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ABSTRACT

This paper presents a resilient and adaptive method for edge detection in seismic images via
independent component analysis (ICA). ICA is used on seismic image patches, where the
fixed-point FastICA technique is used to learn the basis functions. The majority of these sparse
basis functions are used as patterns or template to extract features. Like Gabor wavelet bases,
these basis functions are band-limited and confined. The proposed algorithm first transforms a
grayscale seismic image into different classes representing edges and background. The edges
are extracted by thresholding using sparse components which in turn generates an image into
a pattern or feature map. Further, this paper investigates the capabilities of ICA compared with

classical methods of edge detection based on seismic images through simulation results.

Keywords: Seismic Image Processing, Edge Detection, Independent Component Analysis,

Sparse Coding, FastICA Algorithm.

1. INTRODUCTION

Image processing offers vast opportunities in different areas to process and extract useful
information from natural images, for years. Natural images are recognised when both
dimensions are spatial. In contrast, a seismic image has one spatial dimension and one temporal
dimension. The two-way transit time on the temporal dimension along the offset is represented
by a point on a seismic image of a reflecting geological interface at a depth [1]. In order to
deduce a description of the earth’s subsurface geology, seismic images are now processed
similarly to natural images with gray level replacing signal amplitudes due to interest in

interactive feature extraction [2-8].



Edge detection is a crucial image processing technique that offers vital visual cues for
comprehending and interpreting image elements. The areas where color or intensity drastically
changes in one way over a limited number of pixels are called edges. An image size is reduced
by the edge detection procedure that show only outlines of the objects which can be used in
pattern or object recognition for subsequent image analysis. Edge detection preserves the most
important structural features (high frequencies) and filters out less relevant information or
redundancies available in the form of image background (low frequencies) which is replaced
when it is reconstructed. As a result, fewer pixels or bits are needed to store an image, which
lowers storage, bandwidth, complexity, and cost. At the receiving end, the original image is

fully recovered for further examination and interpretation [9-12].

Even though numerous edge detectors have been documented in the literature, they frequently
have issues including high computing costs and excessive noise sensitivity. Sobel, Prewitt and
Kirsch are the most popular classical methods use first directional derivative for edge detection.
These first order derivative edge detectors are obviously simple, but highly sensitive to noise
and are usually inaccurate. Canny detector is among the widely popular, optimal, multistage
and high-performance edge detector in the literature is considered comparatively superior
especially in noisy conditions because it uses Gaussian and hysteresis which finds maxima of
the first order gradient resulting into thin edges however, slower and computationally intensive.
The Laplacian of Gaussian operator, sometimes referred to as zero-crossing edge detectors,
uses Laplacian operator, a second order derivative that smoothes the image by convolving with
a Gaussian function to lessen the impact of noise before identifying edges in the form of zero
crossings. Although the Gaussian edge detectors work better and are comparatively quick, they
are computationally complex and produce double or thick edges. [13-16]. These edge detection
techniques have all been successful in identifying weak and strong edges to various degrees
however, the main drawbacks are lack of computational regularity and imprecise results due to
noise. Although numerous widely used and successful edge detection techniques have been
documented over the past forty years, still it is highly desirable to realize an optimal edge

detection strategy to extract edges in an efficient manner [17-18].

Geological feature extraction is usually a tedious process to locate the sub-surface faults by
simple geological investigations or studies of air photographs. Additionally, as the seismic
images are huge in size (several terabytes) that limits the storage and transmission frequently.

Edge detection alleviates such problems by not only extracting features but also, reducing the



image sizes only to few kilobytes. Thus, this paper’s primary contribution is to suggest a
revolutionary and efficient edge detection method using ICA, a powerful technique in machine
learning which can extract edges with reduction in noise comparatively better than the classical

methods.

2. INDEPENDENT COMPONENT ANALYSIS ON IMAGES

ICA is a statistical method that disintegrate multidimensional data into statistically independent
parts. A perceptual system is typically exposed to a sequence of small image patches that are
sampled from one or more bigger images in image processing applications. The vector X =
[x1,%,++,xy]7, which is created by linearly combining N mutually statistically independent
basis functions, can be used to describe each image patch. This vector is known as the
“observation vector”. These basis functions make up a fixed N X N complete rank matrix’s

columns known as the “mixing matrix”, A = [aq, a,, -+, ay].

As shown in Fig. (1), a vector S = [s1,55,++,Sy]7, also known as the “source vector”,
determines the weights of these linear combinations for each image. Every element of the
source vector has a basis function that corresponds to a root “cause” of the image. The model

for linear image synthesis can be provided by
X =4S (1)

which represents the set of equations in matrix form
N
Xi = Z ijSj (2)

j=1

Where x; is a pixel in an image that has contributions from a sequence of N image “sources”,

sj, which are weighted linearly by a coefficient, a;;,for1 <i,j < N. In such a simple

architecture, the perceptual system’s primary goal is to modify the images, X, linearly using a

matrix of filters W = [wy, w,, -+, wy] to obtain the resulting vector as,

S=wx=s 3)



It is rescaled, statistically independent, and may recover the fundamental causes, S, in a distinct
sequence. The “separating matrix” is the straightforward relation W = A~! between the basis
functions represented by columns of A and the filters that recover the causes represented by

rows of W.

/ Unknown \

Fig. (1): Model of ICA

From the standpoint of image processing, ICA is considered a fundamental statistical model
for natural image statistics. It models images as linear superpositions of basis images with non-
Gaussian and independent weight coefficients [ 19-23]. As illustrated in Fig. (2), several image
patches are randomly selected from an image, each of which is described by a linear

combination of “basis” images a;;.

Fig. (2): The Linear Image Synthesis Model

Each component of the sparse code, a type of neural code, is encoded by the intense activity of
a comparatively small set of neurons. Decorrelation is the process used to estimate the
independent components s;. It can be said that s; is independent of the other components if it
offers no information about them. The required independent components, s;, have the fewest
Gaussian components under the non-Gaussian distribution assumption. When estimating the
independent components or the unmixing matrix, a measure of non-Gaussian behavior is
crucial. Kurtosis, a 4th-order statistic with a zero value for the Gaussian distribution, is the

traditional indicator of non-Gaussian features represented as,

kurt(y) = E{y*} — 3(E{y*})* (4)



“Sub-Gaussian” refers to random variables with negative kurtosis, whereas “super Gaussian”
refers to ones with positive kurtosis. Kurtosis, however, is susceptible to anomalies. Negative
entropy is employed as a measure of non-Gaussian since a Gaussian variable has the highest
entropy among all the random variables with equal variance. The negative entropy can be

defined as
](y) =H (ngaussian) B H(pJ/') (5)

where H (pygaussmn) is the entropy of a Gaussian random variable y having identical

covariance and correlation matrix. The differential entropy H (py) is defined as follows:

H(py) = - f py () log p, (Mdn (6)

where p,, (17) denotes the probability density function of y. An approximation is utilized instead

because it is difficult to quantify the negative entropy.

](y) ~ {E[G (y)] - E[G (.’ygolussian)]}2 (7)

where G (y) is denoted by a function which is no-quadratic and y;4yssiqn as zero-mean, unit-
variance Gaussian variable. The estimation would be reliable, if G(y) is selected to grow

slowly. The two proven useful forms of G (y) are,

G(ly) = aillogcosh(aly) ;1<a, <2 (8)
G() = —exp (y?) )

As a result, contrast functions in ICA are employed to attain approximations of negative
entropy that provide an excellent balance between the two traditional non-gaussian
measurements provided by negative entropy and kurtosis. They have attractive statistical
qualities, particularly resilience, and are conceptually straightforward and quick to compute.
The constraint of decorrelation results from the optimization with a single unit contrast

function, which is defined as



N N
Maximize, ZJ(yi) = ZJ(WiTx), under constraint E{(wj x)(w/x)} = 8 (10)
i=1 i=1

where, w;, fori = 1,2, -, N represents the rows of matrix, W and, § is the Kronecker delta

function.

One by one, the independent components are estimated to optimize the single unit deflation
algorithm represented by equation (10). The algorithm needs to be run multiple times in order
to estimate multiple independent components. The fixed-point iteration technique is the
foundation of the FastICA algorithm that prevents convergence to the same maxima by
decorrelating the vectors after each iteration. To make the ICA method simpler, first the images
are pre-processed by whitening and centering. The observed images are turned into zero-mean
variables by centering, and the observed and centered images are linearly changed by whitening

so that the transformed images have unit variance, zero mean, and are decorrelated.

2.1 FASTICA ALGORITHM

A recursive fixed-point algorithm was developed by Hyvarinen [28-30] for maximising
negative entropy, called FastICA, provides a convergence rate ten to one hundred times quicker
than that of conventional gradient descent methods, is incredibly computationally efficient.
This algorithm, which estimates ICA, is dependable, stable, robust, and easy to use. FastICA's
conversion is nonlinear and cubic, or at least quadratic, since no parameters are selected, in
contrast to gradient descent techniques. The FastICA algorithm’s formal derivation considers
the pre-whitening of the data through spheroidizing and centering. Additionally, it takes into
account the negative entropy approximation with zero mean and unit variance. The learning

rule for FastICA as illustrated in Fig. (3), in search of non-gaussian can be described as follows:
Wirr = E(Xgw{ X)} = E{g(w/ X)}w; (11)
The one-unit process and the decorrelation process are two processes that can be used to

summarize the FastICA algorithm. The following is how the one-unit procedure estimates a

single independent component:



1. Set randomly the initial weight vector w;, with [|w;|| = 1
2. Determine the observed vector X's covariance matrix C = E{XXT}

3. Update the weight vector w; by
i1 = CTUEXg(wi X)} — E{g(w/ X)}w; (12)
where, g(*) = tanh(-).

4. Normalizing the wight w; using,

W.
Wip1 = = (13)
VWi)TCwiyy
5. Go to step (2) till convergence,
ie., Aw; = (W; — wi;1)? <€ (a small number). (14)

/ Unknown \ / Unsupervised Learning \

A W

Learning the

K Basis Function

Fig. (3): Learning the Basis Function using FastICA
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3. EXPERIMENT AND SIMULATION RESULT

A set of 10,000 random samples with an 8x8 patch size on a set of 15 seismic images were
used in the experiment. Basis or features a4, a,, **+, a¢4 that were produced by FastICA method
on 8 X 8 pixel patches of the seismic images are depicted in Fig. (4) which shows that most of
the features, that is, the columns of ‘A’, resemble “edges”. This makes it very evident that the

rows of W~1 = A must likewise match to the same ‘edges’.
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Fig. (5): The edge maps of the seismic image.
(a) Seismic Image (b) Proposed ICA Method (c¢) Canny (d) LoG (e) Sobel (f) Prewitt.



Moreover, majority of the estimated source signals s;, S, ***, Sg4 are strongly leptokurtic (mean
kurtosis =103.2 which is sufficient to demonstrate their distribution and sparseness). The
resulting feature map has the benefit of being insensitive to illumination and can be utilized for
pattern extraction. The edges and background pixels in the feature map are categorized into
various classes that correspond to the corresponding values between 1 and 64. Only the sparse
components take part in the edge extraction of objects or the foreground, and every element is
assigned binary 1 whereas, all non-sparse components to binary 0 representing the background
hence, a binary image pattern is obtained. Edges representing misalignment of horizons
revealing seismic faults has been subsequently recognized using the proposed method, Canny,

LoG, Sobel, and Prewitt giving a baseline comparison as shown in Fig. (5).

4. CONCLUSION

This paper suggested a novel feature extraction method for edge detection using ICA to
recognize seismic image features such as faults by tracking horizons. ICA has been effectively
used to extract sparse basis functions that represent edges. Because statistical processes are
inherently data-adaptive, they produce superior outcomes than other transform techniques like
wavelet. An estimate of the probability distribution function of random vectors of seismic
images using different parameters is known as a statistical model of random variable.
Parameters are the foundations or characteristics of seismic image patches. Because they may
be decomposed as a linear combination of the eigenvectors linked to the correlation matrix’s
smallest eigenvalues, the ICA filters represented by rows of a full rank matrix are high pass.
This characteristic results in a sparse distribution of the independent components, or high
frequency components, whose insignificant elements correspond to patches with lines,
contours, or edges. The simulation results of ICA compared to classical methods prove

robustness of the proposed algorithm.

The future of edge detection in seismic interpretation is extremely promising due to the
development of artificial intelligence, high-performance computation, and contemporary
imaging techniques. These developments will play a crucial role in oil and gas exploration,

earthquake monitoring, environmental studies, and subsurface imaging technologies.
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