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Summary 

  

A dynamic finite-fault source inversion for retrieving stress and frictional 

parameters of the Mw 6.3 2017 Lesvos earthquake is carried out. The mainshock occurred 

on June 12, offshore the southeastern coast of the Greek island of Lesvos in the north 

Aegean Sea. It caused 1 fatality, 15 injuries, and extensive damage to the southeastern 

part of the island. We use acceleration recordings of Greek and Turkish strong motion 

networks from near regional distances (∼ 30 150 km). The dynamic rupture evolution 

is modeled with linear slip-weakening friction acting on a single elliptical patch with 

heterogeneous initial stress, allowing to consider both barrier and asperity models within 

one inversion. The inversion is posed as a Bayesian problem and the parallel tempering 

Markov Chain Monte Carlo algorithm is used to sample the posterior probability 

distribution. The samples are used not only to obtain an estimate of the maximum a	

posteriori model but also to assess uncertainties and trade-offs between dynamic, 

kinematic, and energetic parameters. To elucidate the impact of initial assumptions about 

the parameter space, the estimate of the posterior probability density is compared with 

the prior probability distribution. The mean model has average fracture energy rate of 
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1.3 1.2 MJ/m2, average stress drop 4.5 2.4 MPa, and average rupture speed 1450

490 m/s.  We find that the position of the nucleation zone, the ratio between the available 

strain energy and the fracture energy are the best-constrained quantities. In contrast, the 

fracture energy itself is poorly constrained, perhaps due to the use of data from relatively 

large distances and missing stations in the open sea directions. The Bayesian inversion 

also provides further evidence for directivity effect possibly contributing to the severe 

damage at Vrisa on the Lesvos Island.   

 

1 Introduction 

 

The Mw 6.3 Lesvos earthquake occurred on June 12, 2017, 12:28 GMT, offshore the 

southeastern coast of the Greek island of Lesvos in the Lesvos Basin, Aegean Sea.  

According to the Geophysical Institute of the National Observatory of Athens (GI NOA), it 

was a shallow crustal event with a hypocentral depth of 12.0 ± 1.7 km. The stress state in 

the area is characterized as transtensional, with minimum principal stress axis 𝝈𝟑 

oriented in the NNE-SSW direction (Konstantinou et al., 2016). The earthquake likely 

ruptured the eastern segment of the Lesvos Basin fault, oriented perpendicular to 𝝈 ,	

dipping SSW with normal faulting mechanism (Kiratzi, 2018). We show a map of the 

epicentral area in Fig. 1. 

Most damage occurred on the southern coast of Lesvos. In what has been called the 

“Vrisa paradox” (Papadimitriou et al., 2018), the heaviest structural damage was 

observed in the small village of Vrisa, despite the presence of other towns and villages 

closer to the mainshock epicenter (e.g. Plomari, Akrasi, Vatera, etc.). One woman in Vrisa 

died, and at least 15 people were injured (Lekkas et al., 2017). This has been attributed to 

site-effects and vulnerable infrastructure (Lekkas et al., 2017), or the large spatial extent 

of slip and source directivity. The last two have been examined by a kinematic inversion 

of seismic data (Kiratzi, 2018), a kinematic inversion of GPS data (Chousianitis and Konca, 

2018), and an analysis of the aftershock sequence (Papadimitriou et al., 2018). Both 

kinematic inversions conclude that the slip was concentrated in a large patch with 

unilateral propagation of rupture from the hypocenter toward the northwest, as also 
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indicated by centroid position reported shortly after the event at EMSC by Sokos and 

Zahradnik (2017).  

Here we reanalyze the earthquake using seismic data from local Greek and Turkish 

stations. We perform a centroid moment tensor inversion and determine the fault plane 

geometry. Then, we attempt to retrieve the physical properties of the rupture process by 

performing a dynamic finite-fault inversion of the rupture in the Bayesian framework.  

Dynamic inversion aims at finding parameters governing frictional and stress 

conditions on the fault. A parametric constitutive law relating slip and friction on the fault 

is considered, and elastodynamic equation is solved with the constitutive law as an inner 

boundary condition. A spatio-temporal evolution of slip, which is guaranteed to be 

consistent with physical laws, is obtained as an indirect result. Dynamic inversions may 

thus be viewed as parametric kinematic inversions constrained by the assumed 

constitutive laws (Gallovič et al., 2019a,b). However, dynamic inversions also permit 

interpretation of the earthquake properties in terms of earthquake source physics, 

representing a crucial element for understanding processes of rupture nucleation, 

propagation, and arrest, eventually enabling realistic simulations of near-source ground 

motions (e.g. Aochi and Ulrich, 2015). 

There are several issues with dynamic inversions that prevent their widespread use. 

First, the appropriate form of the constitutive law that describes the relationship between 

fault stress and slip (or slip rate) is still a topic of intense research. Widely applied 

empirical friction laws have been derived from small-scale laboratory experiments (Brace 

and Byerlee, 1966; Ruina, 1983; Niemeijer et al., 2010; etc.), but little is known about their 

applicability to the Earth’s crust (see Perfettini et al. 2003, Marone et al. 2009 for an 

extensive discussion on the topic). Since the differences between the various laws are 

likely to be negligible at low frequencies and hard to distinguish with the precision and 

accuracy of today’s seismological data, we use the simple slip-weakening law (Ida, 1972).	

It	has been used in almost all dynamic inversions published to date (e.g., Di Carli et al., 

2010; Ruiz and Madariaga 2011, 2013; Díaz-Mojica et al. 2014; Twardzik et al. 2014; 

Herrera et al., 2017; Gallovič et al., 2019a,b; Mirwald et al., 2019). For an overview of 

various friction laws, we refer the reader to Bizzarri (2011). 
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Second, dynamic inversions are non-unique, and reporting a single optimal (best 

fitting the data) model may often be insufficient for characterizing all plausible rupture 

models. We thus cast the problem in a probabilistic, Bayesian framework to obtain a 

posterior	 probability	 density	 function (ppdf), which gives useful statistical information 

about the model space parameters (Tarantola, 2005). Among others, the ppdf provides a 

firm formal basis for analyzing uncertainties and trade-offs among parameters. Another 

advantage of the Bayesian framework is that it allows clearly formulating prior 

assumptions (in the form of a prior	probability	density	 function) and identify how they 

affect the results.  

Third, dynamic inversion with spontaneous rupture is a computationally 

demanding task. Moreover, due to the non-linearity of the dynamic rupture modeling 

(representing the forward part of the inverse problem), general sampling methods 

requiring many runs of the rupture simulation must be employed to explore the 

parameter space reliably.  That is why the dynamic rupture code must be as fast as 

possible.  

One way to reduce the time needed for an inversion is to keep the dimensionality of 

the parameter space low. Inversions which directly seek a (discretized) distribution of 

dynamic parameters on the fault are few in number (Fukuyama and Mikumo, 1993; 

Peyrat et al., 2001; Peyrat and Olsen, 2004; Corish et al., 2007; Gallovič et al., 2019a,b). 

Instead, simple parametrizations are typically considered in dynamic source inversions, 

such as models consisting of one or two (e.g., elliptical) patches with sought dynamic 

parameters (e.g., Ruiz and Madariaga, 2011,2013; Twardzik et al., 2014; DiCarli et al., 

2010; Díaz-Mojica et al., 2014; Herrera et al., 2017). Another important reason why there 

have not been many high-dimensional inversions is that there are trade-offs between 

parameters. These may greatly increase uncertainties of individual parameters. One of 

the aims of this study is to explore these tradeoffs.  

There are two end-member models for the dynamic patch, differing in the spatial 

variations of initial stress and strength that determine the rupture propagation:  

 The barrier model (Das and Aki, 1977): Strength and initial stress are considered 

finite and homogeneous inside a given patch, while strength is considered 
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(effectively) infinite on the rest of the fault. This creates a barrier that prevents 

slip from propagating outside the patch. 

 The asperity model (Kanamori and Stewart, 1978): Strength is finite everywhere 

on the fault, but initial stress has high values (relative to strength) inside a given 

patch. If the initial stress outside the patch is small enough, the slip stops 

spontaneously.  

In this paper, we perform a Bayesian inversion for dynamic parameters of the 

rupture using the parallel tempering algorithm (Swendsen and Wang, 1986) and an 

efficient direct solver FD3D developed by K. B. Olsen, R. Madariaga and R. Archuleta 

(Madariaga et al., 1998). Previous source analyses of the Lesvos Earthquake 

(Papadimitriou et al., 2018; Kiratzi, 2018; Chousianitis and Konca, 2018) do not indicate 

considerable complexity, which makes the event an ideal candidate for parameterizing 

the distribution of friction and stress by the simplistic single elliptical patch as described 

above, especially at lower frequencies. In contrast to, e.g., Di Carli et al. (2010), or Corish 

et al. (2007), we consider both stress and strength as free parameters. Moreover, in 

contrast to Ruiz and Madariaga (2011,2013), Twardzik et al. (2014), Herrera et al. (2017), 

neither the geometry of the ellipse nor the location of the nucleation zone is held fixed 

during Monte Carlo exploration. We also allow for inhomogeneous distribution of initial 

stress inside the ellipse, which provides a richer parameter space and permits us to make 

inversions that combine features of both the barrier and asperity models. We inspect the 

resulting model samples in terms of dynamic, kinematic, and energetic parameters with 

emphasis on their uncertainties and trade-offs. In particular, we analyze the uncertainty 

of ground motion predictions for towns and villages that were significantly affected by 

the earthquake, we explore how well the fracture energy is constrained, whether the data 

can distinguish between the barrier and asperity models, and discuss other relations 

between dynamic and emergent quantities. 

 

2 Method 

 

2.1 Forward problem 
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The forward problem consists of dynamic rupture simulations and calculation of 

synthetic waveforms. For the former, we use the Fortran code FD3D, which employs finite 

differences of 4th order in space on a staggered grid and of 2nd order in time. The code 

solves the elastodynamic equation in a layered elastic isotropic box with a vertical fault 

bisecting the box. The boundary conditions are defined by a free surface enforced through 

the stress-imaging technique (Levander, 1988; Graves, 1996; Kristek et al., 2002) at the 

top face, Clayton-Engquist absorbing conditions at the remaining faces (Clayton and 

Engquist, 1977) and an internal boundary that represents the fault. The mechanical 

conditions on the fault are governed by the standard linear slip-weakening friction law 

(Ida, 1972), which relates slip Δ𝑢 𝒙, 𝑡  and shear traction 𝑇 𝒙, 𝑡  in the slip direction at 

each point 𝒙 on the fault. From this point on, we use the terms shear traction and stress 

interchangeably. The linear slip-weakening friction law consists of two parts:  

1. The rupture criterion: Slip at any point 𝒙 on the fault is zero until shear traction at 

that point reaches	strength	𝑇 .	

2. Constitutive law: Once 𝑇  reaches 𝑇 , the fault starts slipping, and the on-fault 

scalar traction becomes a non-increasing function of slip:	

𝑇 𝒙, 𝑡
𝑇 1 𝒙, 𝑇        for 0 Δ𝑢 𝒙, 𝑡 𝐷

         𝑇                        for Δ𝑢 𝒙, 𝑡 𝐷  
				       (Eq. 1) 

Here 𝐷  is the so-called characteristic	 slip	 distance and 𝑇  is the dynamic (residual) 

friction. 

We assume that it is the difference between the initial stress 𝑇  and 𝑇  that governs 

the dynamics of rupture, not the absolute value of 𝑇  itself. Therefore, as the absolute 

value of 𝑇  cannot be determined, we set it arbitrarily to zero. This is a common practice 

in dynamic inversions (e.g., Ruiz and Madariaga, 2011, 2013; Twardzik et al., 2014; 

Gallovič et al., 2019a,b). The friction law is summarized in Fig. 2a.  

Two modifications have been made to the original FD3D code:  

 Because of mirror symmetry with respect to the fault plane, we only perform 

calculations on one half of the domain, which speeds up calculations (Gallovič et 

al., 2019a).   

 The simulation is stopped after 12 (simulated) seconds or when a rupture-

stopping criterion is met. The criterion is activated when the maximum slip-rate 
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over the fault has been lower than one percent of the previous largest value of this 

quantity for more than one second (i.e., max
∈ ,

Δ𝑢 𝑡′ 0.01

max
∈ ,

Δ𝑢 𝑡′ ). The application of this criterion prevents wasting simulation 

time on small slip rates with negligible effect on the synthetic seismograms.   

At the end of the simulation, we obtain the slip rate as a function of time and position 

on the fault. This slip history is then convolved with Green’s functions pre-calculated 

using the Axitra software (Cotton and Coutant, 1997). As a result, synthetic seismograms 

on specified stations are obtained. Finally, we apply a fourth-order causal Butterworth 

filter to each of the seismograms, the result of which provides us with synthetic data. The 

first 100 seconds of the synthetics are compared to the observed (equally filtered) data in 

terms of the 𝐿  norm. Finally, to account for the uncertainty in the origin time and/or to 

balance for the relatively weak or strong nucleation of the dynamic rupture, we shift the 

resulting synthetic seismograms in time within 𝛥𝑡 ∈ 3.2 𝑠, 3.2 𝑠  to obtain 

seismograms which best fit the data in terms of the 𝐿  misfit. The shift 𝛥𝑡 is the same for 

all stations. 

 

2.2 Dynamic model parameterization 

 

We follow Di Carli et al. (2010) and assume that the initial stress 𝑇 𝒙  and frictional 

parameters 𝑇  and 𝐷  are controlled by a single ellipse containing a circular nucleation 

zone, see Fig. 2b. The strength is effectively infinite outside the ellipse, so its boundary 

represents a barrier outside of which no rupture can propagate. We assume (similarly to 

Twardzik et al., 2014) that the initial stress inside the ellipse decreases from the center as 

a Gaussian function, possibly reaching very small values (relative to the strength) well 

before the barrier. Thus, depending on the values of the model parameters, rupture can 

stop by reaching the barrier or by reaching areas of small initial stress. In this way, our 

model parameterization effectively covers a spectrum of models between the barrier and 

asperity end-members. 

The geometry of the elliptic patch is parameterized by five parameters (Fig. 2b): The 

along-strike and along-dip (measured from top to bottom) location of its center 
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𝒙𝟎 𝑥 , 𝑦 , the components of the vector connecting the center and the tip of the semi-

major axis (𝑎 , 𝑎 ), and the length of the semi-minor axis (𝑏).  The strength is set to a 

constant value of 𝑇  inside the ellipse and to its tenfold elsewhere, guaranteeing that no 

slip penetrates outside the ellipse. Characteristic slip distance 𝐷 , another parameter of 

the inversion, is assumed constant on the fault.  

The magnitude of the initial stress 𝑇  is arbitrarily set to zero outside of the ellipse. 

Within the ellipse (except for the nucleation zone), 𝑇 𝒙 𝑇 exp ||𝒙 ||  , where 

‖𝒙′‖ :  is an elliptical norm (Ponnusamy, 2002), with 𝒙 𝑥 , 𝑥  

being a position vector in the coordinate system coinciding with the semi-major and semi-

minor axes of the ellipse and with origin at its center. The initial stress at the center of the 

ellipse is 𝑇 :  and 𝛽  is the elliptical norm distance at which the initial stress 

decreases to 𝑇 /𝑒. Both S and 𝛽 are free positive parameters. We note that the average of 

this initial stress distribution over the elliptical patch evaluates to  

𝑇 𝛽 𝑇 𝛽 1 exp .                     (Eq. 2) 

For small 𝛽, the stress quickly falls to zero before reaching the edge of the elliptical 

patch (𝑇 0 , effectively yielding the asperity model. For 𝛽 ≫ 1, the initial stress 

becomes effectively homogeneous (𝑇 𝒙 ≡ 𝑇 𝑇 , yielding the barrier model.  

The geometry of the circular nucleation zone NZ is determined by 3 parameters: the 

along-strike and along-dip locations of its center 𝒙𝒏𝒖𝒄𝒍 (𝑥 , 𝑦 ), and its radius 𝑅 . 

The initial stress 𝑇  inside the NZ is given by stress	 excess	𝑆𝐸 :  𝑇 𝑇 𝑆𝐸 . To 

initiate rupture, the value of 𝑆𝐸 must be greater than zero.  

To sum up, we parameterize the model by 13 real parameters (Fig. 2b): 8 geometric 

(𝑥 , 𝑦 , 𝑅 , 𝑥 , 𝑦 , 𝑎 , 𝑎 , 𝑏), 3 determining the initial stress (𝑆, 𝛽, 𝑆𝐸 , and 2 defining 

the friction 𝑇 , 𝐷 .  

 

2.3 The inverse problem 
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In this section, we cast the dynamic source inversion into a probabilistic framework 

and review the Bayesian approach to inverse problems with continuous parameters. 

 

2.3.1 Bayesian framework 

 

Following Tarantola (2005), we introduce the model space 𝑀, the data space 𝐷,	and 

the joint space 𝐶 𝑀 𝐷. The model space 𝑀 is a finite-dimensional space of all possible 

distributions of initial stress and frictional properties consistent with our dynamic elliptic 

model. We assume it is the 13-dimensional Euclidian space 𝐸 . Choosing coordinates on 

𝑀 is called parameterization. Both the model and the parametrization used in this study 

were described above. The data space D is the space of all possible (processed and 

filtered) 3-component displacement histories for each receiver. We model it as the vector 

space 𝑅 , where 𝑛  is the number of receivers and 𝑛  is the number of time samples. 

The coordinates are provided by the values of displacement in cm	at each station and each 

time step. The joint manifold 𝐶	then represents the N-dimensional 𝑁 13 3𝑛 𝑛  

space of all combinations of models and all conceivable observations. 

When coordinates (𝑥 , 𝑥 , … , 𝑥  are specified, we can assign a probability to a set 

𝐴 ⊂ 𝐶 using the probability	density	function	(pdf)	𝑓: 

𝑃 𝐴 𝑓 𝑥 , 𝑥 , … , 𝑥 𝑑𝑥 .     (Eq. 3) 

We note that when a different coordinate system – a different parametrization – of the 

model space is used, the pdf	transforms with the inverse Jacobian of the transformation 

taking one set of coordinates to the others. Consequently, a uniform pdf in one set of 

coordinates generally results in a non‐uniform pdf in a different set of coordinates. 

The prior probabilistic information on the parameter and model space is described 

by the prior	probability	density	function 𝜌 𝒎, 𝒅 , 𝒎 ∈ 𝑀, 𝒅 ∈ 𝐷. We assume that it can be 

decomposed as 𝜌 𝒎, 𝒅 𝜌 𝒎 𝜌 𝒅 , where 𝜌  and 𝜌  are marginal prior 

distributions on 𝑀  and 𝐷 , respectively. The function 𝜌 𝒎  encapsulates our initial 

knowledge or assumptions about the model space, while 𝜌 𝒅 𝜌 𝒅|𝒅𝒐𝒃𝒔  describes 

the probability density of the actual data being 𝐝 given that we observe 𝒅𝒐𝒃𝒔	(𝒅, 𝒅𝒐𝒃𝒔 ∈
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ℝ ). Here, we make the usual assumption that the data are normally distributed 

around 𝒅𝒐𝒃𝒔: 

𝜌 𝒅|𝒅𝒐𝒃𝒔 𝑐𝑜𝑛𝑠𝑡 exp 
‖𝒅 𝒅𝒐𝒃𝒔‖

 
,       (Eq. 4) 

where  𝜎  is the data error, ‖⋅‖  is the squared Euclidean norm (𝐿  misfit) and const is 

chosen so that the integral of Eq. 4 over 𝐷 is equal to 1. 

Furthermore, we assume that the relation between models and data can be 

described by the theoretical	 probability	 distribution of the form Θ 𝒎, 𝒅 𝑐𝑜𝑛𝑠𝑡

𝜃 𝒅|𝒎  where 𝜃 𝒅|𝒎  is the conditional distribution for d given m. Specifically, 𝜃 𝒅|𝒎  

is assumed to take the form: 

𝜃 𝒅|𝒎 𝑐𝑜𝑛𝑠𝑡 exp  
‖𝑭 𝒎 𝒅‖

 
,    (Eq. 5) 

where 𝑭 𝒎 ∈ ℝ  is a vector of synthetic data calculated as a solution of the forward 

problem described by 𝒎, and 𝜎  is the theoretical error.  

Following Mosegaard and Tarantola (2002), we combine the information in the 

prior and theoretical probability densities to obtain the joint pdf	𝑝:    

𝑝 𝒎, 𝒅 𝑐𝑜𝑛𝑠𝑡 𝜌 𝒎, 𝒅 Θ 𝒎, 𝒅 𝑐𝑜𝑛𝑠𝑡 𝜌 𝒎 𝜌 𝒅 𝜃 𝒅|𝒎 .        Eq. 6 

After integrating over data parameters (data	marginalization), we obtain the posterior 

probability	density	function	(ppdf)	for m:   

 𝑝 𝒎 𝑐𝑜𝑛𝑠𝑡 𝜌 𝒎 𝜌 𝒅 𝜃 𝒅|𝑚 𝑑𝒅.							(Eq. 7) 

Plugging in the relations from Eq. 4 and Eq. 5, the last expression evaluates to: 

                            𝑝 𝒎 𝑐𝑜𝑛𝑠𝑡 𝜌 𝒎 exp
 ||𝑭 𝒎 𝒅𝒐𝒃𝒔||  ),       (Eq. 8) 

 where 𝜎 ≔ 𝜎 𝜎  is the total	error (Tarantola, 2005). 

Eq. 8 is the formal solution	of the inverse problem. In practice, a closed-form of 

𝑝 𝒎  is often unavailable, and we have to resort to approximate methods. In this paper, 

we use the parallel	tempering	Monte	Carlo	Markov	Chain	algorithm, which we describe in 

the following section.  
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Once the ppdf is available, a variety of possibilities arises. In low dimensions, 

sufficient information is often obtained by inspecting the shape of the ppdf	and comparing 

it with the shape of the prior distribution. Visualization of the ppdf	in higher-dimensional 

spaces is challenging. Nevertheless, if we decompose the model space 𝑀 as a Cartesian 

product of some subspaces 𝑀  and 𝑀 , 𝑀 𝑀 𝑀 , we can calculate the marginal pdf	

𝑝 𝒖 	for 𝑢 ∈ 𝑀  by integrating over 𝑀 : 

     𝑝 𝒖 𝑝 𝒖, 𝒗 𝑑𝑣.        (Eq. 9) 

Marginal distributions are useful for displaying information from high dimensional 

spaces. However, they must be approached with caution because a lot of information is 

lost by the integration. A variety of simple, useful quantities, such as the means, variances, 

covariance and correlation matrices, etc., may also be computed. 

 

2.3.2 Sampling the posterior with the parallel tempering algorithm 

 

Even though the expression in Eq. 8 gives the solution to the inverse problem in 

theory, there are at least three practical complications that may immediately arise. First, 

we may have no analytical expression for 𝑭 𝒎  at hand, so unless we use some (e.g., 

numerical) approximation, we have nothing to plug in the formula. Second, even if the 

expression for 𝑭 𝒎  is available, the integral may still be impossible or difficult to 

calculate analytically. We then have to employ numerical integration, but the 

computational requirements of approximating the integral increase rapidly with 

dimension. Third, in high-dimensional spaces, the pdf is typically negligible in most of the 

model space, and thus most of the calculation resources are wasted if uniformly random 

exploration is used. 

The Monte Carlo solution to the problems above is to draw independent samples of 

the pdf 𝑝 𝒎  and use them to approximate various integral qualities involving 𝑝 𝒎  

(marginals, means, covariances, etc.). Random	Walk Markov	Chain Monte	Carlo	(MCMC) 

methods do this by moving through the model space in a sequence of random moves, 

independent of the history of the iteration. A popular technique employed for the MCMC 

sampling is the Metropolis‐Hastings (MH) algorithm (Metropolis et al., 1953; Hastings, 



12 
 

1970; see also Sambridge and Mosegaard, 2002). At each step, a random proposal is made 

to move from the point 𝒎 	to the point 𝒎′ .	 If 𝑝 𝐦 𝑝 𝐦 , then the proposal is 

accepted; if 𝑝 𝐦 𝑝 𝐦 , the proposal is accepted or rejected with a probability 

given by the	MH rule, which is designed to produce samples from the target pdf. However, 

the MH algorithm only works well for unimodal pdfs. For pdfs with multiple local maxima, 

the walker may get trapped in a close neighborhood of the maximum without ever 

exploring the other maxima.  

One method which aims to solve this problem, already used for dynamic source 

inversion by Gallovič et al. (2019a,b), is the parallel tempering algorithm (also known as 

replica exchange Monte Carlo, Swendsen and Wang, 1986). The parallel tempering 

algorithm samples the target pdf by performing the MCMC algorithm on multiple chains, 

each of which, if working independently, would sample the pdf 𝑝 , 𝒎 : 𝑘 𝑝 𝒎 , 

where T,	1 𝑇 ∞, is a parameter called temperature, generally different for each chain, 

and 𝑘  is a normalizing constant. The target distribution corresponds to 𝑇 1. At the 

limit of  𝑇 →  ∞ , 𝑝 ,  approaches the uniform probability density function. The purpose 

of tempering the distribution is to flatten the local maxima of the original distribution to 

prevent from getting trapped in their vicinity. After a prescribed number of steps, all pairs 

of chains have non-zero probabilities to be swapped, allowing the “cold” (i.e. 𝑇 1) 

chains to jump over small values of the pdf. For more details, see Sambridge (2013). 

Once a large enough set of samples is obtained, it can be used to approximate the 

underlying pdf	and	 the quantities calculable from it. For example, to approximate the 

population mean value 𝜇 	of a function 𝑔 𝒎 , we use: 

        𝜇 𝑔 𝒎  ∑ 𝑔 𝒎 ,                       (Eq. 10) 

where 𝒎 	is the j-th sample and 𝑀 is the number of samples. According to the strong law 

of larger numbers, if 𝒎𝒋	are independent, 𝑔 𝒎   almost surely converges to 𝜇  as M goes 

to infinity	(for more details, see e.g., Graham and Talay, 2013; Betancourt, 2017). 

Similarly, an unbiased estimate of the covariance matrix, 𝐶  can be obtained as 

    𝐶 ∑ 𝒎𝒊 𝝁𝒊 ⋅ 𝒎𝒋 𝝁𝒋, .               (Eq. 11) 
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An estimate of the standard deviation 𝜎 , or the variance 𝜎 , of the i‐th	parameter then 

corresponds to the diagonal elements of 𝐶 , 

      𝜎 𝐶 .                                          (Eq. 12) 

Using the latter two formulas, the	matrix	𝑝 	of Pearson‘s correlation coefficients (the 

correlation	matrix) can be estimated as: 

      𝑝 .                                        (Eq. 13) 

It follows from the Cauchy-Schwartz inequality that 1 𝑝 1.  

Each sample obtained from the parallel tempering algorithm corresponds to a point 

in a 13-D model space. To obtain samples of marginal probability density functions 

(defined by Eq. 9) in N-dimensions, we simply ignore the values of the parameters in the 

other dimensions (i.e., we project the sample to the chosen dimensions). In this text, we 

only discuss results for N=1, 2.  

To estimate the marginal probability densities from the samples, we use the kernel	

density	 estimation	 (KDE, see, e.g., Zambom and Dias, 2012). The KDE method in one 

dimension takes as its input a list 𝑆 of values sampled from the true pdf  𝑓: 𝐼 → ℝ  and 

outputs its estimator function 𝑓 , defined for each point 𝑥 ∈ 𝐼 by the formula:   

   𝑓 𝑥 𝐾𝐷𝐸 , 𝑆 𝑥 ∑  ∈ 𝐾 ,                     (Eq. 17) 

where 𝑛 is the number of samples in 𝑆, 𝐾 𝑥  is a function with unit integral (kernel), and 

ℎ is a positive real parameter called bandwidth. Here we use the Gaussian kernel, i.e., 

𝐾 𝑥
√

exp . We note that close to the boundaries of 𝐼 , 𝑓  is usually biased 

towards lower values, due to the lack of data outside 𝐼. 

In contrast to histograms, the Gaussian KDE estimate is a smooth function and the 

result is not influenced by a choice of the position of the initial bin. Nevertheless, the 

dependence on the bin width is replaced by the dependence on the bandwidth ℎ. The 

generalization to two-dimensions is straightforward. Here we choose ℎ equal to 1/30 (1-

D) or 1/15 (2-D) of the respective parameter range. 
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2.4 Prior distribution on the model space 
 

The joint prior pdf on the 13 parameters of the model space is assumed to be 

constant and non-zero under the following 4 conditions:  

1. The i‐th parameter must lie between 𝑝  and 𝑝 , as specified in Tab. 1. 

2. The length of the semi-minor axis b is smaller or equal to the semi-major axis a:  

𝑏 𝑎 𝑎 𝑎                                      (Eq. 14) 

3. The length of the semi-major axis a is not larger than the maximum allowed value 

of 𝑎 : 

                                       𝑎 𝑎 𝑎 |𝑎 |                (Eq. 15) 

4. The center of the nucleation zone lies inside the ellipse. 

The purpose of condition #2 is to prevent ambiguity in specifying the semi-major 

and semi-minor axes. Condition #3 ensures that the inclination angle 𝜙 of the ellipse (the 

angle of the semi-major axis w.r. to the horizontal line) is uniformly distributed by 

restricting the vector 𝑎 , 𝑎  to lie within a circle of radius 𝑎 . Without this condition, 

the semi-major axis would uniformly sample a square centered at 𝑥 , 𝑦 , and there 

would be a higher concentration of angles around 45° 𝑘 90°, 𝑘 ∈ 0,1,2,3 , i.e., toward 

the corners of the square. Condition #4 ensures that rupture always initiates within the 

ellipse. We note that we allow 𝑎  and 𝑎  to span both negative and positive intervals, thus 

permitting an occurrence of pairs 𝑎 , 𝑎  and 𝑎 , 𝑎  which represent the same 

model. Nevertheless, it is advantageous to allow both of them in the inversion as it makes 

the Monte Carlo sampling more efficient by avoiding artificial valleys in the sampled pdf. 

We show representations of the 1-D marginal prior pdfs in Fig. S1. We note that despite 

the constancy of the 13-D joint distribution on its support, the conditions #1-3 affect the 

shape of 1-D and 2-D marginal prior pdfs, making them non-constant for some parameters. 

 

2.5 Data and model setting 

 

2.5.1 Stations and Green’s functions 
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Within 150 km from the centroid, the earthquake was recorded by 55 strong-motion 

stations of the Geodynamic Institute of the National Observatory of Athens (GI NOA) and 

Bogazici University Kandilli Observatory and Earthquake Research Institute (KOERI). We 

excluded stations very close to each other (with almost the same waveforms) to reduce 

station redundancy while preserving azimuthal coverage. 

For computation of the Green’s functions, we adopt a five-layer model after 

Karagianni et al. (2002), Fig. S2. However, many of the recordings are affected by 

significant basin and site effects, which we do not take into account in our Green’s function 

calculations. To select stations suitable for our inversion, we used Axitra to calculate 

synthetic seismograms for a point source located at the GI NOA hypocenter in the low-

frequency range of 0.05-0.08 Hz and excluded stations with visibly poor fits with the 

observed seismograms. For example, stations in the city of Izmir were excluded because 

of a significant path effect likely caused by the presence of the Izmir basin, which cannot 

be reproduced in our 1-D model. Our selection resulted in 21 stations shown in Fig. 1. The 

event has good angular coverage of stations to the east (azimuths from -10° to 170°), but 

poor coverage to the west as that direction corresponds to the open sea.  

Acceleration records were tapered with a rectangular time window starting at the 

origin time of 2017/06/12 12:28:37 GMT and with a duration of 163.84 s. The records 

were then bandpass filtered using a 4-th order Butterworth filter between 0.05 and 0.3 

Hz and integrated into displacements. The lower frequency bound is necessary to remove 

low-frequency instrumental noise from the data. The upper bound is chosen to lower the 

influence of the imperfect velocity model, as well as uncertainties in the fault geometry 

and the hypocentral location.  

The total (data+theoretical) error is set close to the maximum amplitude over all 

stations, 𝜎 2.5 cm (Eq. 8). A similar (relative) estimate of error was also used in the 

dynamic inversions by Gallovič et al. (2019a,b). We note that it is close to the theoretical 

estimate by Hallo and Gallovič (2016) based on synthetic simulations with randomly 

varied velocity models. 

 

2.5.2 Fault plane   
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We adopt the fault plane geometry based on full-waveform centroid moment tensor 

(CMT) inversion, performed before the dynamic inversion, and shortly summarized here. 

In a preliminary analysis, using non-clipped broadband records from stations located 180 

to 350 km away from the epicenter, and filtered between  0.01 and 0.05 Hz, and using the 

software ISOLA (Zahradník and Sokos, 2018), the centroid position was found to be 

shifted from the GI NOA epicenter by ~7 km in the NW direction. Then we used strong-

motion stations located 30 to 90 km away from the hypocenter (Fig. S3) in order to 

improve the CMT solution. Using a 3D grid search and records filtered between 0.03 and 

0.07 Hz, we found the optimum centroid position at a depth of 8 km,  shifted 2 km west 

and 6 km north of the GI NOA epicenter, centroid time 3.76 s after origin time; we find the 

seismic moment to be 2.89 ⋅ 10  Nm (𝑀 6.3), see Figs. S4 and S5. The double-couple 

percentage (although not a	priori constrained) was very high, DC 90%. Using multiple-

point source models (0.05-0.10 Hz), (see Figs. S6 and S7), whose deviatoric moment 

tensor was free, we found stable normal-faulting, indicating a simple rupture geometry of 

the mainshock and rupture propagation towards the northwest. 

Of the two moment-tensor nodal planes of our CMT, we adopt the fault with 

mechanism of strike/dip/rake 113°/40°/-83° for the following reasons: i) it has been 

preferred by seismic, geologic and bathymetric data in previous studies (Kiratzi, 2018), 

and ii) the distance of the GI NOA hypocenter (H) from this fault plane passing through 

the centroid (C) is only 0.03 km. The latter is the so-called H-C consistency (Zahradník et 

al., 2008), a useful tool for identifying fault planes.   

We assume a fault plane with a dimension of 30 30 km (spatial resolution of 200 

m), which is large enough to encompass the rupture with a comfortable margin. The 

geometry of the fault we adopted for the inversion is shown in Fig. 1. During initial tests, 

it became evident that models tend to rupture in the WNW direction from the centroid. 

For this reason, the fault center was shifted along the strike direction to allow more space 

for the rupture. Consequently, the inferred centroid is located at two-thirds of the total 

along-strike distance across the fault. 

While calculating the evolution of slip with FD3D, we assume, to speed up 

calculations, that the fault is vertical, with the direction of slip constant and pointing up-

dip. To partially compensate for the discrepancy between the actual dip of the fault and 

the dip of the FD3D model, we stretch the along-dip positions of the velocity model 
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interfaces, so that they conform to the actual depths along the fault. Seismograms are then 

calculated by convolving the obtained slip rates with the Green’s functions calculated with 

Axitra, which correctly account for the fault geometry. Since the ruptures do not reach the 

free surface, the error is negligible. The same method was applied by Gallovič et al. 

(2019b) for the 2016 Mw 6.2 Amatrice Earthquake.   

 

3 Results 

In the following, we use the term dynamic	parameters to refer to those quantities 

that are directly used as input into the dynamic simulation or are analytically calculable 

from them, see Tab. 1. The	quantities which emerge as results of dynamic simulations and 

are not analytically calculable from the dynamic parameters, are denoted as emergent	

quantities. The main emergent quantities we discuss here are the final slip Δ𝑢 𝒙 , seismic 

moment 𝑀 , the area of rupture 𝑆  (defined as the area of the portion of the fault with 

non-zero slip), the local (static) stress drop Δ𝜎 𝒙 , defined here as the difference between 

the shear stress at the beginning and the end of the simulation, respectively; the (slip-

weighted) average stress drop Δ𝜎 , the partial strain	 energy	 change (also 

known as the available	strain	energy) Δ𝑊 Δ𝜎Δ𝑢𝑑𝑆 (Noda et al., 2013), the fracture 

energy 𝐸 𝑇
Δ𝑢 1  for 0 Δ𝑢 𝐷

𝐷 /2 for Δ𝑢 𝐷
𝑑𝑆 , slip-weighted average rupture 

speed  𝑉 :  |∇ | , and the (slip-weighted) average direction of rupture 𝜓 ≔

𝑎𝑛𝑔𝑙𝑒 𝒆𝟏,
∇

, where 𝒆𝟏	is the unit horizontal vector pointing along strike, and 𝜏 

is the rupture time. 

 

3.1 MCMC sampling and initial models 

 

The forward problem – i.e. the dynamic rupture simulation and calculation of the 

synthetic waveforms - runs as a serial (single-core) code, while parallel computing is 
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employed in the sampling the posterior distribution with Parallel Tempering algorithm. 

We use 120 CPU cores in parallel; the 1st core controls the swapping of temperature 

among the MCMC chains. For each processor, we use 10 ordered chains with 

temperatures 𝑇 , 𝑖 ∈ 1, … ,10 . We set the temperatures of the first two chains to 1, so they 

sample the target posterior distribution. For the rest of the chains, we set 𝑇 𝑘𝑇 , 𝑖 ∈

3,4, … 10 , where 𝑘 100 / , so that 𝑇 100.  This distribution corresponds to 

equidistant intervals between logarithms of temperatures.  

MCMC proposals for each parameter 𝑝  are considered to have uniform probability 

density within the interval centered around their present value with length Δ 𝑇

𝑝 𝑝 , where Δ 𝑇  is a temperature-dependent step and 𝑝 , 𝑝  are the 

minimum and maximum  permitted values,  respectively. We set Δ 𝑇 ≔ 0.02

0.1 0.02 , i.e. Δ 𝑇  increases linearly with temperature and equals 0.02 for 

𝑇 1 and 0.1 for 𝑇 100. The increase of step size with temperature accommodates the 

fact that models are more likely to be accepted at higher temperatures. 

Before the actual inversion, we sampled the prior distribution by assigning constant 

misfit to each model. To make the subsequent data inversion more effective, we start the 

MC chains from models providing at least a mild fit with the data. To do so, we randomly 

selected from the prior samples those models with variance	reduction (𝑉𝑅  higher than 

15%. VR is defined as 

    𝑉𝑅 𝒅𝒔, 𝒅𝒐𝒃𝒔 1
|𝒅𝒔 𝒅𝒐𝒃𝒔‖|

|𝒅𝒐𝒃𝒔‖|
100%,              (Eq. 16) 

where 𝒅𝒔	and	𝒅𝒐𝒃𝒔	are the synthetic and observed data, respectively. The inversion ran 

on Xeon supercomputer cluster IT4I for 15 days. The total number of chains was 1190, 

with 238 chains running at the cold chains with 𝑇 1. About 680 000 samples were 

obtained from these cold chains. We discarded about the first half of the samples from 

each cold chain (from the so-called “burn-in phase”), leaving us with 341 517 models. 

 

3.2 Maximum a posteriori estimate model 
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The dynamic and emergent properties of the model with the highest VR (36.9%) – 

i.e., the maximum a posteriori (MAP) estimate - are shown in Fig. 3. A comparison of 

synthetic and observed ground displacements at the stations used in the dynamic 

inversion is shown in Fig. 4. The waveform fit is relatively good at most station 

components. In some cases, the model does not fit the amplitudes of the main phase. At 

most of the stations we do not fit the later reverberations, which we attribute to the 

unaccounted complexity of the velocity model and which lead to the formally low value of 

VR. 

The values of the dynamic parameters and emergent quantities are listed in Tab. 1 

and Tab. 2, respectively. Instead of reporting the first three parameters in terms of 

𝑎 , 𝑎 , 𝑏, we instead use 𝑎, 𝑏, 𝜙 (i.e., the semi-major axis, semi-minor axis, and the angle of 

the semi-major axis with respect to the horizontal line), as these parameters are easier to 

interpret. Moreover, instead of reporting the Cartesian coordinates of the center of the 

ellipse 𝒙𝟎 𝑥 , 𝑦 , we calculate the elliptic distance between 𝒙𝟎  and 𝒙𝒏𝒖𝒄𝒍 , 𝐶 :

‖𝒙 ‖  and the angle 𝐶  between the vector 𝒙𝟎 𝒙𝒏𝒖𝒄𝒍	and the horizontal line. We 

prefer those parameters because 𝒙𝟎	is tightly bound with the values of 𝒙  due to the 

prior distribution (which disallows 𝒙𝒏𝒖𝒄𝒍  to appear outside the elliptic patch), so 

reporting their values would be less informative. Indeed, from 𝐶  we can immediately 

see the relative distance of the nucleation zone from the center of the elliptic patch; 

models with high 𝐶  are more likely to lead to predominantly unilateral rupture since 

their nucleation is closer to the edge of the elliptic patch. The angle 𝐶  turns out to be a 

good predictor of rupture direction. We remind the reader that the prior	pdf	of these 

transformed quantities is related to the pdf of the original parameters by the inverse 

Jacobian rule.  

The rupture of the MAP model (Fig. 3) starts at a nucleation zone with 𝒙𝒏𝒖𝒄𝒍 located 

18.3 km along-strike and 15.8 km along-dip from the northwestern corner of the fault. 

The nucleation is thus at a depth of 10.1 km and corresponds to epicenter at 26.310°N and 

38.877°E. The distance of the surface projection of the nucleation zone from the GI NOA 

epicenter is 6.25 km. The nucleation zone is located 2.4 km from the center of the elliptic 

patch. The lengths of the semi-major and semi-minor axes of the ellipse are 14.8 km and 

6.8 km, respectively. We note that the rupture does not break the entire patch. The 

rupture surface has a quasi-elliptical shape with maximum and minimum dimensions of 
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17 km and 13.3, respectively. Its area is 183 km , i.e., only 58% of the total area of the 

elliptic patch. This happens because the initial stress decays from the value at its center, 

i.e. 4.9 MPa, to about 1.6 MPa at the edge of the patch (𝛽 0.95 . Consequently, the 

rupture front is stopped by low-stress domains, preventing it from rupturing the whole 

elliptic patch. The projection of the slip field to the surface is shown in Fig. S8. 

The rupture starts spreading in all directions first, with the faster direction being 

the one along dip, corresponding to the in-plane fracture mode (mode II). This is not 

surprising, as rupture generally tends to grow faster in the in-plane mode (Madariaga, 

2015). After 2 s, the rupture starts slowing down in the up-dip direction as it approaches 

the upper and lower boundaries of the patch (with areas of lower initial stress). The 

rupture then starts spreading mainly unilaterally in the northwestern direction along the 

semi-major axis. It finally stops at 𝑇 8.7 𝑠 after the nucleation because it reaches an 

area of low initial stress. Thus, predominantly asperity-like behavior is observed.  Even 

though the initial rupture speed is 𝑉 3 km/s, the slip-averaged speed of rupture 𝑉  

is only 1.22 km/s. This value is close to the “secant” speed 𝑉 1.26 km/s obtained by 

dividing the distance between the farthest rupture tip and the nucleation by the rupture 

duration. We point out that Kiratzi (2018) found a kinematic model with a similarly 

oriented slip patch and duration of 6.8 s. However, Kiratzi (2018) estimated a larger slip 

patch (~20 km) with higher rupture speed (~3 km/s). We note that the duration of 7.7s 

was found by the SCARDEC method (Vallée and Douet, 2016).  We show a comparison of 

the respective moment rate functions in Fig. 5a. Compared to the MAP model, the moment 

rate functions from Kiratzi (2018) and SCARDEC have higher seismic moment (by 34% 

and 30%, respectively) and a sharper peak at around 2.6 s. However, the SCARDEC 

moment rate function also has a secondary peak, which is absent in the other models.  

The slip-weighted stress drop Δ𝜎  is 4.2 MPa. The partial strain energy change Δ𝑊 

is 201 TJ, while the total fracture energy 𝐸  is 167 TJ. The radiation efficiency 𝜂 , 

with total strain energy change 𝑊 2𝑇 𝒙 𝛥𝜎 𝒙 Δ𝑢 𝒙 𝑑𝑆, is 𝜂 0.32. This 

rather low value is consistent with findings of other dynamic inversion studies (e.g., 

Mirwald, 2019, Gallovič et al., 2019b). 
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3.3 Characteristics of the posterior distribution 

 

3.3.1 1‐D marginals 

 

The estimates of marginal posterior and prior distributions for the 13 inverted 

parameters, along with variance reduction (𝑉𝑅), are shown in Fig. 6. Since the prior 

distribution influences the shape of the posterior distribution, inspecting only the 

posterior variance is insufficient to determine the resolution of the method. For example, 

if the prior distribution has a pronounced peak and we learn nothing new from the data, 

then the peak will be preserved in the posterior distribution and could thus be 

misinterpreted as an outcome of the inversion. For this reason, we also measure the 

similarity of the prior and posterior distributions in terms of the Hellinger distance, 𝐻, 

(Shemyakin, 2014):  

               𝐻 𝜌 , 𝜌 1 𝜌 𝑥 𝜌 𝑥 𝑑𝑥
𝟏/𝟐

.       (Eq. 18) 

It is a metric on the space of probability distribution densities, and it is equal to zero for 

identical distributions and equal to unity for disjoint distributions. The higher the 

Hellinger distance between the posterior and prior distribution, the more the model 

parameters are resolved by the data. A similar approach was used by Minson et al. (2014) 

in the kinematic inversion of the great Tōhoku earthquake. For a survey of other distances, 

see, e.g., Chung et al. (1989).   

From Fig. 6 we can see that the best-determined parameters are 𝑥  and 𝑦 ,  

which have sharp, nearly Gaussian distributions and large Hellinger distances from the 

prior (0.5). Only three other parameters have Hellinger distance greater than 0.1: 𝐶 , 

𝑅 , and 𝐷 .  

Posteriors of the remaining eight parameters closely follow the prior distribution, 

which means that they are unresolved by the inversion. There are at least three possible 

reasons for this. First, the evolution of the rupture or the fit of synthetic and observed data 

may not be sufficiently sensitive to the dynamic parameters. Second, the parameters may 

have trade-offs so that the effect of a change in one parameter is compensated by changes 

in other parameters. For example, an increase in 𝑎, 𝑏 is balanced by a decrease in 𝑇  and 

𝛽 so that the area with significant 𝑇  remains effectively constant (we further discuss this 
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below). Third, the median value of 𝑀  is 1.9 10  Nm, which is less than half of the value 

determined by GCMT (𝑀 4.3 10  Nm). Most models thus produce relatively 

weak synthetic seismograms, making the misfit less sensitive to variations in dynamic 

parameters.  We point out that in a high-dimensional Bayesian inversion, the relatively 

poor model misfit may formally be compensated by an abundant model occurrence, 

making even the poorly fitting model parameters more probable.  

Fig. 7 shows a scatter plot of 𝑀  against the variance reduction VR. We can see that 

the models have high variance reduction (>35%) only when 𝑀  is larger than 2.4 10  

Nm and lower than 5.6 10  Nm. On the other hand, in the same interval of 𝑀  there are 

also a lot of models with small VR. This shows that finding the right seismic moment is not 

sufficient for obtaining a good fit, suggesting that finite fault effects are essential for the 

results of the inversion.     

To filter out physically uninteresting models, we place an additional physical 

constraint by accepting only models with 𝑀 0.5 𝑀 2.15 10  Nm, which 

corresponds to imposing a lower cut-off on the prior distribution of 𝑀 . This leaves us 

with a database of 36498 models. The resulting estimates of the marginal distributions 

are shown in Fig. 6. Although such a cut-off in seismic moment generally also modifies the 

prior distribution, in Fig. 6 we only show the original prior. The mean and median values, 

and the standard deviations are listed in Tab. 1. 

The restriction of the 𝑀  values changes the pdf of 𝑉𝑅 significantly. Its peak shifts 

from 17% to 30%. Parameter a is still concentrated around values >10 km, but with 

respect to the former (unconstrained) prior, the largest values (>17 km) are now 

underrepresented. The distribution for 𝑏 also shifts towards lower values. Similarly, the 

values of 𝐶  move closer to zero, so the nucleation zone shifts closer to the center of the 

elliptical patch. The inclination angle of the ellipse 𝜙 has a distribution that peaks at 190°, 

but its variance is still large (we point out that models differing by 180° are identical by 

definition). The angle 𝐶  is much better determined – compared to the prior, it gets 

narrower with roughly 90% of the values lying between 90° and 270° with a peak at 194°. 

The distributions for S and 𝐷  peak at the lower end of their allowed ranges. In the case of 

S, this means that 𝑇  and 𝑇  ( 𝑇 / 1 𝑆 ) are well correlated (even more than in the 

prior distribution, see Fig. S9), consistently with Peyrat et al. (2001, 2004), who found 

correlations between the strength and the initial stress. The posterior distributions of the 
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parameters 𝑇  and 𝑆𝐸 remain close to their prior distributions. The parameter 𝑅  now 

does not peak at the upper bound of the allowed range (~3.0 km), but instead at 1.8 km. 

The parameter 𝛽 peaks sharply at around 0.75.  

Fig. 8 shows the KDE estimates of various emergent quantities for models with 𝑀

0.5 𝑀 . Their means, medians, and standard deviations are listed in Tab. 2.  The mean 

slip-weighted stress drop is 4.5 MPa (relative uncertainty, r.u., of 53 %), the mean rupture 

speed is 1450 m/s (r.u. = 34 %), and the mean partial strain energy change and fracture 

energy are 197 TJ (r.u. = 63 %) and 202 TJ (r.u. = 73 %), respectively. The mean value of 

the radiation efficiency is 0.26 (std. dev. = 0.12). A relatively well-constrained quantity is 

the slip-weighted mean direction of rupture 𝜓, with a mean of 169°	(std. dev. = 44°). We 

note that this is close to the mean 𝐶  (184°). In fact, the two quantities are strongly 

correlated (𝑝 0.74, see Fig. S10).  

 

3.3.2 2‐D marginals  

 

Estimates of 2-D marginal distributions for the set of parameters 𝑏, 𝑇 , 𝑇 , 𝑆𝐸, 𝑅 ,

𝐷 , 𝛽  are shown in Fig. 9. Prior and posterior marginal distributions for a larger set of 

parameters are plotted in Figs. S9 and S11, respectively. Estimates of 2-D marginal 

distributions for emergent parameters are shown in Fig. 10 and 2-D marginal 

distributions for pairs of dynamic parameters and emergent quantities are displayed in 

Fig. 11. 

In the following, we denote by 𝑝  the value of Pearson’s correlation coefficient 

between the respective parameters. Further, we say that two parameters are weakly 

(anti-) correlated if |𝑝| ∈ 0.25,0.5 , moderately (anti-) correlated if |𝑝| ∈ 0.5,0.7) and 

strongly (anti-) correlated if |𝑝| ∈ 0.7,1 .  

Fig. 9 shows that the strongest correlation is found between 𝑇  and 𝑇  (𝑝 0.88 . 

Most of this correlation is, however, given by the prior distribution (𝑝 0.79, Fig. S9). Still, 

the correlation in the posterior distribution is even stronger, corresponding to the fact 

that 𝑆 is a well-determined parameter (Fig. 6).  



24 
 

The parameter 𝑏 is weakly anti-correlated with both 𝑇  (𝑝 0.32) and 𝛽 (𝑝

0.33), suggesting that an increase in the length of the semi-minor axis is statistically 

compensated by a decrease in the maximal initial stress. Despite only a weak anti-

correlation between 𝑏 and 𝛽, there is a cut-off in the marginal distribution of 𝑏, 𝛽  at 𝛽

1.2, above which the two parameters seem to be independent. Indeed, after dividing the 

range of 𝛽 in two intervals (I 0; 1.2  and I 1.2; 3 , p changes to 0.68 (moderate 

to strong anti-correlation) on 𝐼  and to 0.09 on 𝐼 . This is likely due to the fact that the 

initial stress at the boundaries of the ellipse becomes less sensitive to 𝛽 as 𝛽 → ∞ at the 

boundaries, the partial derivative 𝜕𝑇  /𝜕𝛽  has a global maximum at 𝛽 0.81  and 

decreases below 𝑒  for β 1.5, thus for larger values of 𝛽 the initial stress becomes 

almost independent of 𝛽 and decays very slowly with distance from the center of the 

patch). Incidentally, 1.2 is near the minimum value of 𝛽 at which the rupture breaks the 

whole patch (see section “Barrier vs. asperity models”). This example shows the danger 

of using the linear correlation coefficient for parameters with non-linear dependence. An 

anti-correlation, although weaker, is also present between 𝑎 and 𝛽 (see Fig. S11).  

Taken together, the results of the above paragraph suggest that the area with 

significant initial stress is well constrained by the inversion. We demonstrate this by 

defining the effective area	(of stress) 𝑆  by the relation 𝑇 𝑆 𝑇 𝑆 , i.e.   

                      𝑆 ≔ 𝜋𝑎𝑏𝛽 1 exp 1/𝛽 .            (Eq. 19) 

The KDE estimate of 𝑆  is shown in Fig. 6. We see that 𝑆  is indeed well determined, with 

a sharp peak in the distribution at 197 km2 and Hellinger distance of 0.38. Moreover, 𝑆  

is moderately correlated with 𝑆  (not shown here, 𝑝 0.50 . 

Overall, quantities with the dimension of stress generally seem to be correlated with 

𝐷 . A strong correlation is present between 𝑇  and 𝐷  𝑝 0.76 .  A weak to moderate 

correlation between 𝑇  and  𝐷  is also present (p=0.47). Similarly to Corish et al. (2007) 

in their synthetic dynamic inversions, we observe a correlation between the mean initial 

stress and 𝐷  (𝑝 0.66, not shown). The mean slip-weighted stress drop Δ𝜎  is also 

strongly correlated to 𝐷  (𝑝 0.75, see Fig. 11), showing that the two parameters cannot 

be determined simultaneously, in agreement with Guatteri and Spudich (2000). An 

explanation for these correlations, similar to that proposed by Corish et al. (2007), is that 

since increasing the value of 𝐷  leads to slower rupture, higher values of stress are 
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necessary to compensate for this if the observed seismograms are to have the same 

magnitude, see discussion in section 4.4. 

 

3.3.3 Kinematic properties of rupture   

 

In Fig. 12 we show the mean slip and standard deviation of slip evaluated from the 

ensembles at each grid point on the fault. We note that due to the non-linearity of the 

mapping between dynamic parameters and slip, this is generally not equivalent to the slip 

of the mean model. Nevertheless, the circular pattern represents the stable characteristics 

of the slip distribution over the model samples.  

Fig. 5b shows the median and mean moment rate functions along with the standard 

deviations. The moment rate function of the MAP model is shown for comparison. Two 

pronounced peaks can be seen in each case. The first corresponds to the nucleation. As 

the rupture spreads from the nucleation zone, the spatially concentrated high slip-rate 

weakens, and the moment rate function starts to decrease. However, as the rupture area 

increases, many smaller slip contributions add up, which results in the second broader 

peak. 

The synthetic seismograms of all (moment-constrained) models are shown in Fig. 4. 

The majority of the observed seismograms are contained within the spread of the 

synthetics. This reflects our rather conservative choice of the total error.  

	

4 Discussion 

 

4.1 Directivity effect on ground motions  

 

As mentioned in the Introduction, the Lesvos earthquake caused significant damage 

in the town of Vrisa, even though it is farther from the observed hypocenter than other 

towns and villages, such as Plomari. Here we explore the statistical prediction of the 
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ground motions with an emphasis on these two towns, in which no instrument was 

present.  

Vrisa is located approximately 20 km from the centroid surface projection, 318° 

from the north, measured clockwise. To inspect the effects of directivity and the finite 

extent of the rupture, we calculate peak ground velocity (PGV) at 100 regularly spaced 

phantom stations located on the surface 20 km from the centroidal projection.  Fig. 13a 

graphically presents histograms of PGV at each angle and the curve of mean PGV along 

with standard deviations. We see that the angular dependence of PGV nearly has a mirror 

symmetry about the plane containing the 120°-300° line. The direction away from Vrisa 

consistently shows very small PGVs.  

The comparison of KDE estimates for pdfs of synthetic PGVs at Vrisa and Plomari is 

displayed in Fig. 13b. Compared to Plomari, the PGVs at Vrisa have higher mean and 

variance, although the difference is rather small. Considering that Vrisa is farther from the 

fault than Plomari, this analysis suggests that the directivity effect might have significantly 

contributed to the structural damage in Vrisa.  

 

4.2 Fracture Energy 

 

Fracture energy 𝐸  is widely considered a well-determined quantity in dynamic 

inversions (Twardzik et al., 2014; Bizzarri, 2011; Mai et al., 2006; Ide and Aochi 2005; 

etc.). The underlying reasoning is as follows. As suggested by fracture mechanics (Freund, 

1990; Kanamori and Brodsky, 2004), for a given stress drop, the fracture energy controls 

the rupture speed. Moreover, models with similar rupture speed and slip distribution 

should produce similar ground motion. Some evidence from numerical modeling was 

provided by Guateri and Spudich (2000), who showed that for a given spatio-temporal 

distribution of kinematic (slip distribution, rupture time) and dynamic (stress-drop) 

quantities, it is possible to find dynamically distinct models – one with large 𝑇 𝑇  and 

small 𝐷 , and one with small 𝑇 𝑇  and large 𝐷  (i.e. having a similar distribution of 

fracture energy rate), giving very similar ground displacements at low (<0.1 Hz) 

frequencies (hereinafter we assume dynamic 𝑇 0, see Eq. 1, so we replace 𝑇 𝑇  by 

𝑇 . However, one cannot conclude, based on two models only, that energy is well 
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determined, especially as the models were not chosen randomly. Neither may one 

conclude that 𝑇  and 𝐷  are related in any systematic way. 

To estimate how well 𝐸  is constrained in our inversion, Fig. 14a  shows the scatter 

plot of 𝐸  against the variance reduction. We can see that 𝐸  is between 80 TJ and 580 TJ 

for the best fitting models (VR>35%). This means that models differing in fracture energy 

by a factor of about 7 can fit the data almost equally well. For 𝑀 , the ratio between the 

upper and lower bounds is “only“ about 2, see Fig. 7. The standard deviation of 𝐸  is 73% 

of its mean (Tab. 2). Together with Δ𝑊, with which it is strongly correlated (see Fig. 10), 

𝐸  ranks among the worst determined emergent parameters considered here. The 

average fracture energy rate 𝐺 𝐸 /𝑆  (Fig. 14b) is even worse determined, with a 

mean of 1.3 MJ/m2 and std. deviation of 1.2 MJ/m2. 

Why is the fracture energy poorly constrained? We attribute this to the large station 

distances available for this earthquake. As mentioned above, the physical argument for 

well-constrained fracture energy presupposes a well-constrained and constant stress 

drop, because in that case the rupture speed would be solely determined by the fracture 

energy. However, the stress drop in our inversion is not well constrained, its relative 

uncertainty is 50%. Indeed, we can see in Fig. 10 that while statistically the rupture 

speed rapidly decreases with 𝐸  for 𝐸 100 𝑇𝐽, it is quite insensitive for 𝐺  larger 

than that value. Therefore, the correspondence between the fracture energy and rupture 

speed does not hold. Moreover, the average rupture speed itself has non-negligible 

uncertainty (34%). 

Both 𝐸  and 𝐺  are emergent quantities, i.e., we do not know how to analytically 

calculate them from the dynamic parameters. However, we can approximate these 

quantities using dynamic parameters such as  

𝐸 ≔  0.5 𝑇 𝐷 𝑆 ,   (Eq. 20) 

where 𝑆  is the effective area (Eq. 19), and  

 𝐺 ≔ 0.5 𝑇 𝐷 .       (Eq. 21) 

Figs. 19c,d show the correlation between these emergent quantities and their 

approximations. We see that 𝐺  overestimates 𝐺  by a small amount, but it is otherwise 

its excellent proxy (𝑝 0.99 . This is however not very surprising, because when slip 
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everywhere in the patch exceeds 𝐷 , the two quantities coincide. The match between 𝐸  

and 𝐸  is weaker, although there is still a strong correlation (𝑝 0.72) between them. 𝐸  

over-estimates 𝐸  most of the time (in a few cases up to a factor of 10), because it is 

calculated with 𝑆  instead of 𝑆  (whose value is unknown before running a 

simulation) and 𝑆  is typically larger than 𝑆 . We note that uncertainties on 𝐺  and 𝐸   

are very similar to the ones on 𝐺  and 𝐸 . 

Based on this match between 𝐺  and 𝐺  (which is symmetrical in 𝑇  and 𝐷 ), if the 

fracture energy rate were well determined, we would except  𝑇  to be anti-correlated with 

𝐷 , namely 𝑇 ~𝐷 . However, Gallovič et al. (2019a), found only a weaker decay, 

𝑇 ~𝐷 . . As shown by Fig. 9, 𝑇  and 𝐷  are even (weakly) correlated in our ensemble, 

which further corroborates the poor constraint on the fracture energy rate. This may be 

caused by 𝑇  being correlated with 𝑇  (in part due to the prior distribution), which tends 

to counteract the moderating effect of 𝐷  on the rupture propagation.  

We note that 𝐷  correlates with the emergent parameters in a way quite similar to 

𝑇  (Fig. 11). This is well explained by the fracture energy (even if it is not well determined), 

being an important parameter controlling properties of rupture, in agreement with 

Guatteri and Spudich (2000). 

 

4.3 The ratio of Δ𝑊 and 𝐸   

 

One of the best constrained quantities is the ratio of the partial strain energy change 

and the fracture energy, 𝑟𝑒: Δ𝑊/𝐸  (mean 1.13, std. dev. 0.27). In Fig. 15a we see that 

the best models (with VR>35%) fall in a relatively narrow interval of 𝑟𝑒, 𝐽 0.83; 1.26), 

suggesting that re ∈ 𝐽 is a necessary condition for a good data fit. This is likely because i) 

if 𝑟𝑒 is smaller than the lower bound of 𝐽, there is not enough available energy for rupture 

(the Griffith’s criterion is not satisfied locally, Madariaga and Olsen, 2000), and ii) if 𝑟𝑒 is 

too large then too much of the strain energy would be converted to radiated energy and 

the ground displacement would be too large. In homogeneous models, high values of re 

lead to supershear ruptures (Madariaga and Olsen, 2000).  Nevertheless, 𝑟𝑒 ∈ 𝐽 cannot be 

considered a sufficient condition because there is also an extensive collection of low VR 

models with 𝑟𝑒 in the same interval. 
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Since re is a well-constrained parameter, we could in principle reduce the parameter 

space in the inversion by allowing only models within a suitable range of re. However, the 

value of 𝑟𝑒	is only available after running the full dynamic simulation. We thus need a way 

to predict 𝑟𝑒 from dynamic parameters. Madariaga and Olsen (2000) showed that 𝑟𝑒 is 

related to a so-called similarity parameter 𝜅, defined as 

𝜅 ≔ .      (Eq. 22) 

Here, 𝜇 is the shear modulus, 𝐿 is the characteristic length-scale of rupture (which 

we can take equal to the semi-minor axis, 𝐿 𝑏, see Ruiz and Madariaga, 2011)  and  𝑇  

is the initial stress, assumed to be homogeneous. According to Madariaga and Olsen 

(2000), 𝑟𝑒 𝜅, we show a more precise estimate below. Constant 𝜅 was assumed by Di 

Carli et al. (2010) to simplify their inversion of the Tottori earthquake and its well-

determinedness has previously been observed by Ruiz and Madariaga (2011, 2013), 

Twardzik et al. (2014) and Herrera et al. (2017).  Here we test this assumption as follows.  

Since our initial stress is heterogeneous, it is not obvious how to choose a suitable 

proxy for 𝑇 . Thus, we try three choices: 𝑇 𝑇  (i.e., the initial stress at the center), 

𝑇 𝑇  (Eq. 2) (i.e. the average initial stress in the absence of the nucleation stress,  

the contribution of the nucleation stress to the average stress is negligible), and 𝑇

𝑇 𝑇 exp 𝐶 /𝛽  (i.e., the initial stress that would be present at the nucleation in 

an absence of nucleation stress).  

Figs. 16 (a-c) show the posterior distributions of 𝒎 𝜇𝑇 𝐷 , 𝑇 𝑏  with the three 

different trial proxies of 𝑇 . If 𝑟𝑒 were perfectly constrained, and if 𝜅   were a 

perfect estimate of 𝑟𝑒, then 𝜅 would be constant for all sampled models, i.e., we would 

observe a perfect correlation between 𝜇𝑇 𝐷  and 𝑇 𝑏 . Indeed, we see moderate to 

strong correlations for all estimates of 𝑇 . The strongest correlation is attained for  𝑇  

(𝑝 0.82), suggesting that 𝑇  can be effectively replaced by a single parameter in the 

heterogeneous case.  

However, it could be the case that these strong correlations appear due to our 

chosen parametrization, where all the three proxies of 𝑇  explicitly depend on 𝑇  

through 𝑇 𝑇 / 1 𝑆 . We thus compare the posterior distributions with the priors in 

Figs. 16 (d-f). The correlations in the priors are much weaker for all the three proxies, 
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having a correlation coefficient ranging from 0.318 (𝑇  to 0.395 (𝑇 . This suggests 

that the correlations in the posteriors are not caused by the prior distribution and that 

𝑇  is statistically the best estimate for 𝑇 .  Thus, we use 𝑇  to calculate 𝜅 from Eq. 22 

and show the KDE estimate of its posterior in Fig. 6. The distribution has a mean at 𝜅  

1.0 and the Hellinger distance between the posterior and the prior is quite large (when 

compared to other dynamic parameters), 0.39. Therefore, 𝜅 is fairly well resolved from 

this point of view. On the other hand, a plot of 𝜅 vs 𝑉𝑅  (Fig. 15b) demonstrates that 

models with good values of 𝑉𝑅 (>35%) exists with 𝜅 in a range from  0.29 to 1.35, i.e. it 

may differ by a factor of about 4.5. Fixing 𝜅 to a single value (Di Carli et al., 2010) thus may 

be too restricting, as it may deprive the inversion of well-fitting models.  

We follow Ruiz and Madariaga (2013) to obtain a simplified theoretical relation 

between 𝑟𝑒 and 𝜅. Under the assumption of constant stress drop on an elliptical fault 

(Δ𝜎 𝑇 ) and static slip, we may estimate that they are related as 

 𝑟𝑒 𝐴 𝑏/𝑎 sin 𝜙 𝐴 𝑏/𝑎 cos 𝜙 𝜅,                (Eq. 23) 

where 𝐴  and 𝐴  are decreasing functions of the aspect ratio 𝑏/𝑎  (Fig. S12), see 

derivation in Text S1. We use the right hand side of Eq. 23 to define adjusted	similarity	

parameter 𝜅 : 

𝜅 ≔ 𝐴 𝑏/𝑎 sin 𝜙 𝐴 𝑏/𝑎 cos 𝜙 𝜅,   (Eq. 24) 

which adjusts 𝜅 by a function of the stress decay parameter 𝛽, the elliptic aspect ratio 𝑏/𝑎 

and the inclination angle 𝜙. 

The distribution of the ratio 𝑟𝑒/𝜅  has a mean value of 0.96 and a standard 

deviation of 0.28.  This is a fairly good match, even though the assumptions of constant 

stress and static slip are both clearly violated.  In contrast, the unadjusted ratio 𝑟𝑒/𝜅 has 

a mean value of 1.41 and a standard deviation of 1.04. Moreover, the best models (𝑉𝑅 

>35%) have 𝜅  ranging from 0.9 to 1.6 (see Fig, 15c), which is a smaller interval than 

for 𝜅, both in absolute and relative terms. We thus argue that 𝜅  is more constrained 

and better approximates 𝑟𝑒 than 𝜅. 
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4.3 Barrier vs. asperity models  

 

Ruiz and Madariaga (2011) performed a dynamic inversion of the Mw 6.7 Michilla 

earthquake using a combination of the Neighborhood algorithm and Monte Carlo 

sampling. They concluded that both barrier and asperity models fit data equally well. Our 

parameter 𝛽 peaks around 0.75 (Fig. 6), which seems to suggest that asperity-like models 

are preferred.  

To explore this assertion in more detail, Fig. 17a displays the histogram of 𝑞

𝑆 /𝑆 , expressing the ratio between the ruptured area 𝑆  and the area of the elliptic 

patch, 𝑆 𝜋𝑎𝑏, which is the maximum area that can rupture for a given geometry. The 

histogram weakly peaks at large 𝑞, and the cumulative frequency of low 𝑞 values is high. 

Thus, most models are indeed asperity-like. In Fig. 17b we show that high values of VR 

appear for both low and high values of 𝑞, which means we can find both barrier and 

asperity models that fit data equally well, consistent with findings of Ruiz and Madariaga 

(2011).  

To explore the dependence of 𝑞 on  𝛽, we show how they correlate in Fig. 17c.  𝛽 has 

a weak to moderate correlation with 𝑞 (𝑝=0.48). In fact, unless 𝛽≳1, 𝑞 is always smaller 

than 1 (i.e. the whole fault doesn’t rupture). Altogether, 𝛽 is a relatively good proxy of the 

rupture ratio. 

 

4.4 Stress‐drop vs. rupture speed 

 

Fig. 10 shows that Δσ  and 𝑉  are moderately anti-correlated  𝑝 0.64). Fig. 10 

also demonstrates that the rupture area 𝑆  increases with 𝑉 . This correlation 

suggests that the duration of the event (being proportional to 𝑆 / 𝑉 ) is well-

constrained by the data. From Fig. 10 one also sees that 𝑀  does not correlate with  Δσ  

and 𝑆 . Since the scalar seismic moment scales as 𝑀 ~Δ𝜎 𝑆 / , the mean stress drop 

then naturally decreases with increasing rupture area. An alternative explanation of the 

anti-correlation is obtained by noticing that 𝑇  is strongly anti-correlated with both the 

rupture area and 𝑉 . In contrast, 𝑇  is strongly correlated with 𝑇  and Δ 𝜎 . The 
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combination of these facts then leads to the observed anticorrelations between 𝛥𝜎  and 

𝑉  (schematically: 𝑉 ↘⇐ 𝑇 ↗⇒ 𝑇 ↗⇒ Δ 𝜎 ↗ ). On this explanation, T  is the 

controlling parameter responsible for the observed behavior. 

A general relation between  Δσ  and 𝑉  is a point of intense research in literature. 

For example, Chounet et al. (2018) found their anti-correlation in the SCARDED 

worldwide database of earthquake moment rate functions (Vallée and Douet, 2016). 

Causse and Song (2015) proposed the anti-correlation as a mechanism to explain the 

disagreement between empirical variability of stress drop and between-event variability 

reported in Ground Motion Prediction Equations (GMPEs). On the other hand, Gallovič 

and Valentová (2020) developed a database of dynamic rupture models constrained by 

empirical GMPEs, demonstrating that the stress drops of such synthetic events are 

correlated with the mean rupture speed. We point out that our conclusions are drawn 

from simulations of a single earthquake, and thus cannot be generalized. Further 

limitations include insufficient frequency range (0.05-0.3 Hz) and large distances of the 

available stations (>30 km from the epicenter). 

 

5 Conclusion   

 

We have carried out a Bayesian dynamical inversion of the 2017 Mw 6.3 Lesvos 

earthquake. We used an elliptic model with heterogeneous initial stress; the model is 

defined by 13 parameters. We used the parallel tempering algorithm to obtain estimates 

of the posterior probability densities for all the parameters along with the maximum a 

posteriori (MAP) estimate.  

We find that the MAP estimate model ruptured 58% of the total area of the elliptic 

patch, with the rupture almost hitting the boundary of the patch in the along-dip direction, 

but ending before reaching it in the along-strike direction. In comparison to Kiratzi (2018), 

we find similar rupture duration, stress drop and slip patch orientation on the fault. 

Nevertheless, we obtain smaller patch dimensions and rupture speed.  

By comparing the posterior and prior distributions of the source parameters, we 

conclude that the best determined dynamic parameters are the coordinates of the 
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nucleation zone and the direction of rupture propagation. Another well-constrained 

feature is the effective area, i.e., the area of significant values of initial stress. In contrast, 

quantities such as the strength, maximum initial stress, or the stress excess are not well 

determined. 

Parameter 𝛽 , which controls the spatial decay of the initial stress, is also well 

constrained to lie at values favoring rather inhomogeneous initial stress distribution. This 

parameter partially controls the relative extent of the rupture. We find that most models 

are asperity-like, where the earthquakes do not rupture the whole potential area. 

However, both asperity-like and barrier-like models appear among plausible models that 

can fit the data equally well. The ratio of the partial strain energy change to fracture 

energy is very well determined, while the two energies themselves are among the least 

determined quantities among those studied. This can be due to several factors, such as the 

rupture speed and stress drop being poorly determined, low-frequency content of data, 

etc. 

Despite treating geometric parameters as free, we confirmed correlations between 

dynamic parameters found in previous literature, where these parameters are held fixed 

during Monte Carlo exploration. For example, we find a correlation between the stress 

parameters (𝑇 ,𝑇 , 𝑇 , etc.) and 𝐷 . There is also a strong correlation between 𝑇 𝑏 

and 𝑇 𝐷  which means that 𝜅, an estimate for the ratio of the partial strain energy change 

and the fracture energy, is statistically well determined. This is further corroborated by 

comparison of the prior and posterior distributions for 𝜅.  On the other hand, there are 

models with 𝜅 differing by a factor greater than four that fit data almost equally well. 

Reducing 𝜅 to a single value during inversions to reduce the dimension of the parameter 

space may thus be too radical. However, the error could be reduced by adjusting 𝜅 

following Eq. 24. 

The spread of synthetic seismograms from the sampled models encompass the 

observed seismograms. The rupture models promote relatively higher peak ground 

velocities in the direction of the village of Vrisa, suggesting that directivity effects 

amplified the damage in the village. 
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Figures 
 

 

 

Fig. 1: Map of the epicentral area of the 2017 Mw 6.3 Lesvos earthquake (for wider 
geographic view, see the inset). Stations used for the dynamic inversion are shown as red 
triangles. The black rectangle shows the projection of the assumed (computational) fault 
plane used in the inversion. The blue solid line is the top fault edge at the surface. The blue 
beachball shows the centroid moment tensor of the Mw 6.3 mainshock inferred in this 
study, while the red beachball shows the GCMT centroid for the same event. Aftershocks 
by GI NOA within two months after the event are denoted as black dots. The hypocenter 
located by GI NOA is denoted as a blue star. Fault traces from The European Database of 
Seismogenic Faults (EDSF, Basili et al., 2013) are shown as black lines. The red lines show 
inferred and mapped faults from Chatzipetros et al. (2013) and Ganas et al. (2013). 
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Fig. 2: a) The linear slip weakening friction law. Shear stress 𝑇 at each point on the 
fault obeys linear elasticity until it becomes larger than 𝑇  (shear strength). It then 
decreases linearly with slip Δ𝑢 until it reaches zero at Δ𝑢 𝐷 . The area under the curve 
up to the final slip, 𝐺 , is the fracture energy rate (i.e. fracture energy per unit area). b) An 
elliptical parametrization used for the dynamic inversion. As in the elliptic barrier model, 
the shear strength 𝑇  is finite and constant inside an ellipse whose center lies at along-
strike and along-dip coordinates 𝑥  and 𝑦 , respectively. The geometry of the ellipse is 
further defined by the vector of the semi-major axis 𝑎 , 𝑎  and the length of the semi-
minor axis 𝑏. The angle between the semi-major axis and the horizontal line is denoted by 
𝜙. The stress excess 𝑆𝐸 𝐱′ ≔ 𝑇 𝐱′ 𝑇 , where 𝒙 	is a radius vector with origin at the 
center of the ellipse and 𝑇 𝒙′  is the initial stress, is negative everywhere on the fault 
except at the nucleation zone. The nucleation zone (red) is parametrized by its center 
coordinates 𝑥  and 𝑦 , radius 𝑅  and nucleation stress excess 𝑆𝐸 ≔ 𝑇 𝑇 0. 
The initial stress 𝑇  decreases from its value at the center of the ellipse, 𝑇 , at a rate 
controlled by a parameter 𝛽 (shown schematically by the blue shading). 𝑇  is calculated 
from 𝑇  and a parameter 𝑆  as 𝑇 𝑇 / 1 𝑆 .  𝑇  is zero outside of the ellipse. 𝐷  is 
assumed to be constant everywhere on the fault.  
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Fig. 3: Dynamic (upper two panels) and emergent (bottom four panels) properties 
of the MAP estimate model. The small circle of high initial stress in the upper left panel 
corresponds to the nucleation zone. Except for the nucleation zone, the initial stress 
decreases from the center of the ellipse. The stress at the elliptic boundaries is 
𝑇 exp 1/𝛽 𝑇 /𝑒, since 𝛽 1 for the MAP moel.    
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Fig. 4: Observed (black) and synthetic (red and grey) displacement waveforms for 
selected stations. The red curves correspond to the MAP estimate model. The grey curves 
show synthetic seismograms of all sampled models with 𝑀 2.15 10 . All the 
seismograms were processed by the fourth-order causal Butterworth filter in the 
frequency range of 0.05-0.3 Hz. The maximum observed amplitude for each station is 
shown to the right. The time axis begins on 12 Jun 2017, 12:28:38.26 GMT. 
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Fig. 5: a) A comparison of the moment rate functions from the MAP model (black), 
SCARDEC (blue) and Kiratzi (2018) (green). b) The moment rate functions of the MAP 
estimate model (black) and mean (blue) and median (green) moment rate functions. The 
red curves enclose the interval of one standard deviation from the mean. 
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Fig. 6: KDE estimates of the 1-D marginal posterior distributions of the dynamic 
parameters obtained from the parallel tempering algorithm. The red curves show the 
estimates of prior marginal distributions. Estimates from all models are shown by green 
curves, moment-constrained estimates from models with 𝑀  > 0.5 𝑀 2.15
10  Nm are shown by blue curves; only the moment-constrained case is considered in 
Figs. 8-17. The green and blue numbers below each panel are the Hellinger distances of 
the priors from the respective posteriors. Only the first 13 parameters are independent, 
the quantities 𝑆  and 𝜅 were calculated from them using Eq. 19 and Eq. 22. KDEs of the 
variance reduction (VR) are shown in the lower right panel. 
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Fig. 7: Scatter plot of variance reduction 𝑉𝑅 against seismic moment 𝑀 . The black 
dashed envelope curve is a graph of the current maximum function 𝑓 𝑀 ≔
max 𝑉𝑅 𝑀 ′ . The red vertical line denotes half of the seismic moment determined by 

GCMT, used as a cut-off value. The black vertical line shows the seismic moment 
determined by our point-source analysis. The vertical blue dashed lines at 2.41 10  
Nm and 5.59 10  Nm enclose the models with 𝑉𝑅 35%. The horizontal blue dashed 
line corresponds to 𝑉𝑅 35%. 
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Fig. 8: KDE estimates of the 1-D marginal posterior distributions of selected 
emergent quantities. The green dashed lines show 90% empirical confidence intervals.  
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Fig. 9: KDE estimates of 2-D marginal posteriors for selected pairs of parameters. 
The symbol 𝑝 stands for Pearson’s correlation coefficient. The color scale is relative to the 
maximum value of the pdf in each plot.  
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Fig. 10: The KDE estimates of 2-D marginal posterior distributions for pairs of 
selected emergent quantities. The symbol 𝑝 stands for Pearson’s correlation coefficient. 
The color scale is relative to the maximum value of the 𝑝𝑑𝑓 in each plot. 
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Fig. 11: KDE estimates of posterior 2-D marginal distributions for pairs of emergent 
(horizontal) and dynamic (vertical) parameters. The color scale is relative to the 
maximum value of the 𝑝𝑑𝑓 in each plot. 
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Fig. 12: a) Ensemble-averaged slip along the fault. b) Standard deviation of slip. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



53 
 

 

Fig. 13: a) Polar representation of histograms of PGV at 100 equiangularly spaced 
phantom stations located 20 km from the surface projection of the inferred centroid. For 
each direction, the radial coordinate corresponds to the value of PGV (in cm/s) in that 
direction. The angles are measured clockwise from the North. Color shows values of the 
histogram (30 bins in each direction) relative to the maximum value. The black curve 
shows the values of the mean PGV at each direction and the red curves show the mean 
offset by 1 standard deviation. For the sake of clarity, the dotted circles mark constant 
values of PGV. b) KDE estimates of the histograms of synthetic PGVs at phantom stations 
at Vrisa and Plomari. PGV is calculated as the magnitude of the horizontal velocity vector 
obtained from synthetic seismograms at the phantom stations. The synthetic 
seismograms were filtered between 0.05 and 0.3 Hz.   
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Fig. 14: Scatter plots of a) fracture energy 𝐸  vs. variance reduction VR, b) average 

fracture energy rate 𝐺  vs. VR, c) 𝐸  vs. 𝐸 ≔  0.5 𝑇 𝐷 𝑆 , and d) 𝐺  vs. 𝐺 ≔

0.5 𝑇 𝐷 . For reference, the dotted lines in panels c) and d) show the graph of 𝑦 𝑥. The 
symbol 𝑝 stands for Pearson’s correlation coefficient.  
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Fig. 15: The scatter plot of variance reduction (VR) against a) the energy ratio 
ΔW/E , b) similarity parameter 𝜅, and c) adjusted similarity parameter 𝜅 . The vertical 
blue dashed lines in each figure enclose the models with 𝑉𝑅 35 %. The horizontal blue 
dashed line corresponds to 𝑉𝑅 35 %. 
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Fig. 16: KDE estimates of the 2-D marginal (a-c) posterior and (d-f) prior 
distributions of 𝑇 𝑏  vs. 𝜇𝑇 𝐷  for three different estimates of 𝑇 : 𝑇 , 𝑇  and 𝑇 , 
respectively (columns, see subsection 4.3 in the main text). The blue curves are the lines 
𝑦 𝑥. 
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Fig. 17: a) The histogram of the ratio 𝑞 𝑆 /𝑆 , i.e. the actually ruptured area 
divided by the area of the elliptic barrier. b) The plot of 𝑞 against 𝑉𝑅. c) The plot of 𝑞 vs 𝛽. 
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Tables 
Table 1: Summary for dynamic parameters determined for the 2017 Lesvos earthquake. 
The symbols denoted by asterisk are the dynamic parameters sought in the inversion; the 
rest is calculated from them using explicit formulas. 

 

Parameter	 Meaning	 Prior	
min.	
value

Prior	
max.	
value

MAP	
Value	

Mean	
value	

Median	
value	

Standard	
deviation

𝑎  𝑘𝑚 * Along-strike 
component of 

the semi-
major axis 

-21.0 21.0 14.6 -1.1 -2.8 11.6 

𝑎  𝑘𝑚 * Along-dip 
component of 

the semi-
major axis 

-21.0 21.0 2.5 0.4 2.0 10.2 

𝑎 (km) Length of the 
semi-major 

axis 

0 21 14.8 15.0 15.4 3.8 

𝑏 (km)* Length of the 
semi-minor 

axis 

0.1 20.0 6.8 9.0 8.2 3.7 

𝜙 degrees  Angle 
between the 
semi-major 
axis and the 

horizontal line 

0 360 350 
(170) 

193 
(13) 

192 
(12)  

98 

𝑥  (km)* Along-strike 
position of the 
elliptic center 

1 30.0 16.4 16.8 16.9 3.6 

𝑦  (km)* Along-dip 
position of the 
elliptic center 

1 30 14.5 18.3 17.8 3.7 

𝐶 	 Elliptic 
distance of the 

nucleation 
zone and the 
elliptic center 

0 1 0.20 0.46 0.40 0.25 
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𝐶  degrees  Angle 
between the 

vector 
connecting 

the nucleation 
zone with the 
elliptic center 

and the 
horizontal line 

0 360 147 184 188 53 

S* Defined by 
𝑇 𝑇 / 1

𝑆  

0.2 3.0 1.2 0.8 0.6 0.5 

𝑇  (MPa) Stress at the 
elliptic center 

0.25 15 4.9 4.6 4.1 2.6 

𝑇  (MPa)* Strength 1 18 10.7 8.0 7.4 4.4 

𝑆𝐸 (MPa)* Stress excess 0.0 6 3.9 3.1 3.1 1.8 

𝑅  (km)* Radius of the 
nucleation 

zone 

1 3 1.4 2.1 2.1 0.5 

𝐷  (m)* Characteristic 
slip-

weakening 
distance 

0.1 1.0 0.18 0.32 0.26 0.19 

𝑥  (km)* Along-strike 
position of the 

nucleation 
zone 

0 30 18.3 20.0 19.6 3.2 

𝑦  (km)* Along-dip 
position of the 

nucleation 
zone 

0 30 15.8 17.9 17.1 4.0 

𝛽* Rate of decay 
of initial 

stress with 
elliptic norm 

0.01 3.0 0.95 1.50 1.35 0.75 

𝑆  (km2) Effective area 0 1248 192 281 227 167 

𝜅  Similarity 
parameter 

0 68 0.94 1.02 0.91 0.52 
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𝜅  Adjusted 
similarity 
parameter 

0 53 1.37 1.24 1.14 0.39 

 

 

 

 

 

Table 2: Summary for emergent quantities of the 2017 Lesvos earthquake. 

 

Kinematic	
quantity 

Meaning	 MAP	value Mean	
value	

Median	
Value	

Standard	
deviation

𝑀  10  Nm) Seismic 
moment 

3.15 3.2 2.9 1.0 

𝑆  (km2) Rupture area 183 205 184 84 

𝛥𝜎  (MPa) (Slip-
weighted) 

mean stress 
drop 

4.2 4.5 4.1 2.4 

𝐸  (TJ) Fracture 
energy 

167 197 161 144 

𝐺  MJ/m  Mean fracture 
energy rate 

0.9 1.3 0.9 1.2 

𝛥𝑊 (TJ) Partial strain 
energy change 

201 202 172 128 

𝜓 (degrees) (Slip-
weighted) 

mean rupture 
direction 

150 169 171 44 

𝑉  (m/s) (Slip-
weighted) 

mean rupture 
speed 

1220 1450 1320 490 

𝑇   (s) Rupture 
duration 

8.7 9.0 9.0 1.8 
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𝛥𝑊 / 𝐸   Ratio of the 
partial strain 

energy change 
to fracture 

energy 

1.2 1.13 1.06 0.27 

𝜂  Radiation 
efficiency 

0.32 0.26 0.24 0.12 

 

 


