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2D Colormaps, Colorbars, and SOMs
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Overview
In supervised machine learning classification, labels are attached to input samples that may be used as training samples. Reclassification involves changing labels to clean up noise or simplify interpretation. This presentation discusses k-nearest neighbor (KNN) classification, color maps for seismic amplitude and other attribute displays, and how color choices can enhance interpretation and reveal natural clusters.
Classification vs. Reclassification
A machine learning classifier attaches a label (for example, a color) to every sample in a survey. If a SOM uses a 5x5 neuron grid, that produces 25 possible labels, or "buckets." In a facies classification example with 8 seismic lithofacies, hand-picked polygons defined training samples for each of the 8 buckets. The output of any classifier, whether CNN, encoder-decoder, or SOM, is fundamentally a set of labels.
Importantly, picking training samples for supervised learning is itself an act of classification: a human manually assigns samples to buckets (facies) before any machine learning occurs. Unsupervised machine learning, by contrast, requires no pre-picked training samples; the algorithm discovers structure on its own.
Reclassification means changing the labels that have already been assigned. This happens more often than might be obvious. For example, in the salt segmentation problem discussed in the prior presentation, human-picked training samples fed into a CNN produced a new, refined set of labels; this is itself a reclassification, since the original human-assigned classification was transformed into a new classification by the machine learning process.
Why Reclassify?
1. To go from initial training-sample labels to a refined deep-learning classification.
1. To clean up noise (separating geology from noise or unrelated features).
1. To consolidate and simplify interpretation.
1. To perform detailed reclassification within a portion of an already-classified survey. For example, if a stream channel is spotted within a previously classified facies on a stratal slice, that facies region can be reclassified again (using the same or a different algorithm) to reveal additional detail. This is sometimes called "SOM on SOM."
K-Nearest Neighbor (KNN) Reclassification
KNN is introduced as a reclassification technique. Given an existing classification (for example, a boundary between red and blue samples, including a small isolated "island" of two samples), the value of k determines how the boundary is redrawn:
1. k = 1: equivalent to using the nearest winning neuron; this is essentially the original SOM (or deep learning) classification.
1. k = 3, 5, 7: as k increases, the boundary changes and becomes progressively smoother; the small island shrinks and eventually disappears, and some samples near the boundary flip from one class to the other.
How KNN works: for every classified sample, find its k nearest neighboring samples, then vote among them to decide the sample's (re)classification. Samples deep within a classification region have neighbors that are overwhelmingly the same class, so nothing changes there. Samples near a boundary have mixed neighbors, so the vote can flip their classification. In this way, k acts as a "reach," and larger k produces a stronger smoothing effect on classification boundaries.
Worked Example: Six Natural Clusters, Ten Winning Neurons
A synthetic example generated six natural clusters, each with a known generating-function center (marked with a red plus). After SOM classification, ten winning neurons resulted, meaning some natural clusters were split across two or more winning neurons (for example, one cluster ended up divided into two parts, represented by different symbols). After applying KNN reclassification (which reassigned 116 samples), some of the split clusters were successfully merged back toward fewer, cleaner classifications, more closely matching the original six natural clusters.
Seismic Example: Stratton Field, 64-Neuron SOM
A Stratton Field line was classified using a full attribute set and a 64-neuron SOM (8x8). A time slice through a key reflection near a fault showed two separated blue regions in the original SOM classification. After applying KNN reclassification, these regions were visibly cleaned up. As with any filter, the choice of k can be overdone or underdone; results using this approach were presented at a recent SEG convention and remain an active area of investigation, though promising as an interpretation aid.
Color Bars
Color bars (or color scales) are commonly used for seismic amplitude displays, typically scaled symmetrically around zero. The number of colors used for a smooth transition is often not critical (for example, a display might use 256 colors).
Different attributes require different color bar ranges:
	Attribute
	Typical Range

	Amplitude
	Symmetric around zero (large negative to large positive)

	Envelope
	All positive values (zero to a maximum), since envelope is a vector length

	Phase
	-180 degrees to +180 degrees

	Frequency
	Set to the relevant band, e.g., 10-100 Hz, 10-80 Hz, or a narrower spectral decon band



Interpretation software should support manually setting color bar ranges to match the attribute being displayed, since the appropriate range is not always simply "largest negative to largest positive."
Pixels vs. Samples
The presenter notes a personal pet peeve: the word "pixel" should not be used to describe seismic samples. A pixel belongs to a camera or video display; a sample belongs to seismic data processing and interpretation. Interpolation between samples (which grows more visually noticeable as a display is zoomed in) can have a significant effect on displayed colors.
Classification Data Must Not Be Smoothly Interpolated
Classification results are inherently blocky by design (for example, 64 buckets from an 8x8 SOM), similar to reducing continuous 32-bit data down to a fixed set of 8-bit buckets. Because of this:
1. Smooth color interpolation is appropriate for smooth, continuous data (like raw amplitude).
1. Smooth color interpolation is inappropriate for classification data. Interpolating between classification buckets can create false colors that mislead interpretation.
1. Classification itself should be treated as its own attribute (for example, a "SOM classification" attribute), separate from the original amplitude data it was derived from.
An 8x8 hexagonal SOM classification example illustrated this: the neuron topology map (color map) associated with the classification should be shown alongside the classified image, just as a color scale is shown for continuous attribute data. Adjacent colors in the color map (for example, different shades of yellow) indicate winning neurons that are close together in attribute space, while distant colors (for example, yellow versus green) indicate winning neurons that are far apart in attribute space.
Color Maps vs. Color Bars
1. A color bar (or color scale) is one-dimensional, appropriate for continuous, single-valued attributes like amplitude.
1. A color map is two-dimensional, appropriate for classification attributes such as a SOM neuron topology, since it needs to represent the 2D arrangement of neurons.
Types of Color Maps
	Type
	Purpose

	Smooth
	Preserves the relationship that geobodies from adjacent winning neurons are similar in attribute space

	Random
	Maximizes visual contrast between adjacent geobodies, useful for tracking subtle boundaries

	Statistical auto-grouping
	A form of reclassification, grouping neurons whose statistical properties are similar

	Scaled properties
	Colors the neuron topology map by a scale value, such as sample count per neuron



Best-Practice Rules
1. Always display the relevant color bar (for continuous data) or color map (for classification data) alongside any seismic image. Never clip it off.
1. Never draw machine learning classification images using smooth color interpolation. A smooth color map itself is acceptable, but interpolating colors between classification blocks is not; each classification block should be drawn in its own unique, unblended color.
1. For a 2D neuron topology, the display should be accompanied by its corresponding 2D color map.
1. A different, custom color map can be substituted so long as it preserves the same number of distinct colors as there are neurons.
1. Regions of natural clusters in attribute space correspond to regions of the color map, and geologic features are often revealed by adjacent winning neurons.
Summary
Reclassifying an already-classified dataset can help refine interpretation. Color maps are two-dimensional, while color bars are one-dimensional. Displaying any classification attribute is special in two ways: classifications are inherently blocky, and the use of a proper color map is necessary. Because classifications are blocky, interpolated displays can introduce misleading artifacts, and geobodies represented by adjacent winning neurons cannot be properly discovered using a simple linear color scale. Different types of color maps assist with SOM neuron identification and grouping, and geologic features are often revealed by adjacent winning neurons in a color map.
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