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A Geometry Dependent Lookup Table Approach to Improve
Performance of the OMP Seismic Interpolation Method
Y. Hollander* (Paradigm), I. Degani (Paradigm), O. Yilmaz (Paradigm), R. Levy (Paradigm)

Summary
We present an approach to improve runtime of the \emph{orthogonal matching pursuit} (OMP) method for
multidimensional seismic interpolation. OMP is an expansion of \emph{Anti-leakage Fourier Tranfrom} (ALFT)
which seeks to further minimize spectral leakage of the computed spatial spectrum. Both methods suffer from
low performance efficiency due to the need for iterative computations of forward and backward Fourier
transforms. An approach to reduce the necessity of these repeating transform computations was recently
presented for the ALFT method. Here we generalize this improvement to OMP, and show a substantial runtime
improvement of a factor 4-5 compared to the old approach.
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Introduction
Multidimensional regularization of seismic data is an important practice in exploration seismology. Various data processing methods, such as wave-equation imaging and multiple-elimination, require seismic
data to be regularly sampled. In reality, field acquisition patterns are most often non-regular or coarse
due to the presence of natural or man made obstacles on land, and in marine surveys, due to wells and
cable drift caused by wind and waves. Seismic interpolation is also used for filling missing data to
improve sampling for migration and for AVO analysis.
One of the methods for 5D Fourier based seismic interpolation is the Anti-leakage Fourier Tranfrom
(ALFT) (Xu and Pham, 2004; Xu et al., 2010). The main idea behind ALFT is to reduce the leakage
between wave-numbers arising from irregularities in the spatial sampling of the input 5D gather. The
algorithm is quite straightforward, and involves iterative calculations of irregular forward and backward
discrete Fourier transforms (DFTs). In every iteration a maximal energy coefficient is chosen, and its
back projection into the spatial domain is subtracted from the input data. The chosen coefficient is added
to the coefficients picked on previous iterations, and the process repeats until convergence. An orthogonal matching pursuit (OMP) approach that further minimizes the spectral leakage by recalculating all
expansion coefficients at each iteration, was proposed as an improvement to the basic ALFT method
by Hollander et al. (2012). This approach was based on similar ideas from mathematical and electrical
engineering literature (Tropp and Gilbert, 2007; Kunis and Rauhut, 2007).
One of the main concerns with both ALFT and OMP methods is computational efficiency. The need for
recalculations of forward and backward DFTs at each iteration makes these algorithms extremely time
consuming, most especially if the number of spatial sampling points is large. The irregular Discrete
Fourier Transform (DFT) generally has an O(Nx Nk ) complexity (with Nx as the number of spatial samples and Nk as the number of spatial frequencies). Several efficient algorithms to calculate the irregular
DFT have been proposed in the past (e.g. Fourmont (2003)). However, even with those techniques in
hand, the large number of repeated DFT computations burdens the algorithm substantially. In a recent
work Whiteside et al. (2014) described a way to significantly improve the computational efficiency of
ALFT by employing a pattern-removal technique, thereby avoiding the repeated Fourier transforms. The
goal of this work is to describe the expansion of this improvement for the OMP algorithm. Examples
are given to show the significance of this technique to both the ALFT and OMP methods.

Theory and Method
The ALFT and OMP methods represent the seismic gather d̂(t, x) as a combination of multidimensional
Fourier basis functions. This approximation can be written in the most general form as follows
d̂(t, x) u ∑ m̂ j ei2πx·k j ei2π f j t ,

(1)

j

with t and f denoting the vertical regularly sampled dimension in the time and frequency domains,
respectively. Following a preliminary vertical FFT to separate the gather to temporal frequency slices,
each slice is approximated as
d(x) u ∑ m j ei2πx·k j = Am,
(2)
j

where m is the vector of Fourier coefficients and A is a matrix containing in its columns the corresponding Fourier basis functions sampled at the irregular 4D spatial grid denoted by the vector x. The 4D
wave number vector in both (1) and (2) above is denoted by k.
Both ALFT and OMP, as well as other Fourier based regularization techniques (Sacchi et al., 1998;
Liu and Sacchi, 2004; Trad, 2009), find a sparse representation of the form (2) in the sense that only a
handful of the available basis functions are chosen to participate in the final expansion. The algorithm
behind the ALFT/OMP methods can be best described by the following steps,
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Initialization: Calculate the forward discrete Fourier transform of the input slice v(0) = DFT(d).
Iterate over ’i’, starting at i = 1:
1. Update the coefficient vector m.
For ALFT: Append the dominant coefficient in v(i−1) to the existing coefficient vector (we regard
m(0) as an empty vector)
h
i
(i−1)
(i−1)
m(i) = m(i−1) , v j
, with j =argmax |vk |.
(3)
k

For OMP: Append to the existing matrix A(i−1) the Fourier basis function corresponding to the
dominant coefficient j,
h
i
A(i) = A(i−1) , DFT−1 ( j’th col) .
(4)
Calculate the values of all active coefficients by solving the damped least square minimization problem


m(i) =min
m

d − A(i) m

2
2

+ λ kmk22 ,

(5)

with k • k2 as the l2 norm of a vector, and λ as a regularization weight.
2. Calculate the vector of Fourier coefficients of the residual,
h i
h

i
v(i) = DFT r(i) = DFT d − DFT−1 m(i) .

(6)

3. Terminate the loop if
kv(i) k2
< ε,
kv(0) kmax
2

(7)

where kv(0) kmax
is the maximal l2 norm of the vectors v(0) among all frequency slices in the input
2
5D volume, and ε is a given convergence threshold.
Note that equation (6) involves projecting back the chosen coefficients at each iteration to calculate the
current residual r(i) . The new residual is then forward transformed to obtain the Fourier coefficients
v(i) from which the next dominant coefficient is chosen in the next iteration. The main bottle neck
in original OMP and ALFT implementations was the repeated computation of explicit forward and
backward Fourier transforms for these calculations.
To describe the enhancement put forward by Whiteside et al. (2014) for ALFT we rewrite equation (6)
as


v(i) = F? d − A(i) m(i) = v(0) − F? A(i) m(i)
(8)
where the matrix F contains in its columns the entire range of Fourier basis functions sampled over the
spatial 4D grid for all wave-numbers available for the analysis. The Hermitian transpose operator is
denoted by (•)? . The basic observations of Whiteside et al. (2014) is that the matrix F? A(i) has a simple
structure which allows reading any of its columns from a simple lookup table obtained from the forward
Fourier transform of a constant vector having the value 1 at each spatial sampling point. To understand
this note that F? A(i) is in fact a submatrix of F? F. This latter matrix contains the inner products of all
pairs of exponential basis functions (the Fourier basis). It can be shown that in one spatial dimension
this matrix has a Toeplitz structure, whereas in higher dimensions more complicated cyclic structures,
but of the same nature, emerge. These cyclic relations connect the columns of F? F making it possible to
read any column from a previously computed lookup table which values depend only on the geometry
sampling pattern. As reported by Whiteside et al. (2014) this observation by itself improved 5D ALFT
performance by a factor of around 4.
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We now wish to extend the method of Whiteside et al. (2014) to OMP (Hollander et al., 2012). In OMP
the updated model coefficients are found by solving the following equation, derived directly from (5)
h
i
?
?
A(i) A(i) + λ I m = A(i) d,
(9)
with I as the identity matrix. The original OMP implementation used an inverse Fourier transform to
?
obtain the added column of the matrix A(i) , followed by an update of the product A(i) A(i) . However,
based on the new improvement we suggest that Fourier transforms can be avoided altogether. To this
?
end we first observe that the matrix A(i) A(i) is obtained from F? A(i) by restricting the latter to the active
?
coefficient rows. So, the wanted entries of A(i) A(i) can be read from the lookup table calculated initially.
The right hand side of (9) is built by taking the entries with active indices from the vector v(0) = F? d,
which is calculated once for every frequency slice. In this way the OMP system (9) is set up without
invoking repeated Fourier transforms. This considerably improves the performance of the OMP method,
as will be exemplified in the next section.

Results
The example given in this section concerns the 5D regularization of an input aperture of 5 by 3 cdp
gathers. The input geometry of the middle aperture gather is plotted in figure 1(a), which shows the
distribution of shots and receivers. The output geometry pattern is a rectangular spread consisting of 76
offsets in the inline direction and 41 in the crossline direction (figure 1(b)).

(a)

(b)

Figure 1 Location of shots (red dots) and receivers (blue dots) for the input geometry (a) and output
regularized geometry (b).
The reconstruction to the new finer grid was done for both the ALFT and OMP methods, using the
old and new algorithmic approaches. Figure 2(a) shows the 15 input gathers used in the analysis. The
output gather is given in figure 2(b) for the OMP based computation. The comparison in this figure is
between the results obtained from the old and new computations. The negligible differences between
the results are also shown in figure 2(b). Runtime comparison for all 4 runs is depicted in figure 2(c).
As can be seen the ALFT performance improvement is of a factor of about 4, whereas the speedup for
the OMP method is of a factor of 5. Also note that the penalty for using the more accurate OMP method
is substantially reduced. With the old algorithm the OMP to ALFT runtime ratio was 1.5, whereas with
the new algorithm this ratio is reduced to 1.2.

Conclusions
Both the ALFT and OMP methods were originally based on repeating calculations of the discrete Fourier
transform for irregularly sampled data. Some new insights of the actual necessity of these repeating
computations were presented by Whiteside et al. (2014) for the ALFT method. In this work we generalized this improvement to the OMP method originally presented by Hollander et al. (2012). As was
demonstrated for a full 5D seismic regularization work flow, The runtime for both ALFT and OMP was
substantially improved by a factor of about 4-5. The overhead of using the more accurate OMP approach
compared to ALFT was also considerably reduced.
79th EAGE Conference & Exhibition 2017
Paris, France, 12-15 June 2017

(a)

(b)

(c)

Figure 2 An input aperture composed of 15 cdp gathers (a), and the middle one regularized using the
OMP method (b). The recatngular spread output geometry is described in Figure 1(b). Figure (b)
compares the output using the old approach (left gather) and the new one described in this work (middle
gather). The differences are plotted on the right gather in (b). Runtime comparison is given in (c) for
both ALFT and OMP, for the old approach (A) and the new one (B).
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