2 LA iﬁ

ACTA AERODYNAMch SINICA

xe

ETIRBERENEMERIRESSIIMNEAL T 7k

BRerd ;R Bk

Optimization design method of automobile aerodynamic shape based on multi-fidelity deep neural network
WU Xiaojing, GAO Ran, MA Long

BlES'E

BRIGER, mdR, TR, JET 2R B IR AR M W IR S BIINE MR k(D). 23 sl 12241z, 2024, 42(7): 103-111. DOI: 10.7638/kqdlxxh-2023.0164
WU Xiaojing, GAO Ran, MA Long. Optimization design method of automobile aerodynamic shape based on multi—fidelity deep neural network[J]. Acta Aerodynamica

Sinica, 2024, 42(7): 103-111. DOI: 10.7638/kqdlxxb-2023.0164

TELR B2 View online: htips:/doi.org/10.7638/kqdlxxh—2023.0164

TEAT RRRRN R G H S

Articles you may be interested in

HTYEE B AR NS BRRL S T

Aerodynamic data fusion method based on physics—informed neural network

2 S, 2023, 41(8): 87-96  hitps://doi.org/10.7638/kqdlxxh—2023.0060

HTORBE 2 P25 BORE T G A

Particle image velocimetry based on a deep neural network

2R BN S 2019, 37(3): 455-461  hitps://doi.org/10.7638/kqdlxxb-2019.0042

TR BE B2 W 2 O S B A< 3 RE T

Aerodynamic prediction for waveriders using deep residual learning

R 2. 2019, 37(3): 505-509  https://doi.org/10.7638/kqdlxxb—-2019.0027

ETHREME NS ERE AL KTNTTE

Icing prediction method for arbitrary airfoil using deep neural networks

RGN J12E . 2023, 41(7): 48-55  hitps://doi.org/10.7638/kqdlxxb-2022.0116

— MBI RERERES ST I

A multi-task learning method for large discrepant aerodynamic data

RS2 . 2022, 40(6): 64-72  https://doi.org/10.7638/kqdlxxb-2021.0222

HTETIE ML BB 7 %

CNN-based method for predicting aerodynamic heating
R J12E . 2024, 42(1): 1325 https://doi.org/10.7638/kqdlxxb-2023.0072

Huhk: 74)1148 SPE 15 =4 7 B 5 11RO 5T coat WP SN
Hii: 0816-2463375 T,

Email: kqdlxxb@163.com i _ ! '--.. AT Z TG B



http://kqdlxxb.xml-journal.net/
http://kqdlxxb.xml-journal.net/
http://kqdlxxb.xml-journal.net/
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2023.0164
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2023.0060
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0042
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0027
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2022.0116
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2021.0222
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2023.0072

42 %

%7 = 5 % Hh ¥ FE R Vol.42, No.7

2024 47 H ACTA AERODYNAMICA SINICA Jul. , 2024

3 E 4R S 0258-1825(2024)07-0103-09

ETZREREMEMNKZNRESINIMNE
AT 7E

nd, E KL &

(L Tk K% Rffi2#BE, 18 710072)

W EARESMIMEMRAE IR, AT EREN R E CFD SR E R34 . SR, =A% B CFD 504 31 BUME & K
BEAR TR o AT BRIRZE B RA BT AP B R P DR AR B AT 0 2 IR P I AR R RS 2 ) SRR Al AR, 4R
T — M I T R IR S A 42 X 4% (mullti-fidelity deep neural network, MFDNN) {175 4= AME AL B 1F 77 15, B e A6 % 11
HH BT T 1 e R P R A AT T SR TR R A T L BR AR ER AL AR o o BT R R IR ARAK 7 3 R F AR 30 MIRA A v AR
AU BALAR AL B TE R, DA g SRR WA, %07 VR R TR 3 Al AN RDRG B BIOHE BT 2845 1 R, IR S B A AR AL AR, 4R T IR
kg . DL B A R DR AR 48 A, 78 RS AR I 50 A ER 10 45 R I AT 3R T, 351 22 5 13 o 40 I 4% 1) A1 A AE 22 1) U SIGEE
JiF 2 B T HEURE FF 1 20 X 2% O S 2R A AL HE SR 1) 5.85 1, 2 J5 1 B i o 40 I 248 (A E SR AR AL HE 22 1) 2.81 1%

KRR 2 RS IR AN A P 5 ST YRR SN BT IERE 52 50 s Bl &

hE5r S U406 HRFRIRAD: A doi: 10.7638/kqdIxxb-2023.0164

Optimization design method of automobile aerodynamic shape based on
multi-fidelity deep neural network

. .o *
WU Xiaojing , GAO Ran, MA Long
(School of Civil Aviation, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract: The optimization process of automobile aerodynamic design that requires a vast amount of CFD
data, which are both expensive and time-consuming to acquire, is arduous and costly. To get out of this
predicament —the conflict between accuracy and efficiency —we devise an innovative automobile shape
optimization technique relying on the Multi-fidelity deep neural network (MFDNN) aerodynamic model based on
transfer learning and data fusion. Applying the developed optimization method to the drag reduction optimization
design of the fast-back MIRA standard model demonstrates that the method can fully integrate the knowledge
contained in different fidelity data, accelerate the aerodynamic shape optimization process, and improve the
optimization efficiency. Specifically, the convergence speed of the optimization framework based on multi-
precision neural network is 5.85 times that of the offline optimization framework based on single-precision
neural network and 2.81 times that of the online optimization framework based on single-precision neural
network.

Keywords: multi-fidelity deep neural network model; optimization design of automobile aerodynamic
shape; transfer learning; data fusion
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Fig.1 Shape of quick-back MIRA model
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Table 1 Quick-back MIRA geometry

Fe 5 EAS JF /mm
1 g 4165
2 5% 1625
3 i 1421
4 LT 2540
5 L 1270
6 51 ) 205
7 ity S 305
8 Hhae 180

&, Ximin G Xima 7 AR W EREN FRSES LR, iy
WA S 4 .
1.2 #Z CFD #AER

THE S 2 FroR, YRR Y R b BN B PR RS
NAREEK, BIHOMEER R 8 F K. tHEEIR
EEN T S, RTE N 13 54558, BLZEHE N 0.84%,
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Fig.2 Setting of computational domain
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Fig. 3 Different grid sizes

RSB 17 L T B Star CCMAEAT S
WE AR AT A, K Ep 1.225 kg/m?®.
TN T SR s BN 1, S FE R/ 30 m/s.
TR OO 0, S E % B VA X E 0 Pa.
T S5 Al BE T 36 FH W R% BE TR, VROZE SR Ik A AR T B AR
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Table 2 Computational settings

o s B 4788261 795757
g ZHr —
KIFTTHE N-S Euler
TR k-e Ry
AR IEL 1300 550

HUE A FES 1.74 h 0.18 h

VE: [ FHCPUN32 cores Inter Xeons Golden 6226R 2.9 GHz

Xof 20 4 R i I A% T e MR SR IR, 45 RN 3 far .
M 45 SR v] LUE 2 WA &R 480 J1 I, FH 71 R4
CpiaT e, H5 XIREHEAE 2 8, BOA SCR AR
WA 2 H S 480 5 (10 41 A% 12E AT RS A0L 2 AT, L AUME S
POFEI A 1.74 he PRI, 7548 FH 500K BE AR AL ¥ ik J7 %
B, AT RE AT LA R B S R R O R
f RS B B R IR, X S BUR E RSN
THARH FE IS o Qo] A e K 2 AR08 S BB T e K
B B A, B BTN BTN 0 B KBk R
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Table 3 Resistance coefficients obtained by numerical
simulations using different mesh sizes

R Co
28477 0.285
— 34875 0.279
48073 0.274
51275 0.274
LM e 0.278
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I R, XF AT WAL, TR D = B 5 i i B
e B E 4 5 - 40 Fis .
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W L[c

Pressure/Pa —2000  —1400 -800 -200 400
(a) IR =

o EENT T ITT 7 T
Turbulent kinetic B 8 14 20 26 32 38

energy/(J-kg™)
(b) fiii st =
4 BEMERENZESHREZE

Fig. 4 Contours of the pressure and turbulent kinetic energy of

the basic model
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Fig. 5 Design variables in the optimization process

x4 FHEBHIRTEEN ETR
Table 4 The upper and lower bounds of the selected
design variables

VAL & X AT /m
AT A 207 1) [-0.015, 0.025)
RENWLE G, 275 0] [-0.04, 0.05]
i R 7 17) [-0.01, 0.02]

i R 27 17 [-0.01, 0.02]

J& RE yJ7 Iv) [-0.03, 0.03]

J& RVE 275 11 [-0.04, 0.05]

J& A& R 55 y 7 18] [-0.04, 0.05]
JG AR 207 1) [-0.04, 0.05]
LAy [-0.03, 0.03]
BEM T [-0.05, 0.05]
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T 2B Cp, M7 L5 21T (design of experiments, DOE)
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Fig. 6 Optimization framework based on multi-fidelity neural
network model
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Fig. 7 Multi-fidelity deep neural network framework
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Fig. 8 Comparison of fitting results
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Fig. 9 High and low-fidelity samples trends
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Fig. 10 High-fidelity sample number-model accuracy
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Fig. 11 Comparison of results of several different optimization
frameworks
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Table 5 Comparison of optimization results

L& GE T

o ACDICD pmaisn R/

MFDNN online 30LF opt  0.2496  8.91% 37 69.80
MFDNN online 40LF opt  0.2486  9.27% 14 29.74
MFDNN online 50LF opt  0.2523  7.92% 15 35.00
DNN online opt 0.2491  9.08% 49 83.65

20 Samples DNN offline opt  0.2671  2.52% 20 34.85
50 Samples DNN offline opt  0.2664  2.77% 50 87.13
100 Samples DNN offline opt 0.2536  7.45% 100 174.27
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Fig. 12 Comparison of central symmetric surface contour before
and after optimization
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Fig. 13 Comparison of turbulent kinetic energy contours before
and after optimization
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