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Application of Multi—Layer Perceptron and Random Forest Method for

Cylinder Plate Forming
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In this study, the prediction method was reviewed to process a cylindrical plate forming using machine learning as a
data—driven approach by roll bending equipment, The calculation of the forming variables was based on the analysis using the

mechanical relationship between the material properties and the roll bending machine in the bending process, Then, by
applying the finite element analysis method, the accuracy of the deformation prediction model was reviewed, and a large

number data set was created to apply to machine learning using the finite element analysis model for deformation prediction.

As a result of the application of the machine learning model, it was confirmed that the calculation is slightly higher than the
linear regression method, Applicable results were confirmed through the machine learning method,

Keywords : Roll bending(& #IH), Machine learning(7 |7 k&), Multi-layer perceptron(CHs HAIER), Random forest(TE ZHAE),
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Fig. 5 Moment—Curvature curve for elastic—plastic beam
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Fig. 6 Geometric relationship between rollers and workpiece

Table 2 Dimension of aluminum workpiece

Length Width Thickness

700mm 100mm 2mm

Table 3 Displacement of center roller with target curvature

Target of curvature Displacement of
Case
(Beam theory) center roller
1 4 5.2mm
2 5 5.8mm

2| HHZ 0| 85101 AT FUER{2| HYE Hiks| 25l
A5052 H32e| ¢Fo|g HHE tHafez2 MMsiion 1 X|4=
= Table 22} 220y, Table 30lAM2} 20| 27[X| CaseE CHA
o=z Mo Mgsict

Table 31 20| 27[X| Z=Zdof| L3l & 0|22 7[Hie2 7|50
LS A ZUSE{Q| 2| a5k He|E ALSIIC) Chak Ty
off Ciet = S ZE2 49| 52 MHSIFH O HlAMKE A
SUEe|e| pA| wE HRlE 7|HF_§_ Fig. 29| 7t8 2| E S3lf
M ASg AlsIicE AlE Z3) Fig. 8, 90i|lA Experimental
resultet 20| A& Zuls slolsiQict 7tSE &Alo| Hefl=
Table 40lA{2F Z0] RMS A7} 2k 0.05 HEZ ASERUCE

3._0
T o E
o o

=] -
7| flet cfo| Hlo[ElE 2HEsP| flohM Tt
2 X3slo] 7|A| 52 flet oF 30022| 7k3 Hole Ae

MMSICE MBE FEIRAGIME AR SIS =270
ol ANSYS Workbench& ARBSIFD, ARRE 24+ 20 Z2HE
S 7K Solid 186 QAE AESIGC) MEas ReteisiM 2
Yol AR Fig. 72t 2ot E2ie| XIS r& 50 mm, AlHe
Zo| L2 700 mmOIEF. HaollMel 2 siAAZie| EEE 2
3l 10mmZ A& T Oa =HE M &3t 2 ZHof| H2
stME M2 LF0| £ J2{5}0] EF

0x T

H=e= 70 Gpa, &
Mpa, ZEZE 2680 kg/m®, £AM 2 SUM(bilinear
isotropic hardening) =22 71H3sIGC 51 =712 Table
30fA] AL AR SUERO| 2] Yok o

J2|1 3K Ed{oll= =2IE(Joint) =S 7IK5t0] TRY7} 0|

woteadiAM Zuje ERY AlHEel 2 2
CRE 7|FoZ HRIE H|JL0|'D:| H—OHH U XA A
o=z ERlg|L| Rig. 8, 92} Table 40iAM2} Z0] RMSE(Root
Mean Square Error) %15 7|F22 B|W35tH 1 Xjo|7} 3X|
22 Ag =Holee =N MBE REE4A sijA] BHHO| EFEAO|
ASS =olskdct
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Fig. 7 Model of pyramid type three-roll bending machine
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Fig. 8 Comparison of displacement between experimental
shape and FEA for target shape (Case 1)

[~e-Target Shape
o-o0—6—6-¢ I-&-Experiment Result
14r it T8 FEA Result
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T

Displacement (mm)
®

‘ \
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Fig. 9 Comparison of displacement between experimental
shape and FEA for target shape (Case 2)

Table 4 Root mean square error of experimental shape and
FEA for target shape

Hol= FoteadiM ZHof ARSE 29| Rt AlHe| F
M Aol BACIAM Z7t5EE TSI 1 mm 7oz MY
S CHTable 5, Fig. 10).

Table 5 Dataset list created through FEA model

No. Thickness Curvature Displacement of

[mm] center roller [mm]
1 2 0.2360 3.0
2 2 0.3906 3.1
3 2 0.5456 3.2
4 2 0.6887 3.3
5 2 0.8456 3.4
292 10 8.7399 6.1
293 10 8.8508 6.2
294 10 9.1210 6.3
295 10 9.4284 6.4
296 10 9.9515 6.5

Case Root mean square error | Root mean square error
(Experimental shape) (FEA)
1 0.0569 0.0087
2 0.0462 0.0064

3.3 4lBir Eri M¥ clolef A

lOlE] AA0IME 2RI 3t Fetetsts Dol gf
S AB2 Jluez [aletsid ode Sl g =
(A[Ee] )2} HEHEYBIS| V& w3t 12

206742] Bt GlOIEIS MABIICE AlBSl S 2~10 mm
oA 1 mm 21222 MEBIHD Clole Falel JksHS HE
3171 2IshA 5 mm HOIE{S Melsich ZUBelel Y& wat

[=3] fee) S
Curvature

'S

2 =20lAE ke BN BES 2| 9I5t 4%
EAVN

3 5
o 45| Wt W9l oiZ3P| 23 71 Bt &7 2mel

In

= =
ARB3Ien], 29 =h5of AREEH 37 Y3I2|E2 Random

forest2} Multi-layer perceptronO|ct.
4.1 Random forest

Random forest= a8 kel Bagging(Bootstrap
aggregation)2 7|2 7| &S F8sk= 2e|Fo|ck
Random Forest= X|T &&(supervised learning) ZH2M &
F(classification)2t  2|#(regression)7t 25 7lseh CR=2|
Decision treeZ O|F0{X| 2204, 0Ol:= Decision tree2| &gt
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ABic] Tfe)

[

Ny = o5

(overfitting) 2ME 25| £Isi not=ACt (Pedregosa et
al., 2011). Fig. 110llAM<2} Z0| Random forest= 02 ZHS
0|85to] HIo|E{E E&stn, BE ZHO| ofF Z3tE HWdst
0 gt2 olSsk= &ks 7|-olct.

Prediction 1 Prediction 2

‘ Average All Predictions ‘

v

Random Forest
Prediction

Fig. 11 Random forest explanation
4.2 Multi-layer perceptron

olzAl ALK Artificial  neural
2 (Perceptron) 7[gke| 7|4

Multi-layer  perceptron2
network, ANN)2| &t ZFol HME
s gme|zolct,

=
layer) 2} Z24Z(output layer) 22 O|R0{Z uﬂzl E=2o| 24&
(hidden layer)2 FIkst o &, dIME ZHE a5 sl
TokE| ekyz|Eo|ct Multi-layer perceptron 12 x2F &2
yoll cHal A (13)z Zo| He|=Ict,
n
y=f(Whz)= (3 Wa,+b) (13)
i=1
0{7|M, f= &M3} g(activation function)o|o] YHEE o
2 A|I20|E g=(Sigmoid function)7t O|E=ICt We

Multi-layer perceptron 22| 7EEX|(Weight) #IE{0|1, b=
AH(Bias) #olct 7EExls & s HOIEHE 7|Hez
HH= x| x|X 5t Mol ofs AMEICE (Choi et al., 2009).

—"1

5. 7|A

ShEE 0|88t 48 = o=

714 o5 0l8% AR EMel 8% =A o ik
diole] Tx2|, =E skg X A5 F iz TSIt

Hlole MAEloME S MASHH0[E|2FE ZH SH50]
Ar2E ZH o|o|E{(training data)2t S0l AL2E HIAE O

O[E{(Test data)& =FoIUCt &8 HOIEZ2E AlHS| FH7t

2~8 mm¢l CIO|E{E AREsiL, HIAE HO[E2= FA7t
2~10 mmE =AHCZ ME235%ien, 2 =RoM= 4 mmet
9 mme| CIo[E{e| AnlE Fig. 13, 140{A{Q} 20| TA[SIACE

2 sk 2 ABoMe MAzlE =3 o[EE T|Hez
oix] 7X| 7[AekERel 3l 21252 Moo MY =A
s 2E=s sEAFL, OlF ABsP| 26l MAElE HAE

HIOIHE o851t My =4 o 52 %t o5 Zzjof| st
HWHIE +H5IHACKFig. 12).
{ Training J
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todut > [_outeut
.

[meut = 1 Mode _Output |
Thickness Displacement
Curvature '

) Il Prediction J
Test Data A —— Test Data
o e (_output ]
o L,

Model [_output |
Thickness Displacement
Curvature

Fig. 12 Machine learning procedure

Table 6 Parameters for each machine learning algorithm
for regression

Method Parameter Value
n_estimators 70
Random
max_features 2
Forest
max_depth 8
Activation Sigmoid
. Number of hidden layer 1
Multi-Layer Hidden layer sizes 128
Perceptron
Batch size 2
Solver SGD
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Fig. 13 Comparison of displacement between FEA and
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Fig. 14 Comparison of displacement between FEA and
M/L model (thickness = 9 mm)

Table 7 Root mean square error for each model

Linear Random Multi-layer

regression forest perceptron
RMSE 0.2618 0.1693 0.2160
Error rate 5.20% 3.05% 4.06%
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2 dFolMe AEH gAs JiK|s HAE J1E5] 2l5)
M Random forest2} Multi-layer perceptron2| 7|Hl &t &1
E|ES Mast AR SUE 9| HY ofF zHof CisiM HE
siict

71 & wE MEgsh| fgh dloje A AR
71300lE] =HEo| $HA

2 E MY Ho[HE FEtacts PHE ASskedl &8st
1, AEE FetessiA 2EE 0185101 2F 300742 HlolE
Mg =2 sIct

714 =50l MEsp| 2o E T 7k He SRc A
BH IS 7ISsh| flet &5 SYEEel B, Brel F
H, He dalol & Al 7HR|e] M5E 7|ESE HESIICH

F% O|0|E{(training data)2t E|AE o

[ok
il)e

shisl Hlofe] Ml
[=]

OlE{(Test data)2 2538t S| Random forestet Multi—layer
perceptron L1E|ES MIsl0{ ZHE sh&st &6 22
2 HEs A0E v|wso] HakM

Mg AESIUCE HEE 7|A
skg ZYol 24F Zok= Holeel FEe A dEE = Us
A& 3|2 (linear regression) ZTtet H|WIHS mf, A
3|7 =H ol AT} Random forest@t Multi-layer perceptron
Do AN} of 1~2%2| =2 HETE JIK|= HS =0lst
2 AFolM B3 T|A as Yo Mg JisAg HER

.

x|
o, 45 Yare MY 37222t ok =4 g

N
N
H1
To
=
i

0z
Tt nok
g0 ror sy g
R
00| o
0 M o >
mtn r=)
$o @
30 e
1 10
F[F

o
or
O_I_

e
i)
£
>
>
=

o
2
k0
o
R

=
si=Y= 258 wewch
0

oM, 5%
2AEiCEt 73
heict

%
[

g| 7:1% M=

2 =22 A
(10063532) “Skek

2 N8 Tl M

12
fo ofm
=
A
F_E
4
=
Q
|:_>'Z
12
ik
N
>
=
|'UII
<
it

N
e
m
=

M
koo
o

x
_9&

(e}

T

11t
|m

N
A

[T
=0

1
N
()
N
(@)
i
Fn
0x
!
[
%4
o 0
0r M
5
E_E
dT g
I

P0001968, 2020 Hd

2ot U AFHCE

=
o
|0
Hu
5_%
r=
153
N
N>
mo
olok
o
lo
Ral
o

g
>
o
=
O_I_
bal
bal
Jo
>~
R

JSNAK; Vol, 57, No, 5, October 2020

303



Multi-layer Perceptront Random ForestS 0|2t AlZIH TAjQ

o =4 of

A

References

Choi, G. S. et al., 2009. Short-term water demand forecasting
algorithm using AR model and MLP. Journal of Korean Institute
of Intelligent Systems, 19(5), pp.713-719.

Hansen, N. E., & Jannerup, O., 1979. Modelling of elastic—plastic
bending of beams using a roller bending machine. Journal
of Engineering for Industry, 101(3), pp.304-310.

Hardt, D.E., Constantine, E., & Wright, A., 1992. A model of
the sequential bending process for manufacturing simulation.
Journal of Engineering for Industry, 114(2), pp.181-187.

Hwang, S. Y., Heo, J. Y., Hong, K. T., & Lee, J. H., 2018,
Time series data analysis and fault diagnosis of plant process
equipment using statistical machine learning method. Korean
Journal of Computational Design and Engineering, 23(3),
pp.193-201.

Kang, J. G., Lee, J. H., & Shin, J. G., 2000. Numerical analysis
of induction heating for the application of line heating. Journal
of the Society of Naval Architects of Korea, 37(3), pp.110-121.

Kim, Y. I., Shin, J. G., & Lee, J. H., 1996. Analysis of plate
bending by pyramid type three—roll bending machine.
Transactions of the Society of Naval Architecture of Korea,
33(4), pp.1-9.

Lee, J. H., & Shin, J. G., 2002. Relations between input
parameters and residual deformation in line heating process
using finite element analysis and multi-variate analysis. Journal
of the Society of Naval Architects of Korea, 39(2), pp.75-80.

Oh, S. I., & Kobayashi, S., 1980. Finite element analysis of
plane—strain sheet bending. /nternational Journal — of
Mechanical Sciences, 22(9), pp.583-594.

Pedregosa, F. et al., 2011. Scikit-learn: Machine learning in
Python. Journal of machine leaning research, 12,
pp.2825-2830.

Shin, J. G., Lee, J. H., Kim, Y. I., & Yim, H. J., 2001.
Mechanics—based determination of the center roller
displacement in three—roll bending for smoothly curved
rectangular plates. KSME International Journal, 15(12),
pp.1655-1663.

Shin, J. G., Ry, C. H., Lee, J. H., & Kim, W. D., 2003.
User—friendly, advanced line heating automation for accurate
plate forming. Joumal of Ship Production, 19(1), pp.8-15.

Yang, M., & Shima, S., 1988. Simulation of pyramid type three—roll
bending process. International Journal of Mechanical
Sciences, 30(12), pp.877-886.

304

[
o el
il

AMEIS|=2Z! N 573 X5E 2020 10E





