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Introduction
In Part 3b of this short course we described a deterministic way to enhance faults in 3D data
volumes. The deterministic steps included computing coherence, applying a structure-oriented
median filter to enhance stratigraphically aligned anomalies, and then subtracting those
smoothed anomalies leaving the steeply dipping fault anomalies behind. We then estimated the
orientation of hypothesized faults using the eigenvectors of the 2 nd moment inertia tensor. The
anomalies were then smoothed parallel and sharpened perpendicular to the hypothesized fault
using a directional Laplacian of a Gaussian filter. After one or more iterations these results were
then subjected to a final skeletonization filter. Phew! Even though we understand what each step
does, that is still a lot of steps!
Convolutional neural networks employ a very different strategy. Here, the human interpreter
examines a volume of seismic data whether it be idealized synthetics or a real data volume, and
explicitly defines all the faults in the data. The data are broken up into pairs of sub cubes on the
order of 128×128×128 voxels. The seismic amplitude data subcutes are called “samples” and the
fault sub cubes are called “labels”. The goal of convolutional neural networks is to mimic the
original seismic interpreter and define a relationship between the amplitude data and fault label
volumes. These relationships take the form of 3D convolutional operators followed by nonlinear
processes similar to scaling and thresholding call activation. The coefficients of the convolutional
operators needs to be “learned” by the algorithm by iteratively comparing the predicted results
to the baseline labels. Each of these convolutional followed by activation steps is called a neuron.
The output of each neuron is very much like a seismic attribute, except that we do not know
beforehand what physical relationship or property they might measure. There are several
applications of neural network. In this section, we will address the issue of segmentation,
specifically, where each voxel is divided into two classes: (1) a fault, or (2) not a fault.

AASPI Implementation
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The current (2021) implementation is based on software written in python that runs a Googlesupplied package called TensorFlow, and training data provided either as one of the steps, or for
this exercise, from a suite of synthetics generated by Xinming Wu (Wu et al., 2019). Because it
runs using TensorFlow, the application will not run across different processing nodes (machines).
Rather, it runs in two modes: (1) on a graphics processing unit (GPU), or (2) on a single node. In
this latter case our current implementation will use all of the processors on that node. At present,
we have not yet learned how to limit the number of processors used to allow computation in a
shared supercomputer environment.
To begin, find the Machine Learning Toolbox tab on the aaspi_util GUI. Then, drop down and
successively choose Deep learning, CNN fault identification, and CNN fault prediction. The other
steps are prototyped but require extensive human interpretation in order to generate the
training data.

The following GUI will appear:

First, enter a seismic data volume. As with attribute-based mapping of faults, we find that data
conditioning helps in machine-learning prediction of faults, both for shallow learning algorithms
like probabilistic neural networks and deep learning algorithms like convolutional neural
networks. In my case, I enter a spectrally balanced input data volume. The next two input lines
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define the input from a previously trained CNN and will show up with the default model built by
Xinming Wu. The first *.json file is in ascii format and defines the steps of the network. You can
open it up in an editor. The first few lines look like this:
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The second *.h5 format files contains the weights of the previously trained CNN. The training
samples for this model were 128×128×128 voxels in size. The predicted output volumes will
therefore also be 128×128×128 voxels in size. To minimize edge effects, we apply a linear taper
along the edges of all six faces of the hexahedron to avoid edge effects, choose the samples so
that it overlaps (in this case by 32 voxels) with adjacent samples, and sum the results. The effect
of varying levels of overlap on edge effects and computation time are summarized in the
documentation.

Results
I click the Execute button and let the program run. There is less verbose output than for most of
the AASPI software (where Marfurt makes lots of mistakes and needs to track them down),
although there are some print statements I inserted in the python script. The F3 data volume was
broken into 350 overlapping 128×128×128 voxel “samples” or blocks of data. Running on ALL of
the 120 processors on our largest Linux server, the process took at total 0.27 hours, or about 16
minutes to complete. You will need to scale your computation time appropriately. On Windows,
the software runs on an Nvidia GPU. As of August 2021, we have a new smaller Linux server with
a large GPU. The machine is still being configured; we will report on that performance in the next
3 months or so.
There are two output files. The first provides the tapers applied to each 128×128×128 voxel
sample. Here I show an inline slice. Because of symmetry, the other orientations are identical.
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The second file contains the fault prediction, which I compare it to coherence to form a baseline
(both workflows used the preconditioned data as input):

Attribute-Assisted Seismic Processing and Interpretation – 9 August 2021

Page 7

AASPI Hands-on ML Short Course - Part 3. Dimensionality Reduction and Projection Techniques

Attribute-Assisted Seismic Processing and Interpretation – 9 August 2021

Page 8

AASPI Hands-on ML Short Course - Part 3. Dimensionality Reduction and Projection Techniques

Skeletonization
This image needs some sharpening. To do so, I need to know the orientation of the faults. I
therefore use the CNN fault prediction as input to AASPI program fault_enhancement:
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and obtain the following images:
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Now that the fault dip magnitude and dip azimuth are computed, I can run these results through
AASPI program skeletonize3d and obtain these results:
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Using AASPI program corender to plot the skeletonized CNN fault probability with the fault dip
azimuth and fault dip magnitude gives the following image:
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Corendering the CNN fault probability with the conditioned seismic amplitude gives this image:
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