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Dealing with errors in automatic velocity analysis

Robert G. Clapp1

ABSTRACT

The lack of human interaction in automatic reflection tomography leads to a larger per-
centage of “bad” data points. The number of data points associated with events with
spurious moveouts (such as multiples and converted waves) can be minimized by intelli-
gently controlling the semblance scanning range. The effect of the bad data points can be
limited by replacing the standardL2 norm solution with a norm closer toL1 by reweighted
least-squares. By replacing the standard constantε parameter with a diagonal operator,
areas with large errors in moveout can be highly regularized with minimal effect on areas
with more reliable moveout information. This methodology is applied to a complex 2-D
dataset.

INTRODUCTION

In ray-based reflection tomography, picking reflectors is an integral and painful part of the
process (Clapp, 2001b; van Trier, 1990; Stork, 1992; Kosloff et al., 1996). The common
methodology is to pick a series of reflectors from a migrated image. A set of rays are then cal-
culated that reflect at the picked interfaces. A major problem is the human intensive nature of
reflector picking, especially for 3-D data. Automatic pickers can help, but significant human
quality control (QC) is still necessary. A high level of QCing is required because inaccurate
reflector picks lead to inaccurate reflector dip estimates. These poor estimates cause informa-
tion to be back projected to the wrong portion of the model space, seriously hampering the
inversion.

Woodward et al. (1998) and Clapp (2001a) introduced methods to limit the amount of pick-
ing required by selecting back projection points based on criteria such as semblance and dip
coherence. These methods are successful in reducing the human cost of tomography but have
two significant weaknesses. First, moveout is often characterized by a single value. This value
is obtained by scanning over a range of moveouts and then selecting the maximum. In areas
with significant multiple or converted wave energy, they will often have trouble distinguishing
primary reflections (signal) from multiple and converted wave reflections (noise). The second
problem is that these automatic point selection methods are generally going to have a larger
level of erroneous moveout descriptions that generally increase with depth. These erroneous
moveouts will generally cause large residuals which can dominate the inversion procedure.
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In this paper, I show three simple methods to combat both problems. Unreasonable move-
outs can be avoided by scanning over a large range of moveouts but only selecting points
whose maximum is in a narrower range of moveouts. Second, I show that we can account for
a higher level of variance by adding a diagonal weight to our model styling goal. Finally, I
show that the effect of the remaining non-primary events and other erroneous moveouts can
be further diminished by using re-weighted least-squares (Claerbout, 1998) to simulate aL1

inversion problem where noisy data points have less of an effect.

LIMITING THE SCANNING RANGE

In Clapp (2001a), I outlined a procedure for selecting points for back projection. The goal was
to find points with high dip coherence and semblance at a minimum distance from each other.
This methodology can run into problems for events whose moveout doesn’t correspond to
primary events or whose moveout is not adequately defined by calculating vertical semblance.
For example, the common reflection point (CRP) gathers in Figure 1 shows every fifth gather
along the left edge of a salt body. Note the coherent but “hockey stick” like shapes within
the ‘A’ oval. These can be caused by small velocity errors (Biondi and Symes, 2002) but
measuring just vertical moveout would indicate much larger errors. Clapp (2002) shows one
way to address the latter concern.

Figure 1: Every 5th gather to the left edge of a salt body. Note the coherent, “hockey stick”
behavior within ‘A’. bob3-gathers[CR]

Simply limiting the range of acceptable moveouts that we search isn’t a sufficient solution
because the maximum often will be at the extreme scan range. A simple methodology to
minimize the effect of unreasonable moveouts is to scan over a large range of acceptable



SEP–112 Handling bad data in tomography 39

moveouts and only accept points whose maximum fall within a smaller range (see Figure 2).
With this methodology, spurious moveouts can be identified and ignored. When dealing with
internal multiples or events whose moveout is close to acceptable, failure can still result.

Figure 2: The top figure shows an
example of a good point. The max-
imum is reasonable and within the
scanning region indicated by the solid
vertical lines. The second plot shows
the problematic situation. The move-
out is unreasonable and its maximum
is outside the scanning range. We
can avoid using the unrealistic move-
out by scanning over moveouts be-
tween the solid lines but only se-
lecting points whose maximum is
within the dashed lines, bottom panel.
bob3-limited [NR]
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To show the benefits of this methodology, I applied it to a complex 2-D dataset. Figure 3
shows an initial velocity model and migrated image of a 2-D line from a 3-D dataset donated
by Total Fina Elf. Figure 4 shows the updated velocity model and migrated image without
limiting the scan range. Note the extreme velocity along the edge of the salt. The resulting
image is less coherent than the initial image, especially in the ovals indicated by ‘A’, ‘B’, and
‘C’. Figure 5 shows the result of limiting the range of acceptable moveouts. Note how the
velocity along the edge is more reasonable. We see a strong salt bottom reflection at ‘A’, better
definition of the valley at ‘B’, and more coherent events leading up to the salt edge at ‘C’.

VARIABLE EPSILON

Let’s begin with a review of the general fitting goals we are using for the tomography problem.

Tomography Review

Following the methodology of Clapp and Biondi (1999), I will begin by considering a regu-
larized tomography problem. I will linearize around an initial slowness estimate and find a
linear operator in the vertical traveltime domainT between our change in slowness1s and
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Figure 3: The starting model and migration of a 2-D line from a 3-D North Sea dataset. The
top-left panel shows the velocity model (white indicates large velocities) and the top-right
panel shows the migrated image using this velocity. The bottom panel shows a zoomed area
around the salt body. Note the salt bottom,‘A’; the valley structure at ‘B’; and over the salt
under-hang at ‘C’.bob3-combo.vel0[CR,M]

our change in traveltimes1t. We will write a set of fitting goals,

1t ≈ T1s

0 ≈ εA1s, (1)

whereA is our steering filter operator (Clapp et al., 1997) andε is a Lagrange multiplier.
However, these fitting goals don’t accurately describe what we really want. Our steering filters
are based on our desired slowness rather than change of slowness. With this fact in mind, we
can rewrite our second fitting goal as:

0 ≈ εA (s0 +1s) (2)

−εAs0 ≈ εA1s.

Our second fitting goal can not be strictly defined as regularization but we can still do a pre-
conditioning substitution (Fomel et al., 1997), giving us a new set of fitting goals:

1t ≈ TA−1p

−εAs0 ≈ εIp . (3)

Our standard inversion fitting goals (3) make an assumption that our data fitting goal is equally
believable everywhere. Stated another way, we want the same weightε for our model styling
goal everywhere. This is generally untrue. We can, and should, account for differing level of
confidence in two different ways. If we have a measure of certainty about a data point (for
example how much of a peak our semblance pick is) we can add a data covariance operatorW
to our fitting goals,

W1t ≈ WTA −1p

−As0 ≈ εIp . (4)
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Figure 4: Data after one non-linear iteration. The top-left panel shows the velocity model and
the top-right panel shows the migrated image using this velocity. The bottom panel shows a
zoomed area around the salt body. Note the salt bottom,‘A’; the valley structure at ‘B’; and
under the salt over-hang at ‘C’.bob3-combo.vel1.bad[CR,M]

We can also often make statements about our confidence in our data fitting goal as a func-
tion of our model space. For example, generally as we get deeper, we will have less confidence
in the points, and be less able to get a high frequency velocity model. We can account for this
uncertainty by replacing the constant epsilon of fitting goal (4) with a diagonal weighting
operatorE resulting in the updated fitting goals,

W1t ≈ WTA −1p

−EAs0 ≈ EIp . (5)

By having this additional freedom we can allow for more model variability in the near surface
and force more smoothing at deeper locations. Figure 6 shows the result of using the new
fitting goals (5). Note how we have a higher frequency velocity structure above and a smoother
below. The overall image quality is also improved compared to Figure 5.

L1 NORM TO HANDLE LARGE RESIDUALS

The previous section discussed a method to reduce the number of bad data points. Another
approach is to limit their effect in the inversion. Generally we do not iterate to convergence.
Early iterations tend to concentrate on large residuals. Erroneous data points tend to cause the
large residuals. The result is that our solutions tend to be dominated by these erroneous data
points.

A method to combat this problem is to change our misfit functional from the traditional

rd = ‖d−Lm‖
2. (6)

There are two different methods to change the misfit function. The first is to use a non-linear
solver. With a non-linear solver there are a variety of misfit functions, most interestingly the
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Figure 5: Data after one non-linear iteration with limited semblance search window. The top-
left panel shows the velocity model and the top-right panel shows the migrated image using
this velocity. The bottom panel shows a zoomed area around the salt body. Note the salt bot-
tom,‘A’; the valley structure at ‘B’; and under the salt over-hang at ‘C’. Note the improvements
compared to Figure 4.bob3-combo.vel1.l2[CR,M]

Ł1 and Huber functionals (Huber, 1973; Claerbout, 1996; Clapp and Brown, 1999). A second
approach is reweighted least-squares, (Nichols, 1994; Guitton, 2000). In reweighted least-
squares a weighting operator is applied to the residuals based upon the size of residuals at
certain points in the inversion.

The total non-linear approach has fewer parameters to manipulate and is generally more
robust than reweighted approach. The downside of the completely non-linear approach is that
it is significantly slower (a factor of ten or more is not uncommon). I chose the reweighted
least-squares approach because I am most interested in finding and minimizing the effect of
the largest residuals. I found that a single calculation of the weighting function after1

3 of the
total number of iterations was sufficient to minimize the most troublesome residuals. Figure
7 shows the velocity and migration result using anL1 norm. Note the improvement in image
quality over either of the previous approaches (Figures 4 and 5). The salt bottom is more
continuous, ‘A’. The valley structure is better defined, ‘B’. The reflectors are more continuous
and extend closer to the salt at ‘C’.

CONCLUSIONS

Automatic velocity updating has great potential for reducing processing cycle time. The prob-
lem of automatic methods selecting unreasonable moveouts can be reduced by scanning over
a large moveout range and selecting events which fall within a smaller window. The effect of
bad points can be further reduced by replacing the standardL2 norm with aL1 norm. Prelim-
inary results are promising.
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Figure 6: Data after one iteration using a constantε. The top-left panel shows the velocity
model and the top-right panel shows the migrated image using this velocity. The bottom panel
shows a zoomed area around the salt body. Note the salt bottom,‘A’; the valley structure at ‘B’;
and under the salt over-hang at ‘C’. Note the improved image quality compared to Figure 4
and Figure 5.bob3-combo.vel1.eps[CR,M]
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