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ABSTRACT

Grid-based neural networks such as convolutional autoencoders are widely used in dimension reduction-based surrogate models for com-
putational fluid dynamics. Recently, the use of coordinate-based approaches like conditional neural fields (CNFs) has emerged. Their inde-
pendence of the spatial discretization is an advantageous feature and a key motivation for computational fluid dynamic applications. This
paper discusses the spatiotemporal prediction of aircraft ditching loads using a CNF approach. The model employs a Fourier feature map-
ping of input coordinates to capture high frequency content. Based on feature-wise linear modulation, the output is conditioned on a latent
vector, which is learned by autodecoding. The model is evaluated using two datasets for the dynamic loads on the fuselage of a German
Aerospace Center (DLR) D150 aircraft. The first dataset relates to a single fixed spatial discretization, and the second dataset includes data
from different discretizations. On the first dataset, the model is compared to a grid-dependent convolutional autoencoder-based model, and
both approaches achieve similar reconstruction accuracy, but the CNF requires significantly fewer parameters. When paired with a long
short-term memory network in the latent space, both approaches achieve similar spatiotemporal prediction accuracy. Results for the second
dataset demonstrate the ability of the CNF-based approach to reconstruct ditching loads accurately for heterogeneous spatial discretizations.
In particular, the model can generalize to discretizations not used for training. This allows for flexible use of training datasets generated for
different geometries and/or discretizations and the use of the surrogate model to predict loads for different configurations.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0342785

I. INTRODUCTION
Machine learning (ML) has increasingly been applied in the fluid

this regard™”'* but involve additional effort and difficult-to-control
errors. Furthermore, the possibility of flexibly using the ML model for
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dynamics community over the last decade with great success in a vari-
ety of areas, with reduced order modeling being one of them. Next to
classical approaches like the proper orthogonal decomposition
(POD),’ surrogate models based on (variational) autoencoders have
been studied on a wide range of applications,” * whereby models such
as long short-term memory (LSTM)'’ or transformer networks''
were applied in the latent space to even predict temporal
dynanlics.}f, 12,13

In many previous works, convolutional autoencoders (CAEs)
are used as they can efficiently capture local dependencies inherent in
the physical data. Although CAE-based models are effective, they
require the same (spatial) discretization for all data examples in the
dataset. Therefore, further data processing is required for grids that
differ in the examples of the dataset. Meta grids can be employed in

different configurations would be appreciated in engineering practice.
Consequently, there is strong motivation to train surrogate models
directly on unstructured data, i.e., heterogeneous grids. Several works
address this issue with graph neural networks (GNNs)."”'* Although
these might work well in combination with different grids, there are
also known issues, e.g., the difficulties of generalizing to meshes not
seen during training,” which presents a major hurdle in engineering
practice.

Recently, the use of neural fields for surrogate modeling has
emerged. Neural fields are coordinate-based networks, i.e., they map
the spatial (and potentially temporal) coordinates of one point to a
specific output quantity at this point.”’ They are therefore indepen-
dent of the discretization, which is a highly useful feature for compu-
tational fluid dynamics surrogate models. In neural field-based
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surrogate models, the output is often conditioned to a provided or
learned latent vector to enable considering different cases with a single
model, similar to autoencoder-based models. An autodecoding
approach®' is usually employed to learn the latent vector, and the
model is referred to as a conditional neural field (CNF). To address
the challenge that neural networks struggle to capture high frequency
content,” CNFs frequently make use of a sinusoidal representation
network (SIREN).”” Alternatively, the input coordinates can be trans-
formed with a Fourier feature mapping (FFM), which extends the
random Fourier features originally introduced by Rahimi and
Recht.”* Tancik et al.”> theoretically showed their effectiveness for
coordinate-based neural networks. CNFs have been applied in several
works for fluid dynamics problems. For example, the DINo method”
combines a CNF, which reduces the dimension of the input data, and
a neural ODE, which acts in the learned lower-dimensional latent
space, for spatiotemporal predictions of solutions to partial differen-
tial equations. The CORAL method'” combines two CNFs, represent-
ing input and output functions, and a latent space processor for
operator learning on general geometries. In the low-dimensional
latent space, the processor maps the learned input representation to
the learned output representation. The more recent CoNFiLD
method employs a CNF combined with a latent diffusion model to
generate spatiotemporal turbulence.”” Guo et al. benchmark CNFs
with different conditioning mechanisms against POD and CAEs for
dimension reduction of turbulent flows.”® Catalani et al. use CNFs in
their proposed MARIO framework for aerodynamic surrogate model-
ing.” They use available operating and geometric conditions directly
to define the latent vector. If the dataset has geometric variability
without access to the corresponding true parameters, the part of the
latent vector providing the geometric information is optionally
learned.

Connections between CNFs and neural operators, which have
achieved state of the art performance in operator learning,” have
been reported by Wang et al.”' They demonstrate that several neural
operator architectures can in fact be seen as CNFs. Depending on the
architecture, the conditioning is local and/or global. By using the
CNF interpretation, they also suggest an alternative implementation
for the frequently used Fourier neural operator (FNO) that does not
rely on regular grids, as in the standard setting, but on arbitrary
points. Moreover, Catalani et al.”’ note that their proposed MARIO
framework is a generalization of the DeepONet architecture.”” A simi-
lar observation has been made for the neural implicit flow frame-
work,” which combines a neural field with a hypernetwork
processing external conditions for dimensionality reduction of spatio-
temporal data. Mind that physics-informed neural networks
(PINNs)** are neural fields as well, since they process point coordi-
nates and map them to a certain physical quantity. They are especially
useful when training data are not available.

This paper is part of ongoing research for the development of
data-driven surrogate models for the prediction of aircraft ditching
loads and deformations. Ditching refers to emergency landing on
water. Certification of a commercial aircraft requires ditching analysis,
which can be based on simulations. A one-way coupling of the fluid-
structure interaction is usually employed due to the high computa-
tional effort of the structural analysis.””” To enable a two-way
coupling while preserving computational speed, the long-term goal of
this research is to include ML-based approximations of the
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deformations during the load analysis. First steps using ML to predict
deformation-inducing ditching loads were investigated in previous
works: Loads on the fuselage of a generic German Aerospace Center
(DLR) D150 aircraft were predicted using CAE-LSTM combinations.”
Subsequently, the interpretability was improved by disentangling the
latent space with a probabilistic f-variational autoencoder and deter-
ministic alternatives.”® All examples of the datasets used in both previ-
ous studies are based on an identical discretization of the same
fuselage. This discretization is allowed to be more flexible in this
work. For this purpose, a CNF approach for dimensionality reduction
is investigated, in which the latent variables are obtained using an
autodecoding strategy. The model is initially compared to a CAE-
based model on previously used datasets. Subsequently, the model is
trained on a dataset containing results obtained from different discre-
tizations. The ultimate goal of using a discretization independent
approach is to consider different aircraft geometries with different dis-
cretizations within a single model. As a first step, we employ a single
aircraft geometry with different discretizations in this work, which
already offers considerably greater flexibility than the CAE-based
dimensionality reduction employed in earlier studies.

The remainder of the paper is structured as follows: The CNF
architecture and the training procedure are presented in Sec. II. In
Sec. 111, results on the two datasets are discussed, and finally, conclu-
sions are drawn in Sec. I'V.

Il. CONDITIONAL NEURAL FIELD

Neural fields predict the output for one coordinate at a time.”’
This way, they learn a continuous function on the coordinates, which
is parameterized by the network parameters. To consider multiple
data samples, the network can be conditioned to a latent vector using
an autodecoder architecture.”’ Different from an autoencoder, an
autodecoder does not contain an encoder. The latent vectors are
therefore considered to be trainable parameters that are optimized
during training. The learned latent vectors can then be used for down-
stream tasks similar to those in autoencoder-based models, e.g., to
predict the temporal load evolution.

While this encoder-less construction is independent of the dis-
cretization and the numbers of points used for each sample, it also
requires the optimization of the latent vector of a test sample at infer-
ence time.”' As a result, the time for encoding a test sample is usually
several orders of magnitude longer compared to autoencoder archi-
tectures. In contrast, an advantage of this construction is that the out-
put does not have to be calculated for the entire field if only
individual points are of interest—although the related computational
efforts are often marginal in practice.

A. Conditioning

Conditioning allows a neural field to handle multiple different
snap shots that are not necessarily obtained for the same discrete
geometry. There are different implementation strategies for condi-
tioning.”” A simple form of conditioning is the concatenation of the
latent vector and the input coordinates. In the DeepSDF framework,”’
this concatenation is the input to the first hidden layer, and it is also
connected to an intermediate layer with a skip connection. The condi-
tioning can be performed in a more complex way with a hypernet-
work”” that predicts the parameters of the neural field based on the
latent vector,”””****® or with the feature-wise linear modulation
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(FiLM).” For the latter, the latent vector is transformed and fed into
multiple layers of the network. Consider a layer output x € R? and a
latent vector z € R™. For functions y, § : R™—R? FiLM corre-
sponds to an affine linear mapping,

1(z) ©x+ B(2), (1)

where y and f scale and shift x, respectively.

Similar to,'”*”*’ we employ FiLM in this work. Note that these
three works only use the shift modulation . When p is a linear layer,
this also corresponds to concatenating the layer output x and z."’ For
the CORAL framework, the authors report that using only the shift
modulation led to more stable training and the same performance as
using both shift and scale.” In our experiments, both options
returned similar results as well. Therefore, we also only apply the shift
modulation in this work.

B. Fourier feature mapping

Neural networks are known for having a spectral bias, i.e., diffi-
culties to learn high frequency content.”” This issue can be addressed
by using a sinusoidal representation network (SIREN),” where peri-
odic activation functions are applied. This approach is followed by the
CORAL'"” and CoNFiLD”” methods as well as the neural implicit flow
framework.” Alternatively, a positional encoding of the coordinates
via a Fourier feature mapping (FFM) can be employed, which allows
the network to learn different frequency components independently.
Using neural tangent kernel (NTK)"' theory, Tancik et al” have
shown that using an FEM overcomes the spectral bias and makes
learning high frequency content easier. The mapping is defined as

¢(v) = [cos(27Bv), sin(27Bv)]”, (2)

where v = (x,7,2)" is the vector of input coordinates and the entries
of B € R are sampled from A/ (0, 62) in this work. The dimension
b and the standard deviation ¢ are hyperparameters whose values are
given in Sec. 11 D.

Like the MARIO framework,”” our model employs the FFM
approach in this work. To illustrate the benefits of FEM, training and
validation loss curves for the case where the FFM was not used have
been added to the Fig. 4 in Sec. III.

C. Full model

The full model is illustrated in Fig. 1. For activation function «,
the input coordinate vector v and latent vector z are mapped to the
pressure load prediction p(z,v) via

hO = C(V)7
h; = o(Linear(h;_;) + B;(z)),
p(z,v) = Linear(hy).

1<i<N, 3)

We implement the shift modulation f as a linear layer and use
o = LeakyReLU with a slope parameter of 0.01 in this work. Similar
to the DeepSDF model,”' we apply weight normalization.”
Specifically, we apply it to the layers of the main network, ie., the
Linear(h;_;) layers. We use N = 6 FiLM layers. These are of dimen-
sion d, for which different values are investigated in Sec. IIT A. Our
CNF computes latent representations for each time step of a simula-
tion. Thus, only the spatial and not the temporal coordinates are used

ARTICLE pubs.aip.org/aip/pof
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FIG. 1. Scheme of the conditional neural field architecture.

as input to the CNF. This is consistent with the previously employed
CAE-based models.”"

D. Training

The model is trained with the mean squared error (MSE),
- 1 - -
MSE(p.p) =—|p-pl, peR"peR )

where p and p are the true and reconstructed pressure values of a
minibatch containing a total of n spatial points.

The output values as well as the input coordinates are each nor-
malized to the interval [0, 1] using min-max normalization. The
latent variables are initialized from A/(0,0.1%). In line with the previ-
ous work,””® we employ a latent space dimension of m = 10.
Regarding the FFM hyperparameters, we set b = 128. Too small
[large] values of the standard deviation ¢ can lead to underfitting
[overfitting].” In this work, ¢ = 10 provided satisfactory results. The
CNF is trained for 1500 epochs. For each of the two parameter
groups, network parameters and latent vectors, an individual opti-
mizer is defined, and both are updated per minibatch. To this end, we
use the Adam optimizer"’ with a learning rate of 2 - 10~ for both
parameter groups. The minibatch size is set to 32. At inference time,
the latent vectors for test examples are optimized while keeping the
network parameters fixed.

Different learning strategies are conceivable, e.g., the meta-
learning strategies used in,'”*” based on the work of Zintgraf et al.**
In this approach, the latent vectors are updated in an inner loop dur-
ing training, and the network parameters are updated subsequently in
an outer loop using second-order gradients. At inference time, this
has the advantage that the latent vectors only have to be optimized for
the same number of steps that are used in the inner loop during train-
ing. However, the computational cost for training is higher due to the
second-order gradients. We initially also performed experiments
using the meta-learning approach but could not reach the same
reconstruction quality as for the simpler first-order approach. Thus,
we follow the first-order approach here, similar to of Park et al.”' and
Yin et al,” in which the number of epochs for the optimization of
latent vectors at inference time is on the order of hundreds.

Similar to,”***” we randomly sample a subset of spatial points
for each example in a minibatch, containing 2000 spatial points. The
error on the validation set cannot be computed with a forward pass
like in ordinary neural networks, as the latent vectors have to be opti-
mized. Optimizing the latent vector for all examples in the validation
set in each epoch would therefore significantly prolong the training
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time. For that reason, the model and the latent vectors of the training
set are stored at a few selected checkpoints throughout the training.
The validation error is computed on all checkpoints after the training.
Different from the training set, we use all available spatial points for
the optimization of the latent vectors of the validation set, as this leads
to a more stable optimization in our experiments. They are individu-
ally optimized for 200 epochs using Adam with a learning rate of
1071 In our experiments, smaller learning rates often resulted in
larger reconstruction errors. The model is trained on two NVIDIA
GeForce RTX 3090 graphics processing units (GPUs) in PyTorch.”
For validation and testing, a single GPU is employed.

I1l. RESULTS

The CNF model was trained and tested using two datasets con-
taining simulated emergency water landing loads on the fuselage of a
D150 aircraft. The data were obtained from simulations using differ-
ent horizontal and vertical approach velocities to the free water sur-
face. For this purpose, the in-house 3-degrees-of-freedom method
ditch"® was used, which considers the dynamics of horizontal, vertical,
and pitch motion. Further details on data generation and processing
can be found in.” Figure 2 illustrates a view of the entire fuselage from
below colored by contours of the normalized instantaneous pressure.

The aim of this study is twofold: first, to analyze the predictive
capability of the CNF model in time-dependent dynamic processes
(dataset A), and second, to analyze its predictive capability for
heterogeneous spatial discretizations in the training and test data
(dataset B). To reduce effort and complexity, the dynamic processes
are analyzed using uniform spatial discretizations, and the influence
of varying spatial discretizations is investigated without considering
dynamic aspects.

For the first dataset, labeled dataset A, the uniform spatial discre-
tization was already employed in two previous studies by the
authors.””® In these works, CAE-LSTM combinations were compared
to Koopman-based autoencoders for the spatiotemporal prediction of
ditching loads,” and the interpretability was improved by disentan-
gling the latent space.”® The reconstruction accuracy as well as the
ability to perform spatiotemporal predictions when paired with an
LSTM network in the latent space are assessed. To this end, the results
are compared to those obtained with a CAE to verify that the CNF
can achieve similarly accurate results.

ARTICLE pubs.aip.org/aip/pof

A. Dataset A

The dataset contains a total of 373 ditching simulations with a
D150 aircraft fuselage. These simulations differ in the initial horizon-
tal and vertical velocities at the time of the first water impact, which
range between approximately 67 and 87 m/s for the horizontal veloc-
ity, and 0.6 and 3.9 m/s for the vertical velocity, respectively.

Each simulation consists of around 18-35 equidistant time steps
of 0.1s, which are represented by 128 x 128 sized images. These rep-
resent a portion of the fuselage, which in total is discretized using
150 x 171 spatial points. The two spatial dimensions refer to the lon-
gitudinal (x) and circumferential coordinates. The circumferential
coordinates contain contributions of both y- and z-coordinates and
therefore three input coordinates (x, y, z) to the CNF are considered.

The training set comprises 323 simulations, the distribution of
the velocity pairs is shown in Fig. 3.

For validation, data from 20 simulations are used and a test set
containing results from 30 simulations serves to assess the spatiotem-
poral prediction accuracy (cf. Fig. 8).

1. Dimension reduction

We compare results for different dimensions d € {32, 64, 128}
of the CNF layers, cf. Sec. [I C. Figure 4 depicts the reconstruction
loss on the training and validation set for the different dimensions d.

The figure illustrates that a larger dimension d leads to lower
errors on the training set. Although this is the case for the validation
set as well, the differences between the validation errors are much
smaller for the smaller dimensions d. This leads to the training and
validation loss curves for d = 32 and d = 64 being much closer to
each other compared to d = 128. For comparison, a CAE used in pre-
vious work™® returns a validation error of 2.26 - 10~° when trained for
1500 epochs, cf. dashed horizontal line in Fig. 4. Note that in the pre-
vious work’® the CAE-based models were only trained for 500 epochs,
as satisfactory results were achieved at that point. To ensure consis-
tency with the CNF, we extend the CAE training time to 1500 epochs
in this work. Like the CNF, the CAE employs a latent space dimen-
sion of m = 10. The dashed horizontal line included for comparison
is constant over the three panels and does not change for different
CNF layer dimensions d. As indicated in the left panel, the validation

4
For the second dataset, labeled dataset B, different discretizations .. é s o6
are employed to demonstrate that the CNF can still reconstruct ditch- o® o3
ing loads accurately when trained on varying discretizations. This “ s oo
ability is the main benefit of using the CNF. As mentioned above, the E318° o
second study is confined to static reconstructions, i.e., the temporal Fy : e :: : :
. . . O [ )
evolution is not considered. S o IG5
$ 21 s ®%
— []
3 o0 o o8
£ |ee ° o _ of
o [ ]
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FIG. 2. Exemplary normalized pressure loads on the D150 fuselage simulated
with ditch. FIG. 3. Velocity pairs for the training set of dataset A.
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FIG. 4. Reconstruction loss on the training and validation sets of dataset A for different dimensions d of the CNF layers. The error on the validation set was computed on
five checkpoints after the training. The dashed black line indicates the loss on the validation set for a CAE and is constant over all three panels. Furthermore, loss curves
are shown for the case where the Fourier Feature Mapping (FFM) has not been used to outline the benefit of FFM.

error of the CAE is close to that of the CNF for d = 32, reaching a
minimum value of 2.34 - 1075, Slightly lower validation errors than
the CAE baseline are obtained for the two larger dimensions d, which
return minimum validation errors of 1.89 - 107 for d = 64 and
1.57 - 107° for d = 128. To illustrate the benefit of FFM, Fig. 4 also
includes results obtained without FFM that lead to a higher recon-
struction loss under the same settings. As indicated by the dashed red
lines, the validation error of the CNF without FFM is higher than that
of the CAE for all tested dimensions d.

The training times, inference times for encoding and decoding,
as well as the number of trainable parameters excluding latent vectors,
are listed in Table I. The different dimensions d lead to fairly similar
training times, although the largest value d = 128 takes around
8% more time than d = 32 and d = 64. In comparison to the CAE
method, the training times for the CNF models are about eight times
longer, with the CAE only being trained on one GPU and, like most
neural networks, calculating the validation error already during the
training process. The times for encoding test samples are close to 2's
for the three CNF models, with d = 128 leading to around 7% longer
time than d = 32 and d = 64. The validation set includes a total of
494 time steps, computing the validation error therefore requires
around 945s to 1015s for each checkpoint, depending on d. The
CAE, however, takes around four orders of magnitude less encoding
inference time. For decoding, the inference times are in the same
order of magnitude for all models, with the CAE again requiring the
least time. Note that when temporal predictions are performed in the
latent space, typically only a few initial time steps need to be encoded,
but many more (predicted) time steps need to be decoded. The

inference speed of the decoder is therefore usually more relevant for
the use of a surrogate model. Considering the number of trainable
parameters, all CNF models have fewer than the CAE. While for
d = 128, the CNF has only around 7% fewer parameters than the
CAE, d = 64 [d = 32] leads to around 69% [88%] fewer parameters
than the CAE. The memory efficiency of CNFs compared to grid-
based methods has also been pointed out by Catalani et al.”” When
the CNF has a similar amount of parameters as the previous CAE™
for d = 128, alower reconstruction error is obtained. Similarly, signif-
icantly fewer parameters are required to reach the same reconstruc-
tion quality. This comes, however, at the cost of longer training and
inference times.

2. Spatiotemporal predictions

Unlike most previous engineering studies, this section aims to
evaluate the performance of CNF in combination with an LSTM net-
work in the latent space for predicting temporal evolutions. The
LSTM structure is based on the previous works,””® and comprises
two LSTM layers with hidden state dimensions of 100, a linear output
layer with m = 10 neurons, and uses a time delay of three input time
steps. The network is again trained using the Adam optimizer with a
learning rate of 10~ and a minibatch size of 512 for 500 epochs.

To assess the accuracy of the spatiotemporal predictions, we use
the same average error as in our previous studies.””® To this end, the
models are trained five times to account for the randomness in the
training process. From each trained CNF version, we use the latent
vectors from the checkpoint with the lowest validation error to train

TABLE I. Training times and inference times for encoding and decoding for different dimensions d of the CNF in comparison to a previously used CAE.*® The CNF models
are trained on two NVIDIA GeForce RTX 3090 GPUs. The CAE training time refers to 1500 epochs on a single NVIDIA GeForce RTX 3090 GPU and includes the calculation
of the error on the validation set. Inference times are reported for a single GPU in all cases.

Model Training time (s) Encoding inference time (s) Decoding inference time (s) Trainable parameters
CNF(32) 6595 191 0.000 69 15841
CNF(64) 6525 1.92 0.000 69 41921
CNF(128) 7030 2.05 0.000 72 124801
CAE 870 0.00041 0.000 39 134731
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the LSTM network, e.g., for the first version, the epochs 1250, 1000,
and 1500 of the results shown in Fig. 4 for CNF layer dimensions of
32, 64, and 128, respectively. We note that the validation errors
obtained on the five checkpoints are not exactly the same over all five
runs. As the reconstruction errors on the validation set shown in
Fig. 4 for the stationary analyses no longer decrease significantly after
epoch 500, especially for d =32 and d = 128, we also report the
results obtained from training the models for only 500 epochs for
comparison. To this end, predictions are made on all 30 test cases
with each of the three trained CNF variants and the trained CAE.
Normalized root mean squared errors (RMSEs) are computed for
each test case, and the RMSEs are subsequently averaged over the five
trained versions to obtain time-dependent errors for each test case.
These are then time-averaged for each test case, and finally, an overall
mean is calculated across all test cases. The overall average errors are
shown in Table II.

Although the reconstruction error of the CNF models is similar
or lower than the CAE depending on the dimension d, the CNF-
LSTM combination returns a slightly higher error level than the CAE-
LSTM combination. A smaller CNF layer dimension d generally leads
to a lower average error in this setting, while obtaining higher recon-
struction errors in Fig. 4 when the temporal evolution is not consid-
ered. For d = 64, the performance after 1500 epochs is similar to the
uncorrelated autoencoder approach shown in our previous study,”
which corresponds to a CAE that aims to provide disentangled latent
variables with a modified loss function. It is important to note that
the CNF for d = 128 still performs better than the worst autoencoder
models tested in previous studies.”

When the LSTM is trained with the CNF latent vectors corre-
sponding to epoch 500, the average errors reported in Table IT remain
nearly unchanged for d = 32 and d = 128, suggesting that the small
training improvements observed after epoch 500 in Fig. 4 do not have
a significant influence on the time series prediction anymore. The
training time could therefore be reduced to around 1/3 of the time
reported in Table T to achieve approximately the same accuracy for
time series prediction. For d = 64, however, the value increases
slightly to 0.023. In the previous study, the CAE-LSTM combination
also yielded a slightly higher average error value of 0.020 after 500
epochs of CAE training,

Setting the standard deviation ¢ in the FFM in Eq. (2) too small
[large] can lead to oversmoothed [noisy] results.”” It can be expected
that this also affects the obtained latent space. To investigate the
related influence on the spatiotemporal predictions, we also per-
formed experiments with a smaller value of ¢ = 1 instead of ¢ = 10,

TABLE Il. Average errors obtained by the different models combined with the same
LSTM network for spatiotemporal predictions on 30 test cases. Results are obtained
using ¢ = 10 in the FFM for the CNF. Second column refers to CNF/CAE check-
points with the lowest validation error over 1500 epochs. Third column refers to
CNF/CAE after 500 epochs.
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cf. Table III. This led to a small reduction of the average errors for
d =32 and d = 128, ie, to 0.020 and 0.022 after 500 epochs of the
CNF, respectively. For d = 32, this approximately corresponds to the
results obtained with a CAE after 500 epochs. Values of 0.021 and
0.022 were obtained using the same procedure as for Table II, ie.,
using the epochs, where the lowest validation error is obtained over
1500 epochs. For d = 64, however, this also resulted in small incre-
ments to 0.024 after 500 epochs and to 0.023 using the epochs where
the lowest validation error is obtained over 1500 epochs. The experi-
ments therefore did not provide a clear indication on the influence of
¢ on the accuracy of the spatiotemporal predictions, at least not in the
parameter range studied.

The fact that the larger CNF layer dimensions tested, d = 64
and d = 128, yield smaller static reconstruction errors than the
smaller layer dimension tested, d = 32, but exhibit larger spatiotem-
poral prediction errors when combined with an LSTM, could be
attributed to the different learned latent spaces. It is conceivable that
the latent space learned with d =32 is smoother and therefore
enables more accurate predictions by the LSTM, while d = 64 and
d = 128 offer greater capacity, allowing finer details to be captured,
which reduces the reconstruction error but may also diminish the reg-
ularity of the latent space. However, a detailed assessment of the CNF
latent space would go beyond the scope of this work and could be
investigated in future studies.

To assess the performance of the CNF- and CAE-based models
on the 30 individual test cases, Fig. 5 compares the average errors
obtained for the CNF-LSTM and CAE-LSTM combinations, achiev-
ing the lowest overall average error, i.e., the CNF with d = 32 and
¢ =1 trained for 500 epochs, and the CAE trained for 1500 epochs.
While the figure confirms that the CAE model delivers (slightly) bet-
ter performance, it also shows that the CNF model yields lower aver-
age errors in several cases. Moreover, the results from both models
follow a trend that was already observed in our previous work:" Test
cases with lower vertical velocities are generally more difficult to pre-
dict. Without going into further detail, we note that the trend can also
be observed with the other CNF settings. For the CNF setting consid-
ered in the figure, particularly large errors are returned for the test
case with horizontal and vertical initial velocities of 70.4 and 1.0 m/s,
respectively.

B. Dataset B

The CNF is now trained using a dataset containing simulations
with three different spatial discretizations of the same D150 hull.
The training data of the second dataset are therefore not uniformly
based on 150 x 171 discrete points, as is the case with dataset A, cf.

TABLE |IIl. Average errors obtained by the different models combined with the
same LSTM network for spatiotemporal predictions on 30 test cases. Results are
obtained using ¢ = 1 in the FFM. Second column refers to CNF checkpoints with
the lowest validation error over 1500 epochs. Third column refers to CNF after 500
epochs.

Model 1500 epochs 500 epochs
Model 1500 epochs 500 epochs
CNEF(32) - LSTM 0.021 0.021
CNEF(64) - LSTM 0.022 0.023 CNEF(32) - LSTM 0.021 0.020
CNF(128) - LSTM 0.023 0.023 CNF(64) - LSTM 0.023 0.024
CAE - LSTM 0.019 0.020 CNF(128) - LSTM 0.022 0.022
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FIG. 5. Velocity pairs for the test set colored by obtained best accuracy. Color refers to average errors to compare the best performing CNF (d = 32, ¢ = 1, after 500
epochs, left) and the CAE (1500 epochs, center) combined with the same LSTM network. The right panel displays the difference of the average errors, where red [blue] col-

ors indicate larger errors by the CNF [CAE].

Sec. IIT A. As in the first dataset, the number of points in the circum-
ferential direction remains constant at 171. However, in the longitudi-
nal direction, three different discretizations are used, based on 129,
150, and 170 discrete points, respectively. Each of these three longitu-
dinal discretizations contributes to the training set with 100 simula-
tions. The simulations again differ in the initial horizontal and
vertical velocities. The training data space essentially corresponds to
the first dataset, and the distribution of the velocity pairs used for the
simulations is depicted in Fig. 6, where the different colored shapes
represent different subsets. Mind that the three subsets do not corre-
spond to exactly the same distribution of velocity pairs as the dataset
used in Sec. III A, and the graph does not account the differences
between the spatial discretizations. However, the goal of this section is
not to compare the accuracies of the trained models on both datasets
but rather to demonstrate that the CNF can naturally handle the sec-
ond dataset and obtain satisfactory reconstruction quality. The valida-
tion set contains another 10 simulations for each discretization, and
the input parameters are included in the operating range of the train-
ing set. We consider the same portion of around 85% of the total lon-
gitudinal coordinates as in Sec. III A, referring to 110, 128, and 145
considered points, respectively. To reduce training and inference time
on the second dataset, we consider a smaller portion of the

L]
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xX®
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o
-
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80 85
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FIG. 6. Velocity pairs for the training set of dataset B. Blue circles, orange
crosses, and green diamonds refer to subsets with 129, 150, and 170 points in
longitudinal direction, respectively.

circumferential coordinates than in Sec. III A, i.e., the first 70 circum-
ferential coordinates. Typically, circumferential coordinate positions
beyond the 70th entry remain unwetted during the first impact and
therefore very rarely contribute to the peak loads. In line with that, we
also reduce the number of considered spatial points per example in a
minibatch to 1000 during training.

Since the CAE algorithm cannot be applied to this dataset with-
out further data processing, we restrict ourselves to the CNF and
use the lowest tested hidden dimension d = 32 from Sec. III A and
¢ = 10 for the FFM. Although d = 64 and d = 128 returned lower
static reconstruction errors in Sec. III A, we use d = 32, because the
reconstruction accuracy, in combination with ¢ = 10, was close to
that of the CAE and thus satisfactory, while at the same time having
the smallest number of trainable parameters.

Figure 7 displays the loss on the training and validation sets. As
seen in Sec. IIT A, the training and validation errors are again close
together, suggesting that CNF can also generalize to unseen data for
this dataset.

1. Generalization to unseen discretizations

We now test the model on discretizations that were not used
during training. For this purpose, a test set composed of loads from

training set
--e-- validation set
A
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Q
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=
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FIG. 7. Reconstruction loss obtained for the CNF with dimension d = 32 on the
training and validation sets of dataset B. The error on the validation set was com-
puted on five checkpoints after the training.
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FIG. 8. Velocity pairs for the test sets. Red square refers to the configuration, for
which reconstructions of dataset B are shown in Fig. 10.

four different discretizations is used. Specifically, 121, 139, 159, and
179 points in longitudinal direction are tested. Note that 121 and 179
points lie outside the range used for training while 139 and 159 lie
inside. To evaluate the performance of the CNF, we again consider
around 85% of the longitudinal coordinates, i.e., 103, 119, 136, and
153 points, respectively. For each discretization, 30 simulations are
performed using the same input parameters for each discretization.
These are again included in the operating range of the training set
and essentially correspond to the test set in Sec. III A. The parameters
are depicted in Fig. 8. The red colored parameter combination is
employed for a qualitative assessment of the reconstruction quality
returned by the different discretizations at the end of the section, cf.
Fig. 10. For comparison, we also perform these simulations for the
three discretizations that were used during training. As for the previ-
ous simulations, a maximum time span of 7s is considered for each
test case.’ The period under consideration begins with the first
impact, followed by a load intensive initial phase, and ends when the
stresses fall below a lower threshold. The total duration and the num-
ber of considered time steps depend on the approach conditions.

107° : 3
] — training set
9% 1070 ----- validation set
_8 --®-- test set
S gx 1070 5 '
g \\: /’/ \‘\ 4
S 7 x 106 S, === AN,
6 x 1075 —— : ]
120 140 160 180

longitudinal discretization

FIG. 9. Reconstruction loss obtained for the CNF with dimension d = 32 on the
test set of dataset B. The errors on the training and validation sets refer to epoch
1500 in Fig. 7. The error on the test set is shown for each tested discretization.
Dotted black lines indicate discretizations used during training. Shaded area indi-
cates discretizations outside of range used during training.
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Simulations of ditching typically do not yield significant differences in
results for reasonable variations in the number of longitudinal cross
sections used, although the different discretizations can lead to slightly
different load histories, which can also influence the total duration
and amount of time steps. Specifically, the 30 test cases result in a total
of 807, 807, 810, 803, 792, 792, and 787 time steps for the longitudinal
discretizations using 121, 129, 139, 150, 159, 170, and 179 points,
respectively. This corresponds to a maximum difference of below 3%.
Results displayed in Fig. 7, motivate the employment of the model
from epoch 1500.

Figure 9 depicts the reconstruction errors on the test sets for
each discretization. The errors on the training and validation sets are
also displayed for comparison. In general, all errors are close together
and within the range of what the studies shown above revealed. The
largest error is obtained for the longitudinal discretization using 150
points, followed by that with 121 points. The latter is outside of the
range used for training, while the former was used for training.
Slightly lower errors are obtained for the discretizations with 170 and
139 points, followed by the ones using 129 and 180 points, respec-
tively, which are similar to the validation error. The lowest error is
returned for the discretization using 159 points and is close to the
error on the training set. The discretization was not used during train-
ing but is inside the range of those used during training. However,
there is no obvious correlation between the error level and the type of
discretization, i.e., used or not used during training, or between error
levels and the number of points in the longitudinal direction. Moving
further outside of the training range, the errors grow up to 1.06 - 107>
for a discretization with 98 points and to 7.85 - 107° [8.23 - 107°] for
a discretization with 197 [221] points.

Figure 10 shows the pressure loads for exemplary time steps
using the four tested discretizations that were not used during train-
ing, as well as their reconstructions for the respective discretizations.
The depicted time steps refer to the 1st, 10th, and 24th time steps and
cover three typical phases of a ditching process for an exemplary sim-
ulation with an initial horizontal and vertical velocity of 70 and 1.9 m/s,
respectively, cf. Fig. 8. After the initial time step, in which the fuselage
first touches the water, the wetted impact area widens at the 10th time
step. During the final depicted time step, loads are primarily acting at
the rear end of the fuselage. Mind that the same trained CNF is used
for all four cases. The results shown in the figure are of similar quality
at the other test points and strongly support the hypothesis that the
CNF can accurately reconstruct the loads across different discretiza-
tions. The obtained pressure fields are quite similar for the different dis-
cretizations in the present example. Nonetheless, the ability to
reconstruct the different fields, which are associated with different input
coordinates, using a single model is a highly valuable feature. Even with
the 121-point discretization, which has the second largest error in
Fig. 9, the quality of the reconstructions are satisfactory.

IV. CONCLUSION

This paper presents a conditional neural field (CNF)-based sur-
rogate model for ditching load prediction. Compared to a previously
employed dimension reduction with a convolutional autoencoder
(CAE) approach, the CNF approach is coordinate-based. It is there-
fore independent of the discretization and can be trained on datasets
with varying discretizations.

On the first assessed dataset, all examples use the same discreti-
zation, and the CNF achieved a similar reconstruction error as a CAE.
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FIG. 10. Simulated loads with the different unseen discretizations at three time steps of the test case and the corresponding CNF reconstructions.
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Slightly lower errors were obtained for the larger CNF layer dimen-
sions 64 and 128. When paired with an LSTM network in the latent
space, the CNF model, however, achieved slightly lower accuracy than
the CAE on spatiotemporal ditching load predictions. The smallest
tested layer dimension of 32 leads to the lowest error for the CNF in
this case, while having around 88% fewer parameters than the CAE.
The second dataset used consists of ditching loads that are trained for
different discretizations and evaluated on yet other discretizations.
The results demonstrated that the CNF can generalize to discretiza-
tions that were not seen during training, which is a very useful feature
for the engineering application of a surrogate model.

General downsides of the CNF approach are the longer training
and inference times compared to those of a CAE, especially for encod-
ing test data. When data are available in the same discretization,
CAE-based models thus have several advantages over the CNF
approach. For more complicated datasets with heterogeneous discreti-
zations, the CNF approach can be used without further data process-
ing and therefore is the preferable choice.
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