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Automatic mask and velocity field calculation of particle
image velocimetry based on optical flow
convolution network
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Abstract: Particle image velocimetry (PIV) technology is a non—contact global velocity field measurement
technology. In the field of shipbuilding and ocean engineering, the particle images taken in the PIV experi-
ment often contain interference such as structure occlusion and free liquid surface, which needs to be masked
before the liquid phase velocity field is calculated. Therefore, it is of great significance to realize the automat-
ic masking of the interference area in the PIV image and the high—precision calculation of the velocity field
in the liquid phase area. In this paper, based on the optical flow convolutional neural network LiteFlowNet, a
deep learning model Mask—PIV-LiteFlowNet that can realize automatic mask and velocity field calculation

was designed. Furthermore, based on the PIV mask dataset of the object entering the water and on the PIV ve-
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locity field calculation data set, a data set was made to train and test. The test results show that the model can
effectively reduce the calculation errors of the velocity field near the boundary of the mask and can extract
small-scaled flow information of the flow field finely. Compared with the current advanced particle image ve-
locimetry deep learning model, the calculation accuracy was improved by more than 20%, and the calculation
speed was improved by 5.7%. Finally, the proposed model was tested with the actual images of the wedge—
shaped body entering the water and the carp swimming PIV, verifying that the model has a strong generaliza-
tion ability.
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Fig.1 LiteFlowNet architecture (The input of the model includes a pair of particle images, and the output

is composed of the estimated values for the velocity field)
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Fig.4 Data set production process of partially occluded particle image—speed field
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image and velocity field
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Tab.2 Root mean square error(RMSE) test results of different models
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Tab.3 Parameters of particle image in Fig.6
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Fig.6 Visualization of particle image test results for artificially synthesized structured” particles
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Tab.4 Calculation schedules for different models
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Fig.7 Comparison of PIV experimental results of wedge—shaped body entering water
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