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Overview 
 
The AASPI machine learning toolkit imposes a consistent structure onto what are often 
considered to be very different projection, clustering, and/or classification algorithms. This 
structure allows an interpreter the opportunity to compare the results of alternative 
classification schemes using the same training data, the same attribute scaling, and the same 
validation data to better understand which algorithm works best for the data volume at hand. It 
also provides a similar look and feel to the diverse collection of algorithms. The following flow 
chart summarizes the previous steps in our machine learning toolbox prior to applying either 
projection techniques (PCA, ICA, SOM, GTM) or clustering techniques (K-means, GMM, PNN) to 
the full attribute data volumes. Supervision (if any) has been previously computed using program 
create_model. In this specific flow chart we have used polygons for training to bias the algorithm 
towards facies of interest rather than use a decimated version of the entire input data volumes: 
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Computation flow chart for PCA and ICA projection algorithms 
 
PCA and ICA are projection algorithms so that output data are projections onto the M N-
dimensional axes defined as the trained model. The creation of facies is done either through 
visualization of three of the components using program corender or by drawing polygons on a 
crossplot of two of the components using program crossplot: 

 

Computation flow chart for PNN and GMM clustering algorithms 
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PNN and GMM are clustering algorithms so that the output data are the most likely cluster, the 
probability of the most likely cluster, and the probability of each of the M facies. 
 

 
 

Output file naming convention 
 
Program aaspi_machine_learning_perform_classification will always generate the following 
output files: 
 

Output file 
description File name syntax 

Program log 
information 

machine_learning_perform_classification_unique_project_name_suffix.log 

Program 
error/completion  
information 

machine_learning_perform_classification_unique_project_name_suffix.err 
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where the values in red are defined by the program GUI. The errors we anticipated will be written 
to the *.err file and be displayed in a pop-up window upon program termination. These errors, 
much of the input information, a description of intermediate variables, and any software trace-
back errors will be contained in the *.log file. 
 
Additional files depend on the type of classification performed. For the PCA projection algorithms 
there will be the following files: 
 

Output file description File name syntax 

Data projection onto the nth 

eigenvector (i.e. the nth 
principal component) 

pca_projection_n_unique_project_name_suffix.H 

Reconstructed attribute pca_reconstructed_attribute_name_unique_project_name_suffix.err 

 
 
where there will be M≤N principal component volumes. These M principal components can be 
used to reconstruct a filtered version of the N input attribute volumes. A similar naming 
convention is used for independent component analysis: 
 

Output file description File name syntax 

Data projection onto the nth 

independent component 
axis 

ica_projection_n_unique_project_name_suffix.H 

Reconstructed attributes ica_reconstructed_attribute_name_unique_project_name_suffix.err 

 
 
 For PNN classification you will obtain the following files: 
 

Output file 
description File name syntax 

Facies prediction 
(most likely 
facies) 

pnn_facies_prediction_unique_project_name_suffix.H 

Probability of 
most likely facies 

pnn_facies_max_probability_unique_project_name_suffix.H 

Probability of 
each facies 

pnn_facies_probability_of_facies_name_unique_project_name_suffix.err 

 
where for N facies the values of the pnn_facies_prediction file will range from 1 to N. There will 
be N pnn_facies_probability  files, one for each facies. A similar naming convention is used for 
Gaussian mixture models: 
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Output file 
description File name syntax 

Facies prediction 
(most likely 
facies) 

gmm_facies_prediction_unique_project_name_suffix.H 

Probability of 
most likely facies 

gmm_facies_max_probability_unique_project_name_suffix.H 

Probability of 
each facies 

gmm_facies_probability_of_facies_name_unique_project_name_suffix.err 

 

Invoking the perform_classification GUI 
 
The last step of AASPI machine learning workflow is to apply a model to the input attribute 
volumes and classify each voxel. Under aaspi_util, select the Machine Learning Toolbox tab, drop 
down to the Shallow learning tab, then the Unsupervised learning tab, , the Projection techniques 
tab, then finally the Project input data tab:  
 

 
 
 

 
Click (2) to browse to an AASPI-formatted model file (3). By default, unique project name, suffix, 
classification type, classification algorithm (4), and input attribute list (5) are automatically 
loaded from the model history information. You can change them if needed. However, be careful 
when changing the input attribute list, as the order of the attributes must be kept the same, 

5 
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4 
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and all input attributes must have the same geometric configuration (i.e. same number of 
samples, crosslines, and inlines). Normally you don’t want to modify the detected attribute list, 
UNLESS you perform training data generation from a cropped version of your data, and now 
want to apply the model to the entire data. In that case, you can either make a separate text 
file, listing the new input attribute volumes (in correct order) and load it to the table (6), or 
modify each item in the list individually and save the modified list for later use (7). 
 
If you want to reset to default attribute list, click Rescan button (8). 

 
 
Then go to Parallelization parameters tab (10) and set up parallel processing parameters. Hit (11) 
Execute classification to perform classification. 

Theory 
 
The theory behind each of these classification algorithms is described in the Machine Learning 
create_model documentation earlier in the unsupervised classification workflow shown in the 
Overview flow chart. 

Examples 
 

Example 1: PCA facies classification of attribute volumes 
  
The most common way to view the results of PCA and ICA projection is to map three of the 
principal component volumes against red, green, and blue using aaspi programs corender or 
rgb_cmy_plot or to plot them against RGB or CMY on your commercial interpretation 
workstation software.   Ha et al. (2021) carefully evaluated the importance of properly scaling 
the data before classification. Here they  show principal components  1, 2, and 3 from the New 
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Zealand Waka3d data volume described in the analyze_input and create_model steps of the 
AASPI machine learning toolbox. 
 

 
 

Example 2: PCA vs ICA classification of attribute volumes 
 
Lubo et al. (2019) use the workflow described above to classify multiple attributes using both 
PCA and ICA projection techniques. Here is a horizon slice through the first three principal 
component volumes: 
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And here is the same horizon slice through three corendered independent component volumes: 
 

 
 
 
 

Example 2: PNN facies classification of attribute volumes  
 
Lubo et al. (2021) use this workflow and probabilistic neural networks to differentiate between 
salt and non-salt seismic facies. This image shows the prediction of the two desired facies: 
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(a) Predicted facies result from pnn_facies (b) Probability of salt facies from pnn_facies 
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whereas the following images show the probability of the salt facies at each voxel: 
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Example 4: PNN used to predict faults 
 
Mora et al. (2022) compare fault prediction between image processing applied to coherence, 
PNN, and deep learning convolutional neural network algorithms. We show their PNN result 
here: 
 

Salt #1 

100 

0 

Probability (%) 
Salt #1 

t = 1.78s 



Machine Learning Toolbox: Program perform_classification 
 

Attribute-Assisted Seismic Processing and Interpretation     25 August 2022 Page 13 
 

 
 

References 
 
Guo, H., K. J. Marfurt, and J. Liu, 2009, Principal component spectral analysis: Geophysics,74, P35-

43. 

Ha, T., S. Lubo-Robles, K. J. Marfurt, and B. C. Wallet, 2021, An in-depth analysis of logarithmic 
data transformation and per-class normalization in machine learning: Application to 
unsupervised classification of a turbidite system in the Canterbury Basin, New Zealand, 
and supervised classification of salt in the Eugene Island minibasin, Gulf of Mexico: 
Interpretation, 9, T685-T710. 

Lubo-Robles, D., and K. J. Marfurt, 2019, Independent component analysis for reservoir 
geomorphology and unsupervised seismic facies classification in the Taranaki Basin, New 
Zealand: Interpretation, 7, SE19–SE42. 

Lubo-Robles, D., T. Ha, S. Lakshmivarahan, K. J. Marfurt, and M. J. Pranter, 2021, Exhaustive 
probabilistic neural network for attribute selection and supervised seismic facies 
classification: Interpretation, 9, T421–T441.  

Mora, J. P., H. Bedle, and K. J. Marfurt, 2022, Fault enhancement comparison between coherence 
enhancement, probabilistic neural networks, and convolutional neural networks in the 
Taranaki Basin area, New Zealand: Interpretation, 10, SE1–SE19.  

Zhao, T., V. Jayaram, A. Roy, and K. J. Marfurt, 2015, A comparison of classification techniques 
for seismic facies recognition: Interpretation, 3, SAE29-SAE58. 

 

 


