2 LA iﬁ

ACTA AERODYNAMch SINICA

xe

FETIREE S S BRI B A T B TE CAAR AR SR W 5 A R B N
R TRAR B FR) S8

Applications of deep learning-based super-resolution for reconstruction of flow around the CAARC benchmark model

LIANG Rengkang, ZHANG Wei, YANG Sifan, HUANG Gang, LI Lang

FURAIL:

AR, T, BB, 2. TR S S B BER M T R E CAARCARMR S8 L 7 T M Fr i R I, 2373l Ji242440, 2023, 41(0): 1-11. DOL:

10.7638/kqdlxxh-2022.0157

LIANG Rengkang, ZHANG Wei, YANG Sifan, et al. Applications of deep learning—based super—resolution for reconstruction of flow around the CAARC benchmark

model[J]. Acta Aerodynamica Sinica, 2023, 41(0): 1-11. DOI: 10.7638/kqdlxxb-2022.0157

TELR B2 View online: https:/doi.org/10.7638/kqdlxxb—-2022.0157

AT AR L SR

Articles you may be interested in

HTOREMZ R HoR T B G H

Particle image velocimetry based on a deep neural network

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

FTURE S MR H R B S B 7 v

A method of unsteady periodic flow field prediction based on the deep learning
2R BN SR 2019, 37(3): 462-469  hitps://doi.org/10.7638/kqdlxxb-2019.0003

ETHREZ MRS REIN

Aerodynamic coefficient prediction of airfoils based on deep learning

RS2 2018, 36(2): 294-299  https://doi.org/10.7638/kqdlxxb-2017.0098

FETEBIZ MU FURSRTE P51 S BHHA

Parameter estimation based on convolutional neural network and state sequence

FR N S152E . 2021, 39(4): 69-76  https://doi.org/10.7638/kqdlxxb-2020.0057

TR B 522 W 4 A e B A< B M RE TR

Aerodynamic prediction for waveriders using deep residual learning

2B 2R 2019, 37(3): 505-509  hitps://doi.org/10.7638/kqdlxxh—-2019.0027

DLk 22> 7 e S AR PR P A DL

Applications of machine learning for aerodynamic characteristics modeling

R J12E . 2019, 37(3): 470-479  https://doi.org/10.7638/kqdlxxb—-2019.0033

Hdik: DY )12 40 PH T R EE FE B8 S 1 1B AR 94 A
Hifi: 0816-2463375

RIFH S

4k http:/kqdlxxb.xml-journal .net/

ZHE B


http://kqdlxxb.xml-journal.net/
http://kqdlxxb.xml-journal.net/
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2022.0157
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0042
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0003
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2017.0098
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2020.0057
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0027
http://kqdlxxb.xml-journal.net/cn/article/doi/10.7638/kqdlxxb-2019.0033

W41 11 = 5 % Hh ¥ FE R Vol.41, No.11
2023 4F 11 A ACTA AERODYNAMICA SINICA Nov. , 2023

X E RS 0258-1825(2023)11-0116-11

ETREFINED WEREMT A CAARC
R GRS E R PRI H

%{ﬁ)ﬁ%l,z, 3& /T LS,*, )@E‘T}Ll,z, i%: N!J2’ ? ﬁﬂl’?’
(1 RH R B LR S A0 B, 43P0 621010;
2. T B WSS R P B A 3 I WE ST, 4B 621000;
3.AR AT A DR S AR EE ALK S, 41 621000)

o BT URE Y  E  P R TR AT AR R I R A SR RS A AL TV . AR SR A PR BRI L
FARRER P 4 g Hefilh, 256 TR G P RAEBR IR &R 2 ROEBAL, I N H T CAARC b v 1 S0 28 32 1f X s 3 R gt 3R 26 0
TE 7 A A o SR B TN AN ) R B I (e 2 R A R D), 4 R R MR R R ST R E A P i R
BT RS TE, AL A SR T IR 1 2 R 26 I 280 5 TR R A 98 1 30 = IR 7 25 0 %7V B A s i E M, mIHE)
N FH BB A 2 i SR U Bl PR AT e A AR 5 R R (R S E A

KRR IR 2 50 RO R E BRI M 4% CAARC

& 4335:0355; TP391.7; TU9T2+.8 SHEKFRIRAG: A doi: 10.7638/kqdlxxb-2022.0157

Applications of deep learning-based super-resolution for reconstruction of flow
around the CAARC benchmark model
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(1. School of Civil Engineering and Architecture, Southwest University of Science and Technology, Mianyang 621010, China;
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Abstract: The deep-learning-based super-resolution reconstruction methods developed in recent years are
effective methods to obtain detailed flow fields. A deep learning-based super-resolution reconstruction method
was applied to reconstructing high-resolution wind field of flow around building structures in this paper. The
super-resolution reconstruction model was based on the convolutional neural network (CNN) and combined with
the mixed downsampled skip-connection multi-scale (Multi-scale CNN) model. The super-resolution
reconstruction model was applied to the reconstruction of the surface pressure on and the velocity field around
the CAARC benchmark model. The reconstruction ability of the deep learning-based model for different under-
resolution flow fields was investigated. The results show that the proposed deep learning model can greatly
enhance the super-resolution reconstruction performance and the reconstruction accuracy is better than the
original convolutional neural network model and the traditional bicubic interpolation method. Due to its universal
applicability, this method can be extended to super-resolution reconstruction of wind field of any building
structure with complex turbulent flow.
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Table 1 Comparison of along-wind force and cross-wind force coefficient with different sources
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Bicubic interpolation in reconstruction of wind pressure field
on building surface
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Fig. 11 Velocity contour of x direction of xz plane
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Fig. 12 Velocity contour of y direction of yz plane
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Fig. 13 Velocity contour of z direction of xy plane
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Fig. 14 Position of local line
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R3 FRBMADPRREFHERREILL
Table 3 Comparison of reconstruction errors of velocity fields with different input resolutions
BN RS x ST LI 2 | % BN PER16x 16T IR E /% BN PR32 323 IR 2/ %o
21 (Zagil ay VI a1 y2 P 1 ay P a2 1 y2"FF 1 ay VT
Bicubic 7.44 7.87 4.60 3.08 3.87 2.33 1.11 1.42 0.87
CNN 3.75 5.20 3.61 2.62 2.12 1.71 1.03 1.15 0.73
Multi-scale CNN 3.27 5.02 2.67 1.88 2.02 1.39 0.98 1.04 0.61
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Table 4 Error comparison of Multi-scale CNN 1, Multi-scale CNN 2 and Bicubic interpolation models reconstructed with 30° wind

direction under different input resolutions

Multi-scale CNNA2 1

Multi-scale CNNA2
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32 x 32 1.62 2.42 1.71 2.04 0.79 0.92 0.43 0.94 0.92 1.34 0.44 1.63
16 x 16 2.70 4.16 4.42 3.75 1.69 2.05 1.17 2.29 2.56 3.79 1.21 3.60
8 x 8 6.10 7.80 5.88 7.83 2.51 4.70 2.73 3.60 6.24 7.94 3.26 5.92
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