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Abstract

A deep neural network (DNN) was employed to predict the spring-back of a CFRP composite spar induced by the curing
process. A total of 816 spring-back data points, derived from varying stacking angles, layer counts, and flange radii, were
generated through finite element method (FEM)-based curing analysis to train the DNN model. The trained model
demonstrated an R-squared value of 0.99 and a mean squared error of 0.00093, indicating excellent performance. For
untrained flange radii, the spring-back predicted by the DNN exhibited a mean relative error of 2.18% when compared
to FEM results. Additionally, while FEM analysis required approximately 20 minutes, the DNN-based prediction required
only about 14 milliseconds. These results highlight the potential of using DNNs for the rapid prediction of process-
induced deformation in CFRP composites.
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Fig. 1 (a) Process-Induced Spring-Back and (b) Spring-
In of CFRP Composite Structure
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Fig. 2 CFRP Spar in Aircraft Wing Torsion Box
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Fig. 3 (a) FE Model of Spar and (b) Curing Cycle used
in Curing Simulation
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Table 1 Manufacturing Parameters Used in Curing
Simulation for CFRP Spar

Parameters Values Units
Stacking Angle 0, 45 deg.
No. of Plies 4,8 Plies
Flange Radius 5, 10, 15 mm

Input l. Number of plies  :4,8
2. Stacking angles 1 0°,45°
3. Flange radius :5,10,15

o\ MATLAE

Generation of stacking sequences with
manufacturing parameters (816 cases)

# Python Scripting ¢

Writing .INP files according to generated
manufacturing parameters

1

-'| Heat transfer analysis; HT |

|

HT .ODB files

*>| Mechanical analysis; MECH |

Calculation of spring-back or -in angles
at center of spar

Fig. 4 Flowchart for Curing Simulation with
Manufacturing Parameters
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Fig. 5 Process-Induced Spring-Back of Fully Cured Spar
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Fig. 6 Spring-Back Angles Acquired from FE-Based
Curing Simulation: (a) Unscaled, (b) Robust
Scaled
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Table 2 Prediction Results of Spring-Back Angles by FEM and DNN for Flange Radius Ranges of 6-9 mm and 11-14

mm
Radius No. of i Spring-Back Angles (deg.) Errors
Stacking Sequences

(mm) Layers FEM DNN (%)
6 4 [0°/45°/0°/0°] -0.816 -0.815 0.21
6 8 [0°/45°/45°/0°/45°/0°/45°/0°] -0.432 -0.445 2.92
7 4 [0°/0°/45°/45°] 2.036 2.108 3.42
7 8 [0°/0°/45°/0°/45°/45°/45°/0°] 0.098 0.094 4.23
8 4 [45/°0°/45°/0°] -1.299 -1.278 1.64
8 8 [0°/45°/45°/0°/45°/0°/0°/45°] -0.319 -0.323 1.12
9 4 [45°/45°/45°/0°] -2.629 -2.617 0.45
9 8 [45°/0°/0°/45°/0°/0°/45°/0°] -0.482 -0.480 0.51
11 4 [0°/45°/0°/0°] -0.684 -0.676 1.22
11 8 [0°/0°/45°/0°/45°/0°/45°/0°] -0.106 -0.101 5.10
12 4 [0°/45°/0°/0°] -0.683 -0.670 1.87
12 8 [45°/45°/45°/45°/0°/0°/0°/45°] -1.026 -1.013 1.26
13 4 [0°/0°/45°/0°] 0.221 0.226 2.16
13 8 [45°/0°/45°/0°/45°/0°/45°/0°] -0.539 -0.540 0.28
14 4 [0°/45°/0°/0°] -0.680 -0.668 1.83
14 8 [45°/0°/45°/0°/0°/45°/0°/45°] -0.340 -0.341 0.37
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Table 3 Prediction Results of Spring-Back Angles by FEM and DNN for Flange Radius Ranges of 16-25 mm

Radius No. of . Spring-Back Angles (deg.) Errors
Stacking Sequences

(mm) Layers FEM DNN (%)
16 8 [0°/45°/45°/0°/45/0°/45°/0°] -0.409 -0.400 2.25
17 4 [0°/0°/45°/45°] 1.694 1.675 1.12
18 4 [45°/0°/45°/0°] -1.205 -1.214 0.70
19 8 [45°/0°/0°/45°/0°/0°/45°/0°] -0.479 -0.457 4.80
20 4 [0°/45°/0°/0°] -0.679 -0.698 2.67
21 8 [45°/45°/45°/45°/0°/0°/0°/45°] -0.943 -0.971 2.80
22 8 [45°/0°/45°/0°/45°/0°/45°/0°] -0.522 -0.532 1.72
23 8 [45°/0°/45°/0°/0°/45°/0°/45°] -0.352 -0.358 1.85
24 4 [0°/45°/0°/0°] -0.672 -0.734 8.46
25 8 [0°/45°/45°/0°/45°/0°/0°/45°] -0.339 -0.345 1.63
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