ok X F F R(BARIZER) 2026 4F 55 47 & 55 4 WCRES 228 WD
JOURNAL OF NORTH UNIVERSITY OF CHINA (NATURAL SCIENCE EDITION ) Vol.47 No.4 2026(Sum No. 228)

XEHRS: 1673-3193(2026)04-0511-20 J. North Univ. China, Nat. Sci. Ed., 2026, 47 (4): 511-530.

ETFNEFTHEARBLEEIZITS
B 3R R 52 R

BEA, XBA, FEF, RTH
(L heks QLA TAERE, 0P8 R 0300515 2. thib ks {5 BV S TABE, P KIS 0300515
3. ek HAERI A TR AMRIIPE A EA LR, W7 K 030051

= ZaMERHEESREL . mNEASIRE . 07 ERE, TEMSHR . TSR SEAE T H
i) Z B, (R I HA f) SeAEARAE | S A AR R A AR B R AR SR S S AR A T i B
Rk o PG AT LK BLSCE, AR L AR R L DO A IR R R Hlds=z T $0R
K JEARPRI LA R T AT BT IR B, 175 ¥ eS8 i X Ak sl 0 77 UK AT RLAE AL S5 P RE 2 TR B TR R
Boriee, WU BT 5 ER SRS R, AR BT R R, BRI R A . ASCETE
iRt | PERERIE A T 20k =05 T R MELRIRHLAS 24 S TR 2 B APRMIEE o i) BB 5 A2 3 g
HSCER 7RG A T AL A R RS B ACER R X A S AR M BT S A RCR I 4R T 5 BETI A 21 T LA
> TR AR 22 RO AR RERAE P (9 M8, MK K B T f) 1 RE FU R A FH TR B2 2 > S SRS B A4 O 3R
PIJT AT T2 OUR AT BT SRR s e R0 T 5T T2 S B REIR 2 00 =S ARk s BoR 5 A2 i i
HRE BEHERE IR, 45 1 & T AL 2 ~) GUBCY AT A K i | A Y mT f REE K ™ b B R S 1 0 R AL AR
A ) 7R — A HE SN S A RIS P T s ) Bk A AR Ok K R T Tl o

KEIE: Hlawe; EEME: St PERERIE; FhREHE

HESES: TB33 MHERFRIRAD: A doi: 10. 62756/jnuc. issn. 1673-3193. 2026. 03. 0002
SIREK: e, XIBHE, 2807, & B THE I NGRS ot SPE e RIEIT Tk [T ]. it
REZAR CASRFIEID , 2026, 47(4) : 511-530.

Qi Yunchao, Liu Yuqi, Li Xinfang, et al. Research progress on machine learning -based structural design and
performance characterization of composites [J]. Journal of North University of China(Natural Science Edition) ,
2026, 47(4): 511-530.

Research Progress on Machine Learning-Based Structural Design
and Performance Characterization of Composites

Qi Yunchao', Liu Yuqi', Li Xinfang®, Zhao Guizhe™
(1. School of Aerospace Engineering, North University of China, Taiyuan 030051, China;
2. School of Information and Communication Engineering, North University of China, Taiyuan 030051, China;

3. Shanxi Key Laboratory of Functional Polymer Composites, North University of China, Taiyuan 030051, China)

Y Fs HH: 2026-03-04
EETR . (764 ZE 0k F 5% 3+ R 75 4F Bl 25 0F 28 0 H (202503021212130) 5 I RE &5 4> 1 62 & B R L 76 45 5 52 56 25 T i 3t 4
(FPC202401) 5 Ll P48 2R Bk A B AR B O TR 43 (202601200003)
EBEE N : M@ (1993—), B, Mz, Wt RENELGEZ S A HERRNATSE . E-mail: qiyc@nuc.edu.cn,
RIS R BT (1965—), B, #dz, it FENFWEEELT LD RERE A MR A S BB AR BT T2 5T . E-mail : zgz@nuc.

edu.cn,



512 ot K 2 e RCARRAO 2026 455 4 1]

Abstract: Composites have been increasingly applied in aerospace and engineering construction due to
their multi-physical field coupling and anisotropic characteristics. However, their complex nonlinear struc-
tures posed significant challenges to the traditional research and development paradigm. The conventional
trial-and-error approach, which relied heavily on physical experiments, was limited by long cycles, high
costs, and difficulties in exploring the vast design space. The introduction of machine learning technolo-
gies brought novel research insights to materials science, enabling the exploration of the deep structure -
property relationships of materials through a data-driven approach. This study aims to provide a system-
atic review of the current application status and transformative potential of machine learning in composite
materials research, structured across three primary dimensions: structural design, performance character-
ization, and process optimization. The article first elucidated how high-fidelity surrogate models developed
through machine learning significantly enhanced the efficiency of optimizing structural design parameters.
Furthermore, it introduced breakthroughs in multi-scale performance characterization, delving into the
research frontiers by exploring data-driven performance prediction and the utilization of deep learning archi-
tectures for the precise formulation of constitutive relations. Finally, the paper discussed intelligent manu-
facturing technologies of composites based on intelligent regulation of process parameters and intelligent
scheduling in the production flow. It points out the challenges and future development directions of further
promoting composites research using machine learning in view of current data quality, model interpretabil-
ity, and industrial chain integration in the machine learning field.

Key words: machine learning; composites; structural design; performance characterization; intelligent
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