DEEP LEARNING SEISMIC WAVEFORMS TO PREDICT SEA ICE PROPERTIES
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e The CNNs are trained on physically informed synthetic waveforms to infer Som Los .
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e Currently, we train on physics-informed synthetic data from the forward 1. Real Pulse g X
model to better control inverse problem complexity. i [ Input D . . :
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e Our forward model is restricted to the Hlexural wave, which is sensitive to b o S T g
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e Training inputs and targets are normalized per sample to |—1, 1] before

model input. 2. Wavenumber :
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o We focus on lightweight architectures, to ease later in-situ integration, see [3]. == ; block
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Transformer architectures are not considered due to high number of parameters.
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e We will explore integrating physical equations into the loss function (physics-informed neural networks, PiNNs).

Fig. 2. Wavetypes for different axes in a thin ice sheet. Note that iny the flexural wave exhibits ® NOH—diSprSiV@ longitudinal and shear waves will be used to better constrain source location estimation.

Fig. 3: Our forward model. Fig. 4: A simplified version of our CNN

dispersion. Shear and longitudinal waves are not suited for ice thickness estimation. e Once realistic experiments (e.g., Exps. 6-7) show promise, we will train on field data to evaluate generalization.

Pulses are derived from Svalbard field data. architecture, see |5].
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