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SUMMARY

This paper introduces a new approach for the automatic detection from
microearthquake seismograms of two crucially important shear-wave splitting (SWS)
parameters, fast wave polarization and delay time between split waves. The method is
based on the analyses of multiple time windows that include the shear wave arrivals.
An automated SWS algorithm is performed for each specified window. Hundreds of
estimates of the two parameters (polarization and time delay) are obtained from all
windows, and unsupervised cluster analysis is applied to locate the region in phase
space with the most stable estimate, the optimal cluster being that with the lowest
variance. The mean value of the optimal cluster is regarded as the best estimate of
polarization and time delay. The estimates are relatively easy to derive from large
seismic datasets and show high reliability. We compare the results with manually
estimated values of the SWS parameters from seismic data collected at the geothermal
fields of The Geysers and Coso in California, and Hengill, Iceland , and show that the
method outperforms all others, providing up to 90% reliability (polarization) and 85%

reliability (delay time) without human intervention.



Key words: automatic detection, shear-wave splitting, cluster analysis, geothermal

1. INTRODUCTION

Shear wave splitting observations detected by dense arrays of seismic stations
have been used to characterize fracture or crack systems beneath the surface of
seismically active regions, as well as the distribution of the local stress fields
(Crampin et al., 1987, 1991, 1993; Lou and Rial, 1997). The polarization of the fast
shear wave is generally a robust parameter that is used to infer the direction of
fractures. The delay time between split waves is less stable, but can be used to detect
the presence of faulting or highly cracked rock. It can also be used as an index of the
medium’s anisotropy (Elkibbi and Rial, 2003).

Traditional techniques to extract polarization and delay time information from
split seismograms are based on the cross-correlation of two horizontal components
and the standard correction method of Silver and Chan (1991). Both methods require
the manual selection of an appropriate time window by the operator, which is time
consuming, introduces subjectivity, and usually influences the results. Automatic
detection of shear-wave splitting was attempted by Savage et al. (1989) without
addressing the effect that different shear-wave analysis time windows can have on the
results. Teanby et al. (2004) used cluster analysis to remove subjectivity of window
selection, but their method needs manual quality control with a diagnostic plot, which
is problematic, human biased and laborious.

This paper introduces a method of automatic detection of shear wave splitting



parameters, which extends the idea of automated window selection by Teanby et al.
(2004), and integrates a different splitting technique and cluster algorithm. This
method inherits the merit of high data processing speed of automated cluster
algorithms, while the integrated splitting technique avoids the subjectivity of window
selection and manual quality control, consequently improving the accuracy of
splitting estimates. In Section 2 we discuss the shear-wave analysis window selection
and in Section 3 compare two different splitting techniques with the Automatic SWS
algorithm proposed by this paper. Section 4 shows the clustering algorithm and an
optimized cluster choosing procedure as well as the “best estimate” selection process.
In Section 5, the results of our Automatic SWS algorithm are shown using
observational data collected from The Geysers and Coso, CA and Hengill, Iceland
geothermal fields. We illustrated how the reliability of the automated estimates can be

accurately evaluated by comparison with parameters obtained by a skilled operator.

2. WINDOWS SELECTION

Finding the optimal shear-wave time window for the detection of SWS
parameters depends on critical factors such as adequate S/N ratio in the shear wave,
and a window long enough to include several periods of the dominant frequency. It is
however quite time consuming and subjective to find the optimal window manually.
Traditionally, automatic measurements of shear-wave splitting parameters are based
on the fact that the robust parameters behave much more stably than the noise during

the splitting process (Teanby et al., 2004). It is very important to ensure that the



splitting parameters are stable over a wide range of different window lengths and
intervals. This stability property guarantees the robustness of measurement and
minimizes the effects of noise. The method introduced here achieves this by
considering a large number of analysis windows to look for stable regions in the
solution space, that is, in polarization-time delay phase space.

The method proceeds as follows: First, a set of shear-wave analysis time

windows are constructed as illustrated in Figure 1. The start window is selected at
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The start and end of each window is determined relative to the S-arrival if an S-arrival
is available. In case that it is not available, the S-arrival will be predicted from the
P-arrival. The start of the window is set to be at least 50 sample points before the
S-arrival and can typically extend another 50 sample points earlier. The end of the
window is set to be at least 50 sample points after the S-arrival and can usually extend

up to 200 sample points later. Table 1 shows typical numerical values of the window

parameters applied on microseismic datasets.



3. AUTOMATIC SWS METHOD
3.1 AIC Picker

Once the shear-wave analysis windows are selected, the splitting algorithm
used to determine polarization and time delay is applied to each window. We estimate
the value of polarizations and delay times by making use of existing automatic wave
arrival picking techniques. The algorithm used is the AIC (Akaike Information
Criteria) picker by Maeda (1985), which calculates the AIC function directly from the
seismograms. The onset is at the point having the minimum AIC value. For the
seismogram X[K] (with k=1, 2...N) of length N, the AIC value is defined as

AIC(k) =k xlog{var(X[LLk])} + (N —k —=1)xlog{var(x[k +1,N])} ()
where K is the sampling index of a seismogram.

The idea of this algorithm is to use the automatic picking technique to detect
significant S-arrival time difference between the two horizontal components in a
rotated coordinate system. Here “significant” means the difference between the arrival
times of fast and slow shear waves is within 10 to 60 sampling intervals (see Section 4
for details). Within each selected window, the algorithm rotates the two horizontal
components of the seismograms from 1 to 180 degrees in one-degree increments.
During each incremental rotation of the coordinates, the variance of the interval
between fast and slow arrival times in the window in the slow component is
calculated. The polarization will be the angle corresponding to the rotated coordinate
in which the differential arrival time is “significant” and the variance in the slow

component reaches its minimum, meaning the slow component in that interval is most



quiet.

Figure 2 shows the results of applying the AIC picker to a seismogram
recorded in the original coordinates from The Geysers geothermal field, CA. The
sample rate for the Geysers datasets is 500 samples per second. Illustrative examples
of the AIC picker algorithm are shown in Figure 3. As indicated by the vertical line,
the variance in interval [86,112] reaches the minimum among all the rotated
coordinates at 122 degrees. Therefore for this seismogram, we obtain that the
polarization is 122 degrees CCW from north, and the delay time is 26 sample

intervals (52 ms).

3.2 Revised AIC Picker

When there is more noise than signal or multiple seismic phases in a time
window of the seismogram, the S/N ratio in the seismogram affects the accuracy of
the AIC picker to some extent. In this case, a global minimum indicating the
shear-wave arrival is not guaranteed (Zhang et al., 2003). Figure 4 shows that the
method sometimes yields erroneous answers to the arrival times for low S/N ratio
seismograms.

The problem shown in Figure 4 is that before the slow wave arrives, the north
component is disturbed, probably by the arrival of a scattered wave, and the AIC
picker regards this disturbance as a real wave based on the low value of its global
minimum. Nevertheless, the AIC picker does give us a clue about the onset of the real

wave, that is, the arrival time associated with one of later local minima of the AIC



function, as indicated by the vertical dashed lines in Figure 4.

In order to avoid that scattered waves or noise disturbances are regarded as
signals, in addition to the global minimum, we also take into account the local
minimum corresponding to the sharpest increase in AIC (i.e. the largest slope), and
the second minimum of AIC while rotating the horizontal components of the
seismogram. Then, within each window, the seismogram is rotated from 1 to 180
degrees by 1 degree increment. After each rotation, the AIC of both horizontal
components are computed and all three minima for each rotated component are found.
Then all possible values of delay time are calculated from all these minima. When all
180 rotations are done, the top four most frequently repeated (highest redundancy)
values of delay time are picked. Then for each of the four possible values of delay
time, the seismogram is rotated from 1 to 180 degrees again to find the polarization
angle corresponding to each delay time. After doing all these, each analysis window
yields four pairs of polarization and delay time. And we’ll set some criterion to pick 2
or 3 pairs of results as the final estimates from this window. The same process is

performed for all analysis windows.

4. CLUSTER ANALYSIS
The application of the automatic SWS algorithm to each shear-wave analysis

window results in a set of N, estimates of polarization and delay time pairs. With

the purpose of varying the analysis window and looking for robust values in

polarization and delay time, we plot the N, pairs of polarization and delay time in



a 2D plane. These estimates are anticipated to condense into point groups or tight
clusters as illustrated in Figure 5.

Since polarization and delay time have different units (degree and sample
intervals), we need to normalize the data in order to eliminate different weight effects
on the polarization and delay time caused by the clustering algorithm. According to
our microearthquake datasets, we define the standardized range for polarization and
delay time as 180 degrees and 60 sample intervals respectively. Scaling by this range
has performed very well in many clustering applications (Teanby et al., 2004; Everitt
et al., 2001; Milligan and Cooper, 1985, 1988).

Robust results should group into a tight cluster of close points. An
unsupervised technique is required to identify these clusters in terms of the automated
detection requirements: without human intervention, the algorithm directs the work
flow automatically. Here we use the Density-Based Scan Algorithm with Noise
(DBSCAN) (Ester et al., 1996) to identify clusters and determine the optimal cluster
number. It starts from an arbitrary object, and if the neighborhood around it within a
given radius (Eps) satisfies at least the minimum number of objects (MinPts), this
object is regarded as a core object. The searching recursively continues with its
neighborhoods and stops at the border objects where all the points within the cluster
must be in the neighborhood of one of its core objects. Then another arbitrary
ungrouped object is selected and the process is repeated until all data points in the
dataset have been placed in a cluster. All the non-core objects which are not in the

neighborhood of any of the core objects are labeled as noise. DBSCAN does not need



the final number of clusters to be given in advance since it automatically detects dense
regions and outputs the natural number of clusters (Daszykowski et al., 2001). Four
synthetic clusters are shown in Figure 5 represented by different colors.

Once the clusters are identified by the DBSCAN algorithm, we need to
determine the optimal cluster, and then the best estimate from the optimal cluster. The

criterion to determine the optimal cluster depends on the number of data points and

the variance within each cluster. To implement the criteria, we define N if
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Therefore, the optimal cluster is found to be the cluster with the smallest variance

(sz ). The best estimate is the mean value of ot and ¢ in the optimal cluster. The

best estimate from the optimal cluster is illustrated with crosses in the synthetic



examples in Figure 5. And the results from an example of real seismic event are
shown in Figure 6. Two flow charts depicted in Figures 7 and 8 have been designed to
describe in detail every step of the automatic SWS program introduced in this section.
The Revised AIC Picker serving as the measuring algorithm is performed for each
specific analysis window as shown in the red rectangle (with details in Figure 8) in

Figure 7.

5. RELATED ISSUES
In practice, slight change in the analysis window may cause very different

solutions. Accordingly, the selection of shear-wave analysis window turns out to be a

critical step (Teanby et al., 2004). Important parameters include N N dT ,

begin » end >

T
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and T, ,. Large N and N small dT should provide abundant

begin end >

space for the grid search by the splitting algorithm, however it also requires a huge
computational time. Since the splitting estimates are much more sensitive to window
start rather than window end, we typically choose N, as 20-30 times larger than

N in order to maintain an appropriate balance between accuracy and speed.

begin
The distance between the closest window start/end and fast shear-wave arrival

is controlled by T, , and T

end_o Which defines the minimal analysis window length.

egin
The splitting algorithm (Revised AIC Picker) requires a relatively clear shear-wave
arrival and separates S phases from other phases. To satisfy these requirements, we
define 50 sample intervals to be the minimum window. dT (time increment) is

relatively not a critical parameter in this study, as long as there are large enough
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ranges of analysis windows and include the duration of shear-wave energy envelop.
Similar to other automated methods, the automatic SWS method still cannot
entirely make a distinction between null and other measurements. However, several
features of our approach help overcome this problem. The first one is setting the
upper and lower limits for the intervals of delay time, ranging from 10 to 60 sample
intervals. Another feature is the system of cluster identification. Null measurements
tend to form poorly condensed or loose clusters, leading to totally unconstrained
polarization and a large spread in delay time, in other words, showing a large scatter
of clusters on the 2D plane. These will be consequently rejected by the cluster

identification and the interval length control.

6. JUSTIFICATION OF THE METHOD

Although the manual detection of the anisotropic parameters inescapably adds
random errors to the dataset, it is the most reliable system to read shear-wave splitting
data since current detection methods that are fully automatic are not as accurate as
manual detection. Availability of previous reliable manual shear-wave splitting
measurements, diverse subsurface structural settings and seismic data of different
levels of quality have made it possible and worthwhile to test and justify this new
automatic SWS algorithm using various seismic datasets. We have used eighty SWS
events selected from three different locations (Coso and The Geysers in CA, Hengill
in Iceland) to apply the new algorithm on.

Figure 9 summarizes the comparison between the manual results and the
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results from three different measuring algorithms. Figure 9(A) is obtained from the
traditional cross-correlation method. However, the results do not satisfy the
requirements for reliable parameter estimates. The proportion of unreliable estimate
results after implementing the AIC picker is somewhat reduced as shown in Figure
9(B), although still about one third of these estimates are lying outside of error
tolerance. To achieve better reliability, the AIC picker is revised to serve as the key
part of our automatic SWS algorithm, which turns out to work best as indicated by the
comparison between the manual measuring results and the automated estimates shown
in Figure 9(C). In this last test 76 out of 80 of polarization estimates and 70 out of 80
of delay time estimates are inside the tolerance limits.

One more way of justification of the new method is to compare the results of
manual measurements with the results obtained by the new method when it is applied
on the seismic data recorded at a single station where usually data of different quality
levels are present. For this purpose two stations deployed in Hengill in 2005 (H71 and
H75) are selected and we have used the automatic SWS method to measure the
parameters of all shear-wave splitting events recorded at these two stations
respectively. The comparisons are plotted in Figure 10 for H71 and in Figure 11 for
H75. Basically for both parameters the automatic method yields satisfying measuring
results in terms of the percentage of data points lying inside the acceptable error
tolerance and the similarity between the two rose diagrams in the lower panel of the
figures. We also invert both sets of parameter measurements for fracture attributes
associated with these two stations using the method by Yang et al. (2005), and the

12



results are summarized in Table 2. The two sets of inversion results can be basically
regarded as almost identical to each other in terms of strike and dip. The relatively
larger difference in crack density can be explained by the fact that the automatically
measured delay times are generally larger than the manual results as clearly depicted
in Figures 10 and 11.

Considering the fact that all seismometers deployed in Hengill were placed on
or near the surface of the ground, we are fairly confident in saying that this new
automatic method will be more powerful if applied on shear-wave splitting events
well recorded by downhole instruments (like in Coso and The Geysers, CA), and we
can anticipate an overall percentage of satisfactory measurements to be approximately

10% higher (expectedly ~ 85%).

7. CONCLUSION

This paper illustrates a novel approach for the automatic, real-time detection
of shear-wave splitting parameters. In contrast with previous methods, ours includes
three major improvements: dramatically increasing data processing speed of shear
wave splitting, successfully avoiding the subjectivity of window selection by using an
objective automated window selection, and removing the dependence of results on
any manual quality control.

The method requires travel time picks for the S phase as well as a set of
windowing and clustering parameters. The parameters in our method are given in
Table 1. Parameters were chosen based on the main influencing factors on the quality
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of estimates, such as seismic S/N ratio and sampling rate.

This approach can be used to improve the quality of shear wave splitting
analysis and can be easily applied to large datasets. For Coso and The Geysers
geothermal datasets, each event took half minute to process on a single 2GHz
processor. The approach has been successfully applied to the shear wave splitting data
obtained from The Geysers and Coso, California and Hengill, Iceland geothermal
fields, and is presumably applicable to artificially generated shear wave that splitting

in cracked hydrocarbon reservoirs.
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Table 1. Suggested values of parameters used for the automatic detection code in this

study.
Parameter  Value
Toegin 1 50 samples before shear wave arrival
T4 o 50 samples after shear wave arrival
AToegin 25 samples
dT,, 10 samples
Nbegin 3
Nend 20
Eps 0.8
MinPts 10
Nclusterimin 25
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Table 2. Comparison of inversion results from SWS measurements obtained by
manual and automatic methods for two selected stations in Hengill.

Station ID Crack Strike Crack Dip Crack Density | Goodness
(Degree) (Degree) of Fit (%)
H71 (man.) 27 89 0.048 93.79
H71 (auto.) 26 88 0.066 90.64
H75 (man.) 31 -87 0.043 81.34
H75 (auto.) 7 -82 0.051 73.86
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Figure 1. An example from The Geysers, CA showing the process of analysis
windows selection. The horizontal axis is in number of sample intervals. The red line
indicates the shear wave onset. The solid green line indicates the start of shear wave
analysis window, while dashed green lines indicate a number of possible window
starts. Similarly, the purple lines indicate the window ends. The distance between the
closest window start/end and shear wave picking is 50 sample intervals.

Figure 2. The AIC function is calculated for both horizontal components from a real
seismogram in the original coordinate. The vertical lines indicate the onset times of
the waves. The differential arrival time is not significant (<10 samples) in this
coordinate.

Figure 3. Seismograms from Figure 3.2 in a rotated coordinate system. The difference
between two arrival times of the two components is 26 sampling intervals, and the
angle rotated is 122 degrees.

Figure 4. The calculated AIC function for both horizontal components from another
real seismogram. The green and blue vertical lines indicate the onset times of the
waves defined by the global minima of the AIC function, while the purple and yellow
dash lines represent the possible onset times suggested by some other local minima.

Figure 5. Measurements of delay time and polarization from three hundred different
analysis windows of synthetic data. The measurements condense into tight clusters of
points. Many points in the clusters lie on top of each other because the delay time and
polarization are found to be identical. Different colors represent different clusters.

Figure 6. Results from an example of Hengill event. The upper panel shows that two
different clusters represented by two colors (yellow and brown) are identified by the
DBSCAN algorithm, with the outliers indicated by blue color being regarded as noise.
For this example, the final automatic estimate from the best cluster (the star inside the
yellow cluster) agrees very well with the manual measurements (33 degrees, 35
sample intervals vs 34 degrees, 37 sample intervals). The lower panel shows the
histogram of all possible pairs of SWS measurements. The final best estimate
corresponds with no surprise to the highest cube indicating the biggest number of
repetitions (i.e. highest redundancy).

Figure 7. Flowchart of the Auto SWS module.
Figure 8. Flowchart of the revised AIC subroutine.

Figure 9. Comparison of the results between the manual measurements and the results
calculated by different automated methods. A) Cross-correlation method for 80
examples of SWS seismograms. The horizontal axis represents the manual
measurements and the vertical axis the CC results. If the manual result equals the CC

19



result, the plus symbol should be located right on the diagonal solid line. The dashed
lines denote the acceptable error tolerance which is set as 15 degrees and 8 sample
intervals for polarization and delay time, respectively. B) is the same as in A),
except that the vertical axis represents the values obtained from the AIC Picker. And
in C) the vertical axis represents the estimates obtained from the Revised AIC Picker,
in which 76/80 of polarizations and 70/80 of delay times are located inside the error
tolerance.

Figure 10. Comparison between shear-wave splitting parameters measured by manual
and automatic methods respectively. Shown in this figure are comparisons for station
H71 where a total of 89 shear wave splitting events are well detected and measured.
For polarization there are 23 data points lying outside of the tolerance (indicated by
dashed line) which is £15 degrees, and for delay time there are 24 outliers away from
the 8 sample point tolerance. Thus the percentage of data points inside the
acceptable error tolerance is 74% and 73% for polarization and delay time
respectively. Shown in the lower panel is the comparison between rose diagrams of
manually measured polarizations (left) and of automatically computed results (right).

Figure 11. The same comparison plots as in Figure 15 for station H75. 19 out of
totally 84 data points are located outside of tolerance for polarization measurements,
therefore the percentage of satisfying results is 77%. For delay time, with 20 data
points lying outside of the tolerance this percentage is 76%. Note that the red cross far
in the right lower corner of polarization plot is also within the 15 degree tolerance.
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