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ABSTRACT

For multi-dimensional data spaces the prediction error filter provides us a pow-
erful tool for interpolation and a convenient substitute for the inverse covari-
ance matrix needed for least squares inversion problems.
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1. Basic filtering

For the 1D case, consider the matrix convolution of time signals. Given a data pu
b = (bo,bs,...,by) and a filterf = (fo, f1,..., fn), the output transient convolution
cis
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The prediction error filter has the special definition that the leading coefficiel
will be constrained to 1, and a least squares formulation will be employed to fir
the rest of the coefficients of the filter such that when the data is convolved with t



filter the outputc is approximately 0.
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If we multiply both sides by the complex conjugate of the data, we obtain
Toeplitz matrix we can solve to calculate the prediction error fédtesing the the
autocorrelation of the data,
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This provides intuition, as well as practical computation techniques. The i
verse of the prediction error filter (PEF) has the same spectrum as the data. Alsc
practice, PEF’s tend to be quite short relative to the data and thus easily invertibl

This framework is easily extendable to multiple dimensions.

2. Properties

With the basics behind this simple definition of the the PEF, the most importa
property of these filters can be presented. Because we estimate the PEF on
autocorrelation of the data, we construct a filter specifically to absorb the color
the data andhe output of data filtered by a PEF estimated on it tends to whitenes



Conversely, convolving random noise with a PEF will synthesize a data set with t
same spectrum as the data the filter was estimated orh@efullyhave similar
structure.

Thus, these filters lend themselves readily to deconvolution, interpolation, noi
separation, synthesis, and stability applications.

PEFs are very flexible, quick to calculate, and are implemented in the spsa
domain rather than the Fourier domain. This lends itself to a malleability to hanc
problems of missing data, Fourier periodicity, and non-stationarity.

3. PEFs as dip-filters

In the framework of spatial statistics, data considered to be the superposition
various dips can be characterized well with these filters, which will also provide
geometric understanding to these beasts. If data can be characterized as a colle
of dips, and we understand that the PEF is a data annihilator, then a filter of



Training Image Synthesized Image TI * PEF

Figure 1: Data as scanned granite, synthesized from the PEF estimated on the «

residual | granite| [NR]



Training Image Synthesized Image TI * PEF

Figure 2: Data as wood grain, synthesized data, reswood| [NR]
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takes care of anything dipping in the opposite direction. By convolving the two, w
can eliminate both dips simultaneously with something of the shape

1 (6)



Thus, a PEF can generally described by a serigsxof coefficients following the
leading 1 such as
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All the PEFs in these examples are 10x 10.

4. Interpolation

By training a PEF on data that are irregularly sampled, the PEF can be used
a regularization operator in an least-squares inversion problem to interpolate d.
Minimizing the objective function

minQ(m) = ||Lm —d|| +€?||Am|| (8)



Training Image Synthesized Image TI * PEF

Figure 3: While the PEF did a good job synthesizing granite and wood, the she
localization of the herringbone pattern leads to problems. Implementation ov
patches would give a perfect res herr| [NR]



Training Image Synthesized Image TI * PEF

Figure 4: Weave once again fails due to non-stationary constru{baskef[NR]



Training Image Synthesized Image TI * PEF

Figure 5: Edges have been generously spread around the result rather than local
[NR]



Training Image Synthesized Image

Figure 6: Riverine pattern very difficult as all dips are present in the data, al
captured by the PEF, though they should be applied much more spairidges
INR]



Training Image Synthesized Image TI * PEF

Figure 7: This time, the synthesized data does well predicting the repeating laye
while the residual highlights discontinuiti€ WGstack [NR]



wherelL is a simple masking operator (diagonal matrix with ones at known dat
locations),A is the PEF estimated on the dataand the output model is.

Bob Clapp at the Stanford Exploration Project has extended the regularizati
to incorporate an initial regularization model result that we will seed with randor
noise,n

minQ(m) = [ILm —d|| +€||Am —ogn|| )

whereoy is the variance of the data at measured locations to appropriately scale
random numbers.

When we recall the previous figures of the synthesized data, this result mal
sense. Where data values exist, they are mapped directly to the model sp
while elsewhere, we provide synthesized data that match the spectrum and hc
fully structure of the data. This output is equivalent to results utilizing geostatistic
realizations while operating in a least squares framework. Importantly, if many r
alizations are summed (beginning with different random number matncése
result is identicle to the solving the interpolation problem without the additione
regularization term.



Figure 8: By seeding the regularization expression of the least squares inversion
interpolating the model space, the edges of the model will carry the texture of t

data rather than tending to ze[bobsea[NR]



Gapped Restored Random Realization

Figure 9: Cutting a huge hole in seismic data, interpolating with a PEF, interpolatil
after adding random noise to the regularizati WGstack-hole-fillf [NR,M]
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