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ABSTRACT

The development of hypersonic vehicles increasingly relies on deep learning (DL) models; however, their reliability depends on
the coverage of training data. When training datasets exhibit uneven coverage of the operational domain, predictions may retain
high statistical accuracy while losing physical meaning. This study examines how a deep neural network (DNN) responds to such
uneven coverage in predicting thrust for supersonic ramjets (scramjets), whose thrust computation is based on reliable physical
models accounting for Mach number and flight altitude. Two datasets generated through computational optimization sampling
of operating conditions using these models are considered; the datasets differ in the uniformity of data coverage across operating
conditions. Holding the network architecture, loss function, and optimizer fixed, the DNN trained on the larger, non-uniform
dataset achieved lower error but exhibited thrust trends inconsistent with the envelope defined by the physical model used in the
optimization. In contrast, the DNN trained on the smaller, uniformly covered dataset yielded slightly higher error, but preserved
coherent altitude-conditioned thrust trends across the Mach-altitude domain. These results underscore that adequate coverage
is a methodological requirement for physically consistent DL models, indicating that reliable artificial intelligence-based tools in
aerospace design depend on careful dataset construction rather than architectural complexity.
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INTRODUCTION

The aerospace industry is increasingly leveraging deep learning (DL) techniques to enhance the design and performance
predictions of hypersonic air-breathing vehicles (HVs) (Ai et al. 2021; Cui et al. 2018; McCall et al. 2018; Paulino and Passaro 2023;
Wang and Ma 2024). These vehicles - capable of traveling faster than Mach 5, that is, five times the speed of sound —pose unique
challenges because of their complex aerodynamic behavior and harsh operating environments (Russo et al. 2021; Scarlatella et al.
2024; Speier et al. 2017). A depiction of an HV is shown in Fig. 1. As the demand for efficient and reliable hypersonic travel grows,
accurate predictive models become critical. Deep learning (DL) models have shown considerable promise in this area (Mao et al.
2021; Paulino and Passaro 2024; Wang and Ma 2024). By integrating domain-specific knowledge into the modeling process,
researchers can enhance both the precision and the reliability of DL-based predictions (Ren et al. 2023).
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Source: Elaborated by the authors.

Figure 1. Artistic representation of an HV.

Despite the potential of DL in aerospace applications, a major challenge arises from the difficulty of obtaining representative
high-fidelity training data with adequate coverage and sampling density across relevant design and operating spaces (e.g., Mach
and flight-condition ranges) (Brunton et al. 2021; Le Clainche et al. 2023; Mao et al. 2021). Furthermore, understanding the
underlying physics of hypersonic flight - particularly the fluid-dynamic interactions between vehicle geometry and atmospheric
conditions - is essential for developing accurate predictive models (Anderson 2003). The datasets used to train DL models must
capture these complex relationships as faithfully as possible. However, available datasets often fail to represent all critical regimes
associated with the governing physics, resulting in non-uniform coverage (including coverage gaps) across the operational
envelope, which can compromise model reliability and lead to biased predictions that deviate from physical reality (Brunton et al.
2021; Le Clainche et al. 2023; Mao et al. 2021). Many scientific publications, despite their technical rigor, neglect to specify how data
distribution is managed (Chen et al. 2024). Moreover, data uncertainties may further aggravate the problem (Paulino et al. 2020).
Models trained on such datasets may perform well under specific conditions but struggle to generalize across broader Mach-
altitude regimes (Dong et al. 2024; Ling et al. 2016; Zhang et al. 2024).

Thus, addressing data coverage and sampling density across Mach-altitude operating-condition cells is essential for developing
robust and physically consistent predictive models in aerospace engineering. The case study presented here investigates how non-
uniform coverage across Mach-altitude operating-condition cells, together with uneven sampling density, affect the performance of
deep neural networks (DNNs) - specifically, a feed-forward multilayer perceptron — used to predict the aerodynamic performance
of different compression-section configurations of a supersonic combustion ramjet (scramjet), a propulsion system widely associated
with HVs, over a defined Mach-altitude grid. Specifically, the adopted strategy generates samples through repeated, independent
metaheuristic (MH)-based optimization runs. This approach leverages the effectiveness of MHs in exploring complex search
spaces where exact optimal solutions are computationally impractical (Dogan and Olmez 2015).

The present work formulates and tests the following hypothesis: when network architecture and training protocol are held
constant, a training set derived from optimization-driven sampling may exhibit globally low error metrics despite non-uniform
coverage across Mach-altitude operating-condition cells, while degrading the physical consistency of thrust predictions in
underrepresented Mach-altitude regimes. To examine this hypothesis, this study combines two well-established components: a
feed-forward DNN architecture previously validated for scramjet compression ramps (Paulino and Passaro 2024) and the sea
turtle optimization (STO) algorithm for sample generation (Aratjo et al. 2024).
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Two datasets are constructed for comparison: Dataset 1 (236,640 samples), with non-uniform Mach-altitude coverage, uneven
sampling density, and missing operating-condition cells; and Dataset 2, which maintains uniform coverage of a predefined Mach-
altitude grid, with an equal number of samples per operating-condition cell, albeit with a lower number of 99,000 samples. Using
identical network topology, loss function, and optimizer for both datasets, this study (i) compares conventional performance
indicators such as root mean square error (RMSE) (Chai and Draxler 2014), (ii) evaluates physical plausibility through first-
principles consistency checks based on altitude-conditioned thrust envelopes, and (iii) analyzes error distributions across the
Mach-altitude envelope.

The main goal of this study is to demonstrate, in an application-driven context, the impact of uneven data coverage across
Mach-altitude operating-condition cells on DNN predictions for a physically governed problem - specifically, scramjet thrust
estimation. By isolating the distribution of input-output pairs across Mach-altitude operating-condition cells as the sole independent
variable, while keeping network architecture and training protocol fixed, this work provides quantitative evidence of how non-
uniform coverage and uneven sampling density can yield statistically accurate yet physically inconsistent predictions. The findings
offer practical guidance for researchers employing DL-based surrogate models in hypersonic aerodynamics and other simulation-

intensive, physics-governed domains.

Related work and theoretical framework

Training DNIN models under uneven sampling

Machine learning (ML) provides a general computational framework for constructing artificial intelligence (AI) systems capable
of operating in complex real-world environments (Goodfellow et al. 2016). Within ML, NNs constitute a central class of models
inspired by biological information processing and widely used for approximating nonlinear relationships in high-dimensional
problems (McCulloch and Pitts, 2021; Gond and Sengupta 2025; Paulino et al. 2019). The NNs are composed of interconnected
artificial neurons organized in layers, where each neuron applies a nonlinear activation function to its inputs and propagates the
result forward, enabling flexible function approximation (Haykin 2009; Schmidhuber 2015).

From an architectural perspective, NNs vary significantly in depth. Early network models typically employed one or a small
number of hidden layers and are commonly referred to as shallow NNs. Although such architectures are theoretically capable of
approximating arbitrary continuous functions, their practical effectiveness is often constrained by representational inefficiency,
as complex mappings may require an impractically large number of neurons per layer (Bengio 2009; Delalleau and Bengio 2011).
These limitations motivated the development of deep architectures, in which multiple layers enable hierarchical representation
learning and improved scalability.

The DL builds upon this evolution by employing models with multiple levels of nonlinear representation learning, commonly
instantiated as DNNs with several hidden layers (Goodfellow et al. 2016). These architectures include multilayer perceptrons,
convolutional and recurrent NN, as well as more recent paradigms such as transformer-based models (Vaswani ef al. 2017) and deep
reinforcement learning frameworks (Mnih et al. 2015). This hierarchical organization has been shown to improve representational
efficiency and predictive performance in complex, high-dimensional, and highly nonlinear tasks, which has driven the widespread
adoption of DL across diverse application domains (Brunton et al. 2021; Goodfellow et al. 2016; Haykin 2009; LeCun et al. 2015;
Mao et al. 2021; Schmidhuber 2015). A comparative depiction between shallow and deep NN architectures can be found in Fig. 2.

In aerospace engineering, particularly in hypersonics, DL has enabled advances in data-driven modeling. Applications range
from flight control and trajectory optimization (Bu et al. 2023; Lv et al. 2023; Shi et al. 2022; Shou et al. 2023; Wang et al. 2022) to
flowfield prediction and aerodynamic load estimation (Beachy et al. 2021; Fujio and Ogawa, 2022; Ozbenli et al. 2020). Paulino
and Passaro (2024) demonstrated that DNNs trained on large datasets generated via multi-objective optimization can approximate
scramjet aerodynamic performance, highlighting the potential of such models. However, DL also revealed fundamental limitations
related to data availability and representativeness (Mao et al. 2021; Wang and Ma 2024).

The predictive performance of DL data-driven surrogate models, including DNN-based regressors, is fundamentally conditioned
by how training samples are distributed over the input (parameter) space, since the training loss is effectively discretized through
finite sample sets in both the physical and parametric domains (Wang et al. 2024). The problem addressed in this work is not
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Figure 2. Comparison between shallow and deep NN architectures. Shallow NNs comprise one or a small number of layers
between the input and output layers, whereas deep NNs stack multiple hidden layers, enabling hierarchical feature
extraction and multi-level nonlinear representations.

class imbalance in a discrete-label setting, but uneven sampling density and non- uniform coverage in a continuous input space.
Here, the operational input space is discretized into Mach-altitude operating-condition cells, and the distribution of samples
across these cells determines the extent of coverage and sampling density.

When sampling density is uneven, some regions of the parameter space are densely characterized while others remain sparsely
sampled or entirely unobserved, leading to a loss of coverage across operating-condition cells. Although related effects have
been described in other contexts, such as temporally non-uniform sampling of time-series data (Han et al. 2025), the underlying
mechanism - the incomplete encoding of system variability due to uneven coverage - extends naturally to spatially defined
parameter spaces employed in surrogate modeling and DNN-based regression. A primary consequence of uneven coverage is the
degradation of predictive reliability in regions that are weakly represented or absent from the training data. In surrogate modeling
and design-of-experiments literature, clustered sampling is known to leave portions of the parameter space underexplored,
resulting in regions where local approximation is poorly supported (Garud et al. 2017). In particular, from a statistical learning
perspective, this corresponds to non-uniform coverage of the training distribution across Mach-altitude operating-condition cells.
Predictions in such regions rely increasingly on extrapolation, which is associated with elevated error, uncertainty, and reduced
robustness (Hu et al. 2016).

Beyond global effects, insufficient sampling density suppresses the ability of data-driven models to resolve localized, high-
frequency, or rare features of the response surface. Similar limitations have been reported in diverse fields, including geochemical
exploration (Hosseini-Dinani et al. 2019), non-uniformly sampled nuclear magnetic resonance spectroscopy (Pedersen et al. 2021),
and probabilistic risk assessment of rare events (Choi and Song 2026). Conversely, excessive local sampling density introduces
redundancy and computational inefficiency without commensurate gains in predictive performance, as over-sampling clustered
regions inflates computational cost while contributing limited new information (Yuchi et al. 2023). Taken together, both insufficient
and excessive local sampling impose intrinsic information constraints that cannot be fully mitigated by increased model complexity
alone. In high-dimensional, nonlinear, and computationally intensive problems - such as scramjet thrust estimation - these
considerations motivate the use of algorithmic solution-generation strategies that improve effective coverage while respecting

physical and operational constraints. Such strategies include MH frameworks (Doering et al. 2019; Krishna et al. 2022; Talbi 2009).
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Metaheuristics (MH]-based sampling

MHs are a widely adopted class of stochastic global optimization methods. These high-level, general-purpose iterative
methodologies are designed to guide the search for good solutions in computationally hard optimization problems (Talbi 2009).
They are commonly employed when exact methods are computationally prohibitive or fail to provide solutions within acceptable
time frames (Doering et al. 2019; Drake et al. 2020). Although MHs do not guarantee convergence to a global optimum, they
are widely used due to their ability to deliver near-optimal, high-quality solutions within reasonable computational times across
a broad range of problem domains (Houssein et al. 2024; Talbi 2009). Unlike problem-specific heuristics, MHs are conceived as
domain-independent frameworks, even though their practical implementation must be adapted to the specific problem and instance
under consideration (Doering et al. 2019; Talbi 2009). Their performance depends on balancing exploration and exploitation,
mitigating premature convergence to local optima, and effectively navigating the instance-specific structure of the optimization
landscape (Doering et al. 2019; Houssein et al. 2024; Talbi 2009).

Metaheuristics can be broadly classified into population-based methods, which evolve a set of candidate solutions, and single-
solution methods, which iteratively improve a single existing solution. An alternative classification distinguishes nature-inspired
approaches, such as genetic algorithms and particle swarm optimization (PSO), from non-nature-inspired methods, such as Tabu
search and simulated annealing (Dogan and Olmez 2015; Du and Swamy 2016; Oliveira ef al. 2020; Sérensen 2015). Additional
taxonomies and classification schemes are discussed in Houssein et al. (2024).

In population-based MHs, a set of candidate solutions is maintained and evolved over successive generations, enabling the
simultaneous exploration of multiple regions of the search space. PSO (Kennedy and Eberhart 1995), for example, guides a swarm
of particles - each representing a candidate solution - based on their individual best positions and the global best position identified
by the swarm, promoting information sharing and reducing the likelihood of premature convergence. PSO has been successfully
applied to a wide range of optimization problems, including feature selection, portfolio optimization, and hybrid optimization
frameworks (Almaiah et al. 2024; Doering et al. 2019; Talbi 2009).

Single-solution MHs, in contrast, emphasize intensification within a narrower region of the search space while still generating
sequences of candidate solutions through systematic neighborhood exploration. The vortex search algorithm (Dogan and Olmez 2015),
for instance, starts from a broad exploratory phase and progressively contracts the search region toward more promising areas,
producing samples increasingly concentrated around locally optimal solutions. The capability of some MHs to accept inferior
solutions under specific conditions further enables transitions between attraction basins and enhances exploration (Talbi 2009).

An application of MH-based optimization in hypersonic propulsion is presented by Aratjo et al. (2024), who investigated the
multi-objective optimization of HVs, specifically scramjet engines, using MH algorithms coupled with an analytical performance
model validated against computational fluid dynamics (CFD) data. The optimization problem sought to maximize thrust while
minimizing drag under strict aerodynamic and operational constraints. Unstart avoidance was enforced through a Gaussian
penalization strategy based on the Korkegi limit (Korkegi 1975) in which candidate solutions were penalized whenever the shock-
induced pressure-gradient criterion exceeded a semi-empirical threshold (Araujo et al. 2024). Three alternative formulations of
the multi-objective function were evaluated. The results supported the reliability of the analytical model for preliminary scramjet
design and indicated that the proposed optimization framework can reduce computationally intensive simulations during early-
stage development.

Building upon this prior work, the present study adopts the same STO MH employed in Aradgjo et al. (2024). Here, STO is
used as a solution-generation mechanism to construct two datasets through repeated optimization-driven exploration of the same
analytical model, under identical feasibility constraints and penalization strategies. The resulting datasets intentionally include
a broad range of outcomes, since the supervised learning task targets predictions over the full response surface rather than only
feasible optima. The Mach-altitude operating-condition cells used for dataset construction, including the definition of the Mach
and altitude grids, are detailed in the Methodology section.

The two datasets differ in how these Mach-altitude cells are populated during solution generation. Dataset 1 is constructed
by enforcing non-uniformity across operating-condition cells, resulting in deliberately non-uniform coverage across the Mach-
altitude grid. In contrast, Dataset 2 is explicitly constructed to ensure uniform coverage with equal sample counts per cell.
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Although identical MH algorithms, physical modeling assumptions, and optimization formulations are employed, the resulting

datasets correspond to independent realizations of the stochastic search process. As a result, both high- and low-performing
designs may be included. It is important to note that this construction can only enforce uniformity across Mach-altitude operating-
condition cells and does not imply uniformity across the full geometric input space.

A schematic comparison between non-uniform and uniform Mach-altitude coverage in the training distribution is presented
in Fig. 3. The left panel illustrates non-uniform coverage, characterized by variable sampling density across operating-condition
cells, including absent cells (gray dashed regions). The right panel shows uniform coverage, where all Mach-altitude operating-
condition cells are represented and populated with equal sampling density. Black dots denote individual samples. Uniformity refers
to the distribution of samples across Mach-altitude operating-condition cells rather than to the total number of samples. In this
work, coverage is understood as a global property of the distribution across Mach-altitude operating-condition cells, encompassing
both the presence or absence of cells and eventual sampling density differences among them, whereas sampling density denotes
the number of samples within a given cell. Accordingly, the present work examines how training with non-uniform Mach-altitude
coverage induced by optimization-driven solution generation affects the physical consistency and generalization behavior of DNN

predictions of scramjet aerodynamic performance across the Mach-altitude envelope.
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Figure 3. Schematic comparison of Mach-altitude coverage in the training distribution. Left: non-uniform coverage with
heterogeneous sampling density and unpopulated cells (gray dashed regions). Right: uniform coverage with equal sample
counts per cell. Black dots denote individual samples; uniformity refers to the distribution across Mach-altitude cells.

Supersonic combustion overview

The efficacy of designing HVs relies on the implementation of weight-saving, low-drag, and engine-integrated airframes
(Takashima and Lewis 1999). These airframes should be such that the outer surfaces of the vehicle act as integral components of
the propulsion system, which is the scramjet. The development must be addressed from a systems point of view, ensuring that
not only performance goals are met, but also safety, security, maintainability, operational flexibility, reliability, and sustainability
(Sziroczak and Smith 2016). Also, as a system, it must have real-time monitoring and control of its performance for it to be
safe and practical for operation (Idris et al. 2019), requiring a high degree of system integration (Long and Hanzevack 1995;
Takashima and Lewis 1999). It is worth mentioning that a cost-effective development of hypersonic vehicles demands analytical/
numerical and experimental capabilities that can accurately predict hypersonic flowfields, solving the continuity equation, the
momentum equation, the energy equation simultaneously (Bertin and Cummings 2003). As the need for accuracy in predicting
aerothermodynamic performance increases, HV designs increasingly depend on computational methods (Eyi et al. 2019).

The accurate modeling of the airframe’s aerodynamics and the combustor’s flow conditions is imperative to predict a high-speed
vehicle’s performance, especially regarding the optimization of its range, payload, trajectory, and other characteristics (O’Brien
et al. 2001). Thus, there is a necessity for design tools to provide rapid, accurate calculations of complex fluid flows (Long and

Hanzevack 1995). In general, the flight envelope involves varying freestream conditions and altitude during ascent flight, which
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implies a complex optimization problem subject to several constraints, from design and operation perspectives (Brahmachary
et al. 2022), regarding each part of the aircraft — especially the scramjet. In this work, the operational envelope is examined through
a predefined discretization of Mach number and altitude, consistent with the Mach-altitude operating-condition cells adopted in
the dataset construction and evaluation.

The scramjet, which uses atmospheric oxygen to burn the fuel in the combustion chamber, has great potential to reduce costs
related to space access (Ogawa and Boyce 2012a), offering a higher specific impulse in flight conditions above Mach 5 (Anderson 2006).
It is fundamentally divided into three main components: the inlet (external and internal compression sections), the combustor
(combustion chamber), and the outlet (internal and external expansion sections) (Heiser ef al. 1994). A depiction of each section

of the scramjet is presented in Fig. 4.

. Freestream - =0

External . L External N
Internal Internal
Compression section Combustor Expansion section

Source: Elaborated by the authors.

Figure 4. Typical scramjet sections.

The inlet encompasses the stages from Station 0 (scramjet leading-edge) up to Station 3 (combustion chamber entrance),
including the cowl leading-edge at Station 1. The inlet’s primary function is to compress atmospheric air from the freestream,
simultaneously reducing the airflow velocity and increasing its thermodynamic properties, aiming to provide adequate conditions
for spontaneous combustion of the fuel (hydrogen). In hypersonic flight, the freestream hypersonic airflow is decelerated to
supersonic speed at the entrance of the combustor (Station 3) through an adiabatic compression process. This process utilizes
oblique shock waves (external compression, Stations 0-1) and reflected shock waves (internal compression, Stations 1-3) to achieve
the necessary static temperature at Station 3 (T,) and Mach number at Station 3 (M,). For example, when burning hydrogen, the
required T, of 1071.46 K for the incoming airflow is high enough to spontaneously ignite the fuel by heating it from its injection
temperature (about 300 K) up to its auto-ignition temperature (845.15 K). Optimized inlet design relies on geometrical conditions
such as “shock on-lip” and “shock on-corner” to ensure that all incident oblique shock waves converge to the cowl leading-edge
and that the reflected shock wave converges to the combustion chamber entrance, maximizing the captured mass airflow (Aradjo
et al. 2021; Heiser et al. 1994).

The combustion chamber (Stations 3 to 4) is where the supersonic combustion takes place. Due to the high-speed flight,
the airflow velocity must remain supersonic within the combustor. T, and M,, established by the inlet, are considered the most
important conditions for scramjet design. After the fuel burns with the supersonic airflow, the high-energy combustion products
flow into the expansion section (Stations 4 to 10), which includes the cowl trailing-edge at Station 9 and the scramjet trailing-edge
at Station 10. The role of the expansion section is to expand these products to generate the necessary thrust. Obtaining a positive
net thrust (F ) is essential for accelerating the scramjet to higher hypersonic velocities.

To prevent detrimental operational issues specific to high-speed flight, such as flow blockage, the Mach number of the
combustion products at the combustor exit (M,) must remain supersonic (e.g., M, > 1.1) to avoid thermal choking. Furthermore,

managing the shock boundary layer interactions, often assessed using criteria such as the Korkegi limit (Korkegi 1975), is critical
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in the combustor area to prevent flow separation and “unstart” conditions, especially for flight Mach numbers lower than about 7

when burning hydrogen (Aratjo et al. 2021; Heiser et al. 1994).

This effect, combined with the rise in back pressure from fuel injection, limits the amount of fuel that can be added without
causing adverse pressure gradients and causing inlet instability (Anderson 2006). Thus, to improve engine efficiency, drag must
be minimized and thrust maximized by optimizing the engine configuration (Araujo et al. 2021; 2024; Geraci et al. 2019; Ogawa
and Boyce 2012b; Smart 1999). F__ is a key parameter in scramjet optimization, as it accounts for the stream thrust and the

aerodynamic forces acting on the engine/vehicle surfaces (drag). It is expressed as:
Fret = Fun — Dp —Dy (1)

where F , D - and D, denote the uninstalled thrust, the pressure drag, and the viscous drag, respectively. The uninstalled thrust
is obtained from a one-dimensional momentum balance between the inlet and nozzle exit control surfaces, including the pressure

forces acting on these surfaces (Heiser et al. 1994):
Fun = Ma(Ve = Vo) + (Pe = Po) A, if = < 1 @)

where m,_ is the captured air mass flow rate, m, is the fuel mass flow rate, and 4, is the nozzle exit area. The variables V and p
denote the flow velocity and static pressure, respectively, with subscripts e and e indicating freestream and nozzle exit conditions
(Aratjo et al. 2021; 2024). The condition rir; - th,* «1 implies that the fuel mass flow rate is small compared with the air mass flow
rate, allowing the momentum balance to be expressed in terms of h, only.

In general, the captured air mass flow rate is defined by the surface integral of mass flux across the capture plane, as seen in Eq. 3:

ma=fp(V-ﬁ)dA (3)
A

0

where A is the effective inlet capture area in the freestream, p is the local density, V is the local velocity vector, and T is the
outward unit normal to the surface. Under the assumptions of uniform freestream properties across A, and negligible spillage,

Eq. 3 reduces to the one-dimensional expression below (Eq. 4):
nia = poovooAO (4)

where p_ and V_ denote the freestream density and velocity, respectively.

Based on the U.S. Standard Atmosphere (NASA 1976), p__ decreases approximately exponentially with altitude (Fig. 5), directly
influencing the uninstalled thrust F through its effect on th_ (Eq. 4).

At a fixed altitude, the stream thrust increases nearly exponentially with Mach number (Araujo et al. 2021). Thus, an increase
in Mach number or a reduction in altitude is expected to enhance the net thrust parameter, typically exhibiting an exponential-like
behavior. As illustrated in Fig. 6, the ideal scramjet thrust per unit air capture area at an altitude of 30 km exhibits an exponential-
like growth with increasing flight Mach number. While the thrust remains modest at lower hypersonic speeds, it rises sharply
beyond Mach 7 and approaches values exceeding 35 kN-m™ near Mach 10 for a five-ramp inlet configuration. This trend emphasizes
the strong nonlinear dependence of scramjet performance on flight Mach number.

These physical relationships form the foundation of the consistency checks applied to the learned maps in this work. Across

the Mach-altitude envelope, a physically plausible surrogate must reproduce two main trends: (i) a non-decreasing F_, with
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Figure 5. Variation of the air density with altitude — U.S. Standard Atmosphere (NASA 1976).
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Figure 6. Exponential-like increase of the ideal scramjet thrust per unit air capture area with flight Mach number at 30 km
altitude, reaching values above 35 kN-m™ near Mach 10 for a vehicle inlet with five ramps.

increasing M, at fixed altitude, and (ii) an increasing F , with rising p_ (i.e., decreasing altitude) at fixed My, typically exhibiting
an exponential-like dependence. Deviations from these trends — such as inversions of the altitude effect or non-monotonic Mach
curves far from operability boundaries - indicate that a given model violates the underlying physics. Such inconsistencies can arise
when the training data exhibit non-uniform coverage and uneven sampling density across Mach-altitude operating- condition

cells, constraining the model’s ability to learn physically consistent mappings.

METHODOLOGY

To systematically assess the impact of uneven sampling on the predictive performance of DNNs, both quantitative and
qualitative analyses were performed using two different datasets generated through optimization-driven sampling. The first was
generated with enforced non-uniformity across Mach-altitude operating-condition cells (Dataset 1), while the second was explicitly

constructed to ensure uniformity (Dataset 2). The same physical modeling assumptions and optimization framework were applied
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when generating the datasets. However, they differ in the coverage and sampling density of the input-output pairs presented to the

DNN, as a consequence of how operating conditions were imposed during the solution-generation process. As explained above,
in this work, sampling density refers to the number of samples available within an observed Mach-altitude operating-condition
cell, and non-uniform coverage refers to the uneven representation of Mach-altitude cells in the dataset, including the eventual
absence of specific cells and differences in sampling density between cells. The two datasets differ not only in their coverage of
the Mach-altitude grid, but also in the specific geometric configurations they contain. Thus, Dataset 2 cannot be constructed as a
subsample of Dataset 1, because all configurations are generated stochastically within each prescribed cell. The following sections

describe the construction of the datasets. Quantitative summaries and visual analyses are included to support the discussion.

Datasets
The datasets analyzed in this study are derived from the optimization framework described in Araujo et al. (2024). The framework

generates candidate scramjet compression-section configurations by relating F._ to a set of input parameters representing both

et
operational flight conditions and geometric characteristics. The input variables, detailed in Table 1, include geometric descriptors
(such as the height of the combustion chamber and ramp shock intensities) and freestream conditions (temperature, pressure,
and Mach number). Thus, each sample corresponds to one scramjet configuration evaluated under a specific combination of
operating conditions, as defined by the imposed constraints and analytical performance model. It is important to emphasize
that the datasets intentionally contain both high- and low-performing configurations, including cases with negative F _, and/or
blockage-risk indicators (Korkegi < 1), since the supervised learning task (in particular, the DNN training) aims at approximating

the full response surface rather than only feasible optima.

Table 1. Description of input parameters.

Feature Description Role
hy Combustion chamber height Input
Yo 1st ramp shock intensity Input
» 2nd ramp shock intensity Input
¥, 3rd ramp shock intensity Input
T, Freestream temperature Input
P, Freestream pressure Input
M, Freestream Mach number Input
5o *Scramijet’s net thrust Output

Source: Elaborated by the authors. *Target feature.

Dataset 1 covers a wide range of flight conditions, with Mach numbers ranging from 6 to 10 and altitudes from 25 to 35 km.
The relationship between freestream pressure (p,) and temperature (T,) results from their dependence on flight altitude (Z).
However, Z is not directly included as an input parameter, unlike M. In practice, is imposed during dataset generation, and its
effect is encoded in the input variables (p,, T,) according to (NASA 1976). Table 2 summarizes the distribution of samples per
Mach-altitude operating condition in Dataset 1.

Dataset 2 extends the altitude interval from 25-35 km (Dataset 1) to 20-40 km (Dataset 2). A systematic Mach-altitude grid
was defined with five discrete Mach values (M, € {6, 7, 8, 9, 10}) and five discrete altitude values (Z € {20, 25, 30, 35, 40} km),
resulting in 25 operating-condition cells. For instance (M, = 7, Z = 30) is one cell. For Dataset 2, sampling was performed to ensure
complete coverage of the Mach-altitude grid, with an equal number of samples per cell, as shown in Table 3, while Dataset 1 misses
a number of cells (with a corresponding sampling density of zero). Both datasets serve as the basis for assessing the influence of
coverage and sampling density on the training and predictive performance of the DNN models.

The differences in the sample distributions between Dataset 1 and Dataset 2 across Mach-altitude operating-condition cells
are visually illustrated in Figs. 7-10. Fig. 7 shows the histogram of samples’ Mach numbers in Dataset 1, highlighting disparities in
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Table 2. Number of samples per Mach-altitude operating-condition cell - Dataset 1.

Mach - M, Altitude - Z (km) Samples Samples/Mach Total samples

6 25 19,800

6 30 19,800 59,400

6 35 19,800

7 25 19,800

7 30 19,800 39,600

8 25 19,800

8 30 19,800 58,440 236,640
8 35 18,840

9 25 19,800

9 30 19,800 59,400

9 35 19,800

10 30 19,800 19,800

Source: Elaborated by the authors.

Table 3. Number of samples per Mach-altitude operating-condition cell - Dataset 2.

Mach - M, Altitude - Z (km) Samples Samples/Mach Total samples

6 20 3,960

6 25 3,960

6 30 3,960 19,800
6 35 3,960

6 40 3,960

7 20 3,960

7 25 3,960

7 30 3,960 19,800
7 35 3,960

7 40 3,960

8 20 3,960

8 25 3,960

8 30 3,960 19,800 99,000
8 35 3,960

8 40 3,960

9 20 3,960

9 25 3,960

9 30 3,960 19,800
9 35 3,960

9 40 3,960

10 20 3,960

10 25 3,960

10 30 3,960 19,800
10 35 3,960

10 40 3,960

Source: Elaborated by the authors.
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Figure 7. Histogram of M|, values for Dataset 1, showing uneven sampling coverage across Mach numbers.
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Figure 8. Scatterplot of the normalized values of F__, as a function of M, for Dataset 1, evidencing a non-uniform behavior.

Each point indicates a sample across Mach-altitude operating-condition cells. The color-coded scale
shows atmospheric pressure (Pa).
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Figure 9. Histogram of M|, values for Dataset 2, indicating uniform sampling density across Mach numbers.
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Figure 10. Scatterplot of the normalized values of F,, as a function of M for Dataset 2. Each point indicates a sample across

Mach-altitude operating-condition cells. The color-coded scale shows atmospheric pressure (Pa).

sample frequency across the underlying Mach-altitude cells. Fig. 8 presents a scatterplot of samples’ normalized F__ as a function

net
of M, color-coded by p, with a non-uniform behavior. For Dataset 2, Fig. 9 shows the histogram of samples’ Mach numbers with
uniform bar heights, and Fig. 10 provides a scatterplot of samples’ normalized F,, as a function of Mach number, also color-coded

by p,. It should be noted that p, decreases monotonically with Z over the altitude interval considered, as shown in previous section.

Characterization of sampling coverage and datasets construction

Analyzing the previous subsection, it is clear that Dataset 1 reveals clear asymmetries across Mach number and altitude
distributions, manifested as uneven sampling density and non-uniform coverage in the Mach-altitude parameter space (if
necessary, refer to Fig. 3 for clarification). Mach numbers 6, 8, and 9 are each associated with three altitude conditions. In contrast,
Mach 7 and 10 are represented by only two and one altitude condition, respectively. The sample counts per condition also vary,
resulting in aggregate disparities — such as 59,400 samples for Mach 6 and 9, compared to only 19,800 for Mach 10 - yielding a
3:1 ratio between the most and least sampled regimes. These disparities, summarized in Table 2, are visually confirmed by the
histogram in Fig. 7, which also shows that Mach 6, 8, and 9 each contain approximately 59,000 samples, while Mach 7 and 10
are substantially underrepresented. Several Mach-altitude cells are absent, including combinations at Z = 35 km for Mach 7 and
combinations for Mach 10 outside Z = 30 km. In addition, Dataset 1 does not include operating conditions at 20 km and 40 km,
which are explicitly included in Dataset 2.

Such factors constrain the information available to train the DNN using Dataset 1. The implications for the learning process
can be stated as follows: systematic biases may arise as a consequence of uneven sampling density and non-uniform coverage,
such that models trained on Dataset 1 become disproportionately influenced by overrepresented regimes. This effect can reduce
predictive reliability in sparsely sampled conditions. Accordingly, the uncertainty of performance estimates can vary across the
Mach regimes represented in the data. Predictions for the least represented conditions (e.g., Mach 7 and 10) are more error-prone.

To provide a controlled contrast with Dataset 1, Dataset 2 was designed to achieve uniform coverage across Mach number and
altitude (i.e., across operating-condition cells). The sampling procedure involved the use of the previously defined Mach-altitude
grid described in the previous subsection (25 operating-condition cells). Each combination was populated with 3,960 samples.
This yields a total of 99,000 data points and ensures an equitable distribution of 19,800 samples per Mach number (Table 3).

For both datasets, samples were generated independently using the STO MH implemented in the LOF-SYSTEM optimization
framework (Saba 2017). This framework, which has been applied in several academic studies (Araujo et al. 2024; De Lima Filho
et al. 2022; Santana et al. 2022; Silva et al. 2021; Soares et al. 2022), provides a set of established single-solution and population-
based MH algorithms. Sampling was performed within each Mach-altitude operating-condition cell, under the same physical

modeling assumptions and constrained multi-objective formulation described in (Araujo et al. 2024). All cells in the prescribed
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grid were populated with a predefined number of samples, ensuring uniform coverage and consistent sampling density across the

discrete Mach-altitude grid for the operating conditions considered.

The uniform coverage of Dataset 2 is shown in Fig. 9, where all Mach numbers are equally represented in the histogram.
Figure 10 complements this view by showing the distribution of normalized F, , across Mach number, also color-coded by p,. The
observed trends indicate that the normalized F, , increases with Mach number and also increases as altitude decreases, consistent
with the compressible-flow behavior embedded in the analytical performance model over the operating conditions considered.
At lower altitudes, higher air density and static pressure lead to greater air mass flow rates through the inlet, enhancing overall
thrust generation. Figure 10 further reveals a strong nonlinear dependence of F _, on static pressure, particularly evident in the
highest-pressure data points.

The analysis above establishes the coverage properties used in subsequent DNN training experiments. The uniform distribution
of samples across all Mach-altitude operating-condition cells reduces potential weighting effects across operating conditions in the
evaluation of DNN generalization. It is important to note that, while Dataset 2 enforces uniform coverage across Mach-altitude
operating-condition cells by construction, it does not imply uniformity across the full geometric input space. By characterizing
both datasets and the methodology used to construct a dataset with uniform coverage across Mach-altitude operating-condition
cells, this section establishes a comprehensive framework for assessing how coverage and sampling-density properties influence

DL-based scramjet performance modeling.

Deep neural network (DNN)] training

This study adopts, without modification, the optimal DNN architecture proposed by Paulino and Passaro (2024). In that work,
the architecture was determined through a systematic process that began with simple models available in the PyTorch library
(Paszke et al. 2019). The complexity was then progressively increased by adding hidden layers and tuning the number of neurons,
until no further significant performance improvements were observed.

Here, the training procedure used the mean squared error (MSE) loss function (Goodfellow et al. 2016), Eq. 5. As for model
performance, it was evaluated using the RMSE (Chai and Draxler 2014), Eq. 6, and the coefficient of determination (R?), Eq. 7.

Both metrics are widely used in regression tasks (Ispir et al. 2023; Staerk et al. 2024). The equations are:

N
1
MSE = NZ(Ypred,i - Yref,i)z (5)

i=1

N
1 2
RMSE = NZ(Ypred,i ~ Vieti) ©
>N (y edi — Yr f‘)z
RZ _ 1 _ i=1 pred,1 rerl (7)

I (Vregi = Trer) ’

where N is the number of samples, Yored;i 18 the value predicted by the DNN for the i-th sample, y ;. is the corresponding reference
value provided by the analytical model used for dataset generation, and y, . is the mean of all reference values. Higher R? values
indicate that the model explains a larger proportion of the variance in the reference data (Brar and Singh 2024; Ispir et al. 2023).

In the present implementation, model parameters were optimized using the AdamW optimizer (Loshchilov and Hutter
2019). Training was performed on a graphics processor unit (GPU). The rectified linear unit activation function was employed, as
recommended in the literature (Goodfellow et al. 2016). A maximum of 20,000 epochs was allowed, with early stopping applied
if a minimum improvement threshold of 10 was not achieved within 200 epochs. The batch size was set to 500. A grid search
(Bergstra et al. 2012) over the discrete set {0.0002, 0.0005, 0.001, 0.002} was applied to tune the learning rate (Ir), selected for its
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simplicity and suitability for exploring a small, manually defined hyperparameter space. Training was terminated if R* exceeded
0.995. Literature reports that low loss values and high R? (typically above 90-95%) are generally regarded as indicative of good
regression performance (Fujio and Ogawa 2022; Ispir et al. 2023; Kontolati et al. 2022; Mao et al. 2021; Thuerey et al. 2020).

Architecture and mapping

In the present study, the chosen DNN architecture is shown in Fig. 11. The first layer (input) receives a matrix in which
the number of rows corresponds to the number of samples presented to the network, and the number of columns matches the
selected input parameters, which also define the number of input neurons. The last layer (output) produces a scalar prediction

of the target variable F .

Input Layer ~» RelU > RelU
A4 V¥ A4
Layer 1: Layer 4: Layer 7:
18 neurons 256 neurons 16 neurons
¥ L2 ¥
RelLU RelLU RelLU
A4 A4 ¥
Layer 2: Layer 5: Layer 8:
64 neurons 128 neurons 1 neurons
v v v
RelLU RelLU Ouput Layer
v v
Layer 3: J Layer B: J
128 neurons 64 neurons

Source: Elaborated by the authors.

Figure 11. Architecture of the DNNs used for the experiments.

Accordingly, the DNN defines a nonlinear regression mapping from the seven-dimensional input feature space to the predicted

scalar net thrust output. This mapping can be written as Eq. 8:

F net = fo(hs, ¥0,¥1,¥2, To, Po, Mo) (8)

where F o is the predicted F o Value and f, (-) denotes the DNN mapping parameterized by weights and biases &, and the input
variables are defined in Table 1. For notational simplicity, the geometric descriptors can be grouped into a geometry feature
vector, defined as x = (h;, y,, ¥}, ¥,). Additionally, the freestream quantities T,y and p, are determined by altitude Z according to
the standard-atmosphere relations (NASA 1976). Thus, the DNN mapping of Eq. 8 can be equivalently expressed as Eq. 9:

ﬁ net — fe(X' MO:Z) (9)

In the original optimization framework used for dataset generation (Araujo et al. 2024), one goal is to find, for fixed flight
conditions (M, Z), a geometry vector x™ that maximizes the net thrust predicted by the analytical performance model. This

relationship can be written as:
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* * * * * l 1 l
x" = (h3,y5,y7,y3) = argmax oo™ (x, M, Z) (10)

where F*Y"! denotes the net thrust computed by the analytical model employed in the optimization framework. The components

h3,y0,y1 and y; represent the optimal geometric parameters obtained under the imposed feasibility constraints for the specified

flight condition.

Computational implementation

The development environment for this study was based on Python, leveraging the PyTorch library (Paszke et al. 2019) to
construct, train, and evaluate the DNN models. PyTorch was selected for its intuitive debugging, computational efficiency, and
native support for GPU acceleration. Additional libraries were used to support various tasks: NumPy (Harris et al. 2020) and
Pandas (McKinney 2010) for data manipulation and numerical operations; Scikit-learn (Pedregosa et al. 2011) for statistical tools
and ML utilities; and Matplotlib (Hunter 2007) and Plotly Inc. (2015) for data visualization. A complete Python-based pipeline
was developed to preprocess the datasets, define and train NN architectures, and carry out performance evaluation under various
flight conditions. It is important to note that, as previously described, the synthetic samples used to construct the datasets were
generated separately using the STO MH implemented in the LOF-SYSTEM software (Saba 2017), outside the Python environment.

Experiments

Following the described computational implementation, the performance of DNNs in predicting F, , was evaluated using a
simplified version of the seven-fold cross-validation (7FCV) strategy (Paulino et al. 2019; 2020). Instead of considering all 42 possible
combinations of training (5 folds), validation (1 fold), and generalization (1 fold) sets among the seven partitions, this study adopts
a simplified approach, hence called “Simplified 7FCV” (S7FECV). Before partitioning, all samples were randomly shuffled to ensure
statistical independence across folds. One of the seven folds is fixed as the generalization set for all cross-validation iterations. The
remaining six folds are used to generate all combinations of five folds for training and one for validation, resulting in six iterations
(C& - ! = 6). This configuration allows for model selection and evaluation under a consistent generalization scenario while reducing

computational cost compared to the full combinatorial approach. A depiction of the S7FCV scheme is shown in Table 4.

Table 4. Cross-validation folds and data partitioning.

Iteration Fold A Fold B Fold C Fold D Fold E Fold F Fold G
1 Validation Training Training Training Training Training Generalization
2 Training Validation Training Training Training Training Generalization
3 Training Training Validation Training Training Training Generalization
4 Training Training Training Validation Training Training Generalization
5 Training Training Training Training Validation Training Generalization
6 Training Training Training Training Training Validation Generalization

Source: Elaborated by the authors.

All input features and the output F o were normalized to the range [0,1] using min-max scaling with the same normalization
parameters applied consistently across all models and evaluation scenarios. For Dataset 1, each validation fold contained 33,799
samples and each training set contained 168,995 samples (5 folds), with any remaining samples from the non-divisible total
distributed by the random partitioning procedure. Both validation and generalization folds contained 33,799 samples. For Dataset 2,
each fold contained 14,143 samples, yielding 70,715 training samples and 14,143 validation samples per iteration, with another
14,143 for generalization.

During training, each combination in the S7FCV procedure generated a distinct DNN instance, characterized by unique weight

and bias configurations. Moreover, each data split in the S7FCV was tested with four different values of the “Ir” hyperparameter,
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further expanding the total number of trained models. Among the ensemble of networks trained on Dataset 1, the model yielding the
lowest RMSE on the fixed generalization fold of the S7FCV protocol was designated Model 1. Similarly, among the ensemble trained
on Dataset 2, the model yielding the lowest RMSE under the same evaluation protocol was designated Model 2. Thus, each selected
model corresponds to the configuration that achieved the highest overall performance within its respective training dataset under

the adopted protocol. Both models are subsequently evaluated under identical flight-condition scenarios to ensure comparability.

Dense-grid evaluation

After model selection, the resulting trained networks are additionally evaluated over a dense grid of freestream operating
conditions comprising 101 Mach values (M, € [6, 10]) and 101 altitude values (Z € [20, 40]) (totaling 10,201 combinations).
In this dense-grid evaluation, the geometric input variables are held fixed to a single reference geometry vector, denoted by x
while the freestream operating conditions are varied over (M, Z), with Z encoded through the corresponding (T, p,) pairs,
enabling consistent Mach-altitude trend comparisons between the trained models. The dense grid of evaluation combination

points is depicted in Fig. 12.
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Figure 12. Dense evaluation grid consisting of 10,201 combinations (points) of freestream operating conditions (101 x 101
Mach and altitude values) used for model trend comparisons.

Physics-based thrust envelope and physics-consistency metric

The physics-based thrust envelope adopted in this work is grounded on the compressible-flow trends embedded in the
analytical scramjet performance model employed for dataset generation and optimization, as described in Araujo et al. (2024).
In that framework, the net thrust F , of a scramjet operating at a fixed altitude and Mach number is obtained from a consistent
set of analytical relations that account for inlet compression, combustion, nozzle expansion, and drag contributions, under the
feasibility constraints imposed during the optimization process.

For a fixed altitude Z, variations in M, affect the freestream conditions (e.g., density and dynamic pressure), the captured
mass flow rate, and the inlet compression strength Aradjo et al. (2021). These compressible-flow trends yield thrust responses
that are monotonic in M over the operational range considered in this study. Based on this expected behavior, a physics-based
thrust envelope Feﬂi‘,y *(My, Z) was defined for each altitude Z as a smooth reference curve reflecting the monotonic thrust response

observed in the analytical model. Consistent with these observations, the envelope satisfies Eq. 11:

phys
AR (Mo 2) |

env

dM, ’
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where [M,,

curve constructed from thousands of direct evaluations of the analytical F, , model at fixed altitude, which consistently exhibit a

i Mo, max] denotes the Mach interval considered in the analysis. In practice, FP™(M,,Z) is represented by a spline
monotonic increase of thrust with M, under the imposed physical feasibility constraints. For consistency with the DNN outputs,
the envelope is expressed in the same normalized scale adopted in the evaluation scenario. Additionally, it is important to
emphasize that F2"*(M,,Z) is not intended to represent an exact analytical solution for a specific geometry, nor a CFD-derived
reference value, although the model was validated with CFD simulations in Aradjo et al. (2024). Instead, it provides a physically
consistent baseline, derived from the analytical model under the imposed feasibility constraints, against which deviations in the
DNN-predicted thrust trends can be assessed.

Beyond conventional statistical indicators (RMSE and R?), the physics-consistency evaluation was performed by comparing
F pet trends against Fv* (Mo, 2). In this context, the analytical model constitutes the reference representation of physically admissible
thrust behavior under the imposed compressible-flow assumptions and feasibility constraints, whereas the DNN predictions are
data-driven approximations learned from sampled configurations.

Although the DNN is trained using the full input vector in Table 1, including both freestream variables and geometric
descriptors, the physics-consistency analyses in the Results and discussions section evaluate the trained models under a fixed
reference geometry, x_. Specifically, a single optimized geometry vector obtained from the optimization framework described in
Aragjo et al. (2024) was selected and held constant, while the freestream operating conditions were varied over the dense Mach-
altitude grid defined in the Dense-grid evaluation subsection. The optimized geometry was defined as x* = (h3, y5, ¥1, V3 ), with
the “*” denoting the optimality for each parameter. Thus, for each operating condition (M, Z), the trained DNNs are queried
for this fixed reference scramjet geometry, denoted by x . = x* = (h3, y5,¥1,¥3), and produce a single normalized F pet value,
using Eq. 9. The altitude-conditioned predicted thrust response is thus defined as Eq. 12:

FPl‘ed (Mo: Z) — Fpl-ed (Mo; 7 | Xref) (12)

ref net

where x_; denotes the fixed reference geometry adopted in the evaluations, and Fn‘;rfd (My, Z|Xe) is the normalized F o under

the freestream operating condition (M, Z) for that specific geometry. In this formulation, no optimization over geometric
configurations is performed, because the geometry is held constant and only (M, Z) varies. For notational clarity, when a fixed
altitude Zis considered, Fe'f,lly (M, Z) is written as Frgfd (My),and Iiﬂtys (Mo, Z) is written as FP™ (M,)- Thus, for a given fixed altitude,

env

the discrepancy between the DNN-predicted response and the physics-based envelope was defined as Eq. 13:

AF (My) = FP (Mo) — 22 (M) (13)

ref env

which quantifies the signed deviation between the DNN-predicted normalized thrust response for the fixed reference geometry

and the physics-based thrust envelope F**!(M,) at each Mach number. Thus, nonzero values of AF (M,) quantify departures from

ref

the baseline monotonic trend represented by F2™(M,). Because the comparison is performed at a fixed altitude, both F’<* (M)

and EP™S(),) are defined for the same Z and expressed in the same normalized scale. The overall magnitude of this deviation at

cnv

a fixed altitude is summarized through the absolute envelope error (Eq. 14):

MOrmax

Eubs (Z) = f |AF (MO)l aM, (14)
Mo,min
where [M,, ... M, , .| denotes the Mach interval common to both envelopes at the fixed altitude Z. In practice, €,4,(Z) is eval-

uated numerically by quadrature of the spline representation of AF(M,). By definition, €,4,(Z) accounts for deviations both
above and below the physics-based reference envelope. Thus, lower values of €_,,(Z) indicate closer agreement between the

DNN-predicted thrust trends and the baseline behavior implied by the analytical model under the imposed constraints.
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Predictions comparison

This methodological framework was designed to investigate the impact of non-uniform coverage across operating conditions
on the predictive behavior of DNN models for hypersonic aerodynamic performance prediction. To this end, two models with
identical architecture, training protocol, and hyperparameter selection were trained under different data-coverage conditions:
Model 1, trained using Dataset 1- generated through optimization-driven sampling with enforced non-uniform coverage across
Mach-altitude operating-condition cells - and Model 2, trained using Dataset 2 - explicitly constructed to ensure uniform coverage
over the Mach-altitude grid. This controlled setup allows the analysis to isolate how differences in data coverage propagate into
differences in model generalization behavior and baseline consistency, rather than reflecting architectural or optimization effects.

The results and comparative analyses of their predictive behaviors are presented and discussed next.

RESULTS AND DISCUSSIONS

The results presented in this section contrast the predictive behavior of two DNN models — Model 1 and Model 2 - trained
on datasets with distinct coverage and sampling-density properties across Mach-altitude operating-condition cells, while
sharing the same architecture and training configuration. The analysis emphasizes two complementary dimensions: (i) statistical
performance, quantified through cross-validation using the S7FCV scheme, and (ii) physical consistency, evaluated by examining
trends across the Mach-altitude envelope using the physics-based metrics defined in the Methodology section. Together, these
clarify how non-uniform coverage in the training distribution affects both numerical performance and baseline consistency of
aerodynamic predictions. As shown in the following subsections, Dataset 1, which exhibits non-uniform Mach-altitude coverage,
yields competitive global error metrics while producing thrust trends that depart from the baseline monotonic behavior implied
by the analytical model. In contrast, Dataset 2, constructed to ensure uniform coverage across Mach-altitude operating-condition

cells, preserves the expected trend behavior despite its smaller size.

Generalization performance

To assess generalization capability, the predictive performances of the selected models were compared using the statistical
metrics defined in the Methodology section. Both models achieved high predictive performance, with R* (Eq. 7) exceeding 0.99.
Model 1 exhibited a slightly lower RMSE (0.0122, according to Eq. 6) than Model 2 (0.0142), corresponding to an approximately
14% lower statistical error. This marginal advantage is expected given the larger training set size of Dataset 1, which contains
approximately 2.4 times more samples than Dataset 2. The prediction errors’ upper and lower bounds are also comparable: [-0.1603,
0.1819] for Model 1 and [-0.1760, 0.1882] for Model 2 (Figs. 13 and 14). In both cases, the distributions of ordered normalized
differences exhibit a strong concentration near 0, indicating comparable aggregate predictive accuracy on the evaluated samples.
Nevertheless, these indicators alone do not characterize whether the learned mapping preserves baseline trend behavior across
operating conditions. As shown next, Model 1’s predictions deviate from the expected monotonic thrust trends when examined
across the Mach-altitude envelope. This highlights that a sheer lower numerical error achieved in training does not guarantee
physical consistency, underscoring the importance of representative Mach-altitude coverage across operating-condition cells,

beyond dataset size.

Evaluation of aerodynamic performance across Mach-altitude operating conditions

Figures 15 and 16 illustrate the values of normalized F ,¢¢ across the Mach-altitude operating grid, as produced by Model 2
and Model 1, respectively. In these figures, each model is evaluated over 10,201 Mach-altitude combinations (see Dense-grid
evaluation subsection). Consistent with the evaluation protocol defined in the Methodology section, the geometric inputs are
held fixed to the reference geometry vector x , and only the freestream operating conditions vary over (M, Z). For each altitude
value, the corresponding freestream inputs (T, p,) were computed from the standard-atmosphere relations used in the dataset
generation process, and then provided to the DNN together with the remaining geometric parameters (Eq. 9). Thus, these thrust

maps reflect the learned DNN responses over the defined Mach-altitude envelope.
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Figure 13. Ordered normalized differences between predictions and reference values for Model 1.
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Figure 14. Ordered normalized differences between predictions and reference values for Model 2.

The analysis begins with Model 2 (Fig. 15), which was trained on Dataset 2 with uniform coverage across Mach-altitude
operating-condition cells. F ,¢; increases with Mach number and decreases with altitude over the envelope, yielding a smooth
thrust map consistent with the baseline trends embedded in the analytical performance model under the imposed feasibility
constraints. Because Dataset 2 provides uniform Mach-altitude coverage by construction, Model 2 is evaluated predominantly
under interpolation conditions in the (M,;, Z) space. Specifically, the dense grid includes intermediate (M, Z) values between the
discrete cells used during dataset construction, while remaining within the bounded Mach and altitude ranges spanned by Dataset 2.
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Figure 15. Normalized F ,,¢¢ across a dense Mach-altitude grid (101 x 101 combinations) for Model 2. Region (1) highlights
a minor local deviation at Z = 20 km for M, > 9.5.
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Figure 16. Normalized F ¢ across a dense Mach-altitude grid (101 x 101 combinations) for Model 1. Highlighted
regions (1-3) indicate physically inconsistent thrust trends.

Although Model 2 largely adheres to physical expectations, a minor deviation is observed at high Mach numbers (M|, > 9.5)
and low altitude (20 km), where the F o; curve exhibits a slight flattening (Fig. 15, region 1). This localized deviation cannot be
attributed to non-uniform Mach- altitude coverage, which is controlled in Dataset 2 by construction. It may be associated with
representational limitations of the adopted NN architecture or with the non-uniform distribution of geometric configurations
within cells, but this investigation is beyond the scope of this work.

In contrast, Model 1 (Fig. 16), trained on Dataset 1 with non-uniform Mach-altitude coverage, exhibits several trend departures.
At Mach 6, the model predicts lower thrust at lower altitudes (Fig. 16, region 1), which contradicts the baseline trend described
in the Methodology section for the analytical model under the imposed constraints. A second inconsistency appears along the
Z =20km curve (Fig. 16, region 2), which increases with Mach number at lower Mach values but then exhibits pronounced flattening
at higher Mach values, departing from the expected monotonic thrust trend at fixed altitude. Furthermore, for Mach numbers
above approximately 8.8 (Fig. 16, region 3), the predicted thrust at high altitude (40 km) displays an anomalous increase in slope

relative to adjacent regions, diverging from the more regular gradients observed for Model 2. These deviations are consistent with
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the fact that Model 1 is evaluated under both interpolation and extrapolation conditions in the Mach-altitude envelope, given the
non-uniform Mach-altitude coverage of Dataset 1. In particular, the dense-grid evaluation includes altitudes (20 km and 40 km)
that are outside the altitude interval used to generate Dataset 1, and it also probes Mach-altitude combinations corresponding to

cells that are absent in Dataset 1.

Envelope-based physics-consistency analysis
To further quantify the qualitative trends observed in Figs. 15 and 16, an envelope-based physics-consistency analysis was
performed following the methodology defined in the Methodology section. For each fixed altitude Z € {20, 25, 30, 35, 40} km, the

DNN was queried along the Mach interval using the fixed reference geometry x . This yields the altitude-conditioned predicted

response F*'(M,) defined in Eq. 12. For comparison with the physics-based reference, both F***!(M,) and EP™S(M,, Z) were

ref ref
represented as smooth spline curves over the Mach interval. The signed discrepancy between both envelopes was quantified by
Eq. 13 and summarized through the absolute envelope error €,4,(Z) (Eq. 14).
Figure 17 shows that Model 1 violates the physics-based envelope over a large portion of the Mach range at all altitudes

considered. Large regions of positive AF (M) are observed, resulting in consistently high values of £ This behavior provides

ats:
direct evidence that, despite competitive global error metrics, Model 1 fails to preserve physically admissible thrust trends when
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Figure 17. Altitude-conditioned thrust envelopes for Model 1 compared with the physics-based envelope. The shaded
regions represent AF(M,) and €.4,(2) summarizes the envelope discrepancy at each altitude.
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evaluated across the full Mach-altitude envelope. In contrast, Fig. 18 indicates that Model 2 produces predicted envelopes that
remain closely aligned with the physics-based reference across all altitudes. The resulting AF (M) values are small, and £,
remains low, confirming that uniform Mach-altitude coverage during dataset construction substantially improves the physical

consistency of DNN predictions.
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Figure 18. Same envelope-based analysis as in Fig. 17, now for Model 2. The predicted envelopes remain closely aligned
with the physics-based reference across all altitudes.

Finally, Fig. 19 provides a consolidated visual comparison of the predicted F,, values from Model 1 and Model 2 against the
corresponding physics-based envelope Feflllys (M,) for each altitude. This overlaid representation clearly indicates the unphysical

thrust trends exhibited by Model 1, manifested as envelope violations and departures from the expected monotonic increase of
thrust with M, at fixed altitude, as previously quantified through AF (M) and € 4.

Discussion on non-uniform coverage
Model 1 and Model 2 share identical neural architecture, loss function, optimizer, and training protocol. The sole distinction
between them lies in the distributions of the training data. Although conventional statistical metrics suggest similar predictive

accuracy, the envelope-based analysis reveals substantial differences in physical consistency. As discussed in the Methodology

(9O
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Figure 19. Normalized F ;¢ values from Model 1 and Model 2 as a function of M,,. Scatter points show all predicted samples

(color-coded by model), and solid curves denote the physics-based thrust envelope Fe}fky *(My, Z) for
discrete altitudes Z € {20, 25, 30, 35, 40} km obtained from analytical models splines.

section, Dataset 1 has several operating-condition cell gaps. These gaps correspond to non-uniform Mach-altitude coverage of the
training distribution, constraining the regions in which DNNs can reliably learn baseline trend behavior across operating conditions.

The results demonstrate that the consequences of uneven sampling and non-uniform coverage extend beyond minor statistical
deviations. Using identical network architectures, Model 1 achieved a lower RMSE yet produced thrust envelopes that violate first-
principles expectations, whereas Model 2 preserved physically-consistent thrust trends despite being trained on fewer samples and
showing a slightly greater statistical error. By holding the network architecture and training protocol fixed while varying only the
distribution of Mach-altitude operating-condition cells, we demonstrated that data coverage is a primary determinant of physical
consistency in DL-based aerodynamic modeling of scramjets.

These findings emphasize that, in physics-governed domains, training data do not merely populate an input space but
encode admissible trend structure implied by the modeling assumptions and feasibility constraints used to generate the
data. Ensuring adequate Mach-altitude coverage across all relevant operating-condition cells constitutes a methodological
requirement for developing DNN models that are not only numerically accurate but also physically consistent and reliable

across the operational envelope.

CONCLUSION

Juxtaposing the analytical performance model under the imposed feasibility constraints as the baseline reference, this study
demonstrated that non-uniform Mach-altitude coverage across operating-condition cells can substantially degrade the physical
consistency of DNN predictions for scramjet thrust across broad operational regimes. Although the present case study focuses
on datasets generated through optimization-driven sampling, the observed failure modes arise from fundamental properties of
the training distribution — namely coverage and sampling density — and are expected to occur whenever these properties are not
adequately controlled. While statistical metrics may look promising, the absence of adequate Mach-altitude coverage undermines
the reliability of learned mappings when evaluated across operating conditions. By comparing two datasets, the results showed that
uneven sampling density and non-uniform Mach-altitude coverage may yield statistically competitive models while producing
physically inconsistent thrust trends across operating conditions. Although Dataset 1 contained 2.4 times more training samples
than Dataset 2, Model 1 failed to preserve physical consistency across the Mach-altitude envelope, whereas Model 2 maintained
thrust trends aligned with the physics-based thrust envelope adopted in this work.
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Evidence indicates that Model 1 tended to produce physically inconsistent aerodynamic predictions, such as reduced net
thrust at lower altitudes or non-monotonic thrust trends contradicting the monotonic compressible-flow response embedded in
the analytical performance model. These inconsistencies indicate that the model response was influenced by artifacts associated
with uneven sampling density and non-uniform Mach-altitude coverage across operating-condition cells, leading to physically
implausible outputs. Within the scope of this study, the results further indicate that statistical performance alone is insufficient
to certify physical plausibility. Taken together, the statistical results and the envelope-based physics-consistency analyses support
the formulated hypothesis.

Strengthening DL applications in physics-governed domains, such as hypersonic aerodynamics, requires addressing
gaps in Mach-altitude coverage and sampling density throughout the Mach-altitude operating envelope. Beyond the specific
optimization-driven sampling strategy examined here, any data-generation process that fails to ensure adequate representation
of relevant operating regimes may induce similar failure modes. Accordingly, rigorous data engineering practices that
explicitly control sampling coverage are essential for developing DNN surrogates that are not only statistically accurate but
also physically reliable. Thus, well-characterized training distributions contribute to credibility in AI-assisted aerodynamic
modeling workflows.

Upcoming studies could extend the investigation beyond the current dataset-construction strategy to examine potential
deficiencies in coverage within the partitions generated by the S7FCV scheme. Although S7FCV provides a robust framework for
model evaluation and selection, random partitioning may still induce fold-specific asymmetries in the representation of Mach-
altitude operating-condition cells, thereby affecting performance estimates. Additionally, exploring alternative sampling and data-
generation strategies is warranted, aiming at performance comparisons. Variations in network architecture - such as activation
functions, layer depth, and neuron count - also merit investigation as potential avenues for improvement.

Strategies for modeling the nonlinear and complex behavior of scramjet systems may benefit from more intricate architectures,
such as transformer-based/self-attention networks (Niu et al. 2021), Kolmogorov- Arnold networks (Park et al. 2025), or interpolating
NN (Liu et al. 2025). Moreover, Al methodologies should extend beyond compression ramp analysis to encompass broader aspects
of hypersonic vehicle design, such as combustion chamber efficiency, internal geometry, and airframe integration. Ultimately,
data engineering that ensures adequate coverage across operating-condition cells should serve as a cornerstone of responsible
physics-informed AI deployment in aerospace research, ensuring that future models remain not only computationally effective

but also grounded in the physical representativeness that underpins scientific reliability.
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