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Convolutional Neural Network Model

Yuseon Lee***, Dong-Hyeop Kim***** Sang-Woo Kim******

ABSTRACT: This paper presents a method for rapidly and accurately predicting the process-induced deformation
(PID) of CFRP composite spars using a convolutional neural network (CNN). The deformed nodal coordinates of the
composite structure were predicted to facilitate effective PID analysis. Finite element method (FEM)-based curing
simulations were conducted to generate PID data for various manufacturing parameters, which were then used to
train the CNN model. The validation results indicated that the CNN model attained a low mean squared error of
0.0092, with relative errors remaining within 1% in most regions of the CFRP spar compared to FEM-based analysis.
Additionally, while FEM-based curing simulations required 15-20 minutes per case, the trained CNN model predicted
PID in merely 10 milliseconds. These findings confirm that the CNN model effectively incorporates various
manufacturing parameters and enables rapid PID prediction for CFRP composite structures.
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Aircraft wing cross section

Fig. 1. CFRP composite I-beam spar in aircraft wing
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Fig. 2. FE model for curing simulation of CFRP spar
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Fig. 3. Manufacturer's recommended cure cycle of AS4/3501-6
composite

Table 1. Parameters for process-induced deformation prediction

of CFRP composite spar
Parameters Values
Ply angle [deg.] 0, 45
Number of plies [plies] 4,8
Flange radius [mm] 5,10, 15

oAl 1,04071H 9] 840} 3,25370 9] ARS FUsHA +4
SHoAtt. Figs. 29F 32 73} sfj Ao AMg-H Aubo] FE HE
I} 73} Ato]E e

Table 1] AAJE HA a1 2 F ZH(ply angle), 25
=, WA 9H (flange radius)s 3 Hp=E A ske] 73t
A& =asEoTh AS 282 009 45°, A5 4= 4 plies?}
8 plies, ZMA] W4 5 mm, 10 mm, 15 mmZ A= 3]},

Fig. 4= CFRP E312] Au}9] FEM 7|8k 73} A4S 5
3 =EE 25 43} AlRol|A ] PID 325 Yelditt. Fig. 4
of AIAIE AAH, [0°/45°)] A5 24 7Hxl Au}e] PID
= 29} Y (spar cap) FNA BPEZORE {3 HEo|
Aot S Bonh
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Scale factor=75

Y
7 ‘ I Flange raidus = 15 mm &
X Stacking sequence = [0°,/45°,]

Fig. 4. Process-induced deformation of CFRP spar predicted by
FE-based curing simulation
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Creation of .CSV files for CNN training

1. No. of plies  : 4 plies, 8 plies = Mechanical analysis (MECH) |
2. Ply angles 1 0°, 45° *
3. Flange radius : 5 mm, 10 mm, 15 mm g

s MECH .ODB files

P

/

@ Python Scripting }

Original coord. Deformed coord.

i

Generation of parameter combinations
(Total of 816 cases)

Extraction of original and deformed
nodal coordinates

X it Zi X M It
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@ Python Scripting }

| Generation of .INP files for
heat transfer and mechanical simulations
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Fig. 5. Flowchart of the automatic FE-based curing simulation and nodal coordinate extraction process for CNN training
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derived from FE-based curing simulation
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Fig. 9. 1-D CNN model structure
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