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Abstract: Accurate yet computationally efficient aerodynamic modeling remains a critical
bottleneck in flight dynamics simulations of flexible aircraft. While low-fidelity analytical ap-
proaches like strip theory offer rapid inference speeds, they often exhibit significant discrep-
ancies when compared to empirical wind-tunnel data, as observed during the testing of the
TU-Flex flying demonstrator. To address this limitation, this paper proposes a multi-fidelity
Scientific Machine Learning framework designed to enhance baseline strip theory predictions
without the prohibitive computational costs of high-fidelity solvers. The methodology employs
a sequential dual-network architecture. The first neural network employs transfer learning to
effectively combine the aerodynamic trends captured by Computational Fluid Dynamics sim-
ulations with the magnitudes observed in experimental wind-tunnel measurements. This data
mixing serves as a high-fidelity baseline to parameterize the physics-informed loss function of
a second surrogate network. By embedding the governing equations of generalized aerody-
namic forces into its training process, this second model maps operational flight conditions to
quasi-steady modal forces, successfully recovering continuous spanwise lift and pitching mo-
ment distributions. Results demonstrate that the proposed framework accurately matches target
high-fidelity load profiles while requiring minimal computational effort. This surrogate model
establishes a pathway for future real-time aeroelastic evaluation and system identification within
the TU-Flex flight simulation environment.
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1 INTRODUCTION

The estimation of the aerodynamic forces is often the computational bottleneck in aircraft sim-
ulation frameworks, especially when structural flexibility is taken into account, and real-time
solutions must consider the coupling between flight dynamics and aeroelastic modes [1]. Dur-
ing preliminary design, low-fidelity methods are preferred for both structural dynamics and
aerodynamics, allowing design constraints and general flight characteristics to be evaluated in a
relatively short time frame and with reduced computational costs, despite compromising accu-
racy. However, even such low-fidelity approaches can be cumbersome when embedded in flight
dynamics solvers for flexible aircraft.

The increasing availability of multi-fidelity data — ranging from low-fidelity analytical meth-
ods to wind-tunnel measurements and Computational Fluid Dynamics (CFD) — has provided
fertile ground for the development of data-driven aerodynamic models. In this context, we
turn our attention to the strip theory aerodynamic model proposed in [2] for the TU-Flex flying
demonstrator. While that simple aerodynamic model performs well in the flight dynamics simu-
lation framework developed for the aircraft, the accuracy of the method has been challenged by
wind-tunnel observations considering the same flight conditions, as depicted in Figure[I} There-
fore, there is a need for a more accurate aerodynamic model while keeping the computational
costs at reasonable levels, which means that higher-fidelity methods are certainly prohibitive.
This is where physics-inspired, data-driven surrogate models can play an interesting role, and it
is exactly what we intend to investigate in this work.
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Figure 1: Discrepancies observed in lift from wind-tunnel (WT) and strip theory (ST) data.

We propose a framework structured on Scientific Machine Learning (SciML) concepts aimed
at improving one of the aerodynamic models of the TU-Flex aircraft. By feeding CFD and
experimental information into a baseline feedforward neural network, we improve the accuracy
of the predictions made by a second neural network intended to serve as a surrogate for strip
theory aerodynamics. The core idea behind our model is to embed the equation governing the
generalized aerodynamic forces term into the loss function to be minimized during the training
of the surrogate model.

Preliminary findings show that the proposed method can predict the quasi-steady generalized
aerodynamic forces, allowing lift and pitching moment distributions to be accurately retrieved
at a low computational cost in terms of inference time compared to high-fidelity aerodynamic
models. The results also open up possibilities for tackling more complex tasks, such as unsteady
aerodynamics, as long as experimental or numerical data become available.
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We begin this document by introducing the TU-Flex flying demonstrator in Section 2] followed
in Section [3|by a theoretical background on the use of strip theory for unsteady and incompress-
ible aerodynamics, as well as the main concepts of this emerging area of Scientific Machine
Learning. A comprehensive description of our methodology is presented in Section[d] followed
by our main findings showcased in Section [5] Finally, in Section [} we conclude our work and
outline directions for future studies.

2 TU-FLEX FLYING DEMONSTRATOR

The lack of experimental setups for variable flexibility wings poses challenges for advances in
the literature on how different levels of flexibility influence the flight dynamics, aeroelasticity,
and control characteristics of a High Aspect Ratio (HAR) aircraft. In this context, the Chair
of Flight Dynamics, Flight Control, and Aeroelasticity (FMRA: Flugmechanik, -regelung und
Aeroelastizitdt) at the Technische Universitdit Berlin and the Institute of Aeroelasticity of the
German Aerospace Center (DLR) have partnered to develop a flight demonstrator called TU-
Flex [3].

The prototype shown in Figure 2] which has a typical cargo aircraft configuration, serves as a
convenient testbed for wings of variable flexibility due to its wing module attachment system.

14

Figure 2: TU-Flex (FW configuration) flying demonstrator rollout. Credits: FMRA, 2025

In this study, we consider the Flexible Wing (FW) configuration of the TU-Flex, for which in-
flight wingtip deflections of up to 10% of the half-span are expected. The main properties of
the FW are summarized in Table[Il

Table 1: Geometric properties of the TU-Flex’s flexible wing.

Span 3.6m
Root chord 03 m
Taper ratio 0.5
Aspect ratio 16

Leading edge sweep angle 20 deg

The TU-Flex aircraft serves as a comprehensive experimental testbed designed to advance the
characterization, modeling, and control of flexible and very flexible aircraft. In a ground-testing
capacity, it provides a framework to establish new procedures for defining fundamental elastic
and aeroelastic properties through static, ground-vibration, and wind-tunnel experiments. Dur-
ing flight operations, the system will gather empirical data on the complex, coupled motion
between rigid-body flight dynamics and structural aeroelasticity in response to control inputs,
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directly supporting the implementation of novel system identification techniques. Furthermore,
the platform acts as an adaptable developmental tool to evaluate diverse sensor configurations
for real-time structural shape reconstruction, assess alternative control surface arrangements,
and deploy the advanced structural regulators and control architectures necessary to ensure the
safe stabilization and navigation of highly flexible flight vehicles. A comprehensive explanation
of the TU-Flex project can be found in [4+7].

3 THEORETICAL BACKGROUND

In this section, we present some fundamental concepts behind the methods to be used through-
out this work. In Subsection [3.1] we describe the unsteady and incompressible aerodynamics
coupled with strip theory under a few referenced assumptions. Subsection [3.2] concerns the
Scientific Machine Learning ideas and the concepts important for the development of our ap-
proach.

3.1 Unsteady and Incompressible Aerodynamics via Strip Theory

During aircraft preliminary design, the use of low- to medium-fidelity aerodynamic models is
usually preferred in flight dynamics simulation frameworks due to their computational perfor-
mance, allowing for efficient integration with control laws and optimization routines.

Following the methodology presented in [8},9], the lifting surface is discretized into n spanwise
stations with uniform properties, as is conventional in strip theory. Consequently, the local
downwash and the aerodynamic loads are fully described by two-dimensional aerodynamic
theory [10]. Moreover, a modification of the usual strip theory proposed in [11]] was employed,
in which available data for the lift curve slope (¢ ) and the aerodynamic center position along
the reference chord of each station (x,.) were used instead of those considered under the flat
plate assumption.

For clarity, we adopt the following notation throughout this work: lowercase bold italic symbols
are used for vectors and one-dimensional arrays (e.g., a); uppercase bold symbols for matrices
(e.g., A); and non-bold italic symbols for scalars (e.g., a). Moreover, time derivatives are
denoted by e, and ® represent Hadamard (i.e., element-wise) operations.

According to Theodorsen’s theory [12] for an airfoil oscillating in pitch and plunge, the instan-
taneous lift £ € R™ and pitching moment m & R"™ per unit span can be split into circulatory
(e°) and non-circulatory (") terms as follows:

e — Wpoog ® [h 4 Vet — (Loj — Tea) © a} : (1a)
S|
£ = Epoovooc ©c,© (’lU3c/4 + A+ )\2) ) (Ib)
C®2 . . 2 C®2 ©2 .
m"¢ = WpOOT ® Vooh + (mc/2 — mea) O) h +Voooz - 5 + (mC/Q - wea) ©a )
(1o)
c©?
mc - _ﬂ-pOOVOOT @ w3C/4 + (wac - wea) @ ‘EC; (1d)
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where p., € R is the air density, V. € R is the unperturbed airspeed, ¢ € R" is the reference
chord length (assumed to be at the middle of the spanwise stations), ¢;, € R" is the lift curve
slope, x./» € R" is the distance from the mid-chord point, x., € R" is the distance from the
elastic axis point, and ,. € R" is the distance from the aerodynamic center point, all measured
along the reference chords. The vertical and angular displacements of the load reference axis
(elastic axis) in the undeformed body-attached reference frame are represented by h € R™ and
a € R", respectively.

The downwash induced at the three-quarter chord, w34, is given by:

w3c/4 = h + Vooa - (3330/4 - wea) ®© Q. (2)

The aerodynamic lag states A; € R™ and A, € R™ in Equation |1b|can be evaluated considering
Jones’ approximation [13] for Wagner’s indicial function, such that Duhamel’s convolution
integral has an analytical solution [[14]], yielding

Al = —0.082V0c® ' © Ay — 0.165t3,/4, (3a)

Ay = —0.64Vo0c® ' © Ag — 0.33513,/4. (3b)

For an elastic wing, the solutions of Equations [TaHId| must be transferred to the undeformed-
body reference frame, multiplied by the strip widths Ay € R", and summed up in order to
obtain the total instantaneous lift L € R and the pitching moment around the aerodynamic
center M, € R, i.e.,

L=(£+£) Ay, (4a)

M, = (m" +m°) - Ay. (4b)

The modified strip theory formulation presented in this section provides a computationally effi-
cient, time-domain representation of the unsteady aerodynamic loads acting on a lifting surface.
By expressing the aerodynamic lag through state-space differential equations, this physics-
based model is well known for its seamless integration into flight dynamics simulations and
control frameworks. Having established this mathematical baseline for aerodynamics, the fol-
lowing subsection introduces the Scientific Machine Learning concepts that will be coupled
with these governing equations to construct our proposed methodology.

3.2 Scientific Machine Learning

Recent advancements in deep learning have demonstrated unprecedented success in purely
data-driven tasks such as computer vision and natural language processing. However, classi-
cal “black-box” machine learning models are notoriously data-hungry, struggle to extrapolate
beyond their training distributions, and frequently yield predictions that violate fundamental
physical principles, such as the conservation of mass or energy.
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Scientific Machine Learning has emerged as a transformative paradigm designed to bridge the
gap between scientific computing and machine learning. As Figure 3] clearly demonstrates,
interest in the field has steadily accelerated since 2017, when foundational publications [15-18]]
were released. In recent years, however, a spike in interest has been observed, showcasing
a transition from a niche concept to a mainstream research necessity. Rather than relying on
blind data-fitting, SciML forces deep neural networks to adhere strictly to well-known physical
laws, ensuring physical consistency. This directly tackles the critical drawbacks of both parent
fields. Injecting domain knowledge restricts the network’s hypothesis space and eliminates
the dependency on massive datasets. In return, the machine learning architecture bypasses the
computational bottlenecks that hinder traditional numerical solvers when dealing with high-
dimensional, noisy data.

[e]
[N}
ot

interest index
&

0.00

2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
year

Figure 3: Google search of the term “scientific machine learning”.

Notably, Physics-Informed Neural Networks (PINNs) [[15] have fundamentally altered how we
approach complex systems by embedding governing equations directly into the neural net-
work’s loss function. This allows the network to act as a mesh-free solver capable of tackling
both forward and inverse problems. Parallel to PINNs, the development of operator learning
— exemplified by DeepONets [19] and Fourier Neural Operators (FNOs) [20] — has shifted
the focus from learning solutions in finite-dimensional spaces to learning mappings between
infinite-dimensional function spaces. This allows trained models to evaluate solutions orders of
magnitude faster than traditional numerical solvers, demonstrating generalization across vary-
ing grid resolutions. Furthermore, techniques like the Sparse Identification of Nonlinear Dy-
namics (SINDy) [21]], centered on differentiable programming and symbolic regression, have
enabled the automated discovery of governing equations directly from observational data.

Despite its promising potential to revolutionize fields ranging from materials science [22] to
climate modeling [23]], SciML is not without its challenges. Consequently, researchers are cur-
rently grappling with several theoretical and practical hurdles [24-26], which include spectral
bias, optimization difficulties in multi-objective loss landscapes, and the pressing need for rig-
orous uncertainty quantification.

4 METHODOLOGY

We propose a neural network framework based on multi-fidelity data for obtaining a surrogate
model to predict the generalized aerodynamic loads (due to lift and pitching moment) acting on
the flexible wing of the TU-Flex prototype at a given flight condition in terms of airspeed V
and angle of attack «.

The idea behind our methodology is to combine high-fidelity Computational Fluid Dynam-
ics (Section 4.2)) and wind-tunnel data (Section [.1)) to train a neural network using a transfer
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learning approach. The predictions of this first neural network are then integrated into a sec-
ond neural network that has a physics-inspired loss function based on quasi-steady strip theory
aerodynamics (Section [4.3), in a process described thoroughly in Section #.4] The training
of this second neural network produces a light-weight surrogate model of improved accuracy
when compared to the strip theory method employed originally, which can be used in the flight
dynamics simulation framework of the TU-Flex.

4.1 Wind-Tunnel Data

A half-span model of the flexible wing, depicted in Figure [ was built and tested during a
wind-tunnel campaign conducted at the DLR facilities in Goettingen, Germany. A detailed
discussion of the wind-tunnel testing for the TU-Flex wing can be found in [27]. The data
used in this study were collected using a balance attached to the root of the half-wing, which
recorded load measurements under several steady flow conditions. Figure [3]illustrates a sketch
of the balance and the sign convention for the measured forces and moments.

YYYY

=

Figure 4: TU-Flex’s flexible wing setup at the wind- Figure 5: Sketch of the balance used for load data ac-
tunnel. Credits: FMRA, 2024. quisition. Credits: FMRA, 2024.

The steady flow test campaign comprises data acquired during runs in which different combi-
nations of airspeed and angle of attack were imposed on the wing prototype, as listed in Table

Table 2: Nominal steady flow conditions covered during the experimental campaign.
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For each condition, a certain amount of time was given for the flow to stabilize prior to begin-
ning the data acquisition. The data were then collected for 10 seconds at a frequency of 1000
Hz. This procedure was repeated for every condition listed in Table

The measured quantities are the instantaneous resultant forces and moments in the three axes
acting on the root of the wing. Those forces and moments were directly obtained from the
balance measurements and were subsequently converted to the aerodynamic axes and corrected
to disregard the weight of the structure and to account for balance drifting. The mean and
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standard deviation for the measured lift and pitching moment are shown in Figure [6]
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Figure 6: Wind-tunnel data — mean and standard deviation — for lift (a) and pitching moment around the root
midchord (b).

The resulting mean and standard deviation profiles for both lift and root pitching moment cap-
ture the physical behavior of the TU-Flex flexible wing under aerodynamic steady loads, in-
cluding noticeable non-linearities at higher dynamic pressures. This experimental foundation

serves mainly as a benchmark for validating the numerical frameworks presented in subsequent
sections.

4.2 Computational Fluid Dynamics Data

Computational Fluid Dynamics (CFD) simulations provided the overall trends for the lift and
pitching moment curves, allowing us to evaluate flow regimes that would be impractical or
unsafe to test in a wind-tunnel due to the risk of structural damage. The computational mesh
was based on the original wing geometry with a minor modification: the semi-circular trailing

edge was replaced with a blunt profile to improve aerodynamic modeling and facilitate grid
generation.

As introduced in Section [2] the CFD simulations shown in this section were also performed
under the responsibility of DLR as part of their collaboration on the TU-Flex project. The
computational mesh is composed of a structured surface grid across the upper, lower, and trail-
ing edge surfaces, incorporating boundary-layer cells to ensure a wall resolution of y*+ < 1.
The aerodynamic analysis considered steady RANS (Reynolds-Averaged Navier-Stokes) com-
putations with a second-order central spatial discretization coupled with the Menter k-w SST
turbulence model. Furthermore, standard atmospheric conditions were applied, and the flow
was assumed to be fully turbulent over the entire wing.

Figure |/| shows the lift and pitching moment around the root midchord of the wing obtained
through the simulations.
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Figure 7: CFD data for lift (a) and pitching moment around the root midchord (b).

The CFD data provide a reasonable representation of the lift and pitching moment behavior
across the considered angles of attack, capturing general trends even in the stall regions where
experimental wind-tunnel data could not be obtained. However, notable differences in magni-
tude exist between the numerical and experimental datasets.

A primary reason for this discrepancy is the assumption of a rigid wing in the CFD simulations,
which neglects the structural flexibility of the physical model. In reality, aerodynamic loads
cause the physical wing to bend and twist. By omitting this flexibility, the rigid CFD model
tends to overestimate the analyzed quantities, especially at higher angles of attack. Moreover,
steady RANS computations often struggle to accurately predict the onset of stall, massively sep-
arated flows, and unsteady aerodynamic phenomena at high angles of attack. Another reason to
consider is that even with corrections, residual wind-tunnel wall interference, blockage effects,
or mounting sting/balance interference can cause deviations from the conditions simulated in
the CFD environment.

4.3 Strip theory Data

The FW configuration allows for wingtip displacements in the range where geometrically linear
structural theory holds; therefore, a modal superposition approach is used to estimate the elastic
displacements v € R* | v := [h ] in terms of vertical h € R™ and angular @ € R dis-
placements of the load reference axis (elastic axis) in the undeformed body-attached reference
frame, such that

v=2®n, )

where, 7 € C™ is the vector of modal amplitudes, and ® € C**™ | & = [¢' —TT|"
is the modal matrix (reduced to m modes) of the free and undamped structure, comprised of
¥ ¢ C™™ out-of-plane bending modes and I' € C™*™ torsional modes. The negative sign for
I ensures the convention of positive ¢ for pitching up. Note that we have chosen the usual angle
of attack notation for the angular displacements, as they, in fact, represent the local geometric
angles of attack at a given time instant.

In this work, we followed one of the aerodynamic models proposed in [2] for the TU-Flex
prototype. It assumes a quasi-steady approach in which incremental aerodynamic loads due to

9
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the elastic deformations of the structure are calculated, while temporal memory effects on those
are neglected. The steady aerodynamics come straightforwardly from the equations[IaH{Id] since
all time-dependent terms vanish, yielding the following simple expressions:

1
£:§pooVOiCG)Cga®a, (62)
m = (Tye — Tea) O L. (6b)

The generalized forces Q,, ,, € R™ for a given mode k, as demonstrated in [§8]], are calculated as
follows:

ov
- Yy 7
ank" /% f ank ) ( )

where f is the distributed load vector per unit volume ¥. The previous equation can be conve-
niently written as:

Q,=2'f. (8)

After some manipulation and assuming that only lift and pitching moment around the root
midchord are the relevant loads, the generalized modal forces can be approximated as follows:

Q,~ —[fOcos(a) DAY ¥ — MmO Ay + £ O (Tpa — Tea) © Ay T ©)

Equation [9] considers the distance from the elastic axis of each strip to the balance position
at the root z,, and was solved accounting for the first four out-of-plane bending modes in W
and four torsional modes in I', along with the same flow conditions as those in the CFD and
experimental data. A dataset was then built consisting of each combination of o and V,,,, along
with the respective 7 as inputs and @, as the output.

4.4 Neural Network Framework

The proposed framework consists of two distinct neural networks designed to effectively fuse
the available multi-fidelity datasets. The first network, designated as Model I, is a baseline
feedforward architecture that undergoes a two-step training process. In the initial step, the
network is pre-trained to fit the general aerodynamic trends derived from the CFD data described
in Section 4.2l In the second step, a transfer learning technique is applied to adapt this pre-
existing knowledge to the experimental domain. By freezing the weights and biases of the
network’s first hidden layer, the model retains the generalized lower-layer features learned from
the simulation data. The remaining upper layers are then fine-tuned using the wind-tunnel
dataset detailed in Section .11

The rationale for this sequential approach is to first capture the broader physical behavior of
the lift and pitching moment across various flow velocities, subsequently adjusting the network

10
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to match the real magnitudes observed during the experimental campaign. This methodology
leverages the benefits of transfer learning by achieving faster convergence and higher general-
ization accuracy when working with constrained target datasets [28]]. A visual schematic of this
first neural network architecture is shown in Figure

The second neural network, designated as Model II and shown in Figure @, shares a similar
feedforward architecture with Model I. However, instead of mapping inputs purely to exper-
imental data outputs, Model II is formulated to minimize a hybrid loss function containing a
physics-inspired regularization term. Model II maps the input flight conditions and generalized
coordinates to a predicted set of generalized modal forces, Qn.

We assume that the generalized modal forces due to aerodynamic effects are governed by Equa-
tion 8| Rather than computing the lift and pitching moment using the analytical lower-fidelity
representations of Equations [6a] and [6b] we substitute them with the high-fidelity distributions
estimated by Model I. After that, we compare them with the predictions of the generalized
forces from Model II. Through this configuration, the distributed lift and pitching moment can
be estimated from the generalized modal forces via:

f@Ay

—_(®dT\ ' A
oAyl (@) Qn (10)

~1. . . .
where (<I>T) is the Moore-Penrose pseudoinverse matrix because the reduced modal matrix
is non-square. From Equation we integrate the spanwise distributions to estimate the total
lift and pitching moment at the root midchord of the wing:

L
My,root

The loss function at a given data point £ to be minimized during the training of Model II is
composed of a data-driven term and a physics-based residual term:
2
> , (12)
model I

k My roor model TT My root i

where the total loss .Z for a given batch of size 1. is defined as:

L6 Ay © cos(a) ] an

model IT B [Z |:'I’h © Ay + é © Ay © (mbal - -’Dea)}

Ly = Zm: (Qn,j - Qn,j>2
j=1

1 Mbatch

g:

(o%k,data + gk,physics) . (13)
Npatch 1
The final objective of Model II is to predict a set of generalized modal forces, Qn, that simulta-
neously satisfy the high-fidelity integrated lift and pitching moment targets generated by Model
I while maintaining consistency with the baseline experimental generalized forces calculated
via the strip theory method described in Subsection

11
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Figure 8: Architecture layouts for the proposed neural networks.

During the training phase of both networks, 80% of the available data points was allocated
for model optimization, with the remaining 20% reserved for validation tracking. The explicit
hyperparameters selected for each architecture are detailed in Table [3] These hyperparameters
were chosen from a preliminary parametric sweep to ensure stable loss convergence and to
prevent overfitting across both data regimes.

Table 3: Hyperparameters considered for the neural network models, including pre-training.

Hyperparameter Model I Model 1T
Hidden layers 2 2
Neurons per layer 128 128
Batch size 16 (pre), 16 128
Optimizer Adam Adam
Epochs 3 x 10* (pre), 3 x 10* 3 x 10°
Learning rate 1x107* 1x10°°
Activation function tanh tanh

S RESULTS

The methodology proposed in Section {.4] was implemented within a Python framework, and
the resulting loss curves for each neural network model are presented in Figure 9] Model I
exhibits a two-stage convergence curve characteristic of its training sequence: the initial phase
reflects pre-training on the CFD data, followed by a visible transition when the secondary phase
begins using the wind-tunnel dataset.

12
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Figure 9: Loss history of the training step of the proposed models.

The core objective of Model I is to combine the aerodynamic trends of the numerical simulations
with the physical magnitudes observed in the wind-tunnel. Consequently, when extrapolating
beyond the experimental data points of Figure[6] the model is expected to capture and mirror the
physical behavior established by the CFD data shown in Figure [/| This predicted multi-fidelity
alignment is confirmed by the results illustrated in Figure [I0]

3001 V=18 m/s: Model I —— WT [H
V=22 m/s: Model 1 WT
V=30 m/s: Model I —— WT FH
200 1 Ve=34 m/s: Model I~ —— WT
V=40 m/s: Model 1 WT  H
z
~ 100

()

My vo0t [N-m]

a [deg]

(b)

Figure 10: Model I predictions for lift (a) and pitching moment around the root midchord (b).

Model I acts as a high-fidelity baseline to parameterize the physics-informed loss function of
Model II. Once trained, Model II predicts the generalized aerodynamic modal forces, allowing
the continuous lift and pitching moment distributions to be recovered via Equation [10] along
the discretized spanwise stations. This recovered behavior is illustrated in Figure [I1} which
displays the predicted lift distribution across the non-dimensionalized span at a representative

angle of attack of 5°.
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Figure 11: Lift distribution predicted by Model II along the non-dimensionalized span at an angle of attack of 5°.

By integrating these predicted spanwise distributions (€ and ), the total lift and root pitching
moment are computed using Equation [T} The resulting integrated solutions are depicted in

Figure[12]

3001 V=18 m/s: Model I —— WT HH
V=22 m/s: Model II WT 0
V=30 m/s: Model I —— WT  HH
200 V=31 m/s: Model 11— WT  HH — _og
V=40 m/s: Model 11~ —— HH =
£ . é* 40
=100 s
= —60
0
—80
—10 -5 0 5 10 15 —10 -5 0 5 10 15
a [deg] a [deg]

(@) (b)
Figure 12: Model II predictions for lift (a) and pitching moment around the root midchord (b).

The proposed framework successfully predicts generalized aerodynamic modal forces that align
with the baseline strip theory method while simultaneously integrating the higher-fidelity total
lift and pitching moment constraints provided by Model I. Nevertheless, certain limitations of
the current methodology should be highlighted. First, the resolution of the results is limited by
the discretization considered for the strip theory model, and the prediction accuracy cannot be
guaranteed at higher angles of attack. Even though the CFD data provide the general behavior of
the aerodynamic forces, the experimental data were unavailable at higher angles of attack across
several of the evaluated airspeeds; thus, the predictions in those regions could not be validated.
An additional limitation is that the Model II spanwise lift predictions near the wing root deviate
from what is usually expected, likely due to boundary effects. Finally, regarding computational
efficiency, further testing is required to ensure the framework’s inference speed is sufficient
for real-time flight simulations. Addressing this performance constraint is the immediate next
step of our research, which aims to implement Model II as an aerodynamic surrogate model
embedded within the TU-Flex flight dynamics simulation code.
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6 CONCLUSION

In this work, a multi-fidelity Scientific Machine Learning (SciML) framework was successfully
developed and implemented to enhance the accuracy of baseline strip theory aerodynamic pre-
dictions for the TU-Flex flying demonstrator. By pairing a sequential transfer learning approach
with physics-informed regularization, the proposed framework effectively leverages the trends
captured by CFD simulations alongside data collected during a wind-tunnel testing campaign.

The results demonstrate that the pre-trained neural network layout (Model I) robustly bridges the
discrepancy in magnitude between the numerical model and experimental observations. This
multi-fidelity data mixing serves as a higher-fidelity parameter for the physics-informed loss
landscape of the subsequent architecture (Model IT). Model II successfully acts as a continuous
operator, mapping operational flight conditions to quasi-steady aerodynamic modal forces.

Despite the predictive performance of the network under nominal regimes, key limitations of
the methodology have been identified. Because wind-tunnel data were restricted across se-
lected airspeeds, model confidence cannot be guaranteed near stall regions. Furthermore, small
localized deviations from conventional aerodynamic distributions observed near the wing root
highlight a need for better spatial training arrays or modified boundary condition enforcement
within the hybrid loss function.

Future investigations will focus on executing thorough computational benchmarking to verify
the execution speed of Model II. The next primary phase of this study will be embedding this
trained neural network configuration as an efficient aerodynamic surrogate model within the
TU-Flex flight dynamics simulation code. Furthermore, while the current architecture effec-
tively captures quasi-steady loads, future iterations of this research aim to extend the method-
ology to unsteady aerodynamic phenomena. Transitioning to these complex dynamic regimes
remains challenging, as it relies heavily on the availability of highly time-resolved experimental
or numerical datasets, which are difficult and resource-intensive to acquire. Solving these data
acquisition and computational challenges promises to pave the way for real-time system iden-
tification, flight dynamics, and aeroelastic control architectures across highly flexible aircraft
designs.
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