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ARTICLE INFO ABSTRACT

Keywords: Aireraft design relies on accurate aerodynamic predictions. High-fidelity (HF) methods, such as computational
Surrogate modeling fluid dynamics (CFD), provide accurate predictions of aerodynamic loads but are computationally expensive
Aerodynamic design for early-stage design. Conversely, low-fidelity (LF) methods, such as the vortex lattice method (VLM), offer

Multi-fidelity analysis

Vortex lattice method
Computational fluid dynamics
Deep learning

rapid solutions with low computational cost but struggle to capture complex flow phenomena, thereby limiting
their predictive accuracy. The conceptual design process thus presents a fidelity-cost trade-off, requiring a
balance between HF and LF data in early design phases. This study proposes a multi-fidelity conceptual
design analysis workflow that integrates a Graph Neural Network (GNN)-based physics-informed lightweight
trainable surrogate model, Multi-Fidelity VortexNet (MF-VortexNet), into the VLM solver to augment the
analysis fidelity of LF tools. The surrogate model learns corrections to LF panel-wise pressure field data using
data-driven insights from HF CFD simulations, thus allowing accurate and efficient aerodynamic analyses
on arbitrary quantities of interest. When the proposed workflow is used for performance assessment of
various Delta wing geometries under low speed and high angle of attack, the surrogate model demonstrates
strong prediction accuracy and generalizability across geometries and free-stream conditions, and it effectively
captures the nonlinear flow features under geometric variations. Compared to using VLM alone, the multi-
fidelity analysis workflow achieves a fivefold reduction in the normalized root mean square error for the
predicted aerodynamic coefficients. A prediction mechanism explanation, leveraging the latent space ablation
technique, is conducted to rationalize the model’s predictive capabilities and provide guidance for future
improvements in VortexNet-like surrogate modeling. These results indicate that the proposed multi-fidelity
workflow has the potential to serve as a valuable tool for design fidelity improvement in conceptual design.

1. Introduction During this phase, geometry assets required for CFD analyses are often
not available. Engineers and researchers frequently utilize low-fidelity
Aircraft design involves computational modeling to predict and (LF) methods, subject matter expert knowledge, and historical data to

optimize vehicle aerodynamic performance. Accurate simulation can explore the design space and draft an initial design [3,4]. As the aircraft
be accomplished using high-fidelity (HF) computational fluid dynam- configuration matures, candidate designs are assessed and revised with
ics (CFD) codes to solve the Navier-Stokes equations, a set of cou- higher fidelity computational and experimental methods, including

pled nonlinear partial differential equations (PDEs), which govern vis-
cous, compressible flow. Despite significant progress in CFD and high-
performance computing hardware, CFD remains expensive not only due
to its substantial computational cost, but also because of the intensive
workflow associated with geometry preparation, mesh generation, and
post-processing [1,2]. Such costs accumulate significantly in many-
query applications, such as design optimization, where a large number
of flow-field evaluations across a wide range of flight conditions and
vehicle configurations are required. Consequently, exclusive reliance on
CFD during the conceptual aircraft design phase becomes prohibitive.

CFD and wind tunnel testing. This process carries the risk that inac-
curacies introduced by lower fidelity tools will result in a non-optimal
configuration, requiring significant revision in later stages and ad-
versely impacting development cost and schedule. Improved accuracy
in conceptual-level design tools has the potential to improve prediction
quality and confidence in configuration performance and also motivates
the introduction of HF design tools earlier in the design cycle. However,
the computational expense of applying HF methods across the joint
design-mission space remains prohibitive. Consequently, strategies are
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needed to augment LF predictions with HF-informed accuracy while
maintaining evaluation efficiency.

1.1. Motivation

Recent interest in multidisciplinary design optimization (MDO) [5,
6] calls for a more closely integrated design-assessment cycle for air-
craft development, and many conceptual design code suites have been
developed to address this need, such as SUAVE [7,8]. These software
tools provide aircraft design analysis and optimization frameworks that
incorporate hierarchical multi-fidelity (MF) analyses across multiple
disciplines to explore the design space and evaluate the resultant
vehicle performance, including but not limited to flight dynamics,
efficiency, structural dynamics, and handling qualities. Although HF
data sources, including experimental results, can be included in this
framework, conceptual design primarily relies on engineering-level
models that use low- to high-fidelity simulations to approximate the
true physical system for performance assessment. It must be understood
that all models, including high-fidelity ones, include certain modeling
assumptions and are therefore only approximations of the true physical
phenomena. As such, epistemic errors arising from modeling assump-
tions propagate into the design cycle and may bias the conceptual
design. To enable rapid design iteration, lower-fidelity tools with lower
assessment costs are preferred during the conceptual design phase.
At the lowest fidelity, pressure distribution and force and moment
coefficients for subsonic and transonic aircraft are typically computed
using a vortex lattice method (VLM) code [9-12] due to its relative
simplicity in analysis setup and reduced computational cost [13]. The
VLM models the pressure distribution on the aircraft based on potential
flow theory, neglecting compressibility, viscous effects, and certain
geometry aspects such as wing thickness.

Despite the relative popularity of the VLM, its underlying assump-
tions make it incapable of modeling certain physical phenomena and
conceptual design use cases. For example, the conceptual design of
Delta wing platforms at low-speed, incentivized by renewed interest in
supersonic transport (SST) development [14], requires the accurate pre-
diction of aerodynamic coefficients and pressure distribution to impose
low-speed control and stability constraints [15,16]. During landing,
SST vehicles encounter a free-stream at low speed and high angle
of attack (AOA), resulting in complex, nonlinear flow physics around
the Delta wing planform, such as vortex lift, vortex-boundary layer
interactions, and flow separation [17]. Unfortunately, VLM prediction
of aerodynamic coefficients and pressure distribution under such flow
conditions is largely inaccurate because these nonlinear effects are not
captured by the potential flow model. An option to improve VLM pre-
diction accuracy is to incorporate theoretical or semi-empirical models,
such as the Polhamus correction [18], into VLM solvers. However, this
approach has drawbacks regarding accuracy and platform applicability:
correction parameters need to be tuned for specific wing configurations
and flow mechanisms to produce accurate predictions [19,20]. When
a large design space is explored in a conceptual design task, validating
the correction parameters themselves across the design space can be a
cumbersome task.

Thus, to accurately evaluate the low-speed characteristics of Delta
wing-based configurations using computational modeling, higher fi-
delity methods such as CFD need to be used. Methods such as detached-
eddy simulation (DES) have demonstrated the ability to accurately
model the vortical flow field and predict the location of vortex break-
down [21], thereby leading to accurate pressure distribution and sta-
bility estimation. Reynolds-averaged Navier-Stokes (RANS)-based CFD
methods are also widely used [22-24]. The fidelity and computational
cost of RANS lie between DES and VLM. Seraj and Martins demon-
strated that RANS achieves satisfactory accuracy in the prediction of
aerodynamic coefficients, including the pitching moment coefficient
(Cy), for Delta wings at moderate AOAs during takeoff and land-
ing [15]. However, embedding a CFD solver within the aerodynamic

shape optimization (ASO) loop is computationally prohibitive, particu-
larly during the conceptual design phase when high-fidelity geometries
are not yet available and the configuration varies substantially across
the design space.

The aforementioned fidelity-cost trade-off exists ubiquitously in
every ASO problem. To reduce the evaluation cost in an optimization
loop, rather than adding additional correction terms to LF models,
surrogate modeling techniques are often used, such that the surro-
gate model approximates the behavior of HF CFD using a simplified
mathematical model. When MF computational data are avilable, higher
fidelity data can be used to calibrate lower fidelity methods’ predic-
tions, thereby achieving improved analysis fidelity while preserving the
low evaluation cost of LF tools. Such frameworks are attractive because
they are extensible to different problems with accuracy comparable to
the highest fidelity analysis tool, given sufficient samples and training,
thereby allowing faster evaluations, and they can be used as a drop-in
enhancement of the current MDO workflow.

1.2. Background

One common surrogate modeling approach is to learn corrections
to scalar-valued aerodynamic force and moment coefficients through
Bayesian frameworks, such as through MF Gaussian Processes Regres-
sion (GPR), to synthesize multiple data sources [25]. Mukhopadhaya
et al. demonstrated such an approach by generating multi-fidelity
probabilistic aerodynamic databases for commercial aircraft simula-
tion, using data from VLM evaluations, RANS CFD simulations, and
wind tunnel experiments [26]. SUAVE has a built-in module to ac-
commodate MF data sources and build surrogate models for design
optimization purposes, demonstrating a good balance between compu-
tational efficiency and accuracy [8]. However, standard GPR is limited
to scalar-valued quantities of interest (QOIs), making it challenging
to apply to high-dimensional data like surface or volume fields. In
many applications, accurate prediction of field data is necessary to
resolve location-dependent phenomena, such as turbulent transition
and flow separation, to enable the evaluation of arbitrary QOlIs that are
not prescribed a priori, and to support coupling among solvers across
disciplines. The ability of the surrogate to produce field data predictions
also aids in the interpretability of results, improving understanding of
and confidence in the predictions.

Popular techniques for surrogate modeling of aerodynamic field
data frequently utilize proper orthogonal decomposition (POD) [27].
By decomposing the flow-field into a set of spatial modes, POD permits
a parameterized model of field variables based on the linear combi-
nation of a truncated set of basis vectors. Using regression to predict
modal amplitudes as a function of input parameters enables a method
for non-intrusive field surrogate modeling [28-30]. POD-kriging is a
popular technique where POD coefficient amplitudes are predicted
using kriging for modal regression, and has been previously applied
to design applications, including the aerodynamic analysis of auto-
mobile configurations [28]. In that work, Mrosek et al. demonstrate
the application of POD-kriging to the analysis of varying geometries
utilizing a single fidelity of aerodynamic data. Recent approaches have
also sought to integrate POD surrogate modeling approaches into multi-
fidelity frameworks, including through the use of manifold alignment
to combine data from different sources [31].

The linear projection approach of POD can have limited accuracy
when modeling complex and nonlinear features with a limited number
of modes, motivating exploration of nonlinear dimensionality reduction
methods [32]. Such techniques, coupled with regression, have been
explored for both single and multi-fidelity data sources [33,34]. Signifi-
cant flexibility can be obtained for field representation by utilizing DNN
architectures, which can combine the dimensionality reduction and
regression functions into a single model with the ability to represent
arbitrarily complex and nonlinear field quantities. In Shen et al., the
ability to effectively learn the discrepancy between LF Euler and HF
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RANS flow fields using a DNN architecture for a fixed geometry is
demonstrated [2]. However, their use in design applications remains
challenging because the surrogate must generalize across changing
geometries. In this work, we examine the extension of multi-fidelity
DNN architectures for design applications.

To adequately extend VLM predictions for the case of interest,
analysis and optimization of Delta wing configurations at high AOAs,
both a field prediction capability and strong geometric generalizability
are required. To overcome limitations of existing methods, we explore
approaches involving a lattice-wise vortex induced pressure modifica-
tion based on CFD results. Instead of relying on semi-empirical models,
we propose using a graph neural network (GNN) to learn a mapping
that calibrates LF predictions using HF CFD results. Recent studies show
that GNNs have strong potential for this type of mapping, offering
superior performance compared to traditional methods [35-41]. Due
to their graph nature, GNNs are highly effective at integrating and
learning mappings between different fidelity data sources, including
field data sampled at different spatial locations [36,42,43]. Addition-
ally, complex geometries and physical constraints can be efficiently
represented by a graph, even with underlying geometric variations,
and thus GNNs demonstrate superior generalizability for geometry
changes, data scalability, and efficiency [36,37]. These characteristics
will be critical for MDO applications as the vehicle configuration, mesh
discretization, free-stream conditions, and the QOIs may change during
the design-assessment cycle.

1.3. Overview

Motivated by these research advancements, this study aims to en-
hance the accuracy of the VLM in conceptual aircraft design by propos-
ing a GNN-based mapping function to correct the induced pressure
difference predicted by the LF solver using HF CFD data. To show-
case the workflow’s significance in improving design fidelity for cases
that VLM under-performs, as discussed in Section 1.1, the proposed
workflow is tested with a benchmark case of a Delta wing at various
AOAs. While parts of the results have been presented in previous
conference proceedings [44,45], this paper revisits, consolidates, and
expands upon those findings, providing a cohesive and comprehensive
discussion of the workflow.

The paper is organized as follows. In Section 2, an overview of
the MF analysis tools to generate the training dataset is given, along
with the GNN architecture and training procedure. Section 3 discusses
the dataset used to train and validate the surrogate model. Section 4
presents network prediction quality for aerodynamic loading across a
range of vehicle geometries. A study of how input graph features are
propagated through latent layers is conducted to better understand the
relationship between network architecture and prediction quality. The
paper concludes with an overview of results and directions for future
work.

2. Methodology

To construct the proposed GNN-based MF surrogate model, pressure
distribution data are used from two models of different fidelity. LF data
are generated using the panel-wise pressure distribution computed by
a VLM solver in the SUAVE [7,8] software package. For the HF data,
we use the surface pressure coefficients computed by the SU2 CFD
solver [46]. A brief summary of the physical and numerical models
for each method is presented in Section 2.1 for VLM and Section 2.2
for CFD. The proposed multi-fidelity analysis framework integrated
into SUAVE is presented in Section 2.3. Finally, the GNN surrogate
model’s network architecture and the associated training procedure are
described in Section 2.4.

2.1. Low-fidelity solver: Vortex lattice method

The VLM solver used in SUAVE is based on VORLAX [11]. It models
compressibility-corrected, inviscid, attached flows for both subsonic
and supersonic conditions by using a panel method that represents the
base geometry with infinitesimally thin, cambered or uncambered pan-
els [47]. Each panel consists of a horseshoe vortex with trailing vortices
extending to infinity and a bound vortex at the quarter-chord location.
The control point [x,, y,, z.] is located at the three-quarter-chord point
of each panel. The VORLAX implementation of VLM differs from typical
textbook VLM [48] as multiple application-specific correction terms are
introduced. To assist the discussion in later sections, we include a short
summary of VLM. One should refer to Miranda’s original manuscript for
the exact algorithm used in VORLAX [11].

According to the Biot-Savart Law, the induced velocity from a
vortex filament can be described as:

_ I, fdlxr ’ o

) e

where I, is the vortex filament strength, dl is an infinitesimal segment
of the vortex filament, r is a vector pointing from the vortex filament
to a point in space, r is the length of that vector, and ¢ is the length
of the vortex filament. For a horseshoe vortex with known endpoints A
and B in space, the induced velocity vector v at any point C in space
can be expressed as:

Vg = I, ( Ty ( oy Tl )) , o)
4 \ |ry X1 \ Irgry|  Irory]

where ry is the vector from point A to B, r, is the vector from point 4 to
C, and r, is the vector from point B to C. In Eq. (2), all vectors can be
computed if the control point and vortex filament locations are known,
thereby establishing a function between I, and v. In a system with
multiple vortex filaments, the resultant induced velocity at any point
in space is the linear superposition of all vortex filament contributions.
For a system with N horseshoe vortices (panels), at the control point
m, the induced velocity is then

N
Vi = Z Cm,n ‘rrr’ 3
n=1

where C,, , is the influence matrix computed from Eq. (2).

Applying the tangency boundary condition n-v = 0, where n denotes
the local unit normal vector, on both the body surface and the wake
uniquely defines the system. These boundary conditions, together with
the spatial correlations, can be conveniently summarized into a right-
hand side vector (RH S), resulting in the final linear system for I', the
vector all vortex strengths at all filaments, as follows:

AICT = RHS, (4

where AIC is the aerodynamic influence coefficient matrix represent-
ing the induced velocity contributions from each vortex filament to
each panel’s control points, and RH S represents the free-stream flow
contributions to the boundary conditions. The linear system can thus
be solved for individual lattice vortex strengths.

Once the vortex filament strengths are solved, the pressure coeffi-
cient distribution is computed by

C,= —q%(Umu + V. v), (5)
where U, and V_, are the x and y components of the free-stream
velocity vector of magnitude g, and « and v are the induced velocity
components. C, is the field pressure coefficient (C, = (P - P,)/q,)- In
our study, an infinitesimally thin panel is used such that the pressure
difference between the lower and upper wing surfaces, AC,, is the C,
computed from the previous equation.

Finally, AC, is converted to forces and moments as follows: For each
panel, the local loading coefficient is computed by multiplying AC, by
the panel area factor. The loading is then decomposed into normal and
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axial force components, where the axial component is further corrected
using a leading-edge thrust correction [49]. If the Polhamus suction
correction is active [18], this leading-edge thrust is rotated by 90° to
be normal to the leading-edge panel chord. The forces are then rotated
from the local chord coordinate system to the body axes using the chord
incidence and dihedral angles. The dimensional forces and moments
for the vehicle are obtained by integrating the panel strip areas from
the leading edge to the trailing edge and applying angle-of-attack and
sideslip angle transformations.

2.2. High-fidelity solver: Reynolds-averaged Navier-Stokes

SU2 is a software suite for solving PDEs and PDE-constrained op-
timization problems on unstructured numerical grids [46,50,51]. To
simulate compressible flows, SU2 solves the Navier-Stokes equations
expressed in differential form as

dUu

RU) =5+ V- Fe(U) -V - FY(U,VU) = 0. 6)
The vector of conserved variables, U, can be expressed as

U = [p,p0, pE]", @
where p is the fluid density, & = [u,v,w]" is the flow speed in a

Cartesian system of reference, and E is the total energy per unit mass.
The convective and viscous fluxes are given by

po
Fe=| po@0+1Ip (8)
| pE0+ps0 |
and
F'= T (&)
| T-0+&VT |

respectively, where p is the static pressure, 7 is the viscous stress
tensor, T is the temperature, « is the thermal conductivity, and u is the
viscosity. The viscous stress tensor can be expressed in vector notation
as

1='=_u{V17+VET)—,u§I=(VvE). (10)

For a perfect gas with gas constant R and constant specific heat
ratio y, the ideal gas equation of state can be used to determine the
pressure and temperature as p=(y — 1)p[E —0.5(5- 0)] and T = p/(pR),
respectively. Laminar viscosity, u, is calculated using Sutherland’s law
and thermal conductivity can be computed as ¥ = uc,/Pr, where c,
is the specific heat capacity at constant pressure and Pr is the Prandtl
number, fixed at 0.72. Steady, turbulent flows can be simulated in SU2
by solving the RANS equations. In accordance with the Boussinesq
hypothesis, the effective viscosity can be computed as the sum of the
laminar viscosity (u,) and the turbulent viscosity () as

H= g+t an

where the prediction of u, is dependent on the particular choice of
turbulence model used.

In this work, the one-equation Spalart-Allmaras turbulence model
with rotation correction is used to solve for the value of the turbulent
viscosity [23,52]. The turbulence model is selected to achieve a balance
between computational cost and adequate vortex effects quantification
accuracy, as discussed in a previous study by Seraj and Martins [53]. All
simulations employ the Jameson-Schmidt-Turkel scheme for convec-
tive discretization [54] and implicit time integration with an adaptive
Courant-Friedrichs-Lewy number to converge the steady-state solution.
The vehicle boundary condition is specified by a no-slip, adiabatic wall,
and a characteristic-based free-stream is used for the far-field boundary.
A Cauchy convergence criterion is used, such that the solver stops when
the change in C}, for the wing over the previous 100 iterations becomes
less than 1 x 1074,

2.3. Multi-fidelity workflow

The aforementioned HF and LF analyses are integrated in a multi-
fidelity workflow, as illustrated in Fig. 1. In this chart, intermediate
stages of data are presented in rounded boxes. Two types of data exist:
data obtained in the online phase for MDO, that is, data obtained within
the SUAVE environment, are colored in light gold, and data obtained
in the offline phase, that is, the data generated for surrogate model
training, are colored in light blue. Arrows connecting blocks represent
the workflow steps, and annotations beside the arrows indicate the
relevant tools that are used for each step.

The workflow starts with defining vehicle geometry and analysis
settings. The vehicle is defined through existing SUAVE geometry
classes, and is then analyzed using the Vortex_Lattice aerody-
namics analysis module in SUAVE. Analysis parameters, such as lattice
panel shape parameters including the number of panels in the chord-
wise and span-wise directions and the Polhamus suction analogy flag,
are also defined. In the current study, we use 30 panels in both the
chord-wise and span-wise directions. The span-wise panel spacing uses
a cosine spacing, while the chord-wise panel spacing uses even spacing.
The Polhamus suction analogy is active for leading-edge panels.

Once the vehicle geometry and analyses setup is completed, the
workflow diverges into two branches. In the online phase, a VLM
analysis is carried out to obtain ACH and lattice panel geometry using
algorithms defined in Section 2.1. Beyond standard SUAVE VLM output
fields, the AIC matrix and RH S vectors in Eq. (4) are also recorded for
surrogate model training [44]. In the offline phase, the SUAVE vehicle
is exported to an OpenVSP [55] vehicle using SUAVE’s OpenVSP
application programming interface (API) for geometry export. Creating
an OpenVSP geometry allows a user to create surface and volume
meshes in a meshing software of one’s choice. In the current study,
we selected Pointwise to create CFD surface and volume meshes.
Pointwise is selected due to the authors’ familiarity with the soft-
ware and its capability for scripting and generating high-quality RANS
meshes using its T-Rex anisotropic boundary layer mesh capability.
For all geometries in this study, a Pointwise script is used to control
the mesh properties, including average nodal spacing, growth rate, and
T-Rex growth parameters, to maintain a relatively consistent mesh
across geometries.

Following its creation, the Pointwise volume mesh is exported in
SU2 format for CFD computation. Details of the SU2 CFD configuration
can be found in Section 2.2. Once the CFD computation converges, a
surface projection as described in Section 3.2 is used to project the
surface pressure C, onto the lattice panels to obtain the HF pressure
difference ACEF. This AC?F serves as the reference HF data for training
the surrogate model. The offline phase concludes with surrogate model
training, where a dataset generated from various geometries and flow
conditions, as described in Section 2.4, is provided as input. Once
training is complete, the surrogate model is ready to be used in online
assessment.

In online assessment, for example, when one needs to evaluate the
aerodynamics of new geometries or under new flow conditions, the
vehicle definitions and analyses setup follows the same process as pre-
viously discussed in this section. However, in the Vortex_Lattice
setting, one can choose whether a surrogate model should be used
to augment the VLM AC};F , as marked by a diamond-shaped decision
point in the block diagram in Fig. 1. If a surrogate model is used,
it takes in AC};F and generates dC_ErEd to replace the original ACLY.
Such replacement does not affect the existing functionalities in SUAVE’s
Vortex_Lattice, and thus all aerodynamic coefficients that are
already defined in SUAVE can be evaluated. This also means that the
existing design optimization methods defined in SUAVE can be used.
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Fig. 1. Block diagram of the augmented aerodynamic coefficients estimation workflow integrated into the SUAVE environment. Each block represents an
intermediate stage in the design workflow, with “online” stages colored gold and “offline” stages colored blue.

2.4. Surrogate modeling

A MF surrogate model is used to establish a mapping function, F,
between the LF field variables ¢* into their HF counter part g//¥. In
general, such a mapping can be expressed as

' ~F (", wp), 12)

where @, represents the weights and biases of the network under a
specific loss function L. In general, ¢ may denote an arbitrary physical
field, including surface quantities (e.g., pressure or skin-friction) or
volumetric variables (e.g., velocity). In this study, we focus specifically
on the pressure field over a reference plane. Such a mapping can be
defined if the LF field variables ¢*¥ exhibit an injective correspondence
with the HF field variables ¢''¥, a hypothesis that has not been tested
in this study. To construct such a surrogate model, a GNN-based U-net-
like ML autoencoder is used. The network architecture and the training
pipeline are presented in detail in the following sections.

2.4.1. Machine learning architecture

A graph G = (V,E) consists of a node set ¥V = {1,...,N} with
cardinality N and an edge set E connecting pairs of nodes i,j € V. A
GNN is thus a model that performs machine learning on graphs to incor-
porate information about the structure of the graph to understand the
relationship among nodes and edges [56]. This capability is classified
into three prediction tasks: node, edge, and graph predictions. The node
prediction capability is of particular interest to the authors, as this type
of prediction uses graph information to generate predictions on nodal
values through message passing rounds. In each message passing round,
each node updates its nodal embedding using information aggregated
from its neighbors’ embeddings. This type of prediction integrates well
with mesh-based simulations, such as VLM or RANS solvers used in
this study, as the data structure of the simulation results can be easily
represented by a graph G [57-59].

Recently, multiple studies have leveraged GNN architectures to
predict physical fields, including across varying fidelities. Pfaff et al.
proposed MeshGraphNets, which use message-passing mechanisms
to learn mesh-based simulations on irregular and time-evolving com-
putational grids with noticeable efficiency and accuracy for both static
and dynamic systems [38]. This feature is desirable for the surrogate
modeling task in this paper, as the surrogate model must not be
sensitive to spatial discretization changes, such as mesh morphing
introduced by geometry variation in the MDO cycle. Shao et al. pro-
posed an auto-encoder GNN surrogate called PIGNN-CFD for rapid
prediction of urban wind fields based on irregular unstructured mesh
data from CFD simulations [39]. In their work, they added the Reynolds
stress tensor residual to the loss function, thereby implicitly build-
ing physical constraints into the surrogate model. When applied to
multi-scale and multi-fidelity applications, U-net [42] types of archi-
tectures are commonly used. Deshpande et al. Yang et al. and Wei and

Nikolaos demonstrated the effectiveness of U-net type GNNs in phys-
ical simulations, particularly in the domains of finite element method
(FEM)-based structural simulations and smooth particle hydrodynamics
(SPH)-based fluid simulations [40,43,60]. Their work highlighted the
superior performance of graph U-Nets in multi-scale representation
learning, accommodating unstructured mesh data, modeling long-range
interactions, and being mesh topology-agnostic. Finally, Liu et al. [41]
used a graph attention network-based [61] surrogate for fluid simula-
tions and found that the attention mechanism helps to describe physical
relationships among graph nodes [41].

The multi-fidelity VortexNet model (MF-VortexNet), hereafter
VortexNet, proposed in this paper, has an architecture inspired by
the aforementioned works. Specifically, it utilizes a multi-head mes-
sage aggregation and passing layer using Graph Attention Network v2
(GATv2) [62] and incorporates U-net-type skip connections between
encoders and decoders [42]. The use of multi-head attention enables
the network to attend to richer feature subspaces by concurrently
building multiple regression models between a given node and its
neighbors, thereby enhancing its feature-capturing capability. Addition-
ally, as the network may require multiple layers of message aggregation
and passing, U-net type skip connections are employed to short-circuit
deep encoders, improving the network’s efficiency in capturing low-
frequency features. Overall, the network is designed to handle graph
sizes typically used in VLM simulations, which contain hundreds to
thousands of nodes. It aims to capture nonlinear flow patterns in RANS
simulations and augment VLM results, providing a tool to increase
design fidelity during the conceptual design phase.

Fig. 2 provides a high-level schematic of the proposed VortexNet
network. In this figure, the computational graph before and after each
major block is shown in black boxes. The graph consists of four nodes
arranged in a Delta wing layout, and the five black solid lines connect-
ing them represent the graph edges. The authors want to emphasize
that the edges and nodes shown here are just for illustration purposes
and do not represent the actual graph topology of the input data. The
purple vectors (represented by purple boxes) beside each node are the
corresponding node feature arrays, and the yellow vectors (represented
by yellow boxes) beside each edge are the edge feature arrays. Specific
details regarding the node and edge features are presented later in
Table 2. As the graph passes through the network, the node feature
array and edge feature array may change size, which is indicated by the
lengthening or shortening of the boxes representing the arrays. Hence,
each individual graph in the boxes represents a snapshot of the graph’s
state. In this chart, a black arrow indicates a direct connection among
stages, and a blue arrow represents a U-net type skip connection that
will be explained in the subsequent sections.

The input graph first goes through an Input Encoder, which maps
the input features to a latent dimension. The encoded graph then
goes through a series of Convolutional Blocks. These blocks use multi-
head attention mechanisms, and hence the feature array size may be
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Fig. 2. Schematic of the proposed VortexNet GNN architecture. Colors indicate different network blocks. A black arrow represents direct message passing
between blocks, and a blue arrow denotes a skip connection to the receiving block. The figure also presents snapshots of the graph at each computational step,

showing nodes, edges, and their associated feature arrays.

multiplied by the number of heads. In this network, the first half of
the Convolutional Blocks serves as the encoder, and the second half
of the Convolutional Blocks serves as the decoder. The decoder blocks
receive information from both their previous blocks and the graph
information passed on by skip connections. Finally, an Output Decoder,
which utilizes an architecture similar to the Convolutional Block but
with an optional fully connected layer to adjust the output dimension,
is used to produce nodal predictions for a field value of interest, such
as pressure or velocity fields. The following sections describe the key
components of the VortexNet.

2.4.1.1. Input encoders. The Input Encoder comprises two components:
a node encoder and an edge encoder. The objective of including this
input encoder is to uplift and enrich the input node features and edge
features. In the current work, an 11-dimensional node features and
a 1-dimensional edge features are used. Hence, a feature encoding
to expand the input feature array to a higher-dimensional space is
beneficial for the latter stage of the Convolutional Blocks, where latent
relationships will be identified. A linear transformation is used for both
the node encoder and the edge encoder, such that

h] = W, h; + b, (13)

where h{ is the encoded feature, h; is the input feature, W, are the
learnable weights and b, are the learnable biases. The node encoder
encodes node feature to a dimension of [Fx[F], where F is defined by the
hyper-parameter hidden_feature, and the edge encoder encodes
edge feature to a dimension of F. After the linear layer, a dropout layer
is used for the node feature array.

2.4.1.2. Convolutional block. In each Convolutional Block, the primary
mechanism for updating node features based on graph structure is by
using GATv2Conv layers [62]. Specifically, the GATv2Conv computes

a weighted average of the transformed featured of the neighborhood
nodes for each nodes, expressed as,

W =c| ), aWh| (14)
JEN,

where h! is the new feature representation at node i, W is the set
of neighboring nodes connected to node i by direct edges, ¢;; and
W are the learned weights, h; is the input feature array at node j,
and ¢ is an activation function. The attention weights «;; indicate the
importance of node j’s features to node i and allow every node to attend
to every other node to which it is connected in the graph [62]. This
mechanism enables the Convolution Block to capture how information
propagates across the graph and, when the node and edge features
are appropriately designed, to operate in a manner that is independent
of the underlying mesh discretization. The actual attention function is
defined as:

;j = softmax; (e(h;,h))), (15)
and
e(h;,h;) = a" LeakyReLU(W, - [h, | h,] + W, - E, ), (16)

where e(h;,h;) is the feature importance score of neighbor node j to
node i. Matrices a, W, and W, are learned weights, E, ; are the corre-
sponding edge features, and (||) denotes matrix concatenation [62].

The PyTorch GATv2Conv layer employs multiple attention heads
that allow the model to attend to information from different represen-
tational subspaces. In the multi-head attention setting, multiple inde-
pendent attention mechanisms execute the transformation of Eq. (14),
and the resulting feature vectors h] are then concatenated.

Utilizing this GATv2Conv layer, the Convolution Block consists of
one GATv2Conv layer that maps the input graph to an output graph
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with a node feature array in RF****35 after concatenation. Additionally,
heads is a hyper-parameter specifying the number of heads. The
input-output dimension is consistent across all layers except for the
first Convolution Block after the Input Encoder, where the input feature
dimension is R™F. After the GATv2Conv layer, the feature passes
through batch normalization, an exponential linear unit (elu) activation
function, and a dropout regularization layer. The dropout layer includes
a tunable hyper-parameter named dropout_rate.

In the VortexNet architecture, the Convolutional Block is re-
peated hops — | times, where hops is a tunable hyperparameter spec-
ifying the network depth. It is worth noting that in many previous
graph U-net-like architectures, pooling layers are used to successively
reduce the computational graph size in deeper encoder layers to min-
imize non-influential information overhead [40,43,59,60]. However,
such pooling layers are not used in the current network because the
implications of using these methods under the current MF learning
setting remain uncertain to the authors at this time: although sequen-
tial graph sparsification across layers improves encoding efficiency,
the final field prediction must ultimately be generated at the orig-
inal training targets’ resolution. Consequently, unpooling operations
are required to reconstruct a dense graph from the coarsened latent
representation [59]. These reconstruction procedures may introduce
systematic bias into the predicted fields and therefore require careful
architectural design and model validation. In contrast, architectures
without pooling sacrifice computational efficiency but avoid the po-
tential reconstruction-induced bias. This trade-off led the authors to
omit nodal pooling between layers. A discussion on the potential future
direction of including pooling layers in the VortexNet architecture is
presented in the Results Section 4.

2.4.1.3. Output decoder. The Output Decoder’s major role is to map la-
tent space features to the desired output dimension. This block contains
layers identical to those used in a Convolution Block, except that the
GATv2Conv layer now maps the feature array from R¥®23s to R!. An
optional fully connected (FC) layer is appended at the end of this block
to enable graph size adjustment for the final output. In the context of
this work, since the input graph and training labels have identical graph
sizes, this fully connected layer is not used.

Although edge features can be extracted after the Output Decoder
block, they are discarded. Consequently, the Output Decoder provides
scalar value predictions at each node, which represent the field value
predictions that mimic the HF training labels.

2.4.1.4. Skip connections. The skip connection is marked by the blue
curved arrow in Fig. 2. For the ith Convolutional Block, the output is
connected to the (hops — i)th block’s output. The first encoder block is
skip-connected to the output decoder, the second to the final decoder
block, and so on in reverse order. Dimension adjustment is required for
the first skip connection only, through a linear layer; all other encoder-
decoder pairs have matching feature dimensions and therefore require
no adjustment. A skip connection weight hyper-parameter (Alpha) is
used to control the amount of skip connection information that the
subsequent decoder utilizes, such that the feature array h; seen by the
subsequent decoder is

h, = Ah ~ A,

i,previous block*

i.skip connection +( a7

and this skip connection weight (A) is applied uniformly across all skip
connections.

2.4.2. Training

The prediction accuracy of VortexNet relies heavily on the train-
ing scheme. Throughout experiments, it has been observed that a
training scheme with a combination of learning rate scheduling, reg-
ularization techniques, and physical loss terms helps VortexNet to
achieve higher prediction accuracy. The following sections discuss the
training scheme used in this work.

2.4.2.1. K-fold training. The entire dataset, as described in Section 3.1,
is randomly partitioned into a 30%-70% test-training split. For network
training, only the training set is exposed to the VortexNet, while the
test set is reserved for performance characterization. The training set is
further randomly partitioned into four batches. In each fold of the k-
fold training, one batch of the training set serves as the cross-validation
set while the remaining subsets serve as the training set. This technique
exposes the model to diverse data distributions and prevents overfitting
to specific cross-validation subsets [63].

In standard k-fold cross-validation training, the models trained in
each fold are independent and the goal is to evaluate the robustness of
the architectural design. If there is a need to select a model, a voting al-
gorithm is typically employed. In the current study, however, we made
minor adjustments to the model voting mechanism. Instead of training
mutually independent models in each fold, our training script recycles
the best model weights identified so far from all previous folds’ training.
Specifically, a register actively stores the best-performing model, as
indicated by the cross-validation loss, and in each fold training resumes
from the current best model.

In using this training scheme, the cross-validation set in the later
folds may overlap with the training data of previous folds, potentially
inflating the model performance in later folds. However, this strategy
was chosen for two reasons. First, the size of the total training set is lim-
ited compared to the number of trainable weights in the VortexNet.
Using standard k-fold training prohibits making full use of the training
set. Second, the way physical loss terms are used in training necessitates
such model recycling, as discussed in the next section.

2.4.2.2. Loss function. The loss function used for training is a com-
pound loss defined as:

£ = SmoothL1Loss (qH £ qPrEd) + APhysicalLoss (qpmd) , (18)

where “SmoothL1Loss”, and “PhysicalLoss” are the loss components;
g"F is the high-fidelity data provided as training labels; gP™®d =
F (¢*¥,w.) is the VortexNet predicted field output, and A is the
weight of the physical loss which is controlled by two hyper-parameters
as described in Eq. (20). The “SmoothL1Loss” is well-documented in the
PyTorch manual [64].

The “PhysicalLoss” term is introduced to improve the model’s
prediction capability. In designing surrogate models, two typical ap-
proaches are commonly employed: physics-driven and data-driven.
In the physics-driven approach, the governing equations can either
be embedded in the aggregation function or incorporated into the
loss term. For surrogate models aimed at HF flow field prediction,
the residuals of the Navier-Stokes equations at selected points are
often used to drive the network convergence [65]. While accurate,
such networks are computationally expensive to train. Alternatively, in
the data-driven approach, the physical loss is omitted. However, this
approach often suffers from high variance in prediction errors.

Considering that the proposed surrogate model is intended for con-
ceptual design purposes, where trend-wise accuracy and delta values
of QOIs are more critical than the absolute prediction accuracy, we
aim to employ a lightweight physical constraint. This constraint helps
calibrate the surrogate model predictions for trend-wise quality without
adding significant complexity to the network architecture. In this study,
we propose a physical loss term based on LF VLM simulation to improve
the network’s trend-wise prediction quality. Variations in nonlinear
flow features, such as boundary layer effects, could be considered
to be equivalent to the errors committed through violations of the
“PhysicalLoss” term.

To compute the physical loss, recall that VLM solves the linear
equation shown in Eq. (4). When a surrogate model is used to predict
gPred = ACEEd, this field can be passed backward through the stored
lattice geometry information to compute the predicted vortex strength
distribution, I'P™d, The physical loss term can thus be expressed as a
2-norm of the residual:

PhysicalLoss(gP™®%) = ||AIC - TP™¢(gP™d) — RHS||. (19)
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In the above physical loss computation, no real-time computation
of the AIC and RH S matrices is required, as this information can be
stored during the dataset assembly phase, thereby creating minimal
overhead for network training.

When the physical loss weight A is large, the surrogate-predicted
ACfrEd will closely resemble the VLM results. However, an excessively
large Lambda prevents the surrogate from learning the LF-to-HF cor-
rection. To address this issue, an exponential decay of the physical loss
weight A is applied during the k-fold training. Initially, the model is
trained to closely match the VLM solver, so that a good trend-wise
baseline is established. While the model keeps the learned mapping,
the physical constraint is gradually relaxed. Towards the final folds,
the surrogate model’s training convergence is primarily driven by data
to capture the non-linear flow patterns present in HF simulations. The
following equation is used to decay the physical loss weight across
folds:

; ; 1 i—1
A, = Amax [ 4min 1 — Amin -1 ,
‘ ( + )“p( D(Amin)k—l)) (20)
forie{l,...,k},

where A™#* is a hyper-parameter (max_phys_loss) representing the
initial physical loss weight; A™" is a hyper-parameter (min_phys_
loss) that specifies the target final magnitude of the physical loss
weight; and k is the number of folds in k-fold training.

2.4.2.3. Optimizer and training scheme. Optimization is performed us-
ing the ADAM optimizer with an initial learning rate specified by
the hyperparameter learning_rate and a decay rate defined by
de cay_rate [66]. A dynamic learning rate scheduler is implemented
to halve the learning rate when the validation loss ceases to im-
prove across training epochs. In addition, an early stopping criterion
is applied: if model performance does not improve for 150 consecu-
tive epochs, training for the current fold is terminated and the best-
performing model up to that point is retained to mitigate overfitting.
The validation loss extends the objective defined in Eq. (18) by incor-
porating a sign-violation regularization term. This term is defined as
the average number of nodal prediction sign violations relative to the
ground truth. Including this indicator in the validation metric supports
more reliable early stopping by discouraging physically inconsistent
predictions. In particular, it reduces overfitting that may otherwise
introduce high-variance errors in the afterbody wing panels, where AC,
magnitudes are typically small but contribute significantly to aerody-
namic moment due to their relatively large moment arms. To further
improve prediction robustness, 3% random noise is added to all node
features during training. Across all experiments and hyperparameter
configurations, a batch size of 32 is used. Training is conducted on an
NVIDIA A100 graphics processing unit (GPU).

2.4.2.4. Hyper-parameter optimization. The surrogate model possesses
nine hyper-parameters that need to be optimized. The hyper-parameter
optimization study is conducted using Optuna, an open-source hyper-
parameter optimization framework that automates hyper-parameter
search using advanced sampling schemes and efficient pruning algo-
rithms [67]. The hyper-parameters, along with their bounds listed in
Table 1, define the search space, and Optuna automatically identifies
the optimal hyper-parameter settings that minimize the model test loss
over the test set. The model test loss is defined as the Mean Squared
Error (MSE) between the predicted dC_ErEd and the corresponding HF
AC?F across the test set.

In total, 80 hyper-parameter configurations are generated by Op-
tuna in this study. The training time varies across configurations, but
on average, each configuration takes 1.75 h to train. The average test
loss across all hyper-parameter configurations is 4.13 x 1072, Across
trained models with test losses below 3 x 1072, the aerodynamic co-
efficients computed from the predicted fields are similar. However, the
predicted pressure fields exhibit minor stylistic differences, character-
ized by localized, small-area checkerboard-like fluctuations. These pat-
terns are low in amplitude and do not correspond to large-magnitude

Table 1
List of the hyper-parameters studied, along with their value range and defini-
tions.

Hyper-parameter Value range Definitions

name

hops int[2, 16] total layers of Convolutional
Block

hidden_feature int[3, 64] hidden layers feature width

heads int[1,8] number of heads for
multi-heads attention

dropout_rate [0.05, 0.4] dropout regularization weight

Alpha [0.0, 1.0] skip connection bandwidth

max_phys_loss [0.0.5] maximum physical loss weight
in Eq. (20)

min_phys_loss [1,1000] x 10-* target physical loss weight in
Eq. (20)

learning_rate [1,1000] x 10-* initial learning rate to the
ADAM optimizer

decay_rate [1.10000] % 10-% decay rate to the ADAM

optimizer

oscillations. The final model is selected for its robustness, exhibiting
consistent field prediction accuracy across the design space.

The final selected model adopts nine Convolution Blocks with an
additional output decoder, resulting in a total of ten message-passing
rounds. The hidden feature dimension is 63 with four attention heads.
A dropout rate of 8.5x 1072 is applied. The skip-connection bandwidth
is 9.7 x 103, indicating that most information propagates through the
deeper layers. The initial physics loss is 0.42 and decays to 5.8 x 10>
throughout training. The learning rate is 1.3 x 107, with a decay rate
of 1.6x 1075,

3. Dataset
3.1. Dataset overview

The dataset for surrogate model training and testing consists of 15
3-D Delta wing geometries at two levels of fidelity. The HF surface
pressure field data is generated using the SU2 CFD solver as described
in Section 2.2. The flow domain is discretized using Pointwise’s
automatic unstructured volume mesh capability [68]. The outer mold
line of each underlying geometry is accurately captured by enforcing a
maximum surface mesh-to-geometry deviation of less than 1x 1075 [m].
Across all geometries, identical mesh property definitions are used to
ensure consistency in global mesh properties and boundary conditions,
including the T-Rex boundary layer mesh growth profile, leveraging
Pointwise’s scripting capability. Due to variations in surface body
geometry, the total number of elements in the fluid domain ranges from
4.89 to 19.47 million. The resultant mesh achieves y* < 1 for most parts
of each wing, except near the wing tips at the trailing edge, satisfying
the turbulence model’s y* requirements.

The LF data is generated using the VLM implementation in SUAVE.
For all geometries, a 30 x 30 lattice discretization is applied in the
chord-wise and span-wise directions. The lattice is evenly distributed
in the chord-wise direction and follows a cosine distribution in the
span-wise direction.

The 15 Delta wing geometries are parameterized using two design
variables: leading edge sweep angle and root airfoil shape. The leading
edge sweep angles used in this study are 55°, 65°, and 75°. Across all
geometries, the root chord length is kept constant at 0.65 [m], resulting
in variations in span and reference area of the Delta wing. The root
airfoil shapes are taken from NACA 4-digit airfoils, and in this study,
NACA 0010, NACA 0016, NACA 0024, NACA 2416, and NACA 4416
are used. All 15 combinations of the root airfoil shape and leading edge
sweep angle are generated using SUAVE.

Each geometry is then simulated under 40 different free-stream
conditions, varying AOA, Mach number (Ma), and Reynolds number
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(Re). The AOA is sampled from 0° to 20°, the Ma from 0.35 to 0.5,
and the Re from 6.5 x 10° to 1 x 107. A Latin Hypercube Sampling
(LHS) technique is used to generate samples across the three free-
stream variables. It is worth noting that the LF VLM model does not
utilize the Reynolds number in its simulation. In total, 600 test samples
are generated across the geometry design space and the free-stream
variable space.

Two additional holdout datasets are prepared using a similar work-
flow to assess the model’s generalizability to previously unseen ge-
ometries and free-stream conditions. These datasets are introduced
in Sections 4.1.2 and 4.2.1, respectively, and are not exposed to the
surrogate model during training. All CFD runs are conducted on the
Sherlock Cluster at the Stanford Research Computing Center (SRCC),
utilizing a 64-core 2.4 GHz partition.

3.2. Dataset preparation

The HF and LF datasets differ significantly in their dimensions.
While the LF data resides in R**", the HF data dimension is defined by
the number of surface mesh nodes, which varies based on the geometry.
Although GNN-based architectures can accommodate mapping between
these different graph structures, training such surrogate models can be
computationally expensive and is not the focus of this work.

In this study, the goal is to demonstrate the capability of utilizing
such architectures to build surrogate models that enhance conceptual
vehicle design at a relatively low computational cost. To achieve this,
the authors decided to standardize the HF and LF graphs by projecting
data from both sources onto a reference state. One approach is to use
the lattice panels defined in the VLM as the reference plane and project
the HF surface pressure field onto this surface. As VLM computes the
local loading coefficient ACE = Cplower — Cpuppers it was decided that
the standardization step for the HF data should project the surface pres-
sure onto the lattice panels to generate the HF local loading coefficient,
ACi"F. This process is described by the following equations:

—cHF (21)

HF _ ~HF
de =C pupper’

plower

where CHF is a vector in R*® * 30, The pressure coefficient for each side
can be calculated by:
. N
HF 1 EIEI Bgae (D P A, ]
1=l

(22)

pside Gref ZfEl Bside(D)A;
where P, is the pressure, A; is the cell area at HF node i, T is the set
of all surface nodes whose (x;, y;) coordinates lie within the boundary
of a lattice panel, indexed from 1 to N = 30 x 30, under vertical
projection, and g, is the reference pressure computed from free-stream
conditions. & ,4.(i) is an upper or lower surface selection mask that
identifies whether a node belongs to the lower or upper surface based
on its z; coordinate (applicable for the root airfoils used in the current
study). For example, the &, . (i) mask can be defined as:

1 ifz; <0
i) = e (23)
Bower { 0 otherwise.

3.3. Node and edge features

As discussed in Section 3.1, the VLM simulation is Reynolds number
agnostic. To enrich the aerodynamic features used in the surrogate
model, free-stream conditions, including free-stream AOA, Ma, and Re,
are incorporated alongside the local loading coefficient AC};F . Because
the proposed surrogate model is intended to augment aerodynamic
prediction for design space exploration in conceptual design, it is
essential to include geometric properties that influence aerodynamics
in the surrogate model inputs. These geometric properties include wing
thickness, surface curvatures, normalized lattice panel control point
coordinates, and surface slopes. All geometric features are defined
and evaluated at the nodal level. The control point coordinates are

Table 2
List of the nodal and edge features used by the VortexNet, along with their
dimension and intended purposes.

Feature name Dimension Purpose

ACF [N odes % 11 VLM local loading coefficient

AOQA [rad] [Npades % 11 free-stream AOA

Ma_ [N odes % 11 free-stream Mach number

Re, [ Nuades % 11 free-stream Reynolds number

Thickness [ Nuades % 11 wing thickness at lattice panel
control points

Upper Surface [ Npodes % 11 wing upper surface curvature at

Curvature lattice panel control points

Lower Surface [N odes % 11 wing lower surface curvature at

Curvature lattice panel control points

Upper surface slope [ Nuades % 11 wing upper surface chord-wise
slope at lattice panel control
points

Lower surface slope [ Nuades % 11 wing lower surface chord-wise
slope at lattice panel control
points

X, [ Nuades % 11 normalized lattice panel control
points x-coordinates

Ve [ Nuades % 11 normalized lattice panel control
points y-coordinates

Euclidean distance [4N % 1] normalized Euclidean distances

nodes
from one control point to its

four nearest neighbors’

normalized using a characteristic length. In this study, the root chord
length of 0.654 [m] is selected because it remains invariant across
geometries within the design space. Furthermore, all geometries are
translated so that the wing apex coincides with the origin. This treat-
ment facilitates scale-invariant surrogate modeling and improves model
generalizability.

At the edge level, the Euclidean distance computed from normalized
coordinates between nodes is used to represent nodal connectivity
patterns and spatial relationships among nodes. For each node, the Eu-
clidean distances to its four nearest neighboring nodes are included in
the edge feature. The combination of nodal and edge features allows the
VortexNet surrogate model to capture the spatial and aerodynamical
information for aerodynamic characterization.

The nodal and edge features used by the VortexNet surrogate
model, along with their intended purposes, are summarized in Table 2.

Once these node and edge features are assembled, a z-score stan-
dardization is performed for all nodal features except for the normal-
ized coordinates, as they are scaled by the characteristic length. After
these dataset preparation steps, the LF graph and HF training label can
be fed into the surrogate for training.

4. Results

In this work, we focus on predicting local loading coefficients (AC,).
Once AC, is predicted, arbitrary QOIs can then be calculated using
the existing multi-fidelity workflow as discussed in Section 2.3. To
highlight the effectiveness of the proposed multi-fidelity workflow,
two prediction accuracy tests are performed. First, we evaluate the
surrogate model VortexNet’s AC, prediction quality. We examine
the root-mean-square error (RMSE) of panel-wise dCfrEd prediction
against the projected CFD reference value AC};“ for geometries within
the surrogate model’s training set across various free-stream conditions.
To further demonstrate VortexNet’s generalizability in maintaining
comparable prediction quality across geometries within the dataset’s
design space, unseen geometries are introduced and the surrogate
model’s accuracy is evaluated. These results are presented in Sec-
tion 4.1. Second, to quantify the aerodynamic QOI prediction accuracy
gain of adopting the multi-fidelity framework, lift (C;) and pitching
moment (C,,) coefficients are evaluated using VortexNet-predicted
AC_ErEd and compared against the CFD reference and VLM benchmark.
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Fig. 3. The HF surface pressure at the lower (figure (a)) and upper (figure (b)) surfaces obtained from CFD for a wing with 55° leading edge sweep and a root

airfoil profile of NACA 2416 at AOA= 16.4°, M, = 047, and R, = 9.78 x 10°.

This comparison is conducted for geometries that are used for Vor-
texNet training, and for the unseen geometries as mentioned in
Section 4.1. The results are presented in Section 4.2. Overall, the
proposed multi-fidelity workflow showed robustness with respect to un-
derlying geometry changes and a significant fidelity gain over the VLM
benchmark. To rationalize and understand the prediction mechanism
and assist further development of VortexNet-like GNN-based surro-
gate models, a latent space ablation study is presented in Section 4.3
to discuss how the graph features are utilized across the latent layers
in VortexNet.

4.1. Local loading coefficient (AC,) predictions

To evaluate the model’s performance, we consider two distinct
aspects. First, to quantify its prediction accuracy, we examine the RMSE
of the field predictions dCfrEd against the projected CFD references
AC?F, as outlined in Section 3.1. Second, to assess the model’s gen-
eralizability and its potential for assisting in design space exploration,
we evaluate its AC_ErEd RMSE against ACEF using new geometries that
were held out from the surrogate model training. The following sections
discuss these two assessments.

4.1.1. Prediction for seen geometries during training

The RMSEs for the training set, test set, and the entire dataset are
0.1064 with an R? value of 0.9519, 0.1065 with an R? value of 0.9500,
and 0.1064 with an R? value of 0.9513, respectively. No significant
difference between the test and training sets is observed, and most of
the variance in the dataset is captured by the trained model, indicating
that the resultant model is well-trained.

To visualize the AC, from the VLM, VortexNet predictions, and
CFD references, a geometry configuration at high AOA was randomly
selected, featuring a leading edge sweep angle of 55° and a root airfoil
of NACA2416. The free-stream conditions are an AOA of 16.4°, Ma of
0.47, and a Re of 9.78 x 10°. The corresponding CFD pressure on the
upper and lower wing surfaces are presented in Fig. 3. As shown in
the figure, the surface pressure exhibits a “vortex lift” pattern: on the
upper surface toward the wing outboard near the trailing edge, suction
effects induced by the separated vortex are evident.

The aforementioned surface pressure is then normalized by the
corresponding reference pressure and projected onto lattice panels.
Fig. 4(c) shows the projected ACEF, which serves as the “ground-truth”
reference. The projected pressure field preserves flow features from
the CFD, including faint traces of vortex lift at the wing outboards. In
Fig. 4(a), the ACLF computed from the VLM is shown. This pressure
field follows potential flow theory, and no vortex lift or flow separation
is observed. The VLM pressure field serves as input to VortexNet as
part of the nodal features.

Table 3
Test set RMSEs between AC':“d and dq‘*". grouped by wing geometries.

Sweep angle [°] Root airfoil (NACA 4-digits)

0010 0016 0024 2416 4416
55 0.0566 0.0964 0.1330 0.0872 0.0875
65 0.0942 0.1159 0.0577 0.1046 0.1016
75 0.1579 0.0945 0.0900 0.1506 0.1286

Fig. 4(b) shows the dCfred predicted by VortexNet. Comparing
these pressure fields, it is evident that the predicted pressure field
exhibits strong visual similarity to the projected CFD pressure field,
both in the predicted AC, values and in the overall pressure distribu-
tion. However, artifacts of reconstruction error are noticeable near the
wing apex at the central body. Despite these discrepancies, the authors
believe that the surrogate model’s predictions provide higher fidelity
than those of VLM, as it captures nonlinear flow features.

Although not shown, ACEIEd predictions for other geometries and
free-stream conditions follow a similar pattern, with VortexNet’s
predictions appearing visually closer to the projected CFD fields (AC?F)
than to those of the VLM {AC;‘F).

To provide a more quantitative analysis of the AC, prediction error,
we compared the RMSE across all geometries in the test set. The
corresponding values are presented in Table 3. The RMSE ranges from
0.0566 to 0.1579 in the observed dataset with a standard deviation
of 0.0366 across all geometries. Using the leave-one-out one sample t-
test, under the null hypothesis that the prediction RMSEs are consistent
for all geometries, it is observed that one geometry with a leading-
edge sweep angle of 75° and root airfoil shape of and NACA 0010
is an outlier. For the remaining geometries, the trained model main-
tains a relatively consistent prediction accuracy. Overall, VortexNet
has maintained generalizable field prediction capability across the
design space. However, the performance discrepancy among geometries
indicates that validating model generalizability is necessary before de-
ploying surrogate models to assess whether prediction accuracy across
the design space is sufficient for downstream applications.

4.1.2. Prediction for unseen geometries

One potential use case of the proposed VortexNet is to assist in
design space exploration during conceptual design. In such applica-
tions, a design space is first defined by specifying a set of geometric
parameters and their respective bounds. A coarse sampling of geome-
tries, using both HF and LF methods, is then conducted to train the
surrogate model. Subsequent design space exploration can rely on
the surrogate model’s augmentation of LF methods to provide quasi-
high-fidelity aerodynamic evaluations. Consequently, it is essential to
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Table 4
Unseen geometries RMSEs.
Root airfoil (NACA 4-digits)

Sweep Angle [°]

0013 3416
60 0.1441 0.2695
70 0.2106 0.3293

evaluate the proposed surrogate model’s generalizability to geometries
not included in the training dataset.

To study generalizability, we tested geometries and feature arrays
not encountered by the network during training and evaluation. Four
design points within the geometric parameter ranges of the training
set’s design space, as tabulated in Table 3, were selected. Specifically,
we chose two leading-edge sweep angles (60° and 70°) and two root
airfoils (NACA 0013 and NACA 3416) that induce thickness and camber
variations. A combination of these design variables yields four new
wing geometries: 60° NACA 0013, 60° NACA 3416, 70° NACA 0013,
and 70° NACA 3416. Each geometry is then simulated under 11 differ-
ent far-field conditions, with AOA, Mach number, and Reynolds number
sampled using LHS. The sampling bounds for AOA, Ma, and Re are
[0°,20°], [0.35,0.5], and [6.5, 10]x 10, respectively, matching those used
to construct the training set as discussed in Section 3.

The resulting RMSEs are listed in Table 4. The maximum RMSE
observed is 0.3293 for the 70° Delta wing with the NACA 3416 airfoil,
and the minimum RMSE is 0.1441 for the 60° Delta wing with the
NACA 0013 airfoil. On average, the RMSE is 0.2481, representing a
132.9% increase from the RMSE reported in the previous tests on seen
geometries. A reduction in prediction accuracy for unseen geometries
is expected, as a similar trend is reported in the previous study [44].

To better understand the potential origin of this degradation, we
examine how the RMSE varies with the type of geometric variation
from the training set. Within this limited new-geometry dataset, the
errors appear to correlate more strongly with camber variation. Con-
figurations introducing a new camber shape exhibit larger RMSE. A
hypothesis is that camber variation modifies the global pressure loading
pattern and redistributes AC, over a larger portion of the surface,
thereby altering both magnitude and spatial gradients of the field. As
the current training dataset exposes VortexNet to a limited repre-
sentation of camber profiles, the model’s performance may be more
sensitive to camber variation. Expanding the design space coverage to
include more camber shapes in the VortexNet training set may help
reduce prediction errors.

To further diagnose the source of error, a qualitative study was con-
ducted by visually examining the resulting AC},’md fields with reference
to VLM and CFD AC, results. For comparison across geometries, we
present the AC, for all geometries at an AOA of 18°, Ma of 0.4 and Re
of 7 10°. The results are presented in Fig. 5.

When comparing VortexNet’s prediction accuracy to the results
shown in Fig. 4, we observe that for previously unseen geometries, the
surrogate model introduces more artifacts in its predictions. For the
70° NACA 0013 configuration, the surrogate model fails to accurately
capture the highest AC, values. Small-wavelength artifacts of high-
and low-pressure variation can be seen for 70° geometries near the
leading edges toward the wing tips. These checkerboard-like pressure
fluctuation patterns are most likely to be the dominant contributing
factor for increased RMSE for these test geometries, suggesting that the
dominant error mode is not a global bias in pressure magnitude but
rather a high-frequency spatial inconsistency. Further examination in
Section 4.2.2, which evaluates the accuracy of integrated QOlISs, further
supports this interpretation.

Despite these artifacts, when considered alongside other fidelity
methods, VortexNet continues to demonstrate an intermediate level
of capability between VLM and CFD in capturing major flow features.
The authors believe that the model’s generalizability and prediction
accuracy can be further enhanced by refining the surrogate model
architecture to promote spatial smoothness and multi-scale consistency,
as discussed in Section 4.3, and byimproving the training data sampling
scheme.

4.2. Aerodynamic coefficients predictions

We consider the CFD-predicted surface pressure coefficients and
aerodynamic coefficients as the “ground-truth” reference. The error is
thus the difference between QOIs computed with and without using the
surrogate model. In the current study, two sources of error exist. The
first is an epistemic discretization error introduced during the surrogate
model training database preparation. Instead of using CFD surface
pressures (C,), the surrogate model is trained on and predicts projected
CFD surface pressures ACEF. This projection process introduces dis-
cretization errors that cannot be reduced during model training and
will lead to differences in computed QOIs. The second error is the
surrogate model’s modeling error due to its imprecise representation
of ACEP. This error can be reduced through model training and hyper-
parameter optimization. In this study, the surrogate’s modeling error
is minimized by using optimal model hyper-parameters, while we have
not extensively explored error reduction techniques for the epistemic
discretization error.

We assess the workflow’s performance from two perspectives. First,
to evaluate the fidelity gain of adopting VortexNet in the multi-
fidelity workflow, we study the QOIs performance of the workflow
on geometries seen during training but at unseen free-stream condi-
tions. We compare the QOIls accuracy obtained from the VLM, the
VortexNet surrogate model, and projected CFD against the CFD
ground truth. These results are presented in Section 4.2.1. Second, we
examine the QOIs prediction characteristics of the proposed workflow
on geometries not seen during surrogate model training, to demon-
strate its performance in interpolating within the design space. This
generalization assessment is presented in Section 4.2.2.
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predictions, and the projected CFD AC?F.

4.2.1. Aerodynamic coefficients prediction for seen geometries

Our first effort to quantify the proposed workflow’s QOIs prediction
accuracy compares QOIs integrated from the surrogate model predic-
tions ACfrEd with those integrated from the projected CFD surface
pressures AC'F, which represent VortexNet’s modeling error, and
QOIs obtained directly from CFD, which contain both the epistemic
discretization error and the surrogate model’s modeling error. These
QOIs are compared against the results computed directly by VLM,
which serves as the LF benchmark. We examine the C; and C,,; polars
over an AOA range from 5° to 25° in 2° increments. The interval from
20° to 25° lies outside the training set range (0°-20°; see Section 3) and
is intentionally included to assess model robustness under mild extrap-
olation. Although the drag coefficient can be computed using VLM, the
absence of viscous effect modeling renders cross-comparisons between
VLM and CFD misleading. Therefore, this study focuses exclusively on
lift and moment coefficient evaluations. The free-stream Mach number
is held constant at 0.4, and the Reynolds number at 7.0 x 10°.

Fig. 6 shows the relative error for C; and C,, with AOA obtained
from VLM for each individual Delta wing geometry against the ref-
erence QOIs obtained from CFD. The relative error is defined as the

percentile difference between the QOIs from the lower-fidelity source
and the higher-fidelity source. For each figure, the relative error is
styled by the underlying geometry, such that data series with circle,
square, and diamond markers indicate the sweep angle of 55°, 65°,
and 75°, respectively. The color of the data series, from blue, purple,
green, orange, to red, indicates root airfoil shapes of NACA 0010,
NACA 0016, NACA 0024, NACA 2416, and NACA 4416, respectively.
The solid black line corresponds to the average relative error across
all geometries. Across AOAs, the average error increases, with the
mean average error being 20.9% and 24.1% for C; and C,,. The error
presented in Fig. 6 serves as the benchmark for LF error. Fig. 7 presents
the QOIs relative errors obtained from VortexNet, with an identical
plotting framework to Fig. 6.

When comparing the QOIs predictions errors from VortexNet
(Fig. 7) against those from the VLM (Fig. 6), the surrogate model
demonstrates strong agreement with the CFD references and provides
significantly better predictions than those from the VLM. The mean
errors are significantly lower than those reported by the VLM, being
—1.3% and 0.3% for C; and C,,, respectively. Across AOAs, the average
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error obtained from VortexNet shows smaller variation and remains
relatively close to zero: the average C; error ranges from —3.1% to
2.8%, and the C,,; error ranges from —1.6% to 5.8%. In contrast, the
QOIs obtained from VLM show strong dependence on AOA, with the
largest average errors observed at 25°, reaching 34.7% and 40.0% for
C; and C,,, respectively. In addition, for each individual geometry, the
errors obtained from VortexNet exhibit a much weaker dependency
on AOA compared to the VLM results, and the inter-geometry error
spread is also reduced. Such a characteristic is desired for conceptual
design applications, as these error bounds can be incorporated into the
design framework. Within the extrapolated region (to the right of the
dash-dotted line at 20° in Fig. 7), the average errors for both QOIs
increase. However, the deviation remains largely monotonic, and both
the error magnitude and the spread across geometries are smaller than
those obtained from the VLM (Fig. 6). These improvements, evident in
both the trend-wise capturing and the alignment of absolute values for
the QOlIs, significantly enhance the fidelity of aerodynamic analyses for
these platforms.

As the relative error describes the prediction discrepancy for in-
dividual samples, using it for this comparison across all free-stream
conditions will result in a cumbersome error representation. Instead,
we rely on the normalized root-mean-square error (NRMSE) to describe
the error, defined as:

N
NRMSE(fmemOd) - L % E(fimethud _ fr_HF)Z, (24)
i=1

fHF
where method js the QOI evaluated by a specific method, 1, HF jg the

reference HF QOI obtained from CFD, fHF is the mean of the reference
QOI values, and N is the total number of samples in the set. The

NRMSE thus represents the deviation of the predicted QOI from the
reference value, normalized by the average reference value, allowing
for comparison across QOIs.

To highlight the fidelity gain of adopting VortexNet in the multi-
fidelity workflow, we computed the NRMSEs for QOIs computed using
the projected CFD, the VortexNet surrogate model predictions, and
the VLM, all compared against the CFD reference values. The NRM-
SEs are grouped by geometries and workflow methods so that, for
each wing geometry under a given method, the NRMSE represents an
average deviation of predictions across all AOAs, including the small
extrapolation region, against CFD references. The results are shown in
Fig. 8, with C; and C), listed from left to right. The VLM-only errors
are displayed in the top row, the VortexNet surrogate-augmented
errors in the middle row, and the projected CFD errors are shown in
the bottom row.

On average, the epistemic discretization error induced by calculat-
ing QOIs using projected surface pressures is 3.8%. An examination
of the AC?F field reveals that the majority of this discretization error
originates near the wing apex at the central body. This region exhibits
large errors due to the use of span-wise cosine spacing, which results in
larger panel sizes and excessive averaging of pressure fields with high
gradients. The average NRMSEs for C; and C,; are 4.6% and 3.0%,
respectively.

The QOIs computed using the surrogate model have an average
NRMSE of 6.1%. Considering that the minimum QOI prediction error
using the surrogate model is the epistemic discretization error discussed
earlier (since the projected CFD ACfF is considered as “ground truth”
for the surrogate model during training), the fact that this test returns
an error close to the epistemic discretization error indicates that the
surrogate’s modeling error is low. The corresponding NRMSEs for C;
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and C,, are 6.0% and 6.3%, respectively. In comparison, the VLM
method has an average NRMSE of 30.2%. Specifically, the NRMSEs for
C; and C,, are 28.1% and 32.3%, respectively. Although the database
in this test contains extrapolation samples for the surrogate model, the
average NRMSE of the QOIs from the proposed mixed-fidelity workflow
is still smaller than that of VLM by almost fivefold.

4.2.2. Aerodynamic coefficients prediction for unseen geometries

Our final test case assesses the accuracy of the proposed workflow in
predicting QOIs for unseen geometries. By comparing the QOI accuracy
against the results presented in the previous section, the model’s geo-
metric generalizability can be assessed. We select the four new Delta
wing geometries presented in Section 4.1.2. Specifically, two sweep
angles, 60° and 70°, and two root airfoils, NACA 0013 and NACA
3416, are used. The free-stream conditions match those reported in
Section 4.2.1.

Similar to the relative error comparison in Section 4.2.1, the rela-
tive error for the VLM QOIs and VortexNet QOIs against the CFD
reference is plotted in Figs. 9 and 10. For each figure, the relative
error is styled by the underlying geometry, such that data series with
circle and square markers indicate the sweep angle being 60° and 70°,
respectively. The color of the data series, from blue to red, indicates
the root airfoil shape, ranging from NACA 0013 to NACA 3416.

For all unseen geometries, we observe prediction quality and trend-
wise characteristics similar to those in Section 4.2.1. The average
relative errors from the VLM are 16.0% for C; and 18.4% for C,,, while
VortexNet reduces these to —2.0% and —0.7%, respectively. Beyond
improving mean accuracy, VortexNet also decreases the dispersion
of QOIs across geometries and reduces the dependency of QOI error on
AOA. Overall, fidelity improvement over the VLM results is observed.

Finally, we compare the NRMSEs for QOIs obtained from the VLM,
the VortexNet surrogate model, and projected CFD against the CFD
references. The results are presented in Fig. 11. On average, the epis-
temic discretization error induced by calculating QOIs using projected
surface pressures is 2.9%, which does not deviate much from the error
quantification in Section 4.2.1. The average NRMSEs for C; and C,,

are 4.1% and 1.7%, respectively. Although this error is lower than the
corresponding average error in Section 4.2.1, the reduction is most
likely due to the fact that the current test involves a database that
contains fewer geometric variations.

When VortexNet is used for QOI evaluation, we observe an aver-
age NRMSE of 3.4%. The NRMSEs for C; and C,, are 3.5%, and 3.4%,
respectively. The difference between the surrogate model-predicted
NRMSEs and the projected CFD NRMSEs is comparable to the results
of the previous test in Section 4.2.1. We conclude that the workflow
does not present significant deviations in QOI prediction accuracy when
applied to unseen geometries. For comparison, the average NRMSE for
QOIs predicted by the VLM is 24.0%, with NRMSEs for C; and C,,
being 22.4% and 25.7%, respectively. When comparing the average
NRMSE obtained from VortexNet with that computed by the VLM, a
sevenfold reduction in error is observed.

Across all assessments, the proposed surrogate model outperforms
the VLM-based approach in QOI prediction accuracy. Additionally, a
significant performance degradation is not observed for this dataset af-
ter introducing new geometries. This observation supports the proposed
workflow’s generalizability potential in accommodating geometry vari-
ation within the design space. However, a more detailed sensitivity
study with a richer design space inclusion is needed in the future to
demonstrate the proposed workflow’s effectiveness for more complex
vehicle conceptual design.

4.3. Prediction explanations

While the proposed VortexNet demonstrates strong prediction
accuracy and generalizability, the underlying mechanism by which the
GNN leverages and aggregates input graph features remains unclear.
The complexity of GNNs makes extracting human-intelligible explana-
tions from trained networks challenging [69]. Nevertheless, the authors
have conducted a preliminary analysis of the VortexNet’s latent
space. This section aims to understand how input graph features are
utilized across latent layers and provide guidance for refining future
VortexNet-like GNN architectures.
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Among methods for latent space analysis, we performed an ablation
study on latent space features to investigate the resultant AC, pre-
dictions. For the data sample, we selected a representative test case
featuring a 55° NACA 4416 wing at an AOA of 10.9° and a Mach
number of 0.49, as this combination exhibits richer nonlinear fluid
dynamics and is therefore well suited for latent space analysis. The
study begins with the nodal feature latent space obtained from the
output of the first Convolutional Block shown in Fig. 2. At this stage, the
nodal feature array was recorded, and clustering was performed on the
feature array. Since the node features exist in a high-dimensional space
(RFxteads) the t-SNE dimensionality reduction technique was applied to
project the feature space to three dimensions [70]. K-means clustering
was then used to classify nodes into four clusters [71], and their
corresponding nodal indices were recorded. From the clustering results,
we observe that different clusters correspond to distinct regions of the
wing. Nodes belonging to “Cluster 1” and “Cluster 2" correspond to the
right and left sections of the wing afterbody. Nodes within “Cluster 3"
correspond to the central forebody, and nodes in “Cluster 4” correspond
to the leading-edge region of the wing. This clusters-to-wing-region
association is presented in Fig. 12.

Using the recorded node-to-cluster assignments, the ablation study
proceeds by recursively isolating the contribution of each cluster. At
a given layer, nodal feature vectors associated with all other clusters
are set to zero, thereby retaining only the features of the cluster under
investigation. This procedure is repeated across all Convolutional Block
layers up to the final Output Decoder layer.

For example, when analyzing the contribution of Cluster 1 after the
fourth Convolutional Block (Layer 5), we first extract the nodal feature
tensor from the output of Layer 5. The feature vectors corresponding to
nodes in all other clusters are then manually zeroed out. The modified
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Fig. 12. Association between nodal feature clusters extracted from the first
Convolutional Block and their corresponding spatial locations on the wing
surface.

global nodal feature tensor is subsequently propagated through the
remaining Convolutional Blocks to produce a final modified prediction,
denoted as ACL“”". This procedure enables the isolation of the contri-
bution of specific wing-region groups to the overall AC, prediction. By
examining the cluster-specific predictions across multiple layers, the
progressive effects of multi-hop graph convolution can be analyzed.
The results of the ablation study are presented in Fig. 13. The figure
consists of two parts. In the left panel, the ablation errors corresponding
to each of the four clusters identified in Fig. 12 are shown in separate
columns. The ablation error is defined as the difference between dC_;““d

and the original VortexNet prediction dC_ErEd computed using the
unmodified nodal feature tensor. This ablation error quantifies the
influence of a given cluster, ablated at a specific layer, on the final
model output.

While the ablation error across all layers is studied, we present
selected representative layers rather than all intermediate layers, which
would introduce excessive figures without additional insight. Specifi-
cally, the Acgmﬂ results for ablations performed at Layer 1 (after the
first Convolutional Block), Layer 5 (the intermediate layer, analogous to
a bottleneck in an encoder—decoder architecture), and Layer 9 (the final
feature prior to the Output Decoder) are plotted. These layers represent
key stages in the feature transformation process.

In the right panel, the relationships among nodal features across
clusters are visualized. Principal Component Analysis (PCA) is used
to project the corresponding nodal features across graphs onto a two-
dimensional space visualized by the first two principal components. The
scatter points corresponding to each cluster are colored consistently
with the color scheme used in Fig. 12.

From the ablation error results, it can be observed that learned field
features become increasingly localized across network depth. At shal-
low layers, removing nodal features from a specific region introduces
global effects that extend beyond the corresponding spatial clusters.
This behavior is evident in the right and left wing afterbody regions
when examining Ac‘;“”d at Layer 1 for Cluster 1 and Cluster 2. The re-
moval of surrounding nodal features produces substantial errors, shown
as significant negative pressure deviations in regions near the leading
edge that extend inside the original regions where nodal features are
kept. A similar phenomenon is observed for the ablation error asso-
ciated with Cluster 3. Interestingly, the ablation error obtained when
preserving only Cluster 4 (the leading-edge region) is smaller than the
errors corresponding to the other clusters. This suggests that, at shallow
layers, the leading-edge region contains more globally informative fea-
tures that VortexNet leverages for pressure field reconstruction. This
conjecture is further supported by the distribution of AC};F , where the
highest pressure magnitudes and sharpest gradients are concentrated
near the leading edge.

At the intermediate layer (Layer 5), removing specific wing regions
no longer induces substantial global error variations. The ablation er-
rors associated with the left wing afterbody from Cluster 1's dCL““d, the
right wing afterbody from Cluster 2’s, and the central afterbody from
Cluster 4's show comparable magnitudes and do not differ significantly.
This suggests that a coherent global pressure field representation has
already been established by this stage of the network, and truncating
features from individual regions primarily produces localized effects.
Such localization is further reflected in the sharp spatial boundaries of
the ablation errors for each cluster. For Cluster 1 and Cluster 2, we no
longer observe the cross-region error propagation seen in earlier layers;
eliminating nodes outside a region does not strongly affect predictions
within that region. This trend is particularly apparent for Cluster 3,
where the ablation error exhibits a clear cutoff along two outboard
sections, resembling the geometric extent of the cluster itself, as shown
in Fig. 12. This localization effect becomes even more pronounced in
deeper layers. At Layer 9, truncating features from a specific region
affects only that eliminated region and produces negligible influence on
the preserved regions. The preserved regions exhibit near-zero ablation
error, indicating that Acgmﬂ within those regions is effectively identical

to the original prediction ACfred obtained without truncation.

This progressive localization of ablation error across layers is con-
sistent with the message-passing mechanism of GNNs, in which nodal
features are iteratively aggregated from neighboring nodes at each hop.
For a preserved region to achieve accurate predictions, it must incor-
porate information from adjacent regions, especially from the leading
edge region in the present study. Once this information propagates
into the preserved region, it is further aggregated locally to refine the
field prediction. Because VortexNet is built upon a GNN architecture,
information propagation across the graph is governed by the number
of message-passing hops, implemented as stacked Convolutional Block
layers. For larger graphs with finer panel discretizations, deeper net-
works would therefore be required to ensure that information from
physically informative regions can traverse sufficiently across the graph
and influence distant nodes.

However, deeper networks are more challenging to train and prone
to high-variance error. To address this limitation, improved edge def-
initions that connect nodes beyond direct neighbors could be imple-
mented. Alternatively, using a fully connected graph may help mitigate
this issue, though the implications of adopting such a graph remain
unclear as the addition of trainable parameters may decrease the pre-
diction accuracy under limited HF samples. Additionally, since pooling
layers are not utilized in this network, we believe that incorporating a
properly designed pooling and unpooling mechanism, such as the one
proposed by Immordino et al. [59], could assist information propaga-
tion by reducing the computational graph size toward deeper layers.
This highlights the need for future research on optimizing graph defini-
tions and model architectures in VortexNet-like surrogate modeling
techniques.

Finally, we examine the feature representations shown in the right
panel of Fig. 13. In the shallower layers, the distribution of nodal
feature clusters loosely follows the positional distribution of the corre-
sponding nodes in physical space. For example, the relative separation
between the left and right afterbody sections can still be identified
along the principal axes. As depth increases, this grouping by physi-
cal proximity diminishes. By Layer 5, the majority of nodes collapse
into a single dominant cluster, with only a subset of leading-edge
nodes remaining separated. This behavior suggests that, at this stage,
features associated with flow physics become more influential than
purely geometric location. Because the left and right outboard sections
experience symmetric free-stream conditions, their physical separation
becomes a less dominant organizing factor in clustering. Additionally,
from Layer 1 to Layer 5, the overall aspect ratio and spatial spread of
the nodal feature distribution decrease, as evidenced by the reduced
extent of the combined cluster manifold. This contraction of the latent
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Fig. 13. Ablation study results illustrating ablation error (AC;“"‘J - AC},’““) for node features within each cluster (columns), and the projected latent space nodal
features plotted against the principal axes, with scatter dot colors indicating the corresponding clusters of the nodes. The rows represent the specific layers where

the ablation study is conducted.

space suggests a potential mechanism underlying VortexNet’s gener-
alizability: by nonlinearly mapping the input geometry—flow state into
a more compact latent representation, the network facilitates smoother
interpolation across nodes. Such compactness may enable consistent
field prediction across varying geometries and flow conditions. At the
last layer, the clusters re-expand while preserving the left-right symme-
try between Cluster 1 and Cluster 2, further supporting the conjectured
mechanism between geometric structure and flow-conditioned feature
organization in the learned latent space.

5. Conclusions and future work

In this work, we propose a novel GNN-based surrogate model named
MF-VortexNet for aircraft conceptual design. The surrogate model
integrates high-fidelity CFD data into field data predictions generated
by low-fidelity prediction tools, such as the vortex lattice method. Com-
pared to traditional surrogate modeling techniques, which primarily
focus on specific scalar variables, the field data prediction capability
allows for arbitrary quantities of interest to be evaluated within con-
ceptual design environments. Once trained, the surrogate model can
generate quasi-HF field data predictions that capture the pressure field
impacted by nonlinear flow physics at a cost comparable to that of
running a VLM, thereby addressing the fidelity-cost trade-off challenge
in the conceptual design phase.

The MF-VortexNet architecture utilizes U-net-style skip connec-
tions for global feature capturing and employs graph attention net-
work (GAT) Convolutional Blocks for local flow feature capture, such
as vortex lift and flow separation. Data assembly methods, implicit
physical constraint enforcement, and training schemes tailored to MF-
VortexNet are also explored and presented.

The model’s prediction accuracy is evaluated both qualitatively
and quantitatively. When provided with an input geometry seen dur-
ing training, the surrogate model demonstrates strong performance in
reconstructing qualitative flow features and achieves low prediction
RMSE, establishing significant fidelity improvements over LF-based
aerodynamic prediction methods. Deployment of MF-VortexNet for
lift and moment coefficient prediction yields a five- to seven-fold
reduction in NRMSE relative to the LF solver, depending on the ge-
ometry set examined. The model's generalizability is also evaluated,
demonstrating its ability to predict pressure fields and recover inte-
grated aerodynamic quantities for unseen geometries. Nonetheless, a

degradation in field reconstruction quality is observed relative to seen
geometries, indicating opportunities for future improvement. Despite
these limitations, the model demonstrates potential as a mesh-agnostic
surrogate. Such capability is critical for conceptual aircraft design
under design space exploration. Finally, a latent space ablation study
is conducted to explain the prediction mechanism of the proposed
network. The results indicate that MF-VortexNet attains its predic-
tive capability by jointly encoding geometric and flow features into a
compact, interpolatable latent space.

Future work will focus on enhancing the model’s generalizabil-
ity and improving feature-capturing efficiency for more complex ge-
ometries, graph representations, and broader aerodynamic conditions.
We believe that the model’s predictive capability and efficiency can
be further improved through the introduction of hierarchical pooling
mechanisms, refinement of edge-connectivity graphs, and the use of
more representative and diverse training datasets. As the proposed
framework is not restricted to pressure-field regression, its applica-
tion on cross-fidelity bridging can extend beyond pressure field and
aerodynamics modeling. A promising direction is the extension of the
proposed surrogate framework to predict field quantities that are poorly
captured or absent in classical low-fidelity methods, such as wall-shear
stress, local boundary-layer properties, and thermal loads. Finally, as
a data-driven surrogate modeling framework, MF-VortexNet is not
limited to the VLM-RANS setting considered in this study and can
be generalized to additional fidelity levels. Extending the model to
interpolate across a broader range of fidelity levels is a promising
direction for future applications.
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