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ABSTRACT

" Though considerable literature exists for the theory of digital

data processing of multi-channel time-series, the practical implementation
of many of the programs and algorithms raises serious difficylties from
the point of view of processing times and storage requirements.

A survey is made of existing software for a specific time
series application, viz. seismic refraction data processing. New programs
for digital filtering and convolution have been implemented,
where necessary, and existing ones modified. Comparisons of processing

times by different convolution methods are made.

The related problem of optimum parameters in least squares
(Wiener) digital filter design is investigated using a Tinear prediction
filter for refraction data enhancement. Preliminary prediction filtering
of actual data emphasizes the need for careful analysis of autocorrelation
estimates and mean square ervor terms before large scale application of

least squares digital filters.
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ABSTRACT

Though considerable literature exists for the theory of digital
data processing of multichannel time-series, the practical implementation
of many of the programs and algorithms raises serious difficulties from
the point of view of processing times and storage requirements.

A survey is made of existing software for a specific time
series application, viz. seismic refraction data processing. New
programs for digital filtering and convolution have been implemented,
where necessary, and existing ones modified. Comparisons of processing
times by different convolution processes are made.

The related problem of optimum parameters in least squares
(Wiener) digital filter design is investigated using a linear prediction
filter for refraction data enhancement. Preliminary prediction filtering
of actual data emphasizes the need for careful analysis of autocorrelation
estimates and mean square error terms before large scale application of

least squares digital filters.
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GLOSSARY OF TERMS UWUSED: IN' GEOPHYSICAL. EXPLORATION

Ambient noise:

Convolution:

Convolver:

Decibel (db):

Dip:

Deconvolution:

R. E. SHERRIEF Geophysdics;. Vol. 33, no. 1,
Eebruary,. 1968.

Undesired signal due to microseismitc;, atmospheric
and other effects.. |

The change of wave shapes ass az result-of: passing a
signal threugh a linear filtex (See: Appendix C).

An auxiliary computer undexrr the: control. of the main
computer which. performs: largesvolime;. high speed
multiplicatiens and additdiobmss.

A it wsed In expressing: powexrr orrintensity ratios.
20 I@gﬂ® @ﬂ'tﬁg—ampiitudésraiib:orrlOi10g10 of the‘
power ratiae.

The angle which. & reflectorr oxr reffactor makes

with the horizontall..

The reverse process of convolution;. more specifically
removing the filtering actibn: of: the:earth's

subsurface..

Predictive deconvolution: A special form of conmvoluition which equalizes

Field tape:

Filter:

all frequency compoments: within: a: bandpass in order
to shortenr the seismic pulse: length..

The eorigimal tape record obtained! during actual field
recordings, as opposed. tor a processed.tape made

from information. which. orijginates: on.another tape.
That part of a system which:discriminates against

some of the information entering it.

e



ix

Frequency modulation. (FM): Modulation. im which  the. instantaneous

frequency of the modulated: wave: differs from the
carrier frequency By am amount: proportional to the

instantaneous value of the: modulating wave.

Mohorovicic discontinuity:  Seismic discontinuity which separates the

earth's crust and mantlesz. Situated. at an average
35 kilometers below the: comtinents:and 10 kilometers
below the oceans.. Characterized by an increase of

P-wave velocity to abouts & km/sec:.

Multichannel processing: Processing whereiin: the: characteristics are

Playback:

P wave:

Reflection:

Refraction:

partially based on: thes characteristics of other
channels.

Producing a new form off a sgismiccrecord from

- magnetic tapes ev other reproducible forms of

reading.

A compressional Qr‘angitudihal;soﬁnd wave travelling
in the subsurface..

The energy'ar*wame=fi@nua:shoi:orvother seismic
energy source which hass been: returned or reflected
from an elastic impedance: contrast. or series of
cantrasts within the earth..

Also known as headwave: oxr Mintrope wave;a conical
wave. Wave travel from: a: point: source obliquely
downward to and along a: relatively high velocity
formation and thence: obliquely upward (See Figure

(3.1)).



Refractor:

Seismograms:

Seismometer:

ShotEoint:

Am extensive, relatively-high,.velocity layer,
underlying lower velocity- layerss,which transmits.
refraction wave nearly hoxrizontally..

A& seismic record..

Geophone,, usually used: iir: groupssor:arrays.

The Locatiion: whexe: an: explosives charge is detonated

to create @& seiismic energy. sources.

Signal-to-noise ratic. (S/N):  The: emexrgy of az désited event divided

Time-gate:

Trace:

by all the remz@ning enmergy: (noise) at that time.
A specific portion, oxr times interval,,of a time
series..

A record of one sedismicc channell --usuwally used in
comjunctiom wiith: galvanometer-orrcathode ray tube

diisplays ar necordss..

z‘;f



CHAPTER I

INTRODUCTION

1.1 Time Series Analysis.

The use of digital computers for the analysis of time series,
i.e. data which is recorded sequentially in time, leads to many appli-
cations in a wide-variety of fields of study, including such diverse
topics as share prices on stock exchanges, electrocardiographs, .
meteorological forecasting and many others. The practical problems
which arise when large amounts of such data have to be processed will,
therefore, effect many computer users and, though this paper deals
with a specific type of time series data, viz. multichannel refraction
seismograms, the problems and their solutions are, in fact,‘quite

general and will find application whenever digital time series are to

be processed on a general purpose computer.

1.2 Seismic Data Processing.

In the last twelve months seismic data, recorded by the

" University of Manitoba Geophysics department on frequency modulated
magnetic tape, has been converted to IBM digitél format. There is, -
therefore, a potentially large amount of digital data processing which
could be carried out and the development of effective software for this
purpose is of prime importance. The main objective of this thesis is
to survey and investigate the techniques available for efficient and

practical digital filtering.

v



A considerable body of literature concerning the theory of
seismic data processing now exists, however, most of the programs and
subroutines, so far published, are not practical for immediate iﬁplement—
ation. This is particularly true when extra-long multichannel time
series, such as the seismic records considered here, are encountered.

The two main problems concern storage and processing times.
Storage difficulties arise'in the design and computation of multi-
channel filter coefficients while processing times can become prohibitive
when these filters are applied to long multichannel time series.

A related problem is the choice of suitable parameters in
filter design with regard to computational effort involved and effective-
ness of the fiiter in signal detection and enhancement. For the purpose
of investigating the optimization of these filter parameters, a multi-
channel linear prediction filter process was devised and tested on
recent seismic data. In addition to having immediate pracfical value
to seismologists, this filtering process also serves as thé basis of

the more sophisticated technique of predictive deconvolution.

1.3 Review of Original Research.

The basic theory and principles of digital seismic data
processing were developed at the Massachusetts Institute of Technology
by the Geophysical Analysis group in the period from 1952 to 1957, under
the directorships of Enders A. Robinson and Stephen M. Simpson. The
task of this group was to attempt the realization of Norbert Wiener's

time series concepts on the Whirlwind I computer for the solution of



problems in seismic exploration for oil il].

In 1960, S. M. Simpson and E. A. Robinson became associated
with VELA UNIFORM, an Advanced Research Agency project at M.I.T., similar '
to the Geophysical Analysis group, but this time concerned with the
problems of detection of underground nuclear explosions [2].

In addition to the many théoretical papers published as a result
of the work of these two grdups, two sets of computer prbgrams have also
been published [3,4]. The first, by S. M. Simpson in FORTRAN II and
FAP, is largely specialised to IBM system 709, 7090 and 7094 computers.

Of the 267 programs, 90 only are written in FORTRAN, while the remainder,
including the convolution subroutine, are written in FAP.

A second suite of programs, by E. A. Robinson [4], is notable
for the development of multichannel routines. However, most of the
subroutines are written for demonstration purposes rather than efficiency
and the author suggests modification of the programs if significant

amounts of data are to be processed.



CHAPTER II

BASIC CONCEPTS

2.1 ‘General Seismic Principles.

The seismic surveying method is based on the reflection and
'refraction of longitﬁdinal compression waves in the earth's subsurface.
A seismic record obtained by a controlled impulse device at the surface,
as épposed to an earthquake seismogram which records waves initiated
by naturally occurring phenomena, permiés depth and dip‘measurements
on the various velocity discontinuities at which reflections and
refractions have occurred. To achieve this, the time interval between
the energy impulse and energy arrival is measured; the actual energy
path and the velocities encountered by the returning waves also have
to be known or assumed.

Theoretical seismic energy arrivals in a simple two-velocity
layer geologic model are shown in Figure 2.1. The conventional energy
source is a charge of dynamite at a designated shot point. Energy.
returning to the surface can only do so if it has encountered rocks
of higher density, and hence higher velocity, and.haS‘been reflected,
or, in the case of refraction, if it has traveiled along the interface
at the higher refractor velocity, as §hown in Figure 2.1(a). There is
a certain éritical distance from the shot point, beyond which refracted
energy will arrive before energy travelling directly along, or near to,

the surface.
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Figure 2.1 Theoretical Seismic Energy Arrivals in a Simple
' Two Velocity Layer Geologic Model



Energy arrivals for all offsets from the shot point are shown
in Figure 2.1(b). Refraction arrivals have an apparent velocity which
depends on the angle of dip of the velocity interface and the ratio of
the overburden and refractor velocities (Vo/vr)' Reflected energy is
usually recorded at, or near, the shot point, while refraction records
are obtained, as shown, by positioning the seismometer array at a

suitable offset from the shot point.

2.2 Refraction Records for Crustal Studies.

Seismic refraction records taken by the Geophysics department
of thé University of Manitoba are designed for studies of the earth's
crust. The primary objective is the study of refractions from the
massive velocity discontinuities at the base of the earth's mantle
(the Mohorovicic discontinuity). The implementation of suitable digital
data processing techniques to this type of refraction seismogram is the
main topic of this papef.

The data is simultaneously recorded on photographic paper and
on frequency modulated magnetic tape. Basically the record comprises
the output of 12 seismometer groups with a radio transmitted standard
time signal to determine the actual shot instant. A standard timing
device gives time caiibration (timing lines) on the photographic
records to within approximately 2 milliseconds. Details of the field
recording system are given in Appendix A.

After the data has been recorded on magnetic tape, playbacks
at different frequency and amplitude settings can be made to improve

the data quality. Three such playbacks are shown in Figure 2.2. 1In
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each case the output of the IZ seismometer groups: is: shown with the
10 millisecond interval timimg Iines. The trace for the radio
transmitted time signal is not displayed..

Record R-50 shows well defined: enmergy- arrivals from a
deep refractor, while records R-B3 and R-49° show. successively weaker
energy onsets. Operational considerations oftem preclude the recording
of perfect refraction arrivals; for example,, the seismometer array for
record R-B3 was at a distance of some 700" Kilometers: from the shot
point, while record R-49 was an experimemtall shot: taken with a much
smaller charge of dynamite tham that normally used.. As can be seen
from the playbacks, though the emergy increases: to: the right of the
record (i.e. with increase of time), the actual time; of onset of the
first energy arrivals (P-waves) is difficultt to- determine because of
their low energy in comparison te the ambient micro-seismic noise. The
different appearances of the three playbacks: i'ss in some measure due to
the different instrument settings.

After conversion of these field tapess to- digital format,
can be applied to records such as RB-3 and R<49 tor improve the signal
to noise ratios and hence the accuracy in timing: of the refracted

energy arrivals.

2.3 Principles of Seismic Digital Filters:..

E. A. Robinson [S5], but the successful application of these techniques

cannot be achieved without a full understanding of the theory. An



outline of these principles is given below.

2.3.1 Least Squares Digital Filters.

The basic problem in the Wiener theory of signal enhancement
is the determination of the numerical values of the filter coefficients,
(fo’fl’f2"') which, when convolved with the input time series

1°72°

approximation to a desired output series (zt). The form and specifications

(xo,x X ..,xt,.), produce an output time series (yt), which is an

of the desired output constitute the various types and special cases of
the different digital filters.

The solution of this problem, as applied to seismic data
processing, depends on the assumption that the input and desired output

time series are stationary statistical processes, i.e. their statistical

Desired
. Ou%uf )
input Filter Actual
T e P e

Figure 2.3 Linear Filter Model

properties are time invariant.

-]

The approximation criterion is taken to be the minimization
of the mean square error between the desired output (zt) and the
actualloutput' (yt). The resulting filter is considered to be time
invariant over the range of its applicability.

Other approximation criteria have been proposed and tried [6],
but the classical least squares appro&imation appears to be the best

criterion, particularly as a fast recursive method for the solution
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of the normal equations has been developed by N. Levinson [10] and
extended to multichannel filters by R. Wiggins and E. Robinson [11]. .
The stationarity of seismic noise has been investigated by
J; N. Galbraith [7] and R. A. Haubrich [ g ], both of whom conéluded
that micro-seismic noise could be considered statiénéry over most
- records investigated and nearly stationary over:all recérds. Moreover,
the widespread success of methods based on this assumption further
substantiates its validity.

2.3.2 Optimum Finite Filters.

The determination of the numerical values of a specific
filter's coefficients is carried out by the solution of the normal
equations. These equations are derived under the assumption that,
whereas infinite sums from -« to +x cannot be realized in practice,
the finite sum, over a sufficiently .long time interval of discrete
data samplés, will be a close enough approximation. The optimization
criterion is taken to be the minimization of the mean square error
between the desired output time series and the actual output series;
this is the classical least squares method. Thelfull mathematical.
derivation of theée equations is given in Appendix B.

As can be seen from equations (B.8) and (B.9) in Appendix B,
the filter coefficients can be expressed in terms of the autocorrelation
of the input series and the cross correlation of the input series with
the desired output series. Theoretically, the mean square error can
be reduced to any desired small value by taking a sufficiently long
filter. In practice, increase of filter length beyond a certain point

produces no reduction in the mean square error, as is shown in
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Chapter IV. Any method, of solution, of the normal equations which
allows monitoring of the error term as increasingly larger filters are
computed is useful in that it provides a means of avoiding unnecessary
computation.

The direct method of solution of equation (B.9) by inversion
of the autocorrelation matrix is not used in practice. The auto-
correlation matrix can be shown to be a Toeplitz1 matrix [ 9].

2.3.3 Recursive Method for Filter Operator Determination.

Filter operator coefficients are determined numerically by the
solution of the normal equations, see paragraphs 2.3.1 and 2.3.2. A
fast recursive method for this was originally devised by N. Levinson [10]
and extended to multichannel case by R. A. Wiggins and E. A. Robinson [11,12].
The full mathematical theory can be found in the original paper [11].
Briefly it consists in constructing auxiliary Sequences (orthonormal
polynomials) -for each autocorrelation matrix, from which a recursive
filter polynomial can be derived.
The recursion (which is actually an interation in the FORTRAN
program) can be stopped when any of the fcllowing three conditions occurs
i) The filter reaches some maximum pre-set length,
ii) the normalised mean square error reaches some preset minimum,
iii) the normalised mean square error shows no appreciable decrease
after successive iterationms.

1. A Toeplitz matrix is positive definite hermitian, with elements

constant along any diagonal, so that if the matrix is n X n there
are only n independent elements rather than n®.
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The main advantage of the technique is that the computation
time is'proportional to the square of the filter length rather than
the cube as in conventional methods.

2.3.4 Prediction Error Filters.

Using the principles of least squares filtering, a sample of
noise on several traces, prior to the first energy arrivals, is chosen
and a multichannel filter is computed whose desired output is specified
as the actual value of the sampled traces at a later time. This then
is a prediction filter and it is the basis of the prediction error
filter. Under the assumption that the noise characteristics remain
stationary for a time outside the sample interval (or time gate), the
multichannel prediction operator is convolved with the input time series
to produce a prediction of the noise at a future time, equal in duration
to the length (in time units) of the prediction span.

The predicted noise is then subtracted from the actual noise
present at that later time: the resultant being the prediction error
series. If the prediction filter is reasonably successful in
predicting the noise, the amplitude of the error series can be expected
to be small until the incidence of a signal, in the form of the first
energy refraction arrivals. The signal cannot of course be predicted
from the statistical properties of the ambient seismic noise and a
large increase in amplitude in the prediction error series indicates
the signal arrival.

An important factor in this type of filtering is that signal
distortion occurs only after a time delay equal to the prediction span.

Thus, for the time represented by the prediction span, the prediction



13

error series is, in.fact, the required signal, at a much reduced

background noise level,

2.4 Digital Filtering of Data (Convolution).

The application of a specific filter to an input time series
produces a filtered output series. The output represents a linear
transformation of the.input data, the actual form of the transformation
depends on the design criteria of the filter and the process by which it
is carried out is known as convolution. A fuller explaﬁation of
convolution is given in Appendix C. Briefly, it consists of a moving
summation of the input series data elements which have been weighted by
an amount equivalent to the corresponding filter coefficient.

In both single and multichannel filtering processes, therefore,
it can be considered as a sequence of multiplication and additjop.
operations.

Alternatively, convolution can be shown to be mathematically
equivalent to polynomial multiplication, where the data elements and
filter weights are the polynomial coefficients of the z-transform.. In
the multichannel case the polynomial coefficients are matrices, or,
as Robinson [13] has shown, the multichannel case can be represented

by lambda matrix’ multiplication.

1 A lambda matrix is a matrix with polynomial elements.
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CHAPTER II1I

SEISMIC DATA PROCESSING TECHNIQUES

3.1 Introduction.

The practical implementation of the filters as described in
the previous chapter raises serious problems from the poiﬁt of view of
storage requirements and processing times. Excessive storage require-
ments occur when multichannel filters of lengths greater than 100 have
to be computed. Also, it is impractical to store a complete channel in
core, let alone a complete 12 channel seismic record.

With regard to processing times, these become prohibitively
large for even simple filtering operations, when direct multiply and
add operations are employed, even when only a specific portion of a
trace or channel is processed. .

This chapter deals with the methods of overcoming these
problems and compares the performances of the programs developed with
previously published results.

| The starting point in the implementation of data processing
routines for seismic data processing is the two sets of subroutines
published by S. M. Simpson [3] and E. A. Robinson [4]. Several of
these subroutines were taken and modified, and new subroutines were
implemented when the existing programs were found to be inadequate.

Two other program sources which were checked and to which
reference will be made are the IBM Scientific Subroutine Package and

a suite of programs by D. W. McCowan [14].
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A full index of all subroutines referred to, together with their

functions, authors and comments, is given in Appendix E.

3.2 Storage Requirements,

3.2.1 Channel Segmentation - Sectioning.

In general the refraction records to be processed consist of
up to 4.0 x 10° bytes of information, comprising 12 channels of
approximately 5 minutes of signal output,‘sampled at 1.7 millisecond
intervals. Though the maximum processing effort would normally not be
applied to the whole seismogram, the best method of dealing with such
quantities of data is to process it in piece-meal fashion, thereby
considerably reducing core storage requirements. Breaking the multi-
channel time series into contiguous disjoint segments on input is
usually termed trace segmentation or sectioning. Apart from the storage
economy thus achieved, two additional factors have to be considered.

. Firstly, as is shown below in paragraph 3:3.4.1., there are
theoretically optimum section lengths which should be chosen when
convolution is carried out by the Fourier transform product method.

Secondly, when an input data series is processed by a linear
filter, the resulting output section is greater in length than the
input section by an amount ¢-1, where q is the length of the filter.
This end-effect has to be taken into account when the input data is
sectioned, though none of the published subroutines do so. Fortunately,
the necessary modification is fairly simple, as convolution is both
associative and commutative, and all that is required is temporary

storage of the extra elements for subsequent addition to the following



200" o » 16

A VIIENER  Auth. E. A.Roblngson
= WIENRS Modiflcation of WIENER
150 : using auxlilary storage

U.ot M. 360-65

Storage Requirementa. (103 words)

C 100 : 200
Fitter Length (tlme unlig) —————s-

Figure 3.1  Storage Requirements for Least Squares Filter Determination
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convolved section.

All the programs, whose implementation is described below, -
have been modified or designed for repeated convolution of sectioned
data series.

3.2.2 Computation of Multichannel Filters using Auxiliary Storage.

The algorithm of Wiggins and Robinson [1] for the computation
of the generalized mﬁltichannel Wiener filter has been programmed in
FORTRAN IV by E. A. Robinson [4], (subroutine WIENER). However, practical
application of this collection of subroutines was fouﬁd to be severely
limited with regard to filter length and the number of channels used
because of rapid increase of core :storage requirements with increaée of
filter lengths and number of channels. In fact, with an effective upper
Storagelimit of approximately 64,000 single precision words (256k bytes),
on the University of Manitoba IBM 360-65 computer, the maximum
realizable length of a 12 channel filter was found to be approximately
60.

This program was, therefore, modified to include temporary
storage, on a direct access disk file, of the three dimensional
correlation matrices and auxiliary polynomials. The saving, in words,

attained by using this modified program (WIENR3) is given by:
nXmx (4q + 1),
where n is the number of input channels,

m is the number of output channels and

q 1is the length of the filter.
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For a filter of length 100, which is to produce 12 output
channels from 12 input channels, the reduction in core storage~amounts

to 57,744 words or 226k bytes, see Figure 3.1.

3.3 Processing Times,

3.3.1 Convolution Methods.

The convolution of discrete data series to produce correlation
matrices and the convolution of time series with digital linear filters
to produce filtered output are two of the basic processes in the
reduction of digitized time series. The convolution process is also
prohibitively time consuming if large filters or long time series are
employed and direct (polynomial multiplication) methods are used.

Many commercial companies, who deal with seismic data
processing, solve this problem with special purpose hardware and
""convolvers'", e.g. Digital Consultants' CFE-1 and Texas Instruments'
TIAC 870.

When special purpose hardware is not available, two methods
can be used. The first is to dévise a convolution program which groups
multipliers so as to replace multiplication by addition, which is then
carried out by a linear program. One such program is subroutine PROCOR,
developed by S. M. Simpson [3] and used by the Geophysical Analysis
Group at the Massachusetts Institute of Technology. Unfortunately, the
program is published in FAP and in this form can only be implemented
on IBM 7094 computers.

The second method takes advantage of tﬁe fact that the con-

volution of two time series can be shown to be equivalent to the
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product of their respective Fourier transforms. Since the introduction
of the fast Fourier transform technique, in 1965, by J. W. Cooley and
J; W. Tukey [1S], this method has had a very wide and far reaching

: iﬁpact on methods of numerical convolution.

Specialized subroutines such as PROCOR are iargely machine
dependent, and because comparisons of processing times show that
indirect convolution ﬁsing fast Fourier transform products is, in fact,
the faster method for extra long time series (see paragraph 3.3.5.),
this latter technique is the one dealt with in this paper.

3.3.2 Convolution Using Fourier Transform Products.

The numerical convolution of two discrete time series functions

x(t) and y(t) both of length n, is defined to be:

. n-1

c(r) = ‘2{: x(r)y(t-r), r =1, ..., 2n-1

t=0

where r is the lag and the convolution is said to be formed by lagged
products. If the Fourier transforms of the two series x and y are
found, then, using the convolution theorem, this same numerical
convolution can be expressed as the inverse transform of the product

~of the Fourier transforms of x and ¥,
C(k) = X(k) x Y(k), k=1,...,2n-1,
where C(k), X(k) and Y(k) are the Fourier transforms of c(r),x(x)

and y(r) wrespectively. Then if the inverse transform of C(k) is

obtained the result is the convolved output c(r).
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In the direct computation of the numerical convolution there
are n(n+l)/2 multiplications and additions, plus associated indexing
operations. The number of operations required to obtain the Fourier
transform of a series of length n, using fast Fourier techniques, is
proportional to n(logzn). In this case n must be a power of 2,
i.e.. n=2m, where m is a positive integer. The reduction in
computation time achieved by use of Fourier transform products to
compute the convolution depends on the lengths of the series x and
Yy, and on the program details. R. C. Singleton [16] reports tests
which show a 16:1. time advantage for the transform product method over
the direct method, for n = 256, while T. G. Stockham [17] states that
speed-up factors of 50 have been realised with n = 1000.

3.3.3 Fast Fourier Transform Methods.

The fast Fourier transform technique is an algorithm to find
an approximation to the Fourier transform of a function by computing

the finite discrete Fourier transform. Given n data points,

XgoXpaw X g5 the finite Fourier transform is given by YorYqsrees¥y 1o
n-1
-2mijk/n .
y; = zg: X, e jk/n. j=0,1, ..., n-1 (3.3.3.1)
k=0

The given data points can be recovered by the inverse transform:

n-1 .
x =1/n ;E: Ys e T | (3.3.3.2)
3=0
Equations (3.3.3.1) and (3.3.3.2) can be rewritten in matrix

notation as
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Y = XW, ' (3.3.3.3)
and X = YW !, . (3.3.3.4)
where W is the n X n matrix '{ezﬂikj/q} k,j = 0,1,...,n-1.

The fast Fourier transform algorithm is based on the
factorization of the matrix W into n 5parsé matrices and a permu-
tation matrix with the requirement that n be a power of 2. By
direct computation this process would require n? multiply and add
operations, while the fast Fourier algorithm requires only n X n 1og2(n)
operations.

Several versions of the original algorithm have been published
in program form and are listed in the subroutine index,_viz. CooL,

HARM, FFT4 and NLOGN. The particular subroutine used in this paper

is NLOGN (auth. E. A. Robinson), which itself is a later version of
subroutine COOL. Subroutine COOL is machine dependent and will not work
.on IBM system FORTRAN machines, whereas NLOGN is suitable for any
FORTRAN system.

3.3.3.1. Fast Fourier Transform for Real Input Series.

Most fast Fourier transform programs are designed for
complex input séries. A.further reduction in computation time can be
achieved for seismic time series, which are always in real form. Both
real series, which are to be Fourier transformed, are combined, element
by element, into the real and imaginary parts of a series of complex
numbers, which resultant complex series is then used as the input
series to the transform subroutine. This reduces, by half, the
number of transforms required. The Fourier transforms of the two real

series can be recovered from the joint transform by making use of the



Input real series input real series

(Kpree X)) ‘ ' (Ypseeia¥y)

v - v

v

Combine xgy
as a complex series
Zy =X 1Y
[ K

¥ 05 KDg
XE00kdp
el P (

n=2Mypige

¥

Use fast Fourier
method o obtain

transform
Recover x iransiori} F(2)=2Z ecover y fransfori
from Z; !, from Z;
Xy = Z 424" e NV VAR 4D
Xic 1 Zict Zj ) | Vi 2(Zie Zas)
¥ | v
FOO = Xy | Obfain Fourier Fy) =Y
K=l fransform of k=10
. convolved series TV
B4 G =0)(%) <%
K=ie..eft

Inverse tronstorin C
giving real series ¢
which isthocompiele
convolution of xgy.

¢ = F{C)

Convoived output

. (C\»xo-chCpfq-l)

Figure 3.2 Computation Scheme for the Numerical Convolution of
Two Real Series



23

latter's symmetry properties. An outline of such a computation
scheme is shown in Figure 3.2.

5.3.4 Convolution of Segmented Time. Series Using Transform Products.

3.3.4.1. Optimum Section Length.

When a linear digital filter is applied éo a seismic trace the
basic process is one of numerical con&olution of the filter coefficients
with the input time-series. Typical single channel parameters would be
a filter of length 50 and a seismic trace of length 36,000: this being
equivalent to approximately 60 seconds of record time on a refraction
record digitized at a 1.7 millisecond sample rate. Obviously, in
terms of storage, it would be extremely wasteful to augment both the
input trace and the 50 point filter vector to equally dimensioned
vectors of length 65,536 (=2!®) for convolution by the Fourier transform
product method. Instead, the input time series, which is to be
filtered, is partitioned into sections or segments.

Both Stockham [17] and Gentlemen [18] deal with sectioning.
Stockham gives, for the time required for sectioned convolution using

fast Fourier transform techniques, the relationship:

T = kCt X (2K + 1) xn X logz(n) + kaux X k ¥n
where T is the time in seconds for the convolution of a filter of
length q with a series of length p, partitioned or sectioned into
k sections, each of length p'.

The constants kCt and kauk are machine constants, which

for Stockham's implementation on an IBM 7094, were measured as 60 and
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300 microseconds respectively. The variable n is the length of the
convolved section and must be a power of 2, i.e.
m . .
n=2 (m is an integer),

and n >p' +q - 1.

The second term on the right hand side of equation (3.3.4.1)
is the time required to complete the auxiliary processes.

For the purpose of finding the optimum section length, i.e.,
the value of p' for which the computation time T is a minimum,
Gentlemen and Sande [18] ignore the auxiliary processes and the time
for the transformation of the filter series and use T' as the time

to be minimized, where T' is now:

T' =p/(n-q) X CXn X log(n). (3.3.4.2

where C 1is a constant.
Then, under the assumptions that the filter length is very much smaller
in magnitude than the length of the input data series and that n is
continuous, they show that partial differentiation of equation

(3.3.4.2), with respect to n, yields the following expression:

)

q = n/(1 + log(n)) (3.3.4.3)

In the example given, an optimum section length of 3Q0 is

suggested for a 50 point filter. In fact, of course, the convolution
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of a 50 point filter with a section of 300 data points would

produce an output segment of length 349. Now the constraints on n
viz. it must be an integral power of 2 and must be greater or equal to
(ﬁ' + q -~ 1), make it possible to increase this section length to 462
without any increase in computation time. Because n. must be an
integral power of 2 for the fast Fourier transform algorithm and is,
therefore, not continuous, equation (3.3.4.3) is not of great practical
use.

Stockham suggests trial evaluations of equation (3.3.4.1) to
find the appropriate optimum section length. He also notes that memory
(core storage) allocation has to be considered when n becomes very
large.

Empirical measurements of convolution times for different
filter and section lengths are discussed next.

3.3.4.2. Empirical Measurements for Optimum Section Lengths.

Figure 3.3 shows empirical processing tiﬁes for different
filter and section lengths, measured on the University of Manitoba
IBM 360-65. The subroutine used was FTCONV and the timing method is
described in Appendix D. Subroutine FTCONV computes the convolution of
‘a linear filter with a sectioned or segmented input series by the
Fourier transform product method. The section iengths in each case
were chdsen so that the convolved output section length was a power of
2. This represents the most efficient use of the transform product
method. Intermediate section lengths would be augmented to the next
highest integral power of 2 and the processing times would, in fact,

follow a step function as is shown for the curve for a filter length of
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11. For representational purposes, however, the other times are connected
by a broken curve for each specific filter length.

The general configuration of these empirical time curves shows
that, as the section length increases in value away from that of the
filter, the processing time per unit output series, (i.e. times are
normalized with respect to the total output length) decreases very
rapidly to a minimum value, after which, it increases much more
gradually as the section length is increased.

As the filter length is increased so also does the optimum
section length, until, for filters of lengths of 500 or more, it
approaches a value similar in magnitude to the unsectioned input data
series. Thus, for filters of these lengths, no actual minimum was
obtained, though the curves do show that a dramatic reduction in
computation time can be achieved by using an output section length of _
‘8192‘(=213). Increasing the output section length to 16,384 (=2!") and a
doubling of the core storage requirements for FTCONV would not substan-
tially reduce computation times.

3.3.5 Comparison of Processing Times for Different Convolution Methods.

In general, for filters of lengths normally employed in
digital data processing, the computation time for convolution can be
greatly reduéed if the Fourier transform products method is used and
an optimum, or near optimum, section length is chosen.

Figure 3.4 shows a comparison of computation times for a
direct method subroutine CONCNV and a fast Fourier transform product -
subroutine FTCONV. Optimum, or near optimum, section lengths were

chosen for the transform product computations. Except for small filter
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lengths, where the direct method is the faster of the two, the trans-
form product method shows dramatic reduction in processing times,
particularly as the computational effort increases.

Another comparison of computation times is shown in Figure 3.5.
Here the cbmputation is for the autocorrelation of a specific data
series. This process simply involves the convolution of a time series
with one comprising the identical series in reverse order. The data
chosen was the digitized ambient noise signal from a refraction seismic
record; this would be the first major computation in the determination
of a least squares (Wiener) filter.

The subroutines used for the measurements were HEAT (auth.,

E. A. Robinson), which employs direct multiplication and addition, and
FTCORR, which performs the same convolution but uses Fourier transform
products. The éame reduction in processing times, as in Figure 3.4,
are evident.

Also displayed in Figure 3.5, are the empirical times
published by S. M. Simpson [3] for a similar range of measurements
using subroutines QACORR and FORAC. Subroutine QACORR calls the fast
convolution program PROCOR, which does not employ the transform
product method but replaces multiplication by summation by grouping
of the multipliers, (see paragraph 3.3.1.). FORAC is a direct method
subroutine which computes‘the Tukey approximation to the autocorrelation
function.

Though the times for QACORR and FORAC were taken from an
IBM 7094 implementation, the comparison in Figure 3.5, between direct

methods and indirect methods such as those employed by FTCORR and
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QACORR, shows the same general relationship. In addition, for data
series of lengths greater than 1000, the fast Fourier transform product
method shows an increasing smaller increment in computationvtime for
increasing input lengths, compared to that of QACORR,

3.3.6 Observed Error in Fast Fourier Transformation.

The most widely used method for measuring the error introduced
during fast Fourier transformation processes is, to first transform a
series and, then, to recover the original series from the finite Fourier
transform by inverse transformation. Gentlemen and Sande [18] have
derived the theoretical bound of the ratio of the root mean square
(RMS) of the error and the original data for this method. Their

expression is -given by:
[IR[] <2 x1.06 x W x (2m)%/? x 27D (3.3.6.1)

where, {[R|| is the bound for the ratio RMS error/RMS data

N is the number of data elements,

n is the radix (in this case 2), and

b is the number of bits in the characteristic (mantissa) of

the fixed length floating point.
Results for the above experiment, using an IBM 360—65,

subroutine NLOGN and typical seismic data series, are shown in
Figure 3.6. As Gentlemen and Sand note the form of the theoretical
bound is a fairly good description of the form of the observed errors,
though the magnitude of the theoretical bound is a good deal larger

than is typical of the empirical results. These results agree well
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with those reported by Gentlemen and Sande [18] and with those of
Singleton [16].

When convolution is carried out using Fourier transforﬁ
products and fast Fourier transformation methods, the resultant,
overall error was found to be less than 0.1 and was not considered to
be significantly large. Numerical errors such as these, introduced as
a result of machine computation, can be considered as equivalent to
the instrument noise effects of analog circuits and are usually of
insignificant magnitude when compared to the unwanted seismic noise

actually recorded as data.

3.4 Conclusions.

Conclusions from the results of the comparisons of digital
data processing techniques discussed in this chapter can be summarized
as follows.

1. Channel ségmentation or trace sectioning is a practical
method for overcoming core storage problems when dealing with long multi-
channel time series data.

2. The storage requirements for the generalized least
Squares filter computation can be considerably reduced by use of
auxiliary storage on direct access disc files.

3, Convolution by Fourier transform products, in conjunction
with fasf Fourier transformation methods, is far superior, in terms of
processing times, to direct convolution methods, if the filter or
correlated time series is of length greater than 100 elements. In

addition, the transform product method of convolution results in a
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reduction in computation times of the same order of magnitude as
that afforded by previously published, multiplier replacement methods.
4, Accuracy measurements show that the magnitude of errors,
due to the use of fast Fourier transformations, is not significantly
large.
5. Empirical time.curves for convolution of sectioned
input series, using fransform products, show the necessity for

choosing optimum, or near optimum, section lengths.
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CHAPTER IV

FILTER DESIGN AND PARAMETER OPTIMIZATION

4.1 Introduction.

Related to the question of efficient implementation
techniques in digital data processing is the problem of parameter and
design criteria for the computation of digital filters. In particular,
the use of an unnecessarily long filter operatorvwill result in an
inherently inefficient data process even though optimum implementation
techniques are used.

The criteria for the design of a specific filter depend
largely on the particular application and the underlying assumptions
concerning the data. For the purpose of a preliminary investigation
into these problems, a linear prediction filter was devised and tested
on some seismograms recorded as part of refraction surveys conducted
by the University of Manitoba Geophysics department. The objectives of
this type of surveying and the general principles of prediction error
filtering have been outlined in Chapter II.

The FORTRAN subroutine used to compute the numerical
coefficients of the different prediction filters was WIENR3. This is a
modification of subroutine WIENR (auth.: E. A. Robinson) which uses the
recursion method of Wiggins and Robinson for least squares multichannel

filter computation, (see paragraph 2.3.3).
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4.2 Filter Parameters and Design Criteria.

The known quantities in the normal equations, which define
multichannel filter coefficients, are the autocorrelation of the
input series,and the cross correlation of the input series and the
desired output series. In the case of the linear prediction filter
the desired output is a time advanced portion of the input series and
the cross correlation function is, therefore, the autocorrelation of
the input series for lags advanced in time by an amount equal to the
prediction span.

Thus, the first step in the design of a filter is to obtain
an estimate of the true autocorrelation function from a finite portion,
or sample;of the input series and this requires a decision as to the
number of channels and lengths (time gate) of inputs to be included in
~ this sample. This estimate is further improved by smoothing or
tapering of the finite ?utocorrelation function. The type of
smoothing operator or spectral window and the amount of smoothing or
tapering of the autocorrelation estimate are two additional variables
in filter design.

The most important criterion in the choice of a filter, from
the point of view of efficient data processing, is of course the length,
or number of elements, in the filter operator and this parameter is
closely associated with the behaviour of the normalized mean square
error curve.

The measurements and discussion of this chapter deal with the
effect of variation of the above variables in filter computation on the

overall filter performance and the computational effort involved in the
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application of the filter to the data. These filter parameters can
be summarized as follows:

i) Length and number of channels comprising the input data sample.

ii) Type and length of smoothing operator used to improve the

estimate of the true autocorrelation function.
iii) The length or number of elements in the filter operator.
The effect of variation of pfediction span was not investigated

as the required length of undisturbed output following a signal arrival

was taken to be a constant 100 time units (0.17 secs.).

4.3 The Normalized Mean Square Error.

The recursive method of Wiggins and Robinson, for the
computation of the filter coefficients, proceeds by calculating a
filter operator of increasing length until either, a makimum length has
been achieved, or, the normalized mean square error has reached some |
previously specified condition. The mean square error between the
desired output and actual output is normalized with respect to the
first term of the desired output autocorrelation function. It is
computed at each step in the filter recursion, that is, for each length of
4filter operator there is an associated normalized mean square error.

This error term, thus, affords a quantitative measure of the
effectiveness of a filter in the range of the given input sample data
from which the filter is derived. The overall effectiveness of the
filter, when applied to data outside this range, depends on the
validity of the basic assumption, that the statistical properties of

the time series are time-invariant and remain constant throughout the
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chosen range of applicability of the filter. Because this assumption
is often only approximately true the normalized mean square error
cannot serve as a quantitative measure of overall filter effectiveness.
It is very useful, however, in demonstrating the effect of parameter
variation on the filter characteristics.

A typical normalized mean square error curve for increasing
filter lengths is shown in Figure 4.1. The error term decreases
fairly rapidly at first and then levels off to an almost stationary
value which decreases very little, if at all, with increase in filter

length.

4.4 Estimation of the Autocorrelation Function,

4.4.1. Length of Input Sample.

Most writers recommend that the length of time series, used
for the calcﬁlation of the estimate of the autocorrelation function,
should be as great as possible. The assumption is that, by drawing the
input data sample from as large a time span as possible, the effect of
variation, with time, of the statistical properties of the ambient
seismic noise, will thereby be averaged out.

Jenkins [19], on the other hand, states that the length of fhe sample
and,hence the number of time increments (lags)s need only be sufficient
to compute the finite autocorrelation function to a length where it has
decreased to an insignificantly small magnitude. Wherever practical,
therefore, the ambient noise autocorrelation functions for the channels
involved, or at least a representative number of them, should be

inspected to allow choice of a suitable input sample length.
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Figure 4.2(a) shows a typical example of a single channel
autocorrelation function while Figure 4.2(b) shows a comparable function
for a random series of the same length which has also been frequency
filtered with a bandpass of 0-30 cps. The similarity between the
two functions supports the assumption that the presignal noise recorded
on the seismogram corresponds to random noise in the statistical sense.

In Figure 4.2(a), as the lags increase, the function
continues to oscillate at a low but fairly constant rate. Jenkins [20]
states that, when an autocorrelation function fails to damp out according
to expectation, this is due to correlations between adjacent ordinates.
He further states that the magnitude of the residual periodicities
will increase as the number of time series terms, used in the estimate,
decreases. This indicates that the input sample length should be of
sufficient length to avoid augmenting this effect.

In this example the main peak of the autocorrelation is
adequately delineated by lags from -100 to +100. That there is sufficient
statistical information in this portion of the function is confirmed when
it is used to compute a linear prediction filter. It was found that
the normalized mean square error showed only slight reduction for
filter lengths greater than 60. It must be remembered that in the
recursive filter computation the central term (i.e. the maximum
value) of the autocorrelation is first used and then successively
longer filters are calculated using an increasing number bf ordinates
of the autocorrelation function.

4.4.2. The Number of Channéls in the Input Sample.

The same considerations which apply to single channel auto-
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correlation estimates apply also to the multichannel case. The

number of data points included in each channel input sample must be
sufficient to produce an autocorrelation function which does not

produce large residual periodicities and which successfully delineates

a good approximation to the main peak of the true autocorrelation function.

Otherwise, it is obvious that the multichannel case
incorporates samples of the ambient micro-seismic noise from different
locations corresponding to the different geophone locations in the
field recording layout. Consequently a much more representative sampling
of the presignal noise is obtained.

Figure 4.3 shows different error curves for different number
of channels used in the filter calculation. TFor filters of lengths
~greater than 30 the error term is smaller for increasing number of
channels, though it appears that, in this example at least, progressively
less advantage is to be gained at each increase in the number of
channels. Thus, while £he greater computational effort required to
compute a 6 channel filter is offset by the smaller length filter
required for a specific residual error, this would not necessarily be
true for an increase from 6 to 9 channels. The different shape of the
9 channel curve could be due to the inclusion of different noise
characteristics from the additional 3 channels which have been

sampled.

4,5 Type and Length of Smoothing Operator.

The effect of smoothing the finite autocorrelation function

with a spectral window is to reduce the variance of the estimate of the
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true autocorrelation function. It can be shown (see Jenkins [20]) that,
in the statistical sense, a smoothed autocorrelation function from a
short sample series often provoides a better estimate of the true
autocorrelation function than an unsmoothed autocorrelation function
derived frém an input sample of much greater length. It is, therefore,
a very practical way of reducing the required computation for a specific
filter calculation.

Jenkins [19, 20] has shown that the empirical approach to
smoothing is the most practical. He has also shown that the actual
form of type of the smoothing operator is of far less importance than
the bandwidth, or amount of smoothing, which is carried out. Subroutine
WIENR3 uses the Bartlett spectral window, which, in the time domain,
is equivalent to multiplying each term of the finite autocorrelation

function by the weight w(t) defined by:

il , ] < W

LW
w(t) = 3

where LW is the length of the lag window and
t 1is the time index
In the frequency domain the Bartlett spectral window can be considered .

as a smoothing operator W(f) of the form:

o 2
sin'm f LW
W(g) = Lh = (W)

where f 1is the frequency.
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Figure 4.4 shows the form of a particular single channel
autocorrelation function, in the time domain, for various lengths of
lag windows. The severest tapering occurs for small values of lag
window lengths (LW). As LW is increased, a point is reached where
further increase produces little, if any, change in the autocorrelation
function. This point is usually reached when LW is approximately
equal to the length of the input sample length. This is further
illustrated in Figure 4.5, where the effect on the normalized mean
square error curves of differing lag window lengths is shown, for
two different 3 channel cases.

As can be seen from a comparison of Figures 4.5(a) and
4.5(b) the most marked effect of variation of lag window length
occurs for the smaller input sample lengths.

The actual lag window length which should be used for a
_ given autocorrelation estimate must be chosen to form a compromise
between a large value of LW, which produceska relatively small amount
of smoothing and a low residual error term, and a'smali value of LW,
which gives a high degree of tapering and a large residual error -
term. Jenkins [20] shows that this represents a compromise between a
-high bias and a low variance in the estimate of the true autocorrelation
function. He proposes an empirical procedure thch consists in starting
with a large bandwidth (large LW) which is then decreased until
sufficient detail is apparent, in the frequency domain, for the purpose
of the estimation. When computing digital filters for seismic data
processing, it would probably be more practical to choose that value

of lag window length, which, if increased, would not produce any large
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reduction in the error terms for a specific filter length. This value
has been shown (see Figure 4.5) to be approximately equal to the
length of the input sample.

If it is impractical to examine the autocorrelation function
of all the data, i.e. if a standard filter computation is being
devised for a large number of seismic records, a fairly good rule of
thumb might be to always set LW equal to the length of input time
series sample from which the true autocorrelation function is to be

estimated.

4.6 Filter Operator Length.

Theoretically, the greater the length of filter operator
computed the greater the reduction in mean square error between the
actual output and the desired output. However, in practice, increasing
the filter length beyond a certain point does not necessarily lead to
any significant reductién in the error term (see Figure 4.1).

Empirical results also indicate that most filter lengths that would be
appropriate would be considerably less than 100.

In addition, published results of various least squares
filter applications, confirm that filters of greater lengths than 100
are seldom employed.

Unless composite filters are to be used (see paragraph-5.1)
these lengths of operators require direct convolution methods of
application (see Figure 3.4). It is, therefore, essential for efficient
data proéessing of substantial amounts of data that the minimum

acceptable filter length be employed, and this requires inspection or
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monitoring of the behaviour of the normalized mean square error term.

4.7 Prediction Filtering of Actual Data.

The mean square error between the actual and desired outputs
is a measure of the effectiveness of the filter for that specific portion
of the input time series from which it is derived. The filter, however,
has to be effective éver the whole of that portion of the time series
to which it is to be applied. In the case of the linear prediction
filter, the filter is applied to that portion of the seismic record
immediately preceding and including the first energy arrivals.

As Peacock and Treitel [21] point out, one measurement of
the effectiveness of prediction filtering is the reduction in energy
'content of the output time series relative to the energy of the input
series. Linear prediction filtering has the advantage that no scaling
constants are introduced in the filtering ﬁrocess.

Figures 4.6 and 4.7 show the results of the application of
two, 3 channel, prediction filters to specific traces on refraction
seismograms R-49 and RB-3. 1In each case the prediction error series
have been frequency filtered with a bandpass of 0-30 cps. Figure 4.6
shows the output from each stage in the filtering process while
figure 4.7 illustrates the comparison between ﬁrediction filtered and
simple frequency filtered traces.

No quantitative measurements of the reduction in noise energy
were made as the results are by no means conclusive and the design of
the filters is entirely preliminary. However, a definite reduction in

noise energy is apparent in the frequency filtered prediction error
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output. The fact that the P-waves, or first energy signals, were not
developed;could be due to the field recording, amplitude, settings

- being too high to include the very weak first arrival energies within
the dynamic amplitude range of the recording system. It should be
noted, in this context, that very high magnitude energy arrivals
occur immediately after the first energy arrivals and,if the initial
amplitude settings aré too high,overmodulation of the FM recording
system might occur. A great deal of experimentation remains to be
carried out in this particular field before definite conclusions can

be reached.

4.8 Conclusions.

The results presented in this chapter are by no means

exhaustive and are drawn from a very small sample of the total seismie

data on hand. However, they do show how suitable choice of filter
length, which itself is affected by both lag window length and
input sample length, can substantially reduce processing times for
digital filtering.

It has also been shown how the various filter parameters

52

interact and how preliminary examination of the autocorrelation function

and normalized mean square error is of utmost importance in the design

of an effective filter.
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CHAPTER V

CONCLUSION

The detailed conclusions and discussion 6f results on
implementation techniques and filter parameter optimizafion are given
in Chapters III and IV. This chapter deals with the overall conclusions
and extends the discussion to include further work which might be

carried out in this field.

5.1  Implementation Techniques.

Use of segmented or sectioned input data and auxiliary
disk storage techniques solves the majority of storage problems which
arise during seismic refraction data processing. However, storage
requirements are still fairly large if filters incorporating more than
6 channels are being computed. This factor.may be critical in the
choice of the number of channels used if a larger number of channels
produces only a marginal improvement in the filtered output.

The Fourier transform product method of convolution, combined
with the fast Fourier transform technique, is undoubtedly the best
method for convolution of time series with more than 100 elements. At
present this method probably finds greatest application in the computation
of correlation functions.

The fact that most of the filters, investigated so far, are
not of sufficient lengths, by themselves, to warrant the use of the

transform product method of convolution, does not preclude its use for
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filter convolution. Because convolution is a linear process, and
because it is both commutative and associative, filters can themselves
be convolved to form composite filters prior to application to the
data. Thus, if a data process requires several filtering operations,
and this is the normal situation, all the filters would be combined
together (by convolution) and the resultant composite filter would be
convolved with the data on a one-pass system. The length of such
composite filters would probably be such that the Fourier transform
produce convolution method would be the more efficient. Furthermore,
this technique has the added advantage of reduction in input-output
operations including tape unit rewinding and auxiliary storage of

intermediate results.

5.2 Filter Parameters.

Results in Chapter IV show the effect of variation of
“different filter parameters in the design of least squares (Wiener)
filters. Very rarely can specific rules be laid down for the choice of
actual paraneters. This is particularly true of the estimate of the
true autocorrelation function, which plays a major role in the solution
of the normal equations. Jenkins [21] has shown thatﬁthe various
optimal criteria approaches are open to criticism and that an empirical
approach is the most practical for the choice of the finite autocorrelation
function.

Certainly it cannot be emphasized too strongly that haphazard
and indiscriminate choice of filter parameters often leads to wasted

computer time and to erroneous conclusions as to the effectiveness of
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a particular least squares filtering process.

It is, therefore, recommended that, until enough data has been
processed and sufficient specific examples have been evaluated, both the
autocorrelation functions and normalized mean square error curves be
carefully examined before a final filter design is chosen for
application to the data. When an effective and economical filter has
been found, of course, the process can be standardized and the full

benefit from the pilot studies can be realized.

5.3 Further Research Possibilities.

The possibilities of further research in the design and
applicafion of digital filters are many and varied, particularly the
problem of deconvolution, for which the linear prediction filter is a
basic component. Most of the current literature deals with reflection
seismic records and many of the digital processing methods, so far
published,are not necessarily appropriate for crustal refraction
studies. However, this research belongs more properly to the field
of Seismology.

From the point of view of research in the field of
Computing Science two topics or areas of research might be considered.
The first is the development of a fast multiplication method which could
be used to replace direct convolution for filters (or time series) of
lengths less than 100. A useful starting point for this work would be
the comparison and description of multiplication algorithms by

D. E. Knuth [22],
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A second topic might deal with program organization and

the use of peripheral access devices. Preliminary seismic data processes
involving standard operations, such as frequency filtering, result in
fairly long program times, only a small portion of which can be ascribed
to the convolution computation. An investigation into the possibilities
of parallel processing and the use of intermediate fast access devices
in conjunction with magnetic tape peripherals could lead to a substantial
reduction in program run times. This study would, of course, deal with
a particular machine implementation and would belong to the field of

systems analysis.

5.4 Final Conclusion.

One of the major advantages of the implementation of high
level programming languages, such as FORTRAN, is.that it enables workers
in many fields to design digital data processes specifically suited
to their own individual needs. By the same token, this involves a
responsibility to ensure, as much as possible, that the programs are
efficient and not wasteful of storage and computer time. Nowhere is
this more apparent than when large amounts of data have to be processed
and it is particularly true when time series data, such as seismic
records, have to be filtered and no special purpose hardware is
available.

Most of the published subroutines are written to demonstrate
the principles involved rather than to provide a practical and
efficient method of large scale data processing. It is hoped that

the material presented in this paper will enable workers in this field



to overcome some of these problems or, at least, that it will indicate

the various approaches which could lead to a practical solution.
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APPENDIX A

SEISMIC DATA RECORDING SYSTEM

A.1  Field Recording System.

The déta gathering and preliminary processing system for
seismic refraction records, used by the Geophysics department of the
University of Manitoba, is shown in Figure A.1(a). The signal voltages
from each of the 12 geophones, or geophone groups, are recorded both on
photographic paper, as galvanometer traces, andon frequency modulated
magnetic tape. The photographic display is used primarily for monit-
oring in the field and for analog playbacks. Variable recording
parameters include constant gain amplifiers, with attenuation settings
ranging from Odb to 66db, and frequency filters (one filter to two
input channels) with settings ranging from O cps (open) to 44 cps.

A frequency setting of i6 cps would result in attenuation of all
frequencies above 16 cps. No low cut filter settings are available,
i.e. the pass band is open for low frequencies. The 12 input channels
are displayed at two gain settings on the 24 trace camera record, the
relative difference being -of the order of 12db.

Time calibration is provided on the photographic records by
a standard timing device which displays 10 millisecond interval
timing lines. Overall time control, for determining the shot instant,
is achieved by recording the standard radio time signal (station WWVB),
transmitted by the U.S. Bureau of Standards Station at Fort Collins,

Colorado. This signal is superimposed on channel 24 of the galvanometer
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camera and is recorded on channel 13 of the FM tape. If radio
reception is too poor for communication between the shotpoint and
recording positions, the WWVB standard time signal is used to designate
a specific time for charge detonation.

The instrument specifications and typical field recording

settings are listed in Figure A.2.

A.2 Analog to Digital Conversion,

Conversion of the analog field data to IBM digitai format is
carried out using the Radiation Inc. A/D converter. This device
samples all input channels at a rate of 7000 cps, giving a channel
sample rate of 1.71 milliseconds. The data samples are subsequently
multiplexed and written on 7 channel, IBM, one inch tape in blocks of

©1202, 2 byte, words. The first two data words of a block are reserved
for record and block identification and the remaining 1200 data words
comprise 100 samples from each of the 12 seismic channels. (see Figufe
A.1(b)). The digitized voltage levels range from -2047 to +2047,
corresponding to analog signal voltages with a full scale range of.

+2 volts to -2 volts.
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APPENDIX B
DERIVATION OF THE NORMAL EQUATIONS FOR

AN OPTIMUM FINITE MULTICHANNEL FILTER

The filter is optimized in the least squares sense, i.e. by
the constraint that the average squared difference, between the
desired and actual outputs, be a minimum.

The following terms and definitions are used in the derivation

of the normal equations:

Input Series, channel i , at time t ....;...... Xi,t;
Actual output series, channel j, time t ...... yj,t’
Desired output series ....... ettt . Zj,t;
Number of input channels ............. e n
Number of output channels ..... et ceee M
Length of input series ........... Ceeean Ceere s P
Length of multichannel filter « «...v.ivviiiinn. q ;
Filter coefficient at time t ..., . fi,j,t;
Error squared at time t ........... Cte e e ei 3
Mean squared error over all times ......... .;..._EQ .

The derivation starts by the convolution of a multichannel

input series x, with a multichannel filter £, . to produce an
i,t 1:J>t

actual output series yj e Then the optimum filter coefficients are
3
expressed in terms of the system of normal equations obtained by
differentiating, with respect to fi it the mean square error
2 d

between the actual and desired time series and letting this quantity
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_equal zero.

The particular choice of desired output z,j,t specifies the
type of filter being designed. Thus, the derivation is completely
general.

If Xi,t is the input element on the ith channel at time t

and yj t is the output element on the jth channel, then yj ¢ can be
3 E

expressed as the convolution of x. with the (so far unknown) filter

i,t

coefficients, i.e.

n q .
Vit~ ZE: 2{; 5550 % ek (B.1)

i=1

Now the error square between desired output and actual output is given
by:

2 _ . 2
e, = . (yj,t zZ, tv) ,

J»
j=1

1

and substituting equation (B.1) for yj .
3

m n q

2 -

°t = Z Z Z ik Mok 5,0 B2
=1 =1 k&=

If the convolution is carried out for the whole length of the finite input
time series, i.e. for t =1, ..., p, the resulting output series will
be of length p + q - 1. Also, the mean square error (e?) for the jth

output channel will be given by:
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p+q-1 =
P S o2
(p+q-1 t’

The mean square error is minimized by setting its partial derivatives,

with respect to the filter coefficients, equal to zero, i.e.;

where the extra subscripts are introduced to denote the following;
u 1is the input channel,
v is the output channel, and
s 1s the specific m x n filter matrix element.

Now, for any particular filter coefficient f o the partial

3

derivative of the mean square error is given by:

p+q-1 n

_ q ~
de .
of (p+q 0 [2 E (E vk %Ltk T Zv,t')] X, t-s ’
u,v,s a
Vs &=t o1 =

and, setting this equal to zero, results in the equation:

n

p*q-1 _ _
p+q ) [ Z (5 vk %,k - Zv,t)] T CIE)
t=1 i=1 k=1
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Rearranging the terms, and discarding the constant gives:

ptg-1 n p
1 P
(p+q-1) i,v,k Ti,t-k (p+q 1)

t=1 i-1 k-1

F
[\/]..O
p....a
ot
»

V t “u,t-s’

Rearranging the summation:

n q piq-1 Pq-t
I R S
i,v,k (p+q-1) i, t-k “u,t-s p+q 1) v t "u,t-s
‘ =1
i=1 =1 t=1
(B.5)
Now, . the autocorrelation function of the input series x,

i,u,s-k’ i,t

is defined as:

p+q-1
T - Lim X
iju,s-k = pre (p+q 1) 1 t-k "u,t-s ’
t=1

(B.6)

and g the cross correlation function of the input series x.

v,u,s’ i,t
with the desired output series Zi oo is defined as:
2
p*tg-1
_ Lim
gv,u,s pre (p+q 1) Zv,t xu,t—s' (B.7)
t=1
Substituting these entities into equation (B.5) gives:
n q _
zg: ;{: fi,v,k ri,u,s—k - gV,u,s’ ‘ (B.8)
i=1 =1

where the subscript ranges are given by:



Equation (B.8) can

F =

Let, X

S,

i=1,
j=1,
v = [1,
k=1,

also
fl,l,k e
fn,l,k
81,1,s
gm,l;s

«o 11 5

e 5

N o -

«5q

be written in matrix notation.

1,m,k

then equation (B.8) becomes:

T _T

[Fl’ P2,..

F ]

T
q

[G

1’

G

g e

e

T1,1,1

n,l,i

G_]
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(B.9)

Equations (B.8) and (B.9) are the normal equations for a finite,

least squares, multichannel filter. The autocorrelation function Ri and

the cross correlation function Gs are the known quantities and solution

of either equation (B.8) or equation (B.9) yields the numerical filter

coefficients FK(k =1,..

.5q) .
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APPENDIX C

CONVOLUT ION

Convolution is the basic computation for thé application of
digital filters to time series data. It is also the method for the
'computation of both cfoss correlation and autocorrelation. functions.,

Figure C.1 shows the computation scheme for direct convolution
of a single channel filter (fl,...,fq) with a discrete time series
comprising the data elements (xo,...,xt) , where t 1is the time index.
The successive elements of the resultant output series Y, are computéd
by the moving summation of the input series elements, weighted by the
corresponding filter coefficients, which are arranged in reverse order.
The length of the output series is p+q-1 , where ¢ is the length of
the filtervand p 1is the length of the input series which is to be
filtered.

This computation can be expressed algebraically as:

or as a FORTRAN program segment by:
C FILTER LENGTH LF, INPUT LENGTH LX.

DO 1 I=1, LX
DO 1 J=1, LF
K=I+J-1

1 Y(X)=Y(K)+F(J)*X(I).

The multichannel case is simply an extension from scalar to
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matrix multiplication where the input and output channels comprise a
series of n X 1 and m X 1 vectors and the filter is an m X n

dimensional matrix. Algebraically it can be expressed as:
n q

yj’t ) Z Z fi:j:k xi:t’k'd’
i=1 =1

where yj £ is the output element at time t on the jth output channel.
s :

A FORTRAN program segment which would implement this process would be:

DO 1 I=1,LX
DO 1 J=1,LF
IJ=I-J+1
DO 1 L=1,N
DO 1 K=1,M
1 Y(K,IJ)=Y(K,IJ)+F(K,L,J)*X(L,I)

In the case of cross correlation (autocorrelation is the special
case where the time series is correlated with itself), the identical
process is carried out, except that the filter coefficients are now
replaced by the data elgments of the time series with which correlation
is to be carried out. Thus, the algebraic expression for the single
channel cross correlation function T between two series xy and Ve

is given by:

e © X Yeoktl?

where X, and Yy are of length q.

Alterﬁatively, as Robinson [11] shows, if the z transforms1

1The z transform is a polynomial in 2z whose coefficients are the time

series data elements.
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SUBRRDUTING FTCMVILF P s LXXy XXy XFT41Sa,C4XC) .
FTCURY COMPUTES THE COMVILUT {JUN CF AN UPURATOR F WiTH A SINGLE O/ 15t
TIME-SERTIES 3Y FRUDUCT CF THE FOURIER TRANSFCRMS, DBTATMNED RY ySy
UF RLUGN (AUTH, B ALFOBINSUNT, T18%w=0 FOR THE FIKST OF POSSIALY REPTATED
CALLS, ENuU EFFECTS ARE T GE HANDLED BY THE CALLTNG PROGPAM,
FOR PLARAMETER EXPLANATICN SU% SURRNUTINE MPTCONV,

DIMENSTCY FOY) ¢ XX{LY,XFT(1) .

CUMPLEX CU2)}4XC 214l 4B

IF(ISW.NEGDY GO TC 12¢€

LXET=LF+LXX~1

ISw=1
C O3TAIN PUAER OF 2 ¢GEo CUTPUT SECTION LERNGTH

o 115 1=1,20 .

N=2¥n]
N2 =]
1F{NoGESLXFT)Y GO TO 120
115 CONTINUE ;
C LXFT CUT OF RANGE .
’ 154W=69 '
RE TURN
C KAKE AUGMENTED COMPLEX ARFAY FREOM THE RFAL IMPUT SFRIES
120 IF=0
IX=0
DO 130 I=1,H
IF=1F¢+}
IX=IX+1
IF(IF.GTLLF) GO TO 125
CE=F{IF}
GO TO 126
125 CF=0o0
126 IF{IX.GT,LXX) GI YC 127
XP=XX({1X} '
GC TO 130
127 XF\=00 ')
13¢ C{I}=CHPLX{CF,XR}
C OBTAIN FOURIER TRANSFORM
CALL NLOGN(NZ2yCe-1.0C)
C RECOVER IHPUY SER[ES TRANSFORMS AND MULTIPLY TOGETHER
AR=REAL{C(1}))
AI=D,0
A=CHPLX(AR,AT)
BR=~1,0<AIMAG(C(L))
BI=0,0"
B=CHPLX{BR,BI}
XC(1)=A~B
DO 140 1=2,N
K=N-1+2
A=0,5-(CLI1+CONJGIC (K}
BR==0,5+« [AIMAG({C(K) }+AIMAG(C(I})))
Bl1=0o5%(REALIC(I})I-REAL(C(K)}}
B=CMPLX{8R,B1}
140 XC(I}=A=B
C INVERSE TRANSFNRM TO OBTAIN REAL CONVOLVED UUTPUT SERIES.
CALL NLOGNIN2,4XC,15C)
DO 153 I=1,LXFT
150 XFT{I)==1,0+REAL(XC(L))
RETURN
END

2k aXalalal

Figure C.2 Sample.FORTRAN Program for Single Channel Convolution
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of the various filter operators and discrete time series are taken,
convolution may be considered as polynomial multiplication. Thus, if
Y(Z), X(Z) and F(Z) are the respective z transforms of an output
series yt formed by convolution of an input series X, with a

filter operator ft’ the convolution can be shown to be equivalent to:
- Y(Z) = F(Z) X(Z).

The z transforms are, in the multichannel case, matrix polynomials 1i.e.

the polynomial coefficients are matrices, or, alternatively can be

considered as matrices with polynomial elements (Lambda matrices).
Convolution by Fourier transform products is a direct result

of the expression of convolution as z transform polynomial multiplication,

for, it can be shown that, when 2z is ‘- restricted to lie on the unit

circle, the z transform becomes the Fourier tranéform, i.e.

7 = e—2ﬂ1f

‘The computation scheme for this method is shown in Figure 3.2

and a sample FORTRAN program for single channel convolution is shown in

Figure C.2.
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APPENDIX D

EXPERIMENTAL METHOD FOR EMPIRICAL TIME MEASUREMENTS

Empirical time measurements were made using IBM system
subroutines $TARTM and $TOPTM. These two routines permit FORTRAN users
to time the execution of a portion of code as is illustrated in the
following program segment.

C TO TIME THE EXECUTION OF SUBROUTINE FTCONV
SUBTOT=0.0
CALL $TARTM(SUBTOT)
CALL FTCONV(LF,F,LXX,XX,XFT,ISW)
CALL $TOPTM(SUBTOT)
C SUBTOT NOW CONTAINS TIME INTERVAL BETWEEN THE
C FTCONV CALL AND THE RETURN TO THE MAIN PROGRAM.

The time recorded is "wall' time and is accurate to within
16.67 milliseconds.

Times measured in this fashion on the University of Manitoba
IBM 360-65 are subject to error due to other progrems running concurrently
under MVT (Multiprocessing with a Variable number of Tasks). Thus a
time interval, measured by the '"wall" or "clock" timing mechanism, is
guaranteed to equal active CPU task time only if the system is completely
free of other programs.

Because of the large number of time measurements needed, for
example, to measure the processing time of segmented series convolution,
it was found to be impractical to measure active CPU task time from the
cPU step time statistics; this being the only current alternative.

Also it was deemed unrealistic to exclude all other users to guarantee

coincidence of '"clock" time and active CPU task time.
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Instead, if a time measurement appeared too large,. the
program would be rerun until a minimum value had been recorded more
than once. Typical time variations, due to system interference, were
measured by repeated execution of the same piece of coding and were
found to be in the region of 12%. This was considered small enough in
magnitude to not obscure the overall time relationships which were the

main objective of the experiments.



Subroutine
Name

COOL

CONCV

DHARM
FFT4

FORAC

FREQ.

FTCONV
FTCORR
HARM
HEAT
MCONV

METCNV

APPENDIX E

SUBROUTINE -INDEX

"Function

Convolution by Fourier
Transform Products

Direct Convolution of

segmented single channel

series

Fast Fourier Transform

Fast Fourier Transform
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Source
‘Réeference "Author and Remarks

[14] McCowan, D. W., not
for IBM FORTRAN
systems

(*) Burgess, P.A., Modi-
fication of HEAT

(**) Dcuble precision
version of HARM

{23] . Singleton, R.C., used

Direct computation of Tukey [3]

Fn

Convolves Multichannel,

Approx. of autocorrelation

*)

sectioned input with single

channel filter

Single channel convolution (™)
by Fourier Transform products

Single channel correlation (")

Fast Fourier Transform

Multichannel Convolution

%)
[4]

Multichannel convolution for (*)

segmented input

Multichannel convolution

for segmented input

(%)

with SINCNV.

Simpson, S. M.,

Burgess, P.A., uses
direct method '

Burgess, P.A,

Burgess, P.A. Uses
NLOGN and Transform
products

IBM

Robinson, E. A.
Direct method

Burgess, P.A. modi-
fication of HEAT

Burgess, P.A., uses
and Fourier Transform.
Products
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Subroutine Source
‘Name “"Function " "Reference ~~Author and Remarks
NLOGN Fast Fourier Transform [4] Robinson, E.A. A
revision and modification
of COOL
PROCOR Convolution by multiplier [3] Simpson, S.M. Written
substitution in FAP; machine dependent
for IBM 7094
QACORR Computes autocorrelation [3] Simpson, S.M. Uses
PROCOR
REVFT4 Fast Fourier Transform [23] Singleton, R.C. used
with SINCNV
REALTR Re-orders Reverse binary [23] Singleton, R.C. used
ordered vector with SINCNV
RHARM Fast Fourier Transform (**) IBM. Uses HARM
SINCNV Circular Convolution of [23] Singleton, R.C.
two real vectors FORTRAN version of
uncertified Algol
procedure
WIENER Computes general multi- [4] Robinson, E.A. Uses
channel least squares recursion algorithm
(Wiener) filter
WIENR3 (See WIENER) (™ Burgess, P.A.

Modification of
WIENER using auxiliary
disk storage.

. * Available from author at Computer Centre, University of Manitoba.

*%* IBM Scientific Subroutine Package.

office.

Available from any IBM branch



