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ABSTRACT 

 

In this research, structural buckling mode is classified with global and local buckling to use 

for structural optimization of stiffened shell by using supervised machine learning technique. 

Instead of analyzing global and local buckling mode separately, both of the mode are 

investigated for grid-stiffened panels at once by linear buckling analysis with detailed model 

which the interaction of adjacent panels can to be fully taken into account. After providing of 

a large number of buckling modes by changing shell and beam section properties, global 

displacement vector of each mode are converted to image. The images are classified and 

labeled by ten levels of locality by manual counting. These labeled training data are used for 

supervised learning with a pair consisting of buckling displacement vector and supervisory 

signal from buckling locality. Inferred function are obtained by artificial neural 

network(ANN) and validated by buckling results from different structural problem sets.  

 

INTRODUCTION 

 

Thin-walled structures have been widely used in industry. These structure are vulnerable to 

buckling failures caused by induced compressive loading. Grid-stiffener can be considered to 

strengthen structures, and it enables the structures to buckle with global/distortional/local 

mode. Each buckling issue can be analyzed in its own way. In traditional approaches, global 

buckling is analyzed by simplified global model with homogenized shell properties while 

local buckling is performed by generating numerical model in detail or developing analytical 

model [1]. These days, thanks to growth of computing power, global and local buckling can 

be handled with equivalent model by eigensolver in many cases. However, in this kinds of 

approach, the type of buckling is unknown even if it gives us buckling load factor (BLF) and 

buckling response vector. 

From the viewpoint of structural optimization, global and local buckling have quite 

different characteristic. Global buckling is influenced by interaction between design variables, 

while local buckling is mainly affected by local design variables which composes buckled 

shaped part if they are well bounded by stringer. Especially, in the case of grid stiffened shell, 

if local buckling is appeared rather than global one on the lowest eigenvalue, algorithm for 

optimal design need to take account of this fact. In other word, optimal problem for well-

bounded local panel can be simplified as uncoupled form from the global problem, which is 

not affected by adjacent panel design parameters. Therefore, it is important to identify 



buckling type of first mode. This is a matter of cognitive process which is suitable work to 

apply machine learning technique [2]. In this work, after buckling shape pattern is learned by 

artificial neural network, decisions to classification of buckling type are tested with thin-

walled cylinder under the compressive loads. 

 

METHOD 

 

Modal shape of 34,400 cases are surveyed converted to image to perform learning process 

by supervised machine learning. Figure 1 is procedure to extract locality of buckling mode 

from finite element analysis results. It has larger value if the buckled shape is appeared at 

local area. For structural optimization, locality criterion was proposed to determine whether 

each modal shape is buckled globally or locally.  

As following Table 1, locality was validated with 3,000 images. It predicted buckling mode 

with high accuracy. Because locality recognition is subjective because it depends on the size 

of grid stiffener locality criterion was chosen based on the size. Therefore, to provide 

feedback on buckling load factor, locality criteria was chosen as eight where grid size is 

almost same to buckling shape’s.  

 

 

Figure 1 Buckling locality extraction process from numerical analysis results 

 

Table 1. Accuracy of locality prediction for 3,000 validation images 
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Locality criteria 1 2 3 4 5 6 7 8 9 10 

wrong prediction 0 0 170 2 8 83 28 22 10 7 

Accuracy 0.00% 0.00% 5.75% 0.07% 0.27% 2.81% 0.95% 0.74% 0.34% 0.24% 


