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Abstract
Crash is a load case that is mandatory for the certification of aircrafts. To evaluate the influence of novel structural com-
ponents, crash analyses should ideally be integrated into preliminary aircraft design, but the computational demands of
detailed finite element simulations make this approach currently impractical. This paper presents a novel non-intrusive
methodology that combines substructuring, mesh generalisation, proper orthogonal decomposition-based model order re-
duction, and neural differential equations to enable efficient crash analyses during early design stages.
The methodology decomposes complex aircraft fuselage structures into manageable substructures, which are represented
by individual surrogate models trained on finite element simulations. Mesh generalisation using basis functions decou-
ples surrogate models from specific mesh configurations, enabling representation of diverse geometries within a unified
framework. Proper orthogonal decomposition-based dimensional reduction compresses the solution space, whilst neural
differential equations learn the underlying crash physics without explicit time parameterisation in the latent space.
The methodology is demonstrated through a vertical strut substructure. The neural differential equation implementation
successfully captures essential crash behaviour characteristics, though dynamic lag indicates areas for improvement in
temporal response prediction.
The framework provides a foundation for incorporating crashworthiness considerations into iterative preliminary design
processes, potentially reducing reliance on costly late-stage design modifications.
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1. INTRODUCTION plexity through a systematic approach: First, substructuring

The aviation industry faces increasing pressure to de-
velop sustainable aircraft technologies while maintaining
the highest safety standards. Future aircraft designs will
integrate novel propulsion systems, lightweight materials,
and innovative structural configurations that significantly
alter conventional system architectures. Crashworthiness
assessment represents a critical design constraint that
directly impacts both sustainability and performance objec-
tives. In industrial processes crashworthiness is typically
considered late in the development process, so that prob-
lems with new designs can only be remedied with major
drawbacks in terms of performance and costs.

The primary barrier to early-stage crashworthiness assess-
ment lies in the high computational expense of large-scale
finite element (FE) crash simulations. Traditional crash
analyses require detailed finite element models with mil-
lions of degrees of freedom, resulting in prohibitively long
computation times that are incompatible with the iterative
nature of preliminary design processes. To address this
challenge, the LuFo VI-3 project HYFLIP is developing
rapid analysis methods that enable crashworthiness and
ditching load cases to be considered during the preliminary
design stage of aircraft development.

This paper presents a novel methodology that com-
bines a substructuring technique, mesh generalisation,
proper orthogonal decomposition (POD)-based model
order reduction, and neural ordinary differential equations
(NeuralODEs) to achieve computationally efficient crash
analyses.

The proposed methodology reduces computational com-
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concepts minimise the number of design variables required
for surrogate model development. Second, the surrogate
model operates on a generalised mesh topology and
employs POD as a linear reduction technique to further
decrease the number of degrees of freedom. Finally, a
NeuralODE implementation solves the reduced-order sys-
tem in the temporal domain by utilising a neural network to
calculate temporal derivatives of the system state, coupled
with a standard ODE solver to capture temporal evolution
during both prediction and training phases.

This paper demonstrates the methodology using a vertical
strut from a typical fuselage section, which connects the
frame and passenger crossbeam. Vertical struts are the
focus of research into optimising crash kinematics, as they
have the potential to incorporate crash absorber structures.
For example, Heimbs [1] investigated the use of composite
crash absorbers. This paper illustrates both the technical
approach and training strategy for a surrogate model of a
typical vertical strut design.

2. STATE OF THE ART

2.1. Crashworthiness Requirements

Crashworthiness requirements for large aircraft are spec-
ified in the certification specification for large aeroplanes
(CS-25) under regulation 25.561 an 25.562 [2]. As sum-
marised in by Guida et. al. [3], the survival of passen-
gers depends on five essential criteria being met. A survival
space for passengers and escape routes must remain clear
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FIG 1. Eiband diagram for assessing human injury based on
acceleration curve
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in the event of an accident. Fire hazards must not arise and
heavy objects must be restrained. Furthermore, the loads
on passengers must remain within acceptable limits, which
requires careful evaluation of the acceleration amplitude,
duration, direction and impulse characteristics. Eiband’s [4]
diagram, shown in Figure 1, establishes a correlation be-
tween acceleration amplitude, duration and risk of injury. It
thus provides a rapid assessment of the threat to passen-
gers. The acceleration experienced by a passenger in a
typical seat approval test simulation is plotted in blue on the
diagram. Consequently, any rapid method for crashworthi-
ness evaluation in preliminary design must provide accurate
predictions of both passenger accelerations and structural
deformations to ensure comprehensive safety assessment.

2.2. FE Models in Preliminary Design

From a preliminary design perspective, the goal is to incor-
porate crash analyses into an iterative design optimisation
programme. The IFL tool PrADO by Heinze et. al. [5, 6]
exemplifies such a programme, incorporating multiple load
cases from the flight envelope, ground loads, and cabin
pressure, though crash cases are not included. PrADO
utilises both handbook methods and a global finite element
model (GFEM), which represents the structure using sim-
plified beam and shell elements. Structural parameters
are subsequently optimised to satisfy all implemented load
cases whilst achieving lightweight solutions.

However, elastic-plastic behaviour and damage mecha-
nisms cannot be accurately modelled using a GFEM. For
crashworthiness analyses, the model must be converted
to a detailed finite element model (DFEM), which captures
structural buckling phenomena through comprehensive
shell element representation. The distinction between
GFEM and DFEM approaches is illustrated in Figure 2.
The GFEM represents frames, struts, and crossbeams as
beam elements, whilst the DFEM utilises shell elements for
these components. Stringers, clips, and vertical struts are
exclusively modelled in the DFEM to capture the detailed
structural behaviour required for accurate crash analyses.
Numerous research efforts have addressed this challenge
by developing tools for automatic DFEM generation based
on preliminary design data. Particularly noteworthy is
the work conducted at the DLR, which has established
a comprehensive infrastructure including the common
parametric aircraft configuration schema (CPACS) [7, 8]
and specialised model generators such as AC-CRASH [9],
PANDORA [10], and FUGA [11, 12, 13].

The computational process chain for crashworthiness
evaluation during the preliminary design stage through FE
simulations is illustrated in Figure 3. Design parameters are
optimised through iterative evaluation of crash simulation
results alongside other load cases. The crash model
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(a) GFEM half model
of PrADO

(b) DFEM of fuselage
generator

FIG 2. FE models with different levels of detail

generation process begins with the creation of a geometric
model, followed by meshing and the FE simulation. The
simulation phase represents the primary computational
bottleneck, as high mesh density is required to achieve
accurate results, and complex material models are nec-
essary to capture plasticity and damage behaviour. Even
for relatively modest models, such as the typical fuselage
section shown in Figure 2, simulation times can extend to
several hours on high-performance computing systems.
Additionally, geometric modelling can consume 10-20% of
the total iteration time when extensive geometric-cutting
operations are required.

Within the methodology of this study, a model generator
is required to create finite element crash models for the
designated substructures, subsequently enabling surrogate
model training using simulation results. The process chain
of Figure 3 is employed for this purpose. To ensure seam-
less integration between geometric modelling and finite
element model generation, both processes are combined
using the complete Abaqus environment (Abaqus/CAE).
The DFEM model of Figure 2 is created with this fuselage
generator. The GFEM on the other hand, is a model of the
preliminary design tool PrADO.

Set geometric parameters

Generate geometric model

Mesh the geometry

FE simulation

( Postprocessing J

FIG 3. Process chain for evaluating crashworthiness with FE
simulations

3. METHODOLOGY

To achieve substantial computational speed-ups, an ideal
surrogate model should replace finite element simulations
with a significantly faster method and ether accelerate the
model generation or eliminate it entirely. The surrogate
model inputs comprise structural design parameters, whilst
outputs consist of passenger acceleration curves and struc-
tural deformation data. Based on these values, survivability
ratings can be calculated during post-processing, similar to
the traditional finite element simulation process.
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3.1. Substructuring

A typical fuselage section, as illustrated in Figure 2, al-
ready encompasses numerous design variables, making it
impractical to construct a single comprehensive surrogate
model. In contrast, the presented approach divides the
structure into smaller regions — termed substructures
— each representable by an individual surrogate model.
These substructures can subsequently be assembled to
model the complete fuselage structure. Figure 4 illustrates
this approach through the substructuring of a typical fuse-
lage section. Each circle on the right hand side represents
a connection between different surrogate models, which
are depicted as straight lines. The red-coloured line repre-
sents the vertical strut connecting the frame and passenger
crossbeam. The structural integrity of the assembled model
requires that the deformation at the connection points
between the surrogate models remains consistent. Beyond
this restriction, the deformation of the substructure can
be represented entirely by surrogate models, if contact
interactions are not taken into account.

FIG 4. Substructuring approach

Substructuring alone does not accelerate the computational
process but is essential for the presented surrogate model
implementation. An additional benefit lies in the capability
to create models simulating only specific substructure
behaviour. Considering the vertical strut example, Fig-
ure 5 presents a schematic model encompassing partial
frame and crossbeam sections alongside the vertical strut.
The strut integration mirrors that of the complete model,
enabling representation of all design variables of that sub-
structure through this reduced model. Applying appropriate
boundary conditions leads to similar crash behaviour, so
that the results can be used for training surrogate mod-
els. This speeds up the training process, as the reduced
model contains significantly fewer mesh elements than the
complete model in Figure 2 when using the same element
sizes, and the crash simulation can therefore be computed
much faster.
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FIG 5. Integrated vertical strut model
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3.2. Model Order Reduction

One approach to accelerate finite element simulations in-
volves reducing the number of degrees of freedom through
data-driven reduction techniques. Previously computed fi-
nite element simulations are utilised to identify the princi-
pal characteristics of the system. The dynamic characteris-
tics are extracted with an unsupervised learning technique:
Proper orthogonal decomposition. The N extracted defor-
mation vectors u € R"™ from all previous simulations are
combined in a snapshot matrix A € R™*N  with each vector
representing a snapshot of the dynamic system. To pre-
vent the matrix from being dominated by vectors of large
deformation, it is advantageous to normalise the snapshots
beforehand. Through singular value decomposition

(1) A=USZ~VZ,.Z{

the matrix is decomposed. The diagonal matrix ¥ € R™*"
contains the singular values o1, ..., oy, inherently sorted by
magnitude. The presumption is that these values repre-
sent the significance of the information contained in the cor-
responding eigenmodes U. Equivalently, they can be in-
terpreted as the proportion of total system variance repre-
sented by each eigenmode. Consequently, only a reduced
rank k is required to represent the majority systems vari-
ance. Thus, choosing k << n substantially reduces the
degrees of freedom needed to describe dynamic behaviour.
The new degrees of freedom following POD are scalar fac-
tors w, for each of the modes. The original displacement
and velocity vectors

(2) ux Vu,
®3) 4~ Vi,

can be directly calculated by multiplying with the reduced
basis V' € R™**.

A fundamental principle underlying model order reduction is
the distinction between offline and online phases [14, 15].
During the offline phase, the dataset is constructed, the re-
duced basis is calculated, and other computationally inten-
sive operations are performed. This enables acceleration of
the online phase, where users can obtain model results by
simply applying the model.

Methods employing reduced-order systems are categorised
as either intrusive or non-intrusive by Bach et. al. [14] and
Czech et. al. [15]. In mechanical systems, intrusive meth-
ods require access to the full-order model (FOM), specifi-
cally in FE application to the finite element solver, whereas
non-intrusive methods are entirely data-driven. The pre-
sented methodology naturally employs a completely data-
driven approach. So users do not need access to an FE
solver.

The fundamental partial differential equation of the dynamic
FE system

(4) Mi+Ku= fert

includes the mass matrix M € R™*", stiffness matrix K €
R™*", both depending on the displacement w in a nonlinear
system, and the external forces f..:. For both categories it
is projected onto the latent space, spanned by the reduced
basis

(5) VIMV i, + VTfint = VTfezt

with the internal forces f;,» = Kwu, asis also done by Czech
et. al. [15] and Lulf et. al. [16]. In intrusive schemes, forces
are calculated within the full-order model and subsequently
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projected onto the latent space, where Equation 5 is solved.
Bach et. al. [14] employ hyper-reduction, a technique where
the internal force is only calculated at selected nodes whilst
approximating it at the remaining nodes. It reduces the ex-
pensive FE solver calculations, leading to a significant com-
putational time reduction. However, this also requires ac-
cess to the core of the solver, as only the internal forces are
to be calculated. For commercial solvers, established in in-
dustry, such access cannot generally be assumed.
Conversely, solver calls can be completely avoided by us-
ing non-intrusive methods, resulting in considerable time
savings. The degrees of freedom of the latent space wu.,
are predicted with a regression model. Training such a re-
gression model demands more computational effort than
only the POD calculations, but this investment is worthwhile
when the rapid model evaluation is required in the applica-
tion. Czech et. al. [15] show both the intrusive method from
Bach et. al. [14] and a completely data-driven approach.
The computational time for non-intrusive model evaluation
is two orders of magnitude lower than hyper-reduced meth-
ods, making them highly attractive for the presented appli-
cation.

The reason why the method of Czech et. al. [15] is so
fast, is that the degrees of freedom w, = f(¢,u) of the
reduced system of Equation 2 are directly predicted by a
machine learning model based on the time ¢ and model pa-
rameters . However, using time as a model input is not
feasible in preliminary design applications. This is because
substructures may be applied in various configurations (e.g.
different positions, surrounding structures), all directly influ-
encing substructure temporal behaviour. The deformation
is therefore very different depending on all of the model pa-
rameters. Including all model parameters as inputs for each
substructure surrogate model undermines the fundamental
concept of substructuring. A neural ODE approach is intro-
duced later in this paper to avoid this.

3.3. Generalisation

Before introducing the neural network architecture, a fun-
damental consequence of employing mesh-based model
order reduction techniques must be addressed. The
snapshot matrix in Equation 1 comprises displacement
snapshots of dimension n. The number of degrees of
freedom in the full-order model must stay the same and
must match identical nodal positions. This makes the whole
approach mesh-dependent.

This requirement conflicts with the objective of represent-
ing diverse geometries using a single surrogate model,
particularly considering that iterative preliminary design
processes inherently involve geometric modifications at
each iteration. A generalised point cloud is introduced
to circumvent this limitation. This cloud remains invariant
across all geometries whilst extracting data from different
mesh configurations. Since only field data, such as dis-
placement, is required for the reduced basis construction
and subsequent neural network training, a straightforward
mapping strategy can transfer data from finite element
mesh nodes to the generalised point cloud.

The point cloud geometry must represent a generalised
version of the actual meshes. The strut point cloud concept
is illustrated in Figure 6. Each cross-section comprises nine
points, enabling accurate resolution of typical strut profiles
including H-, Z-, C-, or T-shapes. Cross-sections are
stacked longitudinally, with outer dimensions normalised
to unit length. During displacement transfer and result
evaluation, scaling is applied according to the actual strut’s
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geometric parameters.
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FIG 6. Point cloud of generalised struts

Deformation interpolation between different meshes is a
well-established problem in aeroelasticity, see Barnewitz
and Stickan [17] and Beckert and Wendland [18]. Existing
concepts can be adapted for the presented methodology.
For each time step and direction (x, y, z) a radial basis
function is constructed that describes the displacement at
point z in space using the linear combination:

(6) u(z) = Za@(ll‘f*mill)

The basis function ®(||x — z;|| depends on the distance be-
tween the point « and all base points z;. The Euclidian
norm is the distance norm in this work. The base points x;
correspond to the mesh nodes of the actual finite element
mesh where displacement is known. The parameters «; are
calculated by inverting Equation 6 and solving a system of
linear equations

(7) Aa=0>

with A = O([[zi — 25|} j)=1,..ns @ = (@)i=1,..,
b = f(xi)i=1,..n. Several functions can be used for the
radial basis function ®. A common one for the transfer of
displacements is the thin plates spline [17, 18]:

@) (| — z;|)res = [lzi — ;]*In(| |z — ;)

A very simple, but working solution is to use directly the
norm as a linear function without any addition:

(9) @(Hl’z - l’jH)linear = ||xl - xJH

To solve the linear system, it is necessary to invert the ma-
trix A, which has a significant computational cost, particu-
larly because it has to be done three times for each snap-
shot. The computational expense scales with third power
of the number of points [17], making mesh point reduction
beneficial.

Base point reduction methods, as described in Barnewitz
and Stickan [17], can achieve this objective. A straightfor-
ward approach involves equidistant reduction, as illustrated
in Figure 7. In this iterative approach, all points with a dis-
tance less than a critical distance d..i:, are rejected as base
points. The critical distance d..;: is optimised iteratively until
the desired number of base points are selected. This cal-
culation needs to be performed only once for each mesh,
but the computational gain can be utilised three times the
amount of the mesh’s snapshots.

The generalisation process transforms the finite element
meshes into a common representation. During the online
phase, the model can be used without creating a detailed
finite element model. For struts, longitudinal dimensions
can be extracted from the global finite element model, while
cross-sectional parameters are obtained from stored pro-
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FIG 7. Base point selection with equidistant reduction tech-
nique

files. These parameters enable point cloud scaling to match
the actual dimensions of the struts. This completely elimi-
nates the FE model generation step in the online phase.
This speeds up the process from Figure 3 at the second
bottleneck.

3.4. Neural Differential Equation

The generalisation step results in loss of mesh connectivity
information, preventing transfer of stiffness and mass ma-
trices from Equation 4 without employing complex interpo-
lation schemes. Conversely, field data, in this case the dis-
placement, can be projected straightforwardly using radial
basis functions. Consequently, constructing a model based
exclusively on displacement data would be highly advanta-
geous. An additional requirement involves implementing an
integration scheme, as explained in subsection 3.2, such
that time is not a parameter for the underlying model. This
approach enables utilisation of the substructuring method-
ology, where substructures can be solved independently
whilst sharing only specific degrees of freedom.

Within the project, various approaches were investigated,
including reconstruction of the projected mass and stiffness
matrices from Equation 5. Whilst this approach proved suc-
cessful for simple truss models, it failed for complex crash
simulation models.

This paper introduces a more direct methodology, based on
NeuralODEs, first described by Chen et. al. [19]. Unlike
classical residual neural networks that model discrete vari-
able changes, NeuralODEs model the derivative:

(10) PO fhir) 1,0

This formulation constitutes an initial value problem solv-
able using a black-box differential equation solver. The
initial value of the hidden state h(0) must be specified,
whilst the neural network parameters 6 are optimised in
the training process. As previously stated, time should not
serve as a model parameter in the presented methodology.
Therefore, function f in Equation 10 is constructed in such
a way that temporal dependencies are excluded. The
continuous formulation offers the additional advantage of
handling arbitrary data series, whereas recurrent networks
require identical temporal data points across all incorpo-
rated data [19].

Equation 10 is now adapted to address the second-order
differential finite element problem described in Equa-
tion 4. The state h must comprise displacement » and
its first derivate - velocity . This fundamental structure is
well-established and has been previously employed in ac-
celeration prediction neural networks by Omar et. al. [20].
FE crash simulations also incorporate multiple units that
describe material nonlinearities, including plasticity and
damage. The surrogate model must learn this behaviour.
Consequently, the hidden state h is expanded. These
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additional values will also be integrated and are part of
the neural network architecture, despite no training data is
available for them.

On the right side of Equation 10, the geometric parameters
must also be included. These parameters are known from
the generalisation step and remain temporally constant,
eliminating the need for integration. Finally, Equation 10 is
modified to:

(1) [l (), dir(t), B(t)] = f(un(t), r(t), h(t), p,0)

The derivate side (left) of the second order system com-
prises velocity 4. and acceleration i, in the latent space
plus the derivate of the hidden state h. These values are
calculated using a neural network, which takes displace-
ment u,., velocity «,, hidden state h, as well as the model
parameter p, as inputs. These calculations form the core of
the entire process, as shown in Figure 8. The additional in-
put parameters of the graphic are explained in the boundary
conditions section.

When damping is neglected, as in Equation 4, velocity can
be forwarded directly. In this case, the neural network only
needs to calculate the derivatives of acceleration and the
hidden state. This is the case for all crash models in this
study.

3.5. Boundary Conditions

Examining Figure 4, the only boundary condition is contact
with the ground. However, each connection point must
remain attached to the connecting substructures. From the
substructure’s perspective, the connection node functions
as a boundary condition during training. The connection
node’s displacement is prescribed temporally, and the sub-
structure responds to this displacement as it represents the
sole external influence. In the actual mesh, each connec-
tion node comprises multiple mesh nodes, as highlighted
in Figure 9 - hereinafter referred to as connection zone. In
FE models, connections between parts are modelled as
tie constraints, which ensure that the involved degrees of
freedom are displaced compatibly.

In the presented methodology, these nodes are not de-
scribed exclusively by a single substructure, but are also
handled independently. An independent POD is performed
on all nodes involved in a connection zone belonging to
different substructures.

During the training of a surrogate model for one substruc-
ture, the latent degrees of freedom of the connection nodes
can act as a boundary condition. Another training process
is then required to describe the displacement of the connec-
tion zone depending on the displacement of the connecting
substructures. However, this aspect is beyond the scope
of this abstract. The degrees of freedom of the connection
zone are therefore described by two models. They are
part of the substructure and the connection description. In
the application, where the latent degrees of freedom are
transformed back to the full order space, the connection
degrees of freedom are not visible at all, since all nodes of
the model are described via the substructures. Therefore,
the boundary condition modes form a separate part of the
equation.

For training one subsection using faster/smaller FE simu-
lations of a certain region of the fuselage, Equation 11 is
expanded by the boundary condition modes ws.(t), which
are described independently of the differential equation:

(12) [11’7"'&7‘7 h} = f(ubc7u7‘7i"7"7h,p7 9)
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FIG 9. Snapshots of the vertical strut FE crash simulation for surrogate model training. Tie-constraint nodes of the vertical struts

connection zone are highlighted in (a)

The fundamental idea behind a neural differential equation
is to create a continuous system. The boundary conditions
also need to fulfil this requirement in order to be applica-
ble. Currently, only snapshots of the boundary modes are
available, which are calculated using a POD of the bound-
ary degrees of freedom. There are many possible tech-
niques for interpolating between the snapshots, including
machine learning techniques such as Gaussian processes.
However, in the current state, splines are used. One diffi-
culty is that the interpolation must run alongside the neural
network model on the computer’s GPU for effective training.
Standard Python modules such as SciPy are therefore not
feasible. For splines an effective library torchcubicspline by
Kidger [21] is freely available.

©2026

3.6. Neural Network Architecture

The setup is implemented in a Python program using the
torchdiffeq library by Chen [22], which fully supports the
describe approach and makes use of machine learning
library PyTorch, enabling parallel evaluation of multiple
trajectories. A visualisation of the architecture can be seen
in Figure 8.

The state is represented as a one-dimensional vector,
with displacement, velocity, and hidden state components
arranged sequentially. In the model’s forward pass, Equa-
tion 11 must be solved. As previously stated, velocity is
directly forwarded, consequently, the neural network only
needs to calculate the remaining components of Equa-
tion 12.

Calculations are performed using a feedforward neural
network, currently equipped with fully connected layers.
The neural network output and forwarded velocity can
be integrated using any solver available in torchdiffeq.
During the evaluation phase, any compatible solver may be
employed.
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3.6.1. Training of the Neural Network

During training, Figure 8 illustrates the forward pass. A pre-
dicted trajectory u, pr.q constitutes the forward run output,
whilst the true trajectories are extracted from finite element
simulations. It has been determined that it is beneficial
to calculate the loss based on the decoded data upreq =
Vur preq.. The mean squared loss

(13) L= E(upred - utrue)T(upred - utrue)

is used. This represents the mean loss across all simulation
snapshots and all degrees of freedom in the generalised
model.

Training a neural network involves calculating the derivative
of the loss with respect to each parameter in the network 6.
This derivative is then used to optimise the parameters. In
this backpropagation step, the loss derivate must be propa-
gated through all all solver operations, since the solution of
time step t,, depends on the deformation of time step ¢, —1
in the recurrent formulation. Chen et. al. [19] highlight that
this straightforward approach "incurs a high memory cost
and introduces additional numerical error" [19, p. 2]. This
remains feasible for simpler solvers such as Euler or Dopri5
[22]. For more complex solver Chen et. al. [19] suggest
an adjoint sensitivity method from Semyonovich Pontryagin
[23] to calculate the loss derivates. In this approach, a sec-
ond differential equation is solved backwards in time. This
method "scales linearly with the problem size, has low mem-
ory cost, and explicitly controls numerical error" [19, p. 2]. It
is worth mentioning that a solution to this issue exists and
is compatible with the implemented process.

It has been found that scheduling both the learning rate and
the solver during training is beneficial. Starting with a fast,
explicit solver, such as the Euler solver, accelerates train-
ing, as this is sufficient to guide the model in the correct di-
rection. Fine-tuning can then be performed using a higher-
quality solver. This flexibility is a key advantage of using
neural ordinary differential equations.

4. DEMONSTRATION CASE

A major advantage of the substructuring approach is that
substructures can be defined by significantly fewer design
variables than the complete system. This principle extends
to the surrogate training process. Finite element simula-
tions need not to encompass a fully assembled fuselage but
rather the substructure and its surrounding components.
However, selecting an appropriate simplification for the
integration remains a challenging task.

In this work, the vertical strut, connecting the frame and
passenger crossbeam, serves as the demonstration sub-
structure. During a crash event, the cargo floor initially
deforms, followed by frame deformation directly beneath
the vertical strut connection, where the strut provides struc-
tural stiffening as visualised by Waimer et. al. [24]. When
the connection area impacts the ground, the vertical strut
buckles and deforms. The simplified structural model must
accurately represent this behaviour to ensure the surrogate
learns the correct response characteristics.

Figure 5 illustrates the simplified structure configuration.
The upper boundary nodes of the frame are constrained
in all degrees of freedom. Since a half-model approach is
employed, nodes at the xz-plane are subject to y-symmetry
conditions. The skin is omitted from this model as it lacks
direct connection to the vertical strut. However, since the
skin prevents frame movement in the depth direction, a
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x-symmetry constraint is applied to the frame’s outer flank
nodes to simulate this effect. An elastic-plastic aluminium
material model is utilised for all structural components.
Unlike actual accident scenarios, the movement is intro-
duced by an upward movement of the ground. A total of
30 different load cases have been simulated, with initial ve-
locities of 30fts™! and 25fts~*. The ground subsequently
decelerates with constant acceleration, ranging from 0.5g
to 12.5g. Snapshots of the displacement and velocity of all
the vertical strut nodes are extracted every 0.2 ms through-
out each simulation, yielding a total of 29,692 data points.
The snapshots shown in Figure 9 prove that the described
typical sequence of events is accurately represented by this
FE model.

4.1. Generalisation

Figure 10 demonstrates the generalisation capabilities of
the described methodology by visualising the final displace-
ment from the simulation shown in Figure 9. Subfigure (a)
displays the 1,547 displaced finite element mesh nodes. In
Figure 10 (b), the number of mesh nodes is reduced to 750
nodes using the equidistant reduction method. Figure 10 (c)
shows the displacement from (b) projected onto the scaled
generalised point cloud.

(b) reduced FE mesh
nodes

(c) scaled
cloud

point
(a) FE mesh nodes

FIG 10. Generalisation of the vertical struts deformation at t =
89 ms

As can be seen, the scaled point cloud approach is able
to map the characteristics well. One advantage of the de-
scribed methodology is that the number of points in the gen-
eralised model is not decisive for the speed of the model,
as these points are used as the basis for further dimension
reduction, which leads to the latent space in which the prob-
lem is solved. This means that there is no need to weigh up
accuracy and speed, when deciding about the number of
points in the cloud.

4.2. Dimensional Reduction

The dataset from the 30 simulations is divided into training,
validation, and test sets. The first two datasets are included
in the POD analysis, whilst the test set remains completely
unknown to the system. The normalised snapshot matrix for
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the vertical strut comprises 46,854 snapshots of displace-
ment and velocity, each containing 4,850 degrees of free-
dom.

Figure 11 illustrates the cumulative variance of the POD
modes. The first mode alone captures 42 % of the system’s
variance, whilst ten modes represent more than 95 % of the
variance, which is considered sufficient for this application.
The same analysis is performed for the tie-constraint region
of the strut, which connects the strut to both the frame (see
Figure 9 (a)) and the crossbeam. As shown in Figure 11,
95 % of the variance in these boundary displacements can
be represented using only six modes.

20.95— '=.,.-----
§ 075 A

g 0.50 A o ]

g 0251 m ® selected substruc. modes
ET B selected bc modes

O 0-00 T T T T T T T T T T T T T

1 3 5 7 9 11 13
Principle components

FIG 11. Cumulative variance of the principle components of
the POD, representing the importance of the underly-
ing mode

4.3. Solving the NeuralODE

Since the trajectories originate from different simulations
but are derived from the same FE model, there is no need
to include geometric parameters p in the network, which
simplifies the setup by one further step. However, the
different load cases lead to different plastic behaviour of the
structure, so the hidden parameters are included to give the
network the ability to learn plasticity growth. In addition to a
total of 20 states from displacement and velocity, eight more
were added. The neural network thus receives 18 degrees
of freedom plus the six boundary condition variables as
input.

The neural network consists of a total of ten hidden layers
and expands the input tensor by a factor of 5, so that the
hidden layers are of size 90. The Swish function (SiLu) was
used as the activation function.

The network is trained with 18 of the 30 FE simulations. A
learning rate scheduler is applied using the validation data
set. In each epoch, all 18 training trajectories are predicted.
Figure 12 shows the prediction of the trained model for
a load case that was not considered in training. The
sequence shows that the general behaviour is represented
by the surrogate model. However, particularly in video
animations, it can be seen that the dynamics are not pre-
dicted sufficiently and that the surrogate model always lags
behind. Since the model only receives the displacement as
training data at this stage, the dynamics must be implicitly
learned. However, since the error is based solely on the
displacement, this is not achieved sufficiently.

Taking velocity into account in training could prevent this
problem, as it would then be directly included in the error.
In this case, clever weighting must be applied to the error
term so that it is not dominated by either of the two factors.
In terms of time savings, it should be noted that a forward
pass calculation is almost instantaneous, making it ideal
for use in iterative optimisation programmes. While the
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FIG 12. Test Case: Prediction of the trained neural ODE (green)
vs. the true displacement extracted from FE simula-
tion (red) at three different times

presented case only considers one substructure, it is
anticipated that modelling the entire fuselage structure
will produce similarly positive results. Compared to FE
simulations, this is therefore expected to result in significant
time savings.

5. CONCLUSIONS

This paper has presented a novel methodology for enabling
efficient crashworthiness analyses in aircraft preliminary
design through the combination of substructuring, mesh
generalisation, proper orthogonal decomposition-based
model order reduction, and neural differential equations
into one process. The approach addresses the fundamental
challenge of incorporating computationally expensive crash
simulations into iterative design processes by developing
non-intrusive surrogate models that operate in latent space.
The substructuring methodology decomposes complex
fuselage structures into manageable components, each
representable by individual surrogate models. This de-
composition enables individual training of surrogates. The
mesh generalisation technique using radial basis functions
effectively decouples the surrogate models from specific
mesh configurations, allowing representation of diverse
geometries within a single framework.

The demonstration case of the vertical strut surrogate
illustrates the methodology’s capability to capture essential
crash behaviour characteristics. The POD-based dimen-
sional reduction achieves substantial compression, with ten
modes representing 95 % of the system variance. The Neu-
ralODE implementation successfully learns the underlying
physics without requiring explicit time parameterisation,
making it suitable for the substructuring methodology. How-
ever, several limitations have been identified that warrant
future investigation. The current approach exhibits dynamic
lag, indicating insufficient learning of temporal character-
istics when training is based solely on displacement data.
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Incorporating velocity information into the training process
offers a promising solution to address this deficiency. Addi-
tionally, the methodology requires further validation across
diverse crash scenarios and structural configurations to
establish its broader applicability.

The presented framework provides a foundation for inte-
grating crashworthiness considerations into preliminary
aircraft design processes. While the demonstrated vertical
strut case shows promise in terms of capturing essential
crash behaviour, significant further development is re-
quired before practical implementation. Within the ongoing
HYFLIP project of TU Braunschweig, future work focuses
on addressing the identified dynamic limitations through
improved training strategies, developing models to connect
the substructure surrogates, and expanding the method-
ology to incorporate additional substructure types to build
towards complete fuselage section representation.
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