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EXECUTIVE SUMMARY 
As proposed, the main effort in this project is the development of software capable of 
performing real-time monitoring of micro-seismic activity recorded by an array of 
sensors deployed around an EGS. The main milestones are defined by the development of 
software to perform the following tasks: 

• Real-time micro-earthquake detection and location   
• Real-time detection of shear-wave splitting  
• Delayed-time inversion of shear-wave splitting  

 
These algorithms, which are discussed in detail in this report, make possible the 

automatic and real-time monitoring of subsurface fracture systems in geothermal fields 
from data collected by an array of seismic sensors. Shear wave splitting (SWS) is 
parameterized in terms of the polarization of the fast shear wave and the time delay 
between the fast and slow shear waves, which are automatically measured and stored.  
The measured parameters are then combined with previously measured SWS parameters 
at the same station and used to invert for the orientation (strike and dip) and intensity of 
cracks under that station.  

In addition, this grant allowed the collection of seismic data from several geothermal 
regions in the US (Coso) and Iceland (Hengill) to use in the development and testing of 
the software. 

Human Resources: The grant supported the PhD dissertations of Ming Yang (PhD 
partial support), Chuanhai Tang (full support), and the MSc thesis of Yang Zhao (full 
support).  The grant also supported a number of undergraduate research assistants over 
the last four years. Some papers published under this grant are listed in the References. 
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LIST OF FIGURES 

Figure 1.1  Main flowchart of the processing procedure.  

Figure 2.1  Flowchart of the PICK module. 

Figure 2.2  Flowchart of the PICKIT subroutine. 

Figure 2.3  Flowchart of the LQUAKE module. 

Figure 2.4  Flowchart of the Locath3D subroutine. 

Figure 3.1 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 3.2 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 3.3 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 3.4 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 
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yellow dash lines represent the possible onset times suggested by some other 

local minima. 

Figure 3.5 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 3.6 Results from an example of Coso event (20060606193911). Three different 

clusters represented by three colors (green, orange, and brown) are identified 

by the DBSCAN algorithm, with the outliers indicated by blue color being 

regarded as noise. The mean value of each cluster is represented by a star 

which connects with each other with red solid lines, and the mean value with 

the shortest error bar (blue solid line) turns out to be the best estimate. For this 

example, the best automatic estimate (the star inside the orange cluster) agrees 

very well with the manual measurements (75 degrees, 18 sample intervals vs 

77 degrees, 16 sample intervals). 

Figure 3.7  Flowchart of the  Auto_SWS module. 

Figure 3.8  Flowchart of the revised AIC subroutine. 

Figure 3.9 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 result, the plus symbol should be located right on the diagonal solid 
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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 3.10 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 3.11 The same comparison plots as in Figure 3.10 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. 

Figure 4.1 Theoretical polarizations (left), rose diagram (center), and time delay contours 
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(right) for a synthetic crack system with strike 40° (crack strike is measured 

clockwise from North), dip 80° (crack dip is measured from the horizontal 

plane with downward south positive), and average crack density 0.05. The 

small circle encloses the shear wave window (~35°), inside which the shear-

wave splitting observations are free of interference from the surface. 

Figure 4.2 The inversion algorithm. The inversion is initialized by a guess of crack 

density (step 1). We then estimate the crack strike and dip from polarization 

data by assuming the crack density to be constant (step 2). Next, we assume 

the estimated crack strike and dip to be constant crack properties (step 3), and 

invert for the crack density under this circumstance (step 4). Then, we use the 

newly estimated crack density to replace the previous value (step 5), and 

estimate the crack strike and dip from polarization data again (step 2), and so 

on. When the iteration converges to a predefined tolerance, the loop stops and 

the final estimated crack strike, dip and density are obtained (step 6). 

Figure 4.3  Flowchart of the Inversion module. 

Figure 4.4  Flowchart of the Computangle subroutine. 

Figure 4.5  Flowchart of the Computdensity subroutine. 

Figure 4.6  Flowchart of the Computrms subroutine. 

Figure 4.7 The 2-D model space with horizontal axis representing the crack strike ψ  and 

the vertical axis the complement angle of the crack dip θ . If ψ  is positive the 

complement crack dip equals )90( θ−° ; and if ψ  is negative, it is )90( θ−°− . 

The residue function contours are drawn (inverted by the scheme described in 

Figure 4.2) for polarizations (upper) and delay times (lower) measured from a 
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seismogram recorded at Hengill geothermal field, Iceland. Thick black lines 

represent 95% confidence limit for modeled crack strike and dip. (a) The 

global minimum of polarization residual (40.46) is located at strike = -55° 

and dip = 80° (actually shown on the plot is the complement dip = -10°). (b) 

The corresponding delay time residual is 8.95, while the global minimum of 

delay time residual (7.98) is located somewhere else. 
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1. INTRODUCTION 

Our research group’s efforts have shown that shear-wave splitting is an especially 

useful seismic modeling tool and a straightforward method to detect and characterize 

critically stressed and optimally oriented fractures in the upper crust. Shear-wave splitting 

(SWS) parameters (i.e. polarization angle and delay time) are reliable and robust in 

imaging the subsurface crack geometry and intensity in any fracture-controlled 

geothermal reservoir (e.g. Lou and Rial, 1997; Vlahovic et al., 2002a,b; Elkibbi and Rial, 

2003, 2005; Elkibbi et al., 2004, 2005; Yang et al., 2003, 2005; Rial et al., 2005; Tang et 

al., 2005, 2006, 2008). Following up on our previous efforts, we have developed a 

software package that allows the automatic, real-time detection of subsurface fractures in 

geothermal fields using shear-wave splitting. The approach rests on the integration of 

techniques recently developed by our research group to process and interpret shear-wave 

splitting measurements from natural (and injection-induced) micro-earthquakes. The 

following four major modules have been developed with the support of this grant (see 

main flowchart in Figure 1.1). 

 

 

SOFTWARE MODULES 

PICK module: The PICK module is used to pick the P-arrival automatically when a 

seismic event is detected in the seismogram. The algorithm of P-arrival picking is based 

on finding the maximum of the ratio of averages in two adjacent windows (“curvature 

ratio”) moving along the seismogram.  

 



 10

LQUAKE module: The LQUAKE module uses all available P-picks detected by the 

PICK module to calculate the hypocenter and onset time of a seismic event. It uses a 

standard non-linear inverting algorithm based on Geiger’s method with 1-D velocity 

model. When a 3-D velocity model is available it can still work as well. The above two 

modules were developed by co-PI Dr. Jonathan Lees.  

 

Auto_SWS module: This module applies a novel splitting algorithm based on AIC 

function to measure the two SWS parameters (fast polarization φ and delay time δt) 

automatically. For a specific seismic event recorded by a specific station, an approximate 

S-arrival is estimated from the P-arrival picked by PICK module plus the estimated S-P 

calculated from the length of ray path divided by the virtual velocity. With this estimated 

S-arrival the new method will measure the two parameters automatically (using the so-

called splitting algorithm to be discussed below) over a range of different window lengths 

encompassing the S-arrival and perform a cluster analysis to determine a best cluster that 

contains the best values of the two SWS parameters. 

 

INVERSION module: This module uses the measurements of the two SWS 

parameters inside the shear-wave window of each station as input to invert for the crack 

geometries and density in the vicinity of the station. The basic algorithm is least-squares 

regression beginning with an initial value of crack density. Given the inverted density a 

contour of RMS of residue functions constructed on a 2-D plane spanning all possible 

crack strikes (-90° to 90° by 1°) and dips (-90° to 90° by 1°) will be plotted for 

polarizations and delay times respectively. Theoretically the pair of strike and dip 
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corresponding to the global minimum in this contour will be taken as the inverted results 

of crack geometry parameters (i.e. strike and dip).  
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2. PICKING P-ARRIVALS AND LOCATING EARTHQUAKES 

 

P-arrival Picking 

As indicated by the main flow chart in Figure 1.1, we begin the analysis with picking 

P-wave arrival times and also S-wave arrival times of each seismogram whenever a clear 

S arrival is available at each station. The automatic P-arrival picking is completed by the 

PICK module the detailed flow charts of which are depicted in Figures 2.1 and 2.2. 

The P-picking is fast and is resistant to noise spikes and bad data. Basically one 

should use the event onset as determined by the envelope detector to provide a 

preliminary P pick.  For a P arrival with clear onset, the pick will be good enough so that 

it can stay as a final pick after the event location is computed if the residual is sufficiently 

small. If the detailed picker fails to meet threshold criteria, then this pick would be used 

as a P pick with a large error to ensure that an entry is made in the pick file (with a 

relatively large error). This makes it likely that after computing the location, the re-

picking program can still go back and recover a valid pick for that station.  

We attempted to correct the problem of early picking for signals with high 

signal/noise ratio but some low frequency noise preceding the P onset. The detection 

window was shortened in the detection phase and as compensation, the detection 

threshold was reduced. In addition, a provision was made to capture the earliest peak 

above the threshold as opposed to the maximum peak in the detection window. At the 

same time, we extended the number of sample points included past the detection point for 

the peak localization so that there is now a greater likelihood of making a late pick. 
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Earthquake Location Program 

After P- (and S-) arrivals are picked seismic events are located and the onset time is 

computed by using a standard iterative non-linear inverting algorithm based on Geiger’s 

method. This is completed in the LQUAKE module with detailed steps shown in the flow 

charts in Figures 2.3 and 2.4. 

LQUAKE does hypocenter location using the basic Geiger's method (e.g. Lee and 

Stewart, 1981), modified with Levenburg-Marquardt damping as an option. The partial 

derivatives of travel time with respect to location xt r
∂∂ /  form a matrix and the unknown 

vector contains the latitude, longitude, depth, and onset time of the earthquake. Before 

the iteration begins, the initial values of latitude and longitude are set as those of the 

nearest station (i.e. the one with shortest travel time) and the depth is preset as 6.0 km. In 

most cases as the iteration proceeds the solution vector will converge until the error is 

within some preset tolerance. In some cases where the solution doesn’t converge (mostly 

due to the inconsistence of the pick data) the program will stop the iteration at a preset 

number of iterations and output the current results. S arrivals are also picked and taken 

into account in addition to P arrivals, to further constrain the inversion problem. This 

usually results in relatively better locations in terms of the location error. 

Standard UW style pick files are used for input of phase data that can be generated 

by the PICK module in previous steps.  Results are written back to the hypocenter file in 

the same pick file format. Each pick file must begin with an "A" line, followed by phase 

and other data. All control parameters are set in a "setup" file. This file may be specified 

several ways: (1) by giving a command line argument - in this case, the setup file may 
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have any name; (2) by having a file named "setup.lquake" in the current directory; or (3) 

by using currently established default.  

There are two modes that the program operates in: file mode and stream mode. In file 

mode, successive command line pick files are processed in succession, and the results are 

written back to the respective pick files. In this mode, each pick file must contain data for 

one, and only one, event. In stream mode, LQUAKE reads the standard input for a stream 

of pick file data, and the results are output to the standard output. In this case, pick files 

may be concatenated together and the resultant output will be a concatenation of 

successive event files in the same order as the input. The stream is parceled by strict 

adherence to the "A" line as being the head of the next event. Thus in stream mode, the 

input is read until the next "A" lines is encountered, the event processed and written to 

the standard output, and then the next event in succession is similarly read.  This is a very 

efficient processing method when a large number of events are to be processed repeatedly, 

and can be stored as a concatenated set of pick files in a single archive file. 

LQUAKE needs several tables to run. A station table is needed in the format of the 

conventional UW style station table. The station table can be specified explicitly in the 

setup file. In this case, only the stations included in the specified table are available for 

location calculations. This is one way that a limited subset of stations can be specified for 

the location. Then a velocity model table is required. The first two lines of this table are 

set by default as descriptive information that is ignored. The following lines are: depth, P 

velocity, P error, depth, S velocity, S error in that order for each line where the first 

“depth” is the layer top for the respective layer, the P velocity of the layer is next, and the 

error in P velocity for that layer is next. The second “depth” and succeeding values are 
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the same things for the S velocity model. Velocity is in km/sec and depth is in km. A 

station delay table is optional. If specified, the format should be: station name, followed 

by P delay, followed by S delay, one line per station. The first two lines are again ignored 

as descriptive information. Computation errors in location and onset time are evaluated 

and output too in the resulted pick files. 
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3. AUTOMATIC MEASUREMENT OF 

SHEAR-WAVE SPLITTING PARAMETERS 

 

Traditional techniques to extract polarization and delay time information from split 

seismograms essentially include 1) the visual analysis of two horizontal components and 

2) the standard correction method of Silver and Chan (1991). 

The visual analysis method is usually used to accurately detect the switch in the 

polarity of the two orthogonally polarized fast and slow shear-waves and to measure the 

splitting parameters: polarization and delay time. Fast shear-wave polarization angle is 

measured by interactive rotation of the seismogram until the horizontal particle motion 

plot shows that fast and slow shear-waves are oriented along the instrument’s horizontal 

components. The angle of rotation from the original polarization direction determines 

polarization. At the same time, the two shear-wave arrivals, which are often coupled in 

the original recording, separate out in the time domain and the delay time can then be 

directly measured. 

In the standard correction method, first a shear-wave analysis window is defined, 

which is usually picked manually. If anisotropy is present, the particle-motion within this 

window will be elliptical. Second, a grid search of polarization and delay time is 

performed where both horizontal components are rotated by polarization and one 

component is lagged by delay time. The result which has the lowest second eigenvalue of 

the corrected particle-motion covariance matrix indicates linear particle motion after 

correction and is the solution which best corrects the splitting. An F-test is then used to 

calculate the 95% confidence interval for the optimal values for polarization and delay 
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time. After the splitting correction has been applied the method requires that the corrected 

waveforms in the analysis window match. The second eigenvalue of the particle motion 

covariance matrix provides a measure of this match. The smaller the second eigenvalue, 

the better the match (Teanby et al., 2004). A good result will have a unique solution. 

Criteria for reliable results are discussed in Savage et al. (1989) and 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 to some extent influences 

the results. Automatic detection of shear-wave splitting was also attempted by Savage et 

al. (1989). The drawback of their method is that they do not address the effect that 

different shear-wave analysis time windows can have on the results. Teanby et al. (2004) 

used cluster analysis to remove the subjectivity of window selection. However, their 

method needs manual quality control with diagnostic plot, which can still be human 

biased and laborious.  

Current seismic deployments aim at multiple geophone arrays and longer recording 

times. Correspondingly, data volumes from microseismicity and teleseismicity are 

growing quickly in recent years. These large datasets provide insights into geometrical 

and physical rock properties, making it possible to constrain the evaluation of subsurface 

fracturing and intrinsic anisotropy. But manual analysis of each event in a large set is not 

only a tedious job, it is easily plagued by human error. These facts are forcing 

seismologists to invent relatively automated approaches with as little human involvement 

as possible.   

Here we propose a novel method of automatic detection of shear wave splitting 
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parameters which actually extends the idea of automated window selection by Teanby et 

al. (2004) and integrates a different measuring technique and cluster analysis algorithm. 

This method inherits the advantage of high data processing speed of automated cluster 

analysis algorithms, while the integrated measuring technique avoids the subjectivity of 

window selection and manual quality control, consequently improving the accuracy of 

splitting parameter estimates and  as a result providing a convenient approach to process 

such huge seismic datasets automatically and objectively. In the following sections we 

will discuss the shear-wave analysis window selection and compare two different 

measuring techniques with the Auto_SWS algorithm proposed in this report, and then 

show the clustering algorithm and an optimized cluster choosing procedure as well as the 

best estimate selection process. Following these the results of our Auto_SWS algorithm 

are illustrated using observational data collected from The Geysers and Coso, CA and 

Hengill geothermal field, Iceland. We also show how the reliability of the automated 

estimates can be accurately evaluated by comparing with parameters obtained by a skilled 

operator. 

 

Time Window 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 enough 

length to include several periods of the dominant frequency. It is however quite time 

consuming and subjective to find the optimal time window manually by visual inspection. 

On the other hand, it is well known that the actual shear-wave splitting process is stable 

with respect to the noise (Teanby et al., 2004). Therefore, it is very important to ensure 
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that the measured splitting parameters are stable over a wide range of different time 

window lengths and intervals. This stability 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 space of 

solutions, that is, in polarization and time delay parameter space.  

The method proceeds as follows: first, a set of shear-wave analysis time windows are 

constructed as illustrated in Figure 3.1. The beginning of the window is selected at beginT  

which will vary from _ 0beginT  to _1beginT  with beginN  steps of begindT  length. Similarly, the 

end of the window is selected at endT  varying from _ 0endT  to _1endT  with endN  steps of 

enddT  length. The total number of analysis windows totalN  is thus 

                            total begin endN N N= ×                         (3-1) 

where beginT  and endT  are both defined relative to the onset of the shear-wave. Please refer 

to Table 3.1 for typical values of the parameters used for window selection when applied 

on microseimic datasets. 

 

AIC Picker Algorithm 

Once the shear-wave analysis windows are selected, the measuring algorithm used to 

determine polarization and delay time is applied on each window. We estimate the values 

of polarization and delay time 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 corresponding to the minimal AIC value. For the seismogram x[k] 
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(with k = 1, 2, …, N) of length N, the AIC value at the kth point is defined as 

        ( ) log{var( [1, ])} ( 1) log{var( [ 1, ])}AIC k k x k N k x k N= × + − − × +        (3-2) 

where k ranges through all of the seismogram samples.  

The idea of this algorithm is to use the well known AIC picking algorithm to detect 

significant shear-wave arrival time difference between the two horizontal components in 

a rotated coordinate system. Here “significant” means the difference between the arrival 

times of the fast and slow shear-waves is within 10 to 60 sampling intervals. In order to 

search the entire coordinate span, the algorithm rotates the two horizontal components of 

the seismogram simultaneously from 1 to 180 degrees by one-degree increments. During 

each incremental rotation of the coordinate system, the variance of the interval between 

fast and slow arrival times on 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 on the slow component reaches its minimum (meaning the 

slow component within that interval is most quiescent). Figure 3.2 shows the results after 

applying AIC picker to a seismogram recorded in the original coordinates from The 

Geysers geothermal field, CA. 

Illustrative results of the AIC picker algorithm are shown in Figure 3.3. As indicated 

by the vertical line, the variance in interval [86,112] reaches the minimum at 122 degrees 

among all the rotated coordinates. Therefore, for this seismogram we obtain that the 

polarization is 122 degrees CW from North, and the delay time is 26 sample intervals. 

When there is more noise than signal or multiple seismic phases in the time window of 

the seismogram, the S/N ratio in the seismogram will affect the accuracy of the AIC 

picker to some extent. In this circumstance a global minimum indicating the shear-wave 
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arrival will not be guaranteed (Zhang et al., 2003). In order to further improve the 

algorithm, we check every AIC function plot for each seismogram to determine specific 

problems caused by using the simple AIC picker technique. Figure 3.4 shows that the 

method sometimes yields erroneous answers to the arrival times for seismograms with 

low S/N ratio. 

The problem in Figure 3.4 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 according to the position of its global minimum value. 

Nevertheless, the AIC picker does give us a clue about the onset of the real wave, that is, 

the arrival time is associated with the relative local minima of the AIC function, as 

indicated by the vertical dashed lines in Figure 3.4. In order to avoid that scattered wave 

or noise disturbance being regarded as a signal, we take the global minimum value as 

well as other local minima into account simultaneously while rotating the components of 

the seismogram. 

 

Cluster Analysis 

Once the automatic measuring algorithm is applied on each shear-wave analysis 

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

the purpose of varying the analysis windows and looking for robust values in polarization 

and delay time, we plot the totalN  pairs of polarization and delay times in a 2D plane. 

These estimates are supposed to condense into point groups or tight clusters as shown in 

Figure 3.5. 

Since the polarization and delay time are in different scale units (degree and 
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sampling interval), we need to normalize the data in order to eliminate different weight 

effects on the polarization and delay time caused by the clustering analysis algorithm. 

Based on our microearthquake datasets, we define the standardized range for polarization 

and delay time as 180 degrees and 60 sampling intervals respectively. Scaling by this 

variable 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 be grouped into a tight cluster of close points and then a 

technique is required to identify these clusters for the reason of automation. Here we 

adopt the so-called Density-Based Scan Algorithm with Noise (DBSCAN) (Ester et al., 

1996) to identify clusters. DBSCAN typically regards clusters as dense regions of objects 

in the data space that are separated by low density regions. DBSCAN is a density-based 

clustering technique which starts the search from an arbitrary object, and if the 

neighborhood around it within a given radius (Eps) contains at least the preset minimal 

number of objects (MinPts), this object is marked as a core object, and the search 

recursively continues with its neighborhood objects and stops at the border objects 

whereas all the points within the cluster must be in the neighborhood of at least one of its 

core objects. Another arbitrary ungrouped object is then selected and the process is 

repeated until all data points in the dataset have been placed in one of the clusters 

identified. All the non-core objects (outliers) which are not in the neighborhood of any of 

the core objects are labeled as noise. DBSCAN doesn’t need the number of final clusters 

to be given in advance and it automatically detects dense regions and its output is the 

natural number of clusters (Daszykowski et al., 2001). Four clusters are shown in Figure 

3.5 represented by different colors. 
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Once the clusters are successfully 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 _ minclusterN  such that 

any cluster containing less than _ minclusterN  data points is regarded as noise. _ minclusterN  

corresponds to approximately a cycle’s worth of points, which is usually less than the 

total number of windows totalN  divided by the number of clusters clusterN . 

The within cluster variance 2
jσ  is calculated according to  
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Therefore, the optimal cluster is found to be the cluster with the smallest variance ( 2
jσ ). 

The best estimates are taken as the mean values of tδ  and φ  in the optimal cluster. The 

best estimates from the optimal cluster are illustrated with crosses in Figure 3.5. And the 

results from an example of real seismic event are shown in Figure 3.6. 

Two flow charts depicted in Figures 3.7 and 3.8 have been designed to describe in 

detail every step of the Auto_SWS program introduced in this section. The Revised AIC 
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Picker serving as the measuring algorithm is performed for each specific analysis window 

as shown in the red rectangle (with details in Figure 3.8) in Figure 3.7. 

 

Other Related Issues 

As we have mentioned before, slight changes in the position of analysis window may 

cause very different results due to the cycle skipping effect, accordingly the selection of 

shear-wave analysis window turns out to be a step requiring special attention (Teanby et 

al,. 2004). Important parameters include beginN , endN , dT , _1beginT  and _ 0endT . Large 

beginN  and endN , small dT  should provide abundant space for the grid search by the 

automatic measuring algorithm, however it also requires more computational time. Since 

the SWS parameter estimates are much more sensitive to the window start than to the 

window end, we have typically chosen endN  as 20-30 times larger than beginN  in order to 

maintain an appropriate balance between accuracy and speed. 

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

controlled by _1beginT  and _ 0endT  which defines the minimal analysis window length. The 

measuring algorithm (Revised AIC Picker) requires a relatively clear shear-wave arrival 

and separates S phases from any other possible phases. To satisfy these requirements, we 

have defined 50 sample intervals to be the minimal window length. dT is relatively not a 

critical parameter in this approach, as long as there are large enough ranges of analysis 

windows that include the duration of shear-wave energy envelope, which guarantees the 

reliability of the final results. 

Although this new method is much less sensitive to the influence of cycle skipping 

than most other automated methods, the cycle skipping and/or window dependence 
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effects still remain a severe problem for band limited data. It may also affect the 

comparison results of the first and the second best clusters, where the first two best 

clusters usually provide 95% of correct estimates during our application to the selected 

geothermal datasets. If the first is obviously better (in terms of both the point number and 

the variance within the cluster) than the second result is reliable, otherwise the result 

might be affected by cycle skipping.   

Similar to other automated methods, the Auto_SWS method still can not discern 

perfectly between null and valid measurements. However, several features of our 

program can help us overcome this problem. The first one is setting the upper and lower 

limits for the intervals of delay time ranging from 10 to 60 sampling intervals. Another 

feature is the system of cluster identification. Null measurements tend to form poorly 

condensed or incompact cluster, leading to totally unconstrained polarization and a large 

spread in delay time, in other words, showing a large scattering of clusters in the 2D plan. 

It will consequently be rejected by the cluster identification and the interval length 

control.  

 

Justification of the Method 

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 Auto_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 3.9 summarizes the comparison between the manual results and the results 
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from three different measuring algorithms. Figure 3.9(A) is obtained from the traditional 

cross-correlation method. As shown, 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 3.9(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 Auto_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 3.9(C). In this 

last test 76/80 of polarization estimates and 70/80 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 available. For this purpose two stations deployed in Hengill in 2005 (H71 and H75) 

are selected and we have used the Auto_SWS method to measure the parameters of all 

shear-wave splitting events recorded at these two stations respectively. The comparisons 

are plotted in Figure 3.10 for H71 and in Figure 3.11 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, and 

the results are summarized in Table 3.2. The two sets of inversion results can be basically 
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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 

3.10 and 3.11. 

 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%). 
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4. INVERTING FOR CRACK GEOMETRY AND INTENSITY 

 

Shear-wave splitting parameters (polarization and delay time) observed and 

measured in all previous steps can now be used simultaneously to invert for fracture 

orientation and intensity of subsurface fracturing systems. By addressing the different 

levels of uncertainty involved in measurements of these two parameters, as well as their 

dissimilar relationships to fracture configuration, we have developed an inversion 

algorithm which reduces the primary double-response inversion problem to two related 

single-response ones. We show that the inherent nonlinearity complicates this problem, 

which therefore requires a more sophisticated attack than conventional inversion schemes. 

It will be shown that the construction of residue function contours in the model plane is 

essential to this approach. We illustrate the capabilities of this technique by inverting 

shear-wave splitting data from Krafla and Hengill geothermal fields in Iceland. In 

principle this method should be applicable to characterizing fractured reservoirs, whether 

geothermal or hydrocarbon.  

 

Main Assumptions and Wave Theory 

We assume that the seismic anisotropy is mainly induced by open cracks, 

microcracks and preferentially oriented pore spaces. It is also assumed that all the 

fractures in the vicinity of the recording station have the same orientation, and are 

approximately uniformly distributed. 

Hudson, in a series of papers (Hudson 1980, 1981, 1986, 1988, 1990; Peacock and 

Hudson, 1990), derived the effective elastic constants in the distributions of aligned 
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cracks, either dry or wet. Hudson assumed that the average effect of an irregular-shaped 

crack can be approximated by that of a flat ellipsoid whose dimension is negligible 

compared to the wavelength of the seismic waves and whose aspect ratio (minor axis 

over major axis) is much smaller than unity. All these assumptions are retained in this 

report.  

Elastic stiffness of anisotropic medium 

For isotopic and homogenous elastic medium, the stiffness matrix is well defined and 

expressed as 
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A small concentration of cracks or thin pores in the otherwise isotropic matrix 

generally weakens the rock, and hence reduces the overall elastic stiffness by an amount 

proportional to the crack porosity cφ . For instance, the stiffness matrix of the HTI 

(horizontal transverse isotropy) cracked medium is 
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The porosity φc  is defined by 

φc =
4παe

3
,          (4-3) 
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where α  denotes the aspect ratio and e  the crack density, and   

.
2µλ
λζ
+

=           (4-4) 

The boundary condition index bn  depends on the nature of the cracks and their fill, 

bn
gas =

1
παη(1−η)

,         (4-5) 
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And bt  is common to both gas and liquid filled cracks and given by 

bt =
4

πα(3− 2η)
,          (4-7) 

with η =
µ

λ + 2µ
, and 

µλ
µη

2+
=

liq

n . And µliq  is the shear modulus of the liquid in the 

cracks (MacBeth, 1999). 

The elastic stiffness with cracks of other orientation can be calculated by 

transformation of AC . This model can simulate any one of a variety of crack, pore or 

fracture styles, ranging from a volume distribution of intergranular or intragranular cracks 

to the surface distributions of large-scale shear fractures (Macbeth, 1999). 

Kelvin-Christoffel equation 

Wave propagation in elastic media is described by the equation of elastic motion, 

,2

2

t
uf

∂
∂

=+⋅∇ ρσ          (4-8) 

where σ  is the stress tensor, f  denotes the body density force vector in the media; u  

represents the elastic displacement vector and ρ  is the mass density. Hooke’s Law relates 

σ   to the strain tensor ε  by the fourth-order elastic constant tensor C  through 
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.: εσ C=           (4-9) 

For the required anisotropic medium, C  is reduced to a 6× 6 stiffness matrix, i.e. AC  

(Eq. 4-2), by using the symmetries of (4-2).  

Assuming AC  does not depend on time or wave frequency, the displacement is 

expressed by the plane wave  
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where 
0

u  is the vector describing the direction of propagation and amplitude of the wave, 

ω,  k  and x  denote the wave frequency, wave vector and position vector, respectively. 

Defining 
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with ),,( 321 kkkk =  and substituting (4-9) - (4-11) into (4-8) yields 

,0)( 2 =⋅−Γ uvρ          (4-12) 

with 
T

A LCL ⋅⋅=Γ  and v being the wave speed. This equation is the Kelvin-Christoffel 

equation (Carcione 2001), and has the form of “eigenequation” with eigenvalues 2
jvρ  

)3,2,1( =j  (magnitudes in descending order) and the corresponding eigenvectors jv .   

By definition, the polarization direction ϕ  is the angle from north to the horizontal 

projection of the second eigenvector 2v  and is calculated by 

);(tan
2
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x

v
v−=ϕ                              (4-13) 

and the delay time tδ , normalized by the length of the raypath, depends only on the 
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magnitudes of shear wave velocities 2v  and 3v , and has the form of 

.11

23 vv
t −=δ          (4-14)  

Figure 4.1 illustrates synthetic results for polarizations and delay times computed by the 

foregoing theory for a given crack model.  

 

Inverse Modeling 

A double-response inverse problem 

As shown by (4-13) and (4-14), both the polarization ϕ  and delay time tδ  are 

functions of wave vector k  (described by the incident angle I and back azimuth B) as 

well as crack strike ψ , crack dip θ  and crack density e . Suppose now we have n 

observations iϕ  and itδ ),,2,1( ni K= , equations (4-13) and (4-14) can be rewritten as  

);,,;,( eBI iii θψϕϕ =            (4-15) 

).,,;,( eBItt iii θψδδ =          (4-16) 

Since the measurement errors are unavoidable, the observations iϕ  and itδ  are better 

represented by 

;),,;,( 1iiii eBI εθψϕϕ +=           (4-17) 

.),,;,( 2iiii eBItt εθψδδ +=         (4-18) 

where i1ε  and i2ε  are randomly distributed noises. Hence, this is a double-response 

regression problem, which means, both polarization ϕ  and delay time tδ  are used 

simultaneously to invert for the fracture attributes ψ, θ  and e.  

One important characteristic makes this problem unique: According to Macbeth’s 
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stiffness matrix and Kelvin-Christoffel equation, polarizations are basically insensitive to 

the variation in crack density, while delay times are approximately linearly proportional 

to it. This makes it possible to simplify the original problem by splitting it into two 

connected single-response inversion processes, as discussed in detail below.  

Nonlinear inversion and numerical procedure 

In this approach, we model the crack parameters based on the nonlinear least squares 

rule. For a given crack density *e ,  (4-17) becomes 

,),,;,( 1
*

iiii eBI εθψϕϕ +=         (4-19) 

and the corresponding root mean squares (RMS) of the residues is calculated by 
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Therefore, the crack strike and dip are approached as ),(1 θψs  reaches its minimum. 

Since polarizations are roughly irrelevant to the crack density, this regression provides an 

estimate of the real crack strike and dip to the first order of approximation.  

Substituting the estimated crack strike *ψ  and dip *θ  to (18), we have 
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**

iiii eBItt εθψδδ +=         (4-21) 

The crack density estimate is then obtained by minimizing the RMS of the residues for 

delay time 
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Next, the regressed crack density is applied back to (4-18) and the same procedure as 

mentioned above is followed. The numerical loop is terminated and the final estimate 
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)ˆ,ˆ,ˆ( eθψ  is reached as certain predefined tolerance is satisfied. The flow chart of the 

numerical procedure is depicted in Figure 4.2 and Figures 4.3 to 4.6 are showing all of 

the details involved in each contributing subroutine. 

Residue function contours 

For a given crack density such as ê , we define the residue function of crack strikes 

and dips for polarizations as 
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which is identical to (4-20) (i.e. RMS of the residues for polarizations). To visualize this 

distribution, we construct a 2-D model plane with the horizontal axis representing the 

crack strike and the vertical axis the complement angle of the crack dip, and contour the 

residue function on this plane (Figure 4.7). Theoretically the nonlinear least squares rule 

requires that the regressed crack strike and dip should be inferred from the point where 

the global minimum of residue function is located (Seber and Wild 1989; Draper and 

Smith 1998). Obviously, the modeled crack strike and dip obtained from this method are 

identical to previously obtained ψ̂  and θ̂ . 

Analogously, the residue function for delay times is defined as 
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and its contours are also computed (Figure 4.7). The crack strike and dip regressed from 

(4-22) are generally different from ψ̂  and θ̂ . However, the difference should be minor if 

our assumptions of the crack system are correct and the elastic constants of the cracked 



 35

medium are well represented by the Macbeth’s stiffness matrix. 
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Figure 1.1  Main flowchart of the processing procedure. 
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Figure 2.1  Flowchart of the PICK module. 
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Figure 2.2  Flowchart of the PICKIT subroutine. 
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Figure 2.3  Flowchart of the LQUAKE module. 
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Figure 2.4  Flowchart of the Locath3D subroutine. 
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Parameter  Value 

_1beginT  50 ms before shear wave pick

_ 0endT  50 ms after shear wave pick 

begindT  25 

enddT  10 

beginN  3 

endN  20 

Eps 0.8 

MinPts 10 

_ minclusterN  25 

 
 
Table 3.1  Suggested values of parameters used for the automatic detection code in this 

study.  
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Station ID Crack Strike 

(Degree) 
Crack Dip 
(Degree) 

Crack Density Goodness 
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 
 
Table 3.2. Comparison of inversion results from SWS measurements obtained by manual 

and automatic methods for two selected stations in Hengill. 
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Figure 3.1 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.  
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Figure 3.2 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. 
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Figure 3.3 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. 
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Figure 3.4 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. 
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Figure 3.5 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. 
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Figure 3.6 Results from an example of Coso event (20060606193911). Three different 

clusters represented by three colors (green, orange, and brown) are identified 

by the DBSCAN algorithm, with the outliers indicated by blue color being 

regarded as noise. The mean value of each cluster is represented by a star 

which connects with each other with red solid lines, and the mean value with 

the shortest error bar (blue solid line) turns out to be the best estimate. For this 

example, the best automatic estimate (the star inside the orange cluster) agrees 

very well with the manual measurements (75 degrees, 18 sample intervals vs 

77 degrees, 16 sample intervals). 
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Figure 3.7  Flowchart of the  Auto_SWS module. 
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Figure 3.8  Flowchart of the revised AIC subroutine.. 
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Figure 3.9 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 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. 
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Figure 3.10 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). 
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Figure 3.11 The same comparison plots as in Figure 3.10 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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Figure 4.1 Theoretical polarizations (left), rose diagram (center), and time delay contours 

(right) for a synthetic crack system with strike 40° (crack strike is measured 

clockwise from North), dip 80° (crack dip is measured from the horizontal 

plane with downward south positive), and average crack density 0.05. The 

small circle encloses the shear wave window (~35°), inside which the shear-

wave splitting observations are free of inter-ference from the surface. 
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Figure 4.2 Flow chart of the inversion algorithm. The inversion is initialized by a guess 

of crack density (step 1). We then estimate the crack strike and dip from 

polarization data by assuming the crack density to be constant (step 2). Next, 

we assume the estimated crack strike and dip to be constant crack properties 

(step 3), and invert for the crack density under this circumstance (step 4). 

Then, we use the newly estimated crack density to replace the previous value 

(step 5), and estimate the crack strike and dip from polarization data again 

(step 2), and so on. When the iteration converges to some predefined 

tolerance, the foregoing loop stops and the final estimated crack strike, dip 

and density are obtained (step 6). 
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Figure 4.3  Flowchart of the Inversion module. 
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Figure 4.4  Flowchart of the Computangle subroutine. 
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Figure 4.5  Flowchart of the Computdensity subroutine. 
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Figure 4.6  Flowchart of the Computrms subroutine. 
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Figure 4.7 A 2-D model space is constructed, with the horizontal axis representing the crack 

strike ψ  and the vertical axis the complement angle of the crack dip θ . If ψ  is 

positive the complement crack dip equals )90( θ−° ; and if ψ  is negative, it is 

)90( θ−°− . The residue function contours are drawn (inverted by the scheme 

described in Figure 4.2) for polarizations (upper) and delay times (lower) 

measured from a seismogram recorded at Hengill geothermal field, Iceland. 

Thick black lines represent 95% confidence limit for modeled crack strike and 

dip. (a) The global minimum of polarization residual (40.46) is located at strike 

= -55° and dip = 80° (actually shown on the plot is the complement dip = -10°). 

(b) The corresponding delay time residual is 8.95, while the global minimum of 

delay time residual (7.98) is located somewhere else. 

 

Li Liu
      68




