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a b s t r a c t

Seismic interpretation can be supported by seismic attribute analysis. Common seismic attributes use
mathematical relationships based on the geometry and the physical properties of the subsurface to
reveal features of interest. But they are mostly not capable of describing the spatial arrangement of
depositional facies or reservoir properties. Textural attributes such as the grey level co-occurrence matrix
(GLCM) and its derived attributes are able to describe the spatial dependencies of seismic facies. The
GLCM – primary used for 2D data – is a measure of how often different combinations of pixel brightness
values occur in an image. We present in this paper a workflow for full three-dimensional calculation of
GLCM-based seismic attributes that also consider the structural dip of the seismic data. In our GLCM
workflow we consider all 13 possible space directions to determine GLCM-based attributes. The
developed workflow is applied onto various seismic datasets and the results of GLCM calculation are
compared to common seismic attributes such as coherence.

& 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Seismic attribute analysis is a common tool in the field of
seismic interpretation. The purpose of seismic attribute analysis is
to spatially delineate reservoirs by identifying structural and
depositional features. There are lots of different ways of calculat-
ing seismic attributes whereby the calculation of texture attributes
is one of the promising possibilities for differentiation of channel-
fill. Over the last three decades seismic attribute analysis has
evolved from complex trace attributes (Taner et al., 1979), to
coherence cubes (Bahorich and Farmer, 1995), to curvature (e.g.
Marfurt and Kirlin, 2000), spectral decomposition (e.g. Partyka
et al., 1999), and many more. All these methods use mathematical
relationships based on the geometry and the physical properties of
the subsurface to illuminate geological features of interest. In
contrast to that textural attributes describe the spatial arrange-
ment of constituents/neighboring amplitudes/rock units/deposi-
tional facies/reservoir properties (Gao, 2011). By analyzing seismic
amplitude and waveform any human interpreter follows unin-
tentionally the same concept. Amongst the many methods avail-
able for texture analysis we have chosen the statistical texture
classification method of the grey level co-occurrence matrix
(Haralick et al., 1973) and its derived attributes to incorporate a
semi-automated description of the spatial arrangement of seismic
facies. The grey level co-occurrence matrix (GLCM) was primarily
ll rights reserved.
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designed for texture classification of two-dimensional images.
To calculate GLCM attributes for three-dimensional seismic data
it is necessary to adapt the methodology to work in 3D space.
Previous works on 3D GLCM calculation use 2D GLCM calculation
in various directions and combine the results of these calculations
to form a pseudo-3D GLCM attribute cube (e.g. Gao, 2011; De
Matos et al., 2011). In this work we describe a workflow for full 3D
calculation of GLCM that also incorporates the structural dip of the
seismic data. Our workflow measures the co-occurrence of pixel-
pairs in all possible spatial directions within a defined analysis
window. The results of our 3D GLCM calculation are compared to
coherence cubes.
2. The grey level co-occurrence matrix

The grey level co-occurrence matrix (GLCM) and its derived
attributes are tools for image classification that were initially
described by Haralick et al. (1973). Principally, the GLCM is a
measure of how often different combinations of pixel brightness
values occur in an image. It is a method widely used in image
classification of satellite images (e.g. Franklin et al., 2001; Tsai
et al., 2007), sea-ice images (e.g. Soh and Tsatsoulis, 1999; Maillard
et al., 2005), magnetic resonance and computed tomography
images (e.g. Kovalev et al., 2001; Zizzari et al., 2001), and many
others. Most of these GLCM applications are for classification of 2D
images solely. The application of GLCM for seismic data has been a
minor topic in comparison to common seismic attributes such as
coherence, curvature or spectral decomposition. Today, a high
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Fig. 1. The number of principal neighbors for one sample point can be best
explained by looking at a Rubik′s cube (a). The center of the Rubik′s cube (core
mechanism for rotating the cube, red box in (b)) has in total 26 neighboring boxes
(including diagonal neighbors). These boxes are aligned in 13 possible directions.
Similar to that, a sample point within a seismic subvolume has 26 neighbors
aligned in 13 directions (c). In the developed workflow it is possible to calculate the
GLCM along single directions, along combinations of directions (e.g. inline direc-
tion, crossline direction, …), or all directions can be calculated at once. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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percentage of the available seismic data is 3D seismic. Therefore, it
is important for the classification of seismic data to adapt the
GLCM calculation to work in the three-dimensional space. Few
authors have described the application of GLCM for 3D seismic
data with various approaches to this topic (Vinther et al., 1996;
Gao, 1999, 2003, 2007, 2008a, 2008b, 2009, 2011; West et al.,
2002; Chopra and Alexeev, 2005, 2006a, 2006b; Yenugu et al.,
2010; De Matos et al., 2011; Eichkitz et al., 2012b).

The GLCM, as mentioned earlier, is a measure of how often
different combinations of neighboring pixel values occur. To
describe the methodology behind GLCM calculations it is neces-
sary to extend the previous statement. For a 2D image the
immediate neighboring pixels can be in four different directions
(01, 451, 901, and 1351). For the calculation of 2D GLCM the
following equation is used:

Mði; jÞ ¼ ∑
X

x ¼ 1
∑
Y

y ¼ 1

1; Gðx; yÞ ¼ i AND Gðxþ dx; yþ dyÞ ¼ j

0; Gðx; yÞ≠i OR Gðxþ dx; yþ dyÞ≠j

(
ð1Þ

where i and j vary from 1 to Ng (number of grey levels).
In this equation G(x,y) are the center sample points and G(x+dx,

y+dy) are the neighboring sample points. Usually, the distance
between center and neighboring samples is one, but greater
distances can also be taken for the calculation.

It is, in principal also possible to combine the four principal
directions to form an average GLCM. By this approach the spatial
variations can be eliminated to a certain degree (Gao, 2007). In the
case of 3D data the number of possible directions increases to 13.
In Fig. 1a simple Rubik′s cube is taken to explain the 13 possible
directions for a 3D dataset. This Rubik′s cube is build-up of 27
small cubes. The small cube in the center (the turning point in a
Rubik′s cube) is the point of interest for which the calculations are
performed. This center point is surrounded by 26 neighboring
cubes. If we now take the center point and draw lines form it to all
neighboring cubes, we get 13 directions on which the neighboring
samples are placed (see Fig. 1c). The 3D case implies a modification
of the above given equation. According to Tsai et al. (2007) and Lai
and Tsai (2008) the 2D equation can simply be adapted to the
following:

Mði; jÞ ¼ ∑
X

x ¼ 1
∑
Y

y ¼ 1
∑
Z

z ¼ 1

1; Gðx; y; zÞ ¼ i AND Gðxþ dx; yþ dy; zþ dzÞ ¼ j

0; Gðx; y; zÞ≠i OR Gðxþ dx; yþ dy; z þ dzÞ≠j

(

ð2Þ

With this approach it is possible to calculate full 3D grey level
co-occurrence matrices.

Similar to the 2D case, it is possible to calculate the GLCM in
single directions, to combine several directions, or to calculate an
average GLCM. Previous works on 3D GLCM calculation use 2D
GLCM calculations in various directions and combine the results of
these calculations to form a pseudo-3D GLCM attribute cube (e.g.
Gao, 2011; De Matos et al., 2011). Our algorithm allows calculation
in a single direction, the combined calculation of inline, crossline,
time-/depth-slices, or in the two diagonal directions, or the
average of all 13 directions.

Based on the grey level co-occurrence matrix, it is possible to
calculate several attributes. Haralick et al. (1973), in their work,
describe 14 attributes that can be calculated from the GLCM. In
literature a few more attributes based on the GLCM have been
developed (e.g. Soh and Tsatsoulis, 1999; Wang et al., 2010). For
the calculation of any of these GLCM-based attributes it is
necessary to normalize the GLCM to generate a kind of probability
matrix. This is done by dividing each matrix entry by the sum of all
entries. The different GLCM-based attributes can be divided into
three general groups. The first group is the contrast group and
includes measurements such as contrast (Eq. (3)) and homogeneity



Fig. 2. Example for the calculation of grey level co-occurrence matrix-based attributes using eight grey levels for a randomly generated 2D grey-scale image (a). The grey-
scales of the image can be represented by discrete values (b). The number of co-occurrences of pixel pairs for a given search window are counted and a grey level
co-occurrence matrix (c) is established. Based on this co-occurrence matrix several attributes can be calculated. In this example the grey level co-occurrence matrices are
determined for the horizontal (d), the vertical (e), the 451 diagonal (f), the 1351 diagonal (g), and for all directions at once (h). The first step in calculation is the determination
of co-occurrences (column 2). Zero entries are marked in light grey and the highest value of each matrix is marked in dark grey. Clearly, one can observe that calculations in
single directions lead to sparse matrices. The GLCM is normalized by the sum of the elements to get a kind of probability matrix (column 3). Finally, the probabilities are used
for the calculation of GLCM-based attributes. In column 4 the results for energy, contrast, homogeneity, and entropy are shown.

C.G. Eichkitz et al. / Computers & Geosciences 60 (2013) 176–183178



Fig. 3. Workflow for the calculation of three-dimensional grey level co-occurrence matrix-based seismic attributes. See text for description.
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(Eq. (4)). All the attributes from this first group are basically a
function of the probability of each matrix entry and the differ-
ence of the grey levels (i and j). Therefore, these contrast group
attributes are related to the distance from the GLCM diagonal.
Values on the diagonal (where i and j are the same) result in zero
contrast, whereas the contrast increases by increase of distance
from the diagonal.

GLCMcontrast ¼ ∑
Ng

i ¼ 1
∑
Ng

j ¼ 1
Mijði�jÞ2 ð3Þ



Fig. 4. At each position of the seismic input cube the co-occurrences of pixel values
need to be determined. To save time the analysis window is moved in a zigzag way
through the 3D cube. All co-occurrences falling outside of the new analysis window
are deleted and new co-occurrences are added.
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GLCMhomogeneity ¼ ∑
Ng

i ¼ 1
∑
Ng

j ¼ 1

Mij

1þ ði�jÞ2
ð4Þ

The second attribute group is the orderliness group, which
includes attributes such as energy (Eq. (5)) and entropy (Eq. (6)).
Attributes in the orderliness group measure how regular grey level
values are distributed within a given search window. In contrast to
the first group all attributes from this group are solely a function of
the GLCM probability entries.

GLCMenergy ¼ ∑
Ng

i ¼ 1
∑
Ng

j ¼ 1
M2

ij

 !1=2

ð5Þ

GLCMentropy ¼ ∑
Ng

i ¼ 1
∑
Ng

j ¼ 1
MijlogMij ð6Þ

The third attribute group is the statistics group, which includes
attributes such as Haralick et al.′s (1973) measure of mean and
variance. These are common mean and variance calculations
applied onto the GLCM probabilities.

In Fig. 2a, a randomly generated image is shown to demonstrate
the principle workflow for calculating GLCM based attributes. The
grey level image (in this example eight grey levels are used) can be
represented with discrete numbers from 1 to 8 (Fig. 2b). The number
of grey levels used, Ng defines the rank of the square matrix (Fig. 2c).
In the given example the GLCM is a square matrix of rank eight. In
Fig. 2d–g the results for the GLCM calculation for four single
directions are shown. Additionally, in Fig. 2h the results of the
GLCM calculation in all four possible directions at once are shown. In
each of these results the GLCM, its corresponding normalized
matrix, and the results for four GLCM-based attributes are shown.
3. Workflow for the full 3D calculation of grey level
co-occurrence matrix-based attributes

We developed a workflow for the calculation of GLCM-based
attributes that is divided into three parts (see Fig. 3). It is applicable
for both 2D and 3D seismic data. The first part is data preparation
and definition of parameters used in the calculation. It is necessary
to define the number of grey levels, the preferred direction, the size
of the analysis window and the desired attribute(s) prior to the
calculation. Optionally, it is possible to use a dataset containing
vector dip information to guide the calculation along the structural
dip. For seismic data usually 16 (4 bit) to 32 (5 bit) grey levels are
regarded as sufficient (Chopra and Alexeev, 2006a, b; Gao, 2007).
Calculations with higher number of grey levels increase the compu-
tation rapidly with only minor improvements in the results.

The second part of the calculation is the determination of the
GLCM and its attributes at each sample point. As computation time
is always a crucial factor we try to decrease computation time by
using a moving analysis window that travels in a zigzag way
through our data set (see Fig. 4). Only for the first sample point a
complete grey level co-occurrence matrix is calculated. After-
wards, we utilize the fact that each following analysis window
overlaps its preceding analysis window. This allows us to eliminate
co-occurrences that fall outside our new analysis window, keep all
other values, and add co-occurrences that are now falling in our
new analysis window. Another point to enhance computational
performance is the size of the matrix. It is directly dependent on
the number of grey levels. In the case of 256 grey levels and an
analysis window of 5�5�15 samples the grey-level co-occur-
rence matrix is sparse with only between 1 and 2 percent of its
elements non-zero (this value is actually dependent on the direction
of calculation). In the extreme case that all grey values in this analysis
window have the same value, then only one point in the GLCM has a
non-zero value, which corresponds to 1.5E-05 percent of the com-
plete GLCM. Therefore, it is an important step to ignore those zero
values for further calculation to increase performance. Similar to the
work by Clausi and Jernigan (1998), Clausi and Zhao (2002), (2003)
we sort our GLCM matrices. By this we can eliminate all zero values
in our matrices and thus increase computation time. The third part of
the workflow is data output. This means that for each GLCM-based
attribute a seismic cube is generated.

As geological features are commonly not planar it is necessary to
account for the structural dip in the GLCM calculation. For the
determination of the structural dip multiple approaches exist. In
commercial software packages often the three most common
approaches are used (complex trace analysis, discrete scan, and
gradient structure tensor). For background information on these
methods we recommend the original works by Luo et al. (1996),
Barnes (1996), Marfurt et al. (1998), Bakker (2002), and Hoecker
and Fehmers (2002). The structural dip, or better the apparent dip
in both inline and crossline directions, can be used to guide the
calculation along the dip of the reflectors. To demonstrate the effect
of the structural dip on the data and on the calculation we go back
to our Rubik′s cube example and extend the number of small cubes
in each side to be closer to a real seismic example. We now have a
cube that consists of five times five cubes in the horizontal
directions and nine cubes in the vertical direction (see Fig. 5a).
The different grey levels in the demonstration cube show reflectors
that form roughly an anticline. If we neglect the structural dip of
our data, then our analysis window would be a perfect rectangular
prism. Obvious on the top surface of this prism many different grey
levels are observable. If we now regard the structural dip of our
data, then we have to transform our analysis window according to
the dip (see Fig. 5b). This is done by shifting complete columns of
our analysis windows up and down. In this case the top surface of
our analysis window follows on the one hand the structural dip and
on the other hand it shows a single grey level.
4. Case study

We applied our workflow for full 3D GLCM calculation on
various seismic datasets provided by OMV and OMV Petrom and
we compare the results of to a semblance-based coherence attri-
bute. By applying multiple filtering techniques the semblance-based
coherence is optimized to sharpen the appearance of faults and
channel edges (Eichkitz et al., 2012a). The coherence attribute



Fig. 5. An important step in seismic attribute calculation is to take the structural dip into account. For this purpose we determine the structural dip by using a complex trace
analysis, a discrete scan, or a gradient structure tensor approach. The images on the left side represent the calculation without using the structural dip. In (a) and (b) several
seismic traces are shown. Clearly one can see that the vertical positions of peak amplitudes are not aligned in one single horizontal line. By neglecting the structural dip of
the data, the center of our analysis window would fall at the dark grey line in (a) and our analysis window would be a perfect cube (c). If we apply dip steering on our data we
would have the center of our analysis window at the peak amplitudes and we would transform our Rubik′s cube according to the vertical offset. By this procedure we create
an analysis cube which follows perfectly our structural dip, and thus the top surface should be made of same grey level values (d).
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highlights the channel edges but does not reveal much information
on the channel interior. Furthermore, it is not possible to directly
extract the channel geometry from the semblance-based coherence
cube. For further use in a facies model it would be necessary to
manually pick the channel edges and use the generated polygons as
driver in the modeling process. With the help of the GLCM
attributes we can clearly see the channel as a body of more or less
uniform colors with strong contrast to the surrounding facies (see
arrows Fig. 6). The small color differences in the interior of the
channels may provide subtle information on the interior of the
channel, but we lack of well data at the moment to verify this
interpretation. Nevertheless, the channel can be simply extracted as
a geobody that can be used further as input for the facies modeling
process.
5. Conclusion

Grey level co-occurrence matrix-based attributes are in general
a useful tool for enhancing seismic interpretation. The developed
workflow allows for the three-dimensional calculation of GLCM-based
attributes in single directions, direction combinations, and all



Fig. 6. Time-slice showing the results of coherence ((a) and (b)) and GLCM (c) calculation. For the calculation of the GLCM-based attribute (entropy) we used 256 grey levels.
The analysis window was 3�3�13 with dx¼dy¼dz¼1. The coherence attribute (a) displayed in grey scale highlights the channel edges (red arrows). In (b) and (c) the
coherence and the GLCM-based entropy are displayed in color. Coherence in color highlights channel edges in green and the interior in yellow. The GLCM attribute highlights
the channel as a whole in yellowish colors therefore cannels look wider because of including the margin. As coherence is sensitive to discontinuities in seismic data it is not
capable of highlighting the broad channel system in the lower part of the images (dark blue arrow) whereas this channel can be seen in the GLCM attribute.
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directions at once. Additionally, the calculation results may be
enhanced by taking structural dip into account. The case study
showed that GLCM-based attributes are able to highlight facies
features such as channels and provide the possibility to directly
extract these features as geobodies. Furthermore, these attributes
may reveal information on the interior of these channel structures
that cannot be highlighted with common seismic attributes such as
coherence.
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