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air taxi concept. We extend this comprehensive mid-fidelity system-level optimization problem
with high(er)-fidelity subsystem-level optimizations of various aircraft systems and mission
phases, with the aim of further enhancing the accuracy and scope of the aforementioned
system-level optimization problem: 1) Power minimization during the transition mission
phase; 2) Electrical powertrain topology optimization; 3) Cell chemistry modeling and thermo-
mechanical battery pack topology optimization; 4) Shell-based coupled aero-elastic wing
structure optimization. An Analytical Target Cascading-like distributed MDO architecture
allows us to couple the system- and subsystem-level optimizations in order to arrive at a
consistent and feasible design. We find that the system-level design is most heavily impacted
by the reduced battery pack-level energy densities that stem from power peaks in the mission
profile. These power peaks seem to result from the inefficient lift rotor blade designs that are
needed to satisfy noise constraints. We draw conclusions based on trends in our results and give
recommendations for future MDO studies of electrical air taxi vehicle concepts.

I. Introduction
As the need for more efficient and environmentally-friendly air transport becomes more prevalent, aircraft designers

have started considering more diverse vehicle concepts and propulsion systems. Among these are various (partially)
electrified propulsion layouts and vehicle concepts that fall between fixed- and rotary-wing aircraft. Traditionally the
initial, conceptual phases of aircraft design have been heavily based on empirical relations. Examples of reference
works include those by Roskam [1], Raymer [2] and Torenbeek [3]. A limitation of such conceptual design approaches
is that they rely heavily on data of similar aircraft being available. This restricts their usefulness to tried-and-tested
vehicle concepts, thereby making design space exploration difficult.

In this work we consider the design of electrical Vertical Take-Off and Landing (eVTOL) vehicles for Urban Air
Mobility (UAM) applications. There has been great interest in the design of such vehicles in recent years. Due to the
absence of historical data for eVTOL vehicles a wide variety of vehicle concepts have been proposed and are being
developed concurrently. This is evidenced by the eVTOL database of the Vertical Flight Society, which recently exceeded
1,000 [4] included vehicle concepts that have been proposed over the last 8 years. It remains an open question what vehicle
concept and propulsion layout works best for eVTOL UAM. Large-scale Multidisciplinary Design Optimization (MDO)
can help reduce the design space by using physics-based models to ascertain the performance of proposed vehicle concepts.

A significant number of works have focused on MDO and initial sizing for a diverse range of eVTOL vehicle
architectures, in order to find answers for open questions on the optimality of such vehicles. We give a short list of
examples of such works here. Various studies focus on low-fidelity physics-based and empirical models to compare
initial sizing results of multiple eVTOL vehicle architectures [5–8]. Other works pick one or two specific architectures
and focus on doing MDO of one or more subsystems in order to identify trends. Examples include comparisons of elec-
trical and hybrid propulsion systems [9], aero-acoustics studies [10, 11] and acoustics & electrical propulsion design [12].

In previous studies we solved gradient-based large-scale MDO problems of the NASA lift-plus-cruise concept vehicle
[13]. We initially considered over 100 design variables and 16 constraints in an optimization problem that utilized
various low-fidelity physics-based models as well as regression-based structural weight estimation and a steady-state
mission analysis with limited scope [14]. This optimization problem took only 30 minutes to solve with monolithic
gradient-based optimization methods. Later we expanded on that by including physics-based structural beam and
rotor-aerodynamics models, low-fidelity quasi-steady transition maneuvers and off-design operating conditions. This re-
sulted in an optimization problem with over 300 design variables and over 200 constraints [15] that was solved in 17 hours.

This work expands upon the scope of our previous studies by extending the system-level optimization problem that
was introduced in [15] with higher-fidelity subsystem-level optimizations. We use coupled Vortex Lattice Method-Blade
Element Momentum theory (VLM-BEM) models to compute minimal-power trajectories of the transition phase between
hover and climb; a component-level model to do powertrain topology optimization; a battery chemistry model and
coupled thermo-mechanical model to minimize battery pack mass; and a Vortex Lattice Method (VLM) model coupled
to a Reissner-Mindlin shell model to minimize wing structural mass. Optimal design data from these subsystem-level
optimization problems is fed back to the system-level optimizer, which is then restarted. We use an Analytical Target
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Cascading-like [16, 17] distributed MDO architecture to obtain consistency between the system- and subsystem-level
optimizations, by adding a penalty term that penalizes inconsistency to the objective function of the system-level
optimization. The penalty term weights are increased with each outer loop iteration in order to gradually tighten system
consistency constraints.

The rest of this paper is structured as follows. We first give a brief overview in Sec. II of the system-level optimization
problem that was initially presented by Ruh et al. in [15]. This is followed in Sec. III by the various subsystem-level
optimization problems: Trajectory, powertrain, battery and aero-structural. References to related works are provided
where necessary. Section IV covers the coupling approach between the system- and subsystem-level optimizations,
as well as the methods used to estimate gross vehicle mass for the sub-optimizations, after which Sec. V covers the
generated results. We focus on presenting trends between the various obtained optimal designs. Lastly, Sec. VI draws
conclusions based on the results. We also give recommendations for future MDO studies of similar eVTOL air taxi
concepts.

II. System-Level Optimization
The system-level optimization problem solved in this paper involves a large number of disciplines and design

conditions. Ruh et al. [15] specify in detail the optimization problem upon which the current system-level optimization
is based, including design variables and constraints. We summarize the design conditions and models used in Tab. 1.
We model all disciplines using low-to-mid fidelity physics-based models except for the motor and battery discipline, for
which we use a Constant Power Density (CPD) model and an Energy Based Sizing (EBS) approach respectively. The
rotor aerodynamics are described using Blade-Element Momentum (BEM) theory, whereas the fixed-wing aerodynamics
are modeled with a VLM model. Euler-Bernoulli beam theory is used to model the wing structure as a box beam under
applied aerodynamic loads. Sarojini et al. [18] verified the accuracy of the implementations of the aforementioned
models, and compared their predictions to higher-fidelity models.

Our off-design conditions include two steady structural sizing conditions (+3g/-1g) and four One-Engine-Inoperative
(OEI) conditions. For on-design conditions we consider hover, a quasi-steady transition, climb, cruise, and descent. We
split up the transition segment of 80 seconds into 16-second segments and compute the time-averaged accelerations for
each segment with the trajectory data that is computed by the high-fidelity trajectory optimization. We then constrain
the quasi-steady transition points to match those of the time-averaged accelerations of each segment.

Other model inputs are tuned with the results of the high-fidelity subsystem optimizations that are covered in Sec. III.
These include the battery energy density, powertrain efficiency for each mission segment and powertrain system mass.
The wing thickness variables overlap with those of the high-fidelity aero-structural optimization, section IV.A covers
how we enforce consistency between these two sets of design variables. Since the box beam wing approach used in
this system-level optimization is limited in its accuracy, we correct its stress predictions and mass evaluations with the
corresponding results of the aero-structural optimization. Corrective multiplicative factors for both are obtained by
evaluating the stress and mass of the box beam for the optimal wing designs of the aero-structural optimization.

Table 1 Summary of design conditions and physics-based models used in system-level optimization

Condition
Discipline Rotor

Aerodynamics
Wing

Aerodynamics
Wing

Structure
Aeroacoustics Motor Battery

+3g sizing BEM VLM EB beam – –
-1g sizing BEM VLM EB beam – –
OEI (x4) BEM – – – CPD

Hover BEM – –
Tonal: Lowson
Broadband: GL

CPD EBS

Quasi-steady transition (x5) Peters–He VLM –
Tonal: Lowson

Broadband: BPM
CPD EBS

Climb, cruise, descent BEM VLM – – CPD EBS
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Since we use slightly different acoustics models than in our earlier work [15] we give a brief overview of them
here. There are two approaches to determine tonal noise: frequency-domain and time-domain methods. The acoustic
module in this optimization software utilizes Lowson-Ollerhead model for a frequency-domain method [19], which
has been shown its effectiveness in rapidly predicting unsteady loading noise with fair accuracy in the previous
studies [15, 18]. For the time-domain method, the software utilizes Farassat’s Formulation 1A [20], which is an integral
solution of Ffowcs Williams-Hawkings [21]. Its applications in various rotor configurations, combined with high-
fidelity Computational Fluid Dynamics simulations, have shown superior accuracy in tonal noise predictions [22–25].
Since Formulation 1A requires time history of input parameters from an aerodynamic solver; however, it requires sig-
nificantly larger amount of computing time per optimization cycle. Thus, the time-domain method is not used in this paper.

Three different broadband noise prediction models are available in the optimization software: Gill-Lee (GL)
spectrum model [26], Brooks-Pope-Marcolini (BPM) model [27], and Amiet’s trailing-edge noise theory [28]. It is
known that a dominant rotor broadband noise source at high frequencies is turbulent boundary-layer trailing-edge
noise [29]. The GL spectrum model is a data-driven empirical broadband noise model which was developed by
applying an evolutionary machine learning algorithm, called gene expression programming. This model has shown
its robustness across different rotor types, such as helicopter and small drone rotors, and demonstrated significantly
improved broadband noise prediction accuracy compared to the existing models like Pegg [30] and Schlegel-King-Mull
models [31]. However, the current version of the GL spectrum model is limited to hovering rotors. To overcome this
limitation, the BPM model is utilized in axial and edgewise forward flight conditions. BPM model is an empirical
model based on a series of experiments using the NACA 0012 airfoil. With a proper Doppler-effect correction, the
model is extended to a rotor application to predict rotor broadband noise at axial and edgewise forward flight conditions.
For a more accurate prediction of broadband noise, Amiet’s trailing-edge noise theory [28] can be utilized, which is the
method that has proven its effectiveness through numerous validations [32] and rotorcraft applications [33–36]. This
method requires determination of wall pressure spectrum [37], which involves additional calculations and increases
computational cost. In this paper, the GL spectrum model and BPM model are mainly used during the optimization.

The system-level optimization problem has been implemented in the toolbox Comprehensive Analysis and Design
Environment for Engineering systems (CADDEE). CADDEE is a software framework designed to easily construct
multidisciplinary models of aircraft and similar engineering systems in order to enable large-scale MDAO. This is made
possible by several features:

1) Design parameterization: CADDEE uses a geometry-centric approach with a high-fidelity representation of
the Outer Mold Line (OML). Basis splines are used due to their analytic form and their ability to smoothly
represent complex geometries with a few number of control points. During optimization, CADDEE effectively
propagates changes in the central geometry to physics-based solvers through the use Free-Form Deformation
(FFD) and projections. A projection is the solution to an optimization problem to find the parametric coordinates
corresponding to the minimum distance between points and the OML. Throughout optimization, the parametric
coordinates do not change and therefore CADDEE can easily re-evaluate geometric quantities such as meshes or
distances as the optimizer manipulates the FFD blocks. This is done through a simple matrix vector product
of the basis matrix that is evaluated at the parametric coordinates and a vector of control points, which are
manipulated by FFD.

2) Modular data transfer: CADDEE makes use of a Solver-Independent Field Representation (SIFR) to transfer
data between solver disciplines. This approach is particularly important to efficiently solve coupling between
disciplines such as aerodynamics and structural dynamics. At the core of this approach stands a central
high-fidelity representation of the solver states that is defined over the boundary of components across which the
states need to be transferred. An example is the skin of a wing and the load bearing internal structure such as
the wing box. The SIFR representation is independent of the fidelity of the solver that is used to compute the
states, which allows for solvers of different fidelity to be easily interchanged. Lastly, a critical feature of the SIFR
approach is that it allows for force consistency and conservation of aeroelastic work.

3) Comprehensive analysis: CADDEE is able to model the entire aircraft across disciplines and multiple mission
segments. Generally there are three types of mission segments that can be modeled, trim-state, transient and
off-design. Trim-state segments are steady, on-design conditions such as hover, climb, and cruise and are
typically easier to model as they are steady and do not size the aircraft. Transient conditions are generally
unsteady (or quasi-steady) in nature and require time integration schemes. Examples are transition maneuvers
or gust response dynamics, which are still on-design conditions. Such cases may contribute to the aircraft
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sizing and may require more sophisticated physics-based simulations such as free-wake aerodynamic models
and/or nonlinear dynamic structural models. Off-design conditions such as wing flutter, pull-up and push-down
maneuvers, and OEI scenarios are the last type of mission segment that can be modeled with CADDEE. These
kind of scenarios are unintended modes of operation and play a large role in sizing the aircraft structure.

4) Automated adjoint-based sensitivity analysis: CADDEE is implemented in a newly developed domain-embedded
language called the Computational System Design Language (CSDL) [38], which is intended for building large
models of engineering and solving MDAO problems using gradient-based techniques. CSDL operates at a high
level of abstraction, allowing the engineer to use simple Python syntax to define mathematical operations, for
which the computation of derivatives is fully automated. By implementing CADDEE using CSDL, we can
systematically search a potentially high-dimensional design space, using gradient-based optimization to find the
optimal (aircraft) design.

III. High-Fidelity Subsystem Optimizations
We use various high(er)-fidelity subsystem models to augment the scope of the system-level optimization problem.

These models are used to run subsystem-specific sub-optimizations. We utilize four such sub-optimization problems
that cover the design and optimization of the following mission phases and subsystems:

1) Mission transition phase trajectory;
2) Electric powertrain;
3) Battery pack;
4) Wing structure.

We cover these sub-optimizations here in the order specified above.

A. Transition Phase Trajectory
Fixed wing electric Vertical Takeoff and Landing (eVTOL) aircraft must pass through a difficult transition from hover

to forward flight. This transition is marked by complex aerodynamics that are difficult to incorporate into the conceptual
design stage. This is in part due to the change in rotor performance at different incidence angles [39], and in part due to
unsteady wake interactions between different components of the aircraft [40]. Quasi-steady models such as BEM have
been used to power gradient-based design optimization of blade design by assuming a prescribed transition trajectory [41].
The trajectory itself has been optimized using simplified aerodynamics models [42]. Trim states along the transition
have been identified using simplified aerodynamics that ignore wake interactions [43], or by fitting a surrogate to
higher-fidelity CFD models [44] or to wind tunnel data [45]; however, these approaches do not fully capture the unsteady
wake behavior. To our knowledge, optimization of the transition trajectory using CFD-grade unsteady aerodynamic mod-
els has yet to be performed. One reason for this is the high computational cost of obtaining gradients of high-fidelity CFD.

Controlling an eVTOL aircraft through transition is likewise difficult, as the aircraft dynamics change significantly
over the transition envelop. Model predictive control methods have been shown to be successful if the changing aircraft
dynamics can be captured [46]. Controls strategies typically leverage gain scheduling, changing the tuning parameters
and sometimes the fundamental control strategy throughout the trajectory [47], though unified, fully nonlinear controls
strategies have been achieved, allowing the same control strategy to be used throughout the trajectory so long as
intermediate waypoints can be identified. [48]. Optimal control strategies such as incremental nonlinear dynamic
inversion has been demonstrated to reduce the control effort required to follow a path, and is popular for eVTOL
aircraft [49]. It should be noted that path-following on its own does not result in an optimal trajectory, but rather the
optimal control inputs to follow a commanded trajectory.

In this work, we present a novel approach to trajectory optimization using expensive high-fidelity modeling
approaches. The approaches consists of an inner control loop, which leverages optimal control strategies to minimize
control effort, and an outer optimization loop that optimizes the commanded trajectory. Using this approach, we are
able to optimize the eVTOL transition trajectory while accounting for fully unsteady wake effects.

1. Aerodynamic model
The aerodynamic model used in this work is a conventional Vortex Lattice Method (VLM) coupled with Blade

Element Momentum Theory (BEMT). The VLM is used to calculate aerodynamic forces and moments on the lifting

5

A
ut

ho
r 

ve
rs

io
n 

· c
ite

 th
e 

pu
bl

is
he

d 
pa

pe
r:

 d
oi

.o
rg

/1
0.

25
14

/6
.2

02
5-

03
62



surfaces of the aircraft, and BEMT is used to calculate thrust and torque on each rotor. These two methods are coupled
through the wake induced by the rotors, which is resolved with BEMT. These induced velocities are applied to the
lifting surfaces and included in the VLM solution. This method allows for mid-fidelity calculations of rotor-surface
interactions as the aircraft moves through its trajectory.

2. Trajectory optimization
The trajectory optimization objective consists of finding a set of optimal control inputs 𝑢∗ that are required to obtain

a set of optimal states 𝑥∗. Together, these control inputs and states result in the trajectory that minimizes power input to
the system. In this method, two optimization loops are implemented. The problem statement follows the form of a
discrete LQR controller as shown in Eq. (1)

minimize [𝑥𝑇𝑢𝑇 ]𝑃
[
𝑥

𝑢

]
with respect to 𝑥, 𝑢

subject to ¤𝑥 = 𝐴𝑥 + 𝐵𝑢
𝑥 𝑓 = 𝑥cruise

(1)

Where 𝑃 is a matrix that defines a quadratic penalty on power input, 𝐴 and 𝐵 are the result of the linearized system
equations of motion, and 𝑥 𝑓 is the final state of the trajectory, which must equal the desired cruise state 𝑥cruise. Note that
𝑥 and 𝑢 are vectors defined over the time horizon. Therefore the objective function projected over the entire horizon
becomes

𝑃 = [𝑥𝑇0 𝑥
𝑇
1 ...𝑢

𝑇
0 𝑢

𝑇
1 ...]


𝑃0

. . .

𝑃𝑛





𝑥0

𝑥1
...

𝑢0

𝑢1
...


Likewise, the linearized equations of motion over the time horizon become


𝑥1

𝑥2
...

 =


0

𝐴1
. . .

. . . 0
𝐴𝑛 0



𝑥1

𝑥2
...

 +

𝐵0

. . .

𝐵𝑛



𝑢0

𝑢1
...

 +

𝐴0

0
...

 𝑥0

The 𝑃, 𝐴 and 𝐵 matrices are calculated at every time step, creating a linear time variant (LTV) system that is
linearized about the vehicle’s most recent trajectory. These matrices are then updated at each iteration of the optimization
until convergence is achieved. From the system-level optimization we use as inputs the vehicle mass and inertia tensor
components in order to describe the vehicle’s dynamic response to the input loads. These loads are defined through the
locations and geometries of the various rotors, wing and tail surfaces that are taken from the system-level optimization
as well. We emphasize that we constrain the transition trajectories in this work to be fully horizontal.

B. Powertrain Topology
Various electric propulsion architectures have been proposed for electric aircraft, including all-electric, hybrid-

electric, and turbo-electric systems [50]. The powertrain model used in this work aims to minimize the gross mass of
the entire aircraft and facilitate the integration of motor and battery models. The following sections describe various
aspects of the computational model of the powertrain system. Unless otherwise indicated the equations presented here
are taken from [51]. Figure 1 presents a high-level diagram of the powertrain system analyzed in this study, which is
based on the powertrain architecture of NASA’s X-57 Maxwell [52]. The term "powertrain" in this work is used to

6

A
ut

ho
r 

ve
rs

io
n 

· c
ite

 th
e 

pu
bl

is
he

d 
pa

pe
r:

 d
oi

.o
rg

/1
0.

25
14

/6
.2

02
5-

03
62



denote the power electronics that connect the battery to the various electrical motors, its function is to convert the Direct
Current (DC) power coming from the battery into consistent Alternating Current (AC) power.

We consider the powertrain as three distinct parts, each with distinct but interconnected roles. The DC bus acts as the
primary power source for the inverters, typically consisting of capacitors that stabilize and filter the DC voltage in order
to minimize voltage ripples and transient disturbances from upstream sources (in this case the battery pack). Inverters
convert the DC power from the DC bus into AC power to drive the motors. They use semiconductors such as MOSFETs
or IGBTs to perform high-speed switching in order to achieve efficient DC-to-AC conversion. Filters are positioned
at the output of the inverters to smooth the AC waveforms and reduce harmonics generated by the high-frequency
switching. This protects the motors by mitigating Electromagnetic Interference (EMI) and minimizing bearing currents.
In this way the powertrain components ensure a reliable and efficient power supply for the electric motors, maintaining
power quality and protecting system components.

Electric 

Machine

D

S

G

Battery Inverter Filter MotorDC Bus

Fig. 1 Powertrain system layout, connecting the battery pack to the motors

The DC bus, inverter and filter are made up of various smaller components. Figure 2 gives an overview of the
components that are taken into account in our powertrain model. In the next sections we cover the models that dictate
the behavior of these components. Some related works that deal with eVTOL aircraft powertrain modeling are [53, 54].

Fig. 2 Components per part of the powertrain system

1. Inverter Topology Selection
Choosing an appropriate inverter topology and powertrain architecture based on the configuration, size, and power

demands of eVTOL aircraft is crucial. Figure 3 illustrates the main schematic of the topologies examined in this study.
This paper evaluates three inverter topologies: the two-level (2L) inverter, the three-level Active Neutral Point Clamping
(3L-ANPC) inverter, and the three-level T-type (3L-T) inverter, as shown in Figure 3a, Figure 3b, and Figure 3c,
respectively. To evaluate the performance of the inverter, the mathematical model for calculating the RMS current of
each device is presented. For example, in a 2L inverter, based on the area equivalence principle, the RMS current of S1
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in the positive half of the cycle can be calculated using

𝐼S1,rms,p =

√︄
1
𝑇𝑠

∫ 𝑑ave𝑇𝑠

0
𝐼2
rms𝑑𝑡 = 𝐼rms

√︁
𝑑ave, (2)

and the RMS current of S1 in the negative half of the cycle can be calculated using

𝐼S1,rms,n =

√︄
1
𝑇𝑠

∫ 𝑇𝑠

𝑑ave𝑇𝑠

𝐼2
rms𝑑𝑡 = 𝐼rms

√︁
1 − 𝑑ave. (3)

In both these equations the average duty ratio of switch 𝑑ave can be computed with

𝑑ave =
1
𝜋

∫ 𝜋

0
𝐷max𝑠𝑖𝑛(𝜔𝑡)𝑑 (𝜔𝑡) =

2𝐷max
𝜋

, (4)

where 𝑇𝑠 is the switching period, 𝐼rms is the RMS value of current, and 𝐷max is the maximum duty ratio. For other
inverter topologies, the calculation method follows Eq. 2 through Eq. 4, with adjustments to the limits of integration
based on the Pulse-Width Modulated (PWM) signal waveform.
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(a) Two-level inverter
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(b) Three-level ANPC inverter
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(c) Three-level T-type inverter

Fig. 3 Considered inverter topologies

2. Semiconductor Model
Depending on the aircraft specifications and inverter topologies, different technologies and voltage rating semicon-

ductors can be selected. In this work only Wide Band-Gap (WBG) devices are studied, due to their better performance
than devices of other technology types. The conduction losses 𝑃cond and switching losses 𝑃sw are calculated using

𝑃cond = 𝐼2
rms𝑅ds,on,

𝑃sw =
1
2
𝐶oss𝑉

2
ds +

1
6
𝑉ds𝐼rms 𝑓sw (𝑡on + 𝑡off).

(5)

Here 𝑅ds,on is the turn-on resistance of the semiconductor, 𝐶oss is the output capacitance, and 𝑡on and 𝑡off are the rise
time and fall time, respectively. These four parameters are extracted from the semiconductor datasheet. 𝑉ds is the
drain-source voltage, 𝑓sw is the switching frequency, and 𝐼rms is the Root-Mean Square (RMS) current through the
device. These three parameters depend on the working conditions and the selection of inverter topologies. All devices
are assumed to operate at a constant temperature.

3. Inductor Model
The design of an inductor can be divided into two parts: magnetic component design and winding design. The

magnetic component design is based on inverter topologies, losses, and the reluctance model. To calculate the inductor
losses, the inductor geometry is divided into separate regions to construct a reluctance network, as illustrated in
Figure. 4a, where an EE-shaped magnetic core is shown. The resulting Magnetic Equivalent Circuit (MEC) model of a
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three-phase inductor is shown in Figure. 4b. A nonlinear iteration method is employed in the MEC model to account for
the magnetic saturation effects; this iteration method is depicted in Figure. 5. The improved generalized Steinmetz
equation (iGSE) [55] is used to calculate the core losses 𝑃core as

𝑃core =
1
𝑇

∫ 𝑇

0
𝑘𝑖

���𝑑𝐵
𝑑𝑡

���2 (Δ𝐵)𝛽−𝛼𝑑𝑡, (6)

where 𝛼, 𝛽, and 𝑘𝑖 are Steinmetz parameters. Δ𝐵 represents the peak-to-peak magnetic flux density across each region.
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BCD
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F
slotW
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BCD
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(a) EE core geometry for reluctance calculation
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Fig. 4 Reluctance network modeling and resulting MEC
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Fig. 5 Magnetic Equivalent Circuit nonlinear iteration approach

The design of the winding is based on the current density, core shape, and saturation flux density. A constant current
density is assumed to determine the winding diameters. The number of turns 𝑁 is calculated with

𝑁 =
𝐼max𝐿

𝐵max𝐴𝑐

. (7)

where 𝐼max is the maximum current, 𝐿 is the inductance, 𝐵max is the saturation flux density, and 𝐴𝑐 is the cross-sectional
area. The winding constraint equation, given by

2𝑁𝐴w ≤ 𝐾s𝑊slot, (8)
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states that the total copper area must be less than the slot area𝑊slot. The constant slotting factor 𝐾s is assumed to be 0.7.

Litz wire is the only type considered in this study, due to its lower winding losses compared to other types of winding.
The analytical model for winding losses, which takes into account the skin effect, is constructed following [56], as

𝑃winding = 𝑛𝑅dc𝐹𝑅 ( 𝑓 )
(
𝐼𝐿

𝑛

)2
. (9)

Here 𝑛 is the number of strands, 𝑅dc is the winding DC resistance; 𝐹𝑅 ( 𝑓 ) is a factor that describes the increases of DC
resistance due to the skin effect.

4. Remaining Component Models
1) Cooling system: Various cooling systems can be considered in the powertrain model. The optimizer evaluates

different cooling methods during the optimization process to identify the method that results in the minimum
heat sink mass while meeting temperature constraints. We consider here air cooling through forced convection
over an extruded-fin heat sink [57] and two-phase liquid cooling [58]. The thermal resistance of the heat sink is
calculated using the thermal equivalent circuit method. The maximum allowable heat sink thermal resistance is
determined through

𝑅th,hs =
𝑇hs − 𝑇amb
𝑃loss

, (10)

where the maximum allowed heat sink plate temperature 𝑇hs is restricted to 105 ℃ , and the maximum ambient
temperature 𝑇amb is 35 ℃. The mass of the heat sink is calculated based on its geometry. Figure 6 shows the
relevant geometrical parameters for both considered heat sink types; these are included as variables in the
powertrain optimization.

W
L

H

d

W
L

H

d

(a) Extruded-fin air cooling heat sink

L
W

H

NW

chH

chW

L
W

H

NW

chH

chW

(b) Two-phase liquid cooling plate

Fig. 6 Considered heat sink geometries

2) Capacitors: In the powertrain model, only ceramic and film capacitors are considered due to their high power
density and reliability. We can estimate the mass of the capacitors with

𝑚cap = 𝑘𝑉 𝛼
𝑟 𝐶

𝛽𝑉c, (11)

where 𝑘 , 𝛼, 𝛽 are parameters related to different types of capacitors and can be found in [59]. The capacitance 𝐶,
voltage rating 𝑉𝑟 , and volume of the capacitor 𝑉𝑐 can be extracted from the capacitor datasheets.

3) Auxiliary electronics: Auxiliary electronics include the gate driver, control board, and other auxiliary electronic
components in the inverter. In this powertrain model, auxiliary power losses and auxiliary mass are assumed to
be constant.

5. Optimization Routine
The objective of the powertrain optimization is to minimize the combination of powertrain mass 𝑚𝑝𝑡 and

(approximate) battery mass 𝑚̂𝑏𝑎𝑡𝑡 . All other vehicle mass contributions are assumed to be constant under changes in
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the powertrain. The powertrain mass is calculated directly, while the effects of the powertrain on battery mass are
approximated with

𝑚̂batt =
∑︁
𝑖

𝐸𝑖

𝜌batt

1
𝜂pt,i

, (12)

where 𝑖 is the mission segment index, 𝐸𝑖 is the energy usage per mission segment, 𝜌batt is the pack-level battery energy
density and 𝜂pt,i is the powertrain efficiency per mission segment. The powertrain optimization problem is then given by

minimize 𝑚pt + 𝑚̂batt

with respect to x
subject to 𝑝𝑖 (x) ≤ 0, 𝑖 = 1, ..., 𝑛𝑝

𝑚𝑖 (x) = 0, 𝑖 = 1, ..., 𝑛𝑚

(13)

where 𝑚pt + 𝑚̂batt is the objective function, subject to 𝑛𝑝 inequality constraints 𝑝𝑖 (x) and 𝑛𝑚 equality constraints 𝑚𝑖 (x).
The design variables 𝒙 and other constant inputs are summarized in Table 2. The motor’s electrical frequency and the
feasible operating range of WBG devices determines the lower and upper bounds of the switching frequency. Powertrain
efficiency fluctuates with varying power demands in each mission segment. Therefore, optimizing the rated output power
of the inverter is essential to achieve the highest possible powertrain efficiency across the entire mission profile. The
range of the inverter’s rated output power, 𝑃𝑜, is determined by the aircraft configurations and the potential power range
required for the given mission profile. Based on empirical data, the current density in each conductor is assumed to be
between 5 𝐴/𝑚𝑚2 and 6 𝐴/𝑚𝑚2. Therefore, the boundary range of winding diameters can be determined by the current
density range. The range of inductor and heat sink geometry variables is based on the dimensions of products currently
available on the market. The bound range of the inverter topology is defined by the number of inverters included in
this optimization problem. Whereas most of the design variables are continuous, some (such as the inverter topology)
are discrete or not differentiable (such as the choice of heat sink type). As such we resort to using a gradient-free
optimization approach. We leverage a combination of Simulated Annealing and a Genetic Algorithm to obtain optimal
powertrain designs that lead to the lowest gross vehicle mass.

Table 2 Design variables and constant inputs

Design variable Variable range

Inverter topology 𝑇i 1, 2, 3
Switching frequency 𝑓sw [20 𝑘𝐻𝑧, 200 𝑘𝐻𝑧]
Ripple attenuation factor RAF [0.001, 0.6]
Invertor rated output power 𝑃o [15 𝑘𝑊, 60 𝑘𝑊]
Inductor winding diameter on inductor side 𝑑i [2 𝑚𝑚, 10 𝑚𝑚]
Inductor winding diameter on motor side 𝑑g [2 𝑚𝑚, 10 𝑚𝑚]
Heat sink height 𝐻 [40 𝑚𝑚, 80 𝑚𝑚]
Heat sink width𝑊 [100 𝑚𝑚, 150 𝑚𝑚]
Heat sink length 𝐿 [151 𝑚𝑚, 201 𝑚𝑚]
Number of air cooling heat sink fins 𝑛 [10, 50]
Liquid cooling channel height 𝐻ch [0.5 𝑚𝑚, 3 𝑚𝑚]
Liquid cooling channel width𝑊ch [0.5 𝑚𝑚, 3 𝑚𝑚]

C. Battery Pack
The modeling and design of battery packs play a crucial role in advancing the maturity, assessing the safety, and

increasing the performance of eVTOL vehicles. Therefore, it is essential to capture the battery cell-level and pack-level
responses to given flight profiles and power requirements. We take these into account through a two-step modeling
and optimization approach: First we model the response of the battery cells to a given mission power profile. The cell
heat generation is then provided as input to a battery pack topology optimization model. As shown in Figure 7, the
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battery pack is split over the four booms that connect the lift rotors to the aircraft wings. Also shown in the detail view
is the initial shape of a unit cell of the load-carrying and heat-dissipating battery packs, prior to any topology optimization.

Fig. 7 Layout of battery cells in rotor booms with detail view of cells inside rotor booms prior to topology
optimization

Various physics-based electrochemical models with different levels of fidelity can be used to model the response
of battery cells to a given power profile. In order of increasing fidelity: the Single Particle Model (SPM) [60], the
Single Particle Model with electrolyte (SPMe) [61], and the Doyle-Fuller-Newman model (DFN) [62]. These models
are derived from charge and mass conservation in the cell and are implemented within the open-source Python-based
battery modeling and simulation library PyBaMM [63]. In this work we use the DFN model to compute whether a
given battery pack layout can deliver the power profile required for the design mission. If this is found not to be the case,
additional rows of cells are added iteratively in parallel until the sized-up battery is able to complete the given power
profile. Since the rows of cells are added in parallel this does not affect nominal system voltage. This procedure results
in an appropriately-sized battery pack configuration to feasibly complete the design mission.

We use a battery cell model that is based on the LG M50 cell model in PyBaMM of Chen et al. [64]. We use
a nominal voltage of 3.6 𝑉 and capacity of 4.85 𝐴ℎ. With a cell mass of 0.07 𝑘𝑔 this results in a cell-level energy
density of 250 𝑊ℎ/𝑘𝑔. In order to draw a better comparison with the works of Sarojini et al. [14] and Ruh et al.
[15] on which much of this work is based, we assume an initial pack-level energy density of 400 𝑊ℎ/𝑘𝑔. Silva et
al. [13] assume the same. They estimate that 30% of the battery mass is used by battery management systems and
packaging. We resolve the battery packaging explicitly in this work, as described below. We assume that half of
the aforementioned battery mass increase (15%) is used by packaging. To then match the 400 𝑊ℎ/𝑘𝑔 pack-level
energy density used in prior work [14, 15], we assume a cell-level energy density of 460 𝑊ℎ/𝑘𝑔. This cell-level
energy density includes the mass contribution of battery management systems. In order to be consistent with the
aforementioned works of Sarojini et al. [14] and Ruh et al. [15] we use an allowable depth of discharge of 80%, between
90% and 10% state of charge. The peak cell heat generation is passed to the battery pack topology optimization algorithm.

The battery pack response is predicted with a steady-state thermo-mechanical finite element model [65] implemented
with the open-source finite element package FEniCS [66]. The model assumes a weak coupling between the heat
transfer and the linear elasticity problems. This is reasonable under the small deformation assumption. Therefore,
the coupled problem is solved sequentially. First, the steady heat conduction problem is solved for the temperature
distribution. Then, a linear elasticity problem is solved considering the thermal strain due to the temperature increase
and the mechanical loading due to the aircraft rotors, taken to be equal to 1/7th of the vehicle weight (to account for OEI
conditions).

The battery pack design is optimized using the level-set topology optimization method implemented with the
open-source software ParaLeSTO [67]. The topology optimization is carried out for a battery unit cell that contains
nine battery cells, arranged in a 3 × 3 grid in a block of 70 × 90 × 90 𝑚𝑚3. with mesh cells of 1 𝑚𝑚 in each direction,
this leads to 2, 840, 000 degrees of freedom. The objective of the optimization problem is to minimize the mass of the
battery pack given temperature and packaging volume constraints, the latter in order to bound the packaging mass from
above. We add 0.1 times the structural compliance to the objective function as a penalization term in order to obtain a
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fully-connected packaging topology. Consequently, the optimization problem reads

min
Ω

𝑚batt + 0.1𝐶𝑠

subject to 𝑇𝑝 ≤ 𝑇
R = 0

where 𝑚batt is the mass of the battery pack, 𝐶𝑠 is the structural compliance, 𝑇𝑝 is the maximum temperature with a
𝑝-norm aggregation function, and R denotes the residual vector of the electrochemical and thermo-mechanical models.
The temperature upper bound 𝑇 is equal to 30◦ Celsius (303.15 Kelvin).

The two-step battery pack optimization procedure is connected to the system-level optimization by updating the
pack-level battery energy density. These updates reflect changes in cell heat generation over the course of the mission
power profile, and the number of cells that are needed to generate the required power draws.

D. Wing Structural Design
We carry out a coupled aero-elastic optimization to design a lightweight wing structure. For the aerodynamic model,

we use the same VLM model that is used in the system-level optimizer and couple it to a linear Reissner-Mindlin (RM)
shell model. Sarojini et al. [18] covered the code verification of these and many other computational models used within
this work. Moreover, this RM shell model has been coupled to the same VLM model in various past works [68, 69]. A
machine-learning based airfoil model is used to find the pressure distribution on the wing skin given the VLM lift and
drag values [70]. The RM shell model is implemented in FEniCSx [71]; the automatic differentiation capabilities of
FEniCSx are integrated into CADDEE through the Finite Elements for Multidisciplinary Optimization (FEMO) library
[72]. This allows us to perform gradient-based high-fidelity aeroelastic optimization of the wing structure with the
SLSQP optimization algorithm. Moreover, FEMO’s inclusion in CADDEE allows us to leverage SIFR for modular
aeroelastic coupling [69, 73].

In line with the objective of the system-level optimization, the objective of the aero-structural sub-optimization
problem is to minimize the wing mass. The system-level optimization handles wing shape optimization, whereas the
high-fidelity aero-structural optimization focuses on thickness optimization on a shell mesh of the shape-optimized
wing. Shell models are very well-suited for this since their discretization does not depend on local thicknesses. Given a
set of material parameters we modify the thicknesses of the wing skin (16), spars (16) and ribs (9), for a total of 41
design parameters. Figure 8 shows the distribution of wing skin sections; each upper and lower bay between neighboring
ribs has a constant wing skin thickness. The same holds for the spars, with each of the two spars being divided into
constant-thickness sections between neighboring ribs.

Fig. 8 Cutaway view of a single wing, each color denotes a wing skin section with constant thickness

To manage the computational cost of the aero-structural optimization we do two preliminary numerical tests. First
we compare optimized wing designs that are obtained with two- and one-way aero-elastic coupling. In the former the
RM shell and VLM models are solved alternatingly, both feeding updated displacement and force information to one
another until the coupled system reaches a converged state. In the latter approach we compute the aerodynamic forces of
the undeformed wing and impose these onto the RM shell, without using the deformed wing shape to re-compute the
aerodynamic forces. Table 3 shows the tip displacement, peak stress, trimmed angle of attack and wing structural mass
of the optimized designs that were obtained with both coupling approaches. As can be seen the difference between
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them is small. We thus opt for using a one-way-coupled aero-elasticity approach in the rest of this work, for the sake of
computational efficiency.

Table 3 Optimal wing structural design data obtained with one- and two-way aero-elastic coupling

Coupling Tip displacement [m] Peak stress [MPa] Angle of Attack [deg] Wing mass [kg]
One-way 0.1336 33.72 1.234 131.09
Two-way 0.1385 33.30 1.344 131.63

Next we test three meshes of varying sizes in order to quantify how fine the shell mesh should be. Figure 9 shows the
three considered meshes: A baseline mesh with 2, 486 cells and two steps meshes that are twice as fine in each direction
as the previous mesh, resulting in meshes that have four and sixteen times as many cells respectively. Table 4 shows the
wing tip displacements and peak stresses that are obtained for a specific load case with these three meshes. We see
that, as the mesh is refined, the tip displacement decreases while the peak stress increases; the latter is due to a stress
concentration near the wing root that becomes more pronounced as the local cell size is decreased. The peak stresses
are significantly lower than the material yield stress, and the tip displacement variations are less than 5%. Hence we
proceed with using the baseline mesh for our optimizations.

(a) 2,486 cells

(b) 9,872 cells

(c) 39,488 cells

Fig. 9 Coarse, medium and fine wing shell meshes

Table 4 Structural wing response of a single load case with meshes of three different sizes

Number of mesh cells Tip displacement [m] Peak stress [MPa]
2,486 0.04800 29.98
9,872 0.04778 32.63
39,488 0.04603 37.67

In the optimizations we consider static +3𝑔 and −1𝑔 load cases. The coupled aero-elastic system is trimmed at
these load cases via a bracketed Angle of Attack search. We include the inertial loads of the rotor booms at their

14

A
ut

ho
r 

ve
rs

io
n 

· c
ite

 th
e 

pu
bl

is
he

d 
pa

pe
r:

 d
oi

.o
rg

/1
0.

25
14

/6
.2

02
5-

03
62



corresponding locations on the wing. Buckling constraints are imposed on a per-surface basis. The buckling stress is
computed analytically with Roark’s formula for curved panels under uniform compression [74, Tab.15.2, 13.a, p.734],

𝜎′ =
1
6

𝐸

1 − 𝜈2

[√︂
12

(
1 − 𝜈2) ( 𝑡

𝑟

)2
+
( 𝜋𝑡
𝑏

)4
+
( 𝜋𝑡
𝑏

)2
]
. (14)

Here 𝐸 and 𝜈 are the Young’s modulus and Poisson ratio. Geometric parameters consist of panel thickness 𝑡, the width
𝑏 of the curved panel and the radius of curvature 𝑟 corresponding to the panel curvature. Maximum stress constraints
of 350 𝑀𝑃𝑎 were found to more lax than the buckling constraints, and were thus removed from the optimization
problem. Post-optimality checks showed that all optimal designs shown in this work satisfy the excluded maximum
stress constraints.

IV. Distributed Multidisciplinary Design Optimization
We couple the sub-optimizations of section III to the system-level optimization covered in section II. We do this

with a distributed MDO architecture. Using these sub-optimizations in a distributed MDO architecture (as opposed to
monolithic) has two main advantages. It allows us to take into account vastly different optimization problems without
greatly increasing the cost of solving the system-level optimization problem, and makes it possible to use different
optimization algorithms that are each tailored to specific problem types. For an example of the former: The battery pack
optimization involves solving a topology optimization problem with millions of design variables, whereas the other
optimization problems have several hundreds of design variables at most. An example of the latter is the powertrain
optimization, which involves discrete design variables; as such we need to use a gradient-free optimization algorithm to
solve it, as opposed to the more efficient gradient-based algorithms used elsewhere. In section IV.A we first cover the
way in which the various optimization problems are coupled to one another. Following that, section IV.B discusses how
the gross vehicle mass and subsystem masses are estimated with updated data from each optimization.

A. Optimization Coupling
Section III covers what information is transferred between the system-level optimization and the subsystem-level

optimizations. We use the hierarchical Jacobi-style coupling approach shown in Fig. 10. Each sub-optimization is run
at the same time, after which their relevant data is fed back to the system-level optimizer, which then recomputes the
optimal vehicle design. To obtain a feasible optimal design that is consistent between all optimizations we use Analytical
Target Cascading (ATC). ATC was first introduced by Kim et al. [16] as a way of propagating design requirements and
targets through a hierarchical system. Tosserams et al. [17] extended this to non-hierarchical systems, having MDO in
mind. ATC enforces consistency between optimizations with shared variables and constraints by introducing penalty
terms to the objective functions of the system- and subsystem-level optimizations. These penalty terms scale with the
differences between variables that are shared between multiple optimizations. By increasing the weights of the penalty
terms after each outer loop iteration we ensure that the distributed MDO problem converges to a consistent and feasible
optimal design. Martins and Lambe [75] give more details on ATC and cite various example applications in aerospace
and beyond. An eVTOL application of ATC can be found in [76].

The objective functions of each subsystem optimization align with the system-level optimization, and the design
variables and constraints of the system optimization and trajectory, powertrain & battery pack optimizations are disjoint.
Only the aero-structural wing optimization shares design variables and constraints with the system-level optimization
problem. In our implementation of ATC we defer to the higher-fidelity aero-structural wing sub-optimization when
evaluating stress constraints that are shared with the system-level optimization. We do this by scaling the shared stress
constraints in the system-level optimization, such that the optimal design of the aero-structural sub-optimization is
considered feasible. Both optimization models use the wing box thicknesses as design variables. We enforce consistency
between both optimizations by penalizing in the system-level optimization model any deviations from the optimal
solution of the aero-structural optimization of the previous outer loop. Let 𝒕 (𝑘−1)

struct denote the optimized wing box
thickness vector of the aero-structural optimization model in outer loop iteration 𝑘 − 1, whereas 𝒕 (𝑘 )system denotes the
current wing box thickness vector in the system-level optimization of outer loop iteration 𝑘 . We define the inconsistency
vector as

𝒄𝑘
(
𝒕 (𝑘 )system

)
= 𝒕 (𝑘 )system − 𝒕 (𝑘−1)

struct , (15)
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Rotor loading conditions;
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Vehicle mass;

Wing geometry

Vehicle states in points

along transition trajectories

1 : Trajectory

optimization

Powertrain efficiency

and mass

2 : Powertrain topology

optimization

Pack-level battery

energy density

3 : Battery pack

optimization

Wing component thicknesses;

stresses, wing mass

4 : Aero-structural

wing optimization

Fig. 10 Jacobi-style coupling between system-level optimization and subsystem optimizations

and define the corresponding penalty term Π (𝑘 )
(
𝒕 (𝑘 )system

)
in the objective function of the system-level optimization as

Π (𝑘 )
(
𝒕 (𝑘 )system

)
= 𝜌 (𝑘 )

[(
𝒗 (𝑘 )

)𝑇
𝒄 (𝑘 ) + ||𝒘 (𝑘 ) ◦ 𝒄 (𝑘 ) | |22

]
. (16)

Here ◦ denotes element-wise multiplication of vectors. The penalty parameters 𝜌 (𝑘 ) , 𝒗 (𝑘 ) and 𝒘 (𝑘 ) are defined as

𝜌 (𝑘 ) =
1

exp

[√︂(
𝑆
(𝑘 )
system − 𝑆 (𝑘−1)

system

)2
+
(
𝐴𝑅

(𝑘 )
system − 𝐴𝑅 (𝑘−1)

system

)2
] ,

𝒗 (𝑘 ) = 𝒗 (𝑘−1) + 2𝒘 (𝑘−1) ◦ 𝒘 (𝑘−1) ◦ 𝒄 (𝑘−1) ,

𝒘 (𝑘 ) = 𝛽𝒘 (𝑘−1) .

(17)

Where 𝑆system and 𝐴𝑅system are the wing area and aspect ratio. Note that 𝑆 (𝑘 )system and 𝐴𝑅 (𝑘 )
system vary during the system-level

optimization of outer loop iteration 𝑘 , whereas 𝑆 (𝑘−1)
system and 𝐴𝑅

(𝑘−1)
system are constant. Including this scaling term lets

us reduce the penalization Π (𝑘 ) when the system-level optimizer changes wing design parameters that do affect the
optimal wing box thicknesses, but that aren’t shared with the aero-structural sub-optimization. We choose 𝛽 = 2.5
as scaling parameter for 𝒘 and initialize the penalization in the second outer loop iteration with 𝒗 (2) = 0 and 𝒘 (2) = 1000.

B. Subsystem Optimization Vehicle Mass Estimation
Gross vehicle mass is affected by the various parameters that are fed back to the system-level optimization by the

subsystem optimizations. The subsystem optimization models do not possess any inherent knowledge of the mass of the
entire vehicle, since they only consider specific parts or aspects of the vehicle. We thus construct approximate gross
vehicle mass models, in order to aid in judging convergence of the distributed MDO problem and the effects of the
subsystem optimizations on the overall vehicle. We split up the gross vehicle mass into the following components:

• Powertrain electronics 𝑚pt,
• Electrical motors 𝑚motor,
• Battery pack 𝑚batt,
• Wing structure 𝑚wing,
• Non-wing structures 𝑚nws,
• Other (payload, assorted aircraft systems) 𝑚o.
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Such that in outer loop iteration 𝑘 ,

𝑚
(𝑘 )
vehicle = 𝑚

(𝑘 )
pt + 𝑚 (𝑘 )

motor + 𝑚
(𝑘 )
batt + 𝑚

(𝑘 )
wing + 𝑚

(𝑘 )
nws + 𝑚𝑜 . (18)

The system-level optimization is based on that of Ruh et al. in [15], and as such has the same breakdown of gross vehicle
mass into constituent systems. We add to that a mass term that accounts for the mass of the powertrain electronics
(i.e. 𝑚pt). The non-wing structural mass 𝑚nws thus consists of the fuselage, rotor boom and empennage mass shown in
[15]. "Other" mass 𝑚𝑜 consists of the mission payload and assorted non-structural aircraft systems and does not change
from iteration to iteration. The non-wing structural mass fraction 𝑚nws/𝑚vehicle, wing mass fraction 𝑚wing/𝑚vehicle and
electrical motor mass fraction 𝑚motor/𝑚vehicle are kept constant for all subsystem optimizations per outer iteration loop.
Note that below we don’t cover the mission transition phase trajectory optimization, since that does not directly affect
the gross vehicle mass in our models. In the next sections quantities without the word 𝑛𝑒𝑤 in their subscript are those
computed by the system-level optimization.

1. Powertrain Topology Optimization
In outer loop iteration 𝑘 a new value for the powertrain electronics mass 𝑚 (𝑘 )

pt, new and powertrain efficiencies 𝜂 (𝑘 )pt,𝑖
(indexed according to mission segment 𝑖) are computed by the powertrain topology optimization. With the updated
efficiencies we recalculate the battery mass as

𝑚̂
(𝑘 )
batt =

∑︁
𝑖

𝐸
(𝑘 )
𝑖

𝜌
(𝑘 )
batt

𝜂
(𝑘−1)
pt,𝑖

𝜂
(𝑘 )
pt,𝑖

. (19)

Here 𝐸 (𝑘 )
𝑖

is the battery energy needed for mission segment 𝑖, and 𝜌 (𝑘 )batt is the current pack-level battery energy density.
The updated battery mass 𝑚̂ (𝑘 )

batt is thus the result of the battery mass required to complete each mission segment, weighted
by the ratio of the old and new powertrain efficiency for that same mission segment. A more efficient powertrain
thus reduces the required battery mass. We point out that the old powertrain efficiencies 𝜂 (𝑘−1)

pt,𝑖 are sourced from the
system-level optimization and are identical to the output of the powertrain optimization in outer loop 𝑘 − 1. The updated
vehicle mass 𝑚 (𝑘 )

vehicle,pt after the powertrain topology optimization then becomes

𝑚
(𝑘 )
vehicle,pt =

𝑚
(𝑘 )
pt, new + 𝑚̂ (𝑘 )

batt + 𝑚o

1 − 𝑚
(𝑘)
nws

𝑚
(𝑘)
vehicle

−
𝑚

(𝑘)
wing

𝑚
(𝑘)
vehicle

− 𝑚
(𝑘)
motor

𝑚
(𝑘)
vehicle

. (20)

2. Battery Pack Optimization
The only mass component directly affected by the battery pack optimization is 𝑚batt. Let 𝑚 (𝑘 )

batt,new denote the newly
computed battery pack mass. Then the updated vehicle mass 𝑚 (𝑘 )

vehicle,batt is

𝑚
(𝑘 )
vehicle,batt =

𝑚
(𝑘 )
pt + 𝑚 (𝑘 )

batt,new + 𝑚o

1 − 𝑚
(𝑘)
nws

𝑚
(𝑘)
vehicle

−
𝑚

(𝑘)
wing

𝑚
(𝑘)
vehicle

− 𝑚
(𝑘)
motor

𝑚
(𝑘)
vehicle

. (21)

We also point out that the pack-level battery energy density 𝜌 (𝑘 )batt,new is updated.

3. Aero-Structural Wing Optimization
Unlike the other sub-optimizations we don’t use the wing mass ratio 𝑚wing

𝑚vehicle
, since we directly compute the wing

structural mass 𝑚 (𝑘 )
wing,new in the aero-structural wing optimization. The updated vehicle mass 𝑚 (𝑘 )

vehicle,wing becomes

𝑚
(𝑘 )
vehicle,wing =

𝑚
(𝑘 )
pt + 𝑚 (𝑘 )

batt + 𝑚o

1 − 𝑚
(𝑘)
nws

𝑚
(𝑘)
vehicle

− 𝑚
(𝑘)
motor

𝑚
(𝑘)
vehicle

. (22)

Note that we don’t update the battery mass, since we’re not modifying the mission profile energy usage.

17

A
ut

ho
r 

ve
rs

io
n 

· c
ite

 th
e 

pu
bl

is
he

d 
pa

pe
r:

 d
oi

.o
rg

/1
0.

25
14

/6
.2

02
5-

03
62



4. Combining Subsystem Optimization Data
After running the subsystem optimizations we make an estimate of the gross vehicle mass breakdown with all

updated information from the subsystem optimizations. The battery mass is estimated as

𝑚
(𝑘 )
batt, combined =

∑︁
𝑖

𝐸
(𝑘 )
𝑖

𝜌
(𝑘 )
batt, new

𝜂
(𝑘−1)
pt,𝑖

𝜂
(𝑘 )
pt,𝑖

, (23)

which then leads to the following gross vehicle mass estimate

𝑚
(𝑘 )
combined,new =

𝑚
(𝑘 )
pt,new + 𝑚 (𝑘 )

batt,combined + 𝑚
(𝑘 )
wing,new + 𝑚o

1 − 𝑚
(𝑘)
nws

𝑚
(𝑘)
vehicle

− 𝑚
(𝑘)
motor

𝑚
(𝑘)
vehicle

. (24)

V. Results
With multiple runs each of five optimization models we have an extensive amount of data. Our focus in this work is

on how the returned outputs of the subsystem optimizations affect the system-level optimization results, and how this in
turns affects the subsystem optimizations. As such we highlight here trends in the optimized designs between outer loop
iterations. We first report on the wall time of each optimization in section V.A. Next, in section V.B, we look at the
change in estimated gross vehicle mass after each optimization. The system-level optimization trends are covered in
section V.C, followed by the subsystem optimizations in section V.D. Lastly we look at the design parameter consistency
between the system-level and aero-structural optimizations in section V.E.

A. Optimization Wall Times
Table 5 shows the approximate wall times of each optimization problem in the order in which they were run. Since

the Jacobi-style coupling approach allows us to run all subsystem optimization simultaneously, the total wall time per
iteration is the sum of the system-level optimization and the maximum of the subsystem optimizations. As can be seen
the system-level optimization currently takes the most time, and needs more time to converge in later iterations, owing
to the difficulty of finding feasible designs with lower battery energy densities, as is covered below. The trajectory,
battery pack and aero-structural models all speed up as the iterations progress, due to their warm-start capabilities
with gradient-based optimization techniques. The powertrain optimization does not benefit from this, and thus its
gradient-free optimizer carries out the same number of design iterations during each optimization.

Table 5 Approximate wall times of each optimization per iteration, and total turnaround time per Jacobi
iteration

Optimization System-level Trajectory Powertrain Battery pack Aero-structural Iteration total

Baseline - 5 ℎ𝑟𝑠 4 ℎ𝑟𝑠 - - 5 ℎ𝑟𝑠

Iteration 1
15 ℎ𝑟𝑠

22 ℎ𝑟𝑠
5 ℎ𝑟𝑠 4 ℎ𝑟𝑠 7 ℎ𝑟𝑠 3.33 ℎ𝑟𝑠

Iteration 2
17 ℎ𝑟𝑠

21 ℎ𝑟𝑠
4 ℎ𝑟𝑠 4 ℎ𝑟𝑠 4 ℎ𝑟𝑠 0.1 ℎ𝑟𝑠

Iteration 3
17 ℎ𝑟𝑠

21 ℎ𝑟𝑠
2 ℎ𝑟𝑠 4 ℎ𝑟𝑠 3 ℎ𝑟𝑠 0.1 ℎ𝑟𝑠

B. Vehicle Mass Evolution
We compare the gross vehicle mass predictions resulting from the various optimizations. The system-level

optimization directly computes the vehicle mass; section IV.B covers how we update the estimated vehicle mass
following each subsystem optimization. Figure 11 shows the (estimated) system mass breakdowns corresponding to
each optimization. The leftmost bar of each iteration is the system-level optimization, followed by the powertrain,
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battery pack, and aero-structural optimizations, with lastly a mass estimation that combines all updated subsystem-level
information. Compared to the initial system-level optimization of iteration 1 (which we treat as baseline), the battery
pack model leads to an increase in gross vehicle mass of roughly 100 𝑘𝑔. The high-fidelity aero-structural wing
optimization reduces wing mass by 300 𝑘𝑔, with snowball effects leading to a weight decrease of 350 𝑘𝑔. Combining
their data again leads to a decrease in estimated vehicle mass of 270 𝑘𝑔.

Feeding back the optimized subsystem data to the system-level optimization results in another mass increase, this
time from 3, 827 𝑘𝑔 in iteration 1 to 4, 145 𝑘𝑔 in iteration 2. As is covered in the next section this updated design uses sig-
nificantly more power and energy, which causes the vehicle mass in the subsequent battery pack optimization to increase
significantly, thereby increasing the corresponding vehicle mass by 640 𝑘𝑔 with respect to the system-level optimization
of iteration 2. Again the aero-structural optimization finds a lower-mass wing design, leading to a vehicle-level mass de-
crease of 90 𝑘𝑔. The combined mass estimate is again higher, this time exceeding the system-level optimization by 550 𝑘𝑔.

The combined mass estimate of iteration 2 is similar to the actual mass of the system-level optimization in iteration
3. Again in iteration 3 the vehicle mass in the battery pack optimization is significantly larger, due to an increase in
battery pack mass of 430 𝑘𝑔 relative to the system-level optimization. This causes the related gross vehicle mass to
increase by 640 𝑘𝑔. The aero-structural and powertrain mass estimations are both similar to the system-level vehicle
mass, to within 20 𝑘𝑔. As a result of the battery pack mass increase, the combined vehicle mass estimate also exceeds
the system-level vehicle mass, by 620 𝑘𝑔, slightly lower than the battery pack optimization mass.

Iteration 1 Iteration 2 Iteration 3
0

1000

2000

3000

4000

5000

M
as
s [

kg
]

Other
Motors
Non-wing structural
Wing
Battery pack
Powertrain

System-level
Powertrain
Battery
Aero-structural
Combined data

Fig. 11 Estimated system mass breakdowns after each optimization

C. System-level Optimization Results
We highlight here some trends from the system-level optimization results. Figure 12 shows the power profiles

corresponding to one mission leg of the optimal vehicle design of each iteration. The vertical dashed lines show where
each mission segment ends. These segments are in order of hover, transition maneuver, climb, cruise and descent.
We note that the power profile labeled "iteration 1" was obtained with the optimal trajectory labeled "baseline" in
section V.D.1, the power profile label "iteration 2" was obtained with the optimal trajectory labeled "iteration 1" in
section V.D.1, and similar for iteration 3. Even though gross vehicle mass between iterations 1 and 2 increases by only
12.5%, the power draw in iteration 2 while hovering is 46% larger. Similarly, the peak power draw during the transition
maneuver increases by 104%. Climb power increases by 28%, while the cruise and descent power changes are only
13% and −1% respectively. We point out the large power increases specifically during mission segments that employ
the lift rotors. These increases are significantly higher than the theoretical scaling of power as function of thrust to
the power of 3

2 . This indicates that the optimized lift rotors in iteration 2 are significantly less efficient than those of
iteration 1. The hover power growth between iterations 2 and 3 matches the theoretical scaling.
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Fig. 12 Mission power profiles of system-level optimization per outer loop iteration; shown in succession are
hover, transition maneuver, climb, cruise and descent mission segments

This large power increase between iterations 1 and 2 seems to be caused by the noise constraints: These are all
active, and as a result seem to limit the efficiencies of the lift rotor blades above a certain disk loading threshold. It
seems like the noise constraints limit how much lift force can be generated with the lift rotors at reasonable power
levels: Increasing the required lift force once the noise constraints are active comes at the cost of needing significantly
more power to drive the lift rotors. Heavier eVTOL vehicles designed to operate at acceptable noise levels for urban
environments could potentially benefit from using higher numbers of lift rotors, or using more blades per rotor in order
to spread the required loads over more rotors and rotor blades. We look at three mature eVTOL Urban Air Mobility
concepts as points of comparison. The Maximum Take-Off Weights (MTOWs) of the vehicle designs presented in this
work fall between 3, 500 − 5, 000 𝑘𝑔 and all use 8 lifting rotors. Joby’s S4 vehicle [77] is estimated to have a MTOW of
2, 400 𝑘𝑔 with 6 lifting rotors. Archer’s Midnight aircraft [78] is estimated to be at a MTOW of 3, 200 𝑘𝑔 with 12
lifting rotors. Wisk’s Generation 6 pre-production prototype [79] is quoted as having a comparable payload weight as
the S4 and Midnight, and uses 12 lifting rotors. These vehicles each have payload weights less than half of our designs,
resulting in significantly lower MTOWs even with current battery technology. Consequently, the required lift per rotor is
smaller than our current vehicle designs. This seems to suggest that in the presence of constant noise constraints a trend
exists, where the number of lift rotors should increase with gross vehicle mass in order to avoid having to resort to
inefficient rotors.

Figure 13 shows breakdowns of the mass of the system-level-optimized vehicle into the various considered systems.
We regard the vehicle obtained in iteration 1, shown in figure 13a, as baseline for the system-level optimizations. As
mentioned previously the mass component designated as "other" remains constant. The mass of the electric motors
increases significantly from iteration 1 to iteration 2, owing to the related significant increase in maximum power. While
the motor mass increases from iteration 2 to 3 as well, this increase is small compared to the gross vehicle mass increase.
This again indicates that, starting from iteration 2, the (active) noise constraints force the optimizer to use relatively
inefficient rotor blades. Battery pack mass increases from iteration to iteration, both due to higher energy capacity
requirements and decreases in pack-level energy density; section V.D.3 covers these trends in more detail. Wing mass
decreases gradually from iteration to iteration, both in absolute terms and relative to gross vehicle mass. This happens
due to the more accurate wing stress evaluations of the high-fidelity aero-structural optimization, which are passed to
the system-level optimization and effectively enlarge the feasible space for the wing thicknesses. Lastly, the non-wing
structural mass shows slight increases in absolute terms, but this is smaller than the mass increase of other vehicle
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Fig. 13 System mass breakdowns of system-level-optimized Lift+Cruise vehicle per outer loop iteration

components, thereby reducing its share of the gross vehicle mass.

D. Sub-Optimization Results

1. Transition Trajectory
Figure 14 shows the velocity, acceleration and pitch angle along the optimized trajectories of the transition maneuver

between the hover and climb mission segments. Shown are the data of the baseline trajectory that was generated before
running the system-level optimization of iteration 1, as well as the trajectories computed during iterations 1 and 2
(which were subsequently used during iterations 2 and 3 of the system-level optimization) and iteration 3. The velocity
of the baseline trajectory shows a more rapid increase during the initial stage of the trajectory and associated higher
acceleration during this period, inherited in part from its starting nonzero acceleration. The subsequent three trajectories
show more gradual velocity increases, owing to their relatively constant accelerations.

Negative pitch corresponds to a nose-down maneuver. Looking at the pitch angle variations we see that some of the
trajectories (iterations 1 and 2) pitch forward faster than others, in order to induce more thrust and acceleration from the
forward rotation of the lift rotors. After the initial push towards a nose-down pitch angle the pitch angle is gradually
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Fig. 14 Velocity, acceleration and pitch angle along optimized transition maneuver trajectories

turned positive in order to make use of the potential for wing-based lift force that appears with the growing velocity.
While the baseline trajectory ends at a pitch angle close to zero, the subsequent optimized trajectories all attain final
pitch angles between 2 and 5 degrees.

2. Powertrain Topology
The efficiencies per mission segment of the optimized powertrain systems are shown in figure 15a. We generate

baseline efficiencies by using a standard lift + cruise vehicle, which are used for the initial system-level optimization.
The efficiency of the optimized powertrain in iteration 1 is superior to the baseline for each mission segment. In
subsequent iterations we can see the efficiency loss due to high power demands, this is especially reflected in the
efficiency of the hover and transition segments. Cruise efficiency is being prioritized by the optimizer, due to cruise
being the biggest contributor to energy usage. For each iteration the optimal inverter topology is the three-level ANPC
inverter. Figure 15b shows the associated powertrain system mass. As can be seen, iteration 1 improves upon the
baseline’s system mass, whereas subsequent iterations lead to small powertrain mass increases.

3. Battery Pack Design
Figure 16 shows the battery state of charge and cell voltage over the course of both legs of the mission profile. As

is visible in figure 16a, the initial state of charge is 90% while the final state of charge exceeds 20% and increases
from iteration to iteration. This is due to the battery pack needing to be enlarged because of high power draws:
With any smaller battery pack the cells would not be able to complete the power profile without failing. This can
also be seen when looking at the cell voltages in figure 16b: Around 1500 seconds into the mission (during the
second hover and transition segments) the cell voltages drop close to the cutoff of 2.5 𝑉 due to the high power
draws. We thus have usable battery energy left at the end of the design mission. Testing with our battery chemistry
model shows that it would be possible to extend the cruise segment of the design mission by 30% at the cost of only
1.3% extra battery pack mass, and by 50% at a cost of 2.6% extra battery pack mass. Only enough additional cells
need to be added to ensure that the second hover and transition segments do not result in cell voltages below 2.5 𝑉 .
From this we conclude that high cell C-rates are mainly important for eVTOL vehicles with shorter missions and
smaller cruise ranges. After all, longer cruise segments require more energy and hence battery cells, which allows
the peak power draws of hover and transition segments to be spread over more cells, thereby lowering the resulting C-rates.

22

A
ut

ho
r 

ve
rs

io
n 

· c
ite

 th
e 

pu
bl

is
he

d 
pa

pe
r:

 d
oi

.o
rg

/1
0.

25
14

/6
.2

02
5-

03
62



Baseline Iteration 1 Iteration 2 Iteration 3
0.970

0.975

0.980

0.985

0.990

0.995

1.000

Po
we

rtr
ai
n 
ef
fic
ie
nc
y 
[−
]

Hover
Transition
Climb
Cr ise
Descent

(a) Powertrain efficiency per mission segment

Base
line

Ite
rat

ion
 1

Ite
rat

ion
 2

Ite
rat

ion
 3

0

5

10

15

20

25

30

35

Po
we

rtr
ai

n 
el

ec
tro

ni
cs

 m
as

s [
kg

]

(b) Powertrain system mass per iteration

Fig. 15 Optimization powertrain efficiency per mission segment and powertrain system mass for each run of the
powertrain optimization model
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Fig. 16 State of Charge and cell voltage during both mission legs

Figures 17, 18 and 19 show the topology-optimized battery pack designs of iterations 1 and 2 respectively. Around
the 3 × 3 battery cell grid we can see the structural elements that transfer the thermal loads (from the cells to the
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surrounding structure) and mechanical loads (from the structure to the cells). The packaging mass overhead factor
(i.e., the mass of the cells plus packaging divided by the cell mass) during iteration 1 (as shown in figure 17 is only
1.12, close to the assumption of 15% of Silva et al. in [13]. During iterations 2 and 3 the peak cell heat generation is
more than double that of iteration 1. Moreover, the mechanical loading is larger, owing to the increased vehicle mass.
Because of this the packaging factors rise to 1.5 and 1.72 during iterations 2 and 3 respectively. These packaging factors
are high because of several reasons:

• First, the temperature limit of 30◦ Celsius is strict and could realistically be raised without reaching the thermal
limits of lithium-ion battery cells.

• Second, we use a steady-state thermo-mechanical model and use the maximum instantaneous cell heat generation
to size the battery packaging. Repeating the same optimization with a transient model could lower the cell
temperatures due to thermal mass effects and reduce the compliance. The work of Yan et al. [80] is one example
of a comparison between steady-state and transient thermo-mechanical topology optimization.

• Third, the mechanical loading scales with vehicle mass. The heavier vehicles of iterations 2 and 3 induce more
deformation of the battery pack, necessitating more packaging mass to increase pack stiffness.

(a) Front view (b) Rear view (c) Isometric view

Fig. 17 Different views of thermo-mechanically topology-optimized battery pack of iteration 1

(a) Front view (b) Rear view (c) Isometric view

Fig. 18 Different views of thermo-mechanically topology-optimized battery pack of iteration 2

Figure 20a displays the battery pack mass that we obtain as a result of the cell chemistry and battery pack optimization
models. The total pack mass is broken up into three parts: First, the mass of the battery cells that are needed to fulfill
the battery capacity as modeled by the system-level optimization, which includes 80% depth of discharge limit and 10%
mission energy reserve. Second, the mass of the extra cells that need to be added to the battery pack in order to be able
to output the mission power profile without cell failure. Third, the battery packaging mass, based on the packaging
overhead factor. We see that the packaging overhead increases significantly from iteration to iteration, due to the reasons
outlined above. The mission energy demand seems to stabilize after iteration 2, but because of the increase in peak
power in iteration 3 more cells still have to be added to guarantee the feasibility of completing the design mission with
our selected battery chemistry. Figure 20b shows the consequence of the added cell mass due to power demands and the
packaging overhead due to large thermal loads: The effective pack-level energy density decreases significantly compared
to the assumed baseline value of 400𝑊ℎ/𝑘𝑔. This shows the importance of limiting peak power draws and managing
cell heat production.
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(a) Front view (b) Rear view (c) Isometric view

Fig. 19 Different views of thermo-mechanically topology-optimized battery pack of iteration 3

Iteration 1 Iteration 2 Iteration 3
0

250

500

750

1000

1250

1500

1750

2000

Ba
tte

ry
 p

ac
k 

m
as

s [
kg

]

Energy demand
Power demand
Packaging overhead

(a) Battery pack mass, broken up into segments

Baseline Iteration 1 Iteration 2 Iteration 3
0

50

100

150

200

250

300

350

400

Ba
tte

ry
 p

ac
k-

le
ve

l e
ne

rg
y 

de
ns

ity
 [W

h/
kg

]

(b) Effective battery pack-level energy density

Fig. 20 Battery pack mass breakdown and resulting effective pack-level energy density per run of the battery
optimization

4. Wing Structural Design
Next we look at the last of the subsystem optimizations. Figure 21 shows the optimized wing skin thicknesses in

stations along the top and bottom wing surfaces for each iteration. Since the wing aspect ratio and surface area changes
little from iteration to iteration, the optimized designs are similar as well. The primary differences are twofold. First, the
skin thickness near the the top surface of the wing root decreases from iteration 1 to iteration 2, which brings down
the wing mass from 467.42 𝑘𝑔 to 450.40 𝑘𝑔. Second, the wing surface area and wing span decrease slightly between
iteration 2 and iteration 3, which reduces wing mass further to 438.92 𝑘𝑔. The panel-wise buckling constraints were
active on all skin panels.

E. Design Parameter Consistency
Lastly we look at the consistency of the design parameters and mass of the wing structure, compared between the

system-level and aero-structural optimizations. Figure 22a shows for each iteration the 2-norm of the difference between
the (shared) wing thicknesses computed by both the system-level and aero-structural optimizations, as a fraction of the
2-norm of the system-level thickness vector. As can be seen the inconsistency is initially close to 30% and is gradually
reduced to only 7% in the third iteration. A similar trend is visible when comparing the wing structural mass predictions
of both optimizations, shown in figure 22b. The wing mass in the system-level optimization gradually converges to that
of the high-fidelity aero-structural optimization. These results show that our ATC implementation seems successful at
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Fig. 21 Optimized wing surface thicknesses per iteration, thickness 𝑡 given in meters
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Fig. 22 Wing thickness inconsistencies and structural mass predictions

VI. Conclusions
In this work we carried out distributed Multidisciplinary Design Optimization (MDO) of NASA’s Lift + Cruise

eVTOL concept vehicle. We coupled a mid-fidelity physics-based system-level optimization that is very similar to the
one presented by Ruh et al. [15] to four higher-fidelity sub-optimization models of various systems and design aspects.
Our aim is to expand the scope of the system-level optimization. These sub-optimizations consist of the transition
trajectory between hover and climb mission segments, the powertrain electronics, battery pack (split into cell-level
and pack-level models) and aero-structural wing design. Relevant information, such as the mission power profile and
vehicle mass breakdown, is passed from the system-level optimization to each subsystem optimization, after which the
sub-optimizations feed back updated optimized subsystem design information to the system-level optimization. The
design variables that are shared by the aero-structural and system-level optimizations are made consistent through an
Analytical Target Cascading-like distributed MDO architecture.
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With our current choice of high energy density battery cell chemistry, extra cells need to be added to the battery
pack in order to handle the high discharge rates that are imposed by the hover and transition mission segments. This
lowers the effective battery energy density for our design mission and leads to high thermal loads in the battery pack.
The result is a battery pack that completes our design mission without reaching our 80% depth of discharge constraint.
In order to dissipate the thermal loads we require significant battery packaging mass, further lowering the effective
battery energy density. As a consequence of this the gross vehicle mass estimate grows by 37% relative to the initial
system-level vehicle optimization. In future work the battery pack temperature limits can likely be increased without
jeopardizing the safety of the battery cells. This will also increase the resulting pack-level energy density.

While the optimized efficiencies of the powertrain did not change significantly between outer loop iterations,
the high-fidelity aero-structural wing optimization model resulted in a lighter wing structure by expanding the fea-
sible design space and improving the wing structural mass estimate of the system-level box beam model. While
the transition trajectory optimization did not directly produce vehicle mass estimations, its results directly affected
the system-level optimization. Even though we encountered significant power demand peaks during the transition
maneuvers, these follow similar trends as the power demand in hover. This indicates that the source for the large
power demand lies in the efficiency of the lift rotors. We found that noise constraints have a significant effect on the
efficiency of the lift rotor blades. The resulting increase in power demand has significantly increased the battery pack mass.

Over the course of carrying out the research for this study, we found that the importance of battery cell energy
density for winged eVTOL vehicles grows as the design cruise range becomes longer and more energy is required to
complete the design mission. For shorter missions, cell power density instead drives battery cell mass, since having
fewer available battery cells (owing to lower energy requirements) drives up the resulting cell discharge rates during
high-power mission segments. In this work cell power density directly drives vehicle design. The battery pack has
leftover capacity at the end of the current design mission, as a result increasing the cruise range by 50% results in an
increase in battery pack mass of only 2.6%. When using commercially available cells this suggests that the optimal
battery pack for a given mission should combine cells that have high power densities and those with high energy
densities, depending on power and energy needs. Stahl et al. [81] considered various battery layouts with this approach
for small unmanned aircraft.

We also found that noise constraints had a significant effect on rotor design. Limiting the rotor tip speeds (and thus
rotor diameters) resulted in high rotor disk loading during hover and the initial phase of the hover-climb transition
maneuver, as well as less efficient rotor blade designs. The net result of this has been an increase in required battery
power, which further amplifies the relevance of taking into account battery power density. One solution to mitigate this
effect consists of increasing the number of rotors in order to lower the disk loading without increasing rotor diameter.
The design payload mass of the lift plus cruise vehicle considered here is more than double that of existing eVTOL
vehicles; the resulting high disk loading amplifies the impact of the aforementioned noise constraints.

Lastly, we recommend that battery pack power density be explicitly taken into account for initial sizing and MDO
of eVTOL vehicles. While many works emphasize the importance of high battery energy density, only few take into
account the effect of the power density on battery mass. Of those works that do, most seem to assume high limits for cell
discharge rates along with similar energy densities. In reality, cell power density and energy density need to be traded
off in favor of one another: High energy density cells tend to have poor discharge rate limits, while cells with high
allowable discharge rates deplete quickly. This relation is visible in taxonomies of battery cell chemistries, commonly
referred to as so-called ’Ragone plots’ [82]. We found with the approach taken in this work, that power density is a
critical factor for the design problem considered here.
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