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1. Introduction 2. Forward Model: 2D Shallow Water Model 3. 2D CNN Inverse Model

Aim Difficulty Model Formulation Turb2d: Horizontal 2D Model of Turbidity Currents reliivoleadl Convolutional Neural Network connected with Fully Connected Layers
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Fig. 1. Concept of the inversion by the
neural network. Numerical

Over 300 simulation runs produced pairs of bed thickness and flow initial

where U, V are layer-averaged horizontal velocity components. C' is

Environment and Calculation Settings

' Tal simulation was repeated to obtain a sediment concentration, and h denotes flow height. R is submerged . . . 5 .
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(https://github.com/narusehajime/turb2d.git)

4. Training and Verification 5. Results from Incomplete Data 6. What's next? Numerical simulation and core sample
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original grids were subsampled, and the entire distribution was estimated by ordinary Kriging. Then, interpolated data were
analyzed by the inverse model. As a result, even though results from subsampled data scattered largely comparing the original phenomena.
result, they still keep reasonable precision.
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