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The 2011 Tohoku Earthquake triggered a tsunami warning for 28 minutes after the
initiation of the megathrust earthquake. However, a more precise tsunami wave forecast
could now be issued based on an inverse analysis of offshore tsunami motions. This
inversion analysis uses well-known quantities such as the propagation speed of tsunami
waves in a homogeneous medium (i.e., sea water) and the bathymetry. Because of its
simplicity, this method is expected to be an alternative tool to the conventional one that
uses seismic waves for which propagation is affected by heterogeneity in the crust and
upper mantle.

This study proposes novel approaches for two subjects: estimating the source of the
initial tsunami and forecasting a tsunami waveform using computational intelligence. In
the former case, the proposed method is expected to enhance (or replace) existing
computational methods for revealing the underlying physics of tsunami source
movements. In the latter case, the method can contribute to the modification of real-time
tsunami forecasting systems using offshore tsunami observation data.

Chapter 1 explains the general backgrounds, motivations, and expected contributions of
the study. The chapter also establishes the main framework of the thesis that is
divided into two parts: the estimation of tsunami sources and forecasting tsunami
waveforms.

Chapter 2 explains the fundamental theory of the TWI method, which is the core of the
algorithm used in the both parts of this study (estimation of tsunami source and
waveform forecasting). The description also includes a general formulation of a
regularization scheme that is typically incorporated into the TWI to maintain stable
solutions. Additionally, mathematical expressions for single and multiple time
window inversions are presented.

Chapter 3 describes the general theories of the CI comprised of a GA and an ELM. A brief
introduction to the PS routine as a supplement for the GA is also described. For
the GA and PS, the descriptions are mainly in generalized forms, and thus may not
be directly related to the TWI. Details on the connections of the GA-PS algorithms
to particular TWI applications are discussed separately in Chapters 4 and 5.

Chapter 4 discusses the first attempt to apply the proposed method using GA and PS to
estimate the tsunami source. In this chapter, all data (i.e., tsunami source,



waveforms) are artificial except for bathymetry. The GA-PS algorithm was first
tested using the same design parameters as in the TWI. The purpose of this test
was simply to compare the performance of the proposed GA-PS method with the
traditional least squares inversion in the same model design and environment.
Rather, the second design parameters are the essence of the study. It aims to find
the optimal locations of unit sources that, in the initial state, are distributed
randomly around the tsunami source. The use of the artificial data in an ideal case
allows assessment of the advantage of the proposed method in a more detailed
manner.

Chapter 5 is an extension of Chapter 4. Here, the GA-PS algorithm is applied to the real
case of the 2011 Tohoku tsunami. However, there are several additional steps
which were previously not included in the ideal case. For example, the
determination of the source area uses backwards-propagated tsunami arrival times
and a multiple time window inversion that includes the computation of time delays.
Other than those, in the real case, instead of using randomly distributed unit
sources, the model uses a very dense set of unit sources and selects the optimal
ones. Therefore, in the real case, waveform interpolation is not required.

Chapter 6 is the second part of the study, in which the use of the ELM is described in
relation to tsunami waveform forecasting. The descriptions are started by a brief
review of existing studies of tsunami forecasting using neural networks, and
followed by explaining the potential application of the ELM, which has never been
used before. Various statistical analyses were conducted to assess the performance
of the proposed model. An uncertainty analysis was also performed to ensure that
the ELM has a consistent predictive power in spite of the random characteristics
of the network parameters.

Chapter 7 presents an overall summary of the conclusions of the study, then goes on to
provide detail for each of the Chapters 4, 5 and 6.



