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Surface Mesh Deformation for Large-Scale Multidisciplinary
Design Optimization of Aircraft Concepts

Marius L. Ruh∗, and John T. Hwang†

University of California San Diego, 9500 Gilman Dr, La Jolla, CA 92093

Large-scale multidisciplinary design optimization of aircraft concepts
requires differentiable predictive models that remain robust under large geo-
metric changes. While semi-empirical and low-fidelity aerodynamic models
capture first-order sizing effects, they are often insufficient for predicting
full-configuration aerodynamics, particularly for multi-component configu-
rations. Higher-fidelity models, such as panel methods and computational
fluid dynamics, address this limitation but require conforming surface meshes.
Maintaining such meshes on the outer mold line (OML) under large deforma-
tions is a major bottleneck. In this work, we develop a differentiable surface
mesh deformation algorithm for independently parameterized and intersecting
components undergoing large shape changes. The method combines explicit
parametric geometry with implicit signed distance function representations
to avoid explicit intersection computations and enable robust projection of
mesh nodes onto a smooth OML. We apply the approach to a representative
aircraft configuration subjected to large geometric deformations. In addition,
we demonstrate the deformation algorithm by pairing it with a 3D panel code
and solving a large-scale fuel-burn-minimization problem involving planform,
wing twist and camber, and component placement variables. The results
demonstrate robust optimization convergence while maintaining acceptable
mesh quality under large deformations; in the most severe case, the 95th-
percentile cell aspect ratio remains below 2.2, and fewer than 0.14% of cells
exceed an aspect ratio of 5. These findings suggest that the proposed algorithm
is a potential enabler for incorporating higher-fidelity aerodynamic models
into conceptual aircraft design.

I. Introduction
Large-scale multidisciplinary design optimization (MDO) with analytic, adjoint-based sensitivity analysis provides

a systematic framework for aircraft design that can efficiently explore high-dimensional design spaces with hundreds
to thousands of variables. Recent advances in computing hardware, automated sensitivity analysis [1], and MDO
frameworks [2] have enabled the application of large-scale MDO to a wide range of problems, including high-fidelity
aerostructural optimization of tube-and-wing aircraft [3–5], aerodynamic shape optimization of unconventional
configurations [6, 7], and system-level design studies of emerging concepts such as electric vertical takeoff and landing
(eVTOL) vehicles [8, 9].

A useful way to frame recent progress in MDO is through the multidimensional model-fidelity framework introduced
by Venkataraman and Haftka [10]. As shown in Fig. 1, the three axes represent increasing model fidelity, increasing
design-variable dimension, and increasing disciplinary or design-condition scope. Many MDO studies advance along
one or two of these axes: high-fidelity aerostructural optimization increases model fidelity but is often applied to
a narrow set of disciplines and design variables, while system-level conceptual MDO increases design scope and
dimensionality but often relies on lower-fidelity aerodynamic models. The broader MDO community has increasingly
pursued this high-fidelity, high-dimensional, and system-level region at earlier design stages to improve the reliability
and interpretability of optimization results, reduce conceptual-design uncertainty, and support a more efficient aircraft
design cycle [11].
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Fig. 1 Three-dimensional complexity–fidelity framework for multidisciplinary design optimization, adapted
from Venkataraman and Haftka [10]. The axes represent increasing design-variable dimension, increasing
problem scope, and increasing model fidelity. The gray surface notionally illustrates how MDO studies can
increase in complexity along different combinations of these axes, while the arrow indicates the broader trend
toward higher-fidelity, higher-dimensional, system-level optimization at earlier design stages.

At the conceptual design stage, the primary objective is to rapidly explore a large design space to identify
configurations that satisfy mission and performance requirements [12, 13]. This process inherently involves large
geometric variations, including changes in wing planform (e.g., area and aspect ratio), component placement (e.g., tail
moment arm), and spatially varying quantities such as twist and camber. To support such exploration, predictive models
must remain robust under these geometric changes while maintaining computational efficiency.

Traditionally, conceptual design relies on semi-empirical and low-fidelity physics-based models that capture first-
order sizing effects without requiring detailed geometric representations. However, these models are often derived from
historical data and therefore have limited applicability to novel configurations. In contrast, higher-fidelity physics-based
models are largely configuration-independent and can capture important effects such as component interactions and
viscous phenomena [14]. Because these models compute aerodynamic field quantities, such as pressure, over the full
configuration, they can compute forces, moments, and stability derivatives from a single coupled solution rather than
relying on separate component estimates and empirical interference corrections.

A key challenge in incorporating higher-fidelity aerodynamic models into conceptual design is the need for a
high-quality surface mesh. For multi-component geometries with intersections, many aerodynamic solvers, such as
panel codes (e.g., [15]) and unstructured CFD (e.g., SU2 [16]), require conforming surface meshes that accurately
represent the outer mold line (OML). During optimization, these meshes must be updated as the geometry changes.
This requirement becomes particularly challenging under large geometric deformations, where component intersections
evolve due to changes in planform variables, component translations and rotations, or scaling operations. In such cases,
the mesh must remain on the OML, conform to updated intersections, and maintain acceptable element quality.

Existing mesh deformation methods, including Laplacian smoothing [17], spring analogy[18], and radial-basis-
function (RBF) interpolation [19], are effective for small or localized deformations. However, they are generally
not designed to handle large, multi-component geometric changes with evolving intersections, nor are they typically
formulated to be fully differentiable within gradient-based optimization loops. As a result, conceptual-level large-scale
MDO studies are often limited to low-fidelity aerodynamic models such as the vortex lattice method (VLM), which do
not require conforming surface meshes but cannot capture full-configuration effects such as fuselage-wing interactions
without empirical corrections [15]. This limitation motivates the development of a surface mesh deformation algorithm
that is suitable for conceptual design and compatible with large-scale MDO. Enabling higher-order aerodynamic models
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at this stage would improve the accuracy of performance predictions and reduce reliance on empirical corrections,
thereby producing more reliable and interpretable optimization results. Furthermore, increasing the fidelity of conceptual
design analyses has the potential to accelerate the overall aircraft design process by reducing the risk of major design
changes in later stages.

The goal of this work is to enable full-configuration aerodynamic modeling within large-scale MDO of aircraft
concepts under large geometric changes. To achieve this, we develop a differentiable surface mesh deformation algorithm
that robustly handles independently parameterized and intersecting components undergoing translations, rotations, and
scaling. Our approach combines explicit parametric geometry representations with implicit representations based on
signed distance functions (SDFs), allowing us to avoid explicit intersection computations and instead represent the OML
as the zero-level set of a smooth scalar field. The resulting deformation procedure is fully differentiable and compatible
with adjoint-based sensitivity analysis, making it suitable for integration into gradient-based MDO frameworks. We
demonstrate the proposed method on representative aircraft configurations undergoing large geometric changes. In
addition, we integrate the deformation algorithm with a panel method and solve a large-scale fuel-burn-minimization
problem involving planform variables, wing twist and camber, and component placement variables.

The remainder of this paper is organized as follows. First, we review background concepts related to explicit and
implicit geometry representations and existing mesh deformation methods in Sec. II. Next, we present the proposed
surface mesh deformation algorithm in detail in Sec. III. We then validate and demonstrate the performance of the
method through a series of deformation and optimization results in Sec. IV and Sec. V, and discuss the implications of
the proposed approach for conceptual aircraft design as well as outline directions for future work.

II. Background: Geometry Representations
Most geometry tools used in aircraft conceptual design rely on explicit representations such as computer-aided

design (CAD), constructive solid geometry (CSG), or deformational geometry parameterizations based on free-form
deformation (FFD) [20–23]. We use both explicit and implicit geometry representations in this work. Explicit
representations describe each aircraft component through parametric surfaces and provide a convenient mechanism for
design-variable-driven geometry manipulation. Implicit representations describe each component through a signed
distance function (SDF) and provide a convenient mechanism for projection and smooth union operations. This section
introduces the notation and operations that we use in the surface mesh deformation algorithm.

A. Explicit Geometry Representation
We represent the aircraft geometry as a collection of independently parameterized components indexed by 𝑐 ∈ C.

Each component consists of one or more parametric surface patches. We write the evaluation of component 𝑐 as

y = S𝑐 (𝝁; C𝑐), 𝝁 = (𝑖, 𝑢, 𝑣), (1)

where 𝑖 is the patch index, (𝑢, 𝑣) ∈ [0, 1]2 are normalized parametric coordinates, and C𝑐 denotes the coefficients
or control points of component 𝑐. We use superscripts 0 and ∗ to denote the reference and deformed geometries,
respectively, so that S0

𝑐 and S∗
𝑐 denote the same component before and after geometry manipulation.

Projection is a central operation for explicit geometries. Given a point x ∈ R3, the closest point on component 𝑐
solves

𝝁𝑐 (x) = arg min
𝝁

∥S𝑐 (𝝁; C𝑐) − x∥2 . (2)

This operation is useful for setup tasks such as assigning mesh vertices to components and storing reference parametric
coordinates. However, repeated explicit projection and intersection computations can become expensive and may
introduce nonsmoothness when solutions cross patch boundaries, if the parametric surfaces are only 𝐶0 continuous
across patch boundaries. These limitations, in part, motivate the use of implicit geometry representations in the
deformation algorithm.

We manipulate the explicit geometry using free-form deformation (FFD) and component-level transformations. An
FFD block is a tensor-product spline volume that embeds the control points of one or more components. For an FFD
coordinate 𝝃 ∈ [0, 1]3, the FFD map is

F(𝝃; B) =
𝑛1∑︁
𝑖=1

𝑛2∑︁
𝑗=1

𝑛3∑︁
𝑘=1

𝑁𝑖 (𝜉1)𝑁 𝑗 (𝜉2)𝑁𝑘 (𝜉3)B𝑖 𝑗𝑘 , (3)
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where B is the FFD control lattice and 𝑁𝑖 , 𝑁 𝑗 , and 𝑁𝑘 are spline basis functions. During setup, we embed each geometry
control point C0

𝑐,ℓ
in the FFD block by storing its parametric coordinate 𝝃𝑐,ℓ . After the FFD lattice moves from B0 to

B∗, we update the embedded geometry control point by evaluating the deformed FFD map,

C∗
𝑐,ℓ = F(𝝃𝑐,ℓ ; B∗). (4)

This construction provides a smooth, low-dimensional map from design variables to the high-dimensional explicit
geometry.

For lifting surfaces, we organize the FFD block by spanwise sections. We then apply intuitive section-level operations
such as chord stretch, span stretch, sweep translation, twist rotation, camber change, and thickness change. We represent
these section-level quantities with low-dimensional spline functions along the span, which gives smooth deformation
patterns with relatively few design variables. Camber variables move the upper and lower FFD layers in the same
local-thickness direction, whereas thickness variables move them in opposite directions. We scale the prescribed
camber and thickness changes by local chord, so these variables have a nondimensional interpretation. For symmetric
configurations, we mirror sectional parameters across the center plane and mirror span stretch antisymmetrically so that
the root remains on the symmetry plane. Fletcher and Hwang [24] provide a detailed description of the FFD approach
used in this paper.

We also apply component-level transformations when they provide a more direct parameterization than sectional
FFD variables. For example, we can translate a wing, rotate a horizontal tail about a root quarter-chord point, or radially
scale a fuselage about its centerline with a smooth axial taper. Together with the FFD approach, these operations produce
the deformed component maps S∗

𝑐 and the deformed control-point arrays C∗
𝑐 that the mesh deformation algorithm uses.

(a) Wing geometry embedded in an FFD block discretized
by a structured lattice of control points

(b) Deformed wing geometry due to perturbations of
FFD-block control points

Fig. 2 We manipulate the central B-spline geometry by embedding it in an FFD volume and modifying the FFD
control points.

B. Implicit Geometry Representation
An alternative is to represent geometry implicitly using signed distance functions (SDFs), which have become

increasingly common in geometry processing and learning-based shape representations [25, 26]. We represent each
component implicitly with a signed distance function 𝜙𝑐 : R3 → R. In this paper, we use the convention that 𝜙𝑐 (x) < 0
inside component 𝑐, 𝜙𝑐 (x) > 0 outside component 𝑐, and 𝜙𝑐 (x) = 0 on the component boundary. For a smooth
component boundary 𝜕Ω𝑐, the signed distance is

𝜙𝑐 (x) = 𝑠𝑐 (x) inf
y∈𝜕Ω𝑐

∥x − y∥2, (5)

where 𝑠𝑐 (x) is the inside–outside sign. Away from the medial axis and for smooth boundaries, an exact SDF satisfies
∥∇𝜙𝑐 ∥2 = 1, and ∇𝜙𝑐 equals the outward unit normal on the boundary. This property gives the standard SDF projection
formula,

y∗ = x − 𝜙𝑐 (x)∇𝜙𝑐 (x). (6)
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For a multi-component configuration, we define the OML as the boundary of the union of component volumes.
With the sign convention above, the hard union SDF is the pointwise minimum of the component SDFs,

𝜙OML (x) = min
𝑐∈C

𝜙𝑐 (x). (7)

This hard minimum assigns each point to a single closest or most-interior component. Near component intersections,
such assignments can switch abruptly from one component to another, which introduces nonsmoothness in the OML
representation and can produce numerical noise during mesh deformation.

To obtain a smooth OML representation near intersections, we replace the hard minimum with the smooth minimum

Φ(x) = − 1
𝜌

log

(∑︁
𝑐∈C

exp[−𝜌𝜙𝑐 (x)]
)
, (8)

where 𝜌 > 0 controls the sharpness of the approximation. As 𝜌 increases, Φ approaches the hard minimum. For finite 𝜌,
Φ blends the component SDFs smoothly and produces a rounded transition near intersections. This smooth union is
important for mesh deformation because near-intersection vertices can move along a continuous OML representation
instead of being assigned discontinuously to a single component surface. In principle, one can reduce computational
cost by evaluating only a local subset of component SDFs for a given point, but this is an implementation detail rather
than a change in the mathematical definition of the OML.

There are several practical ways to evaluate component SDFs. For simple geometric primitives, such as spheres,
boxes, cylinders, and capsules, analytic SDF expressions are available and can be evaluated efficiently. These expressions
are useful for prototyping, verification, and simplified configuration studies, but they do not directly represent general
aircraft components described by spline surfaces. A second option is to approximate each component by a triangulated
surface and compute distances and signs with respect to the triangulation. This approach is robust and widely available
(see e.g., [27]), but the resulting distance field is only as accurate as the triangulation and has nonsmooth gradients
across triangle boundaries.

A third option is to compute the distance directly from the explicit parametric geometry using the projection
operation in Eq. (2). This approach preserves the geometric accuracy of the B-spline representation and avoids replacing
the component geometry with a piecewise-linear approximation. However, it requires a robust closest-point projection
algorithm, and the sign must still be determined reliably. In this paper, we use a hybrid approach: we compute the
unsigned distance from the explicit B-spline geometry and determine the sign using a triangulation-based inside–outside
check. This preserves the geometric accuracy of the parametric surface in the distance computation while using a robust
sign test. Figure 3 shows a representative SDF computed with this approach for a swept and tapered wing geometry. A
fully projection-based sign computation using oriented surface normals is also possible, but it requires a sufficiently
smooth and consistently oriented surface normal field.

A fourth option is to train a surrogate model of the component SDF from projection-based distance data. For
example, one can sample points near the component boundary, compute signed distances using one of the methods above,
and fit a smooth surrogate such as an RBF or neural implicit model. This approach can be particularly useful when the
algorithm requires many component or union SDF evaluations, because the surrogate can be cheaper to evaluate and
can reduce memory requirements compared with repeated projection queries or dense triangulated representations.
However, the surrogate must approximate both SDF values and gradients accurately near the zero-level set, since these
quantities directly affect seam motion and final OML projection. For this reason, surrogate-based SDF evaluation
introduces an additional accuracy–cost tradeoff.

-0.2 4.0

Normalized span: 0 Normalized span: 0.4 Normalized span: 0.8Normalized span: -0.4Normalized span: -0.8

Signed distance

Fig. 3 Example signed distance field for a swept and tapered wing. We compute the unsigned distance using
projection onto the B-spline geometry and determine the sign using a triangulation-based inside–outside check.
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C. Overview of Existing Mesh Deformation Algorithms
Mesh deformation methods update the positions of existing mesh nodes after a change in the design geometry.

For the present application, such a method must not only move a mesh, but do so for independently parameterized,
intersecting aircraft components undergoing large translations, rotations, and scalings while preserving mesh quality and
differentiability. This requirement is more restrictive than many classical dynamic-mesh settings, because the conforming
surface mesh must remain on the OML and must follow the motion of component intersections. The relationship
between a mesh deformation method and the underlying geometry representation therefore matters: some methods
operate directly on mesh coordinates, whereas others use explicit geometry projections, component intersections, or
implicit distance fields to keep the mesh tied to the geometry.

Classical physics-based methods include spring analogies, Laplacian or elliptic smoothing, and linear-elasticity
mesh motion. Spring-analogy methods model mesh edges as springs and solve for equilibrium after boundary nodes
move [18, 28, 29]. These methods are inexpensive and use sparse systems, but they may require torsional springs,
load stepping, or local repair to avoid element inversion under large rotations or translations. Laplacian and elliptic
smoothing methods diffuse boundary displacements through the mesh by solving sparse elliptic problems [30, 31].
They are efficient and differentiable for fixed operators, but the diffusion process can over-smooth local features and
may not preserve quality in highly compressed regions. Elasticity-based methods treat the mesh as a deformable solid
and usually provide better element-quality control for large motions, but they are more expensive and still depend on
boundary motion that must be prescribed consistently on the geometry [32, 33].

Interpolation-based approaches, including inverse-distance weighting, thin-plate splines, and radial-basis-function
(RBF) interpolation, construct smooth displacement fields from prescribed control or boundary-node displacements [34,
35]. These methods often tolerate larger rigid-body-like motions than purely local smoothing methods and are attractive
for MDO because the fitted displacement field is differentiable for fixed control points. Their main drawback is
that they do not, by themselves, determine how boundary nodes should move when component intersections change.
For multi-component aircraft geometries, a naive interpolation of independently deformed component surfaces can
break conformity at seams or force near-intersection nodes to follow the wrong component. Thus, interpolation-based
methods are useful as propagation mechanisms, but they require geometry-aware displacement data to handle evolving
intersections.

Recent MDO-tailored surface deformation methods address this missing geometry step more directly. Yildirim et
al. developed a surface mesh deformation method near component intersections for high-fidelity design optimization,
using triangulated surface representations, intersection-aware projections, and mesh updates that preserve topology
near seams [36]. In our previous work, we recomputed explicit intersections between independently parameterized
components and used thin-plate splines to propagate the updated seam motion to the surface mesh [37]. That approach
established a differentiable path for large component translations and rotations, but repeated explicit intersection
construction and projection across parametric patches can be expensive and can introduce numerical noise. An earlier
projection-error formulation also highlighted the same central requirement: the mesh must remain tied to the OML while
preserving quality as intersections move [38]. The present work builds on these ideas but shifts the intersection and
projection machinery toward an implicit SDF-based OML representation, while retaining explicit parametric geometry
for component motion and intersection-aware displacement construction.

III. Novel Surface Mesh Deformation Algorithm
We now describe the surface mesh deformation algorithm. The algorithm starts from the deformed explicit

component maps S∗
𝑐 and the corresponding deformed component SDFs 𝜙∗𝑐 introduced in Sec. II. It updates a reference

surface mesh while keeping the mesh connectivity fixed. The main challenge is to move mesh vertices consistently
near component intersections, where a vertex should not simply follow one component if the deformed intersection has
shifted relative to that component.

The algorithm uses two complementary geometry descriptions. It uses the explicit component surfaces to define
physically meaningful component and seam motion. It uses the implicit SDF union to project the final mesh onto a
smooth OML representation. This combination avoids repeated explicit intersection-curve construction while still
accounting for the motion of intersections under large component translations, rotations, and scaling.
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Table 1 Summary of mesh deformation approaches in the context of large-scale conceptual-aircraft MDO with
independently parameterized, intersecting components.

Approach Theoretical basis and geometry link Strengths Limitations for the present goal
Spring analogy Sparse equilibrium of edge or torsional

springs; operates mainly on mesh con-
nectivity [18, 28, 29].

Low cost; simple implementation; useful
for moderate boundary motion.

Local model can invert or distort under large
component translations/rotations; does not de-
termine updated intersections.

Laplacian/elliptic smoothing Diffusion of prescribed boundary mo-
tion through sparse elliptic opera-
tors [30, 31].

Efficient; smooth displacement fields; dif-
ferentiable for fixed operators.

Over-smooths local features; weak quality con-
trol near compressed seams; requires externally
prescribed intersection motion.

Elasticity-based motion Mesh is treated as a linear or nonlinear
elastic solid [32, 33].

Better element-quality control than local
smoothing; natural extension to volume
meshes.

Higher cost; boundary motion still must come
from explicit geometry or intersection updates;
topology changes are not automatic.

RBF/TPS/IDW interpolation Global or compact displacement inter-
polation from control points or bound-
ary displacements [34, 35].

Handles large smooth motions; differen-
tiable for fixed anchors; useful propagation
mechanism.

Dense or large systems may scale poorly; does
not by itself enforce OML conformity or evolv-
ing component intersections.

Intersection-aware MDO meth-
ods

Explicit geometry projections, trian-
gulated surface operations, or fitted
seam curves near component intersec-
tions [36, 37].

Directly target conforming surface meshes
near intersections; compatible with high-
fidelity design optimization.

Repeated explicit intersection/projection op-
erations can be costly or nonsmooth across
patches; robustness depends on geometric pre-
processing.

Present SDF-assisted approach Explicit parametric surfaces define com-
ponent and seam motion; smooth SDF
union defines the final OML projection.

Avoids explicit intersection-curve construc-
tion during each update; supports large
multi-component changes; improves dif-
ferentiability near seams through smooth
unions.

Requires accurate component SDF values and
gradients; discrete setup data and large topol-
ogy changes still require care.

A. Algorithm Overview
Let the reference mesh be defined by vertex positions {x0

𝑎}
𝑁𝑣

𝑎=1 and fixed edge and face connectivity. During setup,
we select a subset I of mesh vertices as RBF training vertices. We also store setup data that do not change during
differentiation, including component ownership, seam labels, candidate target-component sets, graph distances to seams,
nearest-seam maps, and protected feature labels.

For a new deformed geometry, we first compute displacement data at the training vertices. Away from intersections,
we compute this displacement by evaluating the motion of the associated component at the stored parametric coordinate.
At intersections, we recompute where the deformed seam lies by solving a scalar SDF residual along a parametric curve
on one component. Near intersections, we blend these two motion models so that seam motion dominates close to the
intersection and component motion dominates away from it.

After constructing the training displacements, we fit a smooth vector-valued RBF displacement field and evaluate
it at all mesh vertices. This step propagates sparse, geometry-informed displacement data to the full mesh. Finally,
we project the displaced vertices onto the smooth OML defined by the soft union SDF and optionally interleave this
projection with smoothing to improve element quality. Algorithm 1 summarizes the complete procedure.

B. Component-Based Displacement Data
For each training vertex assigned to a single component, we store a reference parametric coordinate 𝝁0

𝑖
during setup.

When the geometry changes, we evaluate the same parametric coordinate on the reference and deformed component
surfaces and compute

Δxcomp
𝑖

= S∗
𝑐𝑖
(𝝁0

𝑖 ) − S0
𝑐𝑖
(𝝁0

𝑖 ), (9)

where 𝑐𝑖 denotes the owner component of training vertex 𝑖. This displacement model works well for vertices that remain
attached to one component. It does not, however, provide the right motion for seam vertices, because seam vertices must
remain consistent with the deformed intersection of two or more components.

We identify seam vertices during setup by checking whether a mesh vertex lies close to multiple components. For
a pairwise seam, we store a reference component 𝑟 and a target component 𝑡. The reference component provides
the parametric curve along which we search, while the target component provides the SDF residual that defines the
intersection. For multi-component seams, we replace the single target component with a small candidate set of target
components.

C. Soft-Bracketed Intersection Motion
The most important part of the algorithm is the recomputation of seam motion from the deformed analytic geometry.

Instead of assigning an intersection vertex to one component or averaging the displacement of two components, we
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ask where the deformed reference component intersects the deformed target geometry. This gives seam displacements
that follow the actual deformed intersection and therefore provide geometrically meaningful training data for the mesh
motion.

Consider a seam training vertex 𝑖 whose reference seam lies on component 𝑟 and whose target geometry is represented
by a component set T𝑖 . We define a one-dimensional search curve on the deformed reference component by varying one
local parametric coordinate while holding the other fixed,

q𝑖 (𝜆) = S∗
𝑟 (𝝁𝑖 (𝜆)), 𝜆 ∈ [0, 1] . (10)

The function 𝝁𝑖 (𝜆) encodes the stored patch index, the fixed transverse coordinate, and the searched coordinate. We
then define the scalar residual

𝑔𝑖 (𝜆) = Φ∗
T𝑖 (q𝑖 (𝜆)), (11)

where Φ∗
T𝑖 is the smooth union SDF of the deformed target components. A root of 𝑔𝑖 corresponds to a point on the

deformed reference component that also lies on the deformed target OML. We therefore compute the deformed seam
point as

x∗𝑖,seam = q𝑖 (𝜆∗𝑖 ), 𝑔𝑖 (𝜆∗𝑖 ) = 0, (12)

and set the seam displacement to
Δxseam

𝑖 = x∗𝑖,seam − x0
𝑖 . (13)

We solve the scalar root-finding problem with a fixed number of bracketed iterations. Standard bisection updates the
bracket using a binary sign test. We replace this binary decision with a smooth same-side indicator, for example

𝜎𝑘 = 𝐻𝜂 (𝑔𝑖 (𝑙𝑘)𝑔𝑖 (𝑚𝑘)) , 𝐻𝜂 (𝑧) =
1
2
[1 + tanh(𝜂𝑧)] , (14)

where 𝑙𝑘 is the lower bracket endpoint, 𝑚𝑘 is the midpoint, and 𝜂 controls the sharpness of the transition. We then use
𝜎𝑘 to smoothly choose which half of the bracket to keep. This soft-bracket construction preserves the logic of bisection
while replacing the discontinuous branch with differentiable arithmetic. The exact smoothing function is not essential;
for example, the hyperbolic tangent can be replaced by another smooth indicator such as a sigmoid function. The
essential point is that the root location changes smoothly with the deformed geometry as long as the root remains inside
the chosen bracket. Figure 4 illustrates how the soft-bracketed search advances seam vertices toward the deformed
intersection by combining a parametric search on one component with SDF evaluations of the intersecting component.

This intersection-motion model also supports moderate changes in local intersection ownership. For example, a
wing-root seam point may switch from intersecting a fairing to intersecting a fuselage. We handle this case by including
both the fairing and fuselage in T𝑖 and using the smooth union residual in Eq. (11). Large topology changes, such as a
seam leaving its bracket or a new component entering the relevant target set, require regenerating the setup data.

D. Near-Intersection Blending
The exact seam displacements provide reliable motion at intersection vertices, but we also need to move nearby

vertices smoothly. If we only prescribed seam displacements at the intersection and component displacements elsewhere,
the training data could change abruptly across a few mesh edges. We therefore blend seam motion into component
motion over a finite graph-distance neighborhood of each seam.

Let J denote the set of seam training vertices, and let 𝑑𝐺 (𝑖,J) denote the graph distance from training vertex 𝑖 to
the nearest seam vertex. We define a smooth blending weight 𝛼𝑖 ∈ [0, 1] that equals one at the seam and decays to zero
away from the seam. If 𝑗 (𝑖) denotes the nearest seam vertex or a weighted average of nearby seam vertices, the blended
training displacement is

Δx𝑖 = (1 − 𝛼𝑖)Δxcomp
𝑖

+ 𝛼𝑖Δxseam
𝑗 (𝑖) . (15)

This blending makes the mesh respond to the movement of the deformed intersection without forcing all nearby vertices
to lie exactly on the seam. It also prevents the RBF displacement field from fitting incompatible motion data near
component intersections.
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Final (approximate) intersection point

Midpoint trajectory

Positive bracket end point

Negative bracket end point

Fig. 4 Soft-bracketed intersection update for seam vertices. The algorithm searches along one parametric
direction on the explicit surface of one component while evaluating the signed distance function of the intersecting
component. The lower and upper bracket endpoints define a differentiable bracketed search whose midpoint
trajectory converges toward the final seam point. This seam point defines the intersection displacement used to
drive nearby mesh vertices.

E. RBF Mesh Displacement Field
We use the training pairs (x0

𝑖
,Δx𝑖) for 𝑖 ∈ I to construct a smooth displacement field over the reference mesh. We

use a vector-valued RBF interpolant with an affine polynomial term,

d(x) =
∑︁
𝑗∈I

𝜓

(
∥x − x0

𝑗 ∥2

)
w 𝑗 + A𝑇p(x), (16)

where 𝜓 is a radial kernel, w 𝑗 ∈ R3 are RBF weights, p(x) = [1, 𝑥1, 𝑥2, 𝑥3]𝑇 , and A contains the affine coefficients. In
this work, we use the cubic kernel 𝜓(𝑟) = 𝑟3. We obtain the coefficients by solving the standard RBF interpolation
system with the usual polynomial side condition, or a regularized least-squares variant when we use oversampled
training data.

After fitting the RBF field, we displace every mesh vertex according to

x̂𝑎 = x0
𝑎 + d(x0

𝑎), 𝑎 = 1, . . . , 𝑁𝑣 . (17)

This step propagates sparse training data to the full surface mesh and keeps the mesh connectivity fixed. We can also
reapply protected feature constraints, symmetry-plane constraints, or stationary-row constraints after evaluating the RBF
field.
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F. Projection onto the Smooth OML
The RBF displacement field gives a smooth mesh motion, but it does not guarantee that the moved vertices lie

exactly on the deformed OML. We therefore project active vertices onto the zero-level set of the smooth union SDF Φ∗
C .

For vertex 𝑎, we use the fixed-point update

x𝑘+1
𝑎 = x𝑘

𝑎 −
Φ∗

C (x
𝑘
𝑎)

∇Φ∗

C (x
𝑘
𝑎)



2
2 + 𝜀

∇Φ∗
C (x

𝑘
𝑎), (18)

initialized with x0
𝑎 = x̂𝑎 for the projection loop. If Φ∗

C were an exact SDF, this update would reduce to the standard SDF
projection in Eq. (6). The denominator improves robustness near smooth-min transition regions, where ∥∇Φ∗

C ∥2 may
differ from one.

The smooth union is crucial near component intersections. A hard projection would require each vertex to select
exactly one component SDF, so small changes in geometry could cause a near-intersection vertex to switch components
discontinuously. Such switches can introduce numerical noise in both the mesh motion and its sensitivities. By contrast,
the soft-min OML creates a continuous transition between components for finite 𝜌. Near-intersection vertices can
therefore slide along a rounded, continuous boundary instead of being forced onto one side of a sharp component
intersection. This behavior improves mesh movement and supports differentiability in the regions where conforming
surface meshes are most difficult to maintain.

We optionally augment the projection with graph-Laplacian smoothing to improve element quality after large
deformations, while the projection step returns the smoothed vertices to the smooth OML. We exclude protected features
such as sharp trailing edge, fixed rows, and other constrained vertices (e.g., the tail region of a fuselage intersected with
a horizontal tail) from smoothing and reapply their constraints after projection.

G. Differentiability and Sensitivity Requirements
For fixed setup data, the deformation map consists of differentiable operations. These operations include parametric

surface evaluation, SDF evaluation, soft-bracketed seam search, near-intersection blending, RBF fitting and evaluation,
smoothing, and smooth-OML projection. The fixed setup data include the selected training vertices, component
ownership labels, seam labels, candidate target-component sets, graph-distance neighborhoods, nearest-seam maps, and
protected feature labels. We do not differentiate through changes in these discrete setup quantities.

The soft-bracket seam search makes the intersection-motion step compatible with gradient-based optimization. It
replaces the branch in standard bisection with a smooth approximation while retaining the robustness of bracketed root
finding. This treatment is most accurate when the root remains inside the setup bracket and when the active target
components remain within the candidate set T𝑖 . If the design change violates these assumptions, we regenerate the setup.

The projection step imposes an additional sensitivity requirement. The forward projection in Eq. (18) uses
both Φ∗

C and its spatial gradient ∇Φ∗
C . Therefore, differentiating the final projected vertex positions with respect to

geometry design variables requires differentiating through the SDF-gradient evaluation. If we compute component
SDFs through closest-point projection onto B-spline surfaces, this derivative involves mixed second derivatives of the
projection-defined distance function with respect to the spatial point and the geometry control points. Equivalently, an
adjoint implementation must use second-order information from the implicit closest-point problem, often described
as a second-order adjoint contribution. Without this contribution, gradients through the final OML projection are
incomplete, although the forward mesh motion may still be useful.

Surface smoothness also affects differentiability. If adjacent B-spline patches are only 𝐶0 or have discontinuous
normals, then the closest-point map, SDF gradient, and projected mesh motion can exhibit derivative jumps near patch
boundaries. A smoother surface representation, ideally at least 𝐺1 and preferably 𝐶1 across patch interfaces, reduces
this source of numerical noise. This requirement is particularly important because both the seam search and the final
projection use SDF gradients.

H. Summary of Algorithmic Properties
The proposed algorithm has four properties that make it suitable for large-scale MDO of aircraft concepts. First, it

preserves fixed mesh connectivity while allowing large component translations, rotations, and scaling. Second, it uses
deformed analytic geometry to recompute seam-consistent displacement data rather than relying only on component-wise
displacement interpolation. Third, it projects the displaced mesh onto a smooth SDF union of the OML, which lets
near-intersection vertices move along a continuous boundary and avoids discontinuous component assignment. Fourth,
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it expresses the full deformation procedure with differentiable operations for fixed setup data, making the method
compatible with adjoint-based sensitivity analysis.

These properties address the main limitation of conventional surface mesh deformation methods in conceptual
aircraft design. Instead of assuming small, localized mesh changes, the algorithm explicitly accounts for the motion of
intersections between independently parameterized components. This capability enables higher-order aerodynamic
models that require conforming surface meshes to be used in large-scale conceptual design optimization.

Algorithm 1 Surface mesh deformation algorithm

Input: Reference mesh vertices {x0
𝑎}

𝑁𝑣

𝑎=1, fixed mesh connectivity, setup data, deformed component maps S∗
𝑐, and

deformed SDFs 𝜙∗𝑐.
Output: Deformed mesh vertices {x∗𝑎}

𝑁𝑣

𝑎=1.
1: Compute component-based displacements at component-owned training vertices using Eq. (9).
2: Recompute seam displacements at seam training vertices using the soft-bracketed residual in Eq. (11).
3: Blend component and seam displacements near intersections using Eq. (15).
4: Fit the RBF displacement field in Eq. (16) to the training displacements.
5: Move all mesh vertices using Eq. (17).
6: Reapply protected feature, symmetry-plane, and stationary-row constraints.
7: Project active vertices onto the smooth OML using Eq. (18), optionally interleaved with smoothing.

IV. Validation
The test case for this study is an Embraer 175 regional jet, for which we use a representative geometry built in

OpenVSP [21]. For simplicity, we only consider the fuselage, wing, and horizontal tail components. We first show the
effects of the smoothed SDF projection on the OML mesh near component intersection in Sec. IV.A and then validate
the mesh deformation algorithm in Sec. IV.B by showing its ability to tolerate large geometry changes while preserving
acceptable mesh quality.

A. Intersection Smoothing
As discussed in Sec. III.F, the last step of the surface mesh deformation algorithm is a projection onto the OML,

represented by the zero-level set of the union of the component signed distance functions. For exact SDFs, the union
operator is a hard minimum. However, to maintain differentiability we use a soft-minimum function. A desirable
side-effect is that intersection regions are smoothed so that filleting between components is a natural part of the
formulation. In Fig. 5, we show the effect of the smoothing parameter 𝜌 (see Eq. 8) on the intersection behavior for a
relatively fine surface mesh of about 100,000 elements. For high values of 𝜌, the intersection behavior approaches a
sharp, discontinuous intersection with a kink. On the other hand, for low values of 𝜌, we see a smooth fillet forming
between the intersecting components, which is especially visible near the horizontal tail intersection with the fuselage.
The filleting behavior is desirable for mesh movement of nodes near and on component intersections. Rather than
forcing such nodes to be on a single component, they may smoothly move along a continuous OML representation.

B. Mesh Deformation Results
For the following mesh deformation test cases, we generate a coarser quad-dominant surface mesh with about 15,000

elements, which we also use in the large-scale MDO study. The first deformation test case involves a simultaneous
translation and rotation of the wing along the fuselage as well as a rotation of the horizontal stabilizer. The maximum
wing translation is approximately ±1.5 times the mean aerodynamic chord (MAC), which corresponds to ±5 m. The
extent of the wing and tail rotation is ±10◦ for each component. Figure 6 shows the results. Under the extreme stretching
and warping of the surface mesh, the algorithm preserves reasonable mesh quality and avoids element collapse or
inversion. In Appendix Fig. 12, we show several mesh quality metrics for the two most extreme deformations as well
as for the baseline mesh. The results show that while number of high-aspect-ratio elements increases under extreme
deformation, which is to be expected, the overall mesh quality is maintained.

The second mesh deformation test case shows the algorithm’s ability to tolerate geometric changes in the spanwise
direction of the wing in addition to translations and rotations. Similar to the previous test case, we translate the wing
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Fig. 5 For high values of smoothness parameter 𝜌, the intersection approaches a kink with a 90◦ angle while for
relaxed values, a smooth fillet is created between intersecting components.

along the direction of the fuselage but also change the fuselage diameter simultaneously from 150% to 70% of the initial
diameter. Figure 7 shows the corresponding mesh deformation results, with the fuselage diameter decreasing from top
to bottom and left to right. We see that near the intersection of the wing and the fuselage, mesh nodes that lie on the
wing move in the spanwise direction, driven by the outward and inward motion of the fuselage. Similar to the previous
deformation test case, the mesh quality remains high overall.

V. Application to Large-Scale MDO
In this section we present the results of a large-scale MDO study, in which we couple the mesh deformation algorithm

to a panel code developed by Scotzniovsky and Hwang [39]. The primary goal of this study is to demonstrate the mesh
deformation algorithm in a practical MDO setting, consistent with a realistic aircraft design problem, not to find a more
optimal design than the baseline E175 aircraft.

A. Problem Formulation
The optimization problem considers a single design point (cruise), which determines the fuel weight objective 𝑊 𝑓

based on the Breguet range equation, computed as

𝑊 𝑓 =

(
1 − exp

(
−𝑅 · 𝑐𝑇 · 𝑔
(𝐿/𝐷) · 𝑉

))
·𝑊0 (19)

The range 𝑅 is assumed to be 2,000 nm, the thrust specific fuel consumption 𝑐𝑇 is held constant at 0.68 lb/lbf/h (taken
from a representative General Electric CF34 turbofan engine), 𝑔 is the gravitational acceleration, and 𝑉 is the cruise
speed, computed from the cruise Mach number (𝑀 = 0.7) and the speed of sound at an altitude of 25,000 ft. We
compute the lift and induced drag using the panel code. To compute the parasite drag, we use semi-empirical drag
build-up equations by Raymer [40], which are based on skin-friction coefficient scaling laws. Similarly, to compute the
gross weight, we use empirical component weight relations also developed by Raymer [40]. The component center
of gravity locations are tied to parametric locations of the central B-spline geometry of the baseline design and are
automatically updated through the free form deformation (see Sec. II.A).

In Table 2, we summarize the optimization problem. The design variables are all geometric in nature, ranging from
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Fig. 6 Mesh deformation for simultaneous wing translation, rotation and tail rotation. The surface mesh
smoothly deforms (consistent topology) as the wing is moved and rotated toward the nose and tail. As expected,
mesh cells in front and aft of the wing become compressed or stretched depending on deformation. Mesh quality
remains reasonable with no inverted or collapsed elements.

planform variables like wing area and aspect ratio to cross-sectional shape variables like twist and camber. As explained
in Sec. II.A, we use an FFD approach with parameterized spanwise sections that allows us to directly map changes in
the design variables to deformations of the embedded B-spline geometry. In terms of constraints, we enforce force and
pitching moment equilibrium constraints as well as a minimum payload constraint, based on the ratio of the baseline
design’s payload to the fuselage volume, which we recompute from the changing geometry during optimization. In
addition, in the absence of a physics-based structural model, we enforce a wing loading constraint. Furthermore, we find
that the wing-loading constraint prevents the optimizer from driving the wing toward a design with an artificially small
wing area due to the objective of minimizing fuel-burn, which is largely driven by reducing parasite (skin friction) drag
via a smaller wetted wing area.

For static stability, we enforce a static margin constraint of 5%, where the static margin is the normalized (by MAC)
distance between the neutral point and the center of gravity. We use a finite-difference approximation of the moment
coefficient derivative based on the panel code solution to compute the neutral point. Maeder and Martins [6] provide a
concise derivation of the static margin computation used in this paper. Finally, we place a constraint on the horizontal
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Fig. 7 Mesh deformation for simultaneous wing translation and fuselage diameter scaling. The mesh nodes
near the wing-fuselage intersection smoothly deform as the wing is rotated. The effect of the fuselage diameter
scaling is propagated to wing mesh nodes that lie in the vicinity of the intersection.

tail volume coefficient 𝐶𝑉𝑇
as a proxy for longitudinal dynamic stability, defined as

𝐶𝑉𝑇
=

𝑆𝑇 · 𝑙
𝑆𝑊 · MAC

, (20)
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where 𝑆𝑇 , is the horizontal tail reference area, 𝑙 is the tail moment arm, measured from the quarter chord of the wing to
the horizontal tail (at MAC), and 𝑆𝑊 is the wing reference area.

Table 2 We solve a fuel burn minimization problem, representative of early-stage conceptual aircraft design.

Variable/function Quantity Bounds/Constraints
minimize fuel weight 𝑊 𝑓 1 –

w.r.t. wing twist 8 ±5◦

wing camber 30 ±5%
wing area 𝑆𝑊 (ft2) 1 560 ≤ 𝑆𝑤 ≤ 940
wing aspect ratio 𝐴𝑅𝑊 1 6.3 ≤ 𝐴𝑅𝑤 ≤ 10.5
tail area 𝑆𝑇 (ft2) 1 188 ≤ 𝑆𝑡 ≤ 310
tail aspect ratio 𝐴𝑅𝑇 1 3.2 ≤ 𝐴𝑅𝑇 ≤ 5.4
wing translation Δ𝑥 (ft) 1 ±16.4
tail rotation 1 ±8◦

fuselage diameter 𝐷 𝑓 (ft) 1 7.4 ≤ 𝐷 𝑓 ≤ 12.3
# design variables 45

subject to minimum payload weight 𝑊𝑝 (lbf) 1 𝑊𝑝 ≥ 22050
force equilibrium 1 𝐿 −𝑊0 = 0
moment equilibrium 1

∑
𝐶𝑀𝑦

= 0
wing loading 𝑊0/𝑆𝑤 (lbf/ft2) 1 60 ≤ 𝑊0/𝑆𝑤 ≤ 100
tail volume coefficient 𝐶𝑉𝑇

1 0.7 ≤ 𝐶𝑉𝑇
≤ 1.2

static margin (SM) 1 SM = 0.05
# constraints 6

For this study, we use the Sequential Least Squares Quadratic Programming (SLSQP) algorithm, used through a
modular Python-based interface [41]. We consider two variations of the optimization problem shown in Table 2, one in
which we enforce a static margin constraint and one where we omit this constraint. In Fig. 8, we show the convergence
of the optimization constraints as well as the optimality and feasibility convergence as reported by the optimizer. We see
that both variations of the optimization problem converge to acceptable tolerances, with the static-margin-constrained
problem taking about twice as many iterations to converge. It is noteworthy to point out that the net force and moment
equilibrium residuals may seem large at the converged solution, however, their magnitudes are on the order of 10 lbf and
10 lbf-ft, respectively, which is negligible given the gross weight of the aircraft.

B. Summary of Results
Table 3 summarizes key geometric planform variables, the fuel and vehicle gross weights, the wing translation

amount, as well as the wing loading, tail volume coefficient and static margin constraint values for the baseline and
optimized designs. Compared to the baseline, both optimized designs converged to approximately the same reduced
wing area of roughly 660 ft2 and reached the upper bound of 10.5 set for the wing aspect ratio. The tail sizing results are
similar, with the tail areas reaching the lower bound while the tail aspect ratio is slightly higher when including the
static margin constraints.

Table 3 Results of the large-scale MDO study in terms of high-level design variables and constraints.

Design 𝑾0 (lbf) 𝑾 𝒇 (lbf) 𝑨𝑹𝑾 𝑺𝑾 (ft2) 𝑨𝑹𝑻 𝑺𝑻 (ft2) 𝚫𝒙 (ft) 𝑾0/𝑺𝒘 (lbf/ft2) 𝑪𝑽𝑻 𝑺𝑴 (%)

Baseline 288800 70400 8.3 740 4.3 250 0.0 90 1.16 -0.3
Optimized w/o SM 293000 57600 10.5 658 3.7 188 -1.0 100 1.18 -23.0
Optimized w/ SM 294500 58850 10.5 661 4.0 188 +3.7 100 1.20 5.0
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Fig. 8 Convergence history. The optimization problem converges robustly within 12-25 iterations, with the
static margin constraint increasing the number of iterations required for convergence.

We show the optimized planform geometries overlaid with the baseline geometry in Fig. 9. As expected, the most
noticeable differences between the baseline and optimized designs are the wing placement and corresponding static
margins. For the baseline design at trim state, we find that the aircraft is marginally unstable, with a static margin of
-0.3%. When excluding the static margin constraint, the optimizer moves the wing forward (toward the nose) by roughly
1 ft, resulting in a statically unstable configuration with a static margin of less than -20%. The payoff is a reduced fuel
weight that is roughly 20% lower compared to the baseline design and about 3% lower than when including the static
margin constraint. To achieve the prescribed static stability, the optimizer moves the wing aft (toward the fuselage tail)
by over 3.5 ft. A likely explanation for this large required wing translation in order to achieve static stability is the crude
empirical component weight build-up procedure and the approximation of the center of gravity locations of individual
components, which are related to the central B-spline geometry and fixed in the parameter space. In addition, due to the
wing sweep, the neutral point likely moves aft faster than the center of gravity, increasing the static margin. In terms of
the wing loading and tail volume coefficient constraint, we observe that both optimized designs are driven to the upper
bounds. This is a reasonable result because the fuel-weight minimization is largely driven by reducing (parasite) drag,
which is crudely estimated based on the component skin friction coefficients and wetted areas. Due to the reduced wing
area, the optimizer must compensate to achieve the trim and static margin constraints by increasing the tail volume
coefficient.

Lastly, we examine the aerodynamic shape changes produced by the twist and camber design variables. Figure 10
shows the baseline and optimized airfoil sections at four spanwise locations. The optimized airfoils for the two problem
formulations are similar, especially outboard, and show two notable trends. First, the optimized wings use positive
incidence near the root and wash out toward the tip. Second, the optimizer introduces substantial negative camber,
especially at the inboard sections. This result is consistent with the trim requirements and the modeling assumptions
of the problem. For a conventional positively lifting airfoil, increasing positive camber generally increases lift at a
given incidence but also tends to produce a stronger nose-down pitching moment. By introducing negative camber, the
optimizer can reduce the nose-down pitching-moment contribution of the wing. At the same time, the optimizer can use
twist and incidence to maintain the lift required by the force-equilibrium constraint. Thus, the optimized design uses
camber and twist together: camber helps control pitching moment, while twist controls the sectional loading distribution.

Figure 11 shows the corresponding pressure contours. Compared with the baseline, both optimized designs exhibit
stronger suction on the upper surface near the wing leading edge and increased pressure on the lower surface near the
leading edge. These pressure changes indicate that the optimized wings remain strongly loaded despite the negative
camber of the airfoil sections. This behavior is plausible within the panel-code model because the flow remains inviscid
and attached by construction. Consequently, the optimizer can exploit large twist angles, negative camber, and strong
leading-edge suction without incurring separation, stall, or airfoil-profile-drag penalties. The fuselage pressure contours
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Baseline

Optimized w/o SM constraint

Optimized w/ SM constraint

Fig. 9 Planform geometry comparison. Compared to the baseline geometry, the optimized geometry with the
static margin constraint moves the wing backward and increases the wing span. In the case of the optimized
design without the static margin constraint, the wing is moved slightly forward and has a slightly larger wing
span compared to the baseline.

also follow the expected qualitative pattern, with a stagnation region near the nose and a pressure drop around the
high-curvature cockpit region.

Baseline Optimized w/o SM Optimized w/ SM

Normalized semispan: 0.2

Normalized semispan: 0.4

Normalized semispan: 0.6

Normalized semispan: 0.8

Normalized chord length Normalized chord length

Fig. 10 Optimized airfoil shapes and wing twist at four spanwise locations.
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1.0 -1.5

Baseline Optimized w/o SMOptimized w/ SM

Cp

Fig. 11 Pressure contour comparison. Compared to the baseline design, the optimized designs with and without
the static margin constraint feature a pressure profile with a significant increase in suction (top row) and an
increase in pressure (middle row) near the leading edge.

C. Discussion and Limitations of Results
We interpret the optimization results as a demonstration of the proposed mesh deformation algorithm in a realistic

MDO workflow, rather than as a closed redesign of the E175 aircraft. The optimization problem includes enough
geometric freedom, constraints, and aerodynamic coupling to exercise the mesh deformation algorithm under practical
design changes, but the disciplinary models remain simplified. Therefore, the optimized geometries should be interpreted
as model-consistent designs that demonstrate algorithmic capability, not as design recommendations.

The static-margin results provide one example of this distinction. The baseline geometry is predicted to be marginally
unstable in this model, and the no-static-margin optimization produces an even more unstable design. This result should
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not be interpreted as a statement about the actual aircraft. The center-of-gravity locations come from an empirical
component-weight buildup and are tied to parametric locations in the central B-spline geometry. The neutral point is
computed from finite differences of the panel-code moment coefficient. Both quantities therefore contain modeling
uncertainty. The large aft wing translation required to satisfy the prescribed static margin should be viewed in this
context.

The aerodynamic shape results also reflect the assumptions of the aerodynamic and drag models. The panel code
captures full-configuration inviscid pressure loading, but it does not model viscous separation, boundary-layer transition,
shock formation, or stall. The parasite drag model is based on semi-empirical wetted-area and skin-friction estimates
rather than local viscous airfoil drag. As a result, the optimizer can exploit high leading-edge suction, large twist,
and negative camber without incurring the penalties that would appear in a viscous aerodynamic model. Thus, the
optimized airfoil sections should be viewed as model-consistent outcomes that demonstrate shape sensitivity and mesh
deformation robustness, rather than as final, realistic aerodynamic designs.

The problem also omits several disciplinary effects that would be required for a design-level conclusion. We do not
include a structural or aeroelastic model, so the optimized wing planform and airfoil shapes are not constrained by
stress, deflection, flutter, or manufacturing requirements. We also consider a single cruise design condition and do not
enforce constraints due to takeoff, climb, low-speed stall margin, maneuver loads, or control authority. In addition, we
model longitudinal static stability through a static-margin constraint and a tail-volume constraint, but we do not perform
a dynamic stability or control analysis. The propulsion system and other subsystems are also simplified or omitted.

These limitations are acceptable for the purpose of this paper because the primary objective is to demonstrate
that the proposed mesh deformation algorithm can support large-scale gradient-based optimization with a conforming
full-configuration surface mesh. The results show that the algorithm can tolerate large planform changes, component
translations, tail rotations, fuselage-diameter changes, wing twist, and wing camber while allowing the coupled
optimization problem to converge. Increasing the physical fidelity of the optimization problem is a natural next step.
Future work should couple the mesh deformation algorithm to higher-fidelity viscous aerodynamics, structural and
aeroelastic models, propulsion models, and multiple design conditions. These extensions would reduce the modeling
freedom that currently allows the optimizer to exploit inviscid and empirical-model assumptions, and would move the
optimization results closer to design-level conclusions.

VI. Conclusion
Large-scale MDO is moving toward increasingly complex system-level aircraft design problems with more design

variables, more design conditions, and higher-fidelity disciplinary models earlier in the design cycle. At the conceptual
level, this trend requires predictive models that can tolerate large changes in geometry while remaining efficient
and differentiable. This requirement is especially important for aerodynamics because changes in the outer mold
line directly affect the aerodynamic discretization and predicted flow field. Low-fidelity aerodynamic models avoid
many of these geometric difficulties, but their limited accuracy reduces their usefulness for full-configuration design
studies. Higher-fidelity aerodynamic models, such as panel methods and unstructured CFD, can provide more realistic
full-configuration predictions, but they typically require conforming surface meshes that remain on the outer hull as the
geometry changes. For multi-component aircraft configurations, this requirement becomes difficult because component
intersections can move significantly and may even change local intersection topology during optimization. Conventional
mesh smoothing and deformation methods are not generally designed for this setting, and many MDO workflows either
rely on localized surface updates, explicit intersection recomputation, or repeated remeshing, which can introduce
robustness, differentiability, and file-I/O bottlenecks.

In this paper, we develop a differentiable surface mesh deformation algorithm for large shape changes of independently
parameterized components. This algorithm combines explicit and implicit (SDF) geometry representations, where the
explicit parametric geometry defines component motion and deformation through the use of free form deformation (FFD).
The implicit representation defines a smooth OML and provides a projection mechanism that avoids repeatedly computing
explicit intersection curves. The main methodological contribution is the construction of intersection-consistent training
displacements using a soft-bracketed root-finding procedure. This procedure moves seam vertices by searching along
the explicit parametric representation of one component while using the SDF of the intersecting component to locate the
deformed seam. We then blend these seam displacements with component-based displacements near intersections, fit
a radial basis function (RBF) displacement field surrogate to propagate the motion to the full mesh, and project the
displaced vertices onto a smooth SDF union of the OML. The soft-min projection produces a rounded, continuous
transition near component intersections, allowing near-intersection vertices to move along a smooth OML representation
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rather than being discontinuously mapped to a single component surface.
We demonstrate the method on a representative Embraer 175 geometry undergoing large component translations,

rotations, and scaling. The deformation results show that the algorithm preserves mesh quality under severe geometric
changes and avoids element collapse or inversion, with fewer than 0.14% of cells exceeding an aspect ratio of 5 when
translating the wing by ±1.5 mean aerodynamic chord lengths along the fuselage while simultaneously applying a
wing rotation of ±10◦. We then couple the mesh deformation algorithm to a 3D panel code and solve a large-scale
fuel-burn-minimization problem with 45 geometric design variables, including planform, component-placement,
wing-twist, and wing-camber variables. The optimization results should be interpreted as a demonstration of the mesh
deformation algorithm in a practical MDO workflow rather than as a redesign of the reference aircraft. Within this
context, the results show that the proposed algorithm can support full-configuration aerodynamic shape optimization
with a conforming surface mesh while allowing substantial geometry changes during optimization.

This work addresses a geometric bottleneck that limits the use of higher-fidelity aerodynamic models in conceptual
aircraft MDO. By enabling conforming full-configuration surface meshes to deform robustly and differentiably under
large shape changes, the proposed method provides a step toward using more informative aerodynamic models earlier
in the design process. Such capability can reduce conceptual-design uncertainty, improve the interpretability of
optimization results, and help identify geometry-driven design issues before later, more expensive stages of aircraft
development.

Several limitations remain. The current implementation computes component SDF values using projection-based
distance evaluations, which can become expensive for large CFD meshes or repeated union-SDF calls. In addition,
to evaluate total derivatives of the system (outer) model, the final SDF projection also requires derivatives of SDF
gradients with respect to geometry variables; for projection-defined SDFs, this introduces second-order adjoint or
mixed-derivative requirements that may become a computational bottleneck. A promising direction is to train SDF
surrogates for repeated evaluations and use an analytic or projection-based correction only near the final zero-level
projection. The soft-bracketed seam search also assumes that the deformed intersection remains inside the stored bracket
and that the relevant target components remain in the candidate set. If large geometry changes violate these assumptions,
the setup data must be regenerated.

Future work should extend the demonstration to more complex configurations, including novel concepts such as
eVTOL aircraft with booms and multiple interacting lifting surfaces. We also plan to test topology-changing cases in
which local intersection ownership changes during optimization, since the smooth SDF-union formulation supports
such changes in principle. Finally, the method should be coupled to higher-fidelity viscous aerodynamic, structural,
aeroelastic, propulsion, and multi-point mission models. These extensions would reduce the modeling assumptions
used in the present demonstration and move the approach closer in scope to system-level optimization studies.

Appendix

A. Supplemental Figures for Mesh Quality Metrics
Figure 12 shows several mesh quality metrics for the deformation case shown in Fig. 6. The results suggest that even

under extreme deformation, the overall mesh quality remains acceptable.
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