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Measurement of Moving Object Velocity and Angle in a
Quasi-Static Underwater Environment Through
Simulation Data and Spherical Convolution
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Abstract: In general, in order to operate an autonomous underwater vehicle (AUV) in an underwater
environment, a navigation system such as a Doppler Log (DVL) using a Doppler phenomenon of
ultrasonic waves is used for speed and direction estimation. However, most of the ultrasonic sensors in
underwater is large for long-distance sensing and the cost is very high. In this study, not only canal
neuromast on the fish's lateral lines but also superficial neuromast are studied on the simulation to
obtain pressure values for each pressure sensor, and the obtained pressure data is supervised using
spherical CNN. To this end, through supervised learning using pressure data obtained from a pressure
sensor attached to an underwater vehicle, we can estimate the speed and angle of the underwater
vehicle in a quasi-static underwater environment and propose a method for a non-ultrasonic based
navigation system.
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[Fig. 1] Experiment environment
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[Fig. 3] Simulation model

[Table 1] Simulation environment

Fluid, mesh information

Dimension 3D
Viscous model K-Epsilon
Material Water-liquid
Density 998.2 kg/m’
Temperature 293.15K
Viscosity 0.001003 kg/m * s
Boundary condition
Inlet Velocity-inlet (0.1 ~ 0.8 m/s)
Side, Target Stationary Wall (Roughness: 0.5)
Outlet Outlet-vent
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[Fig. 4] Comparison of simulation and experiment results by velocity
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[Fig. 5] Comparison of simulation and experiment results by angle
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[Table 2] Simulation data

X(m) Y(m) Z(m) Pa
-0.1 0 0 4936.21
-0.099 0.0029 -0.00395 4858.73
-0.099 0.0029 0.003955 4934.16
-0.099 -0.0029 -0.00395 4856.89
0.0995 -0.0029 -0.00396 4848.10
0.0995 0.0029 0.003963 4944.77
0.0995 0.0029 -0.00396 4895.12
0.1 0 0 4866.66
Z-axis

X-axis

[Fig. 6] Point cloud of pressure sensor attached to underwater
vehicle
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[Fig. 7] Equirectangular projection of Training data
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[Fig. 9] (A) Spherical convolution, (B) Vanilla convolution
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[Fig. 10] Comparison of MSE values of Spherical, Vanilla cnn
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[Table 3] Learning results of 662 Test data set
Velocity Pitch Yaw

Max 0.125 3.219 2.967

Mean 0.026 0.844 1.324

Min 0.0032 0.005 0.048
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