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Abstract

Reliable prediction of stagnation point heat flux is essential for hypersonic vehicle design, yet high-fidelity
simulations remain computationally demanding, limiting rapid design evaluations. This study introduces a
surrogate approach utilizing a variational autoencoder (VAE) to encode nose cone geometries into a com-
pact latent space, combined with a conditional multi-layer perceptron (MLP) to estimate stagnation point
heat flux. The method accurately predicts heat flux with a significantly reduced subset of the entire design
space, greatly reducing computational effort. Additionally, the model maintains accuracy for predictions
beyond the original training conditions, offering a practical and efficient alternative to traditional CFD
methods.

1. Introduction

Hypersonic vehicles operate in environments characterized by intense shockwaves, high temperature gas chemistry,
and substantial heat fluxes. These extreme conditions require a well designed thermal protection system. As a result,
accurately predicting reentry conditions and designing thermal protection systems properly are essential for any vehicle
undergoing atmospheric entry.

The stagnation point heat flux is one of the most critical parameters in the design of a hypersonic reentry vehicle,
as it represents the maximum heat load experienced during flight. This value plays a crucial role in the vehicle’s
thermal management and the structural integrity of its thermal protection system. Therefore, accurately determining
the stagnation point heat flux is essential.!?

Since the magnitude of stagnation point heat flux is highly influenced by the vehicle’s geometry, the design of the
nose cone becomes a key factor in shaping the thermal and aerodynamic environment. During high speed atmospheric
flight or reentry, the intense compression of air leads to severe heating, especially around the nose region. Evaluating
different nose cone geometries is therefore essential to understand how shape influences the heat flux encountered in
these extreme conditions.?

Although computational fluid dynamics (CFD) offers high-fidelity predictions of heat flux for various nose cone
geometries, its computational cost grows significantly with increasing geometric and flow field complexity. Even
with improvements in computing capabilities, CFD simulations of complex hypersonic flows remain resource inten-
sive. This challenge has led to the search for alternative methods that can deliver comparable accuracy with greater
computational efficiency.

Classical surrogate models such as Kriging, radial basis functions, and artificial neural networks have been
widely employed in hypersonic heating studies.*® However, they often assume parameterized geometries and re-
quire dense datasets to maintain prediction accuracy. More recent efforts have explored physics-informed neural
networks (PINNs)” and multi-fidelity frameworks that blend low and high-fidelity simulations,'®!" with advanced
neural architectures further improving data efficiency in sparse regimes.!”> These approaches reduce dependency on
large high-fidelity datasets by either embedding governing equations directly into the training loss or learning hierar-
chical mappings across fidelity levels. In our previous work, a PINN-based formulation was also applied to estimate
stagnation-point heat flux on axisymmetric blunt bodies, demonstrating improved accuracy under data-scarce condi-
tions.'3

Despite these advancements, a critical limitation persists: existing models primarily rely on explicitly defined
geometry parameters. For shape families like nose cones, where different analytic profiles involve distinct equations,
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mapping them to a unified set of inputs becomes impractical. Consequently, directly using geometric images rather
than analytical parameters becomes a more generalizable solution.

Recent studies have begun to explore geometry-aware surrogates using variational autoencoders (VAESs) to com-
press shapes into latent representations,'#'6 which are then fused with flow conditions for inference. These methods
have shown promise in airfoil and wing design problems. However, such latent models remain underexplored for hy-
personic applications, particularly in predicting critical quantities, such as stagnation point heat flux, across diverse
nose cone families.

In this study, a predictive framework is developed by combining a variational autoencoder (VAE) for compact
geometric encoding with a conditional multi-layer perceptron (MLP) that estimates stagnation point heat flux in hy-
personic flow conditions. The models are trained on carefully sampled subsets of the full design space, covering a
wide range of geometric profiles and flight conditions. By integrating effective shape encoding with targeted training
strategies and hyperparameter tuning, the proposed approach offers accurate heat flux predictions across both seen and
unseen configurations, enabling efficient exploration of geometry—flight condition combinations with reduced simula-
tion cost.

2. Methodology

2.1 Problem Definition

In this study, CFD analyses are performed to calculate the stagnation point heat flux on four different nose cone types
under hypersonic flow conditions using the ICFD++ software from Metacomp Technologies. The model is constructed
as an axisymmetric body featuring different types of nose cone shapes. An example of the analysis domain is shown
in Figure 1, which displays a power series nose cone along with the boundary condition labels used in the CFD
simulations. The same setup is applied across all analyses conducted in this work. The wall boundary condition
is isothermal wall with a fixed wall temperature of 300 Kelvin. Freestream pressure, temperature, and velocity are
specified at the inlet. The outlet is defined as a supersonic outlet. The working fluid is air, and the flow is modeled as
compressible, viscous, and laminar.

Table 1: Boundary conditions for mesh independence study

Parameter Value
Geometry Power series
Mach number 9
Altitude 5 km
Freestream pressure 54050 Pa
Freestream temperature 256 K
Freestream density 0.7328 kg/m?

A thermally perfect (calorically imperfect) air model is used to accurately capture the gas behavior under the
rising temperature levels of hypersonic flow. The calorically perfect gas assumption where specific heats Cp and Cv
are treated as constants is only valid over a limited temperature range, which is generally below 450 Kelvin for air.
However, at higher temperatures the excitation of vibrational energy modes causes these parameters to increase with
temperature. The thermally perfect air model accounts for this by allowing specific heat to vary as a function of
temperature while still assuming a fixed chemical composition and ideal gas behavior.!”

Table 2: Mesh independence study results

Mesh Name Cells  Stagnation Heat Flux (MW/m?)

Mesh 1 20,336 19.8
Mesh 2 40,991 15.6
Mesh 3 48,357 14.1
Mesh 4 62,196 14.0

To ensure reliable results for different nose cone configurations, a mesh independence study is carried out for the
generation of computational grids. In this study, the first layer thickness of the boundary layer is kept constant for all
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mesh cases to maintain a wall cell Reynolds number below 1. In the context of CFD meshing, the wall cell Reynolds
number Re.,, can be defined as:
A
Rey = Pwawl) (1)
Hw
where p,, is the density of flow at the wall, a,, is the sound speed at the wall, u,, is the viscosity of flow at the wall, and

Ay is the first layer thickness.'

Outlet ——

Wall

Symmetry Axis

Figure 1: Boundary conditions used for the analysis

Figure 2: Sample mesh structure

The mesh independence study focuses on the number of layers, the growth rate, and the point spacing along the
nose wall near the stagnation region. The study is conducted using a randomly selected geometry from a set of 320
different nose cone configurations. The flow condition is chosen as the most challenging case corresponding to the
highest expected heat flux within the scope of this work. Computations are performed using the boundary conditions
listed in Table 1. The results of the mesh study are presented in Table 2. Based on these results, Mesh 3 shown in
Figure 2 is selected since the difference between Mesh 3 and Mesh 4 is less than 1%. An example case showing the
Mach number and temperature distributions obtained by using the boundary conditions in Table 2 and Mesh 3 is shown
in Figure 3.
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Figure 3: Resultant Mach number and temperature distribution

2.2 Parametric Formulations of Nose Cone Profiles

In hypersonic flight, the nose cone is one of the main focus points of aerodynamic heating due to its direct interac-
tion with the bow shock. A blunt nose causes the bow shock to detach and stand off from the surface, reducing the
stagnation point heat flux compared to sharp geometries, which generate attached shocks and higher localized heating.
This is an important part of hypersonic vehicle design, where nose geometry is carefully chosen to balance different
requirements. '

Building on this balance between thermal protection and aerodynamic performance, the selection of nose cone
geometry for hypersonic vehicles must consider both mission objectives and design constraints. The Haack series
offers the lowest wave drag at Mach 5+ conditions, but its sharp tip leads to high stagnation point heating. Moderately
blunted profiles such as parabolic or secant ogive shapes with small spherical caps can reduce peak heat flux with
minimal drag increase with specific fineness ratios.?%2!

The parametric nose cone profiles used in this study are defined by the following equations, where x € [0, L] is
the axial coordinate, L is the length of the nose cone and R is the base radius. In addition, each formulation uses a
shape parameter specific to the family.??

Power series nose cones are defined by a shape that becomes sharper as the exponent n approaches 1 (a cone)
and blunter as n approaches O (a flat cylinder). It typically features a blunt tip and a non-tangent base, though the base
is often modified to smooth out the slope discontinuity and improve flow attachment. The equation used to create the
power series can be defined as:

X n
x) =R (—) 2
) =R(Z @)

Secant ogive nose cones are formed from a segment of a circle where the base does not lie on the circle’s
radius. This results in a sharper profile and a non-tangent intersection with the body that introduces a slight geometric
discontinuity. The equations used to create the secant ogive can be defined as:

R+ 17
e 3
P> "SR 3)
R 12+ R2\!2
a=tan! (—) —cos™! Lrr 4)
L 4p?
y(x) = [,02 - (x—pcos a/)Z]U2 +psina 5)

Parabolic series nose cones are formed by rotating a segment of a parabola, producing a sharp tipped, smoothly
curving profile that is tangent to the body when a full parabola segment is used. The equation used to create the secant
ogive by using the shape coefficient K can be defined as:



DOI: 10.13009/EUCASS2025-722

VAE-BASED HEAT FLUX PREDICTION

2(x/L) = K(x/L)*
2-K

Haack series nose cones are mathematically derived to minimize wave drag, with the Von Kdrman profile being

the most widely used variant due to its aerodynamic efficiency. These shapes have a smooth, gradually increasing

curvature that is nearly tangent to the body, and their tips are slightly rounded rather than perfectly sharp. The equations
used to create the Haack series by using the shape factor C can be defined as:

y(x) =R (6)

6(x) = cos™! (1 - 2—5) @)
1 1 12
y(x) =R- [; (0 -3 sin(26) + C sin® 9)} 3

2.3 Dataset

The initial stage of this study involves generating a comprehensive design database comprising 320 unique nose cone
geometries, as shown in Figure 4. These shapes are procedurally defined using parametric equations from four different
nose cone series: power, secant ogive, parabolic, and Haack. Each profile is sampled across its respective shape
parameter range and a common global radius, as listed in Table 3. For consistency, the nose cone length L is normalized
to unity across all profiles.

Table 3: Geometric parameter ranges used in generating 320 nose cone profiles

Parameter Type Profile Type Parameter Range
Power series  Shape factor n 0.40-0.80
. Secant ogive  p/R ratio 1.43-4.75
Profile-specific Parabolic Shape coefficient K 0.50 — 1.10
Haack series  Shape factor C 0.00 - 1.00
Global All Profiles Radius R 0.20 - 0.65

Each of these 320 geometries is evaluated under five Mach numbers and five altitudes, forming a total of 25
freestream conditions per geometry and yielding a complete design space of 320 x 25 = 8000 unique cases. Table 4
summarizes the range of physical conditions.

Table 4: Freestream condition variables

Variable Description  Values
Ma Mach number 5,6,7,8,9
h Altitude (km) 5, 10, 15, 20, 25

The geometries are visualized as 128 x 128 binary images representing filled shape masks, as shown in Figure
4. These pixel-based contours are not suitable for direct input into regression models. To integrate them into neural
networks, they must be encoded into low-dimensional vectors, a task later addressed via a variational autoencoder.

To ensure broad coverage of the design space while minimizing computational cost, subsets of varying sizes with
2000, 2500, 3000, and 3500 points are selected from the full set of 8000 cases. Sampling is performed using Latin
Hypercube Sampling (LHS),?* a stratified technique known to produce more representative and space-filling sample
distributions than purely random methods. Each subset aims to maintain geometric and physical diversity across the
input space, enabling effective training of surrogate models.

Once the samples are selected, a consistent preprocessing pipeline is applied. The output variable, critical heat
flux, exhibits a highly skewed distribution across several orders of magnitude, ranging approximately from 10* to 10°.
To mitigate this imbalance and improve numerical stability during training, a logarithmic transformation is applied
to the output. Following this, all features and transformed outputs are normalized to the range [0, 1] using min—max
scaling:

X5¢ = Xrew - X;fiv: (9)
- Xraw _ graw’
max min
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Figure 4: Representative samples of the generated nose cone geometry database.

where X*¢ and X" refer to the scaled and raw data vectors respectively, and X;‘jj‘:, X denote the minimum
and maximum values computed feature-wise across the dataset.

To reduce potential distributional shifts between training and evaluation splits, the data is partitioned using the
data twinning algorithm proposed in.?* This method ensures that the validation set closely reflects the distribution of
the training set while maintaining disjoint membership. The remaining data, not selected for training or validation,
serves as an out-of-domain holdout set for evaluating extrapolation performance.

2.4 Feature Extraction Based on VAE

2.4.1 Architecture

As described in the previous section, a dataset of nose cone geometries is constructed using parametric shape functions
across several cone profiles. While these representations define valid physical contours, they exist only as pixel-level
masks and cannot be directly utilized in optimization or surrogate modeling pipelines. To enable efficient learning
and design exploration, it is essential to extract compact and informative representations that capture the geometric
variability among designs.
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Figure 5: VAE pipeline for nose cone geometry encoding.

To this end, a convolutional variational autoencoder (VAE) is employed for unsupervised feature extraction. Each
nose cone shape is rasterized into a 128x128%1 binary image representing its silhouette. Prior to training, images are
normalized to lie within [—1, 1], centered within the canvas, and proportionally scaled to maintain consistent spatial
framing.

The encoder consists of three convolutional layers with batch normalization and LeakyReL U activations, fol-
lowed by two parallel fully connected layers that predict the latent distribution parameters y and log o>. The decoder
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Table 5: VAE architecture used for image encoding (input: 128 x 128 x 1, latent dimension: 32)

Stage Layer Output dim. Kernel / stride / pad Activation
Encoder

Input - 128 x 128 x 1 - -

Conv 1 Conv2D+BN 64 x 64 x 16 3/2/1 LeakyReLU(0.2)
Conv 2 Conv2D+BN 32 x32x32 3/2/1 LeakyReLU(0.2)
Conv 3 Conv2D+BN 16 x 16 x 64 3/2/1 LeakyReLU(0.2)
Flatten - 32768 - -

FCu Linear 32 - (linear)
FClog o? Linear 32 - (linear)
Decoder

Latent Input z 32 - -

FC Linear 32768 - LeakyReLU(0.2)
Reshape - 16 X 16 x 64 - -
DeConvl  ConvT+BN 32 x32x32 3/2/1 LeakyReLU(0.2)
DeConv2  ConvT+BN 64 x64 %16 3/2/1 LeakyReLLU(0.2)
DeConv 3 ConvT 128 x 128 x 1 3/2/1 Tanh

reconstructs input geometries using a transposed convolutional stack and a final tanh activation to ensure output com-
patibility with the normalized input range. Batch Normalization helps stabilize learning, while LeakyReLLU with a
small negative slope (0.2) mitigates vanishing gradients. Sampling is performed via the reparameterization trick. The
full architecture is illustrated in Figure 5, with detailed layer specifications listed in Table 5.

2.4.2 Performance Metrics

The training objective of a VAE minimizes the negative evidence lower bound (ELBO):

N d
1 1
Lyae = —Nzlogl’a(xi lz) + 52(1 +logo} — i —0'5), (10)
i=1 =1

where py(x; | z;) denotes the decoder’s likelihood of reconstructing image x; from latent z; ~ N (u, diag(c?)).
The first term represents the reconstruction log-likelihood. In this study, it is implemented via mean squared
error (MSE) over all image pixels:

1 & .
Lree = N;nxi—x,-u% (11)

The second term corresponds to the KL divergence between the latent posterior and a unit Gaussian prior, en-
forcing regularization of the latent space. Sampling is made differentiable via the reparameterization trick:

Zz=u+0-¢ where &~ N(,I) (12)

2.4.3 Training Setup

The model is optimized using Adam with a learning rate of 10~ and L2 weight decay. A KL warm-up strategy
gradually increases 8 from 0 to 0.05 over the first 200 epochs to avoid early posterior collapse. The configuration is
summarized in Table 6.
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Table 6: VAE training hyperparameters

Parameter Symbol / Setting  Value

Optimizer Adam Ir = 1x1073

KL weight schedule L) Linear warmup to 0.05 in 200 epochs
Batch size B 8

Epochs Tmax 500

Weight decay A 1x1074

2.5 Conditional MLP for Heat Flux Prediction

2.5.1 Architecture

The prediction of the stagnation point heat flux from nose cone configurations under various flight conditions is
achieved through the training of a deep neural network (DNN) model, utilizing the latent vectors extracted by the
encoder of the Variational Autoencoder (VAE). The input to this surrogate regressor consists of a 32-dimensional latent
vector z concatenated with Mach number and altitude values, forming a (34 x 1) feature vector. The output is a scalar
representing the critical heat flux value.

The model architecture is based on a fully connected multi-layer perceptron (MLP) with non-linear activation
functions applied after each hidden layer. The forward pass through layer i of the network is defined as:

fi(x,0) = o;(Wix; + by), (13)

where x; is the input vector to layer i, W; and b; denote the learnable weights and biases, and o; is the non-linear
activation function. The final prediction is computed via function composition:

) = (fo o forr 00 f)X). (14)

The model parameters 6 = {W, b} are optimized using backpropagation by minimizing a selected loss metric:

L(x;60) = d(y.3), s5)

where d is the distance function chosen as the training loss. The framework behind the neural network for this
problem is shown in Figure 6.

Latent Vectors ﬁ

D ) (Critical Heat Flux
Mach ﬁ 33

Height ﬁ T34

Input layer Hidden layers Output layer

Figure 6: Schematic diagram of surrogate regressor for heat flux prediction based on latent geometry encoding.
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2.5.2 Performance Metrics

In this study, the accuracy of the model’s performance is assessed by comparing the actual (y) and predicted () values
for neural network. R-squared (R?), mean absolute error (MAE), mean absolute percentage error (MAPE), and mean
squared error (MSE) values are used as the performance metrics in this work.

The performance of the trained model is evaluated using standard regression metrics, including:

N 832
R2 —1- Zi;l(y; )iz) (16)
Y i = ¥)?
1 N
Lyag = N;m—m (17)
1 N
_ 52
Lyisg = N;@, D) (18)
IRNIN
LMapE = N Z f' (19)

where y; and J; are the ground truth and predicted heat flux values and N is the number of training samples.

2.5.3 Hyperparameter Optimization

Hyperparameters control the learning dynamics and representational capacity of neural networks. These include archi-
tectural choices such as the number of hidden layers and the number of neurons per layer, as well as optimization-related
parameters like learning rate and batch size. A well-defined search space is critical to ensure efficient exploration.

In this study, hyperparameter optimization is conducted using the Optuna framework,” which employs a
Bayesian optimization strategy with early stopping. The search space is defined as follows: the number of hidden
layers is sampled as a discrete integer from 1 to 5, while the number of neurons per layer is sampled as an integer in
the range [16, 256]. Learning rate is sampled from a log-uniform distribution over [1 x 10, 1 x 10~'], and batch size
is selected from a discrete set of common powers of two. Table 7 summarizes the parameter ranges considered.

Additionally, a ReduceLROnPlateau scheduler is used to lower the learning rate if the validation loss plateaus
for 250 epochs.

Table 7: Hyperparameter search space for MLP

Hyperparameter Type Search Range
Neuron count Integer [16, 256]

Number of layers Integer [1, 5]

Learning rate Log-uniform 1x10™*to 1 x 107!
Batch size Categorical  [16, 32, 64, 128, 256]

3. Results & Discussion

3.1 Model Selection and Hyperparameter Tuning Results

As aresult of a comprehensive hyperparameter search, the optimum hyperparameters for training datasets ranging from
2000 to 3500 samples are presented in Table 8, which summarizes the optimal configurations selected by Optuna.

Table 8: Optimal hyperparameters for each training—set size

Samples Hidden units # Layers Learning rate Batch size
2000 240 - 16 — 176 3 2x1073 32
2500 208 = 16 — 176 3 2x1073 16
3000 208 — 48 — 80 — 144 4 5% 1074 16
3500 240 — 48 — 144 — 144 4 9x 107 16
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As expected, larger datasets tend to benefit from deeper architectures with broader layers. For instance, the
3500-point model employs four hidden layers with up to 240 neurons, while the smaller 2000-point model converges
effectively with three narrower layers. Across all configurations, relatively low learning rates (< 107°) and smaller

batch sizes provided stable convergence and better generalization.

3.2 Performance on Test Set

Table 9 reports the performance metrics on the test sets. As the number of training samples increase, model accuracy
improves notably. The MAPE reduces from 3.52% with 2000 samples to just 1.99% with 3500 samples. This consistent
drop in error, alongside improvements in MAE, RMSE, and R?, highlights the model’s capacity to extract meaningful

representations from the VAE-encoded geometries.

Table 9: Validation set performance across dataset sizes

Design points MAPE (%) MAE RMSE R?

2000 3.524 5.276e+05 1.237e+06 0.9950
2500 3.467 4.840e+05 1.249e+06 0.9951
3000 2.470 3.260e+05 9.250e+05 0.9975
3500 1.989 2.735e+05 7.825e+05 0.9983
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Figure 7: Log10 True vs Predicted values for test data across different dataset sizes

Figure 7 shows the predicted versus ground truth heat flux values on a log scale. The alignment around the
diagonal line tightens significantly with increasing dataset size. Additionally, Figure 8 illustrates the shift in the error

distribution, showing narrower and lower-median MAPE for larger datasets.
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Figure 8: MAPE distribution across test splits

3.3 Performance on Unseen Set in Outside Points

The generalization capability of the models is further assessed by evaluating their performance on a completely unseen
dataset drawn from regions of the design space not used during training or validation. As summarized in Table 10, the
model still maintains reasonable accuracy, even in extrapolative regimes. The MAPE drops from 4.42% at 2000 points
to 2.35% at 3500 points. This smooth reduction in error indicates that the learned latent representations, combined
with flight condition inputs, generalize well across unseen geometry-condition pairs.
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Figure 9: Log10 True vs Predicted values for holdout data across different dataset sizes
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Table 10: Hold set performance across dataset sizes

Design points MAPE (%) MAE RMSE R?
2000 4.423 8.076e+05 3.079e+06 0.9736
2500 3.794 6.485e+05 2.575e+06 0.9812
3000 2.645 4.023e+05 1.821e+06 0.9905
3500 2.349 3.127e+05 1.543e+06 0.9927
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Figure 10: MAPE distribution across holdout splits

Figures 9 and 10 further support this observation, with scatter and error plots revealing tighter predictions and
lower spread as training data increases. While some degradation in RMSE is inevitable in extrapolation, the R* values
above 0.97 in all cases indicate that the model preserves the dominant data trends.

4. Conclusion

The proposed VAE-based surrogate modeling approach exhibits strong predictive performance for estimating stag-
nation point heat flux across a wide range of nose cone geometries and flight conditions. Using only 2000 training
samples, which is approximately one-fourth of the full dataset, the model achieves a MAPE of 3.52 % on the test set
and 4.42 % on the out-of-distribution test set, indicating accurate predictions even in sparse training regimes. This
reduction from 8000 to 2000 simulations also lowers the total analysis time from 28 days to just 7 days. As the number
of training points increases to 3500, the model achieves its best performance, reaching a test set MAPE of 1.99% and
an out-of-distribution MAPE of 2.35 %. The R? values also remain consistently high across all configurations, even
exceeding 0.99 in some extrapolative settings.

These results highlight the significance of combining latent representations from a variational autoencoder with
a conditional MLP in addition to the robustness and scalability of the model. The ability to maintain strong accuracy
under limited data while generalizing well to unseen geometry-condition pairs offers a compelling alternative to CFD
simulations, significantly reducing computational costs.

Future work may extend this framework to full surface heat flux distributions and explore its applicability to
more complex geometrical variations and flow conditions. Additionally, extrapolative performance and interpretability
of the models could be improved by applying physics-based constraints or hybrid loss terms. Overall, the findings
suggest an efficient path for tackling heat flux prediction challenges in hypersonic applications.

12
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