Making Sense of Seismic Attributes: Attribute-Type Framework for Machine Learning Characterization
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Introduction Attribute Types

Self Organizing Maps — Volumetric Classification

Gaussian Mixture Models — Unsupervised Clustering
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Seismic attributes are different mathematical operations used to measure seismic traces’ various aspects. g "‘ . Amplitude attributes represent acoustic Time about horizon=0.28 (Pa LB Gaussian Mixture Models (GMM) offer a soft-clustering
Analysis of the different attributes enables geophysicists to find anomalies within seismic data that could L1100 e S~ i B , , q trasts (densit 4P iy o N e e e W) alternative where data points are assigned probabilistic
indicate geological objects of interest. Machine learning provides a means to summarize information from the ) A impedance contrasts (density and P-wave : g

membership across a predefined number of Gaussian ~ '@
distributions.

multi-dimensional aspects through quantitative pattern recognition—viewing the seismic signal from multiple velocity)

perspectives at once—and objectively point towards features that might be of interest.

Self-Organizing Maps (SOM) project the high-
dimensional seismic attribute space onto a two-
dimensional latent space, aggregating data
points that has similarity in attribute(s)
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Therefore, are often tied to changes in lithology or
fluid content. Attributes such as envelope or RMS

While many seismic attributes exist, several overlap in what aspect of the signal they describe. Selecting the amplitude are direct measures of signal strength
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approprlgte set of seismic attrlbute_s is crucial to optimally capture thg dlve.rse signal expressions that and can delineate features like bright spots or expression. Information Criterion) » ™
characterize subsurface heterogeneity and produce a useful multi-attribute image. amplitude terminations. Analysis is performedto ..
It produces a 2D color-coded map that reflects obtain the optimum

We present a targeted approach to attribute selection for unsupervised machine learning, aimed at quickly gradational transitions between classes, number of cluster — & D
visualizing and characterizing subsurface features. effective in capturing the continuous nature of S - :

SN ' geological facies, preserving interpretive T T o
We define four fundamental “types” of signal expression: ) _ s s er B0 8 Panercts) nuance whilst highlighting regions of similar

. ; N < &9 ST 5 on ] : signal characteristics.
Amplitude, Spectral, Structure, and Texture . L1100 hoo I, Ly Nt oy Spectral attributes reflect how the g

frequency content of the seismic wavelet
varies in space.

each are conceptually distinct and represent different mechanisms of how subsurface é
properties influence specific characteristics of the recorded seismic signal.
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We obtain two output volumes: Labels gives us the most fitting
cluster gaussian for the data point; Proba gives the degree of
membership of a data point to a cluster.

These variations captured here are typically due envelope, spectral magnitudes, K1, K2,
to the interaction of the strata with the moving o co-rendered with

wavelet that could indicate stratigraphic
complexities such as bed thickness (e.g., tuning
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We demonstrate this framework on the Kokako3D seismic dataset
from the Taranaki Basin, New Zealand, focusing on the Neogene
Deepwater Mass Transport Deposits.
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Structure attributes evaluate the
spatial organization of reflectors.
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Attributes such as curvature (K1 and K2) or This method is particularly effective for geobody
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Similarity/Variance highlights structural
edges and is useful to make visual
boundaries for facies distribution on the
maps.
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Slope progradation/anticline growth

(Huang, 2018)
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Methodology

Future Work

Although, by definition, it conforms alongside the

Horizon Interpretation KOS PR— Structure attribute type, we did not include this - g
attribute for the clustering algorithm as it 16Hz
R e e seismidttributes marks not the seismic facies itself but the Now that we have the signal expressions well represented for machine learning pattern .
Zone ofinterest algoritiyn: gst/ss termination/edges of seismic facies/feature and recognition, our next step is to assess from the resulting clusters itself what attributes is
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