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A Data-Driven Approach for Imperfection-Insensitive Thin-Shell
Structure Design via Localized Dimple Imperfections and Gradient
Boosting
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e Data-driven framework for obtaining imperfection insensitive boom ge-
ometry

e Verified thin-shell boom more sensitive to localized imperfection than
eigenmode imperfection

e Natural Gradient boosting (NGBoost) employed for skew normal buck-
ling load distribution

e Multi-objective geometry optimization maximizing mean and minimiz-
ing standard deviation of buckling load
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Abstract

Thin-shell structures exhibit an unpredictable buckling behavior caused by
their extreme sensitivity to localized imperfections. This work presents a
data-driven framework to obtain imperfection-insensitive thin-shell struc-
tures based on an approach that replaces traditional eigenmode-based imper-
fection modeling with localized dimple imperfections. While the framework
is general in nature, the study focuses on one particular kind of thin-shell
structure, the Collapsible Tubular Mast (CTM), increasingly used in ultra-
light deployable space structures. When deployed, the structures experience
a bending loading which can result in the boom buckling. A skew-normal
distribution is shown to describe the distribution of resulting buckling mo-
ment when imperfections are seeded in the initial boom geometry, leading to
the adoption of Natural Gradient Boosting (NGBoost) for probabilistic pre-
dictions under two bending directions. The models estimate mean and stan-
dard deviation of the buckling moment for varying boom design parameters,
thereby capturing heteroscedastic uncertainty arising from geometric imper-
fections. Multi-Objective Optimization (MOO) techniques then integrate
the predictive models to balance competing objectives, maximizing average
buckling capacity while minimizing its variability. Results reveal distinct
pareto-optimal designs that can achieve high buckling loads with reduced
imperfection-sensitivity. This framework highlights the importance of local
imperfection modeling and probabilistic data-driven methods in advancing
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robust thin shell design for next-generation deployable space systems.

Keywords: Thin-shell Structures, Imperfection-sensitivity, Collapsible
Tubular Mast (CTM) Booms, Localized Dimple Imperfections, Natural
Gradient Boosting, Multi-Objective Optimization

1. Introduction

Thin-shell structures, known for their high stiffness per mass, are widely
used in demanding engineering applications such as aerospace, automotive,
and military systems (1). Among thin-shell structures, deployable booms
are increasingly employed in large, lightweight space structures to provide
the stiffness required after deployment, while being highly packageable to fit
in a rocket fairing (2; 3; 4; 5; 6). Recent studies have aimed to improve these
boom designs to increase the performance of such space systems. However,
the reduction in thickness makes them highly susceptible to instability such as
buckling. Thinner structures exhibit heightened sensitivity to imperfections,
which significantly amplifies their chaotic behavior. Therefore, accurately
predicting buckling becomes exceedingly challenging, leading engineers to
avoid operating near the theoretical buckling limit. The resulting design
approaches rely on highly conservative safety factors, which severely limits
mass efficiency of space structures, and consequently their size.

Considering the inherent unpredictability of buckling in thin-shell struc-
tures (7), understanding buckling behaviors has been a focal point of many
investigations (8; 9; 10; 11). In 1941, Von Kéarman and Tsien demonstrated
the existence of an unstable post-buckling path in shells that, starting at the
bifurcation point, eventually restabilizes at much lower loads (12). Koiter
later theorized (13) that geometric imperfections resembling the first buckling
mode result in the greatest reduction in buckling capacity, a theory validated
by experiments on both shells with prescribed imperfections (14) and near-
perfect shells (15). These findings led to the development of the knockdown
factor method, which provides design guidelines for compressed cylindrical
and spherical shells. Although advances in materials and manufacturing
have inspired efforts to update knockdown method, the new criteria remain
conservative, geometry-specific, and experimentally intensive (16). Recently,
Abramovich (17) introduced the Vibration Correlation Technique (VCT) to
estimate buckling loads non-destructively across a variety of thin-shell con-
figurations, though this approach requires multiple tests for different loading



scenarios. Weisz-Patrault et al. (18) explored how residual stress influences
post-buckling responses, leveraging both in-situ experiments and numerical
simulations, yet this method was primarily examined for limited geometries.

Although these efforts provide valuable insights, they often rely on linear
eigenvalue approaches and primarily consider global buckling modes, over-
looking the critical role of buckling localization that can govern failure be-
fore any global mode does (19; 20; 21; 22). Thus, researches have been
conducted to study the importance of localization in shell buckling, which
was observed in multiple applications (6). Tvergarard and Needleman (23)
showed that cylindrical panels undergo localized buckling soon after reach-
ing peak load, while Groh et al.(24) demonstrated that single-dimple modes
lower the energy barrier between pre- and post-buckling states—thereby in-
creasing structural sensitivity to perturbations. Audoly et al. (25) fur-
ther extended these insights by examining localization in spherical shells
and found that such deformations tend to concentrate around particular re-
gions (e.g., the poles). Therefore, researchers have recently focused on study-
ing shells such as cylindrical shells (26; 27; 22; 28; 29) and spherical shells
(30; 31; 32; 33; 34; 35; 36; 37), with highly localized imperfections, as a way
to generate more accurate buckling predictions for real structures (5).

The Collapsible Tubular Mast (CTM) boom, a thin-shell deployable struc-
ture composed of joined omega-shaped walls, is increasingly employed in
space applications due to its compactness and structural stability (38). Orig-
inally fabricated from metal sheets for the Viking 1 and 2 missions in 1976
(39), CTM booms have since advanced with the introduction of carbon fiber-
reinforced polymer (CFRP) designs in the mid-1980s (40), spurring a wave of
recent research. Lee et al. (41) developed an analytical model for two-shelled
CTM booms to achieve bistability, showing that such designs require signif-
icantly lower strain energy to remain coiled and provide more predictable
deployment. Palmeri et al. (42) introduced a design optimization framework
aimed at enhancing structural performance while ensuring bistability, which
was followed by a study on buckling load prediction using neural networks
(43). Although these studies offer valuable insights into CTM boom design,
they either assume imperfection-free models, or eigenmode-based imperfec-
tions, therefore overlooking the critical impact of buckling localization in real
buckling load predictions.

In this work, we address the imperfection-sensitivity of CTM booms by
introducing localized dimple imperfections as an alternative to traditional
eigenvalue-based imperfection strategies. First, we illustrate how local dim-
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ples yield more critical buckling scenarios than conventional eigenvalue im-
perfections, which justifies their use in imperfection-sensitivity predictions.
Given the heteroscedastic nature in geometric imperfections, we adopt a
stochastic modeling framework using Natural Gradient Boosting (NGBoost)
(44) to correlate design parameters with buckling moments. Subsequently,
this surrogate model is integrated into a multi-objective optimization, gen-
erating a Pareto front that highlights the trade-offs among key performance
criteria. By combining localized imperfection modeling, probabilistic analy-
sis, and data-driven design optimization, our approach aims to foster more
robust and reliable thin-shell structures configurations for next-generation
deployable space systems.

2. Methodology
2.1. Problem definition

Traditionally, classical buckling analyses for thin-shell structures rely on
eigenvalue approaches (45; 46). Such methods identify critical loads and
global buckling modes for perfect structures. These buckling modes are then
scaled and seeded as geometric imperfections in the nominal structures to
conduct post-buckling analyses using for instance an arclength solver. The
evolution of the first limit load (transition into post-buckling) as the imper-
fection amplitude increases was also used as a way to quantify imperfection-
sensitivity, through the computation of the buckling knockdown factor. While
such methods are powerful, they have two principal limitations: (i) they do
not fully account for the geometric imperfections encountered in real struc-
tures, and (ii) the resulting eigenmodes are only valid at the theoretical
bifurcation point, which in practice is never reached. The structure always
transitions at lower loads to localized buckling solutions (6).

More recent investigations incorporated localized dimple imperfections in
cylindrical and spherical shells (24; 31). Our paper extends the use of dimple
imperfections to thin-shell boom structures, where variation of imperfection
location and and characteristics are a priority but not studied before. In this
study, a single dimple was selected because previous studies demonstrated
that the single dimple deformation corresponds to a mountain pass point in
the energy landscape, which means this deformation mode features the lowest
energy barrier separating unbuckled and buckled states (47). Therefore, this
type of imperfection affects imperfection-sensitivity the most (35; 22).



For this, we first decided shape and location of dimple to be used for com-
parison between localized dimple imperfections and conventional eigenvalue-
based imperfections for modeling the buckling response of booms. Figure 1
depicts the boom geometry and 2 indicates the manner in which the dim-
ple imperfection is applied. The CTM design was selected for optimization,
with R; and « chosen as the primary design parameters. The relationships
between h, w, Ry, and « are defined as:

h=2(w+ Ly + Ly) (1)

L172: Rl,QOZ (2)

while Table 1 outlines the parameter ranges and fixed values chosen for this
study. Prior to applying the dimple imperfections, we conducted a standard
eigenvalue analysis to examine the nature of the predicted buckling modes
under two bending scenarios: an z-bending and a y-bending.

Ry mm] «[°] h[mm] b[mm] ¢[mm] w [mm]

[20, 30]  [30, 50] 110 500 0.01 5

Table 1: Parameters applied for boom design

Figure 1: Schematic of employed boom design.



The boom material is linear elastic and isotropic with £ = 174.4GPa
and v = 0.26, and a shell thickness is ¢ = 100um. The Young’s modulus is
chosen such that it matches with the longitudinal modulus of a carbon fiber
reinforced polymer laminate commonly used to fabricate these booms (48).
While these laminates are orthotropic, we focus here on an isotropic material
for simplicity and ease of generalization, but further studies will explore
the impact of lamination in fiber composites on the boom’s imperfection-
sensitivity. However, we expect this phenomenon to be primarily driven by
geometry rather than material.

This study used the Abaqus/Standard (Implicit) finite element software
to simulate boom buckling. The boundary conditions were applied via refer-
ence points which are rigidly coupled to all the nodes located on the boom’s
end cross-sections, as illustrated in Figure 2. For z-bending scenarios, x-
and y-translations and y- and z-rotations were constrained for both refer-
ence points. To allow for the change in projected distance between the end
cross-sections during bending, one reference point was left free to translate
in the z-direction. In the case of y-bending, z- and y-translations and z- and
z-rotations were constrained for both reference points, with one reference
point again free to translate in the z-direction to accommodate projected
distance change. A total of 12,024 reduced integration shell elements (S4R)
were used to mesh the boom model throughout the entire simulation. This
mesh density was obtained through a buckling load convergence test, and
aligns with guidelines established in recent work on localized buckling (49).

As shown in Figure 2, buckling eigenmodes deformations under x-bending
are predominantly found along the centerline of the boom, while those under
y-bending are concentrated near the edges. Recent work indicated that for a
perfect structure, localization of a single dimple occurs at the location of peak
eigenmode deformations, and that the lowest buckling energy barrier is found
at that location (50). It is therefore easiest for an imperfection to modify
the buckling energy barrier and induce buckling at that location (49). Based
on this observation, dimple imperfections were placed along the centerline
for z-bending and near the edges for y-bending. Note that this choice aligns
with the x-coordinate for which the maximum compressive stress is found
under bending. The local dimple shape follows a two-dimensional Gaussian
function characterized by an amplitude A, location parameter [, and standard
deviation ogimpie, representing the axial (z-direction) position of the peak and



the width of dimple, respectively as:

1 r— 1, 2 z—1\?
y=A-exp|—5 + (3)
2 O dimple O dimple
For x-bending, the lateral position [, was fixed at 0 to place the dimple along
the centerline. For y-bending, [, was defined as —(R; + Rs) - sin(a) + w,
ensuring that the dimple aligns with the boom edge. The dimple shape
is applied to the upper surface of initial boom geometry through boundary

conditions based on Gaussian distribution described above in a static general
analysis. The resulting deformed geometry is then imported for the main

buckling analysis.
y
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Figure 2: Buckling deformation by linear eigenvalue analysis and corresponding dimple
imperfection when (a) z-bending and (b) y-bending are applied.

Dimple

2.2. Choice of critical imperfection characteristics

To motivate the use of a localized dimple imperfection for imperfection-
sensitivity computations, we conducted buckling and post-buckling simula-
tions on imperfect structures featuring dimple imperfections, and compared
their buckling responses to those obtained using eigenmode-based imperfec-
tions for a single boom design when Ry = 25 mm and o = 37.5°. The analysis
is based on the comparison between the first eigenmode imperfection and a
corresponding localized dimple imperfection. The first eigenmode was se-
lected as it is traditionally seen as the most critical geometric imperfections
(13). The dimple was positioned in the middle of the boom—corresponding



to the location of maximum deflection in the first eigenmode—for both x-
and y-bending cases, as indicated in Figure 2. To investigate the influence
of dimple width on the buckling behavior, additional simulations were per-
formed by varying the standard deviation og;pe of the Gaussian function
defining the dimple shape. The ranges of dimple amplitude and width were
chosen such that the buckling response spans the whole range of behavior
from bifurcation to the full stable formation of post-buckling deformations.
In total, 60 simulations were conducted for each imperfection.

Figure 2.2 (a) and (b) illustrate the results. In both plots, the bifurcation
point of the unstable path based on the eigenmode imperfection is shown
as a subcritical pitchfork bifurcation. Additionally, the limit points of the
unstable paths resulting from localized dimple imperfections, representing
localized solutions broken away from the stable path (24), are highlighted
in zoomed-in boxes B, C, and D in Figure 2.2 (a), and box A in Figure 2.2
(b). The lowest buckling moments along each unstable path, referred to as
restabilized values, are indicated by dotted lines in both figures.

In both bending scenarios, the behavioral differences between eigenmode
(global) and dimple (localized) imperfections previously discussed in (24)
were clearly observed. Structures with eigenmode imperfections exhibited
a rapid drop in reaction moment associated with subcritical pitchfork bi-
furcation, branching from the stable equilibrium path of the ideal (perfect)
structure. In contrast, localized solutions are broken-away from the sta-
ble pre-buckling path and do not intersect it, which makes them impossible
to detect with a classical eigenvalue analysis. Notably, the unstable paths
associated with dimple imperfections exhibit a consistently lower range of
reaction moment for the same imperfection amplitude compared to those
with eigenmode imperfections, regardless of dimple width. This indicates
that structures with localized imperfections are more prone to earlier transi-
tion into buckling as indicated in previous study (19). As the dimple width
increases, the point at which the post-buckling response restabilization de-
creased for both z- and y-bending. In case of 2-bending, the moment where
buckling response restabilization converges after ogimp. gets larger than 5
mm. Thus, we selected 0gimpie = 5 mm for this study.

Thin shell structures are well known to be susceptible to buckling than
their thicker counterparts. To further investigate the influence of thickness on
the buckling behavior of the boom and to emphasize the significance of local-
ized imperfections in thin shell structures, we repeated the analysis with an
increased thickness of 0.5mm (R/t = 50), which is 50 times greater than the

8



original value. The results are shown in Figure 3. The overall trends remain
consistent, which further reinforces what observed in Figure 2.2. However, a
notable shift was observed with increased thickness: the hierarchy of reaction
moments between the two imperfection types was reversed. While localized
imperfections played a dominant role to the lower reaction moment in the
thinner configuration, the thicker structure showed that eigenmode imper-
fections became comparatively more critical. This observation underscores
the heightened sensitivity of thin shell structures to localized imperfections
and highlights the necessity of accounting for such defects when designing
for structural stability under thin-shell conditions.
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Comparison of buckling behavior between the first linear eigenmode
imperfection and a corresponding localized (middle dimple) imperfection
when t = 0.0l mm (R/t = 2500) under (a) z-bending and (b) y-bending.
The right-hand plots represent the zoomed-in box A for clarity. In both

cases, the boom exhibits higher sensitivity to localized imperfections than
eigenmode imperfections.
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Figure 3: Comparison of buckling behavior between the first linear eigenmode imperfection
and a corresponding localized (middle dimple) imperfection when t = 0.5mm (R/t = 50)
under (a) z-bending and (b) y-bending. The right hand plots represent the zoomed-in
box A for clarity. The hierarchy of reaction moments between the two imperfection types
was reversed compared to lower thickness, which underscores the higher sensitivity of thin
shell structures to localized imperfections than thicker structures.

2.3. Imperfection-sensitivity induced buckling load stochasticity

Measuring localized imperfections in shell structures poses a significant
challenge, particularly for very thin-shell structures where stringent manu-
facturing tolerances are difficult to maintain (51). In practice, even imper-
ceptible imperfections can have a dramatic effect on buckling. Because it
is impractical to measure the shape of large structures with a high level of
accuracy and precision, a stochastic treatment of imperfections is necessary
to capture their influence on the buckling response. To this end, we exam-
ined how variations in localized dimple imperfection parameters affect the
distribution of the resulting buckling moment.
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In this study, two dimple parameters, amplitude (A) and location (1), were
selected to characterize geometric imperfections. A total of 100 parameter
pairs (A;,[;) were generated using a Sobol sequence (52; 53). The Sobol
sequence is a quasi-random low-discrepancy sequence that generates sample
points more uniformly than purely random methods. It constructs each point
using base-2 digital operations that ensure an even distribution across the
parameter space. This method produces a non-uniform, space-filling design of
experiments (DoE) that is particularly well-suited for data-driven modeling
(54). The parameter ranges are provided as:

A =[-0.5,0.5]mm, [ =[50, 250] mm (4)

and Figure 4 illustrates the resulting sample distribution.

0.6
'g [ ] ° ° ° [ ]
é 04 ® . . ® P .= * LI
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) 0.2 hd ° ° o ° - [ 4 °
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Dimple location (/) [mm)]

Figure 4: Sampling of imperfection parameters using a Sobol sequence.

Next, we applied the sampled imperfection parameters to a single boom
configuration with R; = 25 mm and o = 37.5°. The resulting spread in buck-
ling moments for both z- and y-bending cases is shown in Figure 5. To model
the observed asymmetry in the distributions, several statistical models can
be considered, such as the Weibull distribution which has been effective in
modeling the impact of imperfections on buckling loads (55; 56; 57). Here we
chose to use the skew normal distribution (58), as a starting point, given its
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compatibility with NGBoost and ease of implementation. The skew normal
distribution extends the conventional normal distribution by introducing a
shape parameter that captures skewness (59), but a thorough comparison be-
tween predictions generated with the Weibull distribution and skew normal
distribution could be an insightful extension of this work. Furthermore, ad-
ditional simulations would improve the fit between skew normal distribution
and buckling moment statistics. However, it is important to mention that the
distribution parameters change with the input geometry and the data-driven
model aim to predict these parameters even in a data-constrained environ-
ment. The probability density function for a continuous random variable X
with skewed normal behavior is summarized as:

o-t(5Pe(59) e

where £, w and « represent the location, scale, and shape parameters, re-
spectively. The mean p and standard deviation o are computed from these

parameters as:
2
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Figure 5: Number of buckling moment observations for a dimple imperfection, for (a) z-
bending and (b) y-bending applied. Each panel includes the fitted skew normal distribution
with its location, scale, and shape parameters. Approximately 5 hours of simulation time
was required to generate each distribution
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2.3.1. Natural Gradient Boosting for heteroscedastic noise

Thin-shell structures, such as CTM booms, are known to be highly sen-
sitive to imperfections, leading to significant variability in their buckling
moment (60). What complicated the analysis of this imperfection-sensitive
behavior is the fact that the statistical distribution of buckling moments
depends on the geometric input parameters. This phenomenon is termed
heteroscedasticity (61). For instance, as demonstrated in Appendix B, ap-
plying the same set of imperfection parameters used in Figure 5 to different
geometric configurations results in distinct buckling moment distributions.
This variation, induced by changes in geometry, introduces heteroscedastic
noise.

Gaussian Process Regression (GPR) has been extensively applied to het-
eroscedastic data due to its proven ability to capture underlying uncertain-
ties (62) and its capacity to model varying residual variances (63). However,
GPR typically assumes noise that is independent and identically distributed
(i.i.d.) and normally distributed, rendering it unsuitable for the skewed noise
distribution observed in the dimple imperfection data (see Figure 5). To ad-
dress this limitation, we employ Natural Gradient Boosting (NGBoost) (44),
which offers a flexible framework for probabilistic predictions under a variety
of distribution families.

NGBoost extends traditional Gradient Boosting (64), a powerful ensem-
ble learning technique that builds a strong predictive model by sequentially
combining multiple weak learners—typically shallow decision trees. NGBoost
has significantly lower training time than GPR, especially on large datasets,
as it avoids the cubic time complexity of GPR’s kernel matrix inversion. In
each iteration of gradient boosting, a new weak learner is trained to predict
the residual errors (i.e., the negative gradients of the loss function) of the
ensemble model built so far. These learners are added to the ensemble in
a stage-wise manner to progressively reduce the overall prediction error and
minimize a chosen loss function.

NGBoost generalizes this framework by modeling not just point estimates
but full probability distributions P(y | x). This probabilistic perspective
enables the estimation of both predictions and their associated uncertainty.
Rather than optimizing a scalar loss, NGBoost minimizes a proper scoring
rule over distributions, such as the negative log-likelihood employed in this
study. The update step uses a natural gradient, defined as:

VS(0,y) 11_{% arg max SO +d,y) (7)

d:Dg(Pp||Pyp+a)=¢
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where S is the score function, d is the direction vector, Dy is the divergence,
and Py is the probability distribution corresponding to the current parameter
6. By descending along the negative natural gradient, NGBoost iteratively
refines the predicted distribution to minimize the scoring rule, offering a
robust and theoretically grounded approach to uncertainty-aware prediction.

Unlike standard GPR, NGBoost can accommodate diverse distributions;
here, we define a custom skew normal distribution with parameters ¢ =
(e, i, o) to capture the shape, mean, and standard deviation of the skewed
noise. The outputs at each boosting stage are scaled by stage-specific factors

p'™ and a common learning rate  (Equation 8), where f(™) = < j‘}(ym)7 f,sm), fém))

represents the set of base learners in each stage m.
M
ylo~Pyx), 0=00-n) p" () (8)
m=1

3. Optimization of boom design

3.1. Optimization framework

Figure 6 presents the four-step optimization framework, inspired from
the work of Bessa and Pellegrino (65). The framework consists of: 1) Data
Sampling, 2) Computational Analysis, 3) Probabilistic Prediction, and 4)
Optimization. While the general structure follows that of Bessa and Pelle-
grino, the present work is fundamentally different as it focuses on localized
buckling solutions (broken away from the pre-buckling path) rather than
eigenmode-based solutions (connected to the pre-buckling path through bi-
furcations). While the distinction may sound subtle, it dramatically changes
the analysis since there exists an infinite number of localized imperfections
leading to broken-away solutions while there is only a handful of eigenmodes
at most found close to the first bifurcation point. For this reason, Bessa and
Pellegrino focused on the impact of eigenmode-imperfections on the ultimate
buckling load rather than the first buckling load, since a simple iteration on
the eigenmode amplitude would yield similar results. In our case, there is
potentially an infinite number of imperfections to consider, which makes the
data-driven framework particularly suitable to study the first buckling load.
In addition, we introduced a NGBoost model to more accurately model the
imperfection sensitivity of the boom. In the Data Sampling step, we gener-
ate simulations across three dimensions (i,j,k), where i denotes the loading
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condition, j indexes geometric parameters, and k represents imperfection pa-
rameters. In this study, i = 2 corresponds to the number of loading cases,
here z- and y-bending. We set j = 50 for 50 different (R;, ) combinations
within the ranges given in Table 1, and k = 10 for the dimple imperfection
parameters in Equation 4 using the Sobol sequence shown in Appendix A.
This yields 2 x 50 x 10 = 1000 finite element (FE) simulations, which re-
quired approximately two weeks of continuous computation using a dual-core
processor. All simulations were performed via in-house automation scripts
that interface with the Abaqus/Implicit solver.

After obtaining the buckling moments from the FE simulations, we em-
ployed NGBoost to establish a probabilistic predictive model. By relating the
geometric parameters (R, a) to the observed buckling moments, we sought
to estimate both the mean p and standard deviation o of the response dis-
tribution for each geometry.

Before training the final NGBoost models, hyperparameter tuning was
conducted using a Grouped k-fold Bayesian optimization approach. We
adopted grouped k-fold cross-validation (CV) (66) to avoid overfitting (67;
68), leveraging a limited dataset more effectively (69). Specifically, each
group consisted of the 10 imperfection variations associated with a single
geometry, and the 50 geometries were partitioned into five folds for CV.
We optimized the number of estimators n and the learning rate n based on
minimizing the mean squared error (MSE). The evolution of the MSE as a
function of the iteration number is shown in Appendix A. For the z-bending
dataset, the optimal values were n = 292 and n = 0.0051; for the y-bending
dataset, n = 145 and n = 0.0071
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Figure 6: Flow chart of optimization framework modified from Bessa et al. (65)

Using obtained hyperparameters, we then trained separate NGBoost mod-
els for z- and y-bending. The model outputs (mean, standard deviation) for
each set of geometric parameters were linearly interpolated to visualize trends
in the predicted mean and standard deviation of the buckling moment, as
shown in Figure 7. When the boom was subjected to z-bending, increas-
ing « generally increases predicted mean p(M,), whereas Ry has a relatively
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modest influence. The u(M,) values range from a maximum of 23.75 Nm
to a minimum of 12.5 Nm, representing an approximate 50% decrease across
the design space. The standard deviation o(M,) has value ranging from 9.84
Nm to 6.24 Nm—an approximate 25% reduction, exhibiting a noticeable dip
around o ~ 32.5°. Under y-bending, the u(M,) peaks around two regions:
approximately at (Rj, ) =~ (22.5mm,43°) and (21 mm,45°), and reaches
a minimum near (R, o) ~ (30.5mm,33°). o(M,) shows its peak around
(R1, ) =~ (20.5mm,47°) and remains comparatively lower across most of
the design space. For y-bending, the p(M,) ranges from 46.25 Nm to 36.25
Nm while o(M,) ranges from 16.8 Nm to 12 Nm, both reflecting approxi-
mately 25% reduction.

Since a high buckling capacity is desirable for structural stability (70),
one optimization target is maximizing the mean of the buckling moment .
At the same time, reducing ¢ mitigates imperfection-sensitivity leading to
a stochastic buckling behavior. Consequently, we perform a multi-objective
optimization in the next stage to simultaneously maximize p and minimize
o
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Figure 7: Distribution of (a) mean and (b) standard deviation of buckling moment under
z-bending, and (¢) mean and (d) standard deviation of buckling moment under y-bending.

3.2. Multi-objective Optimization

Multi-objective optimization (MOO) is employed to address problems
involving two or more competing objectives under specific constraints (71).
Such problems are formally defined by an objective function vector F(X) that
must be either minimized or maximized over the decision variables X. Each
objective function represents a separate, computable criterion, and MOO
requires at least two criteria to be optimized (72). The decision variables, R;
and « in this study, are the independent numerical values directly influencing
these objective functions.

Upon solving a MOO problem, a Pareto-optimal set (or Pareto front)
emerges—those solutions that are non-dominated within the feasible design
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space S (73).A solution S; dominates another Sy if (74):

1. Solution S2 is not strictly better than S1 in any of the considered
objectives.

2. Solution S1 performs better than S2 in at least one objective.

Because it is usually impossible to improve all objectives simultaneously,
the Pareto front expresses a trade-off: any point on the front is at least
partially optimal, yet each solution is inferior to another on at least one
objective (75). In this study, the design variables R; and « influence two
objectives: (i) maximizing the mean buckling moment (to increase overall
structural capacity), and (ii) minimizing uncertainty (standard deviation)
due to imperfections (to reduce performance variability).

To handle these objectives, we employed three MOQO algorithms that
are implemented using the python MOO library Pymoo (76) with default
parameters: the Non-dominated sorting Genetic Algorithm II (NSGA-II)
(71), Unified Non-dominated sorting Genetic Algorithm IIT (U-NSGA-III)
(77), and S Metric Selection Evolutionary Multi-objective Optimization Al-
gorithm (SMS-EMOA) (78), which have been proven effective in bi-objective
optimization problem as in this study.

We first examine the Pareto fronts generated when maximizing the mean
buckling moment under both z— and y—bending. Although all three opti-
mization algorithms (NSGA-II, U-NSGA-III, and SMS-EMOA) yield similar
outcomes, we focus on the SMS-EMOA results for clarity, owing to its rela-
tively uniform solution distribution. Figure 8(a) shows the resulting Pareto
front after 500 generations from an initial population of 50 individuals. Here,
M, and M, denote the buckling moments under z- and y-bending, respec-
tively, and bracketed values indicate the geometric parameters (R;, «) corre-
sponding to points on the Pareto front.
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Figure 8: (a) Pareto front obtained from SMS-EMOA by maximizing mean value of buck-
ling moment for « and y-bending and (b) hypervolume convergence metric of three opti-
mization algorithms applied.

Notably, a discontinuity in slope occurs around u(M,) ~ 23.7 Nm, sug-
gesting a sharp transition in the trade-off space. Small variation in geom-
etry around corresponding decision variables (Ri, ) ~ (20.63 mm, 48.75°)
changes the weight of either p(M,) or p(M,) in optimized point critically.
Examining the corresponding decision variables on the Pareto front, we ob-
serve that Ry consistently decrease when p(M,) increases until it reaches
a transition point near u(M,) ~ 24.2, while « increases. This behavior
can be explained by examining Figure 7 (a) and (c), which reveal two dis-
tinct peaks in p(M,): the first near Ry = 24mm and the second around
Ry = 21'mm. Since the first peak occurs further from the peak of p(M,)
in design space, optimal designs shift from the first peak region toward the
second peak region. Consequently, R; decreases from approximately 24 mm
to 21 mm, while « increases from about 40° to 44°. Beyond the transition
point, both R; and « increase again, converging toward the peak of u(M,)
at (Ry,a) ~ (25.92mm, 49.37°).

Figure 8 (b) shows the hypervolume evolution for each algorithm when
reference point is set to (0,0) (79). The hypervolume is a commonly used
performance metric in multi-objective optimization that measures the vol-
ume of the objective space dominated by the obtained Pareto front, rela-
tive to a predefined reference point. A larger hypervolume indicates better
convergence and diversity of solutions (80). SMS-EMOA demonstrates the
fastest convergence, reaching near-optimal solutions within roughly 100 gen-
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erations. NSGA-II follows closely in convergence speed but incurs higher
computational costs per generation and yields less uniform solutions than
SMS-EMOA. U-NSGA-IIT exhibits the slowest convergence and lowest hy-
pervolume due to its reliance on predefined reference directions (77). Increas-
ing the number of reference directions can improve uniformity but introduces
convergence challenges as a trade-off.

Next, to account for the influence of imperfections, we maximize mean
minus standard deviation (@ — o); a metric representing a 68% confidence
interval for the lower bound on buckling moments to balance high mean
buckling capacity with imperfection-sensitivity. The resulting Pareto front
(Figure 9(a)) follows a similar trend to the mean-only optimization, that R,
decrease and « increase until slope transition point when (p—o)(M,) ~ 14.1
Nm. However, the values for (11— o)(M,) decrease more significantly because
the peak in p(M,) around Ry = 21 mm mm coincides with a high o(M,), as
depicted in Figure 7. Figure 9 (b) demonstrates that SMS-EMOA maintains
the fastest convergence, while both U-NSGA-III and NSGA-II show relatively
improved performance compared to the mean-only optimization scenario.

Lastly, to minimize sensitivity to imperfections, we consider an objective
that strictly minimizes the standard deviation of the buckling moment. Fig-
ure 10 (a) displays the resulting Pareto front, where the range of o(M,) values
is significantly lower than o(M,). This distinction arises because the lower
value regions of o(M,,) extensively overlap with those of o(M,)), as illustrated
in Figure 7 (b) and (d). Thus, we can say that the geometric parameters
(R1, @) = (20 mm, 30°) minimize the standard deviation under both bending
conditions, achieving (0(M,),o(M,)) ~ (6.24,12) Nm. Figure 10 (b) de-
picts hypervolume evolution based on a reference point of o(M,) = 10 Nm
and o(M,) = 17 Nm, suitable for minimization problems. In this scenario,
U-NSGA-III demonstrates the fastest convergence, followed by SMS-EMOA
and NSGA-II.
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Figure 9: (a) Pareto front obtained from SMS-EMOA by maximizing mean minus standard
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Figure 10: (a) Pareto front obtained from SMS-EMOA by minimizing standard deviation
of buckling moment for z and y-bending and (b) hypervolume convergence metric of three
optimization algorithms applied.

The three evolutionary optimization algorithms provide valuable design
guidelines for CTM booms by accounting for stochastic localized imperfec-
tions. For example, based on the results shown in Figure 8(a), a designer
may choose the geometric configuration (R, a) ~ (20.63mm, 48.75°). In this
region, a small increase in the buckling moment under z-bending can lead
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to a sharp decrease in the buckling moment under y-bending. This effect
is due to the slope transition caused by the secondary peak observed in the
y-bending moment distribution, as shown in Figure 7(c).

In this study, we considered only two bending conditions as optimization
objectives. However, additional loading conditions can be included to pro-
duce a more comprehensive optimization landscape, despite the increased
computational cost. For instance, z-bending (torsional loading) may be a
suitable candidate. In such cases, multi-objective optimization algorithms
that support more than three objectives can be employed to generate a
three-dimensional Pareto front. This approach can provide more general
design guidelines that account for a wider range of bending scenarios.

The differences observed in the Pareto fronts, depending on the selected
optimization objectives, emphasize the importance of carefully choosing ob-
jective functions. These functions should reflect the desired design trade-offs,
whether they focus on maximizing performance, minimizing uncertainty, or
achieving a balance between the two. For instance, when comparing Figures 8
and 9, an additional slope change appears near (R;, o) &~ (20.96mm, ,45.36°),
resulting in a slight increase in slope. This suggests that R, = 20.96 mm and
a = 45.36° may be a promising design candidate, as a modest increase in
the y-bending moment could lead to a substantial reduction in the z-bending
moment, depending on the design priorities.

4. Conclusion

In this study, we developed a data-driven framework to enhance thin-
shell structure designs by accounting for localized geometric imperfections
and the stochastic buckling response they lead to. We employed localized
dimple imperfections in place of conventional eigenmode imperfections, and
used NGBoost to model the skew-normal distribution of the resulting buck-
ling moments variation. The framework then combined these probabilistic
predictions with MOO techniques to identify Pareto-optimal boom geome-
tries for two distinct loading directions.

Our comparison between localized dimple and eigenmode-based imper-
fections confirms that traditional eigenvalue analyses often underpredict the
buckling imperfection sensitivity of thin-shell structures (81). These findings
highlight the critical importance of accounting for imperfections, particularly
localized ones, in the buckling analysis of thin-shell structures. This under-
scores the need for future studies to revisit critical localized imperfections
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characteristics leading to the worst buckling responses, especially given that
several recent works have been conducted under imperfection-free conditions
(42; 43) or have considered only eigenmode-based imperfections (82; 83).

Employing three different MOO formulations for maximizing the mean
buckling capacity, maximizing mean minus standard deviation, and minimiz-
ing the standard deviation, resulted in distinct sets of optimal geometries.
This highlights the critical importance of clearly defining design objectives
based on the intended performance criteria. Among the optimization algo-
rithms, SMS-EMOA demonstrated the most uniform solution distribution
along the Pareto front and the fastest convergence of the hypervolume, ex-
cept in the case of minimizing the standard deviation.

This study primarily focuses on the optimization framework for the CTM
boom, given its increasing application in deployable aerospace structures.
However, building on the foundational insights from previous research, such
as the significance of localized buckling in thin cylindrical (23; 24) and spher-
ical shells (25; 26) as well as the application of pareto front optimization to
various types of thin-shell booms (65), we believe that the proposed frame-
work can be effectively extended to a wide range of structures exhibiting
thin-shell characteristics.

Future work will focus on experimentally validating that geometries iden-
tified on the Pareto front indeed exhibit higher stability under the considered
loading conditions. Moreover, exploring material imperfections can help re-
fine the predictive accuracy of real-world boom configurations. Extending
the framework to include post-buckling effects would offer a more compre-
hensive view of stability throughout the entire non-linear load-displacement
response.

Appendix A. Bayesian optimization for NGBoost hyperparame-
ter tuning

Using the geometric and imperfection parameters sampled via the Sobol
sequence (Figure A.1), we performed a Bayesian optimization procedure to
identify optimal hyperparameters for NGBoost. This framework computes
both the mean and standard deviation of the buckling moment for each boom
geometry. Because each geometry is associated with 10 different imperfec-
tions, we employed Grouped k-fold cross-validation to guarantee that same
geometries are included in same fold. Specifically, each fold contained 10
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geometries—40 geometries were used for training and 10 for testing in each
iteration. The Scaled MSE served as our scoring function:

2
Scaled MSE = {@(T—QM)} (A.1)

where y is the true buckling moment, p is the predicted mean buckling
moment, and o is the predicted standard deviation of buckling moment of the
boom geometry. Minimizing this metric ensures both an accurate prediction
of the mean and a sensible distribution width (i.e., avoiding an overconfident
model that underestimates uncertainty). Figure A.2 shows the Scaled MSE
values throughout the Bayesian optimization. For x-bending, the lowest
average Scaled MSE over the test set occurred at iteration 292; for y-bending,
the best was found at iteration 145. The corresponding hyperparameters
from these iterations were then adopted, as reported in Section 3.1.
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Figure A.1: Sobol sequence for obtaining (a) geometric parameters and (b) imperfection
parameters for multi-objective optimization.
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Appendix B. Heteroscedastic noise in buckling moment distribu-
tion

As discussed in section 2.3.1, the buckling moment distribution changes
with variations in the input geometry. Figure B.1 illustrates how the number
of buckling moment observations differs for dimple imperfections as the boom
geometry varies, when same imperfection parameters are applied. Due to the
heteroscedastic noise introduced by the imperfections, the probability density
function of the skew-normal distribution changes with the input.
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Figure B.1: Number of buckling moment observations for a dimple imperfection under
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