Fault Detection Based on 3D Seismic Images using an Integration of GCN and U-Net
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Abstract

Semantic segmentation is a computer vision task applicable to fault detection research using 3D seismic images. The FaultSeg3D method
employs a simplified U-Net network to predict fault probabilities. However, due to the convolutional kernels' limited receptive field, the
features extracted only represent the faults' local appearance. Merely increasing the model's depth does not optimally broaden the receptive
field to capture the macroscopic distribution of faults. Furthermore, in the fault network, which includes faults of varying scales and non-fixed
extension directions, the use of square convolutional kernels and regular image grids may affect the detection results for the extension direction
and continuity of small-scale faults. To address the issues mentioned above, we propose a fault detection method named GNU-Net, which
integrates U-Net with graph neural networks (GNN) as illustrated in Figure 1. This method comprises two modules: fault segmentation and
fault continuity analysis. The fault segmentation module performs semantic segmentation of faults based on 3D seismic images, while the fault
continuity analysis module captures the topology structure of the fault graph and analyzes their continuity. The innovations of this method
include: (1) A novel method for constructing fault graphs through vertex extraction and edge generation using grid-based 3D fault labels. This
method establishes three-dimensional coordinates for the 3D fault labels and grids them. Positions where faults intersect each grid are
designated as vertices, and edges between these vertices are generated in the velocity field formed after fault dilation, together constituting the
fault graph structure. (2) An enhancement to the FaultSeg3D method, we added a fault continuity analysis module based on Graph
Convolutional Networks (GCN). This module extracts hidden features from the U-Net network during the upsampling process based on vertex
coordinates, obtaining the feature matrix of the fault graph structure. It then performs information fusion between the fault graph structure and
the feature matrix to analyze fault continuity. (3) The modules for fault segmentation and fault continuity analysis are jointly trained and
optimized, with a redefined joint loss model that includes both segmentation loss and continuity loss. (4) We have proposed data augmentation
for fault topology, which transforms the coordinates of the vertex feature vector in the topology graph through a self-defined rotation matrix.
This method has been applied to the dataset described in the FaultSeg3D paper, achieving an accuracy of 97.39% on the test data and a Dice
Similarity Coefficient of 83.37%. Compared to the FaultSeg3D results, these figures represent improvements of 3.96% in accuracy and 15.07%
in DSC, respectively. Additionally, this method opens up a new avenue for research and a novel approach for the intelligent detection of 3D
seismic faults.



