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The PIC Bumper Beam Design Method with Machine Learning
Technique

Seokwoo Ham*, Seungmin Ji*, Seong S. Cheon*’

ABSTRACT: In this study, the PIC design method with machine learning that automatically assigning different
stacking sequences according to loading types was applied bumper beam. The input value and labels of the training
data for applying machine learning were defined as coordinates and loading types of reference elements that are part
of the total elements, respectively. In order to compare the 2D and 3D implementation method, which are methods of
representing coordinate value, training data were generated, and machine learning models were trained with each
method. The 2D implementation method is divided FE model into each face and generating learning data and
training machine learning models accordingly. The 3D implementation method is training one machine learning
model by generating training data from the entire finite element model. The hyperparameter were tuned to optimal
values through the Bayesian algorithm, and the k-NN classification method showed the highest prediction rate and
AUC-ROC among the tuned models. The 3D implementation method revealed higher performance than the 2D
implementation method. The loading type data predicted through the machine learning model were mapped to the
finite element model and comparatively verified through FE analysis. It was found that 3D implementation PIC
bumper beam was superior to 2D implementation and uni-stacking sequence composite bumper.
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Fig. 1. Flowchart of PIC design with machine learning
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Fig. 2. Preliminary FE analysis boundary condition
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Table 1. Machine learning model predict rate

Prediction Rate [%]
Implementation | Decision Tree SVM k-NN
Top 75.9 79.1 80.7
Bot. 92.1 92.5 92.5
Front 87.8 91.1 91.1
2D Rear 96.5 96.5 96.5
Chamfered 75.3 75.8 75.2
Rib 77.7 80.4 81.1
Avg. 84.2 85.9 86.0
3D 85.4 86.2 86.3

Table 2. ROC-AUC value of machine learning models

Machine Learning | Predict AUC
Model Rate [%] | Tension | Comp. Shear
Decision Tree 85.4 0.95 0.94 0.80
SVM 86.2 0.96 0.94 0.62
k-NN 86.3 0.98 0.97 0.87
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Fig. 4. PIC FE model: (a) 2D implementation, (b) 3D impleme-
ntation
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Table 3. Stacking sequence of loading type

Loading Type Stacking Sequence
T(Tension) [90/0/0],
C(Compression) [£5/+45/90] 4
S(Shear) [0/0/90] 5
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Fig. 5. Force-displacement curves

| Wyl o] 2o AA)
Al Wb AL 2D A 71
T AS MR ndy = e g 2o 242 o 12.7%,
°F 13.1% =7 YEbdt

4.8 B

5

£ AT AE T W Rk B G4 A Ay
Wol B4l e 712 ol g3 PIC 44 7

o). 5} tlolele] 2D Fa Wz 3D W

2o] gl e BHelstaa w

]
R \=!

$3 PIC A 7]%0] 2§ Elo] HALI}. 2D £
e BYS 2 WO Uiro] 3k HloE g
A B, 8 lolEe] e gkl A 4o HES
(6 Y2 hehlich. 2t @9 315 43 B4 2 Sl 4
Sl 7ol 9ick. 3D HA WL AR 2ol thste] o}
% lolel7t A EIY] FE aae) HE e (v 3 29 I
dhols, shke] B4l ey e o] §5ty] uie] muly

Fiol Sick. F W Bkl 44

w o] 2| ¢k &1 8] F 0 2 Flo|wu

{i rlo

Of
-

ox L flo o ¥2

o

o2 Be Ao eyt



The PIC Bumper Beam Design Method with Machine Learning Technique

321

4 o ekt WAl ey B9 E3) iy =
Avtol4] 3D A W 2D EF Wyt 2o 7} wo) o
29 RHold U2 WY 5% 99 Gere W goz
S ZE|9lom, o= 7k ¥l Abo] o] Aol glo] ThE Hef
Aol 8% 49 9Fol melE Aoz ARHt

2D F3 W 3D EA Yol AEE W WL vl
517] giatol Al fetasel T FAT 2o 3t
Raa)40] AYH o0, 3D FA wo] Hew ¥
of Az 2D S Wilo] A8 W ) wrk of 12.7% 3
AEGLT, B A% 2 A2 B B U P of
131% FAE|o] 3D EA Wye] Sogol AFHUt

PIC 4174 7]Ho= AAE W ol Bl A% 2=

N med ® W wa fas
5} ojA] 7H5 e Aoleka AlrE §
317] SlaiAE W o] B o] 7R Lhro]
A g Wlol digk A7k "ad Ao mel,

ot

=

7|

fon

B ATE 2018 E YRR YO FFAT
Akl AYe wol AT 72 ATLARI(NRE-
2018R1D1A1B07051169).

REFERENCES

1. Na, H.J., Chun, J.S., and Cho, K.S., “Development of CFRP
Tubes for the Light-Weight Propeller Shaft of 4WD SUV
Vehicles,” Journal of the Korean Society of Manufacturing
Process Engineers, Vol. 17, No. 4, 2018, pp. 32-38.

2. Chun, D.M,, and Ahn, S.H., “Change of Mechanical Properties
of Injection-Molded Glass-Fiber-Reinforced Plastic (GFRP)
According to Temperature and Water Absorption for Vehicle
Weight Reduction,” Transactions of the Korean Society of
Mechanical Engineers - A, Vol. 37, No. 2, 2013, pp. 199-204.

3. Cheon, S.S., Choi, J.H., and Lee, D.G., “Development of the
Composite Bumper Beam for Passenger Cars,” Composite
Structures, Vol. 32, No. 1-4, 1995, pp. 491-499.

4. Belingardi, G., Beyene, A.T., and Koricho, E.G., “Geometrical
Optimization of Bumper Beam Profile Made of Pultruded
Composite by Numerical Simulation,” Composite Structures,
Vol. 102, 2013, pp. 217-225.

5. Kim, D.H,, Kim, H.G,, and Kim, H.S., “Design Optimization
and Manufacture of Hybrid Glass/carbon Fiber Reinforced
Composite Bumper Beam for Automobile Vehicle,” Composite
Structures, Vol. 131, No. 1, 2015, pp. 742-752.

6. Jeong, C.H., Ham, S.W,, Kim, G.S., and Cheon, S.S., “Develop-

10.

11.

12.

13.

14.

15.

16.

17.

ment of the Piecewisely-integrated Composite Bumper Beam
Based on the ITHS Crash Analysis,” Composites Research, Vol.
31, No. 1, 2018, pp. 37-41.

. Ham, S.W,, Cheon, S.S., and Jeong, K.Y., “Strength Optimiza-

tion of Piecewise Integrated Composite Beam through
Machine Learning;” Transactions of the KSME, A, Vol. 43, No.
8, 2019, pp. 521-528.

. Ji, SSM., Ham, S.W,, Choi, JK., and Cheon, S.S., “Stiffness E

Enhancement of Piecewise Integrated Composite Beam using
3D Training Data Set,” Composites Research, Vol. 34, No. 6,
2021, pp. 394-399.

. Li, D,, Gu, M,, Liu, S., Sun, X., Gong, L., and Qian, K., “Con-

tinual Learning Classification Method with the Weighted K-
nearest Neighbor Rule for Time-varying Data Space Based on
the Artificial Immune System,” Knowledge-Based Systems, Vol.
240, No. 15, 2022, 108145.

Ham, S.W,, and Cheon, S.S., “Load Fidelity Improvement of
Piecewise Integrated Composite Beam by Construction Train-
ing Data of k-NN Classification Model,” Composites Research,
Vol. 33, No. 3, 2020, pp. 108-114.

Shahhosseini, M., Hu, G., and Pham, H., “Optimizing Ensem-
ble Weights and Hyperparameters of Machine Learning Models
for Regression Problems,” Machine Learning with Applications,
Vol 7, No. 15, 2022, 100251.

Liu, X,, Liu, T.Q, and Feng, P, “Long-term Performance Pre-
diction Framework Based on XGBoost Decision Tree for Pul-
truded FRP Composites Exposed to Water, Humidity and
Alkaline Solution,” Composite Structures, Vol. 284, No. 15, 2022,
115184.

Fayed, H.A., and Atiya, A.E, “Decision Boundary Clustering
for Efficient Local SVM, Applied Soft Computing, Vol. 110,
2021, 107628.

Lee, S.H., Mazumder, J., Park, J.W,, and Kim, S.G., “Ranked
Feature-Based Laser Material Processing Monitoring and
Defect Diagnosis Using k-NN and SVM,” Journal of Manufac-
turing Processes, Vol. 55, 2020, pp. 307-316.

Fakhrmoosavi, E, Kamjoo, E., Kavianipour, M., Zockaie, A.,
Talebpour, and A., and Mittal, A., “A Stochastic Framework
Using Bayesian Optimization Algorithm to Assess the Net-
work-level Societal Impacts of Connected and Autonomous
Vehicles,” Transportation Research Part C: Emerging Technolo-
gies, Vol. 139, 2022, 103663.

Tsai, S.W,, and Melo, ].D.D., “A Unit Circle Failure Criterion for
Carbon Fiber Reinforced Polymer Composites,” Composites Sci-
ence and Technology, Vol. 123, No. 8, 2016, pp. 71-78.

Ham, S.W,, Cho, ].U.,, and Cheon, S.S., “Load Fidelity Improve-
ment of Piecewise Integrated Composite Beam by Irregular
Arrangement of Reference Points,” Composites Research, Vol.
32, No. 5, 2019, pp. 216-221.



	머신 러닝 기법을 이용한 PIC 범퍼 빔 설계 방법
	1. 서 론
	2. 머신 러닝을 적용한 PIC 설계 방법
	2.1 PIC 범퍼 빔으로의 머신 러닝 적용 방법
	2.2 학습 데이터의 구성 방법
	2.3 머신 러닝 모델 및 하이퍼파라미터 최적화
	2.4 머신 러닝 적용 결과

	3. PIC 설계 검증을 위한 유한요소해석
	4. 결 론
	후 기
	References


