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Abstract

Inverse problems arise throughout science and engineering, where indi-
rect, incomplete, and noisy observations are used to recover unknown param-
eters of interest. In these applications, the corresponding forward or measure-
ment models are often ill-conditioned or underdetermined, so direct inversion
is unstable and regularization is required. This thesis develops computational
methods for linear inverse problems in which the unknown is assumed to be
approximately sparse in a transformed domain defined by a linear, possibly
rank-deficient operator, such as a finite-difference matrix, with particular em-
phasis on large-scale problems. The thesis makes three main contributions.
First, it generalizes hierarchical Bayesian maximum a posteriori estimation
by extending the iterative alternating sequential algorithm to accommo-
date rank-deficient sparsifying transformations and to estimate an unknown
noise variance. Second, it provides a self-contained treatment of the gen-
eralized singular value decomposition as a tool for theory and computation
for Tikhonov regularization and priorconditioning (prior-preconditioning),
together with accompanying Python software. Third, it develops priorcondi-
tioned projection methods for sparsity-promoting inverse problems, including
restarted and recycled variants for memory-constrained large-scale settings.
It provides rigorous spectral analysis that explains their improved conver-
gence behavior, efficient numerical procedures for the weighted pseudoinverse
matrix-vector and matrix-matrix products required by these methods, and
detailed numerical comparisons with existing methods in the literature. Nu-
merical demonstrations throughout the thesis, including signal and image
reconstruction and computed tomography examples, illustrate the behavior
and computational advantages of these methods and techniques. Together,
these results make deterministic and Bayesian sparsity-promoting regulariza-
tion more practical for large-scale inverse problems, particularly those with
rank-deficient sparsifying transformations.


