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ABSTRACT
Localizing seismic structures that can form traps for hy-

drocarbon reservoirs within large seismic volumes is a very
challenging task. Due to the lack of accurately labeled data,
we propose a weakly-supervised model for labeling seis-
mic volumes using only a few labeled exemplars. Using six
manually-labeled patches, we are able to extract patches that
contain instances of similar geophysical structures. Features
based on the effective singular values of curvelet coefficients
are then used to train a classifier that can label an entire seis-
mic volume with relatively high accuracy. Experiments on
reference seismic sections in the Netherlands North Sea seis-
mic dataset result in 73.8% mean pixel accuracy and 75.5%
mean class accuracy, with an average labeling time of 5.2
seconds per section. These results are promising considering
the nature of seismic images, and the lack of accurate edges
between different geological structures.

Index Terms— Computational Seismic Interpretation,
Segmentation, Weakly Supervised Labeling, Feature Extrac-
tion, Image Classification

1. INTRODUCTION

In the oil and gas industry, seismic surveys are conducted over
hundreds of square kilometers to evaluate the prospect of hy-
drocarbons in specific geological regions. These surveys re-
sult in terabytes of data that geophysicists and seismic inter-
preters have to spend months laboriously analyzing. The pro-
cess of interpreting post-migration seismic data is very com-
plex. An essential task in this process is identifying and la-
beling structures that have the possibility of trapping hydro-
carbons such as salt domes, and faults. These structures have
conventionally been identified and labeled by experienced in-
terpreters, but this process is highly labor intensive and very
time consuming.

In recent years, there has been increasing interest in auto-
mated or semi-automated tools for the interpretation of seis-
mic data. For example, AlBinHassan and Marfurt [1] pro-
posed using the 2D hough transform to detect fault lines in

2D seismic sections. Wang et al. [2] proposed an improved
method that removed noisy line features detected by the 2D
hough transform, and Jacquemin and Mallet [3] proposed a
cascade Hough transform to detect fault surfaces. Also, Ad-
masu et al. [4] used log-Gabor filters to denoise along the di-
rection of faults and tracked fault lines in the seismic volume
using active contours. In addition, Yan et al. [5] proposed
using the ant colony algorithm to track faults in seismic vol-
umes, and Wang et al. [6] proposed using the idea of motion
vectors in video coding to automatically track faults in seis-
mic volumes.

In addition, researchers have proposed different algo-
rithms for detecting and delineating salt dome structures.
Aqrawi et al. [7] proposed a method for detecting salt domes
using a dip-guided 3D Sobel filter. Berthelot et al. [8] pro-
posed using three groups of texture features in a supervised
Bayesian classification model. Hegazy and AlRegib [9] pro-
posed three texture features for salt dome detection based on
the moment of inertia tensor, while Amin and Deriche [10]
proposed hybrid edge- and texture-based features. More re-
cently, Shafiq et al. [11] proposed using the three-dimensional
gradient of textures (3D GoT) for detecting salt dome bound-
aries while Wang et al. [12] proposed a tensor-based subspace
learning algorithm for tracking these boundaries in large seis-
mic volumes.

However, many of these algorithms implicitly assume
seismic data interpreters would manually segment a region
around these geological structures before applying these al-
gorithms. This is because in the process of interpreting large
seismic volumes, interpreters first assume a geological model
based on the geological history of the region. Then the vol-
ume is manually segmented into smaller volumes based on
the dominant structure within each sub-volume. Then within
each sub-volume, interpreters use various methods (like some
of earlier cited methods) to accurately identify and localize
key structures. Based on the results, the geological model
is modified and the process is repeated until the interpreters
converge on a geologically plausible and reasonably accurate
model. While the first step of roughly segmenting the large



volume is usually done manually, we show in this work that it
can be done automatically, and then various other algorithms
specific to certain structures can be applied as a following
step. We specifically focus in this work on faults and salt
dome structures, given the number of proposed methods de-
vised to delineate them, but naturally this can be extended to
other seismic structures as well.

A major challenge in working with seismic data is the lack
of accurately-labeled training data. In addition, seismic data
lacks the clearly defined boundaries between objects that ex-
ist in natural images. For these reasons, we propose using
a small number of hand-labeled exemplars to automatically
extract and label a large set of images that contains similar
geological structures. This process is done using a similarity
metric that we propose in [13]. The details of the proposed
method is presented in the next section.

2. PROPOSED METHOD

The proposed method can be divided into four steps. First,
given a set of exemplar images, a similarity metric is used
to extract a large number of images with the same geological
structures. This data extraction stage is detailed in section 2.1.
Secondly, a set of features is extracted from each image, and
are used to train a classifier. This is detailed in section 2.2.
Once the classifier is trained, we segment each seismic sec-
tion in the database, and classify the structures in that section.
These steps are detailed in sections 2.3 and 2.4, respectively.
A high-level block diagram of the proposed method is shown
in Fig. 1.

2.1. Data Extraction

The focus of this paper is on post-migration seismic sections.
These are grayscale images devsied by stacking seismic traces
which are obtained after time or depth migration of a conven-
tional seismic survey. Sample patches extracted from these
images are shown in Fig. 2. We define three structures that
are of interest, namely Chaotic layers, Faults, and Salt
dome. We also define the Other class for patches that don’t
contain any of the previous three structures. An example from
each class is shown in Fig. 2. In our work, we use seismic sec-
tions extracted along the crossline direction of the widely used
Netherlands North Sea Offshore F3 Block [14]. All sections
where normalized to have zero mean and a standard deviation
of 1. This is done before extracting the patches to remove
contrast and mean variations between different sections. Six
exemplar images (two each from Salt dome and Other,
and one each from the rest) were extracted and manually la-
beled. We then use the texture similarity metric we propose
in [13] to extract 500 images that have the most similarity to
each exemplar image. Feature vectors extracted from these
images are later used to train the classifier.
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Fig. 1: A high-level block diagram of the proposed method.

(a) Chaotic (b) Faults

(c) Salt dome (d) Other

Fig. 2: Sample images from the four different classes, taken
from the Netherlands North Sea F3 Block dataset [14].

2.2. Feature Extraction

In order to train our classifier, and later predict the classes of
images that are extracted from the seismic sections, we need
to extract relevant features from each image. Given an image
Xi, we first take the Hadamard product of this image with
a two-dimensional Gaussian kernel of the same size G that is
centered at the middle of the image. This is done to emphasize
the local spatial correlations in seismic data, and to give more
weight to the structures at the center of the image, and less
weights to those on the periphery. This can be expressed as

X̃i = Xi �G, (1)

where � is the Hadamard product, and G is defined as

G[x, y] = e
(x−µx)2+(y−µy)2

2σ2 (2)

where µx and µy are the x- and y- coordinates of the center
of Xi respectively. The value of σ is selected such that pixels
in the corners of the image have weights of less than 1%.



Next, we represent each image with a feature vector that
we propose in [13]. This was shown to be a highly effective
representation for texture images in general, and seismic im-
ages specifically. This representation is based on taking the
singular value decomposition (SVD) of the curvelet [15] co-
efficients of the image at all scales and orientations, and then
zeroing out all singular values larger than the effective rank
of every curvelet tile [16]. The final feature vector is formed
by concatenating the resulting singular values across all the
curvelet orientations and scales. For an image of size 99×99,
the resulting feature vector has 500 elements.

Due to the limited number of training images, and the
high level of redundancy in the curvelet transform, we use
Principal Component Analysis (PCA) to reduce the dimen-
sionality of the feature vectors. The goal of PCA is to find
an orthogonal projection of the data into a linear subspace of
dimensionality d < M such that it maximizes the variance
of the projected data. This new subspace is called the prin-
cipal subspace. In addition to reducing redundancy, PCA has
the added advantage of reducing the number of training sam-
ples required, and thus, the computation time consumed by
the SVM.

Given the feature vectors, fi’s, for all the training samples
{X̃1, · · · , X̃N}, we can construct the matrix F ∈ RM×N ,
such that:

F =
[
f1 f2 · · · fN

]
, (3)

where M is the number of features, and N is the number of
training samples. We can obtain a matrix F̄ by subtracting
each row in F by the empirical mean of that row. Now, let
ΣF̄ ∈ RM×M be the covariance matrix of F̄, then using the
eigenvalue decomposition of ΣF̄, we have:

ΣF̄U = UΛ (4)

where Λ = diag(λ1, λ2, · · · , λM ) is a diagonal matrix
with the eigenvalues of ΣF̄ in its diagonal sorted in de-
scending order such that λ1 ≥ λ2 ≥ · · · ≥ λM , and
U = [u1,u2, · · · ,uM ] contains all the eigenvectors of ΣF̄.
Then we define Û = [u1,u2, · · · ,ud]M×d where d < M ,
and project F̄ onto the principal feature subspace to obtain F̂:

F̂ = ÛT F̄ (5)

where F̂ ∈ Rd×N , is used to train our classifier along with
the labels y = [y1, y2, · · · , yN ], where yi corresponds to the
class of ith training image Xi.

Later, to classify superpixels within seismic sections, we
project the feature vector of each superpixel gi onto the same
principal feature subspace to get ĝi ∈ Rd, which is then fed to
the classifier to predict a class. In our work, we select d = 70
since the first 70 components were found to contain 99.08%
of the variance of the data.

2.3. Segmentation

Given a seismic section, we enforce the local spatial corre-
lation of seismic structures using simple linear iterative clus-
tering (SLIC) superpixels [17]. However, since seismic im-
ages are grayscale, we cluster the pixels in the [l, gx, gy, x, y]
space instead of the [l, a, b, x, y] space. Where gx and gy re-
fer to the gradient of the image along the x- and y- directions
respectively.

2.4. Classification

A Support Vector Machine (SVM) [18] is a powerful binary
classification algorithm. It seeks to find the optimal separat-
ing hyperplane between two classes by finding the one with
the maximum margin. Since we have a multi-class classifi-
cation problem, we train four hard-margin SVMs with linear
kernels using the one-versus-all (OVA) approach. The classi-
fier is trained using F̂ and its labels y. The resulting training
error, and 5-fold cross-validation error were both less than
0.01%. We predict the labels of different superpixels in the
seismic section by first extracting a patch of the same size as
Xi centered at the centroid of the superpixel, and then classi-
fying its feature vector.

3. EXPERIMENTAL RESULTS

To evaluate our results objectively, four seismic sections were
hand labeled with the help of a geophysics expert. We use
four evaluation metrics commonly used in the semantic seg-
mentation literature [19]. If we denote the number of pixels
from class yi classified as yj as nij , the number of classes as
nc, and the total number of pixels in class yi as ti, then we
can define:

• pixel accuracy:
∑

i nii/
∑

i ti

• mean class accuracy: (1/nc)
∑

i nii/ti

• mean intersection over union (MIU):
(1/nc)

∑
i nii/(ti +

∑
j nji − nii)

• frequency-weighted intersection over union (FWIU):
(
∑

k tk)−1
∑

i tinii/(ti +
∑

j nji − nii)

Table 1: Results of the evaluation metrics on different seismic
sections

Crossline # Pixel Acc. Mean Acc. MIU FWIU

61 0.687 0.676 0.416 0.580
211 0.748 0.762 0.474 0.643
231 0.744 0.762 0.461 0.641
261 0.774 0.820 0.498 0.670

Mean 0.738 0.755 0.462 0.634



(a) Labeled crossline 61 (b) Labeled crossline 211

(c) Crossline 61 ground truth (d) Crossline 211 ground truth

(e) Labeled crossline 231 (f) Labeled crossline 281

(g) Crossline 231 ground truth (h) Crossline 281 ground truth

Fig. 3: Results of the proposed method on four different seismic sections in the Netherlands North Sea F3 block database [14].
The Chaotic class in blue, Faults is green, Salt dome is red, and Other is grey

The objective evaluation results are shown in table 1.
Most of the errors in classification are in the Faults class.
This is especially true in the case where there is only one fault
in the middle of the patch. This is case for the large fault in
the middle of crosslines 221 and 231. This is partly due to the
fact that unlike Salt dome features for example, Faults
are very subtle and small. We are also limited by the single
Faults exemplar image that was used. The proposed model
averages 5.2 seconds to classify a single seismic section of
size 390× 900 pixels. The simulations were performed using
MATLAB 2015b on a PC with the following configuration:
Intel core i7 4.0 GHz, with 32GB of RAM, and running 64-bit
Windows 10. Considering the very limited labeled data that
was used, and the challenging nature of grayscale seismic

images, we find these results quite promising.

4. CONCLUSION

In conclusion, we proposed a method for labeling different
geophysical structures using only a very small subset of la-
beled exemplars. A relevant similarity measure is used to ex-
tract images that contain similar structures, that are then used
as substitutes for labeled data. Features based on the SVD
of curvelet coefficients are extracted from these images, and
later used to train a support vector machine. Superpixels are
used to segment the seismic section, and the SVM is then used
to label each superpixel. Objective evaluation shows mean
pixel accuracy of 73.8% and mean class accuracy of 75.5%.
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