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Abstract

The standard seismic explosion-monitoring paradigm is based on a
sparse, spatially aliased network of stations to monitor either the whole Earth or a
region of interest. Under this paradigm, state-of-the-art event-detection methods are
based on seismic phase picks, which are associated at multiple stations and located
using 3D Earth models. Here, we revisit a concept for event-detection that does not
require phase picks or 3D models and fuses detection and association into a single
algorithm. Our pickless event detector exploits existing catalog and waveform data to
build an empirical stack of the full regional seismic wavefield, which is subsequently
used to detect and locate events at a network level using correlation techniques. We
apply our detector to seismic data from Utah and evaluate our results by comparing
them with the earthquake catalog published by the University of Utah Seismograph
Stations. The results demonstrate that our pickless detector is a viable alternative technique for detecting events that likely requires less analyst overhead than do the
existing methods.

Introduction
The standard paradigm for seismic event monitoring
breaks the event-detection problem down into a series of
processing stages that can be categorized at the highest level
into station-level processing and network-level processing
algorithms (e.g., Le Bras and Wuster, 2002). At the station
level, waveforms are typically processed to detect signals
and identify phases, which may subsequently be updated
based on network processing. At the network level, phase
picks are associated to form events, which are subsequently
located. Waveforms are typically directly exploited only at
the station level, whereas network-level operations rely on
Earth models to associate and locate the events that generated
the phase picks. We refer to the class of methods that are
based entirely on picks at the network level as “pick-based
methods,” following Pesicek et al. (2014). Individual detection, association, and location algorithms, Earth models, and
wave-propagation models have become increasingly sophisticated with time, and pick-based methods remain the workhorse at operational seismic-monitoring centers.
An alternative class of methods, which we refer to here as
“stack-based methods,” operates directly on the waveforms
themselves, eliminating the step of deriving a set of picks at
each station. Stack-based methods include a class of methods
that can be referred to as reverse time migration methods.
These methods generally consist of a grid search over possible
event hypotheses in space and time, in which migration is used
to focus waveform energy received at several stations back to

the seismic source. Often, such methods are based on a few
specific phases and require relatively simple travel-time predictions through Earth models to align the energy (e.g., Kao and
Shan, 2004; Baker et al., 2005). A variant on this approach,
which is less suitable for real-time event-detection purposes,
involves time reversal of the full wavefield using full-wave
modeling methods (e.g., Gajewski and Tessmer, 2005). Another more empirical class of stack-based methods exists that
is based on correlation using heavily processed stacks of observed data and therefore does not require a velocity model.
Shearer (1994) outlined an approach for event detection that
used a time-versus-distance image of the long-period teleseismic wavefield from known events as a matched filter to identify new events. His matched filter was constructed using a
short-term average/long-term average (STA/LTA) operator to
heavily smooth the data and accentuate phase-arrival times.
Building on this work, Young et al. (1996, 1998) developed
a method that they referred to as the waveform correlation
event-detection system (WCEDS). The WCEDS algorithm effectively fuses traditional detection and association steps in
a single algorithm. The method was subsequently implemented
at a local scale by Withers et al. (1999). The WCEDS implementation described in these earlier studies was based on the
construction of synthetic stacks, rather than the empirical
stacks described by Shearer (1994).
The main advantages of pick-based methods are related
to speed and to the fact that they work relatively well for
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Figure 1.

Schematic illustration of the waveform correlation event-detection system (WCEDS) algorithm as described by equations (1)
and (2) withPthe weighting terms removed for clarity (based on figure 3 in Withers et al., 1999). (Left) Each element in the dot product matrix
P contains i mi di , in which di is the data at a specific station and mi is the stack for a specific distance. (Right) By parameterizing a region of
study by a series of nodes, the correlation at a given node can be found from the weighted sum of relevant terms in the P matrix, as described
by equation (2). The color version of this figure is available only in the electronic edition.

detecting events with sparse networks. Stack-based methods
typically involve a grid search over time and location to find
events and are therefore intrinsically slower. A major limitation of pick-based methods is that phase picks can be in
error if the onset of the arrival is misidentified, which is relatively common when the signal-to-noise ratio is low. The
phase of the pick can also be erroneous. Further, the association of picks can break down when there are a large number
of individual events that are closely spaced in time and space,
which is typical during aftershock sequences. Pick-based
methods can also involve significant analyst overhead in repicking arrival times. Stack-based methods can avoid many
of these issues. Further, the speed advantage associated with
pick-based methods is becoming increasingly irrelevant as
computers continue to become faster and cheaper.
In this article, we revisit the stack-based method outlined by Shearer (1994), Young et al. (1996, 1998), and
Withers et al. (1999) using a high-density regional network
in Utah. To determine whether WCEDS is a viable alternative
to standard pick-based event-detection methods, we compare
the results obtained using our implementation of WCEDS
with results from a pick-based method run by the University
of Utah Seismograph Stations (UUSS).

Method
The WCEDS algorithm is based on correlating the processed incoming data against a historical time-versus-distance
stack of the seismic wavefield. In contrast with traditional
waveform correlation methods, seismograms for the WCEDS
approach are heavily processed using a band-pass filter and
application of an STA/LTA operator (Withers et al., 1998).
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Traditional correlation methods are very powerful for detecting and locating repeating events but do not provide a general solution for broad-area regional monitoring. The STA/
LTA operator has the advantage of enhancing phase arrivals
and smoothing the time series to remove high-frequency effects that are strongly dependent on specific events and/or
source–receiver paths. Furthermore, because the STA/LTA
operator removes absolute amplitudes, site calibration errors
are removed. Rather than exploiting wiggle-for-wiggle correlations, the WCEDS formulation exploits the time delays
between phases, in addition to their relative amplitudes, as
a function of source–receiver distance. In this article, we assume that the evolution of the STA/LTA processed waveforms
varies only with distance. This is equivalent to assuming a 1D
velocity structure, although we note that no velocity model is
used in the formulation.
Assume that we have a set of N S seismograms from
different stations in a network that have been filtered by an
STA/LTA operator, such that the ith seismogram can be
written as ai t  Pxi t, in which xi t is the band-pass
filtered vertical-component waveform for the ith station and
P… represents the STA/LTA operator. The objective is to
detect and locate events on this set of processed seismograms
in a moving time window.
The method is based on the construction of an empirical
stack of observed STA/LTA processed seismograms from historical events recorded across a network. Using a catalog of
events recorded by a network, we process historical data with
an STA/LTA filter and construct a time-versus-distance stack
of these data. Figure 1 provides a schematic illustration to aid
in the following narrative. The distance–time stack is stored
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Figure 2.

Flowchart illustrating the implementation of WCEDS
described in this article. The color version of this figure is available
only in the electronic edition.

as an N D × N T matrix M, in which N D is the number of distance bins and N T is the number of time bins. Each element
of M represents the mean value of STA/LTA from the entire
catalog of historical data in a given time and distance bin.
Extending the formulation described by Young et al. (1996)
and Withers et al. (1999), Pw is calculated from
EQ-TARGET;temp:intralink-;df1;55;271

Pw  M · DT · diagw;

1

in which D is an N T × N S matrix that contains all the processed data for an entire network in a moving time window
such that each element represents the processed data at a
given time for a given station; N S is the number of stations;
Pw is an N S × N D matrix containing elements pij that equal
the product of the processed seismogram at a specific station
with the stack at a given distance; and w is a vector of distance weights of length N D . By parameterizing a region of
study by a series of grid nodes, the correlation value c for a
given grid node can subsequently be found by summing the
relevant terms in Pw and normalizing

NS 
pik jk
1 X
c
2
:
N S k1 N T
EQ-TARGET;temp:intralink-;df2;55;104
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Equations (1) and (2) are illustrated in Figure 1. The relevant
indexes of terms in Pw for each grid node are stored in a
lookup table. The N ϕ × N λ matrix (in which N ϕ is the number
of latitudes and N λ is the number of longitudes) containing the
correlations at all the grid nodes is referred to in this article as
Cw . With wi  1, the dot product formulation in equation (1)
would account for spreading and attenuation because the STA/
LTA amplitudes intrinsically include these effects at each station and in the stack. However, the averaging effect of equation (2) can result in missing small events, because they may
be only detected by a few stations. To compensate for this, we
weight by the inverse of the great-circle distance from the ith
station Δi , such that wi  Δ−1
i . This strategy is equivalent to
down-weighting observations with large source–receiver
separation that are less likely to have detected an event and is
not an attempt to mimic real attenuation and spreading.
For a given origin-time hypothesis t0 , the event detection and location are implemented by finding peaks in Cw
and determining if those peaks meet some criteria suitable
for event detection. Because multiple events may be consistent with the same origin-time hypothesis, we implement an
iterative peak-finding algorithm that is based on the approach
outlined in Young et al. (1996). The algorithm begins by finding the latitude (ϕp ) and longitude (λp ) of the largest peak in
Cw and assigning an event hypothesis: EP  ϕP ; λP ; t0 .
Next, a masking matrix X with dimensions N S × N D is defined to track station–distance pairs associated with the event
hypothesis. Elements in X representing stations detecting the
event, at their associated great-circle distances to EP , are
flagged. The correlation matrix Cw is then recalculated using
equation 2 but neglecting terms in Pw with corresponding
flags in X, and the process is repeated until there are no more
peaks above some threshold.
The full algorithm, which is represented as a flowchart in
Figure 2, can be conceptualized as a nested loop in which the
outer loop iterates over different origin-time hypotheses and
the inner loop iterates over all location hypotheses at that origin time that exceed a correlation threshold. In addition, the
algorithm includes logic that reconciles the results obtained at
different origin-time hypotheses. Event hypotheses generated
for a given origin-time hypothesis are compared with earlier
event hypotheses to determine whether they represent new
events or improved estimates of previous hypotheses; the
associated logic is shown inside the box in Figure 2. The
final output of the algorithm is a catalog that contains a complete set of self-consistent event hypotheses.
An initial estimate of the event location is a natural byproduct of the event-detection system described above. To
obtain an estimate of the best point location, we note that the
resolution of the peak location ϕP ; λP  is limited by the discretization of the grid, and increasing the number of nodes
adds significant computational burden. To avoid these issues,
we resample C on a finer-resolution set of nodes and smooth the
function using a 2D Gaussian filter to achieve finer location resolution without significant additional computational cost. This
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Figure 3. Locations of 140 broadband and short-period seismic
stations in Utah in 2007 and 2008 (white triangles are University
of Utah [UU] stations; black triangles are USArray Transportable
Array stations) and locations of seismic events in the University of
Utah Seismograph Stations (UUSS) seismic catalog for the same
two-year time interval (gray stars).
strategy is found to provide improved estimates of location,
even when the original 2D function of C is spatially aliased.
This event-detection scheme contains a number of
parameters that must be tuned for a specific application based
on an assessment of the desirable trade-off between the number of false alarms and the number of missed events. As such,
WCEDS is no different from any other algorithm for seismic
event detection, although we note that the number of parameters is lower than for most pick-based methods (e.g., Le
Bras and Wuster, 2002), partly because the detection and
association algorithms are effectively merged in WCEDS.
The parameters that one might tune for a given application
include the filter parameters, STA/LTA window durations,
weighted network correlation threshold, and the station
correlation threshold. We also use two thresholds that are
designed to ensure that only the result from the origin-time
hypothesis most consistent with a specific event is stored (Δs
and Δt ); events within a threshold spatial distance (Δs ) and
threshold time delay (Δt ) are evaluated as possible hypotheses from the same event (Fig. 2).

Dataset and Construction of a 1D Stack
In this article, we focus on the application of WCEDS to
one day of data from broadband and short-period stations in
the permanent regional seismic network operated by UUSS.
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To construct our historical time-versus-distance stack, we use
data from all 77 events in the UUSS catalog with M L > 2:5
and occurring in the region defined in Figure 3 during 2007
and 2008. Further, we include data from USArray Transportable Array (TA) stations for constructing the stack. During
this time period, there were seismic stations at a total of
140 locations in Utah (Fig. 3). The precise constellation of
stations changed with time as TA stations were moved. The
University of Utah (UU) network is distributed along the
north–south trend of seismicity, whereas the TA network is
distributed as a semiregular grid across the region.
The source–receiver paths used to generate the 1D stack
M are shown in Figure 4. Because large events should be
more precisely located than small events, and have better
signal-to-noise ratio, we use these events in constructing
M. Errors in the stack will map to errors in our resultant event
catalogs, although using a large number of observations in
generating the stack, errors should be reduced via averaging.
We note that none of the events used in constructing the stack
are present in the one-day period in which we have tested
WCEDS. Based on all event-receiver paths from the 77 events,
a total of 8951 STA/LTA processed waveforms are used to construct the stack, which is shown in Figure 4. We process data
using a simple recursive STA/LTA filter (Withers et al., 1998).
First, the data are filtered from 0.5 to 4 Hz with a four-pole
band-pass Butterworth filter. Next, the data are filtered using
STA/LTA filter parameters of STA  3 s and LTA  60 s
(tuned following Trnkoczy, 2002). The matrix M is formed by
averaging all STA/LTA values in time–distance bins. We
choose time bins of duration equal to 0.05 s and distance bins
of 5 km. Slices through M at every 10 km interval are shown
in Figure 4. Three dominant phases are clearly seen, corresponding to Pg, Pn, and Lg. The Pg/Pn crossover distance is
∼200 km, with a very sharp onset at closer distances. The Lg
phase is characterized by a much more emergent onset. We
emphasize that no assumptions are made about what phases
are present; they just emerge from the stack according to how
they are represented in the observed data and with the appropriate relative amplitudes. This is very different from pickbased models, in which a decision must be made about what
phases to use and travel-time curves for each phase must be
developed or obtained.

Application of WCEDS and Comparison with
the UU Catalog
For evaluating the WCEDS algorithm described above,
we show the results obtained by applying the method to one
day of data (18 September 2007 00:00 to 19 September 2007
00:00) at UU network stations. We use the earthquake catalog produced by UUSS for assessing our results. Because
mining-related blasts are not reported in the UUSS earthquake catalog, we expect to detect events that UUSS do not
report. However, the UUSS catalog provides a set of events
for evaluating whether WCEDS might be a viable alternative
for broad-area seismic monitoring. The selected day con-
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Figure 4. The 1D short-term average/long-term average (STA/LTA) stack used for event detection in this study. (Left panel) The 8951
event–station paths that were used to construct the stack. The event-station paths were formed from 77 M w > 2:5 events (gray stars), in which
each event was recorded on a subset of the 140 stations (white triangles). (Right panel) Slices through the stack matrix at intervals of 10 km.
The Pn, Pg, and Lg arrivals are labeled. The color version of this figure is available only in the electronic edition.

Figure 5.

The peak network correlation function as a function of origin time using data from the UU stations on 18 September 2007. Stars
below the horizontal line are origin times for all 47 events from the UU event catalog and stars above the horizontal dashed line are origin
times of events detected by WCEDS, given a threshold of 0.0375. The distribution of maxCw  is shown for the full one-day processing run in
the left panel. The color version of this figure is available only in the electronic edition.

tained 47 events in the UUSS catalog in the region of study
shown in Figure 3, with local magnitudes between 0.42 and
1.74 and 43 events forming a tight geographic cluster around
39.43° N, 111.21° W near the center of the region of study.
To evaluate WCEDS, we process the one-day period with
thresholds tuned to ensure that we detect all except one event
in the UUSS catalog. The filter parameters and STA/LTA
parameters are the same as the stack parameters described
above. The network correlation function as a function of origin-time hypothesis, maxCw , is shown in Figure 5. We se-
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lect the minimum thresholds required to detect 46 out of 47
UUSS events in the one-day period; the thresholds chosen
are provided in Table 1. We note that one event is missed,
because to detect it would require a significant reduction
in the threshold with a large number of false alarms; the
event, which occurs at 13:33:51, is the smallest event in
the one-day period (Mc  0:42) and was detected by UUSS
using two permanent stations and three temporary stations.
The primary thresholds (the station and network correlation
thresholds) control the number of events detected and have
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Table 1
Thresholds Used in Applying Waveform Correlation
Event-Detection System (WCEDS) to the University
of Utah Seismograph Stations (UUSS) Data to
Produce the Event Catalog Shown in Figures 5 and 6
Threshold

Value

Network correlation threshold
Station correlation threshold
Threshold spatial distance (km)
Threshold time delay (s)

0.0375
0.05
150
15

been tuned by setting their values at their minimum levels
before events begin being missed. The secondary thresholds
(the threshold spatial distance and threshold time delay) are
tuned to ensure that each event is detected only once without
missing real events. A comprehensive assessment of the relationship between missed detections and false alarms has
not been performed for this article because our goal is simply
to evaluate WCEDS as a viable alternative to the standard
pick-based event-detection paradigm. Using the parameters
tuned as described above, we detect an additional 29 events
that are not reported in the UUSS catalog (Figs. 5 and 6).
Each of the 29 new events that are formed has been reviewed and studied manually. First, a record section is
formed for each event using the WCEDS-derived location
and origin time and with predicted arrival times using the
ak135 travel-time curves (Kennett et al., 1995) superimposed
for reference. By reviewing these plots, three events are discarded as likely false (no clear arrivals are observed in the
filtered waveform data with a moveout consistent with the
event hypothesis). The remaining 26 events are determined
as being real events, and, of these events, 18 are automatically located in the cluster containing 43 UUSS events that is
centered around 39.43° N, 111.21° W. A sample set of record
sections from some of these events is shown in Figure 7. This
region is an area of known mining-induced seismicity (e.g.,
Pechmann et al., 2008), and UUSS uses a higher event-detection threshold for this localized region.
To gain an understanding of the effect of station coverage on event detection with WCEDS, we show in Figure 8
how the number and distribution of detecting stations influences the detection of an example event that was observed
out to ∼50 km. The event is present in both the UUSS and
WCEDS catalogs with consistent event hypotheses (location
is 39.43° N, 111.21° W; origin time is 18 September 2007
17:00:50.89). The event magnitude in the UU catalog is 1.06;
there are nine stations with visible signals in the UUSS network. By sequentially removing stations with observed
waveforms, it is seen how the peak correlation decreases as
detecting stations are removed. With two local stations, we
could detect the event, but the threshold would need to be set
at ∼0:02; such small events are likely associated with a large
number of correlation peaks in the one-day period studied in
this article (Fig. 5). Although the example in Figure 8 demonstrates that WCEDS is capable of detecting events observed
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Figure 6.

Locations of events detected by WCEDS (black stars
are WCEDS events with a threshold of 0.0375), locations of events
in the UUSS catalog (white stars), and UU network stations (filled
triangles).

by very few stations, a more comprehensive study of the
false alarm rate than is provided above would be desirable
before running WCEDS at such a sensitive level.

Conclusions
The stack-based method presented in this article, which
builds on earlier work by Shearer (1994), Young et al.
(1996), and Withers et al. (1999), has the advantage that it
can detect events across a network without requiring phase
picks or a velocity model. The only requirement is a set of
prior events with high-quality locations and origin times
from which to construct an empirical time-versus-distance
image of the processed seismic wavefield. By processing the
data with an STA/LTA operator, the image is relatively insensitive to the precise source mechanism or location and is
more representative of the travel-time characteristics of the
seismic phases in a given region.
It is worth noting that the earlier work on WCEDS did
not result in the method becoming widely adopted or motivate significant further research and development of the
algorithm. In part, we believe this was due to the limitations
of widely available computational resources at the time,
which meant the method was applied to triggered data only.
Here, we extended the technique for application to continuous data. The earlier studies were implemented primarily on
sparse global networks, with only the study by Withers et al.
(1999) focused on a (relatively sparse) local network. In this
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Figure 8.

An analysis of the effect of station distribution on the
detection of a magnitude 1.06 event in central Utah. The top left
panel shows the WCEDS solution using the full UU network. Stations that have visible recordings are shown by shaded triangles, and
other stations are shown by white triangles. The remaining panels
show the corresponding solution for reduced sets of detecting stations: (top right) five stations and (bottom) two stations. The color
version of this figure is available only in the electronic edition.

Figure 7.

Record sections of two events detected by WCEDS and
located in the mining-induced cluster centered on 39.43° N, 111.21° W.
Lines are the predicted arrival times of Pg using ak135 and of Lg using
a constant group velocity of 3:5 km=s. The color version of this figure
is available only in the electronic edition.

study, we tested the methodology on a dense regional seismic
network using a much finer resolution on origin time and the
time-versus-distance image. Further, we use an empirical
time-versus-distance image, rather than a synthetic timeversus-distance image as utilized by Young et al. (1996) and
Withers et al. (1999). The advantage of an empirical image is
that it exploits the actual temporal characteristics of the different seismic phases in a given region; the disadvantage is
the need for prior data to construct such an image. Another
modification implemented here, which was not implemented
in earlier studies, is the use of distance-weighted images for
enhancing the detection of weak events and mitigating artifacts associated with events in the record that occur at a different origin time than the one under test.
As a result of some of these differences, the results
obtained here are much more compelling than in previous
studies and clearly demonstrate the improved sensitivity of
WCEDS (compared with a traditional pick-based method) to
relatively low-magnitude events with a dense seismic network. Using WCEDS, we are able to detect many events that
were not in the UUSS catalog, while ensuring that we detect
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all but 1 out of 47 events in a one-day period. As previously
noted, the UUSS catalog is an earthquake catalog, so a direct
comparison of detections found in this study that also might
contain blasts with the earthquake catalog is not possible. By
accepting a higher false alarm rate, the number of real events
detected increases significantly but at the cost of requiring
further analyst review. Additional research is required to
develop improved strategies to reduce this burden and to enable one to drive down the detection limit further; our results
suggest it is possible to detect very small events detected by
only one or two stations with this method.
The method outlined here contains some limitations that
will be addressed in future work. For example, we currently
only utilize vertical-component seismograms but note that
the use of three-component data should further enhance the
detection of weak events, especially by incorporating information from phases that are not well observed on verticalcomponent seismograms, such as Sn. A second limitation
is the absence of depth in the parameterization scheme; depth
variations will affect the character of the regional wavefield,
and these effects are currently averaged out via the stacking
procedure. In this article, we focus on the application of
WCEDS to a region with shallow seismicity, thus depth effects are not expected to be significant. A third limitation is
the assumption of a 1D stack, which does not account for
lateral heterogeneity across a region. These limitations are
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not explored in detail in this article and are left for future
research.

Data and Resources
Seismograms used in this study were collected by the
University of Utah Seismograph Stations and the EarthScope
Transportable Array. Data can be obtained from the Incorporated Research Institutions for Seismology Data Management Center at www.iris.edu (last accessed August 2015).
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