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Summary
This paper aims at adapting and utilizing the broad domain knowledge from natural images and evaluate
its applicability in automation, improving attributes, and seismic processing. We propose an unsupervised learning network for seismic data analysis based on features learned from natural images. First,
we learn the variances of edge and non-edge features in natural images characterized by different shapes,
orientation, edges, and background. Then, we use the sparse model of learned features to study and recognize salient geological structures. We show that the proposed approach can effectively detect salient
areas characterized by strong or weak edges and non-edge features within a real seismic dataset from the
F3 block in the North Sea, Netherlands. The preliminary results demonstrate the potential of the proposed method in highlighting important geological structures such as salt domes and weak reflections
within seismic volumes and can be effectively used for computer-aided extraction of other geologic
features as well.
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Introduction
The majority of the world’s petroleum and gas reservoirs are found near structural traps and fault systems due to their sealing properties. Hence, the detection of subsurface structures such as faults, salt
domes, gas chimneys, and channels is one of the fundamental steps in the exploration of hydrocarbons,
oil and gas. Geophysicists interpret the subsurface data to determine the size and location of petroleum
reservoirs. To aid exploration geophysicists in seismic interpretation, researchers have proposed several
fully- and semi-automated algorithms and seismic attributes based on correlation, changes in illumination, intensity, contrast, and the texture of seismic data that highlight seismic features not visible in the
raw format (Bahorich and Farmer, 1995; Eichkitz et al., 2015; Shafiq et al., 2017). These workflows and
attributes not only make the interpretation process less time consuming and manually tractable, but also
help in directing the attention of interpreters to the important areas within seismic sections. However,
these attributes are handcrafted based on known properties that are indigenous to the seismic volumes
on which they are validated on, and may not always be generalized to new seismic data as and when they
become available. The field of machine learning is equipped to deal with this generalization problem,
where the low level attributes or features that span a seismic volume are learned. Algorithms that learn
these spanning features, without any knowledge of labeled seismic properties, fall under the umbrella of
unsupervised learning.
In this paper, we use unsupervised learning to understand the building blocks of seismic sections from
the perspective of low-level image bases. Linear Algebra provides the concept of basis functions which
are widely used in machine learning and signal processing theory to decompose representation spaces
or domains including natural images and seismic data. However, learning these basis requires a large
amount of data. For instance, a common dataset used for learning features from natural images is ImageNet (Russakovsky et al., 2015) which has twenty million training data. The lack of publicly available
seismic datasets and labeled data have prevented researchers from utilizing the techniques offered by
machine learning. Although there are some unsupervised and semi-supervised works in the seismic domain (Köhler et al., 2010; Roy et al., 2013; Xu et al., 2017; Zhao et al., 2017), majority of these works
either use domain-independent techniques like Self-Organizing Maps or are trained on limited available
data and tested on the same seismic volume. Generalizability is not validated in such a scenario where
training and testing occurs in the same seismic volume. In this work, we propose to leverage features
extracted from natural images using neural networks and utilize them for understanding, analyzing, and
automating migrated seismic data.

Proposed Method
We propose to train a neural network on natural images and test such a network on seismic data. This is
not straightforward because natural and seismic images vary significantly from each other and predominantly have different frequency components attributed to edges and textures. We need to selectively
learn the features required for seismic data from natural images. In other words, we adapt the basis
functions learned from natural images to seismic data domain. However, there are infinitely many bases
that can represent a domain and selecting one of these basis is based on a predetermined property. In
this work, we specify the sparsity property to govern the training phase of basis functions. Sparsity in
a signal is characterized as utilizing the least possible basis functions to build that signal. We use this
property since it is not transferable between domain bases. The non transfer-ability of sparsity between
basis is derived from the work of Donoho and Huo (2001), who argue that if two domains and their
corresponding bases are mutually incoherent, then no nonzero signal can have a sparse representation in
both bases simultaneously. Hence, searching for those patches in the seismic data that have non-sparse
projections on the basis learned from natural domain will highlight patches that are dissimilar to natural image patches. Since natural images primarily consist of low frequency components, the seismic
patches with edge-like features will be highlighted. By varying the sparsity threshold on projections,
both edge and non-edge features can be highlighted. Here, we introduce details of our unsupervised
model to generate sparse basis functions from natural images and the corresponding testing procedure
on seismic images.
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Figure 1 The block diagram of the unsupervised learning framework for seismic data analysis.

Training
We propose a learning framework as shown in Fig. 1 to train a sparse autoencoder using natural images
from ImageNet database. For training, one hundred random patches of dimensions 8 ⇥ 8 are sampled
from 1000 randomly chosen grayscale images. Since there is a domain shift between the train and test
data, the lower order statistics are removed using the zero component analysis whitening procedure
described by the authors in Prabhushankar et al. (2017). These preprocessed 100, 000 patches P, are
used to train an autoencoder. An autoencoder is an unsupervised neural network tasked with learning
representative structure of input data (Goodfellow et al., 2016). By adding a sigmoidal non-linearity in
the hidden layer, complex combinations of basis functions are learned. If W1 and b1 are the forward
encoder weights, then the hidden layer activations s are given by,
s = sigmoid(W1T P + b1 ),

8s 2 ¬h⇥n ,W1 2 ¬V ⇥h , P 2 ¬V ⇥n , b1 2 ¬h ,

(1)

where n is the number of patches, h represents the number of hidden layer neurons and V represents
the length of each input patch vector. If h is greater than V , then we obtain an overcomplete basis set
which promotes learning localized features and subsequently, sparsity. The activations s are used to
reconstruct the patches P̃, using a set of backward decoder weights W2 , and bias, b2 , as P̃ = W2T s + b2 .
Back propagation is used to train weights (W ) and bias (b) by setting up the objective function J(W, b)
as
J(W, b) = kP̃

Pk22 + b

h

Â KL(r||r̂ j ) + l kW k22 ,

(2)

j=1

where the first term is the `2 -norm error of reconstruction, the second term is the sparsity constraint,
and the third term is the regularizing ridge regression. The sparsity constraint is defined on the hidden
layer activations s. r is the desired average activation, which is set to a small value of 0.035. rˆj is the
actual average response of every hidden unit averaged over all n inputs. Minimizing the KL-Divergence
between r and r̂ j ensures that the majority of the s activations are close to 0, hence promoting sparsity.
The values for b and l are set to 5 and 3e 3 , respectively (Ng, 2011).The overcomplete basis W1 and
b1 , used in Eq.1, represents our trained model that is used for testing.

Testing on Seismic Data
We present the utility of the proposed approach for seismic data analysis on a seismic dataset acquired
from the Netherland’s offshore, F3 block in the North Sea, whose size is 24 x 16 km2 . Given a 3D
seismic volume V of size T ⇥ X ⇥ Y , where T represents time or depth, X represents crosslines, and Y
represents inlines, we perform data conditioning to remove noise and enhance 3D seismic data volume.
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(a) Seismic Inline 339.

(b) Seismic Inline 379.

(c) Seismic Inline 409.

(d) Seismic Inline 459.

Figure 2 Feature maps obtained using proposed method on different inline sections from the F3 block in
the North Sea, Netherlands.
During testing phase, each inline section is sampled to extract patches of size 8 ⇥ 8 that are reshaped into
a vector Vi ⇥ 1. These patches are subjected to a ZCA whitening filter to remove first and second order
characteristics. The whitened patches are passed through the sparse model learned during the training
stage to extract all hidden layer activations. These activations are then subjected to a suppression module,
which removes any value below a certain threshold. This threshold can be used to extract either edge
or non-edge features from the seismic inline. Based on the training phase, activations should ideally
be below the desired average activation, r, which was set to 0.035. However, due to domain change
to seismic, the projections on the natural image basis might not be sparse. Hence, we set a higher
threshold of 0.1 and suppress all the values below it. Subsequently, we count the number of non-zero
activations in each patch and highlight those patches with the most number of non-sparse activations.
This process of suppression and non-zero activations highlights the edge characteristics within the inline
image. Similarly, by setting the threshold less than r such as 0.025 causes the non-sparse, non-edge like
patches to be highlighted. Both of these settings were tested separately and the results are presented in
the following section.

Results
The proposed method is tested on complete F3 block; whereas the output of the proposed workflow on
four seismic inlines randomly selected is shown in Fig. 2. Each seismic inline displays both edge and
non-edge features learned from the natural images in green and red color, respectively. It can be seen
from the results that the green color highlights the edge dominant parts observed mostly near horizons
and salt-dome structure. On the other hand, red areas depicts the complementary part of the seismic
sections mostly characterized by non-edge features such as sigmoidal region, weak reflections, and
facies depositions. It is worth observing that we never used a seismic image in our training phase, while
testing on seismic dataset reveals various features of natural images found in seismic dataset. This sort of
unsupervised learning combined with seismic training and weak-supervision can be effectively utilized
for seismic labeling and to learn features related to various seismic structures. Therefore, from the
preliminary results shown in this paper, it can be concluded that understanding features of natural images
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and developing intuition of how features in natural images correspond to seismic images can provide
valuable insights and cues for developing good attention models and transfer the domain knowledge from
natural images to seismic images. Furthermore, with the addition of seismic labels or weak supervision
during training stage, we can create targeted models that highlight only desired structures and prove to
be really advantageous in structural interpretation of seismic volumes.

Conclusions
In this paper, we proposed an unsupervised framework based on sparse autoencoders for learning features from natural images and leveraging them in seismic dataset. Both natural and seismic images are
significantly different from each other and this work is a step forward in understanding common features
between these two domains and utilize knowledge transfer from natural images to seismic domain. We
utilized unsupervised learning framework to learn features of natural images and observe how they correspond to reflections in seismic images without inclusion of seismic images during the training stage.
The preliminary results on a seismic dataset from the F3 block highlight both edge and non-edge features within seismic images. With parameter tuning of sparse representations, we can change the desired
features and their respective coverage in seismic sections. By introducing seismic labels or incorporating weak supervision during the training stage, we can not only improve the feature maps to highlight
even subtle variations but also generate targeted detection of various facies and structures which require
further investigation.
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