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Abstract

Full-Waveform Inversion (FWI) is the current standard method to determine final and detailed model parameters
to be used in the seismic imaging process. However, FWI is an ill-posed problem that easily achieves a local
minimum, leading the model solution in the wrong direction. Recently, some works proposed integrating FWI with
Convolutional Neural Networks (CNN). In this case, the CNN weights are updated following the FWI gradient,
defining the process as a Physics-Informed Neural Network (PINN). FWI integrated with CNN has an important
advantage. The CNN stabilizes the inversion, acting like a regularizer, avoiding local minima-related problems
and sparing an initial velocity model in some cases. However, such a process, especially when not requiring an
initial model, is computationally expensive due to the high number of iterations required until the convergence. In
this work, we propose an approach that relies on combining supervised learning and physics-informed by using
a previously trained CNN to start the DL-FWI inversion. Loading the pre-trained weights configures transfer
learning. The pre-trained CNN is obtained using a supervised approach based on training with a reduced and
simple data set to capture the main velocity trend at the initial FWI iterations. The proposed training process is
different from the initial works on the area which obtained the velocity model from the shots in supervised
learning tasks, and that required a large amount of labeled data to ensure reasonable model predictions. We
investigated in our approach two CNN architectures, obtaining more robust results and a reduced number of
parameters when using a modified U-Net. The method was probed over three benchmark models, showing
consistently that the pre-training phase reduces the process's uncertainties and accelerates the model
convergence using minimal prior information. Besides, the final scores of the iterative process are better than the
examples without transfer learning. Thus, transfer learning solved one main limitation of the previous PINN
approaches: the unfeasible number of iterations when not using an initial model. Moreover, we tested the
method using data with low-frequency band limitations, since the lack of low frequencies is a common issue
within real seismic data. The inversion converges to reasonable results probing the method's robustness with
restricted frequency content.
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