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Introduction 
 
Although the algorithms discussed in this section, self-organizing maps (SOM) and generative 
topographic maps (GTM), are often referred to as unsupervised classification algorithms, they 
hold many properties in common with the PCA and ICA dimensionality reduction algorithms. 
Unlike k-means and Gaussian mixture models, SOM and GTM maintain a topological relationship 
between the different clusters by projecting the data onto a deformed (in our implementation) 
2D manifold which in turn is mapped onto a 2D latent space. This latent space is in turn mapped 
to a 2D continuous color template. Attribute vectors assigned to similar clusters will exhibit a 
similar color (where the light green cluster lies close to the olive-green cluster but far from the 
red cluster in N-dimensional space). Using multiple attribute volumes as input, SOM and GTM 
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generate a colored seismic facies map that captures most, if not all variations in the input 
attributes.  
 

Traditional SOM mapping strategies – Projecting N-dimensional data onto a 2D hexagonal 
grid  
 
Most implementations of SOM follow Kohonen who defined a higher N-dimensional space 
using a 2D hexagonal grid of length-N vectors (either a vector of N time samples of a single 
attribute, or a vector of N different attributes). 
 

 
 
Figure 1. A hexagonal grid of waveforms that represent the short-time spectrum of natural 
speech in the Finnish language. Note neighboring models are mutually similar. (After 
http://www.cis.hut.fi/projects/somtoolbox/theory/somalgorithm.shtml)  
 

http://www.cis.hut.fi/projects/somtoolbox/theory/somalgorithm.shtml
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Figure 2. The corresponding “phonetic typewriter corresponding to the waveforms in Figure 1. 
Applying this technique to (Finnish and Japanese language human speech provided a phonetic 
translation that was 92% accurate. 
 
A classic example of SOM is the compilation of 39 indicators (i.e., 39-dimensional space!) 
describing quality-of-life factors in each country of the world in 1992 onto a 2D hexagonal grid. 
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Figure 3. An SOM of 39 poverty indicators measured in 1992. (After 
http://www.cis.hut.fi/research/som-research/worldmap.html) . 
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Figure 4. World map color-coded by the poverty type mapped using the SOM in Figure 3. (After 

http://www.cis.hut.fi/research/som-research/worldmap.html) .  
 
There are three disadvantages of this type of SOM model. First, although the color coding 
allows hexagons with a similar waveform to have a similar color, the software user needs to 
decide on how many hexagons to define. Second, most commercial interpretation software 
does not allow importing more than 256 colors, thereby limiting the number of prototype 
vectors (also called neurons by some workers) to less than 256. Third, and most important, 
importing the information defined by the 117 color-coded hexagons into a different 
interpretation package can be somewhat limiting. Although one can import and apply the 
appropriate SOM color bar to each voxel in a 3D seismic data volume, specialized software 
needs to be written in order to group multiple clusters to form a single geobody. 
 

The AASPI SOM and GTM mapping strategy – Projecting N-dimensional data onto the 2 axes 
of the SOM latent space  
 
In the AASPI implementation we limit ourselves to 2D latent spaces and 2D manifolds that 
attempt to fit the N-dimensional attribute data. The initialization of both the SOM and GTM 
algorithms is by a plane defined by the first two eigenvectors v1 and v2 of N-dimensional attribute 
data. This plane is then mapped to a 2D latent space defined by the first two principal 
components of the N-dimensional data. As we iterate, the 2D manifolds to better represent the 
N-dimensional data. Each N-dimensional data vector is projected onto the 2D manifold and 
mapped to the corresponding 2D latent space using two components, whose axes we now  call 
SOM axis 1 and SOM axis 2 or GTM axis 1 and GTM axis 2. In addition to being crossplotted in 
AASPI program crossplot, these two different components can then be brought into any 
commercial interpretation workstation software that provides a crossplotting tool. In this 
crossplotting tool the interpreter can construct polygons on the 2D crossplot histogram and 
thereby constructing SOM geobodies in 3D space.   
 

Self-organizing Maps – AASPI Program som3d 
 
As of Summer, 2021, we have not yet moved program som3d under the Machine Learning 
Toolbox. Until we do so, please launch program som3d the Volumetric Classification tab in the 
main aaspi_util GUI: 
 

http://www.cis.hut.fi/research/som-research/worldmap.html
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The following GUI appears: 
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Under the Primary parameters tab, (1) use the browser on the first eight lines to choose the input 
seismic data file. At present, the number of input attributes can vary from two to eight. Next, 
specify (2) the Unique project name. The (3) Number of input attributes will be updated 
automatically when a file is selected. At present, a simple Z-score algorithm is used to normalize 
the input files. However, if you have previously scaled the data using the Machine Learning 
Toolbox, inputting those scaled data volumes will result in a more controlled data scaling. 
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The (4) Maximum number of classes can be any large number. In using SOM, we always start with 
an over-defined number of classes and allow the algorithm to automatically form a fewer number 
of classes whereby nearly identical classes are adjacent to each other on the 2D manifold and 2D 
latent space and are assigned nearly identical colors. Most of the commercial visualization 
software can only display 256 colors; thus, we default this value to be 256. For interpretation 
software that does not allow more than 256 colors, we can still use a more densely sampled 
latent space. To avoid this limitation, we forgo plotting classified voxels, each with an integer 
class number and corresponding color. Rather, we project the classified value against SOM axis 
1 and SOM axis 2, import these two SOM “component” volumes, and map the crossplotted 
results against a 2D color table.  
 
The (5) Number of standard deviation values to span the latent space scales defines the extent of 
the 2D latent space. A value of 3 standard deviations allows the latent space to represent 97% of 
the data. The (6) Scale of the initial neighborhood radius defines a circle of radius σ(t) defined by 
equation 2a below, within which all neighbor prototype vectors are updated. By default, the 
algorithm uses the Mahalanobis distance during the computation. However, (7) the user can also 
select the Z-scored Euclidean distance. Set (8) the maximum number of iterations. As with 
previous dimensionality reduction and unsupervised learning algorithms, (9) select the 
decimation rate of input data to generate smaller volumes used for training and (10) the Grid 
spacing for the cluster projection space.  
 
In 2017, we added options (11) and (12) to allow a user-defined mask rather equally decimation 
to define the training samples to allow training to better represent important, but less common 
geologic features in the data. We will demonstrate this function in a later section named “use 
non-uniform training data”. Another unique option (13) is to use data-adaptive derived weights 
to emphasize (and deemphasize) each input attribute. If selected, input attributes will be 
weighted using weights internally computed from the som3d program. The mathematical details 
on weight calculation are provided in the SOM weights section gray theory box below. During 
this input attribute weight evaluation process, the program builds multiple SOM models in a 
parallel fashion. If a user is using a computer with limited memory, you may need to uncheck the 
parallelization box (15) to compute the weights sequentially. 
 
Finally, som3d provides an option to provide (16) supervision around wells or features of interest. 
We will improve on this supervision when we move som3d into our Machine Learning Toolbox. 
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SOM Background 

Haykin (1999) describes self-organizing maps (SOM) as closely related to vector quantization methods. Initially 

we assume that the input is represented by M vectors in a N-dimensional vector space Rn, am= [am1, am2, am3, …, 

amN] where N is the number of input attributes (or amplitude samples for “waveform” classification) and m=1, 2, 

…, M 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, in our algorithms 2D, which are representative of the input data that lies in 

the same N-dimensional space as 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. In this manner PVs close to each other are associated with input seismic attribute vectors that are similar to 

each other. The number of these PVs in the 2D map determines the effectiveness and generalization of the 

algorithm. Let’s consider a 2D SOM represented by P prototype vectors ξp = [ξp1, ξp2…. ξpN], where p=1, 2, …, P and 

N is the dimension of these vectors defined by the number of input attributes (or samples for waveform 

classification). During the SOM training process, an input vector is initialized and is compared with all N-

dimensional PVs on the 2D grid, or latent space. The prototype vector with the best match (the winning PV) will 

be updated as a part of SOM neighborhood training.  
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SOM Implementation 

 

Given this background, Kohonen (2001) defines the SOM training algorithm using the following five steps: 

• Step 1: Consider an input vector, am, which is randomly chosen from the set of input vectors. 

• Step 2: Compute the Euclidean distance between this vector am and all PVs, ξp, p=1, 2, …, P. The 

prototype vector, ξb, which has the minimum distance to the input vector, am, is defined to be the “winner” or 

the Best Matching Unit: 

                 |(|𝐚_𝑚 − 𝛏_b |)| =  MIN_𝑝 {|(|𝐚_𝑚 − 𝛏_𝑝 |)|}                                                                                           (1) 

• Step 3: Update the “winning” prototype vector and its neighbors. The updating rule for the weight of 

the pth PV inside and outside the neighborhood radius 𝜎(𝑡) is given by: 

  

                𝛏𝑝(t + 1) =  𝛏𝑝(t) +  𝛼(t)hb𝑝(t)[𝐚𝑚 − 𝛏𝑝(t)]     if ||𝐫𝑝 − 𝐫b||  ≤ σ(t)      (2a) 

 =  𝛏𝑝(t)                                                    if  ||𝐫i − 𝐫b|| > σ(t),                                               (2b) 

 

where the neighborhood radius defined as σ(t) is predefined for a problem and decreases with each 

iteration 𝑡.    𝐫b  and  𝐫i are the position vectors of the winner PV  𝛏b and the pth PV  𝛏𝑝 respectively. We also 

define hb𝑝(t) as the neighborhood function, α(t) as the exponential learning function and T as the length of 

training. hbp(t) and α(t) decrease with each iteration in the learning process and they are defined as: 

                 ℎb𝑝(t) = e−(||𝐫b−𝐫p||2/2σ2(t) , and             (3) 

                 α(t) = α0(
0.005

α0
)t/T .             (4)  

• Step 4: Iterate through each learning step (steps 1-3) until the convergence criterion (which depends 

on the predefined lowest neighborhood radius and the minimum distance between the PVs in the latent space) 

is reached. 

• Step 5: Color-code the trained PVs using 2D or 3D gradational colors (Matos et al., 2009). We will use 

an HSV model with for 2D spaces will be defined as hue, ℋ,  

                ℋ =  tan−1 (
v−1

2⁄

u− 1 2⁄
)                                                                                   (5) 

 and saturation, 𝒮, as 

                𝒮 =  [(u − 1
2⁄ )

2
+  (v − 1

2⁄ )
2

]1/2                         (6) 

where 𝑢 and 𝑣 are the projected components onto the 2D latent space defined by the eigenvectors 𝐯(1) and 

𝐯(2). The new sets of PVs are colored using the 2D HSV color palette with equations 5 and 6. 
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Distance Preserving SOM 

In traditional Kohonen SOM, the position of an SOM node in the SOM latent space is only based on the distance 

between the corresponding prototype vector (the projection of an SOM node in the input data space) and the 

nearest data vector in the input space. In our implementation, we add a step of adjusting the position of all SOM 

nodes according to their distances from the current winning node (best matching unit) in both input data space 

and SOM latent space. The adjustment rule is (Shao and Yang, 2012): 

𝐫𝑘(𝑡 + 1) = 𝐫𝑘(𝑡) + 𝛼(𝑡) ∙ (1 −
𝛿𝑣𝑘

𝑑𝑣𝑘
) ∙ (𝐫𝑣(𝑡) − 𝐫𝑘(𝑡)), ∀ 𝑘 ≠ 𝑣.                 (7) 

𝐫𝑘(𝑡) is the position of an SOM node before adjustment; 𝐫𝑘(𝑡 + 1) is the position of an SOM node after 

adjustment; 𝐫𝑣(𝑡) is the position of the current winning node; 𝛿𝑣𝑘 and 𝑑𝑣𝑘  are the distance between an SOM 

node and the current winning node in input data space and SOM latent space, respectively. 𝛼(𝑡) is the learning 

rate which exponentially decays over iterations. 

 

The input of the som3d algorithm consists of several mathematically independent volumetric attributes where 

the number of input attributes determines the mathematical dimensionality of the data. Due to the limitation of 

our visualization software which provides only 256 colors, we have limited our over-defined prototype vectors 

to a maximum of J=256. In this application, we normalize our input data vectors using a Z-score algorithm. Thus, 

our input data has a vector assigned to each of the (x, y, z) location in our volume (which are actually the 

normalized input attribute values at that location).  

 

We name this new volume the normalized multi-attribute volume and project it onto a 2D latent space using 

Principal Component Analysis. The 2D latent space is defined as explained earlier. If there are six input attribute 

volumes, each of the PVs in the 2D latent space is 6-dimensional.  This 2D latent space is sampled uniformly by 

256 PVs. The PVs are trained in the 2D latent space, and their positions updated after each iteration, resulting in 

the new updated position of the PVs. When the updating slows down the training process stops. With an 

increasing number of iterations, the PVs move closer to each other and to the data points within the latent space. 

The HSV colors are assigned to the PVs according to their distance from their center of mass and their azimuth 

(equations 5 and 6). Once trained, the distance is computed between each PV, ξp′, and the multiattribute data 

vector, am, at each voxel m using 

 

||𝐚𝑚 − 𝛏𝐛
′ || =  min {||𝐱 − 𝛏𝐩

′ ||}                                 (8) 

 

where 𝛏𝐛
′  is the nearest PV to the input data sample vector am.  Each voxel is then assigned the color of  𝛏b

′ . In 

this manner, two dissimilar neighboring samples in the seismic volume will be far apart in the latent space and 

have different colors. Conversely, two similar samples in the seismic volume will have nearly the same color. 

Each color represents a distinct seismic facies, most of which are geologic facies, although some may be seismic 

‘noise’ facies.  
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SOM Weights 

Users also have the option to weigh input attributes differently in a data-adaptive fashion. The weight matrix W 

is defined as a function of interpreter’s knowledge and attributes’ contribution to SOM. Inspired by Benabdeslem 

and Lebbah (2007), given N input attributes and P prototype vectors, we define 𝜔𝑛, the nth attribute’s 

contribution to a SOM model, as: 

 𝜔𝑛 = ∑ 𝑑𝑝
|𝜉𝑝𝑛|

∑ |𝜉𝑝𝑛|𝑁
𝑛=1

𝑃
𝑝=1 ,                                (9) 

and 

𝑑𝑝 =
ℎ𝑚

𝑀
.                                (19) 

where hm is the number of multiattribute training samples that are nearest to the pth prototype vector, M is the 

total number of multiattribute training samples, dj represents the density of training samples assigned to the pth 

prototype vectors, and ξpn is the value of the pth prototype vector along dimension n (the dimension of the nth 

attribute). Physically, if a prototype vector has a very large value in the dimension of the target attribute, and a 

large percentage of training samples are close to this prototype vector, then the target attribute’s contribution 

at this prototype vector is significant. Summing up over all the prototype vectors, we then arrive at the target 

attribute’s contribution to the whole SOM model. To ensure an overall optimal contribution measurement for a 

given group of attributes, we propose to use an exhaustive search over all combinations of three of more 

attributes,  

𝑆 = ∑
𝑁!

𝑖!(𝑁−𝑖)!

𝑁
𝑖=3 ,                                         (11) 

and then weight by the number of attributes in each combination and take the sum over all used combinations: 

𝜔𝑖 = ∑ 𝑁𝑙�̃�𝑖𝑙
𝑆
𝑙=1 ,                                         (12) 

where ! denotes factorial operation, S is the total number of SOM models to be searched, Nl is the number of 

attributes in the lth combination, �̃�𝑖𝑙 is the contribution of the ith attribute to the lth SOM model, and  𝜔𝑖  is the 

final contribution of the ith attribute to SOM. Although the method involves running SOM multiple times with 

different input attribute combinations, it is an embarrassingly parallel problem so that the increase in 

computation time over the traditional SOM is negligible given sufficient number of threads/processors. 
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Using non-uniform training data in SOM 
 
By default, the SOM program decimates input attribute volumes uniformly along the Line no., 
CDP no., and Time (Depth) to extract training data that represent the whole input data. This type 
of training data is the best to explore the dominant natural clusters within the whole survey. If 
the user prefers to limit the SOM analysis to a smaller region within the seismic survey or chooses 
to emphasize the attribute expression of less common, but interpretationally more important, 
parts of the data volume, we can explicitly define the training data to be used.  Click (10) Non-
uniform training data option to toggle between uniformly sampled and non-uniformly sampled 
training data. If using non-uniformly sampled training data, the user needs to provide an AASPI 
.H format mask file to define the training sample locations. Such a mask file can be generated 

We use skewness and kurtosis to quantify the distribution of an attribute, and we weigh more on attributes that 

are less skewed (low absolute skewness) and broader (low kurtosis). Skewness, which is the third moment of 

the standard score of a variable a, is defined as: 

  𝑠(𝑎) = 𝔼 [(
𝑎−a

𝜎𝑎
)

3

],                                     (12) 

where �̅� is the mean of variable a, 𝜎𝑎 is the standard deviation, and 𝔼 represents expectation. Similarly, 

kurtosis is the fourth moment of the standard score of a variable a and is defined as: 

𝑘(𝑎) = 𝔼 [(
𝑎−a

𝜎𝑎
)

4

].                                                 (14) 

In practice, the skewness and kurtosis are precomputed before determining the attribute contribution 𝛚. After 

the computation of 𝛚, we further normalize both skewness and kurtosis to range between zero and one. 

Weighting the previously defined 𝛚 using skewness and kurtosis, and normalize again using the z-score: 

𝑤𝑖 = (3 −
|𝑠𝑖|− min

𝑖=1,𝑁
|𝑠𝑖|

max
𝑖=1,𝑁

|𝑠𝑖|− min
𝑖=1,𝑁

|𝑠𝑖|
−

𝑘𝑖− min
𝑖=1,𝑁

𝑘𝑖

max
𝑖=1,𝑁

𝑘𝑖− min
𝑖=1,𝑁

𝑘𝑖
) 𝜔𝑖 ,  and              (15) 

�̂�𝑖 =
𝑤𝑖−�̅�

𝜎𝑤
.                                                            (16) 

Here, 𝑤𝑖  is the weight of attribute i before z-score normalization, �̅� is the mean of 𝑤𝑖 , 𝜎𝑤 is the standard 

deviation, and �̂�𝑖  is the weight of attribute i after the z-score. Because the skewness term and kurtosis term 

are both normalized to range between zero and one, we assume an equal impact of skewness and kurtosis in 

equation 15. At the same time, the absolute value of 𝑤𝑖  is of less interest, as we further normalize it to be �̂�𝑖  

using z-score. Finally, we constrain the weight to range from zero to two using a sigmoid function, and defining 

the elements of the diagonal weight matrix W to be: 

 

 𝑊𝑖𝑖 =
2

1+𝑒−�̂�𝑖
.                                (17) 
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using (12) the Mask Generator utility, which can also be invoked from the AASPI main window as 
Volumetric Classification/define_training_data. Separate documentation is provided for this 
module.  
 
Depending on how much emphasis an interpreter wants to put on a particular region of interest, 
a mask file may contain (1) uniformly sampled background only, (2) equally weighted background 
and picked region(s), (3) background and picked region(s) with various weights, and (4) picked 
region(s) only. Users are encouraged to experiment with different mask files to see how facies 
change with alternative training sample extraction schemes. Defining the training data to be 
more sensitive to specific target facies provides a level of supervision in what is normally thought 
to be an unsupervised learning algorithm. 
 
In the Temporal Operation Window tab shown below, the user needs to define the operation 
window. Similar to the previous algorithms, we use (17) a fixed time window that (18) ranges 
from t=1.7 s to t=2.1 s. Horizon-related options are grayed out. Finally, in the Parallelization 
parameters tab, define the number of processors per node to be used. Back in the Primary 
parameters tab Press Execute som3d (green arrow). 
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Program som3d will always generate the following output files: 
 

Output file description File name syntax 

SOM latent projection axis 
  

som_axis_#_latent_space_projection_ 
unique_project_name_suffix.H 

SOM prototype vectors 
 

SOM_prototype_vectors_ 
unique_project_name_suffix_#.H 

SOM initial grid som_initial_grid_unique_project_name_suffix.H 

SOM initial prototype vectors 
 

som_initial_prototype_vectors_ 
unique_project_name_suffix.H 

SOM cluster numbers som_cluster_number_unique_project_name_suffix.H 

SOM distances som_dist_d2PVmean_unique_project_name_suffix.H 

p_vectors p_vector_# 

pv_vectors pv_vectr_# 

Eigenvalues eigenvalues_unique_project_name_suffix.csv 

Eigenvectors eigenvectors_unique_project_name_suffix.csv 

Covariance matrix covariance_unique_project_name_suffix.csv 

Attribute Means d_mean_unique_project_name_suffix.csv 
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Attribute Standard Deviations d_std_unique_project_name_suffix.csv 

Skewness and Kurtosis skeweness_kurtosis.txt 

Program log information aaspi_som3d_unique_project_name_suffix.log 

 

SOM results 
 
The SOM results are best displayed by crossplotting the two SOM components. Crossplotting was 
discussed in Part 2 of this Hands-on ML short course. The program crossplot can be found in the 
Display Tools tab in the main aaspi_util GUI: 
 

 
 
We (1) plot SOM latent projection axis 1 as the x-axis attribute and (2) SOM latent projection axis 
2 (SOM2) as the y-axis attribute. The minimum and maximum values in the data often include 
outliers. (3) Click Rescan x attribute and (4) Rescan y attribute to rescan the range of values within 
the two data volumes. Often you will wish to (5) and (6) hand type the Minimum attribute value 
and Maximum attribute value to clip the range of the data displayed. The other options of the 
crossplot GUI are described in Part 2 as well as in Part 4 of this short course when we crossplotted 
two principal components. 
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Clicking the Execute crossplot button will then generate three plots. The first plot shows the 2D 
color bar, with SOM1 on the x-axis and SOM2 on the y-axis.  The second plot shows the 2D 
histogram, which plots the probability density of SOM1 vs. SOM2 against the x-and y-axis, 
respectively. The third plot shows the corendered color bar and histogram, showing which colors 
will be more common in the subsequent classified volume. The fourth plot shows time slices 
through the 3D crossplotted volume. This latter volume  can be converted into SEGY and then be 
loaded into your interpretation software. 
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Recall that none of the input attributes enhanced edges. We use program corender with this final 
image with coherence in order to enhance the edges. The base layer contains the crossplotted 
SOM data volume: 
 



AASPI Hands-on ML Short Course – Part 5b. Unsupervised Classification using SOM and GTM 

 

Attribute-Assisted Seismic Processing and Interpretation – 22 August 2021 Page 22 
 

 
 
Layer 2 contains the energy ratio similarity plotted against a monochrome black color bar: 
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and gives the following image: 
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Generative Topographic Maps – AASPI Program gtm3d 
 

Like Self-organizing Maps (SOM), Generative Topographic Mapping (GTM) maps high-
dimensional data (e.g., five or more attributes per voxel or 12 amplitude samples about a picked 
horizon) to a lower-dimensional (usually 2D or 3D) latent space, which are then mapped to a 
continuous 2D or 3D color bar. There are two major limitations to the popular Self-organizing 
Maps (SOM) clustering algorithm. First, there is no clear rule for selecting the training radius 
and the learning rate; these parameters are data dependent. Second, because of the absence 
of any defined cost function there is no measure of “confidence” in the final clustering results 
to indicate the convergence at the final iteration. GTM is a probabilistic reformulation of SOM 
that takes care of most of these shortcomings.   

 
First introduced by Bishop et al. (1998), GTM generates a probability density model that 
describes the distribution of M N-dimensional (multi-attribute) input data vectors, am, in terms 
of a relatively smaller number, K, L-dimensional latent variables, uk, where L<N. Each latent 
variable in GTM defines the mean location, µk, of an N-dimensional Gaussian distribution. The 
“mixture” or sum of these probability density functions statistically describes the input data. 
The model parameters (the means of the Gaussian probability density functions) are 
determined by maximizing the likelihood estimation of the summed probability density function 
that predicts the input data vectors, am. 
 
In k-means and SOM clustering each data vector am is assigned to the nearest cluster center or 
prototype vector, ξp. In GTM, the “prototype vectors” are replaced by the uniformly placed grid 
points (nodes) uk, each of which share a certain “responsibility”, Rmk, in representing each data 
vector am. Once found, there are several ways to display this relationship. The analogue to SOM 
would be to assign each data vector am, to a cluster value, k, (and corresponding color) to the 
Gaussian uk component which is most responsible. The posterior probability of the data value 
am is projected in the 2D latent space. We may also choose to find the expected value (pdf-
weighted mean) of the am vectors or the most likely position (mode) of the data value and assign 
it a color corresponding to its location in L-dimensional latent space. 
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GTM Overview 

In general, we wish to find a nonlinear projection ξp (up;W) which maps the P points up (p=1,2,3, … ,P) in the 

two- or three-dimensional latent space into the P points in the N-dimensional dataspace. This non-linear 

transformation is given by 

𝛏𝑝 =  ∑ 𝐖𝑘𝑝ϕ𝑗(𝐮𝑝)𝐾
𝑘=1  ,                                        (25) 

where W is an J x P matrix of unknown weights, ϕ𝑗(𝐮p) is a set of J non-linear basis functions, and ξp are 

reference vectors in the data space. A noise model (the probability of the existence of a particular data 

vector am given weights W and inverse variance β) is introduced for each measured data vector am. The 

probability density function, 𝜌, is represented by a suite of K radially symmetric N-dimensional Gaussian 

functions centered about ξp with variance of 1/β: 

𝜌(𝐚𝒎|𝐖, 𝛽) =  ∑
1

𝑃

𝑃
𝑝=1 (

𝛽

2𝜋
)

𝑁

2 𝑒−
𝛽

2
||𝛏𝑝−𝐚𝒎||

2

  .                         (26) 

The prior probabilities of each of these components are assumed to be equal with a value of 1/P, for data 

vectors am that range from m=1, 2, ..., M. The Figure below illustrates the GTM mapping from an L=2-

dimensional latent space to an N=3-dimensional data space. 
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Program gtm3d is launched from the Volumetric Classification in the main aaspi_util GUI: 
 

GTM Implementation 
 
The probability density model (GTM model) is fit to a dataset a = {a1, a2, a3, …, aM} to find the parameters W 

and β using a maximum likelihood estimation. One of the popular techniques used in parameter estimations 

is the Expectation Maximum (EM) algorithm. We calculate the M x P posterior probability or responsibility, 

Rmp, which each of the J components in latent space takes for every data-vector using the current values of the 

GTM model parameters W and β and Bayes theorem:                  

 𝑅𝑚𝑝 =
𝑒

−
𝛽
2

||𝛏𝑝−𝐚𝑚||
2

∑ 𝑒
−

𝛽
2

||𝛏𝑝−𝐚𝑚||
2

𝑝

    .                                   (27) 

 

Equation 3 forms the “E-step” or Expectation step in the EM algorithm. The E-step is followed by the Maximum 

or “M-step”, that uses these responsibilities to update the model for a new weight matrix W by solving a set 

of linear equations, 

(𝚽𝑇𝐆𝚽 + 
α

𝛽
𝑰) 𝐖𝑇

𝑛𝑒𝑤 = 𝚽𝑇𝐑𝐗                                       (28) 

where 

G𝑝𝑝 =  ∑ R𝑚𝑝
𝑀
𝑚=1  are the non-zero elements of the P x P diagonal matrix G, 

𝚽 is a J x P Matrix with elements  𝚽 =  ϕ𝑗(𝐮𝑝),  

α is regularization constant to avoid division by zero, and  

I is the J x J identity matrix. 

The updated value of β is given by: 

1

𝛽𝑛𝑒𝑤
=  

1

𝑁𝑀
∑ ∑ 𝑅𝑛𝑝

𝑃
𝑝=1

𝑀
𝑚=1  ||𝐖𝑗𝑝𝑛𝑒𝑤

ϕ𝑗(𝐮p) − 𝐚𝑚||
2

   .                   (29) 

 

The initialization of W is done so that the initial GTM model approximates the principal components (largest 

eigenvectors) of the input data, am. The value of β-1 is initialized to be the larger of the (L+1)th eigenvalue from 

PCA where L is the dimension of the latent space.  
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The following GUI appears: 
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Similar to som3d, the (1) input consists of a suite of seismic attribute volumes (3 or more 
volumes) that the interpreter has chosen to differentiate different seismic facies, rock types, 
lithologies, or other clusters. For example, a mass transport complex may be characterized by 
relatively low coherence, strongly converging reflectors, and high entropy (measured by the 
GLCM algorithm). Surrounding marine shales may be characterized by moderate coherence, low 
reflector convergence (i.e., parallel reflectors) and low GLCM entropy.  
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The (2) number of input volumes represents the dimensionality of the dataset and will be 
updated automatically when a file is selected. At present, a simple Z-score algorithm is used to 
normalize the input files. Select (3) the number of P grid points to span the 2D latent space, (GTM 
Overview and Implementation). These points are mapped to the dataspace. Then, (4) select the 
number of non-linear basis functions, J, that form a regular array of Gaussian functions.  
 
A linear combination of these basis functions is used to map the points in the latent space to the 
data space. Both the latent space samples and the basis functions should be squared integers 
value, [e.g. (256…400…625…900 etc.….], and they can be automatically selected from some pre-
defined values in a dropdown menu. Care should be taken so that (4) the number of basis 
functions, J, is less than (3) the number of grid points, P, in the 2D latent space. Next, (5) enter 
the width of the basis functions relative to the distance between two neighboring basis function 
centers. This width is used to define the standard deviation of the non-linear basis functions, 
which is constant for a GTM model. If s=2, the basis functions will have a standard deviation 
equals to two times the distance between two neighboring basis function centers.  
 
In order to initialize the starting values of the starting values of W and β (see GTM Theory), the 
gtm3d algorithm performs a multi-attribute Principal Component Analysis (PCA). Also, (6) a 
regularization factor, α, (GTM Theory) is used prevents any division by zero, thus stabilizing the 
linear equation for solving a new W.  
 
Next, enter (7) the number of iterations to run gtm3d. To minimize run times, (8) decimated the 
input volumes to generate a smaller volume for training. For computers with low memory, please 
increase the decimation rate to avoid any issues when running the algorithm. Finally, (9) choose 
if you want to output the mean projections for all training steps for QC purposes. 
 
 

A Posteriori Supervision 
 
In general, GTM is an unsupervised classification algorithm. Nevertheless, after the classification 
has been done, we can define interpreter defined seismic facies on the input seismic data 
volume, project the attributes onto the previously defined manifold, and compare this projection 
to the projections of the data vectors at each voxel.  Such analysis is performed by calculating the 
Bhattacharyya distance (Bhattacharyya, 1943) between the averaged responsibility pdf of 
supervision data in a particular facies and data sample. In this way, the similarity between this 
data sample and the particular facies is measured.  
 
The analysis described above is done by (10) clicking the “Supervision” button. Currently, two 
different types of supervision files are supported, AASPI .H format mask files or ASCII format text 
files. The .H mask file is generated using utility aaspi_plot, and the ASCII text file is generated 
using utility aaspi_make_training_clusters. Use (11) “Supervision file type” to switch between 
these two types of supervision file. If the ASCII file type is selected, the user can (12) invoke the 
aaspi_make_training_clusters button and generate a supervision file. To learn how to use 
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aaspi_make_training_clusters, please refer to the documentation of utility 
aaspi_make_training_clusters. 
 
An AASPI .H format mask file is a 3D volume of facies labels and shares the same geometry as 
input seismic (attribute) volumes. Each sample point is assigned an integer number representing 
a seismic facies. The program gtm3d will pair the input seismic attribute with such facies label at 
the same spatial location to form a supervision dataset. An ASCII format text supervision file is a 
list of supervision vectors. If N is the total number of columns in that file, then the first N-1 
columns are input attributes (one attribute a column), and column N is the facies label. In this 
way, each row of this file represents an N dimensional data vector, which consists of N-1 
attributes and 1 facies label. 
 
Finally, the (13) corresponding supervision file should be provided using one of the “Browse” 
buttons and fill in the (14) number of facies (masks) to be used. The (15) reset button can be 
used to start over unsupervised GTM analysis. 
 
In the Vertical Operation Window tab and Parallelization parameters tab are identical to those 
previously described under program som3d. Fill these out accordingly, then click Execute gtm3d. 
 
Program gtm3d will always generate the following output files: 
 

Output file description File name syntax 

GTM latent projection axis 
  

gtm_axis#_latent_space_projection_ 
unique_project_name_suffix.H 

GTM mean projection gtm_mean_projection_unique_project_name_suffix.H 

GTM mu projection gtm_mu_projection_unique_project_name_suffix.H 

GTM 2D projections 
 

gtm_2d_latent_space_projection_ 
unique_project_name_suffix.H 

Eigenvalues eigenvalues_unique_project_name_suffix.csv 

Eigenvectors eigenvectors_unique_project_name_suffix.csv 

Covariance matrix covariance_unique_project_name_suffix.csv 

Attribute Means d_mean_unique_project_name_suffix.csv 

Attribute Standard Deviations d_std_unique_project_name_suffix.csv 

Program log information aaspi_gtm3d_unique_project_name_suffix.log 

Program error/completion 
information 

aaspi_gtm3d_unique_project_name_suffix.err 
 

 
where, the errors we anticipated will be written to the *.err file and be displayed in a pop-up 
window upon program termination. These errors, much of the input information, a description 
of intermediate variables, and any software trace-back errors will be contained in the *.log file. 
 

GTM results 
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As with SOM, typically we will crossplot the two GTM components. This option is valuable if your 
commercial interpretation software package allows the construction of polygons on the crossplot 
histogram and the visualization of resulting geobodies. For this exercise, we will use the program 
crossplot can be found in the Display Tools tab in the main aaspi_util GUI. 
 
We follow a process similar to what we did previously for som3d. We enter the two volumes of 
the GTM projected against GTM axis 1 and GTM axis 2, rescan the limits of the data, and then 
define the resolution of the displayed crossplot. 
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As with the som3d results, we obtain four files: the 2D color bar, the 2D histogram, the 2D color 
table corendered with the histogram, and then the crossplotted data volume. This last volume 
can be converted into SEGY and then be loaded into your interpretation software. 
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Use program corender, we define the base layer as the crossplotted data volume and layer  2 as 
the energy ratio similarity (coherence) volume. 
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