Iterative Strategies for Aftershock Classification in Automatic
Seismic Processing Pipelines

Steven J. Gibbons®, Tormod Kvaerna®, David B. Harris® and Douglas A. Dodge®

ABSTRACT

Aftershock sequences following very large earthquakes present enormous challenges to near-
realtime generation of seismic bulletins. The increase in analyst resources needed to relocate an
inflated number of events is compounded by failures of phase association algorithms and a
significant deterioration in the quality of underlying fully automatic event bulletins. Current
processing pipelines were designed a generation ago and, due to computational limitations of the
time, are usually limited to single passes over the raw data. With current processing capability,
multiple passes over the data are feasible. Processing the raw data at each station currently
generates parametric datastreams which are then scanned by a phase association algorithm to form
event hypotheses. We consider the scenario where a large earthquake has occurred and propose to
define a region of likely aftershock activity in which events are detected and accurately located using
a separate specially targeted semi-automatic process. This effort may focus on so-called pattern
detectors, but here we demonstrate a more general grid search algorithm which may cover wider
source regions without requiring waveform similarity. Given many well-located aftershocks within
our source region, we may remove all associated phases from the original detection lists prior to a
new iteration of the phase association algorithm. We provide a proof-of-concept example for the
2015 Gorkha sequence, Nepal, recorded on seismic arrays of the International Monitoring System.
Even with very conservative conditions for defining event hypotheses within the aftershock source
region, we can automatically remove about half of the original detections which could have been

generated by Nepal earthquakes and reduce the likelihood of false associations and spurious event

! NORSAR, Kjeller, Norway.
? Deschutes Signal Processing LLC, Maupin, Oregon, USA.
® Lawrence Livermore National Laboratory, Livermore, California, USA.

1



hypotheses. Further reductions in the number of detections in the parametric data streams are likely

using correlation and subspace detectors and/or empirical matched field processing.



INTRODUCTION

Many seismological data centers around the world aim to provide the most accurate and rapid
characterization of seismicity possible. In most cases, these focus on specific regions and provide an
information service for mitigating the impacts of earthquakes (e.g. the Pacific Northwest Seismic
Network). However, some data centers have global scope. The National Earthquake Information
Center (NEIC) in Golden, Colorado, for example aims to provide information on all earthquakes above
magnitude 3.0 in the United States and 5.0 globally. The verification regime for the Comprehensive
Nuclear-Test-Ban Treaty (CTBT) includes both a global seismic network (part of the International
Monitoring System or IMS) and the International Data Center (IDC) in Vienna which collects and
processes IMS data to generate a Reviewed Event Bulletin (REB) for nation states. The nuclear
explosion monitoring missions of some nations may also include an independent National Technical

Means to detect and locate seismic events globally, in addition to the services provided by the IDC.

The manually reviewed products generated by such data centers are based on the output from
automatic procedures. The current basis for automatic event bulletin generation at the IDC is called
Global Association or GA (Le Bras et al., 1994) and extends the principles of Generalized
Beamforming or GBF (Ringdal and Kvaerna, 1989) and the Intelligent Monitoring System of Bache et
al. (1993). The concepts of the existing processing pipelines at the IDC are illustrated in Figure 1. The
datastreams (panel a) are present for many stations in the global network, which may be either 3-
component or array stations. Arrays have been fundamental in the seismic monitoring of nuclear
explosions (e.g. Douglas, 2013) and this was very much the case when the IMS and IDC were
designed (e.g. Dahlman et al. 2009, 2011). While only one stream is displayed here for each station,
in practice many different detection traces are formed for each station. For 3-component stations,
detection processes can be run independently on different rotations of the orthogonal components
to seek P- and S- phases from different directions, and processed in multiple frequency bands in
order to optimize the signal-to-noise ratio (SNR) for a broad range of anticipated signals. For seismic

arrays, the situation is even more complicated with an extensive beam deployment steering
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numerous beams with carefully selected combinations of parameters for optimizing the detection of
signals from all anticipated seismic sources. For all stations, a detection reduction and parameter
estimation process will result in parametric datastreams (Figure 1 b) whereby, for a given trigger
time, we have a set of parameters describing the nature of the detection. These parameters include
typically SNR, apparent velocity, backazimuth, frequency content, and amplitude. A GA-type
algorithm will determine a set of event hypotheses which best explain the sets of parametric data,
i.e. an automatic event bulletin (Figure 1 c). Four events have been formed from the parametric data
streams in this illustrative example; three of these come from essentially the same geographical
location but are placed at some distance from each other due to deficiencies in the various
automatic stages of the process. The analyst then compiles a reviewed event bulletin (Figure 1d)
based upon revisions of events found in the automatic bulletin(s). With access to the waveform data
(e), and signal processing tools, event definitions can be modified until deemed satisfactory by the
analyst. Event hypotheses that are clearly false are deleted and new events that were not identified

by the automatic processing are added if the analyst sees sufficient evidence.
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Figure 1 The classical processing pipeline displayed schematically for a global network. Waveforms
from arrays and 3-C stations are processed (a) and converted to parametric detection lists (b). A
global phase association algorithm then attempts to construct event hypotheses from these
detections (c) creating an automatic event bulletin which is then reviewed manually (d). The

analyst review includes reassessment of the waveform data (e).



The processes in panels (a), (b) and (c) of Figure 1 all run fully automatically with a minimum of
human supervision; the labor-intensive part of the process is the manual construction of the
reviewed event bulletin from the automatic bulletin. Largely due to the computational limitations of
the 1990s when the systems were designed, the automatic parts of the process generally perform
only a single pass over the waveform data. The waveform data are reanalyzed only when the manual
review is performed. The greatest strain is placed on the system in the event of very large
earthquakes followed by extensive aftershock sequences. The rapidly unfolding sequences of phase
arrivals at the stations can present significant challenges to automatic procedures for phase
association and event hypothesis creation. One such event happened on April 25, 2015, when an
earthquake of magnitude 7.8 struck Nepal and was followed by several hundreds of aftershocks
which were recorded globally. Figure 2 displays the event hypotheses in the fully automatic SL3
bulletin of the IDC in the first six days of this aftershock sequence, together with the final analyst-
reviewed solutions for the same time interval. Panels (a) and (b) of Figure 2 are the real-life
equivalents of panels (c) and (d) in Figure 1. We see at a glance the problem faced by automatic

algorithms in constructing an accurate representation of the sequence of seismic events.

(a) SL3 bulletin (b) REB bulletin
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Figure 2 Event location estimates from the fully automatic SL3 bulletin from the International Data
Center (IDC) in Vienna for April 25 to April 30, 2015, and (b) event locations from the analyst-

reviewed Reviewed Event Bulletin (REB) for the same time period.

In the aftershock sequence scenario, we have issues such as the overlap of signals (where first
arrivals at key stations may be buried in the coda of signals from earlier events). A succession of
events may be so rapid that qualitatively incorrect solutions with spuriously associated arrivals will
often score more highly in automatic evaluations than the often incomplete sets of detections that
correspond to the true origin time and source location. This is what leads to a scatter of preliminary
event location estimates over continental distance scales (Figure 2 a). It is the enormous human
effort involved in producing the result displayed in Figure 2 b) from the starting point displayed in
Figure 2 a) that we seek to assist. There may be many strategies for improving the association
algorithms, e.g. evaluating detection probabilities for different phases (Kvaerna and Ringdal, 2013) or
a Bayesian reformulation of the problem (Arora et al., 2013). However, we wish to explore context-
based iterative solutions where new passes over the raw waveform data are performed using

technigues which are optimized for the current state of seismicity.

We assume a situation where a large earthquake has occurred with many aftershocks anticipated in
a given region, and aim to extract as much information as possible about the evolving sequence. The
region of anticipated aftershock activity is likely to be determined by knowledge of the regional
tectonics. Given a set of well-constrained events, we could then strip the parametric phase lists of
detections associated with these aftershocks and therefore reduce the likelihood of false
associations. Figure 3 illustrates how we may attempt to construct a timeline for event hypotheses
within the aftershock region using some form of signal processing optimized for that particular
source region on the available stations (panel a). It is not specified in the figure which algorithm we
employ for this purpose —we could be using correlators or subspace detectors (e.g. Harris and

Dodge, 2011; Barrett and Beroza, 2014) or some form of grid search method (see Lomax et al., 2014).



With an accurate list of hypocenters and origin times, we may predict with considerable accuracy the
sequence of phases anticipated at the different stations and these times can be used to mask out the
corresponding phases (detected or not) from the parametric data streams (panel b). The reduced
parametric data streams can then be sent again to the phase association process (c.f. Figure 1 b and
c). While we may not guarantee a more accurate association of the remaining detections, we are
likely to have reduced significantly the number of false event hypotheses involving arrivals from
significant events from the aftershock region. A new association run based on the cleaned-up lists of
parametric arrival data will result in a new set of event hypotheses, and the validity of these can be
evaluated based upon the likelihood of detection, or non-detection, of phases depending upon the
source location, magnitude and station detectability history (Kvaerna and Ringdal, 2013). In principle,
the iteration between the event definition process and the association of seismic arrivals can
continue until stopping criteria determine that no further information can be gleaned from the raw

data and/or parametric data streams.

In this paper we provide a proof-of-concept demonstration that an offline (semi-)autonomous
procedure could classify a certain category of events robustly, and with high accuracy, and remove all
trace of them from the parametric data streams, increasing the likelihood that more general phase
association algorithms will succeed on the remaining detections. We here focus on the aftershock
sequence scenario although the concept is equally applicable to, for example, repeating mining
explosions. An evaluation of a complete processing pipeline is beyond the scope of this paper. It is
more our aim to make the case that, with today’s increased computational resources, iterative
techniques could be applied to the pipeline processes to relieve some of the human effort required

for generating the final event bulletins.
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Figure 3 The processing scenario under the hypothesis of a developing aftershock sequence in a
limited geographical region, in which an offline process is initiated to detect and locate aftershocks
accurately. The detection parameters associated with well characterized events (a) can be

removed from the parametric data stream provided to the phase association algorithm (b).



STRATEGIES FOR CHARACTERIZING REPEATING SOURCES AND AFTERSHOCKS
The workhorses for characterizing repeating seismicity, both from anthropogenic and natural
sources, are so-called pattern or empirical signal detectors. In aftershock sequences from moderately
sized earthquakes (e.g. up to magnitude 6.5), correlation and subspace detectors may perform
exceptionally well in characterizing events with relatively limited numbers of templates covering the
entire source region effectively (e.g. Gibbons and Ringdal, 2006; Harris and Dodge, 2011; Tang et al.,
2014; Junek et al., 2015; Dodge and Harris, 2016). For larger events, such as the M=7.8 Nepal
earthquake, the source regions are many times larger with dimensions up to and exceeding 100 km.
The waveform similarity between neighboring events decreases both with differences in source
mechanism and with increasing hypocentral distance. It has been demonstrated for several large
aftershock sequences that correlation methods are relatively ineffective at characterizing the
seismicity, with only a very small proportion of events detected at distant stations showing

significant signal similarity to other events (Slinkard et al., 2013).

When it becomes clear that an aftershock sequence is underway, we should be able to evaluate
rapidly from historical performance which stations are likely to provide optimal detection capability
for the given source region (e.g. Kveerna and Ringdal, 2013). For array stations, we can choose a
frequency band and a set of time delays that will optimize the likelihood of detecting a phase from
that source region. The lowermost trace in Figure 4 shows a beam for the Warramunga array (WRA)
in Australia steered with parameters which maximize the SNR for teleseismic P arrivals from the
source region of the Mw 7.6 October 8, 2005, Kashmir earthquake (Mandal et al., 2007). WRA is a
highly sensitive seismic array, far from cultural noise, and with excellent coherence for teleseismic
signals. For each seismic phase (i.e. station and phase combination, e.g. teleseismic P at WRA) which
is expected to be observed well from an event in our source region, we seek a characteristic function
(CF). This is to say a time-series with a significant local maximum close to every occurrence of an
arrival of this phase from an event in our sequence, and ideally with no significant local maxima at

any other times.
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The auto-regressive Akaike Information Criterion (AR-AIC) procedure is commonly used for refining
the onset time of a seismic arrival (see e.g. Leonard and Kennett, 1999, and references therein). In
the procedure, an auto-regressive (AR) model is generated for the background noise prior to the
detection time and a residual trace is formed containing, for each sample, the difference between
the recorded value and the linear prediction from the preceding samples using this AR-model (e.g.
Kay and Marple, 1981). The corresponding AIC trace attains the greatest (negative) value at the
sample which best separates the part of the time-series well described by the noise AR-model and
the part of the time-series not well described by this model. This estimate is frequently a very good
approximation of the arrival time (e.g. Leonard, 2000) with the significance of the AIC minimum
increasing with increasing contrast in the amplitude and spectral content between the signal and
noise. In the absence of a signal onset hypothesis, we can simply perform this procedure on
consecutive overlapping segments of the seismogram, calculating short AIC traces at regular intervals
(e.g. at every sample or every other sample). Examples of such traces are displayed above the
seismogram in Figure 4. Those windows which include a clear signal onset produce an AIC trace with
a significant minimum close to the arrival time whereas windows in “pure noise” or “pure signal” do
not. A summation of these overlapping AIC traces suppresses much of the random variability of the
AIC functions in the absence of clear onsets and adds the significant minima constructively. The
detection statistic resulting from multiplying this stack by -1 (Figure 4, top trace) attains clear local
maxima exceptionally close to the manually chosen onset time. This CF avoids the difficulty in
determining signal onsets from STA/LTA traces and provides an alternative to procedures such as

Kurtosis (e.g. Baillard et al., 2014).

It may be the case that the CF attains a significant local maximum for unrelated signals, given that it
is only sensitive to an increase in amplitude of the incoming waveforms. For a seismic array, we may
be able to screen and remove local maxima that are unrelated to our sequence by performing f-k
analysis or calculating the corresponding F-statistic (e.g. Selby, 2008). For a 3-component station,
inconsistency with the anticipated particle motion (e.g. Vidale, 1986) may provide enough evidence

11



to screen out a spurious local maximum. For a station at teleseismic distance, only a single P-phase is
likely to be observed with a high SNR for each event. Later phases like PP and PcP are sometimes
clear, but are usually of lower frequency and with considerably lower SNR. Stations at regional
distances on the other hand may display a sequence of clear P- and S-type phases for each event.
Grigoli et al. (2013) prescribe a system for automatic event detection and location with a regional
network of 3-component stations using normalized CFs derived from Principal Component Analysis,
whereby different CFs respond preferentially to either P or S phases, limiting the contribution to

apparent S-phase energy resulting from P-arrivals and vice versa.

In Figure 5 we see waveforms, optimized for P and S phases as indicated, for three stations at
regional distances from the Kashmir aftershock sequence. For most of the arrivals in Figure 5, both P
and S are visible on both vertical and transverse horizontal rotations — both on the waveforms and on
the corresponding CFs. For each station, at the time of a given local CF-maximum, there are likely to
be local maxima on both P and S-optimized CFs. If the CF with the highest value at the time of the
local maximum is identified, as indicated in Figure 5, a good strategy is simply to attribute that trigger
to the targeted phase and to set all other CFs for that station to zero at that time. If the station is an
array, we will probably be in addition able to differentiate P- and S- phases using f-k analysis. A
station which results in multiple triggers which are not easily differentiated using simple signal
processing algorithms is probably best excluded from the network. However, it is worth bearing in
mind that the purpose of this work is to characterize well events from a targeted region that are well
recorded over an extensive network. Any one trigger will only define an event if numerous additional
triggers, detected on CFs for other stations, are consistent with the arrivals predicted from a single
location and a common origin time. Consequently, the system is likely to be able to cope with a

significant number of triggers from unrelated sources.
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Figure 4 Generation of a trace for arrival detection formed by continuous stacking of AR-AIC
functions calculated in overlapping data segments. The beam uses backazimuth 322 degrees,
apparent velocity 22 km/s and the frequency band 1-5 Hz. For each time window used for
calculating an AR-AIC trace, the window length has total duration 15 seconds, and the AR noise
model is calculated using the data from only the first 5 seconds of the current window. The AR

linear prediction filter uses 8 coefficients.
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Figure 5 Traces from 3 stations at regional distances (between 1 and 9 degrees) from the October

8, 2005, Kashmir earthquake optimized for the detection of P and S waves as indicated (a). Panel

(b) shows the corresponding AR-AIC traces for the highlighted time interval in panel (a) and panel

(c) shows the same traces but where, for each station, for any significant local maximum on either

P- or S-optimized traces, the trace with the lowest value is set to zero in a 10 second window

centered on this local maximum.
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There are many grid-search possibilities for generating event hypotheses (see e.g. Kao and Shan,
2004; Grigoli et al., 2013; Lomax et al., 2014). However, the defining feature of the AR-AIC
characteristic functions displayed in figures 4 and 5 is the accuracy of the arrival time estimates. This
property means that with well-constrained traveltimes, for a given phase arrival and hypocenter
hypothesis (i.e. latitude, longitude and depth), the origin time of the hypothetical event is
constrained to a very short time-window. Dealing with global observations, the traveltimes of P-
waves are becoming exceptionally well characterized (e.g. Simmons et al., 2012) and we can typically
predict teleseismic P-waves with an uncertainty significantly less than one second (Myers et al.,
2015). Our strategy is to form a 2-D or 3-D grid of candidate hypocenters in the aftershock region
and, for every trigger detected on the set of CFs, attempt to form an event. For each grid point, the
defining trigger time will define a single event hypothesis with an origin time uniquely determined by
the trigger time and traveltime. We then project out from this origin hypothesis to all of the other
stations using the corresponding traveltimes and count the number of local maxima that fall within a
short time window of the predicted arrival time. For grid points far from the true hypocenter, it is
very likely that no or few other CF local maxima will be reached and these event hypotheses can be
discarded immediately. The problem of event definition then becomes one of identifying the best of
the event hypotheses which are consistent with local maxima on the CFs for many different phases.
This will be described in the next section for a case study using the first few days of the April 25,

2015, Gorkha aftershock sequence, Nepal.
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CASE STUDY: THE 2015 GORKHA AFTERSHOCK SEQUENCE, NEPAL

The Mw 7.8 Gorkha, Nepal, earthquake of April 25, 2015, was recorded with a high SNR at many IMS
seismic arrays at teleseismic distances. The top trace in Figure 6a) shows a beam that is deemed
optimal for the detection of teleseismic P from Nepal aftershocks for the ARCES array in Norway. The
amplitudes of the signals from the few largest events dominate the trace, although no fewer than
142 signal detections occur in the time-window indicated which provided a slowness estimate
consistent with a Nepal P-signal. In the lower trace of Figure 6a) is the corresponding AR-AIC CF,
calculated as displayed in Figure 4). The AR-AIC function has a smaller dynamic range than the
waveforms themselves and the signal onsets from the smaller events are more visible. Similar
optimal beams and corresponding AR-AIC characteristic functions were calculated for a number of
other IMS seismic arrays (ASAR, BVAR, CMAR, ESDC, FINES, GEYT, ILAR, KSRS, KURK, MKAR, NOA,
SONM, TORD, WRA, YKA, and ZALV) and 3-component stations (AKTO, ARU, KIRV, NRIK, TIXI, and
YAK). The distribution of these stations relative to the source region is displayed in Figure 7 and it is
clear that all of these stations are at far-regional or teleseismic distances. Only P-phases were sought

for this study.
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Figure 6. Optimal beam on the ARCES seismic array for detecting teleseismic P-arrivals from the
Nepal region and the corresponding continuous AR-AIC trace (a). Fully automatic event hypotheses
from a grid search scan of the source region scaled according to the number of AR-AIC detections
associated with each event hypothesis for April 25 and April 26 2015 (b). 158 events are displayed

in panel (b) compared with 294 events in the REB in the same time period.

To judge a sensible threshold for determining a trigger on the AR-AIC CF requires inspection of the
traces; a nominal threshold of 50 appeared to pass those local maxima which clearly were associated
with a required arrival. It should be noted that, in this case study, only the value of the CF was
considered; all associated parametric information, such as that provided by f-k analysis, was ignored.
With the CF functions for each array calculated, these time-series were searched for events within
one-hour-long time-intervals. A 2-dimensional grid of trial hypocenters was defined between 26 and
29 degrees north, 83 and 39 degrees east, and with a fixed depth of 15 km. With 121 grid points in
latitude and 201 grid points in longitude we have approximately 3 km spacing laterally for
hypocenter candidates. This grid definition was based upon calculations of aftershock locations
carried out by Adhikari et al. (2015) and Dixit et al. (2015), and traveltimes for each phase were
calculated a priori for every node in the grid using the LLNL-G3D 3-dimensional P-wave model of

Simmons et al. (2012).
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Each local maximum in the set of CFs exceeding the threshold was considered to be a trigger and a
grid search was performed for each such trigger. Every node in the grid was used to form an event
hypothesis with the origin time first obtained by subtracting the pre-calculated traveltime from the
trigger time. A set of predictions was then calculated for arrivals on every other CF using the
corresponding traveltimes. If, and only if, an AR-AIC local maximum greater than the nominal
threshold fell within a predefined time tolerance (set to 1.1 seconds in this study) of the predicted
arrival time would this phase be associated with the origin hypothesis. Any origin hypothesis with
fewer than a predefined number of supporting phases was immediately rejected. All event
hypotheses with more than this number (here set to 4) were stored, together with the number N; of
associated phases and a 1-norm measure of the time residual vector. All parameters were chosen
empirically and are subject to continual evaluation. The time tolerance for example might have to be
increased if the onset time estimates or the traveltime calculations were to indicate that this were
necessary. Given that this procedure is carried out for each trigger on the AR-AIC characteristic
functions, a very high number of event hypotheses can be formed — many essentially identical, but
differing slightly in the origin time and associated time residual. On the other hand, the calculation
involves only the addition and subtraction of pre-calculated traveltimes and evaluating whether or
not the CF exceeds a threshold close to the predicted arrival time. This makes the procedure far
more rapid than an algorithm that involves, for example, stack-and-delay of different CFs. With all
event hypotheses evaluated for the hour-long segment, the maximum number N, of associated
phases was found and the winning event hypothesis was selected as the hypothesis with N,
associated phases with the minimum residual vector. This best hypothesis was saved and all local
maxima within 10 seconds of each arrival time predicted from this origin were set to zero. This
search was performed again with the now reduced set of CF local maxima and repeated until no
qualifying event hypotheses remained, with the associated phases being removed for each event

accepted.
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This grid search procedure described here is clearly a brute-force method but, given the reliability of
the arrival time estimates and the high speed at which each candidate hypocenter can be evaluated,
a significant geographical region can be searched for preliminary event definitions. The method is not
global and necessarily targets only a limited source region. (We are using a limited number of
specially optimized detection statistics on a limited number of stations.) All passed event hypotheses
occurring at nodes close to the boundary of the grid are deemed most likely to have originated
outside of the search window and are deleted. We cannot exclude the possibility of triggers from
events outside of the search region but the minimum number of phases needed to define an event
hypothesis, and the exclusion of events occurring close to the boundary, appears to have kept this
case study free of such examples. If the selection criteria were to require additional parameters, such
as backazimuth, the likelihood of including foreign events would decrease further. The event
hypotheses automatically determined from the set of AR-AIC characteristic functions formed for April
25 and 26 are displayed in Figure 6b). The size of the symbols relates only to the number of phases
for which a local maximum above the threshold value could be associated, using the traveltime
alone, with the candidate hypocenter. The spatial distribution of these event hypotheses is very

similar to that obtained from manual relocations (e.g. Hayes et al., 2015).
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clipped artificially for display purposes.

21



The events displayed in Figure 6b) constitute a surprisingly satisfactory preliminary event bulletin for
the aftershock region; the median distance between the fully automatic hypocenter estimates and
the final REB solutions is 23.7 km. There are fewer automatic event hypocenters than are present in
the REB for this time period, due to the strict criteria for defining events on the AR-AIC characteristic
functions (only arrivals with a significant SNR generate local maxima of the CFs which exceed the
nominal threshold). It should be noted that many REB events are defined only by signals in the coda
of previous events and are constructed from phases with very low SNR. Almost all such events are
only detected by virtue of the coherence detected on seismic arrays. We recall however that our goal
is not to form a complete catalog, but rather construct the most accurate possible description of the
best defined events in the aftershock region such that all associated phases can be stripped from the

parametric detection lists (c.f. Figure 3b).

In Figure 8 we see the effect of removing all phases associated with this set of events from the
detection lists for four primary IMS seismic arrays. Slightly fewer than half of the detections for each
station have been eliminated from the detection lists, and only detections with lower SNR remain. It
should also be noted that many of the remaining detections are likely to be coda detections; the
correct identification and removal of these is likely to improve the results of subsequent phase
association algorithms. Of the automatic event hypotheses in the SL3 bulletin that were deemed to
be of high quality, falling within 15 seconds and 150 km of REB events, the median distance between
automatic and reviewed hypocenters is 23.5 km (very similar to that for the grid search hypocenters
found here). The key to reducing the workload on analysts is both an improvement of the quality of
valid event hypotheses and a reduction of the number of spurious event hypotheses. Our aim is to

point to methods for achieving both.
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CONCLUSIONS

We have highlighted the difficulties that extensive aftershock sequences following very large
earthquakes present for agencies attempting to generate near real-time earthquake catalogs. It is
self-evident that an increase in the number of events requiring classification will generate an
additional burden to the human resources required. However, the increase in the required effort
usually increases disproportionately given that the rapid sequence of arrivals from the vast number
of aftershocks often confounds the automatic phase association algorithms, resulting in poorer
quality automatic event bulletins. Although progress is being made in improving the systems which
form the automatic event hypotheses, we propose an iterative strategy whereby phases and signals
associated with the aftershocks are removed from the parametric datastreams by a separate sub-

process.

The optimal process for classifying the aftershocks will depend upon the nature of the sequence. For
smaller earthquakes, with aftershocks limited to a relatively small geographical region, pattern
detectors (e.g. correlators, subspace detectors and matched field detectors) may characterize the
entire source region quite efficiently. For larger events (e.g. above magnitude 7) there is often little
waveform similarity within the usable frequency bands for the widely spaced aftershocks. For this
reason, we advocate the use of more general procedures for aftershock classification (possibly in
combination with the use of pattern detectors). We present a case study of the Mw 7.8 May 25,
2015, Nepal earthquake for which we attempt to detect and locate aftershocks in an offline process.

This process comprises three parts:

1. Generation of special targeted optimal datastreams from multiple stations. For seismic
arrays, this involves forming optimal beams.

2. Construction of a characteristic function (CF) for each such datastream. We implement a
continuous AR-AIC trace which produces local maxima very close to the signal onset times.

3. Agrid search of the aftershock source region using the CFs for the different stations.
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With a provisional event list generated, we remove all associated phases from the incoming
datastreams and run the phase association algorithm on the screened detection lists. Even with a
very basic offline procedure for the Nepal sequence, we removed almost half of the detections
associated with the aftershock sequence. The proportion of detections screened would almost
certainly increase if more sophisticated methods were employed to identify those phases associated
with the aftershocks (e.g. Harris and Kvaerna, 2010). Significant process is being made with empirical
signal detectors at scales from local (e.g. Wang et al., 2015) to regional (e.g. Yoon et al., 2015), and
global (e.g. Dodge and Walter, 2015) and it is conceivable that multiple processes could run
simultaneously to try to characterize the ongoing sequence. Of greatest importance is the idea that
the detection and location pipeline no longer has to be serial. A contextual, iterative, scheme may
perform multiple passes over the waveform data to build an increasingly accurate picture of the

current seismicity at all scales.
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DATA AND RESOURCES

Website of the Pacific Northwest Seismic Network: https://pnsn.org/about (last accessed January

2016).

Website of the National Earthquake Information Center:

http://earthquake.usgs.gov/contactus/golden/neic.php (last accessed January 2016).

The text of the Comprehensive Nuclear-Test-Ban Treaty is found at https://www.ctbto.org/the-

treaty/treaty-text/ (last accessed January 2016).

The LLNL-G3D 3-dimensional P-wave velocity model is available from

https://missions.lInl.gov/nonproliferation/nuclear-explosion-monitoring/global-3d-seismic-

tomography together with software for performing the traveltime calculations (last accessed January

2016).
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