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ABSTRACT

In seismic imaging, a long sought after goal has been either full or partial au-
tomation of the seismic image segmentation and interpretation processes. In this
study, we present a novel supervised learning method for textural classification
of seismic image patches, based on a topological tool called persistent homology.
The basic workflow starts by taking an image and calculating its persistent homol-
ogy, which gives us a list of birth-death pairs for different homology dimensions.
Polynomial feature vectors are then extracted from these pairs, which are used to
train three commonly used classifiers — support vector machines, random forests,
and neural networks, whose performances we compare. In addition, we experi-
ment with different derived textural attributes and test the impact of using them
instead of the raw images in the workflow. Our proposed method is tested on the
publicly available LANDMASS datasets, which contains two sets of 2D seismic
image patches grouped into four classes. The results indicate that persistent ho-
mology derived features can be powerful for automated textural segmentation of
seismic images.

INTRODUCTION

The task of seismic image segmentation is routine in many different areas of hydro-
carbon exploration, from detection of faults and salt domes, to estimating the reserve
sizes. This is an extremely human intensive process, and considerable effort has gone
into its automation. Early efforts towards this goal focused on developing attributes
to aid human interpreters (Chen and Sidney, 1997; Chopra and Marfurt, 2005), but
this still required considerable human input. More recently, with advances in ma-
chine learning (ML), strides have been made towards partial to full automation of
such tasks. Supervised and unsupervised learning algorithms have been employed for
seismic facies recognition and structure labeling (Zhao et al., 2015), whereas more
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specialized deep learning techniques have been used for automated seismic interpre-
tation and salt body identification (Waldeland et al., 2018) tasks. A subclass of these
methods attempts to perform image segmentation using textural attributes (Love
and Simaan, 1984; Chopra and Alexeev, 2006), based on the observation that dif-
ferent lithologies often exhibit different image textures. For example, a salt body
looks very different from a region of sedimentary deposits in a seismic image. An
important recent work by Chevitarese et al. (2018) demonstrates that seismic image
segmentation can be performed by breaking up the image into small patches, fol-
lowed by using convolutional neural networks (CNNs) to classify these patches based
on their textures.

In this abstract we demonstrate the use of features obtained from topological data
analysis (TDA) (Carlsson, 2009) for seismic image classification, which are robust to
a variety of challenges in texture recognition such as image rotation, scaling, and non-
linear deformation, as well as perturbations to pixel values. We use features from raw
input images, and also experiment with various commonly used textural attributes
as inputs to our workflow. The strength of these features is tested by training three
different classifiers on two publicly available labeled 2D seismic datasets.

TOPOLOGICAL DATA ANALYSIS

In this section, we give a minimal introduction to several tools in TDA useful for our
purposes; for a more thorough introduction we defer to Carlsson (2009), and Ghrist
(2017). Images give rise to topological spaces in a straightforward way. We denote a
space as X, in which pixels become points in the space, adjacent points are connected
by edges, and minimal triangles are spanned by a 2-dimensional face. We assign each
pixel its coordinates in the image, and use the Freudenthal triangulation of the integer
lattice (Freudenthal, 1942). Interesting information appears when we threshold the
space by pixel value. We denote Xt as the space that contains only points whose pixel
intensity value is less than t, only edges whose both endpoints are included, and only
triangles for which all boundary edges are included. The sequence of spaces resulting
from varying t is called a (sub-level set) filtration on X.

Homology is a homotopy invariant of topological spaces, and persistent homology
tracks how homology changes in a filtration. The input to persistent homology is a
filtration on a space, and the output is a collection of pairs of real numbers, called
birth-death pairs, in different dimensions. Figure 1 contains a working example of
how persistent homology is calculated from the sub-level set filtration of a 3 × 3
image patch. In our situation, only two dimensions contain information. Zero di-
mensional information, PH0(Xt), describes connected components, and a birth death
pair (bi, di) ∈ PH0 represents a connected component that appears in the filtration
at t = bi, and merges with an older component at t = di. There is always a single
component that survives to the end of the filtration, and we say its death is at in-
finity. One-dimensional information, PH1(Xt), contains information about holes in
the space which are not filled in by triangles. For (bi, di) ∈ PH1(Xt), the birth bi is
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Figure 1: a) Example 3× 3 patch from an image. b) Sub-level set filtration at different pixel values
t. c) Persistence diagram of the filtration. d) Persistence barcode of the filtration. Persistence pairs
are PH0 : {(0,∞),(0.3,0.7)} and PH1 : {(0.7,1.0)}. The longer pair in PH0 represents the connected
component that is present throughout, and the shorter pair represents the component that appears at 0.3
and merges with the first component at 0.7. In PH1, the pair represents the cycle that appears at 0.7.
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Figure 1: a) Example 3×3 patch from an image. b) Sub-level set filtration at different
pixel values t. c) Persistence diagram of the filtration. d) Persistence barcode of the
filtration. Persistence pairs are PH0 : {(0,∞), (0.3, 0.7)} and PH1 : {(0.7, 1.0)}. The
longer pair in PH0 represents the connected component that is present throughout,
and the shorter pair represents the component that appears at 0.3 and merges with
the first component at 0.7. In PH1, the pair represents the cycle that appears at 0.7.
[NR]

the value at which the hole appears, and di is the value at which the hole is com-
pletely filled in. These sets of birth death-pairs are often visualized using persistence
barcodes (Figure 1d), in which each pair (bi, di) is represented as a bar that begins
at bi and terminates at di, or using persistence diagrams (Figure 1c), in which each
pair is plotted as a point on the plane. One of the appealing qualities of persistent
homology for texture classification is that birth-death pairs do not change much when
the image is deformed, such as by perturbation of pixel values (Cohen-Steiner et al.,
2007), and also rotations and scaling of the image.

Once the birth-death pairs for a filtration have been computed, we seek to turn
them into features that can be fed into standard machine learning algorithms. Several
approaches are suggested in the literature (Adcock et al., 2016; Bubenik, 2015; Adams
et al., 2017), and we elect to use a straightforward implementation of Adcock et al.
(2016). Fix the homology dimension (either 0 or 1) and consider the set of birth
death pairs {(bi, di)}i∈J in that dimension. We then compute several polynomials of
the form

p(α; {(bi, di)}i∈J) =
1

|J |
∑
i∈J

∑
j,k

αj,k(di − bi)j(di + bi)
k (1)

for different choices of α. Polynomials of this form are desirable because they do
not depend on the ordering of the pairs, and Adcock et al. (2016) show that they can
distinguish spaces with different persistent homology in a meaningful way.

METHOD AND RESULTS

We will describe our method using the publicly available LANDMASS (Alaudah et al.,
2015) datasets which consists of two sets of seismic image patches, LANDMASS-1 and
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Figure 2: Sample image patches from the LANDMASS-2 dataset in clockwise order
from top-left belonging to classes 1, 2, 3, and 4 respectively. [ER]

LANDMASS-2, each of which is divided into four classes — horizon patches, chaotic
patches, fault patches, and salt dome patches. We will refer to these classes as Class
1, Class 2, Class 3, and Class 4 respectively (see Figure 2 for example images). The
image pixel values are in the range [-1,1].

Our method is motivated by the observation that the persistence diagrams of im-
ages belonging to different classes exhibit subtle differences in the distribution of per-
sistence pairs, as seen in Figure 3, and hence the polynomial features extracted from
them should be able to detect these differences. We start by taking a raw grayscale
image, and compute its persistent homology using a sub-level set filtration. The pair
in PH0 with infinite death time is discarded, and 15 polynomial features are calculated
per homology dimension, with αj,k = δj=j0,k=k0 , where (j0, k0) ∈ {0, 1, 2, 3}2−{(0, 0)}.
This produces a total of 30 topological features which are then fed into one of three
classification algorithms — a multi-class support vector machine (SVM), a random
forest (RF), and a fully connected neural network (NN) classifier. The NN architec-
ture contains 1 hidden layer with 100 nodes, and an output layer with 4 nodes, one
for each class.

The classifiers are trained using 70% of the data from each class chosen randomly,
and the remaining 30% are used as the test set to calculate the classification accuracy.
We used 5000 epochs to train the NN with the Adam optimizer. For LANDMASS-1
we achieved an overall accuracy of 74.92%, 98.49%, and 99.68% for the SVM, RF, and
NN classifiers respectively, while for LANDMASS-2 the corresponding numbers are
79.42%, 98.58%, and 98.5% (also see Figure 5). The SVM classifier performs quite
poorly for both datasets, suggesting the need for nonlinear decision boundaries. The

SEP–176



Sarkar and Nelson 5 TDA for seismic textures

1.0

0.5

0.0

0.5

1.0

D
ea

th

1.0 0.5 0.0 0.5 1.0
Birth

1.0

0.5

0.0

0.5

1.0

D
ea

th

1.0 0.5 0.0 0.5 1.0
Birth

H0
H1

Figure 3: The persistence diagrams in clockwise order from top-left belonging to
classes 1, 2, 3, and 4 respectively. The corresponding images are shown in Figure 2.
[CR]

RF and NN classifiers which are capable of handling non-linear decision boundaries
work very well and have similar performance. In Figure 4 we have provided scatter
plots of the first two principal components of the topological features for the two
datasets, which already begin to show separation of the 4 classes.

We have also explored whether any of the specialized attributes widely used in
texture based segmentation of seismic images has any impact on our proposed work-
flow, when used in place of the raw image. The attributes chosen for this purpose
are root mean square amplitude (RMS), and 10 extremely popular attributes based
on grey level co-occurrence matrices (GLCM) (Eichkitz et al., 2013; Di et al., 2017).
For each of these attributes, we take the image and generate the corresponding at-
tribute images of the same size, and then repeat our workflow with the 3 classifiers.
In this abstract, we only report the classification accuracy for the best 4 performing
attributes with respect to the RF classifier, along with the raw image for comparison
in Figure 5. We see that the performance of the different attributes are similar to
each other and the raw image, but the raw image almost always slightly outperforms
the attributes. Also very interestingly, for the SVM classifier, GLCM Variance far
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Figure 4: Top two principal components of the topological features for LANDMASS-1
(left) and LANDMASS-2 (right). Separation is more apparent in LANDMASS-2 due
to balanced class sizes. [CR]

Attribute Classification Accuracy on Test Set (%)
SVM RF NN

Raw 99.8 / 75.2 / 0.0 / 0.0 99.9 / 98.6 / 95.2 / 93.3 100.0 / 99.6 / 99.7 / 98.4
Image 100.0 / 55.0 / 88.3 / 74.3 100.0 / 98.0 / 100.0 / 96.3 100.0 / 100.0 / 99.0 / 95.0
GLCM 100.0 / 18.6 / 34.1 / 29.3 99.9 / 97.9 / 82.1 / 93.3 100.0 / 97.8 / 92.8 / 97.0
Mean 62.7 / 19.0 / 4.0 / 100.0 100.0 / 97.0 / 97.3 / 91.7 100.0 / 96.0 / 95.7 / 96.3
RMS 100.0 / 1.0 / 0.0 / 0.0 99.3 / 96.1 / 88.0 / 82.0 99.5 / 99.1 / 96.3 / 91.5

Amplitude 74.7 / 85.7 / 71.3 / 61.7 99.7 / 96.0 / 96.0 / 91.7 99.7 / 99.0 / 93.7 / 91.3
GLCM 100.0 / 0.0 / 0.0 / 0.0 99.3 / 94.9 / 80.8 / 91.2 99.8 / 93.6 / 87.7 / 96.7

Correlation 64.7 / 32.0 / 89.3 / 32.3 99.7 / 93.7 / 92.0 / 97.0 100.0 / 95.7 / 93.7 / 98.3
GLCM 96.6 / 94.1 / 92.8 / 67.7 98.5 / 95.7 / 96.3 / 74.0 99.3 / 98.3 / 98.1 / 87.3

Variance 97.3 / 93.3 / 91.7 / 87.0 99.0 / 95.3 / 96.7 / 89.7 99.7 / 99.0 / 99.3 / 95.0

Table 1: Classification accuracy for the best 4 texture attributes (with respect to the RF classifier), and
for each classification algorithm are given for comparison along with the raw image. The results are
broken down for each of the 4 classes, color coded as Class 1 / Class 2 / Class 3 / Class 4. In each cell,
the top and bottom rows correspond to the LANDMASS-1 and LANDMASS-2 datasets respectively.
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Figure 5: Classification accuracy for the best 4 texture attributes (with respect to
the RF classifier), and for each classification algorithm are given for comparison along
with the raw image. The results are broken down for each of the 4 classes, color
coded as Class 1 / Class 2 / Class 3 / Class 4. In each cell, the top and bottom rows
correspond to the LANDMASS-1 and LANDMASS-2 datasets respectively. [NR]

outperforms all other attributes.

CONCLUSIONS

We have presented a new approach for seismic texture classification using features
generated from topological data analysis. Experiments on the LANDMASS datasets
in conjunction with black box ML algorithms suggest that these features themselves
are excellent descriptors of textural information in seismic images. The topological
features can be used for detection and classification of important geologic structures of
interest, such as faults and salt domes. We anticipate that their inclusion in existing
ML workflows for similar tasks will greatly enhance their performance. Future work
will aim at extending the proposed method to 3D labeled datasets.
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