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ARTICLE INFO ABSTRACT
Keywords: Driven by the sustainability initiatives in the aviation sector, the emerging technologies of aircraft propulsion
Aircraft propulsion electrification electrification have been identified as the promising approach to realize sustainable and decarbonized aviation.

Decarbonized aviation
Hybrid electric aircraft
Multi-mission optimal design
Energy management strategy
Fuel economy

This study proposes a surrogate-based multi-mission optimal design approach for aircraft propulsion electrifi-
cation, which innovatively incorporates realistic aviation operations into the electric aircraft design, with the aim
of improving the overall aircraft fuel economy over multiple flight missions and conditions in practical scenarios.
The proposed optimal design approach starts with the flight route data analysis to cluster the flight operational

Techno-economic evaluation data using gaussian mixture model, so that a concise representation of flight mission profiles can be achieved.
Environmental policy scenarios Then, an optimal orthogonal array-based Latin hypercubes are employed to generate sampling points of design
Direct operating cost variables for electrified aircraft propulsion. The mission analysis is performed with coupled propulsion-airframe

integration in order to propose energy management strategy for mission-dependent aircraft performance.
Consequently, fuel economy surrogate model is established via support vector machines to obtain the optimal
design points of electrified aircraft propulsion. For assessing the viability of novel propulsion technologies,
techno-economic evaluation is conducted using sensitivity analysis and breakeven electricity prices under a
series of environmental regulatory policy scenarios.

further alleviated on the ground energy infrastructure with the inte-
gration of renewable and sustainable energy sources, such as solar, wind
and hydrogen [3]. The EAP architectures are generally classified as
all-electric, hybrid-electric, and turboelectric. The potential benefits of
block fuel burn reduction and CO, emissions reduction are significantly
dependent on EAP configuration, electric component performance and
flight missions [4]. For EAP, weight is a critical concern since the aircraft
needs to account for the additional weight of batteries, electric ma-
chines, power electronics and follow-on structural growth [5]. Particu-
larly, as an alternative energy source, battery demonstrates relatively
low energy density comparing to the traditional jet fuel. As a result, the
on-board batteries will significantly increase the weight of the EAP
systems leading to drag penalty. Unlike the jet fuel, batteries will not
lose mass along with the flight missions, this side effect of drag penalty
will be further enlarged in long range missions. Thus, all-electric
configuration of EAP is only capable of powering vertical take-off and
landing aircraft, commuter aircraft, rotorcraft which only carry a few

1. Introduction

Projected by U.S. Energy Information Administration, a nearly 60%
increase in global air travel seat miles and a 38% increase in energy use
for aviation sector can be envisioned with corresponding CO; emissions
projections of 209 million metric tons COze by 2050 [1]. This will lead to
the considerable negative environmental impacts due to the fossil-fuel
dominated air travel. Thus, the civil aviation sector plays an increas-
ingly significant role in transport sustainability with regard to envi-
ronmental, economic, and social dimensions. In order to decarbonize the
traditionally carbon-intensive aviation sector, electrified aircraft pro-
pulsion (EAP) have been identified and emerged as a promising tech-
nology, with advantages of on-board generating, distributing, and
utilising electric power to eliminate direct combustion emissions in
flight, as well as to improve the vehicle efficiency and performance [2].
In addition, the indirect CO, emissions from on-board electricity can be
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Nomenclature

Abbreviations
ANN Artificial Neural Network
BAU Business As Usual

BET Baseline Environmental Taxation
BIC Bayesian Information Criterion
DC Data Centroids

DOC Direct Operating Cost
DOE Design of Experiment

EAP Electrified Aircraft Propulsion

EEA Exceptional Environmental Awareness
EM Expectation-Maximization

EMS Energy Management Strategy

FC Flight cycles

FH Flight hours

GA Genetic Algorithm

GMM Gaussian Mixture Model

HEA Hybrid Electric Aircraft

HEPS Hybrid Electric Propulsion System

MAE Mean Absolute Error

MIPH Mechanically Integrated Parallel Hybrid
MTOW  Maximum Take-Off Weight

NSGA  Non-dominated Sorting Genetic Algorithm

OA Orthogonal Array
PEA Progressive Environmental Awareness
PY Per Year

RMSE Root Mean Square Error
R-Squared Coefficient of determination
SOC State of Charge

SVMs Support Vector Machines

Units

hrs Hours

hp/1b Horsepower per pound
K Kelvin, the primary unit of temperature
km Kilometre

kg Kilogram

kPa Kilopascal

kWh Kilowatt hour

m Meter

m? Square meters

m/s Meter per second

MW Megawatt

MWh Megawatt hour

$ Dollar

Wh/kg  Watt-hour per kilogram

Symbols

Cacquisiion,rc  Acquisition cost per flight cycle
Cacquisiion,r  Acquisition cost per flight hour
Caircrap~ Acquisition price of aircraft

Caircraftspares  The cost of aircraft spares

Cpatery ~ Acquisition price of battery

Caarerypc  Battery replacement cost per flight cycle
Chreakeven electricicy Breakeven electricity price

Ccapital investmen:  Capital investment cost

Cearbontax Carbon tax

Cpepreciation,py Depreciation cost per year

Celectriciy  Price of electricity

Crngines ~ Acquisition price of engine per unit
Chngine/Airframe.rc  Engine and airframe maintenance cost per flight

cycle
Crnergy.rc  Energy cost per flight cycle
Cemissions, /¢ Emission costs per flight cycle
Cruel Price of fuel
Chotor/mverter Acquisition price of motor and inverter
Cpropuision  Acquisition price of propulsion
Cpropulsionspares  The cost of propulsion spares
Cinsurance.py  Yearly insurance cost
Crneerestpy  Yearly interest cost
CN Low-pressure shaft non-dimensional rotational speed
D Aerodynamic forces of drag
Epqt discharged  Battery capacity discharged during the flight
Epesign Battery Battery energy storage capacity
EICO,f CO, emission indices for aviation fuel (Jet A)
EICO2e  CO intensity of electricity generation in UK
EINOx  NOx emission indices
Sengine/Airframe s Engine and airframe maintenance cost per flight

hour
fBawery;u Battery replacement cost per flight hour
Fyn Net thrust demand
g Constant acceleration of gravity
h Flight altitude

Rannut witization  Annual utilization in terms of flight hours
Hp;pr Degree of hybridization of power on low pressure shaft

Jco, Mission-dependent CO5 emission
Jnox Mission-dependent NOx emission
L Aerodynamic forces of lift

P3 Burner inlet pressure

Pouake ~ Power on-take on low pressure shaft
Ppesign Motor Motor power capacity

Pm Gaussian density function for the m-th component

P(x|@)  Gaussian mixture model specified by the set of parameters
o

T Aerodynamic forces of thrust

T3 Burner inlet temperature

T4 Turbine entry temperature

TF Technology factor to adapt the NOx emission correlation

v Aircraft velocity relative to the ground

w Aircraft weight

4 Mission block fuel burn

Wy Engine fuel flow rate

AW The reduced block fuel burn

X The flight route dataset

Yiife Aircraft operational life

z The posterior probability of the m-th component in
Gaussian Mixture

a Angle of attack

am The weight of the m-th component in Gaussian Mixture

W Yaw heading angle

% Pitch/flight path angle
Roll bank angle

Ui The mean vector of the m-th component in Gaussian
Mixture

Zn The covariance matrix of the m-th component in Gaussian
Mixture

Om The set of parameters for the m-th component in Gaussian
Mixture

O The set of parameters for Gaussian mixture

NBat_charging  Battery charging efficiency

Nerans Electricity transmission and distribution efficiency
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passengers for general aviation [6]. However, by scaling up to an Airbus
A320 or Boeing 737-sized aircraft, the perspective battery energy den-
sity requirements is significantly higher than any state-of-the-art Li-ion
chemical capacities [6]. Thus, hybrid electric propulsion systems (HEPS)
are proposed as a feasible solution for larger commercial aircrafts with
long-haul flight ranges [7]. The HEPS exploits the electric power from
batteries to power the motors, in combination with the low carbon
alternative fuels to further deliver propulsion thrust. The HEPS is
implemented as either a complementary or an alternative to conven-
tional gas turbines [8]. The HEPS approach incorporates the electric
machines within the gas turbine housing, which minimizes the alter-
ation of gas turbine mechanical parts. This configuration has been
commonly identified as the economic short-to medium-term solutions
for aviation electrification.

Regarding the applications of EAPs, the key issue is to implement the
integrated solutions for novel propulsion electrification technologies
with the airframe. Traditional aircraft sizing involves a large number of
iterations and the multidisciplinary analysis of aerodynamics, airframe,
weight, manoeuvres, and fuel-based propulsion systems. The process
aims to balance the thrust and drag within the top-level aircraft opera-
tional and performance constraints. For EAPs, the sizing procedure
should be revised to include electric powertrain and dual energy sour-
ces, so that the new operating characteristics of electric/HEPS can be
captured. Some studies have investigated the preliminary sizing and
multidisciplinary optimization of aircraft propulsion electrification. In
Ref. [9], Bocii et al. proposed an optimal design approach to investigate
the trade-off between energy storage system sizing and the fuel mass for
a series hybrid electric configuration of aircraft by using differential
evolution algorithm. The powertrain sizing for hybrid electric rotor-
crafts was proposed in Ref. [10], where the feasibility and potentiality of
the hybridization schemes were investigated. Besides, Sliwinski et al.
proposed a retrofit design method for hybrid electric unmanned aircraft
in Ref. [11] to improve endurance or range. In Ref. [12], a hybrid
electric aircraft (HEA) conceptual design procedure with power man-
agement strategy was investigated with two novel contributions: loop-
ing for power-split factor in take-off and climb phases as well as
re-designing the gas turbine for cruise conditions. Decerio et al.
applied numerical optimization to the conceptual design of regional
aircrafts with parallel hybrid electric configurations to quantify the
energy efficiency improvements [13]. Two sizing methods of hybrid
electric aircraft proposed FH Aachen and TU Delft were compared and
cross-validated in Ref. [14]. However, these previous studies only
considered single design mission profile.

In practical scenarios, commercial aircrafts are expected to operate
optimally in the actual flight missions which can be significantly
different from the initial design mission. In addition, the significant in-
crease in air traffic demand has imposed major impacts on aircraft op-
erations. These integrated impacts between the increasing complexity of
EAP systems operation and air traffic management requires multi-
mission adaption in aircraft design. To address this challenge, this
research work will innovatively integrate aircraft operational data into
the design procedure by using multi-mission aircraft design optimiza-
tion method, so that practical aviation operations can be incorporated
into the aircraft design to improve the overall performance for multiple
flight missions and conditions. The impact of aircraft design reference
mission on fuel efficiency was investigated in Ref. [15], where a joint
optimization approach of aircraft design and operations were proposed
to improve fuel efficiency throughout the operational life of an aircraft.
A multi-mission performance optimization approach was proposed for
hybrid-electric unmanned aerial vehicles (UAVs) in Ref. [16], where the
proposed methodology was applied by considering two specific mis-
sions: maximum endurance mission and a fixed range of 600 nmi with
all-electric loiter segment. Similarly, a robust multi-mission design
strategy was studied using non-dominated sorting genetic algorithm
(NSGA) with a radial basis artificial neural network for aircraft con-
ceptual design with specified short-range and long-range missions [17].
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However, the specified design missions were user-defined and highly
empirical. In order to improve the specified design missions, a
multi-mission multi-objective optimization method for commercial
aircraft conceptual design was proposed using NSGA II in Ref. [18]. This
optimization method compared the difference between exclusively
considering metrics of interest from one design mission and that of
multiple missions, and further investigated the impact of weightings on
optimization results. Particularly, this study considered three types of
off-design missions: payload-range envelope, sample grid and
user-defined missions. In Refs. [19,20], a robust aircraft design
approach was proposed to avoid severe performance degradation at
off-design conditions by considering hundreds of missions within the
operational flight envelope. Herein [21], a payload-range space grid was
created where the midpoints of all nonempty grid cells were selected as
representative flight missions with the corresponding weights. Besides, a
multidisciplinary optimization method for aircraft sizing was developed
based on density-based spatial clustering algorithms. This method was
used to integrate aircraft operational data from the initial design process
to model realistic aircraft operations [22]. From the previous research
work, the sample grid method with weighting factors can cover typical
and representative missions, but this will lead to an excessive number of
off-design mission evaluations. As a result, the design and operation of
EAP over a range of propulsion system designs with series of missions
are complex and computationally expensive. In order to improve the
design efficiency of EAP systems, this study will propose a multi-mission
optimal design so that the operational data can be integrated into the
conceptual design procedure. The multi-mission design approach will be
developed based on data clustering algorithms, with an important
application to comprehensively analyse the tradeoff between the opti-
mization accuracy, design robustness and computation efficiency of the
EAP design and operation.

The economic viability and environmental impacts are essential for
development of novel EAP technologies, with particular emphasis at the
early and feasibility stages of such development [23]. In the aviation
sector, fuel remains a major portion of operating costs which normally
accounts for 40%. Thus, the fluctuations in fuel price are closely linked
with an airline’s profitability [24]. Therefore, the techno-economic
analysis can be utilised in polices decisions, such as environment regu-
latory policies and incentives, to direct the aviation industry towards
sustainable propulsion solutions. Previous studies have investigated the
techno-environmental-economic analysis for aircraft propulsion elec-
trification. Schéafer et al. exploited the economic and environmental
benefits of all-electric aircrafts, which envisioned that all-electric
aircraft fleet with a range of 600 nautical miles can substitute 15% of
commercial aircraft fuel use and reduce 40% global landing and take-off
NOx emissions. To achieve cost-effectiveness of electrified aircraft
relative to jet engine aircraft, fuel prices was expected to be increased as
well as end-use electricity prices required to be reduced accordingly
with lower battery costs [25]. Besides, the environmental assessment of
hybrid-electric propulsion in conceptual design was conducted from the
perspectives of aircraft life cycle in Ref. [26]. In Ref. [27], potential
benefits of operating costs reduction were investigated for a general
aviation of CS-23 aircraft with the consideration of propulsion-airframe
integration. Furthermore, technical and environmental assessment of
all-electric 180-passenger commercial aircraft was performed in
Ref. [28], which investigated the impacts of significant aircraft weight
and performance penalties for each battery specific energy assumption
case. The economic evaluation was conducted for turboelectric config-
uration in Ref. [29], which compared the recurring and cash operating
costs of conventional aircraft and electrified propulsion derivatives. In
Ref. [30], the environmental life cycle associated with direct operating
costs were evaluated for a conventional A320 single-aisle aircraft and its
hybrid electric derivatives. For lifecycle analysis, Wehrspohn et al.
provided insights into the HEA performance over the entire lifecycle
from economic and environmental perspectives for hydrogen powered
HEA and the conventional fuel powered counterpart [31]. In Ref. [32],
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Fig. 1. Framework of HEA robust optimal design and techno-economic-environmental analysis.

the cost estimation method was proposed for HEA, which discussed the
differences between conventional and HEA designs with particular im-
pacts of HEPS on operating costs. In Ref. [33], the figures of merits,
emissions, and operating costs were incorporated in the objective
function for HEA design, which offered a detailed and transparent
assessment in the initial design stages. The cost effectiveness of HEA
versus conventional aircraft is critically dependent on the cost of bat-
teries, electric machines, power electronics, and the relative costs of
end-use electricity versus jet fuel. However, with advances in battery
technologies and increasing development in production scale, the costs
of electric components are expected to reduce significantly. Thus, the
cost estimation of EAP is highly uncertain due to the uncertain devel-
opment trend of these technologies. Therefore, sensitivity analysis of
maintenance and acquisition costs, as well as breakeven electricity price
versus jet fuel price, are essential to study the economic viability of EAP
technologies in this research work.

In this research work, a multi-mission based optimal design approach
for aircraft propulsion electrification is proposed. Then, the techno-
environmental-economic assessment is conducted to investigate the
prerequisites of aircraft propulsion electrification to achieve cost-
effectiveness. The novel contributions of this research work are pro-
vided as follows to support aircraft propulsion electrification design and
operation, which will further aid the environmental regulatory policy

scenarios.

e A novel multi-mission based optimal design approach is proposed for
aircraft propulsion electrification. The proposed method innova-
tively incorporates realistic aviation operations into the aircraft
conceptual design phase, in order to optimize the aircraft fuel
economy over multiple flight missions and conditions.

e The HEA mission analysis framework with genetic algorithm-based
optimal EMS is developed in this study. The framework involves a
multidisciplinary analysis of aerodynamics, airframe, weight, ma-
noeuvres and propulsion. The propulsion model considers the closely
coupled synergies of gas turbine and electric powertrain. On this
basis, the fuel economy surrogate models are established for each
flight route cluster, which can be incorporated to achieve multi-
mission optimal design.

e The techno-environmental-economic evaluation method is devel-
oped for HEA, which accounts for a wide range of costs including
fuel, electricity, emissions, maintenance and acquisition costs. The
sensitivity and cost-effectiveness analysis of acquisition and main-
tenance cost, as well as breakeven electricity price are discussed in
potential environmental regulatory policy scenarios.

The remaining of the paper is organized as follow: Section 2 consists
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Fig. 2. Payload-Range diagram and Histogram of flights for Boeing 737-800
aircraft during the year of 2018 [34,35].

of problem formulation and method. In each sub-section, the historical
flight route data analysis and clustering is conducted in Section 2.1 in
order to select the representative flight mission profiles. In Section 2.2,
hybrid electric aircraft modelling and mission analysis are introduced,
including the propulsion system modelling the integration of novel
propulsion technologies with airframe, and the mission analysis method
with EMS optimization. Then, in Section 2.3, the surrogate-based
optimal design approach for aircraft propulsion electrification is pro-
posed, which comprises major steps of design of experiment, fuel
economy surrogate model generation, and fuel economy optimization.
Section 3proposes the environmental and economic evaluation models.
Section 4 presents the results of the case studies and the related sensi-
tivity analysis. Finally, Section 5 draws conclusions of this research.

2. Problem formulation and methods
The proposed framework of this study for HEA modelling, optimal

design and operation, and techno-economic-environmental analysis for
viability assessment is presented in Fig. 1.
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2.1. Flight route data analysis and clustering

The representative flight mission profile is selected based on his-
torical flight route data which reflects the variability in flight opera-
tions. The historical flight route of Boeing 737-800 is obtained in Bureau
of Transportation Statistics flight database [34] with payload-range di-
agram [35] as Fig. 2.

Based on the data collection, Gaussian Mixture Model (GMM) is used
for data clustering so that grouping of flight operational data can be
identified from a large historical flight route of Boeing 737-800 dataset.
The data collection and clustering are able to produce a concise repre-
sentation of flight mission profiles. GMM is one of the commonly used
and statistically mature methods for clustering. GMM is a probabilistic
model which assumes all the data points are generated from a mixture of
a finite number of clusters. These clusters are represented by gaussian
distributions with unknown parameters [36]. The clustering process for
fitting mixture-of-Gaussian models is usually implemented by
expectation-maximization (EM) algorithms [37].

A finite mixture model P(x|©) is the weighted sum of the components
p(x|0m) as equation (1) [37]:

P(X‘@) = Z (lszn(X|9m)

@

st O ={ay,ay, -, ay,01,0,,,0y}
M
E a, =1
m=1

Where the gaussian mixture is specified by the set of parameters ® =
{a1,a2,+,0p,01,02,-,0m}, A is the weight of each component, eachpp,
is a gaussian density function parameterized by 0 = {pipn, Zm}> tm> Zm
are mean and covariance respectively.

In order to estimate O, the log likelihood function is defined with a
set of data points X = (x!, ---x") as equation (2), the expectation step and
maximization step of EM algorithm are alternately applied until #(©)
converges to a local optimum [37].

Fig. 3. The architecture of MIPH [38].
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Input layer | | Output layer

Hidden layers

Pontake

W'p'
Fig. 4. ANN-based turbofan engine state-state performance model [39].
Table 1

Technology improvements projections of electric components (relative to the
year 2015) [40].

Unit 30-year estimate (2045)
Electric machine energy density hp/1b 16
Electric machine efficiency percent 97%
Power electronics energy density hp/Ib 15
Power electronics efficiency percent 99%
Battery specific energy Wh/kg 1400

Table 2
Aircraft model parameters and flight mission profile [39].

Aircraft model parameters

Aircraft Boeing 737-800
Category Regional jets
Maximum take-off weight 79015.80 kg
Operating empty weight 41140.00 kg
Wing area 124.86 m>
Wingspan 34.32 m

Aspect ratio 10.18

Nominal cruise Mach number 0.785

Nominal cruise altitude 10668.00 m
Climb rate 6.0/6.0/3.0 m/s

Descent rate 4.5/5.0/5.0/5.0/3.0 m/s

C velocity C ltitude cruise

Constant velocity/Constant rate climb

Constant velocity ConstaniXate descent

Take-off Landing

Fig. 5. Flight mission profile definition [39].

N
2(0)=log p(#6) =log [ | r(x'|0)
. - )

i=1
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In expectation step, the dataset X is assumed to be incomplete and
the complete dataset 77 = (2, .2) is determined by estimating the set of
variables Z = {z, 25, ...zy}, where z, is an N-dimensional vector
21,22, ...,2N]". The log likelihood of the complete dataset % is pre-
sented in Equation (3) [37]:

M

logp(716) = > 2, log[anp (x[0,)]

i=1 m=1
3
a,p(x0,)

=,
> an(xle)

Where 2., is the posterior probability and @" is the parameter estimate
obtained after t iterations.

7, =P(m[x,0) =

In maximization step, the parameters ©"! are determined based on
the posterior probability zi,, which refer to aff!,uttt, tH1 for each
component m in GMM as Equation (4).

1 &
+1 }: i
am =N Zm’
N =
N
1 Zi:lzmx"

Hy = N ) Q)]

1+1 Z;\;lziy,(xi —H’,:])(X,' _”IJI)T
ZIYI =

N
P
2.2. Hybrid electric aircraft modelling and mission analysis

In this study, HEPS is modelling as mechanically integrated parallel
hybrid propulsion configuration (MIPH). As shown in Fig. 3, in MIPH
configuration, motor is mounted on the low-pressure shaft of turbofan
engine, and then to drive the ducted fan where the electrical power is
directly fed to the drive train of the propulsion device. The case studies
will utilise Boeing 737-800 with dual hybridized CFM56 turbofan
engines.

The turbofan engine steady-state performance model is developed
based on artificial neural network (ANN) with back-propagation algo-
rithm [39]. As shown in Fig. 4, the ANN-based turbofan engine perfor-
mance model consists of an input layer, two hidden layers and an output
layer as the neuron network structure of 4-10-10-6. The input layer has
the elements of flight altitude (h), flight Mach number (Ma), net thrust
demand (Fy), and degree of hybridization of power on low pressure shaft
(Hprpr). The output layer has the elements of power on-take on low
pressure shaft (Poneqake), fuel flow rate (Wf), turbine entry temperature
(T4), burner inlet temperature (T3), burner inlet pressure (P3), and
low-pressure shaft non-dimensional rotational speed (CN). These
turbofan engine operating characteristics will be used to estimate fuel
economy, energy consumption and emissions performance.

The electrical powertrain model is established as [39]. Firstly, a
rubber motor efficiency model is established for a hypothetical motor
which has not been built or designed. Design parameters of peak effi-
ciency, rotational speed, and torque at peak efficiency are specified. An
equivalent circuit model is used for battery energy storage modelling to
estimate battery operating efficiency and state of charge (SOC). The
power electronics is assumed as constant efficiency. The technology
level projections of electric components are listed in Table 1 [40].

A point-mass aircraft model is used for aircraft motion simulation as
shown in equation (5). The basic aircraft model parameters and flight
mission profile are listed in Table 2 and Fig. 5.



J. Zhang et al.

ANN-based turbofan engine
1N

performance model

Input_1: Design motor
power capacity
(PDesi,glb\/Iolor)- Design
battery energy storage
capacity (Epesign_Battery)

Motor sizing model
and operating efficiency
model

i

Converter sizing model
and operating efficiency
model

)

Battery sizing model
and operating efficiency
model

Propulsion system integration

Renewable and Sustainable Energy Reviews 175 (2023) 113168

Input_2: Representative flight
mission profile (Range, Payload)

l Iterative variable: fuel onboard

Aircraft point-mass model:
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il aerodynamic forces, gravitational
acceleration, mass model and equations of

manoeuvre requirements
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Genetic-Algorithm optimization
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‘ Rate of change in aircraft mass ‘

Optimization variables:
Hp in each flight phase

Objective functions:
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Operating
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4{ onboard is equal to actual fuel onboard

‘ C3: Battery SOC limit [0.2,0.9]
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Fig. 6. HEA mission analysis with GA-based optimal EMS [38].

V cos(y)cos(y)
V sin(y)cos(y)

V sin(y)

(
(
) %[T cos(a) — D — W sin(y)] ©)
ﬁos(y) [T sin(a) + L]sin(u)

g.ﬁ- T <. =

[(T sin(a) 4+ L)cos(u) — W cos(y)]

5=

_Wf

Where x, y, h represent the position of aircraft in ground axis coordi-
nated system, V is the aircraft velocity relative to the ground, y,y,u
denote yaw heading angle, pitch/flight path angle and roll bank angle
respectively, W is the weight of aircraft, « is the angle of attack, Wf is the
engine fuel flow rate, T, D, L are the aerodynamic forces of thrust, drag
and lift respectively, g is the constant acceleration of gravity.

HEA mission analysis is an iterative process to balance the thrust and
drag. HEA mission analysis converges to a solution of energy balance
(required energy versus energy carried onboard) within the set opera-
tional and performance constraints defined by the top-level re-
quirements, such as payload, range, rate of climb/descent, take-off field
length, and cruise point airspeed. The mission analysis model has been
adapted with optimal energy management strategy (EMS) for HEA
design [38] which  will consider the fully coupled
aerodynamics-propulsion effects, as presented in Fig. 6.

Firstly, the input design variables are identified as motor power ca-
pacity (Ppesign Motor) and battery energy storage capacity (Epesign Battery)-
The sizing and operating efficiency models of electric powertrain are
established accordingly. Then, the HEPS modelling is achieved by
integrating ANN-based gas turbine surrogate model and power flow-
based electric powertrain model.

The specified flight mission profile is discretized into a series of
segments. In each segment, based on energy-based approach, the
amount of depleted variable weight fuel (consumable energy source)

and the fixed weight battery (non-consumable energy source) are
calculated based on Hpppr, flight conditions, HEPS modelling, and
aircraft point-mass model. The calculation involves a multidisciplinary
analysis of aerodynamics, airframe, weight, manoeuvres, and propul-
sion system characteristics of both fuel-based gas turbine and power-
based electric powertrain [41]. The flight conditions, aircraft weight,
battery SOC are updated segment by segment accordingly. The fuel
depleted in each flight segment is summed up to obtain the total mission
fuel consumption. The iterations are converged when the assumed fuel
onboard is equal to actual mission fuel consumption.

For EMS optimization, the genetic algorithm (GA) is applied to
obtain the optimal fuel economy. The Hp;pr in each flight phase are
taken as the optimization variables. The input of design variables (Pp,.
sign Motor and Epesign Battery) are taken as constraints, where the motor
operating power should be less than Ppesign moror, and the battery SOC
should be operated within [0.2, 0.9]. The fuel economy surrogate model
is further developed based on HEA mission analysis process with EMS.

Fig. 1 illustrates the framework and associated procedure of multi-
mission HEA robust optimal design in this research. The design vari-
ables for HEA optimization include motor power capacity (Ppesign Motor)
and battery energy storage capacity (Epesign Battery)- In an initial design of
experiment (DOE) stage, optimal orthogonal array (OA)-based Latin
hypercubes method is adopted to generate a set of non-collapsing sam-
pling points for design variables of Ppesign motor and Epesign Battery [42].

With regards to each sampling point, mission analysis with optimal
EMS is then performed to obtain the optimal fuel economy as shown in
Fig. 6. The mission analysis is evaluated for a wide range of the repre-
sentative flight mission profiles selected from flight data clustering,
which will be used to obtain mission-dependent aircraft fuel economy.
Based on the mission analysis, the HEA fuel economy surrogate model is
established using a regression algorithm support vector machines
(SVMs) [43-45]. SVMs can significantly reduce the computational
complexity by considering the error approximation to the data as well as
the generalization of the model to evaluate new dataset [46]. The
regression learning problem is used to learn the input-output de-
pendency f(x) that minimizes the empirical risk usinge insensitivity loss
function given as (6) [47],
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Table 3
Potential environmental regulatory policy scenarios.

Scenario

Carbon tax ($/Metric Ton)

Business As Usual (BAU)

Baseline Environmental Taxation (BET)
Progressive Environmental Awareness (PEA)
Exceptional Environmental Awareness (EEA)

0
50
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200
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Fig. 7. Engine/airframe maintenance cost versus mission block time [52].

Table 4
The aircraft acquisition cost parameters [25,53].

Parameters

Value

Acquisition price of aircraft

Acquisition price of engine per unit
Acquisition price of battery

Acquisition price of motor and inverter
Annual utilization in terms of flight hours
Annual utilization in terms of flight cycles
Cost of airframe spares

Cost of propulsion unit spares

Aircraft operational life

Residual value of aircraft due to depreciation at end of life

Interest on investment
Insurance on investment

80.8 US $ million
8.4 US $ million
100 $/kWh
78%/kW

3300 h

1700

10%

30%

20 years

10%

5.5%

0.5%

1 N
R= EHWH2 +CY v —f)l,
i=1

Vn iy, —f(xa) < e+,
st Vnif(x,) —yn<e+&
Vn:€, >0, >0

©

Where the training dataset consists of n pairs (x1,y1), (X2,¥2),---, (Xn,¥n)>
the inputs are multi-dimensional vectors and system responses y, |w/|| is
the weight vector norm, ¢ is the insensitivity zone, £, andé, are slack

variables, C is box constraint.

Herein, the nonlinear SVM regression model is adopted with a
nonlinear, positive definite, gaussian radial basis function kernels as in

equation (7) [471],

Glx,3) =exp( — [[|v — ] /20%)

)

The regression learning problem can be formulated as the maximi-
zation of a dual Lagrangian with nonnegative multipliers a;, ] for each
observationx; as in equation (8), which is used to obtain the coefficients

of nonlinear SVM regression model [47],
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Fig. 8. BIC for the number of components and the covariance matrix structure.
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Fig. 9. Historical flight operational data clustering using GMM.
Table 5
Historical flight data cluster centroids and probability density.
Unit  DC1 DC 2 DC3 DC4 DC5
Range (Cluster ~ km 1117.07  2415.46  3652.69  1623.52  3270.25
centroids)
Payload kg 18960.9  18962.7  18241.7  15224.1 13281.7
(Cluster
centroids)
Probability - 0.5818 0.2855 0.1058 0.0153 0.0116
density
1M X
L(@@) = =5 > (o - @) (o — @) Gl )
=1 j=1
N N
—eX (i +a)) + X yi(a — ;)
i=1 i=1
(8

The optimal solution must satisfy the Karush-Kuhn-Tucker comple-
mentarity conditions as in equation (9):
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Fig. 11. Fuel economy surrogate model and error distribution for DC1.
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Fig. 12. Fuel economy surrogate model and error distribution for DC2.

The best regression hyperplane can be obtained in equation (10)
[47]:

f@)=> (an—a}) - Glx,,x) +b

1

10)

n

The surrogated-based approach for HEA optimal design is formu-
lated to obtain optimal fuel economy considering flight operational
data. The proposed design framework is an effective approach to address
the aircraft propulsion electrification optimal design challenges imposed
by complex objective functions evaluations involving multidisciplinary
analysis, hard constraints of MTOW, battery SOC operating limits and
motor power capacity, and the computational burden. In this case, the
optimization objective is formulated as equation (11) with mission-
dependent fuel economy and probability density:

% * _
{P Design_Motor? E Design_ Battery} -

argmin ( XM: (w(i)

i=1

1)

Wy (R(i):P(i)|P Des[gn_MomnEDe:ign_Baue)y))
R(i)-p(i)
Where M denotes the feasible space of a bounded domain in flight
mission range and payload, w(i) is probability density of flight mission
profile distribution, Wy (R(i), p(i)!PDesign_MDmr,EDeSlgn_Baﬁe,y) is mission-
dependent performance metric of block fuel burn, which is exclusively
determined by payload p(i) and range R(i) for a sized hybrid electric
aircraft with Ppesign Motor and Epesign Battery- The ratio of the block fuel burn
liberated during a flight Wy to the revenue work done R(i)-p(i) is
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Fig. 13. Fuel economy surrogate model and error distribution for DC3.

employed as the key parameter to assess the fuel economy performance.

3. Environmental and economic evaluations

3.1. Environmental analysis

The emission prediction model is presented in this research by
considering the direct combustion emissions of CO3 and NOx emission as
well as indirect CO» emission from the electricity used in the battery
onboard.

The CO, emission from direct combustion is considered to be in
equilibrium which is independent of HEA operational parameters. Thus,
direct combustion CO, emission is modelled as proportional to block
fuel burn and fuel composition. Particular, the CO5 emission indices
(EICO5f) for aviation fuel (Jet A) of 3159 g CO./kg fuel is used to
calculate the direct CO5 emission. The indirect CO5 emission is deter-
mined by the CO; intensity of electricity generation, battery charging
efficiency, and associated energy infrastructure efficiency for the elec-
tricity production, transmission, and distribution [25]. The CO;y in-
tensity of electricity generation (EICOqe) is considered as 130 g
CO9/kWh as an example in the UK [48]. In total, the mission-dependent
CO, emission J¢o, can be calculated in equation (12):

EDesign,Banery N (SOCend - SOCinitial)

Jeo, =EICO,f - Wy + EICO,e (12)

MBas_charging Mirans
Where the battery charging efficiency #gy_chargng 1S Set at 95%, and
electricity transmission and distribution efficiency #,,,, is considered as
95% [25].

NOx emission is predicted using a semi-empirical correlations
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Fig. 14. Fuel economy surrogate model and error distribution for DC4.

approach, ‘P3T3’ method with aero engine internal gas path parameters
at combustor diffuser inlet [49]. The NOx emission indices (EINOx) and

mission-dependent NOx emission Jyo, are given in equations (13) and
14):

P3\! AT, TF
— . T3 . f(hs.=h) comb
EINOx=(a+b-¢ )<P3,‘,/> ¢ <—ATWM> (13)
ity .
Inos = / EINOx(t)-W(t)dt (14)
t

Where default values for the constants and exponents suitable for a
modern civil turbofan engine are a = 8.4,b = 0.0209,c = 0.0082,d =
0.4,f = 19, TF = 0, P34y = 3000kPa, AToomp ref = 300K, hs; = 0.006344
[49].

3.2. Economic analysis

Direct operating cost (DOC) is considered as the essential figure of
merit for the economic viability in aircraft design studies. As shown in
Fig. 1, the DOC per mission is generally composed of energy (fuel and
electricity) cost, emissions cost, maintenance cost and acquisition cost
respectively.

The energy cost is evaluated as a function of the aircraft mission
performance which is dependent on the flight mission profile. The en-
ergy cost is derived from mission block fuel burn, electricity consump-
tion, and the current fuel price (1157.10 $/Metric Ton) and electricity
price (10.55 Cents/kWh). The fuel price for aviation jet fuel is specified
by the International Air Transport Association jet fuel price monitor
[50]. The electricity price for transportation sector is specified by U.S.
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Table 6
Fuel economy surrogate model regression validation.
DC1 DC2 DC3 DC4 DC5
RMSE 34.89 79.65 103.31 63.60 65.93
R-Squared 0.99 0.98 0.94 0.99 0.99
MAE 27.45 55.17 61.41 40.10 50.18

Energy Information Administration [51].

Thus, the energy cost per flight cycle (FC) Cgnergyrc is calculated as
equation (15):

Cknergy.rc = Chuet' Wy + Ceecnricity Ebar discharged (15)
Where Wy is the mission block fuel burn during the flight, Epq gischarged 1S
the battery capacity discharged during the flight.

The energy and emission costs are correlated, with both being a
function of aircraft mission performance. The emission costs are esti-
mated based on the carbon tax scenarios Cgrponiax, and the amount of
emissions Wco, as equation (16).

(16)

CEmi.vsions.F c= Ccarbantax' WCOZ

The incentive policies on low-carbon electricity and carbon tax are
essential for aviation electrification. Therefore, several carbon tax sce-
narios are selected to investigate the effects of environmental regulatory
policies on emission costs as presented in Table 3 [52].

The maintenance cost considers airframe maintenance, engine
maintenance and battery replacement cost. The aircraft is normally
considered to have a certain average annual utilization in terms of flight
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cycles (FC) or flight hours (FH). Herein, for conventional single aisle
aircraft such as Boeing 737-800 powered by dual CFM 56 turbofan
engines, an annual utilization of 3300 flight hours or 1700 flight cycles
is normally assumed [52]. The maintenance cost of engine and airframe
per hour is estimated based on the public domain data of Boeing
737-800’s direct maintenance costs [53], the periodicity of the main-
tenance routines, the assumed mission block time and the annual utili-
zation of flight cycles and flight hours. The relationship between
engine/airframe maintenance cost and the average mission block time is
illustrated in Fig. 7 [52]. Herein, the maintenance cost of engine and
airframe for the types of aircraft between conventional and HEPS are
assumed to be equal. In addition, the impact of electrification on engine
operational life is not considered in this research work.

Thus, the maintenance cost for engine and airframe per flight cycle
Cngine/Airframe Fc 18 given as Equation (17):

CEngine/Airframe,FC :fEngine/Airframe?FH (tmix:iun ) *Uission (1 7)
Where fingine/ Airframe.r 1S the engine/airframe maintenance cost per flight
hour versus mission block time, tp;sion iS the mission block time calcu-
lated from aircraft mission simulation.

Similarly to electric vehicles, battery maintenance for EAP is a major
concern given the relatively frequent replacement or upgrade during the
long lifespan of the aircraft. The battery aging and replacement costs
after their end operational life of 5000 cycles is considered in the
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maintenance costs [25]. However, the maintenance costs of other elec-
trical components such as motor/converter are not considered in this
research work due to the lack of public domain data. The battery
replacement cost Cpqsery,rc associated with each flight cycle is estimated
as Equation (18):

Chattery,pc = Fsattery,rr (Tmission) *tmission (18)
Where fpaeryry is the battery maintenance cost per flight hour which is
considered as US$ 205 with the assumption of the battery capital cost as
100 $/kWh [25].

The acquisition cost includes aircraft yearly insurance, interest
repayment on capital employed, and the depreciation of capital invest-
ment [23]. The annual insurance and interest costs are normally esti-
mated as a percentage of capital investment cost. The depreciation of
capital investment is determined by depreciation period and residual
value. These costs are initially estimated for a period of one year, and
then derived on an hourly basis with the assumed average utilization of
flight hours [52]. Then, the acquisition cost per flight cycle is calculated
based on mission block time. In this research work, the acquisition cost
of both conventional aircraft and its electrified propulsion derivative are
considered to be equal.

The capital investment cost is given as equation (19):
CCz/p[ml Investment — CAirfmfl + CA[rcra_[Lspares + CPI‘(JPI([J[GI! + CPmpuls[on.:pare:

19)

CPropuIsion = CEnginm + CBattery + CMmur/Inverler
Where Ccgpital investmene i the capital investment cost, Cpjrcrap is the
acquisition price of the aircraft, Cpropuision is the acquisition price of the
propulsion, Cajreraftspares iS the cost of aircraft spares as a percentage of
aircraft cost, Cpropusion spares 1S the cost of propulsion spares as a per-
centage of propulsion cost, Cgngines is the acquisition price of the engines,
Chattery is the acquisition price of battery, Cuotor/mverter is the acquisition
price of motor and inverter.
Thus, the depreciation cost of aircraft per year Cpepreciation,py can be
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calculated by assuming a straight-line depreciation method [54] as
equation (20):

_ CCapilal Invmnm'm(l — reSldual%)
Cpepreciation,py =

(20)

Yiie

Where Yy, is the aircraft operational life, residualy, is the residual value
of the aircraft due to the depreciation at the end of operational life.
The annual insurance cost Crsyrance py and interest cost Crgerest py are
normally estimated as a percentage of capital investment cost as equa-
tion (21):
Clmen::l.[’}’ = CCap[tal [m'e:lmem‘lntere*gt% (21)
Clnsuran(r,PY = CCapital lnw:lmem'lnsurance%
Thus, the acquisition cost per flight hour Cacquisiionru can be calcu-
lated based on annual utilization in terms of flight hours gy witization-
The acquisition cost per flight cycle Cacquisicon rc is calculated based on the
mission block time as equation (22):

Chuterest,py + Crusurance.ry + Cbepreciation.py

CA(qu[siIion,FH =

(22)

hzmnul utilization

Cy Fc = Ca FH *Umission

The parameters of acquisition cost are summarised in Table 4 [25,
53].

The breakeven electricity price is derived as a function of associated
DOC components to baseline conventional aircraft [54] in equation (23):

Cpuerr AWy + E Ci Baseline — Z Cinea

Epat discharged

AW, = Wy pusetine — Wy nEa

CBreakevm,eleuririzy =

(23)

Where Cpreakeven eleciriciry iS the breakeven electricity price, C; represents
the associated components of DOC (insurance, interests, maintenance,
acquisition, emissions cost etc.), AW represents the reduction in block
fuel burn.

4. Results and discussions
4.1. Flight data analysis and clustering

The GMM fit is tuned by adjusting the number of components and the
covariance matrix structure, including spherical, tied, full or diagonal
covariance. Normally, Bayesian information criterion (BIC) is selected as
the assessment criteria to evaluate the model regression performance
[55]. The error of flight route data clustering can be improved by
increasing the number of components. However, no significant
improvement on BIC scores can be observed when the number of com-
ponents is over 4. For the purpose of computational efficiency and ac-
curacy, the model is selected with 5 components and diagonal
covariance in this case, as shown in Fig. 8.

The results of historical flight operational data clustering and the
probability density using GMM are shown in Fig. 9 and Table 5.

4.2. Robust optimal design of hybrid electric aircraft

Fig. 10 presents the sampling results for design variables of Pp,.
sign Motor a0d Epesign Bartery USing optimal OA-based Latin hypercubes.

Based on the inputs of flight mission clusters and sampled design
variables, HEA mission analysis is simulated which considers fully
coupled propulsion-aerodynamic effects. Based on the HEA mission
simulation results, the fuel economy surrogate models and their error
distributions for each cluster are established using SVMs algorithm, as
shown from Fig. 11 to Fig. 15. As indicated in Figs. 11-15, the optimal
design point for block fuel burn varies with flight mission profile.
Particularly for the scenario of DC3, several sampling points of motor
power capacity and battery energy capacity are not feasible to achieve
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because of the constriant violation.

The regression of fuel economy surrogate model is validated using
root mean square error (RMSE), coefficient of determination (R-
Squared), and mean absolute error (MAE)in Table 6. The results indicate
that the proposed model can accurately estimate the HEA fuel economy
performance. The error of the regression can be further improved by
increasing the size of sampling points. However, the further raise in
sampling size will result in the largely increased computational burden.

As shown in Fig. 16, multi-mission fuel economy surrogate model is
established by integrating individual block fuel burn surrogate model
and the corresponding probability density. Then, the HEA optimal
design is obtained which considers the historical flight route data and
subsequently reflects the variability in HEA operations.

As shown in Fig. 17, the proposed multi-mission optimal design is
able to reduce the block fuel burn by 37.76%, 16.81%, 10.39%, 26.49%,

13

and 14.71% respectively for the representative mission profiles.
4.3. Results of environmental analysis

Based on the emissions prediction model, the direct and indirect
emissions including CO» and NOx emissions are predicted for individual
flight mission profile respectively. As shown in Fig. 18, the results of
total CO, emissions can be effectively reduced by 7.35%-30.25%, where
the indirect CO5 emissions can be potentially reduced further by using
low-carbon energy sources in aircraft charging. In terms of NOx emis-
sions, the potential benefits of 43.88%, 27.08%, 5.23%, 14.01% and
6.75% emissions reduction can be achieved due to the reduced fuel flow
rate and more efficient gas turbine operations.
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Fig. 19. (continued).

4.4. Results of economic analysis

Economic analysis is performed for the baseline conventional aircraft
and its electrified propulsion derivatives at integrated aircraft/mission
level. Herein, the flight route clusters of DC1to DC5 are used in the case
studies for economic viability assessment.

The results of DOC under potential environment regulatory policy
scenarios are compared in Fig. 19 for baseline conventional aircraft and
HEA optimal design respectively. For DC1, under current price of fuel
and electricity, the DOC can be reduced by 3.67%, 4.90%, 6.02%, and
7.98% respectively for environmental policy scenarios of BAU, BET,
PEA, and EEA. However, for DC2, no significant benefits of DOC can be
observed for BAU and BET due to the less effective (18.61% and 13.27%)
block fuel burn reduction and carbon emissions reduction, thus the
reduction of HEA energy cost and emissions cost cannot compensate for
the induced acquisition and maintenance costs of electric powertrain.
However, in the environmental policy scenario of EEA, the DOC can be
slightly reduced by 1.11% for DC2. Furthermore, in DC3, the penalties
on DOC can be observed, where the DOCs are even increased by 2.52%,
2.03%, 1.60%, and 0.84% for BAU, BET, PEA, and EEA respectively
since the block fuel burn and CO, emissions only slightly reduce by
10.81% and 7.35%. In DC4, the block fuel burn and carbon emissions are
significantly reduced with propulsion electrification, thus DOC reduc-
tion can be achieved from 1.04% to 4.20%. For DCS5, the slightly
increased DOC can be observed in BAU, BET, and PEA from 1.5% to
0.36%, and only a slight DOC reduction of 0.61% can be obtained with
relatively high carbon tax of 200 $/Metric Ton.

In summary, under the current price of fuel and electricity, the po-
tential benefits of propulsion electrification on DOC reductions can be
observed in short-haul flights (e.g., DC1, DC4), where the block fuel
burn and CO, emissions can be significantly reduced. For long flight
route clusters (e.g., DC2, DC3 and DC5), exceptional environmental

awareness with relatively high carbon tax are required for aircraft
propulsion electrification to achieve DOC reductions. It should be noted
that these case studies are calculated under the assumptions that the
maintenance cost for airframe and engines are equal in baseline con-
ventional aircraft and its electrified propulsion derivatives. The impact
of electrification on engine operational life is not considered. However,
electrical power on-take in HEA can effectively reduce turbine entry
temperature compared to the baseline conventional engine, hence
positively affecting gas turbine operational life [8]. Besides, the pro-
pulsion system is currently modelled by retrofitting the gas turbine with
electrical power on-take without modifying the engine cycle. The engine
cycle re-design by considering hybridization can further improve the
benefits of fuel economy and emissions reduction. Thus, the further DOC
reduction can be potentially achieved more than expected in this
research work.

In the previous discussions, the quantified benefits of DOC re-
ductions have been demonstrated. However, with advances in battery,
electric machine and converter technologies and their potential
deployment in production scale, the capital and maintenance costs of
electric powertrain are expected to reduce significantly. The associated
cost estimation of EAP is highly uncertain due to the uncertainties in the
development and deployment of these technologies. In order to inves-
tigate the uncertainty effects of the maintenance and acquisition costs on
DOC, a sensitivity analysis is presented under potential environmental
regulatory policy scenarios of BAU, BET, PEA, and EEA respectively in
Fig. 20.

As shown in Fig. 20, for the flight route cluster of DC1, based on the
current price of fuel (1157.10 $/Metric Ton) and electricity (10.55
Cents/kWh), the potential cost benefits can be observed in all the
environmental policy scenarios. At the datum points, the advantages of
DOC reduction can be observed from —7.49% in BAU to —11.17% in
EEA. The potential benefits on DOC reduction is primarily provided by



J. Zhang et al.

R ble and Sustainable Energy Reviews 175 (2023) 113168
BAU
100 100
X X
B 80 B 80
[$] O
o =
2 S
= 60 = 60
= =
o (o
[$] [$]
© 40 @ 40 =
£ £
(0] [0]
8 (‘g 20
T 20 S
9] 9]
£ £
0 0 .
0 20 40 60 80 100 0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
PEA EEA
100 100

[o]
o

80

[0)]
(@]

60

A
o

40

]
(=]

20

Increase in acquisition cost (%)

Increase in acquisition cost (%)

(@]
o

o

20 40 60 80 100 20 40 60 80 10C
Increase in maintenance cost (%) Increase in maintenance cost (%)
a. DC1

BAU BET
100

o

100

®
o

80

[0}
o

60

A
o

40

N
o

20

10\ 10\

Increase in acquisition cost (%)
Increase in acquisition cost (%)

10 10

o0 . 02
0 20 40 60 80 100 0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
PEA EEA
__100 100
= X
2 80 g
o O
C C
2 9
z @
3 g
& 40 ®
£ =
(0] (0]
S 20 4
o o
o o
£ =
0
0 20 40 60 80 10C 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
b. DC2

Fig. 20. Direct Operating cost for baseline and HEA optimal design.

15



J. Zhang et al. R ble and S

inable Energy Reviews 175 (2023) 113168

BAU

100 100

BET
80
= 60
40
70 10
0
20 40 0 20 40 60 80 100

60 80 100

80

60

40

20

Increase in acquisition cost (%)
Increase in acquisition cost (%)

o

Increase in maintenance cost (%) Increase in maintenance cost (%)
PEA

100

EEA
100
80 80
60 = 60
40 40
. .
20 10\ 20 \
10 0
o0 o0
0 20 40 60 80 100

Increase in acquisition cost (%)
Increase in acquisition cost (%)

0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)

c. DC3

BAU

100 100
80
60

BET
80
£ 60
40
10 70
\ 20 \
10
0 70 0

0 0

20 40 6 0 20 40 60 80 100

40
20

Increase in acquisition cost (%)
Increase in acquisition cost (%)

0 0 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
PEA EEA

100 __100
X X
% 80 8 80
6] [§]
= | =
.8 .8
= 60 = 60
=) =]
8 8
@© 40 © 40
L =
[0] 10 [0]
5 \ & 20
o 70 o 0
k= 0 k=

0 0

0 20 40 60 80 100 0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
d. DC4

Fig. 20. (continued).

16



J. Zhang et al.

Renewable and Sustainable Energy Reviews 175 (2023) 113168

BAU
100 100 BET
G 80 @ 80
o o
5 [ 5
= 60| = 60
2 2
g g
© 40 © 40
£ £
3 3
8 20 g 20
< £ Io =
0 0
0 20 40 60 80 100 0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
PEA EEA
100 100
2 S
3 80 % 80
8 3
o C
2 S
g g
3 oy
o
® 40 & 40|
£ <
3 10
g 20 \ g 20
o 10 5}
£ o £
0! 0
0 20 40 60 80 100 0 20 40 60 80 100
Increase in maintenance cost (%) Increase in maintenance cost (%)
e. DC5

Fig. 20. (continued).

40 T T T T L T T
BAU 1 Higher DOC than
_8 I baseline conventional aircraft
& 4 8i
2" &! i
- =
£2 3
8 5 20 5i
© 2 4Y T Thichness of breakeven cost g Lower DOC than]
- % refers to uncertainty of baseline conventional ajrcraft
°>'> 9 electric powertrain costs
2 w0 T T I T T T T
g , Current electricity price
o | ]
@ 0 . | Battery costs of 100$/kWh
0 500 1000 1500 2000

Fuel price ($/Metric Ton)

Fig. 21. The breakeven electricity prices versus fuel price example.

the block fuel burn reduction and carbon emissions reductions. Thus, the
increasing carbon tax from BAU to EEA scenarios shows an enhanced
effect on the potential benefits of DOC reduction. The relative
improvement in DOC is degraded accordingly and eventually reduced to
0 in respond to the increases in acquisition and maintenance costs. The
similar results can be observed for DC4, the DOC under environmental
policy scenarios from BAU to EEA can be reduced from 4.88% to 7.44%
at datum points.

However, no promising benefits (less than 1%-2%) of DOC reduction
can be obtained even at datum points for DC2, DC3 and DC5 of long-haul
flights. The sensitivity analysis shows the energy and emissions cost
savings are not capable of compensating the greatly raised capital in-
vestment and maintenance costs of electric powertrain.

Fig. 21 presents an example of cost-effectiveness analysis on the
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breakeven electricity price for flight route cluster of DC1 under the
environmental policy scenario of BAU, associated with the battery
capital cost of 100$/kWh and the maintenance cost of 205 $/FH. As
illustrated, above the breakeven cost line, the DOC of HEA is higher than
baseline conventional aircraft, and vice versa. Particularly, the thickness
of the breakeven cost line reflects the uncertainty of electric powertrain
costs since the maintenance costs of motor/converter are not considered
due to the lack of public domain data. For current price of fuel and
electricity in BAU, the promising benefits of DOC reduction can be
observed for HEA optimal design in short-haul flights.

The breakeven electricity prices under environmental regulatory
policy scenarios are shown in Fig. 22. In this case study, the battery
capital investment cost is assumed as 100 $/kWh and 200 $/kWh
respectively, which corresponds to the battery replacement and main-
tenance cost of 205 $/FH and 410 $/FH [25].

For DC1 in the environmental policy scenario of BAU, considering
the current electricity price of 10.55 Cents/kWh, fuel prices are required
to be above 839.74 $/Metric ton and 1169.3 $/Metric ton respectively to
achieve cost effectiveness. For the scenarios of BET, PEA and EEA, the
required breakeven fuel prices are further reduced due to the relatively
higher carbon tax and emissions costs. The breakeven fuel/electricity
prices are dependent on battery capital/maintenance costs. By assuming
higher battery capital/maintenance cost, the breakeven electricity price
will be lower, because the cost of electricity has to be reduced to
compensate for the higher associated costs of electric components.

The case of DC4 for short-haul flights is also effective in DOC
reduction. By considering the current electricity price to be 10.55 cents/
kWh, the cost-effectiveness of EAP can be obtained if the fuel price is
above 1027.05 $/Metric ton, 902.59 $/Metric ton, 778.13 $/Metric ton,
and 529.23 $/Metric ton respectively, which correspond to the battery
capital cost of 100 $/kWh in four different environmental policy sce-
narios of BAU, BET, PEA and EEA. If the battery capital cost is doubled to
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Fig. 22. Breakeven electricity prices for battery capital costs of 100$/kWh and 200$,/kWh.

be 200 $/kWh, the fuel price is required to be increased accordingly to
the threshold values of 1510.42 $/Metric ton, 1386.07 $/Metric ton,
1261.52 $/Metric ton, and 1012.63 $/Metric ton respectively.
However, the cost-effectiveness is largely dependent on the potential
block fuel burn reduction and carbon emissions reduction. For DC2,
DC3, and DC5 with long-haul flights, the potential benefits on block fuel
burn and emissions are not as effective as short-haul flight clusters of
DC1 and DCA4. Therefore, the breakeven electricity price is required to be
unrealistic low. For example, by assuming the battery capital and
maintenance cost to be 200 $/kWh for long-haul flight cluster DC2
under BAU and BET environmental policy scenarios, even the electricity
price is set to an extreme case of 0 $/kWh, there is no benefits on DOC
reduction can be observed. In DC3, for battery capital cost of 100
$/kWh, the fuel prices need to be above very high threshold values of
1875.91 $/Metric ton, 1768.58 $/Metric ton, 1661.15 $/Metric ton, and
1446.39 $/Metric ton respectively. For DC3, in terms of battery capital
cost of 200 $/kWh for all the environmental policy scenarios, none of
DOC reduction can be achieved as cost effectiveness if the fuel price is
within 2000 $/Metric ton. The similar result occurs in DC5, with the
high battery capital cost of 200 $/kWh and associated battery mainte-
nance cost of 410 $/FH, the breakeven electricity prices become
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unrealistic negative values (below 0 $/kWh) in all the environmental
policy scenarios. For the battery capital cost of 200 $/kWh, the DOC
reduction can be achieved if the fuel price is increased to 1460.75
$/Metric ton, 1345.09 $/Metric ton, 1229.27 $/Metric ton, and 997.73
$/Metric ton respectively for the environmental policy scenarios of BAU,
BET, PEA and EEA.

5. Conclusion

A multi-mission optimal design approach for HEA is proposed to
integrate flight operational data into the EAP design procedure, to
achieve promising fuel economy benefits over multiple flight missions
and conditions. At the first design stage, GMM is used for data clustering,
to identify the grouping of flight operational data and obtain a set of
representative flight mission profiles. In the DOE stage, OA-based Latin
hypercubes method is employed to generate a set of sampling points for
the design variables of EAP. Following that, the HEA mission analysis
procedure with EMS optimization is simulated to obtain fuel economy
for all the sampling points of EAP design variables with the represen-
tative flight mission profiles. On this basis, the fuel economy surrogate
model is established by using nonlinear SVMs methods. Finally, the
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optimal design of motor power capacity and battery energy storage
capacity are achieved. The surrogate-based optimal design approach can
effectively address the optimal design challenges in aircraft propulsion
electrification, with complex objective functions evaluations with high
computational burdens.

Based on HEA optimal design, environmental and economic assess-
ments are presented for the cost-effectiveness analysis of aircraft pro-
pulsion electrification. In particular, on-board direct combustion CO»
emissions and NOx emissions, and non-direct CO, emissions from
ground energy infrastructure, are evaluated. On this basis, the economic
analysis is presented by using DOC as the most essential assessment
criteria. DOC mainly consists of energy cost (fuel and electricity), engine
and airframe maintenance cost with battery replacement cost, acquisi-
tion cost and emissions cost. A sensitivity analysis of acquisition and
maintenance cost to DOC is conducted. Finally, the breakeven electricity
prices for potential environmental regulatory policy scenarios are
investigated. In conclusion, under the current price of fuel and elec-
tricity, the potential benefits of DOC reduction can be observed in short-
haul flights, where the block fuel burn and carbon emissions can be
significantly reduced. For long-haul flight ranges, more incentivised
environmental policy scenarios with high carbon tax, as well as the
lower costs of aircraft propulsion electrification technologies are
required to achieve cost-effectiveness of aircraft propulsion
electrification.

In the future research work, the limitations of this study will be
further improved. The EAP is currently modelled by simply retrofitting
the gas turbine with electrical power on-take but without modifying the
engine. The engine cycle re-design will be further explored which has
the potentials to further improve the fuel economy benefits. Also, the
differences in engine/airframe maintenance costs between conventional
aircraft and HEA are required to be investigated, where the impacts of
electrification on gas turbine operational life should be considered.
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