$40% 57 b/ = 4 Vol. 40, No. 7
2020 4F 4 A Acta Optica Sinica April, 2020

Je TR AL TR L 42 2 BRIt - PE AR DN ke B 5
FRA! T RREY, B0, BHE, 42V

VI RIE TR R RSB AR TR, BRI MR 1500015
P e R ORFAE B S TR B, et 1000815
IR TAR A AR T AR 2 e . R JEIT MG /RIEE 150001

TE R EGR I E (PIV) VR — Bl AR 52 i 1 | 4 R AR 11422 3 44 7 2 000 B R, BB 4% DA TE1 45 v 30 JBCIRE A 1) 33 2 47
AT 8 735 i A 38 S A . B TR B % ) HOR 1 e s TR JBE 2 > BOR Sk A7 0L 1 P50 1 A AR 8 2 i AF S8 A
TEFNT 2 BN T 5. AR TOGI M G 4%, 48 1L T — b olg gk R 4%k 0 45 TR 28 I 245, 7 32 w8 R TR A5 0 RS B 1Y
)R 80/ T AR AN i Sk 4R e T IR B . 5 AR 0 R IR D A AT T ' I A e I % A HE AT T B
RN T A SR 7 EUGEE £ 3T A MBI 2R . SRJG K U1 2515 310 0% I 45 A 80 5 4 1) B S i 0 FH 6 1 18
G 0 TR BE A 2 B R SR AT X L PR AL . SR AR W AR SRR 0 R T A TR B 2 ) R A R T A AR
TEAT G K BE B ) i) BB S 0 pd/N 1 9.5 04, M BE 4R i 17 8.9 %%,

KW LT BT EMRIER ; W 6 BEMANY; BREfk

FESES TP391 XHIRERS A doi: 10.3788/A0S202040.0720001
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Abstract  Particle image velocimetry (PIV), as a non-contact, global indirect hydrodynamics measurement
technique, can capture the velocity field of a fluid from an image to reveal the motion of the fluid. The development
of deep learning technology and its use for PIV have significant research value and a potentially wide range of
applications. In this paper, the authors propose an improved lightweight convolutional neural network based on the
optical flow neural network. The proposed method improves the accuracy of particle image velocity measurement
while reducing the parameter quantity of the model and improving the test speed. First, this work improves the
optical flow neural network architecture with superior rigid body estimation performance, and uses an artificial
particle image dataset for supervised training. The trained network model is then compared with a state-of-the-art
PIV deep learning model. Experimental results indicate that the PIV based on the lightweight deep learning model
proposed in this paper can reduce the number of model parameters by 9.5% and improve the test speed by 8.9%
without losing accuracy.
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Table 1 Improved NetC network structure parameters

Layer name Kernel Stride Repeat Output
times resolution
convl 3 2 1 32, 256, 256
conv2_1 3 2 1 32, 128, 128
conv2_2 3 1 1 32, 128, 128
conv2_3 3 1 1 32, 128, 128
conv3_1/dw 3 2 1 32, 64, 64
conv3_1/sep 1 2 1 64, 64, 64
conv3_2/dw 3 1 1 64, 64, 64
conv3_2/sep 1 1 1 64, 64, 64
convd_1/dw 3 2 1 64, 32, 32
convd_1/sep 1 2 1 96, 32, 32
convd 2/dw 3 2 1 96, 32, 32
convd_2/sep 1 2 1 96, 32, 32
conv5/dw 3 2 1 96, 16, 16
convb/sep 1 2 1 128, 16, 16
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Table 2 Types of motion fields included in the PIV dataset

Case name Description Quantity
Uniform Uniform flow 1000
Back-step Backward stepping flow 3200
Cylinder Vortex shedding flow over a circular cylinder 2050

DNS-turbulence Ahomogeneous and isotropic turbulence flow 2000
SQG Seasurface flow driven by a Surface Quasi-Geostrophic model 1500
JHTDB-channel Channel flow provided by Johns Hopkins Turbulence Databases 1600
JHTIDB-mhd1024 Forced MHD turbulence provided by JHTIDB 800
JHTIDB-isotropic1024 Forced isotropic turbulence provided by JHTIDB 2000
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Table 3 Test errors on DNS

RMSE
Model
Train Test
LiteFlowNet 0.2250 0.2300
LiteFlowNet-en 0.0710 0.0730
LiteFlowNet-HD 0.0680 0.0682
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Table 4 Computation time of different models

Model Time /ms Number of vectors
LiteFlowNet 24.74 256 X256
LiteFlowNet-en 46.54 256 X256
LiteFlowNet-HD 41.98 256 X256
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