WiEE DX THETKOBELCOSLE FEATURE : Digital Transformation to Embody KOBELCO’s Unique Value

70 3 FETAIRERE A DA XBE DR & AR
EE
FERFE aor o) - SEFRIEATZ - I AE T

Application of Bayesian Optimization to Cross-sectional Design of
Aluminum Extrusion and Validation of Its Effectiveness

Dr. Ryohei IHARA - Shota CHINZEI - Taiki YAMAKAWA

£33}

HERBRBE PR 2 15 50 IS L 72 R AL R, 22 2RO M LA MISRKO SN Twb, TOFREL
T, AR MEIER 2 RETRE 2 7V IMINEM O@BH AR TH 5755, Btz HiFT LCaFEM oMtz
RKBGE DT A oKD o, ZOBICRREEMAHHATH b0 RMEILTIEE DR LA LI T
HBHZEND, LV LTEPEL Lo AKE T, 7 IIMIEM OBImEREE 2 5102, MR HER
MURETH B N4 Adifbz Wi L, ZOHMEZBGEEL 720 M TRk & il % W2 v 5E 22 % H i fcodi LR
& LT LR, [FSEORMRE L NV 2R LoD, fEkEE Tl b 47 M &2 RIRICHNR T HE T dH
ZJ Z k %_’ﬂ—:\‘ Lf:o

Abstract

Both weight reduction, driven by global environmental protection concerns, and collision safety performance
are demanded in automotive body parts. As a means to achieve this, the application of aluminum extrusion,
which allows for the designing of efficient cross-sectional shapes, is valid. Furthermore, designing technologies
that maximize the material's performance is also required to achieve weight reduction, and in this regard,
optimization technology is useful. The fact that optimization requires numerous repetitive evaluations increases
the desire for more efficient methods. The present study focuses on the cross-sectional design of aluminum
extrusion and applies Bayesian optimization, which enables efficient exploration, to verify its effectiveness.
A multi-objective optimization has been conducted as a problem involving bending performance and weight
reduction. The results have revealed the possibility of significantly reducing the number of optimization
executions compared with the conventional methods, while maintaining an equivalent level of cross-sectional
design.
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Table 1 Mechanical properties used in FEM
Density (g/cm3) 2.7
Young's modulus (GPa) 70
Poisson’s ration (-) 0.33
Yield strength (MPa) 435
Tensile strength (MPa) 480
Unit:
(Unit: mm) 125
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Fig.2 Cross section of extrusion and design variables
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Table 2 Design variable ranges for optimization

h t1 to t3 t4
(mm) (mm) (mm) (mm) (mm)

Min. 80 2.0 2.0 2.0 2.0

Max. 120 7.0 5.0 5.0 7.0
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Table 4 Design variables and objective function in FEM results
as shown in Fig. 9

Design variables Obijective functions

h al 2 3 t4 mass Mcr
(mm) (mm) (mm) (mm) (mm) (kg) (kN = m)
95.5 34 2.0 20 3.9 3.56 11.9
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