

3.24.1 Case 1: symmetric load demands with generators in normal condition
In this case, the system has symmetric HV/LV load demands as listed in Table 3.6. From

the aforementioned constraints, it can be seen that the HV loads can be powered directly by the
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corresponding HV buses, while the LV loads are supplied by the LV buses which requires
DC/DC converters/cells to transfer the needed power, and each LV load can be supplied by
only one cell in this case. Based on the connection efficiency provided in Table 3.5, only Cell1,
Cell3, Cell5, Cell7 need to be used.

The simulation results are presented in Figure 3.7 and the derived converter efficiency
points are marked as red triangles on the efficiency curve. It can be observed that the power
balance is realized for all of the nodes and the most efficient connections are achieved as
expected. In addition, all of the converters are working in the high efficiency operation range.

Table 3.6 Loads in the system

Parameters Values(kW)

HV Loads {40,40}

LV Loads {1,2,2,1}

G1 APU G2
O
43.1231kwW 3.1228kW
@APUBus
HVB1 HVB2

.0692kW 2.0692k

LCelll Cell3 Cell4 Cell5 Cell6 Cell7 Cell8
10037kWK  \  \2.0074w 2.0074kW\ .0037kW
40kw Lw 40kw
LvVB1 LVB2 LvVB3 LVB4
40kW 1kw 40kW
HVL1 LVL1 LVL3 LviL4 HVL2

Converter Efficiency

1 T T
09t Real efficiency curve
’ / / 'V Derived efficiency in this case
08 1
Celll Cell3
07 r
> Cell7 Cell5
£ 06
e
E 0.5
8
S 0.4
[=]
0.3
0.2
0.1
0 . . L L . . L
0 0.5 1 1.5 2 25 3 3.5 4

DC/DC input power [kW]
Figure 3.7 Optimal PAS in Case 1
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3.2.4.2 Case 2: asymmetric load demands with generators in normal condition

In this case, the system has asymmetric HV/LV load demands as listed in Table 3.7, and
the LV loads demands more power compared to those of case 1, hence more cells will be used
in this case. One cell can meet the power requirement of LV loadl while either LV load2 or
load4 needs two cells, and LV load3 is so large that three cells would be required. The LV buses

could be connected together to optimize the usage of the cells.

The simulation results are presented in Figure 3.8 and the derived converter efficiency
points are marked as red triangles in the efficiency curve. It can be observed that the power
balance is realized for all the nodes and the most efficient connections are achieved by
connecting LVB2 and LVB3 together to compensate for the power needs of LV load3. In

addition, all of the cells are working in the high efficiency range.

Table 3.7 Loads in the system

Parameters Values(kW)
HV Loads {40,30}
LV Loads {2,3,6,4}
G1 APU G2

45.4256kW 40.1117kW
APU Bus

Converter Efficiency

08
Con3 Con2 Conl Con7 Con5
Con8 Coné

DC/DC Efficiency
o o o o
O Y

=)
N

o

Real efficiency curve
'V Derived efficiency in this case

o

0.5 1 15 2 25 3 3.5 4
DC/DC input power [kW]

)

Figure 3.8 Optimal PAS in Case 2
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3.2.4.3 Case 3: symmetric load demands with one faulty generator

In this case, the same symmetric load demands of case 1 are used. It is assumed that
generator 1 fails, therefore, to support the HV loadl and LV loadl and load2, either the APU
is needed or one or more cells could operate in boost mode to support HV busl and HV load1.
As the connection of the APU bus and HV buses have high efficiency, the APU should be
connected, and the other parts are similar as those in case 1. The simulation results are presented
in Figure 3.9, which are consistent with the previous analysis.

G1 APU G2
4
/ l43.1317kw 3.1228kW
/ 43.1317kW
| APU Bus
HVB1 b 443.1231kW HVB2

1.0475k 2.0773kwW 2.0769k

1.0418k .0692kW 2.0692k .0418kW

Cell1 Cell2 Cell3 Celld Cell5 Cell6 Cell7 Cell8
1.0037k .0074kW 2.0074kW .0037kwW
2kw 2kw 1kw
40kwW Thkw 40kwW
LVB1 LVB2 LVB3 LvB4
1kW 2kw 2kw 1kW,
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Figure 3.9 Optimal PAS in Case 3
3.3 Optimal PAS for generator sizing

Generators should provide for all of the demanded power in all flight stages, and the size
of generators is essentially related to the load requirements and the PAS. In the Section 3.2, the
PAS aims for higher efficiency and lower power losses. Combining some other constraints and
objective functions, the model can also be adopted to deal with the generator sizing problem.
In this section, the generator failures and APU connection are not considered, to simplify

explanations.

3.3.1 Model formulation
To formulate the problem, a new constant decision variable PC%,, needs to be introduced.

This denotes the maximum power required from each generator. Combining the model in

Section 3.2, the generator sizing problem can be formulated as follows:
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3.3.1.1 Obijective functions
The objective is to minimize the maximum power required from each generator. Hence,
the objective functions can be presented in (3.31), where N¢ is the number of generators, and

P&, is an initial value of the maximum generator power to provide an upper bound to Pc‘fw.

G
Z pG 4 Feap (3.31)

i G
Ig max

J(P) =
PTYGIG.X NG

3.3.1.2 Constraints
To minimize the power from each generator, the limitations of the power flowing out of
the generators in (3.16) should be rewritten. For each generator, the power flowing out should

not exceed the maximum needed power, which is presented in (3.32):

0<Pf <afPf

L_max

0<Pf<pPS, (3.32)

0 <P%, <P
Combined with the other constraints of power balance, power limitation, and connections
constraints, which are discussed in Section 3.2.3, the generator sizing problem can be solved
by optimizing the maximum required power for each generator across all flight stages, having

different load requirements in each stage.

3.3.2 PAS during flight stages with different objectives

Targeting EPS power loss reduction, optimal PAS is required in the different flight stages
regarding different load requirements. Despite targeting a lighter generator, optimal PAS is also
required for all flight stages, ensuring generators can provide all of the demanded power in each
flight stage. In this section, 3 scenarios are used to verify the effectiveness of the proposed
models with two different objectives. In each scenario, a specific load profile is assumed as an
example about how the optimization results are accordingly changed. Their results will be
compared to see how much power is produced by each generator in each flight stage under

symmetric/asymmetric load demands.

3.3.2.1 Scenario 1: asymmetric LV loads and symmetric HV loads

One typical flight cycle has several flight stages with different load demands. In this
scenario, it is assumed that during the overall flight stage (7 flight stages) the loads varies as
shown in Figure 3.10 (1), and the power of HV loadl and HV load2 are symmetric while the
power of the LV loads are asymmetric. The detailed load power demands are listed in Appendix
A Table 7.1. The optimal PAS of the two main generators for reducing power loss is presented

in Figure 3.10 (2-a), while the results for generator sizing are presented in Figure 3.10 (2-b).
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It can be observed that both generators reach the maximum output power during stage 4,
because the HV loads are much higher than the LV loads and dominate the output power.
Compared to Figure 3.10 (2-a), when the objective of minimizing the maximum power of each
generator is added to the optimal PAS model, the power produced from each generator gets
balanced, as presented in Figure 3.10 (2-b). Both generator powers are lower than 60 kW in
Figure 3.10 (2-b), while in Figure 3.10 (2-a) without the sizing optimization, the generators
produced maximum powers of 61 kW and 57 kW respectively.
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Lvit 0 20F Gen1
40 JR—
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Figure 3.10 Generator power in Scenario 1: (1) load profile; (2-a) generator power targeting

power loss reduction; (2-b) generator power targeting generator sizing reduction

3.3.2.2 Scenario 2: asymmetric HV loads and symmetric LV loads

In this scenario, the loads are assumed to vary during seven flight stages as shown in Figure
3.11 (1), and the HV loads are asymmetric while the LV loads are symmetric. The detailed load
power demands are listed in Appendix A Table 7.2.

Based on the load requirements, generator 2 reaches the peak power during stage 4 while
generator 1 reaches its peak point during stage 5. Compared to Figure 3.11 (2-a), when the
objective of minimizing the maximum power of each generator is added to the optimal PAS
model, the power produced from each generator gets balanced as presented in Figure 3.11 (2-
b). Both generator powers are lower than 60 kW in Figure 3.11 (2-b), while in Figure 3.11 (2-

a) without the sizing optimization, the generators produced maximum powers of 70.4 kW and
68 kW respectively.
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Figure 3.11 Generator powers in Scenario 2: (1) load profile; (2-a) generator power targeting

power loss reduction; (2-b) generator power targeting generator sizing reduction

3.3.2.3 Scenario 3: asymmetric HV and LV loads

In this scenario, the loads are assumed to vary during seven flight stages as shown in Figure
3.12 (1), and all HV and LV loads are asymmetric. The detailed load power demands are listed
in Appendix A Table 7.3. Based on the load requirements, generator 2 reaches the peak output
power during stage 4 while generator 1 reaches its peak power during stage 5.
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Figure 3.12 Generators power in Scenario 3: (1) load profile; (2-a) generator power targeting

power loss reduction; (2-b) generator power targeting generator sizing reduction

Compared to Figure 3.12 (2-a), when the objective of minimizing the maximum power of
each generator is added to the optimal PAS model, the power produced from each generator

gets balanced, as presented in Figure 3.12 (2-b). The maximum power of each generator is 60
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kW in Figure 3.12 (2-b), while in Figure 3.12 (2-a) without the sizing optimization, the

generators produced maximum powers of 70 kW and 71 kW respectively.

The simulation results for optimal generator sizing for the 3 scenarios revealed that,
compared to the results in optimal PAS for power loss minimization, the maximum power of
each generator has been obviously minimized. This proves the effectiveness of the proposed
sizing method by added objectives and constraints in the optimal PAS problem.

3.4 Chapter summary

In this chapter, a mathematical model of the modular converter-based EPS distribution
architecture was formulated for optimal PAS and reconfiguration control, which constituted the
system constraints of power balancing and limitations for each bus/converter, the bus/contactor
connection logic, the transmission power losses in the cables and the nonlinear converter
efficiency characteristics. By using the piecewise linearization techniques, the proposed model
can be formulated as a MILP and solved by MILP solvers to reduce the computational
complexity. By formulating objective functions and adding more constraints, the model can be
applied to two targets, including reducing the total power needs from the power sources and
minimizing the required overload capabilities for each generator. Simulation results have
shown that the optimization model and the approach can achieve good performance and that
optimal solutions can be obtained for different flight stages. The proposed modelling techniques
to formulate the EPS as a MILP in this chapter are applied in the following chapters of this

thesis.

The modelling methods proposed in this chapter provide other researchers with solutions
to problems relating to PAS and reconfiguration in various EPS architectures. For example,
when the EPS contains only one single HV bus with two parallel generators, the MILP model
can be modified by eliminating the HV bus connection variables and constraints. In addition,
the objective functions can be adjusted to balance the power sharing between two generators.
When modular converters are not used in an EPS, the MILP model is changed by removing
constraints for the power balance of cells and their connectivities. If nonlinear power losses in
cables are highlighted, the piecewise functions proposed in this chapter for cells can be adapted
to each cable. In summary, although this study focuses on a specific EPS architecture,
researchers can use this study to efficiently propose a feasible MILP model for their

applications.
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Chapter 4 Model predictive control-based ESS

and load management system

In Chapter 3, MILP is applied to power allocation and scheduling (PAS) and
reconfiguration problems in a power distribution system. A similar mathematical model can be
applied to describe the energy storage systems (ESSs) and loads onboard, providing optimized
load and energy management strategies. In addition, when MILP is integrated within a model
predictive control (MPC) framework, an optimal operating strategy can be provided based on
predicted future system trajectories, thereby avoiding operating based on the worst-case
scenarios with high costs, as discussed in Section 2.3. This chapter presents a MILP-MPC
method to schedule the ESS and exploit flexibility on the demand side while satisfying time-

varying operational requirements.
4.1 Introduction

4.1.1 Main source-energy storage-load subsystem architecture

In this chapter, energy storage (ES) and load management are studied for the system
presented in Figure 4.1. As can be seen in this figure, the studied system includes a main source
(MS) consisting of power from HV side, an ESS, DC/DC power converters, one LV bus and
several loads. The MS powers the loads which are connected to a low voltage (LV) bus. In this
system, the ES, which consists of one battery, one bidirectional DC/DC converter, and one
contactor, is connected to the same LV bus, to both maintain the bus voltage and supply the
loads when faults result in insufficient power available from the MS. It is worth mentioning
that this chapter focuses on the load and ES management for the LV bus as an example to study
the objective formulations. However, the proposed method can be applied to the HV side or
other EPS architectures [6].

The loads can be classified into critical and non-critical loads. Critical loads link with flight
safety status and avionics systems, such as environment control system and flight control
system, etc. The non-critical loads are the other classes of loads that provide a comfortable
environment for passengers and some of them are more essential, which are assigned with a
higher priority. For example, the in-flight entertainment and galley services are considered as

lower priority loads compared to other non-critical loads such as water and waste systems [146],
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[107]. Therefore, in this study, three types of loads are considered, namely, critical loads (Load1)
which must be supplied under all circumstances, high-priority loads (Load2), which can be shed
but should not where possible, and low-priority loads (Load3), which should be shed in

preference to high-priority loads when load shedding is needed.
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Figure 4.1 The architecture of main source-energy storage-load (MS-ES-L) subsystem

4.1.2 Energy storage and load management

Intelligently combining the load shedding with the ESS capabilities is essential for safe
onboard EPS operation. As introduced in Section 1.1.4, critical loads must be powered in all
flight scenarios regardless of high-power peaks or fault-causing emergencies. The ESS has an
important role in MEA, not only for supporting bus voltages, but also as a backup to deal with
power shortages during faults occurring in generation or transmission systems, or high-power
peaks. In addition, shedding of non-critical loads is also used to reduce peak power usage,
helping to maintain power for safety-critical loads [147]. In this study, operational control aims
to keep the battery energy storage highly charged, with fewer power variations to prolong the

battery life cycle, and to minimize load shedding, with less contactor switching.

4.1.3 Contributions

As mentioned in Section 2.3, MPC has drawn the attention of the power system community
for the operation management of EPSs based on future predictions. The inherent feedback
mechanism of MPC, stemming from its receding horizon mechanism, makes the system more

resilient to predictable future changes [39]. To enhance the battery lifespan and power
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performance, [112] and [113] propose an MPC approach to reduce the battery power variation
and maintain supercapacitors’ SOC at their desired values. In [148], the battery capacity fading
is described by an online least-squares identification method, and the degradation cost function
is used in the MPC scheme to increase the battery lifetime. In [57], a hierarchical MPC
framework for a hybrid propulsion system is presented to minimize power generation costs and
delivery losses. However, the possibility of load shedding and system failure is not considered.
In [149] and [30], MPC is used for both power scheduling and load shedding optimization to
cope with scenarios with one generator and one transmission cable failure. In [150] and [151],
set-based hierarchical MPC strategies are proposed to control the ESS considering multi-time
scale dynamics for hybrid-electric aircraft, aiming to achieve mission objectives including a
desired vehicle velocity and avionic load current, minimize fuel consumption, and regulate the
fast under-damped dynamics in the EPS. However, in these papers, MPC for battery
management is not the focus, and the control problem is formulated without much detail about,
for example, how to cope with different control targets and increase algorithm feasibility, which
has left considerable scope for further investigation and analysis here. Hence, this chapter aims

to address these issues in the proposed MPC strategy for MEA EPS.

In the previous works of the MPC applications, the flexibility of the MPC design including
the objective function formulation, prediction horizon length, weighting factors to prioritize
different operating criteria, and the related impacts on the system performance have been
neglected by adopting empirical settings for these parameters. Although some tuning may have
been conducted in these works to obtain the setting, there is no systematic research for tuning
and deciding these settings. Investigating how these degrees of freedom can affect the control
system performance will help to better decide the appropriate settings to use for MPC
depending upon the system requirements. This chapter will contribute to this investigation by
designing a system-level MPC-based operation management strategy for an MEA MS-ES-L
subsystem. The analysis in this study can be extended to other complex systems including
storage systems and load management, such as those studied for the entire EPS in Chapter 4
and Chapter 6.

In this chapter, to solve the multi-objective optimal operation management problem of the
studied EPS, an MPC-based operation management strategy is introduced which aims to
intelligently manage the onboard energy storage systems and exploit flexibility in the demand-
side while satisfying time-varying operational requirements. Different objective functions are
proposed with various cost function terms to reach the operating goals, where each objective
function can perform differently for each control target. To evaluate the designed control
system performance, an evaluation index for each target is proposed, to quantify system

performance across all flight stages. All objective functions are evaluated by the proposed
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indices, varying the prediction horizon from short to long; hence, the impact of various
prediction horizons for each objective function can be compared. This evaluation procedure is
conducted with the load profiles having different changing frequencies and variations so that
the analysis can consider different load cases. Based on the proposed index for each target, a
multi-objective evaluation index is also proposed as an overall performance criterion, by which
the final selection of the objective function and the length of the prediction horizon can be
performed.

In addition to analysis of the degrees of freedom in an MPC setting, this work also improves
the feasibility of the MPC-based control strategy to adapt the controller to real-time operating
conditions. On the one hand, soft constraints are introduced to cope with the non-accurate
estimation of the battery SOC. The optimization problem to be solved by the control system is
formulated as a MILP problem, which includes both objective functions and system constraints
related to the system power flow, energy conversion, and connection constraints, benefitting
from certainty for global optimal solutions [152]. As the system only operates normally when
the MILP-MPC algorithm provides a feasible solution, the algorithm should tolerate (soft)
bounds-exceeding situations (i.e., SOC exceeds the target range). On the other hand, the real-
time application requires that the sample time of the MPC can meet the possible computation
time variations when dealing with different operating conditions. For each objective function,
the worst-case values of the maximum computation time are recorded for various prediction
horizon lengths. The sample time can be selected appropriately by considering the maximum
computation time at the design stage, which guarantees that the MPC can be adopted for online
optimization in real time. Finally, a real-time test is conducted for the studied system, to verify

the real-time application of the proposed MPC-based operation strategy.
4.2 System description and MILP-MPC control

4.2.1 Nomenclature
All the main symbols used in this chapter are listed in Table 4.1-Table 4.4.
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Table 4.1 Notations of parameters for this chapter

Parameters
o Lower/upper bounds of the battery SOC
k Time intervals, KEZ> LO/HI
target range
o ) Maximum input power from the MS-side
H Prediction horizon (s) pex
(kW)
Ts Sampling time (s) Psted(k) | The ith non-critical load power (kW)
T Total simulation time (s) L The priority of the ith non-critical load
Battery
Meh/ . . . P . . . .
charging/discharging Maximum charging/discharging power (kW)
Ndisch o P:i‘rilsac);z
efficiency
Bep | Battery capacity (kWh) prenshed (jy | The ith critical load power (kW)
N Total number of non-
. critical loads
Table 4.2 Notations of variables for this chapter
Continues Variables
Input power from the MS-side
Pin(k) SOC(k) | Battery state of charge
(kW)
. Tolerance for lower bound of battery
Pen(k) | Battery charging power (kW) &(k)
SOC
) ) Tolerance for upper bound of battery
Paiscn(k) | Battery discharging power (kW) 9(k)
SOC
Pua(k) | Battery overall power (kW)
Binary Variables
Cen(K) Indicator for charging the battery |  Cuiscn(K) Indicator for discharging the battery
Contactor connection status of
Sti(k)

the ith non-critical load
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Table 4.3 Notations of

cost function terms for this chapter

Cost functions

] Cost function for minimizing total ] Cost function for keeping SOC within the
SLi
" | load shedding : target range
] Cost  function for  minimizing 3 Cost function for maximizing SOC to the
oLi SOC
switching activities upper bound
] Cost function for maximizing ] Cost function for minimizing battery power
Pch Pb
’ charging power “ variations
Cost function for minimizing
JPdisch . ;
discharging power
Weighting factors
ws | Weighting factor for Jsi; Wa | Weighting factor for Ja
w; | Weighting factor for Js.; Wsoc | Weighting factor for Jsoc
Wpen | Weighting factor for Jpcn Wepatt | Weighting factor for Jppar
Wedisch | Weighting factor for Jpgisch
Table 4.4 Notations of evaluation terms for this chapter
Evaluation Indices
Evaluation index for total load Evaluation index for battery power
GeLi . Groatt .
shedding variations
o Evaluation index for SOC target range:
Evaluation index for contactor G
Goi SOCR upper and lower range bounds,
status change G _
SOCR respectively
Evaluation index for battery energy
Gsoc
storage level
Weights for multi-objective evaluation index
vs | Weight for Ggyj Vpbatt Weight for Gppar
Weight for GW ,
Vs | Weight for Gy, Vsocr»Vsocr .
Gsocr correspondingly
Vsoc | Weight for Gsoc
4.2.2 System description

The controller is responsible for optimizing the control commands related to the MS (Pin)

and ES (Pyar) as well as determining the connection/disconnection status of non-critical loads

(Swi) to guarantee power balance in the system while following operational goals. To do so, the

power from the MS and the battery should equal the power required by the connected critical

and non-critical loads, as shown below. In (4.1), the binary decision variable S;; (k) indicates
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that the entire load will be supplied/shed by connecting/disconnecting the associated switch and
there is no partial shedding. However, based on the load characteristics, it is straightforward to
modify the model to shed part of the load if required.

4.1
Pin (k) = Poare (k) = X S (k)P (k) — X PP (k) = 0 @

Prace (k) = Pay () — Pasen () 4.2

Equation (4.2) shows that the battery power is equal to either Pcy(K) or Paisen(K), during
charging and discharging times, respectively (at least one of these values will be zero). The
charging/discharging power of the battery is the control command that needs to be determined
by the EPS control system, by directly adjusting the Pi, as the load power changes. The SOC
of the battery, as a system state variable, is evaluated using the discrete dynamic equation in
(4.3), which is essential for predicting the future status of the ESS.

SOC(k + 1) — SOC(k) + Ts Nep Pcp(k) —T. . Paiscn(k) (43)

s
Beap Ndisch'Bcap

According to (4.1)-(4.3), the system model includes both continuous variables related to

the power from the MS and the ESS as well as binary variables representing the
connection/disconnection status of the noncritical loads. In addition, to avoid simultaneous
charging/discharging of the battery, additional binary variables are introduced to show the
charge/discharge status of the battery at each stage, which are formulated in (4.18)-(4.20) in
Section 4.3.2 as charging/discharging mode constraints. The system dynamics introduced
above, together with operational limitations over the prediction horizon, are considered as
constraints in an MPC-based controller, which is presented in detail in Section 4.3. The core of
the MPC strategy is a model of the system under control to predict the evolution of system
output over the desired horizon. Thus, the system model introduced in this section is repeatedly
updated based on the most recent information obtained from the system. In addition, a

prediction of the system load over the prediction horizon is required.

The MEA load can potentially be predicted by online machine learning-based methods
combining the adjustment of the flight stages, and historical data [153], [58], which is outside
of the scope of this study. In this thesis, the sampled load profile is used for prediction without
adjustment for real-time flight power changes, and the deviations between the predicted load

and the real values are ignored to simplify the analysis.

4.2.3 MILP-MPC controller framework
The proposed MPC-based control architecture is represented in Figure 4.2. This chapter

concentrates on the system-level MPC controller, with a slow time scale in the order of 1 minute
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to optimize the long-term performance (i.e., a variety of optimization targets for the entire fight
stages) of the system. As can be seen in Figure 4.2, the controller received the updated
information of the system at the beginning of each control cycle defined by the desired sampling
time. This information includes the updated network constraints, battery status, and the

prediction of the load demands and associated priorities.

The control problem for the target MEA is formulated as a dynamic MILP optimization
problem similar to (3.1), and the CPLEX solver [154] is used to solve the problem at each time
step, guaranteeing to find an optimal solution for each time step. The MS-ES-L system is
modeled as a discrete-time dynamic system with sampling time T; as introduced in the previous

section. The structure of the MILP-MPC controller framework will now be explained.
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(other part of the EPS in MEA)
Pinl

LVBUS

T s PL1 i PL2 lPB MPC controller
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Figure 4.2 Online MILP-MPC optimization procedure with receding horizon
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As illustrated in Figure 4.2 (b), at each time step k, k=0, 1, ..., N-1, an online optimization
problem is solved over the finite prediction horizon H. The prediction horizon indicates the
time it will look ahead into the future to evaluate the current cost function, subject to several
technical and operational constraints. This can be calculated as H = N-T; [155]. The MPC works
based on a receding horizon scheme presented in Figure 4.2. At each time step k, the MPC
controller receives the updated status of the system and finds the solution of a finite horizon
optimization problem. The result is an optimal control sequence over the optimization horizon.
However, only the first sample of the optimal control sequence is applied to the system, and
the control problem is shifted to the next time step k + 1 as shown in Figure 4.2. The MILP-
MPC controller is explained in detail in the rest of this section. The controller aims to keep the
battery energy storage highly charged, with fewer power variations to prolong the battery life
cycle, and to minimize load shedding, with fewer contactor switching operations needed, and
this need to be appropriately modeled in the MPC optimization problem. The optimization
problem including these operating criteria and system constraints is introduced in the next

section.

MILP-MPC controller

(1) Update system state at time step k
() Initialize the model with the measured/estimated state of the components, e.g., SOC(k), load
power measurement Pyi(k)
(b) Predict load demands over the prediction horizon H at each future sampling time Ts, e.g.,
PLi(k), PLi(k+1), ..., Pri(k+N-1)
(2) Perform optimization: the high-level controller computes the optimal input sequence for the
prediction horizon H, based on the updated system status and the predictions of the future system
behavior. The optimal input sequence includes the decision of load shedding or not (S.i, k=0, 1, ...,
N-1, H = NTs) and the input power reference on the MS-side Pin (k =0, 1, ..., N, H = NT;). The
optimization problem, which is formulated by MILP, is solved using the CPLEX solver.
(3) Apply the first sample of the optimal control sequence.
(4) Set k = k+1, go to step 1, and repeat the process with the new state.

4.3 Formulation of objectives and constraints in MPC

As presented in Section 3.2, the system control problem can be mathematically modeled
using a set of technical and operational constraints and objective functions. In this section, three
different objective functions are proposed for multiple control targets, and the system

constraints are introduced.
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4.3.1 Designing the Objective Functions

There are several control targets which are being followed by the system under study.
Firstly, the controller needs to minimize the total time for which loads are shed while
maximizing the time duration for which the energy stored in the battery is kept within the target
range (SOC(k)e[LO, HI]). In addition, it needs to be ensured that the high-priority loads are
shed less than the low-priority loads. Regarding the load management, instead of
shedding/connecting loads continually, it is preferable to keep the contactors’ switching activity
as low as possible to prolong the components lifetime, and to avoid the transients and
instabilities in the system, even though this may potentially increase the total time for which
loads are disconnected. Moreover, the battery is preferred to be charged/discharged smoothly
rather than constantly changing the status between charging and discharging modes to improve
the life span of the battery [156]. Apart from load shedding targets, the battery management-
related goals could be formulated with different cost functions as well as different weighting
factors for battery charging/discharging power, maintaining battery SOC, and minimizing
battery power variation. The following three objective functions are therefore proposed to
formulate the desired operating criteria and to analyze the effects of different cost functions on
the system performance.

4.3.1.1 The first proposed objective function (Obj1)
Objlin (4.4) denotes the first objective function combining the cost functions in (4.5)-(4.9)
for each target by different weighting factors wg, ws, Wp i, Wpgisen, and w,. Cost function (4.5)
indicates minimizing the total load shedding time by penalizing the shedding of loads with the
load priorities. The change in load connections (connected/disconnected) for each time interval
is minimized in (4.6). Since the energy stored in the battery can be calculated from the net
power flowing to the battery, the cost function (4.7) and (4.8) can lead to maximizing the energy
stored by penalizing the discharging and rewarding charging of the battery: the cost function in
(4.7) encourages the system to charge the battery with as much power as is available, up to the
rated value, while the cost function in (4.8) encourages the system to avoid battery discharging
by minimizing the discharging power for every time interval. The charging speed of the battery
can be changed by adopting different weighting factors for (4.7) and (4.8). For example, when
Wpep, > Ws, the system will allow more load shedding to use power from the MS to charge the
battery. When wpgiscr, > ws > wpy,, the system will shed loads when the battery is needed,
but the charging will be slow as the MS priority is to supply loads rather than charging the
battery.
Obj1 = ws,, +Wsls,, +Weaio, + Weaischlnyos, + Wala (44

where
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_ , . (4.5)
Js,, = TN My (1 — S,(K) /N Tk v,

: 4.6

Jo, = (SN2 1S, (ke + 1) — S () 1)/ N - Ny (4.6
4.7

Joy, = (ZZA(Pmex — Py (K))) /(N PR (4.7)
4.8

Joateer = (S22 (Passen (1)) / (NP2, (48)
(4.9)

Js = ((ZX=3(eG0) +90G0))) /N

For battery management, the battery SOC is preferred to be kept in a target range (LO, HI)

that can be modeled as a constraint. However, when there is a deviation between the predicted
load and the actual load, the battery SOC might be temporarily out of the target range, which
would prevent the solver from finding a feasible solution if modelled as a hard (inflexible)
constraint. Hence, rather than enforcing this requirement as a hard constraint, two slack
variables (e(k) and 9(k)) are introduced to penalize the deviation of the battery SOC from the
target’s lower and upper bounds in the objective function as presented in (9). In this way, the
controller will try to keep the SOC within the target range, or minimize the deviations when

this is not possible. These variables are explained further in Section 4.3.2 below.

4.3.1.2 The second proposed objective function (Obj2)

Adding the cumulative battery SOC to the objective function will increase the average
energy stored in the battery. Equation (4.8) represents a normalized cost function to increase
the battery SOC to be as close as possible to the upper bound. Hence, Obj2 in (4.10) is formed
by adding the battery SOC cost function to Objl in (4.4), with its weighting factor wgg.
Compared to the cost for charging/discharging power in (4.7) and (4.8), including SOC in the
cost function will directly control SOC to maintain the desired reference value, which can be
adjusted according to the applications. In this work, the desired reference value is set to be HI.
Moreover, the charging will speed up more when longer prediction horizons are selected, as the
SOC is a time-accumulated value, reflecting the accumulated charge for the whole prediction

horizon.

. (4.10)
0bj2 = ws)s,; + WsJs,, + WsocJsoc + Weenlp,, + WeaisciJp gisep T Wala

where

411
Jsoc = (Bk=o|HI = SOC(k + D)/(N - HI) @1
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4.3.1.3 The third proposed objective function (Obj3)
The aforementioned objective functions control the energy stored in the battery. However,
proposing a cost function to prolong the battery life is also important for aircraft EPS for longer-
term safe flights, for example, reducing the battery charging/discharging current variations and
reducing charging/discharging operations [59]. In this work, it is assumed that the battery
voltage has small deviations, so that reducing the battery charging/discharging current
variations is equivalent to reducing the charging/discharging power variations. This also
reduces the charging/discharging operations to reduce the charging cycle, which also benefits
the battery lifetime. The cost for minimizing the battery charging/discharging power change
Iy, 1S presented in (4.13), where Pyqs (k) = Pey(k) — Pgiscn (k) presents the battery net
power. Obj3 represented in (4.12) is formulated by adding this prolonging battery lifetime cost
to Obj2 in (4.10) with the weighting factor wppq¢¢-
0bj3 = Wyl + Wslsy, + Wsoclsoc + Weilpey + Wraisalpase + Wovattlppaee +Wals 0

where

4.13
Jopees = (EN2Pracek + 1) = Poace (GOD)/ (NPT + PTE)) (413)

4.3.2 System constraints

(1) Power balance constraints

For the LV bus, the sum of power flowing into/out of it equals zero (Kirchhoff’s Current
Law for a given voltage), assuming no losses within the bus itself. Hence, for the system
presented in Figure 4.1, the power from the MS and the battery equals that required by the
connected critical and non-critical loads, which can be formulated as (4.1) and (4.2), which is

mentioned in Section 4.2.2.
(2) Storage dynamics

The battery SOC can be calculated from the charging/discharging power over time using
(4.3) presented in Section 4.2.2.

(3) Hard and soft constraints of SOC

Battery SOC € [0,1], where SOC = 1 indicates a fully charged battery, while SOC =0
corresponds to a depleted battery. In the aircraft, SOC is preferred to be kept within a target
range [LO, HI]. Therefore, upper and lower bounds are defined in (4.14), where LO = 0.3, HI

= 0.9 is selected in this case, which could be presented as hard constraints for the optimization.
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0.3 < S0C(k) <09 (4.14)

However, the hard constraints (4.14) increase the sensitivity of the algorithm to imprecise
load predictions, i.e., the actual load power fluctuations from the predicted mean load power
demand. Because SOC is related to the stored or released energy, which is influenced by power
fluctuations, it is necessary to allow SOC to vary slightly outside of this range in real situations,
due to unpredicted power consumption variations. In this case, the hard constraints (4.14)
would prevent finding a feasible solution. Therefore, soft constraints in (4.15) - (4.17) are
proposed in our model to improve the feasibility of the solution strategy of the MILP-MPC
algorithm. Variables (k) and $(k) are introduced to relax the hard upper and lower bounds in
(4.14). The maximum allowed deviation for both bounds is 0.1 in this case. By adding two large
weight factors to &(k) and 3(k) in the cost function as presented in Objl (4.4) and (4.9), SOC
will usually be kept within the target range [0.3, 0.9], while allowing some tiny deviations when

necessary.
0.3 — e(k) < SOC(k) < 0.9 + 9(k) (4.15)

0<e(k) <0.1 (4.16)

0<9(k) <0.1 (4.17)

(4) Charging/discharging mode constraints

The battery can be either charged or discharged by the system. Therefore, two binary
indicators are introduced to represent different modes in (4.18), (4.19), and (4.20), allowing the

modes to be treated differently.

Cen (k) + Caiscn (k) =1,y (k): {disch(k) € {0:1} (4-18)
0 < Pyy(k) < {en(k) - Pey™ (4.19)
0< Pdisch (k) < zdisch(k) : P(;?gg;l (4-20)

(5) Bounds of input power from the MS-side

The input power from the MS-side is limited by the maximum power that can be transferred

by the DC/DC converters, and these input power bounds are presented in (4.21).

0< P(k) < pmax (4.21)
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4.4 Evaluation for various objectives

The objective functions designed in Section 4.3.1 lead to different control problems and
consequently different operating strategies for the MS-ES-L system, which are also impacted
by the prediction horizon and the load profile. To compare the differences caused by these
factors, an evaluation framework is proposed in this section to quantify the control results for
all flight stages. The overall flight time is T = M-Ts, where M is the total number of time intervals.
Moreover, to verify that the proposed method is suitable for real-time applications, the
computation time for the MILP-MPC controller should be less than the sample time Ts. As the
computation time can be impacted by the objective function formulation, prediction horizon,
and load samples, the impact of these factors on the computation time is also studied in this

section.

4.4.1 Model parameters

The model parameters, including the MS-ES-L system component parameters, are listed in
Table 4.5, and the weighting factors are listed in Table 4.6. These weighting factors are selected
by the method proposed in [157] — weighting factors are tuned to achieve the optimized
performance of the multi-objective index. This will be further discussed in Section 4.4.7. The
MILP-MPC controller sample time Ts is selected as 1 min, the verification for the sample time

selection will be demonstrated in Section 4.5.1. The total flight time is 150 min.

Table 4.5 Parameters for the MS-ES-L system

Beap 4KWh pax _pmax 4KW
PR 4kW Nen Naisch 90%
prax W S0C(0) 03

Table 4.6 Weighting factors in objective functions

Wg 5 Ws 34.7
Wsoc 16 Wy 105
Wppatt 2 Wpaisch 5.1
Wpep 3.1in Obj1, 2.8 in Obj2 and Obj3

For evaluating the load profile impacts on the results, two types of load profiles are used.
In Figure 4.3(a), a randomly changing load profile is considered, while Figure 4.3(b)
demonstrates the load profiles based on different flight stages. The flight stages include ground

(pre-departure and taxiing-out), takeoff, climb, cruise, descent, loiter, and landing. Each load
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system requires a different amount of power at each flight stage. For example, the cabin power
demand reaches the highest level at the cruise stage, which can be several times larger than the
power demand at other stages. In addition, the power demand of the environment control system
increases dramatically as soon as the aircraft takes off and keeps almost the same value for the
following stages, while the landing gear only requires power during the ground, takeoff and
landing stages [21], [158]. Therefore, compared to the load profiles in Figure 4.3(a), which
change every minute, the profiles in Figure 4.3(b) change much slower where each load level
lasts at least for 15 min. However, an average load power of 2 kW can be seen in both cases.

4 Pload1 (Critical) 4 Pload1 (Critical)
5 3 B
%2 § P | e
g g
0 1 1 0 L L
0 50 100 150 0 50 100 150
4 Pload2 (High priority) 4 Pload2 (High priority)
s =
= 2,
2 o2
H g
0 . . . 0 L .
0 50 100 150 0 50 100 150
Pload3 (Low priority) Pload3 (Low priority)
_ 4 T T _ 3 T ™
g 22
= =
o 2 [ l Lo
H g
0 L | 0 . .
0 50 100 150 0 50 100 150
Time[min] Time[min]
(a) Case 1: Random load profiles (b) Case 2: Load profiles based on flight
stages

Figure 4.3 Different load cases

In the following subsections, eight evaluation indices are proposed. The control results are
evaluated by each of the proposed indices for both load scenarios when objectives Obj1-Obj3
are adopted for prediction horizons, H, varying from 1Ts to 30Ts (N = 1, 2, ..., 30). Each
evaluation index represents the quantified performance in the corresponding area, and in all

cases lower values indicate better performance.

4.4.2 Load shedding index
The normalized load shedding index quantifies the average proportion of shed loads

throughout the whole flight time T = 150 min, as shown in (4.22).
Gs,, = (ZX2 Zi [yt = su)])/(M - T () (4.22)

In Figure 4.4, the load shedding index values are compared when adopting different
prediction horizons and objective functions, with case 1 and case 2 showing the results for
adopting different load profiles. For both load cases, Obj2 and 3 have similar changes: when
the prediction horizon is short, load shedding remains lower than for Obj1, while load shedding

increases quickly as the prediction horizon becomes longer, causing Obj2 and 3 to have more
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load shedding than Obj1 with long prediction horizons. Although the load shedding for Objl
also has an incrementally increasing tendency when N increases for the second load case, the
growth rate is much slower compared to Obj2 and 3. This difference between Objl and Obj2-
3 is caused by the cost function Jsoc - more loads are shed to speed up the SOC that accumulates

when N increases.
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Figure 4.4 Comparison of different prediction horizons and objective functions based on the
normalized shedding index for two load cases.

Comparing Obj2 and Obj3, when the loads frequently vary, as presented in case 1, the load
shedding for Obj3 increases at a higher rate than Obj2, while Obj3 has less load shedding than
Obj2 when N < 6. This is caused by the cost function Jpsart in Obj3. By changing the load
shedding scheduling and adjusting the input power from MS, the battery can be
charged/discharged smoothly. Combining with Jsoc, more load shedding will be conducted as
N increases so that the system keeps charging the battery with fewer power fluctuations. When
the load varies less and slowly, as load profiles in case 2, the load shedding curves for Obj2 and
Obj3 mostly overlap, because the stable load profile lacks the scheduling possibilities while the
WEF for Jppar is small; hence, Jsoc dominates Jepar in this case. Comparing the results for N =9
in Figure 4.4, there is a sharp rise in the index value at N = 10, which indicates that the shedding

of high-priority loads is increased.

In summary, Objl has better performance in load shedding compared to Obj2 and 3 on
average. However, when the selected prediction horizon is not too long, e.g., N <9 in our case,

Obj2 and 3 can have better load shedding performance.

4.4.3 Contactor status change index
The average number of connection status changes for each contactor in the whole period is

presented in (4.23), where Ny; indicates the total number of non-critical sheddable loads.
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Gs,, = (TML EH1S, (e + 1) — S, (R)1)/((M - N,y) (4.23)

These index values are compared in Figure 4.5 when adopting different prediction horizons
and objective functions, with case 1 and case 2 showing the results for different load profiles.
In general, the change in contactor status is reduced as N increases in both cases for Obj1-Obj3,
while the curve for Obj1 in case 2 fluctuates the most. In both load cases, the contactor change
values for Obj2 and 3 decrease very quickly when N < 10 and then remain at a low level when
the prediction horizon is longer. Moreover, when N is in this range, compared with the results
for load shedding in Figure 4.4, Obj2 and 3 also have good performance for the load shedding
index. This also benefits from the inclusion of Jsoc, as it takes the results of power integration

over time into consideration within the prediction horizon.
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Figure 4.5 Comparison of different prediction horizons and objective functions based on the

contactor status change index for two load cases

It can be concluded that Obj2 and 3 perform better than Obj1 for maintaining the contactor
status in different load cases. Moreover, for the contactor status change index, a very long
prediction horizon is unnecessary for Obj2 and 3, saving computation time while still achieving

good results.

4.4.4 Battery energy storage level index

In aircraft applications, it is preferable to keep the battery highly charged to cope with
emergency cases and unforeseen situations. Hence, when designing the optimization algorithms,
the objective functions are designed to maximize the average energy stored in the battery. This
index, presented in (4.24), is proposed to evaluate the average level of the energy stored during

the studied scenarios.

Gsoc = (Zk=310.9 = SOC(K)D /(M - 0.9)) (4.24)
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Figure 4.6 shows the comparison of the Gsoc index values with different prediction
horizons and objective functions, with case 1 and case 2 showing the results for adopting
different load profiles. In general, the energy storage level index value is reduced as N increases
in both cases for Obj1-Obj3, while for the load case 1, the index values for MILP (N = 1) are
less than the ones for MILP-MPC (N > 2) when N < 12 for Obj3, N < 16 for Obj2, and N < 30
for Obj1. When N = 1, the contactor status changes will not impact the optimization results for
each time step. Combined with the frequently varying loads, the SOC is therefore improved by
shedding/connecting loads with high power demands continuously. However, when N = 2, the
number of contactor status changes is much reduced (the index value is reduced by more than
31.7%) compared to the value when N = 1. In the meantime, the battery will be used for
supporting loads even the loads’ demands could be high, which slows down the SOC
accumulation.

Comparing the SOC changing rate for Obj1-3 with the MILP-MPC method, for both load
cases, Obj2 and 3 improve SOC level at a higher rate than Obj1 when N increases, since both
Obj2 and Obj3 benefit from the cost function Jsoc to speed up the energy storage in the long
term. For load case 1, Obj3 speeds up the SOC accumulation with a higher rate than Obj2, as

the cost function Jesar in Obj3 tends to keep the battery charging with few power fluctuations.
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Figure 4.6 Comparison of different prediction horizons and objective functions based on the

battery energy storage level index for two load cases

This suggests that Obj3 has the best performance for the battery storage level index. When
adopting Obj3, the prediction horizon selected does not necessarily need to be very long, as it
charges the battery much faster than Obj1.

445 Battery power change index
The battery life will be shortened when the battery power is frequently changed [59]. Index

(4.25) is therefore proposed to calculate the total battery power change for all flight stages.
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Gppgre = RS Poare (ke + 1) = Poare (DD /(M (PG + PEE)) (4.25)

Figure 4.7 presents the comparison of the battery power change index values with different
prediction horizons and objective functions, with case 1 and case 2 showing the results for
adopting different load profiles. In both load cases, for each N, Obj3 usually has a better
performance compared to Objl, because Objl does not contain the cost function Jepar to
minimize the power change. However, as Obj2 has the cost function Jsoc in common with Obj3
with relatively high WF, the index value curve of Obj2 has similar trends as Obj3—the value
is reduced to the minimum value and then slightly rises with variations when N increases from
2 to 30. Because the load shedding and the reduction in the load on/off changes can avoid the
battery changing between the charging and discharging modes, Obj2 and Obj3 perform
similarly in these indices. By adding the cost function Jesar in Obj3, the charging power can be
smoothed whenever it is possible. On the other hand, when N increases (N > 20) to keep
accumulating SOC, more power will be injected into the battery, thereby increasing the battery
charging power variation. Moreover, Jpsart and Jsoc can impact the results for load shedding and
the contactor status changes, which results in the battery power change fluctuations, as can be
seen in Figure 4.7.
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Figure 4.7 Comparison of different prediction horizons and objective functions based on the

battery power change index for two load cases

Based on this comparison, Obj3 has the best performance for the index of battery power
change, which also indicates that this objective function is preferred when battery life is

important.

4.4.6 SOC target range index
Since the soft constraints of SOC are introduced to improve the feasibility of the solution

strategy, the real SOC might exceed the target range of [0.3, 0.9]. The SOC target range index
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is built to evaluate the proportion of the spare SOC (difference between the real (hard) SOC
limit and the soft target) that the out-of-range SOC is using. Equations (4.26) and (4.27) are
considered for the upper and lower bounds respectively, where S is the set of all time intervals
that satisfy the desired ranges. The SOC can be out of range in the following situations: 1) when
there are deviations between the predicted and realized load which the controller cannot handle
in time; or 2) the controller has a delay in sending and receiving signals. In this section, the
ideal situation is considered; hence, the SOC target range index will be observed to remain 0.

G3oer = (Zkes:(SOC(k)>0.9)(SOC(k) - 0-9))/(1 —0.9) (4.26)
Gm = (Zkes:(soc(k)<0.3)(0-3 - SOC(k)))/O-3 (4'27)

4.4.7 Index for multi-objective problem

Although the performance of each objective function has been analyzed in subsection
4.4.2-4.4.6 for each index, the overall performance of each objective function concerning the
length of prediction horizon N still needs to be investigated. For a multi-objective problem with
conflicting cost functions, e.g., Jsoc and Jsj, there are trade-offs among the evaluation indices.
Hence, weight parameters for each index are selected to represent the practical requirements,
i.e., the priorities of each optimization target. The final overall index is formed with the full
knowledge of system performance throughout the whole operation, by using the above-
mentioned indices, which are combined with appropriate user-specified weight parameters. The
WFs utilized by the MPC to get the best overall results may differ from the weights used in the
final evaluation. A neural network-based method in [157] is adopted for selecting WFs and
weights in the overall index. The multi-objective evaluation index is presented in (4.28) with
the adopted weights listed in Table 4.7.

GMO = vSGSLi + V‘SG‘sLi + Vsochoc + vPb"-”GPbatt + Vme + VSOCR GSOCR (428)

Table 4.7 Weights for the multi-objective index

Vg 2.8 Vg 1.68
VUsoc 1 Vpbatt 0.4
Vsocr 10 Vsocr 10%

Figure 4.8 presents the comparison of the proposed multi-objective evaluation index values
with different prediction horizons and objective functions; case 1 and case 2 show the results
for adopting different load profiles. The figure shows that Obj2 and 3 can provide the optimal

solutions with a shorter prediction horizon compared with Objl. Compared to Obj2, Obj3
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reaches a lower index value with a shorter horizon for load case 1. These results are heavily

based on the selection of the weights for each index, but with the adjustment of the weights by

the users according to their application requirements, the optimal objective function with a

suitable prediction horizon can be selected.
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Figure 4.8 Comparison of different prediction horizons and objective functions based on the

multi-objective index for two load cases

4.4.8 Discussions

To summarize the results of the comparison study performed in the previous section, the

best objective functions for each evaluation index with short and long horizons are listed in

Table 4.8. In addition, the performance change based on horizon selections of the objective

functions in Section 4.4.1 is presented in the table.

Table 4.8 Objective function with the best performance and key features for each index when

the horizon changes

Index Best Obj Best Obj Key Features of Performance Combinations
with a with a Tendency When Horizon Increases | for Best
Short Long Performance
Horizon Horizon
Load Obj2-Obj3 Objl | 1. Performance of Obj1-Obj3 is better | Obj2-Obj3 with
shedding when a shorter horizon is applied (e.g., | a short horizon
N < 10) (e.g., N< 10)
2. Performance of Obj2-Obj3 is
reduced rapidly after the inflection
point (N = 10) when horizon increases
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Contactor
status

change

Obj2-Obj3

Obj2-Obj3

1. Before the inflection point (N = 5),
the performance of Obj1-Obj3 is
improved rapidly when the horizon
increases

2. After the inflection point, the
performance has few changes when

the horizon increases

Obj2-0Obj3 at and
after the

inflection point

(N=5)

Battery
energy
storage

level

Obj3

Obj3

1. Performance of Obj1-Obj3 is better
when a longer horizon is applied (e.g.,
N > 10)

2. Performance of Obj2-Obj3 is
improved rapidly after the inflection

point (N = 10) when horizon increases

Obj3 with a long
horizon (e.g.,
N > 10)

Battery
power

change

Obj3

Obj3

1. Before the inflection point (N = 13),
the performance of Obj2-Obj3 is
improved when the horizon increases
2. After the inflection point, the
performance of Obj2-Obj3 is reduced
when the horizon increases

3. Obj1 doesn’t show relativity to

horizon changes

Obj2-0Obj3 at
inflection point
(N=13)

Multi-

objective

ODbj2-Obj3

Obj1

1. Before the inflection point (N = 9),
the performance of Obj2-Obj3 is
improved when the horizon increases
2. After the inflection point, the
performance of Obj2-Obj3 is reduced
when the horizon increases

3. Obj1 requires a long horizon to
improve the performance (e.g., N >
25)

Obj2-0bj3 at
inflection point
(N=9)

4.5 Real-time experiment

4.5.1 Computational time analysis

For real-time MPC applications, computation time is the key issue to be considered, as the
time required to complete the computation should be less than the sampling time. When

adopting the CPLEX solver, the computation time is influenced by several factors: 1) more
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complex models will often take a longer time; 2) longer prediction horizons will take a longer
time; and 3) different input values, such as different load data as inputs to the MPC controller,
can cause different computation times. Hence, to verify the MPC real-time application, the
worst-case analysis of the computation time is conducted for Objl-3. For each objective
function and each N, the MPC controller will finally adopt 150 optimal solutions (one sample
at each time step), and the maximum computation time for the MPC controller in any step is
recorded as the worst-case.

Figure 4.9 presents the maximum computation time Grmax changes for each objective
function with respect to N. In both load cases, the maximum computation time for Obj1-3 has
similar incrementally increasing tendencies as N increases: when N<10, the computation time
is less than 0.2 s; when 10 < N < 15, the computation time is less than 1s; and when N > 15, the
computation time will go above 1 s with the maximum value of less than 8 s. This indicates that
the proposed MPC method could be adopted for real-time applications with selected sample
times Ts larger than 10 s, during which the optimization would be completed, with the additional
time being used for data measuring and communicating [159]. It is worth noting that a
maximum computation time can be set in CPLEX. In this case, if the solver ran out of time, it
would return the best solution that has been found in that time, rather than the optimal solution.

In our case, Tsis set to 1 min because of the following reasons:

(1) A 1-minute sample time can provide the controller with enough time to obtain the measured
status and updated load prediction, complete the optimization, and send the control signals
to the system.

(2) The proposed MPC method is mainly designed to satisfy the long-term battery SOC and
load management requirements in the high-level control system. Since the SOC and
average loads will not change very much in a few seconds, the MPC controller would not
be required to update the control references frequently in small time intervals in the order
of seconds. On the other hand, if the MPC is required to run every few seconds to update
the reference to cope with transients, the battery power and loads might change with every
load fluctuation, which might cause instability in the system. In fact, instead of using MPC
with long-term operating goals to act fast in response to the transient load changes, another
real-time controller is usually added to the system at a lower control level, which will
respond to the transient issues. For example, in Chapter 5, a low-level controller is

proposed to cope with load changes within 1 s.

In summary, when adopting the proposed multi-objective evaluation index as the index for

our overall preferred performance, Obj3 will have the best performance with a suitable
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prediction horizon (N = 7 and N = 9 for the corresponding load cases), with a computation time

of lower than 0.2 s.
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Figure 4.9 Comparison of the worst-case computation time of different prediction horizons
and objective functions for two load cases.

45.2 Real-time test

A real-time experiment was implemented in the “Aerospace Electrical Power Systems
Innovations Laboratory” at the Aerospace Technology Centre at the University of Nottingham.
The experimental setup is presented in Figure 4.10. The MS-ES-L system model was
implemented in dSPACE 1006 for real-time simulation. The MILP-MPC controller was run in
Matlab on a host PC, connected with the dSPACE. Every Ts (1 min), Matlab on the host PC
uses the XIL API interface to read the measured data from dSPACE, including the load power
PLi(k) and battery SOC(k). The MILP-MPC controller in Matlab takes these values as inputs
and calls the CPLEX solver to provide the optimal power reference on the MS side Pin(k) and
load shedding S.i(k). Finally, these optimal values are sent to the system implemented in
dSPACE by the XIL API interface to realize real-time control. This experiment validates the
suitability of the proposed system-level control framework for real-time implementation and
the capability of the controller to provide the system with optimal control commands at
specified control intervals to achieve the desired operating performance. It also verifies the
coordination of the controller with the communication interfaces and local controllers at the
lower level. This configuration (using PC and dSPACE) and using XIL API to read/write data
and communicate between two levels, provides the opportunity to test the two-level control
structure in real time. The physical system and local controllers are running all the time, and
the system-level controller receives measurements from the system and updates its control
commands on a regular basis (every one minute). In other words, they work in parallel.
Otherwise, in a conventional series implementation with a PC and non-real-time simulation,

the system and local controllers have to be stopped while running the system-level controller.
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Figure 4.10 Experimental setup

The control results of MPC with Obj1-Obj3 for all flight stages were compared in this
experiment. During the flight, the loads were changed following the profile in Figure 4.3 (b).
According to the analysis in Section 4.4, the MPC for Obj3 performed best when N = 9 with a
computation time of less than 0.2s. To verify this analytic conclusion based on the mathematical
model, the MPC with Obj1-3 when N = 9 was applied in the experiment. The performance of
each objective function can be visualized by observing the SOC changes, load shedding results,
and battery power change. The real-time application of MPC was also verified. It should be
noted that the duration of the flight time slot was scaled down from the 60 s to 3 s for these
experiments, to complete them within 7.5 min instead of 150 min. The battery capacity was
accordingly scaled down to 0.2 kWh during the experiment. From both analyses in Figure 4.8
and the experiment, Obj2 and Obj3 had the same control results when N = 9 for this load profile.
Hence, in the following comparisons, only the control results for Obj1 and Obj3 are considered

to study the differences.

Figure 4.11 presents the SOC measurement results during the flight stages, while Figure
4.11 (a) shows the results when MPC adopts Obj1, and Figure 4.11 (b) is related to Obj3. When
Obj3 is adopted, the battery SOC is kept within 0.4-0.6 for most time intervals, with a maximum
value of 0.56, while SOC is kept within 0.3-0.36 for most time intervals when adopting Obj1,
with a maximum value of 0.46. As the SOC is close to the lower limit when adopting Obj1, the

system will be less stable for coping with unexpected failure scenarios.
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Figure 4.12 Load shedding comparison for Obj1 and Obj3 when N =9
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The predicted and scheduled results for shedding of non-critical loads are presented in
Figure 4.12, indicating load shedding in the system when adopting Obj1 in Figure 4.12 (a) and
Obj3in Figure 4.12 (b). The load contactors have more frequent on/off activities when adopting
Obj1 compared to the case of adopting Obj3. Moreover, when adopting Obj1, the minimum
time for keeping loads connected is 1 min, while Obj3 will keep loads connected for at least 8
min, which is preferred for reducing transient issues. Although Obj3 has less load on/off
activities, it still has less load shedding time for both high and low-priority loads: the load
shedding index for Load 2 is 0.317 with Obj1 compared to 0.299 with Obj3, while the load
shedding index value for Load 3 is 0.617 with Obj1 compared to 0.599 with Obj3. In conclusion,
Obj3 outperforms Obj1 in both load shedding and switching activities in the experiment.

The battery charging/discharging power measurements are presented in Figure 4.13, where
Figure 4.13 (a) presents the results with Obj1, while Figure 4.13 (b) presents the results with
Obj3. Comparing the two figures, when adopting Obj3, the battery has fewer cases of switching
between the charging and discharging modes, and the charging/discharging power is changed
less during each mode. In addition, the battery power curve with Objl has several transient
peaks, which happen when Load?2 is connected/disconnected simultaneously with the Load3
connection action being reversed. This verifies that Obj3 performs better in terms of battery

lifecycle as well as system stability.
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Figure 4.13 Battery power comparison for Obj1 and Obj3 when N =9
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In summary, the MPC model with Obj1-3 proposed in Sections 4.2 and 4.3 is applicable
for real-time applications. In addition, it was found that the MPC with Obj3 performs better
than Obj1l in the real-time experiment when N is selected as 9 for the given load profile. This

supports the analysis and conclusions in Section 4.4.
4.6 Chapter summary

This chapter proposed an MPC framework to optimize the control and management of the
energy storage and flexibility on the load side for an MEA system. Following the control targets,
three different objective functions were presented, and the importance of the different objective
functions and prediction horizons was identified by analyzing the simulation results with the
proposed evaluation framework including different performance indices. By assessing the
impacts of different objectives, the work provided the readers with a reference for selecting the
most applicable objective function combination, as well as its potential impacts on deciding
prediction horizons for different use cases.

The value of this study lies in its broad applicability when investigating energy storage and
load management issues for EPSs containing battery-based ESSs. On the one hand, when a
complex EPS contains an MS-ES-L subsystem, the model proposed in this chapter can be
conveniently integrated with other objective functions and constraints. In addition, the findings
in this chapter can be used to guide the selection of objective functions relating to energy
storage and load shedding. For instance, this research inspires the following work in the later
chapters of this thesis when the system extends to the whole complex MEA power system
configuration, such as HV buses, APU, multiple bidirectional converters, etc. In Chapter 5, a
hierarchical controller based on the MPC method is proposed to cope with more operational
constraints and scenarios, where the idea and findings mentioned in this work are adopted to
design the objective function. On the other hand, when the architecture of the ESS is changed
in another research, such as containing paralleled batteries, the model proposed in this study
can be adapted from case to case, such as by adding voltage regulation constraints and battery
scheduling objectives. The findings in this chapter can also be used to help decide objective

functions when optimizing the energy storage dynamics of each battery.

84



Chapter 5 Fault-tolerant hierarchical

operational control

Different subsystems of the EPS presented in Figure 1.7 were studied in Chapter 3 and
Chapter 4, which inspired the application of MILP modeling and MPC design techniques to
different operational control functions. Based on these studies, the MPC-based methods are
applied in Chapter 5 and Chapter 6 to the entire EPS for multi-objective optimal control. In this
chapter, a hierarchical control framework is proposed with the MILP-MPC control applied in
the high level (HL), while the rule-based methods are applied in the low level (HL). The
proposed hierarchical control method is able to provide quick responses to short-term system
changes, such as failures and load fluctuations, while also improving long-term system

performance.
5.1 Introduction

5.1.1 Modular converter-based EPS architecture

In Chapter 3, a modular converter-based power distribution system is studied, where power
allocation and scheduling (PAS) and configuration problems are studied by formulating a MILP
model. By applying the MILP techniques to the model predictive control (MPC) framework,
optimal management of an energy storage system (ESS) and loads on a bus is studied in Chapter
4. Referring to these studies, in this chapter, operation management of the entire modular
converter-based EPS with multiple ESSs is studied as mentioned in Section 1.1.4. The EPS

architecture in Figure 1.7 can be extracted as the power flow diagram in Figure 5.1.

In the architecture presented in Figure 1.7 and Figure 5.1, two generators, with the
associated rectifiers, are connected to the corresponding HV buses (HVB), each of which
supplies several HV loads (HVLs). In addition, one auxiliary power unit (APU) is connected to
the APU bus (APUB) to support the system power demand under emergency conditions. For
transferring power from the HV side to the LV side, modular DC/DC converters/cells can be
connected to any HV/LV bus. Each LV bus (LVB) is connected to an ESS comprised of one
lithium-ion battery and one bidirectional DC/DC power converter, as well as several LV loads
(LVLs).

85



Figure 5.1 presents the potential power flow in the system. System buses and components,
such as generators, converters, batteries, and loads, are demonstrated as nodes. The potential
power flows are demonstrated by lines with arrows, which show the direction of the power flow.
The blue arrows demonstrate the unidirectional power flow, while the red arrows represent the

bidirectional power flow.

left side right side

Critical Load HvL1*

HP HvL1?

Non-Critical / pp fvie®
Loads

LP HvL1®

12 HVLY 7 cell I
DC/DC Celll Cell2 Cell3 Cell4 Cells Cell6 Ce Cell8  Cell9 Cell10 Cell1l Cell12

converters

nc/ <—» BAT4

BATL=—> N e

Critical Load Lvi1 o &h

HP LvL1? L Lvi4?

Nor:—C:;tical MP LvLi® o Lvig®
oads

LP Lvi1? e BAT2 BAT3 izt Lvia’

Figure 5.1 Power flow diagram of the modular converter modular converter-based EPS

5.1.2 Control functions

To coordinate the operation of every component and subsystem operation in the EPS, a
system-level supervisory controller is required to configure the system and distribute power
from power supplies to the loads following the real-time operating requirements, while also
reducing the operating costs for all flight stages. In addition, for the application of MEA EPS,
safety issues are essential in EPS operational control. For example, despite the components
being out of service because of faults, such as failures of generators, ESS, and transmission
links, the critical loads responsible for flight safety must be powered in all flight scenarios.
Hence, the operational controller is required to provide strategies to cope with the EPS

operation in faulty conditions. Moreover, it is preferable to design the controller with higher
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reliability to cope with faults with regard to the controller (internal or external), such as
computation or communication faults, to maintain appropriate EPS operation. Therefore, this
chapter investigates supervisory control to cope with the control targets at two different time
scales, in different failure scenarios. On the one hand, the controller ensures the EPS operating
requirements with short-term system changes, such as keeping power balance within
component power capacity when load demand changes or faults occur. On the other hand, in
the long term, the EPS performance is improved in regard to minimizing power losses,
switching activities, load shedding, and maintaining sufficient energy in the ESS, based on the
operating requirements. In addition, as introduced in Section 3.3, when minimizing the output
power for each generator during all flight stages, the power requirements of both generators are
balanced, leading to less maximum power on each generator for the minimum generator sizing.

In this chapter, the generator sizing is also considered in the long-term objective functions.

5.1.3 Contributions

In this chapter, a fault-tolerant hierarchical operational control framework is proposed for
the novel multi-converter-based onboard EPS, aiming to achieve both short-term and long-term
control functions presented in Section 5.1.2. As reviewed in Chapter 2, hierarchical control is
commonly used to cope with the control targets in different time scales. In each control layer,
techniques such as rule-based methods, MILP and MPC can be adopted to collaborate with
different benefits. Particularly focusing on the hierarchical control of an onboard EPS, [117],
[118], [14], and [57] study the cost reduction and voltage/current regulations for aircraft
subsystems. However, none of these explores the fault operation scenarios for the entire EPS.
In [37], hierarchical control is designed for fault-tolerant load management, which lacks the
discussion of multiple component failures and the reconfiguration under this condition for the
onboard EPS. Although multiple component failures are considered in [30] and [106], the
authors assume a rule-based LL controller to collaborate with a MPC control at the HL for an
MEA EPS, without introducing the details of the LL controller design. In addition, in the
hierarchical operational control framework, none of these mentions how the low-level (LL)

controls the system in different scenarios when the optimization level is out of service.

Motivated by these research gaps, this chapter proposes an intelligent two-level
hierarchical supervisory control method for the EPS presented in Figure 5.1, which is able to
deal with multiple failure scenarios while including optimization. An HL controller based on a
MILP-MPC scheme is proposed to cope with the optimization of power loss, energy storage
within the ESS, generator sizing, and the long-term management of failure impacts on the
system, regarding switching and load shedding. An LL controller with a faster clock is designed
to cope with changes of loads and fault occurrences over a short timeframe during the HL

sample intervals. This LL controller is designed based on a set of predefined rules, which can
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work in both collaboration modes with the HL controller, as well as independent modes when
the online MPC at the HL is unavailable, e.g. communication failure between different control
levels. Hence, the LL controller can keep the system operating in both normal and failure
scenarios following the safety criteria and operational constraints. The contributions of this

research are listed as follows.

1) In the HL controller, an online MPC model is built with the optimization model
integrated into it. A MILP formulation is used to express the system operation requirements as
a set of constraints, including power balance with nonlinear efficiencies, maximum power
limitations, ESS dynamics, power flow directions, health status constraints presenting
component availability, and EPS operational connection constraints. In this optimization model,
the objective functions are formulated to minimize the costs related to the preferred system
performance. According to the updates of the system status, the optimal decisions of the
configuration and power references are provided as recommendations to the LL controller. The
HL optimization MILP-MPC model operates in both offline and online modes. Before the flight,
the aforementioned MILP-MPC model is conducted offline with the initial system status and
average load profile. Therefore, the configuration for all flight stages based on the offline
optimization can be saved as a backup database, which is applicable as recommendations when
the online MILP-MPC is not available. During the flight, when the online MILP-MPC is
available to EPS, it provides control strategies based on long-term optimization with a slow

clock following the status changes in the EPS.

2) When the online MILP-MPC is available, a LL controller must provide quick responses
to the EPS short-term status changes, i.e. real-time load disturbances and failure occurrences,
during the HL control intervals. When the online MILP-MPC is unavailable, the LL controller
is required to control the EPS following the operation constraints by referring to the
configuration database prepared by the HL offline optimization. Hence, in this study, a rule-
based LL controller is designed with four modes - two of the modes operate collaboratively,
when the online MPC is available to deal with EPS normal and failure scenarios respectively,

while the other two modes operate independently, when the online MPC is unavailable.

3) Two different rule-based methods are proposed for each LL independent mode. A basic
rule (BR)-based method is firstly proposed for LL controller independent modes, which
conducts a set of “if-then” rules based on the measurement of the system status at each time
step. Although this method acts fast to the EPS changes, it can potentially increase the
continuous switching of charging/discharging of ESS and connection/disconnection of loads.
To avoid this, a finite state machine (FSM)-based method is introduced for LL independent

modes by adding the sequential logic, i.e. SOC change sequence in ESS, and a finite number
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of states are defined to conduct a set of “if-then” rules in each state. When the online MPC is
available, only the BR method is used in the LL controller benefiting from the optimal strategies

from online MPC.

4) A comprehensive comparison study is conducted with three cases, including the EPS in
a normal operational scenario with both ideal and imprecise load prediction, and the EPS failure
operation scenario with ideal load prediction. In each case, the simulation is conducted with the
LL controller in the independent modes using both BR and FSM methods, as well as in the HL
and LL collaboration modes. The simulation results are presented to illustrate the power and
configuration changes, and the performances of each method are evaluated based on the
designed evaluation framework. Furthermore, comparisons are made between the performances

of the proposed methods in each case.
5.2 EPS description and assumptions

5.2.1 EPS description

The architecture of the studied EPS has been introduced in Section 5.1.1 and Figure 5.1.
Two operating scenarios are considered for the EPS, namely the normal scenario and the faulty
scenario, which are defined according to the health status of the EPS components. In the normal
scenario, there is no failure in the system, while at least one of the system components is out of
service in the faulty scenario. Accordingly, the role of the system components will change in
different cases to ensure the power supply requirements of the HV/LV loads are met. A detailed

description of the EPS components/subsystems' roles is given in Table 5.1.

As discussed in Chapter 4 Section 4.4.1, in an MEA system, the onboard loads usually
change according to different flight stages, including ground, take off, climb, cruise, descent,
loiter, and landing [21]. In this study, critical loads and non-critical loads are also included. In
Figure 5.1, the critical loads, such as flight control systems, essential environment control, and
communication systems, should be supplied in all scenarios. The non-critical loads can be shed
if needed in faulty conditions with power shortage following load priorities, which means loads
with higher priority are less preferred for load shedding. In this work, the non-critical loads are
classified into high-priority (HP in Figure 5.1) loads (e.g. ice protection unit and sheddable
parts of the environment control), mid-priority (MP in Figure 5.1) loads (e.g. some galley

loads), and low-priority ((LP in Figure 5.1)) loads (such as lights and entertainment loads).
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Table 5.1 EPS components' roles in normal and faulty operation cases

EPS Component | EPS normal scenario EPS faulty scenario
Generators/APU | Generators/APU are controlled based on voltage regulation to stabilize the
HV/APU bus voltage
1) HVILV loads are supplied by | 1) In a generator failure scenario, the
the two main generators. APU can be used to supply the loads
2) The generator output power is and charge batteries.
used to charge the batteries | 2) The APU has a starting time of about
according to the ESS operating 20 s before it is available to be
strategy. connected to the APU bus.
ESS An ESS is used to stabilize the LV bus voltage for each LV bus.

The ESS manages the power
deviations between the loads and

power transferred by cells.

ESSs can be used to supply LV loads when
there is insufficient available power from
the HV side, for instance, in case of failures

in generators, transmission lines, and cells.

HVBs to LVBs
transmission
links

The LV buses are supplied by the
generators, receiving power from
the HV buses via the transmission
One DC/DC cell can be
connected to any HV or LV bus by

links.

controlling the on/off status of the

contactors.

By the

redundant

reconfiguring system  with

links, the LV side power
shortage in transmission failure scenarios
is mitigated. For example,

one contactor failure will not lead to the
cell’s availability to power transmission as

the connections can be reconfigured to

avoid the failed contactor.

HV/LV bus

interconnections

The

disconnected to

bus interconnections are

isolate different

loads when bus voltages are

controlled.

The bus interconnections are connected to
maintain bus voltage and to keep critical
loads supplied in the case of failures of

generators or ESSs.

5.2.2 Assumptions

The following assumptions are considered for designing the control system.

1) Loads at both HV and LV sides are predictable, and there are limited deviations

between the predicted and real-time load demand. As mentioned in Section 4.2.3, load

prediction techniques can be deployed to predict the aircraft load at different flight

stages, for example, in [160], [58], online machine learning-based methods are adopted.

In this work, a simplified load prediction method is adopted in which loads are

predicted by sampling the historical load without adjustment for real-time flight power

changes.
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2) The generators in the normal condition supply all of the loads in the EPS with load
disturbances, i.e., the deviations between the actual load power and the predicted mean
value load power.

3) The health status indicates the availability of the component, i.e., 1 for a normal
condition or 0 for faulty conditions. It is assumed that any faulty component will not
be recovered within the flight time. In addition, three types of component failures are
considered in this work, including one generator failure, one ESS failure, and different
transmission link failures, including contactors and cells.

4) The faulty controller represents the online MPC control in HL not being available for

some reason, such as communication errors.

5.2.3 Nomenclature
All of the main symbols used in this chapter are listed in Table 5.2-Table 5.4.

Table 5.2 Notations of EPS and controller indices for this chapter

Indices of EPS architecture

Jj, 1 Index for HV and LV buses respectively
c Index for cells (modular DC/DC converters)
D,q Index for HV and LV loads respectively
NAPU Number of APU
NHVE Number of HV buses
NLVB Number of LV buses
N€ Number of cells
NBAT Number of batteries

NHVLcri NHVanri
1

Number of HV critical/noncritical loads

NLVLcri NLVanri
1

Number of LV critical/noncritical loads

Indices of hierarchical controller

H Prediction horizon
k Time intervals, KEZ>
Ts Sampling time
N Total time steps
[om{x} The recommendation values from the online MPC to the LL
controller
roff{x} The recommendation values from the offline dataset to the LL
controller
M{x*} The measurement value from EPS to the controller
(x)HL Parameters/variable values in HL, such as TAL, kHL
(%)LL Parameters/variable values in LL, such as TE, kLt
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Table 5.3 Notations of EPS and controller parameters for this chapter

Parameters of EPS

PMAXE® Initial estimation of maximum generator and APU output power
[kw]
pAHVmax Maximum output power of APU bus to HV buses [kW]
pjf]’}’ma’f Maximum power of HV buses [kW]
Power [ﬁ”’fmax Maximum power of connection link between HV bus j and cell ¢
limitations (W] _
pemax Capacity of DC/DC converter cells [kW]
pLycmax Maximum power of connection link between celll ¢ and LV bus j
[kW]
pgismax pchmax | Maximum charging and discharging power for each battery | [kKW]
pymex Maximum power of LV buses [kKW]
ESS B/ Capacity of battery | [kWh]
limitations HI, LO Upper/Lower boundary for battery state of charge
v Transmission efficiency in cables between the APU bus and HV bus
J
n;’j‘{ Transmission efficiency in cables of HV bus connection between bus
jandj’
nhve Transmission efficiency in cables between the HV bus j and cell ¢
Efficiency < —
Ne Efficiency of cell
nkrc Transmission efficiency in cables between the cell ¢ and LV bus
net, ndis Charging/ Discharging efficiency of battery |
nyr Transmission efficiency in cables of LV bus connection between bus
land I
Load ,1}%”“0” The priority of the pth non-critical load on HV bus j
priority Avineri The priority of the qth non-critical load on LV bus [
Parameters of the controller
P]!;VLC”' (k) The pth critical load power on HV bus j [kW]
Load PngL”C” k) The pth non-critical load power on HV bus j [kW]
power plZVLC”' (3] The qgth critical load power on LV bus [ [kW]
PquVL”C” (k) The gth non-critical load power on LV bus [ [kKW]
Y4 (k) Indicator for the failure of generator j
Y ¢ (k) Indicator for the failure of connection link between HV bus j and cell
Cc
Failure YE € (k) Indicator for the failure of connection link between cell ¢ and LV bus
l
v (k) Indicator for the failure of cell ¢
vEAT (k) Indicator for the failure of battery |
APU Indicator for the starting status of APU: when R4?U (k) = 0, APU is
status RAPU (k) not ready for connection, when R4PY(k) = 1, APU is ready for

connection
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Table 5.4 Notations of controller variables for this chapter

Continuous decision variables of the controller

pomax (j) Maximum output power of generator/APU [kKW]
PAPU (k) Power flowing from APU to the APU bus [kW]
;}A”VP (k) Power flowing from APU bus to the HV bus j [kW]
PAR™ (k) Power flowing from HV bus j to the APU bus [kW]
PjG () Power flowing from generator j to corresponding HV bus j [kW]
Power Pfj’,V(k) Power flowing from HV bus j to HV bus j’ [kW]
PRV (k) Power flowing from HV bus j to cell ¢ [kW]
PLC (k) Power flowing from cell ¢ to LV bus I [kW]
P (k) , | Charging/ Discharging power of battery on LV bus I [kW]
P (k)
PLY (k) Power flowing from LV bus [ to LV bus 1" [kW]
soc,(k) State of charge of battery on LV bus [
ESS 9,(k) Tolerance for upper bound of state of charge of battery on LV bus [
& k) Tolerance for lower bound of state of charge of battery on LV bus [

Binary decision variables of DMPC/SMPC

SAPU(I) Connection status of the link between APU and APU bus
SAMY (k) Connection status of the link between APU bus and HV bus j
S]-G (k) Connection status of the link between generator j and corresponding
HV bus j
5].’]’.)’(k) Connection status of the link between HV bus j and HV bus ;'
SHvinert(k) | Connection status of the pth non-critical load power on HV bus j
SHVE (k) Connection status of the link between HV bus j and cell ¢
Connections SEC(k) Connection status of the link between cell ¢ and LV bus [
SPAT (k) Connection status of the link between LV bus [ and its corresponding
battery
57 (k) Connection status of the link between LV bus [ and LV bus I’
SErEneri(k) | Connection status of the qgth non-critical load power on LV bus !
SPhY (k) Vector of physical connections allowing bidirectional power,
including S/%" (k), S717 (k), SPAT (k) and Sj}Y (k)
sh(k) Vector of physical connections related with failure isolations,
including Sf (k), SP4T (k), S/2" (k), and S5 (k).
SJ_AHVP (k) Indicator for power flow direction from APU bus to the HV bus j
s (k) Indicator for power flow direction from HV bus j to the APU bus
_ g}.‘}’_}’(k) Indicator for power flow direction HV bus j to HV bus j’
I::;C:J\ers g},‘,’}’(k) Indicator for power flow direction HV bus j' to HV bus j
direction sf™ (k) Indicator for charging the battery on LV bus [
sftisch () Indicator for discharging the battery on LV bus !
spr (k) Indicator for power flow direction from LV bus [ to LV bus I’
s (k) Indicator for power flow direction from LV bus I’ to LV bus I
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APU Indicator for the starting of APU: when ST4PY (k) = 0, do not start
starting STAPU (k) APU, when ST4PY (k) = 1, start APU
decisions

5.3 Hierarchical framework

The hierarchical framework proposed in this work includes two levels. Rule-based LL
control is conducted every T (i.e. 0.1 s in this work), which is the fast clock. In contrast, the
optimization-based HL controller is sampled based on the slow clock T (i.e. 1 min in this
work). With the fast clock, the LL controller can use predefined rules to guarantee the EPS
safety in any scenario, providing quick responses: when maintaining instantaneous power
balance and capacity limitations, configuring the EPS to supply loads in normal scenarios and
maintain critical loads in faulty scenarios. Under the condition of this assured safety, the EPS
is preferred to be controlled for minimizing operational costs. The rules in the LL controller
could be modified continuously to achieve as good a performance as possible, however, this
increases the computational and design complexity dramatically, and cannot ensure global
optimality. In addition, defining rules for this EPS architecture is challenging because of the

coupling of configuration and PAS with a variety of constraints.

The HL controller is proposed for two reasons. Firstly, to provide real-time
recommendations to the LL controller to optimize the EPS long-term performances, such as
load shedding, power losses, switching activities, and energy storage. Secondly, it aids the LL
in working out EPS configurations to decouple the problem from PAS calculations, which
improves the feasibility of rules in the LL controller. The HL controller contains one online
MILP-MPC strategy in main usage to optimize the EPS behaviors during flight, and one offline
database for EPS configuration backup to provide quick configuration references when the
online strategy is not available because of real-time communication failures or computation

failures.

According to the availability of the online MILP-MPC for the HL controller, different
operation modes are designed in the LL controller to apply the HL recommendations/references
to the EPS according to the short-term dynamics. Figure 5.2 presents the framework of this
hierarchical operational control for the MEA EPS proposed in this chapter, and the roles for

each control level are presented in Table 5.5.
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Y M{S,P ,SOC,R*""]
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Figure 5.2 Architecture for two-level hierarchical operational control

Table 5.5 Control roles in each level

Functions LL controller roles

HL controller roles

Load Shed sufficient loads if a power

management shortage happens to keep critical loads

being supplied

Online:
Minimize load shedding and switching

activities

EPS Respond  immediately

reconfiguration | component failures:

1) isolate faults

on EPS symmetry

to EPS

2) if needed, reconfigure the EPS by

providing available connections based

3) consider APU starting time for APU

Online:

Provide configuration allowing minimum
transmission power losses and switching
activities in both normal and faulty
scenarios

Offline:

Provide configuration allowing minimum

connection transmission power losses and switching
activities in normal scenarios, which can
be referred to by the LL in EPS faulty
scenarios to guide the optimization
PAS Maintain instantaneous power balance | Online:

and power limitations

1) Minimize transmission power losses
2) Maintain average power balance and

power limitations

ESS Keep SOC within the limitations

management

Online:
1) Optimize ESS usage
2) Keep SOC within the desired limits
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As presented in Figure 5.2, at each time step k-, the LL controller receives the real-time
system status, including measurement matrices M{PL, S’, SOC, R*""} the information
matrices vy, and the indicator yMP¢, where PL consists of the power demands of all loads, S
consists of on/off status of all switches, SOC matrix consists of SOC of all ESS, R*"Y indicates
the APU availability, y consists of all failures in the system, and yMP© indicates the availability
of online MPC in the HL controller. The measurement and fault detection techniques are not
discussed in this work; however, it is noted that SOC is not measured/estimated based on the
fast clock because of its slow dynamics. Therefore, SOC is actually sampled based on the same
clock as the HL controller, which indicates that the same values will be adopted for LL control

for all of the time steps k' during each HL time interval T/~

The LL controller firstly selects its operation mode according to yMP¢ and y. When yMP©=1,
the LL controller refers to recommendations from the online MILP-MPC in HL, which are the
cooperative modes, containing Mode 1 and Mode 2 for EPS normal and faulty operation
scenarios, respectively, which it is being indicated by y. In contrast, when yMP¢=0, the LL
controller operates with HL databases, in independent mode, containing Mode 3 and Mode 4
for EPS normal and faulty scenarios, respectively.

5.3.1 When online MPC is available

As illustrated in Figure 5.2, at each time step k", the online MPC receives the status of the
system from the LL controller, i.e. the tuple M{PL, S’, SOC, R*"Y } and the value of y, to
update the system state and constraints of the controller. In addition, the load prediction module
updates the online MPC with load predictions for the horizon, e.g. Pui(k™), Pu(k™ +1), ...,
PLi(k" +N-1). An online optimization problem is solved with multi objectives to obtain an
optimized control sequence for k", k- +1, ..., kH- +N-1, where N indicates the total time steps
contained in the finite prediction horizon H. However, only the first sample of the optimized
control sequence is applied, and the horizon is shifted to the next time step k"' +1. The online
MPC provides the reference values of the configuration/connection matrix and power
references of all cells to the system, which are represented by I'°*{S,P¢!}  Since the
generators/APU and ESS are all operated in voltage control mode, other power flows in the
system are automatically determined based on Kirchhoff’s Current Law, with the desired

configurations, cell powers, and load powers.

In every time step k', the LL controller receives recommendations I'°™{S, P¢¢!} from the
online MPC, and compares these with the real-time status information, measured based on the
fast clock TLE, such as the health status of components and real-time load demands, to check
the applicability of the recommendations to any EPS short-term behaviors during the HL

sample time interval. If the recommendation values are expected to lead to the power of

96



components/links exceeding the limitations or resorting to the failed components, the LL
controller (running in Mode 1 or Mode 2) adjusts the recommendation values to fit the real-
time status; otherwise, the LL controller (in Mode 1 or Mode 2) directly adopts the

recommendation values and applies these to the EPS.

5.3.2 When online MPC is unavailable

Before the flight, an offline optimization is conducted based on load predictions for all
flight stages, with the sample time T, by adopting the same optimization model as online
MPC. The system configuration database is stored to provide configuration information
(/7 {8}) for each flight stage in the system’s normal scenario. In the EPS normal condition,
the LL controller in Mode 3 calculates power references for the cells (P¢") based on the
configuration extracted from the database. In EPS faulty scenarios, the LL controller in Mode
4 reconfigures the system by referring to the configuration in the database. Although the
configuration references cannot be directly applied to the EPS, rules are defined in the LL
controller to calculate the potential symmetric available connections. Therefore, the LL
controller provides the EPS with a new configuration to resolve the power shortage caused by
failures. Accordingly, power references for the cells (P! are calculated based on this updated

configuration.

Because the LL controller cannot be supervised by online MPC for optimized decisions
when independent modes (Mode 3 and 4) are required, an FSM rule-based method is proposed
based on the basic rule (BR)-based method to improve the performance of the LL controller.
The performances of both FSM and BR methods are compared in Section 5.7, together with
other modes.

5.4 HL controller design

In this section, the HL optimization model is presented, which is formulated using MILP,
following the MPC framework to provide optimized online strategies. By solving this model
offline, the HL database is constructed. The MILP model formulates the EPS operational rules
and targets, which can be solved at each time step k"' using available solvers, such as CPLEX
or GUROBI.

5.4.1 Objective functions

As shown in Chapter 4, adding SOC considerations, i.e. maximizing SOC, to the cost
function of (Obj2 and 3 in Chapter 4) avoids the need for a long prediction horizon. In addition,
compared to Obj3 which reduces battery power changes, Obj2 tends to require less computation

time while being able to achieve similar performance. Hence, in this chapter, the objective
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functions are designed similar to Obj2 in Chapter 4. For the optimal operation management of

EPS, the following six control targets are considered:

1)

2)

3)

N-1

KkHL=

Minimize total power consumption from all power sources: The power sources in the
studied system include generators, an APU, and batteries in ESSs. Reducing the total
output power of the power sources is the first control goal because, with the same load
power demands, the minimization for the output power of power sources indicates less
power loss in the system for the power distribution system, which leads to less fuel
consumption. Compared to formulating all of the power losses directly, the formulation

in (5.1) avoids nonlinear formulations to improve the model feasibility.

NHVB G HL\., pAPU(1HL )
) Py (kL) 4 p Kk LVB _g;
N—1 <21 Jj ( ) ( ) Z{V Pldzs(kHL)

jpsupply = kHL=0( NG.PMAXG NBAT ) (51)

Maximizing the energy stored in ESS: For ESS management, it is preferable to keep
the aircraft battery at a high SOC value, within the target range, thereby being prepared
for abnormal conditions which may later require stored power. According to Chapter
4, increasing the energy stored in ESSs can be achieved by either increasing the battery
charging power or SOC in the objective function. In this study, increasing SOC is

formulated in the objective function (5.2).

LVB
_ wN-1 XU IHI=socy(kAL)|
Jsoc = Lyti=g NEAT 1 (5.2)

Minimizing the load shedding: When the EPS is in a faulty condition, the power supply
might be insufficient to support all of the loads. Therefore, load shedding can be
conducted to maintain the system safe operation. The cost function in (5.3) minimizes
the total load shedding by penalizing the shedding of loads, considering load priorities.
In (5.3), the top has two factors; the first indicates the minimization of HV noncritical
loads following their priorities, while the second indicates the minimization of LV
noncritical loads. The bottom contains all priorities of the HV and LV noncritical loads

for normalization.

JsL =
HVB HVLncri i i LVB LVLncri i i
Z;\I Zg] /17pVann(—SJI;JVLnCH(kHL))+Z{V Zg A%(;/ann(_slléVanrl(kHL))
0 NHVB NHVLncri  gyineri , «NLVB «NLVLNCTL |, LyLncri
Zj Xp Ajp +2 Xq Alq (53)

4) Minimizing the switching activities: Switching activities include the following changes:

connecting/disconnecting the APU, configuration changes in the transmission system

(e.g. bus connection, cell connection, etc.), and connecting/disconnecting loads.

Switching activities are preferred to be avoided in the EPS of the aircraft as they might

lead to unnecessary transients and can negatively affect the components” lifetimes. Cost

functions (5.4)-(5.6) are adopted to minimize various types of switching activities.
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Jsapu = Zaitg 1SA7Y (kHF + 1) — S4PU (kHH)|

(5.4)
Jstran = Zphi_o 2 |ST(KHE 4+ 1) — StTan(kHL)| (5.5)
Jor = Tpaico X ISE(HE + 1) — SE(KHD)| (5.6)

where S$t%" denotes the vector of all power transmission line switches, including all of the

connections represented by S/*#", Sﬁ‘,’ L SHVE, SEeL spAT, SlLl‘f . Similarly, S* denotes the

vector of all load switches, including S/“"<"* and Sfy/“"<"™.

5) Minimize generator sizing: As introduced in Section 3.3, when minimizing the output
power for each generator during all flight stages, the power requirements of both
generators are balanced, leading to less maximum power on each generator. This is also
known as minimizing the generator sizing.

N—-1 PGmax (kHL)
= - ° 5.7
Jpamax kazo PMAXE 6.7)

6) Minimize SOC outside target range: For battery management, the battery SOC is

preferred to be kept in a target range [LO, HI] that can be modeled as a constraint. In
Section 5.4.2., soft constraints on the SOC and the corresponding objective function are

discussed, which are also applied in (5.8).

NLVB

N-1
Ja= ZkHngz (g, (K" + 9, (k")) (5.8)

l
Finally, a multi-objective cost function is formed by combining all of the cost functions

introduced in (5.1)-(5.8) with different weighting factors wpsupply, Wsoc, Wsi» Wsapus Wstran

WsL, Wpemax, and w, correspondingly as follows.

Imo = Wpsuppiy] psuppty + WsocJsoc + Wsi)s. + Wsapulsapu
+Wstranstran + WsLJsL + Wpemax]pamax + wyjp (5.9

5.4.2 Constraints
To demonstrate the EPS operational requirements, six groups of constraints are proposed

as follows:

5.4.2.1 Power balance constraints

For each bus node, the power flowing through should comply with the rule that the sum of
powers flowing into/out of each node equals zero (Kirchhoff’s Current Law for a given voltage).
For the converter nodes, the power flowing out of each node is less than the power flowing into
it because of the nonlinear converter efficiency. In addition, power losses across the

transmission lines are considered by adding a constant transmission efficiency parameter to the
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model.

For all of the bidirectional power flow presented in Figure 5.1, the power in each

direction is represented by a non-negative variable, hence all power variables are non-negative.

1)

2)

Power balance for the APU bus node: The power from the APU equals the total power
between the APU bus and all HV buses, including the power that flows into and out of
the HV buses. The APU bus receives less power than the total output power from the
HV buses to the APU bus, accounting for transmission power losses using a constant
AHV

efficiency factor multiplier n

7" . Hence the power balance equation can be written as

follows:

NHVE NHVE
pAPU (k) — Zj AP (k) + Z]- nAHY pARVR () = 6.10
Power balance for HV bus nodes: The input power for an HV bus includes the power
from a generator, APU bus, and adjacent HV buses, while the output power includes the
power to the HV loads, cells (to power the LV buses), and adjacent HV buses, formalized
as (5.11), where Vvj € {1,..., N¥B} In (5.11), the first term is the power from the
generator j; the second term is the power between the HV bus j and the APU bus; the
third term is the power between the HV bus j and the adjacent HV bus j’; the fourth term
is the power from HV bus j to the cells; the fifth term is the critical loads’ power allocated

on HV bus j; the last term is the noncritical loads’ power connected on HV bus j.

P]-G (kHL) + (n}.‘lHV;}AHVP (kHL) — PjAHVn(kHL)) + (Z#J_, ( r’HVP‘I;II‘/(kHL) _

3)

4)

Ji'ti'i
P]ij(kHL))) _ ZICVC PjIZVC (kHL) _ ZgHVLC” PjI;VLcri(kHL) _
ZgHVL"C” S]];VLnCTi(kHL)I_)ngLnCTi (kHL) =0 (511)

Power balance for cells’ nodes: The cells operate in buck mode to transfer power from
the HV side to the LV side, and the output power of each cell is less than its input

power due to the power losses in the nodes, formulated as (5.12), where V¢ €
{1, ..., N¢}. Although the function for the losses, 1. = f(Z?’HVB nh CPVE(kHY), s
a nonlinear function, piecewise-linear functions will be used for linearization, to ensure

that the problem can be solved by the MILP solver (in Section 5.7), as presented in
Chapter 3.

NHVE NLVB
WA GO W SECORY 6.12)
Power balance for LV bus nodes: For each LV bus, the battery operates in voltage
control mode to maintain the constant voltage. Therefore, the power into/out of the
ESS is decided by the power between the cells, adjacent LV buses, and LV loads,
formulated as (5.13), where VI € {1, ..., N!VB}, In (5.13), the first term is the power
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from cells to the LV bus I; the second term is the power between LV bus | and the
adjacent LV bus /’; the third term is the power between LV bus | and the corresponding
ESS; the fourth term is the critical loads’ power allocated on LV bus I; the last term is

the noncritical loads’ power connected on LV bus .

C :
S PR + Ty (mif P, (™) = PR ™)) + (P (1) = PE (1))

_ ZI(;ILVL"i Pll‘,ZVLcri (kHL) _ ZZVLVL'“:”' Sll;]Vanri (kHL)PlIEIVLnCﬁ (kHL) =0 (513)

5.4.2.2 ESS constraints
For each battery (in an ESS), the SOC at time step kL+1 can be estimated from the battery
power and SOC value at the previous time step k*L, as shown below, where VI € {1, ..., NLVB},

n¢" and n® are assumed constant indicating the charging and discharging efficiencies.

Tsmchplch (kHL) TSPldis (kHL)
B/ nisper (5.14)
In the aircraft system, SOC is preferred to be kept within a target range [LO, HI]. In this

SOC,(KH + 1) = SOC,(kHL) +

work, LO=0.3 and HI=0.9 are considered. As mentioned in Section 4.3.2, instead of adopting
the hard constraints to limit the SOC target range, soft constraints in (5.15) - (5.17) are
proposed in our model to improve the robustness of the MILP-MPC algorithm, which allows
SOC to vary slightly outside of this range in real situations due to unpredicted power

requirements.

0.3 — & (k") < SOC, (k") < 0.9 + 9,(k"1) (5.15)
0< gk <01 (5.16)
0 <9, (k") <01 (5.17)

5.4.2.3 Boundary constraints

Each component and each transmission link have its maximum power limitation for safe
operation. For the potential unidirectional power flow, when its physical transmission path is
connected, the power should not exceed its limitation; otherwise, the power is restricted to 0.
Similarly, for the potential bidirectional power flow, the power is limited by the direction
indicator, i.e. only the selected power direction can reach its maximum power limitation. This

set of constraints is presented below.

SkHEY X Ppyin < P(KHY) < S(KHE) X Pyax (5.18)
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where P (k) denotes the vector of power flow variables, including Pf (k), PAPY (k), B*""P (k),

PRV (k), PIY (K, P (), PIEVC (), PR (), PY (), Py (k), PE™ k), and P (k); S (k)

denotes the vector of binary variables of physical connections and power flow direction
indicators, including SF (k), SAPU(k), s/""P(k), sV (k) st (k), sfiY (k) SfEVC(k),

SEC(k), spf (k), spv (), sf™(k), and s35 (k). In (5.18), Pax and P,y denote the vector of
the corresponding power limitations. P,,,, includes the maximum power limitations for each
term of P(k), including PMAX® for Pf (k) and PAPU(k), PAHVmax for PAAVP (k) and

PAHVn(k) PHVmax for PHV(k) and PHV(k) PHVCmax for PHVC(k), PCLIVCmax for PC{,ZVC(k),

) ]C
P for PLY (k) and Pji} (k), PE"™A* for PE"(k), PAS™AX for PRS(k). Considering all
power flow variables are non-negative, P,,;, = 0 is applied in (5.18) for each term of P(k).
The details of the power limitation constraints are listed in Section 3.2.3 and 4.3.2.

As presented in Section 3.3.1.2, to minimize the generator sizing by reducing the power of
each generator, power limitation constraints in (5.19) are introduced. Therefore, when
combined with the objective function (5.7), the maximum power of each generation and APU
can be reduced during the flight.

0< PGmaX(kHL) < SjG(kHL) -PMAXE

PjG(kHL) < pémax(}HL) yj € (1,..., NHVE} (5.19)
PAPU(kHL) < PGmax(kHL)

5.4.2.4 Unidirectional constraints

For the potential bidirectional power flow, two non-negative variables are introduced to
present the power flow in each direction. As presented in Section 3.2.3, the unidirectional
constraints in (5.20) combined with (5.18) are proposed to avoid power flow in both directions
simultaneously. Eq (5.20) and (5.18) indicate that when the physical transmission link is
connected, the power can be transferred in either direction with the given maximum value while
the maximum power in the opposite direction is restricted to 0. Additionally, when the physical

transmission link is disconnected, power flow in both directions is set to zero.

Sp(kHL) + s(kHL)n < SPhy(kHL) (5-20)
In (5.20), sP(k) and s™(k) consist of the binary variables that denote the vector for the positive

and negative direction indicators respectively. For example, sP (k) includes the direction

indicators s/ (k) siV (), sf™(k) and s}/ (k) , while s™(k) includes the direction

indicators s/ (k), s (k) s@Sh (k) and s} (k). In addition, SPMY(k) is related to the
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vector of their corresponding physical connections, including S{**V (k), S].‘;W(k), SEAT (k) and

SiY (k).

5.4.2.5 Health status constraints

As mentioned in Section 5.2, several failure scenarios in system components, such as
generators, ESS, and cells, are considered in this study. To make the MPC controller capable
of coping with the failure scenarios, the health status constraints in (5.21)-(5.23) are introduced,
indicating that the components are disconnected in case of failure. In particular, (5.22) and
(5.23) demonstrate that when one cell fails, the switches to this cell are all disconnected to

isolate the failure.

Sh(kHL) < Y(kHL)

(5.21)
NHVB
Zj ijgVC(kHL) < yC(kHD) (5.22)
NLVB
SLVC (lHLY < v (kHD) (5.23)

where S (k) denotes the vectors of connections status, including S© (k), SP4™ (k), S/ (k),

and SLV¢ (k); y(k) denotes the failure status matrix consisting of all failures of the terms in
st (k).

5.4.2.6 Operational connection constraint
The power contactors should be connected properly to provide the system with all possible
operation topologies and prevent unexpected connection conditions. The connection constraints

are proposed for APU connection, buses interconnections, and the cells’ connections as follows:

1) The APU is connected to the APU bus only when any of the main generators fails. As
formulated in (5.24), if all of the values of yf (kHL) are 1, then right hand side is 0,
hence, the APU is not running; whereas if any value of yf (k") is 0, then right hand

side is 1, hence, the APU could be running.

NHVB

SAPU(JHLY < <1 - l—L 4 (k’“)) (5.24)
2) The HV and APU bus interconnections are only allowed when any generator failure
occurs. HV buses and the APU bus should also be connected without creating loops.
As formulated in (5.25), if all of the values of y¢ (k#) are 1, the HV and APU buses
are not connected; whereas if any value of y? (kM) is 0, then the maximum number of
NHVE hus interconnections can be adopted to connect the maximum number of

NHVE + 1 buses (NH#VEB = 2 for the number of HV buses, N4PU = 1 for the number
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2,

3)

4)

5)

6)

of APU bus). In addition, because the bus interconnections are applied to replace the
faulty generators, the number of faulty generators indicates the maximum number of
bus interconnections required, as formulated in (5.26). For example, one faulty
generator indicates a maximum of 1 bus interconnection can be adopted to supply the
HV bus.

NHVB NHVB

SjAHV(kHL) + SJ_I;{V(kHL) < NI-IVB . (1 _ 1_[ yf(kHL))

; ; (5.25)

NHVB NHVB

SjG(kHL) + SAPU(JHLY +Zj SJ_AHV(kHL) +SJ_I;{V(kHL) < NHVB 4 NAPU (5.26)
Each HV bus should be supplied by only one healthy power source, either one main
generator or the APU. As formulated in (5.27), if S{ (k*) = 1, indicating a normal

generator for HV bus j, then this bus can adopt one interconnection (either S]-A”V (kHH)

or Sjljy (k")) to supply another HV bus j’ in its generator faulty scenario. In contrast,

if SJ-G (kHL) = 0, indicating a faulty generator j, then at least one bus interconnection

(any of SV (kHX) and S717 (k")) will be adopted to supply the HV bus j.

1< SF(RME) + SAY (kM) + S117 (k") < 2, v) € {1, ..., NHVE} (5.27)

Although the cells are flexible enough to be connected with any HV/LV bus, during
the system operation, each cell cannot be connected with more than one HV and one
LV bus:

NHVB
HVC HL
OSZ,- SHVE(KHL) < 1 (5.28)

NLVB

0< Zl SEVE(kHLY < 1 (5.29)
The LV bus interconnections are only allowed when any battery failure occurs. Again,
LV buses should be connected without creating loops, as formulated in (5.30)-(5.31).
The principle of the formulation is similar to the HV/APU bus interconnections in
(5.25)-(5.26).

NLVB NHVB

D, swwmsem-na-] ] vy (5.30)

J
NLVB NLVB

Zl SBAT (jHLY 4 Zl Sllil’/(kHL) < NBAT (5.31)
Each LV bus should be supplied by only one healthy battery to maintain the bus voltage,

as formulated in (5.32). The principle of the formulation is similar to the HV side in
(5.26).
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1< SPAT(KHE) + Sy (KHR) + S0y (KH1E) < 2 (5:32)

5.5 LL controller design

As presented in Figure 5.2 and Section 5.3, all system status values are updated for the LL
controller every time step k', and the operating mode is selected based on the health status of
the components and the availability of the HL controller, which is proposed in the Main
Algorithm below. In each mode, a group of rules are defined to work as an expert system to
either collaborate with online MPC (Mode 1 and 2) or supervise the system independently
(Mode 3 and 4). In the independent modes, two different rule-based methods are proposed, i.e.
BR and FSM.

As presented in the Main Algorithm, the LL controller provides the three groups of control
signals to the EPS, including variables for the system configuration $¢°™f (k-1), load shedding
sshed (| LLY nower references of all cells P¢ (k). The system configuration variables include
SjG (kLL), STAPU(kLL), SAPU(kLL), SJ-AHV(kLL), Sjljy(kLL)’ S]-IZVC(I(LL), Sé‘lVC(kLL)’ SLBAT(kLL),
and S,/ (k*-). Load shedding variables include Sfi"“"<"!(k!L), and SLV“™i (k). Power

reference variables of cells include P¢ (k).

Main Algorithm for LL controller
1) Update system status at time step k-‘:
a)  System health status y(k"%), MPC controller availability yMPC (kL)
b) Load power measurement: PHVECTi(kEE) | phVEmeri(glly - pLVLeri(gLLy
PZIZJVLnCH (kLL)
c) SOC measurement: SOC; (k)
d) APU status: R4PU(kX), RAPY (k) =1 indicates APU is ready to use, O
indicates the reverse
2) Select LL controller mode:
(Vy (k) = 1) A (YMPE(KEL) = 1), start Mode 1
@Ay(E) = 0) A (YMPE(KEE) = 1), start Mode 2
(Vy (k') = 1) A (YMPC(KkE) = 0), start Mode 3
@Ay = 0) A (YMPE (kL) = 0), start Mode 4
3) Send control references to the system:
a) System configuration: W{S™ (k'1)}
b) Load shedding: W{s*"ed(kL)}
c) Power reference of cells: W{P¢(k)}
4) k=k+1, go to step 1) and continue to the new state

5.5.1 LL Mode 1: collaboration mode in EPS normal scenarios
In this mode, online MPC in the HL provides recommended control decisions based on
average load prediction at each timestep k"X, In EPS normal scenarios, short-term power

dishalance and the consequent violations of power capacity constraints can be caused when
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applying the recommendations because of the deviations between the real-time load power
demands and the predicted average power during the sample time interval THX. Therefore,
Algorithm | is proposed for the LL in Mode 1, which adopts the recommendations of
configurations T°"{s°™f (k¥L)} and load shedding I°"{sshed(kHL)} and calculates the
power references P¢(k't) based on the load power deviations. It is noted that HV load
deviations are directly compensated for by the generators. In addition, based on assumption 2)
in Section 5.2.2, HV and LV load disturbances will not cause the overload of generators.
Therefore, when calculating the cells’ power in Algorithm I, the constraints of power balance
and capacity limitations on HV sides are already guaranteed based on HL recommendations.

Algorithm | for LL Mode 1
1) Consider system state at time step k't
a) Load power measurement: Pj};VLCTi(kLL), PjI;Vanri(kLL), PII;IVLCTL'(kLL)l PlIEIVLnCTi(kLL)
2) Keep MPC controller recommendation of system configuration references and load shedding:
IP{SCU"f(kLL)} — ron{sconf(kHL)}, lP{SShed(kLL)} — Fon{sshed(kHL)}
3) Calculate power references P¢(k") to control the battery charging/discharging and load
supporting:
For each LV bus I, do the following:
a) Calculate the deviations PV4¢" (k') between the recommended input power from cells
and real-time load demands, as presented in (5.33)
b) Calculate the power capacity remained from cells to the LV bus I, i.e. PL/¢e™ (1LY,
when recommended power references were allocated, as presented in (5.34)

c) If
—pflismax < plvdev(LLy < pchmax. the ESS for LV bus | can compensate for the
deviations between predicted and real-time loads.
Then
Adopt recommended power references for cells connected to bus |, i.e. PE/¢ (k) =
PCLlVC(kHL)

d)y If
plvdev(pLLy > prhmax: the real-time loads are less than the predicted ones, and the
battery is over-charged when adopting the HL recommended power of cells which are
connected with LV bus I.
Then
Reduce power of the corresponding cells proportionally (based on the HL
recommendations), to avoid battery being over-charged, as presented in (5.35)

e) |If
pjvaev(gll) < —pfismax < (: the real-time loads are more than the predicted ones,
leading to the battery being over-discharged when adopting the HL recommended power
of the cells connected with LV bus I.
Then
Increase power of the corresponding cells proportionally (based on the power capacity
remained from cells to the LV bus | calculated in b)), to avoid battery over-discharging,
as presented in (5.36)

4) Obtain updated control references for the system: W{s<™ (kLL)}, w{sshed (kLL)}, W{PC (k!1)},
the cells’ power is calculated by (5.37)

106



In Algorithm I, the following calculations are conducted in a)-€) in step 3) respectively. In
(5.33) (for rule 3)-a)), YN, PLVC(kHL) indicates the total recommended input power from

PLVLcrL (kLL) and Z

NLVLCTl NLVanrl

cells to the LV bus I; ¥N- SEyLneri(fhhy - plytneri(gly
indicate the real-time critical loads and connected non-critical loads on the LV bus I,
respectively. In (5.34) (for rule 3)-b)), PLYcmax . sLVC (kLL) indicates the maximum power can
be obtained from the cell ¢ to the LV bus I; PLY¢(kHL) indicates the recommended power
allocation from cell ¢ to the LV bus I. In (5.35), PLV4ev (kLL) — pFhmax indicates the total
power should be reduced among the cells for rule 3)-d); P5€ (kHL) /3N, PEVC (kHLY indicates
the recommended proportion of power allocation from the cell ¢ to the LV bus I. In (5.36),
—plvaev(glly — pdismax jndicates the total power should be increased among the cells for rule
3)-d); pLYCrem(kHL)/yNE pLvCrem(jHLY jndicates the proportion of the power capacity
remained from cells to the LV bus | based on (5.34). In (5.37) for step 4), the cells’ power is
calculated by the output power from cells to the LV bus I considering the efficiency of cells.

PEVAe (i) = T2C, PV () — ST P (i) (5.33)
ZNLVLnC” Vanrl(kLL) PLVanrL (kLL)
pLyCrem (jHLY = pLyCmax . GLVC(jLLY _ pLVC(JHLY (5.34)
PcLlVC(kLL) — PCLlVC(kHL) . (1 _ (PlLVdev(kLL) Pchmax)/ZNC PLVC(kHL)) (5.35)
PLVC(kLL) _ PLVC(kHL) + PLVCrem(kHL)/ZNC PLVCrem(kHL) . (_PLLVdev(kLL) _ (5.36)
Pdtsmax)
LVB
PE (kM) = {v PCLlVC(kLL) /1. (5.37)

5.5.2 LL Mode 2: collaboration mode in EPS faulty scenarios

When a component failure occurs, the online MPC in the HL cannot respond to it
immediately because the online MPC samples the EPS based on a slow clock. However, after
the EPS failure status is updated to the online MPC, the online MPC provides optimized
decisions to reduce the operational costs in an EPS faulty condition. To reduce the response
time to the failure occurrence and apply the optimized decisions following the EPS real-time
status, the LL Mode 2 is proposed to cooperate with the online MPC in the HL. Algorithm 1l is
designed for Mode 2, based on the assumptions in Section 5.2.2, which defines the number of

failure cases and the failure persistence during the flight stages.
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Algorithm 11 for LL Mode 2

1

2)

3)

4)

5)

Consider system state at time step k-

a) system health status y (k)

b) Load power measurement: PngLcri(kLL), PjI;VLnCTi(kLL), PIZVLC”(ICLL), P[ZVanri(kLL)

c) APU availability status: R4PU (kL)

Receive online MPC recommendations of system configuration references and load shedding:

ron{sconf(kHL)} and Fon{sshed(kHL)}

Decide system configuration W{s<™ (k‘L)} based on y(k-) and Tr{s™/ (')}

a) Check each generator’s health status, decide the configuration of the HV sides, refer to the
applicability of the recommendations, and calculate any load shedding caused by the
generator failure. The details are presented in Section 5.5.2.1 and Algorithm II-A in
Appendix B.1.

b) Check each battery’s health status, decide the configuration of the LV sides, refer to the
applicability of recommendations. The details are presented in Section 5.5.2.2 and Algorithm
11-B in Appendix B.2.

¢) Check the transmission health status between the HV and LV sides, decide upon the
configuration of modular cells, refer to the applicability of the MPC recommendations. The
details are presented in Section 5.5.2.3 and Algorithm I1-C and Algorithm 11-D in Appendix
B.3 and B.4 respectively.

Decide the HV side load shedding: according to step 3)-a), the load shedding on the HV side,

i.e. SfVEneTi (Kb, is decided based on the generator/APU status.

Decide the LV side load shedding S/“"“"* (k**) and calculate the power references P¢(k“") to

control the battery charging/discharging and load supply:

For each LV bus | (or set of connected buses, noting that when the LV bus | is connected to the

LV bus /’, the two buses are regarded as a new combined single bus 1), do the following:

a) Calculate the power deviation PV9€” (kL) between the recommended available input
power and real-time load demands when adopting the EPS configuration W{s¢°™ (k'-)}
decided in step 3), as presented in (5.38).

b) Calculate the power capacity remained from the cells to the LV bus |, i.e. PS*V¢™ (kHL),
when available recommended power references which were allocated and the EPS
configuration W{S°™ (k'-)} decided in step 3) is adopted, as presented in (5.39).

c) If
—ppismax < plvdev(JLLy < prhmax \which indicates that the ESS for LV bus | can
compensate for the deviations between predicted and real-time loads
Then

Adopt recommended power references for cells connected to bus I, i.e. PS™ (ktt) =
H

VB
PCC;LV(kHL) . SclleC(kLL) . Z?I=1 S]]-CIVC(kLL)

d)y If
plvaev(Lly > pehmax: The real-time loads are less than the predicted ones, and the
battery is overcharged when adopting the HL recommended power of cells connected
with LV bus |
Then
Reduce the power of the corresponding cells proportionally (based on the HL
recommendations and the EPS configuration), aiming to avoid battery overcharging, as
presented in (5.40)

e) |If

) PILVdev(kLL) < _Pldismax <0 and |PlLVdev(kLL) + PlLVdismax(kLL)l < PlCLVrem(kLL):
The battery will be over-discharged because of the load disturbances and the
transmission failures, when adopting the HL recommended power of cells connected
with LV bus I. In addition, the over-discharge can be avoided by increasing the cells’
power within their limitations.
Then
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Increase the power of the corresponding cells proportionally (based on the power
capacity remained from cells to the LV bus | and the EPS configuration), aiming to
avoid battery over-discharging, as presented in (5.41).

f) gLVdev(kLL) < _Pldismax < 0 and |PlLVde1J(kLL) + PlLVdismaX(kLL)| > PlCLVrem (kLL):
The battery will be over-discharged because of the load disturbances and the
transmission failures, when adopting the HL recommended power of cells connected
with LV bus I. In addition, the over-discharge cannot be avoided by increasing the cells’
power, which requires the load shedding on LV bus .

Then

1) Cells connected with the LV bus | are set to rated power, i.e. P$*Y (kL) = pLycmax.

CLV(kLL) ZNHVB SHVC(kLL)_

2) Sufficient LV loads are shed to avoid the battery discharge exceeding the limitation.
The loads connected to the LV bus | are shed following the load priorities, from low to
high, which is presented in Algorithm 11-Shed-LVL. The load shedding is stopped until
the connected loads on the LV bus I can be supplied by the maximum available input
power from the cells and ESS, where PEV™™ma* (L1 represents the maximum available
input power from the HV side to | in (5.42), and PLVEt (kEL) represents the total power
of the loads connected to the LV bus I in (5.43).

6) Obtain updated control references for the system: W{S°™ (k')}, w{sshed (1LY}, W{PC (kK )},
the cells” power is calculated by (5.37)

In Algorithm IlI, the calculations mentioned in step 5) are presented as follows. The
equations in (5.38)-(5.41) for the rules in a)-e) in step 5) are similar to (5.33)-(5.36) in
Algorithm 1. While in Algorithm 11, the real-time configuration changes in LL (in step 3)-4))

are considered in (5.38)-(5.41) when calculating the recommended power, i.e. PX/¢ (kL) is
replaced by PLVC(kHL) . SEVC(kLL) - ZNHVB SHYC (k). This indicates the recommended

power can be allocated when the cell ¢ is connected to the LV bus I, as well as when the cell ¢
is supplied by any of HV bus. This principle is also applied in (5.42), when calculating the
maximum available input power from the HV side to I. For calculating the load shedding in

step 5)-f), the total power demand in (5.43) on bus | is updated in the LL controller.

NC NHVB
plLvaev(jLLy — Z 1PcLzVC (KLY - SEVE (kAL Z 1 SHVC (k)
c= j=

LVLcri LVLncri (538)
N N
_ Z PlLVLcri (kLL) _ Z Sl LVLncri (kLL) PLVLTLCTL (kLL)
q
q=1 q=1
NHVB
pGLVrem (jHLY = pLvCmax . GLVC (jLLY Z 1 SHVE (kME) — PEYC (kML) (5.39)
j=
NHVB
PCLlVC(kLL) — PCLlVC(kHL) . SCClLV(kLL) Z » SJ_I-CIVC(kLL) . (1
PLVdeV(kLL) _ Pchmax o (540)
TS PG B S
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NHVB
PcLlVC (kLL) — PcLlVC (kHL) _SclflLV(kLL) . Z S]];IVC (kLL)
j=1 (5.41)
N PCCILVrem (kHL) . (_PlLVdev(kLL) _ Pldtsmax)

ZIC\I:C1 PCCILVrem (kHL)

) NC NHVB
plLvinmax (jLLy = pLvCmax Z PLVESLYC (1LY . Z . ijclvc (kM) (5.42)
c Jj=
NLVLcri ] NLVLncri ] ]
PLVLOt (JLLy = Z Pll‘,ZVLcrl (kM) + Z Sll;IVanrL(kLL)PlléVanrl (kM) (5.43)
q q

In Algorithm 11 step 5)-f), load shedding is introduced, which applies Algorithm 1I-Shed-
LVL as follows.

Algorithm 11-Shed-LVL Load shedding for LV bus |

Start from low-priority LV load g = NtVinert

While g = 1, Do the following calculation for LV bus I:
SquVanri(kLL) =0
IE Pll,VLtot(kLL) < PlLVinmaX(kLL) + Pldismax, Break Whl'e,
Elseq=q—1;

End While

5.5.2.1 Supervision of generator status

In this study, one generator failure is considered. To supervise the generator failure and
respond to it by reconfiguring the HV side network and shedding enough loads to avoid
generator overload, Algorithm I1-A is proposed for the LL Mode 2 in Algorithm |1 step 3)-a).
Algorithm I1-A is presented in detail in Appendix B.1. This algorithm controls the EPS in the

following three ways:

a) The HV bus interconnection is used when a single generator supplies all of the power
demands, when another generator has failed and the APU is not started or is not ready
for connection. In contrast, when the APU is started and ready for connection, the APU
is used to replace the faulty generator.

b) Although the online MPC determines the APU usage to reduce its switching activities
and power losses as presented in Section 5.4.1, the LL controller is designed to start
the APU before the online MPC even samples the generator failure. This reduces the
shedding time of high-priority and mid-priority loads caused by the generator failure,
and the delay in the MPC response.

c) Before the online MPC responds to the generator failure, the LL controller reduces
sufficient loads when a single generator supplies the EPS, to avoid the overload of the

single remaining normal generator.
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5.5.2.2 Supervision of battery status

In this study, one battery failure is considered. When the failure happens, the faulty battery
is isolated and LV bus interconnections are required to maintain the corresponding LV bus
voltage. In Section 5.4, the online MPC can reconfigure the LV sides in the faulty scenarios
with the operational costs minimized. However, before the failure is sampled by the online
MPC, the LL controller connects the LV buses following the rules proposed in Algorithm I1-B
to reduce the response time to the failure occurrence, for safe EPS operation. In addition, the
LL controller applies the optimized connection recommendations from online MPC when they
are applicable to the failures. Algorithm 11-B is presented in detail in Appendix B.2.

5.5.2.3 Supervision of transmission status

In this study, different transmission failures are considered, including the faulty scenarios
of the links between the HV/LV buses and cells and the cells. These faults can lead to power
shortage on the LV side causing load shedding. The online MPC proposed in Section 5.4
receives full knowledge of the EPS to reconfigure the links and cells for minimum load
shedding, power losses, and switching activities. Before the online MPC responds to the failures,
the LL controller uses symmetric links and disconnects the faulty links and cells to maintain
EPS safety and avoid power shortage as a very quick response. The LL controller can apply the
recommendations to the EPS when the online MPC recommendations are applicable to the
failures. The following three aspects are considered in Algorithm 11-C and Algorithm 1I-D,
which are presented in detail in Appendix B.3 and B.4.

a) When acell ¢ is in the faulty condition, all of the links from HV/LV buses to this cell
c are disconnected, regardless of the health status of these links.

b) In Figure 5.1, the left side and the right side of the EPS are symmetric. When cell ¢ is
in normal condition, while a link failure occurs between it and the HV bus j, the faulty
link is disconnected instantly by the LL controller. Because cell ¢ cannot be supplied
by the power source on the HV bus j, the LL controller connects this cell to the
symmetric HV bus j’ to maintain the power transmission when this adopted link is
itself in normal condition. In the meantime, to avoid the overload of the power source
(e.g. generator/APU) on HV bus j’, cell ¢’, which is symmetric to cell ¢, is connected
to HV bus j, as long as this adopted link and cell ¢’ are working normally. This is
presented in step 3) of Algorithm I1-C in Appendix B.3.

c) When a link failure emerges between normal cell ¢ and the LV bus I, the symmetry of
the EPS is also applied. After disconnecting the faulty link, the LV bus I is connected
to the symmetric cell ¢’ as long as the adopted link and cell ¢’ are in normal condition.

In the meantime, cell ¢ is connected to the LV bus /’ to maintain the bus input power,
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which is initially supplied by cell ¢’. This is presented in step 3) of Algorithm I1-D in
Appendix B.4

5.5.3 LL Mode 3: independent mode in EPS normal scenarios

As discussed in Section 5.3, when the online MPC is unavailable in the HL, the LL accesses
the backup database to obtain the recommended EPS configurations, which are calculated based
on the average load predictions. Assuming the real-time load demands have limited deviations
from the predicted values according to Section 5.2.2-1), the EPS configurations calculated
offline in HL based on load predictions can tolerate the deviations in normal EPS scenarios.
Therefore, the LL in Mode 3 adopts the recommendations for configurations I'°// {s€o™/ (kHL)}
during each time interval T/L. Two methods are proposed in the following subsection for Mode
3.

55.3.1 BR method for Mode 3
Algorithm 111 is proposed for LL Mode 3 to calculate power references and decide load

shedding based on the configurations in the database.

The calculations conducted in Algorithm 11 in 4)-a) to 4)-¢) are presented as below. (5.44)
and (5.45) ensure that the power transmitted from the cell ¢ to the LV bus | will not exceed its
limitation PLY¢™ax |t is noted that PLY¢max = ptmax.plmax \where n¢™Max indicates the
efficiency of the cells at rated capacity (P¢™%¥). Consequently, the power demand allocated on

the cell ¢ will not exceed its capacity.

NC
PLYC (k) = min(PLVcmax, pLvLtot (jLL) /Z S C UMY ) - SHC (kM) (5.44)
c

NC
PCLZVC(kLL) — min(PCLlVCmax’ (PILVLtot(kLL) + Plchmax)/z SéVC (kLL) ) . SCLZVC (kLL) (5.45)
c
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Algorithm 111 for LL BR-based Mode 3
1) Consider system state at time step k-
a) Load power measurement: PjIZ)VLcri(kLL), Pnganri(kLL), PﬁZVLCTi(kLL), Pll‘,ZVanri(kLL)
b) SOC measurement: SOC, (k)
2) Read dataset to extract system configuration references: W{§°™ (k')} = ro//{sconf (jHL)}
3) Initially, set all loads as being connected, S5"¢4 (kL) = 1
4) Calculate power references P¢ (k) and shed loads if required (i.e. change §5"¢4 (kL) values from
1 to 0) to control the battery charging/discharging and load supporting:
For each LV bus I, do the following:
a) Calculate the maximum available input power from HV side to LV bus I
pjvinmax LLy as presented in (5.42)
b) Calculate the total load demands PVt (k1L), as presented in (5.43)
c) |If
SOC;(k*) = 0.9: SOC exceeds the upper bound
Then (Corresponding to State 1 in FSM method in Figure 5.3)
Stop charging the battery: Share LV loads among cells equivalently within the cells’
power capacity, as presented in (5.44); Use the battery to automatically compensate for
the  additional power demands when  PEVImax(fLLy < pLVLtot(flly <
PlLVinmaX(kLL) + Pldismax

d)y If
0.3 < SOC,(k*) < 0.9: SOC is within the target range
Then (Corresponding to State 2 in FSM method in Figure 5.3)
Charge the battery whenever possible without load shedding: share LV loads and

charging power among cells equivalently within the cells’ power capacity, as presented
in (5.45)

e) If
(S0C, (k') < 0.3): SOC exceeds the lower bound
Then (Corresponding to State 3 in FSM method in Figure 5.3)
Charge the battery whenever possible by (5.45) when PLVE©Ot (L) < plLvinmax (jLly
otherwise, shed sufficient loads to charge battery. When load shedding is required, the
loads connected to LV bus | are shed, following the load priority from low to high. In
addition, the load shedding is stopped until PFVLtot (jeLL) < pEVinmax (Ll

5) Obtain updated control references for the system: W{S™ (k')}, w{sshed (1LY} W{PC (K )},
the cells” power is calculated by (5.37)

55.3.2 FSM method for Mode 3

In Algorithm 111, the battery can be quickly charged to its upper bound. However, the
battery SOC is likely to vary around the upper bound because the battery keeps switching
between the charging and discharging process, which leads to additional power losses,
unnecessary power changes, and can be harmful to the battery lifetime. Compared to the BR
method making decisions based on the inputs, the FSM decides outputs and the next state as a
function of the inputs and the present state (allowing it to take the current state / previous
decisions into consideration). To improve Algorithm 111 for Mode 3, removing the continuous
switching of charging/discharging, FSM-based Mode 3 in Figure 5.3 is proposed, which

consists of three states and a group of state transition conditions.
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S0C, (kM) < 0.5

S0C, (kM) < 0.3

State 2:

State 1: Charge the battery Charge the battery
Stop charging whenever possible whenever possible
the battery without load and shed loads if

shedding required

SOC,(KE) > 0.7

LLY >
$0G, (k™) 2 09 S0C, (k") =05

Figure 5.3 FSM-based Mode 3

In FSM-based Mode 3, states correspond to the ‘Then’ commands in BR-based Algorithm
111 for Mode 3. The controller continuously compares the inputs, i.e. the SOC of each battery,
with the transition conditions. When a transition condition is satisfied, the controller transits
from the present state to the next state for calculating the decision variables.

The FSM here introduces two more level boundaries, which are SHI=0.7, and SL0O=0.5,
dividing the SOC target range into three levels. When SOC € [0.7, 0.9], the energy stored in
the battery is at a high level, allowing both State 1 and State 2. When SOC € [0.5,0.7], the
energy stored in the battery is at the middle level, and the controller works in State 2. When
S0C € [0.3,0.5], the energy stored in the battery is at a low level, allowing both State 2 and
State 3.

According to Figure 5.3, if 0.7 < SOC; < 0.9 at the initial status, the controller enters
State 2 to charge battery | whenever possible until SOC; = 0.9. Then the controller transits to
State 1 to stop charging the battery I until SOC; < 0.7. Afterward, the controller enters State 2,
if pLvinmax o pLVLtot 'the hattery | is applied to supply the loads leading to the reduction of
SOC,;. When the reduction causes SOC; < 0.3, the controller transits from State 2 to State 3 to
charge the battery | with the potential load shedding. Load shedding is applicable to stop the
discharge of the battery | until SOC; = 0.5, and the controller enters State 2, which is the same

as the initial status.

5.5.4 LL Mode 4: independent mode in EPS faulty scenarios

In faulty scenarios, although the online MPC is unavailable to provide optimized
recommendations to the failures, the LL can adopt rules to configure the EPS. The rules are
similar to the configuration algorithm in Mode 2 steps when the failures are not sampled by the
online MPC and the LL responds to the failures. Similar to Mode 3, LL Mode 4 calculates the
power in the EPS to manage loads and ESS to meet the operational constraints when the EPS
configurations are decided. In addition, BR-based and FSM-based methods are proposed in
Mode 4 similarly to Mode 3.
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In BR-based Mode 3, the loads can be supplied by the input power from the HV sides and
the ESS because the EPS is in faulty condition, and the load shedding is only conducted when
there is insufficient energy in the ESS. However, in BR-based Mode 4, in addition to
insufficient energy, load shedding is also conducted when there is power shortage caused by
failures. The rules for the ESS charging/discharging and the load shedding are demonstrated in
step 6) of Algorithm V.

Similar to Mode 3, FSM-based Mode 4 is proposed based on BR-based Mode 4 in
Algorithm 1V. The transmission conditions and definition of the states are the same as
illustrated in Figure 5.3, while the rules conducted in each state are replaced with the rules
proposed in Mode 4 in step 6). Therefore, the FSM-based Mode 4 reduces the switching of the
charging/discharging when the SOC is close to the upper/lower boundaries, and the continuous
load shedding is reduced when the SOC is close to the lower boundary in the EPS faulty

Scenarios.

Algorithm 1V for LL controller Mode 4

1) Consider system state at time step k-
a) system health status y (k')
b) Load power measurement: PjI;VLcri(kLL)’ P]_I;Vanri(kLL)’ PIZVLCH (kLL), P[ZVanri(kLL)
c) APU starting status: R4PY (kLL)

2) Read dataset to extract system configuration references: Lo/ {s¢onf (i HL)}

3) Initially, set all loads been connected, $sh¢4 (kL) = 1

4) Decide system configuration W{s<°™/ (k'1)} based on y(kt) and T/f{seon/ (k!L)}

a) Check each generator health status, decide the configuration of the HV side, and calculate
load shedding caused by the generator failure. The rules are similar to the ones discussed in
Section 5.5.2.1 and Algorithm II-A (in Appendix B.1), while replacing the online MPC
recommendations with the offline ones. In addition, the APU is always started in Mode 4
when one generator fails to cope with the worst scenarios.

b) Check each battery health status, decide upon the configuration of the LV side. The rules are
the same to the ones discussed in Section 5.5.2.2 and Algorithm 11-B (in Appendix B.2) while
replacing the online MPC recommendations with the offline ones.

¢) Check transmission health status between HV and LV sides, decide the configuration of
modular cells. The rules are the same to the ones discussed in Section 5.5.2.3, Algorithm 11-
C and Algorithm 11-D (in Appendix B.3 and B.4 respectively), while replacing the online
MPC recommendations with the offline ones.

5) Decide HV side load shedding: according to step 3)-a), the load shedding on the HV side,
ie. S]z”"m(k“), is decided based on the generator/APU status.

6) Decide LV side load shedding S5"*"" (k") and calculate power references P¢ (k") to control
the battery charging/discharging and load supply:

For each LV bus I (or set of connected buses, noting that when the LV bus | is connected to the

LV bus /’, the two buses are regarded as a new combined single bus I), do the following:

a) Calculate the maximum available input power PFVm™max (kL) from HV side to | based
on the EPS configurations decided in step 4), as presented in (5.42)
b) Calculate the total load demands PVt (k1L), as presented in (5.43)

c) |If
S0C, (k') = 0.9: SOC exceeds the upper bound
Then (Corresponding to State 1 in FSM method in Figure 5.3)
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Stop charging the battery, and shed sufficient loads if the loads on the LV bus | cannot
be supplied by the maximum available input power of the HV side and the ESS:

(1) If ppvinmax(jlly 4 pdismax > pLVLtot(plLLy  share LV loads among cells
equivalently within the cells’ power capacity, and use the battery to automatically
compensate for the additional power demands, as presented in (5.46).

(2) If pLvinmax(plly 4 pdismax o pLVLtot(LLy = |oad shedding is conducted by
Algorithm 11-Shed-LVL until pLVinmax (jLL) 4 pdismax > pLVLtot(}LLy Based on the
load shedding, recalculate the cells’ power to share the connected load demands without
charging the battery.

d)y If
0.3 < SOC,(k*) < 0.9: SOC is within the target range
Then (Corresponding to State 2 in FSM method in Figure 5.3)
Charge the battery if possible, and shed sufficient loads if the loads on the LV bus |
cannot be supplied by the maximum available input power of the HV side and the ESS:
(1) If pLvinmax (pLLy 4 pdismax > pLVLtot(kLLY) charge the battery whenever possible
without load shedding: share LV loads and charging power among cells equivalently
within the cells’ power capacity, as presented in (5.47).
(2) If pLvinmax(plly 4 pdismax o pLVLtot(pLLy = oad shedding is conducted by
Algorithm 11-Shed-LVL until pLVinmax (jLLy) 4 pdismax > pLVLtot(kLLy Based on the
load shedding, recalculate the cells’ power to share the connected load demands and
charge the battery whenever possible, i.e. PFVmmax (LL) > pLvLtot(LLy

e) If
(S0C, (k') < 0.3): SOC exceeds the lower bound
Then (Corresponding to State 3 in FSM method in Figure 5.3)
Charge the battery, and shed sufficient loads to avoid the battery discharge:
(1) If ptvinmax Lly > pLVLtot(pLLy charge the battery: share LV loads and charging
power among cells equivalently within the cells’ power capacity, as presented in (5.47)
(2) If pEvinmax (pLLy < pLVLtot(pLL) 1oad shedding is conducted by Algorithm 11-Shed-
LVL until pfvinmaxjLLy > pLVLtot(pLLy Based on the load shedding, recalculate the
cells’ power to share the connected load demands and charge the battery.

7) Obtain updated control references for the system: W{S™ (k')}, w{sshed (1LY}, W{PC (kK )},
the cells” power is calculated by (5.37)

The calculations mentioned in step 6) of Algorithm 1V, can be formulated as follows. The
principle of (5.46) and (5.47) are similar to (5.44) and (5.45) in Algorithm I1I respectively.
While in Algorithm 1V, the real-time configuration changes in LL caused by failures are

considered in (5.46) and (5.47) when calculating the recommended power, i.e.

j":f 7 SHVC (k') is added in both equations. Both equations indicate that the power demand

can be allocated when the cell ¢ is connected to the LV bus |, as well as when the cell ¢ is

supplied by any of HV buses.

PlLVLEOt(kLL)

'chvC(sCLlVC(kLL) 29\1:"’1‘/3 st-éVC(kLL)) ) (5.46)
NHVB

SHYC (e T SV (k)

PCLIVC(kLL) — min(PCLlVCmax
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LVLtot(, LL chmax

P (kL) +pf
» <NC, cLVC(,LLYsNHYB CHVC/, LL
z:C (Scl (k )Zj=1 Sjc (k ))
NHVB

SHYE (e T SV k)

PCLlVC(kLL) — min(PCLlVCmax

)
(5.47)

5.6 Evaluation framework design

An evaluation framework is presented in this section for calculating the cost of operation
as well as the cost of constraint violation. The operation costs include the costs of power loss,
SOC, load shedding, switching activities, maximum generator power, and change of battery
power. The violation costs include the violation costs of SOC limitations, generator power
limitations, cells” power limitations, and battery power limitations. The mathematical
formulation of each cost index is presented below. The total cost is proposed to evaluate all
performance of the operational control, which is the sum of the overall operation cost and the

overall violation cost.

Table 5.6 Notations for evaluation indices

Notation Evaluation indices for the costs
Operation Gpioss Cost of total power losses in the EPS
costs Gsoc Cost of SOC
Ggp Cost of load shedding
Gs Cost of switching activities

G pmax Cost of the maximum generator power
Gsppat Cost of the battery power changes

Gop Overall operation cost
Violation Goc SOC exceeding limited range
costs Gpgen Power exceeding the rated generator power, for checking the constraints

violation

G,’,ceu Power exceeding the rated cell’s power, for checking the constraints
violation

G;,bat Power exceeding the rated battery power, for checking the constraints
violation

Guio Overall constraints violation cost

5.6.1 Operation costs
The operation cost functions from the study in Chapter 4 are used to evaluate the
performances of the controller across all of the flight stages. In this work, the following six

evaluation indices are proposed:

1) Cost of total power losses: The power loss is calculated by the difference between the

total output of the power sources (5.49) and the total load power (5.50). The power loss for all
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flight stages is evaluated by (5.48), calculating the average power loss weighted by the

weighting factor v oss.

GPloss = UPIOSS(%ZLL:O(PTISO“TW(kLL) _ Pnload(kLL)) (5.48)
Pnsource (kLL) — Z;}IHVB PjG (kLL) + PAPU(kLL) + ZIlVLVB(Pld:C(l’i‘SLL) _ mchplch(kLL)) (549)
l

Prioad (kLL) — ZgHVL”i PjI;VLCTi (kLL) + ZgHVanri‘.S}I;VLnCTi(kLL)PjI;VLnCTi (kLL) (550)
+ Z}(}ILVLC” Pll‘,ZVLcri (kLL) + ZgLVLnC” SlIEIVanri(kLL)Pll‘,ZVLnCTi (kLL))

2) Cost of SOC: The ESS performance is evaluated from the SOC level in (5.51), weighted

by vsoc, Which indicates better performance for any SOC average value which is closer to the

upper bound within the target range.

BAT

Gsoc = Vsoc G B X" 1HI = SOC,, (kM) (5.51)

3) Cost of load shedding: The load shedding is evaluated by calculating the average time

for which loads are disconnected over the entire flight period, with their priorities, in (5.52).

Gs, =
NHVE o yHVLncri HVanri( _gHVLncri LL) NLVE ( yLVLncri LVanri< _oLVLncrig, 1 5.52
DY ¥ Ap 1-Sp (kD) )+2 T 5p Ajp 1=Sip (k (5.52)

1T
Vst (F X kll=0 NHVEB o NHVLnCTi ) Hyincri | y-NLVB ¢.NLVLNCTL ) Ly Lncri
Iy Zp oo I Xp jp

4) Cost of switching: The average switching activities for connections are evaluated by

(5.53), which combines the change of APU connection in (5.54), the change of transmission
connections in (5.55), and the change of load connections in (5.56), with vsspy, Vstran, and

vg;, representing the weighting factors, respectively.

Gs = Gsapu + Gstran + Gs1. (5.53)

Gsapu = Vsapu %Zzuzo |SAPU(KEE + 1) — SAPU (kML) (5.54)
Gstran = Vstran %ZzLLﬂ)Z |Stram (Kl + 1) — stran(kih)) (5.55)
Go, = Vs> By B ISH (KM + 1) — SL (k)] (5.56)

5) Cost of the maximum generator power: In the objective function, the maximum

generator output power is minimized for each generator, which balances the load power demand
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allocation amongst the generators. This is evaluated in (5.57), which finds the maximum output
power during all flight stages amongst the generators and the APU. The value is compared to

the pre-given value PMAXC to calculate the ratio, with vpmax adopted for its weight.

max{Pf (kLL),pAPU (kLL) v jeNHVE kML=0,1,..T | (5.57)
PMAXG

GPmax = UPmax

5) Cost of the battery power changes: As discussed in Chapter 4, the battery life will be

shortened when the battery power usage mode is frequently changed. The index (5.58) is

proposed to calculate the total battery power change for all flight stages.

bat bat
G _ 1er  ZIPPY(RMEA1)-P (kL)) (5.58)
spbat — VsPbat T kLL=g pchmax  pdismax
l l

The overall operation cost includes all of the aforementioned operation costs, which is
presented as:

Gop = GPIOSS + GSOC + G&Pbat + GSL + G(S + Gpmax + G(SPbat (559)

5.6.2 Constraint violation costs

The EPS operation constraints can potentially be violated when there are deviations
between the predictions and real-time values and delayed responses. Based on the control
proposed in this study, there are four potential violations, including the violation of the SOC
target range, the violation of the maximum power bounds for generator/APU output power, and
the violation of maximum power bounds for cells and battery power. The evaluation indices for
the violation costs are presented in (5.60)-(5.63). The violations are evaluated by calculating
the average amount by which the values exceeded the boundaries during the flight stages, for
all corresponding components. For example, (5.60) calculates the average SOC violation value

for all batteries.

' ; 1@pLlvB
Gsoc = Vsoc ;Z?Ll Z{SOCZ(kLL)ES:(SOCl(kLL)>HIVSOCl(kLL)<LO)}(|SOCl (k") — HI| + (5.60)
|SOCl(kLL) —LO))

G o lZ’VHVB ¥ |PG,APU (kML) — PGmax| (5.61)

pgen = Vpgen - 2ij=1 (p{APY (k1L )es:(p{APY (kLL)>pGmaxyy |y '

! 7 1 Cc
Gpcell = Upcell ;ZIC\Izl Z{pg(kLL)€5:(PCC‘(kLL)>PCmaX)}|PCC(kLL) - PC‘maX| (562)
l; o 1 NLVB h h

prat = Uphtlt?(Zl:l Z{Pfh(kLL)ES:(PlCh(kLL)>Pfhmax)}|Plc (kLL) _ Plc max| (563)

NLVB dis (1,LL di
+Zl=1 Z{Pldis(ku‘)ES:(Pldis(kLL)>Pldismax)}|Pl ls(k ) - Pl lsmaxl
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The overall violation cost includes all of the aforementioned violation costs, which is

presented as:

Gyio = Gsoc + Gpgen + G;cell + G;,bat (5.64)

5.7 Case studies

To compare the performances of the proposed hierarchical control with different EPS
scenarios, 3 cases are studied by simulating the EPS and the controller in Simulink. In Case 1
and 2, the EPS is in normal condition. In Case 1, the real-time load demands are assumed to be
the same as the predictions, and the performances are compared when the controller works with
the online MPC with the LL in Mode 1 (M1-BR-MPC), and the offline database with the LL in
Mode 3 using both the BR method (M3-BR) and FSM method (M3-FSM). In Case 2, the real-
time loads are assumed with fluctuations, causing a maximum deviation within +5% compared
to the predictions. In Case 2, the three methods studied in Case 1 are also compared. In addition,
the performance is also compared when the online MPC in the HL operates without the LL
(NoLL-MPC), to study the impact of the response delay. Finally, Case 3 explores the controller
performance when the EPS operates in faulty scenarios. Therefore, in Case 3, the performance
is compared when the controller works with the online MPC with LL in Mode 2 (M2-BR-MPC),
and the offline database with LL in Mode 4 with both the BR (M4-BR) and FSM (M4-FSM)
based methods. In each case, the EPS performance is evaluated using the indices proposed in
Section 5.6.

5.7.1 Parameters

In this subsection, the parameters adopted for the case studies are presented. As studied in
Chapter 4, seven stages are considered for the load profile of the flight duration, for 150 minutes,
as presented in Table 5.7. The load profile contains the mean value of the power demand of
each load, which is forecasted for the online MPC in HL. In Case 1 and Case 3, the real-time
loads are assumed the same to the mean values without disturbances, while in Case 2, the real-
time load are assumed with disturbances based on the mean values. In the table, HP, MP, and
LP represent High Priority, Mid Priority, and Low Priority respectively. The priority of loads
can be represented by a group of prioritization parameters, such as 50, 30, 10 for HP, MP, and

LP load respectively in this study.
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Table 5.7 Load profile of power usage (kW) based on flight stages with indices in Figure 5.1

Load
; Load Ground  Take off Climb Cruise Descent Loiter Landing
es
[i?/\/] indices  (20min) (5min) (25min) (60min) (10min) (15min) (15min)
HV
. HVL1Y,
Critical VL2 3.34 9.86 7.40 7.15 7.40 9.07 10.00
Loads
LVL1Y
LV LyLat 1.78 1.94 2.07 3.00 2.07 2.07 1.94
Critical
LvL2Y,
Loads LvLat 3.00 2.50 2.50 2.50 2.50 2.50 3.00
HV HP HVL1?,
Load VL2 1.63 2.78 8.00 8.00 8.00 8.00 0.29
oads
LVL1?
LV HP LVLa? 1.40 1.30 1.30 1.30 1.60 0.80 0.80
Loads LVL22
LVL32 0.50 0.50 0.50 0.50 1.50 1.00 2.20
HV MP HVL13,
Load HVL23 5.00 1.14 4.72 4.87 4.72 4.72 1.14
oads
LVL13
LV MP LVLa® 0.50 0.35 0.35 2.00 0.35 0.35 0.35
Loads LVL23,
LVL3? 0.70 0.70 1.50 2.50 0.50 0.50 0.50
HV LP HVL14,
Load VL2 2.00 2.00 2.00 6.00 2.00 2.00 2.00
oads
LVL14,
LV Lp LvLgt 1.00 0.70 1.50 2.20 0.50 0.50 1.50
Loads LVL24,
2.00 1.50 2.00 3.00 2.00 2.00 2.00

LvL3*

In the EPS, the efficiency for the cells is considered to be nonlinear, as discussed in Chapter
3, and the efficiency curve and piecewise-linear techniques in Figure 3.4 and Figure 3.6 are
adopted in this study. Cable efficiencies and battery charging/discharging efficiencies are
assumed to be constant in the calculations of the controller. The maximum load power is 43.02
kW on the left/right side when the aircraft enters the cruising stage, while the rated generator
power is 46 kW, which is designed to cover all of the MEA loads. The rated power for each
DC/DC converter is 3 kW, and the battery capacity of all batteries is 6 kWh. The load demand
peak appears at the cruise stage (from 50min to 110min), leading to less available power for
battery charging during this stage. In contrast, before/after this stage, there is sufficient power

to charge batteries with the maximum power from the generators when the EPS is in normal
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condition. During the simulation, different SOC initial values are set for the batteries in the
EPS, such as 0.35, 0.5, 0.7, 0.75.

The weighting factors in the HL objective function and evaluation indices are presented in
Table 5.8 and Table 5.9 respectively, referring to the impact of each cost function studied in
Chapter 4. In addition, v, represents the penalty in the evaluation scheme of each violation

cost.

Among the objectives in Section 5.4.1, increasing SOC and reducing the power losses are
two conflict objectives, because charging a battery to increase SOC causes additional power
losses. However, their importance changes in different conditions: when the SOC is close to
the upper bound, reducing the power losses can be more prioritized than increasing SOC;
otherwise, when the SOC is close to the lower bound, it improves the EPS safety to charge
battery regardless the consequent power losses. A varying SOC weighting factor is therefore
designed to balance the energy redundancy and power losses. In this study, the weighting factor
for Jsoc is selected as a linear function in (5.65) to the SOC value initial value SOC;(0) at
each time step k: when SOC is close to upper bound HI, its weighting factor is reduced.
Conversely, when SOC is close to lower bound LO, its weighting factor is increased. In (5.65),

Wmax and W™ are the maximum and minimum weights selected for the varying SOC.

50¢;(0)-LO (

L (W — Winin (5.65)

Wsoc, (k) = Wepe™ +

Table 5.8 Weighting factors for the objective functions

Wpsupply 1 Wsoc (5.62),

Wi = 10, Win = 0

Wst 100 Wsapu 4
Wstran 1 WsL 8
WpGMAX 0.5 Wy 10°

Table 5.9 Weights for the evaluation indices

Vploss 2 Vsoc (5.62),
Wanex = 2, Wigin = 0
UsL 50 Vsapu 4
Ustran 1 UsL 8
Vpmax 0.2 Vspbat 0.4
VU 100
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5.7.2 Case 1: EPS normal scenario without load fluctuations

Figure 5.4 compares the operation costs and constraint violation costs for Case 1 when
different control is applied. In Figure 5.4 (a), the overall operation cost, overall violation cost,
and total cost are compared for each control method. Figure 5.4 (b) presents the breakdown of
the overall operation cost in Figure 5.4 (a) when adopting three control methods, including six
operation cost indices proposed in Section 5.6.1. In addition, Figure 5.4 (c) presents the
breakdown of the overall violation cost in Figure 5.4 (a), including four violation cost indices

proposed in Section 5.6.2.

As illustrated, when online MPC and the LL collaborate, the EPS achieves the best
performance in both overall operation and violation cost. Compared to the LL in the
independent mode, M1-BR-MPC leads to the minimum power loss and each generator output
power, although M3-FSM performs the best in reducing battery power changes, while M1-BR
performs the best in SOC. Consequently, M1-BR-MPC reduces the overall operation cost by
10.45% and 9.55% compared to M3-BR and M3-FSM respectively. In addition, the overall
violation cost is reduced by 100% when adopting M1-BR-MPC. Therefore, when the LL
collaborates with the online MPC, the minimum total cost is achieved, which is 17.84% and
10.62% less than the total costs when adopting the M3-BR and M3-FSM respectively.

When the online MPC is unavailable, M3-BR and M3-FSM perform similarly for the
overall operation cost. However, compared to M3-BR, M3-FSM reduces costs of power losses
and battery power changes, resulting in an overall operation cost improvement of 1% compared
to M3-BR. Regarding the overall violation cost, the M3-FSM reduces the violation of SOC
limitation by 88% compared to M3-BR, leading to the total costs reduced by 8.18%.

In Case 1, there is no load shedding, switching activities, and other violation costs for any
of the three methods. The following subsections illustrate the simulation results for each cost

index.
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5.7.2.1 Comparison of power loss

Figure 5.5 presents the total power loss of the EPS during the flight for Case 1 when
adopting the aforementioned control methods. According to this figure, when the online MPC
is available, the total power loss is the least in almost all flight stages compared to the LL in
the independent mode. When adopting M1-BR-MPC, the average power loss is 1.44kW.
Compared to power losses of 1.72kW and 1.69kW on average when adopting the M3-BR and
M3-FSM methods, the online MPC reduces the cost of power loss by 16.34% and 14.45%
respectively as presented in Figure 5.4.

When the online MPC is unavailable, M3-FSM reduces the power loss peaks during the
flight compared to the M3-BR method. Referring to the SOC in Figure 5.6, battery
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charging/discharging power in Figure 5.7, and cells’ power in Figure 5.9, M3-BR leads to more
battery charging time to keep the SOC around the upper boundary, which is avoided by M3-
FSM. This leads to the power loss cost being reduced by 2.2% comparing M3-FSM to M3-BR.

26 T T T
M3-BR

24 M3-FSM 8
M1-BR-MPC

Ploss[kv\/:|

0.8 I | | I | | I | I | | I | I
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150

T[min]
Figure 5.5 Total power loss during the flight for Case 1

5.7.2.2 Comparison of SOC and battery power

Figure 5.6 and Figure 5.7 demonstrate the SOC and the charging/discharging power of four
batteries on LV buses for Case 1. In Figure 5.7, positive values indicate battery charging, while
negative values indicate battery discharging. Since the loads are symmetrically allocated, the
maximum power available for charging batteries 1 and 4 is equivalent, similarly for batteries 2
and 3. In addition, in contrast to the load demand, the maximum available power for battery
charging on each LV bus increases before the cruising stage, after which the power decreases.
During the cruising stage, the maximum available power for charging the battery on each LV

bus is less than 0.2kW because of the load demand and cells’ power limitations.

As presented in Figure 5.6, without online MPC, M3-BR and M3-FSM keep battery
charging to the HI (0.9) level, whatever the initial values of SOC. When the SOC exceeds 0.9,
although M3-BR maintains SOC to 0.9, battery 3 and 4 are switched between charging and
discharging continuously during the cruising stage, while M3-FSM avoids this switching with
the SOC of battery 3 and 4 decreasing to 0.8 approximately. This is observed in Figure 5.7.
Compared to M3-BR, the M3-FSM leads the cost of SOC being increased by 22.69%, while
the cost of battery power changes is reduced by 82.44%. In addition, as presented in Figure 5.4,
M3-FMS reduces the violation of SOC limitations.
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Rather than keep SOC charged to the upper bound, the online MPC provides optimized
decisions to balance the power losses and SOC, because both battery charging and discharging
cause power losses. As illustrated in Figure 5.6, the battery is charged for longer, to increase
SOC when its SOC initial value is more approximated to the LO (0.3). In Figure 5.6, the SOC
of battery 1 is increased from 0.35 to 0.69, while the SOC of battery 4 is maintained around
0.85 with the least charging/discharging activities. Although the M1-BR-MPC method results
in a higher cost of SOC by 77.8% and 44.9% compared to M3-BR and M3-FSM methods, it
charges batteries to increase the average SOC to 0.73, which maintains the SOC redundancy
for the EPS safety. In addition, compared to the M3-BR method, M1-BR-MPC reduces the cost
of battery power changes by 57.82%.

—M3-BR M3-FSM M1-BR-MPC - - -HI(90) - - -LO(30)]

100 : : : : : 100 :
80 ‘— 180} ‘ —

¢ —_— :

S 60 ; 19 60/
40/ 1 40¢

0 30 60 90 120 150 0 30 60 90 120 150
T[min] T[min]
(a) BAT1 (b) BAT2
100 100
o 80/ o 80
g 60 19 607
40 1 40¢
0 30 60 90 120 150 0 30 60 90 120 150
T[min] T[min]
(c) BAT3 (d) BAT4

Figure 5.6 SOC results for Case 1
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(c) BAT3 (d) BAT4

Figure 5.7 Battery charging/discharging power for Case 1

5.7.2.3 Comparison of generator output power

Figure 5.8 illustrates the generator power in the EPS for Case 1. The APU is not started in
normal condition by all three methods. In general, the output power of generator 1 is more than
generator 2 in most flight stages when adopting all control methods, because the batteries on
LV bus 1 and 2 are supplied by generator 1 to increase the SOC to a higher value from the low
initial value. During the cruising stage, both generators reach the maximum output power to
supply the peak load demand. In addition, a small amount of power is available for charging
batteries during this stage. Hence, the maximum generator output power is dominated by the
load demand, leading to similar values when adopting different control methods. In Figure 5.8,
the maximum generator output power is 44.13kW when adopting M3-BR and M3-FSM
methods, while the value is 43.95kW by BR-M1-MPC with a cost (i.e., the evaluation index

value of maximum generator output power) reduction by 0.4%.
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Figure 5.8 Generator output power for Case 1

5.7.2.4 Comparison of cells’ power

The input power of each cell is illustrated in Figure 5.9. All control methods ensure that
the power allocated to cells is within the rated power limitation, which is 3kW in the simulation.
According to the configuration results, each LV bus is supported by three cells; for example,
LV bus 1 is supplied by Cells 1-3. The power allocated for Cells 1-3 is the same when the M3-
BR and M3-FSM methods are adopted because they apply rules to equivalently share the power
among the cells connected to one LV bus. In contrast, after the cruise stage in Figure 5.9, Cell
3 is kept unused most of the time, while Cell 1 operates with the rated power when the online
MPC is available (M1-BR-MPC), because it allocates power to cells differently to reduce the
total power losses, which has been discussed in detail in Chapter 3. Similar comparisons and

conclusions can be observed for the cells on other LV buses, which indicates that the EPS

operates following the designed control strategies.
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Figure 5.9 Cells’ input power for Case 1

5.7.3 Case 2: EPS normal scenario with load fluctuations

In Case 2, the real-time loads are assumed to have a maximum 5% deviation compared to
the predicted values. Since the online MPC provides control sequences based on the load
predictions, the deviations between the real-time load demand and the predicted values lead to
potential constraint violations when directly applying the recommendations of power references
to the EPS. In Figure 5.10, results for directly applying the recommendations of online MPC is
represented by the NoLL-MPC results, to compare these with the other methods which

benefited from LL control.

Figure 5.10 illustrates the cost comparison for different control. In Figure 5.10 (a), the
overall operation cost, overall violation cost, and total cost are compared for each control
method. Figure 5.10 (b), presents the breakdown of the overall operation cost in Figure 5.10 (a)
when adopting four control methods, including six operation cost indices proposed in Section
5.6.1. In addition, Figure 5.10 (c) presents the breakdown of the overall violation cost in Figure

5.4 (a), including four violation cost indices proposed in Section 5.6.2.
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Compared to Case 1, the overall operation cost is increased by a small proportion when
adopting M3-BR, M3-FSM, and M1-BR-MPC, by 0.83%, 0.57%, 3.58% respectively. This
shows that when the load prediction is imprecise, the performance when adopting M1-BR-MPC
is impacted more than M3-BR and M3-FSM, although compared to the latter two methods, M1-
BR-MPC reduces the overall operation cost by 8% and 6.85%, respectively.

Similar to Case 1, when online MPC is available, M1-BR-MPC performs the best in terms
of power loss and battery power changes, resulting in the least operation cost compared to M3-
BR and M3-FSM. NoLL-MPC performs similarly to M1-BR-MPC for the operation costs.
However, the M1-BR-MPC method avoids constraint violations 100% of the time, while

NoLL-MPC causes battery power violations because of the imprecise load predictions,
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resulting in constraint violation costs which are 6.6 and 152.81 times higher than the ones when
adopting the M3-BR and M3-FSM method. Consequently, the EPS achieves the minimum total
cost by adopting the M1-BR-MPC method, which reduces the total costs by 15%, 7.24%, and
40.58% compared to adopting M3-BR, M3-FSM, and NoLL-MPC respectively. On the other
hand, without the online MPC, M3-BR and M3-FSM perform similarly to Case 1, with M3-
FSM reducing operation, violation, and total costs by 1.23%, 95.1%, and 84.3% respectively
compared to M3-BR.

Based on these comparisons, the following facts are revealed:

1) Deviations between the real-time load and predictions impair the performance of the

online MPC, resulting in higher overall operation and violation costs.

2) With the LL controller working in collaboration with the online MPC, the violation cost
is reduced, while the operation cost is not improved compared to the ideal load predictions.

In practice, the LL controller provides quick reactions to the EPS changes. Therefore, the
LL controller can cope with the inapplicable recommendations from online MPC. To improve
the performance of the online MPC under the load uncertainties, a stochastic MPC method is

proposed for HL in Chapter 6.

5.7.3.1 Comparison of power loss

Figure 5.11 presents the total power loss of the EPS during the flight for Case 2 when
adopting the aforementioned control methods. Compared to the power loss result in Case 1,
presented in Figure 5.5, a similar tendency can be observed in Figure 5.11 with more
fluctuations because the loads fluctuate around the mean value listed in Table 5.7. When
adopting M1-BR-MPC and NoLL-MPC, the average power loss is 1.5kW and 1.49kW
accordingly. The two methods have similar values because the power losses are optimized by
the online MPC. When NoLL-MPC is adopted, the maximum power loss is 2.8kW during the
first minute of the flight, while the value is reduced to 2.38kW when M1-BR-MPC is adopted,
because the LL controller avoids the power loss caused by the battery over-discharging.
Furthermore, compared to power losses of 1.73kW and 1.69kW on average when adopting M3-
BR and M3-FSM method, M1-BR-MPC method reduces the cost of power losses by 13.71%
and 11.54% respectively, as presented in Figure 5.10 (b).
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Figure 5.11 Total power loss during the flight for Case 2

5.7.3.2 Comparison of SOC and battery power

Figure 5.12 and Figure 5.13 demonstrate the SOC and the charging/discharging power of
four batteries on LV buses for Case 2. The results have a similar tendency to Case 1 when
adopting the same control methods. For example, M3-BR and M3-FSM methods keep the
battery charging to increase the SOC to the upper bound (0.9) whatever the initial values of
SOC, and M3-FSM stops charging after the SOC exceeds the upper bound. Compared to M3-
BR, the cost of SOC is increased by 22.73% when adopting M3-FSM, while the SOC violation
is reduced by 95% in this case. Aided by the online MPC, M1-BR-MPC charges the battery for
longer when its SOC initial value is closer to the lower boundary (0.3). Compared to M3-BR
and M3-FSM, the cost of SOC is increased by 75.32% and 42.65% respectively, without
constraint violation when adopting M1-BR-MPC, while the average SOC of the ESSs is

maintained at 0.73 for energy redundancy.

With the load disturbances, M3-FSM maintains the minimum amount of battery power
changes, which is reduced by 66.68% in comparison to the cost index when adopting M3-BR.
Although the M1-BR-MPC has a higher cost of battery power change than M3-FSM, it
performs better than M3-BR with the cost reduction of 10.42%.

NoLL-MPC results in a similar change tendency of SOC and battery power to M1-BR-
MPC, because both methods refer to decisions from the online MPC. However, without LL
control for real-time load responses, battery 1, 2 and 4 exceed their maximum discharging
limitations when adopting the online MPC as presented in Figure 5.13. Because battery 1 is
charged the most with the minimum initial SOC, it encounters more violation time and value

compared to other batteries. According to Figure 5.13 (a), battery 1 is overcharged for 17
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minutes with the maximum exceeding power of 0.98kW. In contrast, when the LL controller

operates in either independent or collaboration mode, there is no battery power violations.
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Figure 5.12 SOC results for Case 2
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Figure 5.13 Battery charging/discharging power in Case 2
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5.7.3.3 Comparison of generator output power

Figure 5.14 illustrates the generator output power in the EPS for Case 2, which has similar
tendencies to Case 1 when adopting the same methods. In addition, NoLL-MPC provides
similar results to M1-BR-MPC. In this study, the generators are assumed to be capable of
supplying loads with the predefined fluctuations; hence, generators are not overloaded when
adopting all of the four methods mentioned in this case. Moreover, because the generator output
power is mostly applied for load supply rather than battery charging during the cruising stage
under the study settings, the maximum generator power varies from 45.03kW to 45.1kW when
adopting different methods, which results in a small (neglectable) difference of less than 0.15%.

Instead of assuming a limited amount of load fluctuation within generator capabilities,

Chapter 6 presents further studies of the load uncertainties with the potential generator overload

scenarios.
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Figure 5.14 Generator power in Case 2

5.7.3.4 Comparison of cells’ input power

Figure 5.15 illustrates the cells’ input power in the EPS for Case 2, which has similar
tendencies to Case 1 when adopting the same methods. In addition, NoLL-MPC shows a similar
tendency to M1-BR-MPC. However, with the LL controller, the cells’ power is adjusted to
avoid the battery power exceeding the limits. For example, as illustrated in Figure 5.13(a),
battery 1 is overcharged by NoLL-MPC during Omin-2min, which is supplied by Cell 1-3.
Comparing the input power of Cell 1-3 in Figure 5.15 (a)-(c) when adopting M1-BR-MPC and
NoLL-MPC, the former method reduces the power allocated to Cell 1-3 referring to the rule in
step 3)-d) of Algorithm I. During the flight of 0 min-50 min, the same comparison results can

be observed with other batteries and time intervals when power violation happens, which
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verifies the effectiveness of the LL controller in the collaboration mode for responses to load

fluctuations.
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5.7.4 Case 3: EPS faulty scenario
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In Case 3, faulty scenarios are assumed during different flight stages, including failure

events for: Battery 4; Cell 10; Generator 1; the connection between HVB 2 and Cell 7 (S}¥©);

and the connection between HVB 1 and Cell1 (S£I). The failures are assumed to occur at the

specified time instances as listed in Table 5.10. This case aims to verify the controller capability

to respond to the component failures following the operational constraints, and to compare the

performance in the faulty condition. The load demands are assumed to follow the load profile

in Table 5.7 without considering load disturbances, aiming to focus on the performance in faulty

conditions. Further study of the uncertain load demands with the EPS failures is presented in

Chapter 6.
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Table 5.10 Failure events during the flight
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The costs of different methods for Case 3 are presented in Figure 5.16. In Figure 5.16 (a),
the overall operation cost, overall violation cost, and total cost are compared for each control

method. Figure 5.16 (b), presents the breakdown of the overall operation cost in Figure 5.16 (a)
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when adopting four control methods, including six operation cost indices proposed in Section
5.6.1. In addition, Figure 5.16 (c) presents the breakdown of the overall violation cost in Figure

5.16 (a), including four violation cost indices proposed in Section 5.6.2.

As illustrated in Figure 5.16, with the online MPC in HL, M2-BR-MPC achieves the
minimum overall operation and violation costs among all methods studied. In particular, the
EPS achieves the minimum cost of power loss, switching activities, and load shedding without
violation costs when adopting M2-BR-MPC. In contrast, M4-FSM leads to the minimum cost
of battery power changes, while M4-BR performs the best in the cost of SOC among all
methods. When adopting M2-BR-MPC, the overall operation cost is reduced by 20.93% and
14.4% respectively, compared to M4-BR and M4-FSM, while the total cost is reduced by 25.64%
and 18.92%.

When the online MPC is unavailable, M4-BR results in fewer costs in SOC and load
shedding compared to M4-FSM. In comparison, M4-FSM performs better than M4-BR with
fewer costs of power loss, switching activities and battery power changes, which leads to the
reduction of overall operation cost by 7.63%. In addition, the violation of SOC limitations is
reduced by 18.79% compared to the violation cost of M4-FSM to M4-BR, leading to an overall

violation cost reduction by 8.3%.

5.74.1 Comparison of power loss

Figure 5.17 illustrates the total power loss of the EPS during the flight for Case 3 when
adopting different control methods. The average power loss is 2.04kW, 2.02kW, and 1.97kW.
Compared to Case 1, the average power loss is increased in Case 3 by 18.42%, 19.58%, and
36.3% when adopting M4-BR, M4-FSM, and M2-BR-MPC respectively. Because the
component failures lead to different configurations, which are less efficient compared to normal
scenarios for supplying the same load demands as Case 1. On the other hand, with the failure
of a cell, less input power from generators is available at the LV side, resulting in more
discharging in batteries during the cruising stage and more charging after the cruising stage,
which can be observed in Figure 5.18 (a) and (c) compared to Figure 5.6 (a) and (c). In
consequence, this results in more power losses in charging/discharging batteries compared to
Case 1.

137



2.6 T T T T T
M4-BR

24 M4-FSM .
| ' nnpll M2-BR-MPC

227 I ,,_.,I Lumum l

PIOSS[kW]

141 Tl

121 N

08 1 L | 1 1 1 1 1 L 1 I 1 1 1
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150

T[min]
Figure 5.17 Total power loss during the flight for Case 3

When the online MPC is unavailable, the M4-BR and M4-FSM methods configure the EPS
following the same rules, while the battery power and load shedding are determined using
different rule conditions. In this case, M4-FSM causes less power loss compared to M4-BR, by
about 1.23%, because M4-BR reduces the periodical charging beyond the SOC upper bound,
as mentioned in Case 1. In addition, less load supply leads to less power loss. For example, the
power loss is the minimum during 3000s-3020s (50min-50.33min) among all flight stages in
Figure 5.17, when generator 1 is in the faulty condition and generator 2 supplies the EPS,
resulting in load shedding of mid- and low-priority HV/LV loads as presented in Figure 5.23
and Figure 5.24. As evaluated in Figure 5.16 (b), M4-FSM sheds more loads compared to M4-

BR, causing a reduction in power loss.

When the online MPC is available, the power loss is reduced by 3.69% and 2.49%
compared to M4-RB and M4-FSM methods for the independent LL. Differing from the rule-
based methods, M2-BR-MPC improves the power loss by changing the configuration of LV
bus connections and charging batteries in a different manner without increasing load shedding.

These are further discussed in the following subsections.

5.7.4.2 Comparison of SOC and battery power

Figure 5.18 and Figure 5.19 demonstrate the SOC and the charging/discharging power of
four batteries on the LV buses for Case 3. Figure 5.20 presents the connection of LV buses. At
1000s (16.17min), battery 4 is out of service and disconnected. Hence, the power of battery 4
remains at O in the following flight stages in Figure 5.19 (d), and its SOC remains unchanged.
To keep the voltage and supply the loads of LV bus (LVB) 4, the LL controller connects LVB
1 with LVB 4 following its rules in M2 and M4. Compared to Case 1, battery 1 is discharged
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when the EPS enters the cruising stage. This is caused by the disconnection of Cell 10 which
supplies HVB 4 before 2000s (33.33mim), resulting in insufficient power from the HV side to
LVB 4 when the load peak occurs during the cruising stage. Therefore, the loads on LVB 1 and
LVB 4 are supplied by battery 1 with the connection of LVB 1 and LVB 4.
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Figure 5.19 Battery charging/discharging power for Case 3
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Figure 5.20 LV bus connections

Based on the optimization with the online MPC at HL, M2-BR-MPC maintains the
connection decisions of M2 in the LL until 85min, to avoid the switching activities. After 85min,
LVB 3 is connected with LVB 4 by M2-BR-MPC to supply the loads on both buses and stop
the discharge of battery 1, avoiding the SOC violating the lower bound (0.3). However, without
the online MPC considering future status, M4-BR and M4-FSM cause SOC violation of battery
1 at the lower bound, leading to load shedding as presented in Figure 5.23 (c) and (I) during the
98min-110min period. By shedding the low-priority loads on LVB 1 and LVB 4, battery 1 can
be charged from the HV side. As presented in Figure 5.18, M4-FSM keeps load shedding during
the 98min-110min period to maintain the charge of battery 1, while M4-BR alternates between

charging the battery and reconnecting loads.

In summary, M4-BR maintains the maximum SOC for batteries 2-4, resulting in the cost
of SOC being reduced by 7.5% and 37.14% compared to M4-FSM and M2-BR-MPC,
respectively. However, for the worst case of battery 1, M2-BR-MPC performs the best to avoid
the SOC dropping below the lower bound. In addition, M4-FSM performs better than M4-BR
in recovering SOC from the lower bound. M2-BR-MPC and M4-FSM also reduce the cost of
battery power changes by 26.7% and 60% compared to M4-BR accordingly. Similar to Case 1,
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M2-BR-MPC avoids SOC exceeding limitations because of the future prediction, while M4-

FSM reduces the excess by avoiding alternating around the boundaries.

5.7.4.3 Comparison of generator output power

Figure 5.21 illustrates the generator/APU power in the EPS for Case 3. Figure 5.21 (a)
shows that the generator is disconnected because of the failure at 3000s (50min). The APU is
started by the LL controller in both independent and collaboration modes and is connected to
the HV bus 1 (HVB 1) to replace generator 1 after 20 seconds for starting up, which is presented
in Figure 5.21 (c).
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During the APU starting period (50min to 50.33min), generator 2 is connected to HVB 1

to supply the EPS. All of the methods shed sufficient loads to avoid the overload of generator
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2. As presented in Figure 5.18 and Figure 5.19, mid (Load 3) and low (Load 4) priority HV/LV
loads are shed. The maximum generator/APU power is reached during the APU starting period,
when generator 2 supplies the EPS. The maximum output power of generator 2 is

approximately equivalent across the studied methods.

5.7.4.4 Comparison of cells’ input power

The input power of each cell is presented in Figure 5.22 to present the failure impacts on
the cells. As presented in Figure 5.22 (j), failure occurs to Cell 10 at 2000 s (33.33 min), which
is disconnected by LL in all methods. Therefore, the output power of Cell 10 remains at 0
afterwards. In addition, the power of all cells drops at 50 min when generator 1 fails, but is
recovered once the APU has been connected. In Figure 5.22 (g) and (a), the power drops at
4000 s (66.67 min) and 5000 s (83.33 min) for Cell 7 and Cell 1 respectively, because of the
connection failure. However, their connection is switched with Cell 6 and Cell 12 by the LL
controller in all methods. Because the online MPC avoids transmission switching, the

connection remains unchanged.
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Figure 5.22 Cells’ input power for Case 2
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5.7.4.5 Comparison of load shedding and switching

Figure 5.23 and Figure 5.24 present the states of the noncritical load connections on LV
and HV buses respectively. As mentioned in subsection 5.7.4.3, HV/LV mid and low-priority
loads are shed after generator 1 failure (50 min) during the APU starting time (50 min to 50.33
min) by all three control methods. The studied control methods also provide decisions to
reconnect the loads when the APU is connected to HVB 1. In the following flight stages, M2-
BR-MPC controls the EPS without future load shedding, while load shedding is conducted for
low-priority loads (Load 4) on LVB 1 and LVB 4 during the 98min-110min period by the LL
in the independent mode. As mentioned in subsection 5.7.4.2, LBV 1 and LVB 4 are connected
together and both supplied by battery 1, which requires charging in advance to avoid the SOC
exceeding the lower bound. In summary, M2-BR-MPC performs the best among all of the
methods in terms of the cost of load shedding, which is reduced by 66.49% and 74.85%
compared to the cost when adopting the M4-BR and M4-FSM methods. Compared to M4-BR,
the load shedding is increased by 33.25% when adopting M4-FSM methods.
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Figure 5.23 Connection of LV noncritical loads on LV buses for Case 3
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Figure 5.24 Connection of HV noncritical loads on HV buses for Case 3

In addition to load shedding, the count of switching activities is also compared for three
control methods in Table 5.11. Compared to M4-BR and M4-FSM, M2-BR-MPC increases the
switching of the transmission links by 15.38%, which is caused by the change of LV bus
interconnections as discussed in subsection 5.7.4.2. However, the load switching is reduced by
45.45% and 14.29% compared to the other two methods when adopting M2-BR-MPC. When
the online MPC is unavailable, M4-FSM reduces the load switching activities by 36.36%

compared to M4-BR.

In summary, with the online MPC in HL, M2-BR-MPC performs the best in terms of both
reducing load shedding and reducing switching activities. When the online MPC in the HL is
unavailable, the LL controller in the independent mode can provide decisions for configurations
and load shedding to meet the operational constraints. M4-FSM performs better than M4-BR

in avoiding continuous load switching, although this can increase load shedding.

Table 5.11 Switching activities in Case 3

M4-BR M4-FSM M2-BR-MPC
Sapy 1 1 1
Serans 13 13 15
5, 44 28 24
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5.7.5 Conclusions for the case study

As presented in Case 1-3, the EPS achieved the best overall operation and constraint
violation performance when the online MPC in HL operated with the LL controller, because
the collaboration improves the following aspects: 1) minimum power losses by balancing with
restoring energy in ESSs; 2) minimum power requirements on each generator; 3) minimum
load shedding; 4) minimum switching activities; 5) minimum constraint violations and quick
response to EPS changes. However, when the online MPC is unavailable, the proposed
controller can still manage the EPS operation following the real-time limitations. Although
rule-based LL control cannot achieve the best overall performance, the performance can be
improved by improving the rules, such as from the BR-based method to the FSM-based method.

5.8 Chapter summary

In this chapter, a two-level hierarchical controller was designed to supervise the entire EPS
operation in different time scales and operation scenarios. The HL controller was based on the
optimization scheme of MILP-MPC to improve the long-term EPS performance with future
predictions. To provide quick responses to short-term system changes, such as load demands
and failure occurrence, a rule-based LL controller was proposed with a faster clock. The LL
contains four modes to allow it both cooperating with online MPC in HL and operating
independently in EPS normal/faulty conditions. Moreover, two methods, BR-based and FSM
based, were applied in the rule design for the LL independent modes. Three cases were
simulated to verify the effectiveness of the proposed hierarchical control. In addition, the

performance of the hierarchical control in different modes was evaluated and compared.

This study provides researchers with an innovative controller design methodology
balancing the deterministic rules and the optimization flexibility for EPSs with extremely strict
safety requirements, such as aircraft systems. For safety reasons, conventional operational
controllers for aircraft EPSs completely rely on predefined rules to ensure all control strategies
are deterministic. However, this makes it challenging to improve EPS performance. In contrast,
by adopting the proposed hierarchical control framework in onboard EPSs, all predefined rules
can be adapted in the LL controller; in the meantime, the HL is flexible to provide various
optimized strategies. This study inspires each level controller design considering the
coordination of different levels. Furthermore, because the LL controller ensures that the hard
constraints are satisfied, the HL controller can adopt a variety of deterministic or

nondeterministic techniques to achieve the optimization/preferred targets.
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Chapter 6 Improved operational control with

uncertainty considerations

In Chapter 3 to Chapter 4, the studies are based on the deterministic formulation of the
optimal operational management problems. The uncertainty of the EPS component is not
considered, such as uncertain load disturbances or component faults. In Chapter 4 and Chapter
5, since it does not take the uncertainty explicitly into account, the MPC proposed is known as
deterministic MPC (DMPC), based on the assumption of precise load predictions. Although in
Chapter 5, limited load disturbances are considered in the LL of the hierarchical control, two
problems remain to be solved with the uncertainty in load demands. Firstly, the hierarchical
control relies on the HL recommendations, which is based on the DMPC model. The
uncertainty of the system can cause the DMPC to be ineffective in providing reliable control
strategies to the LL because MPC relies on future predictions. Secondly, the LL controller
provide strategies after the uncertainty occurrence, which can lead to higher costs compared to
considering the uncertainty in advance. To cope with these issues, a chance-constrained
stochastic MPC (CC-SMPC) method is proposed in this chapter for the same EPS architecture
studied in Chapter 5. The proposed CC-SMPC is based on the DMPC model at the HL of the
hierarchical control in Chapter 5, converting the deterministic constraints of power limitations

and SOC range to chance constraints.
6.1 Introduction

6.1.1 Control functions

Uncertainty is an inseparable part of real systems and load forecasting is quite likely to be
imperfect. Moreover, although most of the MEA loads are predictable, it is difficult to precisely
predict the power consumption behavior of all parts of the system. This uncertainty in the
system can lead to performance degradation of the DMPC methods that are based on the
certainty equivalence principle (i.e. a model of the system is fit by observing its time evolution,
and a control policy is then designed by treating the fitted model as the truth [159]). Hence, to
overcome this limitation and explicitly take into account the uncertain nature of random
parameters, CC-SMPC is used in this chapter for the operation of the same EPS architecture as
in Figure 1.7 and the power flow diagram in Figure 5.1. With the ability to cope with

uncertainties due to fluctuating load demands, the CC-SMPC model aims to improve the system
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operation in terms of the system’s cost and reconfiguration activities in both normal and faulty
conditions of EPS, including minimizing power losses, load shedding, and switching activities
in the system while optimizing ESS utilization. The system's operational and technical
requirements are formulated as a set of deterministic and probabilistic constraints in the CC-
SMPC model.

6.1.2 Contributions

In Section 2.5.1, the studies applying CC-SMPC to the operational management of the EPS
are reviewed. There is a research gap with regard to normal and abnormal operating conditions
with multiple failures of system components. In [106], the contactor failures are not taken into
account while studying the load uncertainty. In contrast, when contactor failures are discussed,
the load demand is assumed to be deterministic. In addition, the EPS architecture is a simple
conventional one, where the propagation of uncertainty is simplified with isolated loads and
buses. Regarding terrestrial power grid applications, in [131], [161], [162], [163], and [132],
CC-SMPC is proposed for the coordinated energy management of microgrids, although the
multi-uncertainty scenario is discussed in these papers, a common grid is applied to compensate
for all of the uncertainty, avoiding the interactions of flexible configurations, power scheduling,
and uncertainty propagation. None of the reviewed studies simultaneously combined both
normal and multi-failure scenarios with multi-uncertainty issues and chance constraints, which
is not only important at the moment, but will become even more so with the growing
complexity as the MEA EPS develops, where flexible configurations, power scheduling, and
uncertainty propagation interact with each other. Besides, the evaluation of the performance of
the designed CC-SMPC must be improved. In the reviewed studies, online testing is conducted
with only one uncertainty profile. This method consequently does not provide an understanding
of how the uncertainty distribution impacts the results when the uncertainty profile changes. In
addition, these impacts are not considered in the evaluation framework, leading to the

incomplete performance evaluation for CC-SMPC compared to other methods.
The main contributions of the study in this chapter are summarized below:

1) A CC-SMPC model is proposed for three different cases: in the presence of uncertainty
of load power demand on the LVBs in normal operation mode, and the presence of uncertainty
of load power demand on both LVBs and HVBs in normal as well as faulty operation modes.
In each case, the probabilistic constraints on power limitations and batteries’ state of charge
(SOC) are formulated based on the uncertainty propagations in the system, considering the

power balance, components’ health status, and system configuration.

2) A comprehensive Monte-Carlo-based offline and online simulation is conducted for both

DMPC and SMPC methods, and the results are evaluated with the proposed multi-dimension
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evaluation framework. In previous works, the analysis of the results for CC-SMPC is mostly
conducted with offline simulations or a few online scenarios. However, for time accumulated
variables such as SOC in CC-SMPC, the offline simulation is ineffective as the uncertainty
accumulates with time, which leads to system divergence. In addition, the MPC method is
initially based on the online scheme. Therefore, in this work, Monte-Carlo-based online
simulation is conducted to improve the effectiveness of the comparative study for both methods.
To compare the final results, the multi-dimension evaluation framework calculates both
operation costs and constraint violation costs, which consist of average and maximum violation

percentages and quantities.

6.2 CC-SMPC framework

Figure 6.1 represents the proposed CC-SMPC-based control framework for controlling the
system operation. As illustrated in the figure, at each time step k, the CC-SMPC-based control
system receives the EPS status to update the system state and constraints of the controller. An
online optimization problem is solved with multi objectives to obtain an optimized control
sequence for k, k+1, ..., k+N-1, where N indicates the total time steps contained in the finite
prediction horizon H. However, only the first sample of the optimized control sequence is

applied, and the horizon is shifted to the next time step k+1.

As presented in Figure 6.1, at each time step k, the load prediction P~%2d(k k+1,...N-1) for
the entire horizon is updated and sent to the controller, where P indicates the matrix of
predicted average and standard deviation (SD) values of all loads. In addition, based on the new
measurements of the system received at the current time step, the system status is updated and
shared with the controller. The status information includes the failure status matrix y consisting
of all failures in the system, the connection status matrix S’ consisting of the on/off status of all
switches, and the SOC matrix consisting of the SOC of all ESSs. This information is used for
updating the system dynamics and resetting the feasible region of the optimization problem
included in the controller for the entire prediction horizon. After the optimization problem is
solved, the CC-SMPC-based controller directly provides the reference values of the
configuration/connection matrix S and the power references of all cells P! to the system. Since
the generators/APU and ESS are operated in voltage control mode as introduced in Section
5.2.1, given these configurations, the cells’ powers, loads’ powers, and other power flows in

the system can be determined based on Kirchhoff’s Current Law.
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Figure 6.1 Flowchart of the proposed online CC-SMPC optimization framework

6.3 CC-SMPC formulation based on the DMPC which was
proposed in Chapter 5

6.3.1 Objective functions

In this study for CC-SMPC, the focus is on the most highlighted objective functions in the
DMPC, including: minimizing total power consumption from all power sources in (5.1),
maximizing the energy stored in ESSs in (5.2), minimizing the load shedding in (5.3) and the
switching activities in (5.4)-(5.6). As described in the following Section 6.3.2.1, battery
charging/discharging power is represented by a variable P47 (k), allowing both positive and
negative values in this chapter, to reduce the nonlinearity and improve the feasibility of the
model. Consequently, objective functions in (5.1) and (5.2) are replaced by simplified ones in
(6.1) and (6.2), respectively, to reduce power losses and encourage battery charging. (6.1)
indicates the objective to reduce the power from the generators and APU, combined with the
reduction of power discharging in (6.2), total power consumption from all power sources can
be minimized. In addition, battery charging is also encouraged by adopting (6.2), which

maximizes the energy stored in ESSs.
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Jom ZN_lzj-VHVB P+ PAPU (k) (5.66)
PY T 4ik=0 NG.pGmax

NLVB  pat
)i _ynN-1Z PP (5.67)
pbat = Zig=0 G.pbatmax
N&-Py

6.3.2 Constraints

In CC-SMPC, constraints with random variables are replaced with probabilistic constraints,
which means instead of guaranteeing the satisfaction of system constraints at all time instances,
it is guaranteed that the probability of satisfying the probabilistic constraints is higher than a
pre-specified confidence level. In this section, three cases are introduced to investigate the
effects of uncertainty on different loads of the MEA system in various healthy and faulty
operating conditions.

6.3.2.1 Case 1: Uncertainty on the LV-side loads

In this case, it is assumed that the system operates in a hominal operating condition (no
failure is considered). Hence, the health status of each component is set to one. In addition, only
the power uncertainty of the LV-side loads is taken into account (VI € {1, ..., NVB}, vq €
{1,..,NVEeriy 'vg € {1, ..., NEVEneriy) |t is assumed that the uncertain parameters follow a

Gaussian distribution with the expected value of P;““" and P/“"“" and the SD of O pivicri
q
and O pLvineri, for each critical and non-critical loads on the LV buses, respectively as shown in
q

(6.3) and (6.4), where DV represents the Gaussian probability distribution function (PDF).
PIIZ;VLCH (k) — DN(P[I;]VLCTL' (k), O-plll‘IVLcri (k)) (568)

PL/Ineri(f) = DV (LY (k), 0 ppvineri (k) (5.69)

Since in the normal operation scenario the LV buses will not be interconnected (according
to constraints (5.30)-(5.32)), the LV loads uncertainty for each LV bus is independent of that
of adjacent LV buses. In addition, the input power from cells to one LV bus is deterministic.
Therefore, the battery on each LV bus is used for compensating for the LV loads’ uncertainty
independently.

To improve the feasibility of the CC-SMPC model with less nonlinearity, the battery power
is represented by one variable PPAT (k) : PEAT(k) > 0 indicates charging the battery;
PBAT (k) < 0 indicates discharging the battery. Consequently, two binary variables for power
direction and two non-negative power flow variables are avoided in the CC-SMPC model.

Otherwise, the formulation can cause infeasible issues in practice because of the highly
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nonlinearity. Based on the power balance equation in (5.13), for each battery, the mean value

of battery power can be calculated using (6.5), with the SD value presented in (6.6).

— Cc
PPAT (k) = BN Y PYC (k) + Suww (i PEY (k) = PEY (K)) (5.70)

_ ZI‘;ILVLC” pll;?VLcri (k) _ Z}(;ILVLnC” Sll;JVanri (k)pll;lVanri (k)

O'F%ZBAT (k) = ZQILVLC” O'IflLVLCﬂ; (k) + Zg’LVLnCTi Sll;IVLnCTi(k)O';lLVanri (k) (571)
q q

An approximate equation in (6.7) is applied in CC-SMPC model to calculate the SOC
dynamic of each battery, where 14T indicates the charging/discharging efficiency. The mean
value of SOC can also be calculated by (6.8), with the SD value calculated in (6.9). In this study,
nPAT is assumed to be 1; therefore, the estimation of SOC is simplified without considering
charging/discharging separately to avoid the model infeasibility, regardless of the accuracy of
the model. To resolve the aforementioned issues, more precise battery SOC estimation can be

studied in future studies.

S0C,(k + 1) = SOC,(k) + T;nPAT PPAT (k) /B *P (5.72)
PBAT (k)
S0C,(k + 1) = SOC, (k) + lBTstn?AT (5.73)
l
2
Uszocl k+1)= Uszoc, (k) + (TsTIFAT)ZUﬁFAT(k)/BlCap (5.74)

Accordingly, for each battery, the constraints related to the SOC target range (5.15) as well
as the boundary constraints of the battery power (5.18) are replaced with probabilistic
constraints in (6.10)-(6.11). Satisfying the probabilistic constraints ensures that the probability
of not violating the constraints will be higher than a pre-specified confidence level

corresponding to constraints violation of py°¢ and pfbat,

Pr(LO <S0C,(k +1) < HI) > 1 — p;°°¢ (5.75)

PT(_Plbatmax < PlBAT(k) < Plbatmax) >1-— pleat (5,76)

With the assumption of the Gaussian PDF for the uncertain parameters, the probabilistic
constraints can be replaced by two deterministic inequality constraints using the mean and SD
values as shown in (6.12) and (6.13).

—PPAM + 20 ppar(K)erf 1 (1 — 2p") < PPAT (k)

_ (5.77)
PlBAT(k) < Plbatmax — \/iO'PlBAT(k)erf_l(l — prbat)

LO +V2050¢,(k + 1) erf 71 (1 — 2pf°¢) < SOC(k + 1) (5.78)
S0C;(k + 1) < HI —\205¢,(k + 1) erf 1 (1 — 2pf°°)
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Where, erf~1 is the inverse error function. In this case, considering only the uncertainty in
the LV loads, constraints (5.10)-(5.32) in the MPC model as well as constraints (5.68)-(5.78)
form the set of constraints for the CC-SMPC model. The objective function is similar to the
DMPC model (5.1)-(5.6) in Chapter 5 while the uncertain variables are replaced with their
expected values.

6.3.2.2 Case 2: Uncertainty on both the HV-side and LV-side loads

In this case, in the system's normal operation mode, besides the uncertainty in LV loads
mentioned in Case 1, the uncertainty of power demands of all HV loads are also considered
((vj €e{1,..,NIVBY vp € {1, .., NHVLeT)Y 'yp € {1, .., NPIneriy) |t is also assumed that

the uncertain parameters follow a Gaussian PDF as shown in (6.14) and (6.15).
PjI;VLCTi (k) — DN(I;_)ngLCTi(k)’ UP}-II)VLCTi(k)) (579)

PHVIneTi () = DV (PAVEmeTi(k), 0 ppivineri (k) (5.80)

It should be mentioned that the uncertainty in each HV load affects only the associated HV
bus and is compensated for by the generators, while the power transferred to the cells is
deterministic. This assumption is reasonable as the power through the cells are maintained by
some local controllers. When the system operates in a normal scenario, there is no

interconnection between buses, and the APU is not used. Accordingly, the values of PjAHVp,

PJ-AHV", and P]’j}’ (k) are all equal to zero. Therefore, the mean value of the generator output

power in (5.11) can be simplified to (6.16), with the SD value calculated in (6.17).

pja (k) = chvc P]-IZVC(k) + ZgHVLC” P]_I;VLcri(k) _ ZgHV’-"C” S]]Z)Vanri(k)EgVanri(k) (5.81)

0 (k) = \/ZgHVLcri O-IfHVLcri k) + ZgHVLnCTi S]-IZ,Vanri(k)O';HVanri (k) (5.82)
J jp jp
Since the generator output power is uncertain, the deterministic boundary constraints for
its power limitation in (5.18) need to be replaced by the probabilistic constraint introduced in
(6.18), where pfg indicates the probability for the boundary violation. The probabilistic

constraint in (6.18) is linearized using (6.19) for each generator.

PT.(_PJ_Gmax < PjG(k) < Pijax) >1— p;’y (5.83)

—Pfmex ﬁapjg(k)erf—l@ - ij.’ 9) < Pf(k) < Pfmex — ﬁapjc (kerf~1(1 —

2p7%)
The complete CC-SMPC model for Case 2 contains the constraints (5.10)-(5.32) and (5.68)

-(5.84) with the objectives (similar to (5.1)-(5.6) in Chapter 5), while the uncertain variables in

(5.84)

(5.10)-(5.32) are replaced with their expected values.
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6.3.2.3 Case 3: Uncertainty on loads at both the HV-side and LV-side, with component
failures

In this case, the CC-SMPC model is developed taking into account the load uncertainty at

both sides. Furthermore, multiple failures in generators, batteries, and transmission links from

HV buses to LV buses are also considered (e.g. failures in cells). Including the failures in the

system’s components leads to a nonlinear and more complicated model.

To cope with the uncertainty in HV loads along with the potential generator failure, the
CC-SMPC strategy is deployed. To do so, the mean value of the generator power and the
interconnection power of the HV buses is calculated according to (6.20). Also, the SD of the
generator output power is calculated using (6.21). According to the probabilistic constraints of

the generator power in (5.83), the chance constraints in (5.84) are applicable for Case 3 with

generator failure, where O';g (k) is calculated by (6.21).
J

5 S5AHV 5 HV 5HV SHV
BE (k) + (v B (k) - AT (k) ) + (21 (_'7;,-"’]-',- () =P W)) (5.85)
— ZICVC PjIZVC (k) + ZgHVLC” ISjI;VLcri k) — ZgHVLnC” S]_I;Vanri(k)ﬁjI;Vanri (k)

U;}a () =y () -

<ZgHVLcri O';%VLCH' (k) + ZgHVLmri Snganri (k) U;j{-;)Vanri (k)) \
| (5.86)

[ sHV (k HVLcri HVLncri i
+ 2™ o yien (k) + N STV () 02y e (K)
n i'p j'p

+ ﬁ (zg””"" g (k) + e S QLT (k))

In generator failure cases, the APU can be activated to replace the failed generator. The
mean value of the APU output power is calculated using (6.22), which is based on (5.10).
According to (5.85), the APU only compensates for the HV load uncertainties when it is
connected to one failed bus, hence the SD value is calculated by (6.23). Similarly, the power

boundary chance constraints are modeled as (6.24).

PAPU(j) = Z?]HVB I3jAHVp (k) — ZﬁyHVB n;leijAHVn (k) (5.87)

0'I§APU (k) = SAPU )

G
1-y; (k) HVLcri 5 HVLncri i 2
[ (™ s + T ST 1m0 |

] (5.88)
1_)/{,; () cri ncri :
k+ — e O e () + Z T ST (1) 0 gy meri (K))
Ji i'p v
—chmax + \/ZO'PAPU(k)eFf_l(l - prg) < PAPU(k) (5.89)

PAPU() < Pijax _ \/iapApu(k)erf_l(l - 2,0;-35)
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When one battery fails, the LV bus interconnection is required to keep the bus voltage
supported, using an adjacent healthy battery. The mean value of the power from/to each
available battery is similarly calculated using (5.70). The chance constraints in (5.77) are

applied for fulfilling battery power boundary constraints, with the 0 ppaT (k) calculated in (6.25)

including the uncertain load power propagation from the adjacent LV bus node. In addition,
based on the relationship between SOC and P2AT in (5.73) and (5.74) for calculating the mean
value of SOC and its SD value, the SOC target range constraints with probability in (5.78) can
also be updated by (6.25).

UIzIBAT (k) — y]BAT

LVLcri LVLncri i
(ZN T g )+ 2 ST W0 0)
p a

Py

(5.90)

| st LVLeri o LVLncri i 2 |
i (S8 e (1) + B4 ST (00 s (K) )
711(1+1) (+1 (1+1)q

S LVL LVL
+ Llﬁ 1 2 <Z£]V ot 2LVLcrl (k) + ZN mert (livﬁggn(k)a LVanrl (k))

Ma-1)

The complete CC-SMPC model for case 3 contains the constraints (5.10)-(5.32) and (5.85)
-(5.90) with the objectives (similar to (5.1)-(5.6) in Chapter 5), while the uncertain variables in
(5.10)-(5.32) are replaced with their expected values.

6.4 Evaluation design

To compare the online DMPC and CC-SMPC performance, an evaluation framework for
evaluating the system operation costs and constraint violation costs is proposed. This evaluates
the system performance for NS¢€"load scenarios over the whole flight duration T. The
operation costs are calculated based on the controller objectives, which contain power losses,
stored energy, load shedding, and switching activities. The details are now presented here. The

overall operation cost includes all of the aforementioned operation costs.

The power loss for each single time step of each testing scenario equals the difference
between the total supplied power in (6.27) and the total load power (6.28). The power loss for
all test scenarios is evaluated by (6.26), calculating the average power loss weighted by the
weighting factor vposs.

TN Theo(Piovree (k) — Pioo (k)) (591)

GPloss = Uploss (M

Pnsource(k) — Z;}IHVB PjG (k) + PAPU(k) _ mBAT ZéVLVB PIBAT(k) (5.92)
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Pload (k) ZNHVLC” PI;VLCTL (k) + ZNHVL’"” SHVanrl(k)PjI;Vanri (k)
ZZVLVLC“ Pll‘,IVLcrL (k) + ZI‘;ILVLnC“ quanrl (k)PllZIVLnCTi (k))

The ESS performance is evaluated by SOC level in (6.29) for all load scenarios, which

(5.93)

indicates better performance for SOC average value which are closer to the upper bound within

the target range.

NScen NBAT

oSN |HI = S0C,,(K)|) (5.94)

The performances for load shedding and switching activities are evaluated by similar

Gsoc = Usoc(N5cenT Y=

methods, which are used in calculating the objective functions (5.4)-(5.6), considering the
entire flight duration. Based on this, the load shedding and switching activity evaluations for
all test scenarios are conducted by calculating the average load shedding for each scenario using
(6.30) and the average switching activities using (6.31), with vs;, Vsapy, Vstran, and vg;,
showing the weighting factor for load shedding (Js;), starting/stopping the APU (Jsapu),
configuration changes in the transmission system (Js¢rqn), @nd loads on/off statuses (Js;.),

respectively.

Scen
G = Vsi “seon ngenT —cerm me1 Jsi (5.99)
Scen Scen Scen
Gs = NsCenT (Vsapu Xn=1 Jsapu + Vstran Lm=1 Jotran + VoL 2me1 Jor) (5.96)

As demonstrated in Section 6.3.2, the uncertainty leads to the potential violations of three
constraints, including the violation of SOC target range, the violation of maximum power
bound for battery power, and the violation of the maximum power bound for generator/APU
output power. For better evaluating the violation cost, instead of using only one average value
or maximum value, a new index combining four dimensions is proposed. The violation cost is
calculated based on the maximum percentage of constraint violation in all scenarios over all
time steps (G./mp), the average percentage of constraint violation over all time steps with
violation occurrence (G.,p), the maximum constraint violation value (G,nq), and the average
constraint violation value among all time steps with violation occurrence and scenarios (G.aq)-

For example, (6.32)-(6.35) are adopted for the SOC violation cost based on the aforementioned
evaluation scheme, and the overall SOC violation cost G, is calculated by their combination,
with weights, presented in (6.36). In this work, it is assumed that each type of violation is

weighted equally, which indicates vsocmp = Vsocap = Vsocmq = Vsocap = 0.25. Similarly,

the violation cost for battery power G, q: (including G;batmp, G}’,batap, G;batmq pbaf ) and

generator/APU output power Gpgen (including Gpgen,y,,,, Gpoengy, Gpgenpg, Gpgengg) Can be
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calculated by the same method (for the sake of brevity, detailed functions are omitted). The

overall violation cost is the sum of Gsoc, Gppae, aNd Gpgen.

) max{n:n € S: (SOC,;(k) > HI v SOCy,(k) < LO),k € {1,2, ..., T}} (5.97)
GSOCmp = N Scen
, _ Y{n€s:(S0Cy 1(k)>HIVSOCyy 1 (k)<LO)} 5.98
Gsocap = NSCen ${keS:(SOCp 1 (k)>HIVSOCp 1 (K)<LO)} (5.98)
Gocmq = Max{S0Cy;(k):SOC,,(k) € S:(SOC,, (k) > HI v SOC,,(k) < LO),k (5.99)
€{1,2,.., T}
G_S,‘OCaq
B Y (50Cn 10 (50Cn, (0> HIVS0Cr 100<10)y (| SOCr i (K) = HI| +|SOC,,, (k) — LOY) (5.100)

Y{n € S:(S0C,,(k) > HIVS0C,,(k) < LO)}

1 ! ! ! !
Gsoc = VsocmpGsocmp + VsocapGsocap + VsocmqUsocmg T VsocapGsocag (5.101)
Vsocmp + Vsocap + Vsocmq + Vsocap = 1

Similar to Chapter 5, the total cost of the control includes both the overall operation cost
and the overall violation cost.

6.5 Case studies

In this section, simulation results of system operation are evaluated and compared for all
three cases discussed above, when adopting the proposed CC-SMPC and the DMPC strategies.
For each case, both offline (single independent evaluations) and online (evaluation within a

receding horizon approach) comparison results are presented and analyzed.

For the offline test, the CC-SMPC and DMPC strategies are applied to the system for a
flight duration of T = 150 minutes, considering the forecasted loads of the system at both the
HV and LV sides. Afterwards, the performance of both control strategies is evaluated under the
realization of a large number of random load scenarios. The offline results provide quick
verification for the CC-SMPC for power limitation violation analysis as the offline tests are
quicker to execute and hundreds of load scenarios can be considered. However, offline testing
is not applicable for the assessment of SOC violation and costs of system operation, because
the SOC is a time accumulating variable. Offline testing leads to accumulating SOC deviations
due to the lack of ability to take corrective actions when the deviations are still small. In contrast,
online testing is applicable for the evaluation of all violation analyses and the real cost of system
operation. However, the computational time is considerably increased to test hundreds of load
scenarios. Hence, for the offline tests, 100 uncertain load profiles are tested with the maximum

acceptable probability of constraint violations varying from 0.01 to 0.2, to verify the feasibility

156



of the model. In the second step, the online DMPC and CC-SMPC techniques are applied for
50 uncertain load profiles with a selected probability, which compares the costs of system

operation and the penalty costs of constraint violations.

Table 6.1 Mean value load profile (kW) based on flight stages with indices in Figure 5.1

Load
) Load Ground  Take off Climb Cruise Descent Loiter Landing
es
[ﬁ)N] indices  (20min) (5min) (25min) (60min) (10min) (15min) (15min)
HV
HVL1Z,
Critical 10.01 29.58 22.20 21.40 22.20 27.21 30.00
HVL2!
Loads
LVL1Y,
LV 1.78 1.94 2.07 3.00 2.07 2.07 1.94
LvLA!
Critical
LVL2E,
Loads 3.00 2.50 2.50 2.50 2.50 2.50 3.00
LVL3!
HV HP HVL12,
4.89 8.34 24.00 24.00 24.00 24.00 0.87
Loads HVL2?2
LVL1Z
1.40 1.30 1.30 1.30 1.60 0.80 0.80
LV HP LVL4?
Loads LVL2?,
0.50 0.50 0.50 0.50 1.50 1.00 2.20
LVL3?
HV MP HVL13,
15.00 3.42 14.16 14.60 14.16 14.16 3.42
Loads HVL23
LVL13,
0.50 0.35 0.35 2.00 0.35 0.35 0.35
LV MP LvL4®
Loads LVL23,
0.70 0.70 1.50 2.50 0.50 0.50 0.50
LVL3®
HV LP HVL14,
6.00 6.00 6.00 18.00 6.00 6.00 6.00
Loads HVL24
LVL14,
1.00 0.70 1.50 2.20 0.50 0.50 1.50
LV LP LVL4*
Loads LVL24,
2.00 1.50 2.00 3.00 2.00 2.00 2.00

LvL3*

The predicted load profile (mean value of load power values) is presented in Table 6.1 with

indices in Figure 5.1. The SD value for each load power (o ,Lvicri, O pivineri, O pHvicri, O pHVLnCri)
Piq Piq Pip Pip

is 0.05. The maximum load power is 95 kW when the aircraft enters the cruising stage, while
the rated generator power is 97 kW, which is designed to cover all the MEA loads. The rated
power for each DC/DC converter is 3 kW, and the battery capacity of all batteries is 4 kwh.

The weighting factors for objectives and operation costs are maintained to be the same as
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Chapter 5, except for the weight of /e and J,»ac, Which are selected as a constant values (2

and 1 respectively) to balance power losses and battery charging.

6.5.1 Simulation results for Case 1

1) Offline scenario tests

Table 6.2 presents the offline violation comparison of the battery power limitation
constraints with both CC-SMPC and DMPC methods for Case 1. For the CC-SMPC approach,
the test is conducted with different violation probabilities of 1%, 5%, 10%, and 20%, and for
each violation probability, 100 uncertain load scenarios are applied. For the DMPC, the same
uncertain load scenarios are used. As can be seen in Table 6.2, following the decrease of the

violation probability, G and G;batap also decrease, which verifies the effectiveness of

Pbatmp
the proposed probabilistic approach because the maximum and average percentage of violated

. . o - . , , -
constraints are consistent with violation probability. In addition, pratmq and prataq indicate
the maximum and average violated values among all time steps in scenarios with violation
occurrence respectively. Both of these values increase when the violation probability increases,

and Gzlabatmq is approximately 5 times higher than G;bataq. Comparing the test with p = 0.01
to the one with p = 0.2, both Gzlabatmq and G;bataq for p = 0.01 are reduced by more than 50%.

Comparing the DMPC to the CC-SMPC, all of the evaluation indices have higher values for
the DMPC method. Especially so when comparing the DMPC with CC-SMPC when p = 0.01,
the violation indices increase by 17.8, 22.54, 3.34, and 2.29 times for the four indices,
respectively. Based on these results, the offline test verifies that the CC-SMPC method achieves

better battery power violation performance with respect to DMPC.

Table 6.2 Constraint violation comparisons of CC-SMPC and DMPC for Case 1 offline tests

Case p | Battery power constraint violation
Gppatmmy | Gpbitap | Grbatmg | Gpratag
[%6] [%] [kw] [kw]
CC-SMPC | 0.01 | 3 1.89 0.2318 | 0.0540
0.05 | 8 5.43 0.3908 | 0.0815
01 |14 10.7 0.4755 | 0.0816
02 |24 17.41 | 0.5198 | 0.0935
DMPC N.A | 535 42.61 0.7743 | 0.1235

2) Online scenario tests
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In Figure 6.2, the operational costs and constraint violation costs for the DMPC and CC-
SMPC methods are compared, based on the online testing method for 50 scenarios containing
LV load uncertainty with p = 0.01. In Figure 6.2 (a), the overall operation cost, overall
violation cost, and the total cost are compared for DMPC and CC-SMPC methods. Figure 6.2
(b) and Figure 6.2 (c) present the breakdown of the overall operation cost and overall violation

cost in Figure 6.2 (a) respectively.

4 = T T =]
[EomPc I cC-SMPC
3r 25421 2.5597
2 -
1 L
0.5035
0 | _0.0349
Overall operation Cost Overall violation Cost Total Cost

(a) Overall Cost Comparison

T f ‘
2.4252 2.4235 [E=ompPc I CC-SMPC

0.1169 0.1362 0.0000, 0.0000 0.0000, 0.0000

GPIoss GSOC GSL G(;

(b) Breakdown of overall operation cost

I
[EEpmPC I CC-SMPC|
04| 0.3730 -
02 0.1305 |
0 | 0.0000 0.034° 0.0000 , 0.0000
GSOC prat GPgen

(c) Breakdown of overall violation cost

Figure 6.2 Cost comparison of online DMPC and CC-SMPC for Case 1

According to the evaluation framework, the overall operation costs for both methods is
almost equal. In addition, both methods don’t have costs for load shedding and switching
activities, which indicates that the uncertainty in the power consumption of LV loads can be
handled by adjusting the input power from the HV side with the CC-SMPC method. On the
other hand, the CC-SMPC method is more conservative in charging/discharging the battery,
therefore, the cost of SOC is 16.5% higher than the value when adopting the DMPC method,
indicating that more of the energy in batteries is consumed by adopting the CC-SMPC method.
Although the overall operation costs for both methods are approximately equal, the system
controlled by the CC-SMPC method has a lower overall constraint violation cost, 93% less than
the cost related to the DMPC method. As mentioned, the LV load uncertainty is compensated
for by the battery and would not be propagated to the HV side. Therefore, the violation of
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generator power is zero for both DMPC and CC-SMPC. However, the violation cost of the
SOC target range and the battery power limits are reduced by 100% and 91%, respectively, in
the CC-SMPC method compared to the DMPC method. Therefore, the total cost for the CC-
SMPC method is reduced by 15% compared to the DMPC method for Case 1.
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(1) SOC changes
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o 10f o
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Figure 6.3 SOC results when adopting online DMPC and CC-SMPC for Case 1
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Figure 6.4 Battery power results when adopting online DMPC and CC-SMPC for Case 1

Figure 6.3 (1) and Figure 6.4 (1) present the SOC and battery power changes for Case 1
when adopting the DMPC and CC-SMPC methods for 50 uncertain LV load scenarios, and the
corresponding violation percentages (VP in the figure) among all scenarios are presented in
Figure 6.3 (2) and Figure 6.4 (2). The initial SOC for batteries 1-4 is set to 0.9, 0.7, 0.5, and
0.3 respectively as presented in subfigures (a) to (d) in Figure 6.3 (1). Since battery 1 starts
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from an initial SOC equal to the SOC upper bound, it has more initial sensitivity to the
uncertainty. Applying the DMPC strategy causes SOC to exceed the upper bound before the
flight enters the cruising stage (50min), while the scenarios containing SOC violations for other
batteries emerge after entering the cruising stage. In addition, up to 44% of the scenarios have
violations when adopting the DMPC method for all flight stages, while there is no SOC
violation for CC-SMPC. In contrast to SOC violation, the battery violations for four batteries
happen before/after the cruising stage, where the CC-SMPC charges/discharges the batteries
with less power compared to DMPC. For example, 50% of the scenarios result in overcharging
of battery 4 before entering the cruising stage when adopting DMPC, which is completely
avoided when adopting CC-SMPC.

[—DMPC — CC-SMPC - - -97kW

T[min]
(a) GEN1

T[min]
(b) GEN2

Figure 6.5 Generator power when adopting online DMPC and CC-SMPC for Case 1

6.5.2 Simulation results for Case 2

1) Offline scenario tests

Table 6.3 presents the offline simulation results for constraint violation comparisons of
battery and generator power with both CC-SMPC and DMPC methods for Case 2. According
to the table, when p increases, the constraint violation indices for the battery and generator
power increase by approximately the same percentage, which verifies the effectiveness of the
proposed probabilistic approach for Case 2. Comparing the results in Case 1, when p = 0.01,

G;batmp and G{,batmqfor Case 2 remain the same values, while the other two battery violation
indices show that the average constraint violation values increase by 2.6% and 43.7%

respectively. The violation of generator power is maintained at 0. When p increases, compared
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!

to Case 1, the average indices for battery power constraint violation pratap and Gppac,

r
qae

reduced by 1.2% - 16.4%, while the violation indices for the generator power constraint increase.
When the uncertainty on the HV side is taken into account, the power transferred from
generators to the LV side is reduced to cope with the load uncertainty on the HV side, which
results in less power for charging the battery and consequently reduces overcharging accounted
for in battery power violation. In general, when summing up all violation indices for batteries
and generators, Case 2 has higher total violation compared to Case 1 as the uncertainty is added
to both sides. In addition, compared to offline DMPC, all offline CC-SMPC with the selected

p reduce the power constraint violations for batteries and generators.

Table 6.3 Constraint violation comparisons of CC-SMPC and DMPC for Case 2 offline tests

Case p | Battery power constraint violation Generator power constraint violation
Gpbatyy | Gpbatgy | Gpbatyg | Gpatey | Gpoenmp | Gpgengy | Gpgenmg | Gpoengg

[%] [%] [kW] kw] | [%] [%] [kw] [kwW]

CcC- 0.01 |3 1.94 0.2318 | 0.0776 |0 0 0 0
SMPC | 0.05 | 8 4.69 0.2940 | 0.0739 |5 441 1.3088 | 0.7068
01 |14 8.95 0.4262 | 0.0745 | 12 11.6 2.0288 0.7457
02 |24 17.23 0.4821 | 0.0921 | 22 20.21 2.9007 1.0991
DMPC | N.A | 56 42.61 0.7743 | 0.1235 | 35 27.34 3.6729 1.2533

2) Online scenario tests

Comparing Case 2 to Case 1, the HV load uncertainty is now also considered. Since
generators are the only power supplies to the HV loads, to avoid generator overload situations
due to the uncertain behavior of loads (unexpected peak power demands) at the HV side, the
CC-SMPC-based controller allocates less power to be transferred from the HV side to the LV
side. This means that more energy from batteries will be used for supplying LV loads during
peak intervals. In the worst scenarios, such as low SOC conditions and high load power demand,
load shedding can also be triggered. These actions lead to a higher operation cost due to low
SOC levels and the additional cost imposed by load shedding and switching activities. The
performance of the DMPC and CC-SMPC methods is evaluated using 50 uncertain load

scenarios.

Figure 6.6 demonstrates the operation cost and the violation cost for both control strategies.
In Figure 6.6 (a), the overall operation cost, overall violation cost, and the total cost are
compared for DMPC and CC-SMPC methods. Figure 6.6 (b) and Figure 6.6 (c) present the

breakdown of the overall operation cost and overall violation cost in Figure 6.2 (a) respectively.
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In general, the CC-SMPC method leads to a higher operation cost, 12% more than the cost
of the DMPC method. According to the breakdown of the operation cost represented in Figure
6.6 (b), the CC-SMPC strategy has an almost 3 times higher SOC cost compared to the DMPC
method and a small amount of cost due to the load shedding and switching activities. However,
compared to the DMPC method, the CC-SMPC reduces the total violation cost by 93%, which
consists of a 92% reduction of SOC violation, 72% reduction of battery power violation, and
100% reduction of generator power violation cost. This indicates that the DMPC method
requires corrective control actions to cope with the constraint violation situations, which will
lead to additional operating costs. However, this is less likely to be an optimal solution
compared to the CC-SMPC method, which explicitly accounts for the violation probability of
uncertain parameters when providing the solutions. According to the results, CC-SMPC
reduces the total cost by 31.4% compared to the DMPC method. Figure 6.7 to Figure 6.9 present
the simulation results of both control techniques in all scenarios during the different flight

stages.
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Figure 6.6 Cost comparison of online DMPC and CC-SMPC for Case 2

Figure 6.7 presents the SOC changes with the violation percentage for both DMPC and
CC-SMPC strategies when each controller is applied for 50 uncertain scenarios, while Figure

6.8 shows the corresponding battery power. The SOC value for batteries 1 to 4 start from high
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to low levels, 0.9, 0.7, 0.5, and 0.3, respectively. As can be seen in both figures, before t = 50
min, when the system loads are not in their peak interval, batteries 2-4 can be charged using
generator power, while battery 1 is not charged as its initial value has been set to the maximum
SOC. However, compared to the CC-SMPC method, during the charging period, the DMPC
method is more likely to charge the battery with higher power values exceeding the charging
power limitation (3 KW in this study). For example, battery 4 is charged with a maximum power
of around 3.3kW by the DMPC method in 52% of scenarios before t = 45 min. Likewise, for
batteries 2 and 3, during t = 20 to t = 25 min, the charging power reaches 3.3kW in 14% and
40% of scenarios, respectively. In addition, when the SOC becomes close to the upper bound,
the battery is discharged in some time steps to keep SOC value within the target range.
Compared to CC-SMPC, the DMPC method tends to discharge the battery with discharging
power exceeding its maximum possible power limit, which indicates the need for a fast-acting
local controller in real situations to avoid the constraint violation. For example, batteries 2 and
3 have around 20% over-discharge scenarios with a maximum power of 3.6 kW after t = 100
min. Compared to the battery power violation, although DMPC causes SOC violation in 10%-
40% of scenarios from t = 50 min to t = 100 min, the exceeding level is low (approximately
0.902) with respect to the upper bound (HI = 0.9) which is due to the MPC online feedback
strategy. Both DMPC and CC-SMPC online methods will correct the SOC violation once it has
occurred, however, predicting and avoiding the violation before it occurs would be far

preferable.

Figure 6.9 presents the output power of both generators and the violation percentage in the
aforementioned 50 scenarios when adopting the DMPC and CC-SMPC methods. The figure
shows that the power of the generators reaches its peak value from t = 50 to t = 110min.
Compared to the DMPC method, the CC-SMPC strategy controls generator operation without
exceeding their maximum power limitations, discharging the batteries when necessary during
this period. Although the DMPC strategy relies less on the batteries’ power to avoid costs
imposed by low SOC levels, it violates the generators’ power limitation in 30% of scenarios,
with a maximum power of around 100.3kW for each generator. This indicates two potential
drawbacks of the application of the DMPC method. One solution is to add another layer of
control, such as a rule-based control layer, to work out how to compensate for satisfying the
operation costs. This is likely to result in sub-optimal solutions. Another solution would be to
design larger generators, with more power redundancy, leading to an increase in the generators’
weight, which is not desirable in aircraft applications. Therefore, the CC-SMPC method can be
considered to show its superiority compared to the DMPC method for Case 1 by avoiding both

drawbacks.
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Figure 6.7 SOC results when adopting online DMPC and CC-SMPC for Case 2
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Figure 6.8 Battery power results when adopting online DMPC and CC-SMPC for Case 2
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Figure 6.9 Generator power results when adopting online DMPC and CC-SMPC for Case 2

6.5.3 Simulation results for Case 3

In Case 3, in addition to considering the load uncertainty at both HV and LV sides, the
following failure scenarios are also assumed during different flight stages: failure events for
Generator 1, Cell 10, Cell 3, and Battery 2. In this case, in contrast to the previous cases which
studied only normal system operation, the DMPC and CC-SMPC strategies are required to
provide feasible solutions to cope with the components' failures. The failures listed in Table 6.4
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are included in both offline and online testing and are assumed to occur at the specified time

instances.
Table 6.4 Failure events during the flight
Time of fault occurrence | 19min 49min 79min 109min
Failed Component Generator 1 Cell 10 Cell 3 Battery 2

1) Offline scenario tests

Table 6.5 presents the offline simulation results for constraint violation comparison of
battery and generator power with both CC-SMPC and DMPC methods for Case 3. In the failure
scenarios, the APU is started in all tests with both the CC-SMPC and DMPC methods to avoid
the load shedding caused by generator failure (which is further presented in the online results).
The CC-SMPC and DMPC methods provide different configurations and load shedding results
when cell and battery failures occur. The load shedding leads to less load demand in the system,
which leads to reducing the sum of average constraint violations Gz’abafap and Gpgen g, With
each p value, compared to Case 2 for both CC-SMPC and DMPC methods. According to Table
6.5, the values are consistent with the change of probability, which presents fewer violations
when the probability decreases. Similar to the other cases, the DMPC method leads to higher

violations compared to the CC-SMPC technique with different p values.

Table 6.5 Constraint violation comparisons of CC-SMPC and DMPC for Case 3 offline tests

Case p Battery power constraint violation Generator/APU power constraint violation
Gpvatmp | Gpoatgp | Gpvatyg | Gpoatgq | Gpoermp | Gpoenap | Gpoenmg | Gpoengg
Max % | Mean % | [kW] [kW] Max % Mean % | [kW] [kW]
CC-SMPC | 0.01 | 3 1.86 0.2283 | 0.0627 | O 0 0 0
0.05 | 8 4.92 0.2684 | 0.0927 |5 3.52 1.2834 0.7009
0.1 14 11.23 0.5197 0.0887 | 12 5.51 2.0106 0.7237
0.2 24 15.46 0.4942 0.0889 | 21 7.84 2.8913 0.9843
DMPC N.A | 57 31.38 0.7473 0.1110 47 12.97 4.5762 1.4077

2) Online scenario tests

Figure 6.10 illustrates both operating costs and constraint violation costs for the DMPC
and CC-SMPC strategies evaluated by the framework introduced in Section 6.4. In Figure 6.10
(a), the overall operation cost, overall violation cost, and the total cost are compared for DMPC
and CC-SMPC methods. Figure 6.10 (b) and Figure 6.10 (c) present the breakdown of the

overall operation cost and overall violation cost in Figure 6.10 (a) respectively. Each control
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method is applied to 50 uncertain load scenarios considering the components' failure events
while the failures occur following the aforementioned sequence. Based on the chosen
evaluation weighting coefficients, the CC-SMPC approach has a 41% higher overall operation
cost compared to the DMPC method, as the CC-SMPC-based solution strategy involves load
shedding and switching activities for disconnection/reconnection of the loads, which is
associated with higher weighting factors than the transmission switches in this study. However,
compared to the DMPC method, the CC-SMPC total cost for constraint violation is reduced by
96%, with each type of violation cost being reduced by at least 80%. Moreover, the violation
of the generator output power has been avoided 100% of the time. In summary, by adopting the
CC-SMPC method the total cost has been reduced by 4.37%. The detailed simulation results
of both DMPC and CC-SPMC strategies for all 50 testing scenarios are now presented and
discussed.
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Figure 6.10 Cost comparison of online DMPC and CC-SMPC for Case 3

170



DMPC CC-SMPC - - -HI(0.9) - - -LO(0.3)|

SOC

T[min] T[min]

SOC

0 50 100 150 0 50 100 150
T[min] T[min]
(c) BAT3 (d) BAT4

(1) SOC changes

——DMPC —— CC-SMPC]|

40 20
> >
0 L 0 1
0 50 100 150 0 50 100 150
T[min] T[min]
(a) BAT1 (b) BAT2
s0f ‘ | 4 ‘
a 20 Q2|
> >
0 ‘hl ] d i 0
0 50 100 150 0 50 100 150
T[min] T[min]
(c) BAT3 (d) BAT4

(2) Violation percentage among all uncertain scenarios

Figure 6.11 SOC results when adopting online DMPC and CC-SMPC for Case 3

Figure 6.11 to Figure 6.13 illustrate the SOC levels of the four batteries, the batteries’
power, and generators/APU power, respectively. Before the generator failure occurs (at t =
19min), the system operates in normal mode, which shows the same results as Case 2.
According to Figure 6.13, after the failure of generator 1, the APU is started to replace the failed
generator to continue supplying the system by closing the switches at the link between the HV
bus and APU bus. This has a few impacts on battery power and SOC changes before other

failures occur, although the power loss slightly increases due to the bus interconnection. Before

171



t = 49min, similarly to Case 2 with the same configuration and load connection, the CC-SMPC
performs better than DMPC by avoiding the violations of SOC and batteries’ power which

occurs up to 50% of the scenarios with DMPC.
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Figure 6.12 Battery power results when adopting online DMPC and CC-SMPC for Case 3
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Figure 6.13 Generator power results when adopting online DMPC and CC-SMPC for Case 3

At t = 49 min, cell number 10 fails, which leads to a power shortage from the HV side,
particularly on LV bus 4, while the system enters the high-power demand interval. During this
period, the DMPC and CC-SMPC strategies provide different solutions for supplying the loads
at LV bus 4. The DMPC-based solution strategy tries to discharge battery number 4 with a
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discharging power that exceeds the maximum allowable discharging power in 10% of scenarios,
with a maximum value of 3.2kW. This results in decreasing the battery SOC level but avoids
loads shedding. In contrast, the CC-SMPC-based solution strategy involves shedding the load
with the lowest priority on the LV bus to avoid the battery power violation and keep the battery
SOC at higher levels, as presented in Figure 6.15. Compared to the CC-SMPC-based control in
Case 2 during the same time interval, shedding the load at LV bus 4 also saves spare power for
charging battery 3, which is also supplied by generator 2. Since the switching activities should
be avoided, the load shedding remains for 60 min and the connection status of cells to LV buses
is not changed before the occurrence of the next failure. In addition, from t = 50min to t =
79min, the DMPC strategy relies on the APU to supply LV bus 1 and 2, while APU maximum
power violation occurs in approximately 40% of scenarios, with the maximum violation power
being 4.5kW. In contrast, as shown in Figure 6.13 (c) the CC-SMPC method avoids all of this

violation.

Att =79 min, cell number 3 fails, which leads to a further power shortage in the LV side,
and LV bus 1, connected to this cell, is impacted directly by this failure. According to Figure
6.14, after the occurrence of this failure, the number of cells connected to bus 1 is reduced from
3 to 2 in both DMPC and CC-SMPC methods. However, when adopting the DMPC strategy,
the LV loads on LV bus 1 don’t experience any load shedding as the connected battery is over-
discharged in 14% of scenarios with the maximum power of 3.3kW, and the APU is overloaded
in 8% of scenarios with the maximum power of 98.3kW. The CC-SMPC strategy also sheds
the lowest priority load at this LV bus, which avoids all of the excessive power situations and
keeps the SOC level 10% higher than the SOC in the DMPC method. This is presented in the
subfigures (a)-(c) of Figure 6.15 (1). In addition, comparing the SOC changes for this period in
Figure 6.11, with the DMPC method, battery 4 has been discharged to close to the lower bound
during all cruising stages, and additional transmission switching activities are conducted to
avoid the SOC dropping below the lower bound. In contrast, the CC-SMPC method avoids

these switching activities because the lowest priority load for battery 4 remains shed.

When Battery 2 fails at t = 109 min, both DMPC and CC-SMPC methods disconnect this
battery. When adopting the DMPC method, LV bus 2 and LV bus 3 are connected to supply
the load at LV bus 2, while the CC-SMPC method connects LV bus 2 with LV bus 1, as
presented in Figure 6.16. This difference is mainly caused by the average SOC level, which
accumulates differently in the previous steps. At this stage, all loads shed by the CC-SMPC
method are re-connected to the system, which causes additional switching activities. Figure
6.15 (2) shows that among 50 scenarios, the CC-SMPC leads to 48 scenarios with 4 LV load-

switching activities, and 2 scenarios with 6 LV load-switching activities. However, the DMPC
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method leads to battery power limit violations in 48% of scenarios as well as the violation of

the SOC upper bound in 44% of scenarios, which is reduced to 2% with the CC-SMPC method.
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Figure 6.14 Connections of cells to LV buses when adopting online DMPC and CC-SMPC

for Case 3
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Figure 6.16 Connections of LV bus interconnections with online DMPC and CC-SMPC for
Case 3

As a conclusion for Case 3, the proposed SMPC method is capable of coping with multiple
failure scenarios. Compared to the DMPC method, when power shortages happen in the system
because of failures, the SMPC method results in more conservative operating strategies, such
as more load shedding, but less SOC reduction compared to the DMPC method. In addition,
similarly to Case 1 and Case 2, the SMPC method performs better in controlling the system

with fewer constraint violations.
6.6 Chapter summary

Based on the DMPC model proposed in Chapter 5, this chapter studied the optimal
operational control of the MEA EPS in both normal and faulty situations, targeting the
improvement of the performance of the system in terms of power losses, energy storage, and
load shedding as well as reducing the number of switching activities. For dealing with the
uncertainty of load power demand on both HV and LV buses, the operation management
problem was formulated in the framework of CC-SMPC. Three cases have been studied to
analyze the uncertainty impacts on the system, including the uncertainty of load power demand
on LVBs in normal operating cases, and the uncertainty of load power demand on both LVBs
and HVBs in normal operation as well as faulty operation cases. Based on the uncertainty
propagation in each case, different probabilistic constraints were proposed for each case.

Moreover, a comprehensive Monte-Carlo-based offline and online simulation study was
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conducted for both DMPC and SMPC methods, and the results were evaluated with the
proposed multi-dimensional evaluation framework. Based on the comparison of the operation
costs and the violation costs in each case, the proposed CC-SMPC provides conservative
strategies with uncertainty considerations, resulting in higher operation costs compared to
DMPC. However, CC-SMPC improves the violation costs and the total costs compared to the

DMPC technique in all cases.

This study benefits researchers in various aspects when developing optimization-based
control methods considering multiple uncertainty sources in EPSs. In addition to the uncertainty
on the demand side, the proposed chance-constrained model is also applicable to other
subsystems considering uncertainty, such as the volatility and the forecast inaccuracy of energy
output. Moreover, the uncertainty propagation analysis and its modelling in this study inspire
other research coping with uncertainty sources located distributedly with/without
reconfiguration considerations. Furthermore, the results and findings in this work imply the
balance between EPS redundancy and model complexity in controller design. For instance,
when the generators/ESSs are oversizing, CC-SMPC provides the same non-conservative
strategies as DMPC; otherwise, CC-SMPC is required to avoid constraint violations though the
control strategies are more conservative than DMPC. Therefore, when an EPS is highly
redundant, deterministic optimization-based controllers are applicable to improve the model
feasibility and reduce design complexity. In contrast, stochastic optimization-based controllers

effectively ensure EPS safety when reducing system redundancy.
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Chapter 7 Conclusion and Future Work

This chapter briefly reviews the most important findings of this thesis and then suggests
potential future topics to be studied in this area of research.

With an expected growth in air travel over the next few decades and increasingly stringent
regulations for carbon emissions, the aerospace industry is facing the challenges of greener
aviation. Flight electrification is a significant way to improve fuel efficiency and reduce the
aircraft environmental impact. This trend leads to increasing electrical power demands; hence,
complex EPS architectures are investigated with different subsystems/components to
generate/distribute power, and store energy. Consequently, to coordinate the power/energy
among different subsystems/components, system-level operational control is essential to ensure
the flight mission success and reduce the operational costs while guarantee the operational and
safety requirements. In this thesis, an operational control design was studied for a novel
modular converter-based EPS architecture, which provides an efficient and reliable operational
strategy for the EPS in both normal and faulty conditions. The strategy achieves four critical
functions, including intelligent load shedding, power allocation and scheduling (PAS), EPS
(re)configuration, and energy storage management (ESM), which are formulated by a MILP
model. In addition, operational control is improved in the following three aspects, for flight
safety and better performance: 1) avoiding future worst-case scenarios by considering the future
EPS status within an MPC framework; 2) quick responses to EPS real-time changes with multi-
time scales by hierarchical control; 3) robust decisions considering load demand uncertainty
using CC-SMPC.

This thesis first introduced the background and motivations of this study in Chapter 1. After
the introduction of the development of MEA and the operational control functions, the studied
modular converter-based EPS architecture was demonstrated. By reviewing the studies in the
target area, the key issues, and four target functions, were identified: load shedding; PAS; EPS
(re)configuration; and ESM. These were discussed for the operational control for the studied
EPS.

To achieve the desired targets of the operational control problems, a number of published
studies have proposed control design techniques with the consideration of the benefits in
different aspects. Chapter 2 systematically reviewed these techniques for mathematical

formulations and solution calculation, acting according to future predictions, responding to EPS
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dynamics in different time scales, and uncertainty considerations. Based on the comparison of
the advantages and drawbacks of different techniques, this chapter presented the reasons and
applications for adopting different techniques in this thesis, including deterministic rule-based
methods, MILP/MINLP, MPC, hierarchical control, and SMPC.

Before the entire EPS is studied with the integration of all functions, subsystems were
firstly studied in Chapter 3 and Chapter 4, to provide fundamental verification of the proposed
methods with just a few targets. In Chapter 3, optimized PAS, integrated with EPS
reconfiguration, was modelled using MILP for the modular converter-based power distribution
system. This chapter demonstrated the modelling techniques for formulating operational
constraints, including power balancing, the power limits, the connection logic, the transmission
losses in the cables and the nonlinear converter efficiency characteristics. The optimization
model was firstly proposed to work out the most efficient paths to transfer the power with
minimum total power losses. Three cases were conducted, verifying the proposed PAS strategy,
allocating power appropriately, and keeping the modular converters operating at high efficiency.
For considering a different objective, such as reducing each generator sizing, the MILP model
was modified by including further constraints. With the modified constraints and objective
function, the maximum generator output power was achieved in all three scenarios during all
flight stages. Hence, the study in Chapter 3 indicates that the proposed MILP modelling method
is applicable for optimized PAS integrated with EPS reconfiguration problems with different
objectives. The studied modeling techniques can be modified to efficiently develop a feasible
MILP model for problems relating to PAS and reconfiguration in various EPS architectures.
Furthermore, this study inspires the EPS design issues, such as generator sizing, from the
operational control perspective. On the one hand, the optimization-based control strategy
enables reducing power consumption for a designed EPS architecture. On the other hand, the
reduced power consumption indicates the potential reduction of the power rating of power

sources.

In Chapter 4, the MPC-based optimal ESM and load management was studied for a main
source-energy storage-load subsystem on one bus, aiming to maintain ES and prolong the
battery life cycle, while minimizing load shedding, with fewer switching activities to improve
device lifetimes and avoid unnecessary transients. Based on the study in Chapter 3, a MILP
formulation was adopted in this study, integrated with a MPC framework based on future
predictions. Following the control targets, three different objective functions were presented,
and the importance of the different objective functions and prediction horizons were identified
by analyzing the simulation/experimental results with the proposed evaluation framework
including different performance indices. By assessing the impacts of different objectives, the

chapter provided a reference for selecting the most applicable objective function combination,

180



as well as its potential impacts on deciding prediction horizons. The findings can be widely
used when investigating energy storage and load management issues for EPSs containing
battery-based ESSs. This study helps save time for trial and error when selecting objective

functions and prediction horizons for MPC controller design.

Building upon the studies in Chapter 3 and 4, an intelligent two-level hierarchical
supervisory control method for the entire EPS was proposed in Chapter 5. The HL controller
was based on the optimization scheme of MILP-MPC to improve the long-term EPS
performance with future predictions. Then, a rule-based LL controller with a faster clock was
designed to provide quick responses to load changes and fault occurrences over a short time
period during the HL sample intervals. Four modes were designed in the LL, to allow it to both
cooperate with the online MPC in the HL and operate independently in both EPS normal and
faulty conditions. Moreover, the LL independent modes were designed with BR-based and
FSM-based methods for different performance. Three cases were simulated, considering the
performance of the hierarchical control in different modes in each case. Based on the evaluation
results, the hierarchical control in collaboration mode achieved the best performance, while
maintaining the quick response to EPS changes. In contrast, when the online MPC was
unavailable, the LL controller still managed the EPS operation following the real-time
limitations. These case studies verified the effectiveness of the proposed hierarchical control.
This study provides researchers with an innovative controller design method to improve
optimization flexibility while ensuring strict safety requirements by combining deterministic
rules, which is essential for aircraft EPSs. The proposed hierarchical control design allows the
HL controller to flexibly provide various optimized strategies. In the meantime, all predefined
rules are applied in the LL controller coordinating with the HL controller to ensure all control
strategies are deterministic. Hence, both aircraft EPS safety and operating performance are

improved.

In Chapter 3 to Chapter 5, the uncertainty in the EPS was not considered. In Chapter 6, a
CC-SMPC method was proposed, based the MPC model formulated in Chapter 5, to improve
the ability to cope with uncertainties due to fluctuating load demands. The system's operational
requirements were formulated as a set of deterministic and probabilistic constraints in the CC-
SMPC model. Three uncertainty/failure cases were simulated for both offline and online control
strategies while the Monte-Carlo algorithm was used for scenario generation. The results, when
adopting the DMPC and CC-SMPC methods, were evaluated with the proposed multi-
dimension evaluation framework. Based on the comparison of the operational costs and the
violation costs in each case, the proposed CC-SMPC improves the violation costs and the
overall costs compared to the DMPC technique in all cases. This study inspires research in

developing optimization-based control methods considering multiple distributed uncertainty
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sources in EPSs, including uncertainty in power demand- and generation-side, as well as the
EPS reconfiguration considerations. The results and findings indicate that, by integrating
uncertainty models, stochastic optimization-based controllers provide optimized operational
strategies with low constraint violation probability to ensure EPS safety. However, if an EPS is
highly redundant, without resorting to complex stochastic optimization models, deterministic
optimization-based controllers are beneficial in improving the model feasibility and reduce
design complexity. The findings provide researchers with insight when balancing between EPS
redundancy and model complexity in controller design.

Based on above, all the aims and objectives of this study formulated in Section 1.2 are fully
achieved. During the conduct of this research, several aspects have been identified as follow-

on studies to enhance the topic:
1) Accurate EPS models

In this thesis, some of the component dynamics were not modelled with as high an accuracy
as possible, such as dealing with nonlinear power losses in cables, the relationship between
charging/discharging rate of ESSs and their operating condition, the effects of operating
temperature and capacity fading in ESSs, device degradation, and so on. These were not the
focus of this research and would have greatly, and unnecessarily, increased the problem
complexity and the required computational time using these models. However, with more
accurate EPS models, more characteristics and component dynamics can be optimized in the
operational control. With regard to this, proposing accurate onboard EPS models and

maintaining their feasibility in controller design requires further future studies.
2) Advanced forecasting techniques

The proposed MPC control relies on the EPS status forecasting, in either a long-term or
short-term manner, based on the control targets. The application of accurate forecasting
techniques along with improved models might considerably reduce the power and energy
estimation error of the energy sources and load demand prediction. In this thesis, load prediction
is assumed to be obtained by sampling the historical load profile. However, in the application
of an onboard EPS, there are only a few studies proposing forecasting methods following real
flight stages. In addition, the study of forecasting techniques is limited to keeping accuracy for
long-term predictions. Therefore, challenges still exist in effective accurate forecasting

techniques in future EPS operational control studies.
3) More experimental validation

For large-scale operational control problems, the validation is commonly based on

traditional simulation platforms or real-time experimental tests, such as hardware-in-loop,
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because of inaccurate EPS models, assumptions of balance conditions or absence of harmonics,
etc. In this thesis, the verification is also based on the aforementioned techniques, however, it

would be beneficial to conduct further verification with more hardware to increase confidence

in expected outcomes when building on this work.
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Appendix A : Load profiles in Section 3.3.2

Table 7.1 Load profile (kW) for flight stages in Section 3.3.2.1

Load types [kKW] Load indices Stagel Stage?2 Stage3 Stage4 Stage5 Stage6 Stage7
HVL1 10 30 20 50 40 35 35
HV loads
HVL2 10 30 20 50 40 35 35
LVL1 1 1 2 2 5 1 7
LVL2 1 1 5 5 5 9 3
LV Load
LVL3 5 3 4 6 8 2 1
LVvL4 10 10 8 5 2 2 4

Table 7.2 Load profile (kW) for flight stages in Section 3.3.2.2

Load types [kW] Loadindices Stagel Stage2 Stage3 Stage4 Stage5 Stage6 Stage7
HVL1 5 20 25 40 60 30 40
HV loads
HVL2 15 40 12 60 20 40 30
LVL1 3 1 2 4 5 5 4
LVL2 3 1 2 4 5 5 4
LV Load
LVL3 3 1 2 4 5 5 4
LvL4 3 1 2 4 5 5 4

Table 7.3 Load profile (kW) for flight stages in Section 3.3.2.3

Load types [kW] Load indices Stagel Stage2 Stage3 Stage4 Stage5 Stage6 Stage7
HVL1 5 20 25 40 60 30 40
HV loads
HVL2 15 40 12 60 20 40 30
LVL1 1 1 2 2 5 1 7
LVL2 1 1 5 5 5 9 3
LV Load
LVL3 5 3 4 6 8 2 1
LVL4 10 10 8 5 2 2 4
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Appendix B : Algorithms in the LL Mode 2 In
Chapter 5

B.1 Algorithm II-A in Algorithm Il in the LL Mode 2

The Algorithm 11-A is presented in detail in this section.

Algorithm I1-A Rules for generator status in Mode 2
1) Set initial HV side configurations based on the online MPC recommendations as follows, where
vj e {1,.., NHB}:
SjG(kLL) — SjG(kHL),
HV r1, LL\ — JHV (1, LL AHV 1, LL — CAHV (],LL
S;j1 (k™) = S;jt (™), S (k™) = S (k™),
STAPU(kLL) — SAPU(kHL) SAPU(kLL) — SAPU(kHL).
2) Setinitial load shedding caused by generator failure based on the online MPC recommendations

as follows:
sshed g (i) = gshed(jHL) where $$h¢-9 includes both HV and LV noncritical loads Sf1":m<"
and Spytnert , vje{l,.., NHBy vl e{1,.., NVBY,vp € {1, ..., NHVIne} yq €

{1 NLVanri}

3) Decide the HV side configurations, based on the generator failure status and the APU starting
status
If
Yi(kM) =1 and SF(k"') <vy§(k™), ,vj e {1,..,N""B}: All generators are in normal
condition, and the recommended connection of the generators are applicable in this condition.
Then
The LL controller keeps the initial settings for the HV configurations and load shedding.

If

Y§ (k") = 0 and SF(kHE) > y9 kM), 3j € {1, ..., N¥VB}: The generator j is in faulty condition,
while the recommendation of its connection to the HV bus j is inapplicable in this condition
because of the violation of the health status constraint for generator j.

Then

Q) Sj"' (k) = 0: The faulty generator j is disconnected by the LL controller;

(2) If the remaining generator j” cannot supply all critical, high-priority and mid-priority loads,
then the LL controller starts the APU to maintain its operation: STAPY (kL) = 1, otherwise, the
APU is not started by the LL controller: STAPY (kL) = 0;

(3) If RAPU (kL) = 0, the LL controller connects HV bus j to its neighbor bus j’ because the APU
is not fully started for connection, i.e. s]fj‘/(k“) =1, SV =0, S™ (k") =0. In
addition, because only one generator supplies the EPS, if it cannot supply the connected loads,
ie. Pﬁm“" < P (L) 4 preril (kLY where PTE (kM) and P (KLY are calculated in
(8.1) and (8.2), the LL controller sheds sufficient loads according to the load priorities to avoid
overload by conducting Algorithm 11-A-shed.

(4) If RAPU(KLL) =1, HV bus j is connected to the APU bus with APU connected to it, i.e.
SAPU(kLL) =1, SjahV(kLL) =1, S].I}I-‘//(k) =0

If
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Y§ (k") = 0 and S7 (k") < y§ (k") and S4PY (KHE) > RAPU (KM, 3j € {1, ..., N""P}: Online
MPC disconnects the faulty generator j and recommends to connect the APU for power supply.
Because of the starting time, the APU is not ready for connection at k*Z.

Then

(l)SjG(kLL) — SjG(kHL), Sf]’.y(k“) =1, STAPU(kLL) =1, Sjahv(kLL) =0, SAPU(kLL) =0 The
faulty generator j is disconnected following the online MPC recommendation, while the HV
interconnection is adopted while starting the APU.

(2) While starting the APU, the generator ;' supplies the EPS, if Pj‘im“" < P (kM) +

preril (kLY the LL controller sheds sufficient loads according to the load priorities to avoid
overload by conducting Algorithm 11-A-shed.

If

Y§ (kM) = 0 and SF (k"1 < y§ (kM), and SAPY(KHE) < RAPY (KM, 3 € {1, ..., NPV} The
online MPC disconnects the faulty generator j and recommends to connect APU for power supply,
which is ready for connection. Hence, the recommendations are applicable.

Then

The LL controller keeps the initial settings for the HV configurations and the load shedding.

Load shedding is conducted when PMAXS < P (k') + P""' (k") as mentioned in

Algorithm 11-A step 3) in the second ‘If-Then’ rule, where PTL (kL) represents the power
demands of all critical loads as presented in (8.1), and the P™" (kXL in (8.2) represents the
power demands of all noncritical loads. The load shedding is conducted from low-priority loads

to the high-priority ones, as presented in Algorithm 11-A-shed.

. HVB HVLcri : LVB LVLncri i
PeriL (kL) = Zﬁv Zg ¢ PjI;VLC”(kLL) +Z;V Zg ne P]-lI‘JVLC”(kLL) (7.1)

NH VB

pneril (kLL) =y Zg”‘”‘"c” (%!;Vanri(kLL)Ignganri (kLL))

) (7.2)
+ ZIlVLVB ZgLVL"C” (SIIZIVanri(kLL)SII:]VLnCH (k“’))

Algorithm I1-A-shed Load shedding for HV and LV bus |
Start from low priority HV/LV load p = NAVineri g = NLVLneri
While p, g = 1, Do the following calculation for HV and LV buses:
.S'J-I;VLnCTi(kLL) =0, Vj c {1' ".'NHVB}
Siymeri(kt) = 0, vIe{l,.., N5}
IF PMAXS > P (kM) + Preril(kLLY Break While;
Elsep=p—-1,q=q—1;
End While
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B.2 Algorithm I1-B in Algorithm Il in the LL Mode 2

The Algorithm I1-B is presented in detail in this section.

Algorithm 11-B Rules for battery status in Mode 2

1)

2)

Set initial LV side configurations based on the online MPC recommendations as follows, where
vl € {1,.., NLVBY}: SBAT (LL) = SBAT (R HL), lel‘,’(kLL) = lel‘,’(kLL),

Decide LV side configurations based on the battery failure status

If

yBAT (kL) = 1 and SPAT (kML) < yBAT (KIL), vi € {1, .., NEVB}: All batteries are in normal
condition, and the connection recommendations of the batteries are applicable.

Then

Keep the initial settings for the LV side configurations

If

yBAT (kL) = 0 and SPAT (kML) > yBAT (kML) , 3l € {1, ..., NtVB}: The battery | is in faulty
condition, and the recommendation of its connection to the LV bus I is inapplicable because of
the violation of the health status constraint for battery I.

Then

SPAT (k") = 0, sj(741y(k"") = 1: Disconnect the faulty battery | from the LV bus I; Connect
neighbor LV bus I+1 with the bus | to supply its voltage and power.

If

yBAT (kEL) = 0 A SBAT (KHY) < yBAT (kL) 31 € {1, ..., NYVB}: The online MPC disconnects the
faulty battery | and the recommendations are applicable.

Then

Keep the initial settings for the LV configurations
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B.3 Algorithm II-C in Algorithm Il in the LL Mode 2

The Algorithm I1-C is presented in detail in this section.

Algorithm I1-C Rules for connections between the HV buses and cells in Mode 2

1)

2)

Set initial connections between the HV buses and cells based on the online MPC
recommendations as follows, where vj € {1,..,N*8} | vce{1,..,N}, SVE(k") =
SjI-CIVC (kHL)

Decide upon the configurations between HV buses and cells based on the link failure status

If

yé(kt) =1 and yﬁ-’CVC(kLL) =1 and Sj’ZVC(kHL) < yj-’CVC(kLL) , Vje{l,.., NIVB}  vce
{1, ..., N} All cells and the links between the HV buses and cells are in normal condition, and
the connection recommendations are applicable in this condition.

Then

Keep the initial settings for the configurations between HV buses and cells.

If

(kM) = 0,3c € {1, ..., N}: The cell ¢ is in faulty condition.

Then

SHVE (k') = 0,Vj € {1, ..., N*B}: All links from HV buses to this cell ¢ are disconnected.

If
yé(k") =1 and yiYC(k") =0 and S7"C(k") >yEC(kM™), 3jef1,.. ,N¥B} , 3ce
{1,..,N¢}: The link between HV bus j and cell ¢ is in faulty condition, while the cell ¢ is in
normal condition. In addition, the recommendation of this connection is inapplicable because of
the violation of health status constraint for this faulty link.
Then
(1) S/2¢ (k") = 0: Disconnect the link between HV bus j and cell c,
(2) HV busj” and cell ¢’ are symmetric to HV bus j and cell ¢ respectively. The switching of the
connections is represented as follows, which is explained in 5.5.2.3 a)-c).
C _ HVC _ HVC _ HVC _

When vy, (k") = 1 and y7.“ (k") = 1and y/“ (k") = 1, conduct S;7.“ (k") = SV (k")
SiC Uty = ST (), STE (kM) = 0.
When y% (k) = 0 and yﬁ’,‘zc(k“) =1, conduct Sjﬁ’l’c(k“) = SHVE(KHL) | Sfé‘,’c(k“) =0,

HVC _
St (ki) = 0.

If

ye(k"™) =1 and yi&/°(k*) =0 and ST"(k") <vyEC(M), 3j€{1,..,NHVB}, 3Ace
{1, ..., N¢}: The link between HV bus j and cell ¢ is in faulty condition, and the recommendation
of this connection is applicable and the cell ¢ is in normal condition.

Then

Keep the initial settings for the configurations between HV buses and cells

188




B.4 Algorithm II-D in Algorithm Il in the LL Mode 2

The Algorithm I1-D is presented in detail in this section.

Algorithm I11-D Rules for connections between the LV buses and cells in Mode 2

3)

4)

Set initial connections between the LV buses and cells based on the online MPC
recommendations as follows, where vc € {1,..,N¢}, vI€{1,.. NVB} | SEVC(kLL) =
SCLIVC(kHL)

Decide upon the configurations between LV buses and cells based on the link failure status

If

Yé(kM) =1 and yEC(kM) =1 and SLYC(KHL) < yLC(KM) , vjie{d,..,NHB} | vce
{1,...,N¢}: All cells and the links between the LV buses and cells are in normal condition, and
the connection recommendations are applicable in this condition.

Then

Keep the initial settings for the configurations between LV buses and cells.

If
(kM) = 0,3c € {1, ..., N}: The cell ¢ is in faulty condition.
Then
SHE (kM) = 0,vI € {1, ..., NLVB}: All links from LV buses to this cell ¢ are disconnected.

If
YE(kM) =1 and yHC(k)=0 and SHC(KHL) >yHC(k) , 3ce{l,.., N}, 3AlE
{1, .., NtVB}: The link between LV bus I and cell ¢ is in faulty condition, while the cell ¢ is in
normal condition. In addition, the recommendation of this connection is inapplicable because of
the violation of health status constraint for this faulty link.
Then
(1) SE€ (k) = 0: Disconnect the link between LV bus I and cell c,
(2) LV bus I’ and cell ¢’ are symmetric to LV bus | and cell ¢ respectively. The switching of the
connections is represented as follows, which is explained in 5.5.2.3 a)-c).
When y% (k') = 1 and y5¢ (k!) = 1 and y2/F (k) = 1, conduct S57¢ (k) = SY5 (kML)
SLVC(kLL) — SLVC(kHL) SCL,Vl'IC(kLL) =0.
When v$ (kLL) =0 and y.“(k*) =1, conduct SH7° (kM) = SHF (kYY) | SHE(kM) =0,
LVF (kLL)
C l
If
YEkM) =1 and yHC(K) =0 and SHCKHL) < yH kM) , 3ce{t,..,N¢}, 3lE
{1, ..., N¥VB}: The link between LV bus | and cell ¢ is in faulty condition, and the recommendation
of this connection is applicable and the cell c is in normal condition.
Then
Keep the initial settings for the configurations between LV buses and cells
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