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Computation flow chart

This self-organizing map (SOM) 3D facies analysis program is a tool to generate a seismic facies
map from multiple seismic attributes in an unsupervised fashion. Different exploration target or
seismic facies may be sensitive to different seismic attributes, and often times interpreters
need to use multiple attributes to delineate features within the area of interest. Taking multiple
attribute inputs, SOM tries to generate a facies map that captures most, if not all variations in
the input attributes. We consider the SOM process as a projection from multidimensional
attribute space to a 2D space, and the som3d program will output two files of projections on
two SOM axes, which can be directly crossplotted in crossplot or other modern interpretation
packages using a 2D RGB colorbar, making visualization more convenient and interactive. Below
is the flowchart showing the workflow of 3D seismic facies analysis (see next page).
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Figure 1.

Output file naming convention

Program som3d will generate the following files that provide statistics on the input
multiattribute data, where files ending in *.csv (comma-separated values) can be plotted using
Microsoft Excel software:
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Output file description File name syntax
Attribute mean values som3d_mean_unique_project_name_suffix.csv
Attribute standard deviations som3d_std unique_project_name_suffix.csv

Multiattribute covariance matrix | som3d_covariance_unique_project_name_suffix.csv

Multiattribute eigenvectors som3d_eigenvectors_unique_project_name_suffix.csv

Multiattribute eigenvalues som3d_eigenvalues_unique_project_name_suffix.csv

Program som3d will also generate the following output files:

Output file description File name syntax

Program log information som3d_unique_project_name_suffix.log

Program

error/completion som3d_ unique_project_name_suffix.err

information

Classified data som3d_cluster_number_unique_project_name_suffix.H
glr?s;gfll\jc;xi a;ca projected som3d_projection_axisl_unique_project_name_suffix.H

Classified data projected

onto SOM axis 2 som3d_projection_axis2_ unique_project_name_suffix.H

Distance of each data

) som3d_distance_unique_project_name_suffix.H
vector to its cluster center

Prototype vectors som3d_prototype_vector_waveform_unique_project_name_suffix.H

where the values in red are defined by the program GUI. 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.

SOM classification is initialized using the first two eigenvalues and eigenvectors, and in this
application are identical to those generated by program pca3d. This 2D plane (the simplest
manifold in N-dimensional attribute space) is sampled by a suite of regularly spaced prototype
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vectors which are then projected onto the SOM latent space. At each iteration, the location of
each prototype vector moves in the N-dimensional space to better represent the training data.
These prototype vectors (some workers call them “neurons”) are then projected onto the 2D
latent space at each iteration. Each sample in the input data represents a time slice, phantom
horizon slice, or stratal slice. In order to classify, the input data are scaled using the mean and
standard deviation for each slice. For this reason, there are two versions of the prototype
vectors — the one that is scaled and used internal to the program, and the one that is unscaled
(in “world coordinates”) and may be more useful to an interpreter. Both of these vectors can
be plotted against a color map called the prototype vector color matrix. The classified results
are provided in two formats — as a labeled data volume (consisting of integer values stored as
floating point numbers) that can be plotted against a corresponding classification color bar, or
as the classes projected against SOM latent space axes 1 and 2, which can be plotted using
aaspi_crossplot or crossplot tools available in commercial software. Most commercial software
packages allow an interpreter to define polygons in the crossplot space, thereby providing more
control in constructing seismic facies.

As with programs rgb_cmy_plot, crossplot, and hisplot, the user can request the following
optional colorbars for the more common interpretation software packages:

Output file description File name syntax
Petrel classification color bars som_waveforms_colors_unique_project_name_suffix.iesx
Landmark classification color bars som_waveforms_colors_unique_project_name_suffix.cl2

Kingdom Suite classification color

bars

som_waveforms_colors_unique_project_name_suffix.CLM

Seisware classification color bars

som_waveforms_colors_unique_project_name_suffix.xml

Voxelgeo classification color bars

som_waveforms_colors_unique_project_name_suffix.color

Geoprobe classification color bars

som_waveforms_colors_unique_project_name_suffix.gpc

Transform classification color bars

som_waveforms_colors_unique_project_name_suffix.cmp

Geomodeling classification color bars

som_waveforms_colors_unique_project_name_suffix.geomodeling

Seisware classification color bars

som_waveforms_colors_unique_project_name_suffix.CLM

Because the AASPI software uses the Petrel *.alut format files for its display; this file will always

be generated.
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Theory

Self-organizing map (SOM) is closely related 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, X;3 .... 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 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 mi, mi= [mi1, mi.... min], where
i=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.

Given this background, Kohonen (2001) defines the SOM training algorithm using the following five
steps:
Step 1: Consider an input vector, which is randomly chosen from the set of input vectors.
Step 2: Compute the Euclidean distance between this vector x and all PVs m;,i=1, 2,..p. The prototype
vector my,, which has the minimum distance to the input vector x, is defined to be the “winner” or the Best
Matching Unit, my, :
[Ix —mp|| = MIN{|[x = m;||} i (1)
Step 3: Update the “winner” prototype vector and its neighbors. The updating rule for the weight of the it" PV
inside and outside the neighborhood radius o(t) is given by:
m;(t+1) = m(t) + a(Ohy(Ox—m)] if|In—nl| <o(® (2a)
= m;(1) if |l —rpl| > o(t), (2b)

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

iterationt. 1, and r; are the position vectors of the winner PV my, and the ith PV m; respectively. We also
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define hy;(t) as the neighborhood function, a(t) as the exponential learning function and T as the length of

training. hy,;(t) and a(t) decrease with each iteration in the learning process and they are defined as
hy; () = e~ (lIrp=Till?/20%® ,ANd e (3)

a(t) = oco(%’s)t/T : S 1)

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, for 2D spaces will be defined as hue, 7,

0 = tan L (ﬂ) R (-

u-— 1/2

and saturation, §, as

S=1=1)" + (=) T2 (6)

where u and v are the projected components onto the 2D latent space defined by the eigenvectors v(¥) and
v(® . The new sets of PVs are colored using the 2D HSV color palette with equations 5 and 6.

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):

re(t + 1) = 1e(6) + a(t) - (1 - 5—") () = 1e(®), YK £ Ve e (7)

dyk

In Equation 7, 1 (t) is the positon of an SOM node before adjustment; 1, (t + 1) is the position of an
SOM node after adjustment; 1, (t) is the position of the current winning node; &,; and d, are the distances
between an SOM node and the current winning node in input data space and in the SOM latent space,
respectively. a(t) is the learning rate which exponentially decays over iterations.

The input of our 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) locations in our volume (which
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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, mi’, and the multiattribute data vector, x, at each voxel using

||x—m{,||= min{||x—m{||} ................................................. (8)
where my,’ is the nearest PV to the input data sample vector x. Each voxel is then assigned the color of my,. 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 seismic facies, most of which are geologic facies, but some which may be seismic
‘noise’ facies.

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 w;, the i*"

attribute’s contribution to an SOM model, as:

_ P |mji
w; = Z}'=1 d] Z—ﬁ'ﬂlm]'kl' ................................................. (9)
and
_ 2
d] = o (10)

where h;j is the number of multiattribute training samples that are nearest to the j* prototype vector, J is the
total number of multiattribute training samples, d; represents the density of training samples assigned to the
j*" prototype vectors, and pj is the value of the j*" prototype vector along dimension k (the dimension of the k"
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 or more

attributes,

_ N N!
S — (11)

and then weight by the number of attributes in each combination and take the sum over all used
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combinations:
W; = Y3y Ni@ip, coomeereenerieneeisneriseeressseresssssennennn (12)

where ! denotes the factorial operation, S is the total number of SOM models to be searched, N, is the number
of attributes in the " combination, @, is the contribution of the " attribute to the /" SOM model, and w; is
the final contribution of the i*" attribute to the 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 amount of threads/processors.

We use skewness and kurtosis to quantify the distribution of an attribute, and we weigh more on
attributes that exhibit smaller absolute skewness and higher kurtosis. Skewness, which is the third moment of

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

s(x) = E [(’%")3] N &)

where X is the mean of variable x, o, is the standard deviation, and E represents expectation. Similarly,

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

k(x) = E [(’%")4] T 7

In practice, the skewness and kurtosis are precomputed before determining the attribute contribution
w. After the computation of w, we further normalize both skewness and kurtosis to range between zero and

one. Weighting the previously defined w using skewness and kurtosis, and normalize again using the z-score:

|si|—_m1ir11V|si| ki_'mlirll\lki
i=1, i=1,
w; = 3 — " — N Wiy ceviiinnniniiniinieiis (15)

max |s;|— min |s;] max k;— min k;

i=1,N i=1,N i=1,N i=1,N

wWi—w
Wl' = — 4 teeeecesesesiieeiiecetetetetateentesatteaneoaanes (16)
ow

Here, w; is the weight of attribute i before z-score normalization, w is the mean of w;, g,, is the
standard deviation, and W; is the weight of attribute i after the z-score. In equation 15, 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. At the same time, the absolute value of w; is of less interest, as we further normalize it
to be Ww; 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:
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N aaspi_util GUI - Post Stack Utilities (Release Date: November 10, 2015) - (] X

JJ File Volumetric Attributes Spectral Attributes  Formation Attributes | Volumetric Classification Image Processing Help

Analytic Tools Display Tools Other Utilities  Set AASPI Default Paramet pca3d |
kmeans3d

AASPI to SEGY
format conversion | format conversion \ = h "
{multiple files) (single file) |3D self-arganizing mapping c\ass\ﬂcation|

. psvm3d
SEGY to AASPI - Convert Poststack seismic volumes from SEGY to AASPI fi define_training_data
SEGY Header Utility : SEGY Header Utility

2D SEG-Y Line rather than 3D Survey ? [

SEGY to AASPI AASP| to SEGY

format conversion

AASPI QC Pl AAS?L-. 2 |

gtm3d

SEGY format input file name I

(* segy,* sgy.* SEGY * SGY): Browse| View EBCDIC Header

AASPI binary file datapath: |/ouhomes/zhao7520/SEP_data/
Abselute file name followed by a /"
1imimnam Drmimet Mamma I

This Program som3d is launched from the 3D facies classification in the main aaspi_util GUI

Computing som3d module

Setting the primary parameters is the first step of the analysis. Use the browser on the first
eight lines to choose the input seismic data file (Arrow 1). It is not mandatory to take in eight
inputs. The number of inputs can vary from two — eight. The input attributes that one considers
for facies analysis will vary according to the requirements. For identifying the depositional
facies variation the volumetric attributes such as dip magnitude, coherency, GLCM attributes,
spectral magnitude, coherent energy can be considered as input. For characterizing geo-
mechanical variation in shale plays, one should consider different volumes that helps in
identifying the rock physics such as inversion volumes, lambda-rho, mu-rho, intercept or
gradient AVO volumes, etc. Specify the number of input attributes in the field labeled “Number
of attributes to use” (Arrow 2). This value will be updated automatically when a file is selected.
Do not forget to give a “Unique Project Name”. A Z-score algorithm is used to normalize the
input files.
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X 2aspi_som3d GUI (Release Date: February 20, 2017) - O %
Eile  plot Help

2D mulitattribute seismic facies analysis using Kohenen Self-Organizing Maps (SoM)
(Optional supervision about wells or user specified locations)

Input Attribute 1(+.H): ]Jrnes,lzhaeTS20f|ustinfpsvrn3d?tesl{somjinaLtestﬂustinﬁpcfpreslackup H Browse
Input Attribute 2(+.H): }ao7E|2Dlrjuslin{psvm:id)eslfsamjinaIitestlrjuslinApcipresla(kiLambdaMu H Browse

Input Attribute 30+ H): |Jmes{zhao7520,.'|ustln..'psvrn3ditestfsomiﬁnaUesl..'\usl|n7pc7prestack72§ H Browse
Input Attribute 40+ H): }esfzhau?520.fjustin.l’pswn3d_tash’surn_f\na\_testfjustin_p(_presia(k_\/p\a’s H  Browse
Input Attribute S(*.H): I.l’zh307520{|ustinfpS\rde_teslfsorn_Flnal_testﬁustin_pcjrestack_powsson H Browse
Input Attribute 6(*.H): I Browse
Input Attribute 7(*.H): [ Browse

Input Attribute 8+ H): | Browse
nen-uniferm training data? | NO | Training sample will be selected uniformly |<:| 10  [invoke Mask Generator |
Mask file(*.H): [ 13 Browse 12

Adaptive attribute weighting? | ves | Adaptively weighting input attributes | Use MPI for weight calculation? ¥ <:| 14

*Unique Project Name: Ijugrm Suffix: |tegl_fma| Verbose: [
Primary parameters I Horizon parameter: rallelization parameters|
Compute 3D clusters using Kohonen self-arganizing maps
Mumber of attributes to used : 5 2
Maximurm number of classes (<= Maximum colors) : 256 3
e.g. (== 230 for Kingdorn Suite)

Number of standard deviations to span the 2D Latent Space) : [4 i
Scale of the Initial Neighbourhood Radius : 12 5

Use Mahalanobis distance? r
Uncheck to use z-scored Euclidean distance:
MNurmber of data training iterations : 5 <:| 6
CDP decimation in training : 5
Line decimation in training : 5 <:| 7
Vertical sample decimation 5

in training :
Grid spacing for the cluster projection space : 150 <:| 8

9 >I' (Optional supervision around wells  Add supervision
or features of interest)
Threshold (%) for Euclidean Distance Classification : [go
Theshald Angle for Spectral Angle Mapper : a5
Run som3d | EK

(c) z008-2017 MSP‘I\hszinux - The University of Oklahoma

The maximum number of classes can be any large number (Arrow 3). In using SOM, we always
start with an over-defined number of classes and allow the algorithm to automatically form
fewer classes. Most of the commercial visualization software can only display 256 colors thus
generally is <= 256. However, with a more uniform sampling of the latent space, we generally
have more confidence in clustering. The eigenvectors and the eigenvalues are now calculated
internally. They serve as the first approximation to the latent space forming the initial set of
untrained vectors. The standard deviation value scales the 2D Latent space (Arrow 4). A value
of 30 makes the latent space represent 97% of the data. Set the initial value of the SOM
neighborhood radius within which all neighbor prototype vectors are updated (Arrow 5). Put
the maximum number of iterations (Arrow 6). Select the decimation rate of input data used for
training (Arrow 7). The operation window options are defined in the Operation Window tab
shown below. In a 2017 update, we add in the option to use a user-defined mask file in defining
the otherwise uniformly generated training samples (Arrow 10 and 11). We demonstrate this
function in a later section named “use non-uniform training data”. Another unique option is to
use data-adaptively derived weights to emphasize (and deemphasize) each input attribute
(Arrow 13). If selected, input attributes will be weighted using weights internally computed
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from the som3d program. The mathematical details on weight calculation are provided in the
Theory section earlier in this documentation. 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, the program provides an option for sequential mode in weight
calculation by unchecking the box at Arrow 14.

Use non-uniform training data

By default, the SOM program decimates input attribute volumes uniformly along line, cdp, and
time (depth) to extract training data that best represent the whole input data. This is the best
way 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 opts to emphasize more
on variations found in a smaller region versus the general trend within the survey, he/she has
the option to use non-uniformly decimated data to build the SOM model. Click Arrow 10 button
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 mask file can be generated using the utility Mask
Generator (Arrow 11), which can also be invoked form the AASPI main window as Volumetric
Classification/define_training_data. A 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 varied 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.

Define the operation window

A user has the option to use either a constant time window or a window defined by top and
bottom horizons. The functionalities in defining the operation window are discussed below.

Primary parameters | _Horizon parameters | parallel parameters|

Start Time ins: I — 1

End Time in s s 2

Use horizons as limits? |USE HORIZON| Click to change to Use Timel <:I 3

Input upper horizon filename: bo7520fjustin/psvmad_testp_012_Petrel.dat  Browse 4

(Choase Horizon Type Below:) 5 View horizon file| Convert DOS to umx[<:| 6
Input lower horizon filaname: Fo7520fjustin/psvm3d_testp_014_Petrel.dat  Browse <;:| 7

(Choose Horizon Type Below:) 8 |:>V\ew horizon file| Convert DOS to unp<[<:| 9
Choose horizon type: gridded (.. Earthvision) 10

Number of header inesto skip: [ 11

Total number of columns: Is— 12

Column number of line_no: |17 13

Colurnn number of cdp_no: - 14

Column number of =

time or depth picks: 15

anull value (indicates missing pick): [-osgoss | 16

Vertical axis of picked surface? o —— ::F \éﬂ::w:nr:‘zsnﬁ:: [ms ] <:| 18
() 2008-2017 AASPI for Linux - The University of Oklahoma
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b

i

SDR O

11.
12,
13.
14.
15.
16.
17.

18.

Horizon definition

The horizon definition panel will look the same for almost all AASPI GUIs:

Start time (upper boundary) of the analysis window.

End time (lower boundary of the analysis window.

Toggle that allows one to do the analysis between the top and bottom time slices described in 1 and 2
above, or alternatively between two imported horizons. If USE HORIZON is selected, all horizon
related options will be enabled. If the horizons extend beyond the window limits defined in 1 and 2,
the analysis window will be clipped.

Browse button to select the name of the upper (shallower) horizon.

Button that displays the horizon contents (see Figure 1).

Button to convert horizons from Windows to Linux format. If the files are generated from Windows
based software (e.g. Petrel), they will have the annoying carriage return (*M) at the end of each line
(Shown in Figure 1). Use these two buttons to delete those carriage returns. Note: This function
depends on your Linux environment. If you do not have the program dos2unix it may not work. In
these situations, the files may have been automatically converted to Linux and thus be properly read
in.

Browse button to select the name of the lower (deeper) horizon.

Button that displays the horizon contents (see Figure 1).

Button to convert horizons from Windows to Linux format (see 6 above).

. Toggle that selects the horizon format. Currently gridded (e.g. EarthVision in Petrel) and interpolated

(ASCII free format, e.g. SeisX) formats are supported. The gridded horizon are nodes of B-splines used
in mapping and have no direct correlation to the seismic data survey. For example, gridded horizons
may be computed simply from well tops. The x and y locations are aligned along north and east axes.
In contrast interpolated horizons are defined by line_no, cdp_no (crossline_no) and time triplets for
each trace location. Examples of both formats are shown in Figure 1. If interpolated is selected, the
user needs to manually define each column in the file.

Number of header lines to skip in the interpolated horizon files.

Total number of columns in the interpolated horizon files.

Enter the column number containing the line_no (inline_no) of the interpolated data triplet.

Enter the column number containing the cdp_no (crossline_no) of the interpolated data triplet.

Enter the column number containing the time or depth value of the interpolated data triplet.

Znull value (indicate missing picks) in the horizon files.

Toggle to choose between Positive Down and Negative Down for the horizon files (e.g. Petrel uses
negative down).

Choose the vertical units used to define the horizon files (either s, ms, kft, ft, km, or m).
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x Iwrimnﬁleumtull_

£ Type: scattered data™M
#Version: 6°M

# Description: No description ™M
# Format: free ™M

2 Field: 1 x~M

#Faeld: 2 y*M

# Field: 3 z milkseconds “M

# Freld: 4 column™M

& Field: 5 row™M

& Projection: Local Rectangular =M
# Units: meters “M

# End: "M

# Information from grid: =M

# Grid_size: 941 x 2103°M

# Scattered data: Not_available ~M

#2_field: z"M

# Vertical_faults: Mot_available~M

# History: No history~M

# 7_units: milliseconds M

1485475.000000 4935712 500000 1851 985962 500 4"°M
1485500000000 4935712 500000 1851 386841 501 4°M
1485475.000000 4935725 000000 1852 000244 500 5°M
1485500.000000 4939725000000 1851 571655 501 5°M
1485450 000000 4935737 500000 1851 743408 493 6°M
1485475.000000 4939737 500000 1851 771729 500 6°M
1485500.000000 4939737 500000 1851 674194 501 6°M
1485425 000000 4939750 000000 1851 443237 498 7°M
1485450 000000 4939750 000000 1851 378784 499 7°M
1485475.000000 4935750 000000 1851 413452 500 7°M
1485500.000000 4935750 000000 1851 851196 501 7°M
1485525 000000 4935750 000000 1852091064 502 7-M
1485400.000000 4939762 500000 1851 414063 497 8~M
1485425 000000 4936762 500000 1851 286255 468 8~M
1485450 000000 4935762 500000 1851 405273 499 8*M
1485475.000000 4939762 500000 1851 379028 500 8~M
1485500 000000 4935762 500000 1851 937256 501 8°M
1485525000000 4935762 500000 1853 580200 502 8*M
1485375000000 4935775 000000 1850 712646 496 M
1485400.000000 4935775000000 1851 130981 497 9°M
1485425.000000 4939775000000 1851 510254 498 9°M
TARRAGN NNANNG 4816775 AANNAN TARY £IBT71 408 G M

# Grid_space: 1473000.000000, 1496500.000000,4939675.000000.4965950.000000 °M

= \ 1 2043410 510781 1239.705°M
2 2043520 510781 1244 7826"M
3 2043630 510781 1243 203°M
4 2043740 51078l 1244 0635°M
5 2043850 510781 1244 G0TE M
6 2043950 51078l 1245 4026°M
7 2044070 510781 1243.9315°M
@ 2044180 510781 1245.0817°M
9 2044290 510781 1248.2197°M
10 2044400 510781  1246.5739°M
11 2044510 S10781 1238 4037°M
12 2044620 510781 1238 7538°M
13 2044730 S10781 1237 3645°M
14 2044840 510781 1237 BGES"M
15 2044950 510781 1238 6074"M
16 2045060 510781 1237 2664~M
17 2045170 510781 1238.9034°M
18 2045280 51078l 1238.717°M
10 2045300 510781 1230.1155°M
20 2045500 510781 1238.6917°M
21 2045610 51078l 1238.5547°M
2045720 510781 1238 495°M
23 2045830 510781 1237 7449°M
24 F04A5940 S1078L 1237 2827°M
25 2046050 510781 1237 4436°M
26 2046160 510781 1237.2924"M
27 2046270 510781 1237 4955°M
28 2046380 510781 1237 B36E"M
29 2046490 51078l 1238 4445°M
30 20456600 510781 1239.0701°M
31 20456710 51078l 1239.5334°M
32 20456820 510781 1239.9387°M
33 2046930 510781 1239 9202°M
34 2047040 510781 1239 5946°M
35 2047150 510781 1239.4829°M
36 F04TI60 S10781 1239 3917°M
37 2047370 510781 1239 3479°M
3B P04T4B0 S10TBL 1239 2074°M
3% 2047590 510781 1239 0051°M
40 2047700 510781 1238 8276°M
41 2047810 510781 1238.7441°M
= 42 2047920 51078l 1238.7734°M

Close |

o
>

|

Figure 2. (left) A gridded horizon file (EarthVision format). (right) An interpolated horizon file
with five columns (ASCII free format).

Displaying the results

Plotting the SOM facies using aaspi_crossplot

The user can use crossplot module in the aaspi_util to crossplot two SOM axes in order to
generate the SOM facies map with a 2D color map. The crossplot module can be found under

Display Tools in the aaspi_util GUI:

M aaspi_util GUI - Post Stack Utilities (Release Date: January 21, 2017)

JJ File “olumetric Attributes Spectral Attributes  Formation Attributes  Volumetric Classification  Image Processing

Help

Attribute Correlation Tools | Display Tools Other Utilities  Set AASPI Default Parameters

corender
AASH .
SEGY to AASPI | . 4D spectral data viewer
forr‘nat conversion
{me  hiplet

AASPI QC Plotting - Aquic  MSPlot

hlsplot
AASP| format input file nar  rgb_cmy_plot

Colarbar file name: generate_roses

AASPI

on  AASPIQC Plotting | aasPl workflows

Prestack Utilities

attribute volumes

lo7520/justin/psvm3d_test/som_final_test/mask_test_0.H

raph_plot
Enter plot title: LR LSS
Minimurn Time_(s): |1.1
Maximum Time_(s): {15

The crossplot GUI is shown on the following page:

Browsel
Browsel
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M aaspi_crossplot GUI (Release Date: January 21, 2017)

JJ Eile

Help
crossplot - bins and crossplots two input attributes against a 2D hue and saturation color table.
The output crossplot data volume ranges in values from 0 to max_color-1
which maps one-to-one against its color table.
IESX, Landmark, Voxelgeo, geomodeling, Kingdem, and SEP format color tables are
generated which can be loaded inte commercial workstation software applications.

Input Attribute Plotted Against the X-Axis of the 2D Color Bar

Input x-axis attribute file name (*.H): '_testfsom_ﬁnaI_testfsom_a)(iS1_|atent_Space_prcjectionJustin_test_final.H Browsel

Title of the x-axis attribute: ISOM axis 1 Re-scan Attrl
Minimum attribute value |-4.91855

(lower values will be clipped):
Maximum attribute value I?,82262

(higher values will be clipped):

Input Attribute Plotted Against the Y-Axis of the 2D Color Bar

Input y-axis attribute file name (*.H): '_test,rsom_ﬁnal_testfs0m_axis2_|atent_space_prcjectionJ’ustin_test_finaI.H Browsel

Title of the y-axis attribute: ISOM axis 2 Re-scan Attrl
Minimum attribute value |-2.?8043

(lower values will be clipped):

Maximum attribute value |4.?2631
(higher values will be clipped):

Maximum number of colors |4ogs
(256 for petrel, geoviz, geomodeling, seisworks)
(230 for Kingdom Suite):

20 Color Map Size:
{n_x_bins *n_y_bins <= max_colors)

No. of x-axis color bins: |64 * Mo, of y-axis color bins: Iaq
Clockwise rotation of 2D color bar) Io
(Default = 0.0 with Blue up at 0 deg,
Red at 120 deg and Green at 240 deg):
Plot title:

ISOM axis 1_vs_SOM axis 2_test_final
Crossplot output file (*.H):

Icrossplot_SOM_axis_ 1 ws_SOM_axis_2_test_final.H
Colorbars to Generate

7| AASPI(.sep) [~ GeoFrame (.iesx)

™ Landmark (.landmark .cl2)
[~ seisware (xml) T Petrel (.alut)

I~ voxelGeo (.color)
[~ Transform (.cmp)

[~ Geomodeling (.geomodeling)

" Kingdom (.CLM) " GeoProbe (.gpc)

| (c) 2008-2017 AASPI for Linux - The University of Oklahoma

Execute crossplot |
SOM axes 1 and 2 are taken as inputs for x and y axes in the crossplot. To ensure a smooth color

transition, 4096 colors are used for the 2D colorbar to be generated (64 by 64 colors). The
result is shown below (from a different survey in Canterbury basin, New Zealand):

Attribute-Assisted Seismic Processing and Interpretation
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Figure 3.

From crossplotting the two SOM axes, we generate a crossplotted volume, a 2D color map, and
a 2D histogram of the cross-plotted volume (Figure 3). The 2D histogram shows clusters of
facies, and these clusters are color-coded by the color at the corresponding position in the 2D
color map. In this example, we observe that the channels at cdp range 5000 to 5400 are in
different facies, and are well separated from the surrounding sediments. Another output
directly from the som3d module is the end member index volume as shown below (see next

page):
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Distance from mean of PVs to a data vector
Time=1.9 (Panel=6)

6400
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5000

4800

1000 1100 1200 1300 1400
Line no.

Figure 4.

This image shows the Mahalanobis distance from a multiattribute data vector to the center of
all prototype vectors, providing an estimate of the likelihood of a data vector being an end
member (uncommon facies). In this example, the red-colored facies has a large distance value,
therefore it is considered to be a rare facies.

Visualization by crossplotting two SOM axes in Petrel

In the previous section, we described how to use AASPI crossplot module to generate a SOM
facies volume. However, most commercial interpretation software can only display a finite
number of colors if using a discrete colorbar, therefore interpreters may not be able to import
and properly display the AASPI generated crossplot volume into a commercial interpretation
package. To overcome this issue, instead of generating a SOM facies volume with its
corresponding colorbar in AASPI, we can crossplot (corender) the two SOM axes directly in an
interpretation package. In this way, we are able to generate a facies volume with much more
smooth transition in color, and we also use Petrel as an example to show this trick.

We import the two SOM axes into Petrel, and use the volumetric corendering probes to
corender these two volumes. In this case, we use horizon probe as we want to display the facies
along a horizon of interest. As shown in the screenshots below, we select the two SOM axes as
the input volumes, and make the horizon probe aligned along the top of the horizon (in order
to actually see facies on that horizon).
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r@ Settings for 'Horizon probe DPSOM' 2 -F@ Settings for 'Horizon probe DPSOM' u‘
|o Info | Statistics |Sty\e |\f'o\umes ‘Opac:ity | Herizons I Extraction | ‘0 Infe I Statistics ISWIE IVqumes |Opacity| Horizans ‘ Exiraction |
‘?:tisrm: = Horizons/sufaces El
cube

somjxls'lflatenlﬁsDacejro]eclwmmkaldfhorlzqnfDBZT [Realized] 1

| ﬁl Horizon 1 @wakald_hor\zon_boﬂom_ﬂ 00.dat

() som_axis2_latent_space_projection_waka3d_horizon_0521 [Realized] 1

Horizon 2: ‘
@

Options
| ’El Single-horizon mode: [Verticalth\dmess ‘]
Missing values [Imerpolata holes where possible ']
Co-endering
Mode
[Color: Opacity-weighted sum. Opacity: product v] §| ez
Threshold Aligrment: () Center @ Top () Bottom
454
Thickness: [l 200000 (] sep 1 - ms
Geobody masking Vertical offset: || -10.0000 M| Step: |1 ms
Geobody
| | ’El Apply immediately
Mode
[Dlsable/’Nune V]

[ fpy | [ OK

] [ Cancel |

[ #opy | [ 0K

] [# Cancel

In order to fake a 2D colorbar, we then need to change the colorbars of the two SOM axis
volumes as follows, and make the max and min value of the colorbar to best fit the data range:
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") settings for som_mwa Iatent space. projection wakasd_honzan 0521 [Realized] 1 ||

[ Metz data Qpaciy I Queality atiributes 1 Meta data | Opacity I Quality attributes
& Syle |@ nfo [l Swiscs [ Colos B Operations | Geomemy | |: bSME |o| Ilnfﬂl @ Smtistics | [] Colrs  |FF Operations | Geometry
This object uses a local color table: is object uses 3 local colortable. -
) Global (shared) color table R Seismic (default) -] @ | @) Global (shared) color table IR ssmic (defaul] - Bd
@ Local fprivate) color table @ Local (private) color table
Min/ma limits: Min/ma limits:
IT@m?m:Z :eﬁned in color table Ij ! @ Limits defined in color table D
| ) Use limits from property template ) Use limits from property template
) Autoscale colortable to data () Auto-scale color table to data
T e | 2o @
Mas || 1] Max
18 : 2
.
Color interpolation: 12 §|| Color interpolation £
©) HSV (Max) I © HSV ey
© HSV{M:; i @ HSV(MiE:; 12
@ RGEB 0.8] | @ RGEB s
[/] Emphasize I [7] Emphasize
Non linear gradient 04 I Non linear gradient 04
X Sl - e
; :
0.4 I
: | 08
0.8 [% -1.2]
0 W
2 B 1§ B
[ 2 =l
-1.6]
aoeae | 100.00% o _—, 100.00% M
-1.85655 (|~ 4 Color 0pa(‘:¢)’¢ @ 250 [N Color  Opacity
Undefined: ([~] 100% ~ 0%~ [ || undefined: [E=] 100% ~ 100% d
[y | [vok | [mCamcel | | [vronty | [vok | [ Cancel |
« =, ==

In this way, we are actually faking a 2D color map like this:

SOM latent axis 2

OM Iaent axis 1

And if we see the horizon probe from top (display in a 2D window in Petrel), the cross-plotting
(co-rendering) result will look like the following image (see next page):
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SOM latent axis 2

03

2D colorbar  1%0%

SOM latent axis 2

HorizonA % SOM latent axis 1

Figure 5.

In this image we are also co-rendering Sobel filter similarity to highlight the edges. To do so we
extracted the Sobel filter similarity along the horizon that we used in the horizon probe, and
display in the same window with the horizon probe, using an opacity curve shown in the figure.
The case study in which we generated the facies map above can be found in Zhao et al. (2016).

Geobodies extraction on the facies volume in Petrel (old)

The following is a simple workflow to show the geobodies extraction in Petrel. The example is
taken from a deep water Gulf of Mexico dataset (Roy et al, 2011, GCSSEPM 2011 talk). Figure 6
shows the horizon probe extracted around one of the horizons of interest. We apply
transparency to the colorbar to highlight the continuous high amplitude seismic facies, which
are interpreted as basin floor deposits in the survey (the blue colored seismic facies in Figure 7).
Figure 8 shows the output after running automatic geobody extraction in Petrel. These
geobodies gives a more quantitative estimation of the seismic facies.
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Figure 7.

Attribute-Assisted Seismic Processing and Interpretation 25 August 2020

Page 20



Volumetric Classification: Program som3d

SHEp

Figure 8.

Exploring advanced options

Using a mask file to extract training samples

As previously introduced, users have the option to use an externally generated mask file to
define training sample locations. The following example shows how different training sample
extraction leads to different SOM facies map. A mask file named as random_mask_xxx.H is

loaded as (see next page):
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K aaspi_som3d GUI (Release Date: February 20, 2017) — [m] x

File Plot Help
I

3D mulitattribute seismic facies analysis using Kohonen Self-Crganizing Maps (SOM)
(Optional supervision about wells or user specified locations)

Input Attribute 10+H): Ims,'zhao?ti2UMak33d.’gtm3d_testfccherent_energy_waka:éd_smaH_passz.H Browse
Input Attribute 20+ H): I.Jhcmes,fzhac?520/wak33d,'gtm3d_test,'g\cm_hcmugenewty_wakan_smaII.H Browse
Input Attribute 30+.H): I::rnes;‘zhac?52OIWaka3d,fgtm3d7test,'kicurvednessiwakaiid?smal\i\ongiw.H Browse
Input Attribute 4(+.H): |,‘ouhcmesfzhac?szUMaka3d,'gtm3d7testfpeakﬁfreqfcwtfwaka3dfsmal\.H Browse
Input Attribute 5(*.H): I,‘nuhomes,rzha07520M3k33d/gtm3d7testfpeakﬁmagicwtiwakﬂdismall‘H Browse

Input Attribute 6(*.H): | Browse
Input Attribute 7(*.H): | Browse

Input Attribute 80+.H): I Bruwsel
non- raining data? |ves | Select mask file defining training sample locations Invoke Mask Generafo
fila{*H): I,‘Uuhcmesfzhac?SZU,‘sube\3d7test,'randumimaskitestipclygcnioutiw‘H

Adaptive attribute weighting? | NO | Input attributes are equally we\ghtgdl Use MPI for weight calculation? 7

*Unigue Project Name: Iwakan Suffix: Itest_demc Verbose: ™

Primary parameters I Horizon parameters |Para|le|izarmn parameters'

Compute 3D clusters using Kohonen self-organizing maps

Number of attributes to used : 5

Maximum number of classes (<= Maximum colors) : 256

For the Canterbury Basin seismic data, below is a vertical section from a mask file containing
only user picked channel regions (as polygons):

Seismic amplitude at Line A

Figure 9.

The magenta dots are training samples to be used in SOM. In this particular example, we opt to
randomly select 50 percent of the points within a picked (2D) polygon as training samples.
Alternatively, if an interpreter prefers to include training samples representing the background,
he/she can combine the picked regions with a uniformly decimated background, and assign
different weights to each region and background separately:

Seismic amplitude at Line A

Figure 10.

In this example, magenta dots are from a user picked polygon with weight value of 2, and the
regular gridded green dots form a uniform background with weight value of 1. In this way, the
SOM model approximates the general trend while still emphasizes on the variations in the
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channel area. We compare the SOM facies maps from these two different training sample
extraction schemes along the same Horizon A which has been shown in previous figures:

2D colorbar ; 4 g 2D colorbar

SOM axis 2
SOM axis 2

SOM axis 1 & SOM axis 1

21— - N h
Figure 11. Left figure shows the SOM facies along Horizon A using training samples from picked
polygons only. We pick training samples specifically around the two channels marked by the
orange and red arrows, and by doing so, we are able to identify the subtle changes marked by
the white, yellow, and blue arrows. On the other hand, because the training samples are
selected around the two channels, the colors at regions outside this relatively small area do not
necessary represent the real facies. Instead, they only represent the similarity between a facies
and facies within the dual-channel region. The Right figure shows the SOM facies along Horizon
A, using training samples from both picked polygons and the background. We take samples
from uniform sampling and assign weight value of 1, and assign weight of 2 for user-picked
points. We are able to observe some of the subtle changes within the dual-channel system (e.g.
the edge between two channel stories marked by the blue arrow). At the same time, we still
preserve the meaning of the facies outside the dual-channel region, because the majority of
training samples are extracted outside the dual-channel region.
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Figure 12. As a comparison, Figure 12 on the left is
a SOM facies solely from uniformly sampled
training data. As we expected, uniform sampling
preserves the main features, such as the channel
in orange (orange arrow) that is cut through by a
younger channel (red arrow), and the sinuous
channel complex in the north. However, there is
little to no evidence for the subtle features that
are marked by arrows, including a channel
boundary (yellow arrow), an edge between two
channel stories (blue arrow), and changes in
reflection characteristic (white arrows). These
features are readily visible in the previous SOM
facies maps.

2D colorbar

~
1]

3

©
=
o
(2]

SOM axis 1

Horizon A

Adaptive attribute weighting

Note: This function is memory intensive by default. If memory related errors occur as a result of
using adaptive attribute weighting, please try to uncheck the Use MPI for weight calculation
box to run the weighting step in sequential mode. However, opting to run in sequential mode
will increase the time cost considerably.

non-uniform training data? | ves | Select mask file defining training sample Iocationsl Invoke Mask Generator |
Mask file(*.H): Ijouhomesfzhao?520fsobe|3d_testfrandom_mask_test_polygon_out_w.H Browsel

Adaptive attribute weighting? | ves | Adaptively weighting input attributes |=qus_f§_l\_flpl for weight calculation? I:_:;

*Unique Project Name: Iwaka3d Suffix: Itest_demo verbose: ™

Primary parameters I Horizon parameters | Parallelization parameters|

Typically, interpreters qualitatively choose input attributes for multiattribute facies analysis
based on their experience and geologic target of interest. In this SOM facies analysis module,
we augment this qualitative attribute selection process with quantitative measures of which
candidate attributes best differentiate features of interest, by weighting input attributes based
on their response from the unsupervised learning algorithm that used to generate the facies
map, as well as their statistical behaviors.

We use an example from the Barnett Shale to demonstrate the effect of input attribute
weighting, and compare with SOM facies map from equally weighted input attributes. In our
example, the Barnett Shale lies directly on top of the dolomitic Ellenburger formation in the
western region of the Fort Worth Basin. The Ellenburger formation is highly deformed, with
extensive development of karst and joints that extend upwards from the water-saturated
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Ellenburger into the Barnett Shale, posing drilling and completion hazards (Pollastro et al.,
2007). Our objective is to use spectral decomposition, geometric, and texture attributes, which
are sensitive to strata thickness, lithology, and structural deformation, to illuminate the
architectural elements presented in the shallow part of Ellenburger formation. The figures
below provide co-rendered attributes along a phantom horizon (Horizon A) 25 ms below the
top of Ellenburger, on which we observe karst features either in isolated circular to oval shape,
or in a cellular network of polygonal karst. Structural curvature defines the extension of karst
regions (top left), while amplitude curvature highlights the small scale collapse (top right). We
observe that highly karsted regions exhibit lower frequency compared to the surrounding area,
possibly due to the non-specular scattering from the chaotic reflectors. These regions are also
low in peak spectral magnitude as a substantial amount of the reflected energy is not properly
received by the receivers within the migration aperture.

Ky k,
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0 o)

-.__negativel negativel
28 ~ 0100% 9

e €heg

Pos
positive E positive E
0 |i

0100%

_negativel negativel
0100% ~ 0100%

5 km 5 km

Peak Spectral Peak Spectral
Frequency Magnitude
65 2e+5[ll\ C

GLCM Energy ratio
homogeneity similarjt_y

g

Horizon A 5 km

Horizon A

Figure 13.
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When executing the program, the program will build multiple SOM models with different
subgroups of input attributes to estimate the attribute weights, and the attribute weights are
calculated once all attribute combinations have been tested:

X zhao7520@ediacaran:/ouhomes/zhao7320/harris3d - u] X
Building S0H model Mo, 14 on processer 14
Building SOH model Mo, 15 on processer 15
Butlding SOM model Mo, 11 on processer 11
Building SOH model Mo. 17 on processer 16
Building SOH model Ma. 18 on processer 1
Building SOH model Mo. 19 on processer 10
Building SOH model MNo. 20 on processer 15
Building S0H model No. 21 on processer 14
Building SOH model Mo, 52 on processer i3
Building SOH model Mo, 53 on processer 12
Butlding SOM model Mo, 24 on processer 4
Building SOH model Mo, 25 on processer 5
Building SOH model Mo. 26 on processer 3
Building SOH model Mo. 27 on processer 2
Building SOH model Mo. 28 on processer 3
Building SOM model MNo. 29 on processer &
Building SOH model Mo, 30 on processer g
Building SOH model Mo, 31 on processer 7
Building SOH model Mo, 32 on processer 1
Building 50N madel Mo, 33 on processer 12 Start final SOM model building using the derived attribute weights
Building SOH model Mo. 34 on processer 11
Building SOH model Ma. 35 on processer 16 - -
Building SO madel MNa. 36 on processer 15 attribute weights:
BitLding S01 vodel to: e i Sl 1 eoldiit B 77HEaRIEY
Building S0M model No. B an preseear 14 attribute 2 weight: 0,753411030500691
Building 50 model Ma, 40 on processer 4 attribute 3 weighty 0,507762545847233
gﬁ;}g::z ggn mgz} mg :é E: E;Ez:::g: g attribute 4 weight: 0,622823407966011
Building SOM modsl Mo, 43 on processer 6 attribute 5 weight: 1,36231482336117
Building S0H madel No. 44 on processer 3 attribute B weightt  1,46604873797363
5&113123 ggp ":gazi mg :g o E:ggg:zz: g attribute 7 weight:  1,770B9381126230
Building S0M model Mo, 47 on processer 7 attribute 8 weight: 0,541732445600837
Building S0H model Mo, 48 on processer 1 kel

Figure 13 below are the SOM facies maps from adaptively weighted attributes (left) and (by
default) equally weighted attributes (right):

2D color map 2D color map

SOM axis 2
SOM axis 2

SOM axis 1 SOM axis 1

0 5km Horizon A 5km

Horizon A

Figure 13.

Comparing the two figures above (Figure 13), we observe that both SOM facies maps are able
to delineate the karst, faults, and fractures equally well. This observation verifies an assumption
that adding a penalty weight does not significantly alter the curvature and similarity anomaly
contributions. The polygonal karst regions are characterized by purple and cyan facies, where
purple corresponds to anticlinal components and cyan synclinal components. Compared to the
co-rendered structural curvatures, both SOM facies maps provide details about smaller scaled
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karst caves that are not identifiable on structural curvatures, most of which correspond to
fracture joints (blue arrows). We are also able to identify the major faults (red arrows) close to
the polygonal karst regions, suggesting a tectonic control of the karst development (Qi at al.,
2014). The main difference between adaptively weighted and equally weighted SOM comes
from regions marked with yellow and orange arrows. In the left figure, the yellow arrow regions
are in a lime green facies, where the orange arrow regions are in an orange facies. In contrast,
these regions look nearly identical in the right figure, all being brownish cellular textures that
somehow follow the trend on the curvature attributes. The lime green versus orange facies
change in the left figure reflects the frequency variation found in the previous peak frequency
attribute, where low peak frequency regions are in lime green facies (yellow arrows), and high
frequency regions are in orange facies (orange arrows). The peak frequency provides
information on tuning thickness, which adds another dimension besides surface morphology.
The SOM facies map from equally weighted attributes, on the other hand, does not distinct
such frequency variation clearly.
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