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Abstract 

 

This study investigates the applicability of static source modeling for rapid 

tsunami source estimation across diverse generation mechanisms, including seismic, 

non-seismic, and compound sources. Accurate reconstruction of initial sea surface 

displacement is essential for tsunami forecasting, hazard assessment, and early 

warning systems. Here, this study evaluated whether simplified static representations, 

based on two-dimensional Gaussian functions, can reproduce synthetic tsunami 

waveforms with sufficient accuracy under varying source conditions. 

Two case studies are analyzed: the 2018 Anak Krakatau volcanic tsunami, 

representing a non-seismic event, and the 2024 Noto tsunami, modeled synthetically 

as a compound scenario involving both earthquake and submarine landslide sources. 

For the Anak Krakatau case, tsunami waveform inversion is performed using observed 

tide gauge data, yielding a deformation pattern and displaced water volume that are 

consistent with previous studies. For the Noto tsunami, synthetic tsunami waveforms 

are generated through forward modeling and inverted to evaluate three source 

scenarios: earthquake-only, landslide-only, and a combined scenario. The combined 

scenario produces more complex and realistic initial sea surface deformation, yet 

waveform fitting does not uniformly improve. In fact, the addition of the landslide 

component reduces inversion accuracy at several stations primarily influenced by the 

seismic source. 

Compared to a method, the proposed framework offers improved adaptability 

in compound-source environments and requires fewer assumptions about source 

geometry. Overall, the results confirm that this static inversion approach is not only 

practical and computationally efficient, but also sufficiently flexible to handle various 

tsunami generation mechanisms. It therefore holds promise for enhancing the speed 

and reliability of rapid tsunami estimation and early warning systems, both in real and 

simulated applications. 

 

Keywords: Initial sea surface displacement; Tsunami waveform inversion; Rapid 

tsunami estimation; Early warning system. 
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Chapter 1 

Introduction 

 

1.1 Background and Motivation 

Tsunamis are among the most destructive natural disasters, posing direct 

threats to the safety and livelihoods of coastal communities. The impacts of such 

disasters are not limited to loss of life and physical infrastructure damage, but also 

extend to social, economic, and environmental dimensions, all of which require a long 

period for recovery. Major events such as the 2004 Indian Ocean tsunami and the 2011 

Tohoku tsunami serve as stark reminders of the devastating potential of high-

magnitude earthquakes that trigger large-scale tsunamis (Borrero, 2005; Mori et al., 

2011). The rapidly propagating tsunami waves, often arriving with little warning, have 

resulted in hundreds of thousands of casualties and tremendous economic losses. 

In addition to globally impactful disasters, regionally generated tsunamis have 

also demonstrated the potential to cause severe damage. Events such as the 2018 

Sulawesi tsunami and the tsunami triggered by the Anak Krakatau eruption in the same 

year confirmed that even tsunamis generated by smaller, localized sources can produce 

highly destructive waves (Omira et al., 2019; Muhari et al., 2019). In many of these 

cases, delayed or inaccurate early warnings were the main contributing factors to the 

high death toll (Escaleras & Register, 2008). This highlights that the effectiveness of 

early warning systems does not solely depend on the scale of the event, but also on the 

speed and accuracy of tsunami source estimation, which determines how quickly and 

precisely alerts can be issued to the public.  
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At the same time, the complexity of tsunami generation mechanisms is 

becoming increasingly recognized, where the source is not always a megathrust 

earthquake occurring along a subduction zone. Recent studies have shown that 

tsunamis can also be generated by non-seismic processes, such as submarine landslides, 

volcanic eruptions, or atmospheric disturbances that cause rapid changes in sea surface 

pressure. In some cases, tsunamis may even result from a combination of multiple 

triggering mechanisms, as suspected in the 2024 Noto tsunami in Japan (Tajima et al., 

2024; Yanagisawa, Abe, & Baba, 2024; Mulia et al., 2024). These situations illustrate 

that early warning systems relying solely on seismic parameters are no longer 

sufficient to address the wide range of possible scenarios.  

Therefore, in the context of disaster risk reduction in coastal areas, there is an 

urgent need to develop tsunami source modeling approaches that are not only rapid 

and efficient but also flexible enough to accommodate various generation mechanisms. 

The ability to quickly and accurately estimate the initial sea surface deformation, 

which serves as the source of tsunami waves, is a key component in building adaptive 

and responsive warning systems. Against this background, this study seeks to address 

these challenges by evaluating a static source modeling approach designed to support 

early estimation in situations with limited data and time. 

 

1.2 Approaches to Tsunami Source Modeling 

Tsunami source modeling is a critical first step in the simulation and early 

warning process, as the initial sea surface deformation generated by the source 

determines the direction, speed, amplitude, and arrival time of tsunami waves across 

various locations. Over the past several decades, a range of approaches has been 
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developed to represent tsunami sources, ranging from physics-based forward modeling 

methods to data-driven estimation techniques such as tsunami waveform inversion. 

Each approach has its strengths and limitations, depending on the availability of data, 

the type of generation mechanism, and the intended application, whether for post-event 

analysis or real-time early warning systems. 

Traditional forward modeling methods are commonly applied in the context of 

megathrust earthquakes, where elastic dislocation models are used to compute seafloor 

deformation based on fault parameters such as length, width, depth, dip angle, slip 

direction, and slip amount. These models serve as the initial condition for tsunami 

propagation simulations. Although this approach is highly effective for large-scale 

events with well-defined seismic sources, it typically requires substantial geophysical 

information and computational time, making it less suitable for real-time applications. 

As an alternative, tsunami waveform inversion has been developed to extract 

source information directly from recorded tsunami signals at observation stations such 

as tide gauges, wave gauges, or bottom pressure sensors. In this method, the co-seismic 

or initial sea surface deformation is derived by inverting recorded waveforms using 

Green's functions to relate the source and the observed signal. While this method has 

been widely used in post-event analysis and successfully applied to major events such 

as the 2004 Sumatra tsunami (e.g., Tanioka et al., 2006; Fujii & Satake, 2007), the 

2010 Chile tsunami (e.g., Fujii & Satake, 2013), and the 2011 Tohoku tsunami (e.g., 

Fujii et al., 2011; Gusman et al., 2012), its application in early warning remains 

challenging due to computational demands and limited observation networks. One 

example of the application of real-time initial sea surface deformation estimation is 

demonstrated by Tsushima et al. (2009), who developed a tsunami forecasting system 
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using data from offshore bottom pressure sensors without relying on prior assumptions 

about fault geometry. The system is capable of updating forecasts every minute and 

has shown high accuracy in predicting coastal tsunami arrival times and amplitudes, 

even more than 20 minutes before the peak wave reaches the shoreline along the 

Pacific coast of northeastern Japan, as demonstrated in a simulation of the 1896 

Sanriku tsunami. 

Among the various approaches, there is a growing need for source models that 

are simple yet sufficiently representative, especially for supporting rapid estimation in 

early warning contexts. One promising method is the use of static source models based 

on Gaussian functions or other simplified distributions (Saito, Satake, & Furumura, 

2010). These models are not intended to reconstruct the detailed physical source 

processes but rather to provide a rapid estimate of the initial sea surface deformation 

capable of producing tsunami waveforms consistent with the reference scenarios used 

in this study. This approach is particularly useful under conditions of limited data and 

time and is more flexible in accommodating different types of sources, including those 

generated by submarine landslides or volcanic eruptions. 

In this study, the static source modeling approach serves as the primary method 

for evaluating how well simplified representations of initial sea surface deformation 

can reproduce reference tsunami waveforms. The inversion method is not the main 

focus but is employed as a supporting tool to assess the effectiveness of the source 

models. The primary objective of this research is not to develop a new inversion 

algorithm, but rather to assess the ability of static source models to realistically and 

efficiently capture the essential characteristics of tsunamis generated by various source 

mechanisms. 
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1.3 Challenges in Modeling Non-Seismic and Compound Sources 

Although tsunami source modeling based on elastic dislocation has proven 

effective for events triggered by megathrust earthquakes in subduction zones, this 

approach is not always sufficient for explaining tsunamis generated by non-seismic 

processes or by multiple contributing mechanisms. Over the past two decades, an 

increasing number of tsunami events have demonstrated that in addition to earthquakes, 

alternative sources such as submarine landslides, submarine volcanic eruptions, and 

atmospheric disturbances (e.g., pressure waves from explosive eruptions) can also 

generate destructive tsunami waves. In some recent cases, tsunamis have been found 

to originate from compound mechanisms, where an earthquake triggers a submarine 

slope failure almost simultaneously. 

One of the main challenges in modeling non-seismic sources lies in the lack of 

direct observational data that can constrain the physical parameters of the tsunami 

source. Unlike earthquakes, which are typically accompanied by rich seismic and 

geodetic datasets, events such as submarine landslides, volcanic eruptions, and 

atmospheric disturbances often go undetected by conventional monitoring systems. 

These non-seismic sources involve fundamentally different physical processes, as they 

do not generate fault slip or elastic dislocation. Instead, such events are characterized 

by mass movement, localized bathymetric changes, and complex fluid-solid 

interactions (e.g., Ward, 2001; Harbitz et al., 2006; Paris, 2015). As a result, critical 

parameters such as landslide volume, source geometry, initial depth, movement 

velocity, and timing are difficult to estimate accurately, particularly in real-time 

scenarios. This uncertainty directly impacts tsunami modeling outcomes, leading to 
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discrepancies in predicted amplitudes, arrival times, or wave propagation patterns 

compared to actual observations. 

Furthermore, tsunami waves generated by non-seismic sources often exhibit 

spectral and temporal characteristics that differ from those of seismically generated 

tsunamis (e.g., Okal & Synolakis, 2004; Tappin et al., 2014; Paris, 2015). For instance, 

submarine landslides tend to produce shorter-period waves with more localized 

propagation, although the amplitudes can be very large near the source. In some cases, 

such tsunamis arrive significantly earlier than predicted by earthquake-based models. 

This mismatch can result in the failure of early warning systems that rely solely on 

seismic data, as illustrated by the 2018 Palu tsunami and the 2024 Noto event. 

The challenges are further compounded when a tsunami is generated by a 

combination of mechanisms, such as an earthquake that induces a submarine slope 

failure. In these scenarios, the tsunami waveform observed in the field is a 

superposition of waves generated by multiple processes occurring in close succession 

but with different dynamics. Distinguishing the contribution of each source to the 

overall waveform becomes extremely difficult, especially in the absence of sufficient 

observational data. Consequently, source estimation based on a single triggering 

mechanism may result in misleading or incomplete interpretations. 

These circumstances underscore the importance of developing tsunami source 

modeling approaches that can flexibly accommodate different types of sources, 

including compound mechanisms. Static source models with simplified configurations 

may serve as a useful first step in emergency situations or when data are limited. 

However, these models must be systematically validated to define their limitations, 

especially when applied to complex cases. This study addresses this need by designing 
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numerical experiments to evaluate how well static representations of initial sea surface 

deformation can reproduce physically relevant tsunami waveforms for both non-

seismic and compound scenarios. 

 

1.4 Objectives and Scope of the Study 

Building on the background described above, this study is driven by the need 

for tsunami source modeling approaches that can provide rapid estimates of initial sea 

surface deformation, particularly for events not solely caused by earthquakes. This 

modeling strategy is expected to address operational challenges that arise when 

tsunami generation involves non-seismic processes or a combination of multiple 

mechanisms. In the context of early warning systems, the success of an initial estimate 

strongly depends on the speed and accuracy of the deformation representation. 

Therefore, the adopted approach must not only be computationally efficient but also 

adaptable to diverse source characteristics. 

This study specifically investigates the capacity of static source models to 

reproduce initial sea surface deformation patterns relevant to tsunami generation from 

various source types. The approach employs simplified two-dimensional Gaussian 

distributions to construct the initial deformation model without explicitly simulating 

the generation dynamics. The model's performance is evaluated through waveform 

inversion to determine how well the inverted surface deformation reflects the 

complexity of the original tsunami source scenario. 

To explore the applicability of the approach, two case studies are examined. 

The first is the 2018 Anak Krakatau volcanic tsunami, a representative example of 

non-seismic tsunami generation following a flank collapse triggered by an eruption. 
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The second is a synthetic scenario based on the 2024 Noto tsunami in Japan, which 

prior studies suggest was generated by a combination of earthquake rupture and 

submarine landslide. This synthetic scenario is numerically constructed using 

parameters derived from previous research to represent a complex multi-mechanism 

source. Three primary source configurations are analysed: earthquake-only, landslide-

only, and combined earthquake–landslide. 

The scope of this study includes the construction of initial sea surface 

deformation models, simulation of tsunami wave propagation, and waveform 

inversion to evaluate the accuracy of the static source models. The evaluation is carried 

out by comparing inversion results with reference simulations in terms of waveform 

shape, amplitude, arrival time, and spatial distribution of deformation. Through this 

approach, the study contributes to a deeper understanding of tsunami source 

characteristics and provides a scientific foundation for the use of simplified models in 

early warning systems with limited observational input. As a final note, certain parts 

of this manuscript have been adapted from Yatimantoro et al. (2025) for 

methodological development and refinement of scientific context within the scope of 

this research. 
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Chapter 2 

Literature Review 

 

2.1 Source Modeling for Earthquake-Generated Tsunamis 

Earthquake-generated tsunamis are the most common type of tsunami and have 

been the main focus of source modeling methodology development over the past 

several decades. In this context, the tsunami source is represented as seafloor 

deformation resulting from fault rupture during an earthquake. This modeling 

approach reflects a direct link between tectonic processes beneath the Earth’s surface 

and changes in sea surface elevation that trigger tsunami waves. Given the relatively 

regular nature of earthquake sources and their observability through geophysical data, 

earthquake-generated tsunami models can be developed using standardized and widely 

reproducible frameworks. 

Conventional modeling approaches utilize geophysical observations, such as 

seismic and geodetic data, to estimate the slip distribution on the fault plane. This 

distribution is then converted into seafloor deformation and used as the initial input for 

tsunami propagation simulations. The vertical seafloor deformation is generally 

assumed to be accurately inferable from fault movement at depth, and this method has 

proven effective in supporting tsunami hazard analysis and scenario-based forecasting 

systems. 

A foundational contribution to tsunami source modeling was made by Satake 

(1987), who introduced the concept of tsunami waveform inversion. In his study of the 

1983 Japan Sea earthquake, Satake (1987) demonstrated that tsunami waveforms 

observed at tide gauge stations could be used to estimate slip distribution on the fault 
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plane. By superimposing responses from unit sources, he was able to quantitatively 

reconstruct the spatial characteristics of the source. This finding established a new 

paradigm in which tsunami waveforms themselves could be used as direct information 

for source estimation. 

Over time, tsunami waveform inversion methods have advanced significantly. 

Subsequent studies applied this technique to estimate the initial sea surface 

deformation directly, without requiring explicit assumptions about fault geometry. 

This presents a key advantage for operational applications. Studies such as Baba, 

Cummins and Hori (2005), Satake et al. (2005), Saito, Satake and Furumura (2010), 

Saito et al. (2011), and Gusman, Mulia and Satake (2018) have demonstrated the 

effectiveness of this approach in reconstructing earthquake-generated sea surface 

deformation. Yamanaka and Tanioka (2024) further developed this method to account 

for non-linear effects in tsunami propagation, extending its applicability to more 

complex conditions. A common assumption in these methods is that the initial velocity 

components of tsunami waves are negligible, which is considered reasonable for 

earthquake-generated events. 

Tsunami waveform inversion has also been adapted for use in real-time 

tsunami forecasting systems. Studies by Yasuda et al. (2007) and Tsushima et al. (2009) 

developed systems capable of updating source estimations based on incoming 

observational data. These developments show that tsunami waveform inversion is not 

only relevant for post-event analysis but also highly applicable for operational 

forecasting. 

Furthermore, waveform inversion has been incorporated into joint inversion 

frameworks, which integrate tsunami waveform data with geodetic or seismic data to 
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enhance source resolution. This approach was first applied by Satake (1993) to 

estimate slip distributions of the 1944 and 1946 earthquakes using a combination of 

tsunami and geodetic data. Since then, the method has been refined and expanded, as 

evidenced by studies such as Tanioka, Satake and Ruff (1995), Baba et al. (2009), 

Yokota et al. (2011), and Gusman et al. (2017). These studies show that by combining 

different types of observational data, source estimation can be conducted with greater 

spatial and temporal accuracy. The integration of geodetic, seismic, and tsunami data 

enables source modeling that not only reconstructs seafloor deformation but also 

provides a more comprehensive understanding of earthquake mechanisms. 

 

2.2 Source Modeling for Non-Seismic Tsunami Events 

Beyond tectonic processes, various non-seismic mechanisms can also generate 

significant tsunamis, including submarine landslides, volcanic activity, and 

atmospheric disturbances due to explosive eruptions. Each of these mechanisms 

possesses distinct physical characteristics and often involves complex multi-physics 

dynamics. Unlike earthquake-generated tsunamis, which can be modeled using 

standardized fault parameters, non-seismic sources are often difficult to represent 

simply because they may involve interactions between solid, liquid, and in some cases, 

gaseous media. 

The primary challenge in non-seismic source modeling lies in the scarcity of 

direct observational data and the high uncertainty surrounding source parameters, such 

as landslide volume, eruption depth, or atmospheric pressure profiles. Additionally, 

many non-seismic events are localized and sudden, making them less likely to be 

captured by conventional seismic monitoring networks. As a result, modeling 
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approaches for these events require greater flexibility, both in numerical schemes and 

in assumptions about the source. This has led to the development of inversion methods 

based on tide gauge data, satellite observations, and exploratory scenario-based 

simulations to comprehensively understand their potential and impacts. 

An illustrative example is the 2018 Palu tsunami. This event demonstrated that 

co-seismic deformation alone was insufficient to explain the extreme inundation 

observed along Palu Bay. Gusman et al. (2019), through a joint inversion approach 

using tide gauge and satellite observations, revealed complex vertical motions not 

entirely attributable to fault slip. Numerical simulations that combined fault 

deformation with multiple landslide scenarios, both subaerial and submarine, yielded 

results that better matched field observations. This study highlights the need for source 

modeling frameworks that can accommodate compound sources, especially in narrow 

bays or basins prone to wave amplification. 

In addition to landslides, submarine volcanic activity can also generate 

damaging tsunamis. Sandanbata et al. (2022) analyzed an event at the Sumisu caldera, 

where a moderate-magnitude volcanic earthquake was capable of generating meter-

scale tsunamis. They proposed a composite source model involving circular faulting 

and vertical cracking induced by pressurized magma. Despite the relatively low 

seismic energy release, the resulting vertical seafloor deformation was sufficient to 

trigger observable tsunami waves. Such events underscore that tsunami modeling for 

volcanic activity must go beyond magnitude-based assessments and consider more 

complex mechanisms, including internal pressure dynamics and caldera deformation. 

A broader source paradigm was further demonstrated by the 2022 Hunga 

Tonga–Hunga Ha’apai eruption, which triggered a globally observed tsunami without 
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significant seafloor deformation. Fujii and Satake (2024a) showed that the tsunami 

was generated by atmospheric pressure waves, specifically Lamb and Pekeris waves, 

that propagated concentrically following the massive explosion. Using DART buoy 

data and tsunami inversion techniques, they estimated the pressure amplitudes, 

propagation speeds, and origin times of these atmospheric waves. The Proudman 

resonance phenomenon, which occurs when the speed of atmospheric waves 

approaches that of long ocean waves, explained the tsunami generation mechanism in 

this case. This study expands the theoretical scope of tsunami generation and 

reinforces the need for modeling and warning systems that can detect and respond to 

non-traditional tsunami sources. 

Findings from these studies show that non-seismic tsunami events exhibit 

highly diverse characteristics and often involve unconventional and complex 

generation mechanisms. Therefore, source modeling for such events requires 

approaches tailored to their unique physical nature and must consider the potential for 

multiple interacting mechanisms within a single event. 

  



14 
 

Chapter 3 

Tsunami Source Modeling in a Volcanic Event 

 

3.1 Overview of the 2018 Anak Krakatau Tsunami 

Among recent tsunami events, the 2018 Anak Krakatau tsunami stands out due 

to its unusual generation mechanism and strong relevance to ongoing efforts to 

improve source modeling for non-seismic tsunamis. Unlike most historical tsunamis, 

which are typically triggered by large undersea earthquakes, this event was primarily 

caused by a volcanic flank collapse that generated a devastating tsunami in the absence 

of significant ground shaking. This unique characteristic makes it a compelling case 

for evaluating alternative modeling approaches that do not rely solely on seismic data. 

In addition to causing numerous fatalities and severe damage along the coastlines of 

Java and Sumatra, the event also provides valuable insight into the role of flank 

collapse in tsunami generation, which remains underrepresented in current early 

warning systems. To gain a more comprehensive understanding of the event, it is 

important to review the geographical setting and geological background of Anak 

Krakatau volcano. 

The Anak Krakatau volcano is situated between Indonesia’s Java and Sumatra 

islands in the Sunda Strait. According to Abdurrachman et al. (2018), the observed 

volcanic activity can be interpreted as an indicator of the transition of the subduction 

system from oblique orientation along Sumatra to perpendicular orientation along Java. 

The Anak Krakatau Volcano has a significant historical connection with its predecessor, 

the ancient Krakatau Volcano. The history of the eruption of the Krakatau volcano and 

its resulting tsunami can be traced back to the year 416 (Soloviev & Go 1974).  
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On December 22, 2018, Anak Krakatau erupted, resulting in a devastating 

tsunami in the Sunda Strait and surrounding areas. According to a report from the 

National Agency for Disaster Management (BNPB 2019), this tsunami resulted in the 

death of 437 people, with ten individuals still missing and 31,943 injured. An 

additional 16,198 people were evacuated from affected areas. The most severe 

devastation occurred along the west coast of Java, particularly in the Banten Province, 

where the tsunami reached a maximum run-up height of 13.5 meters with a run-up 

distance of approximately 160 meters (Muhari et al. 2019). According to the 

Indonesian Agency for Meteorology, Climatology, and Geophysics (BMKG) 

earthquake database, a seismic event occurred on December 22, 2018, at 13:55:48 

(UTC), with a magnitude of 4.9. The epicentre of this event was situated near the Anak 

Krakatau volcano. A low-frequency component in the seismic waveform provides 

strong evidence of a potential correlation between the event and the volcanic eruption 

(Permana, Yatimantoro & Handayani 2023). Satellite imagery from the Japan 

Aerospace Exploration Agency (JAXA 2018) captured a significant collapse in the 

southwestern section of the Anak Krakatau caldera before (December 10, 2018) and 

after (December 22, 2018) the eruption, further indicating the tremendous nature of 

the event.  

Previous studies have suggested that the collapse of the southwestern side of 

Anak Krakatau was the primary source of the tsunami (Grilli et al. 2019; Heidarzadeh 

et al. 2020; Mulia et al. 2020; Omira & Ramalho 2020; Paris et al. 2020; Grilli et al. 

2021). These studies were conducted to understand the flank collapse mechanism and 

tsunami from the 2018 Anak Krakatau eruption.  



16 
 

Grilli et al. (2019) used NHWAVE (Non-Hydrostatic Wave Model), a three-

dimensional non-hydrostatic model specifically designed to simulate landslide-

generated tsunamis, including vertical acceleration and frequency dispersion effects. 

In this model, the slide is represented as a depth-averaged layer fully coupled with the 

surrounding water, with rheological behavior modeled either as a Newtonian fluid or 

a granular medium governed by Coulomb friction. They applied NHWAVE to analyze 

the collapse characteristics of Anak Krakatau, accounting for the rheology of the 

collapsed material. The resulting wave field was then used to initialize FUNWAVE-

TVD (Fully Non-linear Boussinesq Wave Model with Total Variation Diminishing), a 

fully nonlinear and dispersive two-dimensional Boussinesq-type model, which was 

applied to simulate tsunami propagation from the near-field to the far-field. The 

geometry and failure surface of Anak Krakatau were reconstructed based on satellite 

imagery captured before and after the collapse, resulting in an estimated collapse 

volume of 0.27 km³.  

Heidarzadeh et al. (2020) used COMCOT (Cornell Multi-grid Coupled 

Tsunami Model), a numerical model based on nonlinear shallow water equations, to 

simulate the tsunami generated by the flank collapse. Their results showed that a 

collapsed volume of 0.175 km³ provided the best agreement with the available 

observational data.  

Mulia et al. (2020) estimated a collapse volume of 0.24 km³. They simulated 

the avalanche dynamics using VolcFlow, a two-dimensional depth-averaged numerical 

model that was initially developed for simulating volcanic avalanches and later 

extended to model both the landslide motion and water flow using shallow water 

equations based on mass and momentum conservation. This coupled model efficiently 
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represents the interaction between slide material and water, making it suitable for 

landslide-induced tsunami studies. The resulting wave field was then propagated to 

more distant coastal areas using the FUNWAVE-TVD model. Their simulation results 

showed that the collapse caused waves higher than 40 meters in the area surrounding 

the volcano.  

Omira and Ramalho (2020) employed a multilayer viscoplastic model to 

simulate collapse mechanisms. They conducted a simulation that included two 

subsequent failures occurring five seconds apart, with volumes of 0.1 km3 and 0.035 

km3, respectively. They utilised the same model to calculate the propagation of the 

resulting tsunami in the near and far fields. This generated a leading wave measuring 

45 meters near the volcano.  

Paris et al. (2020) employed a two-layer depth-averaged coupled model, 

AVALANCHE, to describe the sliding process. This model incorporates granular 

rheology and Coulomb friction to adjust for the slide characteristics and dispersive 

effects of the water flow component. By utilising satellite and aerial photographs taken 

before and after the collapse and thoroughly analysing simulated water waves in 

contrast to far-field data, such as tide gauges and field surveys, Paris et al. (2020) could 

reproduce the total volume of the landslide, including subaerial and submarine, to be 

approximately 0.15 km3.  

The strategy of Grilli et al. (2021) was similar to that used by Grilli et al. (2019) 

to ascertain the collapse mechanism and tsunami generation. In contrast to Grilli et al. 

(2019), the NHWAVE model incorporates vertical acceleration, specifically non-

hydrostatic pressures, within the layer of the slide material. The findings indicate that 

a collapsed volume of 0.224 km3 is most suitable for alignment with the observed 
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tsunami flow depth and run-up, as evidenced by several post-event field surveys, tide 

gauge records, and eyewitness testimonies.  

The results of previous studies, which modeled the collapse and tsunami, 

suggest that the tsunami height exceeded 40 meters above the mean sea level during 

propagation near the volcano. Zhu et al. (2021) conducted a tsunami waveform 

inversion to construct an initial sea surface displacement model for the 2018 tsunami. 

In their model, the maximum height of the initial sea surface was less than 10 m, which 

was significantly smaller than the tsunami heights simulated around the source areas 

in other studies (Grilli et al. 2019; Heidarzadeh et al. 2020; Mulia et al. 2020; Omira 

& Ramalho 2020; Paris et al.2020; Grilli et al. 2021). 

 

3.2 Tsunami Waveform and Bathymetry Data Used 

This study used the Digital Elevation Model (DEM) for bathymetry and 

topography, as in Mulia et al. (2020), which was derived from the National Bathymetry 

(BATNAS) dataset, and the topographic data for Anak Krakatau were derived from the 

National Digital Elevation Model (DEMNAS). The BATNAS and DEMNAS datasets 

are produced by the Indonesian Geospatial Agency (BIG). In their study, Mulia et al. 

(2020) employed two nested simulation grids with different resolutions: a three-arc-

second grid for the vicinity of the Anak Krakatau volcano and a six-arc-second grid 

for the broader Sunda Strait region. In this study, a single simulation grid with a 

uniform resolution of three arc-seconds was adopted by resampling the dataset used 

by Mulia et al. (2020) (Figure 3.1). This gridded elevation model represents the pre-

collapse surface conditions of the volcano prior to the 2018 event. 



19 
 

The 2018 Anak Krakatau tsunami was recorded at four tide gauge stations in 

the Sunda Strait: Ciwandan, Serang, Kota Agung, and Panjang (Figure 3.1). BIG 

provides tide gauge data with a 1-minute sampling interval 

(https://srgi.big.go.id/map/jkg-active). A polynomial fitting function was used to 

estimate the astronomical tides. By using these estimates to obtain the tsunami 

waveform, the tidal waves were removed from the original records (Figure 3.2). 
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Figure 3.1. The computational area and locations of the tide gauge stations that 

recorded the 2018 Anak Krakatau tsunami (red triangles). In this study, the tide 

gauge stations were assumed to be located at the sites determined by Mulia et al. 

(2020). 
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Figure 3.2. Data for the observed waveform (black line), polynomial function (green 

line), and tsunami waveform (red line) at Ciwandan, Serang, Kota Agung, and 

Panjang stations, respectively. Time 0 minute indicates the origin time of a low-

frequency seismic event by the BMKG (13:55:48 UTC) 
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3.3 Development of the Initial Sea Surface Displacement Model 

In the modeling, sea surface displacements were assumed to occur 

instantaneously at a specific time. As previously noted, the eruption is considered to 

have been initiated at 13:55:48 UTC; however, the timing has some uncertainties for 

this modeling approach, as it is not necessarily the tsunami generation time. 

Determining the appropriate origin time for a tsunami is vital because tsunami 

waveform inversion results are strongly influenced by the assumed tsunami occurrence 

time. Four potential initial times of 13:54:00, 13:55:00, 13:56:00, and 13:57:00 UTC 

were tested to determine the optimal time for a tsunami.  

The tsunami source area was assumed to be located southwest of the volcano, 

with dimensions of 2.5 × 2.0 km². These assumptions are consistent with the location 

and size of the volcanic flank collapse during the eruption, as indicated by satellite 

imagery from JAXA (2018). Unit sources for sea surface displacement were then 

assigned to the assumed tsunami source area. Each unit source had a two-dimensional 

Gaussian shape with a horizontal variance represented by σ (Yamanaka et al. 2019; 

Yamanaka & Shimozono 2021).  The initial water surface distribution for each source 

unit is described as follows: 

 𝜂(𝑥, 𝑦) = 𝑚𝑗  𝑒𝑥𝑝 [−
(𝑥 − 𝑥𝑗)

2
 +  (𝑦 − 𝑦𝑗)

2

2𝜎2
] (3.1) 

where 𝜂 represents the water surface elevation above the mean sea level for the unit 

source, x and y denote the locations along the longitudinal and latitudinal directions, 

respectively, xj and yj are the centre coordinates of each unit source, and mj is the height 

of the water surface at the central location of the unit source. The index j refers to the 

j-th unit source, with 20 unit sources used in this study (Figure 3.3). This study 



23 
 

employed values of 250, 375, and 500 meters for 𝜎 to investigate the effects of unit 

source size on model accuracy. A total of 20 unit sources (Figure 3.3) were used, each 

assuming a different value of 𝜎 , and the corresponding inversion results were 

compared to identify the most effective unit source size.  

The interval between the assigned unit sources was fixed at 0.5 km within a 

rectangular frame for the source area (Figure 3.3). Tsunami waveforms from each 

Gaussian source were then simulated at the four tide gauge stations using a linear long 

wave model to produce Green’s functions. The governing equations for the 2D linear 

long wave model are as follows (e.g., Yamanaka and Tanioka, 2024): 

 
𝜕𝜂

𝜕𝑡
+

1

𝑅 cos 𝜆
[

𝜕

𝜕𝜆
(𝑀 cos 𝜆) +

𝜕𝑁

𝜕𝜃
] = 0 (3.2) 

 
𝜕𝑀

𝜕𝑡
+

𝑔ℎ

𝑅

𝜕𝜂

𝜕𝜆
= −𝑓𝑁 (3.3) 

 
𝜕𝑁

𝜕𝑡
+

𝑔ℎ

𝑅 cos 𝜆

𝜕𝜂

𝜕𝜃
= 𝑓𝑀 (3.4) 

where η represents the water surface elevation from the mean sea level; M (= Uh) and 

N (= Vh) represent the fluxes in the latitudinal (λ) and longitudinal (θ) directions, 

respectively; U and V are the velocities in the latitudinal and longitudinal directions, 

respectively; h is the still water depth; g is the gravitational acceleration; R is the 

Earth’s radius; f is the Coriolis coefficient; and t is time. A simulation time step of 0.3 

seconds was used, which met the Courant–Friedrichs–Lewy (CFL) stability conditions 

and simulated the tsunami propagations for 120 minutes. All non-linear effects 

occurring over the sea area near the volcano and beyond were neglected in this analysis. 

This study performed the tsunami waveform inversion using the initial wave 

of the tsunami as recorded by tide gauge stations. The observed tsunami waveforms 

are expressed as a superposition of Green’s functions at each station. To obtain a stable 
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solution, the inversion employed two hyperparameters, following an approach similar 

to that of Hossen et al. (2015). The inversion equation is as follows: 

 [

𝑮𝑖𝑗

𝛼𝑺𝑗𝑗

𝛽𝑰𝑗𝑗

] 𝒎𝑗 = [
𝒅𝑖

𝟎
𝟎

] (3.5) 

where 𝑮𝑖𝑗 is Green’s function, 𝑺𝑗𝑗 is the smoothing matrix constructed following the 

formulation of Baba et al. (2005), as shown below: 

 0 = 𝑚𝑝−1,𝑞 + 𝑚𝑝+1,𝑞 + 𝑚𝑝,𝑞−1 + 𝑚𝑝,𝑞+1 − 4𝑚𝑝,𝑞 (3.6) 

where 𝑚𝑝,𝑞 denotes the initial sea-surface displacement at the source grid point located 

at position (𝑝, 𝑞) , with p indexing the longitudinal direction and q the latitudinal 

direction. 𝑰𝑗𝑗 is the identity matrix, mj is the height of the water surface at the central 

location of the Gaussian source, 𝒅𝑖  is the observed tsunami waveform, α is the 

smoothing parameter, and β is the damping parameter. The index i corresponds to the 

observation points (tide gauge stations) with (i = 1, 2, ..., N), where N is the number of 

observed tsunami waveforms. Index j corresponds to the unit sources, with (j = 1, 2, ..., 

M), where M is the total number of unit sources used to discretise the tsunami source 

area. The model parameters were estimated using a regularized least-squares approach 

applied to the above equation. 

This study determined the optimal values of the two hyperparameters, α and β, 

within an assumed range for each value using a grid search cross-validation process. 

Following the approach of Yokoi et al. (2023), a “leave-one-station-out” cross-

validation method was employed. In this procedure, the tsunami waveform observed 

at one tide gauge station was used as evaluation data. The inversion using tsunami 

waveforms observed at the other three stations was conducted assuming values of α 

and β, producing a sea-surface deformation model. The difference in the observed 
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waveform for evaluation and synthetic waveform from the model was then evaluated 

based on the root mean square error (RMSE) for quantifying the effects of 

hyperparameters, defined as:  

 𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑢𝑖

𝑜𝑏𝑠 − 𝑢𝑖
𝑠𝑦𝑛

)
2

𝑁

𝑖=1

 (3.7) 

where 𝑢𝑖
𝑜𝑏𝑠  and 𝑢𝑖

𝑠𝑦𝑛
  represent the observed and synthetic waveform amplitudes at 

time index 𝑖 , respectively, and 𝑁  is the total number of time steps. The tsunami 

waveforms at four tide gauge stations were each used as the evaluation waveform in 

turn, resulting in four different RMSE values for each pair of 𝛼 and 𝛽. The sum of 

these four RMSE values was defined as the total RMSE. A range of 𝛼  and 𝛽 

combinations was tested to evaluate the total RMSE as a function of the 

hyperparameters. To identify the optimal values, the relationship between total RMSE 

and the 𝛼 − 𝛽 pairs was visualized, and the pair yielding the minimum total RMSE 

was selected. Using these optimal hyperparameter values, the final inversion was then 

performed with all four observed tsunami waveforms. An illustration of the grid-search 

cross-validation procedure is shown in Figure 3.4.  

This study conducted a total of twelve inversion simulations based on the 

combinations of four origin times at 13:54:00, 13:55:00, 13:56:00, and 13:57:00 UTC 

and Gaussian σ values of 250, 375, and 500 meters (Figure 3.5). Table 1 lists the total 

RMSE values for all scenarios and shows that the minimum total RMSE value was 

0.63, obtained from a combination of an origin time of 13:56:00 UTC and a Gaussian 

scale of 250 meters. This was achieved using the optimal α and β values of 0.0032 and 

0.0017, respectively, as shown in Figure 3.6a. Figure 3.6b shows the initial sea surface 

displacement model for the 2018 Anak Krakatau tsunami. The estimated initial sea 
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surface displacement indicates subsidence around the collapsed area, followed by 

uplift. According to Paris et al. (2013), the results obtained in this study, which reflect 

the characteristics of the initial sea surface displacement, are similar to those of a 

volcanic tsunami caused by subaerial failure. Within this specific category, subsidence 

was observed in the area surrounding the collapse site, followed by wave propagation 

leading to a crest. The maximum sea surface height estimated in this model, 

approximately 90 meters during tsunami generation, is reasonable considering the 

extent of the resulting environmental tsunami damage to the Sertung and Rakata 

Islands surrounding the Anak Krakatau volcano, as shown by Muhari et al.’s (2019) 

survey.  

To characterise the source model quantitatively, this study computed water 

volume, which was determined as: 

 𝑉𝑡 = ∬|𝜂𝑡|𝑑𝜆𝑑𝜃 (3.8) 

where 𝜂𝑡 denotes the height of the water surface in the developed source model. The 

absolute value of 𝜂𝑡 was used to account for the total displacement of water, regardless 

of whether the surface displacement was positive or negative, ensuring that the 

contributions of uplift and subsidence were not canceled out during integration. The 

computed volume in this model was 0.19 km³. For comparison, previous studies 

estimated that the volume of the collapsed volcanic flank ranged from 0.14 to 0.27 km³ 

(Grilli et al. 2019; Heidarzadeh et al. 2020; Mulia et al. 2020; Omira & Ramalho 2020; 

Paris et al. 2020; Grilli et al. 2021). Thus, the water volume in the present model was 

consistent with the volume of collapsed materials reported in previous studies 

regarding the order of magnitude. The static source model of Zhu et al. (2021) 

introduced a volume of elevated water, which had a different definition from the 



27 
 

volume calculated in this study, and determined it for their model as 0.03 km³. 

Comparing the estimations from this study with those of Zhu et al. (2021), the current 

estimation is likely more reasonable. A comparison between the volume of water and 

the volume of the collapsed volcanic flank is relevant because flank collapse directly 

triggers the displacement of seawater in the surrounding region. The displaced water 

volume (Vt) reflects the combined effects of uplift and subsidence caused by collapse, 

leading to sea surface deformation. Despite the physical differences between solid 

materials and water, the consistency between the water volume and collapse volumes 

reported in previous studies demonstrates that the value of Vt can be correlated with 

that of the collapsed volume.  

Figure 3.6c compares the waveforms at the Ciwandan, Serang, Kota Agung, 

and Panjang stations. Waveform fitting between synthetic and observed data generally 

fits within the inversion time windows. The arrival times of the synthetic and the 

observed waves at the Ciwandan station matched well; the simulated tsunami arrived 

approximately one minute after the observed one. The amplitude of the simulated 

tsunami within the time window at this station also appeared to fit the observations 

well. At the Serang station, there was strong agreement between the synthetic and 

observed waveforms within the inversion time window regarding the timing and 

amplitude of the tsunami. The amplitude of the synthetic waveform at the Kota Agung 

station was slightly smaller than that observed, although the simulated arrival time 

aligned well with the observed data. This discrepancy may be attributed to several 

factors, such as limitations in the resolution of nearshore bathymetric data, local 

amplification effects not captured by the model, or the absence of complex source 

processes, such as asymmetrical mass failure or multi-stage sliding. In contrast, the 
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waveform at Panjang station exhibited notable differences from the observation in both 

amplitude and arrival time. A more detailed analysis of the Panjang station will be 

presented in the following subchapter. 
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Figure 3.3. Assumed source area (black rectangle). The black dots indicate the 

central location of the assigned Gaussian sources with an interval of 0.5 km. The 

gray lines represent depth contours with 20-meter intervals. 
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Figure 3.6a. Results of Grid search analysis using four tide gauge stations with a 

tsunami origin time of 13:56:00 UTC and a Gaussian scale of 250 m. 
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Figure 3.6b. Developed initial sea surface displacement using four tide gauge 

stations with a tsunami origin time of 13:56:00 UTC and a Gaussian scale of 250 m. 

The gray lines represent depth contours with 20-meter intervals. 
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Figure 3.6c. Comparison of the observed and estimated waveforms using four tide 

gauge stations with a tsunami origin time of 13:56:00 UTC and a Gaussian scale of 

250 m. The gray area indicates the time window for the inversion. 

 

 

Table 1. Total RMSE values derived from 12 distinct scenarios  

 
13:54:00 13:55:00 13:56:00 13:57:00 

250 0.92 0.92 0.63 0.73 

375 0.92 0.92 0.71 0.74 

500 0.93 0.92 0.74 0.79 

 

  

Time 

(UTC) 
σ 

(meter) 
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3.4 Sensitivity analysis 

To further evaluate the robustness and reliability of the inversion results, a 

comprehensive sensitivity analysis was conducted. As a preliminary test, 50% noise 

was added to the tsunami waveforms simulated at the four tide gauge stations, based 

on the previously estimated sea surface displacement model. These noise-added 

waveforms were then treated as observed data and subjected to inversion using the 

same method described in the earlier section, with the optimal hyperparameter values 

of α and β. As shown in Figure 3.7, the inversion was able to reasonably reproduce 

both the tsunami waveforms and the overall pattern of sea surface displacements. 

Figure 3.7a illustrates that the inverted displacement model retains the general 

structure characterized by two prominent adjacent uplift and subsidence regions. This 

result demonstrates that the inversion approach is relatively stable, even under the 

presence of considerable noise in the input data. As previously mentioned, the tsunami 

observations were recorded at four tide gauge stations that are sparsely distributed 

across the Sunda Strait (Figure 3.1). Despite the limited spatial resolution of the 

observation network, the data appear sufficient to capture the large-scale features of 

the tsunami source at Anak Krakatau. 

To assess the resolution limits of the inversion framework, this study conducted 

a checkerboard test. A synthetic initial sea surface displacement pattern was 

constructed using alternating positive and negative anomalies arranged at a finer 

spatial scale than the original source model (Figure 3.8a). As in the previous test, 50% 

noise was added to the resulting tsunami waveforms before inversion. While the 

waveform fitting remained reasonably accurate (Figures 3.8b and 3.8c), the inverted 

sea surface displacement failed to reproduce the central part of the checkerboard 
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pattern with sufficient fidelity. This result highlights a limitation in the resolving power 

of the inversion approach when using only four tide gauge stations. It suggests that the 

current observational network may be inadequate for resolving short-wavelength 

components of sea surface deformation. Nonetheless, the inversion method reliably 

reconstructs the dominant large-scale characteristics of the tsunami source under the 

linear wave assumption, even when the input data are significantly perturbed. 

While the sensitivity tests demonstrated the overall stability and resolution 

capability of the inversion using four tide gauge stations, a notable misfit remained at 

one specific location, Panjang station. To further investigate the cause of this 

discrepancy and its influence on the inversion results, an additional analysis was 

conducted with a focus on this station. Significant mismatches in waveform fitting 

were encountered at Panjang tide gauge station during the inversion validation process. 

As shown in Figure 3.6c, the synthetic tsunami waveform exhibited a delay of 

approximately 6 minutes in arrival time compared to the observed data. Additionally, 

the simulated tsunami amplitudes during the initial phase were significantly lower than 

those recorded. This mismatch in both timing and amplitude hindered satisfactory 

agreement and raised concerns regarding the reliability of the Panjang station data in 

the inversion computation. One likely cause of these discrepancies is the quality of the 

bathymetric data in the nearshore region surrounding the Panjang station. The 

available bathymetric dataset may not accurately represent the complex underwater 

topography of the harbor and coastal areas, which are known to affect tsunami 

waveform characteristics.  

To further evaluate the influence of Panjang station on the inversion results, a 

sensitivity analysis was conducted by re-running the inversion using tsunami 
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waveforms from only the remaining three tide gauge stations: Ciwandan, Serang, and 

Kota Agung (Figure 3.9). The outcomes indicate that the exclusion of Panjang data did 

not significantly degrade the inversion performance. As shown in Figure 3.9b, the 

estimated initial sea surface displacement retained a similar structure to the target 

model (Figure 3.9a), characterized by large-scale subsidence and uplift patterns 

consistent with a volcanic flank collapse scenario. The corresponding waveform fitting 

at the three stations also demonstrated high agreement with the target data (Figure 

3.9c), reinforcing the robustness of the inversion.  

Following this result, the inversion was recomputed using only these three 

stations. The new solution yielded a total RMSE of 0.58, which is slightly better than 

the RMSE of 0.63 obtained using all four stations. Interestingly, the optimal 

hyperparameter values (α = 0.0032 and β = 0.0017) remained unchanged, further 

confirming the stability of the inversion scheme. The resulting sea surface 

displacement model and waveform fitting results (Figures 3.10a – 3.10c) closely 

resembled the one derived using four stations, indicating that the inclusion of Panjang 

station had minimal impact on the overall source estimation.  

Waveform fitting at the remaining three stations also provided satisfactory 

results. At the Ciwandan station, the arrival time of the simulated tsunami lagged by 

approximately one minute compared to observations. However, this delay falls within 

the acceptable range, given the 1-minute sampling interval of the tide gauge records. 

The amplitude of the synthetic waveform was in good agreement with the observed 

data. At Serang station, excellent agreement was observed in both arrival time and 

amplitude. At Kota Agung station, while the amplitude was slightly underestimated, 

the arrival time and waveform shape were consistent with the observed tsunami.  
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To further verify the limited impact of the Panjang station, this study compared 

synthetic waveforms at Panjang generated from both inversion scenarios—using either 

four or three stations (Figure 3.11). The comparison revealed that both waveforms 

were nearly identical in amplitude and arrival time, with a consistent delay of 

approximately six minutes relative to the observed data. This persistent discrepancy, 

regardless of the number of stations used in the inversion, suggests that the waveform 

misfit at Panjang is not a result of model instability but more likely due to inaccuracies 

in the local bathymetric representation or other unmodeled site effects. Based on these 

findings, this study concludes that tsunami waveforms recorded at Ciwandan, Serang, 

and Kota Agung stations are sufficient to reliably estimate the initial sea surface 

displacement of the 2018 Anak Krakatau tsunami, and that the Panjang station may be 

excluded from the inversion without compromising model accuracy.  
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Figure 3.7.  Sensitivity test using the initially estimated sea surface displacement 

model from this study; a. Target model; b. Inversion result; c. Waveform fitting: the 

gray area indicates the inversion time window. The gray lines in panels (a) and (b) 

represent depth contours with 20-meter intervals. 
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Figure 3.8. The checkerboard test; a. Target model; b. Inversion result; c. Waveform 

fitting: the gray area indicates the inversion time window. The gray lines in panels (a) 

and (b) represent depth contours with 20-meter intervals. 
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Figure 3.9. An additional sensitivity analysis using three tide gauge stations: a. 

Target model; b. Inversion result; c. Waveform fitting: the gray area indicates the 

inversion time window. The gray lines in panels (a) and (b) represent depth contours 

with 20-meter intervals. 
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Figure 3.10a. Grid search analysis using three tide gauge stations with a tsunami 

origin time of 13:56:00 UTC and a Gaussian scale of 250 m. 
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Figure 3.10b. Initial sea surface displacement using three tide gauge stations with a 

tsunami origin time of 13:56:00 UTC and a Gaussian scale of 250 m. The gray lines 

represent depth contours with 20-meter intervals. 
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Figure 3.10c. Waveform fitting using three tide gauge stations with a tsunami origin 

time of 13:56:00 UTC and a Gaussian scale of 250 m. The gray area indicates the 

inversion time window. 

 

 

Figure 3.11. Comparison between tsunami and synthetic waveforms at Panjang 

station using data from 3 and 4 stations. The dashed line indicates tsunami arrival 

time. 
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3.5 Comparison of Static and Dynamic Source Scenario Tsunamis 

While the previous sections have demonstrated the effectiveness and 

limitations of the inversion approach based on linear assumptions and observational 

constraints, it remains essential to evaluate how such static source models compare 

with more physically realistic dynamic scenarios. To this end, a comparative analysis 

was conducted using a dynamic source model that incorporates the physics of flank 

collapse and non-linear wave propagation. Specifically, the results of the inversion-

based static source model were compared with those from a dynamic simulation 

developed by Ratnasari et al. (2023), which incorporates flank collapse dynamics 

using a non-linear dispersive model (hereafter referred to as Ratnasari et al.'s (2023) 

scenario). Figure 3.12 compares snapshots of tsunami propagation, profiles along 

control lines AA’ and BB’, and waveforms at the tide gauge stations simulated under 

the present scenario using the four stations and under Ratnasari et al.’s (2023) scenario. 

It should be noted that the tsunamis under these two scenarios simulate distinct 

numerical conditions; hence, the results do not necessarily have to match. Nonetheless, 

these comparisons are useful for demonstrating the consistency of the results obtained 

in this study with those derived from numerical modeling that accounted for the flank 

collapse mechanism during their simulations.  

The time of zero in the present scenario and that in Ratnasari et al. (2023) have 

different meanings: the former is for the origin time of the tsunami generation and the 

latter is for the initiation time of the collapse. To account for this discrepancy, a time 

shift (∆𝑡)  was introduced to align the two scenarios, and its value was empirically 

determined as 0.37 minutes through trial and error. As shown in Figures 3.12, the 
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results at a time (t) (2, 3, 4, and 5 minutes) were presented for the present scenario, 

while those at t + Δt were shown for Ratnasari et al.’s (2023) scenario.  

According to Figures 3.12a – 3.12d, the snapshots and spatial profiles of the 

simulated tsunamis between the present scenario and Ratnasari et al.’s (2023) scenario 

were reasonably similar. High-frequency fluctuations appeared in Ratnasari et al.’s 

(2023) scenario, which considered the collapse dynamics with non-linear and wave 

dispersion effects. Additionally, reflective waves from the surrounding islands could 

contribute to generating fluctuations. However, some high-frequency fluctuations with 

larger amplitudes also appeared in the present scenario. In this study, linear long-wave 

equations were applied to simulate the propagation of the estimated source model, 

which did not contain high-frequency components. Therefore, these fluctuations were 

likely caused by waves reflected from the islands. Once such fluctuations appear, they 

tend to persist longer in simulations using linear long wave equations than non-linear 

long wave or dispersive equations because wave dispersion, dissipation, and diffusion 

effects are omitted in the simulation. This likely explains why high-frequency 

fluctuations with large amplitudes were observed in the present scenario. However, the 

wave patterns generated in the present scenario and those of Ratnasari et al. (2023) 

appear moderately similar for low-frequency components.   

An in-depth analysis was conducted to investigate the characteristics of the 

initial sea surface displacement. Tsunami waveforms simulated using the non-linear 

dispersive model under the dynamic collapse scenario of Ratnasari et al. (2023) were 

treated as observed data for the inversion. A noise level of 0% was assigned to these 

waveforms. Based on this approach, an initial sea surface displacement model 

corresponding to Ratnasari et al.’s (2023) dynamic scenario was constructed (Figure 
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3.13). Following the previous investigation, several tsunami origin times were tested: 

13:54:00, 13:55:00, 13:56:00, and 13:57:00 UTC. The waveform fitting results at the 

tide gauge stations in Ciwandan, Serang, Kota Agung, and Panjang indicated that the 

tsunami origin time at 13:56:00 UTC yielded the most optimal results (Figure 3.13b). 

Furthermore, Figure 3.13a qualitatively shows that a significant positive displacement 

is concentrated around Mount Anak Krakatau, consistent with the location of the static 

source model developed in this study for flank collapse. The volume of the water 

surface displacements for the scenario with an occurrence time of 13:56 UTC was 0.12 

km3, which agreed with the collapse volume of 0.24 km3 for the Anak Krakatau in 

Ratnasari et al. (2023) at the order of magnitude but deviate from its value.  

The comprehensive investigations presented in previous sections demonstrate 

that a reasonable static sea surface displacement model can be developed if it is 

relatively large. However, the calculated volume of 0.12 km3 is significantly smaller 

than 0.24 km3 by a factor of two. These results suggest that non-linear dispersive wave 

characteristics influence the primary tsunami waveforms simulated under the 

Ratnasari et al. (2023) scenario. In particular, the non-linear effects of the tsunami near 

the source area were non-negligible. This may explain why the waveforms were not 

reasonably reproduced after the inversion time. This study demonstrated that a static 

source model developed for the Anak Krakatau event (non-seismic tsunami event) 

within the framework of linear inversion did not have unreasonable characteristics; 

however, future studies should investigate and quantify the impacts of non-linear and 

dispersion effects. 
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Figure 3.12. a. Snapshot from the present scenario; b. Snapshot of Ratnasari et al.’s 

(2023) scenario; c. Tsunami height along the AA’ line; d. Tsunami height along the 

BB’ line; e. Synthetic waveforms at four tide gauge stations from both models.  The 

gray lines in panels (a) and (b) represent depth contours with 20-meter intervals. 
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Figure 3.13. a. The initial sea surface displacement models; b. Waveform fitting 

results for varying origin times. The gray lines in panel (a) represent depth contours 

with 20-meter intervals. 
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3.6 Summary of Source Modeling for the 2018 Anak Krakatau Tsunami 

This chapter presented the development and evaluation of a static tsunami 

source model for the 2018 Anak Krakatau non-seismic tsunami using a waveform 

inversion method based on tide gauge observations in the Sunda Strait. By employing 

a two-dimensional Gaussian representation for unit sources, the optimal model was 

obtained with a tsunami origin time of 13:56:00 UTC and a Gaussian width (𝜎) of 250 

meters. The inversion results successfully reproduced the key characteristics of the 

observed tsunami waveforms, both near the source area and at tide gauge stations. The 

displaced water volume was calculated to be approximately 0.19 km³, which is 

consistent in order of magnitude with the collapse volume estimates reported in 

previous studies. Although this estimated volume was slightly lower, the 

underestimation is likely attributable to the omission of non-linear and dispersive 

effects in the linear modeling framework. 

Sensitivity analyses confirmed the robustness of the inversion method under 

significant synthetic noise and with a limited number of observation stations. A 

persistent waveform mismatch at the Panjang station was attributed to potential 

inaccuracies in nearshore bathymetric data. However, excluding this station from the 

inversion improved the RMSE value and preserved the overall spatial structure of the 

estimated sea surface displacement. A comparison with a dynamic source model that 

incorporates flank collapse dynamics and non-linear dispersive wave propagation 

further supported the validity of the inversion-based static model, particularly in 

capturing the dominant low-frequency tsunami features. 

These findings demonstrate that static source modeling based on waveform 

inversion is an effective approach for rapidly estimating tsunami source characteristics 
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during non-seismic events. To enhance the accuracy and reliability of such models, 

future research should focus on investigating the relationship between physical 

parameters of volcanic flank collapse, such as sediment inflow volume and flow 

velocity, and the resulting sea surface deformation, while also incorporating nonlinear 

and dispersive effects to better capture the complex dynamics of tsunami generation. 

Moreover, the integration of high-resolution bathymetric data and tsunami waveforms 

with finer temporal resolution is essential to improve inversion accuracy and support 

a more comprehensive understanding of tsunami generation mechanisms. 
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Chapter 4 

Tsunami Source Modeling in a Combined Earthquake-Submarine 

Landslide Event 

 

4.1 Overview of  the 2024 Noto Tsunami 

On January 1, 2024, a significant earthquake struck the Noto Peninsula region 

in Japan. According to the Japan Meteorological Agency (JMA), the earthquake was 

centered at 37°29.7’N latitude and 137°16.2’E longitude, with a hypocentral depth of 

approximately 16 km and a magnitude of MJMA 7.6. The origin time was recorded at 

7:10:22.5 UTC. The focal mechanism indicated a reverse faulting type, with two 

possible fault planes: the first with a strike of 47°, dip of 37°, and rake of 100°; and 

the second with a strike of 215°, dip of 54°, and rake of 82°. These orientations suggest 

dominant northeast–southwest (NE–SW) tectonic deformation, consistent with the 

regional tectonic trend. 

The Noto Peninsula is known for its high seismic activity, which results from 

the complex interaction between the Eurasian, Amurian, and Okhotsk plates 

(Nishimura, Hiramatsu, & Ohta, 2023). The 2024 Noto Earthquake was not an isolated 

event but rather the culmination of an earthquake swarm that had persisted since late 

2020. During this period, more than 20,000 earthquakes were recorded in the region, 

indicating an unusual pattern of stress accumulation and release, likely involving 

mechanisms such as pre-slip, aseismic slip, and elevated pore-fluid pressure within the 

crust. This prolonged swarm activity is also suspected to have contributed to the 

occurrence of the 2023 Suzu Earthquake (Mw 6.5). The 2024 mainshock (Mw 7.6) is 

believed to have ruptured a reverse fault situated above a parallel fault responsible for 
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the May 2023 Suzu Earthquake (Mw 6.5) (Yoshida et al., 2023; Peng et al., 2025). 

This sequence of events highlights the structural complexity of the active fault systems 

in the Noto Peninsula. 

Historically, this region has experienced several significant earthquakes. 

Notably, the 1993 Noto-Hanto Oki Earthquake (Mw 6.6) and the 2007 Noto-Hanto 

Earthquake (Mw 6.7), both recorded in the United States Geological Survey (USGS) 

catalogue. These events generated minor tsunamis: in 1993, tsunami waves with a 

maximum amplitude of approximately 0.5 meters were observed at Wajima and 

Naoetsu tide gauge stations (Abe & Okada, 1995); in 2007, maximum wave heights 

of 23 cm and 16 cm were recorded at Noto and Kanazawa Port, respectively 

(Namegaya & Satake, 2008). In contrast, the 2024 Noto Earthquake generated a more 

substantial tsunami. Reports by Heidarzadeh et al. (2024) and Yuhi et al. (2024) 

documented inundation and run-up heights of approximately 3 meters in Toyama 

Prefecture. These values increased northward toward Niigata Prefecture, where run-

up heights of about 6 meters were measured along the Joetsu coast. The epicenter of 

the 2024 Noto Earthquake, along with the epicenters of several historically significant 

events, is shown in Figure 4.1. This phenomenon underscores that, although the Noto 

Peninsula is not located directly on a major plate boundary such as the Pacific 

subduction zone, it remains tectonically active due to complex plate interactions. 

Geologically, this region lies within the back-arc zone of northeastern Japan (Okamura 

et al., 1995), dominated by the convergence of the Eurasian and Amurian plates and 

influenced by the dynamics of the Okhotsk Plate to the northeast (Nishimura, 

Hiramatsu, & Ohta, 2023). 
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Several studies have been conducted to further investigate the characteristics 

of the tsunami generated by the 2024 Noto Peninsula Earthquake. Fujii and Satake 

(2024b) conducted a joint inversion analysis using tsunami waveform data from six 

offshore wave gauges and twelve coastal tide gauges, combined with GNSS coseismic 

deformation data from 53 stations distributed around the Noto Peninsula. Their 

objective was to estimate the slip distribution and seismic moment of the 2024 Noto 

Earthquake by testing two fault models: the Japan Sea Earthquake and Tsunami 

Research Project (JSPJ) model and the Ministry of Land, Infrastructure, Transport and 

Tourism (MLIT) model. In the JSPJ model, the main slip was concentrated on three 

subfaults, namely NT4, NT5, and NT6, located along the northern coast of the 

peninsula. The maximum slip reached approximately 3.5 meters, indicating a 

southeastward-propagating reverse fault rupture. In contrast, the adjacent subfaults 

NT2 and NT3, which dip in the opposite direction, did not exhibit significant slip 

during the mainshock, although a large aftershock (MJMA 6.1) occurred in that area. 

This suggests that NT2 and NT3 may still retain seismic potential and could produce 

a future tsunamigenic earthquake, possibly up to Mw 7.1. A similar contrast was 

observed in the MLIT model, where fault segment F43 was identified as the primary 

rupture zone, while F42 remained unbroken. Among the two models, the inversion 

results from the JSPJ configuration provided better agreement with observed tsunami 

waveforms in terms of both amplitude and arrival time. Therefore, the JSPJ model was 

adopted in this study as the basis for earthquake source modeling. The model includes 

seven subfaults: NT2 through NT6, NT8, and NT9, extending along the offshore 

segment of the northern Noto Peninsula. Each subfault is defined by specific source 
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parameters, such as centroid location, fault length and width, depth, strike, dip, rake, 

and inverted slip value.  

Masuda et al. (2024) emphasized the importance of constructing a more 

realistic tsunami source model for the 2024 event, considering the complexity of 

submarine active fault systems. Far offshore segments are difficult to identify 

accurately using land-based observational inversion. In their study, four different fault 

models were evaluated to simulate tsunami propagation and inundation. Among them, 

the most consistent scenario involved the simultaneous rupture of two active fault 

systems, which explained the majority of observed tsunami heights and inundation 

patterns. However, some discrepancies remained, indicating that the tsunami 

mechanism was more complex than simple tectonic rupture. One notable finding was 

that tsunami propagation did not follow a concentric pattern but was strongly 

influenced by bathymetric heterogeneity, as evident in the impact pattern in Iida Bay. 

The study also suggested the possible contribution of a submarine landslide in southern 

Toyama Bay to the amplification of tsunami waves. These findings reinforce the 

necessity for an integrated approach combining numerical tsunami modeling with 

paleo-tsunami studies to better understand complex tsunami sources, particularly in 

the eastern margin of the Japan Sea. 

Yamanaka et al. (2024) focused specifically on local tsunami amplification in 

Iida Bay, a small bay on the Noto Peninsula that experienced severe coastal damage. 

Unlike other studies relying on instrumental data, this research used video recordings 

to extract tsunami waveforms within the bay. The study found that tsunami 

amplification in Iida Bay was not caused by the initial wave but rather by subsequent 

waves propagating along the coast (alongshore waves). Some of these waves, 
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including edge waves arriving from opposite directions, intersected at a specific point 

within the bay, producing constructive interference and leading to maximum 

inundation approximately 20 minutes after the first wave's arrival. This study 

underscores the importance of considering coastal wave interactions and directionality 

in tsunami modeling, especially for small embayments like Iida Bay (~20 km), which 

are often overlooked in large-scale models. More broadly, the findings suggest that 

tsunamis in the Japan Sea, characterized by shorter wavelengths compared to those 

generated by major subduction zones, may cause more pronounced local amplification 

effects. 

Tajima et al. (2024) conducted a field survey and visual analysis using CCTV 

footage to assess tsunami characteristics, especially in regions distant from the 

epicenter, including river mouths and coastal areas around Toyama Bay. The study 

showed the potential presence of additional tsunami sources (multi-source tsunamis) 

within Toyama Bay. A particularly important finding was the occurrence of an early 

negative water level peak just a few minutes after the earthquake, with earlier arrival 

times in the southern part of Toyama Bay. This pattern, which cannot be explained by 

a single-source tectonic tsunami, supports the hypothesis of multiple tsunami sources 

within the bay. Tsunami back-propagation analysis of arrival times further 

substantiated the interpretation that the 2024 tsunami involved complex, multi-source 

generation mechanisms. 

Yanagisawa, Abe, and Baba (2024) provided compelling evidence that non-

seismic tsunamis generated by submarine landslides played a significant role in 

amplifying the tsunami induced by the 2024 Noto Earthquake. By integrating 

observational data from tide gauges, wave gauges, video recordings, and tsunami trace 
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heights along the Toyama Bay coast, they validated an integrated landslide–tsunami 

model. Their results indicated that five submarine landslides along underwater 

canyons in Toyama Bay successfully reproduced observed tsunami waveforms and 

run-up heights. These landslides were estimated to have occurred approximately 50 

seconds after the mainshock, coinciding with the peak ground shaking in Toyama Bay, 

supporting the hypothesis that intense seismic shaking triggered submarine slope 

failures. Most notably, the landslide-generated tsunami waves amplified the tsunami 

height by approximately 30% compared to the earthquake-only source. The study 

highlights the need to account for compound tsunami sources in hazard assessment, 

particularly in regions with complex bathymetric features and high submarine 

landslide potential. 

Mulia et al. (2024) also presented strong evidence that submarine landslides 

contributed significantly to the tsunami recorded in Toyama Bay following the 2024 

Noto Earthquake. While earthquake-only tsunami simulations estimated arrival times 

at around 20 minutes post-event, observed tsunami waves arrived within 2–3 minutes, 

indicating the involvement of additional non-seismic sources. Through spectral and 

wavelet analyses, the study identified dominant tsunami periods of 5, 14, and 32 

minutes. The shorter periods (5 and 14 minutes) were attributed to submarine landslide 

sources. A potential landslide site was estimated to lie about 4 km offshore from 

Toyama City, with a length of approximately 3 km. The combined earthquake–

landslide model more accurately reproduced the observed waveforms compared to the 

earthquake-only model. This study highlights the critical need to consider multi-source 

tsunami generation, especially in geologically complex regions like Toyama Bay. 

Furthermore, it stresses that tsunamis generated by submarine landslides can arrive 
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with very short lead times, posing a serious challenge for conventional tsunami early 

warning systems. As such, the study makes a valuable contribution to raising 

awareness of local tsunami hazards in the southern margin of the Japan Sea that may 

not be fully explained by tectonic sources alone. 

Based on prior studies, it is evident that the 2024 Noto Earthquake generated a 

substantial tsunami that caused severe damage along the coastal areas of the Noto 

Peninsula and surrounding regions. However, multiple field surveys and waveform 

analyses have shown that the tsunami’s characteristics cannot be fully explained by 

seismic sources alone. Observed discrepancies in arrival times, waveform shapes, and 

inundation patterns, particularly in Toyama Bay, suggest the contribution of additional 

non-seismic mechanisms such as submarine landslides. This interpretation is further 

supported by several independent studies that reported anomalous wave periods and 

unusually early arrivals, which are inconsistent with tsunamis generated solely by 

tectonic faulting (Mulia et al., 2024). 

Given this background, the present study introduces a hypothetical tsunami 

scenario that treats the 2024 Noto event as a representative case of a compound-source 

mechanism involving both an earthquake and a submarine landslide. It is important to 

note that this study does not attempt to directly reconstruct the 2024 tsunami from 

observational data. Instead, it develops a numerically controlled synthetic scenario that 

reflects the main features documented in the literatures. This approach is motivated 

not only by the inherent difficulty in isolating tsunami contributions from different 

source processes in the actual event but also by the ongoing uncertainty surrounding 

the definition of a definitive earthquake source model for the 2024 event (Yamanaka 

et al., 2024). Additional complicating factors include the near-simultaneous generation 
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of waves from fault rupture and submarine landslide activity, overlapping wave 

periods from different sources, and the possible occurrence of multiple submarine 

landslides in rapid succession. These complexities make it challenging to distinguish 

individual source effects using observational data alone. 

To address these challenges, the study adopts a synthetic modeling framework 

that systematically examines three distinct source scenarios: an earthquake-only 

scenario, a landslide-only scenario, and a compound-source scenario that combines 

both. For each case, tsunami waveforms are numerically simulated and compared with 

a reference model that approximates the key characteristics of the 2024 Noto tsunami. 

Inversion techniques are then applied to the synthetic data to estimate the initial sea 

surface displacement and to evaluate the feasibility and accuracy of source 

reconstruction across different generation mechanisms. Ultimately, this framework 

contributes to the development of more reliable tsunami source estimation strategies 

and supports the improvement of real-time forecasting capabilities in regions prone to 

both tectonic activity and submarine landslides, such as the eastern margin of the Japan 

Sea. 
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Figure 4.1. Epicenter of the 2024 Noto Earthquake and Distribution of Earthquakes 

Occurring Within Seven Days After the Mainshock, Along with Epicenters of 

Historically Significant Earthquakes in the Region 
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4.2 Synthetic Tsunami Waveforms and Bathymetry Data for Simulation 

Building on the compound-source framework introduced in the previous 

section, this study employs synthetic tsunami waveforms as input for numerical 

simulation and inversion analysis. The synthetic dataset was constructed to reflect the 

main characteristics of the 2024 Noto tsunami event under controlled modeling 

conditions, allowing for systematic evaluation of different source contributions. These 

waveforms were used to examine how the presence of multiple generation mechanisms, 

such as fault rupture and submarine landslides, may influence the accuracy of initial 

sea surface displacement estimates derived from inversion. 

Synthetic tsunami signals were calculated at eleven tsunami monitoring 

stations located along the western coast of Japan. These included seven wave gauge 

(WG) stations at Niigataoki, Naoetsu, Toyama, Wajima, Kanazawa, Fukui, and Tanaka, 

and four tide gauge (TG) stations at Toyama, Sado, Saigo, and Fukaura. This station 

configuration provided broad spatial coverage for capturing the effects of complex 

source interactions on tsunami propagation. The station distribution is illustrated in 

Figure 4.2. 

To support the simulations, bathymetric data were sourced from two main 

datasets. First, regional-scale bathymetry compiled by Chikasada (2020) was used and 

resampled to a grid resolution of 9 arcseconds. Second, high-resolution data from the 

M7000 Digital Bathymetric Chart were incorporated and resampled to 3 arcseconds in 

areas near the assumed tsunami source. This finer resolution is essential for accurately 

capturing steep and irregular seafloor features, which is particularly important for 

modeling tsunamis generated by submarine landslides. A combined visualization of 

the tsunami stations and bathymetric datasets is presented in Figure 4.2. 
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4.3 Tsunami Source Scenarios for Numerical Modeling  

This section presents scenario-based numerical modeling aimed at 

investigating the plausible source mechanisms responsible for the 2024 Noto tsunami. 

Three distinct source scenarios are examined in this study: an earthquake-only scenario, 

a submarine landslide-only scenario, and a compound scenario that combines both 

earthquake and landslide mechanisms. These scenarios are constructed under 

controlled conditions to evaluate the individual and combined effects of the sources 

on tsunami generation, propagation, and resulting waveform characteristics. 

All tsunami simulations were performed using the JAGURS software (Baba et 

al., 2015; 2017), which solves the nonlinear long-wave (NLLW) equations to 

accurately simulate tsunami propagation, including nonlinear effects that become 

prominent in shallow coastal areas. The governing equations used in this study are as 

follows: 
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where M and N are the depth-integrated flow quantities equal to (H + η) u and (H + η) 

v, respectively, along the φ (longitude) and θ (co-latitude) directions. The variables u 

and v are the water velocity, H is the depth of the ocean at rest, R is the Earth’s radius, 
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t is time, η is the difference in sea level at time t from its value at rest, and g is the 

gravitational acceleration. The second and third terms on the right-hand side are the 

Coriolis and bottom friction forces, respectively, where f is the Coriolis parameter and 

n is Manning’s roughness coefficient. 

Each simulation was conducted for 120 minutes using a time step of 0.25 

seconds to satisfy the Courant–Friedrichs–Lewy (CFL) stability condition. Synthetic 

tsunami waveforms were extracted at multiple wave gauge and tide gauge stations. For 

inversion analysis, the waveforms were uniformly resampled to 10-second intervals 

for wave gauge data and 1-minute intervals for tide gauge data. These simulation 

parameters and processing steps were consistently applied across all source scenarios. 

 

4.3.1 Earthquake scenario 

The earthquake source scenario simulated in this study adopts the JSPJ model 

introduced in Section 4.1, which was selected based on its superior fit to observed 

tsunami waveforms as demonstrated by Fujii and Satake (2024b). This model 

considers only the co-seismic seafloor displacement and does not include any 

contribution from submarine landslides. Initial sea surface displacement was 

calculated using the inverted slip distribution across seven subfaults located along the 

offshore segment of the northern Noto Peninsula. These parameters, previously 

summarized in Table 2, serve as the input for tsunami propagation modeling. Figure 

4.3 shows the location of the fault segments in the JSPJ model, along with the slip 

distribution based on the source parameters listed in Table 2. The resulting tsunami 

waveforms represent the characteristics of an earthquake-only source without any 

contribution from submarine landslides. Upon completion of the simulation, the 
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resulting initial sea surface displacement is shown in Figure 4.4. The synthetic tsunami 

waveforms generated from this scenario are presented in Figure 4.5. This scenario is 

used as a baseline for evaluating the influence of additional tsunami generation 

mechanisms. Comparisons with the landslide-only and compound-source scenarios are 

made to assess how including non-seismic components affects the accuracy of initial 

sea surface displacement estimation and waveform reproduction. 
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Table 2. Fault parameters of the JSPJ models, based on Fujii and Satake (2024b) 

# Lat. 

(deg) 

Lon. 

(deg) 

Length 

(km) 

Width 

(km) 

Depth 

(km) 

Strike 

(deg) 

Dip 

(deg) 

Rake 

(deg) 

Slip 

(m) 

NT2 37.9928 137.9269 36.6 16.3 2.5 201 50 78 0.36 

NT3 37.6895 137.7640 20 16.6 2.3 242 50 117 0.39 

NT4 37.6808 137.3973 19.8 16.5 0.7 61 60 122 3.45 

NT5 37.5278 137.2075 21.6 17.1 0.2 52 60 108 3.19 

NT6 37.3480 136.6900 50 16.7 0.5 66 60 124 3.17 

NT8 37.2569 136.6106 15.1 16.7 0.5 69 60 128 0.99 

NT9 37.1002 136.5354 18.4 16.7 0.5 34 60 94 0.00 
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Figure 4.3. Location of the fault segments in the JSPJ model and the corresponding 

slip distribution based on the source parameters listed in Table 1. The blue star 

indicates the epicenter of the 2024 Noto earthquake. 
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Figure 4.4. Initial sea surface displacement computed from the earthquake scenario 

proposed by Fujii and Satake (2024b) 
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Figure 4.5. Synthetic tsunami waveforms simulated using the earthquake scenario 

proposed by Fujii and Satake (2024b) 
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4.3.2 Submarine Landslide Scenario 

A tsunami source was introduced in the form of a submarine landslide. The 

modeling approach adopted in this study follows a static framework based on the 

empirical formulations originally proposed by Grilli and Watts (2005) and Watts et al. 

(2005), with further development by Murakami, Shikata, and Tonomo (2018). This 

framework was designed to simulate tsunami generation mechanisms caused by 

submarine mass failures (SMF), such as slides and slumps. As illustrated in Figure 4.6, 

the landslide volume is idealized as a two-dimensional body with a Gaussian-shaped 

cross-section, either in a rigid form or undergoing deformation during motion. The 

mass motion is simulated sliding down a gentle slope using a fully non-linear potential 

flow approach, where the trajectory of the SMF’s center of mass is prescribed based 

on a combination of geometric, hydrodynamic, and material parameters. The 

simulation results indicate that strong deformation during motion can significantly 

enhance tsunami amplitude, especially in the far-field. Moreover, slides tend to 

generate larger waves than slumps, and the initial submergence depth of the SMF 

strongly influences the resulting tsunami amplitude. Based on the numerical results, 

Grilli and Watts (2005) and Watts et al. (2005) derived empirical equations to estimate 

tsunami amplitudes near the source region, incorporating nondimensional parameters 

such as the initial acceleration of the center of mass and the shear strength along the 

failure plane. The approach also includes a method to account for three-dimensional 

effects and establishes a practical relationship between characteristic tsunami 

amplitude and maximum run-up. This framework is particularly useful for rapid 

tsunami hazard assessment involving non-seismic sources. The corresponding 

equations are as follows: 
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(4.4) 

 𝜂0,3𝐷 = 𝜂0,2𝐷 (
𝑤

𝑤 + 𝜆0
) (4.5) 

where, 𝜂0,3𝐷 represents the maximum water level depression in three dimensions, and 

w denotes the width of the SMF. The parameter 𝜂𝑚𝑖𝑛 corresponds to the minimum 

value of the function on the right-hand side of Equation (4.4), excluding the amplitude 

component. The shape parameters are expressed as 𝜅 and 𝜅′, which are assumed to be 

8.0 and 1.46, respectively. Additional parameters required for the proposed equation 

include 𝑤, 𝜂0, 𝐷, 𝜆0 (the characteristic tsunami wavelength), and Δ𝑥 (defined as 𝜆0/2). 

These parameters are either derived from the interpreted morphology of the collapsed 

seafloor or calculated using a predictive equation for tsunami amplitude, as presented 

below. 

 𝑡0 = √
𝑅

𝑔
√

𝛾 + 𝐶𝑚

𝛾 − 1
 (4.6) 

 𝜆0 = 𝑡0√𝑔𝑑 (4.7) 
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In this context, the variables are defined as follows: b is the length of the SMF, d 

represents its initial depth, and T is the thickness of the failing mass. The slope angle 

is denoted by 𝜃 , and 𝛾  refers to the specific gravity of the SMF. 𝑋𝑔  indicates the 

coordinate at which the initial water depth is equal to d. 𝐶𝑚, the added mass coefficient, 
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is set to 10.5, S is the total travel distance, and 𝑆0 is the characteristic distance, defined 

as 𝑆 ∕ 2. The curvature radius is given by 𝑅 = 𝑏2 ∕ 8𝑇, and the corresponding rotation 

angle is ΔΦ = 2𝑆0 ∕ 𝑅 . The characteristic time is represented by 𝑡0 , while 𝜂0,2𝐷 

indicates the maximum water level depression at the location 𝑋 = 𝑋𝑔. Here, 𝑋 denotes 

the horizontal coordinate along the slope axis (aligned with the direction of slide 

motion), while 𝑋𝑔  represents the horizontal position of the center of mass of the 

submarine landslide. Furthermore, the definitions and notations for these parameters, 

as applied in the SMF model used in this study, are illustrated in Figure 4.6. 

In modeling the landslide source, a series of numerical experiments were 

conducted by varying key parameters of the landslide mass, including its length (b), 

initial depth (d), thickness (T), and slope angle (θ). The objective of these experiments 

was to explore how different parameter combinations influence the resulting tsunami 

waveforms. Although this study did not perform direct waveform fitting against 

observed data, it was found that certain scenarios could roughly reproduce tsunami 

characteristics reported at several tide gauge stations affected by the 2024 Noto event, 

as described by Tajima et al. (2024). Among the tested cases, one scenario was selected 

for further analysis based on its parameter configuration and resulting wave 

characteristics. The parameters of this scenario are presented in Table 3, which 

includes the geometric characteristics of the modeled landslide mass. The initial sea 

surface displacement generated from this landslide scenario is shown in Figure 4.7. 

The synthetic tsunami waveforms resulting from this source is presented in Figure 4.8. 
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Figure 4.6. Schematic and parameter definitions of the SMF model applied in this 

study (Murakami, Shikata, & Tonomo, 2018). 

 

 

Figure 4.7. Initial sea surface displacement resulting solely from the submarine 

landslide scenario 
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Figure 4.8. Synthetic tsunami waveform generated using only the submarine 

landslide scenario 

 

Table 3. Model Parameters for the Selected Submarine Landslide Scenario 

LS start (Lon/Lat) LS end (Lon/Lat) 

Length 

(m) 

Width 

(m) 

Thickness 

(m) 

Slope 

angle 

(°) 

137.2512°/36.8757° 137.2371°/36.8726° 3000 1500 70 8 
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4.3.3 Combine Earthquake and Submarine Landslide Scenario 

Following the individual simulations of the earthquake-only and submarine 

landslide-only scenarios, a third synthetic experiment was conducted to explore the 

effects of a combined tsunami source. This combined scenario integrates the slip 

distribution from the earthquake model proposed by Fujii and Satake (2024b) with the 

submarine landslide parameters identified in the previous subsection, which through 

trial-and-error were found to approximate the scenario described by Tajima et al. 

(2024). The purpose of this scenario is to examine how simultaneous contributions 

from both seismic and non-seismic mechanisms might influence the resulting tsunami 

waveform characteristics under a controlled modeling framework. 

The initial sea surface displacement resulting from the combined source is 

illustrated in Figure 4.9. Compared to the earthquake-only case, the deformation field 

appears more irregular and asymmetric. The contribution from the landslide 

component introduces localized variations near the source region, increasing spatial 

complexity and potentially influencing the directional distribution of tsunami energy. 

It should be noted that the landslide-generated tsunami is modeled as a static initial sea 

surface displacement, which does not represent the dynamic nature of actual submarine 

landslides. The key objective of this synthetic experiment is to explore how 

simultaneous contributions from spatially separated seismic and non-seismic sources 

may affect tsunami propagation and waveform characteristics. 

The synthetic tsunami waveforms generated from this combined scenario are 

presented in Figure 4.10. In general, the waveforms display more complex shapes and 

a broader range of amplitudes and arrival times compared to those produced by the 

individual scenarios. These features reflect the superposition of distinct generation 



76 
 

mechanisms and offer insights into how compound sources may interact in coastal 

settings. 

This synthetic approach enables an exploratory assessment of compound-

source behavior in regions with both tectonic activity and landslide potential. While 

the source parameters are informed by previously published studies, the analysis 

remains conceptual and is intended to support the development of tsunami modeling 

strategies for events with complex origins.  
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Figure 4.9. Initial sea surface displacement resulting from the combination of the 

earthquake scenario proposed by Fujii and Satake (2024b) and the selected 

submarine landslide scenario 
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Figure 4.10. Synthetic tsunami waveforms simulated using the earthquake scenario 

proposed by Fujii and Satake (2024b) combined with the selected submarine 

landslide scenario 
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4.4 Estimation of the Potential Tsunami Source Area 

Identifying the potential tsunami source area is a crucial step in tsunami 

modeling, both for forward modeling and inverse modeling approaches. The potential 

tsunami source area serves as a representation of the initial sea surface deformation 

that subsequently triggers tsunami wave propagation in various directions. Accurate 

estimation of this area greatly influences the success of tsunami simulations in 

reproducing observational data recorded at monitoring stations, as well as in 

understanding the physical characteristics of the tsunami generation process.  

In the context of tsunamis triggered by earthquakes, the most commonly used 

approach for estimating the potential source area is the application of scaling laws. 

These laws describe empirical relationships between earthquake magnitude and the 

extent of seafloor deformation responsible for initiating the tsunami. Generally, there 

is a correlation between moment magnitude (Mw) and fault geometry parameters such 

as length, width, and slip amount along the fault plane. Previous studies, including 

those by Sepúlveda et al. (2017), Kubota et al. (2018), Nakata et al. (2019), and Baba 

et al. (2020), have demonstrated that scaling-law-based approaches are effective in 

estimating the initial dimensions of the tsunami source, particularly during the early 

stages of analysis when observational data are still limited and a rapid estimation is 

required to initiate further numerical simulations.  

In addition to the scaling law approach, the potential source area can also be 

estimated by utilizing the spatial distribution of aftershocks. This method is based on 

the assumption that the pattern of aftershock activity around the main earthquake 

rupture zone can provide clues about the geometry and extent of the fault that 

contributed to tsunami generation. In many studies, this approach has been employed 
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to estimate the size and orientation of the submarine deformation source by analyzing 

the spatial pattern of aftershocks that follow the main seismic event. Studies by Satake 

and Tanioka (1999), Satake et al. (2005), Gusman et al. (2010), and Fujii et al. (2011) 

indicate that aftershock distribution can serve as an additional indicator in determining 

whether the deformation source is spread across multiple fault segments or 

concentrated in a limited area. Although this method is observational in nature and 

does not directly represent seafloor deformation, the resulting information is still 

valuable as an initial reference for constructing a more realistic tsunami source model.  

For tsunami events not entirely generated by earthquakes, such as those 

triggered by submarine landslides or other non-seismic mechanisms, the two methods 

mentioned above become less applicable. This is because landslides do not always 

produce significant seismic signals, and aftershock distributions are not reliable 

indicators of deformation geometry in such cases. Therefore, alternative approaches 

that do not rely on the seismic characteristics of the source are required. One such 

alternative method is backward tsunami ray tracing, initially introduced by Satake 

(1988). This method is based on the assumption that tsunami arrival time data recorded 

at various monitoring stations can be used to trace the direction of wave propagation 

backward toward its source location. The procedure involves treating each station as a 

reference point for simulating tsunami wave propagation in reverse, based on the 

observed arrival time data. By calculating how far the wave could have travelled within 

the observed time frame, it becomes possible to identify regions in the ocean that could 

plausibly be the tsunami source. When this analysis is performed across multiple 

stations, the area that consistently matches the arrival time data from all stations is 

considered the most likely source location.  
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The main advantage of this method is that it does not require prior knowledge 

of the tsunami generation mechanism. In other words, it can be applied to both 

seismically and non-seismically generated tsunamis, as it relies solely on wave 

propagation geometry and arrival time observations. The ray paths in this method are 

computed using Huygens’ Principle, which states that every point on a wavefront can 

be treated as a secondary source emitting waves in all directions. The tsunami travel 

time is calculated based on the actual bathymetry of the study area, resulting in more 

accurate outcomes compared to assumptions involving straight-line propagation over 

uniform depth. The application of backward ray tracing has been demonstrated 

successfully in several tsunami cases. For instance, Hayashi et al. (2011) employed the 

method to estimate the source of the 2011 Tohoku tsunami, while Heidarzadeh and 

Satake (2014) applied it to the 2013 Pakistan tsunami, which likely involved 

contributions from both earthquake rupture and submarine landslide. In both cases, the 

back-tracing approach revealed initial deformation patterns that could not be fully 

explained by conventional seismic source models.  

In this study, the tsunami back-propagation modeling method is applied to 

identify the potential tsunami source area, following Tajima et al. (2024). Conceptually, 

this method is similar to the backward ray tracing approach in that it uses tsunami 

arrival time data from several monitoring stations to trace the direction of wave 

propagation back to the source location. However, it differs fundamentally in 

numerical implementation. Rather than computing theoretical wave paths based on 

Huygens’ Principle, the method performs explicit forward simulations of tsunami 

wave propagation from each monitoring station, treating each as a hypothetical source. 

In each simulation, the initial sea surface displacement is modeled using a two-
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dimensional Gaussian distribution (Tajima et al.,2024). The general form of the initial 

surface elevation used in this simulation is expressed as follows: 

 𝜂(𝑥, 𝑦) =
1

2𝜋𝜎2
 𝑒𝑥𝑝 [−

(𝑥 − 𝑥0)2  + (𝑦 − 𝑦0)2

𝜎2
] (4.9) 

where 𝜂 represents the water surface elevation above the mean sea level for the unit 

source, x and y denote the longitudinal and latitudinal coordinates respectively, x0 and 

y0 are the coordinates of each tsunami monitoring station, and 𝜎 is the horizontal scale 

parameter which is set to 250 m. 

 After defining the Gaussian-based source distribution for each monitoring 

station, tsunami propagation simulations are conducted over the entire study domain. 

These simulations are performed using the JAGURS software, developed by Baba et 

al. (2015; 2017), which implements the linear long wave (LLW) equation, as expressed 

by the following formulation: 

 
𝜕𝐻𝑢

𝜕𝑡
= −

𝑔𝐻

𝑅 sin 𝜃

𝜕𝜂

𝜕𝜑
− 𝑓𝐻𝑣 (4.10) 

 
𝜕𝐻𝑣

𝜕𝑡
= −

𝑔𝐻

𝑅

𝜕𝜂

𝜕𝜃
+ 𝑓𝐻𝑢 (4.11) 

 
𝜕𝜂

𝜕𝑡
= −

1

𝑅 sin 𝜃
[
𝜕𝐻𝑢

𝜕𝜑
+

𝜕𝐻𝑣 sin 𝜃

𝜕𝜃
] (4.12) 

here, 𝑢 and 𝑣 represent the horizontal flow velocities in the longitudinal (𝜑) and co-

latitudinal (𝜃) directions respectively, 𝜂 denotes the water surface elevation, 𝐻 is the 

undisturbed ocean depth, 𝑡  is time, 𝑅  stands for the Earth's radius, 𝑔  is the 

gravitational acceleration, and 𝑓 denotes the Coriolis parameter.  

Subsequently, the potential source area was determined by categorizing it 

according to the different source mechanisms underlying each scenario. The estimation 

was divided into three categories, corresponding to the respective source types: the 
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earthquake-only scenario, the submarine landslide-only scenario, and the combined 

earthquake and submarine landslide scenario. Tsunami arrival times at each 

monitoring station were derived from the numerical simulations conducted for each 

scenario. To constrain the potential source area in the earthquake-only case, synthetic 

waveform from six wave gauge stations (Niigataoki, Naoetsu, Toyama, Kanazawa, 

Fukui, and Tanaka) and four tide gauge stations (Toyama, Sado, Saigo, and Fukaura) 

were used. In this case, tsunami arrival time data from the Wajima wave gauge station 

were excluded, as it is located within the area of initial sea surface displacement. 

Consequently, the arrival time at this station is effectively zero, rendering it unsuitable 

for back-propagation analysis. 

For both the submarine landslide only scenario and the combined earthquake 

and submarine landslide scenario, four additional tsunami monitoring stations were 

incorporated into the modeling framework: Ishida, Ikuji, Fushiki, and Nanao. The 

inclusion of these stations may help improve spatial coverage. It should be noted that 

these stations were used solely to provide constraints on the potential source area and 

were not included in the inversion process. In the combined earthquake and landslide 

scenario, the constraints were derived from six wave gauge stations, namely Niigataoki, 

Naoetsu, Toyama, Kanazawa, Fukui, and Tanaka, and four tide gauge stations, which 

are Toyama, Sado, Saigo, and Fukaura, along with the four additional monitoring 

stations mentioned above. In contrast, for the submarine landslide-only scenario, the 

primary constraints were based on three wave gauge stations, namely Naoetsu, Toyama, 

and Tanaka, and one tide gauge station, which is Toyama. The four additional stations, 

specifically Ishida, Ikuji, Fushiki, and Nanao, were also incorporated in this scenario 

to improve the spatial definition of the potential source area. As a result, the 
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configuration of stations used to constrain the potential source area varied depending 

on the scenario. 

The synthetic waveforms and the potential source areas resulting from each 

scenario are presented in the following figures. Figures 4.11 and 4.12 correspond to 

the earthquake-only scenario, showing the simulated waveforms and the potential 

source area, respectively. Figures 4.13 and 4.14 present the results for the submarine 

landslide-only scenario, while Figures 4.15 and 4.16 show the results for the combined 

earthquake and submarine landslide scenario. 
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Figure 4.11. Tsunami arrival time picking on the synthetic waveform generated by 

the earthquake scenario. 
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Figure 4.12. Potential source area for the earthquake-only scenario using the back-

propagation method. The light blue region indicates the estimated source, while the 

contour lines represent tsunami travel times traced backward from each station, with 

line colors matching the color symbols of the corresponding stations 
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Figure 4.13. Tsunami arrival time picking on the synthetic waveform generated by 

the submarine landslide scenario. 
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Figure 4.14. Potential source area for the submarine landslide scenario using the 

back-propagation method. The light blue region indicates the estimated source, while 

the contour lines represent tsunami travel times traced backward from each station, 

with line colors matching the color symbols of the corresponding stations. 
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Figure 4.15. Tsunami arrival time picking on synthetic waveforms generated by the 

combined earthquake and submarine landslide scenarios. 
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Figure 4.16. Potential source area for the combination of the earthquake and 

submarine landslide scenarios using the back-propagation method. The light blue 

region indicates the estimated source, while the contour lines represent tsunami 

travel times traced backward from each station, with line colors matching the color 

symbols of the corresponding stations. 
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4.5 Modeling the Initial Sea Surface Displacement 

After delineating the potential source area for each scenario, unit sources were 

defined to generate the initial sea surface displacement within the corresponding areas. 

These unit sources form the basis for constructing the initial distribution of sea surface 

deformation in the subsequent tsunami simulation process. The spacing between unit 

sources is consistently set at 3 km across the entire potential source area, regardless of 

the scenario employed. This applies to the earthquake scenario, the combined 

earthquake and submarine landslide scenario, and the submarine landslide-only 

scenario. Each unit source adopts a two-dimensional Gaussian distribution, as 

described by Yamanaka et al. (2019) and Yamanaka and Shimozono (2021). The initial 

sea surface distribution generated by each unit source is expressed as follows: 

 𝜂(𝑥, 𝑦) = 𝑚𝑗  𝑒𝑥𝑝 [−
(𝑥 − 𝑥𝑗)

2
 + (𝑦 − 𝑦𝑗)

2

2𝜎2
] (4.13) 

here, 𝜂 represents the water surface elevation above the mean sea level for the unit 

source. The parameter 𝜎 denotes the horizontal variance of the Gaussian distribution 

and is set at 3 km. The variables 𝑥  and 𝑦  indicate the longitudinal and latitudinal 

positions, respectively. The center coordinates of the j-th unit source are denoted by 𝑥𝑗 

and 𝑦𝑗, while 𝑚𝑗 represents the maximum sea surface elevation at the unit source’s 

center. The index 𝑗  refers to the sequence of unit sources, with the number of unit 

sources depending on the scenario being analyzed. A total of 451 unit sources are used 

for the earthquake scenario, as shown in Figure 4.17. For the submarine landslide-only 

scenario, 15 unit sources are utilized, as presented in Figure 4.18. The combined 

earthquake and submarine landslide scenario employs 729 unit sources, as illustrated 

in Figure 4.19. 
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As a subsequent step in the modeling process, tsunami simulations were 

conducted for each Gaussian unit source across all tsunami monitoring stations 

involved in the study. The objective of these simulations is to obtain Green's functions, 

which represent the tsunami wave response to a single unit of sea surface deformation. 

These functions are then used in the linear superposition process. The wave 

propagation model is based on the two-dimensional linear long wave approximation 

and is implemented using the JAGURS software developed by Baba et al. (2015, 2017). 

The fundamental equations used in this model were previously presented in Equation 

(4.10) – (4.12) in the preceding subsection. 

The inversion of observed tsunami waveforms was performed using initial 

waveform data recorded at the tsunami monitoring stations. In this approach, each 

observed waveform is represented as a linear superposition of Green’s functions at the 

corresponding station. This method enables the computation of each unit source’s 

contribution to the recorded tsunami signal. To ensure the stability of the inversion 

solution, two hyperparameters were applied, following the method proposed by 

Hossen et al. (2015). These include a smoothing parameter 𝛼 , which reduces 

unrealistic oscillations in the source distribution, and a damping parameter 𝛽, which 

helps to prevent overfitting to the data. The inversion process is mathematically 

formulated as follows: 

 [

𝑮𝑖𝑗

𝛼𝑺𝑗𝑗

𝛽𝑰𝑗𝑗

] 𝒎𝑗 = [
𝒅𝑖

𝟎
𝟎

] (4.14) 

where 𝑮𝑖𝑗  denotes the Green's function, 𝑺𝑗𝑗  is the smoothing matrix constructed 

following the formulation of Baba et al. (2005), as shown below: 
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 0 = 𝑚𝑝−1,𝑞 + 𝑚𝑝+1,𝑞 + 𝑚𝑝,𝑞−1 + 𝑚𝑝,𝑞+1 − 4𝑚𝑝,𝑞 (4.15) 

where 𝑚𝑝,𝑞 denotes the initial sea-surface displacement at the source grid point located 

at position (𝑝, 𝑞) , with p indexing the longitudinal direction and q the latitudinal 

direction. 𝑰𝑗𝑗 is the identity matrix, and 𝑚𝑗 is the sea surface elevation parameter at the 

center of the Gaussian unit source. The term 𝒅𝑖  represents the observed tsunami 

waveform at the 𝑖-th station. The parameters 𝛼 and 𝛽 are the smoothing and damping 

hyperparameters, respectively. The index 𝑖 refers to the observation points, which are 

the observation stations, with 𝑖 = 1, 2, ..., 𝑁, where 𝑁 is the total number of observed 

waveforms. The index 𝑗 corresponds to the unit sources, with 𝑗 = 1, 2, ..., 𝑀, where 𝑀 

is the total number of unit sources used to discretize the potential source area. To solve 

the system of equations and estimate the model parameters, a regularized least-squares 

approach was employed, as it is commonly used for ill-posed linear inversion problems.  

To determine the optimal values of the hyperparameters 𝛼 and 𝛽, a grid search 

cross-validation was conducted over a plausible range of values. Following the 

approach of Yokoi et al. (2023), a leave-one-station-out cross-validation scheme was 

implemented. In each iteration, one observation station was selected as the evaluation 

dataset, while the remaining ten stations were used for the inversion process. Simulated 

tsunami waveforms from these ten stations were used to perform the inversion for a 

specific pair of 𝛼 and 𝛽 values, thereby yielding a sea surface deformation model. This 

model was then used to generate synthetic waveforms, which were compared against 

the simulated waveforms at the evaluation station. The discrepancy between these 

waveforms was quantified using the root mean square error (RMSE), serving as a 

metric for assessing the influence of the hyperparameters on model accuracy. The 

RMSE is defined as follows: 
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 𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑢𝑖

𝑜𝑏𝑠 − 𝑢𝑖
𝑠𝑦𝑛

)
2

𝑁

𝑖=1

 (4.16) 

where 𝑢𝑖
𝑜𝑏𝑠  and 𝑢𝑖

𝑠𝑦𝑛
 represent the observed and synthetic waveform amplitudes at 

time index 𝑖 , respectively, and 𝑁 is the total number of time steps. This procedure was 

repeated for each station, resulting in eleven RMSE values for each 𝛼 , 𝛽  pair. The 

average of the eleven RMSE values was used as a performance indicator for each 

hyperparameter combination. By applying various pairs of 𝛼  and 𝛽 , an RMSE 

function dependent on these two hyperparameters was obtained. The pair yielding the 

lowest average RMSE was selected as the optimal combination. A final inversion was 

then performed using all eleven observed tsunami waveforms and the corresponding 

optimal hyperparameter values. The procedure for performing grid-search cross-

validation is shown in Figure 4.20. 

Based on the final inversion results, the initial sea surface displacement was 

evaluated for each tsunami scenario. In the earthquake-only case, the estimated 

displacement distribution exhibited a broad uplift and subsidence zone consistent with 

the expected fault geometry. The root mean square error (RMSE) for waveform fitting 

was 0.0361, calculated using the optimal hyperparameter values of α = 0.0108 and β 

= 0.2417. The results for this scenario are illustrated in Figures 4.21a, 4.21b, and 4.21c, 

which respectively show the selected hyperparameter values, the initial sea surface 

displacement distribution, and the waveform fitting. For the submarine landslide-only 

scenario, the inversion resulted in a more localized and asymmetric pattern of 

displacement, consistent with the expected nature of a non-seismic source. The 

waveform fitting remained reasonable, with an RMSE of 0.0306 obtained using α = 

0.0345 and β = 0.2974. The results are displayed in Figures 4.22a, 4.22b, and 4.22c, 
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showing the hyperparameter values, displacement distribution, and waveform fitting, 

respectively. In the combined earthquake and submarine landslide scenario, the 

inversion yielded a slightly more complex distribution of sea surface displacement, 

capturing features that suggest the contribution of multiple source mechanisms. The 

RMSE for waveform fitting in this scenario was 0.0394, obtained using the optimal 

hyperparameters α = 0.0284 and β = 0.3640. Figures 4.23a, 4.23b, and 4.23c present 

the hyperparameter selection, initial sea surface displacement, and waveform fitting 

results for this scenario, respectively.  

Overall, the inversion results successfully reproduced the general features of 

the initial sea surface displacement patterns across all three scenarios. A key insight 

from this study is that the resolution and accuracy of the estimated sources are highly 

dependent on the density and spatial configuration of tsunami observation stations. 

When the station network is sparse or unevenly distributed, the inferred source area 

tends to become overly diffuse, limiting the model’s ability to accurately reconstruct 

the tsunami source. This finding underscores the importance of designing an optimized 

and strategically located observation network to improve the reliability of tsunami 

source inversion. 

In addition to the limitations in the source distribution, discrepancies were also 

observed in the later phases of the synthetic waveforms when compared with the 

reference simulation results. In the earthquake-only scenario, waveform mismatches 

appeared in the later phases at the Sado, Saigo, and Fukaura tide gauge stations. In the 

combined scenario, notable deviations occurred at the Toyama, Fukui, and Tanaka 

wave gauge stations, as well as at the Toyama, Sado, Saigo, and Fukaura tide gauge 

stations. The submarine landslide-only scenario exhibited more pronounced 
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differences in the later waveform components at the Naoetsu, Toyama, Wajima, 

Kanazawa, Fukui, and Tanaka wave gauge stations, and the Toyama tide gauge station. 

These discrepancies may be attributed not only to the broad spatial extent of the 

potential source area but also to limitations in the Green’s function approach. 

Specifically, the Green’s functions were computed based on a linear long wave model, 

which does not account for nonlinear interactions that may influence tsunami behavior, 

particularly in nearshore regions or in compound source scenarios. As a result, these 

simplifications may lead to inaccuracies in waveform modeling, especially when the 

signals involve multiple overlapping phases or complex interactions near the coast. 

While the reference simulation employed a nonlinear long wave model, the influence 

of nonlinear effects may be limited in this case due to the relatively low water surface 

amplitudes observed at many stations. Nevertheless, it is important to note that in the 

combined earthquake and submarine landslide scenario, the waveform agreement 

decreased even at stations where the tsunami signals are primarily generated by the 

earthquake. For example, at the Naoetsu, Wajima, Kanazawa, and Fukui wave gauge 

stations, the waveform fitting was more accurate in the earthquake-only scenario than 

in the combined scenario. This result suggests that the addition of a landslide 

component does not always improve the inversion performance and may in fact reduce 

the model’s ability to reproduce observations at certain locations. 

Finally, the approach developed in this study demonstrates significant potential 

for application in real-time tsunami forecasting, particularly in situations that demand 

rapid assessment. Future research may focus on improving potential source area 

estimation methods, integrating additional data sources, and enhancing computational 

efficiency for operational deployment. Specifically, further efforts are needed to 
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validate the modeling framework using actual observed tsunami waveforms from the 

2024 Noto event. Incorporating real observational data will allow for a more 

comprehensive evaluation of the model’s accuracy and enhance its reliability for 

operational use. Continued development in this direction will contribute substantially 

to disaster risk reduction in tsunami-prone regions. 
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Figure 4.17. Distribution of unit sources (451 units) for the earthquake scenario, 

represented by black dots. 

 

 

 



99 
 

 

Figure 4.18. Distribution of unit sources (15 units) for the submarine landslide 

scenario, represented by black dots. 
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Figure 4.19. Distribution of unit sources (729 units) for the combined earthquake 

and submarine landslide scenario, represented by black dots. 
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Figure 4.21a. Results of grid search analysis for the earthquake scenario, showing 

the optimal hyperparameter values of 𝛼 = 0.0108 and 𝛽 = 0.2417. 
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Figure 4.21b. Modeled initial sea surface displacement for the earthquake scenario 
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Figure 4.21c. Comparison between observed and simulated waveforms for the 

earthquake scenario. The gray area indicates the time window used for the inversion. 
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Figure 4.22a. Results of grid search analysis for the submarine landslide-only 

scenario, showing the optimal hyperparameter values of 𝛼 = 0.0345 and 𝛽 =

0.2974. 
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Figure 4.22b. Modeled initial sea surface displacement for the submarine landslide-

only scenario. 
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Figure 4.22c. Comparison between observed and simulated waveforms for the 

submarine landslide-only scenario. The gray area indicates the time window used for 

the inversion. 
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Figure 4.23a. Results of grid search analysis for the combined earthquake and 

submarine landslide scenario, showing the optimal hyperparameter values of 𝛼 =

0.0284 and 𝛽 = 0.3640. 
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Figure 4.23b. Modeled initial sea surface displacement for the combined earthquake 

and submarine landslide scenario. 
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Figure 4.23c. Comparison between observed and simulated waveforms for the 

combined earthquake and submarine landslide scenario. The gray area indicates the 

time window used for the inversion. 
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4.6 Summary of Synthetic Analysis for the 2024 Noto Tsunami 

This chapter presented a comprehensive synthetic analysis of the 2024 Noto 

tsunami by examining various source scenarios and numerical modeling techniques. 

The study evaluated three distinct tsunami generation mechanisms: the earthquake-

only scenario, the submarine landslide-only scenario, and the combined earthquake 

and landslide scenario. Each scenario was analyzed to assess its contribution to the 

observed tsunami characteristics and to evaluate the accuracy of inversion techniques 

under different source assumptions. 

To identify the potential tsunami source area, the study employed a back-

propagation approach based on tsunami arrival times. This method enabled the 

estimation of plausible source regions for each scenario. Gaussian unit sources were 

defined within these areas, and Green’s functions were calculated through forward 

simulations. The inversion process was conducted using a regularized least-squares 

method, with smoothing and damping hyperparameters determined through grid 

search and cross-validation. 

The earthquake scenario was constructed based on the JSPJ fault model, which 

provided a reasonable approximation of the tsunami waveforms. However, the 

simulation results revealed delayed arrival times at several monitoring stations, 

particularly in Toyama Bay. These discrepancies are consistent with previous studies 

and indicate that the tsunami generated by the 2024 Noto Earthquake cannot be fully 

explained by seismic sources alone. 

The submarine landslide scenario utilized a static source model based on 

empirical equations. This scenario successfully reproduced some of the early arrivals 

and high-frequency components of the tsunami signals observed in Toyama Bay. The 
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resulting waveforms exhibited localized and asymmetric features, consistent with the 

behavior of non-seismic sources. Nevertheless, this scenario was unable to reproduce 

the broader waveform characteristics recorded across the full observation network. 

The combined scenario, which integrated both the earthquake and submarine 

landslide components, produced more complex synthetic waveforms, with broader 

amplitude ranges and irregular arrival patterns. These results reflected the interaction 

between the two generation mechanisms and highlighted the spatial variability in 

tsunami propagation. However, the addition of the landslide component did not 

uniformly improve waveform fitting across all stations. At certain locations, 

particularly those predominantly influenced by seismic sources, the fitting accuracy 

decreased compared to the earthquake-only scenario. This finding underscores the 

inherent challenges in modeling tsunamis generated by compound sources. 

The inversion results from all three scenarios generally reproduced the spatial 

distribution of initial sea surface displacement. The earthquake scenario exhibited a 

broad deformation pattern, while the landslide and combined scenarios produced more 

concentrated and irregular features. Although the waveform fitting was generally 

acceptable, none of the scenarios perfectly matched the reference waveforms, 

particularly in the later phases. These discrepancies are likely attributed to limitations 

in station coverage or the use of a Green’s function approach based on linear wave 

assumptions, which may not fully capture the complexities of wave interactions during 

the later stages of propagation. 

Overall, this synthetic analysis suggests that the 2024 Noto tsunami likely 

involved contributions from both seismic and non-seismic sources. The findings 

highlight the need for integrated modeling approaches in regions with complex 



113 
 

tectonic and bathymetric settings. The modeling framework presented in this chapter 

provides a foundation for improving tsunami source estimation and supports future 

efforts to enhance the reliability of real-time tsunami forecasting in compound-source 

environments. 
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Chapter 5 

Discussion and Conclusions 

 

5.1 Discussion 

This study demonstrates that the static source inversion approach offers a 

practical and computationally efficient solution for tsunami source estimation, 

particularly in cases involving complex sources such as volcanic activity, submarine 

landslides, or combinations of seismic and non-seismic mechanisms. While this 

method has proven effective in reconstructing initial sea surface deformation, its 

implementation in real-time tsunami early warning systems requires further evaluation, 

especially concerning computational speed, model flexibility, and limitations in 

observational data. 

One of the key advantages of this approach lies in its simplicity in terms of 

parameterization and computational demand. Unlike conventional fault-based 

methods that require detailed assumptions about fault geometry and slip distribution, 

the static inversion approach relies solely on tsunami waveform data to estimate sea 

surface deformation. By requiring only a limited set of initial parameters, source 

estimation can be performed rapidly. The method becomes particularly effective when 

observational stations are densely distributed around the source region, as the recorded 

tsunami signals contain strong spatial information that enhances inversion accuracy. 

As a point of comparison, the tFISH (tsunami Forecasting based on Inversion 

for initial sea-Surface Height) method, developed by Tsushima et al. (2009), has been 

widely adopted in operational tsunami early warning systems. This method utilizes a 

pre-computed database of Green’s functions based on finite-difference solutions to the 
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linear long-wave equations. The tsunami source is discretized into overlapping 

rectangular elements, and a nested grid system is used to enhance resolution around 

tide gauge stations. By integrating initial epicentral information from seismic analysis, 

tFISH estimates sea surface deformation through waveform fitting against the stored 

Green’s functions. 

In tFISH, the concept of an influence area is introduced, referring to the region 

of the sea surface that is considered to contribute to the initial tsunami waveform. This 

area is defined by back-propagating wavefronts from the observation stations using 

the estimated origin time of the tsunami. As time progresses, the influence area 

expands, allowing more distant sources to be considered. However, in cases where 

only a single station records the initial wave, source location estimation becomes 

under-constrained and tends to be distributed along the back-propagated wavefront. 

This condition can reduce the accuracy of predicted tsunami arrival times and 

amplitudes. 

To address the limitations associated with under-constrained tsunami source 

inversion during the early stages of wave recording, the tFISH method incorporates 

two additional constraints into its inversion framework: smoothness and spatial 

damping. The smoothness constraint is applied to suppress unrealistic spatial 

fluctuations in the estimated initial sea-surface deformation by ensuring that 

neighboring grid points exhibit smoothly varying displacement values. The 

smoothness operator S is implemented using a discrete Laplacian operator, defined as: 

 0 = 𝑎𝑙+1,𝑚 + 𝑎𝑙−1,𝑚 + 𝑎𝑙,𝑚+1 + 𝑎𝑙,𝑚−1 − 4𝑎𝑙,𝑚 (5.1) 

where 𝑎𝑙,𝑚  denotes the initial sea-surface displacement at the grid point located at 

position (𝑙, 𝑚) along the easting and northing axes. 
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In addition, a spatial damping constraint is introduced to suppress displacement 

estimates in regions far from the assumed epicenter. This constraint uses a distance-

dependent weighting function that decreases linearly with horizontal distance from the 

source. The damping matrix D is a diagonal matrix with components defined by: 

 𝑑𝑖𝑗 = 𝛿𝑖𝑗𝑤(𝑟𝑖) (5.2) 

where 𝛿𝑖𝑗  is the Kronecker delta and 𝑤(𝑟𝑖)  is a weight function that penalizes 

displacement as a function of the distance 𝑟𝑖 between the epicenter and grid point i. 

The weighting function is expressed as: 

 𝑤(𝑟) =
𝑟

𝑟𝑚𝑎𝑥
 (5.3) 

with r being the epicentral distance and 𝑟𝑚𝑎𝑥  the maximum horizontal distance 

between the epicenter and the farthest point within the influence area.  

By incorporating these constraints, the inversion system becomes more stable 

and robust. The regularized inversion equation used in tFISH is formulated as: 

 

[
𝒇𝑜𝑏𝑠(𝑇)

𝟎
𝟎

] = [
𝑮(𝑇)

𝛼𝑺
𝛽𝑫

] 𝒂     (0 ≤ 𝑇 ≤ 𝑇0) 

(5.4) 

In this formulation, 𝑓𝑜𝑏𝑠(𝑇) denotes the vector of observed tsunami waveforms, while 

𝑮(𝑇)  is the Green’s function matrix that relates unit sea surface displacements to 

waveforms at observation stations. The vector 𝒂  represents the initial sea surface 

displacements to be estimated. The parameters 𝛼 and 𝛽 are regularization coefficients 

that control the strength of the smoothness and damping constrains, respectively. The 

variable 𝑇 refers to the elapsed time since the origin time of the earthquake (𝑇 = 0), 

and 𝑇0 denotes the time at which the forecast is generated. The waveform data used 

for forecasting are derived from station records between the tsunami origin time and 
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𝑇0, ensuring that the inversion only incorporates the early portion of the tsunami signal 

relevant for rapid forecasting. 

In this study, the influence area for the 2024 Noto tsunami case was defined 

based on four stations located closest to the tsunami source, namely the Wajima wave 

gauge, Toyama wave gauge, Toyama tide gauge, and Tanaka wave gauge, as illustrated 

in Figures 5.1 and 5.2. Figure 5.1 presents the influence area calculated using an 

elapsed time of 15 minutes, while Figure 5.2 shows the result for 25 minutes. These 

figures demonstrate that the selected elapsed time significantly affects the extent of the 

influence area, with longer elapsed times resulting in broader spatial coverage. When 

using an elapsed time of 15 minutes, the influence area does not fully encompass the 

deformation zone of the reference model. In contrast, with 25 minutes, the entire 

deformation region is covered. In such configurations, which apply the damping 

constraint defined in equations (5.2) and (5.3) to suppress deformation in areas far 

from the epicenter, the estimated initial sea surface displacement becomes 

concentrated around the epicentral region. As a consequence, deformation signals 

originating from submarine landslides located farther away are significantly reduced, 

resulting in a deformation pattern that no longer matches the reference model. This 

analysis suggests that while tFISH is effective for purely seismic sources, its 

performance remains limited in handling compound or non-seismic tsunami sources. 

Therefore, as a representative framework for rapid tsunami source estimation, 

tFISH could be enhanced by integrating the inversion method proposed in this study. 

A notable strength of the present approach is its ability to separately identify tsunami 

sources originating from earthquakes and submarine landslides, both in terms of 

location and deformation pattern. In complex cases such as the 2024 Noto tsunami, 
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where the submarine landslide occurred outside the main tectonic zone, the proposed 

method yielded more accurate deformation estimates than tFISH. 

Nevertheless, a significant challenge identified in this study is the reduction in 

estimation accuracy when the spatial distribution of observation stations is sparse. This 

highlights the need to strengthen offshore tsunami observation infrastructure or 

implement alternative solutions such as virtual stations. The concept of virtual stations 

has been introduced in prior studies, such as Gusman et al. (2014) and Setiyono et al. 

(2017), in which virtual sensors are numerically defined and strategically placed within 

the simulation domain. These stations generate synthetic tsunami data without 

requiring physical instruments and have been used to assist model calibration through 

waveform matching. 

A similar strategy could be applied in this study, albeit with a different focus. 

Instead of waveform fitting, virtual stations could be utilized to expand the spatial 

constraints of tsunami source estimation. By integrating data from virtual stations, 

source localization can be performed with higher spatial resolution and accuracy, 

thereby enhancing the effectiveness of the back-propagation method. To implement 

this strategy effectively, it is necessary to develop a database containing synthetic 

tsunami waveforms and propagation results at specific time intervals for both real and 

virtual stations. This development should be accompanied by improvements in the 

Green’s function formulation, incorporation of nonlinear effects, more accurate 

modeling of shallow water dynamics, and the use of high-resolution bathymetric data. 

These enhancements are expected to improve the model’s ability to reproduce tsunami 

characteristics, particularly during the later phases, and increase the accuracy of initial 
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sea surface deformation estimates, which are critical components for tsunami 

forecasting and hazard assessment. 
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Figure 5.1. Influence area estimated using the method of Tsushima et al. (2009) for 

the 2024 Noto tsunami, based on an elapsed time of 15 minutes. The influence area is 

shown in light blue. The blue star indicates the epicenter. Red triangles represent the 

stations used to define the influence area, while green triangles denote stations 

located farther from the epicenter. 
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Figure 5.2. Influence area estimated using the method of Tsushima et al. (2009) for 

the 2024 Noto tsunami, based on an elapsed time of 25 minutes. The influence area is 

shown in light blue. The blue star indicates the epicenter. Red triangles represent the 

stations used to define the influence area, while green triangles denote stations 

located farther from the epicenter. 
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5.2 Conclusions 

This study developed and applied a static source modeling approach based on 

tsunami waveform inversion to estimate the initial sea surface deformation for two 

tsunami events with non-seismic and compound generation mechanisms: the 2018 

Anak Krakatau volcanic tsunami and the 2024 Noto tsunami. Despite the differing 

source characteristics of these events, the same modeling framework produced 

reasonable results and was able to reproduce the spatial and temporal patterns of the 

observed tsunami waveforms. 

In the case of the 2018 Anak Krakatau tsunami, the static source model 

employing a two-dimensional Gaussian function successfully estimated the tsunami 

origin time, initial deformation pattern, and displaced water volume, with magnitudes 

consistent with previously reported landslide estimates. Although based on a linear 

framework with simplified assumptions, the model captured the dominant features of 

the tsunami waveforms, even under limited data and noisy conditions. These findings 

affirm that the static inversion approach is effective for the rapid estimation of tsunami 

sources generated by volcanic processes. 

In the 2024 Noto case, synthetic analysis suggested that the tsunami was likely 

generated by a combination of seismic faulting and submarine landslides. Three source 

scenarios were analyzed, including earthquake-only, landslide-only, and a combined 

case, using a back-propagation technique and Gaussian-based inversion. The 

combined scenario yielded more realistic and complex waveform features. Although 

the waveform fitting results within the main time window were generally good and 

captured the essential characteristics of the observed signals, none of the scenarios 

achieved accurate fitting during the later phases. These discrepancies highlight the 
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influence of limitations in station coverage and the linear assumptions used in tsunami 

propagation models. The findings also illustrate the challenges in accurately modeling 

compound-source events and the importance of integrated modeling strategies. 

The discussion in this study highlights several advantages of the static 

inversion method, including its computational efficiency, flexibility with respect to 

source types, and minimal reliance on detailed assumptions. Compared to methods 

such as tFISH, the proposed approach overcomes initial parameter and epicentral 

distance constraints. Nevertheless, model accuracy is highly dependent on the density 

and spatial distribution of observation stations. To address this issue, the use of virtual 

stations is proposed as a strategy to improve spatial coverage in tsunami source 

estimation. By constructing a comprehensive database of synthetic tsunami waveforms 

and integrating nonlinear effects and high-resolution bathymetric data, this approach 

can be further enhanced to better reproduce full tsunami waveform characteristics. 

In conclusion, the static inversion framework developed in this study offers a 

practical, efficient, and adaptable solution for rapid tsunami source estimation across 

a range of generation mechanisms, including volcanic, submarine landslide, and 

compound events. The main contribution of this study lies in demonstrating that the 

approach can be effectively applied to both real and synthetic cases and holds 

operational relevance for tsunami early warning systems. With the integration of 

virtual observation strategies and precomputed response databases, this framework 

offers a promising direction for improving the speed, accuracy, and reliability of 

tsunami forecasting in the future. 
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