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Abstract
This talk will focus on mathematics developed by
the ACUMEN project to help with the mathematical
challenges faced by the DOE at the experimental
facilities. This talk will discuss sparse sampling
methods and fast optimization developed specifically
forimage processing and data analysis. Sparse sampling
has the ability to provide accurate reconstructions
of data and images when only partial information is
available for measurement. Sparse sampling methods T b e
have demonstrated to be robust to measurement error.
These methods have the potential to scale to large
computational machines and analysis large volumes
of data. In recent years sparse sampling methods
has received considerable attention for designing
image reconstruction algorithms from under-sampled
and noisy data for images that have some sparsity
properties, that is, some measurable features of the
image have sparse representation. Technically, the best © PA(m=2)£2 =271 (@ PA (m=3)£ =180
measure of sparsity is the 10 norm. However, the 10 ety e
. . . using tomographic sampling.
norm does not meet the convexity requirements and is
very slow to compute, so 11 regularization is used as a
substitute [4]. It has been demonstrated in many studies
that 11 regularization provides a formulation that is compatible with compressed sensing (CS) applications,
specifically, when an image can be reconstructed from a very small number of measurements [1, 3]. In
particular, the goal for reconstructing a sparse representation of an image sampled in the Fourier domain
is to solve

min./(f) such that || Ff—f]], =0,

where”f consists of samples of the Fourier transform of the unknown image, f. F contains a subset of rows
of a Fourier matrix, and J is an appropriate 11 regularization term, [5, 8, 9]. Typically for measured data the
related (TV) “denoising” problem,

m}n](f) such that || Ff —f||» < o,

is solved. It is in general still difficult to develop efficient and robust techniques for solving (2). The Split
Bregman Algorithm, [6], is a numerically efficient and stable algorithm that has successfully solved (2)
for a variety of applications. In this work we use the Split Bregman Algorithm as a launching point to



develop a new technique for solving (2) based on the polynomial annihilation 11 regularization, [11, 12].
We demonstrate that our method yields improved accuracy in regions away from discontinuities, especially
in the case of under-sampled data. We will adopt the standardizations and terminology from [6] to describe
our algorithm. To illustrate algorithm we consider the following test function defined on [—1;1]2:

_ [ sin(my/x2+y2/2) if0<xy<3
fc(xa)’)—

g(x,y) otherwise,

(x,y) = cos(3my/x2 +y2/2)  if /x24y2 < %
sy cos(my/x2+y2/2)  if \/x2+y2> 1.

Figure 1 compares the results for reconstructing fc(x;y) using the same techniques for the case where the
Fourier data are sampled using the tomographic pattern with noise level 10dB SNR. It can be seen that using
high orders of the polynomial annihilation 11 regularization reduces the error in reconstruction.
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