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Abstract

Detecting faults in seismic data is one of the major tasks for seismic structural interpretation and reservoir characterization. In recent years,
deep learning has been largely applied to seismic interpretation, including to fault detection, to assist interpreters in their extensive manual
labor. Most of these works on fault detection exploits tridimensional seismic data. However, 3D seismic surveying is still an expensive process
and thus 3D data is not always available, specially in early stages of exploration. Moreover, 3D deep learning models are computationally
expensive, both for training and prediction, and a considerable effort is required to build the dataset to train them. In sight of such difficulties
regarding 3D data, this work focuses on detecting faults only with bidimensional seismic images. We perform several test cases on two
literature models: the well-established U-Net (convolutional neural network) and the recent Seismic Foundation Model (SFM) based on
Transformers. We compare their performance on four training setups, by varying training dataset (only synthetic data or a mix of synthetic and
field data) and data augmentation (with or without). As training field data, we use the public labeled dataset from Thebe Gas Field, Australia.
We evaluate prediction performance on field data from Netherlands F3 and offshore Louisiana. We employ precision, recall and F1-score as
assessment metrics to evaluate fault segmentation results. We noted that using field data during training increased precision and slightly
decreased recall, while the use of augmentation decreased precision while increasing recall. And, in general, U-Net has better precision and F1,
while SFM presents better recall. In practical terms for seismic interpretation, a good segmentation consists of moderate thickness of faults,
continuity along the fault line/plane, and few false positive artifacts so as to minimize postprocessing intervention. According to such terms, we
observe better visual results for U-Net, which highlights the importance of precision over recall when evaluating faults. We also compare the
results of 2D segmentation with 3D segmentation methods MD loss network and FaultSeg3D. MD loss network, which is trained with both
synthetic and field data, produced results comparable with and in some cases even better than the tested U-Net. This highlights the advantage
of considering the surrounding 3D information when detecting faults, although 3D seismic data might not always be available.



