108 1M Wil as TR ik Vol. 10 No. 1
2019 4F 2 H ADVANCES IN AERONAUTICAL SCIENCE AND ENGINEERING Feb. 2019

XERS:1674-8190(2019)01-001-11

ALEBREZS[RINZESHIITREE

KRR EREAR VR F AT EN VBRI
Q. =[N FEFRESLREHH 621000)
Q. hEZER RS LR R LA 621000)

O UANTE RO MR — R H AR S Ay ™ A8 55 1F 76 52 0 5 Ak 4 1 4% A~ U, 5 4% A 2 i R oK
WHEANLER S = NENSE TR R T Z2A 502 5K, ASCEE 7 AN T8 e A M & &I #
KPR, AR T RBUE AL RN AN LA R XU R I BUE T AR AT IR S R R = KT
B BN T TR A BT TN LA RE AR B s S BUR A 5 AR R I R ME R R T AN LR AE )
L Se i AT SR BT T 2 B A (E L TR I T N LR 5 A KBl A G AT R P

XKHERE: NLERR:E I ey

hESES: V211; TP1S XEkFRIRAD: A DOI: 10. 16615/j. cnki. 1674-8190. 2019. 01. 001

Preliminary Thoughts on the Combination of Artificial

Intelligence and Aerodynamics

Zhang Tianjiao"'*, Qian Weiqi''?, Zhou Yu'?, He Lei"'?, Shao Yuanpei'’
(1. State Key Laboratory of Aerodynamics, Mianyang 621000, China)
(2. Computational Aerodynamics Institute, China Aerodynamics Research and

Development Center. Mianyang 621000, China)

Abstract: There are a great deal of influence on many fields of society as a result of the new round of technologi-
cal revolution and industrial revolution centered on artificial intelligence. All the aerospace powers have conduc-
ted many useful experiments and explorations in the combination of artificial intelligence and aerodynamics. The
development history and status quo of artificial intelligence technology are reviewed, the applications of artificial
intelligence in wind tunnel test, numerical calculation and flight test are discussed in the background of big data
era, the role of artificial intelligence in assisting mass aerodynamic data analysis and knowledge discovery is ana-
lyzed in detail, the application values of artificial intelligence in aerodynamic modeling and advanced aircraft de-
sign are investigated, the challenges of combination of artificial intelligence and aerodynamics are pointed out.
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