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Abstract

A new method for the compression of seismic sections based on

a surface decomposition strategy is presented. In the decomposition

process a function representing the seismic section is rewritten into

a sequence of functions whose sum gives an approximation to the

original data set. Data compression is obtained by keeping only the

coefficients from the components that give a significant contribution

to the reconstruction. By significant we shall mean that the distance

between the original seismic section and the reconstruction is less than

a predefined tolerance in some convenient norm. Experiments show

that satisfactory interpretation quality is readily obtained with storage

requirements in the range of 1 to 2 bits per sample.
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1 Introduction

Storage requirements of digital seismic data are normally extremely large.
This necessitates methods that provide a compact representation of the data.
In this paper we have used a pure geometric approach for the compression
of conventionally processed stacked seismic sections. The methods presented
here are based on the decomposition strategies introduced in [3]. No seismic
interpretation methods or pattern recognition techniques are used. Other
papers addressing similar problems are [1] and [2]. However, the methods
presented in this paper differ significantly from the approach presented in [1]
and [2].

Quite simply, a seismic trace is a series of regularly sampled observations
throughout some period of time, and a seismic section contains a number of
such time series. With n regularly spaced traces (time series), each with m
samples, we obtain a set of observations

fi(j), i = 0, . . . , n− 1, j = 0, . . . , m− 1. (1.1)

Based on an interpretation of the seismic data fi(j) as an explicit surface
F (x, t), where

F (i∆x, j∆t) = fi(j), i = 0, . . . , n− 1, j = 0, . . . , m− 1, (1.2)

we introduce a new method for the compression of seismic sections. Here ∆x
and ∆t are the distance between the traces and the sampling interval along
each trace, respectively. Although it is not considered here, preprocessing
like noise reduction can be applied on F .

The data compression problem can be stated as follows: Given a seismic
section F (x, t) and a tolerance ǫ(x, t), find an approximation G(x, t) with as
few parameters as possible, but so that

|F (x, t) −G(x, t)| ≤ ǫ(x, t). (1.3)

Note that the tolerance can vary as a function of x and t.
In order to solve the data compression problem, we will use a variant of

the surface decomposition scheme for piecewise polynomials presented in [3].
Briefly, this method is as follows: Given a surface (seismic section) F , we
find a sequence of surfaces F0, G1, . . . , GN , so that the sum

G = FN = F0 +
N
∑

i=1

Gi
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becomes an approximation to F within the prescribed tolerance ǫ. The func-
tion F0 is regarded as the first approximation to F , while Gi are difference
functions so that

Fj = F0 +
j
∑

i=1

Gi → F

as j increases. We say that the sequence F0, G1, . . . , GN is a decomposition
of F , and that Fj , j = 0, . . . , N are a sequence of approximations to F .

By decomposing the seismic section in a fashion related to Fourier analy-
sis, the global and local behavior of the surface can be extracted. In a sense,
we seek to model low frequencies in F0 and higher and higher frequencies
in Gi as i increases. Data compression is obtained by only storing F0 and
those parts of the components Gi that give a ”significant” contribution to
the reconstruction of FN ≈ F .

The outline of the paper is as follows: In the next section we give a brief
introduction to the curve and surface representation used in this paper and
show how seismic sections can be interpreted as explicit surfaces. In Section 3
we discuss the decomposition strategies and the data compression algorithm
for seismic sections. Experimental results are given in Section 4.

2 The Mathematical Model

In order to establish a suitable surface representation of seismic sections,
we discuss some characteristics of the nature of the data. In exploration
seismology, discrete regularly sampled time series (sound) are recorded using
modern acquisition equipment. Figure 1 shows a part of a typical trace from a
conventionally processed stacked seismic section with 4ms sampling density.
We observe the wave-like behavior along the trace. Figure 3 shows parts of a
seismic section. We observe the highly correlated behavior of the data in the
x-direction (horizontal direction in Figure 3). This implies that neighboring
traces are highly correlated. In order to establish this, we can compute the
normalized cross-correlation between two traces fi1(j) and fi2(j) given by

cp(i1, i2) =

∑m−1−p
j=0 fi1(j)fi2(j + p)

[

∑m−1
j=0 (fi1(j))

2
]1/2 [

∑m−1
j=0 (fi2(j))

2
]1/2

(2.4)
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Figure 1: Part of a seismic trace with 4ms sampling density.

where the offset p ∈ {0, . . . , m − 1}. We assume that each trace has zero
mean. The absolute value of this function never exceeds 1 and perfect cross-
correlation corresponds to the value 1 and perfect anti-correlation to the
value -1. Values near 0 correspond to no correlation at all. For the data
set in Figure 3 we find c0(i, i + 1) in the range [0.73, 0.89] for all i, which
somehow implies that all the traces are correlated.

In order to adjust the surface representation to these two observations,
we have found it both convenient and natural to use function spaces which
reflect the wave-like behavior in the t-direction (along traces) and the cor-
related behaviour in the x-direction. The highly correlated behavior in the
x-direction can be modeled by the use of piecewise polynomial functions, also
referred to as splines. In this paper we have found it convenient to define
the piecewise polynomials in terms of the so called Bernstein/Bézier basis.
In order to cope with the wave-like behavior in the t-direction we can use
either a Fourier-representation, sinc-functions or so-called wavelets.

2.1 The Bernstein/Bézier basis

The Bernstein/Bézier curves are well known, both as a mathematical and
a computational tool for modeling freeform curves and surfaces, see [6] and
references therein. The Bernstein/Bézier basis is a special case of the B-
spline basis. Details on B-splines and Bernstein/Bézier curves and surfaces
can be found in the books [4, 6, 7]. Let us turn to the definition of the
Bernstein/Bézier functions.

A Bernstein/Bézier function of degree k with coefficient vector
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c = (c0, . . . , ck)
T is given by

fk(c, x) =
k
∑

i=0

ciB
k
i (x) (2.5)

where the functions Bk
i : [0, 1] → ℜ, known as the k+1 Bernstein polynomials

of degree k, are given by

Bk
i =

(

k
i

)

xi(1 − x)k−i, (2.6)

for i = 0, 1, . . . , k.
Figure 2(a) shows the cubic Bernstein polynomials and figure 2(b) shows

a cubic Bernstein/Bézier function with coefficient vector (c0, c1, c2, c3).
We observe that the function fk interpolates (0, c0) and (1, ck). For k = 1

we obtain
f1(c, x) = c0(1 − x) + c1x,

which is the straight line between the two points (0, c0) and (1, c1). The
piecewise linear curve between the points (i/k, ci) is called the control polygon
of the function, see Figure 2(b).

Now, given a sequence of coefficients of the form

c = (c0, c1, . . . , cn) (2.7)

where ci = (ci0, . . . , c
i
k), we can construct a piecewise Bernstein/Bézier func-

tion

gk(c, x) =
n
∑

i=0

f i
k(c

i, x), x ∈ [0, n+ 1] (2.8)

where

f i
k(c

i, x) = ci0B0(x− i) + . . .+ cikBk(x− i), x ∈ [i, i+ 1] (2.9)

If cik = ci+1
0 for i = 0, . . . , n − 1 then the function gk is continuous for all

k. Since we are only interested in continuous curves, we treat the array of
coefficients such that the coefficients cik of ci are the same coefficients as ci+1

0

of ci+1.
The derivatives of the functions f i

k at its endpoints, x = i and x = i+ 1,
are equal to k(ci1−c

i
0) and k(cik−c

i
k−1), respectively. Thus, in order to achieve
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Figure 2: (a) The cubic Bernstein polynomials, (b) A cubic Bernstein/Bézier
segment, (c) A piecewise cubic Bernstein/Bézier function with two segments.
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a smooth function (k > 1) with continuous first derivative for all x ∈ [0, n+1],
we must have (cik − cik−1) = (ci+1

1 − ci+1
0 ) for i = 0, . . . , n − 1. Figure 3(c)

shows a piecewise cubic Bernstein/Bézier function with two segments, which
has continuous first derivative for all x ∈ [0, 2].

We need a formula for splitting a Bernstein/Bézier function (2.5) with co-
efficients c = (c0, . . . , ck)

T into two Bernstein/Bézier functions. Let u ∈ [0, 1]
be the value where the given function is to be split and let p = (p0, . . . , pk)

T

and q = (q0, . . . , qk)
T denote the coefficients of the resulting two functions.

The splitting formula, also known as subdivision or refinement, for Bern-
stein/Bézier functions (2.5) can be written as

pj = c
(j)
0 (u)

qj = c
(k−j)
j (u)

}

j = 0, . . . , k (2.10)

where

c
(r)
i (u) = (1 − u)c

(r−1)
i (u) + uc

(r−1)
i+1 (u)

{

r = 1, . . . , k
i = 0, . . . , k − r

(2.11)

and c
(0)
i (u) = ci.

The algorithm corresponding to equation (2.11) is called the de Casteljau
algorithm ([6]). We obtain a function of the form

fk(p,q, x) =
k
∑

i=0

piB
k
i (x) +

k
∑

i=0

qiB
k
i (x− 1)

which is exactly the same curve as in (2.5). We note that pk = q0 lies on the
curve and that pk = q0 = fk(c, u). More on this can be found in [6].

The data reduction algorithm presented later is based on the de Casteljau
algorithm, and in order to simplify the notation we define an operator for
this process.

So, given a piecewise Bernstein/Bézier function gk(c, x) as in (2.8) we
want to split the whole curve at points x = i+u, i = 0, . . . n, u ∈ (0, 1) using
the de Casteljau algorithm on each segment f i

k(c
i, x). Hence, we produce a

new set of coefficents d from the given vector c. We will denote this process
by Ru and write

d = Ruc. (2.12)
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2.2 Surface Representation

The seismic sections in (1.1) are given as a number of traces. Regarding
each trace as continuous functions fi(t) we can write the seismic sections as
surfaces of the form

Fk(x, t) =
n−2
∑

i=0

(hi
0(t)B

k
0 (x− i) + . . .+ hi

k(t)B
k
k(x− i)) (2.13)

where hi
0(t) = fi(t) and hi

k(t) = fi+1(t) and where Bk
i are the Bernstein

polynomials. Note that whole traces are taken as coefficients to the basis
functions Bk

i . If k > 1, the intermediate coefficients hi
1(t), . . . h

i
k−1(t) have to

be estimated, e.g. in the cubic (k = 3) case we can estimate derivatives

dj(t) =
fj+1(t) − fj−1(t)

2
, j = i, i+ 1, (2.14)

and put
hi

1(t) = hi
0(t) + (1/3)di(t)

hi
2(t) = hi

3(t) − (1/3)di+1(t).
(2.15)

The scheme due to (2.14) and (2.15) is called the cubic Bessel interpolation
scheme, see [6]. We have used this scheme for the experiments done in this
paper. However, other schemes will certainly be of interest, e.g. schemes that
use structural knowledge about the underlying data.

The seismic section is represented exactly by (2.13) at all sample instants
if hi

0(t) and hi
k(t) are exact representations of the traces at all sample instants.

If k = 1 the surface will be piecewise linear in the x−direction.
We could also represent the traces fi(t) (or the coefficients hi

j(t) deducted
from the traces) in the Bernstein/Bézier form. However, in order to reflect the
wave-like structure in the t-direction, we suggest alternative representations
for the functions fi(t).

In addition to the Bernstein/Bézier representation of fi(t) we have tried
three different alternatives. The functions or the traces fi(t) could be rep-
resented in terms of their Fourier transform, in terms of other trigonometric
functions, e.g. sinc-functions, or through a so called wavelet transform (e.g.
wavelets deduced from splines [10]). Hence, we will write

fi(t) =
∑

j∈J

ci,jφj(t). ci,j ∈ ℜ, (2.16)
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where J = {0, . . . , m− 1} and φi can be any one of the functions

φi(t) =































exp(i(2πit
m

)) (Fourier),

sinπ(t−i)
π(t−i)

(sinc),

ψ(t− i) (wavelets).

(2.17)

Here i denotes the imaginary unit. Wavelets are covered in detail in the book
[10].

The data compression results did not differ significantly applying the
three different representation forms in (2.17). Hence, we will outline the
methods for decomposition and data reduction in terms of the well known
Fourier-transform applied to the seismic traces. Similar to using the de
Casteljau algorithm for refining Bernstein/Bézier represented functions (cf. equa-
tion 2.12), we define an operator R∗

1/2 which when applied to a trace in-
serts one sample halfway between each sample. This is done by the FFT-
transforms and inserting complex zeroes at the Nyquist sample position, see
[9, pages 15–16]. The function Fk in 2.13 is a tensor product represented
surface with basis elements φℓ(t)B

k
j (x− i), ℓ = 0, . . . , m−1, j = 0, . . . , k and

i = 0, . . . , n− 2.

3 Decomposition Methods

As pointed out in the introduction we want to rewrite the given surface
(seismic section) F as a sequence of surfaces F0, G1, . . . , GN , capturing low
frequencies for F0 and Gi with small indices i and high frequencies for Gi with
larger indices. Another way of putting this is to say that F0 +

∑n
i=1Gi, 1 ≤

n ≤ N should be approximations using finer and finer meshes as n increases.
Consider the surface

F (x, t) =
n−2
∑

i=0

(hi
0(t)B

k
0 (x− i) + . . .+ hi

k(t)B
k
k(x− i)) (3.18)

and for simplicity we assume that n = p2N + 1 where p is a positive integer.
A decomposition of F into N + 1 components F0, G1, . . . , GN is given by

Gj = Fj − Fj−1. (3.19)
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where

Fj(x, t) =
p2j

−1
∑

i=0

(hi2N−j

0 (t)Bk
0 (x/2N−j − i) + . . .+ hi2N−j

k (t)Bk
k(x/2N−j − i)).

(3.20)
It follows that

F (x, t) = F0(x, t) +
N
∑

j=1

Gj(x, t). (3.21)

We call the sequence F0, G1, . . . , GN a decomposition of F . Note that the
surface F is only decomposed in the x-direction.

3.1 Decomposition

Let us turn to an alternative notation which simplifies our presentation of
the decomposition algorithm. The coefficient (traces) hi

j, j = 0, . . . , k are
deduced from the given traces fi, e.g. by the Bessel scheme described in the
previous section. Given an approximation Fj at some stage in the decom-
position algorithm we need to estimate intermediate traces in order to find
Gj+1. This is done using the refinement scheme and the only reason for intro-
ducing the Bessel scheme is that we will estimate intermediate traces using
the refinement operator Ru given in (2.12). Hence, we may forget the Bessel
scheme by letting it be part of Ru. This implies that we can concentrate on
the set of traces

f = fN = (f0(t), . . . , fn−1(t)),

where these are the traces contained in the given seismic section. Then we
define an operator Pj which takes f = fN and produces fj by selecting every
2N−j’th trace from fN . Hence, we obtain the sequence

f0 ⊂ f1 ⊂ . . . ⊂ fN . (3.22)

Using a fixed interpolation scheme, e.g. Bessel interpolation, the set of traces
fj uniquely defines the surface Fj in equation (3.20). In order to establish the
difference Gj in equation (3.19) as a set of traces gj we have to insert traces
into fj−1. This is done by using the de Casteljau algorithm with u = 1/2
on each Bernstein/Bézier segment of Fj−1. Hence, equation (3.19) can be
written in terms of sets of traces as

gj = fj −R1/2fj−1 = PjfN −R1/2fj−1,
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where the refinement operator R1/2 denotes the process of inserting one new
trace halfway between two existing traces using the de Casteljau algorithm.
Hence, the decomposition of f is given by

f = R1/2(. . .R1/2(R1/2(R1/2f0 + g1) + g2) + g3 . . .) + gN =

f = (R1/2)
N f0 +

N
∑

j=1

(R1/2)
N−jgj , (3.23)

where (R1/2)
i denotes that the refinement operator is applied i times. The

basic steps of the algorithm which establish the decomposition can now be
stated as follows:

Algorithm 1. Decomposition.

1. f0 = P0fN
2. For j = 1, . . . , N

2.1. fj = PjfN
2.2. gj = fj −R1/2fj−1

First, the operator Pj selects a number of traces. We then establish
a piecewise Bernstein/Bézier representation with traces as coefficients in
the Bernstein polynomials. New Bernstein/Bézier segments, and hence new
traces, are introduced using the Bessel scheme (k = 3) and the de Casteljau
algorithm denoted by R1/2. For k = 1, no derivatives have to be estimated.
Hence, the process can go directly on to refinement. Note that the refine-
ment process R1/2 for k = 1 is just a simple averaging between consecutive
traces. However, a cubic scheme will in general capture more trends in the
data. Also note that every second trace in each set of traces gi has all its
coefficients equal to zero.

We may carry the decomposition process further by also decomposing in
the t−direction, i.e. rewriting each trace f(t) into a sequence of functions
f0(t), g1(t), . . . , gM(t) such that

f(t) = f0(t) +
M
∑

i=1

gi(t)

capturing low frequencies for small indices i and high frequencies for larger
indices.
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Let us turn to a discrete notation in the t−direction and put
f = (f(0), . . . , f(m−1)), a sequence of samples along a trace, (we can always
produce a continuous function by some interpolating scheme). Again, for
simplicity we assume that each trace has m = q2M + 1 samples where q is a
positive integer. In a similar way to the decomposition in the x−direction, we
define the operator P∗

i so that fi = P∗

i fM , where fM = f . The set fi consists
of every 2M−i’th sample from fM . Moreover, let R∗

1/2 denote the process of
inserting one new sample halfway between two existing samples. This is done
by the FFT-transforms and inserting complex zeroes at the Nyquist sample
position. We obtain the sequence of point sets

f0 ⊂ f1 ⊂ . . . ⊂ fM

and a decomposition of the trace f by

f = (R∗

1/2)
Mf0 +

M
∑

i=1

(R∗

1/2)
M−igi, (3.24)

where
gi = fi −R∗

1/2fi−1 = P∗

i fM −R∗

1/2fi−1, (3.25)

We note that this expression is similar to (3.23). However, the difference
is that (3.23) works on coefficients that are whole traces and a piecewise
Bernstein/Bézier representation, while (3.25) works on sample instants on
each trace and possibly a different basic representation, e.g. Fourier repre-
sentation. The refinement operator R∗

1/2 in (3.25) depends on the underlying
function space, in this case a Fourier representation. Similar operators can
be defined for sinc-functions and wavelets, see [10]. If we use the Bern-
stein/Bézier representation in the t-direction, the decomposition algorithm
becomes symmetric in x and t and we have R∗

1/2 = R1/2. By replacing f
with f , g with g, R1/2 with R∗

1/2 and Pi with P∗

i in Algorithm 1, we obtain
a similar decomposition algorithm for traces.

We conclude this section by summarizing the surface decomposition strat-
egy for seismic sections. A given set of traces f is decomposed in the x-
direction into sets of traces

f0, g1, . . . , gN

using Algorithm 1. It follows that the surface components

F0(x, t), G1(x, t), . . . , GN(x, t)
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satisfy equation (3.21). Then we take each trace in gi corresponding to
surface component Gi and decompose it in the t-direction into M+1 compo-
nents fi,0, gi,1, . . . gi,M , using Algorithm 1 with R∗

1/2 and P∗

j , j = 0, . . . ,M .
Note that this is done for all traces in f0, g1, . . . , gN . Hence, putting this
together for each trace in gi we obtain a decomposition of component Gi

into subcomponents Gi,0, . . . , Gi,M , which satisfies

Gi =
M
∑

j=0

Gi,j.

Doing this for f0 and gi, i = 1, . . . , N we obtain the following set of
(N + 1) × (M + 1) surface components

F0,0, G1,0, . . . GN,0
...

...
...

...
F0,M , G1,M , . . . GN,M

(3.26)

which we call the perfect bivariate decomposition of F . We have

F =
M
∑

j=0

F0,j +
N
∑

i=1

M
∑

j=0

Gi,j . (3.27)

The set of corresponding trace components from the decomposition of the
traces
f0, g1, . . . , gN can be written:

f0,0, g1,0, . . . gN,0
...

...
...

...
f0,M , g1,M , . . . gN,M

(3.28)

We have

f = (R1/2)
N f0 +

N
∑

j=1

(R1/2)
N−jgj , (3.29)

where

f0 = (R∗

1/2)
Nf0,0 +

M
∑

i=1

(R∗

1/2)
N−jf0,i
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gk = (R∗

1/2)
Ngk,0 +

M
∑

i=1

(R∗

1/2)
N−jgk,i

We recall that the seismic section has n = p2N +1 traces and that each trace
has m = q2M + 1 samples. Thus, the number of coefficients in a set, say
gk,l, in (3.28) is [p2k + 1] × [q2l + 1]. Moreover, every second trace in each
set gj is zero. Hence in the point sets gi,j in (3.28) every second point in
both directions is zero. We find that the total number of significant (possible
non-zero) coefficients in (3.28) equals n×m, which is the number of samples
in the seismic section.

We will now investigate each component in (3.28) and try to remove as
much redundant data as possible in order to obtain a compact representation
of the seismic section F .

3.2 Data Compression by Truncation

We aim to find a functionG with as few coefficients as possible approximating
the function F in (3.18). Given a tolerance ǫ > 0, one way to obtain data
compression is to set all those coefficients in (3.28) that are less than ǫ equal
to zero, and only store coefficients greater than ǫ. Since the construction of
the decomposition (3.27) interpolates all points in both directions, it can be
shown ([3]) that such a truncation gives an overall approximation G which
satisfies |G(x, t) − F (x, t)| < ǫ for all x and t. We will now put this into an
algorithmic form:

For large indices j the traces in fj becomes less spaced and hence the
intermediate traces introduced by R1/2 should become better estimates for
larger j if the surface is sufficiently smooth in the x−direction, i.e. the traces
are correlated. Hence, the significance of the sets gj will be reduced for large
indices j and therefore contribute less to the reconstruction in (3.23).

Similarily the significance of the point sets gi from the decomposition of
a trace will be reduced for large indices i and contribute less to the recon-
struction in (3.24). We conclude that the elements in gi,j in (3.28) become
less significant when i+ j is large.

The approximation sign (≈) in the following algorithm indicates a trun-
cation of all elements in gi,j that are less than the given tolerance ǫ.
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Algorithm 2. Data compression by truncation

1. Algorithm 1 on f gives f0, g1, . . . , gN

2. Algorithm 1 on f0, g1, . . . , gN with R∗

1/2 gives the set of traces

f0,0, g1,0, . . . gN,0
...

...
...

...
f0,M , g1,M , . . . gN,M

3. For j = 1,M
3.1. f̂0,j ≈ f0,j

4. For i = 1, N
4.1. For j = 1,M

4.2. ĝi,j ≈ gi,j

It follows that the reconstruction

f̂ = (R1/2)
N f̂0 +

N
∑

j=1

(R1/2)
N−j ĝj

where

f̂0 = (R∗

1/2)
N f̂0,0 +

M
∑

i=1

(R∗

1/2)
N−j f̂0,i

ĝk = (R∗

1/2)
N ĝk,0 +

M
∑

i=1

(R∗

1/2)
N−j ĝk,i

reproduces the seismic section within the tolerance ǫ.
We recall that the number of possible non-zero coefficients in (3.28) is

n ×m, which implies that only n ×m coefficients have to be considered in
steps 3. and 4. in Algorithm 2.

The point sets f̂0,j , ĝi,j, i = 1, . . . , N, j = 1, . . . ,M have to be stored.
Only non-zero elements are stored which necessitates storing positions as
well. The positions are indicated in an n×m bitmap flagged by ones at all
positions where data are stored. The bitmap is packed with a standard quad
tree algorithm [8]. Non-zero coefficients in the sets of traces are stored using
the so called Huffman-coding scheme, see [8]. A partition of the tolerance ǫ
is used for the quantization of the remaining coefficients.
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3.3 Data Compression by Truncation and Successive
Updating

It is possible to obtain more data compression by using a different strategy
when finding intermediate traces gj (see step 2.2. in Algorithm 1). If we
can find better estimates for the intermediate traces introduced by R1/2, the
“traces” gj which represent differences between the original and the interme-
diate traces will get smaller. Hence, more coefficients in the point sets (3.28)
can be truncated to zero and higher compression can be obtained. This is
done by checking and updating intermediate traces “on the run”.

If intermediate traces introduced by R1/2 are outside the tolerance, some
elements gi,j become greater than ǫ and have to be stored. Hence, we can
update those elements gi,j before refining the traces in the t−direction. We
obtain the following algorithm:

Algorithm 3. Data compression by truncation and
successive updating.
1. f0 = P0fN
1.1. f̂0 = A(f0, f0)
2. For j = 1, . . . , N

2.1. fj = PjfN
2.2. f̂j = A(fj ,R1/2f̂j−1)

2.3. ĝj = fj − f̂j

The notation A(·, ·) in the algorithm above denotes successive updating
while refining in the t−direction. If the arguments are s and t then t̂ = A(s, t)
is found using the following algorithm:
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Algorithm 4. Successive updating of intermediate traces.

1. s0 = P∗

0s
1.1. t0 = P∗

0t
1.2. r0 = s0 − t0

1.3. r̂0 ≈ r0

1.4. t̂0 = s0 + r̂0

2. For i = 1, . . . ,M
2.1. si = P∗

i s
2.2. ri = si −R∗

1/2t̂i−1

2.3. r̂i ≈ ri

2.4. t̂i = R∗

1/2t̂i−1 + r̂i

3. t̂ = (R∗

1/2)
M ŝ0 +

∑M
i=1(R

∗

1/2)
M−ir̂i

Note that the approximation sign (≈) denotes truncation to zero if the
value is less than ǫ. The traces in the set t are decomposed and reduced one
by one by truncating to zero all elements in the differences ri, i = 0, . . . ,M
that are less than the tolerance ǫ. The truncation is now done in step 1.3
and 2.3 of Algorithm 4. On each level in loop 2, intermediate points in t̂i

which deviate more than the tolerance from the original sample values are
set equal to the original sample values. The effect is that the reconstructed
traces from step 3 are better estimates than what would be the case without
updating. Elements in ĝj, step 2.3 in Algorithm 3, will now normally have
more elements equal to zero which implies higher compression. Experiments
show that significantly higher compression is obtained using Algorithms 3
and 4 compared to that obtained using Algorithm 2.

4 Results

Figure 4 shows a reconstruction of the seismic section in Figure 3. The
compressed data was stored with 1.4 bits per sample. Algorithms 3 and 4
were used.

Experiments have shown that there is little visual difference between orig-
inals and reconstructions from about 7 bits/sample with the wiggle plots
shown in Figures 3 and 4. As compression is increased, the reconstruction
gets “smeared out”, but even reconstructions from 1.4 bits per sample pre-
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serve a quality acceptable for geological interpretation, as shown in Figure
4.

Experiments have also shown that the choice of the initial step length
2M in the t−direction (see section 3), is of vital importance regarding com-
pression rates and the quality of the reconstruction. We have found that
M = 2 and M = 1 for sections with 2ms and 4ms sampling density respec-
tively give the best results. Note that M = 0 suppresses decomposition
in the t−direction. The initial step length 2N in the x−direction is of less
importance unless a small value (< 4) is used.

If the number of traces in the seismic section is n and the number of
samples in each trace is m, the number of operations is of order (n×mlogm)
both for compression and for reconstruction. A typical section of 1416 traces
and 1999 samples in each trace (8 seconds of data and 40 km length) takes
about 100 seconds to compress on a HP9000/720 with unoptimized code.
Disk I/O adds a significant contribution to the elapsed time (about 1/3).
Reconstruction of the same section takes about 20 seconds. The positions of
the coefficients and the coefficients themselves are stored using a quad-tree
bit packing method and Huffman-coding, respectively.
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Figure 3: Part of a seismic section, plotted with AGC (Automatic Gain
Control)-window=500ms, centered RMS (Root Mean Square) scaling.
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Figure 4: Reconstruction from 1.4 bits/sample of the seismic section shown
in Fig. 3
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