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ARTICLE INFO ABSTRACT

Communicated by Dr Yu Ly Hybrid-electric regional aircraft characterized by distributed electric propulsion offer promising benefits but in-
troduce strong couplings problems between aerodynamics, structures, propulsion, and power systems, requiring
a multidisciplinary design and optimization (MDO) approach to capture relevant trade-offs. This work presents
an extended MDO framework applied to the Clean Aviation HERA configuration, developed within a collabo-
ration between Politecnico di Milano and Airbus Defence and Space. The framework enhances traditional aero-
structural optimization considering the use of the aerodynamic solver DUST, based on Vortex Particle Method
(VPM) and by explicitly incorporating stability, control, and automatic trim requirements as design constraints.
To limit the computational cost of aerodynamic simulations, surrogate models based on supervised machine
learning regression and design of experiments (DOE) are employed within a multi-fidelity strategy. Results show
consistent performance improvements in trimmed flight conditions, with successful enforcement of stability and
flying qualities constraints. Furthermore, comparison between surrogate-based and high-fidelity optimizations
highlights both the accuracy of the reduced-order models and their effectiveness in lowering computational costs.
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1. Introduction

Technological development in the aerospace sector is increasingly
being driven by environmental goals. Indeed, along with new architec-
tural solutions, substantial effort goes toward refining conventional sys-
tems so they keep or improve performance while lowering enviromental
impact.

At smaller scales, Urban Air Mobility (UAM) aircraft under devel-
opment in the recent years responds directly to congestion, pollution,
and dense populations. Indeed, electric vertical take-off and landing
(eVTOL) aircraft promise fast, efficient urban and regional links thanks
to electric propulsion, advances in energy storage and lighter materi-
als [1]. Despite their operational potentiality, eVTOLs must still solve
crucial problems, such as noise and acoustic impact, certification and
safety frameworks, and the roll-out of vertiports and charging/refueling
infrastructure. At the larger commercial scale, programs like Airbus’s
ZEROe investigate hydrogen and other fuels to decarbonize air travel
[2], demonstrating that both evolutionary improvements and radical
concepts are needed to meet international sustainability targets. In re-
gional aviation, the push to cut emissions while ensuring high perfor-
mance has also gained considerable importance. As part of the Clean
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Aviation program, the Hybrid-Electric Regional Architecture (HERA)
project [3] has been launched to explore and refine aircraft concepts
that integrate hybrid-electric propulsion. The objective is to define vi-
able configurations capable of achieving the 50% reduction in green-
house gas (GHG) emissions set out in the Strategic Research and Inno-
vation Agenda (SRIA). Designed for 50-100 passengers and ranges of up
to 1000 km, the aircraft is targeted for entry into service in the 2040s.
It will be conceived as a component of multimodal transport networks
and will employ hybrid-electric systems powered by batteries or fuel
cells in combination with Sustainable Aviation Fuels (SAF) or hydrogen
combustion. Such an approach is projected to deliver emission cuts of
up to 90% while remaining fully compliant with ICAO noise standards.
Fig. 1 shows a conceptual representation of HERA aircraft.

A key characteristic under investigation in the HERA project is the
use of distributed electric propulsion (DEP), where several propellers
powered by hybrid or electric systems are positioned along the wing
span. This configuration increases safety by ensuring propulsion redun-
dancy and at the same time has the potential to influence the aerody-
namic behavior of the aircraft [4]. The mutual interaction between pro-
pellers and wing strongly affects lift generation and overall efficiency,
while also making the design particularly sensitive to parameters linked
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Notation
Symbol Description
Acgp wing caps area
Agiringer  WINg stringers area
b wing semi-span
c wing chord @root
¢ wing mean chord
¢y specific fuel consumption
(of aerodynamic coefficient
o sectional lift coefficient
C, pitching moment coefficient
c, pressure coefficient
Cy X-force coefficient
Cc, Z-force coefficient
D Aircraft integral Drag
f objective function
Fy X-Force in body axes
F, Z-Force in body axes
g constraint expression
L aircraft integral Lift
Myee aircraft mass vector (mass, CG and inertia)
Mying wing mass
my pitching moment in body axes
pitch rate
R aircraft range
R? coefficient of determination
R, regressor relative error
RFC reserve factor in compression
RFT reserve factor in tension
RMSE Root Mean Square Error
S.M. aircraft static stability margin
U Freestream velocity
V, flowfield velocity Z-component in aircraft axes
w aircraft weight
X; i-th design variable
XcG aircraft center of gravity long. coordinate
XNp aircraft neutral point long. coordinate
Viink wing kink y-coordinate
Veprop wing electric propellers y-coordinate
a angle of attack
8, elevator angle position
Ouectric  €lectric rotor blade pitch angle
Opybria hybrid rotor pitch angle
@, aircraft short period mode frequency
Cop aircraft short period mode damping
Con aircraft phugoid mode damping

to propeller geometry [5]. Although distributed propulsion can offer
relevant performance advantages, it simultaneously presents complex
engineering challenges that must be overcome [6].

A wide effort in literature has demonstrated that aerodynamic inter-
actions between propellers and wings, as well as between multiple pro-
pellers, play a crucial role in determining the performance of novel air-
craft configurations and are highly sensitive to design variables. These
effects manifest through phenomena such as rotor-induced downwash,
local variations in dynamic pressure, and the presence of upwash and
downwash regions depending on the direction of rotation. Such mecha-
nisms can considerably modify the load distribution on the wing, while
the wing itself generates thickness and doublet-induced velocities on the
propeller disk [7]. Recently, both experimental campaigns and numeri-
cal analyses were performed at Politecnico di Milano to quantify these
effects and to assess their dependence on different geometric and op-
erational parameters [8-10]. Similar investigations were conducted by
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Fig. 1. HERA conceptual design representation.

Qiao and Barakos [11], who analyzed distributed and wingtip-mounted
propellers using the HMB3 CFD solver, showing that these aerodynamic
couplings systematically affect the efficiency of both the wing and the
propellers, and leaving room in the design space for improvement of
the configuration. In addition to these aerodynamic aspects, distributed
propulsion introduces unsteady loading conditions that may reduce pas-
senger comfort and lead into instabilities, thus extending the problem
into a multidisciplinary domain [12].

For this reasons, hybrid-electric configurations like HERA require a
highly multidisciplinary design approach from the earliest stages of de-
velopment. This includes not only aerodynamic and structural aspects
[13], but also propulsion, acoustics, and safety certification require-
ments [14]. One of the main strengths of a multidisciplinary approach is
indeed the possibility to optimize design objectives that arise from indi-
vidual disciplines, for example the aerodynamic lift-to-drag ratio or the
wing’s structural mass [15]. These metrics are directly tied to operating
and manufacturing costs, and thus to the economic viability of the air-
craft. The interdependencies that characterize hybrid-electric DEP archi-
tectures are more intricate than in conventional configurations, making
coordinated optimization across disciplines a prerequisite for feasible
and competitive solutions [16].

Affordability is also heavily conditioned by certification and social
acceptance. Certification represents one of the most resource-intensive
stages of aircraft development, with strict safety requirements often
forcing repeated testing, validation campaigns, and redesigns in re-
sponse to regulatory feedback. This iterative process can significantly
increase costs and delay entry into service. For this reason, including
certification-related constraints such as flying qualities requirements in
the earliest design phases can substantially improve overall feasibility.

Because of the broad range of strongly coupled variables characteriz-
ing advanced aircraft concepts, multidisciplinary design and optimiza-
tion (MDO) has become a widely adopted methodology in both con-
ceptual and preliminary design phases [17-19]. Several studies have
shown how MDO frameworks can support the management of subsys-
tem interactions and trade-offs. Hendricks et al. [20] presented an MDO
formulation for preliminary eVTOL design, highlighting the role of sub-
system coupling, while Petersson et al. [21] discussed the benefits of
early constraint integration in industrial design processes. Gazaix et al.
[22] addressed aero-structural optimization problems, pointing out the
challenges associated with higher-fidelity load predictions.

In the context of distributed electric propulsion (DEP) aircraft, many
existing optimization and MDO studies primarily address aerodynamic
and propulsive performance, whereas trim, stability, and control aspects
are often treated separately or not explicitly included in the optimiza-
tion loop. Several works investigate aerodynamic optimization of DEP-
equipped wings using sequential or decoupled approaches. For example,
Wu et al. [5] considers wing and propeller geometries independently,
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while [23] explores the design space by varying the number of propellers
and constraint sets. In these studies, objectives are generally limited to
aerodynamic performance in cruise and take-off conditions, without ex-
plicitly accounting for aircraft trim or overall weight-and-balance con-
sistency.

Other contributions extend the analysis to multiple mission profiles
and configurations. In [24], aerodynamic optimization results are re-
ported for several DEP configurations, but trim conditions and compre-
hensive weight-and-balance models are not included within the loop.
Similarly, Biser et al.[25] proposes a multidisciplinary optimization
framework for a regional aircraft concept, with a primary focus on driv-
etrain sizing. In that work, aerodynamics is analyzed separately using a
combination of actuator-disk CFD models and simplified reduced-order
models, while trim and flight mechanics analyses are conducted outside
the optimization loop, despite their coupling with stability characteris-
tics.

More integrated approaches have also been proposed. An MDO
framework based on low-fidelity aerodynamic tools and reduced-order
models is presented in [26], including a weight-and-balance model and
basic trim and static margin constraints to minimize energy consump-
tion over a mission profile. While this represents progress toward in-
tegration, the aerodynamic fidelity and the treatment of stability and
control remain limited. A further step in aerodynamic modelling for pre-
liminary design is reported by Granata et al. [27], who employed the
mid-fidelity aerodynamic solver DUST to reconstruct stability deriva-
tives through simulations of oscillatory motions. This capability allows
flight mechanics modeling and the consideration of flying qualities at
the preliminary design stage, as discussed in [28], but these analyses
are not embedded within an optimization loop.

To manage computational costs, surrogate and reduced-order models
have been adopted in several contexts. Frink et al. [29] used Kriging-
based surrogate models to approximate the aerodynamic response of the
SACCON configuration, reducing computational effort while retaining
accuracy. However, in most DEP-related MDO studies, surrogate mod-
els are developed for specific applications and are not systematically
integrated as interchangeable elements within a unified framework.

Within this context, the present work extends existing DEP-oriented
MDO approaches by integrating trim, stability, and control evaluations
directly within the optimization loop. The trim condition is solved au-
tomatically for each candidate design, ensuring that performance is as-
sessed at the corresponding equilibrium state, in contrast with most pre-
vious studies where trim is neglected or enforced through simplified
constraints. The inclusion of static and dynamic stability constraints,
such as short-period and phugoid modes, enables flying qualities to be
considered already at the preliminary design stage, which is particularly
important for innovative configurations whose stability characteristics
may differ from those of conventional aircraft. The focus is therefore on
the implementation of a methodology that allows these constraints to
be enforced automatically within the MDO process.

These analyses are enabled by the use of the mid-fidelity aero-
dynamic solver DUST, which provides automated routines for sta-
bility and control assessment and captures aerodynamic interaction
effects that are fundamental for DEP configurations and cannot be re-
liably represented by lower-fidelity aerodynamic models. In addition,
the work adopts a structured approach to surrogate modeling within
the MDO framework, where aerodynamic and stability-and-control dis-
ciplines are represented both through physics-based solvers and through
supervised machine-learning surrogates trained using systematic design-
of-experiments strategies. Compared to existing applications, in which
surrogate models are often introduced in an ad hoc manner, the present
framework allows surrogate and full-order models to be used consis-
tently and interchangeably within the optimization process, while pre-
serving the accuracy of the mid-fidelity analyses and reducing compu-
tational cost.

Overall, the contribution of this work lies in the extension of existing
MDO frameworks to include automated trim and stability assessments
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together with a consistent surrogate-based strategy, enabling a more
comprehensive and practically relevant preliminary design exploration
for DEP aircraft while retaining the underlying physics of stability and
control through the modeling of aerodynamic interaction effects enabled
by the mid-fidelity solver DUST.

2. Numerical methodology

The developed framework leverages on the use of the aerodynamic
solver DUST [30] and of the optimizer GEMSEO [31].

2.1. DUST

DUST is a mid-fidelity aerodynamic computational tool, developed
by Politecnico di Milano, which provides a fast and reliable simulation
environment for complex aircraft configurations, such as eVTOL air-
craft, tiltrotors and DEP configurations. DUST is an open-source code
released under the MIT license, integrating different aerodynamic mod-
els for solid bodies, thick surface panels, thin vortex lattice elements,
and lifting line elements. Additionally, a Vortex Particle Method (VPM)
is implemented for wake modeling, offering a stable Lagrangian repre-
sentation of free-vorticity flow fields. This feature makes it particularly
suitable for numerical simulations of configurations with strong aerody-
namic interactions. Details regarding the solver’s mathematical formu-
lation can be found in [32]. In this study, DUST is used to develop the
aerodynamic model of the HERA aircraft and to perform aerodynamic
analyses, including polar curves, stability and control assessments, and
wake interaction aerodynamics studies.

2.2. GEMSEO

GEMSEO (Generic Engine for Multidisciplinary Scenarios, Explo-
ration, and Optimization) is an open-source Python-based software
designed to automate multidisciplinary processes, particularly those
related to Multidisciplinary Design Optimization (MDO). It offers a vari-
ety of MDO formulations and is built on NumPy, SciPy, and Matplotlib,
incorporating algorithms for coupling, design of experiments, linear
problems, optimization, machine learning, surrogate modeling, uncer-
tainty quantification, and visualization. GEMSEO can be integrated into
simulation platforms or used as a standalone tool. It supports Python,
MATLAB, Scilab scripts, Excel spreadsheets, and other executable codes
callable from Python.

2.3. HERA aerodynamic numerical model

In this work, the aerodynamic model of the HERA aircraft developed
in DUST is presented and validated against RANS simulations performed
using TAU solver with Spalart-Allmaras turbulence model [33]. DUST
was employed to estimate aerodynamic loads, assess stability, and eval-
uate flying qualities. A simplified vortex-lattice version of the model was
also integrated into the MDO loop for configuration optimization.

HERA configuration includes a main wing, a T-tail, and a hybrid-
electric propulsion system with one hybrid rotor near each wing root
and two smaller electric rotors farther outboard, with thrust distribu-
tion varying by flight regime. Fig. 2 shows DUST aerodynamic model,
composed by a total number of 14,460 mesh elements, and the refer-
ence frame employed to evaluate the loads in body and wind axes. The
main lifting surfaces were fully parameterized and modeled with surface
panel (SP) elements, while control surfaces were added using DUST’s
built-in tools as described in [34]. The fuselage mesh was generated
following [35]. A reduced model of the lifting surfaces was also built
by substituting surface panels with vortex-lattice (VL) elements to be
used along with the optimization, as enabling to achieve up to a 10x
reduction in computational cost. Rotors were modeled using lifting-line
elements [32] using two-dimensional airfoils aerodynamic coefficients
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Fig. 2. HERA DUST aerodynamic mesh and body axes orientation.

Table 1
Aerodynamic mesh specifications (Vortex Lattice
model in brackets).

Solver N.Components  N.elements x comp.
Wing 1 9000 (600)

Tail 1 2080 (400)

Hybrid Rotor 2 232 (144)

Electric Rotor 4 116 (72)

Fuselage 1 2452 (/)

Total / 14,460 (1216)

tables generated via NeuralFoil [36]. Parasite drag, not accurately cap-
tured by the mid-fidelity solver due the intrinsic limitations of potential
methods, was considered in the load evaluation for the optimization as
an added constant value calculated from preliminary CFD analyses per-
formed using TAU. The presented mid-fidelity model does not capture
viscous flow separation effects occurring at high angles of attack due
to the limitation of the implemented potential approach and is there-
fore applicable only within the pre-stall aerodynamic regime. To ad-
dress this limitation, throughout the following study, the trim angle of
attack variable is constrained to remain within the admissible pre-stall
range, which is estimated through high-fidelity CFD analyses, as will be
discussed in Section 3.1.

Table 1 summarizes the number of mesh elements for each compo-
nent of the aerodynamic model, including both the surface panel model
and the reduced vortex-lattice versions. The mesh was defined based
on a convergence study for each component, that has ensured load
variations below 0.5%. Steady-state aerodynamic simulations, used for
both validation and evaluation of the aircraft’s static stability, were per-
formed using a total simulation time of 0.3 s and a time step of 0.001
s. On the other hand, to calculate dynamic derivatives, the total time
of the dynamic simulations was increased to 1 s, as done in [27]. For
optimization purposes, only cruise flight conditions are considered.

2.4. Multidisciplinary optimization framework

This section describes the multidisciplinary optimization (MDO) en-
vironment employed for the present work. The framwork has been de-
veloped in previous works [37,38] at Airbus Defence and Space, and

it has been extended and refined in this study to meet the objectives
introduced in the previous section. This section details the environ-
ment’s structure, implementation logic, and the new features added in
the present work.

The MDO framework couples multiple disciplines representing key
flight physics aspects of the aircraft. It is built around the open-source
optimizer GEMSEO [31], which is designed for multidisciplinary cou-
pling and data exchange. A custom library manages communication
among design variables associated with different aircraft components.
The overall framework consists of several modules interfaced with GEM-
SEO, coordinated by an executable script that defines the optimization
logic and allows the user to select from various optimization strategies
available within GEMSEO.

The assembly module serves as a descriptive layer linking the flight
environment (mission segment or flight condition) with the aircraft’s
physical components. It contains all classes defining subsystems, im-
plemented as objects with attributes (properties) and methods (opera-
tions). For instance, the Section class stores data for each airfoil profile
within the parametric Wing class. The subsystem interconnections fol-
low the CPACS convention [39], ensuring proper management of inter-
action constraints (e.g., geometric dependencies). Simple elements are
combined hierarchically to form the complete system. Complex com-
ponents, such as a propeller that consists of multiple identical blades
each defined by sectional properties, maintain the relevant data at their
respective levels (Fig. 3).

Discipline modules represent independent physical models (e.g.
aerodynamics, structure, etc) integrated into GEMSEO through dedi-
cated interfaces specifying required inputs and generated outputs. Each
discipline module retrieves data from the assembly and produces stan-
dardized outputs that can be used as objectives or constraints during
optimization. The disciplines developed in the present work focus on
the aero-structural optimization of HERA’s main wing, while ensuring
compliance with flying qualities constraints, as described in the follow-
ing.

Aerodynamics: discipline interfaces with the mid-fidelity solver
DUST, using inputs from the assembly to define geometry and flight
conditions. It allows user control over parameters such as timestep, to-
tal simulated time, mesh resolution, wake panels, and vortex particles.
In addition to static analyses, it computes static and dynamic stability
derivatives (following the formulation described in [27] formulation),
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Section 1 Section 2 Section 3

Blade (Wing-type component)

I Properties I
I Conncections l

Properties

Propeller component

Fig. 3. Data structure of a propeller component.

and control derivatives (aileron, elevator, rudder) via finite differences.
Outputs include aerodynamic loads and all relevant stability/control
(S&C) derivatives.

Structural Sizing: The structural discipline sizes the primary wing
structure, while fuselage and tail structures are kept fixed in terms of
mass per unit area. Fuselage is also kept constant in terms of geometry,
while the tail vary its weight proportionally to its surface, as done in
[40]. Fuselage geometry and structure were excluded from the design
variables based on two main engineering considerations. Indeed, lifting
surface modifications have a negligible impact on the fuselage prelim-
inary structure design, and the overall flight mechanics and stability
remain predominantly driven by the wings and tail. Additionally, keep-
ing the fuselage fixed avoids possible misleading design trends, due to
the mid-fidelity nature of DUST model that cannot accurately capture
viscous effects around bluff bodies. Regarding the wing, the structural
sizing discipline determines the thickness distribution of skins, spars,
stringers, and ribs based on spanwise aerodynamic loads and engine
mass data, enforcing a reserve factor (RF) of 1.5. The sizing is per-
formed using Airbus’s in-house tool AMPET [41], integrated within the
GEMSEO-based MDO framework [42]. The wing primary structure ac-
counts for approximately 85% of the total wing mass, excluding fuel and
engine masses, which are provided as inputs to the structural analysis.
When the wing structure is properly sized, the resulting wing mass can
therefore be predicted with limited uncertainty, making the accuracy of
the aerodynamic loads a key aspect of the optimization. Structural siz-
ing accounts for spanwise distributions of forces and moments from the
aerodynamic discipline, together with engine weights and locations, the
wing-fuselage attachment position, and flight conditions relevant to bird
strike requirements on the leading edge. The wing structural concept is
defined through material properties, spar locations, stringer spacing on
the upper and lower skins, and rib number and spacing. In this work,
aerodynamic loads are provided directly by the DUST solver, which
computes consistent spanwise force and moment distributions including
wing-propeller interaction effects characteristic of distributed electric
propulsion configurations. These loads are transferred without simplifi-
cation to AMPET, ensuring a physically consistent aero-structural cou-
pling within the MDO loop. Given the applied loads and initial sectional
definitions of caps and stringers, AMPET evaluates stresses in skins and
spar webs due to external loads, secondary effects such as Brazier loads,
and shear and bending contributions. For each wing section, the tool
determines the minimum-weight thickness distribution satisfying von
Mises stress limits, buckling constraints based on Timoshenko and Gere
theory, combined criteria for spar webs, and bird strike requirements,
while maintaining RF = 1.5. Manufacturing constraints are enforced
by restricting thicknesses to manufacturable increments and limiting
thickness variations between adjacent panels. After skins and spars are
sized, ribs are dimensioned using the same criteria, and the resulting
structural mass is computed from material properties and geometry and
passed to the MDO framework, allowing aerodynamic interaction ef-
fects to be consistently reflected in the structural mass throughout the
optimization. Fig. 4 shows a schematic representation of DUST-GEMSEQO
interface and optimization loop with Multidisciplinary Feasible (MDF)
MDO formulation architecture. Further details about the structural siz-
ing procedure and the communication with DUST can be found in [43]
and [41].

Weight and Balance: discipline aggregates the mass properties of all
components. Each aircraft component has an assigned mass, center of
gravity, and inertia tensor, either predefined or provided by other disci-
plines. This module computes total mass, global CG, and overall inertia
in body axes of the aircraft, feeding this information into the stability
and control discipline.

Stability and Control: discipline combines aerodynamic derivatives
and inertia data to compute the static margin (SM), flying qualities
(FQ) metrics (following forumlation described in [44]), and maneuver-
ing time estimates based on control inputs and damping stability deriva-
tives. It delivers the key parameters required to assess aircraft handling
and flying qualities.

The Variable class defines the optimization variables, marking com-
ponent attributes to be controlled by the optimizer. Each variable in-
cludes a name, initial value, and optional bounds, and is attached
directly to a component property for tracking during the optimization
process. Within GEMSEO, several MDO formulations are available to
couple multidisciplinary analysis (MDA) with optimization, including
the Multidisciplinary Feasible (MDF) approach, which solves the cou-
pled system at each iteration; the Individual Discipline Feasible (IDF)
approach, which treats coupling variables as independent with added
consistency constraints and the Bi-Level formulation, which separates
disciplinary optimization from system-level coordination. Detail about
each approach can be found in [31]. Fig. 4 illustrates a high-level
overview of the optimization loop and interactions among the frame-
work components, using the MDF algorithm.

2.5. Surrogate modelling

The presented problem involves multiple disciplines and, as with
DUST, requires running simulations using dedicated solvers. During an
optimization process, this becomes particularly demanding because sim-
ulations must be repeatedly executed while varying design parameters
to compute the Jacobian matrix, which provides sensitivity information
to the optimization algorithm (Fig. 4). This results in significant compu-
tational costs, especially since a finite difference approach must be used
for DUST during optimization. To mitigate this issue, surrogate mod-
els built through Design of Experiment (DOE) approaches have proven
highly effective, as supported by recent literature [45,46]. A surrogate
model approximates a discipline as an explicit Multi-Input Multi-Output
(MIMO) function of the design variables involved in the optimization
[471.

In the present framework, surrogate models are generated through
a five-step DOE methodology. The first step, planning, defines the dis-
cipline input/output structure, the design space, and any constraints.
In the second step, sampling, a set of meaningful points within the
design space is selected to serve as inputs for the discipline evalu-
ation. GEMSEO provides multiple sampling strategies, including Full
Factorial Sampling (FFS), Latin Hypercube Sampling (LHS), quasi-
random sequences such as Sobol or Halton, and simpler Monte Carlo
methods [31]. The third step, execution, involves running the disci-
plinary solver on each sampled point and storing the outputs. The
fourth step, regression, builds the surrogate model by training a re-
gression algorithm to approximate the relationship between design vari-
ables and outputs. Supported techniques include linear and polynomial
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regression, Gaussian Process Regression (GPR), and Radial Basis Func-
tion (RBF) regressors, with GPR offering predictions and uncertainty es-
timates and RBF performing well for scattered nonlinear data. The final
step, validation, assesses the model’s accuracy by comparing its outputs
with those of the original discipline. Validation points can be drawn
from the sampling dataset or newly generated, and performance metrics
such as the coefficient of determination (R?), the relative error (R,), or
the Root Mean Square error (RM SE) are employed [31], and defined
as

_ > - y[)z

R*=1 —,
2=y

where ¥ represents the model outputs at validation points, y represents
the outputs of the original discipline, and N the number of training
samples.

A dedicated module has been developed within the multidisciplinary
framework to create surrogate models following this DOE approach.
Each disciplinary block in Fig. 4 is treated as a black box with its own
input/output structure, and GEMSEQ’s built-in algorithms are employed
for sampling and model fitting. When the surrogate option is activated,
the original block is replaced by a MIMO surrogate that preserves the
same input/output structure, effectively replicating the behavior of the
discipline with much lower computational effort.

In this work, the module was applied to create surrogate mod-
els for the aerodynamic loads and stability discipline, which relies on
DUST (Fig. 4). Samples from DUST are selected using Latin Hypercube
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Fig. 6. Comparison of the chordwise sectional pressure coefficient distribution between DUST and TAU solutions, non-dimensionalized with respect to the maximum
value, at different angles of attack, inside (in-wake: y/b = 0.31) and outside (out-of-wake: y/b = 0.96) the propeller wake.

Sampling (LHS) [48], which generates near-random points evenly dis- 2.6. Methodology overview

tributed across the multidimensional parameter space. Surrogate mod-

els are then constructed from the DOE points using Gaussian Process The proposed methodology combines mid-fidelity aerodynamic
Regression (GPR)[49] and Radial Basis Function (RBF) [50] regressors. modeling, surrogate-based acceleration, and integrated trim and
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stability constraints within a unified MDO framework for DEP aircraft.
The objective is to capture the key aerodynamic interaction effects typ-
ical of DEP configurations while maintaining computational efficiency
compatible with iterative optimization and allowing the inclusion of
constraints related to certification-relevant flying qualities. A prelimi-
nary aerodynamic analysis is first conducted to validate the DUST solver
against high-fidelity RANS results obtained with the TAU solver. This
validation focuses on both global aerodynamic coefficients and local
load distributions, with particular attention to wing-propeller interac-
tion effects that strongly influence loads, stability, and propulsive effi-
ciency. Thanks to its vortex particle formulation DUST preserves vortical
structures and interaction phenomena with a level of fidelity compara-
ble to higher-fidelity CFD approaches, while avoiding the computational
overhead associated with mesh refinement and large grid sizes. This
makes DUST particularly suitable for optimization-driven studies where
repeated aerodynamic evaluations are required. Once validated, DUST
is used as the reference model for the generation of machine-learning-
based surrogate models. This ensures consistency between high-fidelity
CFD, mid-fidelity aerodynamics, and data-driven approximations, al-
lowing the relevant physical trends to be retained across modeling lev-
els. Surrogates are constructed using a systematic design-of-experiments
approach with generic sampling strategies, and their accuracy is as-
sessed through dedicated convergence studies with respect to training
dataset size. Different regression techniques are evaluated, and the final
surrogate models are selected based on accuracy and robustness crite-
ria. Once trained, the surrogates are treated as interchangeable black-
box replacements of the corresponding physics-based discipline mod-
els within the MDO framework. The optimization process is structured
in two main phases. The first phase consists of an automatic trim op-
timization, in which force and moment equilibrium are solved within
the loop to identify the steady-state cruise condition for each candi-
date configuration. The second phase addresses geometry and propeller
placement optimization under trimmed cruise conditions, while enforc-
ing constraints on static and dynamic stability as well as flying qualities.
Stability derivatives and dynamic modes are computed directly using
DUST-based aerodynamics, and all required routines are implemented
within the framework, enabling the assessment of flying qualities met-
rics typically associated with certification requirements already at the
preliminary design stage. Finally, the methodology includes a system-
atic comparison between optimization results obtained with full-order
discipline models and those obtained using surrogate-based MDO. This
comparison allows the deviation introduced by surrogate modeling to
be quantified in terms of optimal design variables and objective func-
tion values, demonstrating the effectiveness of the surrogate strategy
in reducing computational cost while preserving optimization accuracy.
Although the present study focuses on the cruise condition to address the
relevant aerodynamic and stability constraints, the proposed GEMSEO-
based framework is inherently general and supports multi-scenario op-
timization [31], enabling consistent extension to multi-segments mis-
sions, as already done in [42].

3. Results and discussion
3.1. Aerodynamic analysis

This paragraph analyzes the cross-validation between DUST and TAU
models, addressing the aerodynamic behaviour of the configuration.
Fig. 5 shows a comparison of the pressure distribution between the DUST
and TAU models. TAU CFD model includes actuator disks to represent
the propellers tuned using thrust inputs from DUST modeling employing
lifting line elements. The main goal of this activity is to determine the
accuracy of DUST model in presence of possible viscous and non-linear
effects occurring in the explored workspace. As shown in Fig. 5(a), at
angle of attack a = 0°, the correlation between the two aerodynamic
solvers is quite good, although the CFD solver, likely due to the use
of actuator disks and mesh dissipation, exhibits a more limited inter-
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Fig. 7. Comparison of the sectional lift coefficient as a function of the wing
spanwise coordinate between DUST and TAU solutions, at different angle of
attacks.

action effect on the wing due to propellers. A similar observation can
be made for Fig. 5(b), corresponding to a = 5°. At a = 10°, it is evident
that DUST predicts stronger interaction effects, as seen from the larger
spanwise deviation of pressure coefficient distribution (Cp). However, it
fails to capture flow separation effects occurring at this higher angle of
attack under cruise conditions. As will be shown later, this flow separa-
tion leads to a reduction of the wing aerodynamic loading that the VPM
solver is not able to accurately reproduce at this higher attitude of the
aircraft.

Indeed, Fig. 6 shows the chordwise sectional distribution of C, at
angles of attack a = 0°,5°,10°, for two different spanwise sections, i.e.
one located within the propeller wake (in-wake, y/b = 0.2985), and one
outside the propeller wake (out-wake, y/b = 0.9630). It can be observed
that for angles of attack « =0° and 5°, there is a quite good agree-
ment between the mid- and high-fidelity models both on the in-wake
and out-wake sections. However, for « = 10°, DUST accurately captures
the behaviour of the sectional C, in the out-wake section but higher
discrepancies are found in the suction side of the in-wake section. This
discrepancy is due to the fact that, in the in-wake wing region, the pro-
peller wake induces an upwash and increases the dynamic pressure on
the wing, triggering flow separation, as shown in Fig. 5. As can be ob-
served more in details in Fig. 6(f), this flow separation manifests as a
sudden drop in C,, which results in a significant decrease of the wing
loading in the wing in-wake region.

Fig. 7 shows the comparison between DUST and TAU in terms of the
spanwise lift distribution at different angles of attack, i.e. « = 0,5,10°. A
slight overestimation of the load by TAU compared to DUST can be ob-
served, but overall the correlation is quite good at the lower two angles
of attack, particularly in terms of the trend and the spanwise derivative
of the load. At « = 10°, separation effects well captured by the CFD solver
become significant, leading to noticeable differences in the load dis-
tribution. In fact, DUST overestimates the load by approximately 10%,
highlighting the limitations of the VPM solver at higher angles of attack
where incipient flow separation could occur.

Similar considerations apply to the integral loads in body axes shown
in Fig. 8 in terms of vertical force coefficient C,, longitudinal force
coefficient Cy, and pitching moment coefficient C,, (see definition in
Fig. 2). In this representation, prior to the onset of stall at « = 10°, there
is excellent agreement between the models, especially for the deriva-
tives of Cz, and C,, calculated from DUST solution as the slope of the
curves between 0° and 5°, which deviate by less than 1% from TAU re-
sults. These derivatives are crucial both for the computation of flying
qualities (such as static margin and the frequencies and damping of the
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Fig. 8. Comparison of integral loads coefficients between DUST and TAU as a function of the angle of attack.

aircraft flight mechanic modes) and for the gradient-based optimization
process. Moreover, addressing the L/D ratio for the conditions tested,
a deviation between DUST and TAU of less then 5% is observed.

Once the DUST model has been consistently validated against CFD
results, a detailed analysis of the aerodynamic interaction effects influ-
encing performance and, consequently, the optimization of a DEP con-
figuration is presented. Fig. 9 shows the sectional blade loading coef-
ficients of the hybrid-electric and fully electric propellers for different
angles of attack, evaluated at 75% of the blade chord and expressed as a
function of the blade azimuth angle y, representing the blade position
over the revolution. The figure compares isolated rotor configurations
with the coupled wing-rotor case, thereby highlighting the influence of
the wing on rotor loading.

It can be observed that, consistently across all considered angles of
attack and for all three propellers, the presence of the wing leads to
an overall increase in blade loading. In addition, a pronounced first-
harmonic (1/rev) component is introduced, whose amplitude increases
with the angle of attack. This harmonic is associated with the variation
of the effective inflow angle experienced by the rotor disk as the air-
craft angle of attack increases. The observed behavior can be interpreted
as the combined effect of wing-induced upwash and ground-effect-like
aerodynamic interaction acting on the rotor blades, as discussed in more
detail in [51].

Fig. 10 illustrates the complementary effect, namely the influence of
the rotors on the wing. In particular, the induced velocity field gener-
ated by the lifting surfaces is evaluated at the wing leading edge, consid-
ering again a breakdown of configurations including the isolated wing
(“wing”), the isolated rotors (“rotors”), and the coupled wing-propeller
case (“full”). The visualization highlights both the spanwise location of
the propellers and their direction of rotation relative to the wing span.

The results show that the rotor system induces a characteristic veloc-
ity dipole on the wing, which in turn produces a corresponding dipole
in the local angle of attack [51]. This effect directly influences the span-
wise load distribution, demonstrating the strong aerodynamic coupling
between wing and propellers in DEP configurations.

Indeed, Fig. 11 presents a comparison between DUST solutions only,
obtained using the surface panel and the vortex lattice models at dif-
ferent angles of attack. The effects of wing-propeller interaction on the
spanwise loads can be clearly observed on both SP and VL models com-
pared to the clean aircraft (w/o propellers) solution (shown by dashed
curves), leading to a characteristic upwash-downwash dipole pattern
in the induced velocity field. This results in local variations in angle
of attack and loading when the propeller wake impinges on the wing.
This phenomenon is consistently observed across all three angles of at-
tack and leads to variations in the loads of up to 15%, highlighting the
importance of accounting for aerodynamic interactions in the optimiza-
tion process. The quite good correlation between the solutions obtained
with the two models for lifting surfaces confirms that using vortex lat-
tice representation enables to keep accuracy in capturing the physical
interaction phenomena and the overall load trend behavior, while re-
ducing substantially the computational effort. Thus, the VL model has

Table 2
Effect of Wing-Rotor interaction on aerodynamic L/D and thrust.

AoA [deg] Configuration L/D [-] A L/D [%] A Thrust [%]
0 Wing isolated 14.33 REF -
Rotors isolated - - REF
Wing + Rotors 16.24 +13.35 +11.21
5 Wing isolated 11.01 REF -
Rotors isolated - - REF
Wing + Rotors 12.20 +10.76 +12.12
10 Wing isolated 6.87 REF -
Rotors isolated - - REF
Wing + Rotors 7.15 +4.17 +5.73

been used along within the optimization process described in the fol-
lowing.

Table 2 summarizes the effects of rotor-wing installation on aerody-
namic loads and wing efficiency, highlighting variations of up to 15%
associated with aerodynamic interaction effects. These results demon-
strate the importance of accounting for such physical interactions within
the modeling framework adopted for optimization purposes, as well as
the potential to exploit them to maximize overall performance [5].

Fig. 12 highlights the capability of DUST modeling to capture wing-
propeller interactions as shown by the visualization of the pressure co-
efficient (C,) distribution over the wing, along with an iso-surface of
vorticity based on the Q-criterion to represent the wake.

When considering the complete aircraft configuration, qualitative
effects of wing-rotor interaction can again be observed on the wing
pressure coefficient distribution, together with the influence of wing
downwash on the horizontal tail, which results in a reduction of the tail
pressure coefficient, as shown in Fig. 13. Fig. 14(a) and (b) present the
integral load curves for the three configurations in terms of vertical force
and pitching moment, respectively, while Fig. 14 reports the integrated
loads acting on the horizontal tail alone for the same configurations.

By comparing Fig. 14(b) and (d), it is possible to both identify and
quantify the stabilizing contribution of the horizontal tail, which shifts
the integrated load curves toward lower pitching moments, and to as-
sess the effect of wing-induced downwash on the tail loads. This effect
is particularly relevant, as it directly influences the trim condition of
the aircraft and, consequently, the wing angle of attack about which the
optimization is performed within the MDO loop. The quantification of
these effects in terms of the aircraft stability derivatives is reported in
Table 3. A more extensive validation of DUST in capturing these inter-
action effects is provided in [52].

3.2. Trim optimization

This section addresses the longitudinal trim problem for the HERA
aircraft configuration. The developed MDO framework is used to per-
form the trim, treating trim variables as design variables subject to con-
straints. Table 4 summarizes the problem definition. The trim variables
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Table 3
Comparison of longitudinal aerodynamic derivatives and tail load variations.
aC, ac, 0C, 9C,, i
Configuration 2 AAC,/da) [%] — —2 A@QC, /da) [%] — —= A@QC, 1 /00) [%] — —oat A(0C,, i1/ 0) [%]
da da Jda i Jda i
Full without rotors 0.065034 0.000 —0.041431 0.000 0.009575 0.000 —0.098089 0.000
Full with rotors 0.068198  4.865 -0.040348  2.614 0.010086  5.338 -0.103550  —5.569
Fuselage + tail 0.014139 —78.259 —0.091405 —120.620 0.011667 21.843 —0.120860 -23.217

include the aircraft angle of attack «, which primarily balances verti-
cal forces (¥ F), the blade pitch of the hybrid and electric motors
Onybrids electrics Which adjust rotor thrust to counteract drag and con-
tribute to longitudinal force equilibrium (} Fy) and the elevator deflec-
tion §,, which mainly balances the pitching moment around the center of
gravity (3 my_ ). The setup of the problem permits to obtain the optimal
thrust split between the propellers. The angle-of-attack constraint ac-
counts for the limitations of the mid-fidelity DUST model, which cannot

10

capture viscous stall and flow separation occurring at high incidence.
To ensure physical consistency, the trim optimization is restricted to
the validated pre-stall operating region identified via high-fidelity CFD
analyses.

Fig. 15 presents the Extended Design Structure Matrix (XDSM) for
the trim problem, showing the inputs and outputs of each discipline and
the optimization loop path highlighted in black. The trim optimization
is performed using the SLSQP (Sequential Least Squares Programming)
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Fig. 12. DUST pressure coefficient distribution and flow visualization with three-dimensional vorticity iso-contours of Q-criterion.
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Fig. 13. Pressure coefficient distribution over the entire aircraft for different airplane configuration, at a = 0°.

Table 4

Trim optimization problem definition.
Trim Variables Constraints ~ Objective
-2°<a<9° YFy=0 L/D ratio
40° < Opecrric < 60° TF,=0
40° < )14 < 60° >my =0

-10° <8, < 10°

algorithm [53,54], a gradient-based method well suited for nonlinear
problems with continuously differentiable objectives and constraints.

In the following discussion, the methodology and selection proce-
dures adopted for the construction of the surrogate models are pre-
sented, focusing in this case on the aerodynamic discipline only and fol-
lowing the approach outlined in the introductory section. Fig. 16 shows
a sensitivity analysis of the surrogate models, represented through slices
of the design hyperspace, highlighting the effect of the size of the train-
ing dataset used for the regression model. Gaussian Process Regression
(GPR) is employed for surrogate construction. The surrogate model is
built using a design-of-experiments approach based on Latin Hypercube
Sampling (LHS), which ensures an efficient and uniform sampling of the
design space.

As the size of the training dataset increases, the surrogate model
progressively converges toward a more stable response, which is subse-
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quently assessed through validation data. This behavior is further quan-
tified in Fig. 17, which reports the convergence of the error metrics as a
function of the dataset size, together with the corresponding impact on
computational time. Training the surrogate model with 120 samples re-
quires up to 178 min of computational time. The error metrics adopted
are those defined in Eq. (1) and show consistent convergence starting
from datasets of approximately 60 samples, corresponding to 60 time-
marching DUST simulations. The surrogate model selected for use in
the MDO framework is therefore trained on 120 samples, as it satisfies
the prescribed accuracy requirements of R, < 10%, RMSE < 0.1, and
R? > 0.9 for all outputs of the aerodynamic discipline.

Fig. 18 presents the training points distributed across the design
space together with representative slices of the final surrogate model,
compared against validation points. Each slice is obtained by varying
a single design variable while keeping all others fixed. The figure also
reports the distribution of the pointwise relative error computed on the
validation dataset, showing that the error remains well below 10% for
all outputs of the aerodynamic discipline. As expected, lower errors are
observed in regions where the dependence of the output variables on
the trim parameters is approximately linear.

Fig. 19 illustrates the sensitivity and coupled dependencies of the
same aerodynamic outputs with respect to multiple trim variables si-
multaneously. In particular, the influence of elevator deflection and an-
gle of attack on aerodynamic loads is highlighted, together with the
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dependence of aircraft thrust on the pitch settings of the hybrid and
electric propulsion systems. Surrogate model predictions are again com-
pared with validation points obtained from time-marching simulations
performed using DUST.

Table 5 summarizes the surrogate specifications for each aerody-
namic output for the employed surrogate, along with accuracy metrics
in terms of the coefficient of determination (R?) and relative error (R

In general, a strong agreement is observed between the surrogate
and validation points from time-marching simulations, particularly in
terms of trends and derivatives, ensuring consistency with the full-order
model. Linear trends such as the lift C; and pitching moment C,, coef-
ficients achieve higher R? values and lower relative errors compared to
the more complex drag and thrust coefficients.

Fig. 20 presents the results of the optimization. In particular, the
trim condition, defined within a tolerance of 0.05 on the load coeffi-
cients, was achieved in 8 iterations. Fig. 20 (a) shows the evolution of
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Table 5
Trim regression final models and accuracy.
Cl, CD Cm CI

n° samples 120 120 120 120
Regressor GPR GPR GPR GPR
R[] 0.9993 0.9757 0.9979 0.9580
R, [%] 3.228 7.283 3.841 9.587
RMSE [-] 0.0070 0.0389 0.0051 0.0781

the total forces and moments acting on the aircraft across the optimiza-
tion steps, confirming the convergence toward an equilibrium condition,
as well as the convergence criteria employed, i.e. (i) a tolerance on ob-
jective function f improvement; (ii) a relative step-size tolerance on the
design variables x; in the normalized design space; (iii) constraint feasi-
bility evaluated through prescribed equality and inequality tolerances;
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Fig. 17. Surrogate models convergence study, using different error indices. Influence on computational time required for training.

(iv) a maximum number of iterations. Fig. 20 shows the evolution of the throughout the optimization process, never approaching the limits of the
angle of attack during the optimization, together with the imposed con- validated aerodynamic domain. This confirms both the robustness of the
straint limiting « to the range [-2°,9°], derived from the aerodynamic optimization framework and the consistency of the obtained results with
validation presented in the previous section. As shown in the figure, the the assumptions adopted during the aerodynamic model setup and vali-
optimized solutions remain comfortably inside the admissible interval dation. Fig. 20(c) compares the outcomes of the trim optimization when

13
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Table 6

Trim computational time analysis.
Lo/ surr Yirain T /surr 10t sy rogate Yoadv
4h 34m 4h 16m Om 1s 4h 16m -6,57%

performed with and without the surrogate model for the aerodynamic
discipline. A strong correlation between the results is evident, demon-
strating the validity and effectiveness of the DOE-based approach and
the use of a surrogate model for optimization purposes.

Table 6 shows the computational times associated with each part of
the described process. The comparison between trim without surrogates
and trim with surrogate training reveals a time advantage of approxi-
mately 7%. It is important to highlight that this result is highly depen-
dent on the type of analysis being performed, and that since the trim
problem converges in only a few iterations, the benefit of using surro-
gates is limited. However, once the surrogate is generated, it becomes
evident that the exploration of the design space is several orders of mag-
nitude faster compared to using the original discipline.

3.3. Multidisciplinary design optimization with flying qualities constraints

This section presents the results of the MDO performed on the HERA
aircraft configuration. Results analysis is focused on two aspects: (i)
analysing the effects of introducing or not surrogate models to eval-
uate the aerodynamic and stability and control behaviour, (ii) the

Table 7
MDO problem definition.
Design Variables  Constraints Objective
Yiink 5<SM.<35% Range
0y 23<wg, <35rad/s
Yeprop 02<¢, <14
htail scale Con > 0.04
A,y @root RFC>15
Aiyinger @rOOL RFT > 1.5
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introduction of stability and control constraints in the optimization.
Table 7 outlines the definition of the optimization problem, specifically
identifying the design variables, constraints, and the objective function.
Among the design variables, four are purely geometric, i.e. the wing
kink point yy;,, the wing tip twist 6,;, (twist varies linearly from the
airfoil at the kink point), the position of the electric propellers y, .,
which are translated along the wing span while maintaining a constant
distance between them (as illustrated in Fig. 21) and finally, the hori-
zontal tail plane scale included in the optimization as a dedicated de-
sign parameter to actively control the stability and control character-
istics of the aircraft, particularly in response to changes in mass and
aerodynamics of the wing that influence the flight dynamics modes. In
this context, where flying qualities constraints are incorporated into a
multidisciplinary design framework, a global aircraft-level approach is
essential, since the evaluation of the complete vehicle dynamics to en-
sure acceptable flight behavior across the design space is required. As
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Fig. 22. Extended design structure matrix of the optimization problem.

an assumption of the problem, the wing component center of gravity
(CG) is considered fixed, even though its mass variation is accounted
for the calculation of the global CG and in the evaluation of the flight
dynamics properties. The remaining two design variables pertain to the
wing structural geometry, i.e. the area of the caps at the wing root 4,
and the area of the stringers A,,,,,.,- In addition to the upper and lower
bounds imposed on the design variables, the optimization includes con-
straints related to the aircraft’s longitudinal flying qualities (FQ). From
the perspective of static stability, a constraint is imposed on the aircraft’s
static margin, defined as:
-&C,,

Czaa

Xe
cg C’"CGH

Xpp = Xeg

(2)

SM. =

c c _CZ G
and required to lie between 5% and 35%, to ensure a good compro-
mise between the aircraft’s stability and maneuverability. Additional
constraints relate to the dynamic behavior of the aircraft, including the
damping and frequency of flight mechanics mode (short period and

phugoid), derived from a reduced-order model [44] and the stability
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derivatives obtained using the methodology described in [27]. These
constraints are defined as follows:

my F my
2 == -+ 3
é’spwxp ( Iy Um + Iy > ( )
my{ an mya
g, =1/—— - (©))
I, Un I,
1 C
Con 2 ©)

V2G
The stability and flying qualities constraints are derived from [44]
and are based on DEF-STAN 00-970 and MIL-F-8785C, following the
established engineering interpretation by Cook [44] selected to be con-
sistent with the weight class and mission profile of the HERA regional
aircraft. Specifically, the optimization constraints target Level 1 flying
qualities during Category B flight phases (cruise). The short-period re-
quirements follow the limits on the undamped natural frequency w, and
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damping ratio ¢, while the phugoid mode follow a minimum damp-
ing ratio requirement ¢,. The choice of these specific numerical thresh-
olds is based on treating the present platform as a Class III aircraft
according to the MIL standard classification. For this category of com-
mercial/regional passenger aircraft, ensuring Level 1 dynamics in cruise
is a strict requirement to guarantee passenger comfort and safety under
autopilot and manual flight. In addition, a static stability requirement
is imposed through a constraint on the stability margin, a quantity that
represent the ratio between stability and maneuverability. Due to the
modular structure of the proposed optimization framework, the same
approach can be readily generalized to include additional flying qual-
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ities and handling qualities constraints. These may include constraints
associated with lateral-directional modes, maneuver-performance met-
rics such as maneuver response and actuation times, as well as stability
and handling qualities requirements for rotorcraft configurations based
on ADS-33E specifications.

The last two constraints are related to the structural reserve factors
in tension and compression for the structural sizing of the wing [38].
The objective of the optimization is to maximize the aircraft’s range,
defined by the Breguet range equation:
U L < W, )
=2 .Z .=
D Wy

R (6)

Cs
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Table 8
Optimization regression final models and accuracy.
Cp Cp G NP Co, Cmq

n° samples 200 200 200 125 125 125
Regressor RBF RBF RBF GPR GPR GPR
R[] 0.9804 0.9734 0.9841 0.9879 0.9981 0.9992
R, [%] 3.229 9.452 4.842 8.981 7.470 4.628
RMSE [-] 0.0165 0.0593 0.0165 0.0105 0.0259 0.0252

which provides an optimal balance between maximizing the L/D ratio
and minimizing the wing mass.

Fig. 22 presents the XDSM diagram of the optimization problem,
showing the inputs (vertical edges) and outputs (horizontal edges) of
each discipline. Aerodynamic derivatives are computed in the aircraft’s
global reference frame, while the design synthesis discipline trans-
lates them to the aircraft’s center of gravity using outputs from the
weight and balance discipline. The optimization is performed using the
COBYLA (Constrained Optimization BY Linear Approximations) algo-
rithm, a derivative-free method suitable for constrained and potentially
non-differentiable problems [55,56].

Fig. 23 compares the surrogate models generated for the aerody-
namic loads discipline using RBF and GPR regressors trained on the
same dataset, highlighting that, in this specific case, the GPR model
tends to exhibit non-physical overfitting, leading to larger deviations in
the predictions. Based on this comparison, the RBF formulation is se-
lected as the most robust and consistent surrogate for the aerodynamic
loads discipline. Fig. 24 presents the surrogate models generated by the
framework, namely a RBF regressor for the aerodynamic loads discipline
trained on 200 sampled points and a GPR regressor for the aerodynamic
stability discipline trained on 120 points. Both models use Latin Hy-
percubic sampling for the generative DOE. This choice also provides a
general indication that the final surrogate model selection is driven by
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a trade-off between accuracy and available training data, ensuring the
best compromise between number of sampled points and computational
cost (see Tables 8 and 9). Therefore, in the present activity, the surro-
gate selection has been performed by evaluating the best-fitting model
for a given dataset, i.e., the model that minimizes prediction errors for
a fixed number of training samples.

Table 8 summarizes the surrogate specifications for each output vari-
able, together with the corresponding R? and mean relative error R,. A
strong correlation between surrogate predictions and validation points is
observed for both disciplines. For the aerodynamic loads discipline, the
response surfaces exhibit relatively low gradients and greater dispersion,
resulting in slightly higher errors and reflecting the limited sensitivity
of C;, Cp, and C,, to the design variables. Nevertheless, all coefficients
achieve R? > 0.97 with mean R, below 10.

The aerodynamic stability discipline, in contrast, shows a strong de-
pendence on the horizontal tail scaling parameter, which dominates the
response of the stability derivatives. This leads to reduced dispersion
and higher accuracy, with R? values exceeding 0.99 and relative errors
comparable to or lower than those of the load models. Fig. 25 illustrates
representative trends for the aircraft neutral point x  » and the dynamic
stability derivatives C,, and Co,» computed by DUST using the method-
ology described in [27].

Fig. 25 also presents the surrogate model of the sectional load dis-
tribution, which is an output of the aerodynamic discipline, together
with its dependence on the wing design variables, in comparison with
the validation points corresponding to the spanwise load directly com-
puted by DUST. Once again, a good correlation is observed between
the machine-learning-based surrogate model and the DUST results, with
limited discrepancies in regions characterized by higher gradients, while
the overall topology predicted by the aerodynamic solver is consistently
preserved.

Fig. 26 presents the MDO optimization results in terms of design vari-
ables and objectives, highlighting solutions that satisfy the constraints
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on flying qualities. A good agreement is observed between results ob-
tained with and without surrogate models, confirming the consistency
of the DOE-based approach.

In particular, Fig. 26(a) shows the geometric and structural design
variables normalized to the relative design space, where 0 corresponds
to the lower bound and 1 to the upper bound. Key geometric changes
compared to the HERA UCB baseline include a kink point y,;,, shifted
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toward the wing root, an increase in tip twist 6,,, and a larger hori-
zontal tail scale, with increments of 30.0%, 41.3%, and 25.2%, respec-
tively. The propeller position y,,,,, moves outward from 20.0% to 45.2%
of the wing span. Considering aerodynamic performance, this outward
shift improves the wing L/ D ratio, though it increases the bending mo-
ment due to engine weight. Structural optimization shows a 7% reduc-
tion in spar cap area, while stringer areas reach the lower limit of the
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Fig. 29. Optimization results: Comparison of the pressure coefficient distribution and geometry between the optimized and baseline aircraft configuration.

design space. The largest deviations between surrogate and full-order
results occur in wing tip twist and propeller position. To investigate the
source of these discrepancies, a detailed sensitivity analysis was per-
formed by analyzing scatter plot matrices obtained over a 120 samples
Design of Experiment (DoE) relating the design variables to both the ob-
jective functions (see Fig. 27(a)) and the optimization constraints (see
Fig. 27(b)). These plots clearly highlight that y, ., and the wingtip twist
angle exhibit a significantly lower sensitivity compared to the remain-
ing design variables. This reflects a sparse design space region, which
naturally leads to lower correlation levels (below R = 0.9) and a higher
prediction error range, quantified at approximately 8% for these specific
parameters. This behavior therefore explains the poorer correlation ob-
served for these two variables in the comparison between the surrogate-
based predictions and the time-marching model results. Despite this lo-
cal discrepancy, the global consistency between the surrogate models
and the high-fidelity results remains robust. This behavior is a coherent
consequence of the obtained global performance of the surrogate mod-
els (as illustrated in Figs. 24 and 25), which maintain a low average
prediction error of about 3-4%.

Fig. 28 shows the comparison of the objectives L/D ratio, wing
mass, and range. The optimization leads to a 9.0% increase in L/D,
a 16.25% reduction in wing mass, and a 19.06% increase in range, con-
sistent with the Breguet range equation. Deviations between surrogate
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and non-surrogate results are minimal, i.e. 0.80%, 0.55%, and 0.50% for
L/D, wing mass, and range, respectively.

In order to highlight the main differences in terms of aircraft config-
uration led by the optimization, Fig. 29 shows a mirrored (with respect
to longitudinal plane of the aircraft) visualization of the pressure coeffi-
cient distribution on the aircraft, as well as the geometrical comparison
between the optimized and baseline configuration.

Fig. 30(a) illustrates the optimization path of the aircraft range over
the iterations, as well as the convergence criteria employed, and show-
ing similar trajectories for optimizations with and without surrogates,
confirming the reliability of the surrogate-based approach. Fig. 30(b)
presents a Pareto front obtained by minimizing wing mass while incre-
mentally constraining L/D, normalized to baseline values. The origi-
nal range-oriented optimization selects a point on the Pareto optimal
front, achieving a balance between wing mass reduction and L/D in-
crease. The comparison between surrogate and full-order evaluations
shows very small deviations, i.e. 0.55% and 0.179% for mass, 0.80%
and 0.183% for L/D.

Table 9 reports computational times for optimizations with and with-
out surrogates, including surrogate training. Four surrogate models were
used, i.e. one for aerodynamic loads and three for aerodynamic stability
derivatives, each trained separately due to the need for dedicated sim-
ulations [52]. The total optimization time with surrogates, including
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Table 9
Optimization computational time.
twu/mrr Lirain tw/xurr m’xurmgum %oadv
Aero loads 6h 40m
i 13h1
66h15m  SdcC, Sh19m 555 32h28m  -49.01%
Plunge C;, 6h 12m
Phugoid C; 6h 12m

training, is approximately 49% of the time required without surrogates,
while maintaining accuracy (see Fig. 25 and Table 8). The computa-
tional advantage is greater than in the trim problem due to the larger
number of iterations needed for convergence.

Fig. 31(a) shows the evolution of the constraint on the static sta-
bility margin of the aircraft, expressed as the percentage difference be-
tween the neutral point of the aircraft and the center of gravity, which
are both varying within the optimization history. It is shown that the
implemented framework can effectively consider this constraint while
optimizing the configuration. The optimization path for the static mar-
gins (SM) is predominantly driven by the horizontal tail scale design
variable, which plays a major role in determining the static stability
characteristics of the aircraft (see Fig. 25), while the influence of the
variation of the mass and aerodynamic properties of the wing has a sec-
ondary effect. The SM enters the feasibility region relatively early in
the optimization loop, showing that it is effectively controlled by the
parametrization on the tail plane scale. The comparison between the
behaviour of the optimizer with surrogates and with time marching sim-
ulations (TM) is again very similar, highlighting the potentiality of the
approach.
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Fig. 31(b) illustrates the evolution of the short-period mode fre-
quency and damping ratio constraints throughout the optimization pro-
cess. In particular, the constraint boundaries adopted from [44], derived
from DEF-STAN 00-970 and MIL-F-8785C flying qualities requirements,
are superimposed onto the so-called fingerprint graph. As discussed by
Cook, this diagram identifies the region in the w, — ¢, plane correspond-
ing to combinations of natural frequency and damping ratio that have
been assessed through pilot evaluations as providing satisfactory flying
qualities. The resulting representation therefore allows both verifica-
tion that the optimization framework is capable of handling dynamic
flying qualities constraints effectively, and confirmation that the opti-
mized configurations converge toward the desired region of acceptable
short-period dynamic behavior in terms of frequency and damping char-
acteristics.

Within this satisfactory region, the aircraft demonstrates adequate
maneuverability (initial response) without excessive sensitivity to con-
trol inputs, and its oscillations remain well damped. It can be observed
that, during the optimization, the applied constraint drives the aerody-
namic and mass properties of the aircraft toward this favorable FQ re-
gion. The horizontal tail scale emerges as the primary factor influencing
the short period characteristics (see my, in Eq. (4)), while modifications
to the main wing mass and aerodynamic properties provide secondary
effects.

4. Conclusion

This work presents the application of a multi-disciplinary design
and optimization (MDO) framework to the Clean Aviation HERA UCB
configuration, addressing the strong couplings between aerodynamics,
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structures, propulsion, and stability that characterize hybrid-electric re-
gional aircraft with distributed electric propulsion (DEP). The frame-
work, built around GEMSEOQ, integrates DUST-based aerodynamic mod-
els and explicitly incorporates stability, control, and trim requirements
as design constraints, enabling a comprehensive and modular approach
to aero-structural optimization.

DUST aerodynamic model was validated against RANS simulations
from the TAU solver. Later in order to reduce the computational cost
associated with mid-fidelity simulations, surrogate models were devel-
oped using supervised machine learning regression and a design of ex-
periments (DOE) methodology, forming a multi-fidelity optimization
strategy.

Using the developed framework, longitudinal trim and aero-
structural optimization were performed, targeting maximization of
aircraft range while minimizing wing mass and improving aerodynamic
efficiency. The results demonstrate strong agreement between
surrogate-based predictions and high-fidelity simulations, both in terms
of design variables and objective functions, highlighting the accuracy
of the reduced-order models. The methodology successfully enforces
flying qualities and stability constraints, ensuring that the optimized
configuration meets the desired performance across trimmed flight
conditions.

Overall, this study confirms that the extended MDO framework pro-
vides a robust and efficient tool for the design of complex hybrid-electric
aircraft. By combining modular integration of disciplines, multi-fidelity
optimization, and machine learning-based surrogate modeling, it en-
ables reliable exploration of trade-offs between aerodynamic efficiency,
structural weight, and flight stability, supporting informed and effective
design decisions.

Future research will focus on extending the framework to an inte-
grated full-aircraft optimization incorporating the geometric and struc-
tural design variables of the fuselage, which are currently kept fixed.
Such an advancement will require the integration of higher-fidelity aero-
dynamic tools to properly capture the complex flow fields and aero-
dynamic efficiency variations associated with fuselage shape modifica-
tions. Moreover, another interesting open point to be investigated is a
more rigorous characterization of surrogate error ranges by integrating
formal uncertainty quantification (UQ) methodologies into the multi-
disciplinary optimization framework.
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