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Abstract

This paper aims to develop an open-source python
based interactive geophysical package called pySE-
ISPROC. pySEISPROC is an integrated package des-
igned for 3D seismic data processing. It allows geo-
physicists to rapidly interact with huge datasets. It
contains visualization tools for better understanding
of the data and analysis tools for fault extraction in
the 3D seismic volume. This study also aims to
introduce standard noise suppression techniques for
data preprocessing in order to increase efficiency of
the prediction algorithm. Automatic fault extraction
is performed using traditional deterministic approa-
ches such as structural dip, semblance, eigenstructu-
re, gradient structure tensor based coherence, etc.

Introduction

Seismic faults are typically imaged as discontinuities
in the data. Faults provide insight into many sub-
surface hydrocarbon traps. Hence, a precise depiction
of faults is important for reservoir characterization
and exploration of the field. Earlier, faults were man-
ually interpreted by visual recognition of discontin-
uities in the seismic data. But these methods consume
huge time and are sensitive to interpreters’ bias. To
increase the accuracy of interpretation, algorithms are
being developed for effective semi-automatic or auto-
matic fault extraction for highlighting fault points fol-
lowed by model-based fault tracking in 3D seismic
data.

Taner et al proposed estimation of dip using complex
trace analysis [1] of seismic images. In [2, 3, 4],
authors proposed discontinuity analysis algorithms
for extraction of faults in 3D seismic volume. These
are the most frequently used seismic attributes for
fault interpretation. Towards the end of 1999, the
semblance based coherence algorithm was slightly
modified. As the fault is dominating along the same
dip, semblance was calculated by aligning the analy-
sis window along the dip or azimuthal angle. Further,

it is seen that noise distorts the seismic image and
interferes with the fault detection accuracy. In order
to cater the noise of seismic data, another structural
attribute named gradient structure tensor [5] was
proposed for seismic data interpretation. The authors
in [6,7] introduced 3D Hough transform to detect
fault planes in 3D seismic volume. Later, it was
extended to the double Hough transform [8]. Among
all the fault enhancement algorithms, the ant tracking
[9] was considered to be most effective. All these
traditional approaches are data dependent. Zhang et.
al first introduced machine learning based algorithm
[10] for fault extraction. In 2017, Xiong et. al exte-
nded the existing machine learning algorithms to a
convolutional neural network framework [11] for
seismic fault detection in 3D volume.

Presently, python is widely used for seismic pro-
cessing and analysis of 3D seismic data. Due to ease
of interactive analysis almost all researchers use pyt-
hon. The purpose of this work is to develop a python
based open-source geophysical package for fault inte-
rpretation in 3D seismic volume. This package prov-
ides utilities for data input, data pre-conditioning,
calibration of data and other image processing techni-
ques for automatic fault extraction. The fault points
are extracted and highlighted using various traditi-
onal deterministic approaches. Denoising techniques
are introduced for pre-conditioning the seismic data.
The results of the 3D seismic attributes are compa-
red on the original and filtered data is presented.

Methodology

The integrated geophysical package contains utilities
for visualization and analysis of seismic data. The
implementation of the proposed package relies on
numpy, scipy, segpy, segio, etc. Figure 1 shows the
tree diagram for the pySEISPROC package. The det-
ailed descriptions of the pySEISPROC utilities are
given in Table 1. This package provides some state-
of-the-art algorithms for fault interpretation in 3D
seismic volume. The backend algorithms involved for
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pySEISPROC

| 1 1 1
seis_LoadData()

seis_Datalnfo() seis_View() seis_Analysis()

data_Visualize2D() — compute_Dip()

data_Visualize3D() compute_Semblance()

data_WigglePlot() — compute_GradientStructure()

compute_EigenStructure()

Figure 1: Tree Diagram of the python based geophysical package (PySEISProc)

fault interpretation have been discussed below.
A. Estimation of dip attribute:

Dip is a valuable attribute in seismic data interpreta-
tion as it discerns faults in a seismic section. In the
developed package compute_Dip() the 3D structural
dip of the seismic volume is estimated by complex-
trace analysis[1]. In [1] the instantaneous frequency
(w), instantaneous wave number ky ky and k; is
defined as in Equation (1), (2), (3), (4) respectively
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where ¢ denotes the instantaneous phase, u(x,y,z) de-
notes the input seismic data, u™(x,y,z) denotes its Hil-
bert Transform with respect to time t, and ATAN2
denotes the arctangent function whose output varies
between -z and +7 .

The dip angle (0) is thus formulated as-

ki+ky2 (5)
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B. Discontinuity mapping:
i. Semblance based coherence:

Semblance is an extremely powerful attribute for dis-
continuity mapping like faults, fractures and structure
analysis. In pySEISPROC, compute_Semblance()
met-hod computes semblance of 3D seismic volume.
In [2, 4] the semblance is estimated along the
analysis window (rectangular or elliptical) of size
2r+1 guided by the dip scan. In [2], the semblance
D(x,2) is calc-ulated as —

_ B (ST, S(xtiz+D)?
D(x,z) =In [(2r+1)zr er-z_rs(x+i,z+j)2]
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where S(X, z) is the intensity of the seismic signal at
point (x, z). In a seismic section, x and z represents
the co-ordinates on crossline and depth direction, res-
pectively.

ii. Gradient Structure Tensor based coherence:

Gradient-Structure Tensor(GST) [5] is another struct-
ural attribute in seismic data interpretation study. In
this package, the compute_GradientStructure() met-
hod computes semblance of 3D seismic volume. The

first step of estimating GST is to calculate the gradie-

du ou 0
nt =,%% 2% In [5], the authors recommended calcu-
ox 0y 0z

lating these derivatives by convolving the seismic da-

ta with the derivatives of a Gaussian filter (G).
G(xy,yi21,0) = exp[(xf +yE +22)/0? )] (6)

where x;,y; and z; are the distances along the x, y
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SL No. Method Name

Description

1. seis_LoadData()

2. seis_Datalnfo()

3. seis_View

a. data_Visualize2D():

b. data_Visualize3D():

c. data_WigglePlot():

4. seis_Analysis

a. compute_Dip():

b. compute_Semblance():

c. compute_EigenStructure():

d. compute_GradientStructure():

Reads 2D/3D seismic data in .sgy format.
Displays inline, crossline and depth information from header.
2D/3D visualization of the seismic data.
2D visualization of seismic data.
3D visualization of seismic data.
Visualize seismic data as wave-forms of the recorded data.
Helps in analysis and fault interpretation of seismic data.
Computes 3D structural dip of the seismic data.
Computes semblance based coherence in seismic volume.
Computes eigen-structure based coherence in seismic volume.

Computes gradient-structure tensor based coherence in seismic
volume.

Table 1: Description of PySEISProc utilities

and z axes of the j trace from the point at which the
derivative is being analyzed, and ¢ is the scale para-
meter. The second step consists of mapping the gra-
dient to the tensor using the dyadic product and ave-
rage the tensor components T at scale o. The gradient
structure tensor is defined by:

T=gg" 7
Eigen value of T is calculated and the coherence is
estimated as-

A=A
Cosr = /11+/12 (8)
where A, and A, are the maximum and minimum
eigen values of T.

iii. Eigen Structure based coherence attribute:

The compute_GradientStructure() method estimates
the eigenstructure based coherence. Eigenstructure
[3] is calculated on an analysis window (elliptical/
square) guided along the dip angle. The covariance
matrix C for each analysis window is calculated as:

C=DTD 9)

diyp - dy
where D= -
dy; - dy;
In this representation of the data, a single entry d,;; is
therefore the amplitude of the n™ sample of the j" tra-
ce. Eigen-Structure based coherence estimation uses
the numerical trace of the covariance matrix(C) deno-
ted by Tr(C). The numerical trace of C may be expre-
ssed in as:

Tr(0) = %), In-rdy; = Bj_y ¢y = %), 4 (10)
EigenStructure based coherence estimate (E.,) is for-
mulated as-

Eo=ri == h 11)

[ Ty J
Tr(C) Zj=1cii z:j=1’1]'

where A is the largest eigenvalue of ;. Equation (11)
defines the eigenstructure coherence as a ratio of the
dominant eigenvalue A4 to the total energy within the
analysis cube.

A
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Experimental Results

A. Database description

The input data chosen for this experimental study is
the 3D pre-stack time migrated (PSTM) data volume,
located in the offshore KG Basin. The dataset con-
tains 2535 inline sections (1982 - 4517) and 2601
cross-line sections (8800- 14000, step 2). The data is
recorded for 4 seconds. In the given data, inline,
crosslines, Xcdp, Ycdp starts from 189, 193, 181, 185
byte location respectively. The major faults are con-
centrated in the bounded region in Fig 3. which is
considered for the further experimental purpose.

o 500 1000 1500 2000 2500
Crossline ——

Figure 3: Manually interpreted faults

B. Visualization of 2D/3D seismic data

3D view of seismic dataset can be visualized using
the data_Visualize3D() method and 2D view can be
visualized using data_Visualize2D().

Inline

51%0’

Time
85100 Crossline

Figure 4: 3D visualization of loaded seismic volume

In this package, data_WigglePlot() method is incorp-
orated to visualize the wiggle plot of specified inline
section. Figure 5 shows the wiggle plot of inline
section 3000 of KG Basin data.

......

Figure 5: Wiggle plot of 2D seismic section

C. Fault interpretation in seismic volume

Seismic fault interpretation is accomplished using
four algorithms as stated above. The results of all
algorithms are discussed here.

I. Result of Dip attribute for fault interpretation

3D structural dip using complex trace analysis is
estimated using compute_Dip() method. The dip
angle is varied in between -90 to +90 degrees. There
is a provision to visualize the specific range of dip
angle result according to user demand.

Inline

Crossline

Figure 6: 3D visualization of structural dip

I1. Result of discontinuity mapping using semblance
attribute:

Discontinuity mapping using semblance is computed
using compute_Semblance() method. The size of the
analysis window is varied. Almost all major faults are
highlighted using this attribute as compared with the
bounded region in Fig 3. Figure 7 shows the 3D
semblance based coherency result.

I1l. Result of discontinuity mapping using gradient
structure tensor based coherence:

Discontinuity mapping can also be computed using
the compute_GradientStructure() method.
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Crossline

Figure 7: Semblance based discontinuity map using 5X5
analysis window

Crossline

Figure 8: 3D visualization of GST based coherence
(r=1

The parameter [J is fixed at different values. Figure 8
shows 3D gradient structure based coherence.

From the above discussion it may be concluded that
semblance based coherence gives promising result
for discontinuity mapping. So semblance attribute is
chosen for the next phase of the experiment. As the
above mentioned seismic attributes is data dependent,
erroneous result in discontinuity mapping may arise
due to noise. Hence, pySEISPROC involves pre-
processing of seismic data for noise removal. Noise
suppressing filters are applied on each seismic trace
with different cut off frequencies. Figure 9 shows the
noise reduction due to application of butter-worth
filter with cut-off frequency of 60 Hz. After filtering
the attributes are calculated. It is evident from Fig 10,
that applying noise suppression technique improves
the fault interpretation efficiency. The usage of the
methods in the proposed geophysical package has
been described in Fig 11.

Conclusion

Traditional deterministic approaches have been
incorporated in this package for fault detection. By
varying the cut off frequency of the denoising filter,
high frequency noises are eliminated. Noise removal

10000

5000

Amplitude

-5000

~10000 ——  Original seismic trace

~  Filtered seismic trace

00 05 10 15 20 25 30 35 40
Time

Figure 9: Noise reduction due to low-pass filtering

199 0e+03

.Major faults

Crossline

Figure 10: Time slice view of highlighted fault points in
filtered seismic volume

results in increased efficiency of the fault extraction
algorithms. All these algorithms have been implem-
ented and tested on 3D seismic data (offshore KG
Basin dataset). One of the primary goals of this study
is to develop an open-source the package that allows
users to incorporate customized functions of their
own usage. Further, robust denoising algorithms may
be adopted to obtain better results. Also, efficient
deep neural network frameworks may be
implemented in pySEISPROC for fast and automatic
fault extraction in 3D seismic volume.
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Demonstrating the pySEISPROC Package
The pySEISPROC package is used for visualization and fault interpretation of 2D or 3D seismic data.

Import Libraries
Before using the pySEISPROC package it must be imported as shown below

In [4]: import pySEISPROC as pys

Load Sample Data

The 3D seismic volume of the ofishore KG Basin dataset is loaded as shown below.

In [8]: data, info = pys.sels_Loadoata("read.sgy’)

Data Loaded Sucessfully

Visualization of 2D/3D seismic data

The following visualization fools are implemented as shown below.

In [18]: | *""Display inforsation about seismic data™"
pys.seis_DataInfo()
Data Information:
Inline range(3606, 3811}
Crossline range(sgee, 1402, 2)
Time range 1001

In [12]: | ""20 visualization of the seismic volume™™"
pys.data_Visualize2D(data,0, seismic’)

0 00 000 1500 200 =00
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In [9]: | ™""3D Visualization of the
oys.data_visualizean(data,’

mic volume™""
nic’)

In [13]: "*"Display wiggle plot for specified traces
pys.data_WigglePlot(data[8,160: 200, 2500:1515])

Fault interpretation in seismic data
Fault points are highlighted using the following algorithms

1. Structural Dip
2. Semblance based coherence

3. Eigenstructure based coherence

4. Gradien! Structure Tensor based coherence

In [ ]:| **"Compute Structural dip using complex trace analysis™""
dip3D = pys.compute_Dip(date)

ensor based coherence™"
tructure(data, (3,3,9),8.5)

Figure 11: Code snippet for usage of pySEISPROC package
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