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SUMMARY

METHOD

Seismic data can experience non-stationary frequency variations caused by attenuation. This problem is encountered
when matching multiple data sets, such as in multicomponent
image registration, because signals with differing frequency
content are hard to correlate. In this paper, we propose a
method to balance frequency content between data sets while
taking into account non-stationary frequency variations. This
method involves finding and applying a non-stationary smoothing operator to minimize the local frequency difference between data sets. Numerical examples demonstrate that the
proposed method improves multicomponent image registration
and matching images of differing resolution.

Two signals of differing frequencies are more difficult to correlate than signals of similar frequencies. For example, Figure
1 shows two seismic images representing the same subsurface,
except they have distinctly different spectral content, as shown
in Figure 3a. In order to be directly comparable, these two
images should have similar frequency content. In this paper, we look at local frequency (Fomel, 2007), which can be
thought of as a smoothed estimate of instantaneous frequency
(White, 1991). Local frequency is a more geologically accurate attribute than instantaneous frequency because it honors
time-frequency uncertainty and does not contain physically unrealistic negative or extremely high frequency values (Fomel,
2007).

INTRODUCTION
Matching seismic data has many applications in geophysical
processing methods, such as multi-component image registration, time-lapse image registration, matching well-ties to
seismic data, and merging seismic data sets (Ursenbach et al.,
2013; Fomel and Backus, 2003; Lumley et al., 2003; Herrera
and van der Baan, 2012). Typically, the workflow for matching data involves finding the optimal time shift, or amount of
stretching and compressing, of one trace relative to the other
that produces the greatest similarity between the two traces,
as seen in dynamic time warping and local similarity scanning (Hale, 2013; Fomel and Jin, 2009; Herrera et al., 2014).
However, when the two signals that need to be aligned have
different spectral content, their comparison can be difficult.
Most seismic data experience non-stationary, or spatially and
temporally variant, frequency content caused by attenuation.
This problem was discussed in application to multicomponent
image registration by Fomel and Backus (2003), who applied
frequency balancing methods to improve registration results.
Liu and Fomel (2012) proposed using local time-frequency
decomposition (LTFD) to balance frequencies between multicomponent data during registration. However, LTFD is a
relatively computationally expensive method.
In this paper, we propose a method to remove non-stationary
frequency differences that limit the effectiveness of matching
data. We suggest applying the proposed method to processing
flows that involve matching data before attempting to find the
time shift to align their signal content. To balance frequency
content, we use a non-stationary smoothing operator with an
adjustable smoothing radius to apply to the higher frequency
data set. Our approach takes the form of an optimization problem which is solved using an iterative method.
We apply this method to examples of merging high-resolution
and conventional seismic images and multicomponent image
registration.

In order to balance local frequency content, we propose smoothing the higher frequency data using a non-stationary triangle
smoothing operator with an adjustable radius. Here, the radius
at each point is the number of samples in time that that specific
data point gets averaged over in a triangle weight.
Our goal is to find the temporally and spatially variable smoothing radius, R, that minimizes the difference in local frequencies
between the two data sets. This can be shown in the objective
function
(1)
min F[SR dh ] − F[dl ] ,
R∈[1, N ]

where SR is the non-stationary smoothing operator of smoothing radius R, dh is the higher frequency data, dl is the lower
frequency data, F is the local frequency operator, and N is the
maximum size of the smoothing radius. Although smoothing is a linear operation, the smoothed data, SR dh , depends
non-linearly on R. However, the objective from equation (1)
is nearly convex, and we choose to use an intuitive iterative
approach to find an approximate smoothing radius.
The main premise behind the method comes from the fact that,
in general, the greater the smoothing radius, the more high
frequencies are attenuated by smoothing. We choose an initial
guess of the non-stationary smoothing radius before applying
corrections based on two primary assumptions:
1. The smoothing radius is too small at a specified point if,
after smoothing, the higher frequency data has higher
local frequency than the lower frequency data. Thus,
the smoothing radius must be increased at that point.
2. The smoothing radius is too large at a specified point
if, after smoothing, the higher frequency data has lower
local frequency than the lower frequency data. Thus,
the smoothing radius must be decreased at that point.
We apply these assumptions using a line-search method:
R(i+1) = R(i) + αr(i),

(2)

where R(i) is the smoothing radius at the ith iteration, α is a
scalar constant that can be thought of as the step length, and
r(i) is the residual at the ith iteration, which can be thought of
as the search direction, and is defined as
r = F[SR dh ] − F[dl ] .

(3)

It can be noted that when equation (3) is positive, the higher
frequency data still has a higher local frequency value at that
specific point than the lower frequency data, thus the higher
frequency data is under-smoothed and the smoothing radius
should be increased at that point. This follows the form of the
first assumption. The second assumption is used when equation
(3) is negative. When equation (3) is zero, the correct radius
has been found and no further corrections are made. Thus, it
is justifiable to set the search direction from equation (2) equal
to the residual.

(a)

Using the two assumptions, we can continually adjust the
smoothing radius until we achieve the desired result of balancing the local frequency content between the two data sets.
In practice, this method produces an acceptable solution in
approximately 5 iterations and exhibits sublinear convergence.
After smoothing the higher frequency data with the estimated
radius, we use the lower frequency and smoothed higher frequency data to estimate time shifts and align the two data sets.

EXAMPLES
This method is applicable to workflows that require matching
data with different frequency content. In this paper, we demonstrate two examples where smoothing data before matching
produces better results.
Matching legacy and high-resolution images
High-resolution seismic data, such as those acquired with the
P-cable acquisition system, can produce very detailed images
of the near subsurface (Meckel and Mulcahy, 2016). When
compared to conventional seismic images, high-resolution images have a higher dominant frequency and a larger frequency
bandwidth. However, they usually lack low frequency content
and depth coverage that is present in conventional seismic images. As a result, successful interpretation of high-resolution
images can be aided by matching with legacy data coverage
over the same area.
Example legacy and high-resolution images of the same subsurface are shown in Figure 1. The first step in matching the
two images is to ensure that they both have a similar frequency
bandwidth so they are directly comparable. The average frequency spectra for the two images are shown in Figure 3a. From
this, it is evident that there is almost no overlap in frequency
bandwidth between the two images. To address this problem,
we apply a low-cut filter to the legacy image to remove some of
the lower frequencies that are simply not present in the highresolution image. Next, we implement the method described in
the previous section to balance local frequency content between
the two images. The difference in local frequencies (residual,
by equation 3) between the high-resolution and legacy images
before balancing frequency content and after 5 iterations of the

(b)

Figure 1: Initial legacy (a) and high-resolution (b) images.
These images show the same subsurface geology, but look
remarkably different as the high-resolution image has distinctly
higher frequency content than the legacy image.

Figure 2: The smoothing radius, which is a function of time and
space, this method produces after 5 iterations. This represents
the number of samples in time that the high-resolution image
needs to be smoothed over in a triangle weight to balance local
frequency content with the legacy image.

algorithm in equation (2) is shown in Figure 4. After balancing
local frequencies, the images show a similar spectral bandwidth
(Figure 3b), which helps increase the correlation between the
two images and makes matching reflections better defined.
After the frequency content is matched, the optimal time shift
is found to align signal content between the legacy and highresolution images. We then apply this time shift to the original
high-resolution image—the frequency content is only degraded
for the purpose of finding the time shift.
An application of aligning the high-resolution and legacy images is discussed in the companion paper (Greer and Fomel,
2017).

images using initial interpretation and well-log analysis; (2)
balancing frequency and amplitude content; and (3) final registration using residual local similarity scanning. We incorporate
our method of balancing frequency content into the second step
in this process.
Before initial registration, the PP image has much higher frequency content than the SS image. After the SS image is
temporally compressed to PP time for initial registration, the
two images have more similar frequency content. However,
additional frequency balancing is still needed before residual
registration. This poses a problem as neither image has distinctly higher frequencies than the other, so both images need
to be smoothed in different areas to balance frequency content.
In order to do this, we modify the proposed method to include
two separate smoothing operators—one for each image.

(a)
(a)

(b)

Figure 3: Spectral content of the legacy (red) and highresolution (blue) images before (a) and after (b) spectral balancing.
Multicomponent image registration
Multicomponent seismic image registration is an important step
before the interpretation of P and S images of the subsurface.
It involves warping the space of S images to align reflections
with the analogous reflections of P images (Fomel and Backus,
2003; Fomel et al., 2005).
Figure 5 shows PP and SS images from a 9-component seismic survey (Fomel, 2007). To properly register the images, we
follow the method proposed in Fomel et al. (2005). It consists
of three primary steps: (1) initial registration of PP and SS

(b)

Figure 4: Difference in local frequencies (residual) between
the legacy and high-resolution images before (a) and after (b)
the 5th iteration of frequency balancing.
We modify the objective in equation (1) as
min

R∈[−N,−1]∪[1, N ]

F[SR p d p ] − F[SR s ds ] ,

(4)

where d p and ds are the PP and SS images, respectively, and
SR p and SR s are the non-stationary smoothing operators for the
PP and SS images, respectively. We also modify the residual
from equation (3) as
r = F[SR p d p ] − F[SR s ds ] .

(5)

The ideal radius is still found using the same line-search from
equation (2), except we allow the smoothing radius to be negative. Physically, a negative smoothing radius would signify
that the image should be sharpened at that particular point instead of smoothed. In this case, instead of trying to sharpen
the PP image at that particular point, we choose to smooth the
SS image by the negative part of the smoothing radius. Thus,
we define the ith components of R p and Rs as
(
Ri if Ri ≥ 1
Rp,i =
(6)
1 otherwise
and

(
Rs,i =

|Ri |
1

if Ri ≤ −1
otherwise

CONCLUSIONS
It is difficult to compare signals with differing frequency content because signals with differing frequencies are hard to correlate. In this paper, we proposed a method of balancing frequency content between data which takes the form of an optimization problem solved by a simple iterative algorithm. It is a
relatively inexpensive and effective method compared to previously proposed methods of balancing frequencies between data
sets. We applied this method to examples of matching seismic
images of differing resolution and for multicomponent image
registration.

(7)

where Ri is the ith component of R and a radius of 1 represents
no smoothing. This allows each image to be smoothed in
different areas to balance the frequency content between the
two images.
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Figure 6: Interleaved PP and warped SS traces before (a) and
after (b) frequency balancing and residual registration. After
registration, the signal content between the two initial images
is more aligned; for example, the reflections around 0.3 and 0.6
s. This indicates a successful registration.
(b)

Figure 5: Initial PP (a) and SS (b) images.
The results of using this spectral balancing method are shown in
Figure 6. Comparable results were achieved in Liu and Fomel
(2012), who used LTFD to balance the spectral content between
the two images. However, the method we propose in this paper
is more straightforward and significantly less computationally
expensive.
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