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Auxiliary Online Material to  

“Sub-patch roughness in earthquake rupture investigations” 
 
O. Zielke1,*, P. Martin Mai1 
1 Department of Earth Science and Engineering, King Abdullah University of Science 
and Technology, KAUST, 23955-6900 Thuwal, Saudi-Arabia, (olaf.zielke@kaust.edu.sa) 
 
Overview 
 
The auxiliary material contains 5 additional figures, denoted Fig. S1, S2, S3, S4, S5, and 

S6 that provide additional information on a few points of the paper. 

 
 
Figure Captions 

Figure S1. Example of how well different levels of spatial sampling affect our ability to 

approximate a fractal fault surface (same surface for all 6 models shown). Visually, it is 

apparent that discretization with less than 5k patches is not able to capture the self-similar 

character of fault roughness. Once a certain (high) number of sub-patches is used, it 

becomes difficult to distinguish them visually (lower row in plot). The eye’s difficulty to 

distinguish these resolutions is an expression of the fault’s convergence in area (and by 

that change in fine-scale fault morphology). 

 

Figure S2. Normalized lengths of ε2 at locations where |ε2,p| = 0  (to which we refer to as 

|ε2,zero| as in the main body of the manuscript) as a function of σRMS for the combined 

observation location data set (a), and an exemplary, single observation location (b). The 

figure indicates that the average value of |ε2,zero| exhibits no dependence on σRMS while its 

variability increases. Probability distributions within individual roughness bins (such as 

the indicated one) are well modeled with a Normal probability density function PDF. 

 

Figure S3. Comparison of single- and combined-location Weibull fits of 

|ε1,rough|/|ε1,planar|’s observed probability distribution for roughness bin σRMS = 0.01 (blue 

and dashed-white lines respectively). As mentioned in the main body of this publication, 

the number of data points that contributed to the single-location normalized histograms 
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(for which the Weibull fit was performed) was relatively low, which inhibited 

unambiguously constraining λ and k. Thus, variability in λ and k and therefore in the 

shape of the fitted Weibull distribution is expected. As indicated here, while single-

location Weibull PDFs exhibit some variability, they do consolidate into a unimodal 

distribution that is captured by the spatially averaged PDF. 

 

Figure S4. Distance dependence of |ε1,rough|/|ε1,planar| and Δ°(εi,r,$ εi,p) for an exemplary 

roughness bin (σRMS = 0.01). The color-coding represents the relative distance to the 

slipping circular fault patch (where dark blue is closest and yellow the furthest distance). 

While some variability in those probability distributions is observed, there is no clear 

distance-dependent change in their shape or position as is indicated by the frequent 

overlap of the dark blue and yellow lines. 

 

Figure S5. Comparison between observed and simulated dependence of principal strain 

vector components (relative length and orientation of εi for the combined-location data 

set) on σRMS. Simulated values –using our regression functions (Fig. 4), to stochastically 

modify the slip-induced strain tensor of a planar fault patch– are presented in yellow. 

Observed values (the data presented in Fig. 3 and S1) are color-coded by strain vector (ε1 

in blue, ε2 in green, ε3 in red). Aside from the point cloud we also provide observed 

probabilities for the indicated, exemplary roughness bin σRMS = 0.01. Comparison of 

observed and simulated data indicates that our approach is performing overall very well 

(i.e., its recovers the trend as well as variability of strain vector components). 

 

Figure S6. Correlation matrix for the six metrics that we use to constrain the variation in 

strain tensor due sub-patch roughness implementation. Obviously, the orientations of the 

principal strain vectors are correlated. Also, the length of the strain vectors is correlated 

as well. An increase in |ε1,rough| will be accompanied with an increase in |ε2,rough| and 

|ε3,rough|. This suggests that sampling these parameters should not be done independently. 

That is, when sampling a random variable Π for εi,rough’s length change, the same value 

should be used for i = 1, 2, 3. 
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