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Abstract

In [4] we present a method of signal restoration to improve th e
signal to noise ratio, sharpen seismic arrival onset, and act as
an empirical source deconvolution of speci ¢ seismic arriv als.
The method is used on the shear wave time window contain-
ing SKS and S, whereby using a Gaussian PSF produces more
impulsive, narrower, signals in the wave train. The resulti ng
restored time series facilitates more accurate and objectie rel-
ative travel time estimation of the individual seismic arri vals.
Clean and sharp reconstructions are obtained with real data,
even for signals with relatively high noise content. Recon-
structed signals are simpler, more impulsive, and narrower |,
which allows highlighting of some details of arrivals that a re
not readily apparent in raw waveforms.

The Problem

Earth's interior is inaccessible
Remote sampling is required
Important steps include

(a) accurate characterization of seismic energy
(b) reliable estimation or measurement of seismic wave
timing

To improve (a) and (b) over traditional methods we use a
deconvolution-based restoration method that deblurs a giv en
signal, sharpens seismic signal onsets and improving the vi si-
bility of emerging secondary seismic arrivals.
This is demonstrated on

(a) the signal restoration of SKS and S (or Sgits ) in synthetic
seismograms and

(b) the restoration of actual data for 31seismic recordings of a
deep focus South American earthquake.

Deconvolved seismograms are used for
Relative travel time determination
Waveform distortion diagnostics

Demonstration of the detection of two very similar shaped
pulses nearly superposed in time

Figure 1. SKS and SPdKS is blurred by Earth’'s mar

Signal degradation

Signal degradation in this study is modeled by a convolution
+ noise [5]
g=f h+n; (D

with a Gaussian point spread function (PSF)

t2

h(t) = ﬂe%e +2, )

where the parameter governs the width of the function.
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Figure 2. Blurring by different PSFs.

Wolfgang Stefan

Dept. of Mathematics and Statistics
Arizona State University
stefan@mathpost.la.asu.edu

Signal restoration

The goal is to identify the original signal f, given the observed
signal g in (1). This inverse problem is badly ill posed i.e. a
regularization technique has to be employed. Including reg u-
larization we solve the inverse problem by [5]

f*= arg minfkg  f hk3+ R (f)g; 3)

in which the second term R(f) is the regularization term.

Governs the trade off between the t to the data and the
smoothness of the reconstruction and can be picked by the
L-curve approach

Common regularization methods are Tikhonov and Total
Variation (TV) regularization

L! regularization 1st used for seismograms in [1], see also
2]

TV yields a piece wise constant reconstruction and pre-
serves the edges of the signal

Tikhonov yields a smooth reconstruction

For our application we are interested in a sharp reconstruc-
tion, therefore TV is the better choice

To nd the minimum of (3) we use a limited memory BFGS
method

The TV of a function f is de ned by

VA

TV(f)=  jfqu)jdt: (4)

Experiments

We demonstrate the deconvolution method with edge detec-
tion on synthetic and real seismic data.

Synthetic seismograms

The synthetic seismograms are produced using the 1-D PREM
reference model.

(a) Origind synthetic SV sésmograms (b) Decorvolved synthdt SV displacemen record
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Figure 3. Original and deconvolved SV trace, aligned at edges in
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Figure 4. Deconvolved synthetic SKS

Real seismic data

In the following we apply our method to the records of an
earthquake in South America M, = 7:2 on May 12, 2000,
recorded at 31broadband stations in Europe.
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(@) Origind SH displacemet record (b) Decorvolved SH displaementrecord
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(c) Origind SV displacemet record (d) Decorvolved SV displaementecord
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Figure 5. Original and deconvolved SH and SV trace. Broadenin
between 90 and 98 deg is consistent with the D" relaigdr®l Sy

Conclusions

We showed that TV-regularized deconvolution results in

(a) sharp and clear reconstructions of both noise-free synthetic
seismograms and noise-contaminated real seismograms of
a test case,

(b) the signal reconstruction algorithm resulted in more accu-
rate relative timing and amplitude information from the
deconvolved traces than is presently possible with the raw
traces.

Future work will include

verify results with more synthetic and real data

use signal/noise separation techniques as pre-processing
like in [3] to improve the signal-to-noise ratio.

Acknowledgment

This study was supported by the grant NSF CMG-02223. Au-
thors wish to thank Sebastian Rost and Matthew Fouch for dis-
cussions and data.

References

[1] Claerbout, J. F. and Robinson, E. A.,1978, The error in
least-squares inverse ltering, in Webster, G. M., Ed., De-
convolution: Soc. Expl. Geophys., 194-196. (* Reprinted
from Geophysics v. 29, no. 1, p. 118-120)

[2] Claerbout, J. F. Earth Soundings Analysis: Processing
versus Inversion (PVI) 1992.

[3] Daubechies, . and  Teschke, G., Vari-
ational Image restoration by means of
wavelets: simultaneous decomposition,  deblur-
ring, and  denoising , http://www.math.uni-

bremen.de/teschke/Publications.html, 2004.

[4] Stefan, W., Garnero, E. and Renaut, R. A.,Signal restora-
tion through deconvolution applied to deep mantle seis-
mic probes, in review in Geophysical Journal Interna-
tional, http://math.asu.edu/"rosie.

[5] Vogel, C. R., 2002. Computational Methods for Inverse
Problems, SIAM, Frontiers in Applied Mathematics.



