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Overview
Natural clusters give rise to geobodies. Geological bodies found in seismic data include horizons, channels, AVO anomalies, and fault-fracture systems, among others. This presentation examines how multiple attribute values help define geobodies using self-organizing maps, discusses the role of the geoscientist in statistically analyzing multi-attribute geobodies, explains why SOM is an appealing learning machine, and describes the best kind of seismic and well data for machine learning.
From Natural Clusters to Geobodies
The central challenge remains recognizing winning neurons associated with real geologic geobodies, since that is ultimately where oil and gas will be found. The process runs from real geobodies, to natural clusters in attribute space, to machine-picked results, to estimated geobodies, and the estimated result may be accurate or may be poor; there is no way to know for certain in advance.
Known geologic geobodies already exist as concepts: horizons, channel systems, faults, fractures, karst features, sand bodies, and so on. Machine learning is intended to find these, given the right attribute selection list, but it will also find a certain amount of material that is not geologically meaningful. One useful fact to rely on: samples belonging to the same real geologic object tend to have similar attribute values. If machine learning identifies a natural cluster in attribute space, that cluster may correspond to no geologic objects, or to hundreds of them, but the cluster itself does share consistent statistics as a region of attribute space.
A natural cluster is best understood as a multi-attribute model of a geologic object. The Earth contains geologic objects of varying sizes, which are inferred through multiple seismic attributes. Because seismic data contains noise, this inference process is inherently imperfect, meaning the resulting attribute values must still be evaluated statistically by a geoscientist. The machine learning process cannot fully replace this human statistical evaluation.
A natural cluster is expected to correspond to multiple similar geologic objects, but the boundaries will be blurry and imperfectly resolved, due to the choice of attributes, noise, classifier behavior, and the number of neurons chosen (too many or too few). The practical workflow is to identify a natural cluster, then search the data for actual occurrences of the corresponding geologic objects to confirm whether they are real.
Why SOM Is an Appealing Learning Machine
No single machine learning method, including SOM, is presented as inherently superior; SOM has shown success, as have various deep learning algorithms, and each has value. Several properties make SOM appealing:
1. Dimensionality reduction: SOM tolerates high-dimensional attribute selection lists (arranged conceptually as a honeycomb of samples per winning neuron) due to its particular learning strategy, and it does a good job of preserving sample densities during the reduction. Other dimensionality-reduction methods exist for other purposes, but SOM is notable for preserving density.
1. Vector quantization: SOM searches high-dimensional space and finds and delivers natural clusters in attribute space; information stacks in that high-dimensional space, corresponding to geophysical reflections of geologic bodies.
1. Nonparametric: SOM makes no assumptions about Gaussian or other statistical distributions; it is agnostic to the statistical properties of the data.
1. Simplicity: SOM is straightforward to understand and run, and the underlying math is not especially difficult.
1. Dynamic, adaptive learning strategy: training begins with cooperative training (moving the winning neuron and its neighborhood together) and, after a number of epochs, transitions to competitive training (moving only the winning neuron).
1. Robustness with few parameters: SOM requires only about six training parameters, and practitioners generally do not need to tune them extensively; results are relatively insensitive to initial conditions.
1. Dimensional up-reach: once data is classified, the results can be readily placed back into the original three-dimensional space.
1. Flexible architecture: a number of different SOM variants have been developed and experimented with.
Reasoning Behind Natural Clusters
The reasoning behind natural clusters follows this chain of facts:
1. The Earth contains geologic objects.
1. These objects are inferred using multiple seismic attributes.
1. Seismic data contains noise, so the inference process is imperfect.
1. Because geology is visible in attribute displays, natural clusters form in attribute space as a result of geologic objects.
1. A number of similar geologic objects are expected to correspond to similar (but blurred, not perfectly resolvable) natural clusters.
1. Machine learning is used to identify these natural clusters, and the geoscientist then searches the data to confirm whether real geologic occurrences correspond to them.
Best Seismic and Well Data for Machine Learning
The best seismic data for machine learning has undergone optimum data processing: the best available surface statics, velocities, and imaging, along with wavelet processing that produces a symmetric wavelet with minimal phase errors, the broadest achievable bandwidth, and the best achievable signal-to-noise ratio. Better processing produces smaller, more distinct natural clusters in attribute space, which makes it easier for machine learning algorithms to identify and classify them clearly in the resulting Earth model.
Equally important is the best possible access to well data: headers, wireline logs, and lithofacies classifications. It is also important to assess well quality, including when each well was recorded and how the timing of well data and production relates to when the 3D survey was acquired. This timeline, tracking when wells were drilled relative to when 3D data was collected, is of growing importance.
In summary, the best possible data processing leads to the smallest, most distinct natural clusters, which in turn leads to a classification with the greatest clarity and highest resolution.
Summary
This presentation reviewed dimensionality reduction through SOM, whereby sample densities are preserved. A number of similar geologic objects tend to produce similar natural clusters, but because seismic data contains noise, some natural clusters remain blurred and unresolvable. Machine learning combined with statistical analysis by the geoscientist is used to identify the significant natural clusters within the data. SOM makes no assumptions about statistical properties and is robust, and SOM neuron topologies are adaptable to a wide variety of geological and geophysical problems. Finally, the best possible data processing leads to the smallest, most distinct natural clusters and improved SOM classification resolution.
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