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Abstract

Full Waveform Inversion (FWI) is a powerful geophysical imaging technique that generates high-
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resolution underground models by iteratively minimizing the mismatch between simulated and
observed seismic waveforms. In recent years, researchers have proposed some machine learning
and deep learning-based FWI techniques with the development of these methods. One such me-
thod is the physics-informed training-free frameworks for two-dimensional FWI (FWIGAN), which
combines the idea of generative adversarial networks with physics to automatically estimate
physically consistent models using unsupervised learning. However, the quality and stability of
the generated images still need to be improved. In this study, we introduced the zero-centered
gradient penalty (0-GP) to FWIGAN as a regularization technique for generative adversarial net-
works. This technique improves the stability and sample quality of the network by pushing the
discriminator towards the theoretically optimal discriminator. The new method, combining regu-
larization, is called Full Waveform Inversion with Zero-Centered Gradient Penalty (FWILP). Expe-
rimental results show that FWILP can improve model quality and convergence speed, making the
network more stable.
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Figure 1. FWILP network framework
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Figure 2. Data-driven
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Figure 3. Initial model and resampling model
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