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Fig.1 Structure of U-net convolution neural network
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Table 1 Experimental condition parameters table
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Fig.3 Data augmentation results
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Fig.4 The loss curve of model training
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Table 3 Model indicators before and after data expansion

. LI RS
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AR )5 After augmentation 0.984 0.986
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Fig.6 Segmentation results of illumination water surface by two image segmentation methods
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Fig.7 Comparison of water surface measured by three methods
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Fig.8 Comparison of relative errors of wave height and period
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Research on Wave Measurement Method Based on U-Net Convolution Neural Network

Ren Zhiwei!"?, Chen Songgui’, Wang Shoujun', Wang Jiawei'"?
(1. National Demonstration Center for Experimental Mechanical and Electrical Engineering Education, Tianjin University of
Technology, Tianjin 300384, China; 2.Tianjin Research Institute for Transport Engineering, National Engineering Labora-

tory for Port Hydraulic Construction Technology, Tianjin 300456, China)

Abstract: Aiming at the problem that the water movement leads to the decrease of the accuracy of the
measurement results of the electronic sensing device and the problem that the threshold segmentation
method cannot measure the wave surface in the illumination scene. This paper proposes a wave measure-
ment method based on U-net convolution neural network, which overcomes the impact of water move-
ment on the measurement accuracy of electronic sensing devices and the deficiencies that the illumination
from water surface has a great impact on the threshold segmentation. Firstly, the wave motion images
are recorded by the high-definition camera in the water tank. Secondly, the U-net convolution neural
network is used to segment the wave images, and then the water level data information is extracted. Fi-
nally, the wave height and period are obtained. Based on pixel recognition results, the maximum relative
error of U-net method is 2.25%, which is smaller than that of the wave gauge with 4.15% maximum
relative error. The results show that the relative errors of the average wave height are less than 2.5%,
and the errors of the average period are within 1%. Therefore, the measurement method based on U-net
convolution neural network can be used for laboratory wave measurement.

Key words:  U-net convolution neural network; threshold segmentation; image segmentation; wave

height; wave period
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