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Seismic Anomalies from SOM

Ecourse Presentation - Cleaned Transcript


Note on this transcript: the recorded content of this session closely parallels the "Choosing Attributes for Machine Learning" session (the same DHI, attribute space, and PCA material is presented, in largely the same order). The session's own introduction and closing recap reference additional topics, specifically the eigenspectrum as a bar graph of eigenvalues, eigenvalue cutoff selection, SOM as an encoding/decoding dimensionality-reduction tool, and a histogram of Euclidean distances tied to seismic anomaly detection and data mining, that are not actually explained in the recorded portion of this transcript. Those topics are flagged here rather than elaborated on, since the transcript itself does not contain that material.
Overview
This session begins with a discussion of variance: data with no variance contains only a single value and thus carries little information. The eigenspectrum, a bar graph of eigenvalues, reveals how information falls off as the number of dimensions increases. The session covers how to pick an eigenvalue cutoff and, for each eigenvector, select applicable attributes. SOM is discussed as a dimensionality-reduction tool, including the concepts of encoding and decoding. The importance of winning neurons for training samples and the low probabilities associated with distant samples are also discussed; low-probability samples may indicate anomalies associated with hydrocarbons. Data mining is addressed as well.
Attribute Selection Philosophies and DHI Indicators
As in the related session on choosing attributes, interpreters commonly fall into different camps: preferring fully independent attributes, tolerating some redundancy to help capture subtle features, or simply following a prescribed recipe of attributes. Rocky Roden and Qingwen's paper in First Break (Table 3) relates a number of instantaneous attributes to DHI indicators. The four top DHI indicators discussed are: anomaly conformance to down-dip structure, character change at the down-dip edge (fluid contacts), and consistency of the anomaly with the mapped target objective.
What Is Missing in Attribute Space
As discussed in the companion session, attribute space contains no wavelets, no wavelet phase, no frequency bandwidth, no Nyquist frequency, no low-frequency trend (for classification purposes), no sample intervals, no time shifts, and no classical wavelet-interference resolution limits. There are no physical laws or wave equations governing relationships between attributes, and both coherent and random noise are present everywhere, indistinguishable from signal. Because of this, the tools used are fundamentally statistical, and results must be carefully checked, since it is possible for the process to identify only statistical noise (illustrated again by the chickens-and-snakes cautionary example: shared superficial traits do not imply a real relationship).
Starting from a Geologic Question
The recommended approach starts with a geologic question, avoiding both pure analog hunting (all geology, no science) and pure rock physics divorced from adequate well control (all science, possibly no geology).
Recommended Steps for Selecting Attributes
1. Select the geologic question.
1. Prepare a long list of candidate attributes.
1. Compute all attributes from a single base survey.
1. Run PCA to refine the attribute list.
1. Run SOM to search for natural clusters.
Principal Component Analysis (PCA)
PCA estimates linear correlations between pairs of attributes using the covariance matrix (pairwise zero-lag cross-correlations of normalized attributes).
Two-Cluster Example
Using two Gaussian-distributed synthetic attributes and two well-separated clusters of 1,000 samples each, the first principal component pointed at roughly 45 degrees, with roughly equal contribution from each attribute (about 50.19% and 49.81%) and a large eigenvalue (about 4.72), representing high variance. The second, perpendicular principal component had a much smaller eigenvalue (about 0.2). Projecting the data onto either individual attribute, or onto the first principal component, clearly resolved the two clusters; projecting onto the second principal component resolved almost nothing. Because the first eigenvalue was so much larger than the second, and both attribute components of the first eigenvector were large, both attributes were judged important, and the second principal component could be disregarded.
Six-Cluster Example
With six natural clusters, no single attribute or principal component direction could cleanly resolve all six; the first and second eigenvalues were not very different from one another, indicating no single dominant separating direction. This does not mean SOM would fail on the same data. Running SOM with a sufficient number of winning neurons (six, or more if some clusters must share neurons) would be expected to resolve all six clusters, illustrating that SOM can succeed where PCA's purely linear approach cannot.
PCA Summary
PCA identifies a new coordinate system (eigenvectors) for multidimensional data, with as many coordinate directions as there are original attributes. The first coordinate direction points toward the maximum data variability (information); the second, perpendicular to the first, points toward the next-highest variability, and so on. Each eigenvector has an associated eigenvalue representing the variability along that direction. PCA is described as a guide, not a definitive answer: a linear transformation process using orthogonal vectors that helps assess whether an attribute list is suitable, based on the principle that variability equals information, since without variance there is no information to be gained.
Summary
This presentation's closing recap describes PCA's classic interpretation as a dimensionality-reduction tool: cutting off attributes with low-information eigenvalues reduces the dimensionality of attribute space accordingly, with eigenspectrum analysis assisting in that selection process. SOM is also described as providing dimensionality reduction, since classification reduces data from the full set of selected attributes down to a set of winning neurons arranged in two-dimensional topology space. A histogram of Euclidean distances is described as revealing the distribution of near and distant samples, along with their probabilities of a good fit, with low-probability SOM samples identified as potential seismic anomalies. Finally, the recap emphasizes that data quality matters more than the choice of algorithm, that machine learning and training must directly address the interpreter's actual questions, and that querying seismic data with machine learning and statistical tools should be reliable and as easy to use as the web. As noted above, the detailed explanation of the eigenspectrum, encoding/decoding, and the Euclidean-distance-histogram/anomaly-detection material referenced in this recap is not present in the recorded portion of this transcript.
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