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(57) ABSTRACT 
Systems and methods for automatically detecting and iden
tifying seismic wave features in seismic data are provided. 
In general, the systems and methods utilize a nonparametric 
time series classification method to detect seismic wave 
features that may otherwise be difficult to automatically 
identify in seismic data. Instead of building a model by 
estimating parameters from the seismic data, the data itself 
is used to define a trained model. The systems and methods 
described here provide the ability to detect and identify 
seismic wave features with reasonably fast and extremely 
accurate results without needing to compute parameters. 
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SYSTEMS AND METHODS FOR 
NON-PARAMETRIC AUTOPICKING OF 

SEISMIC WAVE FEATURES FROM SEISMIC 
DATA 

STATEMENT REGARDING FERERALLY 
SPONSORED RESEARCH 

2 
Thus, there remains a need to provide a system and 

method for identifying seismic features, such as the arrival 
of S-waves, in seismic data that do not require computing 
intermediate parameters to perform the detection task. 

SUMMARY OF THE INVENTION 

The present invention overcomes the aforementioned 
drawbacks by providing systems and methods for detecting 

This invention was made with government support under 
EAR-1114228 awarded by the National Science Foundation. 
The government has certain rights in the invention. 

BACKGROUND OF THE INVENTION 

10 
and identifying a seismic wave feature in seismic data. A set 
of training data that represents a seismic wave feature of 
interest is provided. The training data may be seismic data 
or a numerical model of the seismic wave feature of interest. 
Seismic data that includes seismic traces is then provided, 
which may include acquiring the seismic data. In some 
instances, the seismic data can be acquired and processed in 
real-time. The seismic data is scaled based on information 
contained in the seismic data. A similarity score between the 
provided seismic data and the provided training data is 
computed, and based on that similarity score, a portion of the 

The field of the invention is systems and methods for 
15 

detecting seismic wave features in seismic data. More par
ticularly, the invention relates to systems and methods for 
automatically identifying seismic wave features, such as 
S-waves, in seismic data. 20 provided seismic data is identified as containing a seismic 

wave feature of interest. The seismic wave feature of interest 
is then selected as occurring at a selected time point in the 
identified portion of the seismic data. 

Seismic events result in the release of surface waves and 
two types of "body" waves, referred to as "P-waves" and 
"S-waves." P-waves are relatively easy to detect in seismic 
data and this detection can be done automatically by soft
ware algorithms. S-waves travel more slowly than P-waves 
and are much more difficult to detect or "pick." 

The foregoing and other aspects and advantages of the 

25 invention will appear from the following description. In the 
description, reference is made to the accompanying draw
ings that form a part hereof, and in which there is shown by 
way of illustration a preferred embodiment of the invention. 
Such embodiment does not necessarily represent the full 
scope of the invention, however, and reference is made 

30 therefore to the claims and herein for interpreting the scope 
of the invention. 

Detection of S-waves is desirable for locating the point of 
origin of earthquakes. S-wave picking can also be useful in 
microseismic monitoring for assessing the hydraulic frac
turing ("fracking") process. For example, the locations of 
microseismic events are used to determine fracture network 
geometry, and their focal mechanisms are helpful for under
standing how the fractures are stimulated. The information 
derived from microseismic monitoring is also helpful for 
reservoir simulation and assessment. Last but not least, 35 

microseismic monitoring in real-time would be useful for 
assessing induced seismic activity to help avoid inducing 
large-magnitude earthquakes. 

As noted above, correct identification of phase arrival 
times is very important for seismic event location and 40 

identification, source mechanism analysis, and seismic 
tomography. Phase picking is often done manually, and 
identification of later arrivals, such as the S-arrival, is 
complicated by noise from the P-wave coda and because 
earlier arriving S-to-P converted waves can often be mis- 45 

identified as the S-arrival. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 is a flowchart setting forth the steps of an example 
method for detecting a seismic wave feature of interest in 
seismic data using appropriately selected training data; 

FIG. 2 is an example of a Wadati diagram and L1 fit for 
an example training data set, which can be used to improve 
the accuracy of the training data by identifying outliers to be 
removed from the training data; 

FIG. 3 is an example of positive and negative reference 
data sets, which include four horizontal component records 
containing S-wave analyst picks and four horizontal com
ponent records containing noise, and in which each window 
is scaled using the absolute amplitude of the data in the 
window and divided by the mean of the second half of the 
window; 

Today, S-wave picking is often done manually by expert 
analysts studying seismic data. More recently, attempts have 
been made at automating S-wave picking, but have yet to 
achieve reliable accuracy. Examples of S-wave picking 
methods include those using polarization analysis (Cicho
wicz, 1993; Reading et al., 2001); neural networks or trees 
(Wang and Teng, 1997; Gentili and Nichelini, 2006); auto
regressive modeling (Takanami and Kitigama, 1993; Leon
ard and Kennett, 1999; Kuperkoch et al., 2012); higher-order 
statistics, especially kurtosis (Savvaidis et al., 2002; Baillard 
et al., 2014); wavelet analysis (Arrant and Dow la, 1997); and 
combinations of techniques (Patane et al., 2003; Sleeman 
and van Eck, 2003; Diehl et al., 2009). 

FIG. 4 is an example of two horizontal traces (solid lines) 
50 and their associated Rpair score curve (dotted line); 

FIG. 5 is an example illustrating a re-scaling scheme used 
in some embodiments of the present invention, whereby an 
un-scaled example of an S-wave arrival at 0.33 seconds 
(left) is rescaled by computing the absolute value of the 

55 data's amplitude (middle) and then dividing that absolute 
amplitude by the mean of the second half of the S-wave 
portion of the signal (0.34 seconds to 0.67 seconds) (right); 
and 

FIG. 6 is a block diagram of an example computer system 
60 that can implement some embodiments of the present inven

tion. 
Currently available phase detection methods almost 

exclusively use a parameter-based approach, in which a 
parameter such as kurtosis or Akaike information criteria 
("AIC") is estimated and relied upon to build a model for 
determining whether a given window represents a phase 
arrival. The drawbacks with these approaches include error 65 

sources propagating from the parameter estimation to the 
detection task. 

DETAILED DESCRIPTION OF THE 
INVENTION 

Described here are systems and methods for automatically 
detecting and identifying seismic wave features in seismic 
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data. Seismic wave features that can be detected and iden
tified include P-waves, S-waves, P-wave to S-wave conver
sions, surface waves, and so on. 

4 
The training data does not need to be geographically or 

geologically specific. That is, training data based on seismic 
data acquired from one geographic or geologic region can be 
used to detect seismic wave features in seismic data acquired 

5 from a completely different geographic or geologic region. 
In general, the systems and methods utilize a nonpara

metric time series classification method to detect seismic 
wave features that may otherwise be difficult to automati
cally identify in seismic data. Instead of building a model by 
estimating parameters from the seismic data, the data are 
used to define a model. This approach runs contrary to 
previous methods for detecting seismic wave features, 10 

which relied on computing parameters from the seismic data 
and then basing the feature detection on those parameters. 
As an example, some machine learning methods, such as 
neural networks and neural trees, have been used for phase 
identification, but the majority of these previous methods are 15 

trained on parameters, such as AR-model coefficients or 
short-term average/long-term average ("STA/LTA") values, 
instead of on the raw data. These previous methods have 
limited reliability because detection is based on parameters, 
whose computation could be affected by error sources, rather 20 

than the raw data. The systems and methods of the present 
invention, however, provide the ability to detect and identify 
seismic wave features with reasonably fast and extremely 
accurate results without needing to compute parameters. 

In some embodiments, to address the limitations of pre- 25 

vious seismic wave feature detection techniques, the sys
tems and methods of the present invention are based on 
computing the similarity of input signals to a reference, or 
training, data set containing the seismic wave features of 
interest. Potential seismic wave features of interest, which 30 

may include S-wave arrivals, are identified based on their 
similarity to a set of training data that includes positive and 
negative reference sets. As an example, the positive set 
contains examples of analyst-identified seismic wave fea
tures and the negative set contains noise, which may include 35 

P-wave or S-wave coda. 
Referring now to FIG. 1, a flowchart is illustrated as 

setting forth the steps of an example method for automati
cally detecting and identifying a seismic wave feature in 
seismic data. A seismic wave feature may include a P-wave, 40 

and S-wave, a P-wave to S-wave conversion, a surface 
wave, and so on. 

The method includes providing training data, as indicated 
at step 102. In some embodiments, the training data may 
include seismic data containing at least one seismic wave 45 

feature that is similar to the seismic wave feature of interest 

In some embodiments, the training data can include a 
simple model of the desired seismic wave feature. As one 
example, the training data can comprise a step function that 
models the initiation of an S-wave. 

As one specific, and non-limiting, example, the training 
data can be established as follows. For this example, two 
different datasets containing S-wave picks from two differ
ent analysts were used as the basis for two different training 
data sets. The first data was acquired from the Parkfield 
region in central California, and the second was acquired 
from the Alpine Fault region on the South Island of New 
Zealand. The Alpine Fault dataset includes 209 analyst picks 
from over 30 different broadband and short period stations 
along approximately 50 km of the Alpine Fault from the 
WIZARD array operated in 2012-2014. The Parkfield data
set includes 721 analyst picks from over 50 stations of the 
PASO array along the San Andreas Fault operated in 2001-
2002. 

These training data sets were then processed, as will be 
described in more detail below. In this example, the hori
zontal traces for each station-event pair were band-pass 
filtered between 3 Hz and 30 Hz and cut 0.5 seconds after 
the known P-wave arrival. In addition, all signals were 
down-sampled to the minimum sampling rate of all signals. 
Next, an expected S-wave arrival was calculated assuming 
a P-wave speed to S-wave speed (vp/v s) ratio of 1.7, and by 
defining an S-wave arrival region as ±2 seconds around the 
expected S-wave arrival. Signals for which the analyst 
S-wave pick fell outside this 4 second region were removed 
from the analysis, considering them to be inconsistent and 
therefore unreliable. 

In addition, erroneous analyst picks can be identified and 
removed using a Wadati diagram, excluding outliers from a 
least absolute deviation (L1 ) fit. An example of such a 
Wadati diagram is illustrated in FIG. 2, which shows a 
Wadati diagram and L1 fit for Parkfield event 
2002009235200. Analyst pick outliers (solid black dots) are 
identified as erroneous picks and removed from the analysis 
if points fall outside oflines with slope +/-0.2 that of the L1 

fit. Using these quality control methods, analyst picks can be 
reasonably removed from the provided training data sets to 
improve their accuracy. to be detected and identified in the acquired data. For 

instance, if the detection task is to identify S-waves in 
seismic data, then the training data will include at least one 
S-wave. 

In general, the training data includes a positive reference 
and a negative reference. The positive reference can be a 
portion of seismic data that has been identified as corre
sponding to the seismic wave feature of interest. For 
instance, the positive reference can include a portion of 
seismic data manually identified as containing an S-wave. 
For example, the positive reference can include horizontal 
traces identified as containing the seismic wave feature of 
interest. The negative reference can be a portion of seismic 
data that does not contain the seismic wave feature of 
interest. As one example, the negative reference can be 
selected as a noisy portion of the seismic data occurring after 
the positive reference. For instance, the negative reference 
can be selected as S-wave coda windows extracted from the 

Referring again to FIG. 1, after the training data have been 
provided, seismic data are acquired or otherwise provided, 

50 as indicated at step 104. In some embodiments, the seismic 
data can be acquired and processed in real-time. 

A detection window size is then selected, as indicated at 
step 106. This detection window size defines a detection 
window that will be used for automatically detecting and 

55 identifying the seismic wave feature of interest in provided 
seismic data. By way of example, the detection window size 
can be selected based on known temporal characteristic of 
the seismic wave feature of interest. For instance, if the 
seismic wave feature of interest is an S-wave arrival, then 

60 the window size can be selected based on the known 
temporal characteristics ofS-wave arrivals. As one example, 
the window length can be selected as 0.67 seconds. It will be 
appreciated that other window sizes can be suitably selected 

positive reference. As another example, the negative refer- 65 

ence can be selected as a noisy portion of the seismic data 
occurring before the positive reference. 

depending at least in part on the seismic wave feature of 
interest. 

The seismic data are then filtered, as indicated at step 108. 
As an example, the seismic data are filtered using a bandpass 



US 10,317,549 B2 
5 

filter that is designed to remove parts of the seismic data that 
are not important for the detection task. When the training 
data includes seismic data, the seismic data are preferably 
also filtered, as indicated at step 110, and using the same 
filter used on the acquired seismic data, as described above. 5 

By using the same filter, the frequency content of the seismic 
data and the training data will be equalized, which can 
improve the detection efficiency of the seismic wave feature 
picker. 

As another pre-processing step, the seismic data are 10 

scaled, as indicated at step 112. In general, the seismic data 
can be scaled using a scaling factor, which in some embodi
ments is determined from the seismic data. As one example, 
the scaling factor can be determined as the scaling factor that 

15 
normalizes a selected portion of the seismic data. For 
instance, a portion of the seismic data that is thought to 
contain the seismic wave feature of interest can be selected 
and normalized, and the scaling factor that normalizes that 
portion of the seismic data can be used to scale the seismic 20 

data as a whole. 
Using the training data and the selected detection window, 

the scaled seismic data are processed to detect and identify 
seismic wave features, as indicated at step 114. In general, 
the seismic wave feature of interest can be detected and 25 

identified using a sliding window analysis, whereby seismic 
data within the selected detection window is compared with 
the training data. 

In some embodiments, a k-nearest neighbors based 
approach is used to detect and identify seismic wave features 30 

with the appropriately prepared training data. As one 
example, similarity between the seismic data and the train
ing data can be computed. In some embodiments, similarity 
can be defined as the Euclidean distance between the scaled 

35 
absolute values of the amplitudes of the observed signal and 
a given reference example. It will be appreciated by those 
skilled in the art, however, that other distance or similarity 
metrics can also be used. 

6 
where y is a weighting parameter and d(r,s) is a distance 

metric between the reference signal and the observed data. 
As one example, the distance metric can be the square of the 
Euclidean distance, 

d(r, s) = ~ (r; - s;)2
. 

i=l 

(2) 

Each vote represents the degree of similarity between the 
observed data and a given reference signal in the training 
data. As described above, the training data, R, contains equal 
numbers of positive and negative reference signals. An 
example of a positive reference set and a negative reference 
set is illustrated in FIG. 3. The votes are aggregated for the 
positive and negative comparisons, and a score, R(s), is 
calculated for each window by taking the ratio of the 
positive to negative vote sums: 

~ V(r,s) (3) 

ccR+ 
R(s) = -.Z.:--V-(r-, s-) 

,cR_ 

FIG. 4 shows an example of two horizontal traces and 
their associated R-curves. For a given station-event pair, two 
scores RHI and RH2 are computed for the two horizontal 
traces, and a single score, Rpair, is computed by combining 
the two horizontal R-score values, which can be accom
plished using multiplication or addition as follows: 

(4); 

or, 

Rpa;r(s)~RH! (s)+RH2(s) (5). 

The S-wave window is then determined as the window, 
By way of example, a seismic wave feature of interest can 40 sm=' that maximizes Rpair' 

be detected and identified as follows. A single pass is done 
through the band-passed, scaled seismic data to produce a 
seismic wave feature score function that is defined, for each 
window, as the ratio of the sum of similarity to positive 
reference examples over the sum of similarity to negative 45 

reference examples. The seismic wave feature of interest is 
chosen as the center position of the window that maximizes 
this score function. 

Using an S-wave arrival as the seismic wave feature of 
interest, S-wave onsets can be identified in seismic data by 
taking successive windows of a given horizontal trace and 
computing a similarity metric to the set of positive and 
negative reference set examples. For both horizontal traces 
in a given station-event combination, an S-wave score 
function is computed for the two traces at each time step, and 
these scores are multiplied together to produce a final score. 
The S-wave arrival is chosen at the center of the window 
corresponding to the maximum score. 

(6) 

Finally, the S-wave pick is selected as the time of the 
center of the smax window. 

As one example implementation of the methods described 
above, the weighting parameter, y, can be selected as 0.0001, 

50 the moving-window length can be selected as 0.67 seconds, 
and the data can be band-pass filtered between 3 Hz and 30 
Hz. Positive reference waveforms were created using the 
portion of the training data 0.33 seconds before and after the 
analyst S-wave pick, whereas negative reference waveforms 

55 were created by cutting a 0.67 second window several 
seconds after the S-wave analyst pick. Both the positive and 
negative reference waveforms were scaled by taking the 
absolute value of the amplitude and dividing by the mean 
amplitude of the second half of the 0.67 second window of 

In this example, each horizontal trace is processed inde
pendently and the following analysis is applied to each 
un-rotated horizontal trace. A moving-window procedure is 
performed, using the previously selected window size. For 
each time window, a vote, V, is calculated by comparing the 
observed data, s, to the reference trace, r, in the training data: 65 

60 the positive examples. An example of seismic data scaled in 
this manner is illustrated in FIG. 5. 

A quality rating that includes two classes can be used to 
rate the quality of a seismic wave feature pick. For example, 
a class 1 can be defined based on a signal-to-noise ratio 
("SNR") greater than 1, and a class O can be defined based 
on an SNR greater than 10. SNR can be calculated by 
selecting noise as the RMS value from the first half of the (1); 
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window before the S-wave onset and selecting the signal as 
the RMS value in the second half of the window after the 
S-wave onset. 

In some embodiments, the detected and identified seismic 
wave features can also be processed to remove erroneous 5 

picks, similar to those methods that can be applied to 
improve the accuracy of the training data. For instance, a 
Wadati diagram and L1 fit, such as those illustrated in FIG. 
2, can be used to this end. As one example, after automatic 
S-wave picks are identified, a Wadati diagram can be con- 10 

structed for each event using automatic S-wave picks and 
analyst P-wave picks. Outliers in this Wadati diagram can 
then be marked as incorrect picks and are therefore not used. 

Thus, a simple, fast, and accurate method for automati-
15 

cally identifying seismic wave features, such as S-wave 
onsets, in seismic data has been provided. In some embodi
ments, a k-nearest neighbor based technique is applied to 
band-passed horizontal seismograms. The method identifies 
potential S-wave onsets by comparing the similarity of a 20 

given window to a set of known S-wave onsets and to a set 
of examples containing noise. An S-wave onset score func
tion is calculated using the ratio of similarity to the S-wave 
examples divided by the similarity to the noise examples. 
The method only needs to use the horizontal component of 25 

seismograms, although other components can also be 
included in the analysis, and needs only one pass through the 
band-passed data with a fixed window size. 

The method has few parameters to tune, and the method 
has been found to be invariant to the training set. It is 30 

contemplated that the method requires only two reference 
picks to achieve an acceptable classification rate. The suc
cess of the method using training sets from different geo
graphic locations suggests that, at least in some cases, the 
method can work as an out-of-the-box auto-picker using a 35 

provided training set. 
Referring now to FIG. 6, a block diagram is illustrated of 

an example computer system 600 that can be used for 
detecting and identifying seismic wave features in seismic 
data in accordance with some embodiments of the present 40 

invention. The system 600 generally may include an input 
602, at least one processor 604, a memory 606, and an output 
608. The system 600 may be, for example, a workstation, a 
notebook computer, a personal digital assistant ("PDA"), a 
multimedia device, a network server, a mainframe, or any 45 

other general-purpose or application-specific computing 
device. The computer system 600 may operate autono
mously or semi-autonomously, or may read executable soft
ware instructions from a computer-readable medium (such 
as a hard drive, a CD-ROM, flash memory, and the like), or 50 

may receive instructions from a user, or any another source 
logically connected to a computer or device, such as another 
networked computer or server, via the input 602. 

8 
aspects, the software 608 may contain instructions directed 
to performing the method described above with respect to 
FIG. 1. 

The present invention has been described in terms of one 
or more preferred embodiments, and it should be appreciated 
that many equivalents, alternatives, variations, and modifi
cations, aside from those expressly stated, are possible and 
within the scope of the invention. 

The invention claimed is: 
1. A computer system for detecting and identifying a 

seismic wave feature in seismic data using a non-parametric 
time series classification model, the computer system com
prising: 

a memory having instructions stored therein; 
a processor configured to access the instructions stored in 

the memory and execute the instructions to cause the 
computer system to: 

(a) store a set of training seismic data comprising a 
positive reference containing an S wave and a negative 
reference in the memory; 

(b) generate a detection window having a detection win
dow size corresponding to a temporal characteristic of 
the S-wave and store the detection window in the 
memory; 

( c) provide seismic data based on a seismic event that 
includes seismic traces; 

( d) scale the seismic data based on information contained 
in the seismic data; 

( e) perform a sliding window analysis by moving the 
detection window through a plurality of different time 
points in the seismic data and computing a similarity 
score for each of the plurality of different time points, 

wherein computing the similarity score includes: 
computing a positive reference similarity score between 

the seismic data and the positive reference; 
computing a negative reference similarity score between 

the seismic data and the negative reference; and 
computing the similarity score based on a ratio between 

the positive reference similarity score and the negative 
reference similarity score; 

(f) select at least one of the similarity scores from the 
plurality of different points in the seismic data as 
corresponding to the S-wave; and 

(g) generate a report that includes a location or identifi
cation of the seismic event based on the S-wave. 

2. The computer system as recited in claim 1, wherein step 
( d) includes computing an absolute value of an amplitude of 
the seismic data and scaling the seismic data based on the 
computed absolute value. 

3. The computer system as recited in claim 2, wherein step 
( d) includes computing an average amplitude over a portion 
of the seismic data and scaling the seismic data by dividing 
the computed absolute value by the computed average. 

4. The computer system as recited in claim 1, wherein the 
negative reference is defined as a portion of the training 
seismic data that does not include an S-wave. 

The input 602 may take any shape or form, as desired, for 
operation of the computer system 600, including the ability 55 

for selecting, entering, or otherwise specifying parameters 
consistent with operating the computer system 600. In some 
instances, the input 602 may be designed to receive training 
data that represents a seismic wave feature of interest and 
seismic data. 

5. The computer system as recited in claim 1, wherein step 
(e) includes computing a distance metric between the train-

60 ing seismic data and the seismic data. 
Among the processing tasks for operating the computer 

system 600, the at least one processor 604 may be config
ured to perform the method described above with respect to 
FIG. 1. 

The memory 606 may contain software 608, and may be 
configured for storage and retrieval of processed information 
and data to be processed by the processor 604. In some 

6. The computer system as recited in claim 5, wherein the 
distance metric is a squared Euclidean distance. 

7. The computer system as recited in claim 1, wherein 
selecting the portion of the provided seismic data as con-

65 taining the S-wave in step (f) includes determining the time 
point at which the detection window is associated with a 
maximum similarity score. 
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8. The computer system as recited in claim 1, wherein 
computing the similarity score includes computing a vote for 
each detection window, wherein the vote is based in part on 
a distance metric between the training seismic data and the 
seismic data. 

9. The computer system as recited in claim 8, wherein the 
vote includes weighting the distance metric by a weighting 
value. 

10. The computer system as recited in claim 1, further 
comprising filtering the provided seismic data using a band
pass filter to remove selected frequency components from 
the seismic data. 

11. The computer system as recited in claim 10, further 
comprising filtering the provided training seismic data using 
the band-pass filter to also remove the selected frequency 
components from the training seismic data. 

12. The computer system as recited in claim 1, wherein 
the provided training seismic data includes a numerical 
model that represents the S-wave. 

10 
13. The computer system as recited in claim 1, wherein 

the positive reference in the provided set of training seismic 
data further includes at least one identified P-wave, P wave 
to S wave conversion, or surface wave, and wherein step ( d) 

5 further includes processing the seismic data and the training 
seismic data to identify a portion of the seismic data as 
containing a P-wave, P wave to S wave conversion, or 
surface wave based on a computed similarity score between 
the seismic data and the training seismic data. 

10 
14. The computer system as recited in claim 1, further 

comprising determining a quality of the S-wave based on a 
Wadati diagram. 

15. The computer system as recited in claim 7, wherein 
the S-wave is selected as corresponding to a center position 

15 
of the detection window having the maximum similarity 
score. 

16. The computer system as recited in claim 1, wherein 
the report that includes the location or identification of the 
seismic event based on the S-wave is generated in real-time. 

* * * * * 


