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Abstract: The evaluation of ship strength during the hull structure design stage is essential for
structural safety. Additionally, plate is one of the basic structural members of the hull, it is important
to analyze and predict the ultimate strength. The curved plate used for shipbuilding must be able
to withstand repeated axial loads and complex loads, and stability needs to be confirmed through
ultimate strength analysis. In general situations, the magnitude of the transverse compression is
smaller than that of the longitudinal and combined loads, but transverse compression causes different
physical behaviors from the longitudinal load state, which affects the ultimate strength, so study on
the ultimate strength of the curved-plate under transverse compression is essential. Therefore, in this
paper, a curved plate under transverse compressive load was selected as a subject, and the ultimate
strength of the curved plate under the corresponding compression condition was predicted using
a deep learning model. To obtain the training data for the deep-learning model, 4050 cases were
selected and analyzed using the ANSYS. The accuracy of the model was verified by comparing the
results predicted by the model and empirical equations with those of the FEM analysis. The study
shows that it is possible to consider the ultimate strength more efficiently in the initial design stage of
the ship.

Keywords: ultimate strength; curved plate; deep neural network

1. Introduction

Due to the increasing number of ships constructed every year, the international mar-
itime traffic has grown rapidly. Curved plates are one of the basic structural elements of
hulls. However, in recent years, owing to the reduction in the weight of ships, extremely
thin curved plates have become vulnerable to buckling and corrosion [1]. Therefore, it is
important to analyze buckling and collapse of structural elements such as curved plates.

The curved plates used in ship construction must be able to withstand repeated axial
and complex loads; hence, its stability is confirmed by estimating the ultimate strength.
The transverse compressive force is generated by the difference between the hydrostatic
pressure of the ship and the pressure due to the weight of the cargo.

Generally, the magnitude of the transverse compressive force is smaller than that of
the longitudinal compressive force [2]. However, during the transverse and combined
loading states, a physical behavior occurs which is different from that of the longitudinal
loading. This acts as a factor influencing the ultimate strength, which is an essential part of
this research. Therefore, in this study, curved plates subjected to transverse compressive
loads were used as the research subjects.

There are three strategies through which the ultimate strength can be estimated: a
finite element method (FEM) universal analysis program, an experimental approach, and
an empirical formula derived from the experimental results [3]. However, a new analysis
must be conducted when the dimensions or materials of the plate are changed during
the design stage. For instance, in the case of the empirical formula method, the ultimate
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strength of the curved plate differs from the actual analysis result if the usable range is
limited or if the curved plate undergoes nonlinear behavior, resulting in low reliability.

It is an advantage of a deep learning model to be able to find regularity through
statistical analysis of parameters and result values within the data. Using this, the ultimate
strength considering nonlinear behavior is estimated, and the appropriateness and necessity
of the deep learning model are suggested compared with the empirical equations presented
from previous studies [4].

In a previous study, Pu and Mesbahi [5] developed a model for predicting the ultimate
strength of a plate with a single-hidden-layer perceptron neural network. Upon comparing
the model with the existing empirical formula, the predicted result using the neural network
yielded a value closer to the actual experimental value. This result confirms that the deep
learning-based model can be useful during the initial design stage; however, the neural
network used was a single-layer perceptron neural network, and a relatively small number
of cases were used with 143 training datasets. In this study, based on a deep neural
network, the ultimate strength of the curved plate was predicted over a wider range under
a transverse load in various scenarios. These results indicate the ability of the deep neural
network to efficiently estimate the ultimate strength to acquire the optimal design of the
ship and cost reduction in the initial design stage.

Several studies have been conducted to predict the ultimate strength of structural
members using ANN. Zareei et al. [6] estimated the ultimate strength of stiffened aluminum
plates with flat-bar stiffeners under in-plane longitudinal compression loads using an ANN.
When comparing this value with the ultimate strength obtained using empirical equations,
it was confirmed that the model prediction was close to the FEM result. However, the
number of cases in this study was limited (42 datasets). Thus, these results cannot be
considered sufficiently robust, since prediction models require a large variety of datasets to
perform effectively over a wide range of applications.

Khalaf et al. [7] developed an ANN model to predict the ultimate strength of circular
concrete-filled steel tube columns under concentric loading. A model comprising two
hidden layers and 20 nodes was trained for 10,000 epochs. Out of a total of 280 datasets, 224
datasets, that is, 80%, were used as training data, while the remaining 20% were used as test
data. The suitability and accuracy of the model were verified by comparing the coefficient
of determination obtained from the empirical equations and that from the predictions. The
comparison showed that ANNs can effectively predict the physical properties of structural
components.

Previous studies on ANNs to predict the physical properties of structural members
have shown reliable results in terms of speed and accuracy. However, existing studies are
limited, in that there are few scenarios of structural members used for learning, which
cannot be applied to multiple cases. For a wide range of applications, it is necessary to
obtain data from different scenarios under various conditions and derive results through
learning.

2. Methodology
2.1. Research Method

Prior to constructing a neural network model to generate data for use in deep neural
network learning, a case used for hull construction in a shipyard and a curved plate
showing nonlinear behavior were selected and studied using ANSYS, which is a universal
analysis program.

In this study, 4050 cases were selected and analyzed by defining the factors affecting
the ultimate strength of the curved plate. The load was set to a transverse compressive
load condition. The boundary conditions, as shown in Figure 1, were applied as simply
supported conditions on the four sides, and the plate was maintained to be flat with no
curvature. The magnitude of the pressure applied to the plate is yield stress*thickness*2.
The verification of the analytical model and the boundary conditions was confirmed by the
results of a previous study.
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The suitability of deep neural network learning was examined through a correlation
coefficient analysis using geometric figures, shape ratios, and material properties of the
curved plate as parameters. A neural network model was then constructed using the
selected parameters and results, and the obtained data were combined with training and
test data to compare the errors with the finite element analysis results. This paper is based
on the conclusions derived from these results.

2.2. Curved Plate Analytical Modeling Scenarios and Analysis Techniques

The analytical model scenario to be used as the training data for the neural network
was selected considering the three initial deflection amounts proposed by Smith et al. [8] in
Equation (1). Where w0pl refer to maximum values of representative initial deflections, β
refers to plate slenderness ratio, and t refers to plate thickness.

A total of 4050 scenarios were selected by combining geometric shapes, length, curva-
ture, and thickness of the curved plate. The thickness of the plate was selected according to
the yield strength of the material considering the curvature (1–9◦) and plate slenderness
range (1–5) in the curved plate.

w0pl =


0.025β2t f or slight level
0.1β2t f or average level
0.3β2t f or severe level

(1)

The material properties and scenario of curved plate used in the analysis are listed in
Tables 1 and 2, respectively. The arc-length method was applied to observe the nonlinear
behavior, such as complex buckling deformation.

Table 1. Material properties for curved-plate.

Elastic Modulus Poisson’s Ratio

205.8 GPa 0.3
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Table 2. Scenario of curved-plate.

Yield Stress (MPa) Thickness (mm)

235 7, 10, 13.5, 16.5, 20, 24, 28.5, 32, 36.5, 42
315 8.5, 12, 15.5, 18.5, 22, 26, 30, 34, 38.5, 44.5
355 9, 12, 17, 19, 23, 26.5, 30.5, 34.5, 42, 50

A modal analysis was performed using ANSYS because the curved plate exhibited a
shape different from the initial deflection shape of the flat plate. Figure 2 shows the shape
of the 1st-mode analysis, with the initial deflection of the curved plate applied. In the
curved plate, b = 1000 mm, aspect ratio = 3, material yield stress = 235 MPa, curvature = 9◦,
thickness = 13.5 mm and under transverse compression.
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Figure 2. Buckling under uniaxial compression.

2.3. Grid Convergence Study and Initial Deflection Application

In the FEM analysis, the size of the grid significantly affects the analysis results [9]. Ad-
ditionally, because initial deflections due to welding and thermal processing are detrimental
to plate structures, initial deflection must be provided for accurate analysis results [10].
A modal analysis was performed and applied as the curved plate had a shape different
from the initial deflection shape of the plate due to the influence of the curvature. The
analysis was applied in the first mode shape in the analysis results because it was the most
deformable with minimum strain energy. Figure 3 shows the shape of the initial deflection
according to the curvature.
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Figure 3. Initial deflection of curved plate.

In addition to the effect of the initial deflection of the curved plate, the size of the
grid also affects the FEM result. The denser the grid size, the closer the FEM value is
to the results using the actual experiment. The result from the grid convergence shows
that the denser the lattice, the lower is the stress. If the number of grids is insufficient,
the result overestimates the ultimate strength of the plate, leading to inaccurate analysis
results. In contrast, if the number of grids is excessively large, each node point generated
by the grid increases dramatically, thereby increasing the analysis time and decreasing the
efficiency [11]. The model of this study was created by fixing 20 square grids in the width
direction, similar to the grid convergence survey of a previous study by Ban [12]. Figure 4
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shows the results of the ultimate strength analysis according to the number of elements
along the width of the curved plate. According to the analysis model used in this study, the
curved plate with 20 elements was selected for analysis. The details of the plates used in
the analysis are provided in Figure 4. NoE is the number of elements along the width. For
different curved plates subjected to identical conditions, these values were set to 6, 8, 10, 12,
14, 20, and 30 to investigate the results of each ultimate strength analysis. Figure 4 shows
that the value converges at 20 NoE. Thus, the required grids were created using this value.
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2.4. Deep Learning Model Configuration

Deep learning differs from machine learning in that it can independently learn data. It
is an artificial neural network composed of an input layer, a hidden layer, and an output
layer, and can be used to model nonlinear relationships [13].

For the deep neural network model to predict the ultimate strength of a plate, a
total of six parameters were selected through correlation analysis, and a Tensorflow-based
Python program was used. The selected parameters are the initial deflection amount, plate
slenderness ratio, plate length, plate thickness, curvature, and yield stress.

In this study, the loss function used in the deep learning model had the smallest
mean square error, and the degree of learning was evaluated using this value. The loss
function quantifies the difference between the actual and predicted values [14]. Given that
the activation function can solve the vanishing gradient problem of the sigmoid function
and has a fast convergence speed, the ReLU function used in most neural networks was
applied [15]. Although various types of optimization functions are being used, optimiza-
tion was performed using the most commonly used, the adaptive moment estimation
(Adam) [16].

As presented in Table 3, the model was configured such that the weights from six
input features and seven hidden layers received values from the activation function, ReLU,
and output the ultimate strength value. Among a total of 4050 cases of data, 80% or 3240
cases were used as training data, and the training was conducted for 1500 epochs. The
training data were used in the process of learning the model, and the test data evaluated the
final performance of the model and whether the training was successful [17]. An epoch is
the number of times the entire training set passes through the neural network. Specifically,
one epoch indicates that the entire training set is applied to one neural network and
passes through the neural network once through forward propagation and then through
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backward propagation [18]. The results were confirmed using 810 cases as the test data,
which excluded the training data from the entire dataset.

Table 3. Deep learning model structure.

DNN Model Structure

Number of hidden layers 7
Number of nodes 156

Activation function ReLU
Input features 6

Epoch 1500
No. Training set 3240

No. test set 810

3. Analysis Results

According to the analysis results of 4050 cases, it was confirmed that as the plate
slenderness ratio increased, the ultimate strength decreased due to a decrease in thickness.

As shown in Figure 5, the ultimate strength changes according to the plate slenderness
ratio material with a yield stress of 355 MPa, b = 1000 mm, an aspect ratio of three, and a
curvature of 4◦ under a transverse compressive load. The average value of initial deflection
was applied.
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As shown in Figure 6, the result of the ultimate strength changes according to Equation
(1), which is the maximum value of the initial deflection. The three methods were applied
according to the curved plate analysis scenario. Figure 6 also shows a graph of the S-S
curve according to the degree of the initial deflection of a curved plate with b = 1000 mm,
an aspect ratio of 4, a material yield stress of 315 MPa, and a curvature of 5◦. As shown
in Figure 6, when a slight level value with the smallest initial deflection value is applied,
the highest ultimate strength is exhibited compared to the slenderness of the same plate,
depending on how small the initial deflection value was, and the tendency to decrease is in
the order of average and severe levels.
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As shown in Figure 7, the ultimate strength changes according to the curvature of a
curved plate with a yield stress of 235 MPa, an aspect ratio of four, and a thickness of 20
mm. The average value of initial deflection was applied, however; unlike the curved plate
subjected to a longitudinal compressive load, the graph shows that the ultimate strength
decreases as the curvature increases.
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As shown in Figure 8, the ultimate strength of the curved plate gradually decreases as
the aspect ratio increased. A curved plate with a width of 1000 mm, thickness of 30 mm,
curvature of 9◦, and yield stress of 315 MPa was used, and an average value was applied
for the degree of the initial deflection.
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4. Prediction Result Using Deep Learning Model
4.1. Prediction Result of Curved Plate Ultimate Strength

The prediction results were examined using 810 test data cases for the model trained
using deep neural network learning. Figure 9 shows the error rate for learning according to
the epoch value, which is the number of learning times for all data.
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Figure 9. Deep learning model training result.

Figure 10 shows the coefficient of determination of the deep-learning model used in
this study. Most of the predicted values are located close to the straight line representing
the analysis results. The coefficient of determination is one of the indicators of the goodness
of fit of the regression model. It can be defined as the square of the correlation coefficient
and can be considered an indicator of the causality between the predictor x and dependent
variable y.
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The values of the coefficient of determination range from 0 to 1. The closer the value is
to 0, the lower the fit of the regression model, and the closer it is to 1, the higher the fit of
the model, that is, the better the model explains the data. The coefficient of determination
of the deep-learning model conducted in this study is approximately 0.998, which is close
to 1. Thus, it can be concluded that the model fits well.

4.2. Comparison with the Empirical Formulae

Equation (2) is an empirical formula proposed by Kim et al. [19] in previous studies
that can predict the ultimate strength of a curved plate under transverse compressive
load. In Equation (2), σU_TC is ultimate strength of the curved plate under transvers
compressive load and σY is yield stress of material. In Equation (3), coefficient CF was
assumed as a function of the double slenderness ratio, and the correction factors in Equation
(4) represented the effect of curvature with the change in the thickness of the plate. R in
Equation (4) is the radius of curvature.
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Equation (5) was proposed by DNVGL [20] as an empirical equation used to compare
the results using the deep learning model in this paper. In the equation, σE is the elastic
buckling stress, and a represents the length of the curved plate. The elastic modulus and
Poisson ratio used in the equation were substituted with the values shown in Table 1, and
the values obtained through Equation (6) were used for Buckling factor Ktg.

σcr =

{
σE f or σE ≤ 0.5σY

σY

[
1− σY

4σE

]
f or σE > 0.5σY

(7)

In many cases, elastic buckling stress needs to be corrected because the value calculated
by the above method is higher than the yield stress. Therefore, critical buckling stress was
calculated through the Johnson-Ostenfeld method of Equation (7), and proportional limit
was assumed to be a commonly used 0.5σY [21].

In this study, the presented empirical equations and values predicted using the DNN
model were compared. Comparisons were made between the results of this study and
those of the studies by Kim et al. [19] and DNVGL [20]. Table 4 shows the error between
these prediction results and FEM values. Because the geometric ranges of the curved plate
applicable to each empirical equation is different, the conditions of the curved plates were
selected and compared by referring to studies that proposed the empirical equation.

Table 4. Comparison of the deep learning model result and empirical formulae.

Empirical Formulae and DNN Model Error (%)

Kim et al. (2014) 12.3351
DNVGL (2015) 33.1862

DNN 1.2648

The empirical formulae presented by Kim et al. [19] and DNVGL [20] showed average
error rates of 12.33% and 33.19%, respectively, and both showed a larger error rate as the
aspect ratio, curvature, and initial deflection increased. In contrast, in the case of ultimate
strength prediction using deep learning, the average error rate was approximately 1.26%,
indicating a higher accuracy than the empirical formulae.

5. Conclusions

In this study, a nonlinear analysis of a curved plate scenario subjected to a transverse
compressive load was performed using ANSYS, and a deep learning model was developed
to predict the ultimate strength using the obtained analysis results as learning data. The
prediction of the ultimate strength for 810 cases (20%) out of 4050 analysis scenarios, created
according to the geometrical values and physical properties of the curved plate, showed a
high accuracy of approximately 98.74%. The following conclusions were derived based on
the study results.

(1) It is possible to estimate the ultimate strength of a curved plate using deep learning
models faster than when using the FEM.

(2) Deep learning models can be applied more widely than the method of estimating the
ultimate strength using empirical formulae.

(3) Deep learning models exhibit high accuracy as the ultimate strength prediction result
of the curved plate.

Although a deep learning model was developed using the analysis results of 4050
curved plates, it is expected to be more useful for estimating the ultimate strength in the
actual design stage if the analysis results are applied under more diverse conditions for
data learning, such as a stiffened curved plate or a curved plate under combined load
conditions.
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