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Abstract— The design and control of winged aircraft and
drones is an iterative process aimed at identifying a compromise
of mission-specific costs and constraints. When agility is required,
shape-shifting (morphing) drones represent an efficient solution.
However, morphing drones require the addition of actuated joints
that increase the topology and control coupling, making the
design process more complex. We propose a co-design optimisa-
tion method that assists the engineers by proposing a morphing
drone’s conceptual design that includes topology, actuation,
morphing strategy, and controller parameters. The method
consists of applying multi-objective constraint-based optimisa-
tion to a multi-body winged drone with trajectory optimisation
to solve the motion intelligence problem under diverse flight
mission requirements, such as energy consumption and mission
completion time. We show that co-designed morphing drones
outperform fixed-winged drones in terms of energy efficiency
and mission time, suggesting that the proposed co-design method
could be a useful addition to the aircraft engineering toolbox.

I. INTRODUCTION

Fixed-wing drones are highly efficient aerial vehicles
employed in high-endurance missions, particularly in
environments with sparse obstacles that allow ample space
for turning [1], [2]. Enhancing the manoeuvrability of winged
drones is crucial to enable their navigation in complex
environments, and one possible improvement is to integrate
morphing wings [3]. Morphing wings can be designed
following various strategies, i.e., varying the dihedral
angle [4], the wing sweep [5], the angle of incidence [6], the
trailing edge [7], the span length [8], or twisting the wing [9].
Each strategy has its advantages and disadvantages, depending
on the desired performance, the application, and the pilot or
controller capabilities. The selection of the morphing strategy
is part of the aircraft design, which is usually resolved through
an iterative process based on heuristics, historical results,
and engineer experience [10]. Although the design process is
discussed in various books [10]–[12], the performances the
drone displays depend on the designer’s abilities, the econom-
ical availability to investigate multiple solutions and perform
several iterations with physical prototypes, and, in the case of
unmanned vehicles, on the harmonious integration between
hardware and control. Consequently, the designed drones
might end up as sub-optimal conventional solutions with
control algorithms not optimised for the selected morphing
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Fig. 1: A co-designed morphing drone executing an agile manoeuvre.

strategies. To address these issues, in this paper, we propose
a co-design optimisation method that can assist the engineer
in the design phase by proposing optimised conceptual
designs and control strategies for specific mission scenarios.

Co-design is a multidisciplinary approach to conceive
more efficient robotic platforms by jointly solving hardware
and control problems [13], [14]. This methodology has
found successful applications in various robotic systems,
including humanoid robots [15], [16], jumping monoped [17],
quadruped [18], robotic hands [19], robotic arms [20], multi-
copters [21]–[23], and winged drones [24], [25]. In the case of
flying machines, there exist methods that focus on optimising
hardware component selection, but most of them neglect aero-
dynamics, making them unsuitable for applications involving
morphing wings [21]–[23]. Conversely, [24] proposed a frame-
work incorporating aerodynamics but remains limited to vehi-
cles without dynamic shape-shifting surfaces. [25] has no pre-
vious shortcomings but relies on fixed-period joint movements,
making it unsuitable for operation in dynamic environments.

Here, we propose a method for the co-design of multi-
bodied winged drones that perform agile and energy-efficient
flight trajectories in cluttered environments. The method
consists of multi-objective constraint-based optimisation for a
winged drone whose motion strategy is optimised by a trajec-
tory planning algorithm for systematically finding time vary-
ing morphing movements. The drones are evaluated with a dy-
namic multi-body modelling that accounts for aerodynamics.

The rest of this article is organised as follows. Section II
introduces notation, presents the specificities of the morphing
drone considered in this study, and recalls the basis of
multibody modelling. Section III introduces the co-design
method to evaluate the optimal drone. Section IV explains the
morphing drone modelling. Section V presents the trajectory
optimisation problem for solving desired scenarios. Section VI
discusses the results obtained with the method and compares
the performance of the morphing drone with a commercial
fixed-wing drone. Finally, Section VII concludes this article.
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Fig. 2: Morphing drone with its co-design parameters: 1-2)
wing chord and span size; 3-4) wing vertical and horizontal
location; 5) wing static orientations R0; 6) kinematic chain of the
morphing mechanism; 7) servomotor models; 8) propulsion unit
characteristics; and 9) controller weights.

II. BACKGROUND

A. Notation

• In∈Rn×n identity matrix, 0n×m∈Rn×m zero matrix.
• SO(3) := {R ∈ R3×3 | R⊤R=I3, det (R)=1}.
• I is the inertial frame; C is a generic body-fixed frame.
• pC ∈ R3 denotes the origin of frame C expressed in I.
• RC ∈ SO(3) is the rotation matrix that transforms

a 3D vector expressed with the orientation of the
frame C in a 3D vector expressed in the frame I.
RC=

[
x̂C ŷC ẑC

]
with x̂C , ŷC , and ẑC are the unit

vectors of the frame axes.
• ρC ∈ R4 is the unit quaternion representation of RC .
• ωC ∈ R3 is the angular velocity of C relative to I.

B. Platform definition

The platform consists of a winged aircraft with left and
right wings symmetrically connected to the fuselage by a
mechanism, which enables relative motion between the parts.
The possible wing movements depend on the type of mech-
anism used to connect the wing and the fuselage (see fig. 2).
For instance, if we implement a mechanism composed of three
intersecting revolute joints, we can obtain sweep, incidence,
and dihedral variations. This solution provides a complete
range of motion at the cost of higher weight and energy con-
sumption. Alternatively, simpler and lighter mechanism with
one or two revolute joints can be used, but it becomes essential
to determine the axis of rotation for achieving the desired
behaviour. Although mechanisms can be designed to produce
translation motion, our study focuses on rotational movements
only. Throughout the paper, we refer to this platform with the
term morphing drone. For the sake of simplicity, our platform
does not have wing ailerons, tail rudders, or elevators, leaving
only the actuation of the morphing wing to control the drone’s
attitude. The propulsion unit consists of an electric propeller
positioned at the front of the fuselage (see fig. 2).

C. Floating Multibody System Modelling

The morphing drone can be modelled as a floating rigid
multibody system with nj+1 rigid bodies and nj one degrees-
of-freedom (DoF) joints [26]. The configuration space Q of
the system is the lie group Q=R3×SO(3)×Rnj represented
by the pose (i.e. position and orientation) of the base frame

B, and the joint positions. The base frame is a frame rigidly
connected to the fuselage nose (see fig. 2). The configuration
q=(pB, RB, s) is a generic element of the configuration
space. pB and RB are the position and orientation of the base
frame, and s are the joint positions. The tangent space of
Q is the configuration space velocity V=R3×R3×Rnj . The
configuration velocity ν=(ṗB,ωB, ṡ) is a generic element
of V. ṗB and ωB are the linear and angular velocities of
the base frame, and ṡ are the joint velocities. The position
of a generic frame C attached to a link can be computed
with the forward kinematic function FKpC (·):Q→R3. The
linear and angular velocity of frame C can be computed via
the Jacobian JC ∈ R6×6+nj which maps the configuration
velocity to the Cartesian space, namely (ṗC ;ωC) = JCν. The
equation of motion, applying the Euler-Poincaré formalism
[27, Ch. 13.5], results in

M (q) ν̇ + h(q,ν) =
[
01×6 τ⊤]⊤ + f⋆. (1)

M (q)∈Rnj+6×nj+6 is the mass matrix, h(q,ν)∈Rnj+6 is
the biased term which accounts for Coriolis, centrifugal ef-
fects, friction, and gravity. τ∈Rnj is the vector of joint torques,
and f⋆∈Rnj+6 is the vector of generalised external wrenches.

D. Wing Aerodynamic Modelling

A wing immersed in airflow causes deflections that generate
stresses on the body. The net effect of the stresses integrated
over the complete body surface results in aerodynamic forces
and moments, which can be modelled as:

fA = RW
1

2
ϱair∥va∥2S

[
−CD(α,β,Re,M)
CY (α,β,Re,M)
−CL(α,β,Re,M)

]
, (2a)

µA = RW
1

2
ϱair∥va∥2S

[
bCl(α,β,Re,M)
cCm(α,β,Re,M)
bCn(α,β,Re,M)

]
. (2b)

W is the wind frame, ϱair is the air density, va is the airspeed,
S is the planform area of the wing surface, and c and b are
the mean aerodynamic chord and the wing span [28]. CD,
CL, CY , Cl, Cm, and Cn are the aerodynamic coefficients,
α is the angle of attack, β is the sideslip angle, Re is the
Reynolds number, and M is the Mach number [29].

III. CO-DESIGN METHODOLOGY

The co-design method – illustrated in fig. 3 – identifies
the conceptual design and the control strategy of morphing
drones considering energy consumption, agility, and hardware
limitations. The design space is investigated with NSGA-II
[30]. Each drone is evaluated with a fitness functions that
measures the drone’s ability to succeed in a set of ns scenarios.
We model the drone as a parametric multibody system subject
to aerodynamics. A scenario is an environment with obstacles
where the drone, given some initial condition, is asked to
complete a series of checkpoints using trajectory optimisation.

The co-design parameters – depicted in fig. 2 – include: i-ii)
wing chord and span size; iii-iv) wing vertical and horizontal
location; v) wing static orientations R0; vi) kinematic chain
of the morphing mechanism; vii) servomotor models; viii)
propulsion unit characteristics; and ix) controller weight ψ –
discussed in section V-C. The wing static orientation R0 is the
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Fig. 3: Multi-objective optimisation of drone morphology to reduce
energy consumption and mission completion time in diverse flight
environments. The multi-objective assessment (fitness) of each
individual topology involves ns trajectory optimisations.

wing’s orientation w.r.t. the fuselage when the joints are in the
rest configuration, namely s=0. From rotation R0, it is pos-
sible to identify the dihedral, incidence, and sweep in the rest
configuration. The kinematic chain of the morphing mecha-
nism is the description of the multi-body tree. Specifically, the
co-design method selects the number of joints interconnecting
the fuselage and the wings, and it also identifies how these
joints should be assembled, i.e., which axis of rotation must be
actuated. The co-design method selects the servomotor models
to actuate each joint and identifies the propulsion unit select-
ing the optimal motor-propeller combination. The co-design
parameters are represented by an array of real values creating
the chromosome. The fitness functions to be minimised are:

L1 =

ns∑
i=1

(energy)i
ns

, L2 =

ns∑
i=1

(time)i
ns

.

If the i-th scenario is unfeasible, we assign (energy)i and
(time)i a value of 106.

IV. MORPHING DRONE MODELLING

The prediction of the drone behaviour relies on a
mathematical model. In detail, the drones are modelled as
floating multibody systems subject to significant aerodynamic
forces that cannot be ignored. From the mechanical standpoint,
the system comprises three primary links: the fuselage, the left-
wing, and the right-wing, all assumed to be rigid. This section
discusses joints, propulsion units, and aerodynamic modelling.

A. Mechanical Joints
The morphing mechanism interposed between fuselage

and wing is composed by n one-DoF pin joints, each
actuated with revolute DC servomotors with an integrated
reduction system that enables a direct connection between the
actuation and the links, eliminating the need for an additional
reducer. We use the same joint configuration to connect
both the left wing and right wing to the fuselage to have
a symmetric design. The system comprises 2n pin joints and
2n servomotors. For simplicity, in the remainder of the paper,
we use the word joints to refer to all 2n pin joints which
are actuated with servomotors. The power consumption of a
single revolute joint is estimated with the model [31, Ch. 4.7]:

Ws(ṡ, τ) = ṡτ+ṡτf+Rk
2
vτ

2 +Rk2vτ
2
f . (3)

R is the electric motor resistance, kv is the motor constant
velocity, ṡ and τ are the joint velocity and torque. τf is the fric-
tion torque due to viscous damping without Coulomb effects.

B. Propulsion Unit

The propulsion unit is implemented with an electric pro-
peller placed on the fuselage nose, providing a positive force
on the x̂B axis. The propeller reaction torque acts on x̂B, and
its magnitude is modelled proportional to thrust u by a con-
stant ku evaluated experimentally. We neglect gyroscopic and
aerodynamic effects. The power consumption is modelled as

Wp(u) = ξ0 + ξ1u+ ξ2u
2, (4)

where ξ0, ξ1, ξ2 are constants evaluated experimentally.

C. Aerodynamics Forces

The aerodynamic forces (and moments) acting on a multi-
body system are dependent on α, β, M, Re, and s. To sim-
plify the aerodynamic analysis, we make these assumptions.

Assumption 1. The M effect on the aerodynamic forces and
moments is negligible in our flight regime (M≪1), and the
flow can be considered incompressible.

Assumption 2. The aerodynamic forces and moments
acting on the multibody system are approximated using the
superposition principle, wherein interactions among bodies
are neglected. The total forces and moments are calculated
as the sum of forces and moments acting on each body.

Assumption 3. The effects of rotational and unsteady motions
of the platform on the surrounding airflow are negligible.

Assumption 2 enables us to decompose the platform into
three rigid bodies and evaluate the aerodynamic forces acting
on each body independently of the joint configuration s. For
the generic body i, the forces and moments can be modelled
with (2), and act on a body frame Ai (see fig. 2). Assumption
2 significantly decreases the number of required simulations or
experiments. For instance, if our platform implements 3-DoF
joints between fuselage and wings, without assumption 2, we
would need to perform 109 analysis1. Thanks to assumption
2, the number of simulations drops to 2500 for each body2

1) Aerodynamic Coefficients Identification: we conducted
aerodynamic simulations for all bodies using the 3D uniform
triangle panel Galerkin method with the software flow5 [32].
The fuselage was represented with a NACA0014 profile with
a tail consisting of a horizontal and vertical stabiliser. The left
and right wings were represented by a NACA0009 profile with
a constant chord. To capture differences in the wing’s aspect
ratio, defined as b2/S, we performed separate aerodynamic
modelling for each aspect ratio. The aerodynamic simulations
were performed in steady state configuration according
to assumption 3, within the following parameter space: i)
α= [−10:2:10] ◦, β= [−30:2:30] ◦, Re= [2:1:15]×105 for
the fuselage; and ii) α= [−10:2:10] ◦, β= [−130:2:130] ◦,
Re= [0.8:0.4:6.0]×105 for the wings. The ranges of the
angle of attack α, sideslip angle β, and Reynolds number
Re were selected based on the operating working conditions
and the reliability range of the simulation software.

1Varying α= [−10:2:10] ◦, β= [0:5:90] ◦, Re= [1.2:0.8:3.6]×105 , and
we change s= [−30:5:30] ◦ for all joints.

2Varying α= [−10:2:10] ◦, β= [0:5:90] ◦, and Re= [1.2:0.8:3.6]×105.
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Fig. 4: Wing aerodynamic coefficients (airfoil NACA0009, taper
ratio 1.0, aspect ratio 2.0, Re=2×105). The blue dots are the flow5
data. The surfaces represent the analytical functions that fit data.

We used a linear regression approach to derive an
analytical function that fits the simulation data. We chose
a candidate function consisting of the sum of sinusoidal
terms and solved the regression problem using Lasso
regularisation [33]. The results for a wing are shown in fig. 4.

D. Equations of Motion
The morphing drone dynamics are modelled with (1), where

f⋆ =

3∑
i=1

J⊤
Ai

(q)

[
fAi

µAi

]
+ J⊤

B (q)

[
x̂B(q)
ku x̂B(q)

]
u. (5)

The aerodynamic forces and moments are evaluated with (2)
with the aerodynamic coefficients identified as in sec. IV-C.1.

V. TRAJECTORY OPTIMISATION

The co-design method assesses drones’ ability in complete
scenarios. The trajectory optimisation evaluates the desired
time-varying actuation inputs (τ , u) to navigate the drone
in a given scenario being optimal according to a user
metric. The scenarios we consider involve reaching target
locations with a desired attitude while avoiding obstacles.
The possible metrics that can be minimised include energy
consumption and the time to complete the scenario. The
trajectory optimisation is transcribed using a direct multiple-
shooting method, discretised in N knots, and formulated as
an optimisation problem with cost function and constraints.

A. Decision Variables
The decision variables are: joint configurations and their

time derivatives s, ṡ, s̈; joint torques τ , τ̇ ; base position
pB, ṗB, p̈B; base attitude ρB, ωB, ω̇B; propeller thrust u,
u̇; and time interval between knots ∆t.

B. Constraints
1) Initial Conditions: we specify in the initial knot

pB[0]=pB0, ρB[0]=ρB0, ṗB[0]=ṗB0, ωB[0]=ωB0, (6a)
s[0]=s0, , ṡ[0]=ṡ0, , s̈[0]=s̈0. (6b)

2) Hardware and Physical Limits: we bound the decision
variable for all the N knots. For simplicity, the next con-
straints are expressed w.r.t. the generic knot k. For the joints
and the propeller, we require:

smin≤s[k]≤smax, ṡmin≤ṡ[k]≤ṡmax, s̈min≤s̈[k]≤s̈max, (7a)
τmin≤τ [k]≤τmax, umin≤u[k]≤umax. (7b)

To ensure the continuity of the control inputs, we bound:

τ̇min ≤ τ̇ [k] ≤ τ̇max, u̇min ≤ u̇[k] ≤ u̇max. (8)

The aerodynamic angles are constrained to remain within the
reliable range of the model discussed in section IV-C:

αmin ≤ α[k] ≤ αmax, βmin ≤ β[k] ≤ βmax. (9)

Lastly, we constrain the time increment to be positive and
lower than a threshold to prevent integration error, as:

0 ≤ ∆t[k] ≤ ∆tmax. (10)

3) Obstacles Avoidance: we require a positive distance
between the drone and obstacles. We model the obstacles with
nobs primitive shapes describable by a set SO. We identify
nf significant drone points. For any point f we must ensure

pf[k]=FKpf
(q[k]) /∈ SO ∀k∈ [0,...N ] . (11)

4) Checkpoints: we ask the drone to complete ncp check-
points. A checkpoint P is defined as SP=(pP ,ρP ,ṗP ,ωP ) in
which the drone configuration should lie at the knot kP , i.e.,

(pB[kP ],ρB[kP ], ṗB[kP ],ωB[kP ]) ∈ SP . (12)

The timing of each checkpoint is not defined by selecting
the knot because ∆t is a decision variable.

5) Decision Variables Integration: we integrate the time-
varying optimisation variables s, ṡ, τ , u, pB, ṗB, and ωB
using the backward Euler method. For ρB, we require

ρB[k+1]=Exp (ω [k+1]∆t[k])ρB[k]. (13)

Exp (·) implements the exponential operator which maps a
3D angular velocity vector to a unit quaternion [34].

6) System Dynamics: we impose the dynamics that follow
the modelling discussed in section IV, i.e.

M (q[k]) ν̇[k] + h (q[k],ν[k]) =

[
06×1

τ [k]

]
+ f⋆ (14)

for k ∈ [0, ...N ]. f⋆ is computed with (5). α, β, Re, and va

are computed for each body exploiting the kinematic chain.

C. Cost Function

The cost function minimises a combination of time and
energy consumption regulated by the weight ψ, namely:

L = ψ

N∑
k

∆t+

N∑
k

Wp (u) +

nj∑
j

Wsj (ṡ, τ )

∆t. (15)

D. Optimisation Problem

The complete optimisation problem is formulated as

minχ ψ · time + energy eq. (15)
s.t. initial conditions eq. (6)

hardware & physical limits eqs. (7) to (10)
obstacles avoidance eq. (11)
checkpoints eq. (12)
integration eq. (13)
system dynamics eq. (14)

(16)

where χ collects all the decision variables for all knots.
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VI. RESULTS

Here, we test the method by exploring co-design for
an agile drone capable of complex manoeuvres. Then, we
validate it by comparing the performance of the co-designed
morphing drones with a commercial fixed-wing drone. The
code to reproduce the results is available online [35].

A. Co-Design Method

The assessment of the co-design method requires the
development of a framework. Our framework is designed
to enable users to: i) define scenarios; ii) modify trajectory
optimisation formulation; and iii) provide preferred
aerodynamic models. We implemented the trajectory
optimisation problem using CasADi and solved using
Ipopt [36], with the ma27 linear solver [37]. The multibody
system modelling is implemented using the ADAM library [38].
NSGA-II is implemented using DEAP library [39]. The
evolutionary process is characterised by a population of
100 individuals, single-point crossover (p=90%), random
mutation (p=6%), and a stop criteria after 100 generations.

We investigated co-design of an agile drone capable
of flying in airspace with obstacles that require complex
manoeuvres, selecting five scenarios (ns=5) for fitness eval-
uation. Each scenario involves a slalom manoeuvre between
two obstacles to evaluate the capability of changing directions.
The five scenarios share the same checkpoints and obstacles
but vary in the drone’s initial conditions, i.e., forward velocity
(8-12m/s) and pitch orientation (−5-5◦). The obstacles are
cylinders with infinite lengths and a ground plane. The final
target is pB=(60, 0, 0)m with ṗB=(10, 0, 0)m/s. Two
intermediate checkpoints are located near the obstacles. The
wind speed is (−1, 0, 0)m/s. A scenario is depicted in fig. 6.

The co-design method was run nine times on a machine
with two AMD EPYC 7513 CPUs, utilising 100 cores.
The average runtime for each execution was approximately
15.70 h. Approximately 6400 different individuals were
analysed for each run, and 32000 trajectory optimisation
problems were solved. In all tests, the fuselage and wings
are assumed to be made of Expanded Polystyrene. The
fuselage has a length of 0.75m, a width of 0.1m, and it
holds a payload of 0.35 kg to account for the battery and
the electronics. The wing co-design parameters are listed in
table I. The method selects the propulsion unit from a database
created based on online data [40]. Similarly, the method
chooses the servomotors to actuate the wings from a database
of off-the-shelf Dynamixel servomotors. The off-the-shelf
components selection influences the maximum servomotor
torque τmax, maximum servomotor speed ωmax, the maximum
propeller thrust umax, and their energy consumption.

The Pareto fronts, evaluated by the co-design method in
the nine runs, are shown in fig. 5. The resulting drones share
common characteristics: a negative static dihedral, positive
wing static angle of attack, wings mounted in the upper part of
the fuselage, and a chord length of 0.24m. Agile drones tend
to have a lower aspect ratio, a powerful propulsion unit, higher
gain ψ, and are often equipped with three servomotors per
wing. Differently, energy-efficiency drones present opposite

TABLE I: Range of investigation for the wing co-design parameters.
The wing span range is not predefined, in favor of the aspect ratio.

Wing Design Parameter min max step

chord size m 0.1 0.4 0.05
aspect ratio · 2 5 0.5
vertical location m −0.03 0.03 0.01
horizontal location m −0.4 −0.1 0.05
wing static orientations ◦ −10 10 2

characteristics and are usually designed with two servomotors
per wing (sweep & incidence) or, in some cases, only one
(incidence). In terms of servomotor models, the dihedral
motors are usually more powerful (τmax=3.7Nm) than sweep
(τmax=0.46Nm) and incidence (τmax=0.36Nm). The drone’s
weight is influenced by wing size, number of joints, and
servomotor models. As a result, energy-efficient drones tend to
have lower mass (0.8 kg) than their agile counterparts (1 kg).

Figure 5 shows four co-designed drones labelled as opt1,
opt2, opt3, and opt4. opt1 is equipped with a single joint
per wing for actuating the incidence angle, wing aspect
ratio 4.5, and has a propeller with umax=4N. opt2 has two
revolute joints to actuate sweep and incidence, wing aspect
ratio 4.5, and umax=4N. opt3 incorporates three revolute
joints to actuate incidence, sweep, and dihedral, wing aspect
ratio 3.0, and umax=4N. opt4 has three revolute joints to
actuate dihedral, sweep, and incidence, wing aspect ratio
2, and umax=10N. Figures 6 and 7 report the trajectories
of the opt drones during a scenario with an initial forward
velocity of 10m/s and zero initial pitch orientation.

B. Co-Design Validation

In section VI-A, we tested the co-design method designing
an agile drone capable of avoiding obstacles by studying
ns=5 scenarios; however, drones may operate in different
conditions. We now assess the capabilities of the optimal
drones in environments different from the optimised ones. In
our analysis, we include the four opt drones represented in
fig. 5; and the commercial drone H-King Bixler3 with fixed-
wing and control surfaces which serves as a baseline as it is
of similar weight and size as the opt drones. We refer to this
drone as bix3. The aerodynamic model of bix3 was obtained
by combining the wind tunnel results with the data presented
in [5]. bix3 has a propeller which can provide maximum thrust
umax=7N, a total wingspan of 1.55m, and weights 1012 g
when equipped with sensors for autonomous flight [41].

bix3 and opt drones are evaluated in a common parametric
scenario depicted in fig. 8. For each drone, we performed 972
simulations by varying the parameters d, γ, r, vx, and θp in all
possible configurations. vx is the forward velocity, and θp is
the pitch orientation. The results of the 972×5 simulations are
shown in fig. 9. Co-designed drones exhibit a decrease in av-
erage energy consumption by 37-74% and a decrease in time
to complete the scenario by 22-33% compared to bix3. There-
fore, the resulting opt drones outperform the commonly used
commercial platform in mission time and energy efficiency
in our tested scenarios, including those without obstacles.
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the left side of the optimal Pareto fronts exhibit higher energy efficiency. Drones on the right bottom side show lower mission completion time.
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Fig. 6: Trajectories of the opt drones. The red areas represent cylindrical obstacles, while the green areas represent checkpoints. The drones
follow similar paths except near obstacles, where the more agile solutions approach with lower clearance and higher speed (see fig. 7).
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Fig. 7: Velocity profiles of co-designed drones during slalom
trajectory. opt3 and opt4 achieve higher speeds and complete the
scenario in 30% and 39% faster than bix3, respectively.
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Fig. 8: Parametric scenario to validate the co-design method.
The drone starts at the blue sphere and must reach two (green)
checkpoints while avoiding obstacles (red spheres). The scenarios
with r = 0m are without obstacles.

VII. CONCLUSIONS

Co-design methods can assist engineers in developing
more efficient drones, but existing methods are inadequate for
drones with morphing wings. This paper addresses this gap by
proposing a co-design methodology that identifies topology,
actuation, morphing strategy, and controller parameters. Our
method relies on a parametric modelling approach, trajectory
optimisation, and a multi-objective optimisation algorithm.

The method was tested for the co-design of morphing
topology and control in five airspace scenarios with
checkpoints and obstacles, to minimise energy consumption
and mission time. However, the method could also be used
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Fig. 9: Results of the validation of co-design methodology. Energy
consumption and mission time are divided by length d – defined
in fig. 8 – for comparing scenarios with different mission distances.

with other objectives and in different scenarios.
Morphing drones’ aerodynamics were modelled with an

approach valid at low angles of attack – forcing us to limit the
wing range of movements – and we neglected the interactions
between wings and fuselage to reduce computational
complexities. Relaxing these assumptions would lead to a
more realistic model that can unlock aggressive manoeuvres.

Future work could include the design of a physical
prototype with the presented methodology, the integration
of a dynamic simulator to study wind disturbance rejection,
and the enlargement of the design space to include propeller
positioning, battery selection, and other fuselage and tail
configurations. Additionally, we could incorporate ailerons,
elevators, and a rudder as co-design parameters, creating
drones that combine conventional control surfaces with
morphing wings, enhancing manoeuvrability or proposing
energy-efficient solutions with a lower number of actuators.

The topology and control co-design method described
here could be used to assist aircraft engineers in the initial
design phase of agile and energy-efficient morphing drones
that meet mission-specific costs and constraints.
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C. Gagné, “Deap: Evolutionary algorithms made easy,” The Journal of
Machine Learning Research, vol. 13, no. 1, pp. 2171–2175, 2012.

[40] Tyto Robotics. (2023) Motor and propeller database. [Online].
Available: https://database.rcbenchmark.com/
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