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P-wave Polarity Determination from Waveform Data Using Deep Learning
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In order to determine focal mechanisms of earthquakes, it is necessary to determine first-motion polarities of
P-wave. Researches on various automatic determination algorithms has been developed, but the accuracy of
conventional algorithms has been significantly lower than that of human experts. Therefore, check by human
experts is commonly needed, when we apply an automatic determination algorithm to observed waveform data. In
this study, we develop a model of the convolutional neural network (CNN) that can determine P-wave first-motion
polarities of seismic waveforms, in which P-wave arrival times determined by human experts are given beforehand.
We use about 30 thousand 100 Hz and about 100 thousand 250 Hz waveform data observed in the San-in area,
Japan, to train and test the CNN. The trained CNN is then applied to waveform data observed in the northern Kinki
area, Japan. The P-wave polarities determined by the CNN have the accuracy of about 95% for 100 Hz data and

about 98% for 250 Hz data.
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	TUはCNNがUpと予測して，専門家（human）もUpと検出した波形数．FUはCNNがUpと予測して，専門家はDownと検出した波形数．FD，TDについても同様である．﻿精度の比較にはTUとTDの波形数を足したものを全体で割ることで得られるAccuracyという指標を用いた．例えば，Accuracyが95 %であれば，1,000個の地震波形の極性を検出させたとき，人と結果が一致する波形数が950個になる．
	﻿鳥取・島根地方の地震波形データで訓練したCNNを近畿地方北部の地震波形に適用した結果は，98.8 % （250 Hz）と95.4 % （100 Hz）のAccuracyを有した．このため，地域に応じた極性検出モデルのパラメータ調整は必要ないと考えられる．また，サンプリング周波数に応じてAccuracyが3 %以上異なるという興味深い結果も得られた．
	５． 謝辞
	本研究では，気象庁，防災科学技術研究所，および京都大学の定常観測の地震波形データを使わせて頂きました．

