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The power supply system hybridization, by combining two or more power sources,

is one of the best options to insure a large endurance for a drone. The power sup-

ply system structure choice is however crucial. Indeed, it depends not only on the

power sources characteristics, but also on the drone mission requirements. In this

context, an Energy Management System (EMS) is mandatory to optimally control the

power splitting between the onboard power sources to achieve the targeted mission with

high performance and high efficiency. An EMS typically includes current and voltage

sensors to track the power flow, converters to control power sources outputs, and a

processing unit handling the adopted power management strategy. Energy management

strategies in drone applications face critical challenges in dynamically changing envi-
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ronments. Previous studies have explored online optimization techniques, but they end

up with challenges in computational efficiency. This thesis addresses this research gap

by proposing two highly adaptable energy management strategies. It proposes Neural

Network (NN), multi-objective optimization, data mining, and Case-Based Reasoning

(CBR) methods; emphasizing real-time adaptability to dynamic load profiles with low

computational demands. To comprehensively prepare the required load data by the

proposed strategies, diverse load profile scenarios are generated using three proposed

methods: payload modulation, highly dynamics modulation, and smoothly dynamics

modulation. Two different penalty factors related to battery State of charge (SOC)

deviation and fuel cell power deviation form filtered load are introduced within the

objective function of the Equivalent Consumption Minimization (ECM) strategy to

be optimized with NSGA-II method for each load scenario to enhance the dynamic

response over different loading dynamics. For each load scenario with its correspond-

ing optimized penalty factors, rigorous evaluations are conducted using the improved

ECM. Then, these data are investigated once by NN and CBR. In practical scenarios,

the proposed techniques demonstrate promising outcomes, achieving optimal hydrogen

consumption while maintaining battery State of charge (SOC) within the desired range.

Comparative analyses with existing strategies emphasize the robustness and efficiency

of these proposed strategies in responding to dynamic load scenarios that have never

been experienced. This thesis contributes valuable insights into the delicate balance be-

tween energy management adaptability and computational demands for hybrid drones,

opening pathways for further research and setting the stage for new developments.
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الرسالة ملخص

الزيود نايل محمد الاسم:

الامٔثَلة الالٓي التعلم الٕى استنادًا الوقود بخلايا تعمل التي الهجين طيار بدون للطائرات البيانات على المبنية الطاقة ادٕارة

الاهٔداف متعددة

الدراسة: عنوان

الكهربائية الهندسة التخصص:

2023 الاؤل كانون العلمية: الدرجة تاريخ

السابقة الدراسات قامت ديناميكيا. متغيرة بيئات في حرجة تحديات الهجينة طيار دون الطائرات تطبيقات في الطاقة ادٕارة استراتيجيات تواجه

المشكلة هذه الاطٔروحة هذه تعالج مستمر. بشكل الحسابات من كبيرة لكمية بالحاجة تحد واجهت ولكنها التقنيات، هذه من الكثير باستكشاف

استراتيجية تشمل والتي متداخل بشكل طرق عدة ميزات استغلال خلال من الديناميكية، التغيرات مع للتكيف قابلتين استراتيجيتين اقتراح خلال من

الاطروحة هذه تركز الاحصائية. والطرق الاصطناعي الذكاء تقنيات من والعديد الحالة على المبني الاستدلال واستراتيجية الصناعية العصبية الخلايا

حسابات الٕى الحاجة دون الديناميكية الحمل تغيرات مع الهجين الطاقة نظام في المستخدمة الوقود خلايا واستجابة تفاعل تحسين على رئيسي بشكل

ادٕراج يتم مقترحة. طرق ثلاثة باستخدام البيانات هذه لتوفير متنوعة سيناريوهات انٕشاء تم المقترحة، للاستراتيجيات المطلوبة البيانات لإعداد معقدة.

ليتم المكافئ، الاستهلاك تقليل لاستراتيجية المستخدم القانون ضمن الهجين الطاقة تزويد نظام مكونات بعض باستجابة تتعلق جديدة معاملات

تم التي البيانات مع التحسينات هذه من الاستفادة لاحقاً يتم الديناميكية. الاحمال مختلف مع الاستجابة لتحسين معينة بطرق بعد فيما تحسينها

الحالة. على المبني الاستدلال واستراتيجية الصناعية العصبية الخلايا استراتيجية من لكل النهائي بشكلها البيانات لتوفير الثلاث الطرق باستخدام توفيرها

كما المطلوبة. النسبة عند البطارية شحن على الحفاظ مع الامٔثل الهيدروجين استهلاك تحقق حيث واعدة، نتائج الطرق لهذه العملي التتقييم اظٔهر

المقترحة الاستراتيجيات هذه وكفاءة قوة على الضوء اخٔرى ابٔحاث في المستخدمة الاخرى الاستراتيجيات مع بالمقارنة الطرق لهذه التقييم هذا يسلط

xix



تغيرات مع التكيف بين الدقيق التوازن في رؤى الاطٔروحة هذه تقدم كما قبل. من تشُهَد لم التي الديناميكية الحمل سيناريوهات مع التعامل في

لتطورات الطريق ويضع الإضافي للبحث المجال يفتح مما الهجينة، طيار دون الطائرات في لذلك، المطلوبة الحسابات وتقليل الديناميكية الحمل

جديدة. بحثية
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CHAPTER 1

INTRODUCTION

1.1 General Overview

Research in energy management systems for hybrid Unmanned Aerial Vehicle (UAV) is

critical to ensure efficient and optimal usage of energy resources. Energy management

is crucial in the success of any hybrid UAV mission, and it could extend missions

duration and the longevity of the hybrid components. Therefore, it is essential to

continue researching and developing new energy management approaches for hybrid

UAV applications that are able to ensure optimal performance.

As the demand for UAV continues to grow, there is an urgent need to develop

energy-efficient systems that can support long-duration and high-altitude missions.

Energy management systems play a crucial role in this regard, as they can help to

reduce energy consumption and improve the overall efficiency of UAV. As such, there

is a pressing need for research in this area to develop innovative solutions that can ad-

dress the energy-related challenges facing UAV. Another important reason to continue

researching energy management systems for UAV is the need to reduce the environ-
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mental impact of these vehicles. As UAV become increasingly popular and their usage

grows, their environmental impact is becoming a significant concern. By developing

energy-efficient systems, researchers can help reduce the environmental impact of UAV

and promote sustainable aviation practices.

Proton exchange membrane fuel cell (PEMFC) has been identified as a promising

alternative to traditional energy sources for UAV [1]. With the increasing demand

for UAV applications in various fields, there is a growing need for efficient and sus-

tainable energy management systems to extend their endurance and range. Several

research studies have been conducted on energy management strategies for reducing

hydrogen consumption. However, vast majority of energy management studies on fuel

cell powered hybrid system in mobility applications are on hybrid electric vehicles but

those implemented methods are not being able to be applied in drones due to several

limitations including:

1. Weight Constraints: Drones have strict weight limitations. Adding the necessary

components for EMS might exceed the weight limitations, affecting the drone’s

performance and flight time.

2. Space Limitations: Drones have limited space for additional components. Inte-

grating a complex EMS might be challenging due to spatial constraints.

3. Real-Time Processing: EMS in hybrid vehicles often rely on sophisticated algo-

rithms and computing power to optimize energy usage. Implementing real-time

processing for drones might be difficult due to their size and power constraints.

4. Dynamic Flight Conditions: Drones experience highly dynamic flight conditions,

2



including sudden changes in altitude, wind, and weather.

The challenges faced in implementing EMS for drones, as outlined, underscore

the critical need for focused research to overcome these challenges. But developing

specialized algorithms capable of real-time processing, adapted to the size and power

constraints of drones, remains an uncharted yet crucial area of exploration. Based on

that, creating adaptive EMS solutions capable of adjusting within the dynamic flight

conditions—rapid altitude changes, varying winds, and unpredictable weather— is

highly essential research specifically suited for drones that can enhance the perfor-

mance and capabilities of UAV.

1.2 Problem Statement

Energy management strategies in drone applications encounter significant challenges

due to the dynamic nature of their operating environments where energy demands

fluctuate rapidly due to shifting mission requirements and unpredictable environmen-

tal conditions. The existing strategies struggle to adapt with these dynamic changes,

creating a critical gap in effective energy management solutions for drones. While

previous studies have explored online optimization techniques to resolve these issues,

these approaches often struggle with computational efficiency issues. The demand for

real-time adaptability to dynamic load profiles with low computational requirements

remains a critical gap in existing research.

3



1.3 Research Aim and Objectives

This thesis aims to address the identified research gap by introducing a highly adapt-

able energy management strategy tailored for drone applications. The specific objec-

tives are to:

1. To propose and develop novel strategies capable of real-time adaptability to

dynamic load profiles, implementing neural networks and Case-Based Reasoning.

Additionally, generate diverse load profile scenarios using three distinct methods

to comprehensively prepare the required load data for the proposed strategy.

2. Assess and demonstrate the remarkable adaptability of the proposed strategies

across various load profiles through comparisons with existing energy manage-

ment strategies.

3. Showcase the proposed strategies ability to closely emulate real-time optimiza-

tion strategies behavior while significantly reducing computational demands,

ensuring robust and efficient responses to dynamic load scenarios, and general-

izing responses to unforeseen situations.

1.4 Thesis Organization

The structure of this thesis is outlined as follows: Chapter 2 presents the literature

review; the focus is on synthesizing existing knowledge related to the topic. This chap-

ter serves as a foundation for the research by examining previous studies, theories,

and empirical evidence. It not only highlights the gaps in the current understanding
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but also contextualizes the significance of the research problem or question being ad-

dressed. Chapter 3 delves into the research methodology; it details the methodology

employed in conducting the research. It elucidates the approach, design, data collec-

tion methods, sample selection, and any tools or instruments used for data gathering

and analysis. This section offers transparency and insight into the steps taken to

ensure the validity, reliability, and ethical considerations of the research. Chapter

4 focuses on results and discussion; this chapter showcases the data obtained from

the research methods outlined in Chapter 3. Results are interpreted, analyzed, and

contextualized within the broader framework. This chapter is where the significance

of the findings is emphasized, relationships between variables are explored, and any

unexpected or notable outcomes are discussed. Finally, Chapter 5 encapsulates the

entirety of the thesis by summarizing the key findings, reiterating their significance

in relation to the research questions or objectives, and discussing their broader im-

plications. Additionally, this chapter suggests avenues for future research, offering a

holistic perspective on the subject matter.
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CHAPTER 2

LITERATURE REVIEW

Fuel cell-powered research and industrial UAVs have become increasingly popular in

recent years as a more sustainable alternative to traditional fossil fuel-powered drones.

Fuel cells use hydrogen or other fuels to produce electricity, with only water and heat

as byproducts, making them much cleaner and more efficient. Here are some examples

of fuel cell-powered research and industrial UAVs and they are summarized in Table

2.1 [2]. These examples demonstrate the potential for fuel cell-powered UAVs in a

variety of applications, including military and civilian use. As technology continues

to advance, it is likely that we will see even more innovative uses of fuel cell-powered

drones in the future.

2.1 UAV Energy System

Energy systems used in drone applications can be categorized into two main types:

systems with a single source and hybrid systems. Single-source energy systems for

drones typically rely on batteries as the primary energy storage medium. Lithium-ion
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Table 2.1: Some examples of fuel cell-powered research and industrial UAVs.
Organization UAV name UAV type Fuel cell type Hydrogen

storage type Endurance

EnergyOr
(2011)

FAUCON H2 Fixed wing PEM Compressed
H2

10 h04 min

U.S. Naval
Research

Laboratory
(2013)

Ion Tiger Fixed wing PEM (550 W) Cyrogenic
liquid H2

48 h

EnergyOr
(2016)

H2Qauad
1000 Multirotor PEM (900 W) Compressed

H2
2 h

SKYCORP
(2018)

e-Drone Zero Multirotor PEM (800 W)
Compressed
H2 (3 I, 300

bar)
2 h

BATCAM
(2019)

/ Multirotor PEM Compressed
H2 (6I)

70 min
(with 5 kg
payload)

MetaVista
(2019)

/ Multirotor PEM (800 W) Liquide H2
(6I) 12 h07 min

batteries are commonly used due to their high energy density and lightweight nature,

allowing drones to achieve longer flight times. However, the limited energy capacity

of batteries can restrict the operational range and flight duration of drones, making

them suitable for shorter missions or small-scale applications.

Hybrid energy systems, on the other hand, offer an alternative approach for drone

operations that require extended flight times or increased payload capacities. These

systems integrate multiple energy sources, such as fuel cells, gasoline engines, or solar

panels, with batteries to provide a more versatile and efficient power solution. For

instance, hybrid drones can combine the long-range capabilities of combustion engines

or fuel cells with the high power density and instant response of batteries during peak

energy demand, resulting in extended flight durations and improved performance. Hy-

brid energy systems for drones have the potential to enhance operational flexibility,

enabling a broader range of applications, including aerial inspections, surveillance, lo-
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gistics, and delivery services. By leveraging the advantages of different energy sources,

these systems can optimize power utilization, extend mission durations, and improve

overall drone performance while minimizing environmental impact. Continued re-

search and development in hybrid energy systems hold great promise for advancing

the capabilities and sustainability of drone applications in various industries. The

following are a brief descriptions with summary in Table 2.2 for many drone energy

systems that depend on one source architecture or hybrid architecture including the

advantages and the limitations of each one that was mentioned or concluded within

many previous research studies.

Table 2.2: Energy systems used in drones
Energy
sources Architecture Advantages Limitations and drawbacks Related

papers

One
electrical
source

Battery
Quick responsiveness to power demand due
to high energy density and energy storage
rather than generation.

Low power density, short endurance, lengthy recharge
times with ”memory effect” for some battery types, and
increased weight and cost due to the addition of additional
batteries to boost autonomy

[3]

One
electrical
source

Fuel cell

High energy density, immediate refilling
without the ”memory effect,” and use more
fuel in the same stack (thus reducing weight)
to maximize autonomy.

Slow response to power demand, need for auxiliary
equipment (compressors, regulators, etc.), lack of
infrastructure for hydrogen distribution, storage problems,
safety concerns, and high cost of hydrogen production

[4], [5], [6]

Hybrid
power
supply

Fuel cell and
Battery

High energy and power densities improve
endurance and response time, as well as
energy generation and storage.

Complexity in system integration, potential high costs,
and challenges in maintaining balance between power
output and efficiency across varying operational conditions.

[6], [7], [8], [9]

Hybrid
power
supply

Fuel cell, Battery,
and solar cells

Increased endurance, pure, free, and
accessible energy, lower energy costs, and
hydrogen savings are all possible with an
additional energy source.

The requirement for big UAV wings, which cannot be
employed in rotary-wing UAVs, necessitates the
employment of an energy storage device, as well as EMS
and MPPT.

[10], [11], [12], [13]

Hybrid
power
supply

Fuel cell, Battery,
and supercapacitor

Very high power density, rapid charging, light
weight, and low dc bus fluctuations; very long
lifetime, minimal heat loss due to low internal
resistance.

Supercapacitor voltage control is required, as well as EMS. [14], [15]

2.1.1 Battery

Drones powered by batteries commonly utilize Lithium Polymer (LiPo) or Lithium-

ion (Li-ion) batteries, where the energy capacity is determined by their chemistry and

physical dimensions, allowing for extended flight times with larger batteries. These

battery-driven drones boast portability, lightweight design, and simple maintenance;

nevertheless, they have limited flight times and require recharging or battery replace-
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ment after use.

2.1.2 Fuel Cell

A drone powered by a fuel cell uses hydrogen gas as fuel to generate electricity. Fuel

cell-powered drones can provide longer flight times and higher power density than

battery-powered drones. They are also more environmentally friendly, emitting only

water and heat as by-products. However, they are more expensive and require special

infrastructure for hydrogen refueling.

2.1.3 Fuel Cell, Battery, and Solar Cells

This hybrid system combines a fuel cell, battery, and solar cells to power a drone. The

fuel cell provides continuous power, while the battery and solar cells provide additional

power during peak demand. This system can provide longer flight times and greater

flexibility than a battery or fuel cell alone. However, it is more complex and expensive

than using a single power source.

2.1.4 Fuel Cell, Battery, and Supercapacitor

This hybrid system combines a fuel cell, battery, and supercapacitor to power a drone.

The fuel cell provides continuous power, while the battery and supercapacitor provide

additional power during high demand situations. This system can provide higher

power density and faster response times than a battery or fuel cell alone. However, it

is more complex and expensive than using a single power source.
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Table 2.3: Power supply systems that were used in UAV applications

Ref. Year
Power
supply
system

Experiments/
Simulations Contribution Limitations

[10] 2014

FC/
Battery/
Solar
cells

Experiments
An implemented rule-based
PMS in a 200 W class UAV was
tested in flight for 3.8 hours.

Nighttime
operation has not
been tested.

[16] 2018 FC/
Battery Both

State machine approach was
examined under various SOC

situations.
Only ground test.

[11] 2018

FC/
Battery/
Solar
cells

Experiments
Technique for switching

between a solar and a fuel cell
system

Strategy algorithm
missed.

[17] 2009 Battery/
Solar cells Experiments

Battery management in a solar
system to supply power to the
electrical circuits of a
constructed UAV.

Power for
propulsion system
neglected.

[9] 2018 FC/
Battery Experiments

One programmable DC/DC
converter is used for online

fuzzy rule-based EMS.
No flight test.

[8], [18] 2010
2009

FC/
Battery Simulations ANFIS-based controller is used

for intelligent EMS and PMS.

Strategy not tested
with UAV
profile mission.

[19] 2012

FC/
Battery/
Solar
cells

Simulations Constrained thermostat control
(CTC) approach.

The proposed
architecture
may make the
system heavy.

[12] 2018

FC/
Battery/
Solar
cells

Simulations Fuzzy logic and state machine
methods are combined.

No experimental
validations.

[20] 2016 FC/
Battery Both Simulating a basic rule-based

algorithm in HIL.

No flight test,
endurance not
discussed.

[21] 2018 Solar cell/
Battery Simulations Solar-powered UAV with a

three-stage EMS
High dependence
on solar energy.

[22] 2009 FC/
Battery Simulations Dynamic programming is used

to achieve optimal EMS.
Optimization high
computational cost.
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An additional comprehensive comparative review about the power supply systems

that were used in UAV applications including: system topology, contributions, and

limitations of each study are listed in Table 2.3. The research in UAV power supply

systems from 2009 to 2018 encompasses a range of configurations involving Fuel Cell

(FC), batteries, and solar cells. Lee et al. [10] tested a rule-based PMS in a 200

W class UAV, achieving a 3.8-hour flight time, but without validation for operation.

Yang et al. [16] examined a state machine approach under diverse state-of-charge

(SOC) conditions, constrained to ground tests. Gang et al. [11] introduced a tech-

nique for transitioning between solar and fuel cell systems, yet with a missed strategy

algorithm. Shiau et al. [17] focused on battery management within solar systems for

UAV electrical circuits, omitting power considerations for propulsion. Zhang et al. [9]

utilized a programmable DC/DC converter for online fuzzy rule-based energy man-

agement but lacked flight testing. Karunarathne et al. [8], [18] implemented ANFIS-

based controllers for EMS, untested with UAV profile missions. Lee [19] proposed

a constrained thermostat control (CTC) approach through simulations, potentially

increasing system weight. Zhang et al. [12] combined fuzzy logic and state machine

methods in simulations without experimental validation. Savvaris et al. [20] simu-

lated a rule-based algorithm in hardware-in-the-loop (HIL) setups, lacking flight tests

or endurance discussions. Galkin et al. [21] simulated a solar-powered UAV with

a three-stage EMS, highlighting high solar energy dependence. Bradley [22] utilized

dynamic programming for optimal EMS, facing computational cost challenges.

These studies offer a varied perspective on power supply systems and manage-

ment strategies for UAVs. However, the absence of validations and computational
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complexities underlines the necessity for further research. Enhancing the practicality

and robustness of these systems across diverse operational scenarios remains a critical

goal.

2.2 Powertrain Topologies

In the context of UAVs, the powertrain is the system that generates power and propels

the drone through the air. A hybrid powertrain for a UAV combines two or more

energy sources to provide the necessary power for flight. This typically involves a

combination of an electric motor powered by batteries and a small internal combustion

engine or a fuel cell that can either provide direct propulsion or charge the batteries

during flight.

2.2.1 Advantages of Hybrid Powertrains

The advantages of a hybrid powertrain for UAVs are significant. By combining elec-

tric and internal combustion or fuel cell power, hybrid UAVs can achieve longer flight

times, greater efficiency, and reduced emissions compared to traditional gasoline-

powered UAVs. This allows for longer mission durations and increased payload ca-

pacity, which can be crucial in applications such as aerial surveillance, delivery, and

agriculture. In addition to the benefits of hybrid powertrains, there are also challenges

that must be addressed. For example, the integration of multiple energy sources and

the associated control systems can be complex and require careful management. Bat-

tery technology and charging infrastructure are also critical components of hybrid
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UAV powertrains and must be optimized for the specific application.

Despite these challenges, the development of hybrid powertrains for UAVs is a

rapidly evolving field, and there are many exciting opportunities for innovation and

growth in this area. As the demand for UAVs continues to increase in both commercial

and military applications, the development of efficient and sustainable powertrains will

be essential to the growth of the industry.

2.2.2 Hybrid Powertrains Architectures

The effectiveness of hybrid power systems is dependent on their proper design. Nine

hybrid architectures for power hybrid propulsion systems are shown in Figure 2.1 [23].

Since every power source has a DC-DC converter, all power sources can be actively

regulated thanks to the fully active construction. The price of the system will rise,

though, as more DC-DC converters are added. Additionally, the DC-DC has a large

mass and volume, which hinders the power system’s ability to operate more efficiently

and save fuel. In this instance, a semi-active structure is used, powered directly by

the battery rather than a bidirectional DC-DC converter. Direct hybrid structures

and indirect hybrid structures are the two categories in which hybrid structures are

typically different. They are split specifically into nine different structures. The nine

major hybrid constructions for UAVs based on fuel cell types are listed below, where

the letters a, b, c, d, e, f, g, h, and i correspond to the corresponding letters in Figure

2.1 [23] with further details later. The lifespan of each PEM fuel cell and Li-ion

battery is significantly shorter than that of supercapacitors, which decreases the overall

durability of the hybrid power system. Therefore, it is important to consider the PEM
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fuel cell and Li-ion batteries ageing performance. Four different influencing factors,

which include dynamic load cycling, heavy load cycling, start-stopping, and idling,

have an impact on the PEMFC’s lifespan. The fuel cell degradation equation in [24]

and the relevant parameters of performance degradation rates of the four influencing

factors could be achieved in [25].

(a) Fuel cell/ battery hybrid structure without converters [26];

(b) Fuel cell/battery /solar cell hybrid structure without converters [27], [28];

(c) Semi-active fuel cell/battery hybrid structure [27];

(d) Semi-active battery/ fuel cell hybrid structure [29];

(e) Fully active battery/ fuel cell hybrid structure [30];

(f) Fully active fuel cell /supercapacitor/ battery hybrid structure [15], [31];

(g) Semi-active fuel cell /supercapacitor/ battery hybrid structure [14];

(h) Semi-active fuel cell/battery /solar cell hybrid structure [19], [32].

2.3 Hydrogen Fuel Cell

Proton exchange membrane fuel cell, direct methanol fuel cell, and solid oxide fuel

cell are all types of fuel cells that convert chemical energy from a fuel source directly

into electrical energy. However, they differ in terms of the type of fuel they use, the

operating temperature, and the application for which they are best suited.
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Figure 2.1: The major hybrid constructions for UAVs based on fuel cell
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2.3.1 Proton Exchange Membrane Fuel Cell (PEMFC)

PEMFC uses hydrogen gas as the fuel source and operates at a relatively low temper-

ature of around 80◦C. PEMFCs are commonly used in transportation applications,

such as powering fuel cell vehicles, because they are lightweight, efficient, and produce

only water as a byproduct.

2.3.2 Direct Methanol Fuel Cell (DMFC)

DMFC uses methanol as the fuel source instead of hydrogen gas. DMFCs operate

at a lower temperature than PEMFCs and are best suited for small portable devices,

such as smartphones and laptops, due to their compact size and relatively low power

output.

2.3.3 Solid Oxide Fuel Cell (SOFC)

SOFC uses a solid oxide electrolyte instead of a liquid or polymer electrolyte. It can

use a variety of fuels, including hydrogen, natural gas, and biogas, and operates at a

much higher temperature of around 800◦C. SOFCs are commonly used in stationary

power applications, such as in large-scale electricity generation for commercial and

industrial use, due to their high efficiency and ability to generate heat as well as

electricity.
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2.3.4 Comparison between PEMFC, DMFC, and SOFC

The major differences between PEMFC, DMFC, and SOFC are listed in Table 2.4

[2]. In summary, the main differences between PEMFC, DMFC, and SOFC are the

Table 2.4: Major characteristics of the most commonly used fuel cell types in UAVs.
FC

Type Fuel Efficiency
(%)

Temp.
(C◦)

Stack specific power
(W/kgs)

System specific power
(W/kg)

PEMFC Hydrogen 40− 60 30− 100 > 500 > 150
DMFC Methanol 20− 30 20− 90 > 70 > 50

SOFC Hydrocarbon 30− 50
500−
1000 > 800 > 100

type of fuel they use, the operating temperature, and the application for which they

are best suited. PEMFCs are best for transportation applications using hydrogen gas,

DMFCs are best for small portable devices using methanol, and SOFCs are best for

stationary power applications using a variety of fuels.

2.4 Hybrid Energy Storage System

Hybrid energy storage systems combine two or more energy storage technologies to

overcome the limitations of each individual technology and create a system that is

more reliable, efficient, and cost effective. However, there are several key issues that

must be considered when designing and operating a hybrid energy storage system.

2.4.1 Compatibility

The different energy storage technologies used in a hybrid system must be compatible

with each other to ensure optimal performance and safety. For example, the charge and
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discharge rates, operating temperatures, and voltage levels of the different technologies

must be compatible to prevent damage and ensure efficient operation.

2.4.2 Control and Management

Hybrid energy storage systems require sophisticated control and management systems

to optimize the operation of each storage technology and balance the power flow

between them. This can be challenging, especially when the system includes multiple

technologies with different response times and capacities.

2.4.3 Maintenance and Replacement

Hybrid energy storage systems require regular maintenance and replacement of com-

ponents, including batteries, capacitors, and other energy storage devices. This can

be complex and costly, especially when the system includes multiple technologies with

different lifespans and maintenance requirements.

2.4.4 Safety and Reliability

Hybrid energy storage systems must be designed and operated with safety and relia-

bility in mind. The different storage technologies used in the system can have different

safety and reliability characteristics, and must be carefully integrated and monitored

to prevent system failures and ensure safe operation.
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2.4.5 Cost-Effectiveness

Hybrid energy storage systems can be expensive to design, build, and operate, es-

pecially when multiple technologies are used. The cost-effectiveness of the system

depends on factors such as the initial cost, operating costs, and expected lifespan of

the system.

2.4.6 Design and Optimization of Structures

Finding the best battery and supercapacitor configuration is the focus of this type

of research, which also examines how the capacity matching and energy management

algorithms can be optimized together. It takes into account how the two issues interact

during system operation. The methods that are frequently employed are the integrated

optimization method and the multi-objective optimization method.

2.4.7 Energy Management Systems

This kind of research focuses on creating effective and smart control strategies to

increase the hybrid energy storage system’s durability and stability as well as its

capacity to respond to changing operating conditions. Dynamic programming, fuzzy

control, and predictive control are some of the methods that are frequently utilized.

EMS has been extensively studied in various applications, including drones. An EMS

is a system that manages the energy consumption and storage of a device or system.

In summary, hybrid energy storage systems offer a promising solution for overcom-

ing the limitations of individual energy storage technologies. However, key issues such
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as compatibility, control and management, maintenance and replacement, safety and

reliability, and cost-effectiveness must be considered and addressed to ensure optimal

performance and long-term viability of the system.

2.5 Typical Designs for Hybrid Systems

In the realm of hybrid systems for drones, several combinations of energy storage

technologies have emerged as promising solutions. One prevalent design integrates fuel

cells with batteries, a fusion that has garnered significant attention in recent research

[33], [34], [35], [9], [36], [37], [38], [39], [40], [41], [42], [43], [44]. This hybrid system

strikes a balance between the high energy density of batteries and the steady power

supply from fuel cells. By harnessing immediate power from batteries during peak

demands and relying on sustained, efficient energy output from fuel cells during longer

missions, this configuration offers a favorable compromise between energy capacity and

power output for extended flight durations.

Another emerging design pairs fuel cells with supercapacitors [45]. This configura-

tion emphasizes the rapid energy storage and discharge capabilities of supercapacitors,

complementing the continuous energy generation of fuel cells. Supercapacitors excel

in swift energy delivery, instrumental in scenarios demanding sudden bursts of power,

such as during take-offs or rapid maneuvers. The integration of these technologies

aims to enhance the responsiveness and agility of drones without compromising over-

all energy efficiency.

The most comprehensive approach involves the synergy of fuel cells, batteries,
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and supercapacitors [46], [47], [48]. This tribrid system capitalizes on the collective

strengths of all three energy storage technologies. By combining the high energy

density of batteries, the continuous power output of fuel cells, and the rapid energy

transfer capabilities of supercapacitors, drones equipped with this setup can opti-

mize their performance across a spectrum of flight requirements. This design offers

versatility and adaptability, enabling drones to efficiently handle varying operational

demands.

These different hybrid system designs highlight diverse approaches in leveraging

energy storage technologies for drone applications. Understanding their distinct ad-

vantages is crucial in selecting the most suitable configuration based on specific mission

requirements, balancing energy capacity, power output, and responsiveness.

2.5.1 Fuel Cell and Battery Hybrid System

In this hybrid system, both a fuel cell and a battery are used as energy storage tech-

nologies. The fuel cell acts as the main power source, generating electricity through

the electrochemical reaction of hydrogen and oxygen. The battery complements the

fuel cell by providing additional power during high-demand situations or quick ac-

celerations. This hybrid system offers a balance between sustained power delivery

and high-power bursts, optimizing energy management for improved flight duration

and responsiveness. It provides extended flight times and the ability to handle dy-

namic power demands, making it suitable for applications requiring longer missions,

increased endurance, and versatility in power delivery.
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2.5.2 Fuel cell and Supercapacitor Hybrid System

This hybrid system combines a fuel cell with a supercapacitor as energy storage tech-

nologies. The fuel cell serves as the primary power source, producing continuous and

efficient power for sustained flight. Supercapacitors act as high-power density storage

devices that can quickly store and release energy during high-energy-demand situ-

ations or maneuvers. The combination of a fuel cell and supercapacitor allows for

optimized power distribution and improved responsiveness, especially during rapid

acceleration or maneuvers. This hybrid system is well-suited for applications that

require high-power bursts, rapid response times, and enhanced agility.

2.5.3 Fuel cell and Battery and Supercapacitor Hybrid Sys-

tem

This hybrid system integrates all three energy storage technologies: fuel cell, battery,

and supercapacitor. The fuel cell serves as the primary power source, providing sus-

tained power for extended flight durations. The battery complements the fuel cell by

offering additional energy storage for longer missions or when energy demands exceed

the fuel cell’s capacity. Supercapacitors provide high-power bursts during acceleration

or high-energy-demand maneuvers, ensuring responsive and agile flight capabilities.

This comprehensive hybrid system combines the benefits of all three energy stor-

age technologies, offering extended flight times, increased payload capacity, improved

power management, and rapid response capabilities. It is particularly useful for appli-

cations that require a combination of sustained power delivery, high-power bursts, and
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long mission durations, such as aerial photography, surveillance, or scientific research.

Each hybrid system offers unique advantages, and the choice depends on the spe-

cific requirements of the drone application, such as flight time, power demand, payload

capacity, and mission characteristics. The selection of the appropriate hybrid system

ensures optimal energy management and performance for the intended drone applica-

tion.

2.6 Energy Management System

A comprehensive overview that outlines and contrasts a wide range of energy man-

agement approaches developed for different mobility applications is provided in Table

2.5. Followed by detailed discussions of several selected research studies within this do-

main. The compiled table offers a comprehensive synthesis of contemporary research

in energy management across diverse mobility applications. Each study, highlighted

within [49], [50], [40], [51], [9], [36] contributes distinct insights into optimizing energy

consumption, enhancing endurance, and refining overall operational efficiency across

various vehicular domains, including UAVs, drones, hybrid electric vehicles, among

others.

In exploring energy management for various mobility applications, multiple re-

search endeavors have surfaced, each contributing distinct methodologies and insights

into optimizing energy consumption, enhancing endurance, and refining operational

efficiency. These studies span domains from UAVs to heavy-duty vehicles, offering

varied approaches and strategies.
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Table 2.5: Energy management studies in mobility applications
Ref. Year Power Supply

System Application EMS Technique Experiments/
Simulations Contributions

[45] 2021 FC/SC Tram
Online extremum

seeking-based
optimization

Simulation Only It takes into account the fuel cell degradation

[33] 2020 FC/Battery Vehicles
Dynamic

programming and
convex programming

Simulation Only Battery size optimization while doing energy
management

[34] 2015 FC/Battery Vehicles
Weighted improved
dynamic
programming

Simulation Only Considering life-cycle cost of the system components
and operational cost

[52] 2017 ICE/Battery Vehicles Pontryagin’s
minimum principle Simulation Only Formally checking the convexity assumptions for

using Pontryagin’s minimum principle

[49] 2020 FC/PV UAV Pontryagin’s
minimum principle Simulation Only

Optimally using the finite energy stored in the
hydrogen fuel cell and routing the aircraft through
the dynamic energy fields of solar irradiance and
wind

[50] 2022 PEMFC/single-stage
turbocharged engine UAV NSGA-II algorithm Simulation Only Maximize the generated thrust of the propulsion

system while minimizing fuel consumption rate

[53] 2018 Engine/Battery Aircraft NSGA Both
Proposal of a new non-dominated sorting algorithm;
Benchmark based Non-Dominated Sort (BNDS) for
the NSGA

[54] 2018 Engine/Battery Vehicles Dynamic particle
swarm optimization Simulation Only

Developing optimal strategies for two-variable
energy management and gear-shifting in hybrid

electric vehicles

[35] 2021 FC/ Battery Vehicles Optimization-oriented
AECM Simulation Only

Updating the optimal equivalent factor periodically
via local optimization process according to the
predicted power to converge the state of charge
(SOC) and guarantee fuel economy

[46] 2018 FC/SC/ Battery Vehicles SQP based ECMS Simulation Only
Considering hydrogen consumption of the of three
power sources into objective function to solve this

problem

[9] 2018 FC/ Battery UAV Online fuzzy
technique Both Experiments with three types of missions are carried

out using the hybrid power system test-bench

[36] 2021 FC/Battery Heavy-duty
vehicle I-OEMS Simulation Only Combines a predictive soft-loading method to

enhance the load state of sub-stacks

[47] 2021 FC/SC/ Battery Aircraft SSA & MBO Simulation Only Comparison of various energy management
strategies

[37] 2022 FC/Battery Mobile
welding robots MPPT & ECMS Both

Inner layer realizes power distribution and energy
optimization, outer layer uses state machine control
to switch the control strategy according to the
operating state of the system

[38] 2021 FC/Battery Vehicles IM-PMP Both Limit frequent power fluctuations and improve fuel
cell durability

[39] 2021 FC/Battery Drones Frequency separation
rule-based Simulation Only Extended endurance, reduced hydrogen consumption

[40] 2018 FC/Battery Vehicles Optimized fuzzy logic
controller Both

Experimental 3D mapping is performed to relate the
PEMFC’s operating temperature and current to the
requested power

[48] 2019 FC/SC/ Battery UAV An electronic control Simulation Only Evaluation under various flight scenarios and
different payloads

[41] 2022 FC/Battery Vehicles DQN & PER-DQN Simulation Only Reducing fuel cell degradation while slightly reducing
fuel economy

[42] 2021 FC/Battery Vehicles and
coastal ships

Deep reinforcement
learning Simulation Only

Addressing the limitations of tabular reinforcement
learning agents in dealing with large-scale real-world
stochastic load profiles

[51] 2019 Engine/Battery Tracked
vehicles

Fast Q-learning based
online updlating

strategy

Experimental
Work

Implementing cloud computation to handle the
computational burden and achieve real-time
performance

[43] 2020 FC/ Battery Vehicles ILF Both Addressing the issue of time-phase mismatch in
predicting the short-term power demand

[44] 2020 FC/Battery Vehicles I3D-LSTM Both
Short-term speed prediction in intelligent fuel cell
vehicles (IFCVs) and analyzes future energy
consumption based on the predicted speed

Some studies, like Li et al. (2021) [45], Dobrokhodov et al. (2020) [49], and Zhang

et al. (2018) [9], delve into optimizing trajectory planning or power flow control

in UAVs. Li et al. introduced an extremum seeking-based optimization for tram

systems, while Dobrokhodov et al.’s trajectory planning approach significantly boosted

24



endurance. Zhang et al.’s proposed fuzzy technique effectively regulated power output,

enhancing UAV endurance.

Contrastingly, research like Xie et al. (2018) [53], Bahari et al. (2022) [50], and

Zhang et al. (2021) [36] focuses on propulsion systems and optimization in vehicles.

Xie et al.’s study showcased retrofitting aircraft with hybrid systems, emphasizing fuel

efficiency, while Bahari et al. aimed to balance thrust generation and fuel consumption

in a novel UAV propulsion system. Zhang et al.’s I-OEMS strategy outperformed

conventional methods, significantly improving efficiency and fuel economy in heavy-

duty vehicles.

Studies by Kandidayeni et al. (2018) [40], Lu et al. (2022) [37], and Rezk et al.

(2021) [47] delve into efficiency enhancements and control strategies. Kandidayeni et

al.’s focus on PEMFC’s thermal management improved system efficiency, while Lu et

al.’s hierarchical approach optimized power distribution in welding robots. Rezk et

al.’s comparative analysis identified the SSA strategy as optimal for hybrid systems,

achieving superior hydrogen fuel economy.

Further, studies such as Li et al. (2018) [46], Delprat et al. (2017) [52], and

Du et al. (2019) [51] emphasized strategies tailored for specific vehicle types. Li

et al.’s work on quadratic programming-based strategies for hybrid electric vehicles

accounted for hydrogen consumption from different power sources. Delprat et al.’s

application of Pontryagin’s principle was specific to ICE/battery vehicles, while Du et

al.’s online updating strategy showcased computational speed improvement in hybrid

electric tracked vehicles.

These diverse approaches collectively underline the evolving landscape of energy
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management strategies, highlighting the need for specialized solutions across varied ve-

hicular applications. While some studies target specific vehicles or propulsion systems,

others concentrate on trajectory planning, power flow control, or efficiency enhance-

ment, showcasing the interdisciplinary nature of optimizing energy management in

mobility applications.

2.7 Efficient EMS Issues and Considerations

In the case of drones, an efficient EMS is necessary to ensure the drone’s stability and

autonomy while performing its tasks. However, the vast majority of energy manage-

ment research that are related to the mobility applications were conducted for hybrid

vehicles[33], [34], [52], [54], [35], [46], [36], [38], [40], [41], [43], [44]. Indeed, com-

putational resources play a significant role in the application of energy management

techniques, and it is a relevant consideration when applying hybrid vehicle energy

management techniques to drones. Here’s an expanded explanation:

2.7.1 Processing Power

Hybrid vehicle energy management systems often rely on complex algorithms and

real-time data analysis to optimize power distribution and usage. Implementing these

techniques in drones would require sufficient computational power to process the neces-

sary data, make decisions, and control the powertrain effectively. Drones, particularly

small and lightweight ones, may have limited onboard computing resources, making

it challenging to execute complex energy management algorithms in real-time.

26



2.7.2 Sensor Requirements

Energy management techniques used in hybrid vehicles often rely on various sensors to

gather data on factors like vehicle speed, load, and environmental conditions. While

drones do have sensors for flight control and navigation, they may not have the same

array of sensors as hybrid vehicles. Additional sensors might be needed to provide the

necessary data for accurate energy management, which could impose constraints on

the size, weight, and cost of the drone.

2.7.3 Real-Time Constraints

Drones operate in dynamic environments and often require real-time decision-making

to ensure safe and efficient flight. Applying energy management techniques in realtime

to optimize power usage and distribution would require fast computational process-

ing and quick response times. Limited computational resources on drones may pose

challenges in meeting these real-time requirements.

2.7.4 Energy Efficiency and Computational Complexity

Energy management techniques in hybrid vehicles involve optimizing power usage

based on various factors, including vehicle speed, load, and operating conditions.

Achieving such optimization may require computationally intensive algorithms, which,

in turn, consume more energy. For drones, where energy efficiency is crucial for

extending flight time, striking the right balance between computational complexity

and energy consumption becomes a challenge.
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2.7.5 Addressing The Limitations

To address these limitations, researchers are exploring energy management techniques

that strike a balance between computational complexity and the available computa-

tional resources on drones. This may involve developing lightweight algorithms, lever-

aging onboard sensors efficiently, and considering trade-offs between computational

complexity and energy efficiency. Furthermore, advancements in edge computing and

the miniaturization of processing units may contribute to improving computational

capabilities on drones in future researches.

2.8 Artificial Neural Networks

Biologically inspired, these AI systems typically consist of layers of nodes with non-

linear activation functions and a bias term, which are connected by weights. Here, we

distinguish between traditional neural networks of the multilayer perceptron (MLP),

and deep neural networks (DNNs) which include a wide variety of techniques; such

as, recurrent neural networks (RNNs), convolutional neural networks (CNNs) and

generative adversarial networks (GANs) [55], [56], [57], [58]. MLPs typically consist

of three layers, an input feature layer, a hidden layer, and an output layer. At their

simplest, these networks learn an input-output mapping over a training set, so that

when a test-case is presented, its features are used to accurately predict/classify at

the MLP output layer. Significantly, the model’s learning of an input-output mapping

depends on modifying the weights connecting the nodes in these layers and the bias

terms within the nodes. MLPs should be favored for real-time energy management
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in applications like hybrid drones due to their low computational demands. This ef-

ficiency makes them a practical choice for systems with limited computing resources.

However, the efficacy of MLPs hinges on the quality and quantity of the data used

for training. To ensure reliable performance, it’s crucial to gather a comprehensive

and representative dataset that captures diverse states and scenarios the system may

encounter during operation. This step is pivotal in enhancing the accuracy and effec-

tiveness of MLP-based energy management strategies in real-world applications like

hybrid drones.

2.9 Case-Based Reasoning

These systems perform a type of reasoning from examples or cases using a retrieval,

reuse, revise, and re-train cycle [59], [60], [61], [62]. At its simplest, in Case-Based

Reasoning (CBR), when a query-case is presented the most similar cases to it are

retrieved before being adapted (or used directly) to make a prediction/classification.

Typically, the retrieval step finds cases by matching the features of the query-case

and cases in the case base using k-nearest neighbor (k-NN). Retrieval accuracy (and,

hence, the success of the system) can depend heavily on the weights given to these

features, weights that reflect their importance in the domain. Notably, CBR is claimed

to have a “natural” transparency as its reasoning-from-precedent or reasoning-from-

example parallels what human experts sometimes do [63], kolodner2014case; though

these claims have not always been extensively user-tested [64]. Accordingly, CBR

has a substantial literature on explanation [64], [65], [66], as does its sister area of
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recommender systems [67], [68].

To the best of the author’s knowledge, CBR has never been explored for optimizing

power allocation as energy management strategy over diverse stationary and mobility

hybrid energy system applications.

CBR works by learning from past examples or cases to make decisions. For energy

management, it means finding similar situations from a database when faced with a

new problem. These past cases are then used to predict or solve energy-related issues.

Usually, it finds these similar cases by comparing the features of the current problem

with ones in its memory. What is interesting about CBR is that it’s supposed to be

transparent, kind of like how human experts learn from past experiences. However,

it is not entirely sure how true this is until doing more testing with real situation

and interacting with experimental-based load scenarios like what will be explained in

the following chapters. That is why diving into explanations within CBR and similar

systems that recommend things based on past data. The goal here is to represent the

techniques of CBR as energy management strategy. Hopefully, by doing this to find

new ways to make our use of energy more efficient in various real-world application,

especially for drone application.

2.10 Literature Gap

UAVs which are typically known as drones, have become increasingly common in both

military and civilian applications in recent years [69]. The percentage of UAVs used

in civilian applications has been rising, and by 2025, non-military drone sales are
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predicted to approximately reach 11 billion US dollars [70]. These UAVs offer indis-

pensable capabilities across a range of industries, spanning agriculture, meteorological

research, firefighting, and military reconnaissance.

Currently, due to the weight and size constraints on UAVs, batteries and fuel

cells have emerged as the most popular choices for power sources. The majority of

UAVs nowadays run on batteries, yet long-duration drone flight is impeded by the low

energy density of batteries [71]. Although fuel cells provide a high energy density, their

slow response time makes them unsuitable for UAV flight in highly dynamic working

environments [72], [73], [74]. As a means of compensation, lithium batteries offer

superior power density and reduced weight, leading to the rise of hybrid drones [75].

Supercapacitors, known for their high power density and rapid response capabilities,

play a crucial role in meeting quick bursts of power during dynamic flight phases, such

as take-off and climbing, so integrating it into the powertrain has become a crucial

approach to overcome fuel cell/battery fluctuated responses and stablizing dc bus

voltage [15]. Kang K et. al. [76] a compact unmanned aerial vehicle integrating a

hybrid system that combined fuel cell and lithium battery technologies, was subjected

to a range of operational conditions, and diverse mission scenarios. Additionally,

Renau J et. al. [77] explored a hybrid drone equipped with a fuel cell and conducted

performance evaluations, notably at a high elevation.

Endurance stands as a crucial performance measure for drones, with electric drones

facing the particular challenge of limited flight time. As a result, many drone devel-

opers and industrial investors are actively working to overcome this challenge and

extend the flight duration. Various research studies have focused on addressing the
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issues related to long-range fuel cell-based drones, including optimizing the weight

of fuel tanks [78], conducting thermal analyses [79], developing energy-efficient de-

signs [80], and creating embedded hydrogen generators [81]. The hydrogen economy

is considered an applicable solution for enhancing the range of fuel cell-based mobile

systems, such as aircraft applications [82] and hybrid electric vehicles [83]. Recent

studies have also delved into real-time improvements in fueling regulation to reduce

hydrogen consumption [84], yet there remains a noticeable gap in this research area.

The UAV’s Energy Management System (EMS) plays a crucial role within the hy-

brid UAV technology by efficiently allocating power from its hybrid energy sources.

This allocation leads to enhancements in overall performance, including increased ef-

ficiency, endurance, and fuel economy [85]. The available literature categorizes EMSs

into three distinct groups: rule-based EMSs, optimization-based EMSs, and learning-

based EMSs [86], [85].

Rule-based EMSs offer simplicity, ease of implementation, and minimal compu-

tational demands [39], [87], but their effectiveness depends heavily on experiential

knowledge, lacking a guarantee of optimal control. In pursuit of optimal control,

researchers have increasingly turned their attention to exploration of optimization-

based EMSs. These systems typically involve the formulation of an objective function

with constraints, with the goal of minimizing this function to optimize control objec-

tives. Broadly, optimization-based EMSs can be categorized into global optimization

and instantaneous optimization. Global optimization [88] in EMS considers the en-

tire mission, offering guaranteed optimal solutions but with increased computational

complexity. It requires prior knowledge of load data and, due to its demanding com-
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putational requirements, is generally not feasible for real-time implementation. In

contrast, instantaneous optimization [89] focuses on real-time adaptability, making

control decisions incrementally for quicker responses, albeit without guaranteed global

optimality.

In the realm of real-time or online EMSs, there has been extensive research on var-

ious instantaneous optimization-based EMSs, including Pontryagin’s minimum prin-

ciple (PMP) [89], equivalent consumption minimization strategy (ECMS) [46], and

model predictive control (MPC) [90].

A recent study [39] has taken steps to tackle this issue, demonstrating an improve-

ment in hydrogen consumption for a fuel cell/battery-powered drone through ECMS.

However, it’s worth noting that ECMS is an online optimization method, which ne-

cessitates in-flight calculations to manage power distribution. Unfortunately, online

optimization techniques, typically employed in hybrid electric vehicles, are not suit-

able for drone applications due to their intricate nature and computational demands.

The complexity associated with such methods requires the inclusion of powerful cal-

culators, resulting in additional weight and energy consumption, ultimately affecting

the maneuverability of the drone.

As dynamic load profiles constantly shift in response to varying mission require-

ments and environmental conditions, the adaptability of energy management strate-

gies becomes substantial. These dynamic load profiles represent the continuously

changing power requirements and energy consumption patterns that a drone must

accommodate [91]. When a drone transitions between tasks or operates in different

scenarios, it faces a diverse patterns of load profiles. To effectively manage these shifts,
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the energy management system must be adaptable by being capable of adjusting the

power allocations among the fuel cell, battery, and supercapacitor in real-time [92].

However, adaptability comes at a computational cost by incorporating an effi-

cient calculator which introduces extra weight and increases energy usage, thereby

impacting the maneuverability of the drone [93]. More adaptable methods, like on-

line optimization algorithms, have the capability to accommodate a wide range of

dynamic load profiles, making them suitable for unpredictable mission scenarios. On

the other hand, less adaptable methods, such as rule-based methods, are computa-

tionally lighter as they rely on predefined sets of rules. While they are well-suited for

relatively stable load profiles and known mission scenarios, they may struggle when

faced with rapidly changing and unpredictable load profiles. The complex interplay

between adaptability and computational demands in energy management for hybrid

drones confirms the critical need for further research in this domain.

This thesis introduces a Highly Adaptable Energy Management Strategy for a fuel

cell/battery/supercapacitor-powered drone, exploring diverse load profile scenarios

produced with different proposed methods and optimizing an improved Consumption

Minimization (ECM) strategy using NSGA-II for each load scenario. Leveraging this

data, a proposed neural network-based strategy as well as case-based reasoning-based

strategy were developed. Their behaviour were compared with various popular energy

management strategies.
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CHAPTER 3

RESEARCH METHODOLOGY

Energy management strategies in drones applications face critical challenges in dy-

namically changing environments. Previous studies have explored online optimiza-

tion techniques but they come up with challenges in computational efficiency. The

methodology in this chapter addresses this research gap by proposing a highly adapt-

able energy management strategy, emphasizing realtime adaptability to dynamic load

profiles. To comprehensively prepare the required load data by neural network and

case-based reasoning method, diverse load profile scenarios are generated using three

proposed methods. They demonstrate remarkable adaptability across different load

profiles, and they were compared with various energy management strategies. They

stand out for their ability to closely emulate ECM behavior with significantly reduced

computational demands, ensuring robustness and efficiency in responding to dynamic

load scenarios, showcasing their ability to generalize responses to unseen scenarios.
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3.1 Hybrid Drone Powertrain Topology

The hybrid UAV system incorporates several key components, including a fuel cell,

battery, supercapacitor, power converter elements, and load profile which represents

the power consumption by electronic control units and motors, as illustrated in Fig.

3.1. To efficiently satisfy the power requirements, the sizing of these components are

chosen by meticulous computation. The fuel cell, which dominates the system’s total

weight, serves as the main energy source for the UAV in this hybrid topology.

Figure 3.1: Hybrid drone power train topology

To ensure the hybrid UAV system meets its power requirements for various flight

tasks, three distinct energy sources, PEM fuel cell, Li-ion battery, and supercapaci-

tor, are employed. Each serves a specific purpose: PEM fuel cell excels at low power

applications, while Li-ion battery and supercapacitor technologies are crucial for sud-
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den bursts of high power. While the Li-ion battery supplies extra power for longer

endurance flights, the supercapacitor offers fast high power output and quick recharg-

ing. Specific characteristics of these components, selected based on UAV dynamics,

are detailed in Table 3.1.

Table 3.1: Hybrid drone powertrain components specifications
Fuel cell Maximum peak power 1000 W

Maximum continuous power 650 W
Output voltage 19.6 − 25.2 V
Weight 810 gs
Size 196 × 88 × 140 mms

Battery Capacity 1300m Ahs
Nominal voltage 22.2 Vs
Weight 230 g
Size 140 × 30 × 20 mm

Supercapacitor Capacitance 0.64 Fs
Voltage 65 V
Weight
Size 53 × 79 × 27 mm

Hydrogen regulator Weight 250 g
Output pressure 0.5 ± 0.25 bar
Tank max. weight 10 kg

Well-designed power converters and methodically energy management strategy are

necessary for efficient power allocation between these sources. These power converters

are integrated on the DC-bus and improve the output of every energy source. An

appropriate DC-bus voltage control method is required for coordinating the regulation

of currents and voltages on the DC bus. The UAV’s electric motors receive changing

power delivery with time represented by load profile.
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3.2 Drone Load Profile Scenarios

To ensure the reliability and adaptability of the energy management system in dy-

namic environments, it is essential to have a diverse set of load profiles for testing

[92]. In this research, three methods are proposed for obtaining new load profile

scenarios, each designed to simulate varying degrees of dynamic load fluctuations.

These methods include Payload Modulation, Highly Dynamics Modulation (HDM),

and Smoothly Dynamics Modulation (SDM). By exploring these methods, we aim to

comprehensively evaluate the performance of energy management strategies across a

wide range of dynamic scenarios. These scenarios are primarily meant to investigate

the ways in which various dynamic conditions impact energy management strategies.

The behavior of energy management can be significantly impacted by the unique char-

acteristics of load profiles, including fluctuations, gradual changes, and sudden spikes

[94]. Thus, investigating these characteristics will be part our proposed criterion for

creating new scenarios, which will enable us to assess the flexibility and effectiveness

of energy management techniques in a range of real-world environments. The load

profile, obtained from [95] through experimental work, which includes takeoff and

hovering operations. By applying a scaling factor of 0.67 which is based on the rela-

tionship between load power and drone weight, to this load profile, one can estimate

power demand curves for the newly developed hybrid drone with all of its components

[96]. Then, it serves as a reference or normal load profile to be investigated by the

three methods mentioned earlier for generating new scenarios. The utilization of a

well-established load profile as the basis for our analysis provides a solid foundation
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for practically evaluating our proposed energy management system.

There are a total of 40 scenarios generated as follows: Scenario 1 represents the

normal load profile. Scenarios 2 to 13 are generated using the HDM method, starting

from a 25W offset and increasing in increments of 25W, ranging from 25W to 300W.

Scenarios 14 to 25 are generated using the SDM method, following the same pattern of

a 25W offset and 25W increments, within the 25W to 300W range. Finally, scenarios

26 to 40 are generated by varying the payload weight, starting from 100g and increasing

in 100g increments, with a range from 100g to 1500g.

3.2.1 Highly Dynamics Modulation (HDM)

This method introduces extreme load variations by employing a pulse generator to

create offsets Xoffset above and below the normal load profile over specific time in-

tervals as depicted in Fig. 3.2a. The amplitude for the pulse generator is twice the

offset value with 50% pulse width over 50 seconds time period. In this method, we

systematically modulate the load profile with different offset values, ranging from 25W

to 300W in steps of 25W. The purpose is to replicate severe and sudden load changes

that can occur in dynamic environments. HDM method enables us to evaluate how

the energy management strategy responds and adapts with highly dynamic fluctua-

tions. The provided data by this method helps us assess EMS strategy’s robustness

under undesirable conditions.
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3.2.2 Smoothly Dynamics Modulation (SDM)

This method is built upon the HDM method by introducing a filtering mechanism to

create gradual and smoother load profile variations as depicted in Fig. 3.2a. It aims to

simulate more gradual and continuous changes in the load profile. By adding a filter

to the configuration, SDM method generates a set of scenarios that provide insights

into EMS strategy’s performance under varying degrees of dynamic fluctuations. It

ensures that energy management is tested not only in extreme scenarios but also in

cases where load changes are more predictable and gradual, thereby offering a more

comprehensive evaluation of EMS strategy’s adaptability.

3.2.3 Payload Modulation

It was investigated here how changes in payload affect the power consumption of

a multirotor drone. The power consumption is modeled as a function of the take-off

mass, and we will vary the payload from 100g to 1500g in increments of 100g to explore

different scenarios. The propulsion power as a function of take-off mass, considering

the many factors for propeller configurations, is given by [97]:

PTOM (mTOM ) = κint
(mTOM · ga)3/2

2
√

2 · ρair · Aprop
(3.1)

Where: PTOM is the power consumption as a function of the take-off mass. mTOM

is the total take-off mass of the drone. κint is the inefficiency factor for the specific

propeller configuration [98]. ga represents the acceleration due to gravity. ρair is the

density of air. Aprop is the propeller disc area. This method introduces consistent
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load shift to the averge load of the normal load profile Lavg throughout the entire load

profile proportional to the difference between extra weight added Wextra and drone

weight Wdrone by employing eq.3.1 as depicted in Fig. 3.2b. By varying the payload

while keeping other parameters constant, we aim to understand how payload values

from 100g to 1500g impact the power requirements of our drone.

Fig. 3.3 presents different load profile scenarios, resulting from applying payload

modulation, HDM and SDM methods.

3.3 Modeling

Within various studies, the models presented in [99] and incorporated into the Special-

ized Power Systems (SPS) Simulink toolbox, were used [100]. This integration uses a

method that combines models based on electric circuits with curve-fitting properties.

These models are suitable for simulations, and their parameters can be easily obtained

from datasheets. When it comes to DC/DC converters, average value models have

been applied.

3.3.1 PEM Fuel Cell Model

PEM fuel cells are used extensively in the development of drones because of their

useful characteristics, which include quick startup and a low operating temperature

that lowers warm-up times and allows for rapid response. The particular model that

is being examined is detailed in [99]. The voltage output of the fuel cell, denoted as
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Figure 3.2: Schematic diagrams for (a) HDM to the left and SDM to the right (b)
Payload modulation

Vfc, is expressed as follows:


Vfc = EOC − Vact − VOhm

Vact = A · ln (ifc/i0) · 1
1+s·Td/3

VOhm = rOhm · ifc

(3.2)
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Figure 3.3: Some load profile scenarios (a) Payload variation effect, (b) HDM & SDM
with 300W offset.

In this context, EOC signifies the open circuit voltage in volts, which identified from

the overall cell reaction chemical thermodynamics. Vact stands for the activation volt-

age drop resulting from the reactions’ slowness on the electrode surface. Meanwhile,

VOhm corresponds to the ohmic drop that arises as a result of the electrically conduc-

tive components’ resistance. Additionally, the parameter A is termed the Tafel slope

(V) which represents the relationship between the overpotential (difference between
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the cell potential and the thermodynamic equilibrium potential) and the logarithm

of the current density, and i0 represents the exchange current (A). It’s important to

note that the cell voltage cannot instantaneously adapt to changes in current. The

voltage response delay to a current variation, caused by the charge double layer phe-

nomenon, is characterized by Td as illustrated in Fig. 3.4a. A diode is employed to

prevent any potential reverse current flow, typically fulfilled by the boost converter

when connected to the stack.

3.3.2 Battery Model

In this research, a Li-ion battery type is selected due to its properties including its

high energy density and efficiency when compared to alternative battery technologies.

Consequently, it stands as an ideal choice for powering drones in various applications.

The model we have employed is based on an updated Shepherd curve fitting model,

which incorporates a voltage polarization term to account for the battery’s state of

charge (SOC) effect. Furthermore, to ensure the stability of the simulation, a filtered

battery current is employed, denoted as i∗, to compute the polarization resistance,

Polres. The battery voltage can be expressed as follows [101]:

Vbat = E0 −Rint · i−K
Q

Q− it
· it−K

Q

Q− it
· i∗ + A · exp(−B · it) (3.3)

Here, E0 signifies the battery’s constant voltage (in Volts), and Rint represents the in-

ternal resistance. The terms Q and ’it’ correspond to the battery’s capacity and actual

charge (in Ampere-hours), respectively. The polarization constant is denoted as K (in
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Volts per Ampere-hour), and B is the time constant for the exponential component

(in reciprocal Ampere-hours). The polarization resistance, Polres, is represented by

the term K Q
Q−it

, while the polarization voltage is depicted by K Q
Q−it

· it.

Much like the approach used in fuel cell modeling, the model parameters can be

established either by referencing the manufacturer’s datasheet or by conducting a

polarization test. The equivalent circuit of this battery model is illustrated in Fig.

3.4b below.

3.3.3 Supercapacitor Model

Supercapacitors share similarities with traditional electrostatic or electrolytic capac-

itors, but their distinct advantage lies in their ability to store or release a greater

amount of energy, thanks to their elevated capacitance [102]. The supercapacitor

model integrated into the specialized power systems (SPS) toolbox relies on the Stern

model, which merges the Helmholtz and Gouy–Chapman models [103]. The formula

for the capacitance of a supercapacitor (SC) is given by:

C =

 d

Neεε0Ai

+
2NeRT

FQc sinh
(

Qc

N2
eAi

√
8RTε0c

)
−1

(3.4)

Here, Ne signifies the number of layers in the electrode. ϵ0 and ϵ represent the permit-

tivities of free space and the electrolyte material (in Farads per meter), respectively.

Ai denotes the area shared between electrodes and electrolyte (in square meters). d

is the Helmholtz layer length (or molecular radius) (in meters). Qc indicates the cell

electric charge (in Coulombs), and c represents the molar concentration (in moles per
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cubic meter). R is the ideal gas constant, and T is the operating temperature (in

kelvin). The total capacitance, CT, and the output voltage can be computed as:


CT = Np

Ns
C

VSC = NpQC
CT

− RSC · iSC

(3.5)

Here, Ns and Np refer to the series and parallel cells of the supercapacitor module,

respectively. RSC and iSC denote the resistance (in Ohms) and current (in Amperes) of

the supercapacitor module, respectively. The equivalent circuit of this supercapacitor

model is illustrated in Fig. 3.4c below.

3.3.4 DC/DC Converters Models

When it comes to DC/DC converters, various topologies are proposed in the existing

body of literature. These converters can be classified into two categories: isolated

and non-isolated converters. Isolated converters are mostly utilized in medium and

low-power applications, known for their galvanic isolation and high voltage ratio [104].

In contrast, non-isolated converters are characterized by their compactness and simple

architecture, except that they offer a lower voltage ratio. In a study presented in [105],

many architectures for DC/DC converter are compared and assessed based on several

criteria, including efficiency, reliability, cost, and losses.

It is possible to implement DC/DC converters through two modeling approaches:

average value models or switching models. The latter approach allows for the de-
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Figure 3.4: The equivalent circuits for (a) Fuel Cell, (b) Battery, (c) Supercapacitor.
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tailed observation of all switching phenomena, but it takes a long simulation time

because of the high sampling frequency. Such models are typically employed for

design-focused studies. In contrast, average value models are adopted, utilizing con-

trolled voltage/current sources to substitute switches. These models maintain the

conversion dynamics while significantly reducing simulation times. Fig. 3.5 shows

the average value models that were implemented. Here, D is the duty cycle, η is the

converter efficiency, and the high voltage side VH to the low voltage side VL are from

the DC bus side.

The boost converter output-input voltage relationship is proportional to the duty

cycle in the sense that higher D will yield higher output voltages for a given input

voltage. In the following two equations, the voltage and current relationship between

these two side are presented:

VL = (1−D) · VH (3.6)

IH = η(1−D) · IL (3.7)

In a bidirectional buck-boost converter, the current flowing through the converter

depends on the mode of operation, either in buck mode (stepping down voltage) or

boost mode (stepping up voltage). These two equations describe the relationship be-

tween input and output currents znd voltages in a bidirectional buck-boost converter,

IL = D · IH (3.8)

VH = D · VL (3.9)
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(a)

(b)

Figure 3.5: DC/DC average model converters. (a) Boost converter, (b) Bidirectional
converter.

3.4 DC-Bus Voltage Control

In the context of the system described, DC bus voltage control plays a critical role

in maintaining the stability and efficiency of the overall power supply. The fuel cell’s

output power reference (PFC) is calculated and supplied via the DC/DC boost con-

verter. The energy storage system meets any additional power requirements. The DC
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bus voltage regulation scheme depicted in Fig. 3.6, where the reference voltage is set

to V DCref , uses the duty cycle (D) to control the bi-directional DC/DC converter.

In addition, the supercapacitor’s direct connection to the DC bus plays a crucial role

in minimizing DC bus voltage deviations, particularly in situations where the load

experiences rapid and significant changes.

Voltage
Regulator

Vref. D+
_

Measured
Voltage

DC bus side Battery side

+
_

IL=D⋅IH VH=D⋅VL

Figure 3.6: The DC bus voltage regulation scheme.

3.5 Energy Management Strategies

Implementing real-time optimization-based energy management algorithms on drones

requires a more advanced hardware platform, which, in turn, results in increased en-

ergy consumption and added weight, ultimately reducing the drone’s endurance. This

study introduces a novel energy management approaches to tackle this issue. These
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strategies are developed through multi-objective optimization of the basic Equivalent

Consumption Minimization (ECM) approach, addressing diverse load profile scenar-

ios with distinct dynamic load characteristics to create an efficient and representative

dataset for neural network training. Many EMS strategies were developed for com-

parative evaluation including Optimized Rule-based (ORB), Fuzzy Logic (FL), and

Equivalent Consumption Minimization (ECM), followed by a comprehensive explana-

tion of the proposed methods.

3.5.1 Optimized Rule-based Strategy

The approach described in reference [106] integrates a combination of rule-based tech-

niques and a multiobjective genetic algorithm. Control rules are applied to compute

the desired power output for fuel cell and the remaining power from the battery and/or

supercapacitor. Subsequently, a genetic algorithm optimization process is employed

to enhance drone endurance and performance. This optimization revolves around

fine-tuning these control rules to identify the most suitable parameter values, with

the dual goals of minimizing hydrogen consumption and minimizing battery SOC de-

viation. The optimized parameters include the battery charging power denoted as

Pchar, the limits for both of fuel cell power denoted as PFC−min and PFC−max, and

battery SOC denoted as SOCmin and SOCmax. Fig. 3.7 provides a concise summary

of the integrated control rules. Optimized Rule-based (ORB) was applied in quite

similar way to what was called ”Charge Sustaining Mode” in [106] with almost same

multiobjective genetic parameters but laod profile, powertrain and sizing are different.
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Figure 3.7: The control rules integrated into the optimized rule-based EMS.

3.5.2 Fuzzy Logic Strategy

Fuzzy Logic (FL) has seen widespread use in energy management systems, notably

in electric vehicle applications, due to its robustness in handling measurement inac-

curacies and its rapid response to load variations [107]. Its ease of implementation

with low computational requirements makes it a suitable choice for drone applications,

where in-flight computational resources are limited, in contrast to electric vehicles or

microgrids. In our study, it is applied in similar way to [106] as a benchmark to calcu-

late the fuel cell reference power based on battery SOC and PLoad using membership

functions, as depicted in Fig. 3.8, and control decisions are derived from state machine

rules outlined in Table 3.2. Mamdani’s fuzzy inference technique, coupled with the

centroid approach for defuzzification, is employed, as shown in Fig. 3.9.
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Table 3.2: FL implemented rules.
PFC PLoad

VL L M H
SOC L L M H H

M VL L M H
H VL L M H

VL → Very Low, L → Low, M → Medium, H → High.

Figure 3.8: Fuzzy rules surface.

3.5.3 Equivalent Consumption Minimization (ECM) Strat-

egy

In the domain of mobility applications, the literature has delved into the investigation

of ECMS [108], [109], [110], [111]. It aims to reduce the overall consumption of hy-

drogen in fuel cells directly by the fuel cell itself and indirectly related to the energy
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Figure 3.9: Centroid defuzzification approach.

storage sources, all within each sampling time. The strategy ensures efficient opera-

tion of each energy source without requiring advanced prediction or prior data about

the planned mission. The vehicle’s battery SOC gradually decreases when supplying

energy, requiring the fuel cell to consume hydrogen for recharging. Conversely, a high

battery SOC preserves energy for future maneuvers, ultimately reducing hydrogen

consumption [112]. The battery’s energy is translated into an equivalent hydrogen

consumption to streamline the optimization process into a single objective, this vir-

tual hydrogen consumption is proportional to the energy it provides and is governed

by an equivalence factor denoted as λ. The relationship between the battery’s SOC
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and this equivalence factor is expressed by [110]:

λ = 1− 2β

[
SOC − 0.5 (SOCmax + SOCmin)

SOCmax + SOCmin

]
(3.10)

The parameter β serves as a coefficient for SOC balance to accurately modeling the

charge and discharge processes. In previous studies, this coefficient was set to 0.6

[82]. The equivalence factor, λ, significantly influences the system’s dynamics; a

larger λ increases the penalty on the battery’s energy, demanding more hydrogen

for recharging, while a smaller λ penalizes the fuel cell, prompting the algorithm to

rely more on the battery to restore its desired SOC. The algorithm’s dependence on β

is mitigated by including λ in the cost function. The problem formulated as follows:

min. F = [PFC + λ · PBat] .∆T (3.11)

Constrained by 

PLoad = PFC + PBat

PFC−min ≤ PFC ≤ PFC−max

PBat-ch ≤ PBat ≤ PBat−max

0 ≤ λ ≤ 2

(3.12)

This problem was addressed within the Matlab/Simulink using the ”fmincon” function

by employing the SQP approach, it involves limits on each variable. The function call

y =fmincon(F, y0, A,B,Aeq, Beq, LB, UB), was investigated to minimize F . Here, A

and B handle linear inequalities (set as empty matrices in this case), while Aeq and
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Beq manage linear equalities, and UB and LB set solution bounds within constraints

(LB ≤ y ≤ UB). Based on previous studies [82] and the technical specification of

powertrain components, the selected parameters values are: SOCmin = 50, SOCmax =

90, PFC−min = 100, PFC−max = 800, PBat-ch = 100, and PBat-max = 500.



y0 = [PFC−min, 0, 0]

Aeq =

 0 1 0

1 0 1



Beq =

 1− 2β
[
SOC−0.5(SOCmax+SOCmin)

SOCmax+SOCmin

]
PLoad



UB =


PFC−max

2

PBat-max



LB =


PFC−min

0

PBat-min



(3.13)
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3.5.4 Improved ECM with Neural Network (NN)

In the context of energy management for drones, we introduce an innovative approach

which was built upon the foundation of ECM, this proposed strategy addresses the

research gap by enhancing adaptability and computational efficiency. To achieve this,

two key penalty factors were introduced , ’a’ and ’b,’ within objective function of

ECM. These penalty factors are crucial in adjusting the weight of PBat and PFC

during real-time optimization. The parameter ’a’ represents the consideration for the

battery’s SOC deviation within the objective function. In dynamic load scenarios, it

is essential to ensure that the battery’s SOC remains within an acceptable range to

support the drone’s operations. Setting an appropriate value for ’a’ allows to control

the penalty on SOC deviation and, therefore, maintaining the battery SOC within

acceptable range. The parameter ’b’ reflects the concern for the difference between

PFC and PL. In dynamic load scenarios, the drone’s power demand can fluctuate

rapidly. By adjusting ’b,’ we can control the penalty on the deviation between the

power generated by the fuel cell and the power needed to meet the load requirements.

This ensures that the fuel cell’s contribution aligns with the actual power needs. The

objective function is modified to be as follows:

F = [(α− a ·H1/k1) · PB + (b ·H2/k2) · PFC ] ·∆T (3.14)

Where H1 and H2 are penalty functions that consider SOC deviation and power

deviation, respectively. k1 and k2 are constants related to these penalty functions.

To ensure that the penalty functions (H1 and H2) respond appropriately to varying
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conditions, we define them as piecewise functions:

H1 =



x1 h1 ≤ x1

h1 −x1 ≤ h1 ≤ x1

−x1 −x1 ≤ h1

(3.15)

H2 =



x2 h2 ≤ x2

h2 −x2 ≤ h2 ≤ x2

−x2 x2 ≤ h2

(3.16)

Where h1 represents the SOC deviation, h2 represents the power deviation. x1 and

x2 are threshold values for the penalty functions. After a thorough analysis with a

trial-and-error method to obtain the desired outcome, the selected values for x1, x2,

k1 and k2 were 5, 500, 100, 10,000 respectively. The work is divided into three stages

as illustrated in Fig. 3.10. In the first stage of our proposed work, we conducted

an extensive study in which we examined a total of 40 diverse load profile scenarios,

each undergoing multi-objective optimization. The optimization process involved the

fine-tuning of penalty factors ’a’ and ’b’ for each load profile scenario. To achieve this

optimization, we employed the Non-dominated Sorting Genetic Algorithm (NSGA-

II) as implemented based on the methodology described in [113]. The optimization

approach has two objectives: reducing the hydrogen consumption and the second

one is related to the battery SOC behavior which is reducing SOC deviation to keep

battery energy for emergency cases while contributing in the power supply during the
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Figure 3.10: The first stage includes creating load profile scenarios with NSGA-II
optimization for each by real-time implementation for each run, the second stage
includes evaluating each scenario with its corresponding optimized ’a’ and ’b’.
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mission. It allows the drone to keep the battery energy in emergency situations while

supplying the dynamic load not being met by fuel cell. These emergency situations

include returning back to the fueling station and having enough energy reservoir to

complete the mission in case of empty hydrogen cylinder. Minimized cost-function is

represented by SOC deviation, which is the difference between the final SOC (SOCfin)

and the initial one (SOC0). Thus, the battery service life can be saved reducing the

number of charge-discharge cycles. The NSGA-II parameters selected for this study

are outlined in Table 3.3. Upon a thorough analysis, the decision variable boundaries

are defined as follows:

Table 3.3: NSGA-II setting parameters
Parameter Value
Population size 50
Generation number 50
Crossover fraction 0.7
Mutation fraction 0.4
Mutation rate 0.02

−1 ≤ a ≤ 1

0.5 ≤ b ≤ 2.5

(3.17)

In the second stage, each load profile scenario with its selected penalty factors val-

ues as a result of NSGA-II implementation will go to further real-time evaluation to

prepare and collect the necessarily input data for neural network training with their

corresponding optimal fuel cell power. The data should carefully reflect the real-

time changes in the load characteristics as well as the dynamic behavior each hybrid

sources in order to ensure a fine prediction of the improved ECM behavior. Five

different time-series state variables were collected over the evaluation time horizon
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which are: the SOC deviation (SOC −SOCopt), the filtered load (PLf ), the deviation

between load and filtered load (PL − PLf ), the deviation between fuel cell power and

filtered load (Pfc − PLf ), and the deviation between battery power and its preferable

charging power (Pb − cb) which selected to be 100W based on the battery technical

characteristics.

In the third stage, NN is trained on the collected data in the previous stage. Thus,

NN imitates the improved ECM framework by dynamically adjusting the fuel cell

reference power. By doing so, this approach ensures that the energy management

strategy adapts effectively to dynamic load profiles, striking a balance between adapt-

ability and computational efficiency. This approach addresses the challenges posed

by real-time optimization in drone applications. To simplify this, Fig. 3.11 shows the

difference between the implementation of the second stage ”Improved ECMS” and the

third stage ”NN”.

The precision of the output from this NN-based strategy depends on the quality

of its training data. Thus, (6× 212040) input-output datasets consist of five different

representative time-series state variables mentioned previously with a sampling time

of 0.2 seconds were collected with their corresponding resulted fuel cell reference power

throughout the simulation time horizon for each scenario. Through multiple thousands

of epochs for iteratively refining the training process, errors were minimized until

reaching a threshold of 1e-4. An error below 0.0001 indicates that the NN-based

strategy aligns closely with the desired training values.

61



Improved
ECMS

×
/

[a b]

Pload

SOC

η Vfc

Pfc
*

SOC - SOCref.

PLf

PL - PLf

Pfc - PLf

PB - cb

Neural Network

+
_

VL=(1-D)⋅VH IH=η(1-D)⋅IL

C

L

Current
Regulator D+

_

Measured
Current

FC side DC bus side

Figure 3.11: The difference between the implementation of the second stage ”Improved
ECMS” and the third stage ”NN”.

3.5.5 Improved ECM with Case-Based Reasoning (CBR)

Case-Based Reasoning (CBR) is an AI problem-solving methodology that involves

solving new problems by leveraging solutions from past similar cases. This iterative

process comprises retrieval, reuse, revision, and retention as shown in 3.12. The

core idea is to utilize the knowledge stored in historical cases to solve new problems,

making it particularly suitable for domains where explicit rule-based systems are

difficult to develop or where large volumes of historical data exist.

The data used in the Neural Network (NN) model, as described in the previous

section, consists of (6× 212040) input-output pairs. This extensive dataset undergoes

a crucial offline step known as Data Reduction. By implementing K-Means Clustering,

62



the solutions contained in those cases are adapted according to
the query. In the revise phase, the solution determined so far is
verified in the real world and possibly corrected or improved, e.g.
by a domain expert. Finally, the retain phase takes the feedback
from the revise phase and updates the knowledge, particularly
the case base.

New
Case

Tested/
Repaired

Case

Solved
Case

Learned
Case

Retrieved
Case New

Case

RETRIEVE

REUSE

REVISE

RETAIN
Previous

Cases

General
Knowledge

Problem

Suggested
Solution

Confirmed
Solution

Figure 1: The CBR Cycle according to Aamodt and Plaza.

Michael M. Richter proposed a unified view on the knowl-
edge contained in a structural CBR application by introducing
different knowledge containers [46] thereby providing some ad-
ditional structure to the general knowledge box in Figure 1. The
knowledge containers are the vocabulary, the case base, the sim-
ilarity measure, and the adaptation knowledge.

2.3 Vocabulary and Case Representation

The vocabulary (which we call ontology today) is the basis of all
knowledge and experience representation in CBR. The vocabu-
lary defines the information entities and structures (e.g. classes,
relations, attributes, data types) that can be used to represent
cases, similarity measures, and adaptation knowledge.

The case base is the primary form of knowledge in CBR. Tra-
ditionally, a case is considered as instance in the representation
space defined by the vocabulary, e.g. a vector in an attribute-
value representation. However, more advanced representations
have been studied recently, such as hierarchical and general-
ized cases using case-specific constraints between attributes [54].
From a knowledge representation point of view, vocabulary and
case-base representations are a quite standard applications of AI
and database methods.

2.4 Similarity

The notion of similarity plays an important role in CBR since
cases are selected based on their similarity to the current prob-
lem. While early CBR approaches were usually restricted to
standard similarity measures (such as inverse Euclidean or Ham-
ming distances), our current view is that the similarity measure
encodes important knowledge of the domain. Consequently, it

must be modeled as part of the knowledge acquisition process
during application development. Similarity is usually formalized
as a function sim : P×P → [0, 1], which compares two problem
descriptions from P and produces a similarity assessment as a
real value from [0, 1]. A high value indicates a high similarity.
The semantics of such similarity measures can be defined via the
notions of preference and utility [9, 45]. For a new problem p
a case c1 = (p1, s1) is preferred over a case c2 = (p2, s2) (we
write c1 Âp c2) iff sim(p, p1) > sim(p, p2), since the similarity-
based retrieval lists c1 before c2. The exact similarity values are
usually not important, but just the preference order Âp that the
similarity function induces on the case base for the problem p.
The second observation is that this preference order should be
in line with the assessment of the utility of the solution of the
cases for solving the problem p during the reuse phase. Case
c1 should be preferred over c2 (c1 Âp c2) if the utility of s1 for
solving p is higher than the utility of s2 for solving p.

As a means for practical modeling of similarity functions, the
local-global-principle, first proposed by Richter (for details see:
[9, 45]) is widely used. Modeling similarity means decomposing
the similarity function according to the vocabulary. This de-
composition is done in such a way that local similarity functions
for individual attributes model the preference according to the
attribute only. Local similarities are then aggregated into the
global similarity by an appropriate combination of the local sim-
ilarity values. This aggregation also takes the different weights
of attributes into account. This approach has been further de-
veloped to support complex representations of vocabularies, in-
cluding object-oriented representations [9].

2.5 Retrieve

In the retrieve phase of the CBR cycle, one or several cases
from the case base are selected, based on the modeled similarity.
In a nutshell, the retrieval task is defined as finding a small
number of cases from the case base with the highest similarity
to the query. Hence, this is a k-nearest-neighbor retrieval task
considering a specific similarity function. However, when the
case base grows, the efficiency of retrieval decreases, because an
increasing number of cases must be taken into account to find
the most similar case. Thus one sub-branch of CBR research
deals with methods that improve retrieval efficiency, e.g. by
using specific index structures such as kd-trees, case-retrieval
nets, or discrimination networks (an overview is given in [9]).

2.6 Reuse

When one or several similar cases have been retrieved, the so-
lution (or other problem solving information) contained in these
cases is reused to solve the current problem. Reusing a re-
trieved solution can be quite simple if the solution is returned
unchanged as the proposed solution for the new problem. This is
mostly appropriate for classification tasks with a limited number
of solutions (classes) and a large number of cases. In such sce-
narios every potential solution is contained in the case base and
hence adaptation is usually not required. On the other hand,
for synthetic tasks (such as configuration or planning) solution
adaptation is necessary since the solution space clearly exceeds
the number of available cases or is even infinite.

Page 2

Figure 3.12: The CBR process cycle.

which reduces the data dimensionality from (6×212040) to a representative dataset of

the size (6×K) as illustrated in Fig. 3.13. This reduction aims to minimize real-time

computations during the retrieval process. However, K-Means Clustering partitions

the data into K clusters, thereby identifying representative data points that capture

essential information from the original dataset. These representative data points will

be used to represent the entire dataset efficiently, reducing computational complexity

in real-time similarity calculations for retrieving relevant information.

In the context of the CBR cycle, retrieval phase involves finding historical cases

similar to the current problem case. It typically includes two steps: similarity mea-
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Figure 3.13: The different phases of the proposed CBR energy management strategy
including offline phase for data reduction, and online phase for real-time CBR imple-
mentation.

surement and K-Nearest Neighbors (KNN). Then reuse phase comes after that, once

similar cases are identified, the reuse phase adapts these cases to solve the new prob-

lem. This phase includes: weight calculation and weighted average estimation.

• 1st Step: Normalization: As CBR relies on historical data, it is important to

perform data preprocessing to obtain high-quality of base cases. Normalization

preprocessing gives all attributes standard scores so that they can be compared

to prevent domination by larger scale features during distance calculations. Min-

Max normalization, also known as feature scaling, is a technique used to rescale

a dataset’s values to a specific range, usually between 0 and 1. The formula for
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Min-Max normalization is:

Xnormalized =
X −Xmin

Xmax −Xmin
(3.18)

Where X is the original value you want to normalize. Xmin and Xmax are the

minimum and maximum values in the dataset, respectively. Xnormalized is the

normalized value of X within the range [0, 1].

The result of this normalization process ensures that all values in the dataset are

proportionally scaled to fit within the specified range. It’s particularly useful

in scenarios where different features in a dataset have different scales and need

to be standardized for fair comparison or for machine learning algorithms that

perform better with standardized input values.

• 2nd Step: Similarity Measurement: Similarity measurement is crucial for

comparing the features of the new case with historical cases in a case base to

find the most similar cases to a new problem or query. The weighted Euclidean

distance is a method used for this purpose, especially when different attributes

or inputs of cases hold varying degrees of importance or relevance.

The weighted Euclidean distance formula incorporates weights for each input

attribute to emphasize their significance in the similarity calculation. The five

inputs in the dataset will have five weights, w1, w2, w3, w4, and w5, representing

different attributes. These weights will be optimized using NSGA-II to minimize

battery SOC deviation as well as hydrogen consumption.
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The formula for the weighted Euclidean distance between two cases A and B

with n attributes is:

Dweighted(A,B) =

√√√√ n∑
i=1

wi · (Ai − Bi)2 (3.19)

where Dweighted(A,B) represents the weighted Euclidean distance between the

new case A and historical cases B. Ai and Bi are the values of attribute i in

cases A and B respectively. wi represents the weight assigned to attribute i. n

is the total number of attributes or inputs in the cases.

• 3rd Step: K-Nearest Neighbors (KNN): After computing distances, KNN

identifies the ’k’ most similar historical cases. This ’k’ value affects the model’s

complexity and generalization.

1. Setting the value of k: k is a hyperparameter representing the number

of nearest neighbors to consider. The choice of k impacts the model’s

performance, complexity, and generalization ability. Smaller values of k

might lead to overfitting since the model might become too sensitive to

local variations in the data. On the other hand, larger values of k may

oversimplify the model and potentially ignore local patterns or nuances in

the data.

2. Sorting the obtained distances: After computing distances between

the new problem case and historical cases, these distances are sorted in

ascending order. This sorting step helps in identifying the closest or most
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similar cases to the new problem case.

3. Picking up k nearest cases to the problem case: Once the distances

are sorted, the algorithm selects the k cases with the smallest distances.

These k nearest cases are considered as the most similar historical cases to

the new problem case.

• 4th Step: Similarity to Weights: Assigning weights (wd
n) based on the inverse

of distances. Closer cases receive higher weights, implying a greater influence

on the estimation.

1. Calculating the weights of each case: For each of the picked up cases

(from the previous step), calculate the weight (wd
n) based on the inverse

of the distance. The weight assigned to each case is the reciprocal of the

distance:

wd
n =

1

dn
(3.20)

Where dn is the distance of the nth case from the problem case. Closer

cases will have higher weights due to their smaller distances, implying they

will have a greater influence on the estimation or decision-making process.

2. Calculating the total weight: After calculating the weights for all

picked up cases, calculate the total weight by summing up all these in-

dividual weights. The total weight can be computed as:

kn∑
n=1

wd
n (3.21)
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where kn represents the k nearest cases selected. This total weight rep-

resents the overall influence or importance of the selected cases in the

estimation or decision-making process.

• 5th Step: Weighted Average Estimation: Using the calculated weights in

a weighted average formula to estimate the target value P ∗
fc. This method

accounts for varying degrees of importance of the selected similar cases. Taking

into account the varying degrees of importance of the cases

Xj =

∑kn
n=1 w

d
n · xjn∑kn

n=1 w
d
i

(3.22)

Where i = {1, 2, .., K}, j = {1, 2, .., 5}, and n = {1, 2, .., kn}.
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CHAPTER 4

RESULTS DISCUSSION

4.1 NSGA-II Optimization

In this extensive study, a total of 40 diverse scenarios were examined, each undergoing

multi-objective optimization. In Fig. 4.1, some of the comprehensive multi-objective

optimization results across different drone load profile scenarios are presented. The

Fig. displays Pareto fronts for both HDM and SDM methods under varying offset

values. It’s clear that as the offset value increases, more hydrogen is needed to keep

the battery at a specific SOC level. At a low offset like 50W, the two methods look

have very identical pareto fronts, but as the offset goes up, the difference between

them becomes more significant, especially at 300W. This happens due to the fact that

the average load exceeds that of the typical load profile, and the battery has to handle

most of the rapid load changes, which means it needs more frequent recharging. Con-

sequently, this leads to increased losses due to charging and discharging inefficiencies.

Additionally, when applying HDM with a 300W offset, the the minimum achievable

SOC deviation is around 7%, indicating that beyond a certain level of load dynamics
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that must be supplied by the hybrid system, the system struggles to maintain the bat-

tery SOC at its desired level due to several limitations, such as the fuel cell’s ramping

limit, the maximum allowable charging power for the battery, and the limited super-

capacitor capacity. The curve on the pareto fronts shows the possible combinations
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Figure 4.1: Pareto fronts for both HDM and SDM methods under different offsets.

of SOC deviation and hydrogen consumption for different sets of variables. The cri-

teria for selecting variables from the Pareto front are primarily based on the trade-off

between inversely related objectives; State of Charge (SOC) deviation and hydrogen

consumption. However, for longer and more persistent missions, variables leading to

minimal SOC deviation as closer as 0% are preferred in our work to ensure the drone’s
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Figure 4.2: ’a’ and ’b’ values over different load profile scenarios.
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Figure 4.3: ’a’ and ’b’ values over different payload scenarios.
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battery stays within a specific SOC range.

In Fig. 4.2, we’re looking at two optimized important factors, ’a’ and ’b,’ when

trying to adjust fuel cell power wight within ECM objective function over different

load profile scenarios using HDM and SDM methods. ’a’ represents how much we care

about the battery’s SOC deviation in the objective, while ’b’ reflects how much we

care about the difference between fuel cell power and load power.

For HDM, ’a’ values don’t seem to have a clear pattern as they scattered around

zero, but in SDM, they show a clear increase. This suggests that SOC deviation weight

matters more when the load changes smoothly. In cases with rapid load changes, the

system is already working hard to maximize fuel cell power to keep the battery SOC

where it should be. ’b’ values for HDM follow a decreasing trend as the offset increases

over a range from 1.5 to 0.7, but for SDM, they don’t show a consistent trend as they

decrease almost 1.7 until the offset reaches about 200W as it was about 0.7, where

they start to increase to reach the starting point. This shows that the weight for the

difference between fuel cell power and load power matters more when dealing with

rapid load changes.

In Fig. 4.3, we’re looking at similar optimized factors but in the context of payload

variations. Here, ’a’ values clearly increase as payload increases from almost 0 to 0.7,

while ’b’ doesn’t follow a clear pattern as its values were scattered around 1.4. When

payload increases, the average load also somehow goes up, but the load rapid dynamic

variations stay similar to the normal load. This explains why ’b’ doesn’t change over

all scenarios. ’a’ values increase because they help prevent SOC deviation when the

average load increases due to extra weight.
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4.2 CBR Implementation

The selection of values for the weights in the weighted euclidean distance and the ’Km’

parameter in k-means clustering as well as ’Kn’ parameter in k-nearest neighbors, is

a critical decision that significantly influences the performance and outcomes of CBR

algorithms. The selection of ’Kn’ directly impacts the algorithm’s bias-variance trade-

off. There is no structured method for the selection of ’Kn’ in K-nearest neighbors.

Smaller ’Kn’ values introduce noise and will have a higher influence on the result,

while larger ’Kn’ values lead to smoother decision boundaries, which means a lower

variance but increased bias. In general practice, choosing the value of ’Kn’ is’Kn’

= sqrt(N). Additionally, the value of ’Kn’ should be odd in order to avoid confusion

between two classes of data. Therefore, as the number of clusters preferred is not

too large, accepted around 10 in order to minimize the computations, the selected

value for ’Kn’ is 3 in this work. For the weighted Euclidean distance, determining the

optimal weights involves assessing the relative importance of each of the five inputs.

To fine-tune these weights, an optimization approach using NSGA-II will be employed.

NSGA-II will be applied for each value of ’Km’ beginning from 3 and progressively

moving forward. Among these different clustering numbers, each with it corresponding

optimized weights, the emphasis and selection from parito front will be on the case

that is more conservative about minimizing SOC deviation while considering other

objectives. In k-means clustering, the optimal value for ’Kn’ necessitates a delicate

balance between model complexity and the ability to accurately capture the underlying

structure within the dataset. Based on that, after implementing NSGA-II for several
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consecutive values of ’Km’, the least value that has SOC deviation almost near zero

will be selected. As seen in table 4.1 and figure 4.4, the selcted value for ’Km’ is

6 where the weights are 0.58, 0.47, 0.51, 0.94, 0.28 respectively. Refer to Appendix

A about more resulted details from implementing k-means clustering and NSGA-II

optimization including the pareto fronts as well as visualizing the normalized clustering

centers.

Table 4.1: Weights values as a result of implementing NSGA-II for different K values.
K 3 4 5 6 7 8 9 10
SOC dev. 7.44 2.87 0.23 0.11 0.04 0.01 0.34 0.30
H2 con. 7.91 8.31 8.62 8.64 8.62 8.64 8.58 8.59
W1 0.08 0.66 0.81 0.58 0.78 0.61 0.85 0.81
W2 0.39 0.45 0.41 0.47 0.19 0.31 0.49 0.67
W3 0.47 0.15 0.17 0.51 0.41 0.49 0.78 0.72
W4 0.07 0.78 0.95 0.94 0.52 0.85 0.27 0.34
W5 0.83 0.53 0.24 0.28 0.83 0.40 0.97 0.78
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Figure 4.4: Variation of minimum SOC deviation with K values.
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4.3 Power Distribution

A new load profile, distinct from the training dataset, is essential to practically eval-

uate the proposed method. In this study, three distinct load profiles were developed

as shown in Fig. 4.5, each with unique characteristics. They serve as a basis for com-

parative evaluations between the NN, CBR, and other energy management strategies.

This approach allows us to thoroughly evaluate the effectiveness and performance of

the proposed methods in handling diverse load scenarios.

For each of these load profile, the power distribution among different hybrid sources

for each energy management strategy are illustrated in Fig. 4.6, 4.7, and 4.8. The

hybrid system which includes fuel cell, battery, and supercapacitor, each component

plays a distinct role. The fuel cell consistently delivers almost constant power, while

the battery provides extra power, especially during peak demand, to match the desired

load power. When the load power is less than that of the fuel cell, the battery starts

charging to increase its SOC. Additionally, the supercapacitor, with its rapid response

time, acts as a power buffer and can assist during transient power demands, enhancing

the overall performance and efficiency of the hybrid system.

The power distribution for ORB-EMS is shown in Fig. 4.6a, 4.7a, and 4.8a, the

fuel cell power has almost flat pattern near 500W with some variation when the load

exceeds this value. So, it is clear that there is not a high degree of interaction between

fuel cell reference power and load variation which will be reflected the ability of this

method to maintain the battery SOC close to its reference value.

The behavior of FL-EMS is illustrated In Fig. 4.6b, 4.7b, and 4.8b, the fuel
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Figure 4.5: The three distinct load profiles used for evaluation.
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cell demonstrates a quick reaction in delivering power to match changes in the load,

leading to a somewhat rough power profile. Over a long period, these variations can

impact the durability of the fuel cell, it is advisable to control the fuel cell current

ramping limit and rely on the battery and supercapacitor to provide power during

such fluctuations.

For the ECM-EMS power distribution depicted in Fig. 4.6c, 4.7c, and 4.8c, the

fuel cell power pattern exhibits a bit more fluctuating compared to the ORB-EMS,

primarily because of the optimization algorithm’s attempt to determine the fuel cell

power reference value that minimizes hydrogen consumption for each sampling time.

Nevertheless, it remains considerably more stable than the power profile of FL-EMS,

which serves as a valuable indicator of the fuel cell’s overall health.

In Fig. 4.6d, 4.7d, and 4.8d, it’s worth noting that the fuel cell power profile

for NN-EMS was nearly identical to that of ECM-EMS among all the testing loads ,

even though the testing load profiles employed were not part of the training dataset.

This remarkable similarity between the power profiles of NN-EMS and ECM-EMS

underline the robustness and adaptability of the neural network-based proposed EMS,

as it managed to generalize its fuel cell power managements effectively to an unseen

load profile, resulting in a nearly identical power profile to that for optimization-based

EMS without high computation resources requirements. Additionally, that confirms

the effectiveness of the three proposed load profile scenarios creation methods. These

methods provide a means to generate diverse and representative load profiles, thereby

providing a substantial dataset for handling a wide range of dynamic load scenarios

for drone applications. This dataset, in turn, significantly enhances the adaptability
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Figure 4.6: Power distribution for different EMS with the first load profile (a) ORB
(b) FL (c) ECM (d) NN (e) CBR.
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Figure 4.7: Power distribution for different EMS with the second load profile (a) ORB
(b) FL (c) ECM (d) NN (e) CBR.
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Figure 4.8: Power distribution for different EMS with the third load profile (a) ORB
(b) FL (c) ECM (d) NN (e) CBR.
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and robustness of the proposed EMS, enabling it to respond effectively to new and

challenging load profiles.

The power distribution for CBR proposed strategy in Fig. Fig. 4.6e, 4.7e, and 4.8e

shows the smoothest fuel cell power pattern among all implemented methods while

interacting effectively with several load variation throughout the time horizon in the

three load profiles. It also shows some improvements in term of fuel cell durability. The

fuel cell degradation rate is directly proportion to low-power operation (less than 5% of

FC maximum power), high-power operation(more than 90% of FC maximum power),

and transient load changes [114], [115]. It is clear from the mentioned figures that

CBR has the superiority to reduce the degradation caused by transient load changes

with the highly smooth fuel cell power curve. Additionally, the fuel cell power curve

are varied within narrow range which means reducing the degradation by high and

low power power operation.

4.4 SOC Variation and H2 Consumption

The SOC responses are illustrated in Fig. 4.9, 4.11, and 4.13 during the flight missions

for all EMS. It is obvious that only CBR achieves the desired reference SOC by the end

of the mission for each of the three load profiles. It leads to almost 0% deviations in

the battery SOC by the end of the simulation time horizon. Regarding ECM and NN,

their responses almost were similar with 0%, 1%, and 2% SOC deviation during all

load profiles which indicates that the methodology of collecting data in the first stage

of this work were efficient and sufficient for the neural network to behaves like real-
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time optimization techniques but with much lower computations. However, among

the efficient response for each of CBR, ECM, and NN by the end of simulation, it is

obvious that CBR not only achieve that by the end of simulation time but also during

several times of the simulation.

In contrast, ORB-EMS leads to 8%, 4%, and 8% decreases in SOC, and FL-EMS

causes 9%, 10%, and 12% decline during the 530-second cycle. Consequently, these

two EMS strategies are not suitable for long missions since the SOC continues to

deplete over time, unlike CBR, ECM and NN. Thus, it is crucial to adjust the fuel cell

output power to account for SOC fluctuations, considering the preferred operational

ranges into fuel cell power reference calculations. Furthermore, ORB behaved very

efficient when it was applied in [106] where it was called ”Charge Sustaining Mode”,

because it was optimized on that specific load profile, but when it comes to new load

scenarios, it shows a lack of adaptability and lack of ability to maintain SOC close to

its reference value.

It is obvious from Fig. 4.10, 4.12, and 4.14 that hydrogen consumption were al-

most similar to each of CBR, ECM, and NN. The hydrogen consumption with CBR

was slightly higher in the second and third load profile with not more than 0.15 but

this increase was due to maintaining SOC at reference value espically in in the second

and third load profile where both of ECM and NN had slight deviation. Despite the

near-similarity between NN and ECM in terms of hydrogen consumption and SOC

deviation, the developed NN achieves this outcome with significantly lower computa-

tions, eliminating the necessity for real-time optimization computational requirements.

Furthermore, while ORB and FL exhibit a decrease in hydrogen consumption,
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Figure 4.9: SOC response with the first load profile

Figure 4.10: H2 consumption with the first load profile
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Figure 4.11: SOC response with the second load profile

Figure 4.12: H2 consumption with the second load profile
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Figure 4.13: SOC response with the third load profile

Figure 4.14: H2 consumption with the third load profile
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this reduction is attributed to a notable deviation in SOC. This highlights a lack of

adaptability in these methods when faced with unforeseen dynamic load scenarios. In

contrast, the proposed methodology including NN which demonstrate a near-similarity

to ECM in terms of hydrogen consumption and SOC deviation as well as CBR which

demonstrate better response than ECM which is a real-time optimization technique in

terms SOC deviation with similar hydrogen consumption, outshines in computational

efficiency as it does not require high computations resources to achieve that, making

it a more robust solution across varied operational conditions.

To conclude, all these mentiotioned observations including mainly SOC deviation,

hydrogen consumption, and total energy consumption are illustrated in comparative

visualization mannerer as shown in Fig. 4.15, 4.16, and 4.17.

It is worth to mention one feature for the propose CBR strategy cannot be found in

any other strategies which is the real-time adjustment in case of non-preferred behavior

by trying a higher number of clusters data Km with its corresponding optimized

weights until achieving a preferred behavior. However, all these clusters data with

different values of Km with its optimized weights should be prepared as offline stage

to be ready to shift between them when it is necessary. For the selected value of

Km which is 6 in our case, it not preferred to move with higher value unless the

performance of the energy management system requires to be adjusted as mentioned

previously because this come with more computations as the main purpose of this

work is to develop effective energy management strategy that does not require high

computations while having the ability to adapt to any load dynamics scenarios. A

qualitative comparison summary is clarified in Table 4.2.
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ORB FL ECM NN CBR

Load 1 7.84 7.65 8.65 8.63 8.64

Load 2 7.51 6.87 7.8 7.76 7.95

Load 3 7.37 6.66 7.71 7.74 7.84
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Figure 4.15: H2 consumption summary for all load profiles
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Load 3 65.2 58.47 67.96 68.02 69.91

Load 2 66.27 60.16 68.98 68.7 70.22

Load 1 62.28 61.11 69.94 69.83 69.89

Figure 4.16: SOC final summary for all load profiles
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ORB FL ECM NN CBR

Load 1 164.94 166.97 144.43 144.59 144.49

Load 2 141.73 158.19 134.53 135.11 131.52

Load 3 144.15 162.19 137.56 137.79 131.07
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Figure 4.17: Total energy consumption for all load profiles

Table 4.2: qualitative comparison summary

 

 ORB FL ECM NN CBR 

Computational demand low low high low low 

Adaptability low low high high high 

Maintaining SOC low low med med high 

Reducing FC degradation med low med med high 

Energy Consumption high high med med low 

Adjustability (real-time) ✕ ✕ ✕ ✕ ✓ 
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CHAPTER 5

CONCLUSION

This thesis concludes with an extensive exploration and comparison of various Energy

Management Strategies (EMS) for drone applications.

• The study introduces an innovative approach that enhances adaptability and

computational efficiency within the context of ECM using neural network (NN)

and Case-Based Reasoning (CBR). The proposed ECM strategy, incorporating

penalty factors ’a’ and ’b’ within its objective function, demonstrates a refined

approach in managing the battery’s State of Charge (SOC) and aligning power

generation with dynamic load requirements.

• The optimization process, employing Non-dominated Sorting Genetic Algorithm

II (NSGA-II), fine-tunes these penalty factors for diverse load scenarios.

• The subsequent stages involve real-time evaluation and training a neural net-

work on collected data to dynamically adjust fuel cell power, enabling effective

adaptation to varying load profiles.
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• The results and discussions showcase the comparative analysis of several EMS

methods. Notably, the NN-based strategy mirrors the ECM’s performance with

minimal computations, highlighting its adaptability to unforeseen load profiles.

• Meanwhile, CBR stands out for its ability to maintain SOC at reference val-

ues throughout the mission duration, minimizing deviations and demonstrating

superior adaptability to dynamic load scenarios compared to ECM and NN.

Moreover, the study evaluates power distribution among hybrid sources, re-

vealing nuanced patterns in fuel cell, battery, and supercapacitor usage across

different EMS. CBR notably displays a smoother fuel cell power curve, indicat-

ing reduced degradation and efficient power management in response to load

variations. Conversely, other strategies like ORB-EMS and FL-EMS exhibit

fluctuations impacting the fuel cell’s durability and SOC maintenance.

• The assessment of SOC variation and hydrogen consumption further substanti-

ates the superiority of CBR, ECM, and NN in maintaining SOC close to reference

values with similar hydrogen consumption rates, signifying robust adaptability

and efficiency across diverse operational conditions. This is contrasted with

ORB-EMS and FL-EMS, which exhibit SOC decline and reduced hydrogen con-

sumption due to limitations in adaptability to new load scenarios.

• The comprehensive comparative visualization encapsulates the key findings,

demonstrating the adaptive and efficient nature of CBR, and NN-based strate-

gies in managing SOC deviation and hydrogen consumption across various load

profiles.
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This thesis contributes a thorough understanding of how different EMS strategies

perform in dynamic load scenarios for drone applications. It emphasizes the signifi-

cance of adaptability and computational efficiency, underlining the potential of NN

and CBR-based approaches for effective energy management in real-time drone oper-

ations.

Future Research Direction: Energy management for drones is crucial for ex-

tended operational capabilities. The thesis’s conclusions highlight the potential for

each of Neural Network (NN) and Case-Based Reasoning (CBR) methods to optimize

energy usage. To further this line of inquiry, future research will focus on refining and

implementing a hybrid NN-CBR model for enhanced drone energy management. This

research direction includes the following:

• Develop a unified framework that integrates NN and CBR methodologies to

optimize drone energy strategies.

• Enhance adaptability by enabling the hybrid model to dynamically adjust energy

distribution based on real-time data and changing load profiles.

• Implement an optimization mechanism within the hybrid model to fine-tune

decision-making parameters for varied load scenarios.

• Design an onboard system for real-time energy management, allowing drones to

autonomously adapt to operational conditions.

• The methodology involves investigating effective ways to merge NN and CBR

algorithms seamlessly.
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• Continuous learning mechanisms will be designed to facilitate the hybrid model’s

adaptation to incoming data streams.

• Extensive simulations and real-world tests will validate its performance across

diverse scenarios.

Expected outcomes include improved energy management efficiency, real-time

adaptability in various mission scenarios, and the potential applicability of the hybrid

model to other autonomous systems beyond drones. This research direction seeks

to significantly advance drone energy management by introducing a hybrid NN-CBR

model. Success in this endeavor would enhance adaptability, efficiency, and autonomy

in managing energy resources for drone operations across different environments and

mission profiles.

92



APPENDIX A

SUPPLEMENTARY MATERIAL

Figure A.1: Visualizing k=3 normalized clustering centers of k-means clustering
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Figure A.2: NSGA-II Pareto front for k=3

Figure A.3: Visualizing k=4 normalized clustering centers of k-means clustering
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Figure A.4: NSGA-II Pareto front for K=4

Figure A.5: Visualizing k=5 normalized clustering centers of k-means clustering
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Figure A.6: NSGA-II Pareto front for K=5

Figure A.7: Visualizing k=6 normalized clustering centers of k-means clustering
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Figure A.8: NSGA-II Pareto front for K=6

Figure A.9: Visualizing k=7 normalized clustering centers of k-means clustering
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Figure A.10: NSGA-II Pareto front for K=7

Figure A.11: Visualizing k=8 normalized clustering centers of k-means clustering
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Figure A.12: NSGA-II Pareto front for K=8

Figure A.13: Visualizing k=9 normalized clustering centers of k-means clustering
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Figure A.14: NSGA-II Pareto front for K=9

Figure A.15: Visualizing k=10 normalized clustering centers of k-means clustering
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Figure A.16: NSGA-II Pareto front for K=10
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