20244F 444 % TR S 7 = S {4 2024, Vol. 44
WSH 1160 JOURNAL OF AERONAUTICAL MATERIALS No.5 pp.1-16

SRR 2RI, AR, B, . N T REBORTER RO S mg i (1], A2 BRI, 2024, 44(5): 1-16.
LI Zhuohan, YOU Yiliang, ZHAO Zihua, et al. Application of artificial intelligence technology in failure analysis[J].
Journal of Aeronautical Materials, 2024, 44(5): 1-16.

AT B RERARERI S raisn A

ERN, ABE, BT Riz, REE, K b, B

(JEEATZ MR KA AERERE S 5 TR 2B, AEAT 100191)

FEE: ARSI T AT RER AR, JeHIE LA > A SR8 5 A AR TR SR AT A 0 5 R e i, 2Rsksr
MR PR & T SRR S E BB, |20 AU IR IR A RS TR &SI, AENRS T
DOl RO R 2, A TR RER AR LM IR K AR BERE )1, S5 IS G, MR T 2 ARG
R, RIS WH, A T8 BB A AR HH O Hh U3 45 Pl b =X, AR HURETA IS W2 55 AR AL
JRHEZWH, AT Rl A 28R IR, 87R52 24 1 R R ZFNETE R SRR R, 3T T2 Wi nl 560k 7
BTN T T, AL ) B AR RES S B T A4 Rk i) 25 i T8 BE , /D SIS0 s () D A 5 7 20 s Wi B 5 T, A T g
FEARBEHE T B0 B, REAE A AR AR A5 A A 0 XU, /D = S AR o AR SR R EE T N T B AR AR R 38007
BTk i) & R, 380 T AR B AR L BARUORAL | RS DL BRI 2 4 45 H 1Bk R 5 L

SEER: N T8 MLass T BORIE S LB R8T RBG2 W FFan Tl ; 2R 5L b

doi: 10.11868/j.issn.1005-5053.2024.000133

FE 4 25: V250.3; TG115 XRAFRIRAD: A X EHE: 1005-5053(2024)05-0001-16

Application of artificial intelligence technology in failure analysis
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(School of Materials Science and Engineering, Beihang University, Beijing 100191, China)

Abstract:  This paper explores the application and development trends of artificial intelligence (AI) technology, particularly
machine learning and natural language processing in the field of failure analysis. Failure analysis is a crucial method for ensuring the
reliability and safety of equipment, and is widely used in aerospace, automotive manufacturing, electronic devices, and other fields.
Traditional failure analysis methods often rely on expert experience, which is time-consuming and laborious. By integrating Al’s
powerful data processing capabilities with traditional methods, the accuracy and efficiency of analysis have been significantly
enhanced. In terms of failure mode diagnosis, Al can rapidly and accurately identify various fault modes and provide precise
diagnostic results. In failure cause diagnosis, Al integrates data from multiple sources to uncover complex failure factors and
potential causal relationships, improving diagnostic reliability. In failure prediction, machine learning can accurately forecast
material lifespan and strength, reducing experimental time and costs. In failure prevention, Al offers new approaches to effectively
reduce the risk of failure and lower product maintenance costs. The paper also looks forward the future development prospects of Al
in failure analysis and highlights challenges and recommendations in the areas, such as data quality improvement, model
optimization, interdisciplinary collaboration, and ethical and safety issues.
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