DYNAMIC TOMOGRAPHIC IMAGING OF THE SOLAR CORONA
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+: Operates under the general hidden Markov model, i.e., nonlinear problems.
—: Computationally limited to state dimensions no greater than N ~ 100, e.g., [3], [4].

the coordinate in the measurement plane, [ is the distance along
the line of sight, H(-) is a known scattering function [1] that encap-
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dependent noise. Discretizing (1) results in the linear system 3.2 Kalman Filter (KF) [5] g
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e The LEnsKF converges to the lo-
1 calized KF (LKF) as the ensemble
size . — oo and shows the bias in-
troduced by covariance tapering.

—: Requires the storage and operation on a massive matrix, i.e., P;; requires 2 TB of storage when N = 10°.
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3.3 Localized Ensemble Kalman Filter (LEnsKF) [6]

Discretizing (3) results in the following: (®: Kronecker product)
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6 Conclusions

+: Computationally tractable for huge state dimension N applications when tapering is applicable.

The LEnsKF shows great promise for dynamic tomography applications as
demonstrated in the numerical experiment. Scaling the method up for 4D solar
tomography will require further developments. Fortunately, the method lends
itself to parallelization, an endeavor that shows great preliminary promise.

2 Static Reconstruction

Prior work has assumed the unknown is fixed over I = 14 days

- H, | 5 - -
Y= Hiz+ v ) 4 Covariance Tapering

where, e.g., y,; = (y!, ... yT)T. Estimates may then be computed
through a constrained, regularized optimization:
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