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Abstract compute the actual bit rate achieved as well as the distortion in
Wavelet t ¢ ding i L lied t terms of the residual energy. We then present the composite
avelet transiorm coding Image compression IS appiied Opegits of bit rate versus distortion for each parameter choice.

two raw seismic data sets. The parameters of filter lengtharpe narameters which yield lower distortion bit rate at a given
depth of decomposition, and quantization method are varleq)it rate are the best choices

through 36 parameter settings and the rate-distortion relation

is plotted and fitted with a line. The lines are compared toThis paper is organized as follows. Section 2 reviews wavelet

judge which parameter setting produces the highest quality fokransform image coding by looking at several choices of

a given compression ratio on the sample data. It is found thajyavelets and quantization schemes. In Section 3 we describe

long filters, moderate decomposition depths, and uniformthe distortion measures employed in this study. In Section 4

quantization yield the best results. we present the results of the seismic data compression and we
conclude this study with Section 5.

1. Introduction

Wavelet image compression has been a very active research Wavelet Image Coding

; ; ,8,10,12,1 .
subject during the last few yea°’r§. However, appli It is well known that wavelet image coding consists of three

ﬁgt;o(r)ln?f gg}’ggtv’gagﬁe é:;%'l?ﬂ é%éfr:is?é%gagéorrnepsgii'or}nain parts: wavelet transform, quantization, and redundancy
y y : P removal. This section is mostly a review of wavelet image

presents more difficulties than still image compression, due to oding schemes and in particular of the parameter choices

certain image discontinuities (such as residual statics) anq <. wavelet transform and quantization. In this study we
large image amplitude |mbalqnces: Nevertheless, seismic da ve not looked at different encoding schemes like arithmetic
compression has been applied with good success in severaf i /Ot 25eC B R AEE IR S AT estigated

case studies, achieving compression ratios of 10:1 to 50:1 fo : :
S . ) s - ~In the near future. The subject of wavelet transform coding has
2-D seismic data and 30:1 to 150:1 for 3-D seismic data. Sinc een well referenced in a lot of journal articles, thus in this

the subject of seismic data compression is fairly new, there has_ ; :

not been up to now any comprehensive comparative study o ivéigxis ((:ft(l)c;ne,xv;% r?gegpe?e'ﬂferisgf d reader to other papers
wavelet image coding for 2-D seismic data compression. The pie, :
unavailability of such study makes it very hard to design effi-
cient wavelet image coders for 3-D seismic data compression2-1 Wavelet Transform Schemes

where there are significant many more choices of wavelet cody, this study we work only with 2-D separable wavelet trans-

ing options. Due to these reasons, we studied several wavelghy, “\yhich means that we only have to concern ourselves
image coders and their behavior in 2-D seismic data compresyith their corresponding 1-D wavelets and scaling functions.

sion. There are two families of wavelets, orthogonal and biorthogo-

Since there are many forms that seismic data can be availabl@@l- Orthogonal wavelets have several interesting properties.
for instance raw shot gather data, common-offset data, etc., iff/"th, they provide an orthonormal basis system for square
this study we are working with only one particular form of Intégrable functions, i.e., finite-energy signals. Second, they
seismic data. This form is called common depth point gather%:_a_n have compact support, or in filtering terms they can have a
(CDP), and is obtained from sorting in almost real time, raw finité impulse response, thus allowing for very efficient com-
shot gather data, according to their common depth or reflecPUter implementation. Third, we need only one FIR filter
tion point. Assuming that there are no significant image dis-function to be defined, and that is the scaling function, the
continuities in the data, such as residual statics, efficientlymother wavelet is determined from _%he scaling function
compressed CDP seismic data can then be transmitted via Saﬁ]rough a quadrature mirror filter relatiomnother study”
ellite during large offshore seismic 3-D surveys to the process'@S_indicated that optimum image compression for still
ing center. In the processing center the data are decompressdf129€s is obtained with filter lengths ranging between 8 and
quality checked and then processed through a typical seismid0- However, the compactly supported wavelets have asym-
data processing flow. We have collected a set of about 106N€tric finite impulse response. As a result, their phase is non-
CDP gathers, from four different areas of the world which lin€ar which in turn can cause artifacts in the decompressed
have been compressed with several wavelet image coders. I'2ges. One way to avoid this problem in orthogonal filters is

this preliminary study, we use several of these from two of thel® US€ orthogonal wavelets which are not compactly sup-
areas. ported. Realistically, since we want to work with FIR filters

we have to work with a long subset of the noncompactly sup-
The class of compression algorithms which are explored inported wavelet coefficients, which are fast decaying, at the
this project, use the separable discrete wavelet transfornexpense at more CPU time. This is not the preferred way to
(DWT) which is then followed by uniform, weighted, or fre- achieve computationally efficient compression. The other
guency-adjusted quantization and zero-run-length plus statievavelet choice, biorthogonal wavelets, are both compactly
Huffman coding. We examine the effectiveness of these algosupported and have symmetric impulse response. Besides
rithms for different choices of parameters for wavelet trans-symmetry, another major difference between orthogonal and
form coding and quantization. For each of these parametebiorthogonal wavelets is biorthogonal wavelets use one pair of
choices and for each data set, we compress the data set usifighctions for the forward wavelet transform and one pair of
several compression ratios from 5:1 up to 100:1 and then wdilters for the inverse transform. The pair of the forward trans-
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form filters are not orthogonal to each other, but they are orthogthe quantized coefficients. If these coefficients are stationary,
onal to the pair of the inverse wavelet transform filters. Thethen Huffman codingplus zero-run-length coding can be effi-
computational cost incurred by using biorthogonal waveletsciently used. However, if these coefficients are not stationary,
instead of orthogonal wavelets is small, with the added advanthen more sophisticated coding such as arithmetic coding have to
tage of a linear phase filter response. For both orthogonal antbe used. In this study we used Huffman coding plus zero-run-
biorthogonal wavelets there are fast computational algori?hms, length coding.

which allow very efficient wavelet transform computation.

In this study we have used biorthogonal filters with different fil- 3. Experiment

ter lengths. We used three different filters, short, medium andpe designed this compression comparison experiment so that it
long. The short, medium and long filters had (5,3), (8,4) andaccommodates some seismic data variety and a good selection of
(9.7) 2fllter lengths for both the forward and the inverse trans-compression parameters. In terms of seismic data, we worked
form.“ The long filter is the same one used by the FBI for finger-ith two data sets, all of them two-dimensional slices from
print compression and decompression levels. In particular Wenree-dimensional offshore surveys, one from Egypt and one
used four combinations for the wavelet decomposition in time from Trinidad. Which data set was used may be determined from

and space: 5/4, 5/5, 6/4 and 6/5. Each of these decompositioghg first three letters of the plot label. Egyptian data is named
level pairs was combined with the three different filters in @ ggy**++* while Trinidad data is named tri*++,

search for the optimum compression scheme.

In terms of compression parameters, we used three filters taken
2.2 Quantization Schemes from reference 2. All three filters are biorthogonal and come in
. . . quadruplets, with an analysis pair and its conjugate synthesis
The result of applying the wavelet transform is a set of coeffi- pair The short, medium and long analysis filter pairs have (5,3),
cients of which most have very small amplitudes and only few(g 4) and (9,7) taps, respectively. In fact the longest filter is the
have significant values. In order to get compression, we map thgzme used by the FBI for fingerprint compression. Which filter

set of wavelet transform coefficients to a new set of discrete valggt was used can be determined from the fourth letter in the plot
ues. This process of mapping from a continuous set of real valjgpa|- ***g+++* stands for short or (5,3), ***m*** stands

ues to a set of discrete values is called quantization. for medium or (8,4), and “***[*** stands forlong or (9.7).

In general there are two kinds of quantization, first scalar quantiyye ysed four different levels of decomposition: (5,4), (5,5), (6,4)
zation and second vector quantization. In scalar quantizationgp,q (6,5), with the first number representing the time decompo-
each wavelet coefficient or sample in general is quantized. Ingjtion and the second representing the trace decomposition.
vector quantization several samples are quantized together angich evels were used can be determined from the two-digit
in general, vector quantization is more powerful than scalar, moer in positions five and six of the plot label: ***54x*
quantization. In this paper we work with scalar quantization. gtands for (5,4), and so on '

There are several sub-types of scalar quantization. The first type e '
is uniform scalar quantization. In this quantization, we assignFinally, we employed three different quantization schemes. The
two bin widths for all samples, or in this case wavelet coeffi- first scheme computes a uniform zero and non-zero coefficient
cients, one for the significant sample values and one for the closgin, while the other two perform variance weighted subband
to zero values. The second type is scalar quantization, with difquantization. The difference between these last two quantization
ferent quantization bins per subband. The non-zero bin width peschemes is that the first assumes a flat subband visibility model,
subband is determined by two factors, first an adjustable subwhile the second quantization scheme allows for an adjusted
band array related to human vision, and second the subbangisual model which increases the bin widths for the high resolu-
coefficient variance. The adjustable array can be user definedjon subbands. Which of these was used can be deduced from the
The easiest choice is to have a unit array across all subbands. Beventh character in the plot label: “******* stands fami-

this study we have looked at several other choices of visuakorm quantization, ******s* stands for a flatsubband model,

adjustment array. As to the subband variance, subbands withyhijle **+*+*a* stands for an adjusted visual model.

small variance as for instance high frequency subbands, are

assigned coarse bin widths. In contrast, low frequency subband$herefore, for each data set we have three different filter choices,

are assigned fine bin widths. In this study, the non-zero bin widthfour different decomposition levels and three different quantiza-

is inversely proportional to the logarithm of the subband vari- tion schemes, resulting in 36 different data compressed and

ance. decompressed files. For each of the 36 resulting compressed and
o ) ) ) decompressed files we compute two signal-to-noise ratios (S/N,

The zero bin width at each subband is assigned 1.2 times thg dB) using the following formulas:

value of the non-zero bin width and the reconstructed value from

each subband non-zero quantization bin corresponds to a value

slightly smaller than the bin midpoint value. In our study we Abs. SIN = 20log,q |/ |Ack|% )

have all three scalar quantization techniques described above,

namely scalar uniform quantization, variance-weighted quanti-

zation and variance-weighted quantization with a subband visual

adjustment array. MSE S/N = 10|og05Z o Z/Z |Ac?H @)
2.3 Lossless Encoding Techniques

In this step we attempt to map the set of quantized coefficients taVhich formula was used to find distortion may be determined
a set of symbols so that the total number of bits per symbol getérom the last digit in the plot label: “*******1’ stands for for-
minimized. The encoding process works with the probabilities of mula (1), while ******+2’ stands for formula (2).
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We then plot these S/N ratios versus the fractional file size.
These plots are then compared for each of the three original data
sets and the parameters leading to the best compression results
are flagged. Some of the 72 plots are shown in Figures 1 and %:
for comparison.

4. Comparisons

. . . .3
In this study we did not consider other wavelet representations,
such as local cosines, best orthogonal bases, or multiwavelets. In
addition, we did not look at different encoding schemes. These
two topics will be the subject of a future paper.

We chose an arbitrary compression ratio (25:1) and estimated

the signal to noise ratio after compression by the 36 various

methods and the two measures of distortion. This was done by
fitting the least-squares line through the pairs (file fraction, S/N)4.
for each parameter choice, then evaluating that linear function at

the file fraction 0.040. The results are given in Table 1.

It should be noted that the two distortion criteria used here areb.
not perfectly correlated with visible distortion. Thus, an individ-
ual subject may prefer one of the lower signal-to-noise recon-
structions, obtained through visibility-adjusted quantization.
Another measure of quality might be the statistics of the resid-""
ual, which ideally should be white noise. The residual produced
by subband-variance-weighted or adjusted quantization, is more
energetic and in most cases has more visible features of the orige.
inal signal. It is difficult to reconcile these conflicting notions of
quality without precise knowledge of the ultimate “customer”
for the data, that being a human being or machine. Nevertheless
we are interested in high quality compression producing com-g-
pressed data, which can subsequently be processed.

5. Conclusion 9.

This study showed results of different 2-D wavelet image coders
on two seismic data sets. We used a comprehensive representa-
tion of filter lengths, decomposition levels, quantization
schemes, and compression ratios. The results show that, for both0.
data sets used, we get the least average error at a given compres-
sion by using long filter lengths, moderate decomposition levels
and a uniform quantization scheme. In fact, the uniform quanti-
zation scheme provides significantly better compression than the1-
subband adjusted and variance weighted quantization schemes,
particularly for lower compression ratios. More specifically, the
best combination seems to be the (9,7) biorthogonal filter12,
decomposition to levels (5,5) in time and trace number, coupled
with uniform quantization. These parameter choices are very
significant for the design of efficient 3-D wavelet image coders
for fast compression of 3-D seismic data. This study is by nol3.
means exhaustive; future studies are envisioned to evaluate com-
pression using local cosines, best orthogonal bases, multiwave-
lets, and different encoding schemes. 14.
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5/4, 5/5, and 6/5 decompositions applied to long filters and uniform quantizations for the Trinidad survey data

Table 1: Signal-to-Noise Ratios for Various Parameter Choices at 25:1 Compression

Name S/IN Name SIN Name S/IN
egys54ul/2 12.57/17.51 egysb4s1/2 9.62/13.50 egysb4al/2 12.04/17.29
egys55ul/2 12.03/17.16 egysb5s1/2 8.97/13.06 egysb5al/2 9.22/13.41
egys64ul/2 12.58/17.52 egys64s1/2 9.82/13.79 egys64al/2 9.99/14.00
egys65ul/2 12.04/17.17 egys65s1/2 9.16/13.33 egys65al/2 9.35/13.59
egymb54ul/2 6.93/12.18 egymb54s1/Z 5.05/9.65 egymb4al/2 5.53/10.27
egym55ul/2 6.43/11.80 egymb55s1/2 4.58/9.39 egym55all/2 4.97/9.89
egymé4ul/2 6.92/12.17 egym64s1/Z 5.08/9.68 egymé4al/2 5.42/10.12
egymeé5ul/2 6.43/11.79 egyme65s1/Z 4.54/9.34 egymé5all/2 4.89/9.78
egyl54ul/2 16.46/22.24 egyl54s1/2 12.69/16.5 egyl54alf2 12.64/16)21
egyl55ul/2 15.99/21.89 egyl55s1/2 12.16/16.17 egyl55al/2 12.09/15/98
egyl64ul/2 16.45/22.25 egyl64s1/2 12.67/16.5 egyl64al/p 12.56/16/21
egyl65ul/2 15.00/21.90 egyl65s1/2 12.13/16.16 egyl65al/f2 12.05/15/91
tris54ul/2 30.46/31.14 tris54s1/2 29.18/29.34 trisb4al/2 23.12/22.82
tris55u1/2 29.87/30.64 tris55s1/2 28.41/28.64 tris55a1/2 22.84/22.p1
tris64ul/2 30.46/31.15 tris64s1/2 29.22/29.36 tris64al/2 23.85/23.49
tris65ul/2 29.83/30.60 tris65s1/2 28.43/28.65 tris65al1/2 23.42/23.116
trim54ul/2 23.65/24.77 trim54s1/2 23.64/24.38 trim54al/Z 18.36/18.67
trim55ul/2 22.75/23.98 trim55s1/2 23.01/23.84 trim55a1/2 17.73/18.14
trim64ul/2 23.61/24.74 trim64s1/2 23.62/24.38 trim64al/Z 18.40/18.78
trim65ul/2 22.71/23.94 trim65s1/2 23.09/23.94 trim65al/2 17.80/18.30
tril54ul/2 34.74/35.89 tril54s1/2 28.15/27.11 tril54a1/2 26.34/26.08
tril55u1/2 33.93/35.13 tril55s1/2 27.67/26.68 tril55a1/2 25.94/25.74
tril64ul/2 34.75/35.91 tril64s1/2 28.22/27.14 tril64al/2 26.60/26.49
tril65ul/2 33.96/35.17 tril65s1/2 27.82/26.77 tril65a1/2 26.25/26.20




