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 A B S T R A C T

Suction bucket foundations are increasingly used for offshore wind turbines in combination with jacket 
substructures due to their noise-free installation and reduced embedment depth. However, the design of 
their thin-walled cylindrical skirts is driven by buckling due to negative pressure. Geometric imperfections 
have a significant influence on the buckling behavior. Due to inherent uncertainty, identifying geometric 
imperfections that represent realistic imperfections is challenging. Consequently, large reduction factors are 
applied in combination with very unfavorable imperfection patterns to account for uncertainties, which often 
results in conservative designs with higher material consumption. The uncertainty of geometric imperfections 
can be quantified using random fields, which are often assumed to be homogeneous, with constant statistical 
behavior across the shell surface.

Based on experimental imperfection data from lab-scale and full-scale suction buckets, it is demonstrated 
that geometric imperfections of suction buckets are characterized by non-homogeneity. Probabilistic buckling 
analyses are performed using non-homogeneous random fields as geometric imperfections applied to finite 
element models of suction buckets. The proposed approach generates imperfection patterns that are similar to 
the measured imperfection patterns. Results show that the mean buckling pressures from the non-homogeneous 
approach closely match the experimental results and are less conservative than those obtained from the classical 
homogeneous random field approach and from design buckling pressures according to Eurocode 3. The findings 
emphasize the influence of non-homogeneous random imperfection modeling on probabilistic buckling loads 
and indicate the potential for less conservative and more efficient skirt designs. This paper contributes to 
advanced probabilistic design methodologies for shell structures. 
1. Introduction

Offshore wind energy has a key role within the European Union’s 
ambitious climate goals in the transition to a sustainable energy sys-
tem [1]. Potential offshore development areas in Europe have moderate 
water depths, making them suitable for fixed-bottom structures. With 
increasing turbine size, the trend shifts towards the installation of 
jacket structures, which have lower weight and higher stiffness com-
pared to monopiles. In connection with suction bucket foundations, it 
is possible to develop areas where the soil conditions do not allow pile 
installation. Suction buckets consist of a cylindrical shell, the so-called 
skirt, and a lid. The shell diameter is relatively large, while the required 
skirt length is significantly shorter than the pile length for the same 
location. Another major advantage is the low noise emission during 
the installation, compared to typically applied impact driving. For the 
installation, water pumps are used to create a pressure difference within 
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the foundation, which forces the suction buckets into the seabed. The 
suction bucket design, and in particular the skirt thickness, is driven 
by the installation load case. The negative pressure on the skirt and lid 
can lead to shell buckling of the structure during the installation. The 
buckling capacity of these thin-walled shells is highly sensitive to im-
perfections, which can significantly reduce the load-bearing capacity. 
To predict the buckling capacity of suction buckets, the structure and 
its surrounding soil are numerically modeled. In current engineering 
practice, the conventional design approach for suction bucket founda-
tions is based on geometrically and materially non-linear analyses with 
imperfections (GMNIA), where the FE model also includes the soil. The 
GMNIA approach for the verification of shell stability is described in 
Eurocode 3 (EC3): EN 1993-1-6 [2]. Since the surrounding soil creates 
a complex, ‘non-linear’ boundary condition, it is not possible to find an 
analytical solution for the ideal elastic buckling stress and apply the 
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generalized buckling capacity curve and reduction factors described in 
EC3 [2]. The semi-analytical approach described in DNV-RP-C202 [3] 
is also only applicable to shells with idealized boundary conditions. 
The calibration of an equivalent unsupported length of the shell with 
idealized boundary conditions is very challenging, as it depends on 
soil type, stiffness and the flow regime due to the installation. The 
Eurocode 3 requires the application of the most unfavorable equivalent 
geometric imperfection form. In practice, buckling modes derived from 
a linear bifurcation analysis are typically implemented as imperfection 
forms. However, these do not reflect measured imperfections like weld 
depressions and ovalizations, which result from the manufacturing 
process. Depending on the detailed design, the imperfections can also 
be distributed in a non-homogeneous manner over the length of the 
shell. Series production, which is common in the offshore sector, makes 
it possible to measure imperfections and thus form a basis for the gener-
ation of more ‘realistic’ imperfection forms. The application of ‘realistic’ 
manufacturing imperfections instead of ‘worst’ imperfections would 
lead to smaller wall thicknesses of the skirt for the same installation 
pressure and thus to a more economic design.

However, the imperfection patterns can vary from shell to shell, 
even within the same batch. The modeling of this inherent uncer-
tainty is challenging, especially when only a few measurements are 
available. Therefore, traditional design concepts often require large 
reduction factors also known as knockdown factors (KDFs) to account 
for uncertainty [4], which often leads to a conservative design with 
increased material usage. Accordingly, the development of reliable 
and more economical KDFs is still part of numerous research projects, 
see, for example, [5–12]. Some of the aforementioned studies aim to 
enhance safety factors through the application of probabilistic methods. 
In [6,13,14], the first-order second-moment (FOSM) method is used 
for probabilistic shell buckling design. In this approach, measured 
geometric imperfections are represented by Fourier series, with the 
Fourier coefficients defined as random variables. A Taylor series is used 
for estimating the second-order statistics of the buckling load. In [15], a 
Fourier approach to model random imperfections of a full-scale suction 
bucket is presented.

Alternatively, spatially varying imperfections can be modeled using 
random fields based on autocorrelation functions. The methods applied 
in shell buckling can be categorized into spectral representation method 
using the evolutionary power spectrum [16–18] and spectral decompo-
sition of the covariance structure [19–21]. A commonly used approach 
for the spectral decomposition is the Karhunen–Loève expansion (KLE). 
Böhm [22] uses the KLE to generate homogeneous Gaussian random 
fields for the buckling analysis of suction buckets. The correlation 
parameters of a random field significantly influence the stochastic 
buckling response, as quantitatively investigated using the KLE in [23]. 
Defining the parameters based on limited experimental data is chal-
lenging. The concept of polymorphic uncertainty modeling [24] allows 
for the consideration of both uncertainty characteristics: aleatory and 
epistemic uncertainty. Aleatory uncertainty is the natural variability, 
observed in the variations of measured imperfections between shells. 
This uncertainty characteristic cannot be reduced and is modeled with 
random variables or random fields. Epistemic uncertainty is related to 
limited knowledge, e.g., incomplete or imprecise data and is modeled 
with interval and fuzzy variables. To consider this lack of knowledge 
in the probabilistic modeling of geometric imperfections, the concept 
of polymorphic uncertainty for shell buckling is proposed in [25–
28]. In this approach, the correlation parameters of the random field 
are defined by interval and fuzzy variables. Further studies on the 
concept of polymorphic uncertainty in shell buckling have explored 
various aspects, including a sensitivity analysis of correlation param-
eters in [29], a novel shell design concept based on a fuzzy-valued 
safety level in [30], efficient surrogate modeling strategies to reduce 
the computation times of stochastic buckling analysis involving random 
fields [31,32] and buckling design optimizations accounting for both 
aleatory and epistemic uncertainty in [33–36].
2 
Several assumptions are required when generating shell imper-
fections using random field theory, including whether the field is 
homogeneous or non-homogeneous, and whether it follows a Gaussian 
or non-Gaussian distribution. Due to simplification, it is often assumed 
that geometric deviations of shells are homogeneous and Gaussian dis-
tributed. The influence of possible non-homogeneous and non-Gaussian 
distributions is neglected. A random field is non-Gaussian distributed 
when the random variables at each point do not follow a Gaussian 
distribution. In [37], stochastic non-Gaussian material and thickness 
properties are considered, and in [38,39] geometric imperfections are 
modeled as non-Gaussian random fields. A non-homogeneous random 
field occurs when its mean, variance, or autocorrelation structure varies 
spatially [40]. Non-homogeneous fields are frequently applied in soil 
mechanics to characterize the non-homogeneous nature of the spatial 
variability of soil parameters; see, e.g., [41–43]. To the best of the 
authors’ knowledge, only limited literature exists that addresses the 
need for non-homogeneous random field models in shell buckling. 
For example, in [44], non-homogeneous characteristics of initial im-
perfections of lab-scale axially compressed cylinders from aerospace 
are described using the spectral representation method. The results 
indicate that accounting for non-homogeneous random imperfections 
yields buckling load predictions that closely align with experimental re-
sults. In [45], measured geometric imperfections of a full-scale suction 
bucket are presented, revealing that the smoothness of the imperfection 
field varies along the length of the shell. At the top, where the lid 
is welded, the amplitude of the imperfections decreases, while at the 
bottom, where the bucket is embedded in the seabed, larger amplitudes 
and a wavy shape are observed. This characteristic non-homogeneity, 
shaped by the manufacturing process, should not be modeled using 
homogeneous random fields.

This paper focuses on modeling the spatial non-homogeneity of 
geometric imperfections of suction buckets for offshore wind turbines. 
Different non-homogeneous random field approaches are introduced to 
consider the manufacturing process. The non-homogeneity is modeled 
with non-homogeneous variance functions, whereas the correlation 
model remains homogeneous. The advancement of imperfection mod-
eling using random field approaches depends on the availability of 
imperfection data. Therefore, the variance and correlation functions 
are derived from imperfection measurements of lab- and full-scale 
suction buckets, which are available open access at https://doi.org/10.
25835/jn1a6pxa. A probabilistic buckling analysis is performed, where 
the random imperfections are generated using the KLE. The results 
are compared with those obtained using a homogeneous random field 
approach and with the buckling design loads specified in Eurocode 3 
(EC3) [2]. Furthermore, conducting finite element (FE) computations 
for the elastic–plastic buckling limit state of cylindrical shells presents a 
particular challenge [46]. This challenge requires careful consideration 
of multiple modeling choices, such as selecting suitable shell elements 
with moderate or finite rotations, balancing mesh refinement against 
computational cost, choosing path-following methods that can robustly 
capture highly non-linear behavior, the definition of a reliable criterion 
to identify a stability point (e.g., eigenvalue problems, the determinant 
or negative diagonal elements of the tangent stiffness matrix), and, as 
discussed above, considering the various possibilities of imperfection 
modeling, among others. Therefore, the buckling load responses are 
validated through experiments and compared using different FE pro-
grams from academia and industry: FEAP and ABAQUS. In addition, 
the numerical results are verified with analytical solutions. The paper 
aims to enhance the stochastic modeling of spatially varying geomet-
ric imperfections for suction buckets. The main contributions can be 
summarized as follows:

• Development of non-homogeneous random field approaches for 
suction bucket imperfection modeling

• Evaluation of measured imperfection data of lab- and full-scale 
shells for random field modeling
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Fig. 1. Measured imperfection according to LeBlanc Bakmar [45].

• Validation of the buckling load responses with experimental buck-
ling tests

• Comprehensive probabilistic buckling analysis of lab- and full-
scale suction buckets based on measured imperfection data

• Comparison of the numerical results using FE programs from 
academia and industry: FEAP and ABAQUS

• Proposal of a less-conservative fully probabilistic design approach 
for suction buckets

In Section 2, experimental imperfection data from one full-scale and 
two lab-scale suction buckets are evaluated and represented using 
truncated Fourier series. Based on this data, correlation functions and 
non-homogeneous variance approaches are developed in Section 3. In 
Section 4, Finite element models of lab- and full-scale suction buck-
ets are constructed in ABAQUS and FEAP, and subsequently com-
pared, experimentally validated, and analytically verified. Results of 
the probabilistic buckling analysis for both the homogeneous and non-
homogeneous Gaussian random field approaches are then presented 
and compared with experimental results and design guidelines in Sec-
tion 5. Finally, conclusions and directions for future research are pre-
sented in Section 6.

2. Evaluation of experimental data of geometric imperfections

2.1. Geometric imperfection data

Geometric imperfections of cylindrical shells are defined as de-
viations in the radial direction from the nominal shell surface. The 
full-scale suction bucket used in this study was measured using a high-
resolution laser scan of a ’Mobile Met Mast’ published by [45], which 
was constructed in Aalborg, Denmark, in 2008. The dimensions of 
the bucket foundation are 𝐿 = 6m, 𝑟 = 6m and 𝑡 = 20mm, with 
a maximum measured imperfection amplitude of 112mm [45]. The 
imperfection amplitude is defined as the distance between the maxi-
mum and minimum deviations from the nominal surface (peak-to-peak 
amplitude). The largest imperfections are found near the four welds in 
the meridional direction. The measured imperfections 𝑤̄ are shown in 
Fig.  1. The lab-scale measurements are from two of the test specimens 
scanned and tested within the ProBucket project [47]. The specimens 
have an outer diameter of 500mm, a shell length of 506mm and a 
thickness of 0.75mm. On the top and bottom are welded end plates with 
a thickness of 9mm and a diameter of 504mm. Both specimens have 
one longitudinal weld on the shell and several dimples. The specimens 
were scanned by the project partner Fraunhofer IWES with an ATOS Q 
system by GOM with an in-plane resolution of 0.124mm. The maximum 
imperfection of specimen 1 is due to an intentionally created dimple at 
the circumferential coordinate of 0mm with an amplitude of 𝛥𝑤0𝜃 =
−1.95mm, shown in Fig.  2. The largest imperfection of specimen 2 is 
an inward dimple with 𝛥𝑤0𝜃 = −2.01mm at a transportation-related 
dent at the bottom end of the shell, displayed in Fig.  3.

2.2. Description of imperfection with Fourier series

The measured geometric imperfections of shells can be treated as 
a two-dimensional field. Decomposing the imperfection pattern into 
3 
Fig. 2. Measured imperfection of lab-scale specimen 1 [22].

Fig. 3. Measured imperfection of lab-scale specimen 2 [22].

a truncated Fourier series proved to be an efficient way to describe 
this field mathematically [48]. The main advantage of this description 
is independent of a mesh with a certain fidelity, and the data size 
is significantly reduced. The classical formulation of a discrete two-
dimensional Fourier series can only describe periodic functions. For 
the circumferential direction of cylinders, this is an advantage, but in 
the axial direction, the field is non-periodic. Hence, a common way 
of dealing with this issue is to modify the Fourier series to yield the 
so-called ’half-wave cosine’ approach, first introduced by Arbocz [49]. 
In the axial direction, a symmetry with 2𝐿 is assumed, which allows 
different imperfection amplitudes on the edges, and reduces deviations 
from the original function, compared to a periodic basis function. 
The approximated geometric imperfection with the half-wave cosine 
formulation is written as 

𝑤̂(𝑥, 𝑦) = 2𝑡
𝑛𝑥
∑

𝑘=0

𝑛𝑦
∑

𝑙=0
cos

(𝑘𝜋𝑥
𝐿

)

(

𝐴𝑘𝑙 cos
(

𝑙𝑦
𝑟

)

+ 𝐵𝑘𝑙 sin
(

𝑙𝑦
𝑟

))

, (1)

where 𝑡 is the shell thickness, 2𝐿 and 2𝜋𝑟 are the periods in the 𝑦 and 𝑥
directions, and 𝐴𝑘𝑙 and 𝐵𝑘𝑙 are Fourier coefficients corresponding to 𝑘
half waves in the axial and 𝑙 full waves in the circumferential direction. 
The total number of half waves 𝑛𝑥 and full-waves 𝑛𝑦 have an influence 
on the accuracy of the approximation.

For this formulation, the Fourier coefficients of the measured geo-
metric imperfection are determined by 

𝐴𝑘𝑙 =
𝛼
𝜋𝐿

𝐿
∑

𝑥=−𝐿

2𝜋𝑟
∑

𝑦=0
𝑤̄(𝑥, 𝑦) cos

(𝑘𝜋𝑥
𝐿

)

cos
(

𝑙𝑦
𝑟

)

𝛥𝑥𝛥𝑦 (2)

and 

𝐵𝑘𝑙 =
𝛼
𝜋𝐿

𝐿
∑

𝑥=−𝐿

2𝜋𝑟
∑

𝑦=0
𝑤̄(𝑥, 𝑦) cos

(𝑘𝜋𝑥
𝐿

)

sin
(

𝑙𝑦
𝑟

)

𝛥𝑥𝛥𝑦, (3)

where 𝑤̄ are the measured deviations in the radial direction from the 
nominal shell surface depending on the axial 𝑥 and circumference 
coordinate 𝑦, which are depicted in Figs.  1–3 for the full-scale and 
the two specimens of the lab-scale suction buckets, respectively. The 
numerical substitution factor 𝛼 is defined based on the number of half 
waves in the axial direction 𝑘 and the number of full waves in the 
circumferential direction 𝑙 as 

𝛼 =

⎧

⎪

⎨

⎪

4, if 𝑘 > 0 and 𝑙 > 0
2, if 𝑘 > 0 or 𝑙 > 0 (4)
⎩

1, if 𝑘 = 0 and 𝑙 = 0.
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It is conventional to normalize the Fourier coefficients by the shell wall 
thickness and then further adjust the measured imperfection amplitude 
to the desired amplitude by scaling the Fourier coefficients. The corre-
sponding Fourier coefficients are available open access in a data repos-
itory at https://doi.org/10.25835/jn1a6pxa. The provided coefficients 
are calculated for the full-scale suction bucket, scaled to a maximum 
imperfection amplitude of 119.5 mm. In contrast, the lab-scale shells 
are not pre-scaled. Studies on the accuracy of the Fourier series ap-
proximation are presented in [22], where a convergence study with 
increasing numbers of axial and circumferential modes was conducted 
to achieve a close match of the predicted buckling pressure.

3. Random field modeling of geometric imperfections

In this section, random field modeling for geometric imperfections 
is discussed when the imperfection data show non-homogeneous prop-
erties. First, the basics of random field theory and their discretization 
using the KLE are provided. Then, different approaches are proposed to 
generate non-homogeneous random imperfections based on the avail-
able imperfection measurements. Finally, a correlation model used to 
assess the correlation properties from imperfection measurements is 
presented.

3.1. Basics of homogeneous random fields

In the following, a brief summary of the fundamentals of random 
field modeling based on [50–52] is provided. Random fields are used to 
model the spatial aleatory uncertainty of geometric shell imperfections, 
where the random field describes the random geometric deviations of 
the shell surface coordinates. Thus, the field of random deviations (ge-
ometric imperfections) 𝑤̂(𝒙, 𝜃) is, in a mathematical sense, a collection 
of random variables defined as 

{𝑤̂(𝒙, 𝜃) ∣ 𝒙 ∈ 𝛺, 𝜃 ∈ 𝛩}, 𝒙 =
(

𝑥
𝑦

)

. (5)

The possible outcomes within the event set 𝛩 are labeled as 𝜃. A 
random variable 𝑤̂(𝒙0, 𝜃) is assigned to a fixed location 𝒙0 ∈ 𝛺. If 
a Gaussian random field is present, each point is associated with a 
Gaussian normal distribution, characterized by mean 𝜇(𝒙) and variance 
𝜎2(𝒙)

𝑤̂(𝒙0, 𝜃) ∼  (𝜇(𝒙0), 𝜎2(𝒙0)). (6)

Furthermore, a specific realization of a random field corresponding to 
a given event 𝜃0 can be indicated as 
𝑤̂0(𝒙) ∶= 𝑤̂(𝒙, 𝜃0). (7)

The autocovariance function, which describes the covariances of two 
points 𝒙𝑖 = (𝑥𝑖, 𝑦𝑖) and 𝒙𝑗 = (𝑥𝑗 , 𝑦𝑗 ), is defined as 

𝐶(𝒙𝑖,𝒙𝑗 ) = 𝐸[(𝑤̂(𝒙𝑖) − 𝜇(𝒙𝑖))(𝑤̂(𝒙𝑗 ) − 𝜇(𝒙𝑗 ))], (8)

which can be normalized with the standard deviations 𝜎(𝒙𝑖) and 𝜎(𝒙𝑗 ), 
leading to the autocorrelation function 

𝜌(𝒙𝑖,𝒙𝑗 ) =
𝐶(𝒙𝑖,𝒙𝑗 )
𝜎(𝒙𝑖)𝜎(𝒙𝑗 )

. (9)

A random field is referred to as weakly homogeneous when its first two 
moments (mean and variance) remain constant throughout the domain 
𝛺

𝜇(𝒙) = 𝜇 and 𝜎2(𝒙) = 𝜎2. (10)

In addition, a homogeneous covariance function is defined as 
𝐶(𝒙𝑖,𝒙𝑗 ) = 𝐶(𝑑) = 𝜎2𝜌(𝑑), (11)

where the autocorrelation function (acf) 𝜌(𝑑) is rotation invariant, 
which means it depends only on the relative distance 𝑑 between the 
two points 𝒙  and 𝒙 . Under this assumption, the random field can also 
𝑖 𝑗

4 
be regarded as isotropic. Typically, the distance 𝑑 is computed using 
the Euclidean distance between the two points 

𝑑(𝛥𝑥, 𝛥𝑦) =
√

𝛥𝑥2 + 𝛥𝑦2 =
√

(𝑥𝑗 − 𝑥𝑖)2 + (𝑦𝑗 − 𝑦𝑖)2, (12)

with the distances in the axial direction 𝛥𝑥 and in the circumferential 
direction 𝛥𝑦 of the two points on the shell surface. To numerically 
generate random fields, a discretization technique is required. One 
common approach is the KLE, which provides a series expansion of the 
weakly homogeneous random field in discrete form. The KLE series is 
defined by 

𝑤̂(𝒙, 𝜃) = 𝜇 +
𝑁
∑

𝑖=1

√

𝜆𝑖 𝜉𝑖(𝜃) 𝜑𝑖(𝒙), (13)

where 𝜉𝑖(𝜃) ∼  (0, 1) is a standard normally distributed random 
variable, 𝜑𝑖(𝒙) is the 𝑖th eigenfunction and 𝜆𝑖 is the corresponding 𝑖th 
eigenvalue obtained by solving the eigenvalue problem 
𝑪 𝝋𝑖 = 𝜆𝑖 𝝋𝑖, (14)

where the covariance matrix 

𝑪 =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝐶(𝒙1,𝒙1) … 𝐶(𝒙1,𝒙𝑗 ) … 𝐶(𝒙1,𝒙𝑁 )
⋮ ⋱ ⋮ ⋱ ⋮

𝐶(𝒙𝑖,𝒙1) … 𝐶(𝒙𝑖,𝒙𝑗 ) … 𝐶(𝒙𝑖,𝒙𝑁 )
⋮ ⋱ ⋮ ⋱ ⋮

𝐶(𝒙𝑁 ,𝒙1) … 𝐶(𝒙𝑁 ,𝒙𝑗 ) … 𝐶(𝒙𝑁 ,𝒙𝑁 )

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (15)

is calculated by Eq. (11) based on the FE mesh with 𝑁 nodes. For large 
FE models, a significant number of eigenvalues and eigenfunctions 
have to be computed and stored, which is computationally intensive. 
Therefore, a truncation of the KLE series is recommended for large-scale 
problems. As outlined in [23], a reduced number of eigenvalues and 
eigenfunctions 𝑀 < 𝑁 is considered, such that their sum accounts for 
𝑄 = 99% of the total eigenvalue sum. In [53], 𝑄 is interpreted as a 
quality index 

𝑄 = 1
tr(𝑪)

𝑀
∑

𝑖=1
𝜆𝑖 with tr(𝑪) =

𝑁
∑

𝑖=1
𝐶𝑖𝑖 =

𝑁
∑

𝑖=1
𝜆𝑖, (16)

using the fact that the trace of the covariance matrix tr(𝑪) is equal 
to the sum of the eigenvalues 𝜆𝑖. The truncation of the KLE series 
can be significantly reduced depending on the correlation properties 
of the imperfection field. The less correlated the field, the more terms 
are required. As an example, for the homogeneous random fields con-
sidered later for the full-scale suction bucket, the dimensionality can 
be reduced from 𝑁 = 217 × 70 = 15190 (equal to the number of 
FE nodes) to only 𝑀 = 64 terms. Consequently, the computational 
cost is significantly reduced, especially with respect to the storage of 
eigenvalues and eigenvectors. 

3.2. Simulation of non-homogeneous random geometric imperfections

In the literature, the terms non-homogeneous and non-stationary are 
often used synonymously. Therefore, in this study, a random field is re-
ferred to as non-homogeneous (i.e., non-stationarity in space) when its 
second order statistics (mean and variance) vary across the domain 𝛺. 
The non-homogeneity of geometric imperfections is modeled through 
spatially varying variance functions. However, the correlation structure 
depends only on the relative distance between points and not on their 
absolute locations. This means that the correlation structure remains 
homogeneous. Accordingly, non-homogeneous random imperfections 
can be simulated using the Karhunen–Loève expansion given in Eq. (13) 
as 

𝑤̂(𝒙, 𝜃) = 𝜎(𝒙)
𝑀
∑

𝑖=1

√

𝜆𝑖 𝜉𝑖(𝜃) 𝜑𝑖(𝒙), (17)

with respect to the reduced number of 𝑀 eigenvalues and eigenvectors. 
The mean value 𝜇 in Eq. (13) is set to zero. A spatially varying 

https://doi.org/10.25835/jn1a6pxa
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Table 1
Overview of the proposed variance approaches.
 Variance model Function  
 hom 𝜎2𝑛 (𝑥, 𝑦) = 𝜎̂2𝑛  
 non-hom 1 𝜎2𝑛 (𝑥, 𝑦) = 𝜎̂2𝑛 𝜎̂2𝑛 (𝑥)  
 non-hom 2 𝜎2𝑛 (𝑥, 𝑦) = 𝜎̂2𝑛 𝜎̂2𝑛 (𝑥) 𝜎̂

2
𝑛 (𝑦) 

mean would imply a change in the reference radius of the cylinder. 
However, imperfections are defined as geometric deviations from a 
fixed reference surface. Consequently, only the variance Var(𝒙) = 𝜎2(𝒙), 
and thus the standard deviation 𝜎(𝒙) =

√

Var(𝒙), vary across the shell 
surface. The spatially varying standard deviation can be multiplied in 
front of the sum in Eq (17). Then, the variance in Eq (11) no longer 
needs to be considered, and the covariance matrix is constructed using 
only the autocorrelation function: 𝐶(𝒙𝑖,𝒙𝑗 ) = 𝐶(𝑑) = 𝜌(𝑑).

3.2.1. Variance approaches
The variance function on the shell surface of the 𝑛th specimen is 

defined as 
𝜎2𝑛 (𝑥, 𝑦) = 𝜎̂2𝑛 𝜎̂2𝑛 (𝑥) 𝜎̂

2
𝑛 (𝑦), (18)

where the constant sample variance 𝜎̂2𝑛 is independent of the shell 
coordinates and can be calculated for each specimen by 

𝜎̂2𝑛 = 1
𝑁 − 1

𝑁
∑

𝑘=1
(𝑤̂𝑛(𝑥𝑘, 𝑦𝑘) − 𝜇̄𝑛)2 (19)

with 𝜇̄𝑛 denoting the sample mean of the complete geometric imper-
fection field. This field is represented as a Fourier series 𝑤̂𝑛(𝑥𝑖, 𝑦𝑖)
according to Eq. (1), and evaluated at the 𝑁 = 𝑁𝑥 × 𝑁𝑦 nodes of the 
FE mesh.

It is assumed that the geometric imperfections can be described 
by two independent one-dimensional stochastic processes: 𝑤̂(𝑦𝑖) with 
𝑖…𝑁𝑦 observations at FE nodes in the circumferential direction and 
𝑤̂(𝑥𝑗 ) with 𝑗…𝑁𝑥 observations at the FE nodes in the axial direction. 
Based on this assumption of separability, the mutually independent 
variance function in the axial direction is given by 

𝜎2𝑛 (𝑥𝑗 ) =
1

𝑁𝑦 − 1

𝑁𝑦
∑

𝑖=1

(

𝑤̂𝑛(𝑥𝑗 , 𝑦𝑖) − 𝜇̄𝑦𝑛
)2 (20)

and in the circumferential direction defined by 

𝜎2𝑛 (𝑦𝑖) =
1

𝑁𝑥 − 1

𝑁𝑥
∑

𝑗=1

(

𝑤̂𝑛(𝑥𝑗 , 𝑦𝑖) − 𝜇̄𝑥𝑛
)2 (21)

with the sample mean values 𝜇̄𝑦𝑛 and 𝜇̄𝑥𝑛  corresponding to the number 
of samples 𝑁𝑦 and 𝑁𝑥, respectively. Furthermore, both functions are 
normalized by their maximum values as 

𝜎̂2𝑛 (𝑥) =
𝜎2𝑛 (𝑥)

‖𝜎2𝑛 (𝑥)‖∞
and 𝜎̂2𝑛 (𝑦) =

𝜎2𝑛 (𝑦)
‖𝜎2𝑛 (𝑦)‖∞

(22)

in the non-homogeneous variance model defined in Eq. (18). It should 
be noted that the variance function in Eq. (18) is anisotropic, as it can 
be expressed in terms of two independent functions, 𝜎̂2𝑛 (𝑥) and 𝜎̂2𝑛 (𝑦), in 
the 𝑥- and 𝑦-directions.

Finally, when multiple shell specimens are available per batch, the 
mean variance function is computed as the average across all specimens 
in the batch 

𝜎̄2(𝑥, 𝑦) = 1
𝑁spec

𝑁spec
∑

𝑛=1
𝜎2𝑛 (𝑥, 𝑦) (23)

with the number of specimens per batch 𝑁spec. All proposed vari-
ance models are summarized in Table  1. Thus, random geometric 
imperfections are generated, and an extensive study of the stochastic 
buckling behavior is conducted in Section 5. In addition to the homoge-
neous approach ‘‘hom’’, two non-homogeneous approaches, ‘‘non-hom 
5 
1’’ and ‘‘non-hom 2’’, are distinguished, which differ in the direction-
dependence of the variance. The ‘‘non-hom 1’’ approach is proposed to 
simulate random imperfections whose non-homogeneity is particularly 
pronounced in the axial direction (𝑥), as observed in the full-scale 
suction bucket. When, in addition, as seen in the lab-scale shells, a 
pronounced variation of the variance in the circumferential direction 
(𝑦) is observed, the ’non-hom 2’ approach can be selected.

The mean variance functions for each variance model are calculated 
according to Eq. (23) based on a grid of 𝑁 = 120 × 40 nodes. For 
the full-scale suction bucket (𝑁spec = 1) the three variance models 
are depicted in Fig.  4. The variance model ‘‘hom’’ is used to generate 
homogeneous random geometric imperfections. This model exhibits a 
constant variance of 𝜎̄2(𝑥, 𝑦) = 4.84 × 10−4m2 across the entire domain. 
In contrast, model ‘‘non-hom 1’’ shows a strong non-homogeneous 
behavior. The variance function decreases along the axial direction 
from the bottom at 𝑥 = 0 to the top at 𝑥 = 11m of the suction 
bucket. Additionally, model ‘‘non-hom 2’’ accounts for the waviness of 
the variance in the circumferential direction. The observation of this 
distinct non-homogeneity and its influence on the buckling behavior 
motivates the present paper. Moreover, variance functions from the 
two lab-scale shells (𝑁spec = 2) are analyzed. The mean variance 
functions, according to Eq. (23), are also computed on a grid of 𝑁 =
120 × 40 nodes for the three different variance models and are shown 
in Fig.  5. The homogeneous model ‘‘hom’’ shows a constant variance of 
𝜎̄2(𝑥, 𝑦) = 0.072mm2. In contrast to the models for the full-scale bucket, 
the non-homogeneous models ‘‘non-hom 1’’ and ‘‘non-hom 2’’ of the 
lab-scale buckets do not show a pronounced increase or decrease in 
variance along the axial direction. It is noteworthy that the variance 
model ‘‘non-hom 2’’ reduces the variance to zero across large areas 
of the domain. Finally, it should be noted that the welding of bucket 
foundations may include both transverse and longitudinal seams. To 
avoid stress concentration at the welds, misalignment between these 
seams can occur. This effect can be represented using the ‘‘non-hom 2’’ 
model, in which the alignment of the welds in both directions can be 
described by the variance function.

3.2.2. Correlation model
The covariance function in Eq (11) depends only on the distance 

and is therefore homogeneous. Similar to the variance model described 
by Eq. (18), the assumption of separability holds. This implies that the 
imperfections along the 𝑥 (axial) and 𝑦 (circumferential) directions are 
statistically independent, and the covariance function depends only on 
the lags 𝛥𝑥 and 𝛥𝑦. Thus, the covariance function can be written as 
𝐶(𝛥𝑥, 𝛥𝑦) = 𝜌̄𝑛(𝛥𝑥) 𝜌̄𝑛(𝛥𝑦) (24)

without the spatially varying variance 𝜎2(𝒙), which is included in 
Eq. (17) as the standard deviation. The function in Eq. (24) represents a 
correlation model with two one-dimensional autocorrelation functions 
𝜌̄𝑛(𝛥𝑥) and 𝜌̄𝑛(𝛥𝑦) along the axial (𝑥) and circumferential (𝑦) coordinates 
of the 𝑛th cylindrical shell. This fully separable correlation model 
is proposed by [20] under the assumption that both autocorrelation 
functions are independent. Fina et al. [25–28] extend the model by 
introducing a fuzzy correlation structure to account for epistemic un-
certainties. These contributions present an approach for calculating 
the autocorrelation functions 𝜌𝑛(𝛥𝑥) and 𝜌𝑛(𝛥𝑦) based on measured 
geometric imperfections, which are represented as Fourier series. The 
correlation structure is anisotropic, as different functions are employed 
for 𝜌𝑛(𝛥𝑥) and 𝜌𝑛(𝛥𝑦). However, it remains homogeneous because it 
does not depend on the absolute location, but only on the distances 
𝛥𝑥 and 𝛥𝑦.

A sample of the one-dimensional autocorrelation function in the 
axial direction 𝜌(𝛥𝑥 = 𝜉𝛥𝑥0) for a specific circumferential coordinate 
𝑦𝑖 can be calculated as 

𝜌𝑖(𝜉𝛥𝑥0) =
1
𝑁

𝑁𝑥−𝜉
∑

(𝑤(𝑥𝑗 + 𝜉𝛥𝑥0, 𝑦𝑖) − 𝜇̄𝑛)(𝑤(𝑥𝑗 , 𝑦𝑖) − 𝜇̄𝑛) (25)

𝑥 𝑗=1
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Fig. 4. Variance models of the full-scale suction bucket: the homogeneous model ‘‘hom’’ (left) and the non-homogeneous models ‘‘non-hom 1’’ (middle) and 
‘‘non-hom 2’’ (right).
Fig. 5. Variance models of the lab-scale suction bucket: the homogeneous model ‘‘hom’’ (left) and the non-homogeneous models ‘‘non-hom 1’’ (middle) and 
‘‘non-hom 2’’ (right).
with 𝜉 = 0 ... 𝑁𝑥 − 1 denoting the multiple of the constant lag 𝛥𝑥0. 
It should be emphasized that the autocorrelation function is a biased 
estimator scaled by 1∕𝑁𝑦 [27]. In the examples of this study, the 
random field is defined on a regular finite element (FE) mesh. Thus, 
the lag 𝛥𝑥0 corresponds to the element length in the axial direction. 
Furthermore, the one-dimensional autocorrelation function in the cir-
cumferential direction, 𝜌(𝛥𝑦 = 𝜂𝛥𝑦0), for a specific axial coordinate 𝑥𝑗 , 
is defined as 

𝜌𝑗 (𝜂𝛥𝑦0) =
1

𝑁𝑦 − 1

𝑁𝑦−1
∑

𝑖=1
(𝑤(𝑥𝑗 , 𝑦𝑖 + 𝜂𝛥𝑦0) − 𝜇̄𝑛)(𝑤(𝑥𝑗 , 𝑦𝑖) − 𝜇̄𝑛) (26)

with 𝜂 = 0,… , 𝑁𝑦−1 denoting integer multiples of the constant lag 𝛥𝑦0. 
It should be noted that the number of lags, and therefore the upper limit 
of the summation, has to be fixed to 𝑁𝑦−1, since the cylinder is closed 
and the seam node is removed.

To evaluate the sample autocorrelation function for the entire spec-
imen, ensemble averaging is applied with the assumption that one 
sample with its stochastic information represents the whole set. This 
assumption of ergodicity is allowed when the random field or process 
(in this case, the imperfection field) can be decomposed into statis-
tically independent components along the axial and circumferential 
directions. This condition is already assumed by the fully separable 
correlation model given by Eq. (24), as introduced at the beginning 
of this Section 3.2.2. Consequently, the axial autocorrelation function 
is computed by averaging the circumferential samples 

𝜌̄𝑛(𝜉𝛥𝑥0) =
1
𝑁𝑦

𝑁𝑦
∑

𝑖=1
𝜌𝑖(𝜉𝛥𝑥0), (27)

and the circumferential autocorrelation function by averaging across 
the axial samples 

𝜌̄𝑛(𝜂𝛥𝑦0) =
1
𝑁𝑥

𝑁𝑥
∑

𝑗=1
𝜌𝑗 (𝜂𝛥𝑦0). (28)

This leads to the ensemble autocorrelation function 𝐶𝑛(𝛥𝑥, 𝛥𝑦) of a 
single specimen, as defined by Eq. (24). For more details on calculating 
autocorrelation functions and performing ensemble averaging, see [27].
6 
Once the correlation functions in Eqs. (27) and (28) have been 
computed, they can be fitted. However, only the autocorrelation func-
tion in the axial direction is fitted to ensure the smoothness of the 
realizations of the random fields. This is achieved by enforcing a zero 
slope at 𝛥𝑥 = 0 in the autocorrelation function [26,54,55]. As the 
cylinder forms a closed structure, this condition is already satisfied for 
the autocorrelation function in the circumferential direction, calculated 
using Eq. (26). The locations at 𝛥𝑦 = 0 and 𝛥𝑦 = 2𝜋𝑅 are coincident, 
leading to a correlation of one and a zero slope in the autocorrelation 
function [22]. Therefore, only the axial autocorrelation function is 
approximated using a squared exponential function 

𝜌̄𝑛(𝛥𝑥,𝓁𝑐 ) = exp

(

−𝛥𝑥
2

𝓁2
𝑐

)

, (29)

where 𝓁𝑐 is the correlation length. The fitting is performed using the 
Non-linear Least Squares method [56] 

min
𝓁𝑐

[

1
2

𝑁𝑥
∑

𝑗=1
(𝑧𝑖 − 𝜌̄𝑛(𝛥𝑥𝑖,𝓁𝑐 ))2

]

, (30)

where the correlation length 𝓁𝑐 is obtained as the fitting parameter.
As already proposed for the variance models in Eq. (23), when mul-

tiple shell specimens are available per batch, the mean autocorrelation 
function of all specimens in the batch, 

𝐶̄(𝛥𝑥, 𝛥𝑦) = 1
𝑁spec

𝑁spec
∑

𝑛=1
𝐶𝑛(𝛥𝑥, 𝛥𝑦), (31)

is used for the stochastic analysis.
Based on the measured imperfection data described in Section 2, 

the correlation model is evaluated for the lab- and full-scale suction 
buckets. The estimated axial and circumferential autocorrelation func-
tions calculated by Eqs. (27) and (28) labeled as ‘‘measured’’ and 
their corresponding fits labeled as ‘‘fitted’’ for the full-scale and lab-
scale suction buckets are shown in Figs.  6 and 7, respectively. For the 
two lab-scale suction buckets, the mean of the estimated correlation 
functions labeled as ‘‘measured-mean’’ and its fit labeled as ‘‘fitted-
mean’’ are depicted in Fig.  7. These functions are finally used to 
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Fig. 6. Axial (top) and circumferential (bottom) autocorrelation functions of 
the full-scale suction bucket.

generate the random imperfections in Section 5. The fitting yields 
an axial correlation length of 𝓁𝑐 = 5.0m for the full-scale suction 
bucket and 𝓁𝑐 = 207.5mm for the lab-scale suction buckets. Both 
fitted axial correlation functions are compared in Figs.  6 (top) and 
7 (top). The correlation function of the full-scale shells shows a less 
steep drop from 𝛥𝑥 = 0. As a result, the correlation is higher at 
small distances, indicating increased smoothness of the imperfection 
fields in the axial direction. The circumferential functions shown in 
Figs.  6 (bottom) and 7 (bottom) exhibit different wave numbers and 
amplitudes. However, all of these functions are symmetric with respect 
to the half-circumferential axis, since the circumferential distance is 
always defined as the shorter path around the cylinder, given by 

𝛥𝑦 = min

{

|𝑦𝑖 − 𝑦𝑗 |
2𝜋𝑅 − |𝑦𝑖 − 𝑦𝑗 |.

(32)

It can also be observed that the slope is zero at 𝛥𝑦 = 0 and 𝛥𝑦 = 2𝜋, 
which satisfies the condition for smooth random imperfections.

4. Numerical models: validation & verification

Suction buckets for offshore wind turbines consist of a cylindrical 
shell (i.e., the skirt) and a lid. During the operational life, most of the 
skirt of the bucket is embedded in the seabed. For installation, water 
is pumped out from inside, creating a pressure difference within the 
foundation that forces the suction bucket into the seabed. This method 
allows for installation with low noise emissions and thus minimal envi-
ronmental impact. A schematic sketch of a suction bucket installation 
7 
Fig. 7. Axial (top) and circumferential (bottom) autocorrelation functions of 
the lab-scale suction buckets.

is shown in Fig.  8, adapted from [22]. The suction bucket design, 
especially the skirt thickness, is primarily driven by the installation 
load case. During installation, the negative pressure acting on the skirt 
and the lid can cause shell buckling, which has to be considered in the 
design to ensure a safe foundation for the turbine tower.

In the following, the FE models for the lab-scale and a full-scale 
bucket, considering its surrounding soil, are introduced. FE buckling 
analyses require numerous modeling choices and represent a partic-
ular challenge [46]. These include selecting suitable shell elements 
with moderate or finite rotations, choosing path-following methods 
that can robustly capture highly non-linear behavior, defining reliable 
criteria to identify a stability point (e.g., eigenvalue problems, the 
determinant or negative diagonal elements of the tangent stiffness 
matrix), and accounting for the various possibilities of imperfection 
modeling, among others. Therefore, the FE models are compared with 
different FE programs from academia and industry, FEAP and ABAQUS, 
respectively. In a first step, the fundamentals of linear and non-linear 
buckling analysis are outlined. Subsequently, the numerical models of 
the suction buckets are verified and validated. The model of the lab-
scale suction bucket with applied measured imperfections is validated 
through the pressures and displacements from the experiments. While, 
the FE model of the full-scale suction bucket is verified by comparing 
buckling pressures obtained for various boundary condition cases with 
the analytical solution.

4.1. Basics of linear and non-linear buckling analysis

Buckling analyses can be distinguished into linear and non-linear 
analysis. A linear bifurcation analysis (LBA) aims to identify stability 
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Fig. 8. Schematic sketch of suction bucket foundations for offshore wind 
turbines (left) and their installation (right).

points in the form of bifurcation points for structures with linear pre-
buckling behavior. However, real-world structures frequently exhibit 
non-linear pre-buckling behavior due to material and geometrical non-
linearities. Then, non-linear analyses are required, in which bifurcation 
and limit points are determined using iterative procedures such as the 
Newton–Raphson method, and for strongly non-linear problems, path-
following algorithms such as the arc-length method are additionally 
employed.

Various numerical strategies are available to identify a stability 
point, as discussed, e.g., in [57,58]. In order to solve the LBA, a 
linear pre-buckling behavior is assumed. The LBA is based on the 
decomposition of the tangent stiffness matrix, which is divided into a 
linear part 𝑲 lin and a non-linear part 𝑲nlin, as 
𝑲𝑇 = 𝑲 lin +𝑲nlin

= 𝑲 lin +𝑲𝑈 (𝒖) +𝑲𝐺(𝝈(𝒖)).
(33)

If the variational formulation allows separating 𝑲nlin, the initial dis-
placement matrix 𝑲𝑈  and the geometrical matrix 𝑲𝐺 can be intro-
duced.

In general, the tangent stiffness matrix depends on the displacement 
𝒖 and the associated stress state 𝝈(𝒖). However, the LBA is initialized 
with the displacement state 𝒖 = 𝟎, where the linear solution 

𝑲𝑇 (𝟎)𝒖0 = 𝑷 0 ⇔ 𝒖0 = 𝑲−1
𝑇 (𝟎)𝑷 0 (34)

is calculated for an external load 𝑷 0 with 𝑲𝑇 (𝟎) = 𝑲 lin. Consequently, 
the eigenvalue problem for a linear buckling analysis can be formulated 
as 

[𝑲 lin + 𝛬𝑲nlin]𝝋 = 𝟎, (35)

where the lowest eigenvalue 𝛬 is used to increase the non-linear parts 
of the stiffness matrix. A stability point is indicated for 𝛬 = 1. The 
associated eigenvector 𝝋 is an initial post-buckling mode. For 𝛬 = 1, 
8 
Fig. 9. FE model of the lab-scale suction bucket (unit: mm)

the mathematical expression for the stability eigenvalue emerges 
(𝑲 lin + 𝛬cr𝑲nlin)𝝋 = 𝟎 ⇔ 𝑲𝑇𝝋 = 𝟎

⇔ (𝑲𝑇 − 𝜔𝟏)𝝋 = 𝟎,
(36)

where a stability point is defined by 𝜔 = 0. In the case of linear 
pre-buckling behavior, the assumption 

𝑷 cr ∼ 𝛬𝑲nlin (37)

leads to the calculation of the critical load 
𝑷 cr = 𝛬𝑷 0, (38)

and the corresponding critical displacement 

𝒖cr = 𝛬𝒖0, (39)

where the eigenvalue 𝛬 is a load factor. In case of non-linear pre-
buckling behavior, the results of a LBA may significantly deviate from 
the correct buckling load. This requires a non-linear buckling analysis, 
which involves a comprehensive non-linear path tracking analysis using 
an iterative procedure, such as the Newton–Raphson scheme. In this 
contribution, the non-linear buckling analysis is performed by a path-
following analysis, where the signs of the diagonal elements of the 
tangent stiffness matrix 𝑲𝑇  are observed. A reliable criterion to identify 
a stability point is the change in the sign of the diagonal elements, 
which also indicates a change in the equilibrium states 
∀𝐷𝑖𝑖 , 𝐷𝑖𝑖 > 0 → stable
∃𝐷𝑖𝑖 , 𝐷𝑖𝑖 = 0 → indifferent, (stability point)
∃𝐷𝑖𝑖 , 𝐷𝑖𝑖 < 0 → unstable.

(40)

If at least one of the diagonal elements 𝐷𝑖𝑖 becomes negative, the 
calculation is terminated, and the non-linear buckling load 𝑃cr,nlin is 
stored from the associated load vector 𝑷 cr,nlin.

4.2. Finite element model of the lab-scale suction bucket

FE models are developed to analyze the buckling behavior of two 
lab-scale specimens. The results are validated with the experimental 
data. Fig.  9 shows the FE model with its dimensions and the applied 
pressure load. As described in Section 2, the shell length is 506mm, 
and end plates with a thickness of 9mm and a diameter of 504mm
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Table 2
Measured stress–strain values of the lab-scale shells converted into a quadlin-
ear isotropic elasto-plastic material model.
 Stress 𝑆 [MPa] 119 148.75 171.45 345  
 Plastic strain 𝐸𝑝 [%] 0 0.13605 0.65 25.4 

are welded to the top and bottom. Taking into account the center-
of-gravity line of the end plates, both specimens are modeled with a 
radius of 𝑅 = 252mm, a length of 𝐿 = 515mm, and a wall thickness 
of 𝑡 = 0.75mm. The geometric imperfections of the two specimens, 
referred to as ‘‘specimen 1’’ and ‘‘specimen 2’’ are derived from the 
Fourier series described in Section 2. The corresponding Fourier coeffi-
cients are provided in the data repository at https://doi.org/10.25835/
jn1a6pxa. For deterministic buckling analyses, no further scaling is 
applied after generating the imperfections using the Fourier series with 
the provided Fourier coefficients. Using the measured imperfection 
amplitudes allows to validate the simulated buckling pressures against 
the experimental results. The imperfections are modeled as geometric 
deviations in the radial direction (𝑤) of the shell. In the FE model, the 
nodal coordinates 𝒙 are modified in a stress-free manner as 
𝒙 = 𝒙 + 𝑤̂(𝒙), (41)

where the imperfection field 𝑤̂(𝒙) can be represented either as a Fourier 
series according to Eq. (1) or as a random field according to Eq. (17).

In the following, ABAQUS and FEAP models are constructed. The 
ABAQUS model includes end plates and employs an isotropic elasto-
plastic material model, whereas the FEAP model replaces the end plates 
with boundary conditions and uses an elastoplastic material model with 
exponential hardening. This is intended to show different modeling 
approaches yielding similar results to ensure a reliable probabilistic 
analysis subsequently.

4.2.1. ABAQUS model of the lab-scale shell
The ABAQUS model is generated with version 2019 [59], using 

shell elements with reduced integration (S4R). Following a convergence 
study considering the buckling pressures reported in [22], 314 elements 
in the circumferential direction and 103 elements in the axial direction 
are used for both FE models. In addition, care is taken to ensure that 
the imperfection pattern can also be represented adequately by the 
FE mesh. Furthermore, three Gaussian integration points through the 
shell thickness are used to capture possible non-linear stress distribu-
tions caused by plasticity effects. For the non-linear buckling analysis, 
the path-following Riks method (load-controlled) is applied. Both end 
plates with a thickness of 9mm are fully discretized with an element 
edge length of 5 mm. The hydrostatic pressure is applied as an area load 
𝑝 on the mantle of the cylindrical shell and on the end plates. On the 
entire surface of the end plate at the bottom, the boundary conditions 
are 𝑢 = 𝑣 = 𝑤 = 0. Whereas, no boundary conditions are set for the 
end plate at the top. The material of the specimens is deep-drawing 
steel DC 04. The Young’s modulus is 𝐸 = 200GPa and the Poisson’s 
ratio is 𝜈 = 0.3. However, in contrast to structural steel, the yield point 
is not pronounced. An isotropic elasto-plastic material model is used, 
resulting in the stress–strain values given in Table  2. The stress values 
correspond to engineering stresses from tensile testing. These discrete 
points are used to define the piecewise linear hardening curve of the 
isotropic elasto-plastic material model.

4.2.2. FEAP model of the lab-scale shell
The ABAQUS shell model is compared with a FE model constructed 

using the FE program FEAP [60]. In the FEAP model, an isoparametric 
quadrilateral shell element based on Reissner–Mindlin theory and a 
three-field variational formulation is used. It is originally published 
in [61] and has been extended in [62] by independent thickness strains 
in order to allow for arbitrary 3D constitutive equations. The present 
9 
Fig. 10. Fitted stress–strain curve for elasto-plastic material model of the lab-
scale shells with exponential hardening provided in FEAP.

version [63] is additionally capable of calculating the stress state in lay-
ered structures with different materials. The shell element formulation 
allows for the selection of either moderate or finite rotations to consider 
geometrically non-linear behavior. For all investigations presented in 
this study, moderate rotations are used. As in the ABAQUS model, 
following a convergence study, 314 elements in the circumferential 
direction and 103 elements in the axial direction are used. Furthermore, 
four Gaussian integration points through the shell thickness are used 
to capture possible non-linear stress distributions caused by plasticity 
effects. In contrast to the ABAQUS model, the welded end plates are 
replaced by boundary conditions simulating clamped edges. This means 
that at the bottom and top edges, all rotations are fixed: 𝜑𝑥 = 𝜑𝑦 =
𝜑𝑧 = 0. The displacement boundary conditions at the bottom are 
𝑢 = 𝑣 = 𝑤 = 0 and at the top 𝑣 = 𝑤 = 0, where the degree of 
freedom in the 𝑢-direction must remain free due to the applied pressure 
load, see Fig.  9. The circumference pressure is defined as an element 
load 𝑝. The area loads 𝑝 on the end plates, which are replaced by the 
clamped boundary conditions, are simulated by equivalent edge loads 
𝑝𝑒 = 𝑝 𝜋𝑅2∕2𝜋𝑅 = 𝑝𝑅∕2. The equivalent load at the bottom edge is 
neglected due to the boundary conditions in the 𝑢-direction. To evaluate 
the buckling load and the load–displacement curves with FEAP, the 
cylinder is subjected to incremental loading with a step size of 𝛥𝑝 = 1
kPa, which is reduced to 𝛥𝑝 = 0.1 kPa close to the stability point. In 
the non-linear analysis, the critical buckling load 𝑝cr,nlin is determined 
as the load level at which the first zero diagonal entry 𝐷𝑖𝑖 appears in 
the tangent stiffness matrix. The non-linear problem is solved using the 
Newton–Raphson method.

The elasto-plastic material model with exponential hardening is 
used. The corresponding stress function is defined as 
𝑆 = 𝑓 0

𝑦 + (𝑓∞
𝑦 − 𝑓 0

𝑦 )
[

1 − 𝑒−𝑥𝑑 𝐸𝑝
]

, (42)

where 𝐸𝑝 is the plastic strain, 𝑓 0
𝑦  is the initial yield stress, 𝑓∞

𝑦  is 
the yield stress at 𝐸𝑝 = ∞, and 𝑥𝑑 is the exponential hardening 
parameter. A parameter fitting is conducted using the measured stress–
strain values given in Table  2. The initial yield stress is set to 𝑓 0

𝑦 =
119MPa, and a Non-linear Least Squares fitting yields 𝑓∞

𝑦 = 344.88MPa 
and 𝑥𝑑 = 44.54. The corresponding fitted stress–strain curve is depicted 
in Fig.  10.

4.2.3. Comparison and validation of the lab-scale shell models
The ABAQUS and FEAP models for the lab-scale suction bucket are 

shown in Fig.  11. The measured geometric imperfections of ‘‘specimen 
1’’ and ‘‘specimen 2’’ of the lab-scale shells, shown in Figs.  2 and
3, are applied to the ABAQUS and FEAP models. Both models are 

https://doi.org/10.25835/jn1a6pxa
https://doi.org/10.25835/jn1a6pxa
https://doi.org/10.25835/jn1a6pxa
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(a) ABAQUS

  
(b) FEAP

 

Fig. 11. FE models for the lab-scale suction bucket.

Fig. 12. Load–displacement curves of specimen 1.

Fig. 13. Load–displacement curves of specimen 2.

validated using the experimentally measured load–displacement curves 
of the two specimens, see Figs.  12 and 13 for specimens 1 and 2, 
respectively. Overall, for both specimens, a close agreement between 
the numerical and experimental results can be observed, particularly 
in the buckling pressure. The experimental curve of specimen 1 in Fig. 
12 exhibits a noticeably softer pre-buckling response. However, the 
FEAP and ABAQUS curves of both specimens are closely aligned. This 
is confirmed by the computed eigenvectors from the linear buckling 
analysis. In the FEAP and ABAQUS models, 9 full waves and 18 half 
waves can be identified in the first eigenmodes, see Fig.  14.

Finally, the experimental and numerical results of the buckling 
pressures are summarized in Table  3. The GMNIA is performed using 
the measured geometric imperfections of specimens 1 and 2 applied 
to the ABAQUS and FEAP models. Only minor deviations are observed 
between the GMNIA results obtained with FEAP and ABAQUS. How-
ever, a noticeable discrepancy of approximately 1 − 55.2∕61.2 = 10%
between the FEAP-LBA and ABAQUS-LBA results is shown in Table 
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(a) ABAQUS

  
(b) FEAP

 

Fig. 14. First eigenmodes of the lab-scale shell model.

Fig. 15. FE model of the full-scale suction bucket (unit: m).

3. In ABAQUS, the Lanczos eigenvalue solver is employed, whereas 
the FEAP-LBA analysis is performed using the subspace eigenvalue 
solver. The different eigenvalue solution methods can contribute to the 
observed discrepancy. However, the different lid modeling approaches 
are expected to have a larger influence on the LBA results than on the 
GMNIA results.

4.3. Finite element model of the full-scale suction bucket

The proposed random field approaches presented in Section 3.2 are 
applied to a full-scale suction bucket. Dimensions of the suction bucket 
are designed to represent those of 10 MW turbines, such as those used 
in the seagreen wind farm [64]. The design described in [65] is applied, 
where the skirt has a radius of 𝑅 = 5.5m, a length of 𝐿 = 11m and a 
thickness of 𝑡 = 0.028m. The geometry, loads, degrees of freedom, and 
coordinate system of the full-scale suction bucket model are depicted 
in Fig.  15. The total length of the shell 𝐿 is divided into the free length 
𝑙free and an embedment depth ℎ. The suction bucket already sinks into 
the soil under its self-weight, i.e., the embedded case ℎ = 0 is not 
relevant in practice. Therefore, the probabilistic analysis in Section 5.3 
focuses on the embedded case (ℎ > 0), which is performed using the 
ABAQUS model. In this model, a soil model based on non-linear soil 
springs proposed in [22] is implemented. The full-scale shell has a lid 
and is open at the bottom. Further details of the lid design can be found 
in [22]. The geometric imperfections derived from the Fourier series 
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Table 3
Experimental and numerical results of the buckling pressures in [kPa] of the two specimens of 
the lab-scale shells.
 experiment LBA-ABAQUS LBA-FEAP GMNIA-ABAQUS GMNIA-FEAP 
 specimen 1 35.1 61.2 55.2 35.0 33.0  
 specimen 2 34.9 61.2 55.2 35.5 34.0  
described in Section 2 are applied as stress-free out-of-plane deviations 
of the shell in the 𝑤-direction. The nodal coordinates are modified as 
defined in Eq (41). The corresponding Fourier coefficients are provided 
in the data repository at https://doi.org/10.25835/jn1a6pxa. Since the 
geometry of the investigated full-scale suction bucket differs from that 
in [45], from which the measured imperfections are taken, and in order 
to investigate a worst-case scenario, the measured imperfections shown 
in Fig.  1 are scaled before calculating the Fourier coefficients to a 
maximum peak-to-peak value of 119.5 mm to match fabrication toler-
ance class C according to [2]. Therefore, for the deterministic buckling 
analysis, no further scaling is applied after generating the imperfections 
using the Fourier series with the provided Fourier coefficients.

4.3.1. Analytical solution
As a preliminary step, the unembedded case (ℎ = 0) of the ABAQUS 

model is compared to an FE model in FEAP, and the solutions of the 
linear buckling analyses are verified with an analytical solution. The 
analytical ideal elastic solution of a cylindrical shell under external 
pressure, which is derived from [66], is defined as 

𝑝cr,ref =
𝐸𝑡2

𝑅2

[
√

2

3
√

3

𝜋
(1 − 𝜈2)0.75

𝑅
𝐿

√

𝑡
𝑅

]

. (43)

For a Poisson’s ratio of 𝜈 = 0.3 the equation simplifies to 

𝑝cr,ref = 0.918 𝐸𝑡
2

𝑅𝐿

√

𝑡
𝑅

= 178 kPa. (44)

This correlates to the rearranged form of the equation provided in 
Eurocode 3 [2]. In this analytical solution, only a uniformly distributed 
external pressure on the mantle of the cylindrical shell is considered, 
with no simultaneously acting axial pressure. The cylindrical shell is 
simply supported, allowing a displacement in the axial direction (𝑢). 
Thus, the boundary conditions are similar to 𝑣 = 𝑤 = 0 at both 
the bottom and top edges. It should be noted that the analytical 
buckling pressure in Eq. (44) corresponds to elastic shells without 
any imperfections and to the defined idealized boundary conditions. 
Thus, the numerical solution of the linear buckling analysis can be 
verified. Differences from the analytical solution indicate imperfection 
sensitivity and non-linear material behavior of cylindrical shells under 
external pressure.

4.3.2. ABAQUS model of the full-scale shell
As for the lab-scale shell, the ABAQUS model is generated with 

version 2019 [59], using shell elements with reduced integration (S4R). 
The non-linear buckling analysis is performed using the path-following 
Riks method (load-controlled). Based on a convergence study, the 
skirt mesh is refined to 216 elements along the circumference and 
69 elements along the axial direction, and three Gaussian integration 
points through the shell thickness are used to capture possible non-
linear stress distributions caused by plasticity effects. In addition, it 
is ensured that the imperfection pattern can also be represented ad-
equately by the FE mesh.  Two configurations are modeled for the 
unembedded case: with and without a lid, where the buckling behavior 
for different boundary conditions is analyzed in Section 4.3.4. The lid is 
modeled as S4 shell elements rigidly connected to the skirt, providing 
some rotational restraint compared to pinned boundary conditions; the 
detailed geometry is given in [22]. A quad-linear stress–strain model 
according to [67] is used. The corresponding material parameters for 
structural steel S355, namely Young’s modulus 𝐸, Poisson’s ratio 𝜈, 
yield stress 𝑓 , and ultimate tensile strength 𝑓 , are given in Table  4. 
𝑦 𝑢
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Table 4
Material properties of the full-scale suction bucket using the 
structural steel S355.
 𝐸 [MPa] 𝜈 [–] 𝑓𝑦 [MPa] 𝑓𝑢 [MPa] 
 210000 0.3 355 490  

Investigations for different embedment depths (ℎ > 0) are presented 
in Section 5.3. For this purpose, the shell with the lid is extended by a 
soil model at the bottom. In the vertical direction (𝑢), the suction bucket 
model is fixed at the bottom edge. The soil is modeled using non-linear 
soil springs to reduce computation times. To each element of the shell, 
which is considered to be embedded in the soil, one non-linear spring 
is coupled in the radial direction (𝑤). The springs are calibrated with 
a Mohr–Coulomb soil model, considering a Young’s modulus of 𝐸soil =
50MPa, which is commonly assumed to be equivalent to the reference 
secant modulus at 50% strength 𝐸50, a Poisson’s ratio of 𝜈soil = 0.28, 
a friction angle of 𝜙 = 38◦, a dilatation angle of 𝜓 = 8◦, a relative 
density of 𝜌 = 1000 kg/m3 and a relative earth pressure coefficient of 
𝐾 = 0.5. Taking into account circumferential loading, the non-linear 
reaction force–displacement curves are extracted and fitted as described 
in [22], resulting in one non-linear soil spring equation per nodal layer.

4.3.3. FEAP model of the unembedded full-scale shell
To compare the results of the buckling analysis of the unembedded 

ABAQUS full-scale shell model, a model without the lid is constructed 
in FEAP. The same isoparametric quadrilateral shell elements, based 
on the Reissner–Mindlin theory and a three-field variational formula-
tion, are used as in the lab-scale suction bucket model described in 
Section 4.2.2. Moderate rotations are selected in the geometrically non-
linear formulation. As in the ABAQUS model, 216 elements along the 
circumference and 69 elements along the axial direction are used based 
on a convergence study. In addition, four Gaussian integration points 
through the shell thickness are defined to model possible non-linear 
stress distributions caused by plasticity effects. For the verification with 
the analytical solution, different boundary conditions are discussed in 
Section 4.3.4.

An elasto-plastic material model is used, with an initial yield stress 
𝑌0 = 𝑓𝑦 set to 355MPa and a linear hardening factor of 𝑐𝑝 = 𝐸∕100 as 
recommended in [68]. The circumference pressure 𝑝 is defined on the 
element level. In the non-linear analysis, the cylinder is loaded with 
a step size of 𝛥𝑝 = 10 kPa which is reduced to 𝛥𝑝 = 1 kPa near the 
stability point. The buckling load 𝑝cr,nlin is identified when the first 
zero diagonal element 𝐷𝑖𝑖 occurs in the tangent stiffness matrix. The 
non-linear analysis is performed using the Newton–Raphson scheme.

4.3.4. Comparison and verification of the unembedded full-scale shell mod-
els

Both FE models of the full-scale suction bucket, the ABAQUS model 
including the lid and the FEAP model without a modeled lid, are 
shown in Fig.  16. The solutions of the linear buckling analysis (LBA), 
the geometrically and materially non-linear analysis with imperfections 
(GMNIA) and the corresponding critical buckling load factor 𝛼cr for four 
cases of boundary conditions are shown in Table  5. In this study, the 
critical buckling load factor 𝛼cr is defined as 

𝛼cr =
𝑝cr,nlin , (45)

𝑝cr

https://doi.org/10.25835/jn1a6pxa
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Table 5
Numerical results of the unembedded full-scale suction bucket for different boundary condition cases.
 Case Boundary conditions Model LBA 𝑝cr [kPa] GMNIA 𝑝cr,nlin [kPa] 𝛼cr [–] 𝜖ref. [%] 𝜖mod. [%]  
 
1

bottom:
𝑢 = 0 (one node),
𝑣 = 𝑤 = 0;
top: 𝑣 = 𝑤 = 0

ABAQUS (w/o lid) 
FEAP (w/o lid)

187 
190 

152 
149 

0.81 
0.78 

4.8 
6.3  3.7 

 

 
2

bottom: 𝑣 = 𝑤 = 0; 
middle: 𝑢 = 0; 
top: 𝑣 = 𝑤 = 0

FEAP (w/o lid) 190 152 0.80 6.3 – 
 

 3 bottom: 𝑢 = 𝑣 = 𝑤 = 0; 
top: 𝑣 = 𝑤 = 0

ABAQUS (w/o lid) 224 177 0.79 20.5 1.3  
 FEAP (w/o lid) 228 177 0.78 21.9  
 4 bottom: 𝑢 = 𝑣 = 𝑤 = 0; 

top: lid ABAQUS (with lid) 235 183 0.78 24.3 –  
 
(a) ABAQUS model with lid

  
(b) FEAP model without lid

 

Fig. 16. Finite element (FE) models of the full-scale suction buckets.

where 𝑝cr denotes the buckling load obtained from the linear bifurca-
tion analysis LBA of the cylinder without imperfections and material 
non-linearities, and 𝑝cr,nlin denotes the buckling load obtained by the 
non-linear buckling analysis as described in Section 4.1 considering ge-
ometric imperfections and material non-linearities (GMNIA). It should 
be emphasized that depending on the engineering discipline, the critical 
buckling load factor 𝛼cr is often specified without taking into account 
material non-linearities, such as plasticity. In the analytical solution 
given in Eq. (44), the cylinder is assumed to be simply supported and 
the cylinder is free to deform in the axial direction (𝑢). The boundary 
conditions are similar to 𝑣 = 𝑤 = 0 at the bottom and top edge. To avoid 
a kinematic FE model, the cylinder has to be fixed in the axial direction 
(𝑢). Therefore, only one node at the bottom edge is fixed in the axial 
direction (𝑢) in case 1 of Table  5. The hydrostatic pressure is considered 
by a circumferential compression 𝑝 on the mantle of the shell, and, 
as in the analytical solution, no pressure is applied at the bottom and 
top edges in the axial direction. The analytical solution can be closely 
approximated by both FEAP and ABAQUS (w/o lid), with, for example, 
only a minor error of approximately 𝜖ref. = 1 − 178∕190 = 6.3% for 
the FEAP model. Alternatively, to ensure symmetry, the nodes around 
the middle of the cylinder can be fixed, as investigated with FEAP in 
case 2. To ensure that a row of nodes is in the middle for applying the 
boundary conditions, the number of elements in the axial direction is 
increased by one to 70 elements (71 nodes) in this case. The buckling 
loads from LBA and GMNIA align with those of case 1 and the analytical 
solution. In case 3, the cylinder is simply supported, with the boundary 
conditions 𝑢 = 𝑣 = 𝑤 = 0 at the bottom edge and 𝑣 = 𝑤 = 0 at 
the top edge. The pinned boundary conditions at the top 𝑣 = 𝑤 = 0
are intended to conservatively simulate the replaced lid. The boundary 
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(a) ABAQUS model with lid

  
(b) FEAP model without lid

 

Fig. 17. First eigenmodes of the full-scale shell models computed by ABAQUS 
and FEAP.

conditions at the bottom 𝑢 = 𝑣 = 𝑤 = 0 are selected due to the fact that 
the suction bucket sinks already into the soil under its self-weight. A 
fully unembedded case (ℎ = 0), where the suction bucket can deform 
freely, is not realistic. Therefore, the radial and axial displacements are 
assumed to be fixed (𝑢 = 0 and 𝑤 = 0) at the bottom edge. However, 
the solutions of case 3 disagree with the analytical buckling load in 
Eq. (44) by, for example, approximately 𝜖ref. = 1−178∕228 = 21.9% for 
the FEAP model. These boundary conditions lead to a higher critical 
buckling pressure. In case 4, the ABAQUS model incorporates the lid. 
The boundary conditions at the bottom edge are 𝑢 = 𝑣 = 𝑤 = 0, while 
no boundary conditions are applied at the top due to the lid. In addition 
to the circumferential compression 𝑝 on the skirt, the pressure on the lid 
is directly imposed as an area load 𝑝. The solution matches closely the 
buckling pressures obtained by LBA and GMNIA of case 3 without the 
lid. In cases 1 and 3, the solutions for the critical buckling load factors 
show close agreement between ABAQUS and FEAP, with a small error 
of 𝜖mod. of 1.3%–3.7%. However, the results highlight the sensitivity of 
the numerical results to the boundary conditions. For this reason, the 
models are compared using FEAP and ABAQUS and verified with an 
analytical solution before performing the comprehensive probabilistic 
analysis in the following Section 5.

Finally, the first eigenmodes of both models, ABAQUS and FEAP are 
shown in Fig.  17. In the design of steel shells, these eigenmodes are 
commonly used as equivalent geometric imperfection forms for non-
linear analyses. The load–displacement curves of the different modeling 
approaches for the non-linear buckling analysis (GMNIA) and boundary 
conditions case 1 and 4 according to Table  5 are compared in Fig. 
18. For this purpose, the maximal radial displacement 𝑤 is presented. 
The load–displacement curves from FEAP and ABAQUS without the lid 
show differences in initial stiffness, but agree in terms of the peak load. 
The curve of the ABAQUS bucket with the fully discretized lid at the 
top exhibits a stiffer behavior.
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Fig. 18. Load–displacement curves for the non-linear buckling analysis (GM-
NIA) of the full-scale suction bucket model for the boundary conditions case 
1 (FEAP and ABAQUS (w/o lid)) and case 4 (ABAQUS (with lid))

5. Probabilistic buckling analysis

The influence of non-homogeneity on the second-order statistics 
(mean and variance) of the buckling load is evaluated by performing 
Monte Carlo simulations. Random geometric imperfections are gen-
erated from the three variance approaches in Section 3 and applied 
to the models described in Section 4. The results are compared to 
experimental and design loads. For the full-scale suction bucket model, 
different embedment depths are investigated, considering various non-
linear spring sets. The results of the Monte Carlo Simulation (MCS) are 
based on 500 realizations.

5.1. Samples of random geometric imperfections

Random imperfections are generated based on the proposed vari-
ance approaches and the correlation model using the Karhunen–Loève 
expansion given in Eq. (17). As recommended in Section 3, the series is 
truncated to retain 99% of the total sum of eigenvalues. Furthermore, 
all generate samples of random imperfections are scaled to a maximum 
imperfection amplitude 𝛥𝑤̂𝑠 by 

𝑤̂𝑠(𝒙, 𝜃) = 𝛥𝑤̂𝑠 ⋅
𝑤̂(𝒙, 𝜃)

|max(𝑤̂(𝒙, 𝜃))| + |min(𝑤̂(𝒙, 𝜃))|
. (46)

The samples of the full-scale suction bucket are scaled to 𝛥𝑤̂𝑠 =
119.5mm, which is the maximum amplitude according to the fabrica-
tion tolerance quality class FQC C defined in [2]. To ensure comparabil-
ity with the Fourier-based approach, the samples of the lab-scale shells 
are scaled to an imperfection amplitude of 𝛥𝑤̂𝑠 = 3.05mm, which is the 
mean of the amplitudes of both measured Fourier imperfections.

In Figs.  19 and 20, the Fourier series of the measured imperfections 
and samples of random geometric imperfections for the full-scale and 
lab-scale suction buckets, calculated from the proposed variance mod-
els, are depicted. It can be observed that the measured imperfection 
of the full-scale suction bucket in Fig.  19 exhibits larger deviations 
from the reference shell geometry at the lower free edge and smaller 
deviations at the upper edge, which is welded to the lid. This indicates 
a characteristic non-homogeneous imperfection pattern, which may be 
attributed to the fabrication process. It is plausible that deviations 
at the welded connection to the lid are more controllable during 
manufacturing than those at the lower end of the cylindrical skirt. 
However, it is shown later in the paper that it is important to consider 
the non-homogeneity in the modeling of imperfections. In the samples 
generated using the homogeneous variance model (‘‘hom’’), it is evident 
that the non-homogeneity cannot be captured. All samples exhibit the 
same waviness at both the bottom and the top. In contrast, the variance 
models ‘‘non-hom 1’’ and ‘‘non-hom 2’’ produce imperfection patterns 
that are visually more realistic by capturing the non-homogeneity.

In Fig.  20, the Fourier series of the measured imperfections of the 
lab-scale shells captures both the weld depression imperfection and 
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Table 6
MCS results of the buckling pressure 𝑝cr,nlin. for the lab-scale suction bucket.
 min [kPa] max [kPa] mean [kPa] CoV [%] 
 hom 26 42 32 9.1  
 non-hom 1 26 40 31 7.6  
 non-hom 2 28 48 37 9.8  

the two intentionally introduced dimples. These features will consis-
tently appear in specimens produced using the same manufacturing 
process and identical post-fabrication treatment. However, the samples 
generated using the variance models ‘‘hom’’ and ‘‘non-hom 1’’ do 
not exhibit a single welded seam, but rather multiple imperfections 
similar to longitudinal weld depressions. This does not correspond to 
the measurements. However, the samples generated using the variance 
approach ‘‘non-hom 2’’ resemble the measured imperfections. As shown 
in Fig.  5 (right), this non-homogeneous variance model reduces the 
variance across large areas of the domain, leading to the desired 
imperfection pattern with a single welded seam.

5.2. Results of the lab-scale suction buckets

The proposed random field approaches are applied to the lab-scale 
suction buckets, and probabilistic buckling analyses are performed 
using the FEAP model described in Section 4.2.2. The results of the MCS 
for the three modeling approaches (‘‘hom’’, ‘‘non-hom 1’’ and ‘‘non-
hom 2’’) are shown in Fig.  21. The corresponding minimum, maximum, 
and mean values, as well as the coefficient of variation (CoV), are 
provided in Table  6. In Fig.  21, the large deviation of the results 
from the buckling load obtained with the linear bifurcation analysis 
without applied imperfections, labeled as LBA, can be seen. The largest 
mean buckling pressure and CoV result from the non-homogeneous 
approach ‘‘non-hom 2’’. The mean value obtained from this approach, 
𝑝cr,nlin = 37.01 kPa, is also the closest to the mean value of the buckling 
loads from the experiments of the two specimens in Table  3, 𝑝cr,exp =
35 kPa, labeled as ‘‘experiment’’. In Fig.  20, it can be observed that 
the generated random imperfections using the ‘‘non-hom 2’’ approach 
resemble the measured imperfection pattern. Individual weld seams can 
be represented most accurately with this approach. Furthermore, the 
imperfections generated using the ‘‘hom’’ and ‘‘non-hom 1’’ approaches 
look very similar. This also explains the nearly identical results of the 
stochastic analysis with respect to the observed minimum, maximum, 
and mean buckling pressures. The ‘‘hom’’ and ‘‘non-hom 1’’ approaches 
yield the smallest mean buckling pressures. The reason is that, for the 
investigated load case under negative pressure, global imperfections 
are less favorable than local individual weld seams generated with the 
‘‘non-hom 2’’ approach. It should be noted that, unlike the full-scale 
bucket, where the largest imperfections occur at the bottom and are 
nearly zero at the top, the non-homogeneity of the lab-scale shells is 
not strongly pronounced in the axial direction. However, the localized 
imperfections can be modeled by considering non-homogeneity in the 
circumferential direction. To verify these results, more specimens have 
to be tested.

5.3. Results of the full-scale suction bucket

The MCS of the full-scale suction bucket is performed using the 
ABAQUS model described in Section 4.3.2, where the soil model pro-
posed in [22] is implemented. Fig.  22 shows the histograms of the 
different random field approaches for the full-scale suction bucket 
without the soil model. The results are compared with the buckling 
load obtained from the measured imperfection pattern approximated 
by a Fourier series and applied to the FE model, labeled as ‘‘mea-
sured’’, as well as with the linear bifurcation analysis without applied 
imperfections, labeled as ‘‘LBA’’. It can be observed that the random ge-
ometric imperfections generated with the homogeneous variance model 
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Fig. 19. Full-scale suction bucket: Fourier series of the measured imperfection and samples of random geometric imperfections generated using the proposed 
variance models (20× magnified).
‘‘hom’’ result in the lowest mean buckling pressure. In this model, the 
geometric imperfection pattern, depicted in Fig.  19, shows the same 
waviness at the top and the bottom, and large dents can occur in the 
middle of the shell, which explains the largest reduction in the mean 
buckling pressure. The mean buckling pressures obtained from the MCS 
using the non-homogeneous variance models (‘‘non-hom 1’’ and ‘‘non-
hom 2’’) closely match the buckling pressure of the shell with the 
applied measured imperfection pattern. As discussed in Section 5.1, the 
measured characteristic of the non-homogeneous imperfection pattern 
of the full-scale bucket shows larger deviations at the bottom and, 
due to the welding of the lid, smaller geometric imperfections at the 
top, see Fig.  19. In other words, the imperfections are narrower or 
locally distributed. This can be accurately simulated using both non-
homogeneous random field approaches. The more locally distributed 
imperfections are less unfavorable than global imperfections in this 
load case. This explains the higher mean buckling pressures com-
pared to the MCS results, which are computed using the homogeneous 
random field approach that generates more global-like imperfections.

The results for the three modeling approaches (‘‘hom’’, ‘‘non-hom 
1’’, and ‘‘non-hom 2’’) with an embedment depth of 4m, which is 
for this design a critical depth, are depicted in Fig.  23. The critical 
embedment depth depends on the soil properties. To prevent hydraulic 
failure during the installation process, critical suction has to be con-
sidered. As discussed in [22], for large embedment depths exceeding 
7m, where the free shell length is short, the buckling resistance is 
significantly higher than the critical suction. At small embedment 
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depths, only moderate pumping is required to overcome the soil resis-
tance, resulting in a low risk of buckling due to the limited negative 
pressure. The most critical phase occurs during the first half of the 
installation process. For the present design, the critical embedment 
depth is approximately 4m, which aligns with values predicted by 
classical design approaches. As can be seen in Fig.  23, the difference 
between the mean buckling pressures obtained using the homogeneous 
model and the non-homogeneous approaches increases. Moreover, the 
variance increases for all approaches. When considering soil, the ho-
mogeneous approach ‘‘hom’’ results in the lowest buckling resistance, 
whereas the non-homogeneous approaches ‘‘non-hom 1’’ and ‘‘non-hom 
2’’ lead to higher buckling resistance. The larger difference between 
the resulting pressures can be explained by the fact that the largest 
modeled waves are located at the bottom edge of the cylinder, which is 
embedded and thus partially restrained by the soil. Along the free shell 
length above the mudline, the non-homogeneous modeling approaches 
generate only small geometric imperfections. As shown previously in 
Fig.  22, the mean buckling pressures from the MCS using both non-
homogeneous variance approaches closely agree with the numerical 
buckling load obtained with the applied measured Fourier imperfection 
pattern on the FE model, denoted as ‘‘measured’’. A summary of the 
MCS results, including the minimum, maximum, mean value, and 
coefficient of variation (CoV), for the full-scale suction bucket with 
different embedment depths is given in Table  7. The mean value and 
the CoV increase for higher embedment depths. However, the variance 
increases slightly and remains in a comparable range for all random 
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Fig. 20. Lab-scale suction buckets: Fourier series of the two measured imperfections and samples of random geometric imperfections generated using the proposed 
variance models (20× magnified).
Table 7
MCS results of the buckling pressure 𝑝cr,nlin. for the full-scale suction bucket with different embedment depths.
 hom non-hom 1 non-hom 2
 depth ℎ min max mean CoV min max mean CoV min max mean CoV 
 [m] [kPa] [kPa] [kPa] [%] [kPa] [kPa] [kPa] [%] [kPa] [kPa] [kPa] [%]  
 1 92 185 138 11.0 85 206 149 11.3 115 207 155 11.3 
 2.5 115 215 166 10.5 135 235 188 10.2 142 230 187 10.4 
 4 120 241 182 11.3 149 267 213 10.5 155 257 209 10.9 
 5.5 129 291 204 12.3 167 318 248 11.5 172 307 240 12.0 
 7 152 356 253 12.9 217 420 325 10.7 213 388 305 12.2 
field modeling approaches. It should be noted that Table  7 starts with 
an embedment depth of ℎ = 1m. This is due to the fact that the 
suction bucket sinks already into the soil under its self-weight. The 
unembedded case (ℎ = 0) is therefore not practically relevant. Fig.  24 
shows the empirical cumulative distribution functions (ecdf) of the full-
scale suction bucket design with an embedment depth of 4m, obtained 
using the proposed modeling approaches. A Gaussian distribution is 
fitted to the simulated ecdf. The fitted distributions are evaluated to 
yield quantiles that represent a target reliability level of 99.99%, as 
recommended for most applications according to [69]. The results 
of the three random field modeling approaches are compared with 
classical approaches used in the design of steel structures according to 
EC3: stress design with reduction factors, GMNIA applying the ‘worst’ 
eigenmode as the imperfection form, and, as a reference, the linear 
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bifurcation analysis. For shells under hydrostatic pressure, eigenmodes 
with fewer circumferential waves and one axial half-wave can be 
identified as ’most unfavorable’ imperfection forms [65]. As shown in 
Fig.  24, the eigenmodes lead to a much more conservative solution, 
and thus to less economic designs, than the mean values obtained from 
the probabilistic modeling approaches. When considering the 99.99%
percentile of the probability distribution, as allowed by EC3, the non-
homogeneous approaches also show less conservative results than the 
homogeneous approach. In addition, the curves of the buckling pressure 
via the free shell length for the various approaches are depicted in Fig. 
25. The curves of the mean buckling pressures from the non-homoge-
neous approaches (red and blue curve) closely match the measured 
imperfection (black curve) for all embedment depths. The differences 
between the two non-homogeneous approaches are very small, which 
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Fig. 21. Histograms (MCS with 500 simulations) of the different imperfection 
modeling approaches (‘‘hom’’, ‘‘non-hom 1’’ and ‘‘non-hom 2’’) applied to the 
lab-scale suction bucket model.

Fig. 22. Histograms (MCS with 500 simulations) of the different random 
imperfection modeling approaches applied to the full-scale suction bucket 
model without soil.

Fig. 23. Histograms (MCS with 500 simulations) of the different imperfection 
modeling approaches (‘‘hom’’, ‘‘non-hom 1’’ and ‘‘non-hom 2’’) applied to the 
full-scale suction bucket model with soil and an embedment depth of 4m.

confirms that both approaches can accurately capture the obviously 
non-homogeneous pattern of the full-scale suction bucket as shown 
16 
in Fig.  19. An interesting observation is that, for larger embedment 
depths, the homogeneous approach (green curve) approximates the 
results obtained using the worst eigenmode as the imperfection form 
(magenta curve) and those obtained using the EC3 reduction factor 
(orange curve). Furthermore, the differences between the homogeneous 
approach (green curve) and both non-homogeneous approaches (red 
and blue curves) increase with increasing embedment depth. This 
means that modeling random imperfections with a non-homogeneous 
approach becomes increasingly important when considering the soil.

Finally it should be noted that the definitions regarding the random 
field properties, such as the Gaussian assumption or the separation of 
the correlation and variance function into axial and circumferential 
direction represent significant modeling assumptions. In this context, 
the manufacturing process of the shells must also be taken into account. 
The separability of the imperfection field can only be assumed if the 
field is characterized by a distinct direction, for example due to a 
rolling direction introduced during fabrication or the presence of weld 
seams. However, this is not always the case. The Gaussian assumption 
of the random fields is also a strong modeling choice due to the 
limited availability of data. This should be further investigated, since 
a non-Gaussian distributed imperfection field can lead to significantly 
lower buckling load factors as shown in previous studies for axially 
compressed shells, see [38,39].

6. Conclusions

This study introduces non-homogeneous random field approaches 
for more realistic imperfection modeling of suction buckets. Different 
non-homogeneous variance approaches are proposed based on imper-
fection measurements of lab- and full-scale suction buckets. Thus, non-
homogeneous random imperfections are generated using the Karhunen–
Loève expansion for comprehensive probabilistic buckling analyses. 
The approaches allow to account for imperfections resulting from 
manufacturing processes, such as welded seams along the skirt of the 
suction bucket or the variation of imperfection amplitude along the 
axial direction of the bucket. The novel approaches are compared with 
a homogeneous random field approach. Buckling responses of the FE 
models, FEAP and ABAQUS, are compared, validated by experimental 
tests and verified with an analytical solution.

In summary, the results of the deterministic buckling analysis show 
that buckling resistance is highly sensitive to different modeling ap-
proaches, such as boundary conditions and lid modeling, as demon-
strated by the FEAP and ABAQUS models. However, the main finding is 
that non-homogeneous imperfection modeling can achieve closer agree-
ment with experimental buckling pressures and potentially avoid the 
large knockdown factors associated with worst-case imperfection de-
sign approaches. A homogeneous approach cannot accurately represent 
all forms of measured imperfection patterns, which show larger devia-
tions at the bottom and, due to the welding of the lid, smaller geometric 
imperfections at the top for full-scale suction buckets. Furthermore, 
using a soil model, a study is conducted to analyze the influence of 
the embedment depth of the suction bucket. Again, the mean buckling 
pressures from the non-homogeneous approaches closely match the 
measured imperfections for all embedment depths. The more a suction 
bucket is embedded, the larger is the difference between the results 
of homogeneous and non-homogeneous modeling approaches. The em-
bedment depth relevant for design is approximately in the range of ℎ =
0.25𝐿−0.4𝐿, where all probabilistic approaches lead to less conservative 
results than classical approaches, such as using the worst eigenmode 
or the EC3 reduction factor. Accordingly, one of the key messages of 
this paper is the recommendation to employ non-homogeneous random 
field approaches for probabilistic buckling analyses of full-scale suction 
buckets. The investigated specimens are not assumed to be represen-
tative of all fabrication cases. Rather, the study demonstrates that 
different fabrication protocols and manufacturing characteristics can 
require different correlation models, which motivates the development 
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Fig. 24. Comparison of different probabilistic modeling approaches with deterministic design values for the full-scale suction bucket design with an embedment 
depth of 4m.
Fig. 25. Buckling pressures via the free shell length of the full-scale bucket for the various modeling approaches.
and application of non-homogeneous approaches. In the case of the 
lab-scale shell, the second non-homogeneous approach (non-hom 2) 
can represent the characteristic weld seams, and it avoids non-existent 
global imperfections, which would lead to overly conservative but 
unrealistic buckling pressures. However, the mean buckling pressures 
of the lab-scale suction buckets resulting from this non-homogeneous 
approach are slightly too high. It should be noted that the sample size 
of one or two specimens is very small. For a universally applicable 
approach, the results should be further confirmed using imperfection 
data from a much larger number of specimens of different types of 
shells. The proposed methodology can furthermore be scaled to dif-
ferent fabrication quality classes. In practice, the required fabrication 
quality class is typically defined by the wind farm developer and 
must subsequently be fulfilled by the fabricator. In the present study, 
the selected fabrication quality class C serves as an example. For the 
lab-scale shell, measured imperfection amplitudes are used instead of 
amplitudes derived from the fabrication quality class to enable direct 
validation of the simulated buckling pressures against the experimental 
results.

The study improves stochastic imperfection modeling and pro-
poses a less-conservative, yet experimentally validated, probabilistic 
17 
design approach. Further research should focus on considering the 
non-homogeneity of random geometric imperfections in the design 
optimization of suction buckets. The authors are confident that this can 
result in substantial material savings, especially since, with the increas-
ing number of planned suction bucket wind farms, the fabrication of 
suction buckets will move to serial production, and variations within 
one batch can therefore be represented using the proposed approaches.

Modeling of the imperfections as random fields also allows the 
consideration of aleatory uncertainties in the optimization process. 
In this context, uncertainty quantification can be extended through a 
mixed/hybrid/polymorphic approach to account for epistemic uncer-
tainty (lack of knowledge and imprecision). Furthermore, the intro-
duced non-homogeneous approach can also be further developed. In 
this study, the non-homogeneity of the variance function is quantified. 
However, the correlation functions may also depend on the location, 
and thus can be non-homogeneous. Finally, a design optimization can 
be performed considering random non-homogeneous imperfections. 
Thereby, not only geometric parameters such as the thickness, length, 
or radius of the shell can form the design space, but also stiffeners 
can be taken into account. Future work should analyze how stiffeners 
influence the non-homogeneity of random imperfections, which could 
further optimize suction bucket design.
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