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Abstract 
Based on the subsurface geology, the seismic reflection data show differences in amplitude, 
frequency and phase. From this seismic reflection data it is possible to obtain additional seismic 
characteristics known by seismic attributes. These seismic attributes are sensitive in the 
interpretation of geophysical data to the different geological features of the subsurface. In this 
dissertation a set of relevant seismic attributes is selected with the purpose of automatically 
identifying areas more conducive to accumulate hydrocarbons. The initial set of seismic attributes 
is analyzed through the principal component analysis technique with the purpose of reducing its 
dimensionality, improving the information revealed and making the set of data to be processed 
less heavy. To the resultant set of seismic attributes is applied the technique of self-organizing 
maps. This technique generates a new facies volume, resulting from the automatic classification. 
The final clustered sections extracted from this seismic volume are compared with known well 
logs values. Nine cases of application of the self-organizing mapping technique are analyzed and 
the results show correspondence of the clusters and well logs values, which help in the 
interpretation and understanding of the existing hydrocarbon reservoirs. 

Keywords: real seismic reflection data, seismic attributes, well logs, principal component 
analyzes, self-organizing maps, direct hydrocarbon indicator 

1. Introduction 

In seismic reflection data interpretation, the work of selecting events and evaluating different 
seismic responses is very important, yet complex and costly in time. Along the seismic traces 
there are events spatially correlated being used to build for example geological models of 
hydrocarbon reservoirs. The resulting reservoir models are used to understand its 
heterogeneities, its petrophysical properties and to map spatially its main structural events. 

Since the first digital acquisition of seismic reflection data, the calculation of seismic attributes, 
calculations done over the original seismic reflection data, has increased considerably allied to an 
increase in computer processing capacity as well as new statistical techniques for multiple 
variables evaluations (Chopra & Marfurt, 2006). 

Seismic attributes, are sensitive to different components of the seismic signal allowing the 
interpreter to obtain alternative views of seismic reflection surveys. In this way, interpreters now 
have access to multiple views of the same seismic data, and their success is directly related to 
the combination of different seismic reflection attributes, highlighting characteristics of different 
signals, which allows the clustering of similar petrophysical lithologies and properties facilitating 
the work of interpreting seismic data. These are some of the reasons why the design and 
processing of seismic reflection data currently plays a significant role in the total investment in the 
hydrocarbon exploration activity (Ashida, 1996; Q. Chen & S. Sidney, 1997; Taner, 2001). 
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This paper shows an application example of the combination of principal component analysis 
(PCA) and self-organized maps techniques (SOM) applied to a real set of three-dimensional 
seismic reflection data and twelve initial seismic attributes for automatic facies classification.  

In order to reach this goal, the following section 2 introduce the self-organizing map technique 
theoretical principles; the methodology of the applied techniques is presented afterwards in 
section 3; section 4 where the dataset interpretation of the seismic reflections volume is made 
and described; section 5 shows the results obtained from the multiple analyzes carried out during 
the pre-processing of the data as well as the seismic volumes subsets to be trained during 
section 6 which presents the case studies and section 7 the conclusions. 

2. Self-Organizing Maps (SOM) 

The self-organizing mapping technique (SOM) is a method of data analysis. SOM is the 
designation given to a clustering technique widely used in pattern recognition based on the 
human nervous system (Kohonen, 2001). This technique allows transforming an orderly mapping 
of a high-dimensional distribution into a smaller regular grid or map. It is able of converting 
complex and non-linear statistical relationships from a high-set dataset into a small-dimension 
map and simple geometry. This technique implements a neural network belonging to a multi-layer 
classifier subspace following a principle known as winner-take-all in which the neurons belonging 
to each layer compete with each other to remain active. (Kohonen, 2001). 

In the SOM classification the input variables, in this thesis representing seismic attributes 
calculated from a set of real seismic reflection data, are represented by the input vectors in the 
multidimensional space Rn, which forms the first layer of the method. These input vectors are 
connected to a second layer, this second layer consisting of a geometric structure called a self-
organizing map (Kohonen, 2001). Self-organizing maps are formed by interconnected neurons 
forming an elastic grid and each neuron represents a pattern. Grids can vary and are small or 
medium-sized and the number of neurons from half a dozen to several thousand. Each neuron is 
represented by a weight vector (w) of dimension d (better known as prototype vectors or 
codebook vectors; Vesanto et al., 2000): 

	 , … , ,	 ( 1 ) 

where d is equal to the dimension of the input vectors. Neurons are connected to adjacent 
neurons by the neighborhood relationship, which dictates the topology or structure of the map. 
Maps can assume different topologies and are usually divided into two factors: local network 
structure and the overall shape of the map. (Vesanto et al., 2000) The hexagonal structure and 
the toroid configuration the ones selected under the scope of this work. 

The number of neurons defines the dimension of the map. Each neuron has a synaptic weight 
that is updated to re-adapt the location of the neurons to the value of the closest input data, 
calculated according to the Euclidean distance. Only the nearest neuron and its neighborhood are 
updated in a competitive process (Kohonen, 2001). 

SOM is iteratively trained. At each training step, a sample vector x of the input data set is 
randomly chosen, the distances between it and all the SOM weight vectors being calculated using 
a distance measure whereby the one with the lowest synaptic weight is called the winning neuron 
c, also known as the best match unit (BMU) and is calculated by the following equation: 

,	 ,	 ( 2 ) 
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where xk is the input vector, wi the weight and d the Euclidean distance. After a complete loop 
through the entire data set, and not necessarily all the neurons have moved towards some of the 
sample data, all samples are associated with a winning neuron. After a set of iterations of 
calculation of new weights is completed, one epoch is finished. Several times are necessary until 
the neurons complete their clustering goal. The method of updating the weights is given: 

						 ,	se mi ∈ vizinhança de c, caso contrário    ( 3 )	

where t indicates time, and represents the index of steps of the sequential process, x the input 
vector that in the scope of this thesis is represented by the seismic attribute, the weight 
associated to each neuron represented by the index i, α(t) the learning ratio which is between 0 
and 1, and  represents the size of the neighborhood described by the following Gaussian 
formula: 

,	 ( 4 )	

where rc and ri are the positions of neurons c and i in the structure or mesh SOM, σ is the radius 
of the neighborhood at time t. This neighborhood function is the one that is presented by default 
in the SOM Toolbox being the function used in the training done during the application examples. 
The learning rate is given by the following formula 

	

,	 ( 5 ) 

where T is the number of iterations and  the initial learning ratio both initial conditions of the 
iterative process. Both parameters take the values that are defined by default in the SOMToolbox. 

We can thus conclude that in addition to the best-matching weight vector also its topological 
neighbor on the map is updated: the regions in the envelope of the best matching vector are 
extended along the presented training sample. The final result causes the grid neurons to be 
ordered: neighboring neurons have similar weight vectors (Vesanto, Himberg, Alhoniemi, & 
Parhankangas, 2000). 

At the end of the iterations or training, each seismic sample belongs to a neuron. This training 
can be determined by convergence or by a predefined number of iterations. If it is not predefined 
the size of the map defining the number of neurons of the map is calculated based on the 
following heuristic formula, 

	√ ,	 ( 6 ) 

where n is the number of neurons and c is the length of the input matrix of the seismic attributes. 

In the present study and in cases where the size of the map is not predefined, the maps easily 
present a high number of neurons, since these depend on the number of training samples. In this 
case a reunification of these nodes is performed, since clusters of neighboring neurons have 
similar characteristics and represent sets with similar geological patterns through K-means 
method (Khedairia & Khadir, 2008). K-means (McQueen, 1967) is then used in the clustering of 
the winning neurons resulting from the previously applied SOM technique. This method is based 
on the a priori choice of the desired number of clusters (K). In the present study, the Davies-
Bouldin (1979) index is used as the criterion for selecting the number of clusters. 

The SOM quantization error is associated with the final resolution of the map with respect to the 
average distance between each input sample and the computational unit associated with it. The 
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topographic error calculates the proportion of all samples which present second and third best 
correspondence different from the adjacent units with which they are associated with typology 
preservation (Vesanto J. , 2005). 

The SOM implementation is carried out using SOMToolbox 2.0 by Juha Vesanto available online. 
The toolbox is used to preprocess data, initialize and train self-organizing maps (SOM) using 
different typologies, visualize SOMs from various perspectives, analyze the properties and 
qualities of SOMs, map clusters and correlations between variables. (Vesanto et al.) 

3. Methodology  

This section presents a brief description of the steps taken in this study as well as the activities 
carried out during the application of the SOM technique. 

After loading the seismic reflection data an initial study and manual interpretation of the seismic 
was carried out. This interpretation allowed the selection of the region of interest, based on the 
amplitudes of the different seismic attributes, their geometry and location to be targeted by SOM 
training. Also, this is an essential step to evaluate the final results of the clustered maps after 
applying the SOM maps to the different case studies. 

Initially 12 seismic attributes were derived from the original seismic reflection data. The 12 
seismic attributes were chosen taking into account the ease and speed/feasibility of calculation 
and those whose interpretative use is relevant in the detection and indication of the presence of 
hydrocarbons. The resulting ensemble of seismic volume is composed by: instantaneous 
attributes such as amplitude, envelope, instantaneous phase, instantaneous frequency and 
dominant frequency. On enhancement of amplitude the seismic attributes selected are sweetness 
and square root of the amplitude. Attributes that may include saline structures in their interpretive 
use are taken into account as there are testimonies of the presence of such structures in the 
present seismic, i.e. the attributes of contrast amplitude, dip illumination, chaos and variance. 

Subsequently, the principal component analysis technique is applied to the selection of the 
seismic attributes to be used in the SOM methodology, and those considered redundant in the 
sample space are not selected as well as those containing the greatest possible variability of the 
initial set are selected. The seismic attributes are selected after a univariate, bivariate and 
multivariate analysis with the objective of ensuring that only one type of geological object or, in 
this case, hydrocarbons indicator, is targeted with the number of variables with the least 
redundancy. 

Smaller seismic datasets are selected from the initial dataset which are later object of SOM 
training. The SOM technique is then performed on each of the selected subsets by varying 
execution parameters. After the training of the SOM maps, these are applied to the sections 
under study in order to compare the clustered maps to the well logs such as density, 
spontaneous potential and calculated shale volume values which are contiguous to the sections 
under analysis. For each case, the calculated SOM errors are presented as well. 

The steps described above form the general methodology of the steps performed in applying the 
combination of the main techniques using ACP and SOM illustrated in Figure 1. In this Figure 1 is 
also possible to look at the main 4 steps made during the execution of the SOM for each of the 
application cases. 
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Figure 1 – General workflow for using PCA and SOM to refine results and box showing a more detailed steps during 

SOM technique process 

4. Real seismic reflection dataset  

The real seismic dataset refers to a structure located in marine environment covering 7.76km2 
processed with a sampling interval of 2ms. 

Figure 2a) shows the interpretation of the distribution and orientation of existing faults along 
different inline sections, which are perpendicular to the coastline. The six inline presented in 
Figure 2a) and the respective identification of the main discontinuities allows following its 
evolution along the available seismic. The structure is marked by the presence of normal F2 fault 
with divergent orientation to the continental margin with high subsidence rates. 

The remaining normal faults underlying SH9 present convergent orientation in an extensional 
area controlling the sediment deposition between SH8 and SH9 and the subsidence of the 
underlying formations giving place to an apparent half-graben or graben structure. 

There are several areas where there are seismic amplitude anomalies coinciding with seismic 
horizons next to the normal orientation faults converging to the continental margin mainly along 
the A, C and G units, naturally areas of study interest where there is a greater probability of 
accumulation of hydrocarbons by the presented geometry and results of the preliminary 
interpretation of several seismic attributes. A possible interpretation for the structure observed in 
these sections, is the existence of a salt structure at the bottom of SH1 folding the overlying units. 
From a hydrocarbon migration perspective, these faults may have worked as possible migration 
pathways for the above units as for example H and G. For units A, C, G, except for the areas 
where the faults are interpreted, there is good lateral continuity along the seismic horizons, quality 
seismic reflectors and high contrast amplitudes between them. Low lateral continuity and chaotic 
texture reflections along the seismic horizons that delimit the top and bottom of units B, F and H 
are noteworthy for most inlines. The upper seismic horizon of the stratigraphic units identified 
SH1, SH3, SH4, SH5/6, SH8, SH9 indicate changes in stratigraphy and indicate transition to 
formations with different elastic properties. 
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In addition to the set of 3D seismic acquisition data presented, there is data from a well log which 
intercepts it. The well log location information allows its data to be integrated into the 
interpretation made on the results of the methods applied. The well is located adjacent to the 
intersection of the study sections (inline and crossline). The well has a total depth that allows to 
intercept the data of seismic reflection being that most exhibits vertical orientation as can be seen 
in Figure 2b). In Figure 2c) at the selected depths of the three-dimensional volume, significant 
changes are observed in the 4 well logs. In some sections of the considered depths, there are 
cumulatively, high values of porosity (PHIE), a decrease in shale values (Vsh) and a combination 
of the decrease of both neutrons porosity values (APLC) and bulk density (RHOB) are observed, 
overlapping and sometimes negative separation in some of the mentioned sections. 

     
Figure 2 – Six inline spaced by one hundred seismic traces each showing the identification of horizons, faults and 

stratigraphic units (a), well logs on the depth of interest (b) and corresponding detail of the inline seismic section with 
the overlap of VshCalc well log (c). 

5. Seismic patches and seismic attributes used in the SOM cases performed. 

After performing the univariate, bivariate and PCA analysis the first set of 5 seismic attributes to 
be used in SOM technique consist of the original seismic amplitudes, instantaneous frequency, 
envelope, sweetness and chaos. The second set of attributes use all the available seismic 
attributes.  

Table 1 shows the parameters for which the SOM technique or the combination of the SOM and 
K-means techniques is performed for each case number. After performing the univariate, 
bivariate and PCA analysis the first set of 5 seismic attributes to be used in SOM technique 
consist of the original seismic amplitudes, instantaneous frequency, envelope, sweetness and 
chaos. The second set of attributes use all the available seismic attributes.  

Table 1– Parameters used in each case 

 

Four different seismic patches are selected to carry out the training of the SOM maps. The third 
column is the one that shows the number of the respective fragment selected in each application 

Seismic patch Normalization Mapa dimension

1 1 1 var [3 3]

2 1 1 log [3 3]

3 1 1 range [3 3]

4 1 1 var open [19 15] + K‐means (6K)

5 1 2 var [3 3]

6 1 3 var [3 3]

7 1 4 var [3 3]

8 2 1 var [3 3]

9 2 1 range [3 3]

Seismic 

attributes set

SOM (lattice hexa, shape toroid, neigh gaussian)
Case #
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example. In this section, the four seismic fragments chosen and considered in the application 
examples are illustrated in the Figure 3.  

The fourth column refers to the type of normalization performed in the pre-processing data of all 
seismic reflection variables for the subsequent SOM application. In this column fourth the type of 
normalizations made are, the variance to the unit (var); linearly normalized to the range of 0 to 1 
(range) or normalizing through a logarithmic formula (log). 

The fifth column corresponds to the dimension of the map where [3 3] corresponds to a map of 
3x3 equal to a total of 9 neurons and [19 15] to a total of 19x15=285 neurons. The indication of K-
means for when this technique is applied to reduce the resulting number of clusters in the 
application of the SOM technique in a smaller number. 

a  1 

 

 

b  3 

2 
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Figure 3 – Inline seismic section 50 extracted from the seismic amplitude fullstack volume and detail in this inline of 
the seismic fragments 1 and 2 for training SOM 

6. Case studies SOM. 

For the first and fourth cases performed, Figure 4 and Figure 5 respectively, show the inline and 
crossline original seismic sections and the same inline and crossline classified by SOM with the 
overlap of Vshale well log in all displayed images. 

As mentioned the second set of attributes used in the SOM, brings together all the available 
seismic attributes at the start and it is executed for the best fit parameters of the first set. This run 
intends to establish a comparison of the both best set results applying different numbers and 
types of seismic attributes. The cases 8 and 9 where the second set is applied are shown in the 
Figure 6. 

Figure 7 shows the well logs and related clustered SOM sections for all performed cases. Each 
volume number is related to each case number. For Volume 4 there are more two cases, 9K and 
6K, where the total amount of case 4 SOM clusters were directly reclassified (4 – 9K) and 
reclassified using the technique K-means (4 – 6K). 

By comparing the two sections of Figure 4 and the well logs and Volume 1 of Figure 7 it is 
possible to verify that there is a correspondence between the cluster 9 related to cumulatively, 
zones of high amplitudes, low shale values and high porosities. This cluster 9 shows a continuous 
shape coinciding with amplitude contrast zones along the original seismic and cumulatively 
located in areas which can be considered to show favorable conditions for hydrocarbons 
accumulations. It can be seen that clusters 6 and 7 define transition zones between those 
identified by cluster 9 and between this cluster and other clusters possibly showing seismic 
sequence discontinuities. Cluster 1 (purple) coincides with areas of seismic that exhibit tenuous 
or non-existent seismic texture. 
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Figure 4 – Inline (IL1) and crossline (CL1) vertical seismic sections extracted from the original seismic amplitude 3D 
volume and the same sections clustered in 9 clusters (IL2 and CL2) all displaying the VshCalc well log – case 1.  

By comparing the sections of Figure 5 and the well logs and Volume 4-6K of Figure 7 it is 
possible to verify that there is correspondence between cluster 6 and the high amplitude zones, 
almost all those of low Vshale and high porosities. The application of the K-means technique 
allows, by reducing the number of clusters, a better and more reliable interpretation of the original 
data when compared with the remaining cases 4 (Volume 4 and 4-9K). As can be seen in Figure 
5 this cluster 6 presents continuous shape along the amplitude contrast zones which are located 
in areas considered favorable to hydrocarbons accumulations. Clusters 4 and 5 in light gray and 
yellow fill areas of low seismic amplitude or no seismic texture. 

    
Figure 5 – Inline (IL1) and crossline (CL1) vertical seismic sections extracted from the original seismic amplitude 3D 

volume and the same sections clustered in 9 clusters (IL2 and CL2) all displaying the VshCalc well log ‐ case 4 (6K). 

From the interpretation of Figure 6 and Figure  7 for cases 8 it does not show a clear 

correspondence however the cluster 4 (gray) partially corresponds to the high amplitude, Vshale 
zones of low values and high porosities. For case 8 it can be seen lateral continuity of the clusters 
which cover the areas with contrast of amplitudes along the original seismic. In the seismic areas 
of tenuous or nonexistent seismic texture the clustered result display clusters with reduced or no 
continuity, producing a disordered and chaotic effect. In case 9 there is no evident 
correspondence between any of the clusters and the well logs. The clustered seismic sections 
highlights the horizons and the limit between the lines and seismic units which helps in the 
general perception of the geometry of the seismic without point out hydrocarbons accumulations 
areas. 
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Figure 6 –Vertical seismic sections inline (IL1) extracted from the original seismic amplitude 3D volume and the same 
sections clustered in 9 clusters for case 8 (IL2) and case 9 (IL3) all displaying the VshCalc well log. 

 

Figure 7 – Well logs and respective SOM clustered sections throughout the study depths for all cases. 

7. Conclusions 

By analyzing the results presented, and highlighting the tendencies found, It can be told that from 
all the normalization methods used, the one that presents the best results is the normalization by 
the variance, given by the verified convergence of the variables in the normalized maps as well 
as by the best correspondence in these eight trained cases of the clustered SOM sections with 
the well log values. 

Among the examples presented, those that show more correspondence with the well logs data 
are the cases 1, 4 (6K), 6 and 7 (Figure 6). All these cases are performed using the same 
normalization function. Among them, the case 1 is the best match with the well log values 
fluctuation. Case 1 is based on the SOM maps trained in the seismic fragment 1 which presents a 
larger number of samples compared with the others and it is the only one that presents a three-
dimensional seismic volume. Nevertheless the cases performed in this paper seem to be robust 
to all of seismic reflection data fragments used for training. This is an important aspect when 
compared to other type of clustering methodologies highly dependent on the type of training data 
used. 
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In case 1 presented through Figure 4 it is possible to identify extensions belonging to cluster 9 (in 
red) located in the zones of interest. The correspondence between clustered inline and crossline 
cluster 9 is clear and well log sections of Vshale low values and high porosities which cover areas 
beyond those where the amplitudes of the original seismic reflectors are high. 

In the performed cases 8 and 9, the only ones in which the 12 attributes of seismic reflection are 
considered and applied are cases of improvement of the signal-to-noise ratio, an improvement in 
the continuity of seismic reflectors, as can be seen in Figure 6, which are less evident and more 
difficult to interpret in the original seismic. This case is chosen to the extent that seismic attributes 
of varied interpretive use such as geometric, contrast, continuity and lithology are considered as 
opposed to the training performed for the selected attribute subset 1 applied to all other cases 
and whose purpose is the identification of indicators of hydrocarbons. In this case highlight the 
role of the PCA applied technique in identifying the seismic attributes that show the greatest 
variation in the data for a given geological configuration and help determine which seismic 
attributes to use in a multiple attribute analysis by the SOM technique. By applying computer 
technology, visualization techniques and understanding of appropriate parameters for the SOM, it 
is possible for interpreters to use multiple seismic attributes and identify clusters in seismic data. 
Clusters represent geological information embedded in the data and can help identify geological 
features that often cannot otherwise be interpreted. 

It is concluded that in the interpretation of seismic surveys, the identification of geological 
characteristics such as, for example, structures conducive to the accumulation of hydrocarbons 
are very important and the use of additional tools for the interpretation of seismic reflection data 
of great interest is the reason of the methodology followed in particular by the application of the 
self-organizing mapping technique as one of the additional tools that expeditiously helps to 
characterize 2D and 3D seismic and in particular to identify geological objects such as the 
characterization of possible reservoirs and their accumulations of hydrocarbons. 
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