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Synopsis

P-wave arrival time and first-motion polarity are fundamental observations in
seismology, which are used to determine hypocenter locations and focal mechanisms of
earthquakes. In this study, we develop three convolutional neural network (CNN) models
that perform P-wave event detection (E-Taro), phase picking (P-Jiro), and first-motion
polarity determination (F-Saburo). In training and testing the CNN models, we use about
130 thousand 250 Hz and about 40 thousand 100 Hz waveform data observed in western
Japan. For the 250 Hz (100 Hz) waveform data, E-Taro has the accuracy of 98.1%
(97.3%); the difference between the arrival times determined by human experts and P-
Jiro is -0.005 s (-0.012 s) in average with a standard deviation of 0.038 s (0.077 s); F-
Saburo has the accuracy of 97.9% (95.4%). Finally, by applying the three CNN models
to continuous waveform data, we showed the arrival time and first-motion polarity can
be obtained without helps of human experts. The results of the CNN models are in good

agreement with human experts.

F—7—F: feEd, BARB=a—T 0%y bU—2, PHEABIRI, YIEMHEE,
Grad-CAM

Keywords: machine learning, convolutional neural network, automatic P-wave detection,
first-motion polarity, Grad-CAM
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Fig. 1 Location map of the seismic stations used in this study. The left and right diagrams show the San-in
region and the northern Kinki region, respectively. Cross marks are temporary stations (250 Hz) and open
circles are permanent stations (100 Hz). In the San-in and northern Kinki regions, the numbers of the
temporary stations are 131 and 42, respectively, and those of the permanent stations are 90 and 78,
respectively. Small blue and pink dots are epicenters determined by the San-in and northern Kinki seismic
networks, respectively, for the period from October 2014 to March 2016 in the San-in region and from
April 2016 to September 2016 in the northern Kinki region. In determining the epicenters, both the
permanent and temporary stations are used. This figure is the same as Fig. 1 of Hara et al. (2019), in which
the same observed data were used.
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Fig. 2 Number of seismic events with hypocenter depths (left) and magnitudes (right). The light blue and
pink bars indicate the numbers of events determined in the San-in and the northern Kinki regions,
respectively. The hypocenters were determined by the temporary and permanent stations shown in Fig. 1.
The number of data used in this study is 103,823 for 250 Hz and 30,231 for 100 Hz in the San-in region,
and 23,377 for 250 Hz and 9,938 for 100 Hz in the northern Kinki region.
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Fig. 3 Preparation of input data to analyze. After giving perturbation less than 500 data points to continuous

seismic waveform data, we cut 2500 data points, which are divided into 5 time windows: each has 500 data

points. The window containing the P-wave arrival time, determined by human experts, is labeled "P-wave"

and the others are labeled "Noise". For each waveform, four "Noise" label windows and one "P-wave" label

window are generated.
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Fig. 4 The CNN model of E-Taro to detect P-wave arrival. The input data has a size of 500 x 1. The output
has two probability values, “P-wave” and “Noise”. Input data are processed by three convolution layers,

shown by rectangles, and two fully connected layers. Flattening converts two-dimensional data of the final

convolution layer to one-dimensional data. “ReLU” and “Softmax” represent the activation functions used

for respective layers.
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ML=,
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100 Hz O T 5%k L 2 4L £ 4198.1% & 97.3% D
Accuracy & 71k L 7= (Table.1). F2FH L 72> T
I%, E-TarolX"Noise" & ¥ L7223, KD T~/
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Table 1 Performance of the CNN model (E-Taro)
for all data. "P" and "N" represent "P-wave" and
"Noise", respectively. For example, Poyy means
the E-Taro determines the waveform window to
label “P-wave”. Because of the method creating
waveform windows, the sum of Pyym., and
Nhuman should be 20% and 80%, respectively. The
number of the test data is 12,720 for 250 Hz and
4,017 for 100 Hz.

250 Hz 100 Hz
Penn Nenw Penn Nenw
Phuman  18.4%  1.6% 17.7%  2.3%
Nhuman ~ 0.3%  79.7% 0.4%  79.6%
AC 98.1% 97.3%
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Fig. 5 Comparison of the results of E-Taro, where the number of scans is changed. E-taro is applied to a

normalized continuous waveform of 250 Hz with a duration of 3 minutes (light blue line). The black line

shows the output value labeled "P-wave" by E-Taro. "n scans" means that E-Taro is applied n-times to the

waveform by adding an offset of 500/n points in each time. Hereafter, we use "4 scans" for 250 Hz

waveforms data and "10 scans" for 100 Hz waveforms data.
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Fig. 6 Examples of the results of E-Taro. The light blue line shows the normalized continuous waveform,

and the black line shows the output value by E-Taro. Each waveform has a length of 3 minutes: 45,000 data

points for 250 Hz and 18,000 data points for 100 Hz.
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Fig. 7 Preparation of input waveform data for P-Jiro (black line). Perturbation within the range of +0.5 s
is given to continuous waveform data, in which the P-wave arrival time is originally set at the center of the
data length. After shifting the central data point, 500 data points are cut out and used as input data. The
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Fig. 8 The CNN model of P-Jiro to determine the phase (P-wave) arrival time. The input data has a size of
500 x 1. The output has 500 probability values to judge P-wave arrival at each data point. The time with
the highest probability is used for the P-wave arrival time. Input data are processed by five convolution
layers, shown by rectangles, and two fully connected layers. Flattening converts two-dimensional data of
the final convolution layer to one-dimensional data. “ReLU” and “Softmax” represent the activation

functions used for respective layers.
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Fig. 10 Examples of results of P-Jiro (a phase picking CNN model). The vertical black line is the arrival
time read by an expert. The orange line is the probability value output by P-Jiro. The maximum output,
indicated by the vertical red line, is the P-wave arrival time determined by P-Jiro. "M" and "d" on the top
of each diagram represent the magnitude of the earthquake and the distance from the hypocenter,
respectively. The upper two rows show examples where arrival times read by experts are considered to be
incorrect, and the lower two rows show examples where it is difficult to determine the arrival time.
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Fig. 11 Comparison of the sums of absolute values of amplitude for the waveforms with At < —0.18 in

Fig. 9. The summation was taken by adjusting the P-wave arrival time determined by experts (blue) or P-

Jiro (orange) to t = 0 s. "Abs waveforms" means the absolute value of waveform amplitude.



Fig. 12 Comparison of the sums of absolute values of amplitude for all the waveforms in Fig. 9. The

summation was taken by adjusting the P-wave arrival time determined by experts (blue) or P-Jiro (orange)

to t =0 s. "Abs waveforms" means the absolute value of the waveforms’ amplitude.
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Fig. 13 The CNN model of F-Saburo to determine P-wave first-motion polarity. The input data has a size

of 150 x 1. The output has two probability values, “Up” and “Down”. Input data are processed by seven

convolution layers shown by rectangles and two fully connected layers. Flattening simply converts data of

the final convolution layer with two dimensions to data of one dimension. “ReLU” and “Softmax” represent

the activation functions used for respective layers. Modified from Hara et al. (2019).
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Fig. 14 (a) Match examples. Waveform examples, for which the polarities determined by the CNN model

and human experts coincides, are shown. (b) Mismatch examples. Waveform examples, for which the

polarities determined by the CNN model and human experts do not coincide, are shown. The vertical dashed

line in each diagram represents the P-wave arrival time determined by human experts. “M” and “d” on the

top of each diagram represent the magnitude of the earthquake and the distance from the hypocenter,

respectively. The output of the final “softmax function”, which represents the probability (or reliability) of

the estimated polarity in percentage, is also shown together with the CNN polarity determination for each

trace. Modified from Hara et al. (2019).
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Fig. 15 Relation of the polarity probability estimated by the CNN models to the accuracy and the
number of estimated polarities for 250 Hz (left) and 100 Hz (right) data. In each diagram, the horizontal
axis represents the probability of the polarity estimated by the CNN models; the vertical axis represents
the number of the estimated polarities (histogram) and the accuracy of the estimates (solid line) for
each probability bin. Note that the scale of the histogram (“Number of estimated polarities”) is

logarithmic. Modified from Hara et al. (2019).
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Fig. 16 Results of P-Jiro to detect P-wave arrival from continuous waveforms. The blue lines are continuous

waveforms and the orange lines are output values of P-Jiro. "2 scans" is used both for the 250 Hz and 100

Hz waveforms because of computation costs. So many points were detected as P-wave arrival, which means

that P-Jiro is unsuitable for the detection of P-wave.
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Fig. 17 Comparison of P-Jiro (blue) and E-Taro (orange) with experts in determining the P-wave arrival

time. At is defined by thuman — tonn, Where thyman denotes the P-wave arrival time determined by

experts, and tcyy denotes that by P-Jiro or E-Taro. We use "500 scans" for E-Taro.
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Red dashed: Arrival time by human, Green: Max output by E-Saburo
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Normalized amplitude and probability
[

Data points (3 min)

Fig. 18 Result of E-Taro to determine P-wave arrival time from a continuous waveform. We investigate

whether "500 scans" can detect the P-wave arrival time. The waveform (blue) and output (black) are the

same as those in the lower right of Fig. 5. The bottom diagram is a magnification of the top diagram. The

red vertical line is the arrival time determined by an expert. The green line represents the time when the

output of E-taro takes the maximum.
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Fig. 19 Output of Grad-CAM applied to the waveforms shown in Fig. 10. The vertical line at = 0 represents

the arrival time determined by experts. Since only 150 points are cut out and input to F-Saburo, the length
of the output of Grad-CAM is 0.6 seconds for 250 Hz waveforms. The part of larger outputs of Grad-CAM

can be interpreted as the part where F-Saburo focuses.



] Continuous waveforms (3min,45000 or 18000 points)}

‘ Seismic event detection by E-Taro

Detected waveforms (500 points) -

‘ Correction of the P-wave arrival time by P-Jiro

\ Picked waveforms (150 points) 7‘]

‘ First-motion polarity determination by F-Saburo

' — i B

Po'larity: Up!

Fig. 20 (Left) Flow chart for detecting the arrival time and first-motion polarity of P-wave from a

. Plotting the first-motion polarities on a map '/

continuous waveform. First, E-Taro is applied to a continuous waveform for 3 minutes, and the time at
which the output value becomes the maximum is set as the provisional arrival time of the P-wave. Next,
P-Jiro is applied to the 500 data points centered on the provisional arrival time, and the maximum value of
the output is taken as the arrival time determined by the CNN models. Finally, F-Saburo is applied to the
data of 150 points centered on the arrival time, and the first-motion polarity is determined. (Right) One
example of applying the CNN models to an observed waveform. The details are explained in Fig. 21.

Fig. 20i2H % L 912, F934f, % D 45000/ HIZDWTIE, BB &85 < 72 D IZE-Taro® ) /)

(18,000 ) 250 Hz (100 Hz) D& ik L2 %t L CE-
Taro% "4 scans" ("10 scans") T L, HIROEK
EOFRLEEENRBERZ LTS, X, "4
scans" CII A RMEA 1254, "10 scans" Tl KAE 2350
REE< 72, ZRENRKREOHRTH 56358 H &

|50 % DORAMAEHRET H. 428 T, 50 %DM
TP & ) A A& b DFERTRNITHI ENT
X5 Z L& L. KRIZ, E-Taroll & % 5 & 2 ZE R 4
T 5500 DT — XK L CP-Tiroz M L,
Z DA DI KIEEZCNNET VI L » THRE ST

25 H Z B ERRBNERZ L 5. 22T, PERORKR PROEBIERZI &+ 5. 512, £ OEERZZ T

[

100 “ s‘ Waveform
| === Output by CNN

0754

07s | é == Max output

0 10000 20000 30000 40000

Normalized amplitude and probability

°
3

0 500

Data points
Fig. 21 One example of applying the CNN models to an observed waveform. (Top) Result of E-Taro
applied to a continuous waveform of 45,000 data points (250 Hz). The black broken line indicates the
output value of E-Taro, and the red broken line indicates the provisional arrival time by E-Taro. (Bottom)
Result of P-Jiro applied to the waveform window of 500 data points centered on the provisional arrival
time determined by E-Taro, shown by red lines in the top. The yellow broken line is the output value of P-
Jiro, and the black broken line represents the arrival time when the output of P-Jiro takes the maximum.
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Fig. 22 Results of the CNN models (E-Taro, P-Jiro and F-Saburo) applied to the waveforms of the
earthquake with the most polarities read by human experts for each region (northern Kinki or San-in). The

red cross denotes the epicenter of the earthquakes. Black crosses denote observation points where the

maximum probability output by E-Taro is less than 50 %. (Left) At is defined by tpuman — tenn, Where

thuman denotes the P-wave arrival time determined by experts, and tcyy denotes that by E-Taro and P-

Jiro. Plus (+) marks denote observation points at which P-wave arrival was not detected by experts. (Right)

Plots of first-motion polarities determined by F-Saburo, using the arrival time determined by E-Taro and

P-Jiro. Blue and light blue circles represent Up and Down, respectively, where circles with red borders

represent mismatch examples (experts' decision was different from F-Sabro). The color significantly

changes at 95 % probability. Squares represent observation points at which the first-motion polarity has

not been determined by experts (plus marks in the left column).
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Fig. 23 Result of the CNN models (E-Taro, P-Jiro and F-Saburo) applied to the waveforms of earthquake
with the second-most polarities read by experts for each region. For further explanations, see the caption

of Fig. 22.
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Fig. 24 Result of the CNN models (E-Taro, P-Jiro and F-Saburo) applied to the waveforms of earthquake
with the second-most polarities read by experts for each region. For further explanations, see the caption

of Fig. 22.
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