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Abstract

Climate change is pressuring the aviation sector to reduce its environmental impact. Novel aircraft concepts
seek to improve efficiency by close integration of components. To capture benefits and to mitigate potential
downsides early in the aircraft design process, fast aircraft-level noise and performance models are necessary
because conventional handbook methods based on empirical correlations are often insufficient for this task.
This work presents a machine learning surrogate trained on a computational fluid dynamics database varying
three geometric and five operational parameters for the e-Genius aircraft. The simulations reproduce main
spectral trends and show plausible aerodynamic behavior, although overall noise levels appear to be underpre-
dicted and validation uncertainties remain. For noise prediction, simple neural networks are unable to capture
the trends in the data, whereas graph-based models that account for spatial relations between monitoring
points show promising results. By contrast, the current thrust and power surrogates are not yet sufficiently
robust. To improve the models efficiently, an active-learning strategy is applied, for which the first six additional
simulation points are selected in this work, using a greedy variance-distance algorithm. Overall, the approach
shows promise for enabling future aircraft-level noise/performance trade studies of an unconventional aircraft
similar to the e-Genius configuration.
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1. Introduction

Aviation, like many other industries, is directly affected by global warming. As part of the transport
sector, its contribution to greenhouse gas emissions is not negligible [1]. Therefore, many initiatives
are in place to reduce the aviation sector’s environmental impact, for example, ICAO’s CORSIA
program [2, 3] and the European Unions visions Flightpath2050 [4] as well as Fly the Green Deal [5].
Tackling these challenges, the aviation industry and research institutes investigate many novel, dis-
ruptive concepts. This includes battery-electric [B, 7] and hybrid-electric aircraft [8, 9, 10, 6] with
respect to the powertrain, as well as boundary-layer ingestion [i1] and distributed propulsion [12, i3]
for a synergistic integration of propulsors in the airframe, or configurational changes like blended-wing
bodies [14, 15] and box wings [16]. Apart from performance benefits such closely integrated concepts
can lead to increased noise emissions [T/, 18, 19, 20] which are also in focus of the aforementioned
initiatives.

In all these cases standard handbook methods including empirical estimations may not work seam-
lessly within the performance modeling in overall aircraft design. This is particularly true when the
required level of detail in component interactions cannot be determined analytically. At the same time,
the direct integration of high-fidelity simulations into the design loop is computationally too expensive.
In this case, machine learning (ML) algorithms seem to be a promising solution, as underlined by
countless review papers [21, P2, 23, P4, 5, 26].

Other authors have already applied ML successfully to aircraft (subsystem) design tasks.
Poggi et al. [27] investigate propeller blade optimization together with noise emissions trading
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propulsive efficiency with directional overall sound pressure level (OASPL); similarly, for helicopter
blades there is work by Thurman and Zawodny [?8] also focusing on aerodynamics and
aeroacoustics. A second study by Poggi et al. [29] focuses on noise of distributed propellers,
again more on optimization at subsystem rather than aircraft level. Manghnani et al. [30, 31, 32]
investigate a wing with one installed propeller and derive a ML surrogate to estimate tonal noise
on the aircraft level. However, the approach is built on medium-fidelity methods, which require
tweaking to fit experimental data. In addition, the underlying geometry is simplified to a rectangular
wing without any propeller nacelle or remaining aircraft. With regards to performance, Tong et
al. [33, B4] use ML successfully to predict thrust-specific fuel consumption for isolated conventional
turbofan engines. Overall, these papers leave a gap, whereby highly integrated aircraft concepts
cannot be tackled in high detail in performance and noise estimation for overall aircraft design. If
possible, reusing existing models or simplifications should be the priority. In other cases, where the
actual geometry or a more detailed interaction has to be investigated, high-fidelity simulations like
computational fluid dynamics (CFD) and approaches that reduce the number of required data points
seem practical.

Figure 1 — The battery-electric touring motor glider e-Genius built by the Institute of Aircraft Design
from the University of Stuttgart. Photographed by Tobias Barth.

To bridge this gap, this work will aim to demonstrate the feasibility of a ML approach for a known
aircraft where reference data based on experimental overflights is available. The aircraft selected
is the e-Genius shown in Figure 0, a two-seated touring motor glider built by the Institute of Aircraft
Design from the University of Stuttgart. Predicting the emitted aircraft noise is the focus, as this
is difficult in the overall aircraft design process, while posing development risks due to certification,
annoyance, and potential harm to people. As the reduction of noise often comes at a cost, e.g.
decreased propulsive performance, these trade-offs should be enabled on the aircraft-design level.
As unsteady CFD simulations are computationally expensive, an active learning (AL) approach will be
pursued to iteratively extend an initial database and reduce the required number of samples [35]. For
example, uncertainty can be used as a basis for this extension [35]. Karcher and Franz have shown
for CFD simulations that such an approach can reduce the number of required samples by 35 % to
44 % compared to a space-filling approach (Halton sampling) [36]. Overall, this paper addresses
the following two research questions looking first, on the models based on the initial database, and
second, the first extension of said database:

1. What predictive accuracy and consistency can surrogate models for aircraft noise and propeller
performance achieve based on an initial simulation database with geometric variations?

2. How can new data points be derived by different active-learning-oriented strategies?

The first question tackles the suitability of ML for aircraft design performance estimation, where the
highest accuracy is not always necessary if trends are well preserved. The second question builds
on the model created in the first step, deriving new data points based on the model’s uncertainty to
increase predictive accuracy. This work ultimately builds on the initial experimental-based surrogates
described in Eisenhut et al. [37], using neural networks as the ML algorithm, which have proven to
be the best option out of the initial models.
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The remaining paper is structured as follows, first the materials and methods are introduced covering
the full process from data sampling over preprocessing and model creation to the database extension
with AL. Next, the different models are shown in the section results together with a verification and
validation of the simulative database. This section is followed by the discussion, addressing potential
reasons for the performance of the models and identifying the next points to be simulated in the AL
process. Finally, a conclusion is drawn including an overview on future steps.

2. Materials and Methods

To reduce the required number of data points, while also aiming at improving the model’s per-
formance, the approach in this work differs slightly from a standard ML approach. The adapted
methodology is shown in Figure B. The process is divided into three steps: first, building an initial
working model; second, utilizing AL to extend this original surrogate and enhance performance; and
third, using a final test set to check the final model’s performance. The AL process allows weaknesses
or high uncertainties in the training or model generation process to be factored in by suggesting
additional data points in these regions [35]. Apart from a purely space-filling approach, this allows
knowledge to be utilized and expensive simulations to be performed in regions that are difficult for the
model to predict [35]. To work properly, this approach requires a functioning model as a starting point,
which is created with a space-filling approach. In this work latin hypercube sampling (LHS) [38, 39]
is used. Based on this initial set of points (LHS A), different ML models are trained. For evaluation
purposes, a test dataset is also required (LHS B), which the model never sees in training.
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Figure 2 — Methodology used in this work for the ML approach.

Due to an error, the original design space has to be widened for the pitch angle by a third LHS
(LHS C), which is randomly split into training and test samples. To allow for a trade-off between
aircraft performance and noise emission, two models are trained based on the best-performing
algorithm from the experimental surrogates developed in a previous step [37]. Based on the first
models, the dataset will be expanded in an iterative AL approach, fine-tuning the model. For the
final model, a second test dataset (Sobol D) is created to assess the model’s performance, as
otherwise information is leaked into the model. The size of this final test set depends on the number
of points used for training the model, which is a direct result of the AL process. Depending on the
effort to obtain additional data points relative to the potential performance gain (e.g. reduction of
variance), the AL process will be stopped. Throughout this process, the initial test data will be used
to monitor performance in comparison with training and validation metrics. In addition, it is used for
early stopping in the AL step. Here, the best model from the architecture selection process with
cross-validation (CV) is retrained n times to estimate model uncertainty.
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For the CFD simulations, the commercial solver Simerics is used. The solver setup is compressible
using the ideal gas law and the k-¢ turbulence model—the simulation models including all geometrical
and operational variations are provided within the research project WhisperProp by the partner CFD
Consultants GmbH. In the steady simulations, the propeller is modeled with a moving reference
frame, whereas a sliding mesh is used in the unsteady simulations. In the unsteady simulations,
FW-H is used to extract acoustic information.

The remainder of this section is mainly grouped into the different steps of the process, starting with
dataset sampling, followed by data preprocessing, moving to model selection and parameter tuning,
and concluding with final assessment and database extension. Finally, ending with an overview on
validation and verification.

2.1 Dataset Sampling

As this work also focuses on the underlying sampling to reduce the required number of simulations, it
offers the privilege of setting up a database tailored to this problem. Unlike the standard engineering
approach, where oftentimes a clustering happens at parameters or geometries ‘interesting’ to the
engineer, we can deviate from ‘human-informed’ sampling and previous knowledge. In total, the
number of samples per feature could be as low as 2 for linear regression [40]; however, for statistical
purposes it should be higher [40], somewhere in the range of 10 to 20 samples per variable [40, 41]].
Using ML could potentially reduce the number of samples per variable required. To optimally make
use of this assumption, the dataset creation is twofold: first, creating a small, purely space-filling initial
database, and second, expanding this with the help of an iterative, data-informed approach focusing
not only on exploration (space-filling) but also on exploitation of model knowledge and uncertainty.
Without a readily available database, not only the sampling is open, but also the features and their
respective ranges are to be defined. Here, the aim is to create a database with a mix of operational
and configurational parameters, focusing on practical aircraft-level trade-offs. However, too drastic
changes to the e-Genius geometry not only complicate the validation of results but also increase the
complexity of preparing CAD models for simulation. Thus, more drastic changes had to be avoided
by selecting parameters that allow easy modeling and potential validation and verification by flight
testing and additional simulations.

Table 1 — Geometric and operational parameters varied for the simulation database and their defined
design ranges. 'defined relative to propeller diameter, 2defined relative to vertical tail and the pivot
point is at the motor mount attachment, 3defined relative to propeller axis.

Parameters lower upper
x position propeller hub' —0.3 0.0
Number of blades 2,3,4,5
Propeller axis tilt angle? 0° 9°
Rotational speed 1200 rpm 2300 rpm
Propeller pitch®

LHSA&B 8.5° 32°

LHS C 0° 8.5°

Sobol D 0° 32°
Indicated Airspeed 100kmh™"  200kmh~!
Altitude Om 3000 m
Angle of attack —3° 9°

Table 0l lists the design ranges of all eight selected, three geometrical and five operational, param-
eters. Geometrical or configurational variations are the x-position of the propeller hub, the number
of blades, and the tilt angle of the propeller axis. Operational variations are the rotational speed,
propeller pitch, flight speed, altitude, and angle of attack (AoA). To relate these ranges to the original
aircraft, the propeller axis tilt angle is 4.35° downward given relative to the vertical tail. The pitch
range is 4.15° to 27.65° measured at the outermost position of the three-bladed propeller currently
installed on the e-Genius. Furthermore, the pitch angle is always stated relative to the propeller axis,
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which itself is influenced by the tilt angle. This results in different angles of attack at the propeller
blades for the same pitch value when the tilt angle is different. All features are continuous values
except for the number of propeller blades. The three ranges given for propeller pitch are due to the
already mentioned error in the original definition (LHS A&B) and the subsequent extension (LHS C),
the final test set (Sobol D) is then created over the full range. It has to be noted, that the sampling
will result in non stationary flight points, and they are also not enforced during the simulations.

Since the required dataset size for a cost-effective model is not known a priori and the total number of
samples depends on the intended accuracy of the resulting surrogate model, a sequential augmenta-
tion strategy is desirable to minimize computational effort. LHS requires a predefined sample size and
does not inherently support incremental extension while preserving its design properties. Sequences
like Halton [42, &3] or Sobol [44, 45] allow extensibility but do not work with previous knowledge.
Therefore, an AL approach is employed to iteratively enrich the dataset, addressing space-filling and
exploitation of knowledge on uncertain model regions. Based on the defined parameter space, an
initial dataset consisting of 24 training samples (LHS A) and 8 test samples (LHS B) is generated
using LHS. The initial training and test sets are extended by 6 and, respectively, 2 samples gener-
ated from a third LHS (LHS C) where two samples are randomly taken and added to the test set.
This was done to take into account the difference in propeller blade pitch between the aircraft and
simulations and to account for an early mix-up in the pitch definition. The decision to use two LHS
designs for initial training and testing ensures a good representation of the available design space
for both subsets. Especially with smaller sample numbers this can be important to allow the model
to generalize. To extend the dataset with the help of AL, the model variance is estimated and new
points are generated. The exact approach is covered in greater detail in a subsequent subsection.
Lastly, a final test set is created (Sobol D). The final test set is necessary because the initial test
set is too small in relation to the later extended training set. Furthermore, its usage throughout the
development within the AL approach leads to an unwanted bias in the model due to the evaluation
of test metrics and early stopping decisions. In contrast to AL, where regions with high variance
are targeted, a Sobol sequence, similarly to LHS, ensures good coverage of the overall design
space [38, B9, 44, 45]. The switch from LHS to the Sobol sequence is made for two reasons. First,
the final test dataset is methodologically independent from the whole training and initial test set, so
no potential artifacts from one approach is repeated in both datasets. Second, the sequence allows
data points to be extended if necessary. This again has two benefits. First, if the final dataset is
bigger, the sequence allows additional test samples to be created. Second, simulations can already
be performed in parallel to the generation of the ML model. This allows computational resources to
be used for the test set when the current AL iteration is processed and additional points are selected,
therefore no simulations for the database are running. However, it has to be checked in the end
whether some test points ended up ‘to0’ close to training points. In this case, the point has to be
omitted, or this part considered with caution for the final metrics.

Overall, two transient simulations from LHS C did diverge, one of which is part of the training set and
the other part of the test set. Therefore, the total number of training samples is 29 and the number of
test samples is 9 for this work before the extension with AL.

2.2 Data Preprocessing

The simulation database feeds two surrogate models, one for installed propeller performance es-
timation and one for noise estimation. The raw data contains pressure and shear forces used for
aerodynamic related assessment and the pressure signal of 1001 virtual microphones placed on a
partial sphere used for noise assessment.

The performance data is evaluated by the project partner CFD Consultants GmbH and is provided
by means of an Excel spreadsheet. It contains pressure, shear, and total forces in x-, y-, z-direction
for the propeller blades alone, as well as for the overall aircraft without the propeller blades. For the
first, power and torque are also given. Based on this data, lift, drag, thrust, and propulsive efficiency
can be calculated. This is the basis for the data exploration and model development.

For the second aspect, noise, the toolchain to evaluate the simulations is built on the work on the
experimental noise campaigns in 2024 [46] and 2025 [37]. On the one hand, for the database
simulations a fixed number of propeller rotations is analyzed with a Fast Fourier Transform (FFT).

5
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For the validation and comparison to the overflight measurements, on the other hand, a window
length of 0.2 s is used in agreement with the experimental assessment [37].

Noise directionality is captured using a partial sphere already introduced in Eisenhut et al. [37] for
the multi-output models. The selected approach results in a noise hemisphere with discrete points
at a radius of R =20m. As a stationary climb or descent (y # 0, with force equilibrium) is similar to
stationary horizontal flight, the hemisphere is extended by 20° upwards in all directions [37]. Any
sound propagation toward the ground is unlikely for higher angles, unless the flight path is modeled
close to mountainous terrain where the aircraft is actually flying beneath its surroundings. However,
this is not considered in this work. To ensure good sampling on this extended hemisphere, a
Fibonacci sphere is used [47]. This approach results in improved spacing in contrast to selecting
an equiangular grid [47]. Creating such a sphere with 1493 points and cutting off the top 70° of the
polar angle, leaves 1001 points when explicitly adding the south pole [37].

To further simplify the approach and to calculate mainly the parts that cannot be performed ana-
lytically, the combined noise on this sphere is what the ML model should predict. This reduces the
complexity for the ML model, as information on flight path, height, and more is not necessary. For
example noise propagation can be calculated afterwards within the design environment. For this,
RCAIDE [48, 49] is used—it is an open-source Python-based aircraft design tool also used at the
Institute of Aircraft Design, providing already basic functionality for noise estimation. In addition, this
approach allows the aircraft (performance) to be directly remodeled in the environment, without the
need to modify the underlying noise surrogate model, as long as the configuration and parameters
are covered by the model. Furthermore, overall trade-offs and optimization can be performed within
the tool as well, utilizing both surrogate models.

Preprocessing of the noise simulation data is much simpler in comparison to the experimental over-
flight measurements [37]. There is no need to align timestamps of different measurement boxes
and the aircraft data, to remove Doppler shift, or to calculate the actual emission angles when
accounting for retarded time. In addition, no geometrical spreading or atmospheric damping needs
to be removed, as all monitoring points lie on the same radius. For the database points a window
of five propeller rotations is evaluated, using a Hann weighting together with a 50 % overlap between
windows. In total, at least ten rotations are necessary to get three windows. The pressure signals
in the simulations need some time to stabilize: therefore, first ten rotations are simulated, then
the pressure signal is assessed manually, and additional rotations are performed for each case
individually. Again, as for the experimentally based surrogates [37], OASPL is used for training.
To obtain this value, the frequency range is limited to a range of one-third-octave bands. After data
screening, the next step is scaling both the input features and targets. In this case, StandardScaler
from scikit-learn [50] is used. Finally, the training data is split into the actual training and validation
data using k-fold [50]. In general, fewer than five folds are computationally inexpensive at the cost of
high bias, while more than ten folds become computationally expensive [61]. The splits ensure that
the model is capable of learning the underlying trends and reduces the risk of overfitting [52, 53].
Good metrics across all folds are an indication of good generalization.

2.3 Model Selection and Parameter Tuning

After the first two steps, namely sampling and preprocessing, the actual models for performance
and noise are trained. For the initial dataset, NNs are used, as they were the best-performing
approach from the experimental surrogate [37], and a single model has to be selected to guide the
AL process. The tuning of hyperparameters can be performed either manually or assisted by scripts
using sampling to cover the parameter space. Variations are the number of layers and neurons, but
also dropout layers and regularization. For model selection, a k-fold CV is used to ensure that the
model performance is not due to a favorable or unfavorable selection of samples. Therefore, the
training data is split into k folds, where each fold is used once as validation samples. Metrics for
model assessment are the mean squared error (MSE), mean absolute error (MAE), and R? score.

Newly defined configurational parameters and the widened operational space have increased the
dimensionality of the design space in comparison to the experimental models [37]. To account for this
in the noise models, on top of the standard NN new approaches are considered. These should apart
from the global parameters also consider interrelations between microphones on the partial sphere.

6
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For example, closely located points oftentimes have similar noise levels. Therefore, graph-based NNs
are tested, as they allow providing the global design and operational parameters, while additionally
working with information on connections between different virtual microphones (nodes) on the sphere,
and finally predicting noise on the whole sphere at once. The node edges (connections) are created
based on a triangular mesh of the microphones, leading to a sparse representation. This graph-
based NN can be coupled with convolutional layers to further aggregate information from neighboring
nodes (graph convolutional network: GCN) [64], additionally considering the importance of each
connection in a graph attention network (GAT) [55], or in a graph U-Net (g-U-Net) [56] adding pooling
and unpooling layers. Pooling reduces the graph by selecting important nodes and unpooling restores
the original graph [56]. For all three graph networks, the PyTorch Geometric library is used in version
2.7.0 [57], which builds on the PyTorch library used in version 2.11.0 [68]. Either the number of
convolutional layers or the depth of the U-Net is varied alongside the number of hidden channels
to find an optimal architecture. For the GCN and GAT, multilayer perceptron (MLP) encoder and
decoder stages are also tested with varying numbers of hidden layers. In addition to MSE as a purely
global loss over all microphones and samples, an additional loss is tested. This additional loss aims,
apart from global minimization over all graphs, to penalize local deviations from the sound power level
(SWL) within a single graph. To ensure comparable magnitudes of the loss terms, the MSE of the
OASPL derived from SWL under a uniform spherical assumption is used, rather than the SWL MSE
directly.

2.4 Final Assessment and Database Extension

Finally, the best initial models for noise and performance are selected based on performance metrics.
Each model is then trained multiple times on the full training set with different random seeds, using
the test data for early stopping. Then, candidates for future points are generated by a large LHS
covering the whole design space. This ensures a good distribution along the design space and,
due to the randomness, a non-deterministic result for each iteration of AL. Using a linear grid lattice
with the same setup will result in the same points within each AL step and poor spacing in high
dimensions. By predicting the candidates for each model, the model variance can be estimated,
showing areas with high uncertainties. This information is used to define additional points for future
simulations. This aims directly at the basic premise of uncertainty sampling as part of AL [35].
To ensure that these points do not result from a single cluster and thus prevent major clustering,
different considerations can be made. using »n points with maximum variance only is the opposite
extreme to a purely space-filling approach. Thus, both aspects have to be considered, aiming for
both exploitation of current knowledge and exploration of the design space. Together, this can help
create a generalizing model with reduced computational cost. Monitoring how metrics evolve over
iterations can help in deciding whether additional simulations are worth the effort. The present paper
focuses only on the first AL step, building the initial model and deriving the first set of additional points.
In summary, the general approach for active learning consists of the following steps:

1. Train n models, with the same architecture and setup, initialized with different random seeds.

2. Generate a sufficiently large candidate pool by sampling the design space and make predictions
for all models.

3. Compute the prediction variance.
4. Optional: perform pre-selection by filtering out low-variance points.

5. Select next simulation points, either directly or with an intermediate step by identifying interest-
ing clusters/regions first.

For the performance model variance can be used directly; on the other hand for the noise models,
this is not the case, as the variance is known for each microphone and not at the simulation-level.
Therefore, the results from all microphones need to be transformed into a metric on simulation-level.
This is done by considering the mean and median variance per candidate. If the number of candidates
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is higher, where the mean variance is above the median variance, the 95-percentile of the sample
is used as a metric; whereas if the number is lower, the mean of the sample is used. This allows to
focus on ‘outliers’ (mean > median) or on improving the general prediction error (mean < median),
depending on which of the two occurs more frequently.

To identify new points and interesting clusters/regions beforehand, this work will discuss three ap-
proaches: namely a greedy algorithm, k-means clustering [50, 59], and a density-based approach
with Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) [60]. As
the cost of unsteady simulation is high, the idea of building two separate databases tailored to the
variance of each surrogate (noise and performance) is not pursued. Thus, the same database of
unsteady simulations will be used and extended for both models together.

2.4.1 Greedy variance-distance algorithm

The simplest approach is selecting n points with the absolute highest variance within the candidate
pool. However, this approach has a risk of choosing points within the same regions, resulting in
unwanted clustering effects. To mitigate this, also the distance between points should be considered.
The opposite, selecting points based on the distance alone, risks selecting points with low variance
where additional simulations can have limited effect on improving the underlying model. Thus, the
idea is a combined algorithm taking into account both the model variance and distance. To account
for the different orders of magnitude, the actual features from which the distance is calculated are
normalized with MinMaxScaler from scikit-learn, as well as the resulting distance and variance itself.
A greedy algorithm uses a iterative approach that selects a local optimal solution within each step and
does not account for any future consequences of this decision [61]. In this work Equation [l allows a
trade-off between variance and distance.

xp =argmax [a-V'(X)+ (1—a)-D'(X,S)] (1)

where «a € [0,1],
V/(X) = normalized variance,
D'(X,S) = normalized distance to the closest already selected training point.

It is important to note that D’(X, S) explicitly includes not only selected points from the current iteration
but also all training points already within the database. This ensures that not only newly created points
are well spread out, but also that distance to already simulated points is considered. However, it can
also be expected that points within the database are among the points with lower variance.

On the other hand, creating new training points equal to test or validation data will compromise them.
To take this into account, an additional constraint is added to the algorithm in Equation B, enforcing a
minimal distance to be kept from the test sets. Based on the maximum distance in an 8-dimensional
unit cube, v/8 ~ 2.828, the threshold is set to roughly 1 % of this distance as t = 0.03.

J— / —_— . /
Xn = argX:D%a%ZT [a-V'(X)+(1-a)-D'(X,S)] 2)

where D'(X,P) = normalized distance to the closest test point,
7 = minimum required normalized distance to the closest test point,
D'(X,S) = normalized distance to the closest already selected training point.

Normalization of variance and distance together with o ensures, that the maximum of the sum is
also 1. The parameter o can be used to tailor the selection of new points either towards exploitation
of current knowledge (a > 0.5, favoring high-variance points) or towards further exploration of the
design space (a < 0.5, favoring high-distance points).

Risks with this approach can include selecting outliers in the data [35], that are distant from already
selected points, but are not part of a region with high variance. In contrast, a smaller focus on
exploitation allows to select points closer together by a higher a value, which risks a clustering of
selected points if dominant high-variance regions are present in the design space. However, this
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simple approach allows to select points even if no clear structure (e.g. clusters) is present within
the candidates. To mitigate the clustering risk the following two approaches k-means clustering and
HDBSCAN are investigated.

2.4.2 K-means clustering

The second approach is k-means clustering, where the goal is to find & clusters with their mean
(centroid) [60, bY]. The number of clusters is predefined and can be selected, for example, based
on the planned number of additional simulations per iteration. Also, different numbers can be tested
to achieve a better overall clustering score. Each cluster is constructed from points that have the
shortest distance to one centroid [50, 59]. This definition can lead to a bias in cluster size, resulting
in spherical clusters of similar size [60, 62]. Partially, this can be offset by weights, for example, using
the actual value of variance. However, if cluster size or density varies fundamentally, it could separate
‘coupled’ points or actual clusters [B0].

Y min (wi|lxi — %) (3)

i=0 ujeC

where w; = weight associated with data point i,
x; = data point i,
u; = mean of the samples in cluster (centroid) C,
|x; — w;||* = inertia, or within-cluster sum-of-square.

Furthermore, this algorithm is influenced by random initialization (initial centroid locations), potentially
making multiple runs beneficial, finally selecting the clusters with the lowest inertia [50, 59]. When
varying the number of clusters to be defined, inertia is not the sole measure to be considered, as it
will naturally decrease with an increase in number of clusters, as overall distance reduces. In this
case, the silhouette score can be a better metric [63].

To define new points, for example, the point with the highest variance could be selected as an
additional training point from each cluster. Another approach which can increase the exploration
of the design space is using the above greedy function once within each cluster, starting with the
cluster with the highest variance.

As k-means is known to struggle with unequally sized and shaped clusters [60, 62], which could be
present in the variance data, a third approach HDBSCAN is considered.

2.4.3 Density approach: HDBSCAN

The third approach uses density information to extract clusters and addresses the risk of disjoint
clusters of the k-means approach. This method is solely based on the geometrical information without
any information on the actual variance, and thus also without weighting. Therefore, in a first step
interesting points have to be preselected, for example, by removing all points with ‘low’ variance.
Otherwise, there is no real clustering, as the sampling leads to well spread points and thus mostly
uniform density. The variance filtering has to be broad enough to keep density information of high
variance clusters, but strict enough to exclude regions of low variance and thus low interest.

The DBSCAN algorithm starts by defining ‘relevant’ points as ‘core points'—meaning there are at
least k points in the vicinity (distance ¢€) of X; [60]. Next, a cluster is formed by all core points that are
e-reachable, points that are either connected directly or via points in between [60]. This approach
directly tackles the previously described potential issues with the greedy algorithm or k-means,
namely, defining the number of clusters and potential outliers that could be selected [60]. However,
the selection of hyperparameters is difficult for DBSCAN, and additionally, densities still need to match
over multiple clusters [60]. Therefore, HDBSCAN extends DBSCAN and addresses the aspect of
different cluster densities by allowing flexible € values [60]. By varying e—thus calculating many
clustering options with the DBSCAN approach—only stable clusters are ultimately selected [60].
Here, stability can be interpreted as how consistently a cluster is identified over varying distances.
Finally, the algorithm is mostly deterministic, apart from potential influences by data ordering [64],
so only one run is required per dataset. As the number of clusters is not predefined and thus not
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connected to the desired number of new points, n clusters of highest density or size could be selected
to define a new point from. Now, in addition to the point with highest variance the one with highest
density can be taken from each cluster or once again applying the greedy algorithm within each
cluster additionally.

2.5 Validation and Verification

Before defining the reference cases used to validate the simulations an overview of the differences
between the experimental results and the simulative setup, as well as potential error sources leading
to uncertainties for the comparison, is given. These uncertainties can be grouped into three main
areas: geometrical aspects, operational aspects, and differences in setup.

Starting with the geometrical aspects, especially the uncertainty of the pitch angle: First, the device
used to measure the pitch angle on the real aircraft has an accuracy of 2°; its scale allows to roughly
estimate the angle between 0.5° to 1°. Next, the selected outermost position on the blade to be
measured can vary slightly between measurements, influencing the result. The CAD model also
entails some uncertainties. It is derived from a 3D scan, where the outermost chord has to be
estimated to align with the measurement. This is difficult, as the blade tip region is quite slender
and the 3D scan cannot capture this area with the same accuracy as other portions of the blade.
Additionally, the pitch angle is measured relative to the top of the vertical tail; in this way, the
ground incline below the aircraft can be removed to make measurements comparable. However,
this additional measurement introduces further uncertainties.

Moving to the second aspect, the operational values. Out of each overflight, a single rotational speed
(propeller rpm) is selected, with which the simulations are performed. However, slight variations
in airspeed and power during the overflight can change the rotational speed. Furthermore, the
assumption of stationary flight could be false, also influencing airspeed and thus rotational speed at
fixed pitch angle. In addition, a non-stationary flight also impacts assumptions on thrust and torque
required to satisfy the flight condition. This also leads to uncertainties as thrust and shaft power
can currently only be estimated due to the lack of measurement in flight. In the experiments, shaft
power is estimated with higher confidence than thrust, as battery power is known and the electrical
efficiencies of the powertrain can be characterized reasonably well. Thrust has to be derived based
on the shaft power by applying the propeller efficiency, which introduces additional uncertainties.
However, in the simulations the confidence level for thrust is higher, as it is mainly a pressure force
that is easier to derive than the required shaft power, which in contrast is more dependent on viscous
forces as well.

Finally, moving to the differences in setup for the simulations. Unlike the overflights, they are not
performed with the ground in the vicinity of the aircraft. In the experiments, the aircraft was flying
more or less in the influence of ground effect, which impacts both aerodynamics and acoustics. This
can result in less drag and thus lower thrust and power required but can also impact the sound
propagation. For simplicity, the simulations, however, are set up in the same way as the database
variants, thus without any ground, leading to additional uncertainties.

Two cases from the experimental noise measurement campaign in 2025 are defined as reference
cases to verify and validate the simulations (see Table B). Within the simulations, the pitch angle
is reduced by 1.35° as a effort to calibrate the results to the estimated required power/resulting
thrust. This is done to account for uncertainties in the measurement of the pitch angle as well as
the uncertainty in restoring the blade tip from the 3D scan. However, the offsets can actually differ
between the two cases, as each measurement can have an individual error.

Table 2 — Selected reference cases from the 2025 e-Genius noise overflight campaign which are used
to validate and verify the CFD simulations. In the experiment the first number describes the recording
and the second the overflight, whereas for the simulations a single case numbering is used.

Experiment Simulation vag/kmh™' Pyt /kW n/rpm  Bexp/° Bsim/°
1/11 994 177 42 1977 9.65 8.30
5/2 993 176 25 1200 22.15 20.80
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3. Results

This chapter focuses on the results of this work. First, a validation and verification of the simulations
and the resulting database is made. This is followed by the results of the different tested models for
both surrogates, propeller performance and noise.

3.1 Validation and Verification

The main validation and verification for aerodynamics and thus installed propeller performance is
performed by a project partner. However, a couple of quick checks are performed on the database
cases by examining the correlation matrix in Figure 3.
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Figure 3 — Matrix of the linear correlations of the initial database cases. The values are the Pearson
correlation given as a percentage.

The main point is the perfect positive correlation between AoA and the lift coefficient. This highlights
the common trend that lift is often reliably estimated in CFD. In this case, the lift coefficient C; can
be used instead of AoA as an input for the surrogate models, which has the benefit that it is easier
to obtain in early design performance estimation. Furthermore, it is more comparable, as weight is
generally more reliable than AoA. Based on the initial simulations, the constants in Equation & can
be determined.

Culo) = (- a) @

dCL —1
where —==0.104d
da %8
oy = —2.277°.

Furthermore, there is no real correlation between the lift coefficient and TAS, which is expected
because the influence of airspeed is removed. For the lift force, the expected increase in lift with
airspeed is visible. Drag and its coefficient follow a quadratic law and is therefore not shown in the
linear correlation matrix. Looking at both rotational speed and pitch angle, a positive correlation
with the required shaft power as well as the generated thrust can be observed. Together, all four
parameters have a positive correlation with the SWL, which is also expected. Finally, the four
parameters that are inputs to the simulation (TAS, AoA, rpm, and pitch) have no or only marginal
correlation with each other, which is also expected because of the well spread out sampling with
LHS. The main correlations are among the results from the simulation (Cy, lift, power, thrust, and
SWL).

11



DATA DRIVEN FAST NOISE PREDICTION

For the noise validation and verification, as a first step the SWL is compared to the experimental
results. Both are set up similarly, using a Hann correction and a window length of 0.2 s [37]. As the
experimental coverage of the noise sphere is smaller in comparison to the simulation partial Fibonacci
sphere, the simulation is limited to the obtained directions from the overflight. In addition, points at
shallow emission angles have proven unreliable in the experimental evaluation [37], therefore, the po-
lar angle is limited to 40° below the horizon. The spherical partial surface of the experiments is always
higher, because only microphones within the experimental area are considered for the simulations.
To rule out a high influence of this difference in sphere area, first a normalized SWL is calculated
assuming uniform coverage of a full sphere. Second, the simulation results are interpolated to the
experimental locations and then the integration is made for the same sphere.

Table 3 — Comparison of the SWL for experiment and simulation. SWLyom is corrected for the
difference in areas, stating SWL for a full sphere instead of the partial sphere. In all cases the radius
is 20 m and frequency is limited to the 20 Hz up to 800 Hz one-third octave bands to allow comparison.
The i cases are the simulation results interpolated to the experimental points on the sphere and then
evaluated with the experimental based area weights.

Description Case Area/m> SWL/dB SWLpom /dB

Exp. 1/11 1030 114.7 121.6
Sim. 994 702 104.9 113.4
Sim. 994i 1030 106.8 113.6
Exp. 5/2 960 105.3 112.4
Sim. 993 649 99.9 108.8
Sim. 993i 960 102.1 109.3

Table B shows the SWL for the reference cases in the simulation and the experiment. Overall, the
simulations underestimate the total noise emission with a larger gap in the first reference case than
in the second. However, the uncertainties in setup and for thrust and power remain. Furthermore,
after calibration the simulation results are still slightly below the estimated values. Therefore, it can
be expected that with a slight increase in power also the SWL will increase, thus reducing the gap.
The different gaps between both reference cases can be due to different pitch offsets. This can
be a result of the two measurements on ground with differing errors. A second option is the pitch
angle for the 5/2 case, which had to be selected in flight timing the movement from the high-pitch
stop to the desired pitch angle. This had to be made because the climb take-off performance were
not satisfying enough to perform the whole flight in this setting. Overall, without in-flight thrust and
torque measurements, there is no way to determine the true causes. Even with such measurement,
uncertainties will remain due to newly introduced ones.

Apart from SWL, a second validation is performed by a spectral analysis on the virtual microphone
directly under the aircraft. This corresponds to the experiment when the aircraft is directly above
the microphone. In this case the distance between aircraft and microphone is the lowest in the
experiments, and thus also atmospheric and geometric dampening. Figure B shows a comparison
between experiment and simulation for the two reference cases. Due to the difference in sampling
rate, the maximum frequency (Nyquist frequency) in the simulations is lower than in the experiment
and differs between the two simulations. The locations of the BPF mostly align between simulation
and experiment. For the second reference case in Figure BR, it appears that the rotational speed in
the experiment was already slightly higher than the value set for the simulation. Other than that, the
peaks match the experimental results well in terms of position, but their magnitude is lower. This is in
line with the findings for the SWL. Similarly, in Figure B3 the difference is higher, as noted previously.
It must be noted that the experiment is only corrected by geometric spreading, but not atmospheric
damping. The influence is small, but the distance of the aircraft during the overflight was lower than
the 20m radius. All aforementioned uncertainties still apply. Furthermore, attention is drawn once
again to the necessary corrections for the experimental analysis. In each selected FFT window, the
aircraft is moving a few meters, however, one fix point for the aircraft’s location is defined and thus
the direction of sound emission. This also adds to the uncertainties on experimental side.
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Figure 4 — Comparison of spectral analysis of experimental (green) and simulation (blue) cases. The
red dot-dashed lines are the multiples 1 up to 5 of the BPF aligned with the value selected for the
simulations. (a) Experiment 1/11, Simulation 994 (b) Experiment 5/2, Simulation 993.

In the process of fitting the reference case simulations, some simulations showed a rising trend in
SPL with increasing frequency, starting somewhere between 800 Hz and 1100 Hz. Simulations 993
and 994 do not show this tendency, whereas simulation 001 in Figure @ does. The experimental
results, however, show a mostly decreasing trend. For this reason, the OASPL for the simulation
database will be calculated using the one-third octave bands from 20 Hz to 800 Hz. The influence on
the OASPL is marginal because it is mainly determined by the first multiples of the BPF.

In the following, the actual database cases are considered. Here, different window lengths can be
considered, as the approach not necessarily has to align with the experimental assessment.
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Figure 5 — Sound pressure signals for two simulations. (a) is a simulation where the start from
steady results was not set up properly and (b) the setup was properly using the initial results. Here,
the signal becomes periodic sooner.

Figure shows the pressure signal for simulation case 001. Here, the setup was faulty, and the
steady initialization was not used, leading to large spikes at the beginning and a longer time for the
signal to stabilize. In comparison, Figure B shows a shorter initial period and smaller spikes. Apart
from a longer simulation time, the results are not affected, and the initial portion is removed to obtain
a ‘well established’ periodic signal that is then assessed via FFTs.
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Figure 6 — Spectral plot for simulation 001 (a) different FFT window lengths with » rotations per
window and (b) three windows along the signal with 50 % overlap aligned with the end of the signal
and RMS of all three windows. Again, the vertical dash-dot lines are the multiples of the BPF.

Figure Ba shows the expected trends when the window length is varied. If the number of investigated
revolutions is reduced, the BPF peaks become broader due to the lower resolution associated with
the shorter window length. This is especially visible in the broadband regime below the first BPF.
However, the absolute value of each multiple of the BPFs remains constant, which is in line with
other studies [18]. Overall, the OASPL is mostly unaffected as Table B shows.

Table 4 — OASPL for different number of rotations for a single microphone.

Rotations 1 3 5
OASPL/dB 103.30 103.25 103.25

Figure BB shows different windows analyzed over the signal. Here, for all windows, five revolutions
of the propeller are considered, and a 50 % overlap is used. The numbering is in chronological order,
and the third window is aligned with the end of the simulation. In addition, the root mean square
(RMS) of all three windows is plotted. Overall, good agreement across all windows and their RMS is
visible in the plot which is also supported by the OASPL values in Table B.

Table 5 — OASPL for the different windows for a single microphone.

Window 1 3 5 RMS
OASPL/dB 103.22 103.24 103.25 103.24

3.2 Performance Surrogate

As for performance estimation of the propeller in aircraft design both thrust and power are necessary,
two separate NNs are trained, one for the estimation of each parameter. An extensive search across
many hyperparameters is performed, variations in the numbers of layers, the number of neurons per
layer, the use of dropout, and also L1/L2 regularization. The mean scaled metrics from a 5-fold CV
are given in Table B for the two models with the lowest validation loss.

Table 6 — Mean of the 5-fold CV metrics of the performance NN’s in the scaled frame.

MOdeI MSEtrain MSEval
Power 0.455 0.359
Thrust 0.251 0.424
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At first glance, the results look promising; however, the power model achieves a better loss on
validation data than on the training data, which warrants further investigation. Therefore, the metrics
for all five individual folds are also examined in Table [@. Some folds achieve very low MSE with a
high R? score, whereas others MSE is higher and their R? scores are worse than those obtained by
predicting the mean.

Table 7 — 5-fold CV metrics of each individual fold for the performance NN’s in the scaled frame.

Model Metric Split Fold1 Fold2 Fold3 Fold4 Fold5
Power MSE train 1.099  0.080 1.080 0.036  0.001
val 0.640  0.067 0.310 0.628  0.109

R train  —0.012  0.923 0.095 0.953 0.999

val —0.197 0921 —-0.332 0.667 0.902

Thrust MSE train 0.025 0.409 0.792  0.037  0.003
val 0.249 0434 0.088 0.718 0.671

R? train 0975 0.632 0.329 0.960 0.996

val 0.668  0.192 0.706  0.429  0.555

Switching to 10-fold CV improves the metrics for many folds at the cost that now only two or three
samples are available for validation, while training is performed on the remaining 28 or 29 samples.
This can be seen already as quite aggressive, as only 6 % to 9 % are withheld for validation and the
model sees quite a big chunk of the overall database. However, some folds still exist in which the
model did not really learn the underlying patterns. This can be seen both in excellent training scores
paired with bad validation scores, but also in some folds where again validation metrics are far better
than the training metrics.

3.3 Noise Surrogate

As expected, a simple NN for noise is not capable of handling the increased complexity of the
additional design and operational space while also capturing directivity effects. Even the simplest
models overfit heavily, memorizing the training data without any generalization. Thus, only the
performance of the GCN, GAT, and g-U-Net is discussed further.

For all three options, two sets of input features are tested. First, all parameters of the design space
are used, and second, the thrust and power obtained from the simulations are additionally provided.
However, while in theory the information on thrust and power, which also indicates efficiency, should
help the models, this is not observed in practice. The thrust and power from the simulations seem to
have too high variance for the model to make use of this information given the low number of samples.
This is supported by looking at the calculated value of efficiency, which can lie outside the physically
meaningful range (e.g. nprop > 1). Thus, efficiency is also not tested as an input feature.

In some cases, the modified loss function, which focuses on local energy-wise correctness, helped
with lowering training and validation loss. However, some of the best models achieved better metrics
with the simple MSE loss. Table 8 shows the best model of each of the three tested approaches
according to the lowest validation loss. Whereas the GCN and GAT networks achieve their highest
scores with the MSE loss, the g-U-NET benefits from the combined loss.

Table 8 — Mean of the 5-fold CV metrics of the graph-based noise NN’s. Loss and MSE are given in
the scaled frame while MAE is in the absolute frame in dB. g-U-NET is best with the combined loss
function, whereas GCN and GAT performed better with the standard MSE loss function.

Model LOSSirain  LOSSval  MSEyain  MSEiay MAEyan MAEy R%pain Reua
GCN 0.077 0.176 0.077 0.176 2.448 3950 0.923 0.824
GAT 0.053 0.198 0.053 0.198 2.010 4215 0948 0.802
g-U-NET  0.100 0.222 0.093 0.222 2.487 4279 0907 0.778
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Looking at all the tested hyperparameters, no clear trend regarding complexity (depth and width of the
models) can be found. Similarly, no clear trend is identified for the number of layers for the encoder
and decoder MLPs. Overall, the GCN achieves the lowest validation loss, and its validation R? is also
highest. In contrast, the GAT shows a greater tendency to overfit, as it achieves the lowest training
loss and the highest training R? out of all models. Overall, the GCN model achieves an MAE for
training of 2.45 dB and 3.95 dB for the validation data.

Table 9 shows the metrics for all five folds for the best-performing GCN model. It shows that some
folds overfit more (Fold 1, 3, and 4) than others (Fold 2 and 5). However, this is partially expected, as
each fold leaves out larger portions of the design space. Therefore, this architecture is retrained ten
times in the next step on the full training set using different random initialization. Based on this, the
model variance can be estimated.

Table 9 — 5-fold CV metrics of the individual folds for the best performing noise architecture GCN.
The loss function is MSE which is given in the scaled frame, whereas MAE is in the absolute frame
in dB.

Metric Split Fold1 Fold2 Fold3 Fold4 Fold5
MSE train 0.016 0.086 0.046 0.036 0.140
val 0.347 0.132 0.100 0.145 0.153
MAE train 1.130  2.774 2.004 1.713  3.435
val 5.569 3.489 3.045 3.750 3.891
R? train 0982 0911 0.958 0.964 0.867
val 0.745 0.884 0.840 0.852 0.796

When looking at the prediction vs. true plot for the retrained models in Figure @, two main patterns
can be identified. Figure [Za shows a good fit for both training and test data, with a slight tendency
to overfit, as indicated by the wider spread of the test data (blue). On the other hand, Figure [ZG
shows wider regions where outliers are visible, both for training (orange) and test data (blue). This
is attributed to the low number of samples, which leads to a higher variance across random seeds.
However, the number of seeds leading to a good fit is much higher than the number leading to a poor
fit with a ratio of roughly 8 to 2.
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Figure 7 — Prediction vs. true plots for different randomly initialized models of the best performing

GCN. (a) shows a good fit with low variance and (b) shows high variance regions are present with

substantial outliers. Orange is the training data and blue is the test data. The dashed lines show
+10% deviation, the dotted lines show +5 % deviation, and the solid black line is the ideal prediction.
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4. Discussion and Future Model Extension

Building on the results from the previous chapter, this section discusses both surrogates and the
main factors influencing their performance. As before, the discussion distinguishes between the
propeller performance model and the noise estimation model. Finally, the different AL approaches
are assessed, leading to the selection of six additional points to be simulated in the first iteration.

4.1 Performance Model

The reasons for the unsatisfying performance of the thrust and power models in CV can be attributed
to the k-fold split, where chunks of the training data, and thus parts of the whole design space, are
withheld from the model. Due to the low number of samples and the high dimensionality of input
features, this means that a rather large portion of the design space is missing. This is supported
both by the 10-fold CV and by retraining the model on the full training set while using the test set for
early stopping. In this case, the overall metrics are improved, at the cost of either a small test set or
foregoing prior validation of the model architecture. Grouping the training samples into clusters and
using stratified folds is also not helpful, as LHS produces well-spread samples without a cluster-like
structure.

With respect to the first research question, the results should be used with caution, as the available
database size is not yet sufficient, which restricts the generalizability of the models. Consequently,
the performance model is not considered mature enough to be used in the AL process addressed in
the second research question. If the metrics improve with additional samples generated based on
the noise AL extension, the performance models can be considered in the future.

Furthermore, additional steady simulations can be used to improve the model. These are roughly
100 times faster than the unsteady ones. Using a model or function to transform steady thrust and
power into unsteady results, or simply using the steady results alone, can be sufficient to bridge the
gap and allow the necessary trade-offs at the aircraft level.

Both approaches can be tested in the future; however, the correlations currently do not indicate
strong connections with either the blade count or the inflow angle. Both can cause errors in the
steady simulation with a moving reference frame. Thus, it remains to be seen whether a suitable
model can be found to transform steady metrics into unsteady results, and a trade-off must be made
as to whether this additional uncertainty is more acceptable than the error in the steady simulations.

4.2 Noise Model

The results show that the current model is indeed learning the underlying relationships. Looking at the
first research question, all metrics, MSE in the scaled frame and the MAE in absolute values, show
a good general result and R? shows that mostly trends are well reserved. However, the number of
samples is still small, leading to higher variance across models. For the AL process, this is necessary,
as it allows a reasonable extension of the database. However, this general higher variance also
means that the points with highest variance are well spread out and distributed across the design
and operational space. Therefore, the two approaches focusing on clustering are not particularly
meaningful, resulting either in essentially one cluster or a high number of clusters with only a few
candidates each. For this reason, only the results from the greedy function are shown. Still, in later
iterations, the clustering approaches could become meaningful.

For the greedy approach in Equation B, two metrics are important: first, the distance between
candidate points and selected points, and second, the variance of the model at each candidate point.
Distance is equally distributed in the beginning, and with each additionally selected point, the region
around that candidate is avoided as the remaining candidates are now closer to an already selected
point. Looking at the variance, points are well distributed, and even within areas of high variance
(percentiles) low-variance points can still exist. However, there are certain parameters that have
regions in their design space where higher variance is concentrated. For example, higher variance at
the lower end of the design space can be found for the x-position of the propeller, IAS, and altitude.
By contrast, for the blade count, tilt angle, AoA, rotational speed, and pitch angle, higher variance is
found at the upper end of the design space.
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Table @0 shows the results of the greedy function. o = 0.55 is selected such that variance (exploita-
tion) has relevance for all selected points, while strong clustering (limited exploration) is prevented.
Both aspects can be seen, first, high variance points are selected (V'(X) > 0) while distance is also of
interest (D'(X,S) > 0). For the points five and six the distance actually is more important than variance.
In general, it should be noted that the normalized distance follows a standard distribution, whereas the
normalized variance is strongly concentrated on lower values. Thus, a stronger focus on exploitation
also partially balances out these differences in the distribution. Due to the iterative approach, the
normalized distance changes in every iteration because the newly selected point is removed from the
candidate set and added to the selected points. The normalized variance remains constant, as the
models do not change over the greedy iterations. Additional simulations are performed collectively
after selecting n points.

Table 10 — Results of the greedy function f(V’,D’, ) for each selected point and contributions of
normalized variance V'(X) and distance D'(X,S). The selected o value is 0.55.

fV.Da) VX)) D(X,9)
0.71916 1.00000 0.37590
0.66129 0.80653 0.48378
0.54194 0.72267 0.32104
053759 0.50675 0.57527
0.48942 0.24336 0.79017
048503 036875 0.62714

OO~ WN =

Table 1 shows the points selected in the first AL step. It can be seen that the previously described
regions with higher variance, for example higher pitch and rpm, received more focus (exploitation).
Still, in most cases, the overall design space is covered globally. Other than that propeller tilt is a
bit constrained, as well as altitude and the x-position of the propeller; however, the latter two had a
smaller impact on the overall noise. In subsequent iterations, these areas of the design space may
receive more focus, both because of potentially higher variance and because of their greater distance
from already selected points.

Table 11 — Selected Points in the first active learning step using the greedy variance-distance
approach.

X-POS  Npages Propsi/° rpm pitch/° 1AS/kmh~' Altitude/m AoA/°

1 —0.283 5 6.9 2292 17.2 119.16 541 4.8
2 —0.292 4 7.2 1858 28.7 114.84 161 1.4
3 —-0.299 5 8.3 2128 20.5 111.60 933 0.0
4 —0.299 2 8.1 1884 15.9 100.08 1295 7.1
5 —-0.250 3 8.8 1604 31.8 192.96 310 6.0
6 —0.135 5 7.1 2110 25.5 140.76 41 -1.0

Overall, with a look at the second research question, it can be said, that the greedy approach currently
is the best option out of the three investigated ones. It allows the dataset to be extended both based
on exploration and exploitation of the design space. The other two approaches can be helpful in the
future, if the model variance results in actual clusters in the design space.

Finally, some confidence in the AL approach was gained in the process of extending the database
from LHS A&B with LHS C. Here, an improvement in model quality was visible, both for the k-fold
metrics and the prediction vs. true plot. Furthermore, a speed-up seems possible, as the simulations
seem to stabilize early within the first five rotations and the difference of multiple windows in negligible.
Therefore, in the future ten rotations could be enough when evaluating a single FFT window. This
saves additional simulation time and allows for more iterations in the AL process and thus further
improvement.
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5. Conclusions and Outlook

For unconventional, tightly integrated aircraft configurations, a gap exists in aircraft design for estimat-
ing performance-related metrics, particularly aircraft noise, for which standard low-fidelity or empirical
models are often inadequate. High-fidelity approaches such as CFD can provide accurate results,
but are computationally too expensive to be used within the design loop, making surrogate models
that are capable of fast prediction necessary.

The main contribution of this work is a data-driven fast workflow to predict noise and performance fig-
ures of the e-Genius aircraft. A simulation database based on high-fidelity CFD is created by varying
three geometric and five operational parameters, enabling aircraft-level trade-offs. The simulations
reproduce the main spectral trends observed in experimental overflight measurements; however,
overall noise levels appear to be underpredicted. At the same time, uncertainties in geometry, oper-
ating conditions, and the validation setup remain, and without direct thrust and torque measurements
these discrepancies cannot yet be resolved completely.

Initial surrogate models are created for both noise directivity and propeller performance. With respect
to the first research question, graph-based models outperform simple neural networks for noise
prediction, achieving promising predictive accuracy while preserving relevant trends. The mean
absolute error based on the initial model is 2.45 dB for the training data and 3.95 dB for the validation
data. In contrast, the current thrust and power surrogates are not yet sufficiently reliable. In both
cases an improvement during the successive active learning steps is expected. Both for accuracy
(MSE, MAE) and underlying trends (R?).

Based on these findings, only the graph convolutional network noise model is retrained to guide the
active learning process and extend the database while limiting the number of expensive simulations.
Addressing the second research question, the greedy variance-distance strategy proves most practi-
cal for the first active learning iteration, whereas clustering-based approaches are not yet meaningful
because high-variance regions are still broadly distributed and do not form distinct clusters.

The next steps are to run the simulations for the newly selected points and continue with multiple
iterations in the active learning process. The observed improvement over successive iterations
will indicate the trade-off between further model refinement and simulation cost. In parallel, the
performance surrogates can be improved either by benefiting from the extended unsteady database
or by building a dedicated database from significantly cheaper steady simulations.
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