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ABSTRACT: In this study, mechanical properties of woven composites were analyzed and predicted under tensile
loading conditions using a deep learning approach based on their weaving structures. Composites materials with
different weaving patterns were modeled as 4x4 meso scale representative volume elements (RVE), and finite element
analysis (FEA) was conducted under tensile load conditions. Elastic modulus values resulting from FEA were
compiled into a database reflecting various weave geometries, which served as training data for machine learning
models. To train these models in capturing the relationship between weaving patterns and corresponding elastic

moduli, geometric pattern information was encoded into binary matrix variables consisting of 1 and 0 and used as

input data.
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Fig. 1. Various 4x4 RVE meso scale weaving patterns
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Fig. 2. Geometry of woven CFRP and composite yarn

Table 1. Material properties of CFRP yarn and epoxy

Property CFRPyarn | Epoxy Unit
Density p 1570 1200 kg/m’
Modulus in 1-direction E, 130.5 3.39 GPa
Modulus in 2-direction E, 11.6 3.39 GPa
Poisson’s ratio v;, 0.25 0.41
Shear modulus G,, 5.9 1.21 GPa
Shear modulus G, 3.71 1.21 GPa
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Fig. 3. Tensile boundary condition of woven CFRP
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Fig. 4. Weaving pattern of woven CFRP

Table 2. Calculated elastic modulus from FEA

Weaving type Elastic modulus E, Unit
Plain 54.82
Twill 68.67
Satin 72.13

GPa
Type 1 74.36
Type 2 62.85
Type 3 57.03
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Fig. 5. Data preprocessing of geometric information according
to weaving patterns
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Fig. 6. Dimensionality reduction results from PCA
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Table 3. K-fold based DNN prediction results

K-Fold MAE Predictive accuracy
1 0.6412 96.95 %
2 0.5999 97.14 %
3 0.6379 96.96 %
4 0.6202 97.05 %
5 0.6672 96.90 %
6 0.6380 96.96 %
7 0.6458 96.92 %
8 0.6365 96.97 %
9 0.6350 96.98 %
10 0.6515 96.82 %
Average 0.6373 97.07 %
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Fig. 9. Validation using an independent dataset

Table 4. Comparison of experimental, FEA, and DNN result for
plain weave patterns

Exp. FEA DNN Unit
E, 54.32 54.82 54.27 GPa

£ UehlH, 2=9 & g des s
g SU% A AE EYdhe A =5
Gubel o5 Fotemo] Aol U Ao2 Bed
25| 9k 3 0007H4
2z ¥l e]of 7} tﬂOlEi‘é 285t NNA ol & st
=5 #55H3At Fig. 9= Fold 59 gt 45 da= et
W, Type AFE F7kx] 9] 212 sj¥lS 2h= 6719 H|ol¥
£ oz APE o] T 7F =& aﬂ% g2t Type
Fol 4] 98.6%2 7] 53F31 o, W > A&E= Type D
2 94.5%=2 YEGTE o] Fold 5= B 2] ujd g|o|g7} A
s B7toll A& 7450l Table 4<>ﬂc s 2= sjel o
g3 Aol thsll A9, FEA 123 DNN o 23} 7k] H]
A7F LER Sl

g

5 4 E

= AFol A= ’E% A 2 Ff 2= 539
Az ¥ of uhE g A9 oS THeAd ol I it
o]Z &l 3,000 7f<] tlekslk A% nfjElo] 3 4x4 meso

scale RVE R &lo] 155|131, {31 @4 A4S 53 242
o] e A7 AL AT A2 %LZS% warp} wefto] 1l
2} FE7) 13 002 Uehd 4x4 g F8Eglon, PCA
£ ol Hlole) AU Fae 5 AE lzam welo] sk
5|9t} o] & 3] & CFRPE] B33t 22 wjglo] why
Aol v A= el WE Al W & ATz 52
- wol selE et o] 27t AFE AE B J=
tq-é 1A EALE gty oz oﬂé—é‘]._] M;g“g
S & g0l AR 5o, Y% T2 E 1
EdsHs dlole] AA e B} 24 HAS Bt A
W wEo) 4 HHsHE AA 7S T B
Uzl 539 2 A oA vl Ex
AY 5 U AR WIE T Uk FF AT AL B3
A QAre) 9l o)A WS 23 2 Wa), YAt 2t
o) H3A-§ 5 it vletetd R ago] 7)AH B4

% N,

X G BAL B, FEEGL AHES @ A o &
A % G o3 wE Auro] Wad o At
s 7]

o] At 20259 A FAAAAF Yl A=Ak 7|57
S 7HA(KEIT) tH] Aol &gk A5 (20017947).



434

S. Kwon, Cheol Min Shin, Hyun Woo Kim, Sang Deok Kim, Chung Woo Park, Seong S. Cheon

REFERENCES

. Yang, H.S., Jung, W.C,, Shin, K.B., and Kong, M.S., “High Tem-
perature Tensile Stress Behavior of Hydrogen Vessel Composite
Materials for Hydrogen Fuel Cell Bus,” Journal of Composite
Research, Vol. 35, No. 6, 2022, pp. 425-430.

. Ji, SM., Ham, S.W,, and Cheon, S.S., “Stiffness Enhancement of
Piecewise Integrated Composite Robot Arm using Machine
Learning,” Journal of Composite Research, Vol. 35, No. 5, 2022,
pp. 303-308.

. Reddy, S.S.P, Suresh, R., MB, H., and Shivakumar, B.P, “Use of
composite materials and hybrid composites in wind turbine
blades,” Journal of Materialstoday : Proceedings, Vol. 46, Part. 7,
2021, pp. 2827-2830.

. Bandaru, AK,, Sachan, Y., Ahmad, S., Alagirusamy, R., and
Bhatnagar, N., “On the mechanical response of 2D plain woven
and 3D angle-interlock fabrics,” Journal of Composite Part B,
Vol. 118, 2017, pp. 135-148.

. Donadon, M.V,, Falzon, B.G., Iannucci, L., and Hodgkinson,
J.M., “A 3-D micromechanical model for predicting the elastic
behaviour of woven laminates,” Journal of Composites Science
and Technology, Vol. 67, No. 11-12, 2007, pp. 2467-2477.

. Hwang, Y.T,, Lim, J.Y,, Nam, B.G., and Kim, H.S., “Analytical
Prediction and Validation of Elastic Behavior of Carbon-Fiber-
Reinforced Woven Composites,” Journal of Composite Research,
Vol. 31, No. 5, 2018, pp. 276-281.

. Li, H., Bacarreza, O., Khodaei, Z.S., and Aliabadi, M.-H.E,
“Numerical modelling of 2D woven composites by the Projec-
tive Element Method,” International Journal of Solids and Struc-
tures, 111946, 2022, pp. 254-255.

. Jin, H.,, An, N, Jia, Q., Ma, X., and Zhou, J., “A mesoscale com-
putational approach to predict ABD matrix of thin woven com-
posites,” Journal of Composite Structures, Vol. 337, 2024,

10.

11.

12.

13.

14.

15.

16.

17.

118031.

. Choi, KH., Hwang, Y.T., Kim, H.J., and Kim, H.S., “Progressive

failure analysis of woven composites considering structural
characteristics based on micro-mechanics;,” Journal of Com-
postie Strictures, Vol. 224, No. 15, 2019, 110990.

Kim, D.J., Kim, G.W,, Baek, J.H., Nam, B.G., and Kim, H.S,,
“Prediction of stress-strain behavior of carbon fabric woven
composites by deep neural network Journal of Composite
Structures, Vol. 318, No. 15, 2023, 117073.

Ghane, E., Fagerstrom, M., and Mirkhalaf, S. M., “A multiscale
deep learning model for elastic properties of woven compos-
ites, International Journal of Solids and Structures, Vol. 282, No.
15, 2023, 112452.

Brown, L.P, and Long, A.C., “8-Modeling the geometry of tex-
tile reinforcements for composites: TexGen,” Composite Rein-
forcements for Optimum Performance, 2021, pp. 237-265.

Cao, Y., Cai, Y., Zhao, Z., Liu, P, Han, L., and Zhang, C., “Pre-
dicting the tensile and compressive failure behavior of angle-ply
spread tow woven composites,” Journal of Composite Structures,
Vol. 318, No. 15, 2020, 117073.

Ji, SM., Cho, C., W, and Cheon, S.S., “Stochastic strength
Analysis according to initial void defects in composite materi-
als’, Journal of Composite Research, Vol. 37, No. 3, 2024, pp.
179-185.

Xia, Z., Zhang, Y., and Ellyin, E, “A unified periodical bound-
ary conditions for representative volume elements of compos-
ites and applications,” International Journal of Solids and
Structures, Vol. 40, Issue 8, 2003, pp. 1907-1921.
Schmidhuber, J., “Deep Learning in neural networks: An over-
view. In Neural Networks,” Neural Networks Vol. 61, 2015, pp.
85-117.

Zhou zhihua, Machine Learning, ] Pub. Co., Ltd., China, 2020,
pp. 37-41.



	심층 신경망을 활용한 직물 CFRP의 직조 패턴 기반 탄성계수 예측
	1. 서 론
	2. RVE 모델 유한 요소 해석
	2.1 직물 CFRP의 meso scale RVE 모델
	2.2 유한 요소 해석

	3. 심층 신경망을 통한 예측
	3.1 데이터 전처리
	3.2 심층 신경망 모델

	4. 심층 신경망 모델을 통한 예측 결과
	5. 결 론
	후 기
	References


