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Bayesian Inference of a Physical Seismological Model 

for Earthquake Strong-motion in South Iceland 

Tim Sonnemann1,2, Benedikt Halldorsson1,2, Birgir Hrafnkelsson3,  

and Sigurjón Jónsson4 

Abstract 

Earthquake ground motion prediction in Iceland where strong-motion data is scarce poses a 

challenge as empirical ground motion models (GMM) developed from data in other regions 

systematically fail to capture the consistently large near-fault peak amplitudes and their rapid 

attenuation with distance from the earthquake source. Therefore, regional GMMs must be 

constructed but due to the limited data, and none above 𝑀w6.5, earthquake source scaling is 

unconstrained at larger magnitudes. Instead therefore, physics-based GMMs should be 

applied based on realistic earthquake source modeling. For that purpose, a seismological 

model constructed around the specific barrier model (SBM) has been calibrated in the context 

of the stochastic method using random vibration theory, to earthquake high-frequency strong-

motions in the South Iceland Seismic Zone. The SBM is used as it provides a complete, yet 

parsimonious and self-consistent description of the heterogeneous faulting processes that are 

responsible for the generation of high-frequency waves. On the basis of the concise point-

source representation of radiated spectra from 𝑁 subevents of the SBM the pseudo-spectral 

accelerations were modeled and compared with that of data in the spectral domain. Backwards 

model selection was then carried out using Bayesian inference with Monte Carlo simulations 

and Markov Chains. The number of parameters in the model inference was reduced to obtain 

stable Markov chains and posterior probability density functions for each parameter, 

eliminating parametric cross-correlations to the extent possible. The seismological model has 

been shown to be unbiased with respect to strong-motions in the SISZ, with a total standard 

deviation of 0.216, with only a minor contribution from inter-event variability, signaling the 

relatively uniform character of SISZ earthquake strong-motion. We showcase the application 

of the SBM extended into a finite-fault and model the three 𝑀w6.3-6.5 earthquakes in the 

dataset, allowing subevents of varying sizes to populate the fault plane and provide a more 

realistic earthquake source and acceleration ground motion time history modeling. The time 

domain results are shown to capture the essential characteristics of the ground motions of the 

three largest earthquakes in the dataset. We present therefore the SBM as a physically 

consistent source model of SISZ earthquakes for the generation of synthetic strong-motion 

time histories or peak parameters, with potential applications in scenario simulations and 

probabilistic or deterministic seismic hazard assessment. 

Keywords: specific barrier model, local stress drop, Bayesian inference, posterior 

distribution, point-source, finite-fault 
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Introduction 

Iceland is located in the North Atlantic Ocean on the extensional tectonic margin 

between the Eurasian and North American plates. The tectonism and volcanism are 

dominated by the Icelandic Hot Spot located under mid-east Iceland, causing an eastward 

jump of a section of the rift margin, thus generating two large zones of transform faulting, the 

South Iceland Seismic Zone (SISZ) and the Tjörnes Fracture Zone (TFZ), respectively [1–3]. 

Figure 1 shows a map of the SISZ with the locations of the largest earthquakes in the region 

over the last 30 years. The seismicity in Iceland follows the margin, which for the most part is 

characterized by volcanic systems apart from the TFZ and SISZ where damaging earthquakes 

have been catalogued in the region over the last 1000 years of written historical accounts [1]. 

The figure also shows that while the TFZ lies mostly offshore, the SISZ lies in the lowlands of 

Southwest Iceland. The SISZ is among the most populous regions in Iceland, with several 

towns and villages located within the seismic zone, along with modern day infrastructure such 

as hospitals, schools and industrial plants. This is one of the most important farmlands in 

Iceland and lifelines, such as high voltage transmission lines, bridges and geothermal 

pipelines traverse the SISZ, continuously supplying the south Iceland lowland and the capital 

region with electricity and hot water from hydroelectric and geothermal power plants located 

on its outskirts. Effectively therefore, the SISZ is a full-scale natural laboratory for earthquake 

seismology and engineering.  

Strong earthquake ground motion has been systematically monitored in the SISZ since 

the early 1980s when the Icelandic Strong Motion Network (ISMN) was established. Owned 

and operated by the Earthquake Engineering Research Centre of the University of Iceland 

[4,5] it is the only strong-motion network in the country, the recordings of which form the 

basis of the estimation of earthquake hazard and seismic risk in Iceland, as well as earthquake 

resistant design. The ISMN has produced data of earthquake strong shaking (Figure 1 and 

Table 1) that not only serve the above purposes, but have the potential of shedding light on the 

variety of earthquake types and the unique nature of earthquake sources and seismic wave 

propagation in the SISZ. Such analysis is important, especially since the attenuation of 

earthquake strong-motion has been shown to be systematically different than in other 

seismically active environments worldwide [e.g., 6–17].  

Earthquake strong-motion simulation for earthquake engineering applications is of 

primary importance for the estimation of earthquake hazard and has direct implications for 

seismic risk assessment. Such simulations are generally based on ground motion models 

(GMM) that have been calibrated on the basis of recorded data for the region under study [18]. 

Such studies have shown considerable and a relatively constant total variability [19]. The 

parameter uncertainty of the GMMs has however not received great attention, but that 

variability may be important for various practical applications, such as fragility analyses. 
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Therefore, the regression method employed should yield probability distributions for the 

respective calibration parameters so that their statistical significance can be evaluated. Finally, 

in order to effectively incorporate such variability into simulations without losing sight of the 

physical meaning of the origin of the variability, one should use a physically based model, in 

particular one that is centered on a simple, yet physically realistic model of the complex 

earthquake source. The Specific Barrier Model (SBM), introduced and developed by 

Papageorgiou & Aki, provides the most complete, yet parsimonious, self-consistent 

description of the earthquake faulting process and applies both in the near-fault and far-field 

region [20–23]. The model considers the earthquake event as a complex seismic source and 

distributes the seismic moment on the fault plane via “subevents” on the basis of moment and 

area constraints. Therefore, the model allows for consistent ground motion simulations over 

a large range of frequencies and distances. For simulations in the far-field region the source 

acceleration spectrum exists in analytical form and accounts for a high degree of earthquake 

source complexity and source-site geometry [24–26]. In the near-fault region, the near-fault 

velocity pulses, which are the most characteristic feature of near-fault strong-motion, scale 

with key parameters of the specific barrier model and may effectively be simulated using a 

phenomenological model [27,28]. The key parameter of the SBM is the local stress drop Δ𝜎𝐿 

which controls the high-frequency level of radiated seismic waves. The applicability of the 

SBM, as calibrated to interplate earthquakes, to the three largest recorded earthquakes in the 

SISZ has been investigated [29]. The study was however limited in the sense that calibration 

to the local data was not attempted and the uncertainty of the key parameters of the model 

were not captured. For the application of the model for engineering purposes the local stress 

drop and its uncertainty needs to be determined for the region under study. In addition, 

separating the variance into inter-event and intra-event variation provides insight into the 

level of source complexity of the earthquakes studied, which may guide in the application of 

the model for near-fault simulations [26].  

As different numbers of records generally exist for each earthquake in a particular 

dataset of earthquake strong-motion, a least-squares approach on such an unbalanced dataset 

would produce biased results due to the correlation of signals for a given earthquake [30,31]. 

To compute unbiased parameter estimates using seismological data a random effects model 

was developed [32,33] and implemented in an iterative algorithm for a stable one-stage 

maximum-likelihood solution [34]. Especially when attempting to invert for physical 

parameters which cannot be measured directly, knowing their data-based probability 

distributions is important for further use of these estimates in research and hazard estimations 

[35]. The importance of seismic source parameter inversion uncertainty estimates has been 

pointed out [36] and a non-linear Bayesian approach proposed as the mathematical 

framework for physical inversion problems including errors and correlations in data and 
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flexible model assumptions [37]. With computational power becoming increasingly more 

available it has become feasible to meet the required robustness criteria of Bayesian statistics 

and perform many forward calculations within a reasonable amount of time. Thus, a number 

of researchers have recently employed the Bayesian approach to establish model parameter 

uncertainty estimates and their correlations for finite fault solutions using multiple types of 

datasets such as strong-motion, teleseismic and kinematic GPS records, InSAR and GPS 

offsets as well as tsunami waveform data [38–46]. These studies have shown that the typical 

assumption of Gaussian uncertainties usually does not hold for non-linear problems, 

parameters can have multimodal probability distributions and the trade-off between 

parameters can be a non-linear relationship. While the Bayesian method has also been applied 

to infer the parameters of empirical ground motion prediction equations [47–50], it 

apparently has not been used to estimate the seismological parameters of stochastic strong 

ground motion models. A numerical approximation using the specific barrier model at its core 

to provide site-specific probabilisitic seismic hazard estimates has been derived and posterior 

probability distributions for its coefficients have been updated using seismic data [51,52]. 

However, these derived functions which are of engineering interest no longer include the 

physical seismological parameters as inferrable variables while this study aims at updating 

physical knowledge for a specific tectonic region and providing direct input for the extended 

finite fault version of the specific barrier model. 

This study therefore combines varying prior assumptions within the Bayesian 

framework with a ground motion model (GMM) centered on the specific barrier model in 

order to satisfy both conditions, namely to use a physical model describing the earthquake 

source allowing for complexity (if needed) and to obtain appropriate marginal probability 

distributions of the corresponding GMM parameters. The posterior marginal distributions are 

calculated by use of a Markov Chain Monte Carlo (MCMC) method through the Metropolis 

algorithm [53]. The resulting distributions indicate how well each parameter is constrained by 

the data and their posterior correlations matrices illuminate their interdependencies. Thus, 

this study deals with the inference of the local stress drop of the SBM from spectral response 

data in the context of the Bayesian framework and the MCMC method. The data used are 

ISMN accelerometric measurements of earthquake ground acceleration originating from 

significant earthquakes that occurred from 1987 to 2008 in South Iceland. Since the local 

stress drop controls the amplitude of the high frequency (>1 Hz) part of the source acceleration 

spectrum it partly trades off with a high-frequency decay of spectral amplitudes, generally 

quantified via a “kappa” (𝜅) filter. In this study we use a new adaptive algorithm to 

automatically estimate 𝜅 in an attempt to remove it’s trade-off effects on stress drop values, 

and other parameters of the model. That way, co-dependent parameter distributions are better 
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quantified, the parameters’ uncertainties better represent the given data and the inferred 

estimates become narrower. 

Physical Theory 

We model the high-frequency earthquake strong-motion on the basis of a ground motion 

model within the context of the well-known stochastic modeling approach [54,55]. In this 

approach, the discrete Fourier amplitude spectrum of ground motion or response associated 

with an earthquake of seismic moment 𝑀0 as observed at a distance 𝑟 is frequency dependent 

and given by 

𝑌(𝑀0, 𝑟, 𝑓) = 𝐶 ⋅ 𝑆(𝑀0, 𝑓) ∙ 𝑃(𝑟, 𝑓) ⋅ 𝐺(𝑓) ⋅ 𝐼(𝑓) (1) 

Its distinct elements are therefore the earthquake source spectrum 𝑆(𝑀0, 𝑓), the propagation 

path effects 𝑃(𝑟, 𝑓), and the frequency dependent site amplification function 𝐺(𝑓), with a 

frequency transfer function 𝐼(𝑓) for the type of motion required (in this case the maximum 

spectral response of a single degree-of-freedom oscillator). The constant scaling factor 𝐶 =

〈𝑅𝜃𝜙〉𝑉𝐹/4𝜋𝜌𝛽
3 where 〈𝑅𝜃𝜙〉 is the averaged radiation pattern taken as 0.55 [56], the factor 

accounting for wave partition into two horizontal components is 𝑉 = 0.71, the free-surface 

effect is assumed to be 𝐹 = 2, while 𝜌 and 𝛽 are the density and shear wave velocity in the 

vicinity of the source [55]. 

We quantify the earthquake source radiation of seismic waves using the source spectrum 

of displacement 𝑆(𝑀0, 𝑓) as defined by the SBM [21–23]. We assume this model because it 

requires relatively few parameters but provides a simple but physically consistent model of a 

complex finite-size earthquake source. In its original form, it assumes that an earthquake 

consists of 𝑁 identical circular subevents of diameter 2𝜌∘ (the barrier interval) arranged on a 

rectangular fault plane of length 𝐿 and width 𝑊 without overlap, thus distributing the seismic 

moment in a deterministic manner (see Figure 2a). A “local stress drop” Δ𝜎𝐿 takes place on 

each subevent and drives the subevent rupture until the rupture front, traveling with velocity 

𝑉𝑟, has swept the entire fault. The subevents are assumed to rupture statistically independently 

of one another over the rupture duration 𝑇 [20]. The physical consistency of the SBM implies 

that its parameters are interrelated by its governing equations which exist in simple analytical 

form [57]. In the context of the stochastic modeling approach the SBM has been calibrated to 

far-field strong-motion data of several different tectonic regions and seismic areas [57–61]. 

On the basis of such calibrations the SBM has been used in a hybrid simulation method to 

generate synthetic broad-band strong-motion time histories in both the near- and far-field 

region of earthquakes modelled on finite-size fault planes, accounting for near-fault effects 

with a phenomenological near-fault velocity pulse model [27–29]. The relationship between 
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the period of near-fault velocity pulses and key source parameters of the SBM makes it an 

effective tool with which to interpret near-fault data [62–64].  

As a first approximation of the source radiation from a complex finite earthquake source 

we take the point-source expression of the aggregate source spectrum of the specific barrier 

model [22,57]. The far-field source displacement spectrum 𝑆(𝑀0, 𝑓) is thus expressed as 

𝑆(𝑀0, 𝑓) = √𝑁휁 + 𝑁(𝑁 − ζ)|𝑓𝑇(𝑓)|
2
⋅ �̃̇�𝑜𝑖(𝑓) 

(2) 

where the total seismic moment M0 is calculated from the earthquake moment magnitude 𝑀w  

[65]. The shear wave source displacement spectrum of a single subevent [66] is approximated 

by the “𝜔-square” spectrum [67]  

�̃̇�𝑜𝑖(𝑓) =
𝑀0𝑖

1 + (
𝑓
𝑓2
)
2 

(3)  

with 𝑀0𝑖 being the seismic moment of a single subevent, defined as 

𝑀0𝑖 =
16

7
𝛥𝜎𝐿𝜌∘

3 (4) 

The “patch corner frequency” f2 is inversely proportional to the barrier interval and is 

𝑓2 =
𝐶𝑠𝛽

2𝜋𝜌∘
 (5) 

where the parameter 𝐶𝑠 depends on the ratio of rupture to shear wave velocity for a circular 

shear crack [66,68]. The spectrum, shown in Figure 2b, is thus characterized by two corner 

frequencies corresponding to two characteristic scale lengths of the earthquake source, the 

barrier interval 2𝜌∘ and the overall source dimension, respectively. By assuming geometric 

similarity of the main event and subevents, meaning that a scale length 2𝑅∘ representing the 

diameter of an ‘equivalent’ circular main source of area equal to the finite source 𝐴∘ = 𝐿𝑊, we 

can write the number of subevents and barrier interval, respectively, concisely as 

𝑁 = (
𝜋

4
)
3

(
Δ𝜎𝐿
Δ𝜎𝐺

)
2

 (6) 

2𝜌∘ =
4

π

Δ𝜎𝐺
Δ𝜎𝐿

2𝑅∘ 
(7) 

[57]. For the purposes of this study it is important to note that above 𝑓2 the high frequency 

part of the source acceleration spectrum scales proportionally to the local stress drop [26]. The 

local stress drop Δ𝜎𝐿, which takes place on each subevent as it ruptures and effectively drives 

subevent rupture, controls the high-frequency level of seismic amplitudes. Below 𝑓2 the shape 

of the source spectrum of the SBM is defined by the characteristic function in Equation (1),   
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|𝑓𝑇(𝑓)| =
sin(𝜋𝑓𝑇)

𝜋𝑓𝑇
 (8) 

[22,69] and represents the station-specific distribution of energy arrival times over the 

duration of rupture 𝑇 [25]. This particular characteristic function in Equation (8) corresponds 

to a uniform distribution of energy arrival times, which is a basic first assumption in the 

absence of other information (such as forward directivity effects, where most of the energy 

arrives in the early part of the strong-motion duration) [25]. The duration is for simplicity 

taken as 

𝑇 =
𝐶S
4𝑓∘

 (9) 

where 𝑓∘ is the (first) corner frequency of the source spectrum, which analogously scales 

inversely to the overall source dimension [25]. 

Due to the preservation of the seismic moment, 𝑀0 = 𝑀0𝑖𝑁, the geometric complexity of 

the earthquake source is to an extent quantified by the number of subevents, which can be 

considered as a geometric measure and, to the first approximation, captures the heterogeneity 

of the earthquake source [24,26]. On the other hand, the parameter 휁 in Equation (1) 

represents a complexity that manifests itself in the deviation of the high-frequency level of the 

source spectrum from that predicted by self-similar scaling according to its governing 

equations, a phenomenon observed in interplate regions and primarily revealed by data from 

larger earthquakes (𝑀w ≳ 7) [57,60].  

For the other functions of the GMM in Equation (1) we follow in general the approach 

described in Boore (2003). The path effect model 𝑃(𝑟, 𝑓) = 𝑍(𝑟) ⋅ 𝑄(𝑟, 𝑓) includes the effects 

of geometrical spreading 𝑍(𝑟) and anelastic and scattering attenuation function 𝑄(𝑟, 𝑓). This 

way, the geometric spreading function uses two distance-dependent segments, 

𝑍(𝑟) =

{
 
 

 
     

1

𝑟
     , 𝑟 ≤ 𝑅𝑥

1

√𝑅𝑥𝑟
 , 𝑟 > 𝑅𝑥

, (10) 

where 𝑅𝑥 is the characteristic intermediate-field distance that signals the horizontal distance 

beyond which the reintroduction of seismic energy from Moho reflection can be expected. The 

anelastic and scattering attenuation is captured by a frequency- and distance dependent 

exponential function of a quality factor 𝑄0 and a frequency exponent 𝛾, 

𝑄(𝑟, 𝑓) = exp [
−𝜋𝑟𝑓

𝛽𝑄0𝑓
𝛾] . (11) 

The distance 𝑟 is taken to physically approximate the distance to the closest significant 

seismogenic depth ℎ at the epicenter such that 𝑟2 = 𝑟𝐽𝐵
2 + ℎ2 where 𝑟𝐽𝐵 is the Joyner-Boore 
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distance, defined as the shortest horizontal distance to the vertical projection of the fault plane 

to the surface. We define the site response as 𝐺(𝑓) = 𝐴(𝑓) ⋅ 𝐾(𝑓), the product of the frequency 

dependent site amplification 𝐴(𝑓) due to shear wave velocity variation with depth in the upper 

ground layers and overall high-frequency spectral attenuation which is modelled as  

𝐾(𝑓) = exp(−𝜋𝜅𝑓) (12) 

commonly referred to as the kappa-filter [70–72].   

On the basis of the ground motion model presented, the pseudo-spectral acceleration 

response for each magnitude-station pair at discrete values of oscillator frequency is simulated 

in the context of the well-known stochastic approach using random vibration theory [55]. The 

approach is based on the extreme value theory for stationary random vibrations [73], 

augmented by a vibration duration modification factor [74] to account for non-stationarity 

[55].  

Data 

The ISMN instruments operate in triggered mode and record acceleration time histories 

along three orthogonal components, most with a sampling frequency of 200 Hz with some 

recording at 100 Hz (see example shown in Figure 3) [5]. Most ISMN stations are set up to 

directly measure ground response, some are structural response stations in important 

buildings such as power stations, dams, office buildings and bridges. All stations are located 

inside buildings and at the base of relatively simple structures that are founded directly on the 

natural competent surface, easily exposed after the removal of relatively thin layer of topsoil. 

As a result, the stations for which data are used in this study are “free-field” and most of them 

are located on what is generally described as “rock”, but some stations are located on what has 

been described as “stiff soil” (see Figure 4). [5,47,75,76]. 

The input data are ground acceleration measurements of the ISMN during moderate to 

strong earthquakes that occurred in the SISZ from 1987 to 2008 (Table 1 and Figure 1). We 

include data from all seven events in Table 1, but excluded some records of the event from the 

South Iceland earthquake of 17 June 2000 which were shown to be contaminated by 

earthquake strong-motion from nearby earthquakes that were triggered by the 17 June event. 

A few low quality records and sites exhibiting very strong resonance based on calculated H/V 

ratios were excluded as well, due to such unmodeled effects exerting biasing influence on the 

parameter estimates. As a result, the number of stations recording each event ranges from 6 

to 16, with the stations used listed in  Table 2. The original and uncorrected raw data was 

obtained from the Internet Site for European Strong-motion Data (ISESD) [77] which is 

maintained by the Earthquake Engineering Research Centre at the University of Iceland. The 

data processing was as follows: First the mean and linear trend of the finite duration 

acceleration recording of each of the two horizontal components were removed. Subsequently 
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the 5% damped pseudo-spectral acceleration response (PSA) was calculated for each 

horizontal component at 14 discrete frequencies of oscillation logarithmically spaced between 

0.56 and 23.7 Hz, which covers the high-frequency range of engineering interest, and the 

frequency range from which Δ𝜎𝐿 is most effectively captured. The horizontal component PSA 

were combined by calculating their geometric mean value which we for each event-station pair 

refer to as an observation of PSA at a particular frequency of oscillation of a single-degree of 

freedom oscillator (see Figure 3).  

The dataset is thus characterized by having the two largest earthquakes (June 2000) 

particularly well recorded over a relatively large distance range but all other events being 

primarily recorded by stations in the far-field of rather limited azimuthal coverage, mainly 

towards east and west (Figure 1). As a result, the dataset covers moment magnitudes 𝑀w5.1 to 

6.5, epicentral distances of approximately 4.1 to 80.2 km, and, Joyner-Boore distances 𝑟𝐽𝐵 of 

0.4 to 78.4 km. The latter distance measure is used in this study as it is the shortest horizontal 

distance to the vertical projection of the fault plane to the surface and provides the simplest 

but most physically realistic distance measure, in particular when considering the 

predominant source-site geometry in the SISZ. 

Methods  

Bayesian Inference and Regression Procedure 

The employed ground motion model includes at least 11 parameters, some of which 

might not be reliably inferred using only this model, such as shear wave velocity and rock 

density. Therefore, trial inversions for all parameters together are done, but then some are 

gradually fixed to reported values, such that we effectively infer 8 model parameters in the 

end, which are the global stress drop Δ𝜎𝐺, local stress drop Δ𝜎𝐿, source depth ℎ, geometric 

spreading crossover distance 𝑅𝑥, path attenuation quality factor 𝑄0 and frequency exponent 𝛾, 

as well as the inter-event standard deviation 𝜏 and the intra-event standard deviation 𝜎. The 

seismic moment 𝑀0 is derived from moment magnitude values reported in the ISC bulletin 

[78]. To estimate the model parameters’ posterior probability distributions based on the 

available observations, Bayesian inference using a Markov Chain Monte Carlo method with 

the Metropolis algorithm was employed [53,79,80]. This approach was chosen to address the 

problem’s nonlinearity, which is best accounted for by multiple parallel Markov chains. In the 

approach inference on the posterior distribution 𝜋(𝜽|𝒚) of a model parameter vector 𝜽 given 

data 𝒚 requires knowledge about the sampling distribution 𝜋(𝒚|𝜽) also known as the likelihood 

function and an assumption about the prior distribution 𝜋(𝜽), 

𝜋(𝜽|𝒚) ∝ 𝜋(𝒚|𝜽)𝜋(𝜽) (13) 
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The Markov chain Monte Carlo method is employed using a Metropolis step at each iteration. 

A Markov chain is a sequence of random variables 휃(1), 휃(2), … , 휃(𝑡), such that the current state 

휃(𝑡) only depends on the previous one 휃(𝑡−1). The Metropolis algorithm produces the model 

parameter sequence by drawing a candidate value 휃∗ from a symmetric proposal distribution 

𝑞(휃∗|휃(𝑡−1)). Here, a normal distribution with mean 휃(𝑡−1) and a specified standard deviation 

is used, which should be adapted to the problem. The candidate value is either accepted or 

rejected based on the probability ratio 

𝛼 = min{1,
𝜋(𝜽∗|𝒚)

𝜋(𝜽(𝑡−1)|𝒚)
} . (14) 

Upon rejection, the current proposed value is reset to the previous state. Given 

regularity, the Markov chain value distribution is expected to converge to the marginal 

posterior distribution 𝜋(𝜽|𝒚). The Bayesian framework requires specifying prior probabilities 

for all model parameters and a likelihood function. 

The likelihood function is based on the observation that the logarithm of the ratio 

between spectral acceleration of measured data and simulated values (here referred to as 

residuals, the mean of which is also known as bias) at any given frequency follows a Gaussian 

distribution [21,81]. It can be defined as  

ln 𝐿 =
𝑁

2
ln 2𝜋 −

1

2
ln|𝑪| −

1

2
(𝒚𝑜𝑏𝑠 − 𝒚𝑠𝑖𝑚)

𝑇
𝑪−1(𝒚𝑜𝑏𝑠 − 𝒚𝑠𝑖𝑚) (15) 

where the first term is constant and can be ignored, 𝑪 is the data covariance matrix and 𝒚𝑜𝑏𝑠 , 

and 𝒚𝑠𝑖𝑚 are observed and simulated data, respectively. Here, the data is the common 

logarithm of the peak spectral acceleration values. The data covariance contains information 

about the noise level at each station, and it can be structured such that its off-diagonal 

elements represent spatial, intra-event and frequency correlation. All these effects can be 

significant and important but including more complex models for covariance can be difficult 

to verify as the increased nonlinearity can result in instability and non-convergence [82]. 

Using the notion of intra-event 𝜎2 and inter-event 𝜏2 variance as random effects [32–34], the 

covariance matrix is assumed to consist of a main diagonal part which is the total variance 

𝜎𝑇
2 = 𝜎2 + 𝜏2 and represents mostly the inter-event term if intra-event variation is low, while 

off-diagonal elements which relate the same frequencies of PSA at different stations for the 

same event are assumed to be 𝜏2 and thus exhibit non-zero covariance explained by event-

dependent characteristics. This means that we employ the random effects model [32,34] 

log 𝑦𝑖𝑗𝑘 = 𝜇(𝑀𝑖, 𝑟𝑖𝑗 , 𝜽, 𝑓𝑘) + 휂𝑖 + 𝜖𝑖𝑗𝑘 (16)  

where 𝑦𝑖𝑗𝑘 is the PSA from earthquake 𝑖 measured at distance 𝑗 and at oscillator frequency 𝑓𝑘 

and 𝜇 is the corresponding model prediction given the model parameter vector 𝜽, 휂𝑖 is the 

inter-event random effect accounting for the event-specific deviation from the overall mean 
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and follows a normal distribution centered at zero with inter-event variance 𝜏2, while 휀𝑖𝑗𝑘 is 

the intra-event error which follows a normal distribution centered at zero with intra-event 

variance 𝜎2. 

 The prior probabilities have been chosen as uniform probability density functions such 

that each parameter 휃𝑚, with 𝑚 = 1,… ,𝑁𝑃 where 𝑁𝑃 is the number of parameters, has a prior 

probability 

π(휃𝑚) = {

1

𝐵𝑚,𝑢 − 𝐵𝑚,𝑙
, 𝐵𝑚,𝑙 ≤ 휃𝑚 ≤ 𝐵𝑚,𝑢

0 , otherwise

 (17) 

which is bounded by lower and upper limits (𝐵𝑚,𝑙 , 𝐵𝑚,𝑢) for each model parameter, the values 

of which were set based on relevant publications together with our own data analysis, listed in 

Table 3. For comparison, the table also lists parameter values for practically the same model 

in a previous study using fewer data and not detailing parameter uncertainty [29].  

To achieve efficient sampling and Markov chains with good mixing and convergence 

behavior, we devised an ad-hoc multi-stage adaptive tuning Metropolis algorithm, as the value 

ranges of the different parameters are quite different and bad mixing was the default when 

using a simpler MCMC implementation: First, the adaptive Metropolis algorithm [83] was 

tried, but its covariance updating was too sensitive to chains that went to low probability 

regions from the start. As robustness in the face of significant parameter correlations and fast 

convergence to a steady state due to time restrictions were desired, we decided to split a long 

burn-in period into several stages. This staged resampling approach is a very simple variant of 

more advanced schemes such as CATMIP [84]. The proposed samples are drawn from a 

multivariate normal distribution centered on the previous accepted sample value with a vector 

variance having 𝑑 elements, with 𝑑 being the dimension or number of parameters, which 

corresponds to using a diagonal proposal covariance matrix. The first starting proposal 

variance was set according to best guesses, then during each stage it would be tuned by an 

updating scalar factor 𝛼𝑡−1 dependent on the acceptance rate within a tuning interval of 100 

samples. After each stage, all chains would be analyzed together by removing a short burn-in 

part and then using the parameters’ median values and their median absolute deviances 

(MAD) such that the proposal distribution of the next stage would be 

𝑄(𝑥𝑡) = 𝑁(𝑥𝑡−1, 𝛼𝑡−1[(1.4826 ⋅ 2.38)𝑀𝐴𝐷]
2/𝑑) (18) 

with 𝑥𝑡−1 starting from the previous stage’s median and 𝛼𝑡−1 being the tuning factor that is 

updated during the run of each chain. The factor 1.4826 is the ratio between standard deviance 

and MAD of a normal distribution, whereas the factor (2.38)2/𝑑 would be the optimal variance 

scaling in a large-dimensional context [85]. After three such stages, the last burn-in period 

was reached after which the adaptive tuning would be stopped such that the remainder of the 
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chain produced ergodic samples from a proposal function with constant variance. The tuning 

was designed to approach an acceptance rate between 0.2 to 0.3, following the 

recommendation of an optimal rate of 0.234 [85,86].  

In this way, stable and efficient sampling in the final stages was achieved to yield well-

defined marginal distributions of the model parameters. Six parallel chains with total lengths 

of 2000 ⋅ 𝑑1.5 and the first half being burn-in samples were calculated for each inversion 

configuration. Marginal distributions from the first configuration with 11 free parameters are 

therefore based on 218898 samples, whereas it is 88182 samples for the last configuration 

with 6 free parameters. The complete computation time for this setup was 39 hours using 

Matlab scripts in Linux on one Intel Core i7-4790. 

Analysis 

Constraining Model Parameters 

The seismological model in Equation (1) is essentially a series of filters in the frequency 

domain the controlling parameters of which can be expected to trade off one another to some 

extent. It is therefore advantageous to constrain the model parameters as much as possible 

using independently obtained estimates of parameter mean values, range of acceptable values 

and carefully selecting the prior distributions. This way we can ideally limit the number of 

model parameters prior to the Bayesian inference.  

The parameters of the SBM are physically consistent apart from the recently introduced 

high-frequency complexity factor 휁, which has been shown to have a negative linear trend with 

magnitude with a cross-over magnitude of around 6.3 for shallow interplate earthquakes 

[57,60], capturing the observed constraining of the strong-motion amplitudes of larger 

earthquakes. Physically, this implies a deviation from self-similar spectral scaling between 

smaller and larger earthquakes. In this study, we find the inference of 휁 not to be stable due to 

the limited magnitude range of the data. The basic assumption of self-similarity therefore (i.e., 

휁 = 1) results in conservatively high estimates of seismic amplitudes predicted by the model 

for larger earthquakes, possibly with implications for non-optimal estimates of probabilistic 

earthquake hazard.  

The global stress drop Δ𝜎𝐺 was allowed to vary between 1 to 100 bars, with previous 

calibration results for global datasets of intra-plate and extensional regimes reporting 30 bars 

as optimal [57]. The lower limits for the primary parameter of interest, the local stress drop 

Δ𝜎𝐿, were defined through its physical interrelationship with global stress drop as 

ΔσL
𝛥𝜎𝐺

= (
4

𝜋
)
3/2

 (19) 
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the physical implications of which, when considering Equation (6), allow for the simplest of 

earthquake sources consisting of one large subevent [24,25]. The upper limits were effectively 

unbounded allowing for increasing complexity. On the basis of the stress drops the rest of the 

parameters of the model follow from the governing equations. 

The effective depth ℎ of the earthquakes modelled as a point source is assumed to 

represent the upper seismogenic depth region in which earthquake faults can have major slip 

and thus radiate the most relevant seismic waves that are recorded. While this depth varies in 

nature for each event, we infer for the most representative depth for all events simultaneously. 

Static slip distributions derived from geodetic data from the three largest earthquakes in the 

SISZ all show that the earthquake source is relatively simple (at least at lower frequencies), 

with one or two significant patches (subevents) of large slip that are located at shallow depths 

(≈4-5 km) having dimensions of several km with significant slip consistently reaching shallow 

depths of 0-2 km [41,87–89]. The margin of the largest subevents where the rupture is 

arrested is considered to be the location where most high-frequency radiation originates from 

[64,90,91].  Therefore, we expect the effective depth parameter ℎ to be around 2-3 km, but 

may range between zero (the earth’s surface) and the assumed thickness of the brittle crust, 

which increases from 5 to 12 km from the Reykjanes Peninsula to the eastern SISZ [2,92] and 

was set to maximum 10 km in this study. 

The range of shear velocity 𝛽 is taken from a tomographic model having  values of 1.2 to 

4.2 km/s corresponding to a depth range of 1-13 km, respectively [92]. The rock density in the 

fault vicinity is assumed to range from 2.6 to 3.3 g/cm3 for the allowed depths as defined within 

the SIL (South Iceland Lowland) project [93]. The characteristic intermediate-field distance 

𝑅𝑥 is allowed to range from 8 to 80 km as that is the main range of available data and previous 

optimizations have indicated a value of 20 to 30 km would be appropriate. The anelastic 

attenuation parameters 𝑄0 and 𝛾 were allowed to range between 10 to 200 and 0.01 to 1.50, 

respectively.  

Studies of site effects in Iceland have in recent years increased considerably [94–101]. 

Nevertheless, site-specific frequency dependent site amplification functions as generally used 

in the stochastic approach [102], do not yet exist for the general and predominant types of 

surface geology, nor for the individual recording sites of the ISMN. As a result, a relatively ad-

hoc classification of ISMN stations as either rock or stiff soil on the basis of surface geology 

has generally been assumed [5,76]. For the sake of accounting for site effects in this study, we 

have selected somewhat generic velocity profiles characterized by average shear-wave 

velocities in the uppermost 30 meters, 𝑉𝑆,30, of 1182 and 700 m/s, respectively [102,103] to 

account, as a first approximation, for the rock and stiff-soil conditions.  

Accounting for high-frequency spectral decay  
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It has been well documented that the functions of the ground motion model that have 

the strongest influence on the high-frequency level of the site spectrum are the source and the 

near-surface attenuation and are therefore expected to trade-off significantly, especially in the 

near-fault region where path-effects are less prominent. However, in the far-field, the 

frequency-dependent anelastic and scattering attenuation (path effects) also plays a role [104]. 

In the context of the current study, the 𝜅-filter significantly influences the spectra at high 

frequencies where the model is most sensitive to changes in local stress drop Δ𝜎𝐿. The overall 

spectral decay, represented by the parameter 𝜅, can however be measured directly from 

acceleration spectra [70]. It therefore provides the opportunity to identify, and potentially 

account for its effects in modeling so that other high-frequency parameters (i.e., Δ𝜎𝐿) can be 

inferred with greater accuracy. As defined in Equation (12), we apply the 𝜅-filter to the entire 

frequency spectrum, while noting that the lower limit frequency 𝑓𝐸 is interpreted as fitting 

limit parameter only with the purpose of avoiding influence from the source spectral shape 

[70,105]. 

Similar to the partition of the seismological model in Equation (1), a general form has 

been presented for the 𝜅 parameter partitioning it into a source contribution 𝜅𝑠, a general 

distance dependence function  �̃�𝑟(𝑟), and a site component 𝜅0,  such that: 

The classic approach of measuring 𝜅 on the Fourier amplitude spectrum of acceleration [70] 

is selected as the most pragmatic one for the purpose of the current study. As it requires the S 

wave spectrum, we used a simple phase detection routine developed for automatically picking 

the adequate time windows for which 𝜅 was automatically estimated by a new and adaptive 

algorithm [72]. The algorithm adapts the used frequency band according to a trade-off 

parameter which combines the signal-to-noise ratio of the S wave window to a presignal noise 

window (or end of coda window if no presignal noise was recorded) and the root-mean-

squared residuals between spectra and fitted lines as a measure of linearity of the decaying 

Fourier spectrum in log-linear space (see Figure 5). A comparison to manual estimates showed 

that the differences in 𝜅 values are acceptably small, as the algorithm mostly avoids large site-

dependent resonance frequencies due to its spectral linearity criterion. Since this method 

requires no knowledge about earthquake magnitude, more strong-motion records could be 

used as opposed to the selection used only for the main ground motion model inversion. The 

ensemble average 𝜅 value for sites classified as rock was 0.037±0.014 s, while it was 

0.036±0.008 s for soil. Since the dataset did not allow a statistical distinction between 𝜅𝑟 

values by soil classification the average 𝜅𝑟 value was therefore found to be 0.037±0.013 s. 

Moreover, while the slight distance dependence of 𝜅 indicated that 𝜅𝑠 + 𝜅𝑠𝑖𝑡𝑒 at zero distance 

was  ~0.035 s, the slope was not found to be statistically significant for the dataset. Figure 6 

𝜅 = 𝜅𝑠 + �̃�(𝑅) + 𝜅𝑠𝑖𝑡𝑒 (20) 
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shows the distribution of 𝜅 values for the stations in Table 2, where a small but significant 

group of stations has higher (but less reliable) values [72].  

Results and Discussion 

Backwards model selection 

We carried out several MCMC simulations in the context of the Bayesian statistical 

method using different combinations of the model parameters in 𝜽 to infer their posterior 

distributions. Upon inspecting the sensitivity of the results to the model parameters we carried 

out a backward model selection by gradually fixing one parameter after another. The results 

of these simulations in terms of their inferred parameters’ maximum-likelihood estimates and 

posterior 95% credibility intervals are given in Table 4 and the posterior distributions for the 

parameter estimates are shown in Figure 7. In the figure the blue curves correspond to the 

simulation when all 11 model parameters were inferred simultaneously. In that case unimodal 

and approximately normal posterior distributions were observed having reasonable median 

values well within their set boundaries, except for shear wave velocity 𝛽 and rock density 𝜌 

that tended to gravitate towards their respective upper boundaries which we regarded as 

unrealistically high values, based on the literature. Additionally, the stress drops Δ𝜎𝐺 and Δ𝜎𝐿 

had poor posterior distributions. We also estimated the inter-correlations of posterior 

parameter estimates and present in Figure 8 the bivariate probability histograms for every 

possible parameter combination i.e., for the first parameter inference of all parameters 

simultaneously. Very high correlation is equivalent to parameter trade-off and the two-

dimensional correlation plots are a concise way to reveal the extent of the inter-connection 

between all parameters. In addition, for each simulation we inspect the stability of the Markov 

chains for the parameters and their corresponding rate of decay of the autocorrelation 

coefficient with lag. An example is shown in Figure 9 for the final inference of model 

parameters. On that basis, we are guided to which parameters should be a priority to be 

removed from the inversion if possible, and in that case replaced by estimates reported in the 

literature or estimated directly and independently.  

It was therefore obvious that first the effects of the density and shear-wave speed on the 

inference needed to be controlled for. They were therefore fixed at 2.8 g/cm3 and 3.2 km/s in 

accordance with reported values in the literature. Upon repeating the inference for the 

remaining parameters, we observed improved distributions for the remaining parameters 

(green curves in Figure 7), primarily for the stress drops. The two highest correlations in 

Figure 8 were between the two stress drops, and between 𝜅 and the anelastic attenuation 

function (𝑄0𝑓
𝛾). In order to remove the latter correlation from the inference we fixed 𝜅 at 

0.035 s based on the previously reported station ensemble average value. Repeated inference 

further constrained the posterior distributions (orange lines). The global stress drop Δ𝜎𝐺 
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appeared to be converging around 20-25 bars in Figure 7, but we note that it is primarily a 

measure of the total fault area which by nature is not constrained well by high-frequency data. 

Moreover, the correlation between the local and global stress drops is simply a manifestation 

of the constitutive equations of the SBM in Equations (6) and (7). Instead we estimated the 

global stress drop on the basis of static slip distributions of the earthquakes in 2000 and 2008 

[41,87–89,106]. We found the stress drop values to have considerable scatter and we set 

therefore Δ𝜎𝐺 equal to 30 bars as a new fixed assumption based on the suggested average value 

of previous studies [57]. As a result, the strong correlation between 𝛥𝜎𝐿 and 𝛥𝜎𝐺 is removed 

from the model. Upon repeating the inference all model parameters were associated with well-

behaved posterior distributions (Figure 7, ID 5, red) and in particular the one for local stress 

drop had been greatly improved. In addition, stable Markov chains and rapidly decaying 

autocorrelation was observed for all remaining parameters (Figure 9).  

The inference resulted in a total standard deviation of 𝜎𝑇 = 0.218, while the 95% 

credibility intervals for the inter-event standard deviation 𝜏 are 0.032 to 0.077 and 0.202 to 

0.223 for the intra-event standard deviation 𝜎. The physical model parameters of this process 

are given in Table 4 by their respective 95% credibility intervals as well, all of which appear to 

be within a reasonable range. These values indicate the credible value range of the statistical 

model parameters given the present dataset and imply the assumed misfit when predicting 

new data produced by the same physical process. The bottom right plot of Figure 7 shows the 

posterior distributions of 𝜎T,num for all model iterations, which were directly calculated from 

the residuals. Throughout our inference, by gradually constraining certain model parameters, 

the total standard deviation was found to increase slightly, as was expected.  

Parametric Cross-correlations 

The two-dimensional correlation plots of the parameters corresponding to the final inference 

(ID5 of Figure 7) are shown in Figure 10. The majority of the posterior 2D probability 

histograms show little or no correlations. However, even though some significant correlations 

exist between the physical model parameters, in most cases they are associated with relatively 

narrow percentile ranges, reflecting the well constrained posterior PDFs of Figure 7.  For 

example, while the internal cross-correlation of the 𝑄-function parameters 𝑄0 and it’s 

frequency-dependence 𝛾 is high, we are confident in the narrow posterior PDFs as their 

standard deviations is small relative to their mean values (the respective percentiles are 

around 60-84 for 𝑄0, and 0.76-0.90 for 𝛾, see Table 4). This clearly indicates that this 

seismological model requires a frequency-dependent 𝑄-function. Then, as expected, Δ𝜎𝐿 is 

inversely correlated with 𝑄0 as both trade-off in the scaling of high-frequency motions. In 

other words, overriding the inference and setting a lower 𝑄0 value would require elevated local 

stress drop. We note that both scale the high-frequency spectral values evenly as a function of 
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frequency (above the patch corner frequency 𝑓2 of the SBM in Equation (5)), and as a result 

Δ𝜎𝐿 does not trade off with the frequency-dependence parameter 𝛾 of the 𝑄-function. In any 

case, we need independent attenuation studies to constrain further the path attenuation 

function in our analysis in order to remove its effect on the local stress drop estimate.  

The local stress drop is also shown to be positively correlated with the depth-parameter 

ℎ in Figure 10. While the range of the percentiles is narrow (1.5-2.5 km for ℎ and 64-75 bars 

for Δ𝜎𝐿) such a correlation is to be expected as the model, for this given dataset, trades off a 

shallower effective depth of radiated seismic energy for its stronger source of radiation. The 

shallow source depth of SISZ earthquakes is well known and the inference reflects that, 

especially in the near-fault region. In order to resolve the trade-off effects of effective depth on 

the local stress drop, we would need a more complete dataset of strong-motion. Alternatively, 

we could decide to force greater effective depth to enhance the source strength estimate, at the 

cost of greater overall misfit and less well-expressed uncertainty due to hiding this 

relationship. Both June 2000 earthquakes have been inferred to have had strong slip patches 

between about 1.5 to 4.5 km depth [87] and the strongest slip of the 29 May  2008 earthquake 

doublet has been located between 2 to 4 km [41], all with hypocenters at depths of 5 to 6.5 km, 

meaning that near-fault stations experienced some forward directivity, which the point source 

model’s limitations do not allow to predict. The shallow inferred point source depth therefore 

acts as a proxy for near-fault effects in our model. 

Model residuals 

As a measure of the quality of fit of the seismological model to the data, the intra-event 

model residuals at each discrete frequency are presented in Figure 11 and Figure 12 plotted 

versus magnitude and distance, respectively. The residual distribution shows that the data 

coverage does not have any major gaps over the ranges nor are there any significant outliers 

in this dataset. Moreover, there appear to be no clear systematic trends in the overall 

distribution of residuals, as indicated by the 95% confidence intervals for the individual fitted 

regression lines all being approximately horizontal.  

A more concise view of any persisting trends in the residuals is shown in Figure 13a and 

b, where slopes of fitted lines to the residuals in Figure 11 and Figure 12 are plotted vs. 

frequency. Apart from perhaps a slight nonzero slope between 1-2 Hz for slope with distance, 

there is no evident systematic residual trend with distance. Overall therefore, the null-

hypothesis that the slope is zero cannot be rejected at the 95% confidence level at almost all 

frequencies. The overall fit of the model to the data is then concisely given in Figure 13c where 

the maximum likelihood estimate of the mean residual value at each frequency is plotted (solid 

line). This is referred to as the “MLE model bias”. The ±1 standard deviation of the overall 

residual scatter at each frequency is indicated by the vertical bars, but the 90% confidence 



SISZ Seismological Model using Bayesian Inference   Sonnemann et al (2019) 

 18 

limits of the mean bias are indicated by the shaded region. The model bias against this dataset 

is thus shown to be zero overall and over the frequency range considered in this study.  

Standard deviations 

The standard-deviation of the residuals in Figure 13c is plotted against frequency in 

Figure 14a where in addition, its partition into inter-event (𝜏) and intra-event (𝜎) standard 

deviation values is also shown. The inter-event variability is fairly low and appears to be near 

constant over the frequency range, while the intra-event variability is below 0.20 for 

frequencies below 1.3 Hz and otherwise between 0.20 to 0.24, with a mean value of 0.21 across 

all frequencies (Table 4) and dominating the total standard deviation of 0.218. This total value 

is relatively low as it falls into the range of 0.15–0.25 for reported lower limits of standard 

deviations of empirical GMMs worldwide (base-10 logarithmic units, with around 0.35 being 

the upper limit) [19,107]. For comparison, calibration of empirical models of various 

functional forms to the Icelandic dataset exclusively, yields standard deviation values of 

around 0.17 [12,47]. The intra-event standard deviation of around 0.16 has been found stable 

over a wide magnitude range for a large dataset of recordings on a small-aperture strong-

motion array  in South Iceland on the basis of Bayesian hierarchical empirical model for PGA, 

perhaps signaling the lower limit of the variability [100,101,108,109]. We fully expect that 

empirical models have lower variability than a seismological model constructed from physical 

functions that exert constraints on model parameters (e.g., of this study). Indeed, our results 

are comparable to those of other physics-based models calibrated exclusively (i.e., non-ergodic 

GMM) to the Icelandic dataset (0.21 [110]) but considerably lower than those also calibrated 

to data from other regions as well (i.e., semi-ergodic, reported as 0.282 and 0.287 [111,112]) 

and other GMMs that have been developed from data in other regions and used for 

probabilistic seismic hazard assessment for Iceland and in other shallow crustal and oceanic 

regions giving values of 0.28 to 0.34 [16,47,113]. 

The low value of inter-event standard deviation indicates similarity between the strong-

motions of SISZ earthquakes. It is a measure of the relative stability of the variation of mean 

values of the inter-event random effects 휂𝑖 of the seismological model, plotted vs. magnitude 

in Figure 14b where the vertical bars indicate the standard deviation of the residuals.  

Inspecting the slope of a least-squares line fitted to the mean values of the inter-event effects 

(Figure 14c) as indicated by the 95% confidence interval around the regression line (dashed 

lines), one may suspect a slight positive trend with respect to moment magnitude. However, 

we note that strictly speaking the null-hypothesis of zero slope cannot be rejected at the 95% 

confidence level, and in addition such a slight trend is dwarfed by the overall residual 

variations as indicated by the vertical bars in Figure 14b. We acknowledge however that this 

result is not conclusive as the magnitude range of the current dataset is relatively narrow and 

in addition the number of earthquakes in the dataset might not represent a sufficient sample 
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size for establishing a reliable magnitude dependence. As a result, more data is needed from 

larger magnitude earthquakes to constrain the scaling and estimate the validity of our basic 

assumption of self-similar source spectral scaling at larger magnitudes.  

Ground motion parameter prediction 

A prominent application of the physical seismological model calibrated in this study is 

the prediction of strong-motion parametric attenuation with frequency and distance from the 

earthquake source. Such ground motion prediction is a key element in PSHA where empirical 

GMMs are generally applied. The mean model predictions by the SBM and a selection of 

GMMs fitted to the Icelandic dataset of PGA and PSA at 0.1, 0.3 and 1 s oscillator periods for 

the rock site condition corresponding to a magnitude 6.4 earthquake, along with the ±1 

standard deviation of the model, are shown in Figure 15. This corresponds to the average 

magnitude of the three largest SISZ earthquakes of our dataset, and for comparison we plot 

their data points as well. As expected from the above discussion, the SBM captures fully the 

consistent rapid attenuation of strong-motion with distance, and the relatively high near-fault 

amplitude motions. The other GMMs shown for comparison in Figure 15 use various different 

functional forms indicated by their labels (the K19 stands for the first published recalibration 

while the second part of the labels indicate which previous publications the functions are based 

on [16,47]) and have been recalibrated to the Icelandic data such that they fit the strong motion 

dataset very well, meaning that the SBM is expected to approximate those GMMs closely. 

Then, we show in Figure 16 the mean ±1 standard deviation of the SBM model prediction for 

PGA and PSA at 0.1, 0.3 and 1 s oscillator periods for the rock site condition along with the 

Icelandic data, and for three distinct magnitudes 𝑀w5.2, 6.4 and 7.2. These magnitudes were 

chosen since the lowest intensity part of our dataset is represented by 𝑀w5.2, while the largest 

amount of records is from earthquakes of about 𝑀w6.4 and the assumed maximum magnitude 

in the SISZ is believed to be 𝑀w7.2. In addition empirical GMMs that have been developed 

from data from other shallow crustal regions, some of which have been used in probabilistic 

seismic hazard assessment for Iceland, have been plotted for comparison (AB10 [114]; CF08, 

PGA only [115]; Zh06 [116]; Am05 [111]; DT07 [117]; GK02 [118]; LL08 [119]). The first three 

models (i.e., AB10, CF08 and Zh06) are among those proposed in the SHARE project as 

suitable GMMs for PSHA of active oceanic regions (i.e., for Iceland) [113]. Am05 has been 

applied in site-specific seismic hazard studies in Iceland [120], and the other models (i.e., 

DT07, GK02 and LL08) while proposed for other regions are included here as they have 

different functional forms from the other and in particular they include magnitude-distance 

saturation terms [16,47]. In addition, an empirical model calibrated primarily to Icelandic data 

(RS09, [112]) and a theoretical model for PGA calibrated exclusively to Icelandic data (Ol14, 

PGA only [110]) are shown for comparison. For completeness, we also include the NGA GMM 

of BA08 [121]. When needed, other distance measures were converted to the closest horizontal 
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distance to the vertical surface projection of the fault (𝑅𝐽𝐵) assuming north-south striking 

shallow vertical strike-slip faults with 5 km hypocentral depth with surface rupture. More 

information on those GMMs and their predictions to Icelandic strong-motion data can be 

found in recent studies [12–17]. As the relative patterns and relationships between the SBM 

and the other GMMs is mostly the same across frequencies for each magnitude, the three 

magnitudes are plotted in two sets each for only two frequencies, both to avoid overlap and to 

conserve space.  From the comparison in Figure 16 it is clear that the GMMs’ predictions differ 

considerably from one another at all frequencies (in particular at the lowest period). In 

addition, when comparing their predictions with the data, the difference is systematic as the 

models underpredict the data in the near-fault region and overpredict the data in the far-field, 

while the SBM and the two other “local” models capture well the large near-fault motions and 

the rapid attenuation with distance. We note that current research efforts are focused on 

addressing the discrepancies of other GMMs to the Icelandic dataset by quantifying their bias 

and recalibrating them, thus producing several new empirical GMMs for use in ground motion 

prediction in Iceland e.g., in the context of either a logic tree or the backbone approach in 

probabilistic seismic hazard assessment [16,47].  

Strong-motion scaling 

Considerable difference is observed from the comparison in Figure 16 between the near-

fault high-frequency amplitudes predicted by the GMMs, and the SBM and local models, 

respectively, in particular for large magnitude earthquakes. In that context, the issue of strong-

motion scaling at larger magnitudes (e.g., 𝑀w6.5-7.2) is also of particular interest. The low 

near-fault motions predicted by the GMMs are based on the calibration to multi-regional 

datasets that are rich in larger magnitude earthquakes. However, the applicability of those 

predictions is doubtful for Icelandic earthquakes as the GMMs do not capture the systematic 

behavior of the attenuation of Icelandic ground motion with distance. The fact that the 

Icelandic dataset is admittedly limited in large-magnitude data means that the SBM and local 

models are not constrained by data at larger magnitudes and may predict unrealistically large 

near-fault motions. However, at present this does not pose a serious practical issue because 

the dataset is relatively rich in data from strong earthquakes around magnitudes 𝑀w6.0-6.5 

which to the first approximation can be considered as being typical of strong SISZ earthquakes 

that from historical accounts are known to cascade across the SISZ roughly once a century 

[1,2]. As a result, for the most populated region of the western SISZ the seismic hazard (10% 

in 50 years) is shown to be dominated by nearby earthquakes of 𝑀w6.0-6.5 [122]. For that 

purpose and in that context, the SBM and the local empirical GMMs can be applied with 

confidence.  

For other regions in Iceland however where the modal event of the disaggregated seismic 

hazard is a larger magnitude earthquake, we need reliable and physical consistent strong-
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motion prediction models, in particular for near-fault sites. In that context we note that 

empirical GMMs for shallow crustal earthquakes in interplate tectonic regions limit the 

predicted ground motions from larger magnitude earthquakes, particularly in the near-fault 

region through a quadratic magnitude-term and/or magnitude-distance-dependent terms 

[111,123–125]. However, the non-ergodic GMMs for Iceland do not allow for such non-self 

similar ground motion scaling with magnitude, and as a result there is reason to doubt their 

ground motion predictions at larger magnitudes. In the SBM such deviation from self-similar 

scaling is incorporated into the closed-form expression of the aggregate far-field earthquake 

source spectrum of the SBM in Equation (2) through a “high-frequency source-complexity 

factor” 휁 [57] which effectively acts as a proxy for multiple earthquake source-processes that 

play a role in limiting high-frequency motions.  

Application of the SBM in earthquake source modeling and strong-motion 

simulation 

It is clear from the above that in the absence of large magnitude earthquake data in 

Iceland, realistic earthquake rupture scenarios from finite-fault models and the corresponding 

synthetic strong-motion time histories, from which other parameters of interest may be 

evaluated, is the only physics-based option to evaluate the range of motions expected at those 

larger magnitudes. This is particularly relevant as the empirical GMMs strictly speaking are 

not applicable outside of the data-range they are calibrated to, and the point-source 

approximation of physical models generally breaks down for larger earthquakes at near-fault 

distances.  

The SBM however is free from such limitations because through the physical constitutive 

laws of the model the point-source representation that, for efficiency, was used in the 

parameter inference in this study, can now be abandoned and the more realistic finite-fault 

representation used, as shown in Figure 2a, where the seismic moment has been evenly 

distributed on the fault plane [20,21,23,57]. The local stress drop of around 70 bar indicates 

that the earthquake source in SISZ is characterized by 2-3 subevents (Equation (6)), which is 

consistent with available static slip distribution results for the three largest earthquakes of the 

dataset based on postseismic deformation measurements and static modeling [41,87–89]. 

That the majority of seismic moment release takes place on two to three large patches on the 

fault plane however does not necessarily capture the small-scale heterogeneity of complex 

rupture, as high-frequency ground motions have been shown to be generated by irregularities 

in subevent rupture, by starting and stopping phases of rupture [23,90,126]. Such 

heterogeneous rupture processes may also be modeled by multiple subevents that vary in sizes 

and overlap on the fault plane [24–26,63,127,128]. In that manner, more realistic earthquake 

source rupture scenarios can be modeled and the corresponding strong-motion time histories 
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synthesized. Such predictions may then be compared with other simple model predictions e.g., 

physical or empirical GMMs.  

We illustrate this by extending the SBM model into a finite-fault representation of the 

𝑀w6.3 Ölfus earthquake in South Iceland that occurred on parallel and separate (by 4-5 km) 

north-south-striking dextral faults that ruptured near-simultaneously on 29 May 2008 

(Figure 1) [108,129]. Figure 17a shows one realization of such spatially heterogeneous seismic 

moment distribution. The parameters of the model are those inferred in this study (TABLE 4) 

and the spatial heterogeneity of fault rupture modeled by allowing the subevents of the SBM 

to vary in size, assuming a fractal (𝐷=2) size subevent distribution between 0.15-0.50 of the 

main-event size if it were modeled as a circular source [24,127,130], and randomly distributed 

on the fault planes assuming a uniform PDF. The temporal source properties were modeled 

allowing for circular rupture front sweeping the fault plane with constant velocity set at 80% 

of the shear-wave velocity of the crust, with the western fault segment rupturing 2 seconds 

after the origin time, roughly equivalent to S wave triggering of the fault plane [131,132]. We 

extended the SBM in the same way for the other two largest events of our dataset, the 𝑀w6.5 

17 June and 𝑀w6.4 21 June 2000 earthquakes, respectively. We then synthesized 500 

realizations of subevent distributions for each earthquake, and for each realization and for 

every subevent, we simulated the corresponding strong-motion acceleration time histories 

using the stochastic method, and summed up the time histories at each station for which we 

have recordings, appropriately lagged in time accounting for rupture delay and travel time 

based on subevent-site geometry [27,28,133]. We then compare in Figure 17b the SBM point-

source predictions of the seismological model inferred in this study (lines) with the recorded 

data (symbols) and the finite-fault variable-size subevent source modeling simulation results 

for PGA (for the 𝑀w6.3 29 May 2008 eq.), for PSA at 0.1 and 0.3 s period (𝑀w6.5 17 June 2000 

eq.) and at 1 s period (𝑀w6.4 21 June 2000 eq.) (dots). Overall, the comparison is excellent. 

We point out that the resulting time histories are able to capture better the stacking of motions 

expected in the near-fault region where focusing occurs due to forward directivity (or 

defocusing due to backward directivity) which is better predicted [25]. For example, the finite-

fault modeling appears to capture relatively enhanced PSA at 0.1 s at 20 km distance (as 

indicated by data) for the 𝑀w6.5 earthquake, due to that specific source-site geometry where 

stacking of high-frequency motions into shorter seismic energy arrival times takes place. This 

feature is reduced at 0.3 s PSA both in the data and simulations, but there one of the two data 

points appears as an outlier. However, the large PSA has been shown to be due to site effects 

on top of a lava-rock-layer under which a softer sedimentary layer lies, resulting in resonance 

at 0.25-0.33 second period of oscillation [95,98], a feature not modeled in our study. Finally 

we note that the simulations appear to capture the actually observed scatter of PGA on 

ICEARRAY I, a small-aperture of strong-motion stations on rock in the extreme near-fault 
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region of the 𝑀w6.3 Ölfus earthquake (located in the town of Hveragerði, near station IS113, 

see Figure 2), which was shown to be between 38-89%g [108].  

Conclusions 

A seismological model constructed around the specific barrier model of the heterogeneous 

earthquake source has been calibrated in the context of the stochastic method to earthquake 

high-frequency strong-motions in the South Iceland Seismic Zone. Backwards model selection 

was carried out in the context of the Bayesian statistical method using Monte Carlo 

simulations and Markov Chains. On the basis of independently obtained or available 

information on key model parameters the number of parameters in the model inference was 

reduced until stable Markov chains and posterior probability density functions for each 

parameter had been obtained, and parametric cross-correlations had been eliminated to the 

extent possible. The seismological model has been shown to be unbiased with respect to 

strong-motions in the SISZ, with a total standard deviation of 0.218 which is dominated by 

intra-event variability but with relatively low inter-event variability, indicating relative 

uniformity of SISZ earthquakes. The model can therefore be used with confidence to simulate 

strong-motion time histories in the context of the stochastic method e.g., to predict the peak 

parameters of strong-motion using random vibration theory, and in applications such as 

probabilistic seismic hazard assessment.  

While admittedly limited in terms of larger magnitude earthquake data, the dataset is 

however relatively rich in strong earthquakes around magnitudes 𝑀w6.0-6.5, the ground 

motions of which show considerable uniformity and consistency, and can therefore, at least to 

the first approximation, be considered typical of SISZ strong-motions from earthquakes that 

from historical accounts are known to cascade across the SISZ roughly once a century, and 

dominate the traditional probabilistic seismic hazard estimates in the populated areas of the 

SISZ. Extending the SBM of this study into a finite-fault representation allowing subevents of 

varying sizes provides a more realistic earthquake source and ground motion modeling, shown 

to capture the essential characteristics of the ground motions of the three largest earthquakes 

in the dataset.  

The modeling approach applied in this study pertains to the simulation and prediction 

of high-frequency ground motions and parameters, starting with a closed-form equation of the 

far-field S wave spectrum from an aggregate of 𝑁 subevents on the fault plane that represent 

source heterogeneity. The posterior distributions of key model parameters and the physical 

consistency of the SBM allow its expansion to finite-fault earthquake source modeling and 

more realistic strong-motion simulation in the SISZ, in particular in the near-fault region. This 

can be done in the context of other simulation approaches, such as the kinematic modeling 

method for the purpose of physically synthesizing long-period earthquake ground motions, 
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and for high-frequency strong-motion simulation, even allowing for variable size subevents on 

the fault plane. In the absence of large magnitude data in the SISZ, the SBM is a promising 

candidate for investigating the ground motion scaling at larger magnitudes using a simple, yet 

physically consistent source modeling and the corresponding near-fault strong-motion 

prediction.  
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Tables 

Table 1 - List of SISZ earthquakes used in this study. 𝑁𝑟𝑒𝑐 refers to the number of records used in the inference for 
each event. 

ID Date Time Lat Lon Depth 𝑀w  𝑁rec  
1 1987-05-25 11:31:56.0 63.9100 -19.7900 11.3 6.0 6 
2 1998-06-04 21:36:54.0 64.0360 -21.2930 5.0 5.4 7 
3 1998-11-13 10:38:34.0 63.9540 -21.3460 5.3 5.1 6 
4 2000-06-17 15:40:41.0 63.9756 -20.3402 6.3 6.5 15 
5 2000-06-17 17:40:15.0 63.9800 -20.7200 n/a 5.0 8 
6 2000-06-21 00:51:48.0 63.9780 -20.7050 5.1 6.4 16 
7 2008-05-29 15:45:59.0 63.9936 -21.0693 5.1 6.3 7 

 

Table 2 – Recording stations of the ISMN of which strong-motion stations are used. 

ID SID Lat Lon Station Site 
1 IS101 63.9400 -20.9870 Selfoss-Hospital rock 
2 IS102 64.0020 -21.1870 Hveragerdi-Church rock 
3 IS104 63.8540 -21.3820 Thorlakshofn stiff soil 
4 IS105 63.8400 -20.3900 Hella stiff soil 
5 IS106 63.9910 -20.2640 Flagbjarnarholt rock 
6 IS107 63.9280 -20.6480 Thjorsartun rock 
7 IS108 64.0500 -20.1600 Minni-Nupur rock 
8 IS109 64.0650 -20.6420 Solheimar stiff soil 
9 IS112 63.9370 -21.0020 Selfoss-City Hall rock 
10 IS113 64.0025 -21.1859 Hveragerdi-Retirement House rock 
11 IS301 64.1000 -19.8400 Burfell-HPS rock 
12 IS302 64.2010 -19.2390 Hrauneyjafoss-HPS rock 
13 IS303 64.1900 -19.5700 Sultartangastifla rock 
14 IS305 64.0880 -21.0070 Irafoss-HPS rock 
15 IS306 64.0940 -21.0110 Ljosafoss-HPS rock 
16 IS307 64.1740 -19.1250 Sigolduvirkjun-HPS rock 
17 IS309 64.1670 -19.6190 Sultartangi-HPS rock 
18 IS401 64.1350 -21.9050 Reykjavik-Hus Verslunarinnar rock 
19 IS402 64.1330 -21.7900 Reykjavik-Foldaskoli rock 
20 IS501 63.8770 -21.2140 Oseyri-bridge rock 
21 IS502 63.9310 -20.6490 Thjorsarbru rock 
22 IS601 63.9926 -21.1776 Heidarbrun 51 rock 
23 IS602 64.0047 -21.2043 Kambahraun 39 rock 

 

Table 3 – The parameters of the ground motion model used in this study. Their lower and upper boundaries, 
respectively, are indicated which were used in the inversions. For comparison, the parameters referred to as 
HOS2007 were those used/inferred in the only other study using the specific barrier model on three of the 
earthquakes analyzed in this study [29]. 

Parameter 𝑩𝒍𝒐𝒘 𝑩𝒖𝒑 HOS2007 Unit Meaning 

𝜷 1.2 4.2 3.5 km/s Shear wave velocity 
𝝆 1.8 3.2 2.8 g/cm3 Rock density 
𝚫𝝈𝑮 1 100 30 bar Global stress drop 
𝚫𝝈𝑳 1.43 1500 161 bar Local stress drop 
𝜿 0.005 0.100 0.05 s High-frequency decay 
𝒉 0.1 10 ℎ𝑖 km Source depth 
𝑹𝑿 8 80 35 km Crossover distance 
𝑸𝟎 10 200 47 1 Attenuation quality factor 
𝜸 0.01 1.3 0.91 1 Attenuation frequency exponent 
𝝉 0.001 1.5 - 1 inter-event covariance 𝜏2 
𝝈 0.001 1.5 - 1 intra-event variance 𝜎2 
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Table 4 – The results of the inversion in terms of the model parameters, along with their 95% percentiles and the 
associated inter-event and intra-event error terms.  

ID  𝑣s 𝜌 Δ𝜎𝐺 Δ𝜎𝐿 𝜅 ℎ 𝑅X 𝑄0 𝛾 𝜏 𝜎 
  [km/s] [g/cm3] [bar] [bar] [s] [km] [km]     

1 mode 
97.5% 
2.5% 

3.73 
4.17 
3.39 

2.94 
3.17 
1.92 

66.5 
88.4 
25.1 

116.9 
142.6 
62.1 

0.042 
0.048 
0.038 

2.0 
2.6 
1.6 

29.0 
35.7 
26.7 

58.1 
69.6 
47.1 

0.887 
0.975 
0.780 

0.039 
0.068 
0.021 

0.212 
0.223 
0.203 

2 mode 
97.5% 
2.5% 

3.74 
4.08 
3.41 

2.80* 66.2 
90.4 
32.2 

109.5 
139.1 
82.9 

0.041 
0.047 
0.038 

2.0 
2.6 
1.6 

28.4 
40.6 
26.8 

56.4 
73.5 
48.6 

0.880 
0.976 
0.772 

0.049 
0.068 
0.019 

0.210 
0.222 
0.202 

3 mode 
97.5% 
2.5% 

3.20* 2.80* 26.0 
55.4 
17.9 

73.5 
93.8 
64.6 

0.040 
0.046 
0.036 

2.0 
2.5 
1.6 

29.1 
33.1 
26.7 

63.6 
76.7 
54.8 

0.909 
0.996 
0.812 

0.048 
0.073 
0.028 

0.212 
0.222 
0.202 

4 mode 
97.5% 
2.5% 

3.20* 2.80* 26.7 
48.8 
15.0 

67.2 
79.8 
56.0 

0.035* 1.9 
2.5 
1.5 

29.3 
34.3 
26.5 

70.0 
93.3 
61.5 

0.836 
0.890 
0.736 

0.055 
0.077 
0.033 

0.213 
0.223 
0.201 

5 mode 
97.5% 
2.5% 

3.20* 2.80* 30.0* 67.6 
74.6 
63.6 

0.035* 1.9 
2.5 
1.5 

28.8 
32.6 
26.5 

71.8 
83.6 
60.2 

0.828 
0.901 
0.756 

0.056 
0.077 
0.032 

0.211 
0.223 
0.202 
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Figures 

 

Figure 1. Map of the largest earthquakes in the South Iceland Seismic Zone over the last three decades, along with 
the recording sites of the Icelandic strong-motion network (triangles). The left-hand inset shows the location of the 
present day tectonic marginin Iceland, and the locations of the two transform zones, the South Iceland Seismic 
Zone and the Tjörnes Fracture Zone. The study area is indicated by a rectangle. The stars indicate epicenters of the 
studied earthquakes, which are scaled to magnitude. For the three largest events, moment tensor solutions from 
the USGS and approximate fault lines are shown as well. The labeled triangles represent accelerometer stations 
that recorded the earthquakes, of which only station IS100 has not been used in this study. 

 

Figure 2. The specific barrier model: (a) A schematic view of an earthquake source on a rectangular fault plane 
(with length 𝐿, width 𝑊, dip 𝛿 and strike 𝜙𝑠) modeled by the specific barrier model as consisting of 𝑁 identical 
subevents of diameter 2𝜌∘ distributed deterministically on the fault plane. A local stress drop 𝛥𝜎𝐿  drives the 
subevent rupture (faint lines of concentric circles indicate the local rupture front at successive time instants) until 
the overall rupture front with velocity 𝑉 has swept the entire fault plane. (b) Aggregate source spectra of the specific 
barrier model for different moment magnitudes and stress drop values exhibiting the two corner frequencies as 
dots at intermediate frequencies. The spectra shown are self-similar (휁 = 1) and the high-frequency amplitudes are 
attenuated by a kappa filter with 𝜅 = 0.04 s. The plot indicates the key parameters in the scaling of the high- and 
low-frequencies.  
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Figure 3. Example of the recorded earthquake strong-motion on two horizontal components along with their 
respective Fourier and elastic response spectra for 5% damping (gray). Also shown are the corresponding time 
history and spectra of synthetic strong-motion (black). 
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Figure 4. The key parameters of the strong-motion dataset used in this study. Left: Magnitude-distance 
characteristics. Right: Distribution of records indicating which station (see Table 2) has data from which event (see 
Table 1). Black diamonds and gray squares indicate rock and stiff soil, respectively. 

 

 

 

Figure 5. Results of the determination of 𝜅 from one component of strong-motion data using the new method. The 
data is shown at top, indicating the part of the time history used for the calculations. At bottom is the Fourier 
amplitude spectrum of signal vs. noise (gray) in linear (left) and log-scale (right). 

 

 



SISZ Seismological Model using Bayesian Inference   Sonnemann et al (2019) 

 37 

 

Figure 6. Left: Mean Kappa values with one standard deviation for each station. Black and red colors indicate rock 
and stiff soil sites, respectively. Right: Empirical density function estimated over all kappa measurements. 

 

Figure 7.  All models’ chain histograms of each model parameter after burn-in representing their marginal posterior 
densities. See Table 4 for details, namely ID 1 indicates that all parameters were inferred simultaneously at first, 
then the parameters were inferred by additionally fixing density (2), shear wave speed (3), average 𝜅 (4) and global 
stress drop Δ𝜎𝐺 (5). 
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Figure 8. Posterior probability 2D histograms of model ID 1 showing model parameter correlations and Spearman’s 
correlation coefficient (values in each plot). The red diamond represents the best fitting parameter value 
combination. 
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Figure 9. For model ID 5, each parameter’s Markov chains are shown on the left, including the thresholds of the 
multi-stage re-evaluation steps (solid black lines) and each stage’s burn-in period (dashed black lines). The plots 
right of each chain show the respective chains’ autocorrelation values for lags from 0 to 50. 

 

  



SISZ Seismological Model using Bayesian Inference   Sonnemann et al (2019) 

 40 

 

 

Figure 10. Posterior probability 2D histograms of model ID 5 showing model parameter correlations and 
Spearman’s correlation coefficient (values in each plot). The red diamond represents the best fitting parameter 
value combination. 
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Figure 11. Model 5. Intra-event residuals at each frequency for all records using the maximum-likelihood estimates 
of model 1, with 95% confidence intervals for a least-squares line fit versus 𝑀w. 

 

Figure 12. Model 5. Intra-event residuals at each frequency for all records using the maximum-likelihood estimates 
of model 1, with 95% confidence intervals for a least-squares line fit versus log(𝑅JB). 

 

Figure 13. The mean slope of intra-event residuals versus (a) log10(𝑅𝐽𝐵) and (b) 𝑀w as a function of oscillator 

eigenfrequency [0.56 to 23.71 Hz], with ± one standard deviation of the slope. (c) The MLE model bias 
[log(data/sim)] as a function of frequency, with 90% confidence interval of the mean in gray and bars indicating ± 
one standard deviation of the residuals. Total residual mean is 0.006 with standard deviation of 0.218, based on 
65 records from 7 events. 
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Figure 14. (a) The total residual standard deviation (solid), inter-event (dashed) and intra-event (dotted) vs. versus 
frequency. (b) Mean residual bias over all frequencies plotted for each earthquake with ± one standard deviation. 
(c) Distribution of event terms of the maximum-likelihood event term estimate using the MCMC samples. The 95% 
confidence interval of a fitted least-squares line is shown as dashed lines.  

 

Figure 15. Attenuation of mean PGA and SA at various periods with distance of selected GMMs (𝑀w = 6.4) for rock 
sites. Observed data (rock sites, 𝑀w = 6.5, 6.4, 6.3) are plotted as gray diamonds. Dashed lines represent mean ±1σ 
(residual standard deviation) shown for the SBM and the combined average of all GMPEs. The models labeled as 
“K19-…” are using the functional forms of various published GMMs but have been recalibrated to only Icelandic 
data, similar to model RS2009 which used both Icelandic and some European data. These models fit the current 
Icelandic dataset best, and thus the recalibrated SBM is expected to closely approximate them. See text for further 
details. 
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Figure 16. Attenuation of mean PGA and SA at various periods with distance of selected original GMMs (𝑀w5.2, 
6.4, 7.2) for rock sites along with the ±1 standard deviation of the SBM. Observed data (rock sites, 𝑀w5.0, 5.1, 5.4, 
and 6.3, 6.4, 6.5, respectively) are plotted as gray diamonds. The models are plotted over their respective ranges of 
validity. The magnitudes represent the lower end of the used dataset (𝑀w5.2), its upper end for which there is the 
largest amount of records as well (𝑀w6.4), and the assumed maximum magnitude for the SISZ (𝑀w7.2).  
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Figure 17. SBM of heterogeneous rupture using variable-size subevents (a) one out of 500 scenarios of spatial 
heterogeneous distribution of seismic moment for the 29 May 2008 Ölfus earthquake. The corresponding strong-
motion parameter results are shown as dots as a function of distance and PGA and PSA at three different oscillator 
periods, for the three largest earthquakes in our dataset: PGA: 29 May 2008, PSA at 0.1 and 0.3 s: 17 June 2000, 
and PSA at 1 s: 21 June 2000 earthquakes, respectively. For comparison, the predictions of the seismological model 
calibrated in this study are shown as solid lines, with ±1 standard deviation. Ultimately, the predictions are 
compared with the geometric mean of the maximum values on two horizontal components of recorded data 
(symbols).  

 


