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Hough Transform Neural Network for the Detection of Seismic Patterns
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Abstract

Hough transform neural network is
adopted to detect line pattern of direct wave
and hyperbolic pattern of reflection wave in
a one-shot seismogram. We propose the use
of time difference from point to hyperbola
as the distance. This distance calculation
makes the parameter learning feasible. One
set of parameters represents one pattern.
Many sets of parameters represent many
patterns. The neural network can calculate
the total error for distances from point to
patterns. The parameter learning rule is
derived by gradient descent method to
minimize the total error. Experimental
results show that line and hyperbola can be
detected in the simulated data. The detection
results can  improve the  seismic
interpretation.

Keywords: Hough transform neural network,

line detection, hyperbolic detection.
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Fig. 1. lllustration of parameter learning.
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(a) Hough Transform Neural Network
(HTNN) and Learning Rules
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Fig. 2. One-shot seismogram.
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Fig. 3. System for seismic pattern detection.
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Fig. 4. Result of thresholding.

Fig. 2 shows the simulated one-shot
seismogram with 64 traces and 512 points in
each trace. The sampling rate is 0.004

seconds. The size of the input data is 512x64.
The proposed detection system is shown in
Fig. 3.

The input seismogram in Fig. 1 passes
through the thresholding. For seismic data
S(x,t), 1<x <64, 1<t <512, We set a
threshold I. If s(x,t;)>1, data become the
object points, x; = [xi t]", i=1, 2, ..., n. Fig.
4 is the thresholding result. Then the data
are fed into the network.
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Fig. 5. Hough transform neural network.

The adopted HTNN consists of three
layers: distance layer, activation function
layer, and the total error layer. The network
is shown in Fig. 5. It is an unsupervised
network  capable of detecting m
parameterized objects: lines and hyperbolas,
simultaneously.

Input vector x; = [x; t]" is the ith point
of the image, where i=1, 2, ..., n. Input each
point x; into distance layer, we calculate the
distance dix = Dk(x;) = Dx(x;, t;) from x; to the
kth object (line or hyperbola), k=1, 2, ..., m.
Then, di passes through the activation
function layer and the output is Eri, =1-f(di),
where f(.) is a Gaussian basis function, i.e.,

f(d)) = exp(-2%)

and Erj is the error or the modified distance
of the ith point to the kth object. Thus, when
d, Is near zero, Erj is also near zero. In the
last layer, we calculate the total error for
X,,

Ec, =C(Er;) =C(Ery, ..., Ery ... Er,)) = [] Er;

1<j<m



When x, is belonged to one object, then
Eri = 0, and Ec; =0.

For a line, Li(x) = Wi 1X + Wi ot + b= 0,
the parameter vector is px = [Wicz, Wiz, bi]".
The distance from point x; to line Lk is Dk(x;)
= | Wi 1X + Wi ot + by| = |Lk(x;)|. From gradient
descent, the derived learning rule for line is

p. =[Aw] AbT

——ﬂ[Er j[z"'* ](1— f(d,0)sign(d, )lx," 1"

Similarly, for a hyperbola with equation
(e 5
by ay

X_
H, (x)=b, (

2
X
°’kJ +1-(t—t,,)=0

k
the parameter vector of hyperbola is px=[ax,
by, Xox to,]". the true distance from point to
hyperbola is complicated. Here, we consider
distance in time from the point (x;, t;) to the
hyperbola Hy(x) = 0 as

bK[ akx“jﬂ (t ~ty) =

We use gradient descent to derive the
learning rule for hyperbola,
Ap, =[ha, Ab, Ax,, At

:_ﬂ[ j( Ead J( - £(d)sign(d,.)

dik = ‘H (x )‘

Er,

(b) Experimental Results

The HTNN is applied to the simulated
one-shot seismogram. For flat reflecting
layer, we can get xo=0, so three parameters
must be detected for hyperbola.

The image space of simulated one-shot
seismogram in Fig. 2 is 512x64. After
preprocessing, the input data in Fig. 4 have
252 object points. Table 1 shows the
detected parameters of line and hyperbola in

the image space. The experimental results
are shown in Fig. 6-8. Fig. 6 shows the
result of detection of direct wave and
reflection wave in the x-t space. Fig. 7
shows the error versus iteration number,
where the dotted line represents the 12
iterations when the iteration number from
stage one to stage two. We combine the
detection results to the original seismogram
and shown in Fig. 8. The result of
experiment is quite successful.

Table 1. Parameters of line and hyperbola in
Fig. 4 in the image space 512x64.

Wy Wp
Line -0.040031 0.0079809 0 082842
a b to
Hyperbola -21.176 -10.383 4.5614

Station

Fig. 6. Detection result: direct wave and
reflection wave.

Mo of iteration

Fig. 7. Error versus iteration.



Station

sy
.
02 N‘EEiai E i
: =
o4l s
DE R T Er:‘i;
08l ﬁi’a;ﬁ&
Fed)
I} =t
= -t@%
3
14} { 3

16H

me (Sac.)

18H

Fig. 8. Detected line and hyperbola on
one-shot simulated seismogram.

(2) #H@m:

HTNN is adopted to detect line pattern
of direct wave and hyperbola pattern of
reflection wave in a one-shot seismogram.
The parameter learning rule is derived by
gradient descent method to minimize the
error. We calculate the distance from point
to line. Also we define the vertical time
difference as the distance from point to
hyperbola that makes the learning feasible.
In experiments, we get fast convergence in
simulated data because three parameters are
considered in the hyperbolic detection. The
detection results can improve seismic
interpretation.

The result of preprocessing is quite
critical for the input-output relation. More
wavelet, envelope, and deconvolution
processing may be needed in the
preprocessing to improve the detection
result.
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