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A B S T R A C T

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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सार

कम्प्यूटेशनल इमेʸजग एक ऐसी पद्ध˃त है ʹजसमें ऑȥप्टकल हाडर्वेयर और व्यतु्क्रम एल्गोȼरदम का संयकु्त ˃डज़ाइन शािमल
है तािक ȼरकॉडर् िकए गए डेटा से िकसी वस्तु कɃ जानकारी को अप्रत्यक्ष रूप से एकत्र िकया जा सके और िफर एल्गोȼरदम
के माध्यम से उस जानकारी को पुनप्रार्प्त िकया जा सके, भले ही ȼरकॉडǼड डेटा तुरतं समझने योग्य न हो। इस दृिष्टकोण का
लाभ उठाते हुए, हमने एक नया इमेʸजग ʹसस्टम िवकʹसत िकया है जो िववतर्न-सीिमत (near-diffraction-limited)
ȼरज़ॉल्यूशन को बनाए रखते हुए एक िवस्ताȼरत दृश्य के्षत्र (field of view) प्राप्त करता ह,ै ʹजससे ʹसस्टम कɃ समग्र सूचना
क्षमता में वृ˃द्ध होती ह।ै यह वृ˃द्ध ऑȥप्टकल ʹसस्टम ˃डज़ाइन में अतंȺनिहत पȼरष्कृत एन्को˄डग तकनीकों के माध्यम से
वस्तु कɃ अतंȺनिहत ʹसग्नल संरचना का रणनी˃तक रूप से लाभ उठाकर हाʹसल कɃ जाती ह।ै
इस शोध प्रबधं (dissertation) में, मैं "िवस्ताȼरत दृश्य के्षत्र इमेʸजग" पर आधाȼरत अपने शोध का िवस्तृत िववरण प्रस्तुत
करंूगी। इसका उद्देश्य पॉइटं स्प्रेड फंक्शन इजंीिनयȽरग और कम्प्यूटेशनल ȼरकवरी एल्गोȼरदम के माध्यम से ऑȥप्टकल
हाडर्वेयर में संशोधन कर कम्प्यूटेशनल इमेʸजग ʹसस्टम कɃ स्पेस-बैंडिवड्थ प्रोडक्ट अथवा सूचना क्षमता को बढ़ाना ह।ै
हमने सदै्धां˃तक और प्रयोगात्मक रूप से यह दशार्या है िक पारपंȼरक इमेʸजग प्रणाǺलयों कɃ तुलना में हमारे ʹसस्टम में
दृश्य के्षत्र (field of view) में लगभग 2 गुना कɃ वृ˃द्ध होती ह।ै हमारी तकनीक एक ʸसगल-शॉट प्रणाली ह,ै जो मूल
छिव ȼरज़ॉल्यूशन से समझौता िकए िबना िवस्ताȼरत दृश्य के्षत्र को एक ही इमेज में कैप्चर करने में सक्षम बनाती ह।ै इसके
अ˃तȼरक्त, हमने अपने अध्ययन और स्टर्क्चडर् इल्यूिमनेशन माइक्रोस्कोपी (SIM) के बीच एक समानता भी प्रदʻशत कɃ ह,ै
जो स्थािनक डोमेन (spatial domain) के बजाय फूȼरयर डोमेन का िवस्तार करता ह।ै
ये िनष्कषर् हमें कम्प्यूटेशनल इमेʸजग ʹसस्टम के Ǻलए सूचना क्षमता कɃ अवधारणा को सामान्यीकृत करने कɃ िदशा में
मागर्दशर्न करते हैं। यह िवषय इस शोध प्रबधं में आगे िवस्तार से िववे˃चत िकया जाएगा। मैं इस दृिष्टकोण को "सूचना-कुशल
˃डज़ाइन" के रूप में वʻणत करती हँू, क्योंिक यह िवʺशष्ट प्रायोिगक आवश्यकताओं के अनुरूप सूचना को एन्कोड करने
कɃ सुिवधा प्रदान करता ह।ै इसके अ˃तȼरक्त, हमने कम्प्यूटेशनल इमेʸजग ʹसस्टम के ˃डज़ाइन पर ˃डटेक्टर िबट डेप्थ
(bit-depth) के प्रभाव का अध्ययन िकया ह।ै इस िवश्लेषण के पȼरणामस्वरूप, हमने एक नया डेटा-डोमेन सूचना मापदडं
प्रस्तािवत िकया ह,ै जो प्राप्त सूचना कɃ िवशेषताओं का उपयोग करके इमेज पुनȺनमार्ण से पहले ही ʹसस्टम के प्रदशर्न का
पूवार्नुमान लगाने में सक्षम ह।ै
इस शोध का उद्देश्य कम्प्यूटेशनल इमेʸजग प्रणाǺलयों के िवश्लेषण के Ǻलए एक समग्र ढांचा स्थािपत करना, संबं˃ धत इनवसर्
समस्याओं को हल करने हेतु एल्गोȼरद्म िवकʹसत करना, तथा कम्प्यूटेशनल इमेʸजग ʹसस्टम के माध्यम से पुनः प्राप्त कɃ
जा सकने वाली सूचना कɃ व्यावहाȼरक सीमाओं का िनधार्रण करना ह।ै इस कायर् में कम्प्रेʹसव इमेʸजग कɃ एक महत्वपूणर्
भूिमका ह,ै ʹजसमें सीिमत मापनों के माध्यम से डेटा अ˃धग्रहण िकया जाता ह।ै यह पद्ध˃त िवरल वस्तु सूचना वाले ˃चत्रों
का कुशलतापूवर्क पुनȺनमार्ण करती है और मापन कɃ िवसंलग्न (discrete) तथा क्वांटाइज्ड प्रकृ˃त से उत्पन्न चुनौ˃तयों का
समाधान करती ह।ै
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L I S T O F F I G U R E S

Figure 1.1 Components of a computational imaging system. The system consists

of three fundamental components: (1) an encoding hardware, which

modulates object information as it propagates through the optical sys-

tem; (2) a digital sensing device, which detects, samples, and quantizes

the optical signal; and (3) a computational algorithm, which processes

the detected data to reconstruct and extract the object information. . . . 1

Figure 2.1 Schematic representation of a traditional imaging system, where high-

quality optics bear the sole responsibility for image formation. Inspired

by the human eye model, the system features a lens at the front and a

sensor at the back. The recorded image closely approximates the orig-

inal object information, with post-processing applied only for visual

enhancement. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Figure 2.2 Conceptual representation of a computational imaging system, em-

phasizing the integration of front-end optics and post-processing algo-

rithms. The technique that was first used in the seminal work of Cathey

et al. [55]. In this approach, object information is encoded through the

modification of optical components to produce an intermediate image

that differs from the original object. The post-processing unit subse-

quently reconstructs the original object information from the encoded

data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

Figure 2.3 Schematic of a typical microscopy setup, highlighting the key optical

components and the relationship between magnification and FoV. The

FoV is primarily defined by the diameter of the eyepiece’s field stop

diaphragm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

Figure 2.4 Conceptual representation of a typical photographic camera setup, il-

lustrating the key optical components and the relationship between sen-

sor size, focal length, and the angular field of view (θ). The ray diagram

demonstrates how light converges through the lens to form an image

on the sensor, with θ representing the angular extent of the captured FoV. 15
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Figure 2.5 The optical architecture of a canonical 4F system, illustrating the key

components: an input plane for object placement, two lenses separated

by their focal lengths (f ), and an intermediate Fourier plane where spa-

tial frequency information is processed. This setup serves as a funda-

mental model for linear, shift-invariant (LSI) imaging systems, enabling

analysis and modification of imaging properties. . . . . . . . . . . . . . . 18

Figure 2.6 Comparison of PSFs at different depths for conventional and com-

putational imaging systems employing cubic phase and log-asphere

phase mask designs. The top row corresponds to the conventional imag-

ing system, with (a) showing the aperture having a constant phase. The

middle row corresponds to an imaging system with a cubic phase mask

(e) generated using a phase modulation parameter α = 5× 10−5. The

bottom row presents the log-asphere lens (i), featuring a radially in-

creasing phase function. While the PSF of the conventional system (pan-

els b–d) degrades significantly with increasing defocus, the cubic phase

(panels f–h) and log-asphere (panels j–k) designs yield PSFs that remain

nearly invariant across depth. This will induce a uniform blur across

different depth planes, thereby facilitating a straightforward deconvolu-

tion to enable an effective reconstruction of extended depth information. 26

Figure 2.7 Illustration of a log-spherics lens designed for variable focal length

across its aperture. The lens surface is segmented into concentric annu-

lar rings, each engineered to focus light from a specific axial distance

s(r) defined as a function of the ring radius. The focal length decreases

from the center toward the periphery, which enables the lens to main-

tain focus over a broad depth range. This design results in an extended

depth of field by combining focused contributions from different annu-

lar regions, with each correspond to distinct object depths. . . . . . . . 27

xi



Figure 2.8 Pictorial representation of depth-encoding PSFs at different axial po-

sitions. Shown are PSFs from a conventional imaging system (top row),

rotating PSF (RPSF) (second row), double-helix PSF (DH-PSF) (third

row), and Tetrapod PSF (bottom row). The conventional PSF rapidly

deteriorates with defocus and loses its structural coherence. In contrast,

the RPSF exhibits continuous rotation of its pattern with axial displace-

ment, the DH-PSF displays two distinct lobes that rotate predictably

with the depth, and the Tetrapod PSF shows four well-defined lobes

whose geometry evolves smoothly across the axial range. These engi-

neered PSFs encode depth information into their spatial structures to

enable a precise three-dimensional localization from two-dimensional

measurements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

Figure 2.9 Pictorial representation of extended FoV PSF. (a) The single point im-

pulse response (SPIR) represents the diffraction-limited PSF of a con-

ventional imaging system. It is shown as a single Gaussian impulse with

local blur simulated using a 5× 5 pixel Gaussian kernel. (b) The MPIR

consists of multiple Gaussian impulses distributed across the sensor’s

active region and illustrates the engineered PSF used for multiplexing

the extended FoV information. (c) The phase mask generated by the

standard Gerchberg–Saxton (GS) algorithm is designed to produce the

MPIR pattern at the system’s Fourier plane. . . . . . . . . . . . . . . . . . 33

Figure 2.10 Illustration of the image acquisition process in a traditional imag-

ing system. The object information is digitized at the Nyquist rate by

projecting it onto a sampling basis ϕ. A total of N discrete measure-

ments are captured and then processed computationally to enhance the

information content of the final image. . . . . . . . . . . . . . . . . . . . 39

Figure 2.11 Illustration of the image acquisition process in a computational imag-

ing system. The object information is digitized at a sub-Nyquist rate

by integrating sampling and compression. Compression is achieved by

first projecting the object signal onto an appropriate basis ϕ, followed

by sampling using the basis ψ. A total of M < N discrete measure-

ments are captured, requiring an inverse algorithm for computational

reconstruction of the object information. . . . . . . . . . . . . . . . . . . 40
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Figure 3.1 Resolution vs. FoV: (a) A conventional imaging system captures a high-

resolution image with a limited FoV. (b) Increasing the FoV results in

a loss of resolution, causing image blur. (c) Objective: Expanding the

FoV while maintaining resolution, where the dotted circle represents

the original FoV and the larger circle illustrates the extended FoV. . . . 45

Figure 3.2 Pictorial Representation of the Extended FoV Principle. (a) Complete

object information within the full FoV. (b) Single point impulse response

(SPIR) approximated as a delta impulse at the center of the field. (c)

Limited FoV recorded by the native sensor, with the active sensor area

marked by the yellow dotted square. (d) Proposed PSF with MPIR. (e)

Scrambled data containing information from outside the sensor bound-

ary, captured by the limited-size sensor. (f) Mapping of different FoV

regions onto the full object FoV, corresponding to distinct impulses. (g-j)

Visual representation of how object information from outside the native

sensor boundary is brought into the active sensor region, corresponding

to different impulses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

Figure 3.3 Schematic for extended FoV imaging with a phase mask at the Fourier

plane. The phase mask encodes the object field, with the detector (yel-

low square) capturing a scrambled image. The larger (black) square rep-

resents the desired FoV. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

Figure 3.4 Structured Illumination Microscopy: Expanding Fourier Space for En-

hanced Resolution In conventional microscopy, the resolution is funda-

mentally limited by the numerical aperture (NA) of the imaging system,

which restricts the highest spatial frequencies that can be captured. This

restriction is represented as a circular region in Fourier space (red cir-

cle). SIM enhances the resolution by employing a structured illumina-

tion pattern, typically sinusoidal, which introduces three shifted fre-

quency components in Fourier space (red dots). The structured illumi-

nation interacts with the sample and shifts the high-frequency infor-

mation into the system’s native frequency range (blue circle) through

the convolution between object’s spectrum and the Fourier transform

of the illumination pattern. By acquiring a series of images with dif-

ferent phase shifts and orientation, SIM effectively extends the Fourier

space coverage (dotted circle) to computationally reconstruct isotropi-

cally high-resolution image. . . . . . . . . . . . . . . . . . . . . . . . . . . 55
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Figure 3.5 Extended FoV imaging: Expanding Spatial Domain Beyond Sensor

Limits In conventional imaging, the sensor’s physical dimensions con-

strain the maximum FoV which restricts the amount of spatial informa-

tion that can be captured. This limitation is represented by the native

sensor boundary, shown as the red square or the dotted yellow circle in

the image. The extended FoV methodology overcomes this limitation by

using a MPIR as the system’s PSF which introduces multiple impulses

at distinct spatial locations (red dots). When convolved with the object

function, MPIR generates multiple spatially shifted replicas of the ob-

ject. These shifted copies redistribute object details originally beyond

the sensor’s boundaries into the detector’s active region (blue square)

which effectively encodes additional spatial information. By capturing

a single scrambled measurement containing these multiplexed images,

the extended FoV system employs computational reconstruction to re-

cover a wider FoV while preserving the system’s native resolution. . . . 58

Figure 3.6 Reconstruction of Extended FoV with binary image. (a),(b) Recon-

structed images from the scramble data in Fig. 3.2(e). (a) Recovered

image using PSF with delta impulses, (b) Recovered image using PSF

with Gaussian impulses. In both cases the information beyond the na-

tive sensor size, i.e. the letters "P " and "E" get recovered completely.

(c) Relative mean square error (RMSE) as a function of iteration num-

bers with solid blue line and dotted red line representing the error (on

log-scale) when PSF with delta impulses and Gaussian impulses is used

respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
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Figure 3.7 Simulation results demonstrating extended FoV reconstruction for a

grayscale object. (a) Ground truth image of size 256× 256 pixels. (b)

Image captured with a native sensor of size 128× 128 pixels (dotted yel-

low square) and a detector size of 150×150 pixels (dotted white square),

where information outside these sensor regions is lost in a conventional

measurement process. (c) Captured data using the proposed PSF, with

yellow and white dotted squares indicating the respective sensor sizes.

(d), (i) Reconstructed images for the 128× 128 sensor using a PSF with

delta and Gaussian impulses, respectively. (e), (j) Reconstructed images

for the 150× 150 sensor using a PSF with delta and Gaussian impulses,

respectively. (f) PSF with Gaussian impulses, with a zoomed-in view

of an individual impulse shown in (g). (k) Relative mean square error

(MSE) plots for both sensor sizes: solid blue and red curves represent

results for the 128× 128 and 150× 150 sensors, respectively, with delta

impulses as the PSF. The corresponding MSE plots for Gaussian im-

pulses are shown by the dotted lines . . . . . . . . . . . . . . . . . . . . . 63

Figure 3.8 Cameraman Image with Increasing Levels of Sparsity: (a)-(c) Ground

truth images processed with median filters of sizes 3 × 3, 7 × 7, and

13× 13, corresponding to Tamura coefficient (TC) values of 1.46, 1.61,

and 1.7, respectively. (d)-(f) Reconstructed images after 1000 iterations.
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128 pixel window for all cases. . . . . . . . . . . . . . . . . . . . . . . . . 65

Figure 3.9 RMSE Performance of Restored Images: RMSE values after 1000 it-

erations plotted as a function of object sparsity, quantified using the

Tamura coefficient (TC). The blue dot corresponds to the blurred cam-

eraman image simulated with increasing sparsity levels, as illustrated

in Fig. 3.8. The upper and lower red dots represent the cameraman im-

age and the binary "PHASE" object, respectively; both are reconstructed

using the MPIR PSF without median filter smoothing. . . . . . . . . . . 66

Figure 3.10 RMSE Performance of Restored Images: RMSE variation as a function
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Figure 3.11 MTF comparison of an imaging system with and without MPIR The

MTF of a conventional imaging system affected by spherical aberra-

tion (blue curve) exhibits severe lines of zeros, which leads to signif-

icant information loss and instability in inverse problem-based image

reconstruction [38]. In contrast, incorporating MPIR (red curve) scatters
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tion. While minor fluctuations persist, they can be mitigated using ap-

propriate regularization techniques during image reconstruction [100].

Moreover, this MTF flattening allows higher eigenmodes information to

propagate through the system with minimal attenuation, thereby signif-

icantly enhancing the imaging system’s overall information capacity. . . 69

Figure 4.1 Mathematical model of the proposed imaging system. The target ob-

ject x undergoes transformation through the measurement matrix Â, re-

sulting in a scrambled representation. These scrambled measurements

are then captured by a limited FoV sensor, modeled by the truncation

operator Ŝ. The resulting vector y represents the captured data, which

is spatially constrained by the sensor’s finite detection area. . . . . . . . 74

Figure 4.2 Standard approaches for regularizing linear inverse problems. An

overview of commonly used techniques for stabilizing the solution of

linear inverse problems. These methods include least-squares estima-

tion for well-conditioned systems, Tikhonov regularization for address-

ing ill-posed problems, constrained least squares for incorporating addi-

tional constraints, and compressive sensing techniques for under-determined

systems, which leverage l0- and l1-norm sparsity priors to restore object
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Figure 4.3 Pictorial representation of multiplexed measurements via MPIR. Ob-

ject information is encoded through a multiplexing process, where mul-

tiple spatial points contribute to a single pixel measurement. This many-

to-one mapping ensures that signal energy is distributed evenly across
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Figure 4.4 Comparison of system matrix conditioning across different imaging
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Figure 5.5 Spatially varying PSF estimation using Siemen star as a standard ob-
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fidelity of the reconstructed blur function in comparison to the original. 107

Figure 5.6 Intensity variation in experimental MPIR. (a) Experimentally recorded

first-order MPIR demonstrating intensity variations among impulses.
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