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Prediction of Stacking Angles of Fiber-reinforced Composite Materials
Using Deep Learning Based on Convolutional Neural Networks

Hyunsoo Hong*, Wonki Kim*, Do Yoon Jeon*, Kwanho Lee**, Seong Su Kim*"

ABSTRACT: Fiber-reinforced composites have anisotropic material properties, so the mechanical properties of
composite structures can vary depending on the stacking sequence. Therefore, it is essential to design the proper
stacking sequence of composite structures according to the functional requirements. However, depending on the
manufacturing condition or the shape of the structure, there are many cases where the designed stacking angle is out
of range, which can affect structural performance. Accordingly, it is important to analyze the stacking angle in order
to confirm that the composite structure is correctly fabricated as designed. In this study, the stacking angle was
predicted from real cross-sectional images of fiber-reinforced composites using convolutional neural network (CNN)-
based deep learning. Carbon fiber-reinforced composite specimens with several stacking angles were fabricated and
their cross-sections were photographed on a micro-scale using an optical microscope. The training was performed for
a CNN-based deep learning model using the cross-sectional image data of the composite specimens. As a result, the
stacking angle can be predicted from the actual cross-sectional image of the fiber-reinforced composite with high
accuracy.
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Fig. 1. Image data for CNN-based deep learning model
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Table 1.MAE & RMSE between actual values and predicted
values

Composite stacking angle [°]
22 33 60 66 90 Total
Error | MAE | 121 | 169 | 167 | 220 | 2.15 | 1.81
[°] | RMSE | 1.67 | 2.16 | 2.14 | 2.67 | 2.60 | 230




Prediction of Stacking Angles of Fiber-reinforced Composite Materials Using Deep Learning... 51

e 90 |
) P
™ 2
c -
© /|
w60 H
(= e
Qo g
© Vd
v 30 /"
b ¥ 2
s R<=0.991
g o LZ
[-%
0 30 60 90

Actual stacking angle [°]

Fig. 5. Regression results from test data

1.2
1
0.8

5 0.6
(]

(]

Maximum (2.51 %)

w
c
-
A
© 04
o
.2

0
1.E-02

Nomalized number of

1.E-01 1.E+00

Error [%]

1.E+01 1.E+02

Fig. 6. Visualization for predicted stacking angles by CNN-based
deep learning

0°

Stacking
angle

(]
agess

90°

Fig. 7. Visualization for predicted stacking angles by CNN-based
deep learning

A, e Aapgho] AAdA R =y = x Tz 7k
2, AgFr o 2 R? (Coefficient of determination) gfo] 1]
eSS e BUEE ALt S S B 2 4
el A 2 718719 Y B e
Tk ofy el R? g EgH 0.9912 19] uj- 77k A& Ehelsh
% gtk

Fig. 63} 22o], 8007] El = Blojele] thate] sl o
g mdS o] §5to] oS3t AT 2ot AA| A5 7
9] Percent errorZ AlAFSte] A% 0 2 Probability
function (PDF) Z3}S =Z3}It}. Percent error 7LO] 51%
o o} PDF= 7P =& 218 71 = AL 18k 4= 919

=, dd gy 2de B4 -0 BAFAS u, 7}
3} =0 FEF oF 2.51%2] ErrorS 7HAth= AL 9u|sk
t}. whebA] Error £4(MAE & RMSE) ¥} Regression 49,
PDF B4 A3lE E44 alid AT A4 76ke] g7
o FEER AA g ojuA| e 2R E A
Ue Ae sk
% l i Held LS 285k
7 oju|x|of thsf 2} layero] 25
Fig. 7% full scale®] oju]x]of YA H
21d & ol-gote] 7t layere] 4% =S of Zol3, o] 2
Gradation: o|-g8}o] A|ztshet Azolch. g Ans 5
3 Bholgk 4 QlthAl ] 24 o]u]] Wak ofu)e}, Full scale
o] BaAE T o] Ao] M E BO HBEE %
s a4 AT Egt AlZts) o)A ZRAAL

o, HEEe T oS 2HE st o At

Full scale®] i@, H
7t S w&sk9int

4.4 B

'~

2 Ao A= &4 % A7 71REe] J 3 & o] &3t
of PR AlHe T oA =RE HF Z4=E 9
btk Al gha w ST S vl wskol, o
2ol Ahe diba) 45 s o
2 SRISIAEt. B volrl, 2 oful gk o
Zﬂ Full scale®] oju]z]of F-LE| o] InterfaceE 21%]3}o] Z
layer 23 TFS, 7t layerr} ol % 2t S A ®
o o3t 4 e
sg el AA] gl ol AR iE 43 2Eg g3
She WAE A4 7Iue] By mee AR Az =
e Fgo] TEEol, AATZ Luh2A ALE
A2 Bk 4 9lek oloh B, v A o) BEA R Px
2o A= ol HE 2R AAEAEA S BAje
of ole] AuE £HI 4 AL Ao J|dhaieh
w5k, S AT WAAA HgARe] A4 T on)
A 2 H¥E Void volume fraction, Fiber volume fraction,

Elastic modulus, Strength 5 t}Fst 524 EAXE =&
3% 9l A0 Zfaieh T2aL o Uobha Qe =
AR i ofye}, A& HEA R e e ol W
o2 g3 & e Ao sl
s 7

# QA7 AoAER R&D B o) AL v
of el wl v,
REFERENCES

1. Choi, J.S., Park, S.J., and Kim, Y.H., “Comparison of Mechanical



52

Hyunsoo Hong, Wonki Kim, Do Yoon Jeon, Kwanho Lee, Seong Su Kim

Properties on Helical/Hoop Hybrid Wound HNT Reinforced
CFRP Pipe with Water Absorption Behavior,” Composites
Research, Vol. 34, No. 3, 2021, pp. 174-179.

. Jeong, K.I, Kim, W, Jeong, ] M., Oh, J., Bang, YH., and Kim,

S.S., “A Study on the Application of Carbon Fiber Reinforced
Plastics to PTO Shafts for Aircrafts,” Composites Research, Vol.
34, No. 6, 2021, pp. 380-386.

. Hong, H,, Sarfraz, M.S., Jeong, M., Kim, T., Choi, J., Kong, K.,

Park, I, and Kim, S.S., “Prediction of Ground Reaction Forces
Using the Artificial Neural Network from Capacitive Self-sens-
ing Values of Composite Ankle Springs for Exo-robots,” Com-
posite Structures, Vol. 301, 2022, p. 116233.

. Sarfraz, M.S., Hong, H., and Kim, S.S., “Recent Developments

in the Manufacturing Technologies of Composite Components
and Their Cost-effectiveness in the Automotive Industry: A
Review Study,” Composite Structures, Vol. 266, 2021, p. 113864.

. Ko, KH,, Lee, M.G., and Huh, M., “Development of the CFRP

Automobile Parts Using the Joint Structure of the Dissimilar
Material,” Composites Research, Vol. 31, No. 6, 2018, pp. 392-

10.

397.

. Sharp, N.D., Goodsell, J.E., and Favaloro, A.]., “Measuring Fiber

Orientation of Elliptical Fibers from Optical Microscopy; Jour-
nal of Composites Science, Vol. 3, No. 1, 2019, p. 23.

. Sietins, .M., Sun, J.C., and Jr, D.B.K., “Fiber Orientation Quan-

tification Utilizing X-ray Micro-computed Tomography,” Jour-
nal of Composite Materials, Vol. 55, No. 8, 2021, pp. 1109-1118.

. Bhaduri, A., Gupta, A., and Graham-Brady, L., “Stress Field

Prediction in Fiber-reinforced Composite Materials Using a
Deep Learning Approach,” Composites Part B: Engineering, Vol.
238, 2022, p. 109879.

. Sengodan, G.A., “Prediction of Two-phase Composite Micro-

structure Properties Through Deep Learning of Reduced
Dimensional Structure-response Data,” Composites Part B:
Engineering, Vol. 225, 2021, p. 109282.

Caglar, B, Broggi, G., Ali, M.A., Orgéas, L., and Michaud, V.,
“Deep Learning Accelerated Prediction of the Permeability of
Fibrous Microstructures,” Composites Part A: Applied Science

and Manufacturing, Vol. 158, 2022, p. 106973.





