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ABSTRACT

As field seismic data sizes are dramatically increasing toward
exabytes, automating the labeling of “structural monads” — corre-
sponding to geological patterns and yielding subsurface interpreta-
tion — in a huge amount of available information would drastically
reduce interpretation time. Since customary designed features may
not account for gradual deformations observable in seismic data, we
propose to adapt the wavelet-based scattering network methodology
with a tessellation of geophysical images. Its invariances are ex-
pected to be able to thwart the effect of the tectonics. The sparse
structure of extracted feature vectors suggest to resort to dimension
reduction methods before classification. The most promising one is
based on a tessellated version of scattering decompositions, com-
bined with a standard affine PCA classifier. Extensive comparative
results on a four-class seismic database show the effectiveness of
the proposed method in terms of seismic data labeling and object
retrieval, in affordable computational time.

Index Terms— Classification, Scattering networks, Seismic
processing, Machine learning, Dimension reduction

1. INTRODUCTION

Seismic data analysis has long been a topic of choice for advanced
signal and image processing [1]. The inherent complexity and size of
geophysical data has for instance nurtured widely-used techniques,
from wavelet transforms [2, 3, 4, 5] to sparse deconvolution [6]. To
produce sound images of underground structures, geophysics strive
to acquire, model and process huge sets of seismic traces, ending up
in stacked or migrated datasets (Fig. 1). The latter represent (dis-
torted because indirect) geological formations in the shape of vari-
ous seismic patterns, readable by geophysicists, within the wiggling
bandpass nature of seismic signals. They for instance reveal depo-
sitional sequences, structural bodies (like salt domes [7]), geologi-
cal incidents (like faults and fractures [8]), or poorly imaged zones.
Their analysis is of primary importance to understand the tectonic
and sedimentary history of regions, and their potential in finding
hydrocarbon traps. Such an analysis can be seen as dimension re-
duction from highly redundant seismic data [9], albeit preserving es-
sential geological features [10]. Automating the labeling of so-called
rock types [11], seismic facies, associated lithofacies or structural el-
ements (hereafter called structural monads) would drastically reduce
interpretation time and cost. The term structural monad (abbreviated
as SM) is proposed to singularize units with putative geophysical or
geological interpretation, resistant to a family of admissible defor-
mations, such as shift, shear or scaling for seismic data. However,
the huge variability in seismic acquisition/processing and geologi-
cal mechanisms, together with the notable data volume, hinder an

accurate human-based expert interpretation.
In Section 2 we review related endeavors on seismic structure

classification. With a shortage of widely-shared tagged seismic
databases and purpose, we detail our evaluation methodology on a
2D seismic database structuration in Section 3. In Section 4, we
motivate a novel approach based on scattering wavelet networks.
Reminders are first provided, with an analysis of the sparse structure
of feature vectors. A benchmark of different dimension reduction
algorithms is then performed. A tessellated version of scattering
transforms is then provided. Its performance is evaluated with dif-
ferent training/testing proportions, and sensitive improvements are
obtained in terms of accuracy, at an affordable cost (Section 5).
Conclusions and perspectives are finally drawn.

Flat Low interest

Sigmoid

Fold

Fig. 1: Migrated seismic sections, with exemplars of four instances
of structural monads: Flat , Sigmoid , Fold , Low interest .

2. PRIOR WORK

As exemplified in Figure 1, the nature of seismic images is mostly
textural, with fuzzily-defined regions, and limited edge-based delin-
eation. Hence, their characterization has been pursued for decades
with various combinations of features (often termed attributes in the
geophysics community) and classifiers. Interestingly, seismic has
soon resorted to the computation of complex attributes [12] derived
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from the Hilbert transform. Instantaneous frequency, phase and en-
velope have long been favored attributes for data labeling and clas-
sification. Since then, many works have aimed at simplifying and
classifying seismic data, through a wealth of signal/image process-
ing techniques: compression, normalization and morphological op-
erations [9], different breeds of directional filter banks [13, 14] or
multi-scale feature extraction or wavelets [15]. Due to the complex-
ity of feature combination and learning, recent studies focus on spe-
cific SMs (structural monads) such as salt domes, with a combina-
tion of gray-level co-occurrence matrices and Gabor filters in [16],
gradients of textures in [7] or curvelet coefficients in [17]. Even
techniques from speech recognition (like mel-frequency cepstrum
coefficients or MFCC) have been used [18].

When a predetermined discrete collection of tailored features is
used, their resistance to different sampling patterns, wave propaga-
tion or seismic processing deformations is usually not evident. The
appropriateness of an union of such feature sets for different SMs
is not fully guaranteed. In other words, no current seismic classifi-
cation scheme is available to cover all kinds of features. We chose
to address the categorization [19, p. 13 sq.] of different kinds of
SM, in the line of [17]. Instead of relying on custom features, we
chose a more attribute-agnostic framework, named Scattering Net-
works or Scattering Transform. It stems from nearly-invariant com-
plex wavelet representations, and aims at providing a mathemati-
cal rationale behind the Convolutional Neural Networks (CNN) in-
stance of deep learning [20]. It roots on frames of oriented com-
plex/Hilbert pair [21] of wavelet transform levels, intertwined with
non-linear operators mimicking pooling operators. The proposed
CatsEyes framework alludes to the Categorization of Seismic mon-
ads, with sector-wise scattering coefficients (Figures 2(b-c-f-g-j-k-n-
o)) reminiscent of dark-glowing cat retina, colored-insert glass mar-
bles. Scattering transforms have been used scarcely in geophysics
so far [22, 23], on types of geophysical data different from the ones
addressed here. Inspired by morphological and textural analogies
between fingerprints and seismic data, exploited for instance in de-
noising with wave atoms [24], our proposal builds upon recent re-
sults on fingerprint classification [25].

3. SEISMIC DATABASE EVALUATION METHODOLOGY

3.1. Seismic data sources

Unlike the mainstream image field, due to the shortage of widely-
shared tagged seismic image databases to design and evaluate clas-
sification algorithms, a first priority resides in building a database
which can also serve as a reference for testing other algorithms. The
data come from subparts of 2D seismic sections that were acquired
in different tectonic zones at the border of the American continent:
from the New-Jersey to the Amazonian mouth. From four wide sec-
tions, subparts were extracted to feed the database with four cate-
gories named: Flat , Fold , Sigmoid and the rest, denoted by Low
interest . Sigmoid may refer to geological sequences or strata called
toplap, offlap, onlap or downlap. The last Low interest class en-
compasses natural noise present in data, seismic processing artifacts
(migration) and spurious signal that come before the sea bottom and
thus is not considered since it does not carry geological informa-
tion. These 38 subparts were then cropped to a common size of
1178× 1932 pixels.

Such a database has a very limited number of exemplar images
for providing sufficient training data for most algorithms. Hence,
templates do not span all intra-class variations, and the base is not
representative enough. A more consistent database is thus required.

3.2. Database structuration and curation

Resultingly, the following steps were followed in the creation of the
evaluation database:
• Cropping: an extended set of images of size 512 × 512 is

created by cropping overlapping patches from the original 38
images. For the underrepresented Sigmoid class, some Re-
gions of Interest were manually selected. At the end of this
step, 1300 exemplars were obtained, with a distribution of
400, 440, 360, 100 images in the Flat , Fold , Low interest ,
Sigmoid classes, respectively.

• Curation: when cropped to a smaller size, sometimes fea-
tures for a specific class are lost. A handful of unfit exemplars
are manually removed.

• Repetition removal: some images from the cropped database
are almost replicas. To reduce the bias toward redundant
templates, we choose to automatically remove images with
Structural Similarity Index (SSIM, [26]) above 0.9, resulting
in a better coverage among all classes.

Finally, we obtain a high-quality database with a non-uniform dis-
tribution of annotated templates as 221, 223, 100 and 36 images in
Flat , Fold , Low interest , Sigmoid classes respectively. An exemplar
for each template is depicted in Fig. 2(a-e-i-m).

4. TESSELLATED SCATTERING TRANSFORM

4.1. Motivations

Scattering wavelet networks (ScatNets or ScatterNets) have been in-
troduced by S. Mallat [27] and his co-authors. They are being stud-
ied and expanded in several paths [28, 29]. They offer a solid frame-
work for a mathematical formulation aiming at deep network un-
derstanding. Using cascades of complex wavelet transform frames
and non-linear modulus operators to build feature vectors, they yield
data representations stable to controlled deformations. Features ob-
tained with ScatNets show promising results for texture classifica-
tion [30, 31], inverse problems [32] or chemical structures [33].
Along with local translation and small-deformation invariance, en-
ergy preservation and higher-order information retention, ScatNets
have predetermined weights and structure, unlike convolution neural
networks [34]. Resultingly, almost no training is required in learning
and setting network’s hyper-parameters (layers, filters) for a specific
application, often requiring significant expertise and a handful of ex-
perimentation.

4.2. Reminders on the ScatNet architecture

Let I(x, y), (x, y) ∈ R2, represent a two-dimensional image. Let
φJ(x, y) = 2−2Jφ(2−J(x, y)) denote a low-pass filter controlled
by the scaling factor J . If ψ is a mother wavelet, the family of
its rotated and dilated versions is denoted by {ψλ}, with the multi-
parameter λ = (θ, j) ∈ {Λ = Θ × [1, 2, . . . , J ]}, where θ indexes
orientations and 2j are dyadic scales.

For the wavelet family {ψλ}λ∈Λ, wavelet coefficients obtained
through {I(x, y) ∗ ψλ}λ∈Λ mostly retain the high-frequency varia-
tions of the signal. A coarse approximation is obtained by a smooth-
ing with the low-pass filter φJ , resulting in the compound wavelet
feature vector (FV):

|WI(x, y)| = {I(x, y) ∗ φJ , |I(x, y) ∗ ψλ|}λ∈Λ . (1)

In (1) however, wavelet coefficients preserve translation invariance
only up to 2j , and not up to the maximum scale 2J reached by the
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the first component (the average, stable to deformation [27]). This
can be resolved by resorting to a modulus operator whose output is
convolved with φJ . Now S0I(x, y) = I(x, y) ∗ φJ represents the
zeroth layer of the scattering network. The non-linear part is also
averaged to get first-order scattering coefficients:

S1I(x, y, λ1) = |I(x, y) ∗ ψλ1 | ∗ φJ . (2)

Similarly, second-order scattering coefficients are obtained as:

S2I(x, y, λ1, λ2) = ||I(x, y) ∗ ψλ1 | ∗ ψλ2 | ∗ φJ .

Further, higher-order scattering coefficients can be computed recur-
sively with:

SmI(x, y, λ1, . . . , λm) = |||I(x, y) ∗ ψλ1 | . . . | · · · ∗ ψλm | ∗ φJ .

As in [30], inter-class differences can be observed through con-
centric diagrams of scattering coefficients. Figures 2(b-f-j-n) and
2(c-g-k-o), respectively, result from computing S1I(x, y, λ1) and
S2I(x, y, λ1, λ2) with the left-hand images. Inside the rings, each
angular sector represents one (θ, j) combination and is filled with
the average value obtained from the cascaded convolution. Such
multi-level pie charts, computed over entire images, illustrate the
classification power of scattering networks, as well as potential over-
laps between sought classes. The latter observation motivates a tes-
sellated1 scattering network approach described hereafter.

(a) Flat (b) S1 coef. (c) S2 coef.
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(d) Flat FV

(e) Sigmoid (f) S1 coef. (g) S2 coef.
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(h) Sigmoid FV

(i) Fold (j) S1 coef. (k) S2 coef.
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(l) Fold FV

(m) Low int. (n) S1 coef. (o) S2 coef.
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(p) Low int. FV
Fig. 2: Left: exemplars for each class. Center: multi-level, angu-
lar sector representation of a two-level scattering transform. Right:
flattened feature vectors.

1From Latin tessella, small squares.

4.3. Feature vector representation and dimension reduction

The most natural manner to construct FVs (feature vectors) — to
feed classifiers — reduces to using all scattering coefficients. Such
a flattening vectorizes the entirety of the Sm scattering layers. As
they result from many couples of orientations and scales, or convo-
lutions with an oversampled filter bank, their size can become ex-
tremely large. Exemplar FVs depicted in Figures 2(d-h-l-p) have a
total length of about 15× 106 coefficients. Even if a down-sampling
can reduce this length to 7× 104 coefficient, the high-dimension of
the feature space may adversely affects the classification accuracy,
due to the modest size of the database (584 images). However, we
observe that the FVs are highly compressible. Their normalized and
sorted values for the different classes are represented in Fig. 3. As
ScatNets are energy preserving, the steep decay in the upper-right in-
dicates that most of the information is carried by very few important
coefficients. Slightly differing decay [35] regimes can be observed
across the different classes. This can be emphasized with the close-
up graph in gray, within the highest 0.1 % of the coefficients in the
steepest portion of the curve.

Fig. 3: Compressibility of ordered scattering transform feature vec-
tors from Fig. 2(d-h-l-p) in log-log-scale.

To exploit redundancy in these highly sparse vectors, we
first benchmark various feature selection methods [36] collected
at Arizona State University2. The feature selection methods ap-
plied to our database are based on: Gini index [37], χ2 statistics
[38], Correlation-based Feature Selection (CFS) [39], Kruskal-
Wallis (KW) [40], Minimum Redundancy and Maximum Relevance
(mRMR) [41], sparse multinomial logistic regression algorithm with
Bayesian regularisation (SBMLR) [42] and Fisher score [43]. Re-
duced feature sizes (#RFS) are globally shrunk again by an order of
magnitude, toward thousands of coefficients, as indicated in Table
1-(column 2).

4.4. Tessellated scattering networks

Several additional ingredients can be melt into scattering networks
for performance improvement. While excellent results are obtained
on textures [30, 31], adaptations to seismic features could provide
enhanced results. For instance, Figure 1 indicates that gradual

2featureselection.asu.edu/old/software.php
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changes could be observed between structural monads: a Sigmoid
or Fold behavior may slowly warp to a Flat morphology. Due to
data acquisition and processing, regions of Low interest neighbor
other regions with higher geological value.

Similarly, the Sigmoid class can be viewed as a combination
of two classes: Fold and Flat , as can be seen from Fig. 2(a-e-i).
Important classification features for “overlapped” classes can thus
be located in different regions of an image. We thus extract and
combine FVs from a tessellation of subparts of initial images. This
operation can be thought as a diversity enhancement to account for
gradual morphing between structural monads. Such an approach has
also been successfully applied recently to fingerprints [25], whose
oriented textures combined with localized information reveal impor-
tant in classification tasks.

In this work, images (of size 512×512) are divided into 4×4 =
16 non-overlapping blocks. Scattering wavelet transform coefficient
are extracted from each block. Computing the mean of each of the
convolutions was shown [27, 31] to correspond to the energy of the
convolutions. The complete “tessellated“ ScatNet feature vector is
formed by concatenating FVs of all the 16 blocks, formed by the
pooling/averaging operations over the global scattering transform.

4.5. Scattering network specifications and category assignment

To evaluate the relative performance of the different dimension re-
duction methods, we select |Θ| = 8 orientations and J = 3 scales,
using a geophysics-inspired Morlet wavelet filter bank [2, 3]. A scat-
tering transform consisting of three layers (m = 2) is either ap-
plied on the whole images or their tessellated blocks. The size of
an FV for each block after the pooling step, as described above, is
given by

∑m
i=0 L

i
(
J
i

)
. Since the final FV is obtained by concate-

nating all these partial FVs, the size of a complete FV is given by
16 ×

∑m
i=0 L

i
(
J
i

)
. These FVs are finally passed to a generative

Principal Component Analysis (PCA) affine classifier from [31].

5. EXPERIMENTS AND RESULTS

Reduced feature size, classification accuracy and different training
times, with various methods and training/testing ratios are reported
in Table 1. Numbers were obtained from averages of 50 randomized
trials from the seismic database. Standard deviations for classifi-
cation accuracy spanned a 0.5 % to 1.5 % range. Among the stan-
dard dimension reduction methods detailed in [36], the Fisher score
achieved the best overall classification with 81 % to 82 % and the
smallest number of reduced features. However, for higher accu-
racies, we notice that the correct class retrieval saturates, in terms
of statistical significance, within the randomized variations. How-
ever (bottom lines of Table 1), pure ScatNets exhibit a 5 % to 6 %
improvement over Fisher score. Their tessellated heir is even aug-
mented by 3 % to 6 %. Interestingly, the 16-fold higher dimension
of the tessellated feature size (3456) and times required for feature
extraction and training (1814 vs 2214 and 54 vs 341 seconds respec-
tively) are compensated by a faster feature classification (0.47 s vs
0.14 s). This observation could be related to the ability of ScatNets
to jointly sparsify and linearize the original feature space. The over-
all 10 % to 11 % improvement in classification accuracy of the pro-
posed tessellated scattering network over the Fisher score remains
practically useful, as #RFS (reduced feature size), feature extraction
and training times are comparable, with a six-fold faster final classi-
fication speed-up.

A typical confusion matrix is provided in Table 2. For instance,
for 50 % training, from a total of 221 Flat exemplars, 111 test im-

Training 30% 50% 70% Time (s.) with 50 % training

Method #RFS Accuracy (%) Feat. ext. Train. Class./FV

Gini 8725 62.4 64.9 65.2 7113 968 0.13
χ2 7167 57.0 61.2 61.7 5623 797 0.11
CFS 5133 69.0 69.5 70.4 4784 557 0.17
KW 3133 69.1 71.6 71.8 2126 289 0.10
mRMR 4607 75.2 76.4 77.9 5275 782 0.31
SBMLR 3265 73.8 75.1 76.1 8982 1044 0.22
Fisher 2819 80.7 81.3 82.5 1931 376 0.87

ScatNet 216 86.6 87.1 87.6 1814 54 0.47
Tessellated 3456 90.9 91.6 93.5 2214 341 0.14

Table 1: Computational results. Left: comparisons for different di-
mension reduction/feature extraction methods with varying training
percentages (methods referenced in Sec. 4.3-4.4) in #RFS (Reduced
feature size) and accuracy/c. Right: times for feature extraction and
selection, training, and PCA classification per feature vector.

ages are retained. Among them, 103 are correctly assigned, while
6 and 2 are assigned to Fold and Sigmoid classes respectively. The
table confirms the accurate assignment of the tessellated scattering
network to Flat and Fold structural monads, as well as a good classi-
fication of Low interest zones. As expected, Sigmoid structures can
be wrongfully assigned to Flat or Fold more frequently.

Flat Fold Sigmoid Low int.
Flat 103 6 2 0
Fold 5 102 3 2
Sigmoid 1 3 14 0
Low int. 1 2 0 47

Table 2: Confusion matrix for 50 % training. Horizontal: true class;
vertical: assigned class.

6. CONCLUSION AND PERSPECTIVES

We present an novel categorization of seismic patterns, defined as
structural monads with a more generic acceptation. To account for
geological and geophysical processes, we adopt scattering wavelet
networks as deformation and translation invariant feature joint ex-
tractors and classifiers. A database with tagged structural monads
is devised, drawn on public data, which could be shared for other
publishable studies. An extensive comparison of feature vector di-
mension reduction methods for classification is performed, and the
proposed tessellated scattering decomposition is shown the effective.

Addressing the robustness of the proposed methodology to seis-
mic processing variability and noise, and to other related classifica-
tions such as rock types [11] is an immediate perspective. Improving
results with a better consideration of smooth tectonic deformations,
and visualizing the most important features [44] are trusted to fur-
ther extend our evaluation database to controlled warping of original
images.
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