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ABSTRACT: Initial geometric imperfections critically affect cylindrical-shell buckling, yet the influence of
imperfection morphology remains difficult to separate from that of amplitude. This study develops an interpretable
machine-learning-assisted framework for stochastic buckling assessment of cylindrical shells with random geometric
imperfections. Circumferentially continuous Gaussian imperfection fields with different normalized correlation lengths
are generated under a fixed root-mean-square (RMS) amplitude. Nonlinear Riks analyses are performed to construct a
finite-element database of the corresponding buckling responses. Feature diagnosis is used to identify response-relevant
descriptors of imperfection morphology. Compact surrogate models are subsequently evaluated for sample-level
prediction and group-level statistical trend representation. The buckling resistance first decreases and then increases
with increasing correlation length, demonstrating a pronounced non-monotonic morphology effect. Among the
considered descriptors, the RMS edge jump is identified as the most informative field-derived measure and provides
robust predictive information across multiple regression models. The proposed framework provides a compact link
between imperfection morphology and stochastic buckling response.

KEYWORDS: Cylindrical shell; stochastic buckling; random geometric imperfection; machine learning; feature
diagnosis; surrogate modeling

1 Introduction
Thin-walled cylindrical shells are widely used in civil, aerospace, marine, mechanical, and petro-

chemical engineering because of their high load-carrying efficiency and low structural weight. Under axial
compression, however, these structures are highly sensitive to buckling. Although the classical theoretical
buckling loads of cylindrical shells have been established in early analytical studies [1–3], experimental
buckling loads are often much lower than the corresponding theoretical predictions. This discrepancy is
generally attributed to unavoidable uncertainties in geometry, boundary conditions, thickness, material
properties, and loading conditions [4,5]. Among these factors, initial geometric imperfections are widely
recognized as one of the dominant sources of buckling-load reduction.

Accurate characterization of geometric imperfections is therefore essential for reliable buckling assess-
ment and knockdown-factor evaluation of cylindrical shells [5]. Existing imperfection descriptions can be
broadly classified into measured imperfections, deterministic modal imperfections, and stochastic imper-
fection fields. Measured imperfections obtained using contact or non-contact techniques provide direct
information on real shell geometries [4,6–8], but they usually describe specific tested specimens and are
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not sufficient by themselves for large-scale stochastic assessment. Deterministic imperfection modes, often
based on the critical buckling mode or a combination of eigenmodes [9,10], are convenient for imperfection-
sensitivity studies but cannot fully describe the spatial variability of geometric imperfections. Random field
based descriptions provide a more general framework for representing distributed geometric uncertainty on
shell surfaces [11–13].

Random field simulation has been extensively studied using spectral representation [14], Karhunen–
Loève expansion [15], and stochastic harmonic functions [16]. Many of these methods were originally
developed for planar or simply parameterized domains. For cylindrical shells, the imperfection field is
defined on a curved surface with a periodic circumferential direction. Several studies have generated
random imperfections on cylindrical shells or panels using separable axial and circumferential correlation
descriptions [17–21]. Other studies have considered geodesic-distance-based correlation modeling for ran-
dom fields on curved surfaces [22], and manifold-based random field simulation methods have also been
developed [23–25]. For closed cylindrical shells, however, the periodicity of the circumferential coordinate
must be treated explicitly to avoid artificial discontinuities at the seam of the unwrapped surface.

Once stochastic imperfection fields are generated, their influence on buckling resistance must be
evaluated over a large number of realizations. Nonlinear finite-element analysis is commonly used for this
purpose [21,26–28], but repeated nonlinear Riks analyses become computationally demanding for large
stochastic datasets. Koiter-based reduced-order approaches provide an efficient alternative for imperfection-
sensitivity analysis; for example, Barbero et al. [29] used Koiter’s method to characterize modal imperfection
sensitivity of cylindrical shells. In contrast, the present study focuses on spatial random field imperfec-
tions and their morphology-dependent buckling response. Beyond computational cost, response statistics
alone do not directly reveal which imperfection morphology characteristics are most relevant to buckling
resistance.

Machine-learning and surrogate-modeling techniques have increasingly been introduced into shell
buckling analysis to improve response prediction efficiency. Artificial neural networks and other machine-
learning models have been applied to buckling-load prediction of cylindrical shells using experimental,
parametric, and finite-element data [30–33], while physics-informed approaches incorporate physical con-
straints into data-driven buckling models [34,35]. Image-driven models have further predicted buckling
behavior directly from imperfection patterns [36], and neural-network surrogates have recently been
developed for random field based geometric imperfections [37]. More recent studies have further extended
machine-learning-assisted shell analysis toward explainable and uncertainty-aware modeling, including
explainable learning for cylindrical-shell buckling and failure [38,39] and machine-learning-assisted uncer-
tainty quantification for imperfect cylindrical shells [40].

To clarify the positioning of the present study, Table 1 summarizes representative research lines and
highlights the different aspects emphasized in the present work.

The present work uses machine learning as a tool for interpretable analysis and surrogate modeling
to relate random-imperfection morphology to stochastic buckling resistance. RMS-normalized Gaussian
imperfection fields with different correlation lengths are evaluated through nonlinear Riks analyses to
construct the finite-element database. Feature diagnosis is subsequently performed to identify morphology
descriptors that are most relevant to the buckling response, followed by compact surrogate modeling at the
sample and group levels.

The main contributions of this study are summarized as follows:

• An RMS-normalized stochastic buckling database is constructed to examine correlation-length-
induced morphology effects under a fixed global imperfection amplitude.
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• A response-oriented feature diagnosis identifies the RMS edge jump as a compact descriptor of
buckling-relevant local roughness.

• Descriptor-based surrogate models are established for efficient sample-level prediction and group-level
statistical trend assessment.

Table 1: Positioning of the present study relative to representative research lines.

Research Line Main Focus Focus of the Present Study
Stochastic buckling with

random
imperfections [17,20,21]

Random imperfections, nonlinear
analysis, and buckling response

statistics

Morphology-dependent buckling
under a fixed RMS imperfection

amplitude

Koiter-based
imperfection sensitivity

analysis [9,29]

Asymptotic imperfection-sensitivity
analysis, modal interaction, and

reduced-order response evaluation
Spatial random field imperfections

Machine learning based
buckling

prediction [31,36,37]

Prediction from design variables,
measurements, images, or field

representations

Interpretable morphology
diagnosis and compact

descriptor-based surrogate
modeling

The remainder of this paper is organized as follows. Section 2 introduces the geodesic random
imperfection model with circumferential periodicity and the corresponding Gaussian random field gener-
ation procedure. Section 3 describes the finite-element cylindrical shell model, the stochastic imperfection
database, and the nonlinear Riks analysis used to extract the critical load factors. Section 4 defines the
candidate imperfection descriptors and presents the feature-diagnosis and surrogate-modeling methodol-
ogy. Section 5 reports the stochastic buckling response, feature-diagnosis results, sample-level surrogate
performance, and group-level statistical-response trends. Section 6 discusses the role of correlation-length-
induced morphology, the interpretation of the RMS edge jump descriptor, and the limitations of the proposed
framework. Section 7 concludes the paper.

2 Geodesic Random Imperfection Model with Circumferential Periodicity

2.1 Radial Geometric Imperfection of Cylindrical Shell
As shown in Fig. 1, consider a thin cylindrical shell with radius R, length L, and thickness t. A point on

the middle surface of the perfect cylindrical shell is parameterized by the circumferential coordinate θ and
the axial coordinate z as

x(θ , z) = [R cos θ R sin θ z]T, 0 ≤ θ < 2π, 0 ≤ z ≤ L (1)

The geometric imperfection is introduced as a radial perturbation of the cylindrical middle surface. Let
w0(θ , z) denote the scalar imperfection field. The imperfect middle surface is expressed as

x0(θ , z) = x(θ , z) +w0(θ , z)er(θ), (2)

where er(θ) = [cos θ sin θ 0]T is the outward radial unit vector. A positive value of w0 denotes an
outward radial imperfection, whereas a negative value denotes an inward radial imperfection.
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Figure 1: Radial imperfection of the cylindrical shell.

2.2 Geodesic Distance with Circumferential Periodicity
For a cylindrical shell, the circumferential direction is periodic. As shown in Fig. 2, by unfolding the

cylindrical surface into a rectangle with periodic boundary treatment in the circumferential direction, the
shortest surface distance between two points (θi , zi) and (θ j , z j) is written as

Dg , i j =
√

(RΔθi j)
2 + (zi − z j)

2, (3)

where Δθi j = min (∣θi − θ j ∣, 2π − ∣θi − θ j ∣) is the shortest angular separation.

Figure 2: Geodesic distance on the unwrapped cylindrical surface with circumferential periodicity.

This distance is referred to as the geodesic distance, representing the intrinsic shortest-path distance
along the cylindrical surface. The periodic treatment accounts only for the circumferential topology of the
closed cylinder and prevents an artificial discontinuity at the seam of the unwrapped surface. It does not
impose a periodic waveform or prescribed geometric shape on individual imperfection realizations.

For a finite element mesh with n nodes, the pairwise geodesic distances form the matrix

Dg = [Dg , i j]
n
i , j=1 . (4)

The matrix is used to construct the covariance matrix of the random imperfection field.

2.3 Geodesic Random Field Generation with Circumferential Periodicity
The imperfection field is modeled as a zero-mean Gaussian random field, w ∼ N (0, C), where C is the

covariance matrix.
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Let wi = w0(θi , zi) denote the radial imperfection amplitude at the i-th finite element node. The nodal
imperfection vector is

w = [w1 w2 ⋅ ⋅ ⋅ wn]
T , (5)

In this study, the squared-exponential covariance function is adopted:

Ci j = σ 2
w exp [−(

Dg , i j

c
)

2

] , (6)

where c is the correlation length and σw is the standard deviation before RMS normalization. A
smaller c produces short-correlation imperfection patterns, whereas a larger c produces smoother long-
correlation patterns.

The covariance matrix is then decomposed as

C = ΦΛΦT, (7)

where Λ = diag(λ1 , λ2, . . . , λn) contains the eigenvalues and Φ contains the corresponding eigenvectors.
In numerical implementation, small negative eigenvalues may appear because a covariance function con-
structed from geodesic distances is not guaranteed to be positive semidefinite for all discretizations and
correlation lengths. A non-negative spectral projection is therefore applied when necessary to obtain a valid
covariance representation for random field generation:

Λ+ = diag (λ+1 , λ+2 , . . . , λ+n) , (8)

where λ+k = max(λk , 0) for k = 1, 2, . . . , n. Then a realization of the imperfection field is generated by

w = ΦΛ1/2
+ ξ, (9)

in which ξ ∼ N (0, I) is a standard normal random vector.
The generated imperfection field is then scaled to a normalized imperfection amplitude as follows

w∗ = w∗RMS
wRMS

w, (10)

where w∗RMS is a prescribed RMS amplitude, and wRMS =
√

1/n∑n
i=1 w2

i is the RMS amplitude of a discrete
sample. This normalization keeps the global imperfection amplitude fixed, allowing the subsequent buckling
analyses to isolate the effect of correlation-length-induced spatial morphology.

Finally, the scaled imperfection amplitudes are applied to the nodal coordinates in the radial direction:

x∗i = x(θi , zi) +w∗i er(θi), i = 1, 2, . . . , n. (11)

The prescribed correlation lengths and RMS amplitude define a controlled numerical morphology space
rather than a manufacturing specific imperfection model. Application to manufactured shells therefore
requires calibration of the covariance structure and imperfection amplitude from measured surface data.
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3 Nonlinear Stochastic Buckling Analysis

3.1 Buckling Analysis Procedure of Finite Element Cylindrical Shell Model
The cylindrical shell model considered in this study is based on an experimental cylindrical shell

reported in Ref. [20], as shown in Fig. 3. The shell has a radius of R = 101.6 mm, a length of L = 203.2 mm,
and a thickness of t = 0.11597 mm. The material is assumed to be linear elastic and isotropic, with Young’s
modulus E = 104, 410 MPa and Poisson’s ratio ν = 0.3. The bottom edge of the cylindrical shell was fully
constrained. At the top edge, the axial displacement along the global Z-direction was allowed, while the
non-axial displacement components were constrained. An axial compressive load was then applied at the
top edge through the prescribed loading condition. The shell was discretized using four-node reduced-
integration shell elements (S4R in Abaqus) with about 5 mm element size, resulting in 5376 nodes and 5248
shell elements.

q

E = 104410 N/mm2

v = 0.3

L = 203.2 mm

R = 101.6 mm

t = 0.11597 mm

Figure 3: Finite-element model of the cylindrical shell.

The same finite element model settings were used for all imperfect shells, with only the nodal coordinates
modified according to the prescribed imperfection field. For each imperfect cylindrical shell model, a
geometrically nonlinear buckling analysis was performed in Abaqus 2022 using the Static, Riks
procedure with NLGEOM=ON. The maximum number of increments was set to 200. The initial arc-length
increment, total arc-length scale factor, minimum arc-length increment, and maximum arc-length increment
were set to 0.002, 1.0, 1.0 × 10−6, and 0.02, respectively. The analyses were performed on a workstation
equipped with a 13th Gen Intel Core i9-13900 processor and 32 GB of RAM under 64-bit Windows 11, with
four CPU cores assigned to each Riks analysis.

The critical load factor, λcr, was extracted from the Load Proportionality Factor (LPF) history as the first
significant local maximum along the nonlinear equilibrium path. To suppress spurious early oscillations, the
first three frames were excluded, the peak LPF was required to exceed 0.05, and the detected peak had to be
followed by a load drop. If no such peak was found, the maximum LPF over the computed path was recorded
and the case was flagged for inspection. The same criterion was applied to all imperfection samples.

3.2 Random Imperfection Database
Using the geodesic random field generation procedure described in Section 2.3, a stochastic imperfec-

tion database was constructed for the cylindrical shell. In the present parametric study, the correlation length
c is the only prescribed random field parameter varied to control the spatial morphology. To characterize the
correlation length relative to the shell size, the normalized correlation length is defined as
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αc =
c
R

. (12)

Eight normalized correlation lengths, αc = {0.05, 0.10, 0.15, 0.20, 0.30, 0.50, 0.75, 1.00}, are considered
to investigate the influence of spatial correlation. The selected range spans characteristic correlation scales
from approximately the baseline element size at αc = 0.05 to the shell-radius scale at αc = 1.00, providing a
controlled transition from short-range rough fields through intermediate spatial scales to relatively smooth
long-range fields. These values define the morphology space investigated in this study rather than a range
calibrated from measured manufacturing imperfections.

For each prescribed value of αc , the covariance matrix was checked for numerical positive semidefinite-
ness. The magnitude of the negative spectrum before projection was quantified by r− = ∑λk<0 ∣λk ∣/∑λk>0 λk .
The negative spectral ratio was zero for αc ≤ 0.50. Small negative eigenvalues appeared only for αc = 0.75 and
αc = 1.00, with r− = 4.75 × 10−9 and 1.20 × 10−5, respectively. These values indicate that the spectral projection
has negligible influence on the generated imperfection fields.

For each value of αc , 200 independent random imperfection samples were generated, resulting in a
total of 1600 realizations. For reproducibility, the random field generation used a fixed MATLAB random
seed of 2026. All generated imperfection fields were scaled to the same RMS amplitude before being
applied to the finite element model. The target amplitude was set as w∗RMS/t = 0.5. Then for each random
imperfection sample, the nodal coordinates of the imperfect shell were generated by imposing the RMS-
normalized radial imperfection vector according to Eq. (11). Thus, each random realization produces one
geometrically imperfect shell model, while the mesh topology, material properties, loading pattern, and
boundary conditions are kept unchanged.

Fig. 4 shows representative RMS-normalized imperfection fields for selected values of αc . Circumfer-
ential continuity is evident across the boundary at θ = 0 and 2π, without an artificial seam discontinuity.
As αc increases, the characteristic spatial scale increases and the imperfection patterns evolve from densely
distributed local fluctuations to broader and smoother spatially coherent regions. Since all fields are
normalized to the same RMS amplitude, these differences primarily reflect changes in spatial morphology
rather than global imperfection amplitude.

Figure 4: Representative random imperfection fields at different correlation lengths with a common RMS amplitude
of w∗RMS = 0.5t.
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3.3 Mesh Sensitivity and Statistical Adequacy Assessment
The shortest prescribed correlation length, c = 5.08 mm, is comparable to the characteristic element size

of the baseline mesh, making its numerical response potentially sensitive to spatial discretization. A mesh-
sensitivity assessment was therefore conducted to evaluate the robustness of the principal buckling response
trends under mesh refinement. In addition to the baseline mesh used for the complete 1600-sample database,
fine and extra-fine meshes were constructed by successively halving the approximate element dimensions in
both surface directions, as summarized in Table 2.

Table 2: Mesh configurations used in the discretization assessment.

Mesh Level Approximate Element Size Elements Nodes αc Values Analyzed Analyses
Baseline 4.99 × 4.96 mm 5248 5376 0.05–1.00 (8 values) 1600

Fine 2.49 × 2.48 mm 20,992 21,248 0.05–1.00 (8 values) 40
Extra-fine 1.25 × 1.24 mm 83,968 84,480 0.05, 0.10, 0.30, 1.00 6

Note: The baseline database contains 200 realizations for each of the eight correlation lengths. The 40 fine-mesh cases
include five realizations at each αc . The six extra-fine cases include two realizations each at αc = 0.05 and 0.10, and one
realization each at αc = 0.30 and 1.00.

Five realizations were selected at each of the eight correlation lengths, yielding 40 paired baseline–
fine comparisons. Six representative realizations were additionally analyzed using the extra-fine mesh,
including two cases each at αc = 0.05 and 0.10, and one case each at αc = 0.30 and 1.00. For each paired
comparison, the same underlying imperfection field with w∗RMS/t = 0.5 was mapped to the refined mesh by
linear interpolation in the circumferential and axial directions. This procedure allows the influence of mesh
refinement to be assessed while minimizing changes in the underlying imperfection morphology.

The statistical adequacy of the 200 realizations adopted at each correlation length was further examined
through repeated subsampling. Sample sizes of nsam pl e = {25, 50, 75, 100, 125, 150, 175}were considered, and
500 random subsets were drawn at each sample size to evaluate the stability of the estimated mean and
standard deviation.

4 Candidate Imperfection Descriptors and Surrogate-Modeling Methodology

4.1 Characterization of Candidate Imperfection Descriptors
The random imperfection field generated in Section 3.2 is represented by the nodal imperfection vector

w∗, whose dimension is equal to the number of finite element nodes. Directly using w∗ as the surrogate-
model input would therefore result in a high-dimensional representation with limited interpretability. To
obtain a compact and physically interpretable representation, each imperfection realization is instead char-
acterized by a set of scalar candidate variables, including the prescribed correlation length and morphology
descriptors extracted from the imperfection field.

The candidate descriptors considered in this study are summarized in Table 3. For the m-th random
imperfection realization, the candidate descriptor vector is defined as

q(m) = [α(m)c , w(m)+ , w(m)− , w(m)a , w(m)r , S(m), K(m), J(m)]T. (13)

These descriptors cover four aspects of the imperfection field: the prescribed spatial scale through αc ,
extreme amplitudes through w+, w−, wa , and wr , marginal distributional shape through S and K, and local
roughness through J. Since all imperfection realizations are normalized to the same RMS amplitude, the
field-derived descriptors are introduced to characterize sample-specific morphology.
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Table 3: Candidate descriptors of random imperfection fields.

Symbol Definition Engineering Interpretation

αc c/R Characteristic spatial scale of the imposed imperfection field
relative to the shell radius.

w+ max
1≤i≤n

w∗i /t Severity of the largest outward geometric deviation.

w− − min
1≤i≤n

w∗i /t Severity of the deepest inward geometric deviation.

wa max
1≤i≤n

∣w∗i ∣/t Largest local geometric deviation irrespective of its radial
direction.

wr (max
1≤i≤n

w∗i − min
1≤i≤n

w∗i ) /t Overall peak-to-valley amplitude span of the imperfection field.

S 1
n

n
∑
i=1

(w∗i − w̄
sw

)
3 Asymmetry between inward and outward imperfection

amplitudes in the field.

K 1
n

n
∑
i=1

(w∗i − w̄
sw

)
4 Degree of concentration of pronounced amplitude extremes

relative to the overall amplitude distribution.

J

�
���� 1

Ne
∑

(i , j)∈Emesh

(
w∗i −w∗j

t
)

2 Local short-wavelength roughness at the adopted spatial
resolution; larger values indicate stronger variation between

adjacent nodes.

Because αc is the prescribed parameter controlling the spatial correlation of the random imperfection
field, the descriptors extracted from each realization may vary systematically with αc . Therefore, before
using these descriptors in the response analysis, their variation across the generated database is first
examined. Fig. 5 shows the variation of the candidate descriptors with the prescribed normalized corre-
lation length. This inspection clarifies how the extracted scalar descriptors are distributed across different
correlation-length groups.

Because J is calculated from differences between adjacent nodal imperfection amplitudes, its magnitude
depends on spatial resolution and is therefore treated as a fixed resolution discrete roughness descriptor. All
1600 samples were evaluated on the same baseline mesh, while 40 paired baseline–fine cases were used to
assess its resolution dependence, as shown in Fig. 6. Mesh refinement reduced the group-mean J values to
50.04%–56.70% of their baseline values, consistent with the approximately halved nodal spacing of the fine
mesh and the corresponding reduction in adjacent-node imperfection differences. Despite this change in
magnitude, the ordering of the eight group means was fully preserved. Thus, mesh refinement changes the
numerical scale of J but preserves its relative roughness trend.

The candidate descriptors may also contain redundant information because several of them describe
related aspects of the same imperfection field. For example, the amplitude-based descriptors characterize
different forms of extreme-amplitude information, whereas other descriptors describe distributional shape
or local variation. The correlations among the candidate descriptors are therefore examined in Fig. 7. This
correlation matrix provides a preliminary view of descriptor redundancy and supports the interpretation of
the subsequent feature-diagnosis and surrogate-modeling results.
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(a) RMS edge jump (b) Directional extreme amplitudes

(c) Global extreme-amplitude descriptors (d) Distributional descriptors

Figure 5: Variation of candidate imperfection descriptors with the prescribed normalized correlation length αc .

(a) Group-mean J for the baseline and fine meshes (b) Fine-to-baseline ratio of J

(%
)

Figure 6: Resolution dependence of the RMS edge jump.
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Figure 7: Correlation matrix among the candidate imperfection descriptors.

4.2 Learning Tasks and Surrogate Models
After the nonlinear Riks analyses described in Section 3.1, each random imperfection sample is associ-

ated with a critical load factor λcr. Together with the candidate descriptor vector defined in Section 4.1, the
finite element database is written as

D = {(q(m), λ(m)cr )}Ns

m=1 , (14)

where Ns is the total number of random imperfection samples, q(m) is the candidate descriptor vector of the
m-th imperfection field, and λ(m)cr is the corresponding critical load factor obtained from the nonlinear finite
element analysis.

Two learning tasks are considered based on this database:

⎧⎪⎪⎨⎪⎪⎩

λ̂(m)cr =Ms (f(m)s ) , sample-level response prediction,

r̂k =Mg (fg ,k) , group-level statistical trend approximation.
(15)

here, f(m)s denotes a low-dimensional input for the m-th imperfection realization, and Ms predicts the cor-
responding critical load factor λ̂(m)cr . Similarly, fg ,k denotes a group-level input for the k-th correlation-length
group, and Mg predicts its statistical response r̂k . The inputs are constructed from the prescribed generation
parameter and/or candidate imperfection descriptors, with different input configurations examined in the
subsequent analyses.

For sample-level prediction, five commonly used nonlinear regression algorithms were considered:
bagged regression trees (BT), random forest (RF), least-squares boosting (LSBoost), support vector regres-
sion (SVR), and Gaussian process regression (GPR). The BT and RF models each used 200 regression
trees trained by bootstrap resampling; BT considered all available predictors at each split, whereas RF used
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random predictor subsampling. LSBoost used 200 regression trees with a learning rate of 0.05. SVR used
a Gaussian kernel with a kernel scale of 1, a box constraint of 1, and an epsilon-insensitive margin of 0.01.
GPR used a constant basis function and an automatic-relevance-determination squared-exponential kernel
with exact fitting and prediction. Predictor standardization was applied to SVR and GPR using training-set
statistics only.

For group-level trend approximation, GPR was adopted, with a separate regression model established
for each response statistic. The group-level input was constructed from either the prescribed generation
parameter or a group summary of a candidate imperfection descriptor.

4.3 Feature Diagnosis
The feature-diagnosis step examines the response relevance of the candidate variables before surrogate

validation. A one-way variance decomposition with respect to the αc groups is first used to distinguish
between-group and within-group contributions to the total variation of λcr.

The diagnosis then consists of three complementary analyses. First, single-descriptor screening is
performed using each component of q(m) individually as the input of a bagged-tree surrogate to assess its
standalone predictive information. Second, permutation feature importance is evaluated using the field-
derived morphology-descriptor set Fm = {w+, w−, wa , wr , S , K , J}, excluding αc because it is the prescribed
random field parameter rather than a descriptor extracted from an individual realization. Third, within-αc
Pearson correlations between each field-derived descriptor and λcr are evaluated to examine sample-to-
sample response associations within each fixed correlation length group.

Permutation feature importance was evaluated using a bagged-tree surrogate trained with the
morphology-descriptor set Fm. For each descriptor, its values were randomly permuted among the test
samples while the other descriptors were kept unchanged, and the resulting increase in RMSE relative to the
original prediction was used as the importance measure. A larger RMSE increase indicates greater predictive
relevance of the corresponding descriptor.

4.4 Validation Strategy
Two validation protocols are used for sample-level surrogate modeling. The first applies a stratified

80%/20% holdout to the complete 1600-sample database using a fixed MATLAB random seed of 1, with 160
training and 40 test samples from each αc group, giving 1280 training and 320 test samples in total. The
same data partition was used for all compared models and feature sets to ensure a consistent comparison.
Since both the training and test sets contain samples from the same correlation length groups, this validation
evaluates the prediction accuracy for unseen random realizations within the constructed database. The
second protocol is leave-one-αc-out validation. In each validation round, all samples corresponding to one
value of αc are excluded from training and used as the test set. Thus, 1400 samples from seven groups are
used for training and 200 samples from the held-out group for testing. This validation is used to assess the
prediction performance for an unseen correlation length group. The sample-level prediction performance
is evaluated using the root mean squared error (RMSE), mean absolute error (MAE), and coefficient of
determination (R2), respectively. For leave-one-αc-out validation, RMSE and MAE are averaged over the
eight held-out groups.

Leave-one-group-out validation is used for the group-level statistical response trend approximation,
in which one correlation length group is excluded from training and then predicted by the group-level
trend approximation model. In each round, seven groups are used for fitting and the remaining group for
validation, with all eight groups serving once as the held-out group. The predicted and Riks-derived values
from the eight held-out groups are then compared using R2 for each response statistic.
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The overall analysis workflow, including feature diagnosis, sample-level prediction, group-level trend
approximation, and the corresponding validation procedures, is summarized in Fig. 8.

Figure 8: Workflow of feature diagnosis and surrogate-assisted stochastic buckling assessment.

5 Results

5.1 Correlation-Length-Dependent Buckling Response and Robustness
Fig. 9 shows the distribution of the critical load factors for all random imperfection samples in each

αc group, with the corresponding group mean and standard deviation superimposed. Since all samples
have the same prescribed RMS imperfection amplitude, the observed differences in λcr mainly reflect the
influence of the spatial morphology induced by the correlation length, rather than variations in the global
imperfection amplitude.

As shown in Fig. 9a, a clear but non-monotonic dependence of λcr on αc is observed. The mean critical
load factor decreases from αc = 0.05 to a minimum at αc = 0.10, and then increases markedly with increasing
correlation length. For αc ≥ 0.50, the mean response reaches a relatively high and nearly stable level. Thus,
the lowest buckling resistance does not occur at the shortest correlation length, indicating that the response
is governed by more than the magnitude of short-scale local fluctuations. The scatter of λcr also varies
with αc . The dispersion is relatively small at the shortest and longest correlation lengths and becomes more
pronounced in the intermediate range, reaching its maximum around αc = 0.30.
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(a) Mean and standard deviation (b) Response quantiles

q5%
q50%

q95%

Figure 9: Distribution of λcr vs. αc .

The response quantiles in Fig. 9b show a consistent overall trend, remaining low at short correlation
lengths, increasing rapidly over the intermediate range, and approaching a high and relatively stable
level for αc ≥ 0.50. The reduced separation between the lower and upper quantiles at large αc further
indicates decreased response scatter for smoother long-correlation imperfections. Taken together, these
results indicate that the buckling response depends on the spatial organization and characteristic scale of the
imperfection field rather than on local fluctuation magnitude alone.

The mesh-sensitivity results are presented in Fig. 10. Mesh refinement changed the absolute values
of λcr, particularly in the short- and intermediate-correlation ranges, but retained the principal non-
monotonic dependence and the low-response regime around αc = 0.10. For the selected three-level cases,
the baseline–fine differences were approximately 5%–25%, whereas the fine–extra-fine differences remained
below approximately 4.5%, indicating substantially reduced sensitivity under further refinement. These
results support the robustness of the principal response trend, while the complete baseline-mesh database is
used as mesh-consistent comparative data rather than as a mesh-independent reference.

(a) Baseline-fine statistics for 40 paired cases (b) Three-level critical load factors for six realizations

Samples

Figure 10: Mesh-sensitivity assessment of λcr.
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The statistical adequacy of the database is assessed in Fig. 11 using the repeated subsampling procedure
described in Section 3.3. At n = 175, the 95th-percentile relative errors are 0.548% for the mean and 8.918%
for the standard deviation. The substantially greater stability of the mean supports the use of 200 realizations
per group for comparing the principal response levels and morphology dependent trends, while the larger
uncertainty in the standard deviation suggests that small differences in response dispersion should be
interpreted cautiously. The zero error at n = 200 results from using the full 200 sample estimates as the
reference and does not represent independent evidence of Monte Carlo convergence.

(a) Mean (b) Standard deviation

Figure 11: Subsample-based stability of the mean and standard deviation of λcr relative to the corresponding 200-
sample estimates.

5.2 Machine-learning Feature Diagnosis
The results in Section 5.1 show a strong dependence of the buckling response on the prescribed

normalized correlation length. A one-way variance decomposition further shows that 98.67% of the total
variance of λcr is associated with between-αc variation, whereas only 1.33% arises from within-group sample-
to-sample variation. Thus, the dominant response variation in the present database is associated with the
morphology change induced by the prescribed correlation length, while the residual within-group variation
is comparatively small.

The response relevance of the candidate descriptors is evaluated using the procedures defined
in Section 4.3. Fig. 12a shows that αc and J yield the lowest RMSE values in the single-descriptor screening,
while Fig. 12b identifies J as the dominant field-derived descriptor in permutation importance. Together,
these results indicate that J is the most informative field-derived descriptor among the candidates considered.

While Fig. 12 identifies J as the most informative field-derived descriptor for the overall response
trend, Fig. 13 shows that the within-αc correlations between the morphology descriptors and λcr are
generally weak or inconsistent. Although J exhibits relatively stronger negative correlations in several groups,
particularly in the intermediate αc range, these associations remain moderate. This indicates that the scalar
descriptors primarily represent the dominant cross-group morphology trend, whereas the residual within-
group response variation depends on spatial information not fully captured by the present descriptors.
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(a) Single-descriptor prediction error (b) Permutation feature importance

Figure 12: Predictive relevance of the candidate imperfection descriptors.

Figure 13: Within-αc correlation coefficients between morphology descriptors and λcr.

5.3 Sample-Level Surrogate Modeling of Critical Load Factors
Based on the feature-diagnosis results in Section 5.2, three compact input configurations are compared

for sample-level prediction of λcr: the prescribed correlation length αc , the field-derived RMS edge jump
J, and their combination (αc , J). Their predictive performance is benchmarked across the five regression
algorithms described in Section 4.2 under the validation protocols defined in Section 4.4.

As summarized in Table 4, all three input configurations achieve similarly high accuracy under the
stratified holdout, whereas clearer differences emerge under leave-one-αc-out validation. The J-based models
show relatively consistent cross-group performance across the five algorithms, and replacing αc with J
reduces the mean cross-group error for BT, RF, LSBoost, and GPR, while SVR performs better with αc .
Combining αc and J does not consistently improve cross-group prediction, indicating that the additional



Comput Model Eng Sci. 2026;148(3):12 17

prescribed parameter does not necessarily provide complementary information for extrapolation to an
unseen correlation-length group.

Table 4: Benchmark performance of the sample-level surrogate models.

Model Input Stratified Random Holdout Leave-one-αc-out

RMSE MAE R2 Mean RMSE Mean MAE
BT αc 0.0273 0.0171 0.9892 0.0876 0.0834
RF αc 0.0273 0.0171 0.9892 0.0877 0.0835

LSBoost αc 0.0273 0.0171 0.9892 0.0876 0.0834
SVR αc 0.0276 0.0174 0.9890 0.0488 0.0438
GPR αc 0.0273 0.0171 0.9892 0.0782 0.0733

BT J 0.0296 0.0187 0.9873 0.0523 0.0467
RF J 0.0297 0.0187 0.9872 0.0527 0.0471

LSBoost J 0.0304 0.0186 0.9866 0.0572 0.0512
SVR J 0.0267 0.0169 0.9897 0.0522 0.0474
GPR J 0.0261 0.0167 0.9901 0.0529 0.0473

BT (αc , J) 0.0295 0.0185 0.9874 0.0531 0.0479
RF (αc , J) 0.0271 0.0171 0.9894 0.0521 0.0465

LSBoost (αc , J) 0.0303 0.0186 0.9867 0.0634 0.0578
SVR (αc , J) 0.0257 0.0161 0.9904 0.0930 0.0889
GPR (αc , J) 0.0258 0.0162 0.9904 0.0950 0.0908

Among the J-only models, GPR-J gives the lowest random-holdout error and cross-group perfor-
mance comparable to the other benchmark algorithms, and is therefore used as a representative smooth
morphology-based surrogate. Fig. 14 shows close agreement between its predictions and the Riks results
under the stratified holdout, while the remaining scatter reflects spatial information in the full imperfection
field that is not represented by J alone. Fig. 15 further shows that the leave-one-αc-out errors vary among
the held-out groups, but the overall cross-group information carried by J is consistently observed across the
benchmark algorithms.

Figure 14: Predicted vs. Riks λcr for the GPR-J surrogate.
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Figure 15: Leave-one-αc-out RMSE of the J-based sample-level surrogate models.

Table 5 further examines the variation among held-out groups for the three GPR input configurations.
The J-only model has a lower mean RMSE than the αc-only model, although the improvement is not uniform
across the correlation-length range. The αc-only model performs better for αc = 0.05, 0.10, and 0.15, whereas
J generally gives lower errors for αc ≥ 0.20. In particular, the large J-only error at αc = 0.05 indicates that the
shortest-correlation case is difficult to extrapolate using a single scalar morphology descriptor.

Table 5: Group-wise RMSE values of GPR surrogates in leave-one-αc-out validation.

Held-Out αc GPR-αc GPR-J GPR-(αc , J)
0.05 0.0199 0.2050 0.2022
0.10 0.0159 0.0327 0.0592
0.15 0.0289 0.0375 0.0337
0.20 0.0432 0.0402 0.0391
0.30 0.0848 0.0730 0.0596
0.50 0.1580 0.0198 0.0544
0.75 0.0900 0.0094 0.1116
1.00 0.1846 0.0052 0.1996

Mean 0.0782 0.0529 0.0950

These group-wise results also show that neither J nor any single input configuration is uniformly
superior for every held-out group. Accordingly, GPR-J is used here as a representative morphology-based
surrogate rather than as a universally optimal predictor.

Table 6 compares the computational cost of the finite element analyses and the representative GPR-J
surrogate. Once the finite element database is available, surrogate training and prediction require negligible
time relative to a nonlinear Riks analysis, while evaluation of J adds little additional cost. The surrogate
therefore enables efficient repeated prediction within the calibrated structural configuration and morphology
range, although its construction still relies on the underlying finite element database.
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Table 6: Computational cost of the finite element analyses and the representative GPR-J surrogate.

Computational Task Data Size Runtime
Abaqus Riks analysis 1 model 2.32–2.50 min

Complete FE database 1600 models 66.7 ha

GPR-J training 1280 samples 2.15 s
GPR-J prediction 1 sample 4.31 μs

Note: aEach Riks job used four CPU cores.

5.4 Group-Level Statistical-Response Trend Representation
The sample-level analysis is further complemented by a group-level representation of the mean, standard

deviation, and selected quantiles of λcr. The prescribed normalized correlation length αc and the group-
averaged RMS edge jump J are considered separately as low-dimensional coordinates for these statistical
trends. Because only eight correlation-length groups are available, the analysis is intended to summarize
trends within the investigated database rather than to establish a general extrapolative statistical surrogate.

Fig. 16a,b compare the Riks-derived statistics with the corresponding group-level trend representa-
tions. Both αc and J reproduce the principal variation of the mean and quantile responses across the
investigated groups. The J-based representation therefore provides a field-derived coordinate for the dom-
inant morphology-dependent trend, although deviations remain at the largest values of J. This indicates
that J captures the principal group-level morphology information without replacing the full random
field description.

Figure 16: Group-level statistics of λcr.

Table 7 shows that the mean and quantile trends are represented more accurately than the standard
deviation. The J-based representation performs better for the mean and median, whereas αc performs better
for the lower and upper quantiles. The relatively low R2 values for the standard deviation indicate that its
variation is less readily represented by either low-dimensional input. Thus, the group-level analysis is best
viewed as a compact representation of the central and quantile response trends, whereas the sample-level
surrogates are used for prediction of individual imperfection realizations.
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Table 7: Leave-one-group-out performance of group-level statistical-response trend representations.

Response Statistic of λcr Input: αc Input: J
Mean 0.8878 0.9263

Standard deviation 0.2155 0.2914
q0.05 of λcr 0.9572 0.8859

q0.50 0.9004 0.9295
q0.95 0.9251 0.8365

Note: Values denote R2 scores under leave-one-group-out validation.

6 Discussion

6.1 Mechanical Interpretation of the Unfavorable Morphology Scale
The non-monotonic response provides insight into the role of imperfection morphology beyond local

roughness alone. The lowest mean critical load factor occurs at αc = 0.10, whereas the maximum RMS
edge jump occurs at αc = 0.05. Under the common RMS normalization, this difference suggests that severe
buckling is governed not simply by the magnitude of short-scale fluctuations but also by their spatial
organization. At αc = 0.05, the imperfection field is dominated by highly fragmented short-scale fluctuations,
whereas αc = 0.10 retains appreciable local variation over more spatially coherent regions that may interact
more effectively with localized nonlinear buckling deformation. As the correlation length increases further,
the field becomes progressively smoother and the local variation decreases. The minimum near αc = 0.10 is
therefore interpreted as a configuration-dependent unfavorable spatial scale between fragmented short-wave
and smooth long-wave morphologies, rather than as a universal critical correlation length.

6.2 Interpretation and Practical Role of the Morphology Descriptors
The RMS edge jump J and the prescribed correlation length αc play fundamentally different roles.

The former is extracted directly from an imperfection realization and quantifies local roughness, whereas
the latter controls the correlation structure used to generate the random field. The results indicate that J
provides a useful field-derived representation of the dominant cross-group morphology variation, but it
cannot encode the complete spatial structure of an individual imperfection field. Differences in imperfection
location, orientation, concentration, and spatial arrangement can therefore contribute to the residual
within-group response variation.

The limited predictive relevance of the amplitude-based descriptors w+, w−, wa , and wr and the
distributional descriptors S and K is closely related to the RMS-normalized database. These descriptors
characterize extreme amplitudes, amplitude ranges, or the marginal distribution of nodal values, but they
do not directly quantify the spatial rate of variation of the imperfection field. Their predictive relevance may
increase when the RMS amplitude is allowed to vary or when non-Gaussian, localized, or systematically
biased imperfection patterns are considered.

The practical role of J is therefore as a compact morphology coordinate for comparative screening
and surrogate modeling within a calibrated structural configuration and spatial resolution. For measured
imperfection fields, J can be evaluated at a specified resolution and compared with a configuration-specific
calibrated descriptor–response relation for rapid morphology screening and buckling-response assessment.
It should not be interpreted as a universal manufacturing acceptance threshold, because both its numerical
scale and its relation to buckling resistance depend on the structural configuration and the resolution at
which the imperfection field is represented.
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6.3 Applicability and Limitations
The present results are obtained for a cylindrical shell with L/R = 2.0 and R/t ≈ 876.3 under axial

compression using RMS-normalized Gaussian random imperfection fields. The reported response trends
and trained surrogates are therefore specific to the adopted geometry, boundary conditions, loading con-
dition, material model, imperfection amplitude, and stochastic imperfection representation. The proposed
workflow can be extended to other configurations by constructing the corresponding finite element database
and recalibrating the descriptor–response relation. Extensions to post-buckling or collapse behavior would
similarly require response labels appropriate to those stages.

Because both λcr and the discrete descriptor J depend on spatial discretization, the reported surrogate
performance is conditional on the baseline resolution. The refined-mesh analyses support the robustness of
the principal response trend and relative roughness ordering, but the numerical scale of J and the associated
surrogate relation should be recalibrated when the mesh or measurement resolution changes.

The present database represents a controlled stochastic morphology study rather than a manufacturing
specific probabilistic model, because the random field parameters were not calibrated from measured
imperfection surveys. Application to manufactured shells would require measured imperfection fields to
establish the relevant amplitude and spatial correlation characteristics and to evaluate the morphology
descriptors at a defined resolution. Such data would also be needed to assess the transferability of J and
recalibrate the morphology buckling response relation for the structural configuration of interest.

7 Conclusions
This study developed a machine-learning-assisted framework for stochastic buckling assessment of

cylindrical shells with random geometric imperfections. Geometric random fields with different normalized
correlation lengths were generated, scaled to the same RMS imperfection amplitude, and introduced into
nonlinear Riks analyses. Based on feature diagnosis, sample-level surrogate modeling, and statistical trend
assessment, the following conclusions can be drawn.

• Under the common RMS imperfection amplitude, the dominant variation of the buckling response in
the present database is associated with correlation-length-induced changes in imperfection morphol-
ogy, with between-αc variation accounting for most of the total response variance.

• The influence of correlation length on buckling resistance is non-monotonic. The lowest mean critical
load factor does not occur at the shortest correlation length, and the largest response scatter appears
in the intermediate range. Mesh refinement preserves the principal non-monotonic trend and the low-
resistance regime, although the absolute critical load factors remain mesh sensitive.

• The RMS edge jump J is the most informative scalar descriptor among the considered imperfection
features and effectively represents the dominant cross-group morphology variation. Its numerical scale
is resolution dependent, although the relative roughness ordering is preserved under mesh refinement.

• Compact inputs based on αc and/or J accurately reproduce the dominant sample-level response
variation under random holdout validation. The J-based models also retain useful cross-group pre-
dictive information across the benchmark algorithms, while the group-level models provide compact
representations of the main statistical trends.

The present conclusions are restricted to the investigated shell configuration, loading condition, RMS
imperfection amplitude, stochastic imperfection model, and spatial resolution, and the resulting surrogates
should therefore be regarded as database-dependent response approximations rather than universal buckling
predictors. Future work should assess the framework against measured imperfection fields, calibrate the
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morphology–response relation for manufactured shells, and extend the analysis to broader structural con-
figurations, imperfection amplitudes, and more complex non-Gaussian or localized imperfection patterns.
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