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ABSTRACT

Computational imaging is a methodology that comprises the joint design of optical hard-
ware and inverse algorithms to indirectly collect and retrieve an object’s information from the
recorded data, even if the data is not immediately interpretable. By leveraging this approach,
we have engineered a novel imaging system that achieves an extended field of view while re-
taining near-diffraction-limited resolution, thereby enhancing the system'’s overall information
capacity. This enhancement is achieved by strategically exploiting the inherent signal structure
of the object through sophisticated encoding techniques embedded within the optical system
design.

In this dissertation, I will provide a comprehensive explanation of my research on "extended
field of view imaging." The objective is to enhance the space bandwidth product or information
capacity of the computational imaging system by making modifications to the optical hard-
ware through point spread function engineering and computational recovery algorithms. We
show theoretically and experimentally an increment in field of view by a factor of 2 over the
conventional imaging system. Our technology enables a system to capture a single-shot image
with increased field of view (FoV) performance without compromising the native image reso-
lution. We have also demonstrated the analogous relation between our study and structured
illumination microscopy (SIM), which expands the Fourier domain rather than the spatial do-
main.

These findings guide us towards generalizing the concept of information capacity for com-
putational imaging systems, a topic that will be explored in detail later in this dissertation. I
describe this approach as “information-efficient design” since it facilitates encoding information
tailored to specific experimental requirements. Additionally, we have examined the impact of
detector bit depth on the design of computational imaging systems. This investigation led to
the proposal of a new data-domain information measure that leverages the characteristics of
detected information to predict system performance a priori to image reconstruction.

This work aims to establish a comprehensive framework for analyzing computational imag-
ing systems, devise algorithms to solve related inverse problems, and determine the practical
limits on recoverable information using a computational imaging system. Compressive imag-
ing, which involves acquiring a small number of measurements, plays a critical role in this
work. It efficiently reconstructs images with sparse object information and addresses chal-
lenges caused by the discrete, quantized nature of the measurements.
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pulse response (SPIR) as its PSF, results in a well-conditioned system
matrix (k(H) = 1), which enables a stable reconstruction without in-
version. In contrast, the extended FoV system utilizes a multiplexed
PSF (MPIR), which provides a better conditioning of the system matrix
k(M) = 256.13, compared to the bare sensor system, where k(H) ~
11,000 [153]. This positions MPIR as an intermediate solution between
these two extremes. The analysis highlights the trade-off between ex-
tending the FoV and maintaining numerical stability in image recon-
struction. (Further details on the plot are available in the appendix b.4)

Pictorial representation of an SLM. An incoherent light wavefront (from
an LED or collimated source) interacts with the SLM, where the dis-
played grayscale phase mask modulates its phase. Each grayscale level
corresponds to a specific voltage that adjusts the liquid crystal (LCs)
orientation and refractive index, thereby introducing a controlled phase
shift in the incident light. . . . .. .. ... ... .. ... .. .. .....
Visual representation of an GS algorithm. A step-by-step illustration
of the GS algorithm for phase retrieval. The process iterates between
the spatial and Fourier domains, enforcing amplitude constraints in the
spatial domain while updating the phase in the Fourier domain. This
iterative refinement continues until the reconstructed intensity closely
matches the target MPIR distribution, which results in the optimized
phase mask for SLM encoding. . . . .. ... ... ... .. L.
Experimental Validation of CGH (a) Simulated MPIR pattern with 41
impulses positioned within the central half of the computational win-
dow. (b) Corresponding phase mask generated using the GS algorithm.
(c) Experimentally obtained MPIR pattern in the first-order diffraction
with unmodulated zero-order. . . ... .. ... .. ... ... .. ..
Pictorial representation of PSF estimation problem. (a) Measured in-
tensity which is obtained by blurring the reference intensity (b) using
the PSF (c). The constrained minimization approach (Eq. 5.12) estimates
the unknown blur function (c) by leveraging the reference and measured

intensity information. . . . . ... ... L Lo L L oL

Xvii

8o



Figure 5.5

Figure 5.6

Figure 5.7

Figure 5.8

Spatially varying PSF estimation using Siemen star as a standard ob-
ject: The figure illustrates the PSF estimation process for an image af-
fected by spatially varying blur. The blurred image is shown in Fig. (a,
d, e) alongside PSFs at different orientations in Fig. (b, e, f). The re-
stored blur functions are presented to the right of Fig. (b, e, f). A line
plot through the center of the PSFs in Fig. (b, e, f) demonstrates the
fidelity of the reconstructed blur function in comparison to the original.
Intensity variation in experimental MPIR. (a) Experimentally recorded
first-order MPIR demonstrating intensity variations among impulses.
(b) Weight factors are computed for each impulse relative to its nearest

neighbor, which provide quantitative insight into the intensity distribu-

Simulation of image reconstruction with the varying number of im-
pulses in a PSE. Panels (a1)-(a3) display MPIR with an increasing num-
ber of impulses along the dotted yellow squares. Panels (b1)-(b3) il-
lustrate how the spatial variation in recovered information depends on
the overlap area, with the effective FoV represented by the dotted red
square. As the number of impulses increases, the information content
of the reconstructed image (c1)-(c3) increases, which is reflected in an
increasing energy parameter (d1). However, the contrast parameter (d2)
decreases which results in poorer reconstruction quality, as evident in
panel (C3). . . . . ..
Simulation of image reconstruction with varying spatial extent of PSF.
Panels (a1)-(a3) display MPIRs with PSF extents indicated by the dotted
yellow squares: smaller (64 x 64), comparable (128 x 128) and larger
(256 x 256) than the detector size of (128 x 128) pixels. Spatial variation
in recovered information depends on the overlapped area in (b1)-(b3)
with an effective FoV represented by the dotted red square. With the
extent of PSF, the information content of the reconstructed image (c1)-
(c3) decreased as seen in the plot of the energy parameter (d1) while the
contrast parameter (d2) exhibits an increasing trend. The slight decrease
in the plot of R on for small extent of impulses is due to the fact that

the extended FOV is not covering the whole object. . . . ... ... ...
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Figure 5.9

Figure 5.10

Figure 5.11

Figure 6.1

Experimental setup for the extended FOV system: The sample is uni-
formly illuminated via Kohler illumination using a spatially incoherent
650 nm LED source. A phase mask corresponding to MPIR is generated
as a CGH and projected onto the SLM to transform the system’s PSF
from SPIR to MPIR. The modulated light is then reflected by a beam
splitter and captured by the sCMOS sensor as a scrambled image for
subsequent computational processing. . . . . ... ... ... L.
Extended FoV results. (a1) Image recorded without MPIR coding in
first order at native resolution of the system, (a2) MPIR captured using
a pinhole object with 9 impulses. The dotted yellow rectangle shows
the PSF extent. (a3) Scrambled data captured by a small FoV sensor
is shown in the blue rectangle. (a4) Overlapped area representing the
spatial variation of recovered information with the dotted red square
representing the effective FOV increment. (a5) Recovered extended FoV
information beyond the blue square. . . . .. ... ... ... .. .....
Extended FoV results. (a1) Image recorded without MPIR coding in
first order at native resolution of the system, (a2) MPIR was captured
using a pinhole object with 41 impulses. The dotted yellow rectangle
shows the PSF extent. (a3) Scramble data captured by a small FoV sensor
is shown in the blue rectangle. (a4) Overlapped area representing the
spatial variation of recovered information with the dotted red square
representing the effective FoV increment. (a5) Recovered extended FoV
information beyond the blue square. (a6) Profile plot through the dotted
line in first-order image along with reconstruction for the resolution of
the reconstructed image . . . ... ... ... ... ... L
Illustration of information capacity as a function of signal-to-noise
ratio (SNR). The blue curve represents the traditional information mea-
sure (eq.6.6), which dominates at high SNR levels. The red curve cor-
responds to the information measure derived from the measured data,
which becomes dominant in low SNR conditions. This demonstrates
that in low-SNR scenarios, each pixel measurement has a greater im-
pact on the system’s overall information capacity compared to high-
SNR conditions. . . . . . ... ... L
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Figure 6.2

Figure 6.3

Figure 6.4

Figure 6.5

Figure a.1

Impact of detector bit-depth on recorded bandwidth. (a) The standard
cameraman test image is first zero-padded and blurred using a 5 x 5
Gaussian impulse response kernel. (b-d) The blurred image is then dig-
itized using sensors with 2-bit, 4-bit, and 16-bit quantization. As bit-
depth increases (e-g), energy in the Fourier domain becomes more com-
pact, which illustrates the relationship between quantization levels and
effective bandwidth. Here, the effective bandwidth is defined as the rel-
ative area in Fourier space that contains 99% of the total energy in the
raw data after bit quantization. . . ... ... ... .o o 0oL
Empirical relationship between the bandwidth of detected raw data
and bit depth. The plot shows the normalized bandwidth of the recorded
images as a function of quantization bit depth. Each data point repre-
sents the mean bandwidth computed across all test images, while the
shaded region indicates the standard deviation, which captures data
variability. . . .. ... o
Siemens star reconstructions under different Jp parameters or with
different bit-depth and measurement conditions: (a) Ground truth (b)
MPIR as PSF. (c¢) Measured data (d) reconstruction with 16-bit with full
measurements, (e) reconstruction with 4-bit with full measurements, (f)
reconstruction with 10-bit with one-third of measurements, and (g) re-
construction with 4-bit with one-third of measurements. Zoom-in im-
ages (h-k) represent the reconstruction of high-frequency components.

Reconstruction with similar Jp values: (a) A binary test object ("Op-
tics") with lower complexity. (b) Scrambled measurement data with
4x fewer samples. (c) Reconstructed object. (d) A grayscale test ob-
ject ("Cameraman") with higher complexity. (e) Scrambled measurement
data with 2x fewer samples. (f) Reconstructed object. Despite differ-
ences in object complexity, by adjusting the number of pixel measure-
ments to achieve comparable Jp values, a similar reconstruction perfor-
mance can be attained. . . . .. ... Lo oL oo
Eigenfunction behavior in an LSI system: Illustration of how an eigen-
function of a linear shift-invariant (LSI) system retains its functional
form after passing through the system and is scaled by its correspond-

ing eigenvalue. . . ... .. ... ... L L o
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Figure a.2

Conceptual illustration of image formation using eigenfunction ex-
pansions in an LSI system. (a) The object function is decomposed into
the system’s eigenbasis, with each coefficient determined by projecting
the object signal onto the corresponding eigenfunction. (b) As these ba-
sis components pass through the LSI system, they are scaled by their
respective eigenvalues. The final output image is then formed by the

weighted sum of these scaled basis functions. . . ... ... .......
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