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Abstract 

 

 This thesis presents several regional seismic velocity models, which estimated 

by using various seismic methods and data. The used datasets in this thesis are mainly 

seismic full-waveforms and ambient noise, which are suitable to estimate velocity 

models in the regions with low seismicity. The seismic waveforms provide better 

constraints on the Earth’s structure than phase travel-time data, due to the amplitude 

and phase information of superimposed seismic phases traveling different paths. Thus, 

it becomes possible to investigate velocity models utilizing a relatively small number 

of data. The cross-correlation of the ambient seismic noise produces empirical Green’s 

functions of seismic waves propagating between stations. Using the dominant signals 

of surface waves in the ambient noise dataset, velocity models can be estimated even 

without considering the number of earthquake data.  

 In order to find an optimum velocity models fitting the utilized datasets, 

several methods are explored in this thesis, such as the linearized inversion, the 

Bayesian inference, and the full grid-search. In the linearized inversions, model 

parameters are estimated by calculating inverse matrix, which associates seismic data 

with the structure. Thus, great efficiency can be achieved in the velocity model 

estimation compared to the other search-based methods. However, schemes of 

regularizations should be involved to ensure the existence of the inverse matrix, and it 

can modify inverted models and estimated uncertainties of models. In contrast, the full 

grid-search method can form probability density functions (PDF) for the entire model-

space. Though this method is not efficient and only applicable to a simple model, an 
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optimum model and its uncertainties are exactly estimated from the PDFs. The 

Bayesian approach is positioned in between the linear inversion and grid-search 

methods. Through the Markov chain Monte Carlo technique, the Bayesian method 

provides a mathematical framework to investigate the PDF in the model-space 

iteratively, and an optimum model can be estimated from the PDF without any 

regularization scheme. Since the procedure based on random and importance sampling, 

it could be less expensive computationally than the full grid-search. To ensure the 

enough searches for model-space, however, care must be taken when establishing this 

method, such as defining the prior and the likelihood probabilities, settings the model 

parameterization, and scheduling iterations. 

 In various combinations of the described seismic methods and datasets, 

seismic velocity models are estimated. First, the full grid-search method is applied for 

the regional full-waveform to estimate a one-dimensional P- and S-wave velocity 

model of the southern Korean peninsula. To obtain four layers over half-space 

velocity model, the three-step procedure is developed in which the search boundaries 

of model parameters are narrowed down. Using broadband waveforms from two 

regional earthquakes, the average model and individual models of tectonic regions in 

the southern part of the Korean peninsula are estimated. The obtained average model 

shows better fitness in average to waveforms of other regional earthquakes for the 

frequency-band of 0.04-0.4 Hz. Second, along-axis variations of the crustal structure 

of the Main Ethiopian rift are investigated by the quasi-three-dimensional shear 

velocity model, which estimated from linear inversion methods for ambient noise data. 

The model is estimated by the combined linearized inversion processes of surface 

wave tomography and depth inversions of the dispersion curves for the wave-period of 

7-30 s. This model provides a greater spatial coverage to the entire crustal structure of 
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the rift compared to previously published models. In consequence, it is possible that to 

confirm heterogeneous features along the axis of the rift, which are not explained well 

in previous studies. In addition, the detailed images for the distribution of magma 

structures are suggested, and their relationship with uppermantle structure can be 

interpreted. Lastly, a novel method is developed using the Bayesian inversion with the 

Markov chain Monte Carlo technique, which is used to estimate one-dimensional 

shear velocity model from surface wave dispersions. The method is designed to 

efficiently obtain the posterior probability density in parallelized computations using 

the Metropolis-coupled Markov chain Monte Carlo (MC3) technique and random-

scale parameterization. The MC3 technique enhances search capabilities in the 

parameter space and the random-scale scheme can minimize possible artifacts due to 

arbitrary parameterizations without additional modeling parameters. This method can 

be applied to produce one-dimensional shear velocity models in the process of the 

quasi-three-dimensional model estimation. Uncertainties of the quasi-three-

dimensional model can be exactly estimated throughout this method. For an 

application of the method, 1D shear velocity models of crustal structure beneath the 

southern Korean Peninsula are estimated. The surface wave dispersion data of group 

and phase velocities are obtained by the ambient noise analysis. The method can be 

applied to estimate a quasi-three-dimensional model of the southern Korean Peninsula 

based on a similar approach with the study for Main Ethiopian rift. 

 

Keywords: regional seismic velocity model, seismic waveform, ambient noise cross-

correlation, surface wave dispersion, linear inversion, Bayesian inversion, Markov 

chain Monte Carlo, full grid-search, southern Korean Peninsula, Main Ethiopian rift. 

Student number: 2009-30091  
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Chapter 1 

Introduction 

 

 The seismic velocity model provides the unique information about the interior 

of the Earth owing to the higher frequency property of seismic waves compared to 

other geophysical data. The velocity model is developed by several techniques 

minimizing differences between the observed and synthetic data. In general, the 

process can be achieved by the forward searches relying on prior knowledge or 

inversion techniques mathematically relating data and the model (Backus and Gilbert, 

1967; Tarantola and Valette, 1982a, 1982b). The travel-times of body waves and 

dispersions of surface waves from earthquake sources have been conventional and 

primary materials to the investigation of velocity models in the global and regional 

scales (e.g., Dziewonski and Anderson, 1981; Kanamori and Hadley, 1975; Kennett 

and Engdahl, 1991; Kennett et al., 1995; Kustowski et al., 2008; Panning and 

Romanowicz, 2006; Priestley and Brune, 1978; Ritsema et al., 1999).  

 Nevertheless, it is not always successful to estimate a reliable seismic velocity 

model using only earthquake data in regional scales. In particular, the application of 

the methods is prohibited in aseismic regions due to the insufficient data coverage to 

the region of interest. Beside the deficiency of available data, the seismic techniques 

always suffer from the non-linearity of seismic structures (Cary and Chapman, 1988; 

Mosegaard and Sambridge, 2002; Snieder, 1999). This problem mainly arises from the 

assumption in parameterization of the continuous real earth with a discrete model 
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(Snieder, 1999). In this thesis, several approaches are explored which intend to 

circumvent or reduce the difficulties in developing the regional velocity model.  

 The use of ambient seismic noise to extract Green’s functions between two 

stations is now well established in the studies for continental regions (Bensen et al., 

2007; Godin, 2009; Lobkis and Weaver, 2001, 2001; Shapiro and Campillo, 2004; 

Weaver and Lobkis, 2002). Combined with the traditional methods of surface wave 

analysis, group and phase velocities of Rayleigh and Love waves are obtained without 

considering earthquake sources (e.g., Arroucau et al., 2010; Bensen et al., 2008; 

Ekström et al., 2009a; Fang et al., 2010; Gudmundsson et al., 2007; Kang and Shin, 

2006; Liang and Langston, 2008; Lin et al., 2008, 2007; Sabra et al., 2005; Saygin 

and Kennett, 2010; Shapiro et al., 2005; Villaseñor et al., 2007; Yang et al., 2010, 

2007). One of the popular methods to construct three-dimensional (3D) shear-wave 

models is a series of depth inversions for regional crustal and upper mantle structures 

(Behr et al., 2011; Bensen et al., 2009; Brenguier et al., 2007; Guo et al., 2009; Li et 

al., 2010, 2009; Moschetti et al., 2010; Yang et al., 2008; Yao et al., 2008). 

 Seismic waveforms are a complex superposition of all the body and surface 

wave phases propagating various paths. Thus, exploitable information is much more 

than that from travel-times of individual phase, including multiples by complex 

scattering and amplitudes of phases. However a major obstacle to use the full 

waveform data in finding adequate velocity model is that the calculation of the 

waveform is computationally expensive. Accordingly, applications have been limited 

to finding simple one-dimensional (1D) model using long-period waveforms (e.g., 

Alvarado et al., 2005; Rodgers and Schwartz, 1998). However, recent improvements 

in the simulation of seismic wavefield (Capdeville et al., 2005, 2003; Fichtner et al., 

2009a; Komatitsch and Tromp, 2002a, 2002b, 2002c), computational abilities 
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(Komatitsch et al., 2002; Tsuboi et al., 2004), and techniques (Capdeville et al., 2005; 

Fichtner and Trampert, 2011; Fichtner et al., 2008, 2006a, 2006b; Maggi et al., 2009; 

Tromp et al., 2004) make it feasible to consider even 3D structure using the broadband 

waveforms (Fichtner et al., 2010, 2009b; Tape et al., 2009; Zhu et al., 2012).  

 To infer the reliability of resulting velocity models quantitatively, 

uncertainties of the models should be estimated (Mosegaard and Sambridge, 2002; 

Sambridge and Mosegaard, 2002; Sambridge et al., 2006; Scales and Snieder, 2000; 

Tarantola, 2005). In addition to the inherent non-linearity, the non-uniqueness 

indicates that different models apart from each other in model space can have similar 

values of fitness to the observed data. This implies that one needs to strongly depend 

on prior information (e.g., geological constraints or starting model) to assess the 

model (Ammon et al., 1990). However, sufficient prior knowledge is rare in many 

seismological problems. A population of acceptable modes can provide statistical 

information for the model assessment (Mosegaard and Sambridge, 2002; Sambridge, 

1999a; Snieder, 1999). However, any regularizations may involve in the processes 

consistently modify resulting models (Sambridge et al., 2006) and the term 

“acceptable” is arbitrary to ensure that the ensemble represents all the parameter space. 

The most straightforward and explicit approach can be the full grid-search to obtain 

the probability density function (PDF) throughout the entire model parameter-space. 

Because the number of considered models increases exponentially as the number of 

parameters increases, the approach may not be applicable in most of studies to 

estimate velocity model. Alternatively, it is mathematically derived that the PDF can 

be iteratively calculated by Bayesian inference using the Markov chain Monte Carlo 

(Bodin and Sambridge, 2009; Bodin et al., 2012; Gallagher et al., 2009; Mosegaard 

and Sambridge, 2002; Mosegaard and Tarantola, 1995; Shen et al., 2012). The 
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application of the Bayesian approach is still not easy to solve problems with multi-

dimensional parameter space, because it requires massive forward calculation. But 

now it becomes available by the expansion of super-computing, and applicable to 

several inversion studies to find velocity models. 

 In chapter 2, a full-grid search procedure is presented to determine a 1D 

crustal velocity model of the southern Korean Peninsula using broadband full-

waveforms (Kim et al., 2011). Using an empirical relationship between the P- and S-

wave velocities, the search area in the parameter space is narrowed down throughout 

the presented three-step (Preliminary, P-wave, and S-wave modeling steps) approach. 

The use of broadband waveforms gives more constraints on the velocity model when 

even a small number of earthquake data are employed. The proposed method was 

applied to estimating the three-layers over half-space model of the P- and S-wave 

velocities and its uncertainty in the southern Korean Peninsula. In comparison with 

previously published 1D models, the estimated velocity model demonstrates the better 

waveform fitness in average for inland earthquakes. In addition, 1D velocity models 

were determined for three distinct tectonic regions (Gyonggi Massif, Okcheon Belt, 

and Gyeongsang Basin).  

 In chapter 3, an ambient noise tomography has been applied to obtain a quasi-

3D model of crustal S-wave velocities in the Main Ethiopian Rift (MER) (Kim et al., 

2012). From measurements of Rayleigh wave group velocity dispersion, 2D group 

velocity maps are first extracted by tomographic inversions. Then, depth inversions to 

convert to shear-velocity are performed based on linearized methods. The obtained 

model has more extended spatially including the northern (NMER), central (CMER), 

and southern (SMER) parts of the MER compared to previous tomographic studies 

(e.g., Keranen et al., 2004). Thus, it allows us a more comprehensive interpretation 
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about the along-strike changes in crustal compositions, melt content, and thermal 

structure resulting from the Cenozoic to Recent magmatism.  

 In chapter 4, I present a new procedure of the Bayesian inversion developed to 

invert the 1D profile of shear wave velocity and its uncertainty from surface wave 

dispersion (SWD). In the presented method, the posterior probability density (PPD) is 

more efficiently obtained in parallelized computations by introducing the Metropolis-

coupled Markov chain Monte Carlo (MC3, or also known as Parallel Tempering) 

technique and random-scale parameterization. The performance of the presented 

method is tested by synthetic experiments. Also, it is applied to SWD data obtained in 

the southern Korean Peninsula. The results of these tests demonstrate that the 

inversions are effectively converged and the estimated models agree with previously 

published evidences.   
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2.1. Introduction 

 The development of the One-dimensional (1D) crustal velocity model is the 

foundation of a range of research areas in seismology. A well-developed 1D crustal 

model has been widely used to determine the source parameters of earthquakes, such 

as origin times, hypocenters, focal mechanisms, and sizes. The computational 

efficiency to calculate Green’s functions is a primary advantage of the 1D model, 

which can be used in studies of the rupture processes of earthquakes (e.g. Hartzell and 

Heaton, 1983; Dreger and Helmberger, 1993). Furthermore, the 1D model can yield 

an initial model that may be used for developing more complex 2D and 3D velocity 

models (Kissling et al., 1994). The traditional way to develop a 1D velocity model 

utilizes the travel times of seismic phases (Crosson, 1976a; Crosson, 1976b; 

VanDecar and Crosson, 1990). However, selection of arrival times can be biased due 

to errors in the origin times and hypocentres that arise primarily due to a low signal-

to-noise ratio (SNR). In addition, this method suffers inherently from the issue of non-

uniqueness due to the non-linearity of velocity structures (Grever and Markushevich, 

1966; Snieder and Sambridge, 1993).  

 Seismic waveforms are alternative materials to estimate velocity structure that 

mitigate non-uniqueness because these waveforms contain more information than 

arrival times. Linearized techniques have been widely adopted in various studies of 

waveform inversion (Mellman, 1980; Woodhouse and Dziewonski 1984; Holt and 

Wallace, 1990; Fujita and Nishimura, 1993; Mégnin and Romanowicz, 2000; Zhu et 

al., 2006; Takeuchi, 2008; Tape et al., 2009; Fichtner et al., 2010). However, avoiding 

local minima has often failed when the non-linearity is severe between waveforms and 

earth structures (Snieder, 1998; Sambridge, 2001). For instance, the problem occurs in 

cases of insufficient data, when the effect of noise in waveform is relatively 
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significant (Sambridge, 2001), or when high-frequency body waveforms are used 

(Sambridge and Mosegaard, 2002). Fully non-linear approaches have been introduced 

using random searches (i.e. Monte Carlo technique) to address this problem. Many 

authors have previously described the use of this method in waveform inversion, such 

as simulated annealing (Sen and Stoffa, 1991; Riepl et al., 1995; Steck, 1995; Zhao et 

al., 1996; Gangopadhyay et al, 2007), the genetic algorithm (Noves et al., 1996; 

Shibutani et al., 1996; Bhattacharyya et al., 1999; Chang and Baag, 2006; Li et al., 

2007; Lee and Baag, 2008), and the neighbourhood algorithm (Sambridge 1999a; 

Sambridge 1999b; Yoshizawa and Kennett, 2002). These methods have been 

successfully used to find the optimum model in non-linear inverse problems. However, 

methods based on random search cannot assure sufficient searching of parameter 

space (Sambridge, 2001; Sambridge and Mosegaard, 2002). In addition, performance 

of the methods depends on the problems under investigation and selected values of 

"optimization parameters", such as temperature, the total number of generations, 

population size, and degree of alternations (Sambridge and Mosegaard, 2002). 

However, the method based on the uniform full-grid search does not require such fine-

tuning, which should vary between problems. Although full-grid search is numerically 

inefficient, this method always provides all mis-fit functions over the prescribed 

model space. Thus, the final model is more likely to have a global minimum compared 

with the results from random search methods (Sambridge and Mosegaard, 2002). 

 Several previous studies have used the technique of full-grid search to 

develop 1D velocity models. However, the majority of applications are characterized 

by simple crustal models that have only a few unknowns (Rodgers and Schwartz, 

1997; Rodgers and Schwartz, 1998;  Rodgers et al., 1999; Swenson et al., 2000; 

Alvarado et al., 2007) because the viability of the method depends solely on the 
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number of unknowns and the computational efficiency of Green’s functions. With 

recent extension of high-performance computing, the method can be applied to the 

problems estimating velocity structures using more unknowns than before. Therefore, 

a three-step, full-grid search procedure to estimate the 1D crustal velocity structure 

using broadband waveforms is proposed in this study. In essence, the P- and S-wave 

velocities were separately searched for using an empirical relationship between the P- 

and S-wave velocities (Brocher, 2005). The use of this technique can significantly 

reduce the total number of forward computations required and enable full-grid 

searching in the development of a 1D velocity model. 

 Herein, the proposed method is applied for the determination of a three-layers 

over half-space 1D velocity model of the southern Korean Peninsula. The inland 

seismicity of the study region is very low, and an average of only one moderate-sized 

earthquake (Mw > 3.5) occurs per year. The paucity of data with a sufficiently large 

SNR results in some difficulty generating a reliable crustal velocity model, especially 

when using only travel-time data. Joint inversion of the travel-time and waveform data 

was performed using a genetic algorithm to produce the 1D crustal velocity model 

(Chang and Baag, 2006; Lee and Baag, 2008). However, assumption of a Poisson 

solid coupled to the narrow search ranges used in these studies may have resulted in a 

biased model. Comparisons of waveform fitness between the model obtained in this 

study and other published models demonstrate advancements in the average value of 

the waveform fitness for inland earthquakes occurring in the southern Korean 

peninsula. 
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2.2. Data and waveform modelling 

2.2.1 Data set used for application 

 Broadband seismic stations have been installed and operated in the southern 

Korean Peninsula by the Korea Meteorological Administration (KMA) and the Korea 

Institute of Geoscience and Mineral Resources (KIGAM) since the late 1990s (Fig. 

2.1). Three-component waveforms from the two earthquakes that occurred on 20 

January 2007 and 24 April 2004 were used to estimate the 1D crustal velocity model 

of the study region. The 14 (from January 2007) and six (from April 2004) stations 

were selected by considering the SNR of the observed waveforms (Table 2.1). The 

origin times and epicentres determined by KIGAM were used to compute the 

synthetic waveforms (11:56:53.6 UTC, 37.6889° N and 128.5841° E for January 2007 

and 4:29:25.4 UTC, 35.8248° N and 128.2392° E for April 2004). The moment tensor 

solutions were evaluated using a time-domain waveform-inversion technique (Dreger 

and Helmberger, 1993). For the moment tensor inversion, the preliminary crustal 

model obtained from the test run of the proposed method was used. Although this 

model is slightly different from the final one, the resulting moment tensor solutions 

are reliable because they are less sensitive to variations in the velocity models over the 

relatively long periods (10-20s) used for the inversion. The waveform fitness and 

double couple components confirm that the moment tensor solutions are sound (Fig 

2.2). Before using waveform modeling, the mean and trend of the raw data were 

removed and instrument response was corrected to account for ground displacements. 

For computational efficiency, the sampling rate of the time-series data was set at five 

samples per second.  
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Figure 2.1. Map of the southern Korean Peninsula and surrounding seas showing the 

locations of events (red circles) and KMA (squares) and KIGAM (triangles) stations. 

The larger red circles represent events used in waveform modeling and the smaller red 

circles are used for the comparisons of waveform fitness among previous models (in 

section 2.4.2). The stations used in this study are shown as blue symbols. The 

background colour indicates elevation and the dark grey dashed lines are the 

boundaries of the major tectonic regions. 
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Table 2.1. The event and broadband station pairs used in this study 

Event 

(Year) 

Station Distance 

(km) 

Azimuth 

(°) 

Latitude 

(° N) 

Longitude 

(° E) 

Operator 

2007 SND 62.2281 162.1872 37.1549 128.7984 KIGAM 

2007 CHC 68.5498 278.4822 37.7775 127.8145 KMA 

2007 YKB 79.1771 318.9418 38.2253 127.9902 KIGAM 

2007 KSA 102.3219 348.6909 38.5926 128.3538 KIGAM 

2007 MGB 121.1793 195.7245 36.6373 128.2169 KIGAM 

2007 ULJ 131.7172 145.9984 36.7021 129.4084 KMA 

2007 SEO 148.7623 261.8818 37.4879 126.9188 KMA 

2007 HKU 161.7175 222.6163 36.6102 127.3602 KIGAM 

2007 TJN 181.5764 217.0938 36.3775 127.3637 KIGAM 

2007 GKP1 200.0536 179.3741 35.8863 128.6083 KIGAM 

2007 SES 213.8207 242.8109 36.7893 126.4531 KMA 

2007 DAG 214.9370 172.4346 35.7685 128.8970 KMA 

2007 NPR 238.5431 220.4034 36.0395 126.8685 KIGAM 

2007 BUS 274.8932 169.9224 35.2487 129.1125 KMA 

2004 TJN 99.8815 308.1357 36.3775 127.3637 KIGAM 

2004 BUS 101.7736 128.6524 35.2487 129.1125 KMA 

2004 CHJ 118.7112 348.5451 36.8730 127.9748 KMA 

2004 KWJ 135.1638 237.2843 35.1599 126.9910 KMA 

2004 ULJ 143.2324 46.8411 36.7021 129.4084 KMA 

2004 SES 192.8345 304.2344 36.7893 126.4531 KMA 
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Figure 2.2. (a) Map of the event-station pairs used in waveform modeling. The red 

and green lines indicate the ray paths used for the 20070120 and 20040426 events, 

respectively. (b) Moment tensor inversion result of the 20070120 event. In the upper 

panel, the variance reduction (red beach ball on the black line) and the double couple 

percentage (blue beach ball on the black line) for various trial depths is shown. The 

best-fit solution is denoted by the black triangle. In the bottom panel, the synthetic 

waveforms (dashed red lines) calculated for the best-fit solution are compared with the 

observed waveforms (black lines). (c) The same plot as (b) for the 20040426 event. 



 14

2.2.2 Setting of the waveform modelling 

2.2.2.1 Synthetic calculation and fitness measurement of waveform 

 In the waveform modeling procedure, the synthetic broadband waveforms for 

a given 1D velocity model were calculated using the frequency-wave number 

integration method (Saikia, 1994). This method affords an efficient computation of the 

regional body wave and surface wave phases. Variance reduction (VR) was used as a 

quantitative measure of the fitness between observed and synthetic waveforms and is 

defined as, 
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where O i  and S i  represent the amplitude of observed and synthetic waveforms at the 

ith time point, respectively, and n is the total number of time points in the observed 

and synthetic seismograms.  

 

2.2.2.2 Waveform segmentation 

 Surface waves, such as the Rayleigh and Love waves, generally have larger 

amplitudes than body waves at regional distances. Thus, the VR of the full waveform 

is more sensitive to changes in surface waves than changes in body waves. The VRs 

were calculated using the segmented waveforms instead of the whole waveforms and 

the average VR was obtained from an average of VRs for all segments considered to 

homogenize the effects of the various phases. A similar segmentation technique has 

been used in previous waveform modeling studies (Zhao and Helmberger, 1994; Zhu 

and Helmberger, 1996; Song et al., 1996). The sensitivity of the crustal velocity 

model parameters to Pnl (Pn + PL), SV, Rayleigh, and Love waveforms was 
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investigated by Song et al. (1996). These results demonstrated that surface waves are 

sensitive to the perturbation of both P- and S-wave velocities of the shallow crust. In 

contrast, the S wave velocity in the deeper crust primarily controls the SV waveform, 

and the Pnl wave has a relatively uniform sensitivity to the P- and S-wave velocities 

between the surface and bottom layers of the crust, which has been described in 

previous waveform studies (Holt and Wallace, 1990; Rodgers and Schwartz, 1997; 

Rodgers and Schwartz, 1998; Rodgers et al., 1999; Alvarado et al., 2007). 

 For the waveform modeling method presented herein, the regional three-

component waveforms were divided into five segments for the vertical Pnl, radial Pnl, 

vertical SV+Rayleigh, radial SV+Rayleigh, and tangential Love waves (Fig. 2.3a). The 

start times of the Pnl (Pn) and SV (Sn) waves and the end time of the fundamental mode 

Rayleigh wave were measured manually to select time windows of the waveform 

segments. The Pnl and SV+surface-wave segments were defined from the Pnl start time 

to SV start time and from the SV start time to the Rayleigh wave end time, respectively. 

To utilize the dispersion of surface waves, ±15 seconds were added to the original 

windows of the SV+surface-waves in the long-period band (0.04-0.1 Hz), which is 

described in the next section. All windows were tapered using the cosine function with 

a five second width on each end (Fig. 2.3). Each segment was treated as an 

independent waveform, and time shift was not allowed in the VR calculation. VR for 

each segment was calculated individually, and then the average VR for one velocity 

model was calculated by averaging VRs for all segments and frequency bands as 

described in the next section with the same weight (1.0). However, separation of the 

Pnl and Rayleigh waves at short epicentral distances (< 100 km) is difficult. 
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Figure 2.3. Examples using waveform segments for different pass-bands. Gray 

vertical bars indicate each time window boundary. The windows were tapered from 

the boundaries to outside of the windows. (a) An example of long epicentral distance 

(> 100 km). Names of waveform segments and weights used to calculate average 

waveform fitness are presented at the end of each segment. SR: SV+Rayleigh wave, L: 

Love wave. (b) Same as (a) for short epicentral distance (< 100 km). Here W means 

full waveform.  
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Therefore, whole waveforms were used for VR computation (Fig. 2.3b). A lower 

weight (0.8) for the average VR calculation was imposed, since the waveforms 

recorded by stations at short epicentral distances (<100 km) are likely to be controlled 

by local heterogeneities (Dreger and Helmberger, 1990). 

 

2.2.2.3 Frequency bands 

 In addition to the waveform segmentation, three different pass bands (0.04-0.1, 

0.08-0.2 and 0.1-0.4 Hz) were applied to each waveform segment (Fig. 2.3) using the 

zero-phase Butterworth filter (Russell, 2006). Three pass bands were designed to 

account for the various frequency characteristics of the observed waveforms. The 

0.08-0.2 Hz pass band is the primary frequency band and was applied to all segments 

presented in the previous section. In the long-period band (0.04-0.1 Hz), surface 

waves (Rayleigh wave) are mainly sensitive to the S-wave velocity of the crust and 

upper mantle. Various body wave phases are contained within the Pnl segment, such as 

Pn, Pg, PmP, the associated depths, and converted phases (Somerville et al., 1990; 

Helmberger et al., 1993; Langston et al., 2002). Those body wave phases are 

dominant in relatively high frequency, and therefore, absolute time and amplitude of 

the phases are compared with synthetics in the short period-band (0.1-0.4 Hz). 

However, short period surface waves are much more sensitive to shallow-velocity 

heterogeneities (Dreger and Helmberger, 1990; Zhao and Helmberger, 1994; Zhao and 

Helmberber, 1996), and the 1D velocity model does not sufficiently explain the 

propagations of surface waves at the high frequency band. Furthermore, the long 

period body waves (e.g. PL) are not fully developed at the epicentral ranges 

considered in this study (Holt and Wallace, 1990; Fujita and Nishimura, 1993). Thus, 

the 0.1-0.4 Hz and 0.04-0.1 Hz pass bands were applied only to the Pnl and surface 



 18

wave segments, respectively. Consequently, a total of ten and eight wave segments 

were used for each event-station pair with shorter and longer epicentral distances, 

respectively (Fig. 2.3). 

 

2.2.3 Waveform modelling 

2.2.3.1 Modeling procedure 

 I propose a three-step waveform modeling procedure that consists of the 

following: (1) preliminary modeling, (2) P-wave modeling, and (3) S-wave modeling. 

For the three-layers over half-space model, eleven model parameters are required 

(eight for the P- and S-wave velocities and three for the thicknesses of the layers). 

Therefore, if I consider five predefined grids for each parameter and search 

simultaneously for the 11 required parameters, approximately 50 million forward 

computations are required to consider the whole parameter space of the model. Even if 

many processors are used, the computation for 50 million models is extremely 

expensive. However, the total number of computations required is significantly 

reduced if the search for the P- and S-wave velocities is performed separately. In 

addition, the velocity was assumed to be the same or increase with depth. This 

assumption is reasonable for a general crustal structure represented by a small number 

of layers and further reduces the number of required computations. 

 The preliminary step in the modeling was designed to search a broader range 

of model parameters by utilizing a coarser grid, which is only used to determine a 

wide range of possible velocity models. Therefore, this step can be skipped in cases 

that velocity structures are roughly constrained by other data sets, such as surface 

wave dispersions (Rodgers et al., 1999). After several pretests, a grid size of 0.2 km s-1 

and 2 km for the P-wave velocity and thickness of each layer was selected, 
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respectively. The S-wave velocities and densities were fixed using an empirical 

relationship to calculate three-component synthetic seismograms at the preliminary 

and following steps of P-wave modeling (Brocher, 2005). Brocher’s empirical 

relationship was derived for the active continental margin, which is similar to the 

relationship for the general continental crust (Christensen and Mooney, 1995; 

Christensen, 1996). The results from the preliminary modeling step were then used to 

determine the search boundaries in the following step. P-wave modeling was then 

performed using a finer-grid (0.1 km s-1 and 1 km grid spacing for the velocity and 

thickness of each layer, respectively). 

 The final P- and S-wave crustal velocity model was obtained during the S-

wave modeling step, which involved searching for only the S-wave velocities from the 

ensemble of models selected in the P-wave modeling step. The estimates of the P- and 

S-wave velocities were less biased because a ‘set’ of good models instead of the ‘best’ 

model obtained from the P-wave modeling were considered. The final model was 

determined by taking an average of all good models that satisfied the condition that 

the VR was greater than 99 % of the largest VR to reduce the inherent problem of 

non-uniqueness and the possible effect of noise in the data (Sambridge and Mosegaard, 

2002). A summary of the procedure for waveform forward modeling is given in Fig. 

2.4. 
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Figure 2.4. Summary of the three modeling steps.  
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2.2.3.2 Determination of boundaries for parameter searching 

 The presented method consists of a series of modeling steps that narrow 

search boundaries for parameters based on the information obtained from the previous 

modeling step. Adequate inference of search boundaries is important to prevent 

rejecting potential good models. The probability density functions (PDF) were 

calculated for each parameter from models satisfying several minimum VR thresholds 

using the bootstrap method (Efron and Tibshirani, 1991). A set of models was 

resampled randomly with a replacement that has the same size of the original set. An 

ensemble of models was then selected for several VR thresholds defined as particular 

percentages of the largest VR estimated in each modeling step. For each ensemble of a 

given VR threshold, PDF was calculated using the equation 

         =     /∑      .    (2) 

where PDFij indicates PDF for the i-th value of the j-th parameter and VRij is the sum 

of all VRs for models with the i-th value of the j-th parameter. This procedure was 

repeated 500 times to obtain the mean and standard deviation of PDF for each value of 

parameters and different VR thresholds.  

 During the preliminary modeling, the PDFs and standard deviations were 

calculated for VR thresholds of 70, 80, 90, and 95 % (Fig. 2.5a). PDF can be expected 

to have a dominant peak for each model parameter with a greater VR threshold, but a 

dominant peak becomes less significant with decreasing VR thresholds. A significant 

change in the PDF trend, especially the location of a dominant peak, due to selection 

of a smaller VR threshold indicates that the broad search range is necessary. However, 

a broad search range can dramatically increase the computation time. Therefore, the 

search ranges were first determined by considering the PDF pattern of the largest VR 

threshold (95%) and then verifying whether the pattern changed for smaller VR 
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thresholds. The search ranges were fixed for the next step, since there were no 

significant changes and pre-determined search ranges included the location of 

dominant peaks that appeared in the PDFs for smaller VR thresholds. 

 A set of "acceptable" P-wave velocity models for the S-wave modeling step 

was inferred in the P-wave modeling step. The best P model estimated in this step can 

be assumed to be close to the final P model if the empirical relation between the P- 

and S-wave velocities is reliable, since the whole model parameters associated with 

the P-wave velocity and thickness of each layer were already searched. This indicated 

that a small number of “acceptable” models could be selected with large VRs. 

 Although the empirical relationship can be incorrect for specific layers in my 

study region, this may not be significant. Therefore, I selected “acceptable” models by 

estimating an appropriate threshold value of VR that produced relatively significant 

peaks in PDFs compared with PDFs for lower VR thresholds. Fig. 2.5(b) shows PDFs 

calculated for VR thresholds of 80, 90, 95, and 98%. The VR threshold of 98% was 

adopted and the number of acceptable models was 505.  Ranges with PDF values 

greater than zero were selected and then the P-wave ranges were converted to S-wave 

ranges using the given empirical relation. The search boundaries of the S-wave 

velocities for the S-wave modeling step were determined to include the converted S-

wave ranges.  
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Figure 2.5. Probabilistic density functions (PDFs) of model parameters obtained in 

preliminary modeling (a) and P-wave modeling step (b). PDFs from various VR 

thresholds (see the main text) are plotted. Here P1, P2, P3, and P4 indicate the P-wave 

velocities of the upper, middle, lower crust, and mantle. T1, T2, and T3 indicate the 

three boundaries.   
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2.3. Results 

2.3.1 Average models of the southern Korean Peninsula  

 The three-component seismograms of the 20 event-station pairs were used to 

yield the final P- and S-wave model shown in Fig. 2.6 and Table 2.2, which 

demonstrate the ±1s error for models with VRs greater than 99 % of the largest VR in 

the S-wave modeling step. The estimated average P- (S-) wave velocities of the three-

layers over half-space crustal model in the southern Korean Peninsula were 5.63 

(3.40), 6.17 (3.60), 6.58 (3.70), and 7.77 (4.45) km s-1 between the top layer and the 

half-space. The corresponding depths of the three boundaries were 7.29, 20.7, and 

31.3 km.  

 Generally, a dominant peak of each PDF for the model parameters was 

located within the prescribed boundaries and the final average models exhibited 

similar characteristics with the best model in the preliminary and P-wave modeling 

steps (Fig. 2.5 and Fig. 2.6). However, the lower crustal S-wave velocity (S3) obtained 

from the S-wave modeling seems to be smaller than the values obtained from previous 

modeling steps. This result indicates that modification of the relationship between the 

P- and S-wave velocities is required for the lower crustal layer in this region.  

 One of the aims of this study was to construct an average 1D velocity model 

that would represent the entire study area. However, the wide PDF distribution for the 

P-wave velocity parameter of the shallow crust (P1) was evaluated when shallower 

depths (1 or 2 km) were assigned to the parameter of the shallowest boundary depth 

(T1). This result indicates that the shallow structure seems to vary significantly from 

region to region. The depth of the shallowest boundary (T1) was limited to 3 km to 

reduce the effect of local variations in the shallow structure. The resulting distribution 



 25

of the T1 parameter shows a maximum PDF between 7 and 9 km depth in all 

modeling steps (Fig. 2.5).  

 Much of the modeling effort was concentrated on determining the depth 

between the middle and lower crust (T2), which shows the broad distribution of PDFs 

(Fig. 2.5). Although the T2 boundary PDF shows two peaks at depths of 

approximately 20 and 27 km in the preliminary modeling step, the peak at 20 km 

became dominant in the next step despite the inclusion of the locations of both peaks 

in the search range during the P-wave modeling step. In contrast, the Moho depth (T3) 

is relatively well constrained, which may be due to the significant velocity difference 

between the lower crust and the upper mantle (Fig. 2.6). 

 Comparison of the observed waveforms with the synthetics for the final 

model shows general agreement for all event-station pairs (Fig. 2.7). The shapes of the 

waveforms agree reasonably well, as do the arrival times of the crustal phases, such as 

those of the Pg and Pn (Fig. 2.7). For event-station pairs with short epicentral distances 

(e.g., 2007-SND, 2007-CHC, and 2007-YKB), the amplitudes of the synthetic Pnl are 

larger than the observed amplitudes. This difference could be due to the low weight 

imposed on the short epicentral distance pairs and the minimum depth constraint on 

the top-to-middle crustal boundary. 

 The observed waveforms are more complex for some event-station pairs (e.g., 

2007-TJN, 2007-DAG, and 2007-NPR), and the characteristics of the complex ones 

are not well modelled. However, the waveforms for other pairs with similar paths 

were modelled relatively well, and complex waveforms were not generally observed 

in all cases. For example, 2007-HKU and 2007-TJN share similar paths of 

propagation, but the fitness of the waveforms for 2007-HKU is much higher than that 

of 2007-TJN. This result indicates that some event-station pairs may be affected by 
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noise or local heterogeneities that cannot be modelled using a 1D velocity modeling.  

 

2.3.2 Models for different tectonic regions 

 The presented method can produce a 1D velocity model using a small number 

of waveform data. Thus, further analysis was performed to investigate the variations 

in crustal velocity structures of different geological regions using corresponding 

subsets of the data. As shown in Fig. 2.1, the southern Korean Peninsula consists of 

four major tectonic regions:  Gyeonggi Massif (GM), Okcheon Belt (OB), Yeongnam 

Massif (YM), and Gyeongsang Basin (GB). Individual velocity models were 

estimated using only waveforms for event-station pairs that propagated through each 

tectonic region. I used an event-station pair if the wave propagated through only one 

or two different tectonic regions and if more than 60 % of the path of that wave 

belonged to the corresponding tectonic region (Fig. 2.8a). The presented three-step 

waveform modeling was applied separately for GM, OB, and GB tectonic regions 

because only one waveform was available for YM (Fig. 2.8a). The results are shown 

in Fig. 2.8(b) and Table 2.3. As a result, the highest average VRs for the segmented 

waveforms were improved from 76.75, 70.55, and 63.14 % to 87.76, 74.34, and 69.06 % 

for GM, OB, and GB, respectively. The average velocities for the three tectonic 

regions are similar to those obtained using the whole data set (Table 2.3). However, 

the variation in Moho depth demonstrates that the Moho dips in a southerly direction, 

in agreement with previous results (Chang and Baag, 2007; Yoo et al., 2007). The 

lower Vp/Vs ratio estimated at the shallow crustal surface of GM potentially indicates 

the development of felsic Mesozoic granite in this region (Chough et al., 2000). The 

thick upper crustal layer of OB agrees well with the result obtained from the receiver 

function study (Chang and Baag, 2005).  
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Figure 2.6. Estimated P- and S-wave velocity models at each modeling step. Search 

boundaries are presented as thin lines in the same colours of the models. For 

preliminary and P-wave modeling steps, the models with the highest VR are plotted. 

For the S-wave modeling step, an average of the ensemble of the models, which have 

VRs over 99% of the greatest VR, is plotted. Error bars superimposed on the final S-

wave models represent standard deviation of the same ensemble of the models (see the 

main text).  
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Table 2.2. Results of the three-step waveform modeling.  

Modeling steps Preliminary P-wave S-wave 

Total number of 

calculated models 
203,040 1,458,240 681,750 

Highest VR (%) 67.2399 67.8942 71.2070 

*VR threshold (%) 95 98 99 

Number of selected 

models 
- 505 24 

Model type Best fitting model Best fitting model Averaged model 

**model 

parameters 

T1 (km) 

T2 (km) 

T3 (km) 

P1 (km s-1) 

P2 (km s-1) 

P3 (km s-1) 

P4 (km s-1) 

S1 (km s-1) 

S2 (km s-1) 

S3 (km s-1) 

S4 (km s-1) 

7.00 

25.0 

31.0 

5.60 

6.20 

6.60 

7.80 

3.34 

3.64 

3.82 

4.46 

9.00 

21.0 

32.0 

5.70 

6.20 

6.60 

7.80 

3.41 

3.64 

3.82 

4.46 

7.29 ± 0.454 (± 1σ) 

20.7 ± 1.27 

31.3 ± 0.455 

5.63 ± 0.055 

6.17 ± 0.043 

6.58 ± 0.075 

7.77 ± 0.073 

3.40 ± 0.000 

3.60 ± 0.000 

3.70 ± 0.035 

4.45 ± 0.050 

* See the main text. 

** The name of each parameter is the same as Fig. 2.5 and Fig. 2.6. 
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Table 2.3. Waveform modeling results for different tectonic regions 

 Gyeonggi 

Massif 

(GM) 

Okcheon 

Belt 

(OB) 

Gyeongsan

g Basin 

(GB) 

S. Korean 

Pen. 

Average 

Highest VR (%) 87.76 73.34 69.06 71.21 

VR threshold (%)  

for final model inference 
99 99 99 99 

Number of selected models 9 20 27 24 

Crustal 

Boundary 

depth 

(km) 

Upp. – Mid. 

Mid. – Low. 

Moho 

3.00 

19.6 

30.1 

7.95 

22.2 

32.7 

3.56 

12.0 

34.0 

7.29 

20.7 

31.3 

P wave 

velocities 

(km s-1) 

Crustal 

average 

Upp. crust 

Mid. crust 

Low. crust 

Upp. mantle 

6.10 

5.30 

6.00 

6.47 

7.81 

6.22 

5.68 

6.20 

6.66 

7.93 

6.19 

5.34 

5.91 

6.44 

8.05 

6.18 

5.63 

6.17 

6.58 

7.77 

Vp/Vs ratio 

Crustal 

average 

Upp. crust 

Mid. crust 

Low. crust 

Upp. mantle 

1.71 

1.56 

1.71 

1.74 

1.77 

1.73 

1.67 

1.72 

1.79 

1.76 

1.72 

1.68 

1.68 

1.74 

1.75 

1.72 

1.66 

1.71 

1.78 

1.75 
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Figure 2.7. Comparison of the observed (black) and synthetic (red) waveforms for all 

event-station pairs. The synthetic waveforms are calculated using the final 1D model. 

The number at the beginning of each trace denotes the variance reduction (%) between 

two waveforms. Grey vertical bars indicate manually picked times for boundaries of 

waveform segments.  



 31

 

Figure 2.8. (a) Location map of the stations and events used for three different 

tectonic regions. The ray paths with blue, red, and green lines are used for analysis of 

the Gyeonggi Massif, Okcheon Belt and Gyeongsang Basin, respectively. (b) Plots of 

three velocity models with standard deviations of selected model for the final model 

inference.  
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2.4. Discussion 

2.4.1 Tests for different parameterizations 

 The model with small number of layers over half-space successfully resolves 

the characteristics of normal crustal structures, especially major discontinuities, such 

as Conrad and Moho (Somerville et al., 1990; Mori and Helmberger, 1996). The 

model form with three-layers over half-space has been widely used (e.g. "SoCal" 

described in Dreger and Helmberger (1993); Priestley and Brune, 1978; Mooney et al., 

1998), because this model represents average crustal features (Christensen and 

Mooney, 1995; Mooney et al., 1998) with upper, middle, and lower crust. However, 

an optimum number of layers over half-space may depend on specific regions. In this 

study, some parameters (e.g. T2 in Fig. 2.5) showed a relatively broad distribution for 

PDF, which indicates that my data may not be sensitive to those parameters. Two- and 

four-layers over half-space models were estimated and compared with my final three-

layers over half-space model to investigate the effects of different parameterizations. 

Two-layers over half-space model was determined using the same method proposed in 

this study. An additional search for six parameters consisting of two boundary depths 

between T1 and T3 and two pairs of P- and S-wave velocities of the third and fourth 

layers from the top was performed after all other parameters were fixed from the 

three-layers over half-space model, since the number of model parameters for four-

layers over half-space is too large to apply the same method. Six parameters were 

searched simultaneously without empirical relationship. The highest VR was 70.32, 

71.21, and 72.84% for two-, three-, and four-layers over half-space models, 

respectively. Final models for different parameterizations were obtained by taking an 

average of models with VRs greater than 99% of the largest VR, which is similar to 

the three-layers over half-space model (Fig. 2.9). VR increased with the addition of 
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more layers, but the difference was not significant. The two-layers over half-space 

model demonstrates the same values for parameters associated with the upper crust 

and mantle for the three-layers over half-space model. In addition, the P-wave 

velocity for the second layer from the top is close to the average P-wave velocity of 

the middle and lower crusts in three-layers over half-space model. This result shows 

that the sensitivities of the used data set to middle and lower crust are low. However, 

the four-layers over half-space model clearly demonstrates that the lower crust should 

have a greater velocity than the middle crust, which indicates that the existing velocity 

difference between the middle and lower crustal layers in the suggested three-layers 

over half-space model reflects the real velocity structure. Considering computation 

times and data sensitivities, three-layers over half-space is a reasonable 

parameterization in this study region. 

 

2.4.2 Comparison with previous models 

 The VRs of four other three-layers over half-space models were estimated to 

compare the presented results with those of previous studies (Kim and Jung, 1985 

(KJ); Kim, 1995 (K); Chang and Baag, 2006 (CB); Lee and Baag, 2008 (LB)) (Fig. 

2.10a). Average VRs were computed for all three-component full waveforms band-

pass filtered between 0.04-0.4 Hz. First, the results were compared with the same 

event-station pairs used in determining the presented final model. The estimated 

average VRs were 45.8, -98.4, 7.4, 17.9 and 62.3 % for KJ, K, CB, LB and the 

presented model, respectively. Even though the model parameters used in all 1D 

models were the same, the VR of full waveforms in the final model was at least 16.5 % 

higher than for any other models. The independent data set was also used for more 
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verification, which was not included in the modeling. All available three-component 

waveforms were collected from inland earthquakes with moment tensor solutions 

during the period 2001-2009. The origin times and epicentres were from the KIGAM 

catalogue, and moment tensor solutions and depths were obtained from a previous 

study (Rhie and Kim, 2010). The source parameters including moment tensor solution 

of one event (20090501 in Fig. 2.1) were from the Saint Louis University catalogue. 

Only selected event-station pairs with VR averages for all five 1D models greater than 

0% were selected. A total of 20 event-station pairs from four events (Fig 2.1 and Fig. 

2.10b) were finally used with VR averages for KJ, K, CB, LB and my models of 24.7, 

-3.6, 21.3, 12.3, and 27.5%, respectively. Although the final model provided a better 

average VR compared with other models, lower VRs than the CB and KJ models were 

estimated in some event-station pairs for 20090501 and 20011121 events, respectively 

(Fig. 2.10b). These paths are associated with data sets used to determine KJ and CB 

models in previous studies. 
 Several of the main characteristics of the final model were compared with 

previous studies. The final model yielded a Moho depth of 31.3 km, a crustal average 

P-wave velocity of 6.18 km s-1, and a Poisson’s ratio of 0.245, which are relatively 

consistent with the previous results shown in Fig. 2.10a and receiver function studies 

(Chang and Baag, 2005; Chang and Baag, 2007; Yoo et al., 2007). The assumption of 

a Poisson solid was used by Chang and Baag (2005) and Yoo et al. (2007) to generate 

estimates of the Moho depth that were deeper than with my model. Recently, Chang 

and Baag (2007) assumed a variable Vp/Vs ratio, which resulted in results that are more 

in line with this study. Although the average P-wave velocity and Poisson’s ratio in 

this study are slightly lower than Chang and Baag’s estimates (about 6.4 km s-1 and 

0.26 for the average P-wave velocity and Poisson’s ratio, respectively), these values 
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were within the error bound of their results. The wide-angle refraction study by Cho et 

al. (2006) reported possible ranges for the upper and lower crustal P-wave velocity 

(5.4 – 6.0 km s-1 and 6.4 – 6.7 km s-1, respectively) and Poisson’s ratio (0.25 – 0.27) of 

the profile that crosses from the NW to the SE of the study area. The presented 

estimates were also within the ranges suggested by Cho et al. (2006). 
 The final model can be characterized by a thicker upper crustal layer (T1) and 

a higher velocity contrast between the upper and middle crusts compared with other 

1D models (Fig. 2.10a). The depth of the upper crustal layer and the velocity 

difference at the boundary are very similar to the results of Chang and Baag (2005), 

which suggests that this was a compositional boundary in the stable and mature crust. 

Several other authors have also reported the existence of this boundary (Kim, 1999; 

Cho et al., 2006; Yoo et al., 2007). The presented estimate of the upper mantle P-

wave velocity (7.77 km s-1) was less than the global average Pn velocity of 8.07 km s-1 

(Christensen and Mooney, 1995) and slightly faster than the 7.5 – 7.7 km s-1 that may 

be observed in an active tectonic region, such as the continental rift in Kenya (KRISP 

Working Party, 1991). The velocity was also less than the 7.9 – 8.1 km s-1 estimated 

from the refraction study of this region (Cho et al., 2006). However, a recent result of 

Pn velocity tomography demonstrated that there are low Pn velocity anomalies in the 

past orogenic regions of the southern Korean Peninsula (Hong and Kang, 2009). The 

propagation paths of my data cross these regions to a greater extent than stable massifs 

with normal Pn velocities, which explains the resulting low upper mantle velocity 

obtained herein. 
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Figure 2.9. 1D velocity models for different parameterizations. HS means half-space.  
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Figure 2.10. (a) 1D velocity models estimated in this study and previous studies. (b) 

Average variance reductions of three-component full waveforms for 20 event-station 

pairs, which are not used in the waveform modeling. The same colours are used for 

models in (a). The black dashed line is an average of VRs for all 1D models. 
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2.4.3 Geological interpretation of modeling results 
 Several studies have attempted to classify the global crustal velocity structure 

of the different tectonic provinces (Christensen and Mooney, 1995; Rudnick and 

Fountain, 1995; Zandt and Ammon, 1995). Consideration of the shallow Moho depth 

(~30 km), low average crustal P-wave velocity (~ 6.25 km s-1), low Poisson’s ratio (~ 

0.25), and low P-wave velocities in the lower crust (< 6.8 km s-1) demonstrates that 

the final model most likely belongs to the same category as the extended crust or the 

Mesozoic-Cenozoic orogenic belts. However, the crustal structure of the southern part 

of the Korean Peninsula is probably more complex than any uniform tectonic province 

because the study region had experienced multiple tectonic events. The southern 

Korean Peninsula consists mainly of two Precambrian massifs, YM and GM (Fig. 2.1). 

The peninsula also contains OB, which was initiated by an intraplate orogeny during 

the Paleozoic period (Cruzel et al., 1991). Following two Mesozoic orogenic events in 

the late Permian-early Triassic and the Jurassic, the NE-SW trending OB was 

developed by the accreting, folding, and shearing between the two Precambrian 

massifs (Chough et al., 2000). Afterward, GB (Fig. 2.1) was formed during the early 

Cretaceous by the subduction of the Izanagi Plate, which involved the development of 

a pull-apart basin in the region (Chough et al., 2000). 
 The joint analysis of the P-and S-wave velocities provides some indication of 

the composition of the deeper crust. The Vp/Vs ratios of the middle and lower crusts 

were compared with those obtained in laboratory experiments to investigate the 

compositional difference of each tectonic region (Christensen, 1996; Brocher, 2005, 

see Fig. 2.11). A comparison between the observed values of Vp/Vs as a function of Vp 

and Brocher’s empirical best-fit line reveals the existence of two outliers, the middle 

crust of GB and the lower crust of OB. The low Vp/Vs ratio in the middle crust of GB 
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may be explained by the shallow younger granite that is observed in this region 

(Chough et al., 2000). The high Vp/Vs ratio in the lower crust of OB indicates that the 

composition could be different from that of the general continental crust (Fig. 2.11). 

This clear difference in the lower OB crust is more obvious with a comparion of the 

Vp/Vs ratios of the middle crust between OB and GM. The lower crust of OB is likely 

to consist of more mafic rocks compared to GM and GB, which exhibit similar 

velocity ratios. The mafic composition of the lower crust of OB may reflect the effects 

of multiple complex events, including rifting along the weak belt between two rigid 

massifs during the Paleozoic (Chough et al., 2000). However, the possibility of 

magma underplating, as suggested by previous receiver function studies (Chang and 

Baag, 2005; Chang and Baag, 2007), cannot be discounted. Therefore, further work is 

required to investigate this possibility. 
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Figure 2.11. Vp/Vs ratio as a function of Vp for the middle (red diamond) and lower 

(red circle) crustal velocities of the three tectonic regions (GM, OB and GB). The 

black bars with abbreviated names indicate the range of Vp/Vs ratios versus Vp at 400 

– 800 MPa for different rock types using data from Christensen (1996). Simplified 

coloured ellipses and bold grey lines are obtained from Brocher (2005). The numbers 

in parentheses imply specific lithologies: (1) Metamorphic rocks, (2) Metagraywackes 

and mafic rocks, (3) sedimentary rocks, and (4) Salinian granite.  
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2.5. Conclusions 
 Herein, I proposed a three-step full-grid search procedure for the development 

of a 1D crustal velocity model using broadband waveform data and derived a three-

layers over half-space crustal velocity model of the southern Korean Peninsula. The 

final model obtained has improved the fitness of the waveform in comparison with 

previous models. PDFs obtained show that all parameters, except for the boundary 

depth of the middle and lower crust, are well constrained. Three different 1D models 

were developed for regions GM, OB, and GB using the same technique to investigate 

the variations in velocity structures for different tectonic regions. The final 1D models 

for the three tectonic regions show that the crustal thickness of the study area 

increases from NW to SE. The results obtained for the Vp/Vs ratio indicate that the 

lower crustal composition of OB may be different from that of the other two regions. 

However, further research is required to explain the cause of this observed difference. 

I have shown that the proposed method is useful for obtaining 1D crustal velocity 

models in the low seismicity region. Therefore, this method can be applied to develop 

crustal velocity models in other regions where the availability of waveform data with 

good SNR is poor because of low seismicity or a short observational record 
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Chapter 3 

Crustal s-wave velocity structure of the Main 

Ethiopian Rift from ambient noise tomography 
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3.1. Introduction 

 The Main Ethiopian Rift (MER) has long been recognized as one of the best 

places to investigate continental rifting, and, in particular, rift processes leading to sea 

floor spreading (e.g., Makris and Ginzburg, 1987; Ebinger and Casey, 2001; Bastow 

and Keir, 2011) (Fig 3.1). In this paper, I use an ambient noise tomography to 

construct Rayleigh wave group velocity maps covering most of the MER and some of 

the surrounding the region of Ethiopian Plateau. Dispersion curves, extracted from the 

group velocity maps, have been inverted to obtain a quasi-3D model of crustal shear 

wave velocities that provides new constraints on the along-strike variations in crustal 

structure. 

 The primary motivation for this study comes from a need to better understand 

the along-strike variability in the MER crustal structure. Variations in magmatism and 

faulting along the rift axes have been identified as potentially influential factors in rift 

development (e.g., Shillington et al., 2009). In the parts of the MER that have been 

well studied (i.e., the northern section and parts of the central section), faulting, 

magmatic segmentation, and magmatic alteration of the rifted continental crust are 

well documented (e.g., Hayward and Ebinger, 1996; Ebinger and Casey, 2001; 

Kendall et al., 2005; Casey et al., 2006; Beutel et al., 2010). Crustal structures 

beneath the SMER, as well as the southern part of the central section, in contrast, have 

not been extensively studied (e.g., Bonini et al., 2005; Rooney et al., 2007; Keranen 

and Klemperer, 2008), and therefore the along-strike variability of MER crustal 

structure has not been fully known. This limits our understanding of the deeper rifting 

processes within the MER, and the role such processes may play in the formation of 

spreading centers (e.g., Kendall et al., 2005; Keir et al., 2006; Rooney et al., 2007; 

Bastow et al., 2008).  
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Figure 3.1. Relief map of the Main Ethiopian Rift (MER) and surrounding Ethiopian 

Plateau. Major border Faults (BF) are labeled and shown by black lines. Polygons 

with dashed grey lines indicate the Quaternary volcanic segments (A-G, Aluto-

Gedemsa; B-K, Boset-Kone; F-D, Fentale-Dofen). The Wonji Fault Belt (WFB) and 

Silti-Debre zeit Fault Zone (SDFZ) are presented by wide dashed lines. NMER, 

Northern MER; CMER Central MER; SMER, Southern MER; YTVL, Yerer-Tullu 

Wellel Volcanotectonic Lineament; BTSH, Boru-Toru Structural High. Inset in 

bottom-right corner shows stations used in this study. Red diamonds, green squares, 

and blue circles show locations of permanent seismic stations and those of the 

Ethiopia Broadband Seismic Experiment (EBSE) (Nyblade and Langston, 2002), and 

the Ethiopia Afar Geoscientific Lithosphere Experiment (EAGLE) (Maguire et al., 

2003), respectively.  
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 The results presented in this paper characterize the shear wave velocity 

structure of the MER crust over a much larger area of the MER than in previous 

studies. While the dataset used precludes us from obtaining a uniformly well resolved 

shear wave model for the MER crust everywhere, it does let us expand my knowledge 

of crustal structure in the CMER and SMER. The presented results corroborate models 

for the magmatic plumbing system within the MER based on geochemical evidence, 

illustrate prominent differences between several structural features extending to mid-

crustal depths, and reveal along-strike variability in crustal structure important for 

understanding rift development.  

 

3.2. Background 

 The MER is located in the northern part of the East African Rift System 

(EARS), divides the Ethiopian Plateau into eastern and western parts, and forms the 

southern arm of the Red Sea-Gulf of Aden-EARS triple junction (Fig. 3.1). Separation 

between Arabia and Africa commenced c. 30 Ma (Hofmann et al., 1997) along the 

Red Sea and Gulf of Aden at about the same time as the eruption of flood basalts c. 

31-29 Ma (Baker et al., 1996; Hofmann et al., 1997; Kieffer et al., 2004; Furman et al., 

2006) and the initiation of plateau uplift c. 30 Ma (Pik et al., 2003). The MER 

developed somewhat later, with the initiation of faulting no earlier than c. 20- 25 Ma 

(Woldegabriel et al., 1991; Ebinger et al., 1993; Bonini et al., 2005). 

 The MER, based on its surface morphology, can be divided into 3 sections, 

northern (NMER), central (CMER), and southern (SMER) (Fig. 3.1). The NMER and 

CMER are defined by major border fault (BF) systems, namely the Ankober and 

Arboye BFs for the NMER, and the Fonko-Guraghe and Asela BFs for the CMER. 

The Boru-Toru Structural High (BTSH, Fig. 3.1), together with a rotation in border 
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fault orientation from NE-SW to N-S, defines the boundary between the NMER and 

CMER. 

 Magmatic activity in the NMER and CMER began at c. 12-10 Ma (Chernet et 

al., 1998; Wolfenden et al., 2004), which corresponds to a second phase of flood 

basalt and silicic volcanism found on the rift shoulders and surrounding plateaus 

(Kieffer et al., 2004; Wolfenden et al., 2004; Ayalew and Gibson, 2009). From the 

Late Miocene (~ 7 Ma), volcanic activity became more dominant on the floor of the 

MER basin compared to the rift shoulders (Woldegabriel et al., 1990; Chernet et al., 

1998; Furman, 2007). The timing of this shift in volcanic activity away from the 

plateau and rift margin correlates with the re-localization of extension from the border 

faults to magmatic segments in the NMER and CMER, such as the Aluto-Gedemsa 

(A-G), Boset-Kone (B-K), and Fentale-Dofen (F-D) magmatic segments, and the 

Wonji Fault Belt (WFB) and Silti-Debre zeit Fault Zone (SDFZ) (Fig. 3.1) (Ebinger 

and Casey, 2001; Casey et al., 2006). 

 Another prominent feature that may be related to the development of the MER 

is the Yerer-Tullu Wellel Volcanotectonic Lineament (YTVL), an east-west trending 

structure to the west of the CMER that includes the Ambo fault (Fig. 3.1). Tectono-

magmatic activity along the YTVL since ~ 12 Ma has been associated with the 

development of the MER (Abebe et al., 1998; Keranen and Klemperer, 2008). The 

SMER extends south from Lake Awasa (~ 7 °N) into a broad zone of rifting in 

southern Ethiopia (Ebinger et al., 2000). There have been two main phases of basaltic 

magmatism within the SMER at c. 45-35 Ma and c. 19-11 Ma (Ebinger et al., 1993).  

 The temporal development of faulting within the MER is debated. Wolfenden 

et al. (2004) suggested that rifting began c. 25 Ma in the Lake Turkana region in 

Kenya and propagated northward, while Buck (2006) and Rogers (2006) suggested 
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that the rifting propagated to the south, beginning in the Afar. Bonini et al. (2005) 

proposed that rifting was heterogeneous in time and space beginning in the Afar c. 20-

25 Ma and the SMER c. 20-21 Ma, however there may have been renewed extension 

in the SMER c. 11 Ma (Pik et al., 2008). Bonini et al. (2005) suggested a southward 

migration of rifting within the NMER from the Afar Depression at c. 10-11 Ma, 

consistent with Wolfenden et al. (2004), and the commencement of rifting in the 

CMER c. 5 Ma. Keranen and Klemperer (2008) support the Bonini et al. (2005) 

scenario of rift development, but others have suggested that rifting within the SMER 

and CMER initiated between 18 and 15 Ma (Woldegabriel et al., 1991; Ebinger and 

Casey, 2001). 

 Studies using data from two seismic experiments, the Ethiopia Broadband 

Seismic Experiment (EBSE) (Nyblade and Langston, 2002) and the Ethiopia Afar 

Geoscientific Lithospheric Experiment (EAGLE) (Maguire et al., 2003; Bastow et al., 

2011), have greatly increased my knowledge of crust and upper mantle structure 

beneath the MER. Seismic studies using EAGLE controlled-source seismic data 

revealed the existence of high P-wave velocity regions (Vp ~ 6.6 km s-1) beneath the 

Quaternary magmatic segments, which were attributed to cooled mafic bodies 

(Keranen et al., 2004; Mackenzie et al., 2005; Maguire et al., 2006).  The ~5 km s-1 of 

low Vp material imaged above the mafic bodies in these studies were attributed to 

sediments and volcanic rock (Keranen et al., 2004; Mackenzie et al., 2005).  

 Using travel-times from local earthquakes recorded on the EAGLE network, 

Daly et al. (2008) inverted for models of Vp and Vp/Vs ratios beneath the MER  to 

mid-crustal depths. Their result shows high values of Vp and Vp/ Vs ratios along the 

axis of the MER and the Debre Zeit chain of Quaternary volcanoes, suggestive of 

pervasive dyking and some partial melt beneath these areas.   
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 Tomographic studies using teleseismic body-waves have resolved low P- and 

S-wave velocity anomalies in the upper mantle beneath the MER and the Afar 

(Bastow et al., 2005; Benoit et al., 2006a; Benoit et al., 2006b; Bastow et al., 2008). 

Bastow et al. (2008) imaged zones of particularly low velocities beneath the CMER-

NMER boundary (39°E, 9°N) that extend westward beneath the Ethiopian Plateau. In 

addition, they showed abrupt increases in upper mantle velocities from the low 

velocity zones into the Afar and the SMER.  

 In receiver function studies using EBSE and EAGLE data, thinned crust (~ 30 

km) and high Vp/Vs ratios (> 2.0) were found beneath much of the CMER and NMER 

(Dugda et al., 2005; Stuart et al., 2006; Keranen et al., 2009; Cornwell et al., 2010). 

SKS splitting studies using the same datasets obtained axis-parallel fast-directions of 

seismic anisotropy, which have been attributed primarily to fluid filled cracks in the 

lithosphere (Kendall et al., 2005; Hammond et al., 2010). Analyses of shear-wave 

anisotropy in the MER crust also support the presence of magmatically modified crust 

(Keir et al., 2005; Kendall et al., 2006; Bastow et al., 2010).  

 Seismicity recorded by the EBSE and the EAGLE experiments is mainly 

localized beneath the F-D magmatic segment, the Ankober BF, the eastern part of the 

CMER, and the YTVL (Keir et al., 2006; Brazier et al., 2008). Results from other 

geophysical studies are consistent with results from seismic images of crustal structure 

in the MER. A magnetotelluric study (Whaler and Hautot, 2006) imaged two high 

conductivity bodies beneath the center and western flank of the NMER at upper and 

mid-crustal depths, which correspond to the B-K magmatic segment and northern end 

of the SDFZ, respectively (Corti, 2009). In a number of gravity studies (Mahatsente et 

al., 1999; Tiberi et al., 2005; Mickus et al., 2007), thinned and high-density crust in 

the MER has been modeled, which is consistent with seismic images showing thinned 
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crust modified by magmatic intrusions.  

 

3.3. Data and group velocity measurement using cross-

correlation method 

3.3.1 Data 

 The data used in this study come from the two temporary seismic networks 

mentioned previously (Fig. 3.1). The EBSE was conducted between March 2000 and 

February 2002, and consisted of 27 broadband seismic stations deployed within the 

MER and the surrounding Ethiopian Plateau. The EAGLE phase I network was 

comprised of 30 broadband stations, many which were deployed in the MER and 

operated during 17 months starting in October 2001. The operation of the two seismic 

networks overlapped in time between October 2001 and February 2002. In addition to 

data from the temporary stations, data from two permanent stations, FURI and ATD, 

were also used.  

 In general, cross-correlation functions (CFs) calculated between station pairs 

with a longer time-series length yield higher signal-to-noise ratios (SNR) (Bensen et 

al., 2007). Therefore, where possible, one year of data were used for computing CFs. 

However, for obtaining CFs between the EBSE and EAGLE stations, only four 

months of data were available. Nonetheless, relatively good consistency in the timing 

of the maximum peaks was observed between the CFs obtained with different time-

lengths of data (Fig 3.2). 
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Figure 3.2. Upper panel: Map showing locations of stations and ray paths. Bottom 

panel: Examples of comparisons between cross-correlation functions for one-year (red 

dashed line) and four-month (black line) averages obtained between FURI and other 

five other stations.   
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3.3.2 Calculation of cross-correlation functions 

 CFs were obtained for all possible combinations of station pairs. In order to 

increase the SNR, data from two stations were cross-correlated using a 6-hour moving 

window with a 1-hour time shift, and then the resulting CFs were averaged. Before 

calculating CFs, windowed traces with obvious large glitches or many zeros (> 40 % 

of entire trace) were removed. Following the processing procedure from previous 

studies (e.g., Kang and Shin, 2006; Bensen et al., 2007), one-bit normalization and 

spectral whitening were performed on the remaining data to reduce the effects of 

transient signals and broaden the available frequency band. To measure Rayleigh 

wave group velocities, I used only the averaged CFs generated using more than 800 

time windows (Fig. 3.3a).  

 

3.3.3 Group velocity measurements 

 Inter-station Rayleigh wave group velocity measurements were made using the 

multiple filter technique (Dziewonski et al., 1969) in the period range of 6-30s for 

each of the averaged CFs. In order to further increase SNR and reduce the effect of an 

uneven distribution of noise sources, averaged CFs were folded in half at zero time 

before making the dispersion measurement. A continuous ridge was tracked manually 

in the FTAN (Frequency Time ANalysis) diagrams (Levshin et al., 1989) to make 

group velocity measurements (Fig. 3.3b). I rejected data during the picking of group 

velocities when a clear dispersion curve was not evident. For further analysis, I only 

used the group velocity measurements for station pairs where their inter-station 

distances were greater than 12 times the corresponding period to satisfy the far-field 

assumption of the cross-correlation method (Bensen et al., 2007). Figs 3.3c and d give 

examples of dispersion measurements for 6 different ray-paths. Approximately, the 
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period ranges 6-10, 10-15, and 15-25 s have maximum sensitivities to shear wave 

velocity structure in the depth ranges of 5-15, 5-25, and 10-40 km, respectively. Paths 

through the Afar have higher group velocities at periods > 16 s compared to other 

regions. A maximum number of 980 rays were obtained at 7 s period, and the number 

of rays at each period gradually decreases with increasing period (Fig. 3.4). 

 

3.4. Group velocity tomography 

 Using a nonlinear 2-D tomographic inversion technique (Rawlinson et al., 2008; 

Saygin and Kennett, 2010), the measured inter-station group velocities were inverted 

to obtain maps of Rayleigh wave group velocities for periods between 6 and 30 s. This 

inversion method uses a fast marching method (FMM) (Rawlinson and Sambridge, 

2004a; Rawlinson and Sambridge, 2004b) that tracks rays for the initial and updated 

velocity distributions before every inversion step. This allows for wave propagation 

effects in regions of rapidly varying velocities to be accounted for. In the inversion 

process, a discretized grid with 0.2° × 0.2° cells was used, and uncertainties in the 

group velocity maps obtained were assessed by a bootstrap resampling technique 

(Efron and Tibshirani, 1991). A series of 200 tomographic inversions were performed 

for each wave period, and in each one three-quarters of the total number of rays 

available for each period were randomly selected and used. The maximum standard 

error for each group velocity map in the period range of 6 – 30 s was found to be 

within the range of 0.046 - 0.078 km s-1. Optimal values of damping and smoothing of 

5.0 and 1.0, respectively, were selected for my final model after testing several 

combinations of values ranging between 0 and 1000.  
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Figure 3.3. (a) Record sections showing "folded" cross-correlation functions for all 

station pairs used in this study. The shaded area in gray indicates coherent arrivals of 

Rayleigh waves. (b) Frequency-time diagram of the Rayleigh wave obtained between 

stations DIYA and NEKE. Picked group velocities are superimposed with circles 

between 6 and 30 s period. (c) Map shows locations of stations and ray paths for the 

station pairs in (d). (d) Examples of dispersion curves for station pairs crossing major 

tectonic regions. The average dispersion curve for all station pairs is shown with the 

gray line.  
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Figure 3.4. Ray-path distribution for selected periods (7, 14, 21, and 28 s). Total 

number of rays used is presented at the bottom of each map. The stations are shown by 

red triangles. The green lines indicate major border faults shown in Fig. 3.1 and the 

gray polygon encompasses the region used in modeling crustal Vs.   
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 To investigate the resolution of my path geometries for each period, 

checkerboard tests were performed. Each checker was assigned a constant velocity of 

+0.2 km s-1 or -0.2 km s-1 from the observed mean group velocity of the corresponding 

period. Two different checker sizes (0.6° × 0.6°	and 1° × 1°) were used to test the 

sensitivity to different size structures. Synthetic arrival times for all station pairs 

represented in the real dataset were calculated and then inverted using the same 

procedure and parameters as for the real data. Fig. 3.5 shows selected results for 

periods of 7, 14, 21, and 28 s. In spite of the smoothing and damping that were applied 

during the inversion, the recovered group velocity maps show good resolution for the 

NMER and CMER, and the northern part of the SMER for all periods and checker 

sizes. The region with best resolution for all periods is outlined by the black polygon 

in Fig. 3.5. 

  Fig. 3.6 shows inversion results of group velocity for selected periods. At a 

period of 7 s, regions of lower velocities are observed over most of the CMER and 

parts of the NMER and SMER.  At a period of 14 s, higher velocities are observed 

beneath the eastern side of the CMER, and lower velocities are located beneath the 

western side. Some regions of lower velocity are also seen in the NMER and SMER.  

At periods of 21 and 28 s, lower velocities can be seen widely distributed across the 

NMER, CMER, and SMER, and the YTVL.  
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Figure 3.5. Checkerboard resolution tests for two different checker sizes (0.6° × 0.6° 

and 1° × 1°). Grid lines show boundaries of input checkers.  Stations (green triangles) 

and major faults (black lines) are the same as in Fig. 3.1. The black polygon 

encompasses the region used in modeling crustal Vs, and the number in the upper 

right shows mean group velocity obtained from the real dataset.  
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Figure 3.6. Rayleigh wave group velocity maps for selected periods of 7, 14, 21, and 

28 s. Dots in 7-s map indicate inversion nodes to obtain the 3D shear wave velocity 

model described in the text.  Major faults (black lines) are the same as in Fig. 3.1, and 

the grey polygon encompasses the region used in modeling crustal Vs. 
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3.5. Three-dimensional shear-wave velocity model 

3.5.1 Setup of one-dimensional depth inversion 

 In order to obtain a model showing the 3D distribution of S-wave velocities in 

the crust, I first inverted for a one-dimensional (1D) S-wave velocity profile for each 

node shown in Fig. 3.6 similar with other studies (e.g., Bensen et al., 2009; Choi et al., 

2009). Dispersion curves of Rayleigh wave group velocity used in the inversion for 

each node were constructed by combining group velocities between 35 and 60 s 

period from the revised Pasyanos and Nyblade (2007) model with group velocities 

between 6 to 30 s period from my maps (Fig. 3.6). 

  The method of Julia et al. (2000) was used to invert the group velocity curves 

for 1D velocity profiles. This method uses a linearized iterative inversion technique to 

minimize weighted least-square norms. The norms consist of a model roughness norm 

and a matrix difference norm between inverted and preset model parameters. The 

method was developed for joint inversion of receiver functions and surface wave 

dispersion measurements. The influence factor that controls the trade-off between the 

two different datasets was set to zero for the receiver functions.  

 The inversion using only surface wave group velocities tends to produce 

smoothly varying velocity models with depth because the depth sensitivity of the 

group velocity for a specific period is fairly broad. Thus, velocities above and below 

sharp boundaries (e.g. Moho discontinuity) tend to be averaged across the boundary. 

To better estimate velocities above and below the Moho, I have constrained Moho 

depths in the inversion using crustal thickness estimates from Dugda et al. (2005) and 

Keranen et al. (2009).  Moho depth was constrained by imposing a two percent 

increase and reduction in velocity above and below the Moho, respectively, compared 

to velocities reported just below and above the Moho by Keranen et al. (2009).  The 
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velocity constraints were imposed on 1 km thick layers below and above the Moho 

only. 

 The 1D models were parameterized using 1-km thick layers for the top 5 km 

of the crust, 4-km thick layers from 5-km depth to 1 km above the Moho, 1-km thick 

layers just above and below the Moho, and then 8-km thick layers for the mantle to a 

maximum model depth of 70 km. Velocities for the starting model are similar to 

average crustal velocities for the region reported by Dugda et al. (2005) and Keranen 

et al. (2009). The Vp/Vs ratio for the inversions was fixed to the values reported by 

Dugda et al. (2005) and Stuart et al. (2006) for the crust and mantle. Further details 

about the starting model are presented in Fig. 3.7. 

 To determine the influence of the starting velocities on the 1D inversions, the 

initial values were randomly perturbed with a maximum ± 10 % variation of each 

value, and a standard deviation of each layer was measured using inverted models 

from 200 runs of the inversion with the perturbed initial models. In order to determine 

the sensitivity of the constrained Moho depths on the inversion results, I additionally 

performed inversions constraining the Moho to be either 5 km shallower or 5 km 

deeper than the depths reported by Dugda et al. (2005) and Keranen et al. (2009).   

 In Fig. 3.8, modeling results from the 1D inversions are presented for selected 

nodes. All of the synthetic dispersion curves show a good fit to the observations with 

low mean value (0.02 km s-1) of the root-mean-square misfit for all inversions. The 

maximum values of error from the perturbed initial models for each layer do not 

exceed 0.05 km s-1. The maximum errors were obtained for the deepest model layers 

around depths of 70 km.  Models obtained by perturbing the Moho by 5 km depth are 

also shown for comparison. Velocities above the Moho remain essentially the same 

whether or not the Moho depth is altered.  
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Figure 3.7. Summary of initial model construction used in the 1D depth inversion at 

each node shown in Fig. 3.6. Initial model is changed to represent the variations of 

Moho depth, lowermost crustal Vs, and uppermost mantle Vs determined by Keranen 

et al. (2009). See text for additional explanation. 
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Figure 3.8. Examples of depth inversions for selected nodes shown with white 

squares in Fig. 3.9a. The coordinate (longitude, latitude) of the inversion node and the 

misfit error of the final model are shown at the top of each plot. In the left panel of 

each example, the black circles with error bars show the dispersion curve from the 

group velocity tomography. In the right panel of each example, inverted one-

dimensional velocity models are shown. Red lines in left and right panel for each 

example indicate the dispersion curve and velocity variation in depth of the final 

model. Horizontal bars on the red line for each layer present errors estimated from 

testing the initial model. The dashed and solid black lines show results of tests for +5 

km and -5km perturbed Moho depth.  
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3.5.2 Three-dimensional shear-wave velocity model 

 A model showing a 3D distribution of shear wave velocities was generated 

from the inverted 1D models for all 400 nodes (Fig. 3.6). The 3D model was 

constructed by using a linear interpolation to obtain velocities at 1 km depth intervals 

for each 1D model, and then smoothing the velocities at each 1 km depth interval by 

applying a minimum curvature spline (Smith and Wessel, 1990) across all of the nodes.  

 Fig. 3.9 shows horizontal slices through the model at depths of 5, 10, 15, 20, 

and 27 km.  The slice at 5 km depth shows lower shear wave velocities throughout 

most of the SMER and CMER, as well as the eastern side of the NMER and the 

YTVL. The lowest velocities are found in the CMER. At 10 km and 15 km depths, 

low velocities are found beneath the western part of the CMER and eastern part of the 

NMER, with an offset in the velocity pattern coinciding with the BTSH. In this depth 

interval, the lowest velocities are found beneath the western side of the CMER 

coinciding with the location of the SDFZ and extending to the west under the YTVL. 

At 20 and 27 km depths, lower velocities are found beneath most of the NMER, and 

the region of low velocities beneath the western part of the CMER and SDFZ remains 

prominent. These velocity patterns are also apparent in vertical slices through the 3D 

model (Fig. 3.10). Prominent features seen on the vertical sections include the region 

of lower velocities beneath the western side of the CMER (profile A-A’) at all depths, 

a region beneath the eastern side of the CMER/NMER transition with low velocities 

extending to mid-crustal depths (profile B-B’), a region beneath the center part of the 

NMER with low velocities extending to mid-crustal depths (profiles C-C’ and D-D’), 

and a region of low velocities extending to mid-crustal depths beneath the YTVL and 

SDFZ (profile E-E’).  
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Figure 3.9. Shear wave velocity maps for selected depths. Depth is indicated in the 

lower right corner of each map. Dashed lines show locations of vertical profiles in Fig. 

3.10. The white squares in (a) indicate node points of 1D models shown in Fig. 3.8. 

Earthquake epicenters from (Keir et al., 2006) within ± 2.5 km of the depth of each 

model slice are shown with open circles.  
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Figure 3.10. Vertical profiles of shear wave velocities.  The locations of the profiles 

are shown with dashed lines in Fig. 3.9. Vertically exaggerated topography and names 

of major tectonic structures are shown on the top of each profile. Earthquake 

epicenters (open circles) from Keir et al., (2006) within a 0.3° distance from each 

profile are projected onto each profile.  



 65

3.6. Discussion 

 To summarize, the main findings of this study are 1) a region of lower shear 

wave velocities at all crustal depths beneath the YTVL, 2) lower shear wave velocities 

throughout the MER at upper crustal depths (< 10km), 3) prominent regions of lower 

shear wave velocities at mid (10-20 km) crustal depths beneath the WFB on the 

eastern side of the MER, in the transition between the NMER and CMER, and beneath 

the SDFZ on the western side of the CMER, 4) an offset in the velocity pattern at mid-

crustal depths between the NMER and CMER coincident with the BTSH, and 5) little 

evidence for lower shear wave velocities at mid or lower crustal depths beneath the 

SMER.  In this section, I discuss the significance of these findings for understanding 

along-strike variations in the thermal and compositional structure of the MER crust.  

 At upper crustal depths (<10 km), there appears to be little resolvable along-

strike variations in my model. I attribute the lower velocities throughout the MER to 

magmatically perturbed upper crust and basin fill.  Moving to the mid-crust, as 

described in section 2, both Daly et al. (2008) and Keranen et al. (2004) found regions 

of high Vp (6.3-6.5 km s-1) beneath the NMER and CMER that correlate well with the 

locations of the Quaternary magmatic segments. Mackenzie et al. (2005) also imaged 

high P wave velocities beneath the B-K magmatic segment (Fig. 3.1), and Daly et al. 

(2008) reported high Vp/Vs ratios (1.80-1.84) associated with the high P-wave 

velocity regions. The presented model shows relatively low shear wave velocities in 

the regions of high Vp in the model by Daly et al. (2008), and thus may appear to be 

discrepant with the P wave models. However, given the high Vp/Vs ratios reported by 

Daly et al. (2008), the low Vs and high Vp values are expected. For example, in the B-

K magmatic segment, converting a Vp of around 6.5 km s-1 in the Daly et al. (2008) 

model using their reported Vp/Vs ratios yields a Vs of 3.3 to 3.4 km s-1, which is 
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similar to the velocities at 10 and 15 km depths in Fig. 3.9. 

 Keranen et al. (2004) and Daly et al. (2008) attributed the high Vp anomalies, 

together with positive gravity anomalies, to solidified mafic intrusions at mid to upper 

crustal depths.  Furthermore, Daly et al. (2008) and Beutel et al. (2010) noted that if 

the somewhat higher Vp/Vs ratios (> 2) for the entire rifted crust (Dugda et al., 2005; 

Stuart et al., 2006) are considered together with the presence of conductive bodies at 

upper and mid crustal depths (Whaler and Hautot, 2006) and increased crustal seismic 

anisotropy from fluid-filled cracks (Keir et al., 2005; Kendall et al., 2006; Bastow et 

al., 2010), then the mafic intrusions could possibly be associated with some partial 

melt in the mid-crust, or else that partial melt could exist below the intrusions in the 

lower crust. Such an interpretation can account for the high Vp/Vs ratios, the 

relatively low Vs values, and the high conductivity in the regions of high Vp. It has 

been often suggested that small variations in the volume of melt and temperature have 

greater effects on Vs and electrical conductivity than Vp and density ( e.g., Mavko, 

1980; Roberts and Tyburczy, 1999; Goes et al., 2000; Priestley and McKenzie, 2006), 

which are primarily sensitive to compositional variations (e.g., Kern, 1982; 

Christensen and Mooney, 1995; Christensen, 1996). A small increase in melt fraction 

and temperature within or just below the mafic intrusions may thus significantly 

decrease Vs and increase conductivity while not greatly affecting Vp. Consequently, 

the along-strike variability in the presented model showing relatively low shear wave 

velocities at mid crustal depths in regions of higher P wave velocities can be 

understood in terms of the magmatic segmentation within the MER.  

 Another significant along-strike variation at mid-crustal depths in my model is 

found between the NMER and CMER. The presented model shows a region of higher 

velocities beneath the BTSH that coincides with an offset in the velocity pattern 
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between the NMER and CMER, most prominently seen on Fig. 3.9b-c at depths of 10 

and 15 km. The tectonic importance of the BTSH to the temporal development of the 

MER is uncertain. The BTSH has been interpreted as a transfer zone formed by north-

to-south propagation within the MER (Bonini et al., 2005), and as a breached structure 

by the joining of the southern Red Sea rift with the EARS (Rooney et al., 2007). 

Regardless of its origin, the presented model indicates that it is a prominent crustal 

feature extending to at least mid-crustal levels.  

 Other along-strike variations at mid and lower crustal depths within the 

CMER include 1) higher velocities to the south of the southernmost Quaternary 

magmatic center (A-G, Fig. 3.1) along the WFB, and 2) the persistence of low 

velocities through the crust beneath the SDFZ. These variations can be explained by a 

magmatic plumbing model for the MER based on geochemical studies (Peccerillo et 

al., 2003; Rooney et al., 2005; Peccerillo et al., 2007; Rooney et al., 2007; Rooney et 

al., 2011).  According to this model, along the WFB magmas are stored for less time 

and fractionate dominantly in the upper ~5 km of the crust before their eruption. This 

is consistent with the lower velocities observed in the upper crust south of the A-G 

magmatic segment (Fig. 3.9), which are absent at greater depths. Conversely, in the 

SDFZ, magmas fractionate over a broader depth range, and the magmatic bodies are 

imaged as lower velocity anomalies extending throughout the crust (Fig. 3.9).  

 Moving further to the south, there also appears to be along-strike variability 

between the SMER and other sections of the MER. The higher shear wave velocities 

at mid and lower crustal depths in the SMER compared to the NMER and CMER 

indicates that the SMER crust is probably not being modified by magmatism to the 

extent that is occurring beneath the CMER and NMER. In particular, shear wave 

velocities throughout the mid and lower crust within the SMER are significantly 
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higher than beneath the perturbed regions of the SDFZ and WFB, consistent with the 

lesser amounts of Quaternary-Recent volcanism in the SMER, and especially the 

absence of basaltic fissure eruptions since ~ 650 Ka (Woldegabriel et al., 1991; 

Ebinger et al., 1993; Abebe et al., 2007). Nevertheless, recent volcano deformation 

observed within the SMER suggests the presence of some melt within the upper crust 

(Biggs et al., 2011). Therefore, part of the lower velocity anomalies within the SMER 

at upper crustal depths (Fig. 3.9a) may reflect the presence of shallow magma 

reservoirs, but the relatively high velocities in the middle crust indicate that the 

magmatic feeder systems are either sufficiently narrow or that the conduits are 

sufficiently separated such that they cannot be resolved. 

 Much of the along-strike variability in my model has been attributed to 

thermally modified crust. As a check on the extent to which this is the case, I examine 

the depth distribution of seismicity in relation to crustal shear wave velocities. It is 

well established that the depth extent of seismicity is strongly influenced by crustal 

temperatures (Byerlee, 1968; Brace and Kohlstedt, 1980; Ranalli, 1987; McKenzie et 

al., 2005). The cross-sections in Fig. 3.10 reveal that to a first order there is good 

correlation between the depth extent of seismicity and the shear wave velocity pattern. 

For example, on profile D-D’, lower velocities at mid-crustal depths are found beneath 

the B-K magmatic segment compared to the A-G and F-D segments on either side. 

There is significantly less seismicity beneath the B-K segment than beneath the 

neighboring segments, and the seismicity extends only to a depth of about 10 km, 

compared to 15-20 km beneath the adjacent segments. As mentioned above, the 

increase in crustal anisotropy beneath the B-K segment and the overall higher crustal 

Vp/Vs ratios in this region of the MER are consistent with the lower shear wave 

velocities seen in my model.   
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 Another good example is seen in profile E-E’, where there is a significant 

change in the shear wave velocities going from the NW Plateau across the Ankober 

border fault and into the Afar.  Beneath the NW Plateau, where velocities at mid-

crustal depths are about 3.5-3.7 km s-1, seismicity extends to about 25 km depth, 

whereas just to the east of the Ankober border fault, velocities at the same depths are 

3.3-3.5 km s-1 and the seismicity extends only to a depth of about 15-20 km. 

 The aforementioned regions of lower velocities within the NMER and the 

CMER crust, and higher velocities within the SMER crust, show a parallel pattern to 

uppermost mantle seismic velocities, where lower velocities have been found at 75 km 

depth beneath the CMER and NMER compared to the SMER and Afar (Bastow et al., 

2008, 2010). The similar patterns in crustal and uppermost mantle velocities can be 

explained by the initiation ages of the various sections of the MER, with rift initiation 

in the Afar and the SMER beginning at least 10 Ma earlier than in the CMER and the 

NMER. It has been suggested by Bastow et al. (2008, 2010) that the difference in the 

initiation of rifting along strike could lead to larger melt volumes beneath the CMER 

and NMER than in southern Afar and the SMER due to more recent decompression 

melting. In particular, the prominent crustal low velocities beneath the B-K segment 

and the northern part of the SDFZ coincide with the most intense zones of melt, as 

well as the lowest velocities in the uppermost mantle (Bastow et al., 2005; Bastow et 

al., 2008) and the maximum SKS delay times (Kendall et al., 2005; Hammond et al., 

2010). The B-K segment and SDFZ also exhibit volumetrically significant Quaternary 

magmatism and less faulting compared to the adjacent magmatic segments 

(Woldegabriel et al., 1990; Rooney et al., 2005; Abebe et al., 2007; Rooney et al., 

2011). Thus, the along-strike variations in crustal shear wave velocities in my model 

not only reflect the along-strike loci of magmatism and faulting within the crust, but 
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they also appear to be consistent with regions of greater melt extraction from the 

mantle.  

 

3.7. Conclusions 

 I have used ambient noise tomography to construct Rayleigh wave group 

velocity maps covering most of the MER and some of the surrounding Ethiopian 

Plateau, and from these maps, dispersion curves have been extracted and inverted to 

obtain a quasi-3D model of shear wave velocities for the crust. Given the good 

correlation between the presented model results and those from previous studies, I 

adopt a similar approach and argue that at mid and lower crustal depths, velocity 

variations in my model primarily reflect modifications to the crust by magmatism 

through changes in composition, melt content and thermal structure. At upper crustal 

depths (< 10 km), velocity variations in my model also likely reflect basin structure 

and fill. 

 The presented model provides new information on crustal structure over a 

significant portion of the MER. At mid and lower crustal depths in the CMER, the 

main feature in my model is higher velocities to the south of the southernmost 

Quaternary magmatic center along the WFB, and the persistence of lower velocities 

through the crust beneath the SDFZ. Given the similar velocities at mid-crustal depths 

beneath the SDFZ compared to the B-K magmatic segment, I interpret the region of 

lower velocities beneath the SDFZ as an area modified by mafic intrusions, elevated 

temperatures, and possibly some partial melt. This interpretation is consistent with the 

magmatic plumbing model for the MER proposed by Rooney et al. (2007 and 2011), 

which shows two major zones of magmatic activity, one beneath the WFB and the 

other beneath the SDFZ. 
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 Shear wave velocities throughout the mid and lower crust under the SMER 

are significantly higher than beneath the perturbed regions of the SDFZ and WFB. 

This is consistent with the paucity of Quaternary volcanism in this part of the MER. 

Another important feature in my model is the region of higher velocities beneath the 

BTSH that coincides with an offset in the velocity pattern at mid-crustal depths 

between the NMER and CMER, most prominently seen at depths of 10 and 15 km. 

The shear wave velocity pattern in my model shows good correlation with the depth 

extent of seismicity, upper mantle seismic anomalies, and seismic anisotropy, 

corroborating my interpretation that shear wave velocity variations in the MER crust 

reflect to large extent along-axis variations in the thermal and compositional structure 

of the crust.  
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Chapter 4 

Parallel algorithm for Bayesian inversion of 

surface wave dispersions and its application to 

the southern Koran Peninsula 
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4.1. Introduction 

 Surface wave dispersion (SWD) is one of the most useful data to investigate 

crustal and upper mantle structures because phase and group velocities at different 

wave periods have different depth sensitivities to S-wave velocities (VS) (Aki and 

Richards, 2002; Haskell, 1953; Levshin et al., 1989; Takeuchi et al., 1964). The exact 

inversion based on a least-square sense is very efficient in the inversion process and 

has been widely used to obtain the one-dimensional (1D) VS model (Dorman and 

Ewing, 1962; Kennett, 1976; McEvilly, 1964; Wiggins, 1972). However, like many 

other geophysical inverse problems, the inversion of SWD inherently suffers from 

non-linearity and non-uniqueness problem because of the continuous and overlapping 

sensitivities depending on velocity variations with depth (Fig. 4.1a). In addition, the 

problem can become more complex due to effects of unexpected errors in observed 

data, discrete parameterization, assumptions in forward calculations, regularizations, 

etc. (Sambridge and Mosegaard, 2002; Sambridge et al., 2006; Snieder, 1998). In 

general, models deduced from reliable prior information (e.g., initial model) and 

proper regularization parameters are considered acceptable. However, there is no 

guarantee for given different problems that the prior is reliable, the multi-modality is 

not significant, and results are less affected by regularization. Therefore, quantitative 

assessment of uncertainty is important to ensure the reliability of resulting models 

(Mosegaard and Sambridge, 2002; Sambridge and Mosegaard, 2002; Sambridge et al., 

2006; Scales and Snieder, 2000; Tarantola, 2005). Resampling tests using population, 

such as the Bootstrap technique (Efron and Tibshirani, 1991), are commonly 

combined with exact inversions to estimate approximate model uncertainties. 

However, the approach is often not effective for ill-posed inverse problems because of 

the regularization (Rawlinson et al., 2008; Sambridge et al., 2006) (Fig. 4.1b and c and 
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the section 4.3.2 for additional experiments).  

 To suppress the non-linearity and the non-uniqueness, Monte Carlo 

optimization techniques have been adopted for the inversions of the SWD (e.g., Beaty 

et al., 2002; Cercato, 2011; Lomax and Snieder, 1995a). Since these techniques 

directly search the model-space based on random sampling and forward calculations, 

an optimum model avoiding local minima is more likely to be obtained. Yet many of 

the methods intend to find one best model and just ignore the model uncertainties 

(Bodin et al., 2012a). Within these methods, the ensemble inference is easily taken 

from ‘acceptable’ models fitting observations above a certain degree (Douma et al., 

1996; Lomax and Snieder, 1995b; Sambridge and Mosegaard, 2002; Sambridge, 

1999a). However, it is arbitrary to determine the size of the model ensemble and fully 

estimate the model uncertainties (Bodin et al., 2012a; Sambridge, 1999b).  

 In the Bayesian framework, a process is mathematically derived to estimate 

the posterior probability density (PPD) of the acceptable models within the parameter 

space (Duijndam, 1988; Jackson and Matsu’ura, 1985; Scales and Sneider, 1997; 

Tarantola, 2005). Using the Markov chain Monte Carlo (MCMC) technique (Hastings, 

1970; Metropolis et al., 1953), the posterior probability is iteratively updated by the 

multiplication between the prior and the likelihood probabilities. After sufficient 

iterations of the MCMC, it is guaranteed that the full description of the PPD is 

obtained for factors possibly involving the parameters for the inversion process 

(Tanner, 1997). Recently, the Bayesian inversion with the MCMC scheme has been 

successively adopted in seismological problems (Bodin and Sambridge, 2009; Bodin 

et al., 2012a; Gouveia and Scales, 1998; Liu et al., 2010; Shapiro and Ritzwoller, 2002; 

Shen et al., 2012).  
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Figure 4.1. (a) Linearized sensitivities of group and phase velocity dispersions for 

wave-periods of 15, 30, and 45 s. Solid and dashed lines are phase and group velocity 

sensitivities, respectively. (b) Shear wave velocity models inverted using a regularized 

exact inversion technique (Julià et al., 2000) for various combinations with different 

values of parameterizations, initial velocities, and regularizations. Color of each 

model indicates the root-mean-square misfit between phase velocity dispersion curved 

from true and inverted models. The true model is shows with thick line and the best 

fitting model among the ensemble of inverted models is presented with the dashed line. 

(c) The same figure with (b) but with different color-code of logarithm of damping 

factor for regularizations. 
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 In spite of the promising capability to estimate the PPD, major impediments 

of adopting the Bayesian method to seismological problems are computational costs 

and subjective tuning of the prior (Scales and Tenorio, 2001). Recently improved 

parallel computing is ideal to deal with the Bayesian inference (Rosenthal, 2000). It is 

quite straightforward that the PPD can be composed faster by simultaneous collection 

of the posterior models from multiple MCMC iterations on separate processors (e.g., 

Altekar et al., 2004; Byrd, 2010; Feng et al., 2003; Rosenthal, 2000; Whiley and 

Wilson, 2004). However, such simple approaches might not be effective due to the 

redundancy in ‘burn-in’ iterations and uneven running times required for convergence 

in different MCMC iterations.  

 In this study, I present a new algorithm of the parallelized Bayesian inversion 

to obtain the 1-D VS model from SWD data. I focus on developing an inversion 

algorithm, which can take advantages of running multiple MCMC iterations in 

parallelized computations. The characteristic features of the presented method are as 

follows (described in greater detail in the section 4.2): (1) The Metropolis-Coupled 

MCMC (MC3, a.k.a. the Parallel Tempering) algorithm (Altekar et al., 2004; Dettmer 

and Dosso, 2012; Geyer and Thompson, 1995; Geyer, 1992) is adopted to compose 

the PPD readily from the parallel running of multiple MCMCs. In inversions using the 

standard MCMC technique, times taken to converge are significantly varying between 

the MCMC iterations because some chains can be temporarily trapped at local minima. 

The use of the MC3 increases searching range within the model space by increasing 

the acceptance probability in the MCMC procedure. Recursive exchanges of the state 

of the model acceptance hence homogenize the rate of convergence between different 

MCMC iterations. (2) A novel parameterization scheme is employed based on 

concepts such as multi-scale or partitioned parameterization (e.g., Bodin et al., 2009; 
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Hong and Sen, 2009; Ihler et al., 2003). Multiple MCMC iterations are progressed 

with a layered-model parameterization that the number of layers is fixed but 

thicknesses of layers are randomly perturbed (we refer it as random-scale). By the 

ensemble inference using resulting posterior models, the presented scheme reduces 

possible distortions originated from non-optimal parameterizations, without 

introducing additional model parameters or changing dimensions of inversions.  

 Several experiments have been conducted using synthetic SWDs of 

fundamental mode phase and group velocities. By resampling test based on the 

regularized exact inversion, I first verify the limitations of such approach in 

estimations of an optimum model and its uncertainty. Then, the performance of the 

presented algorithm is tested using less noisy synthetic SWDs. I compare between 

inversion results using the MC3 and the random-scale parameterization and excluding 

each of the schemes. To test the effect of data-noise for more realistic synthetic cases, 

a comparison is made between resulting PPDs of inversions using noisy SWDs and a 

'synthetic' PPD formed by a Monte Carlo simulation. For an application to real 

observed data, I use SWDs obtained from ambient noise in the southern Korean 

Peninsula. I expect that the presented algorithm is particularly useful in constructing 

quasi-three-dimension (Q3D) VS models. In practice, a series of 1D inversions should 

be performed successfully for different 'local' SWD curves that are extracted for each 

grid-point of horizontal dispersion velocity maps for different wave-periods. Here, I 

show examples of the Bayesian inversion results using the local SWD curves for 

different tectonic regions in the southern Korean Peninsula.  

 

4.2. Background and method 

4.2.1 Bayesian framework 
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 From the Bayes’ rule (Bayes and Price, 1763), the PPD can be approximated 

by the multiplication between the prior probability distribution and the likelihood 

function: 

    ( | ) =
 ( | ) ( )

 ( )
∝  ( | ) ( ),   (1) 

where   and   indicate the vectors of model parameters and observed data, 

respectively. The  ( | ) means a probability of the model parameters for given data, 

or the posterior probability, and  ( | ) is the likelihood probability for proposed 

model parameters. The term  ( ), refers to as the prior probability, is the probability 

of model parameters before the observed data are presented or known previously. The 

 ( ) is the marginal likelihood used as the normalization factor of the PPD. Beside 

this term is not well described mathematically, it is not important in practice because 

the term will not change with iteration and it means that the ratio of posterior 

probabilities between previous and current steps, which is used in MCMC procedure, 

is always unity. 

 The likelihood probability is assumed to have the Gaussian distribution as, 

     ( | ) = exp  −
 ( )

 
 ,   (2) 

for the goodness of fit Φ( ) = ∑ (  ( ) − d )
 /  

  
   , where   ( ) is i-th value of 

synthetic SWD for given model m, d  is i-th value of the observation vector d, and    

is i-th value of known errors of the observation. The observation, synthetic, and error 

vectors have N data-points which correspond to different wave-periods in observed 

SWDs. Note that the likelihood in equation (2) is not normalized for the normal 

distribution because I use relative variations of posterior probabilities in the MCMC 

steps. Based on the assumption that the covariance of data errors on SWDs is 

negligible, the chi-squared misfit function is used to test goodness of fit between the 
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observation and the synthetic. Here, it is assumed that the variance (error) of each 

data-point in the fitness function is known. Values of the data-variance play a role to 

adjust the degree of fitting between observations and synthetics, automatically.  

 From the equation (1), it is noted that the PPD is constrained by the 

distribution of the prior probability. Well-defined functions of the prior probability 

can significantly reduce running time of the inversion. However, it is not easy to find 

such functions in real problems. On contrary a subjective selection of the prior 

probability distribution may biases the PPD (Scales and Tenorio, 2001). Therefore, I 

use a uniform distribution for the prior probability. The prior probability for one 

model parameter has the form: 

    m  =  
1/(    −     ),     <   <     

0,     ≥   	  	    ≤   
,  (3) 

where      and      are lower and upper boundaries of the search range for the j-th 

model parameter   . Since each model parameter is defined independently, the prior 

probability for M model parameters is  ( ) = ∏  (m )
 
   . This allows us to 

minimize the bias on the PPD due to the prior distribution, if a wide-enough ranges 

are used (Scales and Tenorio, 2001). Though there is no exact rule to choose the 

optimum range for parameter-search. In this study, I empirically determine the range 

(2.0-5.5 km s-1) by comparing several PPDs obtained for different ranges within 1.0-

7.0 km s-1. 

 

4.2.2 Parameterization with the random-scale layered model 

 In this study, it is assumed that the model has multiple homogeneous layers 

and each layer is elastic and isotropic. This parameterization is particularly 

appropriate for synthetic calculations of the SWD used in this study because any 
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conversion or interpolation of the model parameters is not necessary in synthetic 

calculations (Saito, 1988). Although VP and density can theoretically affect the SWD 

(Takeuchi et al., 1964; Tanimoto, 1991), the SWD is much less sensitive to the 

variations in VP and density than VS except at very shallow depth (Julià et al., 2000). 

Therefore, P-wave velocities (VP) and densities are fixed using a predefined average 

VP/VS ratio and the empirical relationship (Brocher, 2005), respectively. In 

consequence, only the VS of each layer is the model parameter (   in equation 3).  

 For the model parameterization scheme with a number of homogeneous layers, 

how to define thickness of layers is a major factor to control the overall resolution. In 

case that there is a rapid velocity change at a certain depth, this feature can be only 

well resolved when the pre-defined depth of the inter-layer boundary is close to the 

depth of rapid change. This problem can be avoided if many thin layers are included. 

However, increasing the number of layers results in additional dimension in the 

parameter-space and computation times for synthetic calculations. To increase 

efficiency in searching of the parameter-space, it is more advantageous to use less 

number of layers.  

 In this context, previous studies have introduced various model 

parameterization schemes. The trans-dimensional partitioned parameterization is one 

of the widely used schemes in which the optimum model dimension and shapes of 

inversion cells (i.e., the number and thickness of layers) are additionally searched as 

members of the model parameters (Bodin et al., 2012a; Bodin et al., 2009; Malinverno, 

2002, 2000). From this parameterization, boundaries between inversion cells are more 

likely located near the rapidly changing structures in the ensemble of the PPD. 

Although such schemes are very successful, it could be computationally more 

expensive due to additional parameters. In another study (Mosegaard and Tarantola, 
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1995), thickness of layers are searched together with the value of density for the fixed 

number of layers. A pre-defined Gaussian distribution is used for the prior probability 

of the layer thickness. Alternatively, a multi-scale scheme was suggested (Hong and 

Sen, 2009). In the method, multiple iterations run with fixed but different number and 

thickness of layers. Then, information is exchanged between chains with coarser and 

finer models.  

 To benefit from the parallel computing, I employ a new parameterization 

scheme of 1-D velocity model based on the ideas of the previous approaches. In a 

chain, each layer is assigned to have a pseudo-randomly proposed thickness according 

to a Gaussian probability distribution  ,  

    ( ) =
 

(  ∙  )√  
    −

(    )
 

 (  ∙  )
 
 ,   (4) 

where,    indicates the center value of the Gaussian distribution, and the standard 

deviation of the distribution is defined by the ratio of    and   . The center value is 

determined as a simple linear function of depth,   ( ) =     
−      

  /    +    
, 

where   is the depth to the top of corresponding layer,      is the maximum depth of 

the model, and    
 and      

 respectively indicate thickness of layers at surface and 

bottom of models. A greater value is used for      
 than    

. Generally, phase and 

group velocities of longer period surface waves have broader sensitivity to deeper 

depths than shorter periods. In the presented scheme, all chains have the same number 

of layers but different thicknesses of them (Fig. 4.2). Only the chains with the suitable 

model parameterization to resolve a target structure at corresponding depth will 

produce well-constrained posterior models. Consequently, the structure can be 

“probabilistically” resolved in the ensemble of the posterior models, because the other 

chains will provide models with scattered values around the corresponding depth.  
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Figure 4.2. An example of the random-scale parameterization for the inversion shown 

in Fig. 4.5 using 40 chains. The MCMC iteration is progressed using the fixed number 

of layers over half-space model parameterization. Thicknesses of layers are varied 

between chains based on the predefined probability distribution. All chains have 

different starting points in the parameter space. The initial shear-wave velocities of 

models are color-coded with the presented color-scale.  
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The ratio    of deviation in equation (4) controls a degree of the variation in 

parameterization between chains. The effects by selecting different layer-thicknesses 

defined by the factors    
 and      

 are tested using synthetics in the section 4.3. 

  

4.2.3 Inversion procedure using the Metropolis Coupled Markov Chain 

Monte Carlo (MC3) 

 Throughout the MCMC procedure, the PPD of model parameters are 

iteratively updated. Steps in the one iteration of the MCMC chain are listed (Fig 4.3a): 

(1) A ‘proposed model’    is randomly proposed from the ‘current’ model   by the 

proposal probability: 

    (  | ) =
 

  √  
    −

   
     

 

   
  ,   (5) 

here    is a user-defined value of standard deviation of the Gaussian distribution. Note 

that one of the model parameters (  
 ) is perturbed from the original value    in the 

current model at random. (2) The likelihood probability is calculated by forward 

modeling for the proposed model. (3) The acceptance of the proposed model is 

decided based on the acceptance probability that is associated with the likelihood ratio 

between the current and the proposed models. (4) The current model is updated with 

the proposed model if the model is accepted. When the proposed model is rejected, the 

chain returns to the first step and starts with a newly proposed model. After sufficient 

iterations (so-called as burn-in period), the current models are collected to construct 

the PPD.   
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Figure 4.3. Flow charts of (a) the standard MCMC and (b) the parallelized MC3 

procedures. Nburn-in, Naccept, Npropose, and R indicate pre-assigned numbers of the burn-in 

iterations, accepted models, proposed models, and a uniform random number in [0.1), 

respectively (see the main-text). The shaded processes in (b) indicate identical steps 

with the shaded area in (a) except the acceptance probability term.  
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 In this paper, the MC3 method is utilized in which multiple chains of the 

standard MCMC are run (Fig. 4.3b). Chains are ‘heated’ to have a higher acceptance 

probability than the ‘cold’ chains. In consequence, the heated chain readily searches 

broader range of the model space. From the relation in equation (1), the acceptance 

probability   is defined with the heating factor   (Altekar et al., 2004) as, 

  =     1,  
       

 ( | )
∙
     

 ( )
 
 

∙
       

 (  | )
 =     1,  

       

 ( | )
 
 

 .  (6) 

In the presented method, the equality between the second and the third terms is 

satisfied, because the prior and the proposal probabilities are not changing because the 

model dimension is consistent. The proposed model    is accepted if   is equal or 

greater than the random number. It is noted that the equation has the same form of the 

acceptance probability in the standard MCMC chain if  = 1 . Compared to the 

standard MCMC (cold) chains, the heated chains ( < 1) have a higher value of   

when the fitting is not improved. The conditions of chains, i.e., degree of convergence, 

are mixed by recursive exchanges of the heating factors between randomly selected 

pairs of chains. For the exchanges, a swap probability is employed to keep the 

symmetry between  - and  -th chains in the Metropolis-Hastings update (Geyer, 1992): 

    
 =     1,

 (  | )  

 (  | )  
∙
 (  | )  

 (  | )  
 =     1,

 ( |  )
  

 ( |  )
  

∙
 ( |  )

  

 ( |  )
  

 . (7) 

If the swap probability is equal or greater than the random number, the heating factors 

are exchanged between  - and  -th chains. In the presented procedure, the swap 

process is attempted between the pairs of chains, after a fixed number of the standard 

MCMC iterations (Naccept in Fig. 4.3b) are completed in all chains. To prevent some 

colder chains being stuck in local minima, each of the MC3 iteration is terminated if 

the number of proposed models reaches a pre-assigned number (Npropose in Fig. 4.3b). 

 In terms of using multiple chains, the MC3 method has an advantage in 
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parallel running (Rosenthal, 2000). In the original form of the MC3, the posterior 

distribution is collected from a single chain with the cold state (Altekar et al., 2004; 

Geyer and Thompson, 1995; Geyer, 1992). Instead, the presented algorithm enables to 

use more cold chains depends on the usable number of parallelized chains. For the 

heated chains, I define values of the heating factor by   = 1/   (∆ ∙  + 1), where 

  is chain (processor) number starting from 0 and ∆  is the increment of temperature. 

After progressing a number of iterations for the “burn-in” iterations, the posterior 

models for the PPD are collected only from the cold chains (Fig. 4.3b).  

 

4.3. Synthetic tests 

4.3.1 Settings of experiments 

 The presented algorithm is first tested using synthetic SWD data. The 

synthetic SWDs of fundamental mode phase and group velocities are calculated for 

the true model consisting of seven layers (thick line in Fig. 4.1b and c). Two layers in 

upper crust (at 16 km depth) and bottom (deeper than 61 km) of the model have 

decreased VS as depth increased. To test the effects of the controlling parameters, I 

performed 8 synthetic tests using different controlling parameters. The details of the 

controlling parameters are described in the method section and the values used for the 

tests are listed in Table 4.1. In every synthetic test, total 8,000 iterations are 

progressed. 

 To produce SWD with realistic data-variances from the suggested true model, 

I performed a Monte Carlo simulation. In each forward calculation for SWD 

synthetics of phase and group velocities, the true model is perturbed with the Gaussian 

random number generated from the true model with assigned values of standard 
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deviation, 0.05, 0.075, 0.1, 0.1, 0.15, 0.2, and 0.2 km/s from the top layer (Fig. 4.4a). 

Layers of the true model is subdivided into thinner layers with thicknesses of 2, 2, 2, 2, 

3, 5, and 10 km from the top layer, and only one of the subdivided layers is perturbed. 

It is noted that the assigned Gaussian distribution is successfully reproduced in the 

‘true’ PPD consists of the ensemble of the simulated models (Fig. 4.4a). The synthetic 

SWDs are calculated for 48 data-points in the period-range of 3-50 s with 1-second 

increment (Fig. 4.4b and c). Using distributions of calculated synthetic phase and 

group velocity SWDs, average SWDs and their standard deviations are estimated.  

 To primarily examine the performance of the presented algorithm and to 

compare results from further tests with noisy data, I first test the algorithm with a 

synthetic SWD of phase velocity with less-noisy data.. In the defined misfit function, 

Φ, of the presented algorithm, completely zero level of data-noise cannot be assigned 

without modification of the function. Therefore, I use 10% value of data-variance to 

the estimated standard deviation for each data point to minimize the effects of data 

uncertainties in the resulting models. To make the noisy synthetic SWDs, the average 

SWDs are randomly perturbed at each frequency based on Gaussian distribution with 

standard deviation estimated in the Monte Carlo simulation (Fig. 4.4b and c). Then, 

the standard deviations used to generate the noisy SWDs are directly applied to the 

likelihood calculation as the input values of data-variance.   
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Figure 4.4. (a) The probability density function (PDF) represented by bin stacking of 

the 10,000 models used in the Monte Carlo simulation. The PDF is normalized to the 

maximum value at each depth. White circles and black lines indicate the averaged 

model and its ±1 standard deviations of the simulated models at each bin-depth, 

respectively. The “true model” is shown by thick gray line, which is almost 

overlapped with the averaged model. (b) Synthetic phase velocity dispersions 

produced by the Monte Carlo simulation. The red thick and dashed lines present the 

averaged dispersion curve and its ±1 standard deviations, respectively. The “noisy” 

dispersion data are shown by diamonds with error-bars, which are produced using 

Gaussian random-number. (c) The same plot but for group velocity dispersions.  
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 Since the inherent broad sensitivity of SWDs with depth, features of the true 

model will not be exactly resolved from synthetic SWDs. Therefore, the presented 

results of the synthetic tests are assessed qualitatively, using relative variations of 

features in PPDs and the averaged models. In order to visualize resulting PPDs, a 

probability density function is calculated by bin-stacking the ensemble of models in 

tabulated VS-depth domain. Then, the stacked values are normalized to the maximum 

probability at each depth (e.g., Fig. 4.4a and Fig. 4.5a). To define a representative 

model from the PPD for practical uses in field researches, I estimate mean values and 

standard deviation of the PDF at each depth of bin. The size of bin used in examples 

of this study is 0.02 km s-1 for VS and 0.5 km for depth. 

 

4.3.2 Experiment for uncertainty estimation in regularized exact 

inversions 

 To further illustrate the described features of regularized exact inversion in 

uncertainty estimation, I perform a test using the noise-free synthetic SWD of phase 

velocity (Fig. 4.4b). Assuming that the true model is not known, 1,000 inversions are 

realized using various combinations of inversion factors including, model 

parameterization, initial velocities of layers, and the regularization factor (damping or 

smoothness constraint). Utilizing the same scheme and values (equation 4 and Test01 

in Table 4.1, respectively) of parameterization, layer thicknesses of model are 

randomly perturbed in each inversion. For initial models velocities, linearly increasing 

VS with depth are assigned using two randomly selected values within the range of 

2.0-5.5 km s-1 for the top and the bottom velocities of the layered model. The 

regularization factor is selected from 0.1 to 10 at random. I use a damped least-squares 
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scheme for an example of the regularized exact inversions (Julià et al., 2000). This 

specific method is originally developed for the joint inversion of SWDs and receiver 

functions but I omit the influence factor for receiver functions to consider only SWDs.  
 From the ensemble of inverted models (Fig. 4.1b and c), it is recognized that 

655 inversions out of total 1000 inversions properly converge with root-mean-squares 

(RMS) misfits being less than 0.06 km s-1 (colored models in Fig. 4.1b). In contrast, 

340 inversions (gray models in Fig. 4.1b) provide much higher RMS misfit values (> 

0.20 km s-1), which surely show that those inversions do not properly converge. 

Together with Fig. 4.1c, it is empirically shown that arbitrary configuration of initial 

models can often make inversions fail to converge even though a reasonable range of 

damping is applied. Among the converged models, correlation is observed between 

misfit values (Fig. 4.1b) and used damping (Fig. 4.1c). The models obtained from 

highly damped inversions are similar each other, less distributed, and show smoother 

features compared to the models inverted using low-damping parameters.  
 The conducted experiment shows that the estimated uncertainties are likely 

modified during the bootstrap test in the exact linear inversions. The uncertainty 

estimation is practical only for the particular combinations of inversion parameters 

that ensure convergence of inversions. This test shows that the convergence of 

inversions is strongly affected by not only the regularization factor but also by initial 

values of model-parameters. However, the particular condition to converge inversions 

is less known. Even inversions are well converged, the test results also confirmed that 

the smoothness constraint controls the distribution of models, as suggested in previous 

studies (Rawlinson et al., 2008; Sambridge et al., 2006).  Thus the estimated 

uncertainties are likely under-valued. 
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4.3.3 Synthetic tests for the performance of the presented algorithm 
 To compare the results from the synthetic tests, I take the result using the less-

noisy SWD of phase velocity as a reference result (Test01 in Table 4.1 and Fig. 4.5). 

General features of the resulting PDF and the averaged model agree with the true 

model (Fig. 4.4a). At depths where VS is constant in the true model, VS with the 

averaged VS of the PPD (Fig. 4.5a) correspond to the VS in the true model. The 

standard deviations of the PPD at the depths are smaller than the true PPD (Fig. 4.4a), 

especially at the shallow (< 5km) and bottom (> 90 km) depths. However, the PPD at 

depths around sharp boundaries shows relatively broad distributions, which may take 

into account smoother sensitivities of longer period SWDs. The trend of PPD seems to 

follow the average of two VS  values for adjacent layers sharing a discontinuity in the 

true model (i.e., layer boundaries at 16, 25, 36, and 61 km-depth). All resulting SWDs 

associated with the models consisting of the PPD are almost identical and similar to 

the synthetic ‘observed’ curve (Fig. 4.5b). This implies that the non-uniqueness or 

velocity-depth trade-off is significant problem in SWD inversion even though there is 

no noise. Fig. 4.5(c) shows variations of misfit in cold chains as the MC3 iteration 

progresses. During collecting the PPD after the burn-in period (the red dashed line in 

Fig. 4.5c), the progressing trend of misfit functions is consistent and just varies within 

confined ranges determined by the level of data error. To check the convergence of 

chains in practical running, the variations (i.e., gradient) of the misfit function is 

monitored simultaneously.  



 92

 

Figure 4.5. (a) The same plot with Fig. 4.4a for the posterior probability distribution 

(PPD) of the Test01 in Table 1. (b) Distribution of all dispersion curves for the 

posterior models. Observed data and their errors are superimposed with diamonds and 

error bars. (c) Progress of misfit functions measured in cold chains at each iteration. 

Different colors are used to distinguish chines. The red dashed lines indicate the ends 

of iterations for the burn-in.  
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 To verify the effectiveness of the random scale scheme in parameterization, 

three tests (Test02-04 in Table 4.1) are additionally performed with different sets of 

controlling factors (   
 and      

) and compared with the reference result. Averaged 

models of PPDs are shown together with the true model in Fig. 4.6. Resulting model 

using the presented scheme (  ≠ 0) is similar each other even greater values of layer-

thickness are used. In contrast, the results using fixed layers show significant 

differences over all depths. The model obtained from Test03 is relatively similar with 

the models using the presented scheme. But the model using thicker layers do not fit 

the true model especially at depths around the discontinuities in the true model. 

 In order to assess the performance of the presented MC3 scheme, I conduct 

two synthetic tests (Fig. 4.7). I apply the standard MCMC scheme (Test05 and Test06 

in Table 4.1) by fixing the heating factor to 1 (∆ = 0). It means that all chains are 

run in the cold states. For the same number of iterations with Test01, some chains 

show poor convergence rate (Fig. 4.7c and f) while other chains show similar 

performance with Test01 (Fig. 4.4c) in terms of the convergence. The consistent 

higher values of misfit functions indicate that the chains are remaining at local minima. 

Although some chains show the possibility to escape from the trap, it is clear that 

more iterations would be required to completely converge in all chains. As a result, 

the PPDs in Fig 4.7(a) and (d) show broader distribution of VS at several depths. From 

the comparison between Test05 and Test06, the low convergence rate in Test05 is not 

simply because of that more cold chains are used than the Test01. Even though the 

same number of the cold chains with Test01 is initially used in Test06, the result 

shows the similar convergence rate for Test05 with lager number of initiated cold 

chains. Determining the optimum number of heated chains may be problem dependent 

and affected by random-process during inversions. However, these several 
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experiments using only a few cold chains are frequently fail to converge in absence of 

the heated chains. 

 

4.3.4 Tests with noisy SWDs 
 In the Bayesian framework, as described in the section 4.2, the variance of 

data noise plays an important role in the formation of the PPD. The PPDs and 

averaged models obtained from the SWDs with data variances are compared with the 

reference result (Test01). I perform synthetic tests using not only the SWD of phase 

velocity but also combined SWDs of phase and group velocities (Test07 and Test08 in 

Table 4.1).  
 In comparison with the reference result, the resulting PPD in the Test07 (Fig. 

4.8a) is similar in overall feature in that velocity differences do not exceed 0.2 km s-1 

at all depths. However, non-negligible discrepancies are observed in the PPD The 

resulting averaged model is more smoothly varying with depth and less fitting the 

features in the true model. The distribution of the PPD is broader than the less-noisy 

test (Fig. 4.5a), but similar with the distribution of the true PPD (Fig. 4.4a). The set of 

the synthetic SWDs from the PPD models (Fig. 4.8b) shows broader distribution 

compared to the less-noisy test (Fig. 4.5b), which covers the area of heterogeneous 

variations in the “observed” SWD due to the added noises.   
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Figure 4.6. Comparison of averaged models between synthetic tests using the 

random-scale parameterization (red lines, Test01 and 02 in Table 4.1) and not (blue 

lines, Test 03 and 04 in Table 4.1). The dashed lines indicate the averaged models 

with coarser models (Test02 and 04 in Table 4.1). The true model is shown with thick 

gray line.  
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Figure 4.7. Results of synthetic experiments for the performance of the Metropolis 

coupled Markov chain Monte Carlo algorithm in the presented method. (a-c) The 

same plots with Fig. 4.5 for Test05 in Table 4.1. (d-f) The same plots with Fig. 4.5 for 

Test06 in Table 4.1.  
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Figure 4.8. The same plots with Fig. 5 for the synthetic test (Test07 in Table 4.1) with 

the noisy data shown in Fig. 4.4(b).  
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Figure 4.9. (a) The same plots with Fig. 4.5(a) for the synthetic test (Test08 in Table 

4.1) combined with the noisy dispersion curves of (b) phase and (c) group velocities 

shown in Fig. 4.4(b) and (c), respectively. (d) Plot of misfit variations with respect to 

iteration number as in Fig 4.5(c).  
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 Interestingly, the inversion combining the SWDs of phase and group 

velocities together (Test08 in Table 4.1 and Fig. 4.9) results in a similar averaged 

model to the reference result (Test01). It is notable that the PPD (Fig. 4.9a) and the 

distributed range of the SWDs (Fig. 4.9b) are not narrow as Test01 and similar with 

the Test07 and the true PPD. For a given velocity model, the SWDs of group ( ) and 

phase ( ) velocities are not independent because two datasets are determined in terms 

of angular frequency ( ) and wave-number ( ) by the analytical relationships of 

 =   ⁄  and  =     ⁄ , respectively. However, the sensitivities estimated 

assuming the local linearity to depth (Fig. 4.1a) show that the SWD of group velocity 

has relatively higher constrains on VS than the SWD of phase velocity. This was also 

reported in earlier study (Kennett, 1976). Additionally inferred that the effect of data-

noise could be canceled out in some degree because the imposed noises to phase and 

group velocity data are uncorrelated between each other. This result suggests that the 

inversion using SWDs of group and phase velocities simultaneously could give more 

constraints on VS when data-errors are not negligible.  

 

4.4. Application to southern Korean Peninsular data 

4.4.1 Preparation of local SWD curves using ambient noise data 

 Several 1D VS models of different tectonic regions in the southern Korean 

Peninsula are estimated to demonstrate the applicability of the presented algorithm in 

real problems. I invert for 1D models using local SWD curves of the phase and group 

velocities for specific geographical locations. The local SWD curves are composed 

from the combined process of the ambient noise cross-correlation and surface wave 
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tomography. The process is well established to construct Q3D models using extracted 

empirical Green’s functions (EGF) from ambient noise data (e.g., Bensen et al., 2009; 

Choi et al., 2009; Kim et al., 2012; Moschetti et al., 2010; Yang et al., 2008; Yao et al., 

2008; Zheng et al., 2011). In this study, three-year continuous recordings during 2006-

2008 are used from 30 broadband stations operated by the Korea Institute of 

Geoscience and Mineral Resources, the Korea Meteorological Administration, the 

IRIS (INCN), and the F-net (IZH) (Fig. 4.10). 

 Here, I list the process to obtain the local SWD data: (1) Continuous 

broadband recordings are subdivided into 1-day-length windows with 50 % overlap. 

The windowed data are corrected by instrument responses and normalized by one-bit 

normalization and spectral whitening. (2) Between pairs of two stations, cross-

correlation functions are calculated for all of the windowed data recorded 

simultaneously. To form the EGF of each station-pair, calculated cross-correlation 

functions are averaged, folded at zero, and differentiated in time (Lin et al., 2008). (3) 

The frequency-time analysis (FTAN) is performed to measure SWDs of group and 

phase velocities from the EGFs (Dziewonski et al., 1969; Levshin et al., 1989). 

Similar with previous studies (Bensen et al., 2007; Lin et al., 2008), the FTAN is 

performed automatically relying on reference SWD curves, which are calculated using 

an 1D reference model of  the southern Korean Peninsula (Kim et al., 2011). (4) By a 

series of surface wave tomography (Rawlinson and Sambridge, 2004; Saygin and 

Kennett, 2010), maps showing horizontal variations of group and phase velocities are 

obtained for the range of wave-period 3-30 s (Fig. 4.11). (5) Finally, the local SWDs 

at desired geographical points (Fig. 4.10) are composed by spline interpolations 

(Smith and Wessel, 1990) from the maps of phase and group velocities. 
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Figure 4.10. Map of the southern Korean Peninsula showing the locations of the 

Korea Institute of Geoscience and Mineral Resources (triangles), the Korea 

Meteorological Administration (inverse triangles), the IRIS (square), and the F-net 

(circle) stations. The red symbols represent stations used in the application of the 

presented algorithm. The background colour indicates elevation and the thick red lines 

are the boundaries of the major tectonic regions: Gyeounggi Massif (GM), Okcheon 

Belt (OB), Yeongnam Massif (YM), Gyeongsang Basin (GB), and Yeonil Basin (YB). 

The dashed polygon encompasses the region used in presenting tomography maps in 

Fig. 4.11.  
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Figure 4.11. Tomography maps and corresponding uncertainties for selected periods 3, 

8, 16, and 24 seconds. Left and right two columns of maps show phase and group 

velocity results, respectively. The average velocity of each map is indicated in lower-

right corner.  
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 To control the quality of SWD measurements in the FTAN step, I select the 

SWD data by applying two criteria. The measured SWDs are rejected if the 

interstation distance is shorter than 2.5 times of corresponding wavelength or signal-

to-noise ratio is less than 7. Then, the selected SWD data are confirmed by visual 

inspection. In the utilized method of the surface wave tomography, damping and 

smoothing parameters are involved in the inversion to scale model variance and 

smoothness terms of the objective function, respectively (Rawlinson et al., 2008; 

Saygin and Kennett, 2010). Based on trade-off tests between variance of model and 

data-misfit, I use 2.0 for damping and 1.0 for smoothing. The references SWDs from 

the 1D reference model in Korea are used for initial velocities in the tomographic 

inversions. I assume that the model-variance is 3% to the initial velocities, which is 

assigned to diagonal elements of the model covariance matrix in the objective function. 

 

4.4.2 Data variance of the local SWD curves 

 In order to estimate data-error of the local SWD curves, additional schemes 

are included within the described process of SWD measurements. Firstly, uncertainties 

in measurements of group and phase velocities are estimated by the bootstrap test 

(Efron and Tibshirani, 1991) utilizing the subsets of the cross-correlation functions. 

For each station-pair, I perform the automated FTAN process 200 times using EGFs 

formed by random sampling of the cross-correlation functions. Mean values of the 

estimated data errors are used to comprise the data covariance matrix in the surface 

wave tomography. Secondly, I conduct a Monte Carlo approach to reflect the 

measurement errors during the FTAN step into the horizontal tomography maps. In 

which tomography is repeated 200 times using perturbed group and phase travel-time 

data. The perturbed data are randomly generated from Gaussian distributions with the 
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standard deviation of the estimated travel-time errors by the bootstrapping of the 

FTAN. Then, standard deviations of the resulting 200 maps are calculated (Fig. 4.11). 

As in the local SWD estimation, the errors of each local SWD are obtained by 

interpolations.  

 In the estimation of data variance, I use 1.0 and 0.0 for damping and 

smoothing factors respectively to minimize the effects by the regularization of 

tomography. As noted in section 4.3.2, however, the uncertainties estimated by 

regularized inversions are generally under-valued due to the essential damping to 

avoid matrix singularity (Rawlinson et al., 2008; Sambridge et al., 2006). Thus, I use 

30% increased values to the estimated data variances. Such scaling of the data 

variances is arbitrary. There have been several suggestions to estimate more proper 

data variances (Bodin et al., 2012b; Lin et al., 2009), but the process is beyond the 

scope of this paper. 

 

4.4.3 Comparisons and interpretations of inversion results 

 We perform inversions with the same settings in the synthetic test using phase 

and group velocities together (Test08), except for the SWD data. Each SWD curve of 

phase and group velocities consists of 28 data points and corresponding errors in the 

period range of 3-30 second. For a comparison with results of receiver function 

inversions (Chang and Baag, 2005; Chang et al., 2004), locations of 12 stations are 

selected, which are belong to different major tectonic regions in the southern Korean 

Peninsula (Fig. 10): Gyeounggi Massif (GM), Okcheon Belt (OB), Yeongnam Massif 

(YM), Gyeongsang Basin (GB), and Yeonil Basin (YB). Overall, obtained PPDs and 

averaged models (Fig. 4.12) show not significant variations in VS of each depth 

compared to the 1D reference model (Kim et al., 2011). As observed in the synthetic 
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tests, the resulting PPDs change smoothly with depth around the Moho depth in the 

1D reference model.  

 For the check of inverted results using the presented method, the averaged 

models are compared with inverted models using the meticulously constrained 

linearized method (Julià et al., 2000) to be converged adequately. For initial models, 

the 1D reference model is used that is close to the estimated averaged models. 

Consistent models are inverted by using the initial model, which only depend on the 

smoothness factor. In the assumption that data have uniform values of variances 

(0.025 km/s), I define an optimum value of the smoothness factor (1.0), which can 

result in similar models to corresponding averaged models. It is noted that the 

averaged models show a good agreement with the results of the linear inversion (Fig. 

4.12). Discrepancies of models mostly found in CHJ, TJN, and HKU (Fig. 4.12e-g) 

are due to the fixed value of data variance used in linear inversions. In further 

Bayesian inversions using fixed values of data variance to 0.025 km/s (Fig. 4.12), a 

minor difference is observed between models (Fig. 4.12). For example, synthetic 

SWDs from the PPD models of the GKP1 (Fig. 4.13b and c) show narrower 

distributions compared to TJN (Fig. 4.13e and f). The errors of observed data in TJN 

are relatively greater than GKP1 especially short periods of group velocities. This 

indicates that different data errors to different data-points control features in inverted 

models as well as model uncertainties. 

 In comparisons, out results generally agree with the results of receiver 

function inversions at depths of middle or lower crust in all examples (Fig. 4.12).  

However, significant differences are found at shallower depths. First, velocity 

decreases at very shallow depth (< 2 km) shown in receiver function results are not 

resolved in models from the presented method. I interpret that the minimum period of 
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the used SWD is not enough to have sensitivity to shallow low velocity sedimentary 

layers with less than 2 km thickness. Relatively low velocity is estimated in HDB (Fig. 

4.12l) where thicker sedimentary structures are suggested by developed fan-delta 

systems (Chough et al., 2000). Second, structures around the discontinuities in upper 

or middle crust are not matched (Fig. 4.12) except the BUS and GKP1 (Fig. 4.12j and 

k). In CHJ, TJN, HKU, and KWJ (Fig. 4.12e-h), results show velocity increases 

around the depths with increases of depth but with higher velocities. It is well known 

that receiver functions have higher sensitivity to velocity discontinuities than SWDs, 

but less sensitive to absolute velocity of each depth. In SEO, SES, HSB, DGY, GSU, 

and HDB in Fig. 4.12, negative correlations are found at upper-to-middle crustal 

depths between the results and receiver function inversions. Typically, clear low 

velocity layers are estimated in receiver function models compared to monotonically 

increasing models in other locations. One possible interpretation is that the low 

velocity layers may affect the observed SWDs, but estimated depths of the structures 

in the results could be not exact due to the inherent low sensitivity of SWD data to 

depths of discontinuities. 
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Figure 4.12. Comparisons of inverted models for selected locations of stations shown 

in Fig. 4.10. The red lines and shaded areas indicate averaged model and 

corresponding PPDs. The thin dashed red lines show the resulting averaged models 

using fixed data variances of 0.025 km/s. Models by using a linearized method (Julià 

et al., 2000) are shown in black lines. The grey and dashed blue lines present a 

reference 1D model of the southern Korean Peninsula (Kim et al., 2011) and inverted 

models from receiver function studies (Chang and Baag, 2005; Chang et al., 2004), 

respectively.   
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Figure 4.13. Examples of resulting PPDs and distributions of synthetic SWDs with 

observed data similar with Fig. 4.9(a-c) for the stations of GKP1 and TJN in Fig 4.10. 
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4.5. Discussion and conclusions 

 In this study, a new algorithm for the SWD inversion is presented based on the 

Bayesian framework. Basically, 1-D layered models of VS are perturbed and updated 

by the MCMC technique and the Bayesian rule to compose the PPD. Performance of 

such procedure can be greatly improved by utilizing parallel computations. Due to 

heterogeneous execution times between chains, however, the application of the 

MCMC method in parallel machines could be inefficient without meticulous tuning 

for a specific problem. The presented algorithm is intended to provide a general 

method to enhance the efficiencies by synchronize the MCMC chains in parallel 

computations without much sacrificing performance of individual MCMC chain. In 

this respect, I introduce the random-scale parameterization and the MC3 procedure to 

the general MCMC procedure. The random-scale parameterization uses fixed number 

of layers with randomly perturbed thickness in all parallel chains. Under the condition 

using multiple chains, complex features in structures are well resolved without trying 

to find an optimum model parameterization.. The MC3 inserts the heating factor to the 

likelihood function to control ranges of parameter search. A part of chains has a 

“heated” state to explore wider range in parameter space during the given number of 

iterations. Exchanging the heating factors between chains prevents chains from 

trapping into local minima for a long time.  

 Performance of the presented algorithm is examined by synthetic experiments 

on how the PPD is effectively formed by the random-scale parameterization and the 

MC3 procedure. The comparison between respective results using “fixed-“ and the 

random-scale parameterization for normal and coarser models shows a good 

consistency only when the presented scheme is applied. The test results excluding the 

MC3 procedure also support that the presented algorithm accelerates the convergence 
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of chains in practice. Resulting PPDs could be slightly varied between tests because 

the presented algorithm relies on random numbers generated by computer. However,  

repeated tests result in the almost same PPDs under the same condition with different 

values of seed for random number. The presented algorithm is also successively 

applied to real observations of SWDs under the same modeling settings. 

 Compared to conventional regularized exact inversions, the higher 

computational cost of the presented algorithm is obvious. Total running time for an 

inversion may vary depending on conditions and settings of given problems, but it 

generally takes about from half to one hour for the SWD with about 50 data-points in 

a used parallel machine with 2.3 GHz AMD CPUs. This amount of running time is 

longer than the time for the exact inversions by the order of 2 or 3. However, wall-

clock time for an execution could be significantly increased in the exact inversion as 

well, if additional recursive inversions (i.e., bootstrapping test) are included for model 

uncertainty with respect to several inversion parameters. 

 In the strict sense of the Bayesian approach, the model parameterization 

should be excluded from the prior to convey information in data to the resulting PPD 

thoroughly. Even though the random-scale parameterization scheme useful to avoid 

modifications by arbitrary parameterizations in averaged models, it still could not be 

free from the non-uniqueness or the velocity-depth trade-off in the formation of the 

PPD. For instance, used parameterization may contribute the formation of the broader 

PPDs observed in the less-noisy test (Fig. 4.5a) compared to the very narrow PPDs at 

the surface layers (< 3 km). Note that the surface layers less suffer from the velocity-

depth trade-off. As described in the section 4.2.2, there have been some previous 

attempts (e.g., Bodin et al., 2012a) to deal with the parameterization as additional 

modeling parameters not as unknown prior probabilities. On the contrary, 
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parameterization schemes based on strong preconditions greatly reduce computational 

costs because they allow using less number of model parameters (e.g., Shapiro and 

Ritzwoller, 2002; Shen et al., 2012). These approaches assume that target structures 

can be sufficiently reproduced by the simplified parameterizations. In the presented 

method, the random-scale parameterization is used to treat more complex features into 

model. Particularly, low velocity layers are resolved well as shown in tests with 

synthetics (Fig. 4.5a) and observations (Fig. 4.10). In spite of the inevitable influence 

of the parameterization on the PPD in the presented method, I believe that the 

presented approach could be appropriate in practice by the efficiency not using 

additional model parameters, in the condition that the structure is possibly complex 

and prior information for the structure is not well defined. 

 Similarly, several assumptions in this paper also play a role as unknown prior 

probabilities. Some assumptions based on physics are applied to reduce the number of 

modeling parameters. Only the VS of each layer is searched by assuming the fixed 

VP/VS ratio, empirically related density to VP, isotropy, and elastic media. In the 

presented algorithm, many of assumed physical factors are readily included as 

inversion parameters though it will make algorithm inefficient due to low sensitivities 

or severe trade-off between parameters (i.e., harmonic relationships between 

anisotropic parameters). In addition, other assumptions related to technical limitations 

involve in the formation of the PPD. For example, the used method of forward 

calculations based on inversions to find solutions and layered half-space model. I also 

assumed that possible data-errors are fully included in the pre-defined variances of 

data. And the possible covariance of data is ignored. Prior information, which may not 

be mathematically linked to the PPD, would be involved in inversions as “invisible” 

prior probabilities by means of the MCMC scheme (Mosegaard and Tarantola, 1995). 
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In consequence, the PPD incorporates more uncertainties possibly arising from data 

and inversion processes in the presented algorithm. In other words, this characteristic 

of the presented method in the formation of PPD provides a way to estimate 

uncertainties not only from data but also from the inversion process itself. 

 Joint inversion with multiple datasets is a typical extension of the presented 

algorithm. In particular, it is well known that the receiver function is a good 

complement data to SWD due to the higher sensitivity to velocity discontinuities at 

depths (Du and Foulger, 1999; Julià et al., 2000; Özalaybey et al., 1997). Such joint 

inversions with the SWDs and receiver functions are well implemented by Bayesian 

approaches (e.g., Bodin et al., 2012a; Shen et al., 2012). In experiments on the 

combined SWD inversions of group and phase velocities, a simple linear combination 

of data misfit functions is used. It is attributed to the assumption that the variances of 

data are similar. In order to invert jointly with different types of data, however, it is 

necessary to introduce weights into the likelihood function (equation 2) balancing the 

amount of data variances. In general, the weightings can be determined empirically or 

by hierarchical Bayesian inversions (Bodin et al., 2012a). As other extensions, the 

presented algorithm has advantages in spatially higher dimensional problems. Being 

trapped in local minima is likely avoidable in the presented method that could be a 

significant risk to obtain a solution in problems need extensive computations. As 

shown in the synthetic tests, the random-scale parameterization scheme is also 

expected that it would increase resolution using relatively coarse grid for two- or 

three-dimensional parameterizations.   
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Chapter 5 

Summary and conclusion 

 

 In this thesis, regional-scale models of seismic velocities are investigated 

using various seismic data and methods. A broad range of seismic methodologies is 

explored in the model estimations from inversion to forward modeling. In particular, 

two novel techniques are developed to obtain 1D velocity models and to estimate 

uncertainties of the models, respectively based on Bayesian inference and full grid-

search techniques. Together with these seismic methods, seismic full-waveforms and 

ambient noise records are used to obtain 1D P- and S-wave velocity model of the 

southern Korean Peninsula and 3D S-wave velocity model of the Main Ethiopian rift. 

 Firstly, I propose a full-grid search procedure for broadband waveform 

modeling to determine a 1D crustal velocity model. The velocity model can be more 

constrained because of the use of broadband waveforms instead of travel times for the 

crustal phases, although only a small number of event-station pairs were employed. 

Despite the time-consuming nature of the full-grid search method to search the whole 

model parameter space, the use of an empirical relationship between the P- and S-

wave velocities can significantly reduce computation time. The proposed method was 

applied to a case in the southern Korean Peninsula. Broadband waveforms obtained 

from two inland earthquakes that occurred on 20 January 2007 (Mw 4.6) and 26 April 

2004 (Mw 3.6) were used to test this model. The three-layers over half-space crustal 

velocity model of the P- and S-wave velocities was then estimated. Comparisons of 
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waveform fitness between the final model and previously published models 

demonstrate advancements in the average value of waveform fitness for the inland 

earthquakes. In addition, 1D velocity models were determined for three distinct 

tectonic regions, namely, the Gyonggi Massif, the Okcheon Belt, and the Gyeongsang 

Basin, which are all located inside the study area. A comparison between the three 

models demonstrates that the crustal thickness of the southern Korean Peninsula 

increases from NW to SE and that the lower crustal composition of the Okcheon belt 

differs from that of the other tectonic regions.  

 Secondly, ambient noise tomography has been used to construct Rayleigh 

wave group velocity maps covering the northern (NMER), central (CMER), and 

southern (SMER) parts of the Main Ethiopian Rift (MER). In addition, dispersion 

curves, extracted from the group velocity maps, have been inverted to obtain a quasi-

3D model of crustal shear wave velocities. In comparison to crustal structure on the 

Ethiopian Plateau, I find 1) lower shear wave velocities at all crustal depths beneath 

the Yerer-Tullu Wellel Volcanotectonic Lineament, 2) lower shear wave velocities 

throughout the MER at upper crustal depths (< 10km), 3) regions of lower shear wave 

velocities at mid (10-20 km) crustal depths beneath the Wonji Fault Belt (WFB), in the 

transition between the NMER and CMER, and beneath the Silti-Debre zeit Fault Zone 

(SDFZ) on the western side of the CMER, 4) an offset in the velocity pattern at mid-

crustal depths between the NMER and CMER coincident with the Boru-Toru 

Structural High (BTSH), and 5) little evidence for lower shear wave velocities at mid 

or lower crustal depths beneath the SMER. I attribute these findings primarily to 

along-strike changes in crustal composition, melt content, and thermal structure 

resulting from the Cenozoic to Recent magmatism, and also, at upper crustal depths (< 

10 km), to basin structure and fill. These findings corroborate a magmatic plumbing 
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model for the MER that shows two major zones of magmatic activity, one beneath the 

WFB and the other beneath the SDFZ. The shear wave velocity patterns in my model 

show good correlation with the depth extent of seismicity, upper mantle seismic 

anomalies, and seismic anisotropy, as would be expected if the along-strike changes in 

shear wave velocity reflect the thermal and compositional structure of the crust. 

 Lastly, I present a new procedure of the Bayesian inversion to estimate the 

shear wave velocity profile and its uncertainty from surface wave dispersion (SWD) 

data. The presented method is designed to efficiently obtain the posterior probability 

density (PPD) in parallelized computations using the Metropolis-coupled Markov 

chain Monte Carlo (MC3) technique and random-scale parameterization. Inversions of 

the SWD data following the standard procedure of the Markov chain Monte Carlo 

(MCMC) often fail to converge within a limited number of iterations because chains 

can be temporarily trapped at local minima. The MC3 technique enhances search 

capabilities in the parameter space by simultaneously using multiple ‘heated’ and 

standard (cold) chains and exchanging the heating states between the chains. For the 

model parameterization, the random-scale scheme is proposed in which thicknesses of 

layers are randomly perturbed from the predefined thicknesses. By doing this, possible 

artifacts due to arbitrary parameterizations can be minimized without changing of the 

model dimension during the inversion process. To illustrate the performance of the 

presented method, I performed synthetic tests using fundamental mode SWD data. 

Results of the synthetic experiments clearly show that the MC3 and the random-scale 

parameterization are effective to solve the problem. After verifying the method 

through synthetic experiments, the presented method is applied to SWD data of the 

southern Korean Peninsula.   
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Abstract (in Korean) 

 

 본 논  다양한 지진학  법과 자료를 사용하여 추  지역 지진  

속도모델들  시한다. 사용  자료는  지진  (full waveform) 과 지진

경잡음 로, 지진활동이  지역에  속도모델  결 하는데 용하다.  

지진  각각 다른 경로를 지나는 다양한 지진 상들의 진폭과 상에 한 

보를 동시에 포함하고 있  때 에, 지진  상의 시간에 한 자료에 

해 지구 내부구조를 더 잘 결 할  있게한다. 라 , 더  의 자료를 

이용하여 속도모델  결 할  있다. 지진 경잡음의 상 함 를 통해 두 지진

소 사이를 하는 경험  그린함 를 구할  있다. 이러한 지진 경잡음

로 부  구한 자료에  일 로 우 한 표면  신 를 사용함 로써, 지진

에 의한 자료를 사용하지 않고 도 속도모델  구할  있다. 

 본 논 에 는 지진 자료를 맞추는 최 의 속도모델  찾 한 법

로 역산, 베이지안 추론,  격자탐색법 (full grid-search)  사용한다. 

역산 법에 는 지진 자료  지구 구조를 연결하는 행 의 역행  구함
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로써 속도모델  추 할  있다. 라 , 모델 역 직  탐색에 근거한 법에 

해 효 이다. 그러나 역행  구하  한 규화 (regularization) 법들로 

인해, 추  모델과 그 불확실 이 왜곡   있다. 면,  격자탐색법에

는 체 모델 역에 한 확률 도함 를 구할  있다. 록  격자탐색법

의 효 이 낮아 복잡한 모델  추 하는데 사용하  어 지만, 구해진 확률

도함 를 통해 최 의 모델과 그 불확실 이 확하게 추   있다. 베이지

안 법  역산과 격자탐색법의 간에 치하는 법이다. 마코 연쇄몬

테카를로 (Markov chain Monte Carlo; MCMC) 법  통해, 베이지안 법  모

델 역에  확률 도함 를 복  통해 추 할  있는 학 인 법론  

시한다. 이 법  작  요 샘 링  통해 모델 역  탐색하  때 에 

규화 과 이 요없고  격자탐색법 보다 효 이다. 그러나 모델 역에 

한 충분한 탐색  하  해 는 사 확률 (prior probability), 가능도 

(likelihood), 모델변 , 복 스 에 한 고 가 요하다.  

  지진학  법과 자료들에 한 다양한 조합 로, 지진  속도모

델들이 추 다. 첫째,  격자탐색법이 한 도 남부의 지역  P  S 의 

일차원 속도모델  결 하  해 용 다.  개의 로 구  한체 
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(half-space) 모델  얻  하여, 차 모델 변 의 탐색 범 를 좁 가는  단

계 과 이 개 다. 두 개의 지역 지진원  록한 역 자료를 이용하

여 한 도 남부의 평균모델과 각 지구조 별 모델이 추 다. 추  평균모델

 0.04-0.4 Hz 주  범 에  사용 지 않  다른 지진들의  더 잘 맞추

는 것이 확인 다. 둘째, 지진 경잡음  이용하여 추  사 삼차원 S  속도

모델에 의해 Main Ethiopian 열곡 의 축 향 지각 구조 변화가 조사 었다. 모

델  7-30  주 에 해  표면  토모그래  역산과 이 향 역산의 조합

 통해 얻어진다. 이 모델  이 에 표  모델들에 해 열곡  지각 체를 

포함하는 더  지역  포함한다. 결과 로 이  연구들에  명  어

웠던 열곡 축 향의 복잡한 특징들  해 할  있는 회를 공한다. 한, 마

그마 구조의 자 한 변화에 한 이미지를 공하고, 상부맨틀 구조  연결하는 

해  가능하게 한다. 마지막 로, 표면  분산 자료를 이용하여 일차원 S  속

도모델  추 하는데 사용할  있는 마코 연쇄몬테카를로 법  이용한 베

이지안 역산 법이 개 다. 시  법  메트로폴리스결합 마코 연쇄몬

테카를로 (Metropolis-coupled MCMC) 법과 작  크  모델변 화 (random-

scale parameterization)를 이용한 병  컴퓨  통해 효 로 확률 도함
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를 추 하 해 계 었다. 메트로폴리스결합 마코 연쇄몬테카를로 법  

모델변  공간에 의 탐색 능  증가시키고, 작  크  모델변 화 법  

부가 인 모델변 를 도입하지 않고 임의의 모델변  에 의해 생하는 결

과의 왜곡  최소화한다. 이 법  사 삼차원 모델  추 하는 과 에  일

차원 S  속도모델  구하는데 용   있다. 이 법  통해 사 삼차원 모

델의 불확실  보다 확히 추 할  있다. 이 법  한 도 남부의 일차원 

지각구조 S  속도모델들  구하는데 용 다. 사용 는 표면  군속도  

상속도 자료는 지진 경잡음 해  통해 얻어진다. 이 법  Main Ethiopia 연

구에 사용  근법과 사한 법  통해 한 도 남부의 사 삼차원 모델  

구하는데 사용   있다. 

 

주요어: 지역 지진  속도모델, 지진 , 지진 경잡음 상 법, 표면  분산, 

역산, 베이지안 역산, 마코 연쇄몬테카를로,  격자탐색법, 한 도 남부, 

Main Ethiopia 열곡 
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