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Forward Models

Introduction

Our ability to forecast earthquakes is hampered by limited information of the
State of stress, strength, and velocities of faults which is largely unknown and
inaccessible. Data assimilation offers as a means to estimate these
inaccessible variables by combining physics-based models and
observations taking into account their uncertainties. This Is particularly
useful for the field of earthquake forecasting when considering earthquakes as
deterministic chaotic process as it proofs to be the case for slow slip events
(SSEs) as in Fig. 1.
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Figure 1. A section of an attractor found by post-processing of slow slip events in a segment
of Cascadia . Adapted from Gualandi et al. 2020

In Diab-Montero et al. 2023, we used an Ensemble Kalman Filter (EnKF) to
estimate the shear stress, velocities and state 6 in perfect model experiments
of a 1D model of a horizontal straight fault that generated earthquakes and
SSEs. The results were satisfactory but we noticed the presence of non-
Gaussian priors closely before and after the coseismic phase of the
earthquakes (Fig .2) that may challenge the accuracy of the EnKF. In this
study we compare the estimates of the EnKF with a Particle Flow filter
(PFF) to assess whether these priors impact or not the accuracy of the
estimates.
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Figure 2. Schematic diagram of horizontal straight fault model and ensemble distribution of
shear stress for the interseismic and coseismic phase

Data Assimilation Methods

The EnKF updates the ensemble from its prior to the posterior in a single

analysis step as follows:
-1
28 =2, + (CLHT) (HCLHT + C,)) *(yn—HZ), 1<n<N

The PFF is a non-Gaussian data assimilation method that estimates sequential
updates that make the ensemble members to “flow” in a pseudo-time s from
the prior to the posterior distribution following these equations:

s € [0, 0]

d
% ZS = fS(ZS)J

N
1
fi(2) =D Z{K(z?, 2)Vlogp(Z21y) + Vyp - K(22, 7))
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In our study we compare the performance of the EnKF and the PFF on the
Lorenz 96 model of 20 variables, a benchmark model commonly used in
atmospheric sciences, with a Burridge Knopoff 1D model of 20 blocks coupled
with rate-and-state friction, a model used by seismologists to understand
seismic cycles. To be more precise we use the non-dimensional set of
equations of Erickson et al. 2011.

Burridge-knopoff 1D model
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We perform perfect model experiments on the Lorenz 96 and the Burridge
Knopoff 1D model under periodic and chaotic conditions as in Fig. 3 to
understand how periodicity and aperiodicty affects the performance of the
filters in the state estimation task.
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Figure 3. Phase diagrams and examples of time series for the Lorenz 96 of 20 variables and
the Burridge Knopoff 1D model under periodic and chaotic conditions

In the perfect model experiments we consider three different scenarios (1)
Observing a different percentage of the total grid points (Obs. density) as in
Fig. 4. (2) Different observation rates in time, and (3) Different observation
errors for the observed variables.

a. b. C. d.

Figure 4. Schematic representation of different observations densities of perfect model
experiments for scenario of 1: (a) 100%, (b) §0%, (c) 25% and (d) 10% coverage.
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Results 1D Quasi-dynamic model

We first estimate with the PFF the posterior for the non-Gaussian priors shown
in Fig. 2.to compare with the EnKF and see if we can obtain better estimates. It
IS Important to mention that we only observe shear stress and velocity at a

single location away of the fault.
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Figure 5. Pseudoflow of particles from the prior to the posterior distribution for a single data
assimilation step for the shear (a) stress and (b) velocity.

We also estimate the posterior for all the other assimilation steps of Diab-
Montero et al. 2023 and compare the error of the posterior for the PFF

and the ENKF with respect to the truth (Fig. 6).

Error Prior
6 - a (] -—-—— Error posterior PFF
Error posterior ENKF

Error Shear Stress (MPa)

4_
2_
-q{ ! A‘*v’-\ " o Al /’,ﬂ_ , Obsen,:‘at.ion error I
0 WAV WY ANV W NSIDSIT AoV W I 2N SN A S A S N e e A
200 400 600 800 1000 1200 1400
Time(yr)

Error Prior
-—-—— Error posterior PFF
Error posterior ENKF

Observation error

Error Log(Velocity[m/s])

200 400 600 800 1000 1200 1400
Time(yr)

Error Prior
-—--- Error posterior PFF
Error posterior ENKF

600 800 1000 1200 1400
Time(yr)

Figure 6. Comparison of the absolute errors of the EnKF and PFF estimates with respect to the
truth for (a) shear stress, (b) velocity and (c) state 6.

The results from both the EnKF and the PFF are very close to each other
showing that even when having non-Gaussian priors in this system the
estimates of the posterior from the EnKF are close to the truth.

Results Lorenz 96

The results of the perfect model tests with different percentages of observed
variables for the Lorenz 96 model show that the PFF provides better estimates

than the EnKF in accordance to Hu & van Leeuwen 2021.
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Figure 7. Comparison of the RMSE estimates of the (a) ENKF and the (b) PFF for the Lorenz 96
with 20 variables for different observation coverage.
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Results Burridge Knopoff RSF 1D

We now compare the results for the PFF and the EnKF for the BK model
coupled with rate-and-state friction in periodic and chaotic conditions (Figs. 8
and 9). The PFF tends to give better estimates of 6 which is an unobserved
variable. However, the EnKF provides in general better estimates for the shear
stress and velocity variables which are observed.
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Figure 8. Comparison of the total RMSE of the PFF (dashed lines) and the ENKF (solid lines)
for the three scenarios for the periodic Burridge Knopoff 1D model.
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Figure 9. Comparison of the total RMSE of the PFF (dashed lines) and the ENKF (solid lines)
for the three scenarios for the chaotic Burridge Knopoff 1D model

Conclusions & Future Work

We continue the work of Diab-Montero et al. 2023 by benchmarking
and comparing the estimates of the EnKF with a non-Gaussian and
non-linear data assimilation method (PFF).

The results show that the EnKF provides good estimates for a system

governed by rate-and-state friction even in chaotic and aperiodic
conditions. The results also suggest that the PFF tends to provide
more accurate estimates of unobserved variables than the EnKF at
the additional cost of the sequential iterations in pseudotime.

We look forward to further test the EnKF and PFF in 2D/3D
earthquake models and assimilating laboratory measurements of
strain and velocity.
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