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Abstract: A hyperparameter-optimized Kriging surrogate model was developed for the
structural collapse behavior framework presented in this paper. The assessment is con-
ducted on a stiffened panel subject to axial load and lateral pressure, typical of the deck
structure of a bulk carrier ship. This behavior is characterized using nonlinear finite element
analysis to determine the collapse response. The surrogate model’s hyperparameters were
optimized using a Genetic Algorithm to achieve the best performance, and the trained
framework can predict ultimate strength. By following this approach, the problem can be
reformulated as a multi-objective optimization task. This framework involves associating
the Kriging surrogate model with a multi-objective evolutionary optimization algorithm
based on Genetic Algorithms to balance the trade-off between the weight and ultimate
strength of the stiffened panel. The results confirm the applicability of the Kriging surrogate
framework to predict the ultimate strength and assess the collapse analysis of the stiffened
panels, ensuring accuracy through GA-based hyperparameter optimization.

Keywords: stiffened panels; nonlinear finite element analysis; Kriging; multi-objective
optimization; genetic algorithm

1. Introduction

The integrity of a ship’s structure needs to be increased to ensure the safety of bulk
carriers. A ship’s structure relies on stiffened panels as essential components to withstand
the external longitudinal bending moments created by the buoyancy, wave forces and
moments, and cargo weight distribution.

In extreme sea conditions, the most perilous scenario occurs when the wavelength
matches the ship’s overall length, resulting in maximum bending moments. Bending
moments can surpass the load-carrying capacity limit in such cases, leading to severe
tensile and compressive loads on the deck and bottom-stiffened panels. Consequently,
the local structures of the deck and bottom experience post-buckling and collapse due to
their distance from the neutral axis of the cross-section [1,2]. Investigating the collapse
behavior of the ship’s bottom under axial load conditions associated with lateral pressure
can significantly improve ships’ economical and safe design, allowing a promising future
for ship design.
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Many research studies have been conducted to better understand the plastic collapse
behavior and strength of structural components, particularly through developing novel
methodologies for predicting their ultimate strength under various loads. Wang and
Moan [3] examined collapse behaviors by analyzing the ultimate strength of stiffened panels
under biaxial and lateral loading to assess the beam-column approach used in regulations
for ships and offshore structures. Guedes Soares and Gordo [4] derived equations to assess
the strength of plates subject to biaxial compressive loads, including the effect of initial
distortions and residual stresses. Fujikubo et al. [5] proposed a formula to estimate the
ultimate strength of steel stiffened panels subjected to combined transverse compression
and lateral pressure, highlighting the interaction influence of adjacent plates and stiffeners.
Benson et al. [6] introduced an adapted large deflection orthotropic plate methodology to
analyze local and overall panel collapse modes. Li et al. [7] developed an analytical method
to predict plate and stiffened panels’ buckling and collapse behavior under cyclic loading.

Undoubtedly, the Finite Element Method (FEM) has a wide application in the post-buckling
behavior analyses of stiffened panels. Most numerical studies were performed on the ultimate
strength of stiffened panels under axial loads and lateral pressure [1,5,86-11]. However, FE
software for addressing complex nonlinear problems continues to pose challenges in the design
practices of the naval industry. This is primarily because the results of FEA are susceptible
to the input parameters and the solution algorithms utilized [12]. The ISSC 2022 Committee
II1.1 on Ultimate Strength highlights those uncertainties related to material modeling, geometric
imperfections, and human factors in the analysis that can significantly impact the accuracy of
FEA results [13].

Beyond that, the collapse behavior in marine structures is enhanced and understood by
taking into account the investigations about slenderness [9,14,15], boundary condition [8,16],
initial imperfection [4,17-19], openings [20,21], corrosion [22-24], and cracks [11,25,26]. Addi-
tionally, given the complexity of developing FE models, it is crucial to carefully select mesh sizes
and boundary conditions to achieve accurate and reliable results [11]. However, a balance must
be ensured between computational accuracy and cost.

On the other hand, surrogates have been widely applied in designs to replace expen-
sive physical experiments or time-consuming simulations. To replace structural numeral
simulations, they are constructed based on limited finite element calculations reducing
the computational burden and providing predictions based on the fitted or interpolated
mathematical relationships. Initial efforts are proposed using polynomial regression mod-
els [27,28] and are currently used in prediction problems (e.g., [29-31]). Other approaches
adopted the Support Vector Machine (SVM) Model (e.g., [32,33]), Polynomial Chaos Ex-
pansion Models (e.g., [34-36]), Gaussian Processes (e.g., [37-39]), and Artificial Neural
Networks (ANNSs) (e.g., [40—43]). Instead of polynomial fits, approaches based on the
Kriging surrogate model have been proposed [44—47].

The Kriging surrogate model offers several evident benefits. Notably, it can effectively
capture hidden relationships in high-dimensional parameter spaces using observed data,
making it particularly suitable for small datasets [48]. Additionally, the Kriging surrogate
provides robust uncertainty estimations, enabling the exact inference for the observed
dataset with zero variance while also predicting alongside a mean prediction amongst un-
known observations [48-50]. In contrast, many other surrogate models, such as polynomial
regression, ANN, SVM, and Radial Basis Functions (RBFs), are regression-based and can
even produce accurate predictions with errors even at training points.

Given these considerations, Kriging offers strong interpretability, making it a more
promising modeling and optimization design option [50]. Due to its advantages, Kriging
has been successfully utilized as the surrogate model in numerous research projects in the
naval industry. As a surrogate solution, instead of polynomial fits, approaches based on
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the Kriging surrogate model have been proposed [51,52]. In a structural collapse behavior
assessment, Gaspar et al. [44] studied Kriging’s efficiency for double-hull oil tanker ship
stiffened panels’ reliability analysis. In Shi et al. [53], the prediction accuracy of the Kriging
model is assessed to estimate the failure probability of marine structures with its application
to a stiffened panel. Lima et al. [54] assessed the reliability behavior of stiffened panels of
ship hulls using a Kriging multi-fidelity surrogate, which uses the finite element analysis
(FEA) to obtain the high and low-fidelity dataset.

Considering a structure’s post-buckling ultimate load capacity, it becomes possible
to design more efficient structures that can reduce overall weight [55,56]. The weight of a
vessel’s hull is a crucial design parameter that impacts the entire performance of a ship. It
relates to functional requirements, construction costs, operational expenses, maintenance,
and durability. Therefore, selecting an optimal structure is essential for achieving the best
structural performance [57]. Consequently, it is essential to design the structural members
optimally, using the optimal geometric dimensions for the plates and ensuring proper
geometric relationships for the stiffeners applied.

Surrogate models utilize implicit knowledge within the design problem to enable rapid
evolution, comprehensive approximate modeling, and optimization while minimizing the
number of costly simulations required. As a result, these models enhance optimization
efficiency and convergence accuracy, significantly reducing the time consumed [49].

Accordingly, the present paper aims to propose a surrogate-assisted evolutionary
algorithm to solve a multi-objective optimization problem (MOP), considering the weight
vs. ultimate strength of bulk carrier stiffened panels for structural post-buckling analy-
sis. The main contribution is developing a hyperparameter-optimized Kriging surrogate
model, considering the advantages of a Genetic Algorithm, focusing on prediction accu-
racy, stability, and computation efficiency applied in a typical marine industry issue. As
a numerical framework, a stiffened panel under axial load and lateral pressure typical of
the deck structure of bulk carrier model ships is adopted and described using nonlinear
FEA to obtain the collapse behavior. The Kriging surrogate model is used to predict the
ultimate strength, and the Non-Sorting Genetic Algorithm (NSGA-II) is used to perform
multi-objective optimization.

This paper is organized as follows: Section 2 introduces the real application problem,
considering a numerical example, and the FEA model for the present research. Section 3
presents the Genetic Algorithm multi-objective optimization based on the Kriging surrogate
model. In Section 4, this study’s results are discussed extensively. Section 5 draws the main
conclusions of the work conducted.

2. Ultimate Strength of Stiffened Panel Under Combined Loading

The stiffened panel is a fundamental structural element in shipbuilding, and extensive
research has been conducted over the past few decades. These studies examine the effects
of initial deflections, boundary conditions, and residual stresses on the ultimate strength
(0zu) of the panel. Additionally, the applied loads can vary, ranging from axial and biaxial
loading to lateral pressure. This section presents the structural model of the stiffened
panels of the bulk carrier ship’s bottom under a combined loading considering axial
compression associated with lateral pressure and describes the finite element model used
for its reproduction and structural analysis.

2.1. Case Study: Bulk Carrier Stiffened Panels

The dimensions of the stiffened panels are based on the benchmarks established in
the ISSC 2012 Committee III.1 [58], taking into account the members of the actual ship. For
the benchmark analysis, fundamental models were selected, specifically, stiffened panels
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from the bottom plating of a bulk carrier. These panels feature two stiffeners and are
subjected simultaneously to lateral pressure and in-panel compression. This framework
was previously adopted in the studies conducted by Tanaka et al. [9] and Xu et al. [8].

For this study, the local panel has an aspect ratio of a/b =3 (a x b = 2550 x 850 mm).
This panel is part of a stiffened structure, which is divided by longitudinal girders (LGs)
and transverse frames (TFs), as illustrated in Figure 1a. Consequently, the chosen type of
stiffener is the “Tee-Bar’. The referenced values in [58] are associated with Tanaka et al. [9]
and Xu et al. [8] to determine the variable ranges in the present study. Figure 1b displays the
geometries of the stiffeners, and Table 1 offers a detailed overview of the various stiffened
plate parameters.
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Figure 1. Stiffened panels: (a) Schematic view of a stiffened panel. (b) Stiffener section view.
(c) Typical stiffened panel in ship structure and its modeling extent.

Table 1. Description of the geometrical stiffened panel basic variables.

Variable Units Description Lower Bound  Upper Bound
ty mm Plate thickness 8.0 30.0
Ay mm Web height 100.0 400.0
tr mm Flange thickness 8.0 20.0
by mm Flange breadth 80.0 200.0
tw mm Web thickness 8.0 16.0

The material is assumed to be elastic and perfectly plastic. The steel assumed in the
analyses have a Yield stress of oy = 313.6 MPa, Young’s modulus of E = 205.8 GPa, Poisson’s
ratio of v = 0.3, and strain hardening rate: H" = 0.

2.2. Geometrical Initial Imperfections

The initial imperfections in stiffened plates arise from the unavoidable deformations
that occur during the complex fabrication and welding processes of the ship’s steel struc-
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ture [59,60]. The o, behavior of a plate subjected to buckling loads varies significantly
based on the shape of the initial deflection [61]. A portable 3D scanner can be used to
measure initial imperfections before experiments and be adopted in analyzing the nonlin-
ear buckling behaviors in FE simulations [19]. However, accurately modeling the realistic
distributions of initial spatial deformations in stiffened panels is challenging due to their
complexity, making them difficult to replicate in FE analysis [2].

The shape of welding-induced initial deflections for thin plates after support members
are attached by welding in real ship hull analysis is quite complex. However, the actual level
of model initial imperfections can be simplified by a method of analysis that assumes the
same shape as the Fourier components [5]. In the present study, the following three types
of deflections are assumed to be the initial imperfections of the stiffened panel [2,8,9,14,62]:

e Initial deflection of local plate panel (Figure 2a):

wop = Ap sin mTT[Z sin % =+ Bp sin % sin % 1)
o  Column-type deflection of stiffeners (Figure 2b):
nz . TIX
= Bpsin — sin — 2
woc 0 sin p sin B 2)

e  Side-way deflection of stiffeners due to angular rotation around panel stiffener (Figure 2c):

(b) |
(d) I

Figure 2. Initial deflection shapes of (a) local plate panel imperfection; (b) column-type imperfection;
(c) side-way stiffener imperfection; and (d) association of the initial deflection shapes with mean
amplitude scale factor 50 x.

X . Tz
Wos = CO@ sin v (3)
where a and b are the length and width of local rectangular plates, B is the width of the
stiffened panels between girders, and Ag = 0.18%t, and By = Cy = 0.00154 are the following

design values for the amplitudes. The number of buckling half-waves in the longitudinal
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direction (i) is normally the integer of the ratio of the longer and shorter side of the plate
m =a/b and is considered m = 6. The plate slenderness f3 is defined as follows:

b [oy

B= LVE (4)

The plate deflections are considered periodical in the local and overall buckling modes
due to the continuous property of the intact stiffened panel [8-10]. Additionally, the
stiffened plate is selected as a (1/2 + 1 + 1/2) span, and the (1/2 + 1 + 1/2) bay model with
periodical boundary condition is adopted considering the interaction between the adjacent
stiffeners and plate influence [8], as shown in Figure 2d.

To accurately evaluate 0, the model used must sufficiently represent the surrounding
structure of the given panel. In Figure 1, the notations x, y, and z refer to the transverse,
lateral, and longitudinal directions, respectively. The boundary conditions are defined as
follows: uy, uy, and u, represent the translational displacements in x, y, and z directions; and
0x, 8y, and 0, indicate the rotational displacements around x, y, and z directions. The current
analysis considers the following boundary conditions, where “0” signifies a constraint and
“1” no constraint:

o Aj-Agborder: uy = uy, uy =uy, u; =d;, 0y =0y, 0, =0, 6, =0,

e Ay-Azborder: uy = uy, uy = u;, u; =0, 0, =05, 6, =0, 0, =0Z;

Al—A2 and A3—A4 border: uy =20, Uy = 1, u, =1, Gx =1, Gy =0, 92 =0;

C1-C4 and Co-C3 for plate nodes: uy =1, uy, =0, u; =1, 6, =1, 6, =0, 0, =0;
C1-C4 and C-C3 for stiffener web: uy =0, uy =1, u; =1, 6, =1, 6, =0, 0, =0;
31—32 and B3—B4Z Uy = 1, Lly = 0, Uy = 1, Gx = 0, Qy = 0, 92 = 1;

where d, indicates the uniform displacement imposed at the transverse edge, and (*)
signifies that the displacement components are the same at the two nodes located opposite
each other at the two opposite edges. The plate’s lateral pressure 4 models the water
pressure, and the behavior of the stiffened panel under lateral loads is assessed by varying
the load g between 0 and 0.3 MPa.

2.3. The FE Description

The post-buckling behavior of the stiffened panel under uniaxial compression is
obtained using the FE software ABAQUS v.14. The finite element S4R available in the
ABAQUS FE code are used to obtain the nonlinear structural behavior of the stiffened
plate elements under combined loading. The S4R element is a four-node general-purpose
quadrilateral shell element that utilizes reduced integration and accommodates large-strain
formulation in ABAQUS.

To ensure accurate and valid results, it is essential to explore and refine the mesh.
However, it is also important to strike a balance between the required precision and the
computational effort to optimize computing time. Based on the convergence study for an
intact stiffened panel, we established that the element size of the mesh should be set at
50 mm. The initial deflections are introduced to the mesh by adjusting the coordinates of
the model nodes according to Equations (1)—(3), resulting in a modified mesh.

The lateral pressure and the in-plane forces are applied in two steps. First, the pressure
is applied in the lateral direction of the plate, followed by the forced displacement applied
along the edge of the stiffened panel [8].
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3. Genetic Algorithm Multi-Objective Optimization Using
Kriging Surrogate

This section outlines the computational framework of a Multi-objective Evolutionary
Algorithm (MOEA) based on a Genetic Algorithm (GA). A Kriging surrogate model assists
the multi-objective optimization in predicting the ultimate strength of stiffened panels
under combined loading.

3.1. Structural Collapse Assessment Using GA-MOEA Kriging Surrogate Model

The GA-MOEA Kriging framework is illustrated in the flowchart in Figure 3. In Stage
01, the Kriging surrogate model is developed and optimized for hyperparameters. In Stage
02, this surrogate model is integrated into the evolutionary multi-objective optimization
process. The detailed steps of the proposed algorithm are given as follows:

START

Y
‘ Initial dataset ‘ | Initial Population
Y i and score INon-dominating sorting and |
— FE analysis: - Y - crowed comparison operator
Update dataset Elite preservation [
+ % A
‘ Kngmf ML Select Parents Create extended population
Kiiei Y and elite preservation
h gmng " Produce crossover and A
yperparameters mutation children

estimation ¥

Y Generate crossover and
Kriging surrogate yes @& Selection mutation Tihildren
validation
no

Y

Stopping

criterion Initial random Ranlcand Stlop P ing

satisfied? ooulation non-dominating > criterion

Pop sorting satisfied?
t yes
— Resampling t
Pareto Front

Figure 3. Overall GA-MOEA optimization using Kriging surrogate methodology flowchart.

Stage 01—Step 1: An initial random dataset is used to create the surrogate

T
x(nfmin) } ,

T
{yW,y@,...,ytmin) 1 that build the ini-
tial dataset input Dy, = {Xo, Yo} used to estimate the Kriging hyperparameters. To

model. This dataset consists of 1y, observed data Xy = {x(l),x(z),. .,

each with corresponding responses Yy =

evaluate the performance of the final hyperparameter-optimized surrogate model, the

1) 2

T
. . . (nt,«[)
dataset Dyest = {Xiest, Yiest} is used, considering Xiest = {xtest,xtest,...,xtes;” and

(test)

Yiest = {y}est' y}est’ e Yiest
ing. The database is generated randomly by Latin Hypercube Sampling. The maximin

T
} with a total of 7.t observed data, never seen during train-

criterion is utilized in sampling to effectively fill the design space and assess the uniformity
of the sampling plan. This approach aims to maximize the minimum Euclidean distance
between sample points in a Latin hypercube. For those interested in more details about
generating the optimal Latin Hypercube Sampling, please refer to the study of [63].
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Stage 01—Step 2: In parallel computing, the output Y = [Yy; Y] is obtained by
nonlinear FEA. In this step, a computational analysis is conducted to predict the ultimate
strength of each stiffened panel in the dataset.

Stage 01—Step 3: A hyperparameter optimization based on the GA is proposed to
obtain the best performance of the Kriging surrogate model. This step maximizes the
likelihood of the data field, obtaining the Maximum Likelihood Estimation. After the
model is built, the accuracy of the test data prediction set is calculated.

Stage 01—Step 4: Steps 2 and 3, along with the corresponding hyperparameter opti-
mization, are repeated until the convergence criteria are met. To quantify the accuracy of
the proposed Kriging surrogate model, the mean relative error (MRE), considering the sum
of relative errors divided by the sample size, is given as follows:

e ygit - ygt )
i=1 (i) !

test

MRE =

Ntest

where {5t denotes the output of the Kriging surrogate prediction. It is considered MREstop = 1%.
Stage 02—Step 1: The optimal solutions of the Pareto front are obtained using the Non-

Sorting Genetic Algorithm, a multi-objective evolutionary optimization method. The multi-

objective problem can be formulated as the following constrained optimization problem:

minimize F(x) = (F(x), —Fz(x))T

6
subject to q < Gref ©)

where F(x) represents two objective functions. The first, F1(x), signifies the mass of the
stiffened panel, while the second, F»(x), represents the ultimate strength of the stiffened
panel. The negative sign is used to indicate a maximization of the function. Additionally,
g(x) denotes an inequality constraint related to the lateral pressure () which is limited to a
specific reference value, denoted as ;.

3.2. Kriging Surrogate Model

The Kriging model is introduced in the geostatistics by Krige in 1951 [64]. It is an
interpolation-based surrogate model that approximates the input/output function f. The
Kriging surrogate model is assumed in a non-parametric probabilistic model to predict
response values at unknown points based on a set of sample input data Xp and the observed
values Yp. According to Forrester and Sébester [65], considering x, the design variables in a
DF dimension and the formulation of the Kriging can be presented as follows:

fx) =Gy +Z(x) )

where f(x) is the Kriging approximation, G(x)” is the basis function vector, 7 is the
unknown regression coefficients of the trend function, and Z(-) is the stationary Gaussian
process error model, which has zero uncertainty at the training points. The covariance
matrix Z(-) is modeled using the correlation matrix:

cov {Z (x(i)), Z (x(j))} = (721}) (x(i), x(j)) 8)

where ¢ is the variance, and (-) are correlations between a random variable at the point

ﬁk) ©)

to be predicted and at the sample data points:

p(x,20) = exp (_ ”Z O — 0
k=1
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where 1, is the number of design variables and 8, py. are spatially related parameters. From
this, an n X n correlation matrix of all the observed data is constructed:

¢(x(1),x(1>) lp(x(l),x(")>
Y = : . (10)

¢(x(">,x<1>) ¢(x(n>,x<n>)
The covariance matrix based on the Kriging model is then as follows:
cov(y(x), y(x)] = ¥ (1)

To determine the correlations used in the correlation matrices, it is necessary to estimate
the hyperparameters . According to the Maximum Likelihood Estimation (MLE) theory,
an optimization in unconstrained scenario is utilized to obtain the following:

_n n o\ 1 'Yy -1
MLE = — 2 In(27) — 5 In(0?) — 2 In|det(¥)| o (12)

Derivate Equation (12) into ¢ concerning and ¢? to 0, and find MLEs of the following:
f=1"%"ly/1T¥"1, and (13)

0> = (y—10)"¥ (v - 1) /n (14)

Substituting Equations (13) and (14) back into In-likelihood yields the concentrated
In-likelihood function: 1
MLE = —g 1n(a2) — 5 In|det(¥)]. (15)

The hyperparameters 0 are obtained by maximizing Equation (15). Since the hyper-
parameters cannot be obtained theoretically, they can only be obtained by the numerical
maximization of Equation (15). It is assumed that p; = 2 rather than using an MLE. The
Genetic Algorithm (GA) optimization [65] is adopted to estimate the hyperparameters and
maximize the MLE.

To predict an unknown 7 at x* should be consistent with the observed data and the
correlation parameters. The new prediction is combined with the existing data, to create

the vector j = [y7, 7] T The correlation defines the relationship between the observed data

1!) (x(l ) , x* )
P = : : (16)
lp (x(”) , x*)
The augmented covariance matrix is as follows:

Y = [‘;’YT ﬂ (17)

and the new prediction:

To maximize MLE 7 (x(”‘H) ) , it is necessary to maximize:

MLE-  T-1'¥ ' -1p)

e , (18)

which may be expressed as
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i e T
. 1 .
¥ P KA B Rl (19)

Calculating the inverse of ¥, the maximum of the quadratic function of § is obtained

by differentiating with respect to § and setting to zero:

-1 o Iy y—1p) \
(fﬂ(l —w—1¢>>(’/ A (fﬂ(l _lpw_ll,,)) =0 @0)

Finally, the MLE for 7 is as follows:

§(x7) = p+ TG —1p). 1)
3.3. Genetic Algorithm Optimization

The Genetic Algorithm (GA) was selected as the optimization method for this study
because of its widespread use in optimizing hyperparameters of surrogate models. The
GA process consists of several key steps: initializing a population, selecting the fittest
individuals, applying natural processes such as crossover and mutation, and reproducing
the population. This subsection provides a brief overview of the four steps of GA, with
additional details available in references [66,67].

Step 1: A random population is initialized, and each member of the current population
is scored by computing its fitness value. These values are called the basic fitness scores.

Step 2: The algorithm identifies suitable members, referred to as parents, based on
their fitness values. These parent individuals mate to produce a new population. The
selection function, Stochastic Uniform, arranges a line where each parent corresponds to
a segment of the line that is proportional to its scaled value. The algorithm then moves
along this line in equal-sized steps. At each step, it selects a parent from the segment where
it lands.

Step 3: Three types of children are produced for the next generation: The first type con-
sists of individuals from the current population with better fitness values, known as elites,
who are carried over to the next generation. The second type is created through crossover,
where the genetic information of two randomly selected parents is combined to produce
offspring. Additionally, mutated offspring are generated by making random changes to the
genetic material of one parent. The mutation offspring is created using Gaussian Mutation,
which involves adding a random number selected from a Gaussian distribution to each
entry of the parent vector. Typically, the degree of mutation, proportional to the standard
deviation of the distribution, decreases with each new generation.

Step 4: The current population is replaced with children to form the next generation.
This process helps prevent the GA from converging to a local optimum solution.

Step 5: The iteration concludes when either the convergence criteria are met, or the
maximum number of evaluations is exceeded. If neither condition is satisfied, Step 2
is repeated.

3.4. Multi-Objective Optimization Problem Genetic Algorithm

This study utilizes a Genetic Algorithm Approach to Surrogate-Assisted Multi-
objective Evolutionary Optimization Algorithm (GA-MOEA). An efficient MOEA is essen-
tial for generating solutions that closely align with the Pareto optimal front while ensuring
that their distribution is both diverse and uniform within the resulting non-dominated
front, all at a minimal computational cost.
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In a typical multi-objective optimization problem with the vector of design variables x
in the box constraints x and ¥, the goal is to minimize a set of p objective functions f;(x),
(i=1,..., p) subject to g number of constraints gj(x) <0, (j=1, ..., q). The previous can be
summarized as follows:

Minimize [fi(x), f2(x),- -+, fp(x)]
Subject to  gi(x) <0 (j=1,..., q) (22)
where x=(xq,x2,-+-,%])

The Non-Sorting Genetic Algorithm II (NSGA-II) initially proposed by Deb et al. [68]
has demonstrated its effectiveness in multi-objective optimization. Most terminology
associated with the NSGA-II algorithm aligns with that of the GA discussed in Section 3.3.
However, this section introduces additional terms specific to NSGA-IL. In this study, NSGA-
II is employed to identify the Pareto optimal design, following the steps outlined in the
studies of [68-72].

This approach iteratively searches for non-dominated solutions across different fronts.
First, for each solution 7 in the population, the algorithm calculates two key metrics: #;,
which represents the number of solutions that dominate i, and S;, which is a set of solutions
that i dominates, for which n; = 0 are classified into the first front. Next, for each member j
in the set S;, the n; value is decreased by one. If any 7; is reduced to zero during this stage,
the corresponding member j is then assigned to the second front. This process continues
for each member in the second front to identify the third front, and so forth.

Furthermore, NSGA-II applies the concept of crowding distance, where the crowding-
distance value (CD;) of the ith solution is calculated as follows:

k Fi7+1 _fFi’_l
CDi = Z fmax _fmin (23)
p=1/p p

where f;“ and f;_l denote the pth objective function of the (i + 1)-th and (i — 1)-th

individual, respectively, and f;"**

of the pth objective function. The primary process of the NSGA-II is as follows:

and f,;"" represent the maximum and minimum values

Step 1: An initial population is generated. The objective functions and constraints
for this population are evaluated, and these values are used to calculate scores for the
individuals within the population.

Step 2: The next generation’s parents are selected using the binary tournament selec-
tion method applied to the current population.

Step 3: Children are created from the selected parents through mutation and crossover.
These children’s objective function values and feasibility are then assessed to obtain
their scores.

Step 4: The current population is combined with the children to form an extended
population. The rank and crowding distance for all individuals in the extended population
are calculated. The crowding distance is a measure of the closeness of an individual to
its nearest neighbors as a sum over the dimensions of the normalized absolute distances
between the individual’s sorted neighbors.

Step 5: The extended population is pruned by retaining the appropriate number of
individuals from each rank.

Step 6: The iteration concludes when the convergence criteria are met or when the
maximum number of evaluations is exceeded. If neither condition is satisfied, Step 2
is repeated.
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4. Analysis of Results

The databases of numerical analysis are required to derive a Kriging surrogate model
for assessing the collapse behavior of stiffened panels and estimate the 0, behavior for
each sample x?. Moreover, the 0, behavior of the bottom-stiffened panel is defined by
the stress—strain curves of the stiffened panels. The stress is defined as the applied force
divided by the total area of the stiffener and plate.

4.1. FE Model Validation

The validation case is based on an experimental study conducted by Estefen et al. [19].
In their research, the authors analyze a stiffened panel featuring seven identical longitudinal
stiffeners, scaled at a ratio of 1:20, which resembles a typical panel found on a Suezmax
tanker. The experimental specimen measures 200 mm in length, with its cross-section and
thickness illustrated in Figure 4a. The material properties referenced from Ref. [19] consider
oy =381.4 MPa, E = 207.8 GPa, and v = 0.3.
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Figure 4. Experimental stiffened panel specimen: (a) Cross-section and dimensions in mm. (b) Bound-
ary conditions. (c¢) Numerical boundary conditions.

The original experimental study referenced in the study of [19] mapped the magni-
tudes and distributions of the initial geometric imperfections of the stiffened panels using
portable measuring equipment. Additionally, the boundary conditions for the experimental
case are represented in Figure 4b. For the FE validation, the initial deflections and their
magnitudes take into account Equations (1)-(3), along with the considerations outlined
in Section 2.2. Furthermore, the symmetry boundary conditions described in Figure 4c
are also considered. A converged mesh with length I =2 mm is adopted. The axial dis-
placement and axial force distribution of the experimental, by Ref. [19], and numerical
analysis conducted in this study are shown in Figure 5a. Finally, the final von Mises stress
distribution of the post-collapsed stiffened panel is illustrated in Figure 5b.

The results presented in Figure 5a indicate that the stiffened panel from the experi-
mental analysis demonstrates greater strength through deformation across a wider range
compared to the numerical analysis in this study. Notably, the ultimate buckling load values
are 143.77 kN for the experimental case and 135.22 kN for the numerical case, resulting in
an MRE of 5.94%. These findings are consistent with the proposed objectives. Additionally,
similarities in final deformation can be observed by comparing the experimental results
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in Ref. [19] with those shown in Figure 5b. Furthermore, Ref. [19] provides a numerical
analysis that considers the mapping of initial imperfections, resulting in a ultimate buckling
load of 136.08 kN, which shows an MRE of 0.63% when compared to the findings of the
present study.
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Figure 5. Buckling behavior: (a) Buckling force versus axial displacement curves and (b) post-collapse
mode for numerical model.

4.2. FE Model Verification

This paper aims to verify the application of the Finite Element Method (FEM) in real-
world cases within the shipbuilding industry. Two stiffened panel cases, as presented by Xu
et al. [10], are modeled for numerical analysis, incorporating periodic boundary conditions
and mathematical initial deflections. The numerical results obtained are compared with the
reference results.

The calculation specimens are denoted as P(ty)(dw X tuw + bf X t7). The specimens
P(9.5)(383 x 12 + 100 x 17) and P(22)(138 x 9 + 90 x 12) are adopted as a reference
for FEM verification. Bulk carrier bottom-deck stiffened panels frequently experience a
combination of in-plane compression and normal water pressure. To investigate the impact
of lateral pressure on their strength capacity, four scenarios are analyzed. The first scenario
served as a baseline with no lateral pressure (g = 0.0), while the remaining three scenarios
incorporated lateral pressures of 0.1 MPa, 0.2 MPa, and 0.3 MPa.

Figure 6 compares the 0, to the g variation for the proposed verification cases. Table 2
presents the MRE obtained for each value of 4. These results show similar values to those
of the reference model.

Table 2. Relative error of each verification model specimen.

q (MPa)
Specimen 0.0 0.1 0.2 0.3

MRE (%)
P(9.5)(383 x 12 + 100 x 17) 1.96 122 0.83 0.37
P(22)(138 x 9 +90 x 12) 2.77 0.24 2.81 0.01

Figure 7 illustrates the stress—strain curves of the stiffened panels subjected to com-
bined loads at various water pressure levels. Figures 8 and 9 depict the von Mises stress
distributions as well as the deformed shapes of the two examples of stiffened panel speci-
mens subjected to varying lateral load levels at ultimate strength.
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Figure 6. The ultimate strength of the reference stiffened panels with different lateral load scenarios:
(a) P(9.5)(383 x 12 + 100 x 17) and (b) P(22)(138 x 9 + 90 x 12).
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Figure 7. Stress-strain curves of the stiffened panels with different water pressure levels:
(a) P(9.5)(383 x 12 + 100 x 17) and (b) P(22)(138 x 9 + 90 x 12).

As noted by Xu et al. [8] and Xu et al. [10], for the specimen depicted in Figure 4a, the
ozu decreases as water pressure increases for the stiffened panels. However, in some cases,
the ozu of the stiffened panels subjected to axial loads and ¢ is more excellent than when
pressure is not considered. In this context, Figure 8b illustrates a specimen where the ozu
under pressure of g = 0.1 MPa exceeds the magnitude observed when q is not included.

The aptitude of lateral pressure to affect the ozu can vary based on several factors,
including the applied load and the slenderness of the plate and the column. According to
Xu et al. [10], normal pressure can have two opposing effects on the load-carrying capacity
of stiffened panels subjected to combined loads. On one hand, they can increase collapse
strength by enhancing buckling strength. On the other hand, they can also decrease collapse
strength by diminishing yielding strength.
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(a) ¢ = 0.0 (b) g = 0.1 MPa g

Figure 8. Deformed shapes of stiffened panel P(9.5)(383 x 12 + 100 x 17) (scale factor x20) with
(a) no lateral pressure (g = 0.0); (b) g = 0.1 MPa; (c) ¢ = 0.2 MPa; and (d) 4 = 0.3 MPa.

(a) g =0.0 (b) g = 0.1 MPa

Figure 9. Deformed shapes of stiffened panel P(22)(138 x 9 + 90 x 12) (scale factor x20) with (a) no
lateral pressure (g = 0.0); (b) ¢ = 0.1 MPa; (c) g = 0.2 MPa; and (d) 4 = 0.3 MPa.
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4.3. Kriging Surrogate Model for Collapse Assessment

This section examines the performance of the proposed Kriging surrogate model in
predicting the o, of stiffened panels subjected to combined loading based on finite element
(FE) results. The accuracy of the o, prediction is directly influenced by the number
of support points #;,;, associated with the optimized hyperparameters of the Kriging
surrogate model.

Initially, the training points are set at 14,,;,, = 100, and this value will be incrementally
increased by 100 support points as needed until the stopping criterion of an MRE of 1%
for the surrogate model is achieved. For each analysis, the best Kriging surrogate model is
identified by applying GA to tune and optimize the hyperparameters using the training
data. The lower and upper bounds for the surrogate hyperparameters, denoted as 0, are
set in the interval [1073, 103]. To evaluate the accuracy of the surrogate model, a total of
test points is fixed at n4e5 = 200.

A sensitivity analysis is conducted to determine the GA parameters used to estimate
the hyperparameters of each surrogate model. The initial population range of the stiffened
panel geometry variables is defined within the lower and upper bounds outlined in Table 1.
Additionally, the lateral pressure ranges from 0.0 to 0.3. The population sizes for the GA
generations are evaluated at 25, 50, 100, and 200. The percentage of elite individuals who
advance to the next generation is tested at 5%, 10%, 15%, and 20%. The crossover rate is set
within a range of 0.5 and 1.0, varying in increments of 0.1.

The algorithm stops when any of these conditions are met: the maximum number
of generations is set at 100 times the number of variables, culminating in a maximum of
600 generations, or the average relative change in the fitness function value over 30 genera-
tions falls below 1 x 10~°. Consequently, the sensitivity analysis for each Kriging surrogate
model considers a total of 96 parameter combinations.

The criterion for selecting the best GA parameters is the total number of calls
(Nan) needed to meet the stopping criteria. Table 3 presents the results of the sensitivity
analysis concerning the GA parameters for the different surrogate models.

Table 3. Selected GA parameters for the different surrogate models.

P . Elite Objective .

opulation . Crossover . Computational .

Nirain Size Fraction Fraction Function Time (seg) Generations Ncan

(%) (MLE)

100 100 5 0.7 282.4 47 86 8275
200 100 5 0.6 583.3 162 82 7895
300 100 5 0.7 894.0 514 97 9320
400 200 5 0.8 1295 6981 81 15,600
500 200 5 0.8 1561.1 11,271 94 18,070

The MRE and the accuracy considering Dy on the Kriging surrogate model to predict
oy are depicted in Figure 10. The Kriging surrogate model initially did not achieve the
desired precision with the specified number of support points 71, = 100, resulting in an
MRE of 2.1%. Additional support points are incrementally added to the training dataset
until the model meets the stopping criterion of an MRE of 1%. It took four iterations to
reach this goal, resulting in ny,,;, = 500 samples and an MRE of 0.82%. Figure 11 presents a
scatter plot of 500 support points generated by the Latin Hypercube sampling method over
the five iterations. The values of each variable appear to be uniformly distributed based on
their probability distribution. Furthermore, the correlation distribution of variable values
also shows a uniform pattern.
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Figure 10. The tendency of the global of the Kriging surrogate model MRE.
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Figure 11. Scatter matrix plot of the variables’ spatial distribution.

Figure 12a compares numerical 0, and ¢, predictions made by Kriging using the
Diyest dataset. The Dyes; predictions align closely with the reference line, resulting in a high
correlation coefficient of R2 = 0.9954. Figure 12b illustrates the relative error of o, for
each Dy sample. As shown in Figure 12, the maximum and mean relative errors for all
testing samples are 7.62% and 0.82%, respectively. Thus, the Kriging surrogate model
demonstrates an adequate level of accuracy in predicting the o, of the stiffened panels.
Additionally, Figure 9b indicates that 91.5% of the Dy.st samples have a relative error of less
than 2%.
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Figure 12. Approximation of the 0,: (a) Using Kriging surrogate model. (b) Relative error in the 0.

4.4. Kriging Hyperparameter Estimation

In the context of a high-dimensional nonlinear problem, visualizing the design land-
scape and understanding the effects of various variables can be quite challenging. The 0
vector used in building the Kriging surrogate model does not fully capture the interactions
between the variables. However, analyzing the components of 0 makes it possible to
identify the most significant variables and potentially eliminate less important ones from
future optimization efforts. Figure 13 displays the hyperparameters 0 obtained for the
Kriging surrogate model.
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Figure 13. Ranking of variable importance generated by Kriging hyperparameter optimization.

This research investigates the sensitivity of stiffened panels by examining how
variations in fundamental design parameters impact their behavior and collapse under
combined loadings in various conditions. The stiffened panel model focuses explicitly
on how uncertain factors—geometric irregularities and environmental loads—affect
structural performance.

The variable ranking provided by the Kriging surrogate model (Figure 13) indicates
that both geometric and environmental load variables significantly influence the o, be-
havior of the stiffened panels. Among the factors considered, web height (d,) and plate
thickness (t,) parameters (see Figure 1b) are the most critical for predicting ¢, Addition-
ally, the lateral load (g) applied to the stiffened panel plays a substantial role in estimating
o, particularly due to its relationship with the initial imperfections that affect the defor-
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mation of the panel’s shape. Other geometric variables, labeled bf, tw, and tf, rank lower in
importance relative to the selected variables.

4.5. Multi-Objective Optimization in Ultimate Strength Behavior

This section illustrates the capability of the proposed Kriging surrogate model, which
is based on the GA, to deliver optimized designs for 0, while considering the sensitivity
of structural weight concerning mass (M). The value of M is obtained based on the volume
of material used to construct the stiffened panel. Typically, a high sensitivity to design
complexity will steer the optimization towards more straightforward layouts that are easier
to construct. In a preliminary analysis, MOO is performed on three groups of stiffened
panels, each with varying lateral pressure intervals: g < 0.1 (Scenario 1); 0.1 <4 < 0.2
(Scenario 2), and 0.2 < g < 0.3 (Scenario 3). The lateral pressure is considered a restriction
of the MOO.

A sensitivity analysis is conducted to determine the NSGA-II parameters used to
estimate the MOO of each lateral pressure scenario. The initial population range of the
stiffened panel geometry variables is defined within the lower and upper bounds outlined
in Table 1. Additionally, the lateral pressure ranges from 0.0 to 0.3. The population sizes for
the NSGA generations are evaluated at 50, 100, and 200. The crossover probability is set
within a range of 0.6 and 1.0, varying in increments of 0.1. The mutation probability is set
within a range of 0.1 and 1.0, varying in increments of 0.1.

The algorithm stops when any of these conditions are met: the maximum number
of generations is set at 100 times the number of variables, culminating in a maximum of
600 generations, or the final spread is less than the mean spread over the past 30 generations.

In all simulations of each scenario, the time required for the different parameter com-
binations is similar. Additionally, the Pareto curves are consistent across cases within the
same scenario. Therefore, the criterion for selecting the best NSGA-II parameters is based
on the total number of calls (N,,;) needed to satisfy the stopping criteria. Table 4 presents
the sensitivity analysis results regarding the NSGA-II parameters for the various scenarios.
A Pareto optimal solution is presented in Figure 14a—c for each scenario associated with a
parallel plot in Figure 14d—f, which illustrates the trade-off between o, and M.

Table 4. Specifications of the NSGA-II-parameters.

Scenario  Population Size  Crossover Fraction Mutation Rate  Generations Nean Time
1 200 (50) 0.7 (0.8) 0.3 (0.3) 102 (112) 20,400 (5600)  30.55 (9.33)
2 200 (50) 0.7 (0.9) 0.3 (0.4) 102 (106) 20,400 (5300)  30.85 (9.84)
3 200 (50) 0.9 (0.8) 0.4 (0.2) 102 (102) 20,400 (5100)  30.65 (8.55)

Based on a sensitivity GA parameter analysis, a population of 50 individuals, asso-
ciated with a Pareto fraction of 0.35, resulted in a Pareto front with individuals, making
it difficult to establish the fundamental trade-off of the tension and mass relationship, in
accord with Figure 14a—c. Therefore, when paired with the Pareto fraction, a population
with 200 individuals is selected, as it provides better visualization of the Pareto front’s
slopes without significantly increasing computation time.

The slope of the Pareto front for Scenario 1 (Figure 14a) progresses through four stages.
In the first stage, 0, starts at approximately 180 MPa and increases rapidly until 225 MPa,
while the structural mass begins at 1850 kg and increases at around 2500 kg. In the second
stage, the slope increases gradually, reaching an M of 4300 kg when ¢, is at 255 MPa. The
third stage shows M values extending up to 6900 kg with ¢, stabilizing around 310 MPa.
Finally, in the last stage, the Pareto front stabilizes at ¢, near 310 MPa, while the value of
M increases to 7300 kg.



Appl. Mech. 2025, 6, 34 20 of 26
(a) (b) (©)
300.0 300.0 300.0 e
= 200.0 < 200.0 < 200.0
oy v &
e e =
5 100.0 5 100.0 s 100.0
© o Pop.=200 L o Pop.=200 © o Pop.=200
o Pop.=50 o Pop.=50 o Pop.=50
0.0 op 0.0 op 0.0 op
0.0 2.0 4.0 6.0 8.0 0.0 2.0 4.0 6.0 8.0 0.0 2.0 4.0 6.0 8.0
Mass (x10°kg) Mass (x10°kg) Mass (x10°kg)
(d) (e)
Mass O
(x10°%kg)  (MPa) (x10°kg) (MPa) (x10°%kg)  (MPa)

Figure 14. Pareto front solution for the 05, vs. mass correlation in (a) Scenario 1; (b) Scenario 2;
and (c) Scenario 3. Parallel coordinate plot of the approximate Pareto front on the (d) Scenario 1;
(e) Scenario 2; and (f) Scenario 3 case. The red lines indicate higher load resistance capacities cases
with strengths exceeding 310 MPa and the black lines indicate the other cases.

In Scenario 2 (Figure 14b) the 0, starts at approximately 130 MPa and increases
rapidly to 210 MPa, while the structural mass begins at 1850 kg and increases at around
2600 kg. In the second stage, the slope increases gradually, reaching an M of 3900 kg
when 0, is at 234 MPa. The third stage shows M values extending up to 6900 kg with o,
stabilizing around 310 MPa. Finally, in the last stage, the Pareto front stabilizes at ¢, near
310 MPa, while the value of M increases to 7300 kg.

Scenario 3 (Figure 14c) is similar. Initially, the slope increases rapidly linearly, with the
0y ranging from 75 to 175 MPa, while M shows a modest increase, ranging from 1800 to
2100 kg. As the second slope develops, it gradually increases until M reaches 4600 kg at
0z = 250 MPa. In the subsequent stage, M values rise to a maximum of 6400 kg, with o,
remaining stable at around 310 MPa. In the final stage, the Pareto front stabilizes with o,
close to 310 MPa, but the mass parameter continues to increase, raising the value of M to
7300 kg.

Additionally, by examining the parallel graphs in Figure 14c-e, it is evident that
Scenario 2 has stiffened panel geometric profiles, indicating higher load resistance capacities
with strengths exceeding 310 MPa (red lines in the Figure 14d—f). This behavior is attributed
to the fact that, during this stage, the lateral pressure benefits from the gain in resistance to
axial compression. In contrast, Scenario 3 exhibits high lateral pressure values and has a
relatively insignificant mass-resistance trade-off. Furthermore, the ultimate strength values
are relatively low at less than 100 MPa during this stage.

According to the Pareto fronts depicted in Figure 14, all scenarios constrained by the
g achieve high values of 0, nearing oy = 313.6 MPa. The GA used to define the Pareto
fronts in Figure 14 is also employed to select the geometry that ensures the minimum value
of M while providing a maximum value of 0, > 0.990y, i.e., 0z, > 310 MPa.



Appl. Mech. 2025, 6, 34

21 of 26

This analysis evaluated how lateral pressure scenarios affect structural behavior while
employing a GA optimization strategy. The MO problem is reformulated into a single-
objective problem by incorporating the constraint that the maximum ultimate strength
must be at least 0, > 310 MPa.

The stiffened panel in a maximum o, condition optimization starts with an initial
population size of 1000. The selection process utilizes the roulette selection method, while
the crossover operation employs a single-point crossover with a crossover probability of 0.8.
To ensure the survival of high-performing individuals, the top 5% of the current population
is preserved for the next generation. The algorithm stops when the weighted average
change value of the fitness function falls below 1 x 10~® or when the maximum number of
generations, set at 150, is reached. Table 5 outlines the various scenarios of lateral pressure
(9) along with their corresponding optimized points (x*) and the reduced mass (M) that
yields the best structural performance in relation to 0.

Table 5. Optimized point in each lateral pressure range.

x*
Scenario (MPa)
t, (mm) dy, (mm) t; (mm) by (mm) ty (mm) q (MPa) M (kg)
00<g; <01 28.83 222.48 12.74 138.83 8.00 0.09 6480.0
01<g, <02 28.68 183.46 13.24 117.84 8.00 0.13 6356.0
02<g3<03 30.00 184.00 13.38 144.40 11.41 0.20 6740.0

Table 5 demonstrates that the GA can determine the optimized value (x*) for each g
scenario. In Scenario 1, the optimization process yields a stabilized estimated target o,
value obtained in the seventh GA evaluation, which results in a mass of M = 6480 kg. For
Scenario 2, the sixth evaluation defines the optimization point with a mass of M = 6356 kg.
For Scenario 3, the ninth evaluation establishes the optimization point with M = 6740 kg. In
all three scenarios, the optimized geometry exhibits high values of t,, which is the main
design variable influencing the determination of ¢;. This pattern of optimized values is
consistent with the results presented in Section 4.1, showing an initial gain in 0, at lower
g values, followed by a decrease after a certain threshold for stiffened panels with a high
value of the t,. Notably, Scenario 2 presents the highest ¢, value at the lowest M value.

5. Conclusions

This study explored the potential of Kriging surrogate models for predicting the
ultimate strength of stiffened panels subject to compressive uniaxial loads and lateral
pressure, particularly in the context of highly nonlinear behavior. The results indicate that
the Kriging surrogate framework applies to the collapse analysis of complex structures,
providing an acceptable level of accuracy through optimizing hyperparameters via a GA.
However, future works must realize comparative validation against alternative surrogate
models to provide more substantial evidence for the model’s excellence.

The initial imperfections and geometry of the stiffened panels significantly influenced
the ultimate strength of the specimens studied. Additionally, the panels exhibited varying
collapse behaviors under the same geometric conditions when exposed to different external
normal loads caused by water pressure. However, it is important to highlight that future
efforts should focus on understanding how stiffened panels behave under biaxial loads
and shear conditions, particularly regarding the predictability of the surrogate model.
Additionally, research on material uncertainties should be linked to geometric variables to
assess the surrogate model’s effectiveness. It is also crucial to assess the model’s universality
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by applying it to various types of vessels and new configurations of stiffened panels under
different loading scenarios in future studies.

After the hyperparameters of the Kriging surrogate model were optimized, the model
was trained on various combinations of training samples. Accuracy assessments were
conducted to define the best sample configuration that yields a fitted model most rep-
resentative of the collapse behavior. Furthermore, the ranking of design variables was
established using the optimized Kriging surrogate model, which enabled an investigation
into the significance of the selected variables in the surrogate response.

The analysis revealed that the Pareto front identified by the proposed methodology—
combining the Kriging surrogate model with the NSGA-II algorithm—thoroughly exam-
ined the relationship between mass and ultimate strength. Additionally, the Genetic Algo-
rithm optimization facilitated the formulation of a multi-objective problem that enabled the
selection of an optimal geometric design to minimize the material mass while maximizing
0, ultimately resulting in optimized mass across different lateral pressure scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

a Length of local rectangular plates
Ay Local plate initial deflection amplitude
b Width of local rectangular plates
Width of the stiffened panels between girders
By Column-type initial deflection amplitude
by Flange breadth
Co Side-way initial deflection amplitude
CD Crowding-distance value
cov Covariance
Diest Observed test dataset
Diain Observed dataset
dy Web height
E Young’s modulus
f(x) Function
FEA Finite element analysis

G(x) Regression basis function
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g(x) Multi-objective constraint

GA Genetic Algorithm

H’ Strain hardening rate

m Number of semi-waves in the plate

M Mass

MLE Maximum Likelihood Estimation
MOEA Multi-objective Evolutionary Algorithm
MOP Multi-objective optimization problem
MRE Mean relative error

NSGA Non-Sorting Genetic Algorithm

Niest Observed test dataset size

Nipin Observed dataset size

p Kriging hyperparameter

p Stiffened panel specimen

Q Lateral pressure

Ty, Ty, and r; Rotational displacements around x, y, and z directions
tr Flange thickness

tp Plate thickness

tw Web thickness

Uy, Uy and u;

Translational displacements in x, y, and z directions

Woc Column-type deflection of stiffeners
wop Initial deflection of local plate panel
Wos Side-way deflection of stiffeners

Xo Observed data

Yo Observed responses

Z(x) Regression Gaussian process error
B Plate slenderness

n Regression coefficient

0 Kriging hyperparameter

n Mean

o2 Variance

oy Yield stress

Oy Ultimate strength

v Poisson’s ratio

P Correlation

Y Correlation matrix
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