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Abstract

Velocity model building for prestack depth migration is difficult in complex structure land environments. With limited geological constraints,
sparsely sampled noisy seismic data, rough topography, and complex near surface, traditional automated methods often struggle to produce
reasonable models. We have historically relied on geoscience expertise to overcome these limitations. Over the last several years, we have
developed a method to predict PSDM velocities using a convolutional neural network (CNN). This iterative method uses an estimate of the
velocity model and corresponding migrated gathers to predict an updated model. We have tested this CNN on many field datasets, including
several examples from the Andes. The results are encouraging, with the CNN predicting velocities that both improve the seismic imaging and
agree with nearby well velocities. In addition to velocities, the CNN also provides uncertainty estimates that show how confident the neural
network is in its prediction. The uncertainty estimates tend to be high in areas of poor signal and/or complex geology. These are areas where
further geologic constraints are needed to stabilize the algorithm. As we have gained experience using the CNN for velocity prediction, we
have developed a workflow to combine our interpretative model building and machine learning methods. We have found that the CNN seems
to add the most value at depths between 200-2000m below the surface. This is often the most challenging portion of the model to build using
an interpretive approach. First arrival tomography provides an accurate model for the first few hundred meters below surface. By 2000m depth,
we typically have enough prestack signal to use seismic diagnostics (event continuity, gather flatness, etc) to refine our model. However,
between 200-2000m we often don’t have enough prestack information to guide our model building. This portion of the model is critical as it is
the lens through which we see the deeper data. Model inaccuracies at these depths lead to deeper imaging distortions that cannot be recovered
in the deeper model. We will show several examples of combining the CNN predicted velocities with interpretative model building to improve
imaging on complex structure land data. We will show how to use the uncertainty estimates to understand where more geologic constraints are
required. We will also discuss how we plan to advance this method going forward. Using this hybrid workflow, we can combine artificial
intelligence with our human intelligence to optimize velocity model building for the most challenging onshore environments.



