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Comparison between Tsunami Height Prediction Methods Using Ocean-Bottom Pressure Values
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There are two frameworks to predict the tsunami height from the change of the ocean-bottom pressure. One is
the 2-step approach which estimates the earthquake scenario from the ocean-bottom pressure and then forecasts the
tsunami height from the estimated earthquake scenario. The other is the direct approach which directly forecast
the tsunami height from the ocean-bottom pressure. When constructing the prediction system, it is necessary to
select which of these prediction frameworks adopted. We carried out the verification to forecast the tsunami height
from the pressure gauge data of Dense Ocean-floor Network for Earthquakes Tsunamis (DONET) with the two
prediction frameworks. We found that the direct approach has lower prediction error and higher immediacy than

the 2-step approach.
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PR W72 8UAT8], T1& N x Ny OHA175) %
9.

Y AR K B EE O THIE TSI B W T EER
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I 17z [Yoshikawa et al., 2017].
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NT A =& a;,b; &, ¥R E FE(a,bi)
NLTZH ldxp(n) — d(n)|* DAE/NT 725 & 5 Bk 3
5. NIA—ROEHFIL (7) RO LS ITHRAKETEEZHWS.

iE(ai,bi), b; bz — EiE(CLi,bi)
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‘ ‘ 8a,— 8b1

(7)
7220, FERIE e = 0.01, /5T A— X ORI a; = 0,b; =
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