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ABSTRACT

Modern imaging systems are the synergic meld of unconventional hardware design and
sophisticated algorithms. The typical data in these systems do not even visually resemble
the image of an object whereas it is in a coded form. The task of image reconstruction
algorithms is to invert this coding by solving a mathematical problem and provide a vi-
sually interpretable image. The major challenge in solving the inverse imaging problem is
that the acquired data is incomplete and noisy. An efficient framework to solve such prob-
lems involves optimization of specific objectives like data-fit error and sparsity penalty by
minimizing a combined cost function. This formulation offers a great possibility to achieve
unconventional image reconstruction which is otherwise not possible with traditional imag-
ing techniques. However, a basic roadblock preventing the application of optimization
algorithms in practical imaging devices is the involvement of a free parameter called reg-
ularization parameter. The quality of the recovered object is critically dependent on its
choice. Moreover, the tuning procedure involves subjective intervention for image quality
assessment. The daunting task of tuning the free parameter can initimidate the end-users
to possibly switch to naive imaging techniques with sub-optimal performance. The thesis
addresses this problem by proposing a novel optimization framework of ‘mean gradient
descent (MGD)’” which does not involve such critical free parameters. The idea of MGD is
based on an interesting perspective of attaining a balance between the data-fit error and
regularization terms instead of attaining a total cost minimization. The new methodology
is simple to implement computationally and provides a generic framework to solve a range
of inverse problems in imaging. The proposed framework is observed to successfully solve
the important inverse imaging problems of image deconvolution, quantitative phase imag-
ing and the problem of 3D imaging in digital holography. With the robust and adaptive
framework of MGD, it is possible to get phase recovery with full detector resolution and
accuracy better than shot-noise limit from a single-shot hologram data. The thesis further
delves into intriguing and fundamental inquiries concerning the concept of reconstructing
3D images in digital holography, using the robust algorithm. A renewed understanding of
the nature of 3D reconstruction through intuitive and mathematical analysis is presented.
A sparsity based optimization framework is then proposed to solve the 3D reconstruction
problem from a single de-focused digital hologram. The proposed methodology is observed

to provide 3D phase recovery, of weakly scattering objects like biological cells, with axially



localized volume. The imaging performance as demonstrated in the thesis with optimiza-
tion based formulation, is in principle not possible to achieve with conventional imaging
techniques. We believe that the capability of MGD optimization to handle versatile data
sets and imaging configurations in a uniform manner, as demonstrated in the thesis, can

make it amenable to various device-based applications in imaging.
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infected RBCs, and polystyrene microsphere beads. . . . . .. .. ... ..
(a) ROI of the defocused RBC hologram recorded at 40x magnification in
digital holographic microscope. (b)-(c) Unwrapped phase and amplitude of
the 2D complex field V(x,y) reconstructed with FTM. Amplitude is shown
after background subtraction and Gaussian windowing. (d) The plot of
amplitude contrast metric /o v/s the z-distance from the detector plane.
The blue arrow in (d) shows that the amplitude contrast is minimum and
hence defocus distance is at Qum. . . . . .. ..o oL oL
(a) The amplitude of back-propagated 2D complex field V(z,y) at various
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(a) Bright-field image of the normal RBC and the RBC infected with
malaria parasite as indicated by red arrow, both imaged in the same ROI.
(b) The corresponding hologram recorded at 40x magnification on DHM.
(c) Amplitude, and (d) phase maps of the 2D complex field V(x,y) at the
detector plane. . . . . . ...
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the solution; each plotted against the iteration number. The red, blue, and
green colors represent the associated characteristics shown for the hologram
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