THE UNIVERSITY OF CALGARY
Rayleigh-Wave Analysis and Removal

Using a Novel Weighted Median Filter

by

David G. Schieck

A THESIS

SUBMITTED TO THE FACULTY OF GRADUATE STUDIES

IN PARTIAL FULFILMENT OF THE REQUIREMENTS FOR THE

DEGREE OF MASTER OF SCIENCE

DEPARTMENT OF GEOLOGY AND GEOPHYSICS

CALGARY, ALBERTA

NOVEMBER, 1993

© David G. Schieck 1993



THE UNIVERSITY OF CALGARY

FACULTY OF GRADUATE STUDIES

The undersigned certify that they have read, and recommended to the Faculty
of Graduate Studies for acceptance, a thesis entitled "Rayleigh-wave analysis and
removal using a novel weighted median filter" submitted by David G. Schieck in
partial fulfilment of the requirements for the degree of Master of Science.

i

supervisor, Dr. K.K. Stewart,

Department of Geology and Geophysics

A Doen

Dr. R.J. Brown,
Department of Geology and Geophysics

N\

v '
Dr. F.A. Cbok,
Department of Geology and Geophysics

Dr. K.M. Rangayyan,—

—_—

Department of Electrical and Computer Engineering

Date: L&F&mfm 23 17194

ii



Abstract

In this study a non-linear, hybrid f-k filter is used to remove aliased dipping
events and random noise glitches from a seismic shot gather. This weighted median
filter uses time-domain coefficients, from the inverse Fourier transform of a dip or
velocity filter developed in the frequency domain, as the filter weights. This results
in a filter which has median characteristics but also rejects dips analogous to an f-k
velocity filter. A fast 2-D median filter algorithm is developed and applied to
synthetic and real P-SV data from the Springbank area of Alberta.

Rayleigh waves travelling in the near-surface are often dispersive (phase
velocity is dependent on frequency). Three methods of estimating dispersion
parameters are evaluated in this study: namely, narrowband filter analysis, shear-wave
refraction, and the w-p transform. A linear approximation to the dispersion curve is
used to compress dispersive noise for synthetic data, Springbank data, and a
multicomponent data set from Wyoming.
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Chapter 1 INTRODUCTION

1.1 Definitions

Conventional seismic acquisition uses a compressional source and geophones
sensitive to the vertical axis ground motion. Present day seismic surveys are
conducted with geophones capable of sensing motion in the horizontal directions and
so provide multicomponent data sets. Compressional or P-waves reflected or
transmitted through an elastic boundary (i.e. change in shear or compressional
velocity or change in density) give rise to' shear waves (Aki and Richards, 1980).
Given isotropic media, horizontal layering, and the range of incidence angles
commonly used, these shear waves contain a vertical component. Such waves are
called SV waves, and provide additional lithologic information not available through
conventional seismic recording (Fertig and Krajewski, 1989). Three-component
recording is directed at improving conventional P-wave sections while also recording
and analyzing previously unavailable shear-wave data. _

In SV recording, as geophone or source arrays are not generally used because
these arrays can attenuate the desired shear wavefield, Rayleigh waves have
significant amplitudes relative to reflected events. A Rayleigh wave is a large-
amplitude, direct-arriving surface wave, elliptically polarized in the plane of the
propagation. The particle motion is retrograde at the free surface, and its amplitude
decreases exponentially to a depth equal to 0.192 times the wavelength (for a
homogeneous half-space) at which point the particle motion becomes prograde
(Dobrin et al., 1951).

Multichannel filters are routinely used to remove linear, steeply dipping noise,
such as Rayleigh or air waves, from a shot record before stacking to common
reflection point sections (Yilmaz, 1987; Hatton et al,1986). A new dip-rejecting a-trim
mean filter described in this thesis removes unwanted noise spikes and aliased
dipping events better than f-k dip filters. This study evaluates the characteristics of
the new hybrid filter on synthetic and real data.

When multiple near-surface layers are present, Rayleigh waves are dispersive
(velocity varies with frequency). This characteristic has been used to infer near-
surface shear-wave lithology (Mari, 1984; Szelwis and Behle, 1987;Gabriels et
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al.,1987; and Wattrus, 1989) and to separate or remove ground roll from the seismic
record (Beresford-Smith and Rango, 1988; Saatgilar and Canitez, 1988; and
Herrmann and Russell, 1990). In this study, a matched filter, based on a linear
frequency-modulated approximation of the dispersion, is used to compress the
Rayleigh wave before multichannel filtering.

1.2 The need for Rayleigh-wave filtering

The frequency range of Rayleigh waves (often approximately 4-20 Hz for land
data in Alberta) is within the frequency bandwidth of P-SV wave data (typically 8-35
Hz for the data in this study). This precludes the use of narrowband filters or
deconvolution to suppress or remove them without degrading the reflections. In P-
wave conventional recording, it is standard practice to use geophone arrays which
attenuate non-vertically propagating wave motion such as ground roll. However, the
desired P-SV wave motion is also attenuated by these receiver arrays, and hence
single or nested geophones are generally used for multicomponent recording.

Vertical Radial

X—— X——»

(@ (®)

Figure 1.1 Diagram of vertical- (a) and radial- (b) wave shot gathers showing the
position of refracted arrivals (Pr and Sr), ground-roll window, and reflection events
(A&B). x is distance and ¢ is time.

As depicted in Figure 1.1(a), between the "first arrivals” of the refracted P-
wave (Pr) and the earliest arriving Rayleigh waves, there is a favourable P-wave
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reflection window within which events A and B may be adequately recorded. The
velocities of shear waves are very close to the velocity of Rayleigh waves (refer Fig.
1.2), particularly in the near surface where Poisson’s ratio is usually higher than 0.4
(Knopoff, 1952). Therefore source-generated shear waves which are refracted (Sr)
in the near surface arrive only slightly before the ground roll. P-SV wave reflections
typically are delayed by 1.5 times their associated P-wave reflections (assuming
Vp/Vs=2), and thus events A and B will often be contaminated with large-amplitude
Rayleigh wave noise (Figure 1.1 '(b)).

Due to low-energy sources or limitations in recording parameters (i.e. limited
number of channels for 3-C data) the optimum window may not be available at the
target depth for shallow reflection seismology. A robust, efficient method must be
developed to obtain the required reflection signals from within the large-amplitude
surface-wave window.

1.3 Noise on a converted-wave record

With the advent of multicomponent recording and the recent studies
indicating its benefits, it is timely that the noise on a converted wave record should
be analyzed. Three general categories of noise will be addressed: random noise, bad
traces or noise glitches (spiky noise) and coherent dipping noise such as surface
waves or head waves.

1.3.1 Random noise

Conventional vertical-component acquisition employs multigeophone arrays
or strings, usually of nine geophones, to improve the signal-to-noise ratio (S/N) on
the seismic record. The S/N ratio of random noise can be reduced by at best /N
where N is the number of geophones. On conventional P-wave array data then, the
S/N ratio is 3 times better than it is on single-geophone, multicomponent records.
In the case of multicomponent data only single geophones are generally used: i) due
to cost considerations, and ii) because arrays cancel not only the unwanted surface
waves but also the shear wavefield. In fact, geophone arrays should be considered
cautiously in the field if the goal is to analyze the full vector wavefield (Miller et al,
1990) assuming the dynamic range of the recording instruments is sufficient.



1.3.2 Aliased dipping noise

Figure 1.2 Spatial aliasing in the f-k domain. Dipping event A aliased in time and B
aliased in space where f is frequency and k is wavenumber.

Spatially aliased noise on a pre-stack gather occurs when the ratio of spatial
~ wavenumber to temporal frequency, or dip, wraps around to the opposite dip in the
f-k domain. Event A (Figure 1.2) is not spatially aliased although it could be
temporally aliased as shown by A’. Event B is spatially aliased and reappears at a
negative dip as B". In the time domain, spatial aliasing can be recognized by dip
reversal. Time-domain filtering may not suffer from this problem as it arises in the
Fourier transformation of the data (Hatton et al., 1986). For example, shallow
converted reflections may arrive before the shear headwaves, and thus a first-break
mute to remove these headwaves would also remove the shallow events. These
headwaves may be removed with a dip-reject filter such as an f-k filter; however
these low-frequency, low-velocity arrivals often have aliased dips, and hence are
difficult to remove with a dip-reject filter (Yilmaz, 1987).



1.3.3 Surface waves

Rayleigh waves and Love waves are large-amplitude, low-frequency, low-
velocity events on the seismic shot gather. The bandwidth of these noise trains
overlaps the bandwidth of shear-wave signals. This overlap in frequencies makes
surface waves difficult to separate from the converted wave reflection events on the
basis of frequency alone. However, in the case of multiple near-surface layers these
waves are dispersive; that is, their phase velocity is a function of frequency (Al-
Husseini et al., 1981). This property can be exploited in order to separate surface
waves from the underlying converted wave reflections (Saatgillar and Canitez, 1988;
Herrmann and Russell, 1990).

1.3.4 Spikes, glitches, and bad traces

When planting a single multicomponent geophone, great care must be taken
to ensure good coupling with the ground. In the case of a multigeophone array or
string, the chances of all receivers having poor coupling is small. Generally, the raw
records obtained from the single-receiver case have more bad traces, poorer S/N
ratio, and smaller amplitude range (Edelmann and Helbig, 1987); more editing is
required and often there will be more large-amplitude spikes (time-limited large-
amplitude wavelet) or glitches (data samples missing or in error).

1.4 Thesis objective

The purpose of this thesis is basically two-fold. First, to design and implement
a new pre-stack, nonlinear filter which attenuates unwanted noise, primarily Rayleigh
waves, on a multicomponent record. Second, to optimize the new filter by estimating
and compressing the dispersion characteristics of Rayleigh waves. The goal then is
to improve the quality of a converted-wave stack by improving the S/N ratio of pre-
stack records.



1.5 Data sets used

Five data sets are used to demonstrate the concepts in this thesis. Synthetic
P-SV component shot gathers are used to depict the abilities of the weighted a-trim
mean filter in removing unwanted random or aliased noise. The two-component
converted wave reflection profile is used as a real data example of this algorithm. A
multicomponent synthetic shot gather demonstrates the full vector wavefield of
surface waves and their dispersive properties. Finally, the analysis and filtering of
dispersive Rayleigh waves are demonstrated with two separate multicomponent P-SV
wave reflection sections.

1.5.1 Synthetics

Two synthetic shot gathers were generated for this study. The P-SV shot
gather was used to demonstrate the weighted a-trim mean filter. The
multicomponent ground-roll shot record enabled testing of the dispersion algorithms
and inversion.

1.5.1.1 Kinematic vertical-component shot gather

Synthetic data set were generated using a program written in Fortran for an
IBM 3081 mainframe computer made available by Geo-X Systems Ltd. The P-SV
velocity function, consisting of 11 time-velocity pairs from the Springbank example
(section 4.3), served as the model to generate hyperbolic reflection events in the form
of a shot gather. An offset-varying amplitude and zero-phase band-limited (10-70 Hz)
wavelet was assumed to generate the converted reflection events. These events have
equivalent zero-offset amplitudes and no reflection multiples are calculated. The
linear dipping events are created by assuming a zero-phase band-limited wavelet time
shifted at the given dip specified in ms/trace. Random Gaussian noise with the same
bandwidth as the primary converted reflections was added to these synthetics with
an root mean squared (RMS) amplitude 1/4 of the peak amplitude of the primaries.
Three noise spikes, again with the same bandwidth of the primaries, were also added
at 4 times the peak amplitude of the primaries. The synthetic shot gathers are shown
in section 2.4.2 to demonstrate the f-k weighted a-trim mean filter.



1.5.1.2 Full-wavefield shot gather

A full-wave equation synthetic package (VESPA from Sierra Corp.), available
on the CREWES IBM 4381 computer, can generate a single shot or VSP full
wavefield record using matrix propagation. The model used in this case incorporated

three shallow layers on top of a half-space with P- and S-wave velocities shown in
Table 1.1 as per a previous refraction study (Lawton, 1990).

Vp (m/s) Vs (m/s) Thickness (m) | p (gm/cm’)
Weathering 600 295 10 22
Drift 2450 295 10 2.2
“ Half space 3150 1300 © 22

Table 1.1 Velocities used for full-wavefield VESPA synthetic shot gathers.

The density is constant in all layers at 2.2 gm/cm>. An isotropic model was assumed
with a quality factor of Q=2000 (very low attenuation). Only vertical and radial
components are generated using the following parameters:

Number of traces:
Station interval:
Source type:
Source depth:
Minimum offset:
Maximum offset:
Sample rate:
Record length:

48
30 m

12 m
30m

1440 m

2 ms
45

3-D point source

These shot records are presented in section 3.3 as part of the discussion on
dispersion estimation. Two additional models demonstrate the effects of increased
spatial sampling (ie. Model 2, station interval = 10m) and weathering thickness (ie.
Model 3, weathering = Sm) on the w-p transforms.



1.5.2 Real data

Three real data sets are used in this study. The first is a two-component data
set acquired by the University of Calgary 1990 Geophysics Field School, from the
Springbank area of Alberta. The second is a three-component data set from the same
area recorded the following year. The third is a multicomponent data set, shot by
Union Oil of California (UNOCAL) in the Casper Creek field area of Natrona
County, Wyoming.

1.5.2.1 Two-component reflection data

The two-component field data set (FS90-1) was recorded in August, 1990, as
part of the Geophysics Field School course at Springbank, Alberta (Twp 25, Rge 3
WS5). Data from a dynamite source were recorded on vertical- and radial-component
geophones with the following parameters:

Number of traces: 48

Station interval: 30 m
Geophones: 3-C Oyo, 10 Hz
Minimum offset: 30 m
Maximum offset: 1440 m
Source: dynamite, 1 kg
Source depth: 10-15 m
Instruments: Sercel 338HR
Sample interval: 2 ms

Record length: 6s

Fold: 24

The resulting P-SV converted-wave reflection section is shown in section 2.4.3
as part of the real data demonstration of the weighted a-trim mean filter.

1.5.2.2 Three-component shallow reflection data

The three-component field data (FS91-1) was recorded in August, 1991 and
ties the previous years two-component data to the east (refer Fig.1.2). A Betsy 8-
gauge seisgun shot at the surface was the energy source. This generated surface-wave
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Figure 1.3 Springbank Alberta showing locations of lines FS90-1 and FS91-1.

energy on all three recorded components. This data set was used to demonstrate the
application of phase matched filtering in conjunction with weighted e-trim mean
filtering to reduce dispersive ground roll on a pre-stack record (refer to section 3.5.2
and 4.5.1). Only the vertical component was considered because no appreciable
reflection energy could be observed on the radial or horizontal components. The field

parameters for this second line are:
Number of traces:

Station interval:
Geophones:

Minimum offset;
Maximum offset:

Instruments:
Sample interval:
Record length:
Fold:

32

10 m

3-C Oyo, 10 Hz
10 m

160 m

Sercel 338HR
2 ms

1s

40



1.5.2.3 South Casper Creek

10

This three-component data set was acquired by UNOCAL in 1988. A single
cable, consisting of eighty three-component geophones, was placed in a line (no
station roll). A dynamite source was rolled through this cable starting at 600 meters
from the first geophone and ending 600 meters off the last geophone for a total line
length of 2400 meters. The field parameters for this line were:

Number of traces:
Station interval:
Shot point:
Geophones:
Minimum offset:
Maximum offset:
Instruments:
Sample interval:
Source type:
Source depth:
Record length:
Fold:

240 (80 X 3-components)
15 m (50 ft)

60 m (200 ft)

3-C,10 Hz

1S m

1200 m

MDS-10

2 ms

Dynamite, 4.5 kg (10 Ibs)
46 m (150 ft)

4s

20

These data are depicted in Chapter 4.5 for the final applications of the e-trim f-k and

linear frequency compression filters.
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Chapter 2 WEIGHTED MEDIAN FILTERS

2.1 Introduction

Two statistical estimates often used in image enhancement and seismic
processing are the mean and the median (Claerbout,1985). Median filters, first
introduced by Tukey (1971) as an alternative to running average filters for smoothing
data, are more robust because noise spikes or glitches are not included in the
estimate (Claerbout and Muir, 1973). The mean minimizes the sum of the squares
of the differences around a point, and the median minimizes the sum of the absolute
values of the differences. Both are measures of the central tendency of a given
distribution of points, and there are many reasons why one might be considered
preferable to the other for smoothing and filtering data.

Applications of median filters to geophysical data are relatively few. Claerbout
and Muir (1973) discuss the use of median filters to detect first arrivals and also
describe the related L, norm inversion. Evans (1982) applies a median filter as a
general de-spiker for coded time signals. A clear description of how the mean relates
to the median as a filter is given by Bednar (1983). Directional median filters to
remove linear noise from a seismic record (Kirlin er al, 1985) and noise from a
vertical seismic profile (Hardage, 1983) have been presented (Stewart, 1985). Green
(1986) introduced the idea of removing spurious events from a seismic trace with a
1-D median filter followed by a Lagrangian interpolator to replace clipped maxima
and minima. The concept of compound median filtering (Leaney and Ulrych, 1992),
which reduces the input data to a series of root signals with blocks of a certain
length, is applied to log processing to obtain "blocky" signals.

2.2 Median filter characteristics

For a normal distribution of data, the median and the mean are exactly the
same for an odd number of points, and for large sample distributions (Bednar, 1983).
However, if a distribution is skewed or has a large central peak, the median is a
better estimate of the central point of the distribution. A method of evaluating the
quality of the mean or median estimate based on the mean-squared-error (MSE) is
given by Bovik ef al., 1983. Further, it has been shown that the quality of the mean
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estimate is unrelated to the skew or kurtosis of a given distribution, but that the
quality of the median estimate improves with increased kurtosis or skew (Stavig and
Gibbons, 1977).

In the case of a normal distribution of random variables (x;) it has been shown
(Justusson, 1981) that the variance of the median is:

o

VAR[Median(x,,...x,)]= 2 L3S @)

n+Z-1
2

where the mean of n random variables has a variance of o?/n. This means that for
normal white noise, the variance of the median is approximately 57% larger than for
the mean. '

2.2.1 Relating the mean to the median

We can define a quantity L, as the sum of the squared differences between
Xmean and a data series x;, where N is the number of samples in the filter window as

N
L=Y Cpuen )’ 22)

i=1

Then L, can be minimized by setting its partial derivative with respect t0 x.,, t0
zero giving '

N
P 3P @3)

We can also minimize L,, the sum of absolute values of the differences
(Claerbout, 1985) as

N
A T 24)
i=1
Again this can be minimized by setting the partial derivative of L, equal to zero,

resulting in N

Esgn(xmedian_xi) =0,

i=1

2.5)
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where the sgn function is +1 when the difference is positive and -1 when the
difference is negative. Equation (2.5) formally defines x.4;,, SO that it is greater than
x; for N/2 terms and less for the other N/2 terms. Note that if N is an even number
equation 2.4 suggests that x,, 4., be between the middle two values of x; or, explicitly,
the average of the two middle values. The mean of data samples x; can be related to
the median with the a-trim mean concept (Bednar, 1983; Bednar and Watt, 1984).

1 N-a(N-1) (2.6)
X, = —— X;
N-2a(N-1) iiev-1

where x; is the ith data item in the sorted sample array (x; <x,<x;..xy) and N is the
number of samples. The a-trim mean, with values greater than 0 and less than 1/2,
removes extraneous data values from the filter window before averaging. The median
(2=0.5) and the mean (a=0) are continuous limits of the a-trim averages.

Figure 2.1 shows the use of eq.(2.6) by filtering a 400-sample random noise
trace with a 21-point running average type a-trim filter. Increments in « of 0.05 from
the mean (a=0.0) to the median (a=0.5) are used. Note the similar character of all
filtered outputs. Running average mean filters are time-invariant and can easily be
described in the frequency domain by a very simple transfer function, sinc(x) or
sin(x)/x. Alpha-trim mean filters (a>0.0) are a class of time-variant, data-dependent
filters. Figure 2.2 is the frequency domain representation of the time-domain traces.
We can see that the amplitude spectra are similar, especially below w<2n/n where
n is the number of filter points (ie. 21). This is in agreement with Justusson (1981),
where he observes that the transfer functions of both the running mean and median
are similar within'this range, but that the median is irregular above this range.

2.2.2 2-D median filters

Two applications of 1-D median filters to 2-D data will be discussed next,
namely the separable or two-pass and the square or one-pass median filters. The
separable or two-pass median filter consists first of filtering each row of a 2-D data
set with a 1-D median filter. The resulting output data set is then filtered by a second
one-dimensional filter, usually the same as the first, along each column (Narendra,
1978). The square or one-pass median filter consists of passing a 2-D window, usually



14

uelpey

04 MWM

0.3 vaMM/‘M

wiy-»

0.1 MMWW

UsopN

0.0 MWMW\MWN'\/\

AN AN SN WV VA AP A AN
Input A X A f . .

0 S0 100 150 200 250 300 350 400

sample (n)
Figure 2.1 Random noise filtered with a-trim mean (0.0<a<0.5).

a square box, across the data set. The output at each position is taken as the median
of the data values within the window (Liao ef al, 1985).

A simple 2-D image is shown in Figure 2.3; the same image after normally
distributed random noise (mean=0.0, 0=1.0) is shown in Figure 2.4. This image
consists of a raised 10x10 square block (left), a 3x3 block (top), a raised triangular
block (right), two raised crossing lines (front), and a 10x10 pyramidal block (centre).
The results of the application of a 5x5 simple median filter are depicted in Figures
2.5 and 2.6. The mean squared error (MSE) of the image is obtained by taking the
square root of the differences of the original input (no noise added) squared and the
output of the filters. The MSE is calculated only for the 10x10 square and triangular
blocks, and the central pyramid; the other three components were intended as noise
to be removed. The one-pass filter produces a smoother output with MSE equal to
3.802. The two-pass filter preserves the sharp corners of the raised blocks better, and
has an MSE of 0.984.

The results of first applying the row filter followed by the column filter had
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Figure 2.2 Frequency domain representation of a-trim filtered random noise traces
of Figure 2.1.

similar MSE but different output values than the same operation in reverse order (ie.
applying the column filter first followed by the row filter). This is due to the non-
linear or data-dependent characteristics of the median filter.

The two-pass operation does not remove the raised 3x3 block because 1-D
median filters do not affect shapes greater than 1/2 the operator length (ie. for n=5,
only glitches less than 3 will be removed). However, the one-pass filter treats the
moving window square as a single long array of 5x5 or 25 data points in the median
process. This implies that 2-D glitches less than 12 points will be removed; hence the
disappearance of the 3x3 raised block (i.e. 9 raised data points). The one-pass simple
median filter is more powerful in its discrimination of 2-D signals over noise
(Justusson, 1981). Stewart and Schieck (1993) found similar results for seismic data
in the case of two-pass 3-D filtering when compared to one-pass applications.
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Figure 2.4 Test image with normally distributed random noise added.
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2.2.3 The weighted median filter

If it is desirable to bias the output of a filter by some series of coefficients, the
weighted median concept can be used. This is done by repeating data values by the
absolute value of the weighting coefficients, sorting this data series, and selecting the
middle value. Stewart (1985) applied this technique to a normal moveout corrected
shot gather and used the time-domain coefficients of an f-k fan filter as the weights.
This enables dip rejection and/or enhancement coupled with the desired properties
of the median filter (spike rejection, edge preservation). A post-stack application of
the weighted median filter to a 3-D volume was demonstrated by Stewart and
Schieck (1993). The analytical difference between a 2-D and full 3-D time-domain
operator is shown in appendix A. A

In simple median filters all data values within the window have the same
influence on the resulting output, analogous to an equally-weighted running average
filter. We can define the weighted median function as:

X miny |w,| |x,-x;] 2.8)

where x,, is the weighted median value (Claerbout and Muir, 1973). This reduces to
the previous definition if all of the weighting factors are equal to 1. Including a
weight of 2, for example, means duplicating the same data value twice before
selecting the middle value. Also note that the output median value is always equal
to an actual input data value even if the weights are not integers. Based on the above
definitions, negative weights are not included in this estimation process. Stewart and
Schieck (1993) demonstrate how the negative filter coefficients (band-pass, f-k)
commonly used in digital signal processing can be applied using the weighted median
definitions. The data values are multiplied by the sign of the associated filter
coefficients and weighted according to the absolute values of the filter coefficients:

x,;  min)’ |f]lsen(x,x,| . 29)

Again this function is minimized by setting its partial derivative equal to zero, giving:
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N
2 1 Iaxil sgn(f)x,-x,| = 0 (2.10)

N 5 N
E V;lgsgn(\’,)y, = E V;'lsgnyi’
i=1 v i=1

asgny;,

with = 0, where ¥y; = sgn(f)*x,-x,, ,

w

5 iz 5 = 0 @1
i=1

When applying the weighted median process with negative coefficients f; the
data values are multiplied by the polarity of the coefficients and augmented by the
absolute values of these weights. This augmented array is then sorted and the data
value which corresponds to half the sum of the weights is selected. Note also from
eqg. (2.11) that the output value, although corresponding to an input value of the
augmented array, could actually be reversed in polarity. This is analogous to a mean
process in which the data values are multiplied by the filter coefficients and summed
to obtain an output value. This method of application also lends solution to fractional
coefficients in the augmented array because the median data value is selected when
the sum of the filter weights is greater than or equal to half their total.

Consider the filter weights f,=(-2.5, 1.5, 1, 3) applied to the series of data
values x; = (-1, 3, 1000, -2, 1, 4, 3,...). At the first sample location, the absolute values
of the filter weights are attached to the data and the first sample is reversed in
polarity as follows:

x; = 1, 3,1000, -2
fi= 2515, 1, 3;
then the data are sorted in pairs carrying the attached filter weights:
x; =-2, 1, 3,1000
. fi= 32515, 1

The total sum of the filter coefficients is 8 so the middle value occurs where
the sum of the weights equals 4 or x, = 1. The resulting weighted median output
series would then be x,,., = (1, 1, -2, 2,...). This would be the result whether or not
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x5 were 10, 100, 1000, 10,000, or -10,000. Similarly, the equivalent mean processed is
applied by multiplying the weights by their corresponding data values and summing
at successive indices. The mean process yields the output sequence x,,,, = (125.13,
186.69, -311.25, 2.44,...).

In this example, the mean is biased by the single large data sample x = 1000
yet the median is not affected. In a sample size N, for a simple mean, each sample
is given a weight N! in the averaging process. By manipulating the Nth data point
the sample mean can assume any arbitrary value. In the case of the weighted mean
this can be expressed as:

] N
xm=§_[§ wx,+(wyx)] : (2.12)
v;

i=1

If xy is an erroneous data point, it will tend to bias the mean so that the mean
will not represent the main body of the data. To minimize this problem an estimator
which incorporates some degree of data editing, in which aberrant data values are
given little or no weight (wy=0) in the averaging, is required. Rather than averaging
the entire data set, a few inconsistent data points are removed or trimmed before
averaging. This is known as the weighted a-trimmed mean (a>0), or, in the limit of
trimming all data values except the middle value, the weighted median (a=0.5).
Mathematically, this can be represented as:

N-a(N-1)
WX;

_ izl+a¥-1) (2.13)
@ N-a(N-1)

Y W
i=1+a(N-1)
where x; are ordered.

This filter is part of a general class of non-linear, data-dependent, order
statistical filter commonly used in digital image filtering, edge detection, and data
communications filtering (Bovik et al,1983; Pitas and Venetsanopoulos, 1986; and
Longbotham and Bovik, 1989). This general class of order-statistic filters involves
sorting an input data array and statistically filtering to create a new output data
array. '
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2.3 Algorithm design

Although the advantages of the weighted a-trim filter are clear, the
application of this computationally intensive filter can be limited by long computer
run times, rendering it impractical for routine data processing. It must be
demonstrated that a computationally efficient algorithm can significantly minimize
this apparent disadvantage.

2.3.1 Sorting

The applications of order statistic filters are limited by the efficiency of the
sorting algorithms used. Poor sorting algorithms can result in 1000-fold increase in
computing time (Wirth, 1986). Sorting algorithms considered include Bubblesort,
Straight Insertion, Heapsort, and Quicksort; the last two algorithms being easily
available in the C language, (Press, 1986).

Bubblesort involves multiple passes of the data, simply comparing adjacent
data values within a string and swapping them into sorted order until nothing changes
in a complete pass. This is definitely the worst sorting algorithm except in the
extreme case of an already sorted array. Straight insertion requires a second data
string which is built by comparing new values to the already inserted values, and
shifting these down if required to accommodate values in between. This is an n?
operation but very simple to program, and may be considered for small data strings.
Heapsort and Quicksort are essentially logarithmic methods (i.e. require nlog(n)
operations). Of these two methods, for strings greater than n=256, Quicksort is
reportedly faster than Heapsort by a factor of 2 to 3 (Wirth, 1986).

A version of Quicksort was used in this study. This was further optimized by
sorting on half-word values, thus reducing the machine language moves and
comparisons to only 16-bit operations. This was achieved by scaling the dynamic
range of the input values to within the necessary -32767 to 32767 range before
sorting. Full accuracy was maintained because after sorting only the index was used
to recover a full floating point median value from the actual input array. If two
numbers are equal within the half-word dynamic range after scaling, but out of order
when considering their full value, it was assumed that the sorting error was negligible.
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232 The fast 2-D weighted-median algorithm

The computational time for a mean process is proportional to n, the number
of points at each spatial application of the operator. However, the sorting algorithm
used here is logarithmic (ie. proportional to nlog(n)). For example, a 2-D operator
using 13 seismic traces by 15 time samples, or 195 data points, requires roughly five
times the computational effort for a weighted median process relative to the mean.
Sorting algorithms can be significantly improved by a factor of two to three if the
data are partially sorted (Wirth,1986). In this way, the computational effort can be
reduced to 3n, suggesting that the f-k weighted median as applied in this paper could
take only 3 times more time than the more conventional mean f-k filters commonly
used in seismic processing.

Gurwitz (1990) reports on his experience with weighted-median algorithms
used to solve L, norm approximations. He makes an empirical comparison between
partial Heapsort and Quicksort methods as previously described as well as a third
linear-time method. Linear-time methods involve dividing the given data string into
small strips of S elements each, and creating a new string made up of the medians
of these data strips and their associated weights. Gurwitz observes that the partial
Quicksort methods for sufficiently large data windows (ie. n>100) are substantially
better than both of the other methods.

Huang et al (1979) developed a fast 2-D median filtering algorithm which
takes advantage the overlap of an mxn window which moves by one column for each
output data point. By replacing the previous n points and inserting in their place n
new numbers while leaving the sorted matrix of mn-2n numbers unchanged, a very'
significant time improvement was observed.

One method of supplying a partially sorted array to the sorting algorithm is
to use the sorted 2-D data box of the previous time sample and replace only the new
locations with the data values at the current time location (Huang et al, 1979, and
Bednar and Watt, 1984). Two additional considerations must be addressed to use this
roll-along method (Figure 2.7). First, the data values that were previously reversed
due to negative filter coefficients that are now positive ( or vice versa ) must be
flipped in polarity before sorting. Second, all of the filter coefficients previously
attached to the data must also be moved down in time. This is easily achieved by
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Figure 2.7 Weighted median algorithm design procedure showing the required
computer arrays; data, attached filter weight indexes, rank of data and polarity
change indexes.

attaching only the address of the filter coefficients and decrementing this address by
the spatial width of the 2-D operator (ie. 15 samples x 13 traces). The rank of the
sorted array will indicate where within the sorted data array each index of the

original 2-D data matrix is actually located, thus enabling direct replacement of the
oldest time strip with the new data values into the previously sorted array.

2.4 f-k dip filter coefficients as median weights

By using the time-domain coefficients of an f-k fan or pie-slice filter as weights
the weighted a-trim mean filter can reject user specified dips. The time-domain
coefficients are obtained by inverse Fourier transforming the desired fan filter from
the frequency domain to the time domain. Multiplication in the frequency domain
corresponds to convolution in the time domain. This operator can be applied in time
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by overlaying the coefficients on a data window, then multiplying and adding to
replace the value in the centre of the window with this new value (Yilmaz, 1987). In
practical terms, convolution is computationally more intensive than multiplication in
the frequency domain, and hence, the latter is preferred in the case of conventional
f-k filtering. However, processes such as the a-trim cannot be applied in the
frequency domain in order to obtain a corresponding operation in the time domain.

2.4.1 Operator generation

The f-k fan or velocity filter is depicted in Figure 2.8 and defined in the
frequency domain as:

- n |
1 H<k<d <, 2.14)

F(fk) =

0 otherwise

The impulse response is given by the 2-D inverse Fourier transform of F(f,k):

ﬂt,x)——— f [P e -y 2.15)
and from eq. (2.14),
wE .
Fi(? ,x)_ f f e 2rif-kx) dkdf + f f e 2xilf-k) dkdf. (2.16)
"fn-..

The transfer function is symmetric with respect to the origin, and hence this
simplifies to:

< I~

ﬂt,x)-— f cos2nft f -2nk qkdf (2.17)

el\
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kx

Figure 2.8 f-k domain velocity filter

The inner integrand can be simplified using trigonometric identities as:

i z
v v
f e ik gg — : f ~2nixe &gk
-2zix P
¥, - (2.18)
iy 2mifx sin(2n IJc)
e Y-e "V _ v
2mix nX
Eq. (2.16) can now be written as:
Iy
fit, 1) = = [sin@xZx) cosnf) df 2.19)
1I:2x 0 v

From the CRC standard math tables (Beyer, 1982), integral equation 319:

. _ _cos(m-n)x _ cos(m+n)x 2.20
f sin(mx) cos(nx)dx 2onm 2 (2.20)

Substituting (2.20) in the integrand of Eq. (2.18) and making use of basic
trigonometric identities, the final result is:
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. f sin[2nfy (2 -] ) SP2nf 2 + 9]

(2.21)
4v1t3l %—t 2+t

.ﬂts x) =

v

This impulse response is spatially and temporally symmetric and has a zero phase
shift. An example of this operator is depicted in Figure 2.9 for a + 4 ms/trace limit
in the velocity transformed from the f-k domain.

2.4.1.1 Tapering and smoothing

Analogous to the spectral representation of a 1-D filter, poor tapering
between the pass and reject zones in the f-k domain introduces artifacts at dips
corresponding to these dip edges. However, large tapers in frequency and
wavenumber will reduce the ability to discriminate between pass and reject dips of
the filtered data. Tapering the dip edges in the frequency domain will also collapse
the time-domain impulse response of the operator. This is desirable because the time
domain response will be truncated to a finite size (ie. 13 traces X 15 samples) to
minimize the computational time of the order statistic process. Figure 2.10 is the
result of taper by a factor of 30% of the Nyquist frequencies and wavenumbers in the
f-k domain of the filter response in Figure 2.9. The box in Figure 2.10 represents
truncation of this operator modified for processing the synthetics of section 2.4.2.

2.4.1.2 Size considerations

The spatial and temporal size of the operator truncation box (Figure 2.10)
depends on the dip cut-off desired. A large operator can prohibitively increase the
computational time but provide a more regular transfer function in the case of the
weighted median. The transfer function for the median filter approximates the
equivalent linear filter below 27 /n where n is the operator size. Therefore a trade-off
in regular transfer function verses computational efficiency must be made. The 13-
trace by 15-sample operator used in this thesis contained the larger-valued
coefficients but maintained a regular transfer function and practical computer run
times.
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box defines the truncated operator used for this study.
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2.4.2 Application to synthetic data

To test the aliased dip-reject characteristics, random noise reduction,
automatic trace editing, and the de-glitching aspects of the various f-k filters, a
synthetic shot gather was generated (Fig. 2.11).

2.580 { 1 ”L T
I il
1.000 ¥ ﬂ -1.808 .i- 1.000
-
g Il )
i
1 Nl 00030

. t 1 2.500 t
Trace#48 43 38 33 28 23 18 13 9 € 3 Trace#48 43 38 33 28 23 18 13 9 6 3 Trace#

Figure 2.11 Synthetic shot gather using the Jumping Pound model a) input data b)
after f-k filtering to reject dips > + 4 ms/trace (velocities < 7500 m/s).

The synthetic gather consists of 11 primary hyperbolic events derived from a
velocity function representative of Springbank, Alberta, band-limited to 10-70 Hz.
Each record consists of 48 traces with a trace spacing of 30 m. in order to relate to
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the real data example shown in the next section. Two aliased dipping events which
might be representative of non-dispersive ground roll (8-15 Hz, 70 ms/trace or 428
m/s) and a near-surface multiple refraction (14-70 Hz, 16 ms/trace or 1875 m/s) are
inserted in the synthetic data set. The two dipping events are spatially aliased as seen
in the f-k transform plot (Figure 2.12) both events wrap around to negative dips as
previously discussed in chapter 1. Three noise glitches representative of tape errors
are located on trace 43 at times 1.4, 1.5 and 1.6 seconds.

Frequency (Hz)

Figure 2.12 f-k transform of synthetic shot gather in figure 2.11 a).

The synthetic gather was f-k filtered with a dip reject of + 4 ms/trace (Fig.
2.11 b). The glitches were not removed but remain as the time-domain operator of
the f-k filter. The higher frequency, 16 ms/trace aliased dip, appears as a negatively
dipping event in the band 50 to 70 Hz. The low-frequency ground roll, which has
negative dips within the passband of this filter, also remains as a negatively dipping
event with a bandwidth of 10 to 20 Hz. The primary events below 1.0 second are
virtually identical to the input shot gather in Figure 2.11 a).

Random noise, band limited to 15-70 Hz, was added to the gather with an
RMS magnitude 1/3 that of the primary events (see Fig. 2.13 a). Trace 11 in Figure
2.13 a) is a high-amplitude noise trace representative of a bad trace within the shot
gather. Figure 2.13 b) is the output after application of the + 4 ms/trace f-k filter as
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Figure 2.13 Synthetic shot gather a) with random noise and bad trace added, b) after
f-k dip-reject filter of + 4 ms/trace.

in Figure 2.11 b). Random noise is reduced only by the smear of the time-domain
operator and still remains within the passband of the spatial filter. Figure 2.14 a) is
the result of applying the same spatial operator. However, in this case the operator
was truncated to a 13-trace by 15-sample 2-D matrix and applied as a weighted
median process. The aliased dips are completely removed. However, the amplitudes
of the primary events are reduced by a factor of 19/20™ of the original synthetic. This
is due to the clipping of peaks and troughs often observed with the application of
median or other data-dependent filtering (Green, 1986). In fact, any value that is a
maximum or a minimum can never be a median value. Random noise is not smeared
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Figure 2.14 Synthetic shot gather with random noise and bad trace added a) after
weighted median f-k dip-reject filter of +4 ms/trace; b) after weighted a-trim filter
(2=0.25) of Figure 2.13 a).

as can be observed by the rejection of the larger amplitude noise glitches (Fig. 2.14).
The bad trace has been almost completely removed and not smeared as in figure
2.13b). Figure 2.14 b) is the mean of the weighted, sorted data values after rejecting
the top and bottom half of the sorted data within the filter box. Figure 2.15 is the f-k
transform of synthetic shot gather (Figure 2.13a) with random noise added. Figure
2.16 is the same f-k transform after application of the f-k dip reject filter. Figure 2.16
is the f-k transform of the synthetic shot gather after apphcanon of the weighted
median filter.
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Figure 2.15 f-k transform of synthetic shot gather with random noise added (f-k of
Figure 2.13 a)).

In order to quantitatively estimate the reduction in random noise and degree
of auto editing of trace 11, the outputs of the a-trim filter were cross-correlated with
the original signal-only synthetics. The cross-power spectrum, computed as the
Fourier transform of the result of cross-correlation, was divided by the cross-power
spectrum of the noise-only synthetics after application of their respective a-trim
filters. An average amplitude of the cross-power spectra was picked and the results
are shown in Figure 2.18 for the relative S/N cross-power spectrum versus various
a-trim values.

Generally speaking, the S/N improvement of random noise is better for the
mean filter(a=0) than for the median («=0.5) but the bad trace edit for the median
is superior to that of the mean. A summary of the characteristics of these two
extreme values of the weighted a-trim mean filter is shown in Table 2.1.
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Figure 2.16 f-k transform of synthetic shot gather with random noise added after f-k
filtering (f-k of Figure 2.13 b)).

Frequency (Hz)

Figure 2.17 f-k transform of synthetic shot gather with random noise added after
median f-k filtering (f-k of figure 2.14 a)).
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Figure 2.18 S/N ratios for a-trimmed mean filter of synthetic shot gather.

MEAN MEDIAN

(2=0.0) (2=0.5)
Performance linear non-linear,

data dependent

Random noise reduced’ somewhat reduced
Spatially aliased noise smeared removed’
Noise spikes smeared removed
Bad trace edits smeared removed’
Transfer function smooth’ irregular

Table 2.1 Summary of the characteristics of the weighted a-trim mean filter.

" Note: These characteristics are generally accepted as what is desirable in most
seismic data processing applications. A compromise in output attributes must be made
when choosing the value of a. For example, if random noise outside the bandwidth of

the signal is to be reduced, a value of a=0 might be optimal.






