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Introduction

The final goal of seismic exploration is to make a
reservoir model to understand the specific reservoir
properties and map the heterogeneities present in the
reservoir. The final hydrocarbon production depends on the
porosity, permeability, fluid saturation and the extent and
thickness of the reservoir. While the well data are sparse, the
3D seismic data cover a large area. The goal of the seismic
interpretation is thus to interpolate and extrapolate the well
data using the seismic data.

Since the seismic response depends on the
reflectivity of the underlying rocks, change in seismic
amplitude generally reflects change in the depositional
environment, lithology and fluid present in the rocks. The
description and interpretation of extracted seismic reflection
parameters which include geometry, continuity, amplitude,
frequency, and interval velocity, is known as seismic facies
analysis (Mitchum, 1977). Within a certain interval, the seismic
facies variation gives rise to changes in amplitude, phase
and frequency of the seismic reflection. The objective of
automatic clustering algorithm is to use such seismic as input
and extract the natural clustering of the underlying facies.

Coleou et al. (2003) and their colleagues were among
the first to publish SOM-based seismic waveform
classification using a 1D latent space. More recently, Matos
et al. (2009) showed the advantage of extending the latent
space to 2D and 3D (with corresponding 2D and 3D colorbars)
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in delineating channels of a turbidities reservoir from the
Campos Basin, offshore Brazil.

Several commercial products use the SOM algorithm
to perform seismic facies analysis. However in this current
paper we have approached a different coloring technique of
the clusters with 2D using a Hue, Saturation, Value (HSV)
Colorbar, which facilitate the visual identification of the
seismic facies. We begin our tutorial with a review of the
Kohonen Self Organizing map and the theory of cluster
analysis. We demonstrate the mechanics of the algorithm
using a simple 3D synthetic. Finally, we apply this technique
to a tabular salt minibasin tectono-stratigraphic province
(Diegel et al., 1995) of the northern Gulf of Mexico margin.

 Kohonen Self Organizing Map

Kohonen (1982) presented his clustering and
dimensionality reduction methods as a "self-organizing
process" whereby a "simple network of adaptive physical
elements" is made to resonate in a particular way with
externally provided signals (a "primary event space") and
tried to link these ideas with the functionality of the human
brains (Murtagh, 1995). This popular neural network method
was initially used in biology and computer science for data
mining purposes; much later it has been used for an automated
pattern-recognition technique in seismic exploration.

SOM (Kohonen, 2001) clusters data such that the
statistical relationship between multidimensional data is
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converted into a much lower dimensional latent space that
preserves the geometrical relationship among the data points.
Mathematically each SOM unit within the latent space
preserves the metric relationships and topologies of the
multidimensional input data. SOM Prototype Vectors (PVs)
or neurons have the same dimension as the input data (e.g.
12 dimensions for 12 amplitude values, or four dimensions
for four texture attributes). These PVs are arranged in a regular
low-dimensional grid or map (2D or 3D for our work), thereby
topologically connecting a PV to its neighbors. By
construction, SOM preserves the original topological
structure within this dimensional attribute space, making it
amenable for seismic facies analysis.

SOM Clustering Analysis

SOM closely relates to vector quantization methods
(Haykin, 1999). Initially we assume that the input are
represented by J vectors in a N dimensional vector space
Rn, xj=[xj1, xj2 , xj3 …. xjN ] where N is the number of
input attributes (or amplitude samples for “waveform”
classification) and  j=1,2,…,J is the number of  vectors
analyzed. The objective of the algorithm is to organize the
dataset of input seismic attributes, into a geometric structure
called the SOM. SOM consists of neurons or Prototype
Vectors (PVs) organized by a lower dimension grid, usually
2D, which are representative of the input data and have the
same dimension of the input seismic attributes. PVs are also
termed as SOM units and typically arranged in 2D hexagonal
or rectangular structure maps that preserve the neighborhood
relationship among the PVs, i.e., PVs close to each other are
associated with neighbors input data. The number of these
PVs in the 2D map determines the effectiveness and
generalization of the algorithm.Considering 2D SOM
represented by P prototype vectors mi, mi= [mi1, mi2…. miN],
where i=1,2,…,P and N is the dimension of these vectors
also being equal to the input vectors. The 2D SOM can be

understood as a 2D sheet with the interconnected PVs
imbedded on it. After assigning the PVs either in the
hexagonal (Figure 2b) or in rectangular grid, we train these
PVs (i.e., changing their individual weight values) in
accordance to the input data. After SOM neighborhood
training these PVs become clusters representing different
classes of the input dataset.To illustrate this complex
algorithm let us imagine a fanciful example. Figure 1(a) shows
some fruits that have different properties. Let us consider
two of their properties: their aspect ratio (shape) and peak
frequency (color) and group these fruits according to these
properties. After training, the fruits are arranged in three major
groups; round and red fruits, elongated and green, round
and blue, as shown in Figure 1(b). Now if we draw an analogy
with a 2D SOM grid map, PVs represent the fruits; the shape
and the color of the fruits are the attributes of the PVs and
these different attributes help to arrange them into different
groups of clusters.

Figure 2a shows 300 samples belonging to three
distinct Gaussian distributions with the same standard
deviation but different means. These 300 inputs vectors have
three attributes or dimensions (N=3). Each sample vector in
3D space is cross-correlated with itself and all other vectors,
resulting in a 3 by 3 covariance matrix. The first two Eigen
values of this covariance matrix define the 2D latent space,
which we shape with an 11x7 regular hexagonal (Figure 2b).
Thus the total PVs or the number of over-defined classes are
77 (P=77). Each of these individual PVs is denoted by mi  and
is of dimensionality 3 (same as the input vector). The weight
of the PVs associated with each lattice element i lying inside
the neighborhood radius σ (t) of the 2D map is updated with
successive trainings.

Along SOM training process, an input vector is
initialized and is compared with all N dimensional PVs on the
2D grid latent space. The prototype vector with the best
match (Winner PV) will be updated as a part of SOM

Fig.1 Example of different fruits illustrating unsupervised clustering analysis. (a) The unorganized fruits before training; (b) Clustering of the
fruits after training considering their two properties (color and aspect ratio).
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neighborhood training. Small neighborhood of PVs around
the “winner” prototype vector are also updated (Figure 3a).
It means the PVs lying within a distance of “σ(t)” is excited
and updated. With successive iteration, this neighborhood
radius decreases. Thus, the weight of the “winner” prototype
vector is brought closer to the input trace with the training.

With this background, the SOM training algorithm
can be sequentially written in the following steps (Kohonen,
2001):
Step 1: Consider an input vector, which is randomly or
systematically chosen from the set of input vectors.
Step 2: Compute the Euclidean distance between this vector

and all PVs, i=1, 2,…p. Then the prototype vector, which
has the minimum distance to the input vector, is termed as
the “Winner” or the Best Matching Unit,  (equation 1).

 x-mb   =MIN { x-mi   } ... (1)
Step 3: Update the “winner” prototype vector and its neighbors.
The updating rule for the weight of the i th PV inside the
neighborhood radius σ(t) is given by equation 2(a) and outside
σ(t) given by equation 2(b).

mi (t+1)= mi (t)+α(t) hbi(t)[x-mi(t)] if ri  - rb   <= σ(t)...(2a)
= mi(t) if ri  - rb   >= σ(t)...(2b)

where the neighborhood radius defined as σ(t) is pre defined for
a problem and decreases with each iteration t; rband ri are the

Fig. 2(a) A plot of samples corresponding to three normal Gaussian distributions with the same standard deviation but
different means. The red plus signs represents the original data points and the blue dots the Prototype Vectors
in 3D; (b) the initial unorganized PVs plotted on hexagonal grid.

Fig. 3 2D map of the PVs (a) before and (b) after the training. Around the "Winner PV" the larger green hexagon represents a
neighborhood at an early iteration while the smaller blue hexagon represents a neighborhood at a later iteration. The results
can be interpreted as forming three clusters, thus classifying the input data properly.



GEOHORIZONS  December 2010/9

position vectors of the winner PV mband the i th PV mi
respectively. We also define hbi(t) as the neighborhood
function, α(t) as the exponential learning function and T as
the length of training. hbi(t) and α(t) decreases with each
iteration in the learning process and they are represented by
the following equations 3 and 4,

hbi(t) = e _ (||rb  - ri||
2/2σ2(t) ... (3)

 ... (4)

The training of the PVs for the above dataset is
illustrated in Figure 3. The green hexagon represents a
neighborhood, σ(t) at an early iteration, while the smaller
blue hexagon represents a neighborhood at a later stage.
Although 77 prototype vectors are used, after training they
group themselves into three separate clusters in the 2D latent
space.

Step 4: Iterate through each learning steps (Step 1-3) until
the convergence criterion (which depends on the pre defined
lowest neighborhood radius) is reached.

Step 5: Project the trained PVs onto 2D latent space using
Principal Component Analysis, and color-code by using 2D
or 3D gradational colors (Matos et al. 2009). For 2D latent
space, we will use an HSV model with Hue, H

H  = tan-1 

and Saturation, S is defined as

S = 

where µ and ν are the projected components and the first two
unit length Eigen vectors V1 and V2 The input data contain
three separate classes. Thus figure 4a also shows three
separate clusters in this latent space. These new set of PVs
are colored by the 2D HSV colorscale with equations 5 and 6
(Figure 4b). This coloring scheme will be used for seismic
facies maps as discussed in the remainder of the paper.

Application of SOM on a synthetic data

To verify the effectiveness of the above workflow
for waveform classification, we apply it on the 3D synthetic
model shown in Figure 5. The 3D volume is composed of four
different waveforms shown in Figure 5c. The location of the
different waveforms A, B, C and D are highlighted both on
the map and crossline view (Figure 5a and b) of the synthetic
model. The data are sampled at 2ms, consist of 50 inlines by
26 crosslines and are 30ms (16 samples) long.

From the input 1300 traces, we mathematically define
a 26 x 7 grid corresponding to 182 PVs (Figure 6a), each 16
samples long.  The magnitude of each prototype vector after
SOM training eventually is modified to one of the classes
present in the original data. After training, these prototype
vectors on the 2D maps get the shapes of the different
waveforms present in the input dataset. These trained
waveforms are then plotted according to their original
location (Figure 6b).

Examining the Unified Matrix – essentially a distance
matrix formed from the trained PVs (Figure 6c) we note four
distinct blue areas separated from each other corresponding
to four different waveforms or seismic facies.

Fig. 4 Interpreter - based clustering by mapping a 2D latent space against a 2D colorbar. The trained PVs are projected in
a different (a) 2D latent space (here by Principal Component Analysis) and then (b) colored by the 2D HSV
colorscale using the equation for Hue and Saturation (Eqs: 5 and 6)
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Fig.5 The synthetic data with a sample rate of 2ms and consisting
of 50 inlines by 26 crosslines and are 30ms (16 samples) long
(a) Map view and (b) Crossline view. (c) The different
waveforms A, B, C and D plotted for their whole length; these
four waveforms are highlighted on both the map and crossline
view 6(a) and (b).

Fig.6(a) 2D map of the untrained PVs. (b) Line plots of the trained
PVs on 2D and re arranging them in order. (c) The Unified
Matrix (U-matrix) - a distance matrix formed from the trained
PVs, shows four distinct blue areas separated from each other
corresponding to the four different waveforms.

Fig. 7 Interpreter-based clustering by mapping a 2D la tent space against a 2D colorbar using PCA. The different input
waveforms A, B, C and D are thus colored differently. These colored PVs will be compared back to the input data and
different waveforms will be classified separately.

Project the trained PVs onto a latent space, defined
by Principal Component Analysis and color-coding using
the HSV 2D gradational colorbar with equations 5 and 6
(Figure 7). We see that the different waveforms fall into four
distinct clusters.

The resulting facies map shows four different colors
corresponding to the four different waveforms (Figure 8a) in
the input dataset. The waveforms are superposed on the 2D

map (Figure 8b) to show how the different colors are assigned
to the different waveforms. The waveforms with their
respective colors are explicitly shown in Figure 8c.

Application of SOM on a dataset from Northern
Gulf of Mexico

Our study area is within the tabular salt mini-basin,
tectono-stratigraphic province (Diegel et al., 1995) of the
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Fig. 8(a) The seismic facies map shows four different colors corresponding to the four different waveforms that constitute the
synthetic dataset. (b) The waveforms are superposed on the 2D colormap to show how the different colors are assigned to the
different waveforms. (c) These four waveforms are explicitly shown with corresponding colors assigned to it.

Fig. 9(a) Seismic section BB' showing the basin Floor fan (BFF) zone (b) stratal slices generated by co-rendering coherent energy and inline
amplitude gradient volume highlighting the basin floor fans and (c) the feeder channels (Sarkar et al., 2010)
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Northern Gulf of Mexico (GoM) margin. There are primarily
four depositional environments for deep water systems:
channels, thin bed-levees, basin floor fans or sheets and
mass transport complexes (MTCs). The sediments in the salt
minibasins follow in a “fill and spill” depositional process
(e.g., Winker, 1996) and this process preserves the basin floor
fan and channel-levee sediments.

A 100 km2 prestack depth migrated 3D seismic data
volume covers almost this entire salt minibasin. Sarkar et al.,
(2010) describes a suite of different MTCs preserving the
basin floor fan in the system. They co-render strata, slices of
coherent energy and inline amplitude gradient to highlight
the basin floor fans (Figure 9b) and their feeder channels
(Figure 9c). For our analysis we have taken 13 sample input
data above a flattened horizon above the MTC1 (Figure 9a)
in the basin floor fan zone. In the vertical seismic section BB’
the basin floor fan lies just below the horizon marked in yellow.
Our objective is to construct a seismic facies map to cluster
the different waveforms in the analysis zone.

Figure 10a represents the trained set of PVs which
are projected onto a 2D latent space constructed using PCA
projection. The HSV color is already applied to the trained
PVs. Figure 10b highlights a small part of trained PVs. Each
seismic trace from the input data is compared with all the
trained PVs using the same rule,

 x-mb’   =min { x-mi’   } ... (7)

where mi’ is the trained i th PV and x is the input data vector
and mb is the nearest PV to the input vector x. We find to
which PV the input seismic trace is most similar to (i.e. having
the minimum Euclidean distance). The input seismic data is
then assigned the color of mb’. Since trace 1 in Figure 10c is
most similar to the blue colored PV the location of trace 1 is
assigned blue and similarly traces 2 and 3 are assigned green
and red, respectively. Repeating the process for the input
seismic traces, we obtain the seismic facies map as shown in
Figure 11.

Figure 11a shows the seismic facies map after SOM
analysis of the basin floor fan deposits. This map represents
the 13 sample input dataset. Similar colors represent similar
seismic characteristics, with the 2D HSV colormap (Figure
11b) showing how different waveforms are assigned different
colors. Note the magenta waveforms are totally different when
compared to the green waveforms. The SOM thus colorcodes
different waveforms according to their similarities. The yellow
interpretations in Figure 11a are drawn to help better
understanding this map. From the works of Sarkar et al.,(2010)
we know that the feeder channel cuts through the shale and
form the fan deposits. Note that the feeder channels are
shown in green compared to the general blue (pelagic shale)
background. Generally coarser deposits form nearer and finer
deposits further away from the source, which can be seen
with the variation of the color (from brown to pink) in the
basin floor fan as we move across from east to west. Figure
11c is the overlay of the seismic facies map on the flattened

Fig. 10  Schematic representation of the generating a seismic facies maps from a set of (a) trained and colored PVs. (b) Highlighting a small set
of colored PVs. (c) The seismic traces 1, 2 and 3 get the color of that PV to which it matches the best. In a similar fashion we come up
with a colormap where different color represents different seismic waveforms representing different depositional facies.
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seismic section showing how different colors correspond to
the variation in the seismic waveforms. Thus the general
geologic nature of the subsurface can be understood from
this seismic facies map.

Discussion

If the seismic data are processed correctly, waveform
changes are associated with changes in stratigraphy. Thus
by “waveform classification” we can have a decent
knowledge of the subsurface geology and the reservoir
heterogeneities. This algorithm is also helpful when using
multi-attribute data as input to SOM. For that we can take
different correlating attributes for a required reservoir zone
and then run SOM on it to see the results (Roy et al., 2010).

The waveforms will be classified with the constraints being
the given correlating attributes.

However the results should be validated with the
logs from wells and they should be tied more accurately to
the rock physics properties. Then we will be able to
understand the physical reasons for the variation in colors in
the seismic facies map. A limitation to this 2D color mapping
is the folding of the PVs when plotted in the 2D latent space,
because of which multiple PVs can have the same colors. In
that case different classes may not be separated into different
colors.

Supervision into the SOM algorithm from the well
logs should result in  a more confident “waveform

Fig. 11 SOM clustering analysis. (a) Seismic facies map from SOM training considering 13 sample input seismic amplitude dataset.
The yellow interpretation in marked to help in visualizing the basin floor fan (BFF) and their feeder channels better.
There is a variation in the color within the BFF which can be inferred due to the change in depositional nature within the
fan. The pelagic shale deposits are represented by the general blue background. (b) The 2D HSV colorbar shows different
colors are assigned to the different waveforms. The waveforms to which the green color is assigned is different from the
waveforms with pink colors. (c) The seismic facies map at BB' being overlaid on the vertical seismic section to see how
different colors are assigned to different waveforms.
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classification”. From this case study and previous studies it
can be inferred that the SOM gives a decent knowledge of
the subsurface depositional environment and can be used
while exploring new areas where good geological information
is not present.
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