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GNSS Observations of the San Andreas Fault

Interseismic Deformation

• Geodetic observations, such as from the Global Navigation Satellite 
System (GNSS), record deformation of the earth’s crust due to strain 
accumulation on locked faults.

• We use the Fault Trace Maps of the Community Fault Model (CFM5.2) 
data from the Southern California Earthquake Center (SCEC) to define 
fault segments.

• We identify three profiles over the Cholame-Carrizo segments of the San 
Andreas Fault (SAF) (Fig. 1).

• A Neural Network (NN) is applied to profiles of geodetic data along the 
SAF using the SCEC Community Geodetic Model data to better estimate 
fault parameters, long-term slip rate (Ṡ), and locking depth (DL).

• V is the interseismic surface velocity
• Ṡ is the slip rate
• x is the distance from the fault
• DL is the locking depth

• DL is generally interpreted to represent the base of the seismogenic zone, 
yet it is difficult to estimate and typically is prescribed.

Figure 1: GNSS data along the SAF from the SCEC Community Geodetic Model data

• Along a vertical strike-slip fault such as the SAF, a geodetically 
determined Ṡ and DL maybe directly proportional to the moment of a 
future earthquake.

• Savage and Burford (Savage and Burford, 1973) use a 1D dislocation 
model to relate surface displacements across strike-slip faults to Ṡ and DL
using the following equation:

Figure 2: The interseismic period (between earthquakes), fault (dashed red line), surface displacement (solid orange 
line),and distance from fault (dashed blue line)
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Conclusion
• Our estimated slip rates agree with available observations from previous 

studies that prescribe the locking depth and are consistent with grid 
search results.

• We estimate an increase in locking depth from north to south on the 
central San Andreas Fault.

• For a more complicated fault geometry with more unknown parameters, 
e.g., dipping faults, buried faults, viscoelastic behavior, the NN may 
provide a scalable alternative to an exhaustive grid search.

• This work serves as a proof-of-concept for the feasibility of estimating 
fault parameters with a neural network and will help us better 
understand the physical basis of locking depth, illuminate the 
fundamental nature of the seismogenic zone, and better anticipate a 
future San Andreas earthquake.

Neural Network (NN) and Synthetic Data Predictions on San Andreas Fault

Figure 6: Predicted vs. Target DL for validation set in upper left (a), Ṡ for validation set in lower left (b), DL for test set in upper right (c), and Ṡ test set in lower right (d), the color bar on 
the right represents the color-coded by the corresponding parameter.

Figure 3: Bidirectional Recurrent Neural Network (RNN) 
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Figure 7: The GNSS data and models for each Profile (colored lines with the blue-green gradient). The mean residual velocity (MRV) for each profile (on the 
right) 

Using a 1D 2-layer RNN model, we estimate the following:
• An increase of DL from ~16.48 km in the northern Cholame segment to ~24.24 km on the southern 

Carrizo segment (Table 2).
• Ṡ changes from ~33.17 mm/yr to ~36.19 mm/yr on the Cholame-Carrizo segments of SAF (Table 2).

• We also estimate locking depth and slip rate with a grid search (red line; e.g., Smith-Konter et al., 
2011). Our estimated values agree with previous estimates and traditional models.

• The NN is 2.6 times faster to execute, compared to the grid search.
• The mean residual velocity (MRV) of the NN-based model is comparable to the MRV from the grid 

search, especially in Profile2 (Fig. 7).
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• We train a single-layer and a two-layer model on the synthetic 
profiles.

• Model performance is best for the two-layer model with more 
realizations of the noise (dark blue color with the least MSE 
value of 1.28; Fig. 5).

• In this study, we employ a NN to estimate Ṡ and DL along
the SAF, using geodetic observations from GNSS.

• We use a bidirectional Recurrent Neural Network (RNN), 
which takes the input from east-to-west and west-to-east 
directions (Fig. 3).

• There are insufficient real-world data available for training; 
hence we trained the NN using synthetic data generated from a model of a locked strike-slip fault (Savage and Burford, 
1973).

• We generate synthetic profiles across the model fault for varying slip rates and locking depths (Table 1).
• For each synthetic profile, we calculate observations at 201 

evenly-spaced locations across the model fault.
• We add noise sampled from a normal distribution with a 

standard deviation of 0.5 mm/yr.
• GNSS observations are not uniformly distributed across the 

SAF, to represent the sparsely distributed GNSS data, we 
removed 165 randomly selected subset of observations from
each profile by setting them to 0 (Fig. 4).

Final Neural Network:
• For our final NN, we select the two-layer model because it results in a better MSE value compared to the single-layer 

model (Fig. 5). 
• The predicted vs. target DL for both validation and test data demonstrates better performance with Ṡ values higher than 

~25mm/yr (Figs. 6a & 6c).
• The model prediction of Ṡ for both validation and test data shows better performance with DL in a range between ~ 5 km 

and ~ 25 km (Figs.6b & 6d). 
• Model performance on the validation and test sets is shown below.

Figure 4: An example input to RNN, representing sparsely distributed GNSS data
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Figure 5: Model performance for different realizations of noise and missing data in one layer (left) and two layer (right) RNNs
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