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Summary: We resolved fault creep from Parkfield to the northwest along the creeping section of 
the Central San Andreas fault (CSAF) using topographic differencing-derived displacements and 
an inversion for fault creep along the upper portion of the fault surface. Our work captures the 
variation in shallow creep at the kilometer-scale along over 100 kilometers of fault length. We 
compared our resolved creep to the creep based on geodetic datasets with larger apertures such 
as InSAR and GPS. We found that the location and amplitude of the maximum creep varies 
between inversions. We originally proposed to solve for fault creep throughout the seismogenic 
crust with a joint topographic differencing and InSAR inversion. However, we found that this 
inversion did not work well due to the highly varying resolution to shallow and relatively deep 
creep from the input datasets. Instead, we explored the resolution to creep at depth of the InSAR 
and lidar datasets with the present 1-2 km aperture of the lidar data and the required aperture of 
future lidar datasets to capture creep variability in the middle and deeper portions of the 
seismogenic crust. This analysis informs future collections of high resolution topography along 
active faults, for example a second B4 dataset or future USGS 3DEP lidar topography.  
 
 

1. Differential Lidar topography inversion of distributed fault creep 
 
We conducted an inversion for distributed fault creep using decadal-scale horizonal fault-parallel 
surface displacements derived from differential lidar originally published by Scott et al. (2020). 
Scott et al. (2020) used the Iterative Closest Point (ICP) algorithm to calculate displacements 
based on rigid-body alignments of windowed point cloud datasets (Low, 2004; Nissen et al., 
2012). The datasets used to produce the displacements include the 2005 B4 (Bevis et al., 2005), 
the 2007 EarthScope (Prentice et al., 2009), the 2018 Parkfield (Vadman, 2019), and the 2018 
Salinas (U.S. Geological Survey, 2018). We performed differencing with three dataset pairs: (1) 
2007 EarthScope and 2018 Salinas, (2) 2005 B4 and 2018 Salinas, and (3) 2005 B4 and 2018 
Parkfield. We assumed that deformation rates are constant in time over this decadal time-scale.  
 
We developed a model fault surface that extends from 10 km southeast of Parkfield to 105 km to 
the northwest, near Pinnacles National Park. The fault’s surface trace bends at the kilometer 
scale to follow the active fault trace as mapped based on the sharp discontinuity in the 
differential lidar displacements. The fault dip is close to vertical but deviates slightly based on 
the dip that we inferred from double-difference earthquake locations from Waldhauser & Schaff 
(2008).   
 
For the creep inversion, we considered the forward fault problem,  

𝐆m = d  (1) 
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Where G is the set of Green’s functions that relate fault slip (or creep) along triangular 
dislocations (m) embedded in an elastic isotropic halfspace (Meade, 2007) to surface 
displacements (d). We added terms to G that remove a step offset for each dataset pair in the 
differencing that accounts for a possible change in the external reference frame of the datasets. 
We assumed a Poisson’s ratio of 0.25 and a shear modulus of 3.0x1011 dyne/cm2. 
 
We applied several constraints to the creep inversion: (1) We applied Tikhonov Laplacian 
regularization (i.e., smoothing) along the length of the fault. (2) We fixed the rake to allow for 
right-lateral creep only. (3) Although we use triangular dislocations (Meade, 2007), we applied 
an additional regularization so that each two adjacent triangles that make up a rectangle have 
identical creep. We removed noisy data on based on the dataset error originally calculated by 
Scott et al. (2020) and applied no relative weighting of individual displacements. The preferred 
creep distribution minimizes the norm (Aster et al., 2013; Menke, 1984): 
 

min	 | ) 𝑮𝜆𝑳-𝑚 − )𝑑0- |, 
(2) 

 
where L is regularization matrix, and λ is the regularization parameter. The optimal λ lies at the 
L-curve corner produced by solving the creep inversion with different amounts of smoothing 
(Harris & Segall, 1987).  
 
The generalized inverse is, 

𝑮!𝒈 = () 𝑮𝜆𝑳-
#
∗ ) 𝑮𝜆𝑳-)

!$𝑮#. (3) 

 
The creep inversion is solved by:  

𝒎 = 𝑮!𝒈	𝑑. (4) 
 

 
Figure 1: Results of the fault creep inversion based on differential lidar displacements. (a) Map-
view creep rate fields showing the ICP-derived creep rates (top), the modeled creep rate from 
the inversion (middle), and the residual rate (Residual = data - model; bottom). (b) Fault plane 
emphasizing fault curvature. (c) Along-strike creep rate. The error bars represent the variability 
in creep from λ values that lie within the L-curve corner.  
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The creep inversion results are shown in Figure 1. The inversion produced a good fit to the 
displacement data. The residual shows local scatter that very likely reflects noise in the creep 
rates. There are relatively few spatially coherent signals in the residual, again reflecting a good 
fit to the data.  The inferred fault creep varies along the length of the fault with values of ~1 
cm/yr near Parkfield and maximum values of ~4 cm/yr near Slack Canyon. Visually the 
inversion appears to fit the data better than in the near-field portion of the joint-lidar-optical 
correlation- and InSAR inversion for the 2016 M7.1 Kumamoto, Japan, earthquake done by 
Scott et al. (2019). We hypothesize that the Kumamoto inversion fit the near field data less well 
because the elastic strain limit was exceeded over a 250 m width over many locations along the 
rupture, as shown by Scott et al. (2018). The assumption of elastic deformation applies much 
better along the near-field creeping section of the CSAF than for a ~M7 earthquake.  
 

 

 
Figure 2: Comparison of  the creep rate from our study (black) and the results from 
Khoshmanesh & Shirzaei (2018) and Jolivet et al. (2015) over our study area. Those two studies 
solve for fault creep through the seismogenic zone, and we present their creep rates along the 
shallowest patch (red and blue) and the average creep along-strike (magenta and cyan).  

 
2. Comparison between the differential lidar inversion and other geodetic inversions 

. 
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We compared the inferred creep rate from differential lidar to two other geodetic inversions to 
understand the impact of the differential lidar in distributed creep inversions, as shown in Figure 
2. Khoshmanesh & Shirzaei (2018) use InSAR displacements validated by GPS displacements. 
Jolivet et al. (2015) directly use InSAR and GPS displacements. Khoshmanesh & Shirzaei 
(2018) placed the maximum creep rate of 4.3 cm/yr in their shallowest patch located 30 km to 
the northwest of our modelled maximum creep rate of 4.0 cm/yr. Their average creep rate is 
generally lower and has less variability than our and their shallow rate. Jolivet et al. (2015) 
model a maximum creep rate of 3.7 cm/yr in the shallowest patch located 10 km northwest of 
Parkfield. We conclude that the location of the maximum creep rate varies by dataset type and 
the assumptions that went into the inversion like the dataset weighting and model regularization. 
Near-field observations of creep are likely to better resolve shallow fault behavior and may move 
inferred creep into a shallower portion of the crust as dictated by the data.  
 

3. Dataset and model resolution for a joint lidar-InSAR creep inversion   
 

Constraints on coseismic slip and creep rate throughout the seismogenic crust from joint 
differential topography and InSAR slip inversions benefit from the complementary sensitivity to 
the 3D deformation field and the spatial distribution of observations (Scott et al., 2019). 
However, the 1-2 km aperture of the 2005 B4 and the 2007 EarthScope datasets limits the 
resolution of the differential topography to the very shallow portion of the crust. This leads to 
two issues: (1) For a joint inversion, the shallowest fault patch is very well determined by the 
inversion relative to any deeper patches. Because the on-fault and shallow deformation can be fit 
very well by the inversion, it is quite challenging to produce a reasonable and well-informed 
creep inversion at even a slightly deeper portion of the crust. (2) The differential lidar have too 
narrow an aperture to add constraints below 1-2 km depth, which is required to constrain the 
moment accumulation required for seismic hazard analysis (Field et al., 2014; Murray et al., 
2001) and the likely depth of a moderate to major earthquake surrounding Parkfield. Here, we 
use inverse theory techniques to demonstrate the high sensitivity of the lidar displacements to 
creep in the shallow crust and the required larger aperture for sensitivity to deeper creep.   
 
In this experiment, we set-up a single transect of lidar and InSAR fault-perpendicular 
displacements. The results are shown in Figure 3. The lidar displacements have a 20 m spacing 
and constrain only fault-parallel horizontal displacements, like the data we use in the creep rate 
inversion in Figure 1. The InSAR data mimic a right-looking ascending track viewing a NW-
striking fault and have a 25 km aperture. The fault has a vertical dip, and fault patches get bigger 
with depth due to decreasing resolution, following the fault dimensions used by Jolivet et al. 
(2015). We examine the sensitivity to right-lateral fault creep only. This analysis follows from 
Scott et al. (2019). 
 
The model resolution (Rm) characterizes the bias or smearing in an inversion,  
 

𝑹𝒎 = 𝑮!𝒈	𝑮. (5) 
If the model is recovered exactly, then Rm is the identity matrix. We extend Barnhart & Lohman 
(2010)’s technique and calculate how each dataset resolves creep at varying depths. The 
resolving power R at patch i from dataset j is the norm of the terms in G-g whose row 
corresponds to fault patch i and columns to dataset j: 
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𝑅𝒑𝒂𝒕𝒄𝒉	𝒊,𝒅𝒂𝒕𝒂𝒔𝒆𝒕	𝒋 = |𝑮!𝒈(𝒑𝒂𝒕𝒄𝒉𝒊, 𝒅𝒋)|. (6) 
Due to the non-linear positivity constraints, the creep inversion is non-linear. Therefore, R only 
approximates the data resolution. We calculate the resolving power at specific depths (Rdepth i, 

dataset j) by taking the norm of R for individual fault patches.   

𝑅𝒅𝒆𝒑𝒕𝒉	𝒊,𝒅𝒂𝒕𝒂𝒔𝒆𝒕	𝒋 = @∑ 𝑅𝒑𝒂𝒕𝒄𝒉	𝒌,𝒅𝒂𝒕𝒂𝒔𝒆𝒕	𝒋𝟐𝑵
𝒌5𝟏 . 

(7) 

At each depth range, we normalize the combined resolving power of all datasets to unity.  
 
As shown in Figure 3 with 1 km aperture lidar, the lidar largely constrains creep above 1.5 km 
depth. With 8 km-aperture lidar data, the lidar-to-InSAR cross-over point occurs at ~10 km 
depth, and the lidar still constrains a significant portion of the deeper creep. Thus, lidar data with 
an ~8 km aperture constrains a significant proportion of creep throughout the seismogenic zone. 
This aperture far exceeds that of the 2005 B4 and 2007 EarthScope datasets and indicates the 
importance of analyses like this for planning future lidar collections along active faults.  

 

 
Figure 3: Resolution in lidar, InSAR, and joint fault creep inversions: (A) Fault plane used for 
the simulation with fault patches whose size increases with depth following Jolivet et al. (2015). 
(B) Normalized resolving power for two joint inversions with lidar data with varying aperture, 
showing the importance of larger aperture lidar data for resolving all but the shallowest creep.   
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4. Publications 
 

We are preparing this material and other analysis on fault zone width (funded by a USGS 
NEHRP grant) for publication. We will acknowledge the funding that we received from SCEC 
appropriately.  
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