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An Automatic S-phase Picking Algorithm for
Volcano-tectonic Earthquakes based on Spectral
Dissimilarity Analysis

Luz Garcia, Gerardo Alguacil, Manuel Titos, Angel De la Torre, and Carmen Benitez

Abstract—We present an S-phase picking algorithm for
volcano-tectonic earthquakes, based on analyzing the changes
of frequency and amplitude expected in the plane transverse to
the ray direction at S-phase arrival. A measure of these changes,
called spectral dissimilarity, is proposed. Picking is performed
in a particular waveform transformation that underlines such
variations foreseen: horizontal instant power. Then, the algorithm
provides a measure of its reliability, grounded on the low or
high fluctuations of the picking instant obtained when applied to
other horizontal components of the sismogram. Experiments are
performed to test the algorithm with a challenging database of
volcano seismic earthquakes from Mt. Etna, carefully picked and
labeled by a human expert. The technique is compared to two
other S-phase pickers existing in the literature: one based on the
damped predominant period analysis, and a second one based on
polarization and kurtosis rate analysis. The algorithm improves
these techniques for the particular scenario of volcano-tectonic
earthquakes, providing interesting results and possibilities of
application.

Index Terms—Automatic S-phase picking, spectral dissimilar-
ity, instant power, picking quality, volcano-tectonic earthquakes.

I. INTRODUCTION

Picking a phase arrival consists in detecting the time instant
when its energy first arrives to a seismic station. The arrival
produces a change from the background noise in amplitude,
frequency contents and signal polarization. Identification of
P- and S-phase arrival times in earthquake-originated waves
is a powerful tool in observational seismology. It is used
for identification and location of seismic events, analysis
of source mechanisms, determination of their origin time,
calculation of their magnitude or determination of subsurface
velocity structures for example. In the case of volcano-tectonic
earthquakes, phase arrival picking provides useful insights
to the inside of the volcano.  As the volume of seismic
data has increased remarkably, many approaches to automatic
phase picking have been explored in the last decades. Signal
processing algorithms have been proposed to reduce noise
and transform signals to domains where onset times are more
easily detected. Besides offering effective processing tools,
the automatization permits to sustain more easily consistent
picking criteria along time for big amounts of data, alliviating
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the tedious task usually performed by humam experts. Early
warning systems based on automatic remote sensing of seismic
activity in areas of seismic risk, are also facilitated through
automatic phase picking.

The first automatic phase pickers proposed [1] [2] [3] were
based on detection of changes in energy related to the signal’s
amplitude. Allen’s P-phase picker [4], based on variations of
short-/long- term energy ratio (STA/LTA), was the pioneer of a
set of techniques focused on energy changes like [5], analysis
of kurtosis and skewness like [6] or [7], or rate of change of
a dissipated damping energy [8] among others. Time domain
processing presents limitations for emergent onsets and low
SNR signals. Other authors have used frequency domain
analysis like the multiband adaptive frequency processing
of [9] [10], extraction of the damped predominant period
[11] or wavelet processing like [12] [13] [7]. With a higher
computational cost and good performance, Akaike Information
Criterium (AIC) [14] on auto-regressive (AR) models has also
been largely used for phase-picking in works like [15] [16] for
P-phase picking, or [17] and [18] for P- and S-phase picking.

S-phase picking is more challenging than P-phase picking.
Even if amplitudes are larger for S-waves, their onset is often
weak and emergent, overlapped with the preceding P-wave
coda and mixed with P to S conversions. Picking methods for
S-phases use often 3 components and polarization analysis,
firstly proposed by [19] and widely used [20] [21] [22] [23] or
[24]. Data-driven pattern recognition like Artificial Neural Net-
works [25] [26] or K-Nearest Neighbours [27] has also been
explored. Many authors present combinations of approaches
[28] [29] [30] using kurtosis and polarization analysis for P
and S-phase arrivals respectively, AIC together with STA/LTA
plus polarization analysis [31], AIC plus wavelet domain
processing [32], or AR modelling, polarization analysis and
STA/LTA used as features for pattern recognition [25] [33] for
example. As a common feature, methods are often dependent
on the specific database they are applied to, and they work well
with seismograms recorded with good SNR and clear phases.
Few of them are applied to volcano-tectonic earthquakes
[30], or microearthquakes [7]. When the earthquake source
mechanism occurs in a volcano and is registered by a seismic
station of the area, the shallowness, proximity of the source,
lower magnitude and complex propagation path among other
factors, make the S-phase detection more difficult than in the
case of tectonic earthquakes.

This work proposes a novel S-phase picking technique for
volcano-tectonic earthquakes focused on two items: (i) S-
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Figure 1. Waveform and spectrogram for regional (upper and lower left-side subfigures) and volcano-tectonic earthquakes (upper and lower right-side
subfigures).

phase arrival will be detected searching for instant changes
of energy in the frequency domain around the time when
the S arrival is expected; (ii) the signal used to perform
the picking is not the original ground velocity registered by
the seismometer, but its specific instant power [34] used to
underline these changes in frequency and energy compared to
the original signal. The rest of this manuscript is organized as
follows. Section II describes the S-phase and its peculiarities
when originated by volcano-tectonic earthquakes. Section III
presents the automatic S-phase picking algorithm proposed
in this work. Section IV presents a set of experiments on
a database of volcano-tectonic earthquakes registered at Mt.
Etna during 2010 to test the quality of the technique proposed.
Section V provides conclusions on the work.

II. VOLCANO-TECTONIC EARTHQUAKES

Earthquakes are originated when the brittle part of the
Earth’s crust is subjected to stress that exceeds its breaking
strength [35][36]. A fracture occurs then generating a seismic
elastic wave that propagates along the earth with two inde-
pendent phases: a longitudinal (compressional-dilatational) P
wave and a transverse (shear) S wave. P waves, involving
volume change, travel faster than S waves (pure shearing)
and therefore arrive ahead in the seismogram. Fluids (liquids
or gases) cannot propagate S waves as they have no shear
strength. Amplitudes of S waves are about five times larger
than those of P waves. Both P and S waves have linear polar-
ization in the longitudinal and transverse plane respectively. In
presence of anisotropy, P linear polarization is more cleanly
maintained as S waves split into fast and slow components that
propagate with different velocities superimposing an elliptical
polarization. Period of S waves are longer than those of P

waves, at least by a factor of v/3 due to the difference in wave
propagation velocity and the related differences in the corner
frequency of the P- and S-wave source spectrum. Additionally
S waves are more strongly attenuated than P waves, filtering
out higher frequencies. Picking S-phase has added difficulties.
Its onset is superposed by the P-wave coda. Also S-wave
splitting and the presence of Sp-converted precursors might
happen.

Volcano-tectonic earthquakes are earthquakes induced by
changes in pressure produced by injection or withdrawal of
magma that generate fractures in the rocks surrounding the
magmatic chamber of a volcano. This source mechanism also
generates a seismic wave with P and S phases, that present
several differences compared to those generated by tectonic
earthquakes [36] [37]:

« Other simultaneous seismic events related to liquid and/or
gas-solid processes take place in the volcanic scenario.
Tremors, long-period events, or surface effects such as
rockfalls, landslides or pyroclastic density flows might
happen simultaneously, overlapping and therefore con-
taminating the seismic register.

Volcanic regions present often a rough topography with
changing propagation and site properties.
Sismo-volcanic sources are often shallower compared to
tectonic ones. That implies that instead of clean impulsive
onsets, their P and S phases are often emergent and their
frequencies shift to a lower bandwidth. The shallower
hypocenter location implies a larger amount of scattering
during wave propagation, especially of higher frequen-
cies. In some cases, S phase arrival is not detectable.
Near-source field effects and near surface propagation
effects complicate the polarization analysis of the particle
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III. PROPOSED METHOD: SIMULTANEOUS FREQUENCY
AND ENERGY VARIATIONS

As Section II describes, once P-phase has arrived, S-phase
arrival will imply a change in the wave frequency and energy,
specially in the plane perpendicular to the ray direction. S-
phase frequency is lower than that of the previous P, while its
energy is higher due to the shear mechanism of the earthquake
source. This change in frequency and energy can be seen
in Figure 2. The figure compares the average power spectral
density (PSD) envelope for a window of signal of half second
starting: (i) at the instant of arrival of P-phase (¢,) in the
vertical component Z (blue line) and, (ii) at the instant of
arrival of S-phase (ts) in the horizontal component of the
transverse plane S, (green line). Signals used to average the
PSDs depicted belong to the database of Mt. Etna Volcano
(fully described in Section IV-A) provided by the Instituto
Nationale di Geofisica e Vulcanologia, Section of Catania,
Italy [41]. Arrival times for P- and S- phases used in the figure
were manually picked by an expert geophysicist.

Based on such change of frequency and energy produced
with the S- phase arrivals, we propose a spectral dissimilarity
measure (Dy) to compare consecutive frames of signal in the
time interval when S-phase is expected, setting the arrival time
when this D, reaches a maximum. The method follows four
steps depicted in Figure 3:

sl. Horizontal components on which S-phase is searched for
are identified.

s2. Based on the automatic detection of the P-phase arrival,
a time interval for the potential arrival of the S-phase is
defined.

s3. The instant corresponding to the maximum spectral dis-
similarity (D;) in that time interval, is chosen as S-phase
picking time .

Frequency (Hz.)

Figure 2. Average Power Spectral Density for a window of 0.5 seconds around
the P- (blue) and S- (green) phase arrivals in vertical and horizontal seismic
registers. Values averaged for the set of 300 volcano-tectonic earthquakes from
Mt. Etna used in this work.

s4. An automatic measure of the quality of the S-phase
picking is provided.

A. Horizontal components

According to linear theory of wave propagation in homo-
geneous media, P and S waves are independent solutions of
the equation of motion which result in linear particle motion
parallel to the direction of wave propagation for P-phase ,
and transverse to the direction of wave propagation for S-
phase. The following horizontal components will be used in
the algorithm presented:

i. Velocity horizontal components of the seismogram: N(t)

and E(t).

ii. Based on the definition of damage index provided by
Nakamura [34] [38] [39], we can calculate the instant
power per unit of mass (P;(t)) of the horizontal compo-
nents N(t) and E(t). Given the definition of power (P) as
work (W) per unit of time:

aw Fdr
e F.v (1)
The power per unit of mass (m) is related to acceleration
(7) and velocity (7) as:

P_v.% )
m

Using the horizontal velocity components N(t) and E(t),
P;(t) can be obtained as:
P dN (t)

Pi(t) = - = N(t)- 7

vB- B0 o)
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Figure 4. Boundaries delimitation for the window of analysis to search for the S-phase arrival. ¢g is set 0.5 seconds after picking the P-phse. ¢1 is set in the
time instant when instant power P; reaches its maximum. Z and P; amplitudes are normalized to one for descriptive purposes in the figure.

P;(t), used to measure earthquake damages produced
mainly by its S-phase, expresses the distribution in time
of the seismic intensity and the propagation of the earth-
quake motion. It emphasizes the changes of frequency
and energy that occur with the S-phase arrival. It will be
used as main horizontal component to detect the S-phase
arrival using the spectral dissimilarity measure proposed
in this work.

P-phase is automatically picked in the vertical trace Z us-
ing the algorithm AMPA [9] based on multiband adaptive
processing and noise removal. Using the P-phase arrival
and the classical polarization analysis [19], the direction
of wave propagation S;., backazimut and incidence angles
are obtained. Original components Z, N, and E are rotated
into components L, Q and T, corresponding respectively
to the ray propagation direction S, and transverse plane
components S, and Sy. Sy, will be used for quality-check
phase picking, avoiding Sp precursors present in .S, that
could be misinterpreted as too early onset of S-phase [40].

iii

With the aim of searching for the biggest change in energy and
frequency as symptom of S-phase arrival, the onset time will
be picked measuring spectral dissimilarity in P;(t). Spectral
dissimilarity in Sy (t), N(t), and E(t) will serve as quality-check
to validate the picking in original and rotated components of
the transverse plane. As a result of the validation, a measure
of the reliability of the picking will be given.

B. Boundaries of the window of analysis

S-phase arrival takes place in the time interval (to,t1),
starting after the P-phase picking time ¢, (e.g. to t, +
0.5 seconds) and ending before P;(t) reaches its maximum
value, instant noted as ¢;, when S-phase has certainly already
arrived. Figure 4 depicts Z and P; components normalized
to their maximum amplitudes, showing an example of de-
limitation of the window of analysis. P-phase arrival (Z,) is
automatically obtained using the automatic P-phase picking
algorithm AMPA as described in the former subsection.

(to

C. Spectral Dissimilarity

Because we are searching for the change of frequency
and energy expected when S-phase arrives (see Figure 3),
we propose a spectral dissimilarity measure (D) between
overlapped consecutive frames of samples within the window
of analysis (%o,t1):

i. Each sample n from the interval of analysis (tg,t1) is

framed into a window of L samples, (Zo4), containing
the % — 1 samples prior to it (Zorig—1), and the % -1
samples posterior to it (€ 4.;g—r). Then the frame of signal
Torig thus created, is weighted by a triangular window
wi(n) to underline the analysis on its central sample,
maximizing the left/right side dissimilarities around it and
minimizing the contribution of the more distant ones.

n : L
Wo if n S 5
wi(n) = “)
it f+1<n<L
Left and right sub-windows z;(n) and x,(n) are calcu-
lated as:
x(n) = Torig—1(n) - we(n) )
2 (N) = Topig—r(n) - we(n) (6)

Figure 5.(a) depicts an example of original window of
analysis, with left and right sub-windows in blue and
green respectively, overlapped with the triangular window
we(n). Subfigure 5.(b) shows the frame of signal after
being multiplied by the triangular window.

Spectral densities of left and right sub-windows are
calculated. If we note X (w) and Xp(w) the Fast
Fourier Transforms of sub-windows z;(n) and z,.(n)
respectively, and we define a Hamming window of length
Lo (wg (L)) as:

2
wp(l) =0.54 —0.46 - cos(LO —

.

-l
1)

The convolution of the modules of X (w) and X pg(w)
with the Hamming window, will produce the smoothed

I<Lo (7)
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Figure 5. Frame based processing to calculate spectral dissimilarity. Signal is first split into subwindows of 1024 samples (a). Each window is multiplied by
a triangular window that emphasizes the central samples (b). Spectral density of the left (blue) and right (green) halves of the window are calculated (c)
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Figure 6. Spectral dissimilarity Ds (red) in the window of analysis calculated over horizontal instant power P;(t). S-phase arrival takes place when D

reaches its maximum value

spectral densities of left and right sub-windows depicted
in blue and green respectively in Figure 5.(c):

Xps(w) = [Xp(w)| *wy (1)
Xprs(w) = | Xr(w)| xwy (1)

®)
€))

iii.  Spectral dissimilarity between left and right sub-windows

of central sample n under analysis, is then defined as:

Dy(n) =Y (Xps(w;) — Xgs(w;))?  (10)

'M»\n

=1

The sample on which Dg(n) obtains the highest value in the
time interval (t,t1) , is selected as arrival time for the S-phase
ts. Figure 6 shows an example of the time function spectral
dissimilarity (D) plotted in red in the window of analysis.
It can be seen that Dy has a maximum in the time sample
when frequency and energy of the horizontal component Sy, (t)
simultaneously change.
Very few parameters have to be set in the algorithm presented:
o The window of analysis L should be long enough to
provide the frequency resolution needed, but short enough

to capture spectral changes with the convenient tempo-
ral resolution. In our case, for a sampling frequency
fs = 100 Hz and an average ts — tp interval of 2.37
sec., we tested the performance of the algorithm with L
being 2048, 1024, 512 and 256 samples. Table II shows
the analysis done, obtaining best results for L = 1024
samples.

o The maximum amplitude of the triangular window w¢(n)
, Wo in equation 4, should be set to keep the range
of signal amplitudes after multiplying by it. With such
criterion we have set it equal to the amplitude of each
central sample 2(n) in the window-based analysis.

o Finally, a low pass filter is used to smooth the spectral
density of the windows of analysis eliminating short-
term variations of frequency not related to the change of
phase. A Hamming window of length Ly = 10 frequency
bins (1.95 Hz) has been set after testing a range of
values between 5 and 20 frequency bins (0.98 and 3.9
Hz respectively) without variations.

Spectral dissimilarity is measured in P;(t), and simultaneously
it is evaluated in the rest of horizontal components S (t), N (t)
and E(t), thus providing an estimation of the reliability of the
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picking in noisy signals.

D. Quality of the Automatic Picking

Impulsive and energetic S-phase arrivals, separated enough
in time from P-phase arrivals, will produce a simultaneous
clear maximum of Ds in the four horizontal components P;(t),
Sp(t), N(t) and E(t). P-phase coda, scattering, proximity
between phases arrival, rough topographies and other near-
source effects generate noisy unclear emergent arrivals not
easy to pick. Although a clear consistent picking is desirable,
when the quality of the phase does not permit it, it is at least
necessary to know its degree of reliability. A quality measure
based on the component’s SNR around ¢, could mislead results
if a big dissimilarity occurs in a component for spurious
reasons. Averaging ts obtained in all horizontal components
would also degrade performance of potential good estimations
in one/some of them. As an alternative, the algorithm proposes
a conservative and reliable measure of the quality of the
automatic picking (@) 4) based on a criterion of ‘consensus’.
Picking is performed on horizontal component P;(t) after
empirical verification of its best functioning detailed in latter
Section 4.B. In addition, arrival times ts obtained in the four
components are compared in pairs, leading to 6 comparisons
used to measure the quality of the picking: |tsp; — tsghl,
|t8pi — tsn|s ‘tSpi — tSE‘, |tSSh — tSN|, |t85h — tSE| and
|tsy — tsg|. Automatic quality assignments criteria are enu-
merated in table I, on which ‘0’, ‘1’ and ‘2’ represent high ,
medium and low picking qualities respectively.

more than 3 comparisons of ts differ in less than 0.1 sec. | Q4 =0
3 comparisons of ts differ in less than 0.1 sec. Qa=1
2 or less comparisons of ¢s differ in less than 0.1 sec. Qa =2

Table T
AUTOMATIC ASSIGNMENT OF QUALITY OF THE PICKING BASED ON
DIFFERENCES BETWEEN ts DETECTED IN THE DIFFERENT HORIZONTAL
COMPONENTS.

Figure 7 shows two examples of automatic S-phase picking
using the algorithm proposed. Maximum spectral divergence
is located in the window of analyis for the 4 horizontal
components, and set as time arrival for S-phase tg. The
subfigure on the left shows a case on which pickings in all
components differ among each other in less than 0.1 seconds.
Automatic quality of the picking is set to 0. Subfigure on the
right presents a case on which 5 out of the 6 comparisons
of tg in the 4 components differ more than 0.1 seconds. The
quality is set then to 2.

IV. EXPERIMENTAL WORK
A. Database description

The algorithm proposed has been tested using 90 volcano-
tectonic earthquakes occurred in the surroundings of Mt. Etna
during 2010. The events were registered in a network of
29 permanent stations provided by the Instituto Nazionale di
Geofisica e Vulcanologia di Catania, originating a total of 300
registers of VT phase arrivals with a sampling frequency of
100 Hz. Mt. Etna, located in eastern Sicily, is one of the
most active volcanoes in the world, with a great geological

and structural complexity that produces a high rate of shallow
earthquakes of low and moderate energy [41]. Figure 8 shows
the histogram of depths of hypocenters and magnitude of the
events used. Earthquakes under analysis have low magnitudes
and in most of the cases were generated at shallow depths in
the surroundings of the volcano. A few of them even have
their hypocenter above sea level.

To evaluate the quality of the algorithm proposed in this
work, all the S-phase arrivals have been manually picked by an
expert geophysicist, that also rated the reliability of the manual
picking according to the characteristics of the VT. Based
on its signal-to-noise ratio, its energy, depth, etc., VTs have
been divided into ’clear S-phase arrival’ (labeled as having
Qe = 0), ‘S-phase can be detected’ (Qg = 1), 'unclear and
difficult S-phase detection’ (Qg = 2) and ’very unclear S-
phase arrival’ (Qg = 3). Figure 10 shows the distribution of
the four sets of VTs in the database of 300 events used in the
experiment.

B. Experiments: S-Phase Picking using Spectral Dissimilarity

Four sets of experiments have been performed to test the

algorithm. S-Phase picking assessed by the human expert has
been taken as reference, defining the picking error (e) as the
unsigned difference between human and automatic picking in
units of seconds.
Firstly, table II analyzes the performance of the technique
for different sizes of the window of analysis L, (zorig in
section II.C), used to calculate the spectral dissimilarity
along consecutive frames of signal. The size of the window
will search for a compromise between spectral and temporal
resolution in the frequency domain analysis. Results show
that for an average ¢, — ¢, of 2.37 sec. best performance is
achieved tuning the window size to around 10 sec. (1024
samples at a sampling frequency f;=100 Hz).

Table III compares the percentage of pickings with error
lower than 0.2 sec., 0.5 sec. and 1 sec., when applying
the maximum spectral divergence criterium to the four
horizontal components used. Results show that instant
power of horizontal components, P;(t), produces the best
results closely followed by the horizontal component of
the transverse plane Sy, (t). The usage of only one original
horizontal component from the seismometer, N(t) or E(t),
degrades slightly the performance. This behavior is coherent
with the fact that none of them is capturing all the information
of the transverse plane, but only its projection in the particular
axis N or E. The slightly better results of P;(¢) compared to
Sh(t), added to its independence of a correct P-Phase picking
to perform rotation of axis (like Sy(t)), make it the best
horizontal component for g estimation.

Table IV analyzes in detail the automatic picking results
on P;(t), linked to the automatic quality assessment given
by the algorithm. From the 300 signals to be picked, the
algorithm assesses a high quality picking (Q4 = 0) to 120
pickings. The 97.05 % of these high quality pickings differ
less than 0.2 sec. from the picking performed by the human
expert. The goodness of the method decreases progressively
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Figure 7. Subfigure on the left shows an example of high quality picking using Dg. The algorithm assignes Q4 = 0 as tg time in all components differs
less than 0.1 seconds. Right side subfigure depicts an example of low quality picking using Dg. Given the difference in tg for all components, the automatic

quality assigned is Q4 = 2.
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Figure 8. Histograms of depths in Km. (left subfigure) and magnitude (right subfigure) for the database of 90 volcano-tectonic earthquakes from Etna volcano

used in the experiments

48%

Figure 9. Percentage of VT registers (over a total of 300) manually labeled
by the human expert with qualities 0, 1, 2 and 3, in the database used in the
experiment

\ [L=2048 [ L=1024 | L=512 | L =25 |

e<02s 77.00% 77.66% 70.66% 42.66%

e<05s 86.33% 88.00% 79.66% 60.33%

e<ls 91.66% 94.00% 85.66% 75.33%
Table IT

S-PHASE PICKING RESULTS COMPARED FOR 4 DIFFERENT SIZES (IN
NUMBER OF SAMPLES) OF WINDOW L (2,54 IN SEC. I11.C) FOR
CALCULATION OF SPECTRAL DISSIMILARITY. RESULTS OVER A TOTAL OF
300 REGISTERS.

as expected for the 118 VTS with assessed with low quality
Q4 = 2. These results show that quality assessment given by
the method proposed is conservative, being a useful filtering

\ [ P(t) [ Sn(®) | N©O | E@® ]
e<02s | 77.66% | 77.00% | 74.33% | 73.33%
e < 05s | 8.00% | 87.66% | 85.33% | 83.33%

e<ls 94% 94% 91.67% 90.33%
Table IIT

COMPARATIVE RESULTS ON S-PHASE PICKING APPLYING SPECTRAL
DISSIMILARITY Dg ON ALL HORIZONTAL COMPONENTS. PERCENTAGE OF
PICKINGS WITH AN ERROR (€) LESS OR EQUAL THAN 0.2, 0.5 AND 1
SECONDS OVER A TOTAL OF 300 REGISTERS

P;(t)
Qa=0 | Qa=1| Qa=2
(120 VTs) | (62 VTs) | (118 VTs)
e<02s 97.05% 79.03% 56.78%
e<05s 99.17% 91.93% 74.58%
e<ls 100% 95.16% 87.29%
Table TV

S-PHASE PICKING APPLYING SPECTRAL DISSIMILARITY Dg ON INSTANT
POWER P;(t). PERCENTAGE OF PICKINGS WITH AN ERROR (€) LESS OR
EQUAL THAN 0.2, 0.5 AND 1 SECONDS.

criterium to warranty the reliability of the picking needed,
depending on its usage or specific needs of accuracy.

Finally Table V analyzes the correlation between the orig-
inal quality assessment performed by the human expert (Qg)
and the automatic quality assessment (Q)4). It shows that
80.77% of VTs labeled with Qr = 0 by the human expert are
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Figure 10. Picking error percentages for the 4 sets of VTs with qualities 0, 1 2 and 3. Comparison of results for: (a) algorithm based on the damped
predominant period Tpd [11] on the left side of the figure, (b) algorithm based on polarization analysis and kurtosis rate proposed by [29] om the center of
the figure, and (c) technique proposed in this work on the right side of the figure

[ [ e<02s [ e<05s [ e<Is |

Qr=0 Qa=0 80.77% 97.6% 100% 100%
E=
(52 VTs) Qa=1 9.61% 100% 100% 100%
Qa=2 9.61% 60% 60% 80%
Qu=1 Qa=0 42.25% 100% 100% 100%
E=
(142 VTs) Qa=1 23.94% 76.47% 94.12% 94.12%
Qa=2 33.80% 58.33% 81.25% 93.75%
Q=2 Qa=0 16.67% 93.33% 100% 100%
(90 VTs) Qa=1 2444% 77.27% 90.90% 100%
Qa=2 58.89% 56.60% 71.70% 84.90%
Qr=3 Qa=0 18.76% 66.67% 100% 100%
E=
(16 VTs) Qa=1 6.25% 0% 0% 0%
Qa=2 75.00% 50.00% 66.67% 75.00%
Table V

PERCENTAGES OF DIFFERENT QUALITIES OF PICKINGS PROVIDED BY THE
ALGORITHM, (@ 4), FOR THE 4 SUBSETS OF VTS WITH QUALITIES 0 TO 3
TO PROVIDED BY THE HUMAN EXPERT (Q )

provided with a high quality automatic picking (QQ 4 = 0) by
the algorithm. The coherence of qualities assignment remains
for rest of values of Q. 12 out of the 16 VTs labeled with
Qr = 3, (75%), are assessed with a low reliance Q) 4 = 2.

C. Comparison with other techniques

Shallowness and low magnitude of the events of the
database under analysis, together with the near source-effects,
degrade the performance of picking techniques based on po-
larization analysis. The proximity of P- and S- phases hinders
the usage of autoregressive methods based on AIC criterion,
as they need a certain length to model correctly the signal
before and after S-Phase arrival.

To place the technique proposed in the framework of exist-
ing S-Phase picking algorithms, we have compared it to other
two S-phase picking methods. The first one, is a the technique
based on the estimation of the damped predominant period
function TP? proposed by [11]. Based on the fact that P- and
S- phases will typically have different frequency distributions,

the damped predominant period of the ground velocity will
change with the arrival of S- phase, and therefore can be used
as automatic picker. Parameters of the 7P? picker have been set
according to [11] with the following values: the time window
7., has been set to 5 sec., and the upper limit for 77 function
prior to phase arrival has been set to 7,,,, = 0.1. The second
S-phase algorithm compared was proposed by [29]. It defines
a polarization filter to separate P- and S- phases. Then it uses
an STA/LTA detector to search for the time range when S-
phase is expected, and picks it when the kurstosis rate of the
S- filtered component is maximum on that range. Windows
of 4 sec. and 1 sec. have been used for polarization analysis,
and kurtosis calculation respectively. STA and LTA windows
were set to 1 and 10 sec. Figure 10 compares the results of
applying these two well known techniques and the algorithm
proposed in this work to our database of 300 volcano-tectonic
earthquake registers. Percentages of automatic pickings with
an error minor to 0.2 sec., 0.5 sec., 1 sec. and 1.5 sec.
are compared for all techniques. Results show the interesting
better performance of our method for all the range of VTs,
specially increasing the percentage of picking errors lower than
0.2 sec. Spectral dissimilarity improves significantly results for
the specific challenging conditions of our database.

V. CONCLUSIONS

This work presents an automatic S-phase picking algorithm
specially devoted to volcano-tectonic earthquakes. It is based
on a windowed search of maximum simultaneous changes of
frequency and energy in several horizontal components of the
seismic signal. A measure of these changes, called spectral
dissimilarity Dy, is evaluated in the horizontal instant power
of the signal. S-phase arrival is set as the instant when D
reaches its maximum within a time interval on which it is
expected. In addition, the algorithm provides a measure of the
quality of the picking based on its consistency when applied
to the rest of horizontal components. This quality evaluation
is a useful tool to differentiate picking results depending on
their application, or to give them different weights when used
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as input for seismic tomographies. Two main results of the
experiments performed are remarkable. Firstly, the algorithm
works satisfactorily for volcano-tectonic events in spite of
the difficulties that these low magnitude and shallow events
present. Secondly, the automatic picking-quality provided (co-
herent with quality evaluation performed by human experts)
permits to distinguish reliable from non-reliable pickings, and
therefore select a quality threshold depending on the needs of
the user.
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