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Abstract

To overcome the limitations of traditional cameras, which rely on lenses to form images on
image sensors, computational imaging technology offers promising solutions for developing
thin and functional camera systems. Computational imaging combines optical modulation
with digital computation, shifting the burden of the optical element to post-digital processing.
In terms of the camera itself, a lensless camera that uses a coded mask instead of an
optical lens is discussed. Compared to traditional lens-based cameras, a lensless camera is
more compact and less expensive, and its depth-sensing capability allows the image to be
refocused after capture. By considering the diffraction properties, I mathematically analyze
the resolution limit of a Fresnel zone aperture (FZA)-based lensless camera. In addition, |
propose two methods for super-resolution in the FZA lensless camera using image synthesis
techniques. Furthermore, I discuss an Al-based refocusing model for lensless cameras.
Considering the versatile functions of an imaging system that provides not only photography
function but also other media functions. A novel see-through screen (STS) camera based
on a holographic waveguide device (HWD) is proposed to realize a thin and versatile media
system. The STS camera can be applied to portable devices and achieve frontal imaging
for eye contact. I analyze the imaging process of the STS camera based on ray tracing
and propose a noise reduction method. I also discuss the possibility of combining lensless
cameras with the STS camera for future applications. This study contributes to improving
the resolution of lensless cameras under diffraction influences, discusses a learning-based
refocusing reconstruction model for the lensless camera, and provides an integrated design
for combining imaging and other media functions based on HWD, thus promoting the

miniaturization and multifunctionality of cameras.
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Chapter 1

Introduction

1.1 Background and Motivation

Images serve as valuable sources of information in our IoT-driven society and the demand
for cameras, as important imaging devices, is continuously increasing. Traditional camera
systems typically consist of optical lenses and image sensors (CMOS or CCD), where light
from the object is captured by the lens and recorded by the sensor as intensity values. How-
ever, the reliance on optical lenses poses limitations on camera size, cost, and compactness
due to the need for sufficient space and high-precision manufacturing. Moreover, depth infor-
mation is now essential for various applications, but a single camera is unable to provide this
information. A stereo camera[l, 2] or light-field technology [3]is needed to extract the depth
information, which needs multiple sensors and lenses, leading to increased costs. In addition,
the camera is commonly integrated into various visual media systems. However, due to
traditional design approaches, the camera is typically positioned separately from other media
devices, such as displays. This disjointed setup leads to larger overall system sizes, making
it challenging to deploy them on portable devices for increased flexibility in applications.
In certain interaction scenarios, the user’s viewing angle towards the display may not align
with the camera’s angle of view. This mismatch can result in suboptimal user experiences,
particularly in online meetings where the lack of eye contact during communication can be

problematic.

With the rise of the digital society, image-sensing technology finds applications in

diverse industries. For example, small robots are used to explore or detect objects in a gap
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environment, in which case the size and weight of the camera embedded in the robot should
be controlled. However, the thickness and focusing length requirements of the optical lens
limit the development of miniaturization. This is also a problem with smartphone design,
where the camera is an issue that limits the thickness of the phone. Another problem with
smartphones is that the camera affects the design of the screen. The coordinated design of
screens and cameras is a hot topic of research. As mentioned earlier, the split design means
that the camera cannot capture the frontal view of the user looking at the screen. Moreover,
in a trend of full-screen smartphone design, the camera destroys the true full-screen design.
Some smartphone companies are proposing a concept of an under-display camera, where
the camera is placed under the pixels of the screen and the distance between the pixels is
increased in a certain area to let the camera take pictures, which reduces the display quality.

Hence, alternative solutions are sought.

Computational imaging is cross-disciplinary research involving optical modulation and
digital processing. It shifts the burden from optics to post-processing. By designing the
optical encoding and digital decoding pipeline, the imaging system could break the optical
limits and recover higher dimensions of information. Based on the concept of computational
imaging, this study proposes a thin and functional camera system. This study is divided into
two main parts. The first part focuses on leveraging lensless imaging technology to achieve a
thin camera structure that possesses depth-sensing capabilities. The second part of the study
involves integrating the camera function with other media functionalities in a media terminal
and proposing a holographic waveguide device-based see-through screen camera. In addition,
a combination of lensless imaging with a see-through screen camera is discussed for a more

advanced camera system.

1.2 Thesis Structure

This thesis is structured into 6 chapters as follows,

Chapter 1. Introduction

* This section describes the background of this thesis including the demand from the

society development and the motivation based on this.
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Chapter 2. Computational imaging for thin and functional camera system

* This section reviews the basic knowledge of the technology used for solving issues
including general computational imaging, a lensless imaging system, and a Holograph-
ical optical elements-based imaging system.

Chapter 3. Superresolution in FZA lensless camera

* This section first presents the related research on FZA lensless cameras, including the
original geometric optics-based analysis. Then, the issues affecting the resolution are
defined. A theoretical introduction to the proposed method is presented with computer

simulations and optical experiments. Advantages and limitations are also discussed.

Chapter 4. Al-based refocusing for lensless camera

* This section provides an overview of the relevant Al-based methods in lensless camera
research and their limitations. Then the idea of an Al-based refocusing reconstruction

model is proposed. Details of the experiment are presented in the section.

Chapter 5. See-through-screen camera and its application with lensless camera

* This section introduces the limitations of the traditional split design of camera and
display, and reviews some published work. The theoretical explanation with ray tracing
based analysis of the proposed see-through screen camera is presented. Details of
experimental settings, results and discussion are also presented. Finally, future work
on the combined design of lensless camera with STS camera is also presented.

Chapter 6. Conclusion

* This section concludes the thesis and explores future work and possible applications.






Chapter 2

Computational imaging for thin and
functional camera system

2.1 Background

Over the past few decades, cameras have developed rapidly in a wide range of applications,
including smartphones, SLR cameras, and drones. However, the structure of cameras hasn’t
changed much, based on a set of optical lenses and an image sensor. The light reflected from
the object passes through the optical lens and is then sampled by the pixels in the sensor,
creating an inverted image of the object on the sensor. In addition, most research studies
optical lens optimization or sensor signal processing algorithms independently of each other.
To overcome the limitations in resolution, information dimension, function, and size caused
by the conventional camera structure, computational imaging is a promising technology that
considers the parallel design and joint optimization of optical systems and image processing
algorithms to further overcome the limitations of traditional imaging systems, rather than a

collection of individual components[4—8].

Computational Imaging is a novel imaging design consisting of front-end optical encoding
and back-end digital decoding. Based on the application motivation, the vision system can
be designed in a flexible way [9, 10]. Computational Imaging technology can be divided
into three classes based on different objectives[11]. The first is for high performance, mostly
in terms of traditional camera evaluation indices, e.g. super-resolution[12], wider field

of view[13], and deeper depth of field[14]; the second is for obtaining new information
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that is impossible for the traditional camera, such as 3D information[15, 16], spectral
information[17], and phase information[18]. The third is for special size requirements or
special design requirements for integration with other digital devices, e.g. light size[19, 20].
There is also some research that could promote a thin and functional camera system. Coded
aperture imaging is based on an intensity modulator at the pupil plane. It can be used for
defocus deblurring and depth estimation[21-23]. Some studies report the possibility of using
coded aperture for spectral imaging[24]. This technology could bring depth information from
the 3D world alongside the 2D image projection, but it is still based on the optical lens, and
the size and cost are still limited by the lens. Light field technology [25-27] uses a lens array
or camera array to capture 3D information from the world by building a multi-dimensional
model called a plenoptic function that includes wavelength, location, angle and time. This
technology can be used for 3D reconstruction[28, 29], post-capture refocusing[30], and depth
estimation[31, 32]. However, some challenges such as high computational complexity and
high hardware cost still need to be urgently addressed, and because of the lens, the true thin

can not realize.

We argue that the optical lens is the factor that limits the size and function of conventional
cameras. A lensless imaging technology is proposed for a thin camera system with depth-
sensing capability. Since the camera is usually integrated with a display in the visual media
terminals, the convergence of the camera with the display is a promising idea for a thin
imaging system. Based on this, another idea is proposed to make a display as a camera
by using the HOE. A brief introduction to lensless imaging (Section.2.2) and HOE-based
imaging systems (Section.2.3) is presented in the following.

2.2 Lensless imaging system

The development of the camera is rapid, but the basic structure of the camera remains the
same. The optical lens is the main problem limiting the development of the camera. Recently,
with the popularity of computational imaging - a new imaging technology that combines
the design of front-end hardware and back-end algorithm together, rather than modifying
each separately. A type of computational imaging technology known as a lensless camera,
which replaces the optical lens with a phase or amplitude mask placed directly in front of
a bare image sensor, has recently attracted a great deal of attention. In the normal optical
lens-based camera system, the impulse response or PSF is very small and almost a point, so a

point-to-point mapping function is established between the object scene and the measurement
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on the sensor. However, in a lensless camera, the PSF is actually the shadow of the mask
pattern, which is very large and takes up most of the sensor area. So the measurement on
the sensor is the superposition of these shadows and a reconstruction or decoding process
is required [33—-35]. As shown in Fig.2.1, (a) describes the normal imaging process of a
lens-based camera, where the captured image is an inverted image of the object, then goes
through the ISP pipeline before being displayed to humans, the digital process here is just
some quality enhancement of the captured image; (b) shows the encoding and decoding
process of lensless cameras, the captured image is meaningless to the human eye and a digital

image reconstruction process is required.

Object Lens  Measurement on sensor Output
|}
© ey = | >
Mask Reconstruction

o Yo = \m JEN

Fig. 2.1 Imaging pipelines of the (a) conventional camera and (b) lensless camera.

This type of special imaging structure brings a number of potential advantages to the
measurement of vision in terms of size, cost, and performance. The detailed explanation is

as follows,

* Thin Structure. Because there is no optical lens, there is no need to reserve space for
a focusing lens. This means that the thickness of the lensless camera could be similar
to the thickness of the image sensor, as the mask could act as a film cover for the image
sensor at a small distance. This feature allows a lensless camera to be a thin camera

system.

* Low Cost. The lens manufacturing process requires high-precision engineering to
ensure optimum image quality. This involves intricate designs, precise alignment of
lens elements and advanced optical coatings, all of which add to the complexity and
cost of production. In addition to the cost of the lens itself, the assembly of optical
lenses into cameras requires high precision and high cost. In a lensless camera, the
cost of the lens itself and its assembly could be eliminated, reducing the cost of the

entire camera.
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* Depth Aware. In the shift-invariant imaging system, the image captured on the sensor
is the convolution between the PSF and the intensity distribution of the object. The
size of the PSF on the sensor changes according to the distance of the object. The PSF
in the traditional camera is very small and the change in size could be neglected in the
depth of field. However, the PSF in the lensless camera is huge and the size of the PSF
is sensitive to changes in distance. So this unique capability could be used for depth
information processing, including 3D reconstruction[36], depth estimation[37], and
refocusing[38].

2.2.1 Coded mask

The traditional camera uses a focusing optical lens to converge the light from the object onto
the image sensor. In a lensless camera, instead of an optical lens, a coded mask is placed in
front of the image sensor to encode the incoming object light. The design of the mask is an
important issue in the study of lensless cameras. The following explanation will focus on

mask type and mask pattern.

Mask Type

An amplitude mask has different open and closed areas on the aperture. Traditional binary
masks have only two distinct areas: transparent and opaque. However, there are masks that
use greyscale amplitude, allowing the intensity of transmitted light to be modulated. The
manufacturing process of amplitude masks is very simple. However, the light efficiency of
the amplitude mask is low because the mask’s dark area is large. And the low light efficiency
affects the image quality. To achieve high resolution, the pitch size of the mask should
be small enough, but diffraction is more serious when the pitch size is small. To increase
the light efficiency of the mask, a phase mask is used in the lensless camera. Phase masks
modulate the input light by changing the thickness of the mask. It can provide higher image
quality than an amplitude mask. In addition, the PSF on the sensor from the phase mask can

be sharper and more contrasty, which helps to improve the reconstruction quality.
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(d)

Fig. 2.2 Mask patterns from (a) random mask; (b) URA [39]; (c) MURA [40]; (d) FZA [43];
(e) DiffuserCam [36]; (f) PhlatCam [38].

Mask Pattern

Discovered by a Chinese philosopher called Mo Zi around the 4th century BC, the pinhole
camera is one of the earliest and simplest forms of a lensless camera. However, a single hole
severely limits light efficiency. To increase light efficiency, the random mask is proposed,
where the multiple pinholes are arranged randomly on the mask, [39] pointed out that the
number of N holes on the mask can increase the SNR to roughly v/N times. To achieve a
near-flat frequency response and a near-delta autocorrelation function of mask, URA[39] and
MURAL[40] are proposed. In addition, the computational complexity of the reconstruction
process has led some researchers to consider the design of mask patterns. [41, 42] proposes
a FlatCam, which is the outer product of the MLS, to reduce the computational complexity.
A lensless camera based on FZA has recently been proposed[43], whose mathematically
modelable pattern facilitates deconvolution reconstruction and 3D processing. The afore-
mentioned are amplitude mask-based lensless cameras; In the research on phase mask-based
lensless cameras, [36, 44] uses a diffuser film as a phase mask, which is very simple and
cheap. However, as the pattern of the diffuser is random, the distance between the mask
and the sensor should be varied to achieve the best imaging performance. [38] proposes
a PhlatCam using a Perlin noise-based contour pattern which produces high-contrast and



10 Computational imaging for thin and functional camera system

spatially-sparse PSF. Some of the typical mask patterns mentioned above are shown in Fig2.2,
(a) is random masks, (b) is URA, (c¢) is MURA, (d) is FZA, (e) is PSF from diffuser mask,
and (f) is contour PSF.

2.2.2 reconstruction methods

Due to the unique structure of lensless cameras, signal reconstruction is necessary. The
image reconstruction methods in lensless cameras can be roughly divided into two types.
The first is the traditional method, which is model-based. The second is the learning-based
method, which is data-driven.

Model-based method

In the model-based methods, the PSF is needed in the calculation. There are two types, the
first is the deconvolution method[45], which is fast but not robust to noise; the other is the
iterative method based on the theory of compressive sensing[36], which is more robust to
noise but the regularisation term needs careful selection and the interactive calculation takes
time to converge. In addition, the accuracy of the PSF measurement and system calibration
affects the quality of image reconstruction in the model-based method.

Learning-based method

Learning-based method can provide reconstruction images with fewer artifacts and higher
quality[46]. The PSF measurement is not mandatory in the learning-based method[47]. For
this method, the image data and the AI model design are more important. Unlike a lens-based
camera, there is no off-the-shelf database for a lensless camera because the image data is
different for each mask-based camera, and the different calibration or optical settings cause
the data to be unique. For lensless cameras, there are usually two ways of collecting data.
The first is to use a beam splitter to capture the same scene with a normal camera and a
lensless camera at the same time[48], this requires careful calibration, the other is to do the
simulation based on the imaging forward model, which is not accurate[49]. Typically, the
Al model used in a lensless camera is a CNN-based architecture[50, 51], [52, 53] argues
that the CNN architecture focuses on local features, but the lensless camera imaging system

is more suitable for global feature extraction, so the Transforemr-based [54]architecture is
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more appropriate. The inherent problem of Al-based image reconstruction is that it is not
explainable. So, [48] proposes an unrolling ADMM with learning based together to use
Al to optimize the parameters in traditional methods, which can provide the explainable
high-quality result.

2.2.3 Possible applications

Due to their low cost, lensless cameras can replace normal cameras in some cases, such as
infrared monitors[55] and depth cameras[37]. For wide-field imaging, a fisheye camera with
optical distortion calibration is usually used, while a lensless camera can be used for ultra-
widefield imaging without distortion[56]. Also, due to the thin structure, lensless cameras
can be used in 10T devices for vision tasks such as text recognition[57], face detection[58],
and QR code detection[59].

2.3 HOE-based imaging system

2.3.1 Holographic Optical Elements

Cameras are increasingly being integrated into IoT devices to enable various multimedia
applications, often in combination with other functions like displays. However, the tradi-
tional approaches to integrating cameras in IoT devices often involve the use of multiple
optical elements. This approach introduces complexity, adds weight to the system, requires
calibration, and increases the overall cost. Moreover, each optical element typically serves a
different function and operates independently, further complicating the system. Additionally,
the field of view (FOV) and depth of field (DOF) limitations of traditional camera systems,
caused by the use of optical lenses, may result in an unsatisfactory user experience or restrict
the overall flexibility of the device. To address these challenges, alternative approaches are

needed to provide compact, lightweight, and versatile camera systems for [oT devices.

The Holographic Optical Elements (HOEs) offer an effective solution to these challenges
by leveraging holography technology. Holography involves recording the complete wavefront
of interfered coherent beams onto a medium, which can then be used to reproduce the original
wavefield (Fig.2.3) [60, 61].
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Photopolymer HOE

Diffraction

Object wave

Reference wave Incident

(@) (b)

Fig. 2.3 (a) Recording process of a HOE; (b) Reconstruction process.

HOE:s are produced by recording the interference pattern between reference and object
beams on a photosensitive material. The process typically includes: illuminating a photo-
sensitive polymer, with a reference beam and an object beam. The object beam carries the
desired optical function to be encoded in the hologram. When the reference and object beams
interfere with each other in the photosensitive material, they create an interference pattern.
This interference pattern consists of variations in light intensity and phase that represent
the desired optical function. The photosensitive material captures and stores this pattern,
essentially recording the wavefront information. The recorded interference pattern acts as a
diffraction grating capable of diffracting incident light according to the stored information.
[62-64].

In general, HOEs can be classified into two types based on the selected parameters during
the manufacturing process: transmission type and reflection type[65](Fig.2.4). By carefully
designing the interference pattern and controlling the imaging process parameters, such as
the angle and intensity of the reference and object beams, the photosensitive material can be
customized to create HOEs that replicate the functions of conventional optical components,

such as mirror and lenses, through the diffraction of light.[66]
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HOE HOE
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Fig. 2.4 HOE of (a) Transmission type; (b) Reconstruction type.
2.3.2 Applications

Holographic optical elements (HOEs) offer a versatile and compact solution for various
optical functions. They are thin and see-through films that can simultaneously perform
multiple optical functions based on their selective angular and wavelength characteristics[67].
HOEs have found extensive applications in visual display systems. In head-mounted displays
(HMDs)[68—71], HOEs can be used to create immersive and realistic visual experiences.
Similarly, in near-eye displays(Fig.2.5(b)[72] and Fig.2.5(c)[73]), HOEs can enhance the
viewing experience by enabling compact and lightweight optical systems that provide high-
resolution images and comfortable viewing angles. The function of three-dimensional (3D)
displays[74, 75] can also be provided by HOE. In addition to display systems, HOEs can also
be employed in image-capturing optical systems[76]. In thin illumination devices[77, 78],
HOEs provides an efficient and compact solution for illuminating, the light can be directed
and controlled to achieve desired illumination patterns or effects. This is particularly useful in
applications such as signage, and automotive lighting. Augmented reality (AR) displays[79]
benefit from the unique capabilities of HWDs, which can capture and guide light based
on a transparent film, enabling the overlay of digital information onto the real-world view.
By integrating HOE, AR displays can achieve high-quality image projection with wide
field-of-view and minimal distortion. Eye-gaze detection systems utilize HOEs to accurately
track a person’s eye movements and determine their gaze direction[80]. So that the display
can selectively redirect light toward the user. This technology is particularly valuable in
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applications such as human-computer interaction and virtual reality. Furthermore, HOEs are
being considered for heads-up display (HUD) systems[81-83] applications. HUDs project
relevant information, such as navigation instructions or vehicle status, onto a transparent
surface in the driver’s field of view(Fig.2.5(a)[84]). HOEs offer advantages in HUD systems
by providing a compact and lightweight solution with high optical efficiency, enabling clear

and readable information without obstructing the driver’s view.
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Fig. 2.5 Applications of HOE in display systems. Source: (a) from [84], (b) from [72], and
(c) from [73].

2.4 Summary

This chapter provides an introduction to computational imaging. Computational imaging
is an emerging field of research in which optical systems and signal processing are jointly
optimized to achieve specific imaging functions and characteristics. It is not a simple
complement to optical imaging and digital image processing, but an organic combination
of optical modulation at the front end (physical domain) and information processing at the
back end (digital domain) through optical coding and mathematical modeling of illumination

and imaging systems to obtain images and information in a computationally reconstructed
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manner. This new imaging method is expected to overcome the limitations of traditional
optical imaging technology in terms of operating conditions, power consumption, and cost,

and enable the acquisition of images and information in terms of function, and performance.

Since my research is about a thin and functional camera system, to break the limitations
caused by the conventional camera, especially caused by the optical lens, I choose lensless
imaging and HOE-based imaging, these two computational imaging technology to do the
research. Lensless imaging eliminates the need for traditional optical lenses and instead
relies on computational algorithms to reconstruct images. This approach offers advantages
such as compactness, simplicity, and the ability to record 3D information. Consider the need
to integrate the camera into the IoT device, especially with the display function. I suggest
using HOE-based technology. It replicates the functions of conventional optical components
like mirrors and lenses using a thin and transparent film. A brief introduction on lensless

imaging and HOE-based imaging is presented in the subsections.






Chapter 3

Superresolution in FZA Lensless Camera

3.1 Related work

Among the various mask patterns available for lensless cameras, 1 choose the Fresnel
Zone Aperture (FZA) as the coded mask for my lensless camera, named the FZA-lensless
camera. The FZA pattern was first proposed by Mertz and Young[85, 86] in their re-
search on incoherent coded imaging, where they extended the concept and application of
holography([87]. Recently, Hitachi has made advancements in lensless camera research by
employing the FZA pattern for the first time at visible wavelengths (shown in Fig.3.1(b)).
Nakamura[88]conducted an analysis of the entire imaging process of the FZA imaging
system from the perspective of wave optics. Through this analysis, it was discovered that
diffraction in the system leads to null-frequency values in the Modulation Transfer Function
(MTF), which consequently degrades the image resolution. To address this issue and improve
resolution, Nakamura proposed an image synthesis method based on wavelength. While
this method does increase resolution, it is important to note that it can have an impact on
color quality. The synthesis method may introduce color artifacts or distortions due to

wavelength-dependent processing.

Hitachi’s research takes advantage of the FZA pattern, which is suitable for mathematical
modeling, and introduces a fast image reconstruction method based on moire fringes[43, 89,
90]. However, it is important to note that their forward model is based on geometric optics,
while in real situations, diffraction occurs as light passes through the mask. This discrepancy

can affect the accuracy of the reconstructed image.
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Another group from Tsinghua University[91] (shown in Fig.3.1(c)) proposes a method
based on compressed sensing for lensless FZA camera. This method performs well when
appropriate hyperparameters and regularization terms are chosen. However, it has certain
limitations. Firstly, the compressed sensing-based method is not exclusively designed for
FZA lensless cameras, which means it doesn’t fully exploit the advantages offered by the
FZA pattern. Secondly, the compressed sensing-based reconstruction process can be time-
consuming, making it less suitable for practical applications.

Additionally, some researchers have explored the use of deep learning-based methods
for image reconstruction in FZA lensless cameras[92, 49]. These approaches have shown
promise in achieving reconstructed images with fewer artifacts. However, it is worth noting
that the current work in this area is primarily based on simulated databases, which may not
fully represent real-world scenarios. The mismatch between simulated and actual measure-

ments can lead to incorrect mapping from observed measurements to the desired image.

FZA

Signal
Processor

Image
Sensor

(a)

Fig. 3.1 (a) Scheme of FZA lensless camera [43]; prototype FZA lensless camera from (b)
Hitachi [90] and (c) Tsinghua University [91].
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3.1.1 Geometrical optics based conventional method with Fringe Scan-
ning (FS)

Geometrical optics-based imaging analysis

The intensity transmittance 7" of the Fresnel Zone Aperture (FZA) mask can be mathemati-

cally modeled as follows:

1
T(xpa)’p;ﬁa(/)) = ) 1 +cos {B (xp2+Yp2) +§D} ) 3.1

in the model, the Cartesian coordinates on the FZA plane are denoted as (xp,yp). The
parameter which determines the pitch size of FZA mask, is controlled by . The initial phase

of the mask is represented by ¢.

FZA  FZA shadow
’,

3D view Side view

Fig. 3.2 Geometrical imaging system of FZA lensless camera with point light source.

As illustrated in Fig.3.2, the setup of the FZA lensless camera involves a point light
source located at a distance ¢ in front of the camera along the axis that crosses through the
center of the FZA mask. The FZA mask is positioned in front of the image sensor at a
distance d. The point light source serves as the object being imaged by the FZA lensless
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camera. It emits light rays that propagate toward the FZA mask and subsequently toward the
image sensor. The captured pattern, denoted as 4, on the image sensor of the FZA lensless
camera, can be considered as the impulse response or the PSF of the imaging system. In the
geometrical optics model, the magnification coefficient, denoted as M, represents the ratio of
the size of the image formed by the lensless camera system to the size of the object being

imaged. It can be calculated using the following equation:

t+d
M= Y T4 (3.2)
Yp t
The PSF pattern A, in the FZA lensless camera system, can be modeled as follows:
1 Xn 2 y 2
to simplify the function, let’s consider,
Xp Yp
= ,_7P 3.4
=Y T (3.4)
where (x,y) are the coordinates on the sensor plane, and,
1
h(x,y:B,@) = 3 |1 +cos {B(x" +3*} +9) |. (3.5)

Let’s assume the object space is represented by coordinates (m,n), which correspond to a
flat plane parallel to the FZA mask and located at a distance ¢ from the lensless camera. The
intensity distribution of a two-dimensional target on the object plane is denoted as f(m,n).
So that the magnified intensity pattern of the object on the sensor, f;(x’,y’), can be modeled

as:
r oy = (L, L
fd(xay)_f(dm7dn)7 (36)

the subscript d indicates the mask-sensor distance.

Considering that the imaging process is shift-invariant, the captured image on the sensor,
denoted as g(x,y), can be expressed as a 2D convolution between the PSF and the intensity
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distribution of the object on the sensor. Thus, the captured image can be written as:

g(x,y;ﬁ,fp)zf/% 1+COS{B<(X—XI)2+(y—y/>2) +¢>}

fa (¥)) d'dy,

(3.7

where - means multiply operation and the above function could be simplified as:

g(x,y:B,0) = h(x,y:B,0)* fa(x,y), (3.8)

where * is the 2D convolution operator.

Based on the Convolution Theorem, which states that convolution in the spatial domain
is equivalent to multiplication in the frequency domain, I can analyze the imaging process
conveniently by calculating the Fourier transform of the spatial convolutional process. Let’s
denote the Fourier transform of the captured image, g(x,y), as G(u,v), where (u,v) represents
the spatial frequencies in the frequency domain. Similarly, I denote the Fourier transform of
the PSF, h(x,y), as H(u,v), and the Fourier transform of the object’s intensity distribution on
the sensor, f;(x,y), as F;(u,v). So that the Eq.3.8 can be rewritten in the frequency domain
as:

G(u,v;B,9) =H(u,v;B,9) - Fy(u,v). (3.9)

Based on Euler’s theorem and integral of exponential function, which states,

¢/® = cos(0) + jsin(0) (3.10)

/ e (@ +b%) gy \/Eeii (3.11)
a
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the frequency response H can be calculated as,

H(u,v; B, @) = F{h(x,y)}
1

1 +cos{B(x*+)*} +9)

}

{l—l— —exp {j(B( —l—yz)—i—‘P)}—i—%CXP{—j(B(x2+y2)+‘P>}}

\S}

l\)l'~

=n8(u,v)+ 7 |exp{j(B(*+y*)+¢)} +exp{—j(B(*+y*)+ @)}

N

1

:7t5(u,v)+4—1

[ e B2 +57) + @) yexp(~2jm(ur+ vy)dxdy
+/ / exp{—J(B(2+?) +<p>}exp<—21n<ux+vy>>dxdy]

Thus, in the imaging process of a single FZA lensless camera, the spatial domain model is
represented by Eq.3.8, while the frequency domain model is described by Eq.3.9. These
models are based on the geometrical optics approximation. Additionally, the frequency
response, denoted as H, is expressed in Eq.3.12.

FS-based image reconstruction method

By bringing the calculation formula of H into Eq.3.9, the imaging process without considering

noise in the frequency domain can be described as:

2
G(u,v;B,0) = [71:5(u,v) —sm{j}; (u 2—1—v2)—(p} -Fy(u,v). (3.13)

2B

A reconstructed estimate £y (u,v) is expected from the recovery process using fast decon-
volution since the frequency response is already known. However, there are certain factors
that can degrade the quality of the reconstruction. The presence of a strong Direct Current
(DC) component and several zero-crossings in the frequency response. The DC component
arises due to the lensless imaging principle, where the captured image is an incoherent
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superposition of multiple coded intensity patterns. This principle leads to a large bias in
the captured image, resulting in a strong DC component in the frequency response. The
zero-crossings in the frequency response are a consequence of the special design of the FZA
mask itself. These zero-crossings can amplify noise and introduce artifacts, leading to a

degradation in the reconstruction quality if directly used in a deconvolution filter.

N N Z

Simulation mask pattern Picture of real mask

Fig. 3.3 Mask synthesize FZAs with different initial phases.

To address these issues in FZA lensless camera, an additional pre-processing called
Fringe Scanning (FS) or phase shifting is proposed by [93, 43]. In order to remove the DC
component and compensate for the loss of information at the zero points, four FZA with
different initial phases are synthesized ((¢ =0, %7[, %7:, 27m)) as a mask distributed over the
four different areas (shown in Fig.3.3), then the image captured on the sensor is divided into

four areas according to the different masks and synthesized together using the follows:
H ;B 3 T)—H ;B ! T
u,v;p, ) u,v;p, 5

(3.14)

HFs(u,v;ﬁ)ZJIH(u,v;ﬁ,O)—H(uyv;ﬁ,ﬂ) +

= exp (j%z(u2 —|—v2)) :
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Hprg 1s the new synthesized frequency response which, without the DC component and
zero crossing, maintains a constant amplitude value of the OTF in the multi-FZA lensless

camera. So that the new imaging process in the frequency domain can be modeled as follows:

GFS(U,V) :HFS(u7V;B)'Fd(uaV)7 (315)

In this situation, a direct inverse filter,Hgg’, can be used for deconvolution reconstruction, as:

inv

Fd(u,v) = Grs(u,v) - Hyg

. 2 (3.16)
s.t. Hpg = exp (—jj%(u2 +v2)) ,

1

inverse Fourier transform .% ~' can be applied on it to obtain the reconstruction image f; in

the spatial domain. Mathematically, it can be expressed as follows:

A

fa(x,y) = F HEuv)}. (3.17)

The flowchart of the imaging and processing in the conventional geometrical optics-based

method is shown in Fig.3.4.

Spatial domain Frequency domain
FZAs with = sensor
different n
phases = Captured images
= 91 Gy Deconvolution
- &
o [ | o Fourier Fringe Inverse Fourier
imaging ; divide g, transform G,  scanning transform
f = Gps f
Object "
! 93 Gs Reconstruction
; P Gy

Fig. 3.4 Flowchart of the conventional method which based on the geometrical optics model.
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3.2 Wave-optics based imaging process

The FZA lensless camera boasts a rapid deconvolution reconstruction, attributed to its
mathematically modelable pattern. Thus, the precision of the PSF becomes crucial. Yet,
real-world diffraction introduces discrepancies between the designed forward model and the
actual forward process. This misalignment impacts the quality and accuracy of model-based
image reconstructions for FZA lensless cameras, leading to artifacts and skewed estimates
in the restored images. In a study by [88] utilizing the FS method, it was revealed that
diffraction creates zero points in the modulation transfer function (MTF) of the synthesized
frequency response in multi-FZA lensless cameras. During deconvolution, this synthesized
frequency response acts as an inverse filter to regenerate the original image. Zero points in
the response, however, serve as null frequencies, muting certain spatial frequencies tied to
object details. This research affirmed that these zeros are influenced by the light’s wavelength
and the gap between the FZA mask and the image sensor. It designated the first zero’s
frequency as the resolution boundary. This insight suggests that measurements across varying
wavelengths can be amalgamated to offset information loss at zero points and to push the
first zero point to a higher frequency slot. As a result, a wavelength-based synthesis approach
is proposed for superresolution in FZA lensless cameras, though it might compromise the

color integrity of the reconstructed image.

In this segment, I dissect the diffraction propagation inherent to a single-FZA lensless
camera system, employing the angle-spectrum propagation framework. Delving into the
diffraction propagation offers pivotal insights into the origins and nature of the zeros. Such

scrutiny elucidates the genesis of zero points within the synthesized frequency response.

To calculate the wavefront U (u,v; B, @) on the sensor plane after diffraction propagation,

here the magnification coefficient is omitted for simplicity, the given calculation function is:

Uu,v:B,9) =7 {F{T(x,yp:B,0)} Hp(u,v)}, (3.18)

Hg(u,v)in this section represents the Fresnel-region diffraction term, which accounts for the

diffraction effects in the imaging process, shown as:
_ JiFd : 2, .2
Hp(u,v) =/ 7% exp{—jmAd(u”+v")}, (3.19)

where A is the wavelength and d is the distance between FZA mask and sensor. Based on the
information provided, and the Fourier transform of the FZA pattern given by Eq.3.12. Using
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this information, I can achieve the following expression for the wavefront on the sensor
plane:

FAU(u,v:B,9)} = F {T (xp,p: B, 9) } - H(u,v)
= —Sl 717_2”2 V2 —
—[71:5(u,v) 2B {B( +v) (P}] (3.20)
U Dexp {— jmrd (B +*)} .

Based on Euler’s theorem, the sine term can be decomposed into its complex exponential
form to give the following equation:

4B B

—%exp{—j (%2 (u2+v2)_(p)}] (3.21)

celiTd)exp {—jmAd (1* +v*)}

F{U(u,v;B,0)} = [nS(u V) + —exp{ (”—2 (u* +v?) — <p> }

After performing the inverse Fourier transform on the expression, the wavefront on the sensor
can be modeled as follows:

Vst [[ [s0t) 4 o {3 (5 () -0
{50} e

27 1
= exp (]Td) . [5

4(m? - BrAd 2 — BrAd
2 B2 (2 2
i exp jbm (x Ty ) +Jjo
4(m2+ BrAd) n?—Brid

(3.22)



3.2 Wave-optics based imaging process 27

The impulse response PSF(x,y; B, ) can be calculated as:

PSF(xay;ﬁa(P) = U(”7V;B7(P)U*(M7V;B7(P)
1 4 i1
i e 2 Y l6(n2+ nABd)
16(n2 — A Bd) (7> + A Bd)

2m n? —Br*(x*+y?) 2=m
s <7d> ' [4(%2 —ABd) o8 (4(7:2 — A Bd) * Td B (p)

2 20,2 112
N 4 cos [ PR +YT) | 2w
4(m2+ A Bd) A(m2+7mABd) A

. (2m n? . [ —BR*(x¥*+y*) 2=m
st (Td> [4@:2 —aapa)™ <4(7r2 “xapd) T2 "’)
n? , ( Br(x>+y?) 2=m

i aapd) "\ amraapa) T 24T "’)

8(m* — Z:wdy) cos (4_([::7;2—()6;; ﬁy;)) * Z/I_Ed - "’)
-COS (%—l—a—nd-ﬂo)
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where -* is the complex conjugate. With the approximation

that 7| = n*> — A Bd and T» = n> 4+ wABd, and angle sum identity, we have:

i;d ~ 0, and use the replacement

3
PSF(}C,y;ﬁ,Q)) = g

1 2n —Br*(x*+y*) 2=

+ZCOS (Td> . [COS( T +7d—<P
Br(x*+y?) 2&
+cos( T + 1 d+¢
. (2n . [ —Br*(x*+y*) 2=&m

+Zs1n (701) sm( i +Td_(P)
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+s1n( T + 1 d+¢
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+Scos( aT + 7Ld ¢ | -cos 5 + ld—HP
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After simplification, the formula of PSF is described as

3
PSF(x,y:f.¢) =
1

+ Ecos(ﬁ (> +y*) +0)

_n2 2 .2
cos (%d) -cos( P ldj(rx +y7) + 2—nd>

@2 2,2
+ sin 2—7cm -sin BAd(x" +y) +27rd
A /4 A

2c0s2(B(2 +37) + ) — 1],

!
8

(3.25)
finally, the PSF formula can be expressed as follows:
. 11 Brd 5 2, 2 LI 2, .2
PSF(x,y;B,¢9) = 75008 — (x*+y°) peos{B (x*+y°) —(p}+Zcos {B(x"+y)—9}.
(3.26)

The Optical Transfer Function (OTF) of the single FZA imaging system is the Fourier

transform of Eq.3.27. Before performing the Fourier transform, let’s rearrange the equation,

shown as:
2
PSF(x,y;8,¢) = % %cos{ﬁ—;w(szryz)}cos{ﬁ (P +y?) — o}
A
+7 2+§cos( (x“+y°) —20¢)
_3
8 ) (3.27)
L (BAd4pr
(PR

+ —cos

4 (Bz 7r_ =

(* )+<P)

+ %cos {2B (x* +)*) —2¢}.
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After expanding the equation using Euler’s theorem, I obtain:

PSF(x,y; B, ) =

BZMH—ﬁn 2

3
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So that the OTF can be calculated as the Fourier transform of PSF as:

OTF(u,v: B, )
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The derived point spread function (PSF) and optical transfer function (OTF) of a single FZA
lensless camera system, are calculated based on wave optics theory. By analyzing the PSF
and OTF, we gain a deeper understanding of the imaging characteristics and limitations of the
FZA lensless camera. This knowledge can guide us in developing techniques and algorithms

to improve the resolution and image quality of the camera system.

3.3 Distance based method

Previous research analyzing the multi-FZA lensless camera system based on FS and wave
optics theory has revealed the presence of zero crossings in the frequency response. These
zero crossings significantly impact the image resolution and are attributed to the diffraction
phenomenon. Understanding the origin and effects of these zero crossings is crucial to
developing strategies to mitigate their impact on image resolution. Therefore, I use the
frequency response of a single FZA lensless camera with different FZA phases and then
apply the FS method to simulate the frequency response of a multi-FZA lensless camera.

Using four different phases (¢ = 0,7, 7, and 37”) of the OTF (Eq.3.30), then synthesizing
them by FS, a new synthesized frequency response taking diffraction into account, Hgs_ giff,

is obtained as follows,

Hps—aifr(u,v; A, d) = {OTF (M,V;ﬁ, g) — OTF (u,v;[ﬁ %n) }
+ j{OTF (u,v; B,0) — OTF (u,v; B, 7)} 3.31)

= exp (j%(u2 + vz)) -cos(mAd (u* +v?)).
This equation consists of two parts. The first part is the previously derived synthesized
frequency response, Eq.3.14, using the phase shifting method based on geometric optics.
The second part is a cosine term, which can be inferred to arise from considering the effects
of diffraction. This equation has the same form as the formula presented by [88]. It also
confirms his observation regarding the zero points in the frequency response and their
dependence on wavelength and the distance between the mask and sensor. By comparing
Eq.3.14 and Eq.3.31, I observe that the effect of phase shifting is to remove the first term (DC
component) and the third term, while transforming the sinusoidal part of the second term
into an exponential function. The combined frequency response is then solely dependent on

distance and wavelength. As shown in Eq.3.31, the zero-crossing in the frequency response
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after using phase shifting is caused by the cosine part. The frequency position of the zero

crossing Uzero can be modeled as follows, here I only consider the u-axis for instance:

1+2n

Uzero = W,HZO,I,Z... (3.32)

From the aforementioned analysis, with a fixed wavelength A, the position of the zero-
crossing is exclusively determined by the mask-sensor distance d. Consequently, OTFs
measured at varying d values exhibit zero-crossings at distinct frequencies. Here, the
frequency of the initial zero point dictates the resolution limit. Through the synthesis of these
OTFs, we can compensate for the information deficit, producing a refined OTF that places

the resolution boundary at an elevated frequency point.
For ease of calculation and representation purposes, Eq.3.31 can be rewritten as follows:

Hrs_gifr(u,v; A,d) = Hys(u,v) - Haige(u, v; A,d)

(3.33)
s.t. Hge(u,v; A ,d) = cos(mAd(u® +1?)).

To eliminate the zero points without relying on the previous color-channel synthesis tech-
nique, my focus is on the mask-sensor distance d. In order to achieve this, I propose an
image synthesis method that involves capturing multiple images at different mask-sensor
distances[94, 95].

An introduction to the method is given as:

Grs_1(u,v) = Hrs_aiee(u, vidy) - Fg(u,v) + Ny (u,v),

(3.34)
Grs_2(u,v) = Hrs—ditr (1, vida) - Fg(u,v) +Na(u,v).

Grs_1 and Gfs_» are two captured images in the frequency domain after FS with two mask-
sensor distances d| and d», respectively, assume that d; > d;. Fy is the intensity distribution
of the original object on the sensor. For the sake of simplicity and ease of explanation, the
scaling factor required for image resizing due to varying distances has been neglected in the
following. Ny and N, are the 2D Fourier transform of the noise component in each imaging
system. Taking into account the presence of noise in the imaging process, I have opted to
utilize a least mean square error (LMSE) based method for image reconstruction[96—99].
This approach aims to minimize the average squared difference between the reconstructed
image and the original image, effectively reducing the impact of noise on the final result.
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Firstly, the inverse filter (Eq.3.16) is applied to remove the exponential function as,

Ggs_1(u,v) = Hyige(u, vidy) - Fy(u,v) + Ny (u,v),

Gi:s_z(u,v) = Hyie(u,v;da) - Fy(u,v) + Na(u,v). (3.35)
s:t. Gy (,v) = Grs 1 (,v) - Hi¥, Grs o(1t,v) = Grs a(u,) - HiY,

Assume the synthesized estimation is Fd, shown as:

Fy =M - Ggs i (u,v) + M- Grg o (u,v), (3.36)

where the variables of spatial frequency are omitted for simplicity, M and M, are the inverse
filters. The estimation minimizes the mean square error given as:

e =E{|F;—F)*}, (3.37)
The calculation can be transferred to the spatial domain, as,

e* = E {|fa(x) — fa(x)[*}

(3.38)
{ Zmz x) * gFs; (x fd(x)fz} ;
Calculate the deviation of the above function, get,
de 2
p) =2FE szz r)grs;(x —r) — fa(x)|grs;(x — 1)
m;(t)
(3.39)

_2E{szz r)gFs; (X —r)gFs; (x — )} 2E { fa(x)grs;(x—1) }
—0,

Therefore, the following formula can be derived,

E {szi(r)gFSi(x—r)ngj(x } E{fs(x)ges;(x—1)}
szl ng 8FS (t—r)= Sfd,gpsj (1) (3.40)

Zm, ng 8FS ; ( ) = Sfmngj (t),
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where Sy ,(x) means the cross correlation between f(x) and g(x).After applying the Fourier

transform to the above formulas, I will obtain the following,
ZMi(”)Rngi7ngj (u) = RfdngSj (1), (3.41)
l

where R ,(u#) means the cross spectrum density between f(x) and g(x). Considering the 2

different distance case and Expressing Eq.3.41 in the matrix form, I can obtain,
Rngl 8FS| RgF52 8FS; | M, _ nghgl:s1 (3.42)
RgFS1 18FSy R8F52 \8FSy M, Rfmngz

So that we can get,

-1
[Ml ] _ [Rngl,ngl Rngz,ngl ] ) [ Rf‘ung, ] (3.43)

M; Reps 1/8FS, RgF52 18FS, Rfd,ngz

Based on the factor that Regs,ers, = E {GFSiGlt“sj} and the noise is independent and has no

relates with other terms, I can get the final expression of the inverse filter in the frequency

domain as,
1{7$(d1) :
M, [ (1) 2+ 5} [ (d2) P57
[Mz ] - Hiy () (3.44)

2. M 2.2
‘HW(dZ)‘ +171 ‘Hw(dl)| +17f

where 17, 11, and 1 represent the spectral densities of the original image and the noises
in the images captured at distances d; and d,, respectively. By applying the inverse Fourier

transform, the final reconstructed image fd can be obtained, as,
Ja=FHE}. (3.45)
The flowchart of the proposed method can be checked in Fig.3.5.

In addition to the aforementioned factors, assessing the noise sensitivity is crucial for
any method that employs inverse filtering, as it fundamentally impacts the reliability and
quality of the restored image. In this study, I quantify the noise robustness of our method
by computing the Mean Squared Error (MSE) ¢? for the reconstructed images. The MSE

serves as an indicator of the deviation introduced due to noise and any inaccuracies in the
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Fig. 3.5 Flowchart of the proposed mask-sensor distance-based method.
reconstruction process. As follows,
62 =F {‘ﬁd —Fd|2}
:E{M-G’ w,v)+ My - Grg o(u,v) —F, 2}
M) - Ggg_y (u,v) 2 Gps_»(u,v) — Fy| (3.46)
_ —nF ? |Hy (d))|*0” + |Hy (d2) |0
=Eq| 2 2 | (TE 2 (
|Hyw(d1)|* + [Hw(d2)[* +1 (|Hy (d))|? + |Hy(d2)]2+1)
where,
n* = |Hy(d1)|” = [Hu(d2) > (3.47)
The right term is the noise part Ns, where,
- —nF ,2}+E Hy(d)P0? + |Hy (d) Po
|Hy(d1)|* + |Hw(d2)[* +1 (|Hy(d1) |2+ |Hy(d2)|2+1)*
(3.48)
o2

=F

[1 T |Hw(d1)\21\Hw(d2)|2} [|H (d1) [+ |Hw(d2)[> + 1]
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From the provided equation, the factor |Hy (d1)|? + |Hy(d2)|* plays a pivotal role in
determining how noise from the captured image is either amplified or suppressed. Noise
amplification occurs at frequencies where this factor assumes a lower value. Therefore, to
ensure a stable system that’s resilient to noise, it’s imperative to judiciously select the mask-
sensor distance values. This careful selection aims to achieve a flat amplitude distribution,

enhancing the system’s robustness against noise.

3.4 FZA pitch size based method

In the distance-based method, adjusting the mask-sensor distances introduces several chal-
lenges. Firstly, it requires an additional control system to accurately change the distances.
Secondly, minor variations in the imaging system can lead to errors in the system, affecting
image registration and calibration. These errors reduce the robustness and practicality of
the method in real-world applications. Additionally, the distance-based method relies on
the Fringe Scanning method, which requires a minimum of 8 shots to gather the necessary
measurements for super-resolution processing. This process can be time-consuming and
resource-intensive, further limiting its practicality in real-world applications. [100] propose a
method that utilizes higher harmonics of a binarized FZA pattern to achieve super-resolution
without synthesizing information from changing A or d. However, one limitation of this
method is that the weak higher harmonics signals can have an impact on the signal-to-noise
ratio (SNR). This means that the quality of the reconstructed image may be affected by the
presence of noise in the higher harmonics.

To address these challenges, I have shifted my focus to the single FZA imaging system,
as depicted in Eq.3.30. As shown in the formula, if the wavelength and mask-sensor distance
are fixed, the position of the zero-crossing is solely determined by the mask pitch size, value
of B. Former methods use the Fringe Scanning (FS) technique, eliminate the DC component
in the Optical Transfer Function (OTF) and remove the third term in Eq.3.30. In this method,
I use a pair of masks with the same 8 but different phase ¢ to eliminate the DC term while
retaining the third term. This allows the zero-crossings to depend on the value of 3, as
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expressed in the following equation:
3
H;, = OTF (B,';OTL') — OTF <Bi; 571')

2
= ziﬁcos (77:7Ld (u2 + vz)) [sin <% (u2 + v2)> (3.49)

1

+cos (%? (u? +v2)) + 8%isin (;—; (u? +V2)> 7

where the subscript i represents different 3 values. Therefore, by synthesizing the images

captured from mask patterns with different 8 values, I can offset the zero-crossings and attain

enhanced image quality, positioning the system’s initial zero point at a higher frequency.

Similar to before, I consider using measurements from two different 8 values. Therefore,

the two different imaging processes can be modeled as follows:

G1(u,v;B1) = Hy(u,v; B1) - F(u,v) + Ny (u,v),

(3.50)
Go(u,v; B2) = Hy(u,v; B2) - F(u,v) + Na(u,v).

where G(u,v; B;) represents the captured image in the frequency domain from the pair of
masks with f; after processing. F denotes the original object in the frequency domain, and
N; and N, represent the noise present in each imaging system. To calculate the reconstruction
image, I utilize the same LMSE framework as presented in the distance-based method. The

framework is depicted below:

F=P-Gi(B))+P-Gr(B), (3.51)

where P, and P, are the deconvolution filters, as:

}{71*([31) :
P [Hy (B[P + 5% [ H2 (B2) 2+ 5
[ P, ] - HB) (352)

[H (B P+ 72 1 (B) P+ 72

where ¢, 11, and 1, represent the spectral density of the original image, noise in the images
captured with masks of B; and f3, respectively. The reconstruction image in the spatial

domain can be expressed as follows:

A

fey)=F"{Fuv)}. (3.53)
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The flowchart of the proposed method can be checked in Fig.3.6.

Spatial domain Frequency domain
B Inverse Fourier
o 1- G1(B1) transform
imagin ! o
— | P 7
I LMSE :
Object B,* G2(B2)  gtimation Reconstruction

Fig. 3.6 Flowchart of the proposed beta-based method.

3.5 Simulation and Experiments

In this section, the effectiveness of the proposed method is evaluated through computer
simulations and optical experiments. The experiments are conducted in various environments,
including the use of 2D resolution target chart images displayed on an LCD monitor, single
natural 3D objects, and multiple 3D objects. By testing the method in these different

scenarios, I can assess its performance and applicability.

3.5.1 Simulation

In the simulation, I design a time-division multi-pattern FZA mask, which allows for the
sequential switching of mask patterns. The computational camera setup consists of a stack
of FZA masks and a color image sensor. The sensor is placed on a linear translation

stage, enabling the adjustment of the mask-sensor distance d. A two-dimensional object is
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positioned in front of the mask at a distance ¢, with the axis passing through their centers
perpendicular to the mask plane. The entire system configuration is depicted in Fig.3.7. For
the simulation, I assume that the sensor has a resolution of 1024 x 1024 pixels, with a pixel
size of 5.5 um. The dimensions of an individual FZA mask are 5.63 mm x 5.63 mm.

Sensor

Fig. 3.7 Structure of the simulation system.

To simplify the discussion, I will refer to the mask-sensor distance-based method as
Method A. In the simulation, I have chosen two different mask-sensor distances: d; = 5.0
mm and d> = 6.5 mm. Four masks with the same 8 = 25 rad/mm? but different initial phases

(¢=0,%7,m, and 37”) are used to apply the FS technique before implementing method A.

I will also refer to the FZA pitch size () based method as Method B. In Method B, T
have used four images captured from masks with different § values and synthesized them.
In this simulation, the mask-sensor distance d is fixed at 6.5 mm. For Method B, I have
utilized two pairs of masks, where each pair shares the same f value but different initial
phases (¢ = 0 and 3F). Specifically, I have chosen f; = 25 rad/mm? and 8, = 21 rad/mm?
for the two pairs of masks.
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Resolution chart target

In the simulation, a resolution target chart is used to evaluate the performance of the proposed
method. Specifically, the USAF-1951 resolution chart (Fig.3.8(a)) is used as the 2D test
target. The object-mask distance is set to r = 250 mm, and the object size is 180 mm X
180 mm. To simulate the sensing process, we apply the wave-optics theory, where the input
image is convolved with the incoherent point spread function (PSF) calculated from the wave
propagation simulation. This process is equivalent to Eq.3.23 and is implemented using
MATLAB software. In addition, additive white Gaussian noise is introduced to achieve a
signal-to-noise ratio (SNR) of 30 dB.

The reconstruction images are shown in Fig.3.8, and the visually assessed resolution

limitation is indicated by the red box in each image.

In Fig.3.8, the reconstruction images (b) and (c) are obtained from the conventional
method based on FS and direct deconvolution, using a forward model based on geometric
optics theory. The reconstruction performance of the conventional method is evaluated by
analyzing the numerical resolution limit. In (b), group 3/element 2 is clear, while in (c), group
3/element 3 is the last clear pattern. These patterns correspond to object plane resolutions
of 4.6 mm and 3.2 mm, respectively. The resolution in (c) is slightly higher than that in
(b) because the mask-sensor distance in (c) is greater, resulting in the same pattern being

sampled with more sensor pixels and achieving a higher resolution.

After applying the proposed method A, the resolution is improved to 1.6 mm, as shown
in Fig.3.8(d), where group 4/element 3 is clear. The numerical analysis reveals a twofold
improvement in spatial resolution compared to the conventional method. Furthermore, after
applying the proposed method B, the resolution is further improved to 0.71 mm, as shown
in Fig.3.8(e), where group S/element 2 is clear. The numerical simulation demonstrates a

significant enhancement in the spatial resolution after applying the proposed method.

Overall, both proposed methods (A and B) show substantial improvements in resolution
compared to the conventional method, indicating their effectiveness in achieving higher

image quality.

To clearly demonstrate the performance improvement of the proposed methods on the
imaging system, the Modulation Transfer Function (MTF) line profiles of the different
imaging systems are shown in Fig.3.9 and Fig.3.10. The MTF provides a quantitative
measure of the imaging system’s ability to reproduce spatial details.
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Fig. 3.8 (a) Original image; Reconstruction images from the conventional method at mask
sensor distance (b) 5.0 mm and (c¢) 6.5 mm, both using mask 3 = 25; Reconstruction image
from (d) proposed method A and (e) proposed method B; The red box indicates the resolution

limitation.
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—— Conventional method (5.0 mm)
—— Conventional method (6.5 mm)
—— Proposed method A
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Fig. 3.9 Line profile of the MTF of imaging system using conventional method at mask
sensor distance 5.0 mm and 6.5 mm; and the MTF from proposed method A. The spatial
frequency is measured on sensor plane up to its Nyquist limitation.

FZA(B1,0m)
H1
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Fig. 3.10 Line profile of the MTF of imaging system using single FZA (B;,07); the MTF
from synthesized FZA pair H;; and from the proposed method B. The spatial frequency is
measured on sensor plane up to its Nyquist limitation.
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In Fig.3.9, The blue line represents the conventional imaging system with a mask-sensor
distance of 5.0 mm, the orange line represents the conventional imaging system with a
mask-sensor distance of 6.5 mm, and the green line represents the synthesized system of
method A. In the Modulation Transfer Function (MTF) analysis, the first zero point of each
line is considered as the resolution limitation. From the MTF analysis, we can observe
that the resolution limitations, represented by u,,,, for the conventional methods are 10.8
cycles/mm and 12.4 cycles/mm on the image sensor plane for mask-sensor distances of 5.0
mm and 6.5 mm, respectively. Considering the magnification factor M = ¢ /d, where t is the
object-mask distance and d is the mask-sensor distance, the resolution limits on the object
plane, denoted as L, are given by M /i, For the conventional methods with mask-sensor
distances of 5.0 mm and 6.5 mm, the resolution limits on the object plane are approximately
4.63 mm and 3.10 mm, respectively. After applying the proposed method A, the resolution
limitation increases to about 22.9 cycles/mm, corresponding to M /22.9 = 1.68 mm on the
object plane. This demonstrates the effectiveness of the proposed method A in improving the

resolution compared to the conventional methods.

In Fig.3.10, the blue line represents the MTF of the imaging system using a single FZA
mask (B, ¢; = 0), the orange line represents the MTF of the synthesized FZA pair H;
calculated using Eq.3.49, and the green line shows the MTF of the proposed method B. The
MTF of the conventional method is the same as the case with d = 6.5 mm shown in Fig.3.9.
The resolution limitation (u,,,,) of the conventional imaging system is 12.4 cycles/mm at the
sensor plane. After applying the proposed method B, where the loss of information at zero
points is compensated, the resolution limitation has been expanded to 57.5 cycles/mm on the
sensor plane. The resolution limits on the image plane can be obtained by M /u,y, Which
gives 3.13 mm and 0.67 mm, respectively. This analysis demonstrates the effectiveness of
the proposed method B in significantly improving the resolution capability of the imaging
system, allowing for finer details to be captured compared to the conventional methods.

The MTF analysis further supports the findings from the previous image reconstructions,
confirming the superior performance of the proposed methods in enhancing the imaging

system’s resolution and capturing finer details.
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RGB image

The color image "Parrot" (Fig.3.11(a)) is used to evaluate the performance of the proposed
methods. The parameter settings for this simulation are the same as in the previous simulation,

and Gaussian white noise is added to achieve an SNR of 30 dB in the captured image.

Fig.3.11(b) and (c) represent the reconstructed images using the conventional method
with mask sensor distances of 5.0 mm and 6.5 mm, respectively. Fig.3.11(d) shows the
reconstructed image using method A, which incorporates the synthesis of images captured
with different mask-sensor distances. Fig.3.11(e) is the reconstruction from the proposed
method B, based on the synthesis of images captured by masks with different pitch sizes.
To further evaluate the quality of the reconstruction images, the Peak Signal-to-Noise Ratio
(PSNR) is calculated. Additionally, the zoomed area of the red box is provided for visual
evaluation.

As seen in (b) and (c), there is a blurred pattern observed in the zoomed area. This
indicates a lower resolution due to the mismatch of the forward model used for reconstruction.
After applying method A, the zoomed area becomes clearer but still slightly blurred. However,

after applying method B, the zoomed area becomes much clearer.

Furthermore, by comparing the PSNR values, a more objective numerical comparison can
be made. In Fig.3.11, the PSNR is measured to be 20.3 dB and 20.4 dB in the conventional
methods. However, after performing the proposed methods, the PSNR improves to 23.4
dB for method A and 23.8 dB for method B. These higher PSNR values indicate the better
performance of the proposed methods in terms of image quality.

3.5.2 Experiment

In the optical experiment, the Holoeye LC 2012 Spatial Light Modulator (SLM) is utilized to
display the FZA pattern (256 pixels x256 pixels). The SLM has a resolution of 1024 pixels
x 768 pixels, with a pixel pitch of 36 um. The SLM is shown in Fig.3.12(a). The image
sensor used in the experiment is the CMOSIS CMV4000, which has a resolution of 2048
pixels x 2048 pixels. The pixel pitch of the image sensor is 5.5 um. The image sensor is
depicted in Fig.3.12(b). To implement Method A, the selection of mask-sensor distance
combinations should aim to achieve a high-frequency first zero-crossing in the synthesized

system. However, there are physical constraints related to the structure of the Spatial Light
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Conventional Method
d=50mm g =25 d=6.5mm g = 25

Fig. 3.11 (a) Original image; Reconstruction images from the conventional method at mask
sensor distance (b) 5.0 mm and (¢) 6.5 mm with 8 = 25; Reconstruction image from (d)
proposed method A and proposed method B (e); The red box shows the zoom area.
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Modulator (SLM) and the polarizer, which impose a minimum mask-sensor distance of 7.0
mm. In order to achieve a thinner camera design, I experimentally selected the combination
of mask-sensor distances d equal to 7.0 mm and 7.5 mm for the implementation of Method
A, and the B of FZA mask equal to 12 rad/mm?. To carry out Method B, I have selected
two pairs of masks with differentf values. The chosen beta values are 12 rad/mm? and 9
rad/mm?. These values are determined based on the limitations imposed by the pixel width
of the Spatial Light Modulator (SLM) and the size of the FZA pattern. Each pair of masks
has a phase difference of 0 and %71', respectively. The mask-sensor distance is set to 7.5 mm

for this particular experiment.

Fig. 3.12 (a) Spatial Light Modulator (SLM) and (b) Image Sensor used in the experiment.

Resolution chart target

For the quantitative analysis of the proposed methods using the SLM imaging system, I
conducted an experiment using the 1951 USAF resolution chart. The resolution chart was
displayed on an LCD monitor (ASUS VA32AQ) with a pixel pitch of 0.27 mm. The size of
the displayed chart (Fig.3.13) was 222 mm x 227 mm. The object-mask distance was set
to t = 250 mm. The reconstruction results obtained from the experiment are presented in
Fig.3.13. The reconstructed results are shown in Fig.3.14 and Fig.3.15.

In Fig.3.14, (a) represents the result obtained from proposed method A, while images (b)
and (c) are obtained from the conventional method with mask-sensor distances of 7.0 mm
and 7.5 mm, respectively. The red box highlights the region where the resolution limitation
can be visually assessed. In the image (b), the resolution limitation in the object plane is
approximately 3.5 mm, while in image (c), it is around 3.0 mm. By applying method A,

the resolution is significantly improved, and the resolution limitation in the object plane is
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Fig. 3.13 Experiment setup and the resolution chart target.

enlarged to 1.4 mm, as shown in image (a). These results provide evidence that method A
successfully increases the resolution of the captured images.
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Fig. 3.14 The first row in (a), (b) and (c) is the reconstruction images from the proposed
method A, the conventional method at mask sensor distance 7.0 mm and 7.5 mm, respectively.
Red box indicates the visually assessed resolution limitation, the zoomed area of the red box
and the according line profile are in the third and second row of (a), (b) and (c), respectively.
The line profiles are drawn after the min-max normalization of the image intensity.
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The experiment results of method B are presented in Fig.3.15. Image (b) is reconstructed
using the conventional method with a B value of 9, while image (c) is obtained with a 3
value of 12. In contrast, image (a) represents the result obtained from the proposed method
B. By visually evaluating the images, the red box indicates the region where the resolution
limitation can be observed. In image (b), the resolution limitation in the object plane is
approximately 3.5 mm, while in image (c), it is around 3.0 mm. However, after applying the
proposed method B, the resolution limitation is significantly improved, and it is reduced to
1.6 mm in the object plane, as shown in image (a). This outcome provides further evidence

to support the effectiveness of method B in enhancing the resolution of the captured images.

Method B

Normalized Intensity

0 0
% a 3 1z 16 o a ) 12 16 o 2 ) 1z 16

Pixels Pixels Pixels

Fig. 3.15 Reconstruction images from (a) proposed method B; conventional method using (b)
B=9 and (c)B=12. Red box indicates the visually assessed resolution limitation. The zoomed
area of the red box, and the according line profile are in the third and second rows of (a),
(b), and (c), respectively. The line profiles are drawn after the min-max normalization of the
image intensity.
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3D object

To verify the performance of the proposed methods on natural 3D objects, another experiment
is set up as shown in Fig.3.16: (a) shows object A and object B used in the experiment and (b)
shows the diagram of the experimental setup. The reconstruction results are shown in Fig.3.17
and Fig.3.18 . For comparison, I consider the Alternating Direction Method of Multipliers
(ADMM) with TV. which is a popular method for image reconstruction. For comparison
purposes, the Alternating Direction Method of Multipliers (ADMM) with Total Variation
(TV) regularization is considered in this experiment. ADMM-TV is a popular method
used for image reconstruction. In this experiment, ADMM-TYV is utilized for refocusing
reconstruction. The Point Spread Functions (PSFs) corresponding to two different distances
are employed to estimate two images focused at different depths. Each ADMM reconstruction

is performed for 500 iterations, with a tuning parameter 7 set to 0.5.

Polarizer Sensor
m SLM

Fig. 3.16 (a) Object A and B; (b) experiment diagram.

The reconstruction results at focused distances of 130 mm and 170 mm are presented in
In Fig.3.17 . In these images, the red box represents the in-focus object, while the blue box
indicates the out-of-focus object. When examining the conventional methods (Fig.3.17(a),
(b), (c), and (d)), we can observe a blurred pattern around the edges of the image. This
blurring is a result of the mismatch between the geometric optics-based forward model and
the diffraction propagation. After applying the proposed method A, which is based on wave
optics theory, the blurred pattern is effectively removed, and the edges appear sharper, as
depicted in Fig.3.17(e) and (g). However, it should be noted that the proposed method A

may exhibit more noticeable noise due to the manual adjustment of the mask sensor distance.
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This manual adjustment can introduce calibration artifacts during the image registration
process. By visual evaluation, it can be concluded that the results from the ADMM-TV
method have a similar image quality to the proposed method. However, it is worth noting
that the iteration-based ADMM-TV method requires a significantly longer reconstruction

time compared to the proposed method. Moreover, the ADMM-TV method also necessitates
careful parameter tuning.

7.0 mm 7.5mm

Method A ADMM

Reconstruction at 130 mm
Reconstruction at 170 mm

Fig. 3.17 Left: Under focused distance 130 mm: (a) and (b) are the results from conventional
method at mask sensor distance 7.0 mm and 7.5 mm, (e) and (f) are the results from proposed
method A and ADMM-TYV; Right: Under focused distance 170 mm: (c) and (d) are the
results from conventional method at mask sensor distance 7.0 mm and 7.5 mm, (g) and (h)
are the results from proposed method A and ADMM-TV; Red box shows the zoomed area
from in-focus object and blue box shows the zoomed area from out-of-focus object.

In Fig.3.18, (a) and (d) depict the reconstructed images obtained using FZA (=9) with
the conventional method at focus distances of 130 mm and 170 mm, respectively. Fig. 3.18
(b) and (e) show magnified versions of Fig. 3.17 (b) and (d) respectively. On the other hand,
Fig. 3.18 (c) and (f) present the reconstructed images using method B at the focus distances
of 130 mm and 170 mm, respectively. The red boxes highlight the zoomed areas from the
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in-focused objects. By comparing the images, a significant improvement can be observed
in terms of sharper and clearer details after applying method B. Moreover, method B offers
the advantage of avoiding extra alignment errors and artifacts that may occur in method A.
The blue boxes indicate the zoomed areas from the out-of-focus objects. It is easy to observe
the differences between the in-focus and out-of-focus objects when the focus distance is
changed. This observation confirms the effective refocusing reconstruction ability of the
proposed method B.

Method B

Reconstruction at 130 mm

Reconstruction at 170 mm

Fig. 3.18 Reconstruction images from conventional method at focus distance 130 mm
using (a) f=9; (b)B=12; at focus distance 170 mm using (d) f=9; (e)B=12; images are
reconstructed from proposed method B at distance (¢) 130 mm and (f) 170 mm. Red box
shows the zoomed area from in-focus object and blue box shows the zoomed area from
out-of-focus object.
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3.6 Summary

In this chapter, I provide a brief introduction to the published works on the study of FZA
lensless cameras, highlighting their contributions and limitations. Following that, I present
the geometric optics-based imaging model of the FZA lensless camera, which is based on
the assumption of shift invariance and describes the imaging process. I discuss the existence

of zero-crossings in the frequency response caused by the special design of the FZA pattern.

Next, I introduce the conventional method based on the fringe scanning technique, which
effectively reconstructs images under ideal geometric conditions. This method synthesizes
masks with different phases to compensate for the zero-crossings and produce a smooth
frequency response. However, in real-world scenarios, diffraction occurs, leading to a
mismatch between the proposed forward model and the actual imaging process. This
mismatch introduces additional zero-crossings in the frequency response, thereby limiting

the image resolution.

To address this limitation, I propose a wave optics-based analysis of the imaging process,
identifying the relationship and causes of the zero-crossings resulting from diffraction. 1
then propose an LMSE-based synthetic method that utilizes information from different mask-
sensor distances. While this method is effective, it is not practical due to certain limitations.
Another method I propose involves synthesizing images using images captured from masks
with different spacing. I present computer simulations and optical experiments to validate the
effectiveness of these methods. Quantitative analysis is performed using resolution targets,
and the refocusing ability of the FZA lensless camera is also evaluated using various natural
3D objects as targets.

Two primary challenges necessitate further exploration. First, the proposed approach,
which involves adjusting the mask-sensor distance or altering the mask pattern to capture
varying information, may fall short in efficiently capturing high-speed moving objects. Sec-
ond, the imaging principles inherent to lens-based cameras often dictate specific lighting
prerequisites, constraining the efficacy of lensless cameras in low-light settings. Moreover,
determining the optimal mask-sensor distance combination or the ideal pitch size combi-
nation remains problematic. A potential solution could be a data-driven method, where
the synthesized frequency response serves as the input, and the corresponding distance
combination set or pitch size combination set is the output. Once trained, this model could

suggest the optimal combination values tailored to a specific frequency response input.



Chapter 4

Al based refocusing for lensless camera

4.1 Related work

Post-capture refocusing stands as a notable feature for cameras, allowing for adjustments
to the bokeh effect in photography or for targeted analysis in cell measurements. Conven-
tional cameras struggle to achieve this without resorting to intricate and pricey light-field
technologies. The core distinction between lensless and lens-based cameras is rooted in their
respective point spread functions (PSFs) and the subsequent implications on depth perception.
In lensless cameras, the omission of a tangible lens results in an expansive and diffused
PSF. The configuration and magnitude of the PSF in such cameras are intricately tied to
the distance of the captured subject. Consequently, the image accrued inherently houses
depth-related information regarding the objects within the frame. This characteristic equips
lensless cameras with refocusing aptitude and even the potential to reconstruct an object’s 3D
tableau[36]. When deploying the conventional model-based refocusing technique for lensless
cameras, the pertinent PSF information at the envisioned focus distance becomes pivotal.
Integrating this PSF into the reconstruction phase allows the image to undergo refocusing,
rendering a lucid depiction of the subject at that precise range. This results in a revamped
image wherein objects at the chosen distance manifest with enhanced clarity, while those
beyond or before it transition into varying degrees of blur[95].

To achieve refocusing reconstruction in lensless cameras, [45]measures the point spread
function (PSF) at different distances prior to the image reconstruction process. By capturing

the PSF information at multiple distances, they are able to incorporate it into the reconstruc-
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tion algorithm to achieve refocusing capabilities. The PSF real-measurement method can
increase the accuracy of the PSF, but it is severely affected by the calibration accuracy and
the multiple measurements are time-consuming and inflexible. I have decided to use FZA as
the coded mask for the lensless camera. FZA offers several advantages, one of which is its
special pattern that allows for the mathematical calculation of the imaging model. This makes
refocusing in the FZA lensless camera relatively straightforward, as the PSF can be easily
calculated at any desired distance[90, 95, 59]. However, the theoretical calculation is not
accurate, especially in the case of lensless cameras, as there are too many variables that can
affect the quality of the image reconstruction. Although the [36] does not explicitly mention
refocusing, it is indeed possible to use the 3D reconstruction result to achieve refocusing
capabilities. However, the computational cost of 3D reconstruction can be high. Furthermore,
in the case of blurred images, the regularisation term used in the ADMM may consider
the blurred regions as noise and attempt to reconstruct them, resulting in a loss of depth
information. This can degrade the overall quality of the reconstructed image and affect the

accuracy of the depth information[101].

In recent years, the application of learning-based methods has gained popularity in the
lensless community. However, it is worth noting that most learning-based methods focus
on generating an all-in-focus image rather than a selected focus distance image. A primary
challenge in lensless camera refocusing reconstruction lies in the nature of its training data.
The process of dataset accumulation in the lensless camera realm typically bifurcates into
two methodologies. The first involves the numerical simulation of a 2D image based on a
forward model. Conversely, the second displays a 2D image on a monitor, which is then
captured simultaneously by both lens-based and lensless cameras. Both techniques sidestep
the consideration of 3D objects, explaining the absence of reported learning-based refocusing
reconstructions in lensless camera literature[48, 49, 51]. In their research, [37] unveiled
a study showcasing a feed-forward deep neural network adept at deducing depth maps
from a singular lensless camera snapshot. Their model leveraged a self-simulated dataset
derived from an RGBD dataset for training purposes. Their findings underscored the latent
capabilities of lensless cameras in parsing 3D information, chiefly by deriving depth insights
from the captured patterns, with the aid of their uniquely curated dataset. While such depth
maps hold promise for myriad applications, including scene comprehension or segmentation,
the intensity images reconstructed by their methodology remain uniformly focused. Should
the overarching aim gravitate towards exacting refocusing, augmenting their approach with

supplementary techniques might be imperative.
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4.2 Proposal and data preparation

External code

d

Lensless &
camera . —> I:I Ij

Reconstruction with
Two objects different focus distances

Fig. 4.1 Proposed learning-based refocusing reconstruction pipeline.

I would like to propose an arbitrary refocusing reconstruction model for lensless cameras
(Fig.4.1), allowing the user to control the focusing distance. Drawing inspiration from speech
synthesis research[102, 103], where external control codes are used to determine the target
speaker or emotion, I consider using a similar approach in lensless cameras. Specifically, I
propose using an input matrix of the same size as the image, filled with a constant value to
represent the desired focusing distance for the output, as shown in Fig.4.2. By employing
this approach, the model can take the user-defined digital propagation matrix (DPM) concept
used in [104] and apply it to determine the target focusing plane. The input matrix, filled
with consistent values, serves as a representation of the desired distance for refocusing. This
allows the model to reconstruct the image accordingly, placing emphasis on the specified
focusing distance.

Data preparation

In this research, I advocate for the use of genuine experimental data for data collection. When
it comes to the coded pattern, my approach involves employing two monitors to display 2D
images, positioning them at varying distances from the lensless camera. By manipulating

the distances of these monitors, I can garner a dataset that is both rich and versatile. As
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Fig. 4.2 Diagram of the external control signal.

for sourcing ground truth data, capturing it via a lens-based camera would be the ideal
procedure. However, in light of logistical constraints such as experimental setup and the
time-intensive nature of this method, I have elected to employ a simulation process. This
involves simulating the Point Spread Function (PSF) of the lens-based camera to produce
out-of-focus images, which can be conveniently adjusted. As a result, the model, once trained,
can be operationalized in real-world contexts without the imperative to measure the PSF
from the lensless camera, a process that often proves challenging in acquiring high-precision
data.

Nonetheless, owing to the time constraints inherent to this study, I have opted to initially
lean on numerical simulations during the data preparation phase. I selected RGB images from
three open datasets (DIV2K dataset [105], Mir Flickr[106], and ImageNet[107]), resulting
in a total of 22,600 images. In the simulation, I use the same lensless camera parameter
settings as in [53], where the mask size is 2.15 mm and the pattern is shown in Fig.4.3(a);
the mask-sensor distance is 2.5 mm and the image sensor pixel pitch is 0.0024 mm (2048
%2048 pixels). Two rectangular 2D images are placed at 160 mm and 200 mm from the
lensless camera, with sizes of 158 mm x79 mm and 196 mm x98 mm respectively as shown
in Fig.4.3(b). The simulated in-focus image is obtained by reshaping and resizing the
original image, while the simulated out-of-focus image is generated by adding Gaussian blur
to the resized image. The captured image is obtained through a convolution process based on

geometric optics, similar to the approach described in [45],



4.2 Proposal and data preparation 57
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I 2.5 mm

(a) (b)

Fig. 4.3 (a) Mask pattern and (b) Simulation setting.

(a) (c)

Fig. 4.4 Simulation of the (a) captured image; Reconstruction images (b) and (c) at different
focusing distances.
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g= PSFd1 *fl + PSFd2 *fz, (41)

where PSF;. and f; means the PSF and object at distance d;, respectively. g means the
captured image. As shown in Fig.4.4, (a) is the simulated captured image and (b) and (c) are

the corresponding ground truth with different focusing distances.

4.3 Experiment

4.3.1 Experiment settings

The network architecture utilized in this study is adopted from [53], as shown in Fig.4.5.
However, certain modifications have been made. Firstly, the input channel structure has
been altered to include not only a single channel but a two-channel structure. This structure
consists of an original channel containing the raw captured image and an appended control
matrix that represents the selection of focusing distance. Secondly, for the purpose of
facilitating training and expediting result verification, the input size has been reduced to
256 x 256 pixels. Similarly, the output size has also been reduced to 256 x 256 pixels.
These adjustments have been implemented as part of the exploration phase to ensure ease of
training and efficient evaluation of outcomes. The details of the parameters in the model are

also the same as the architecture in [53], as shown in the Table.4.1.

Table 4.1 Parameters setting.

Patchify  Transformer
BlockNo. K S P C L N

1 7 4 3 64 2 1
2 32 1 128 2 2
3 3 2 1 256 2 4
4 3 2 1 512 2 8

The training specifics are outlined as follows: the training process was conducted using
an Intel Xeon E5-2698 v4 CPU (2.2GHz), along with two NVIDIA TESLA V100 GPUs
(32GB) for enhanced performance. Python 3.6.5 and PyTorch 1.7.1 were utilized for the
implementation. The Adam optimizer was employed with f3; set to 0.9 and 3, set to 0.999.
A weight decay of 0.01 was applied, while the batch size was set to 8. The initial learning
rate was set to Se-4, and a learning rate warm-up phase of 15000 steps was incorporated.
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Fig. 4.5 Image reconstruction model. Revised from [53].



60 Al based refocusing for lensless camera

4.3.2 Experiment result

Focus at d,

Reconstruction Ground Truth Reconstruction Ground Truth

Fig. 4.6 Focus at distance d;: (a)-(d) are ground truth, and (e)-(h) are reconstruction images.
Focus at distance d5: (i)-(1) are ground truth, and (m)-(p) are reconstruction images.

The reconstruction results at various focusing distances, along with their corresponding
ground truth images, are depicted in Fig.4.6. By comparing the reconstructed images at
different focusing distances, a distinct disparity can be observed: the image reconstructed
at the in-focus distance appears clear and sharp, whereas the out-of-focus images exhibit
a noticeable blur. This outcome further verifies the efficacy of the model incorporating an
external control code, as it enables the reconstructed image to be focused at the desired
distance as dictated by the external code.

By evaluating the PSNR (Table.4.2) between the reconstructed images and the correspond-

ing ground truth, we can verify the high-quality performance of the proposed transformer-
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based model in image reconstruction. This outcome further demonstrates the effectiveness of
the transformer architecture in the task of reconstructing images from lensless camera data,

highlighting its utility and value in this domain.

Table 4.2 PSNR value.

Ground Truth No.

@ b © @ O ¢ & d
PSNR[dB] 25.0 24.1 24.1 242 235 253 236 235

To assess the adaptability of the reconstruction method for control codes beyond the
defined parameters, I conducted tests over a range from 0.1 to 1.0. The results are presented
in Fig.4.7. The top row displays images focused at distance d,, while the bottom row reveals
those focused at distance d;. Each image is labeled with its control code value; those in
red indicate results reconstructed from control codes provided during training. Below each
image, the PSNR value for the reconstruction of the object at distance d» is displayed.

Upon visual inspection, it’s evident that results for control code values ranging from 0.1
to 0.5 are nearly indistinguishable. Similarly, outputs for values between 0.6 and 1.0 exhibit
comparable patterns. This suggests that the trained model struggles to focus at distances not
explicitly defined during training. Furthermore, control codes not utilized during training
appear to have negligible impact on the outcomes; the reconstructions align closely with
the results from the nearest defined control code. The PSNR values further elucidate this
phenomenon. A noticeable transition in image quality is observed between control code
values 0.5 and 0.6, indicating that changes in the control code directly influence the shifting

focus distance.

Ground Truth 0.1

Focus at d,

259dB 25.9dB
0.8 0.9

Ground Truth

Focus at d;

22.6dB 22.5dB 22.5dB - 22.5dB 22.5dB

Fig. 4.7 Predictions from different control codes.
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Fig. 4.8 Predictions from control codes with different spatial structures.

In addition to experimenting with control codes featuring various fill values, I delved into
testing the model using control codes with distinct spatial structures. The results are depicted
in Fig.4.8. The bottom row showcases the spatial structure of the control codes, while the top

row displays the corresponding reconstruction outcomes.

Examining Fig.4.8(a), the left segment is reconstructed, presenting an in-focus image,
the right segment, albeit reconstructed to some extent, still appears slightly out of focus.
Contrastingly, in the outcome of Fig.4.8(b), only the left segment is distinctly reconstructed,
leaving the right segment blurred. Furthermore, the reconstruction of the left segment exhibits
certain vertical-pattern artifacts. These observations suggest that the current design of the
control code cannot achieve selective or partial control refocusing. Considering the inherent
imaging characteristics of the lensless camera, coupled with the mechanism of the transformer
model, there seems to be a predominant emphasis on global information. As a result, the
spatial structure of the control code exerts minimal influence on the ultimate reconstruction.
For enhanced flexibility and to attain partial control refocusing capabilities, I recommend
future experiments that involve integrating the control code at varied positions. This might

provide deeper insights into the model’s responsiveness and potential improvements.

4.4 Summary

This chapter delves into the exploration of a learning-based refocusing reconstruction model
specifically designed for lensless cameras. One of the advantages of lensless cameras is their
ability to encode depth information from the scene, surpassing traditional lens-based cameras

in this aspect. However, due to the absence of a 3D dataset tailored for lensless cameras, the
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typical output of a lensless camera reconstruction is an all-in-focus 2D image. In this study, |
address this limitation by constructing a simulation dataset containing two objects positioned
at different distances from the lensless camera. The aim is to utilize this dataset to develop a
learning-based refocusing model specifically for lensless cameras.

To achieve control over the focusing distance of the reconstructed image, I drew inspira-
tion from the field of speech synthesis research. By incorporating an external control code as
an additional input alongside the raw captured image, the model generates a reconstruction
image focused at the specified distance. The effectiveness of this design was verified through
simulation experiments, which yielded positive results.

However, there are some limitations to consider. Firstly, the control range is currently
restricted to only two discrete distances, whereas the ultimate goal is to enable the selection
of a focus distance within a broader and smoother range. Secondly, the simulation data used
in this study is overly idealized, lacking the presence of noise, and the model itself relies
on a geometric optical model that does not fully account for complex scenarios. Lastly, the
model’s reliance on a transformer architecture introduces challenges in training, necessitating

the need for enhanced training capabilities to streamline the process.






Chapter 5

See-through-screen Camera (STS) and its
application with lensless camera

5.1 Related work

Camera systems are commonly integrated into IoT devices to provide photographic function-
ality and work in conjunction with other functions such as display or to support the sensing
function. However, the traditional camera system, which includes a set of optical lenses and
an image sensor, limits the overall size of [oT devices. In addition, the separate design of
cameras and displays and the camera’s field of view could lead to an unsatisfactory user

experience.

With the current trend of full-screen smartphones, the presence of front cameras poses
a challenge to achieving a seamless design (shown in Fig.5.1). Some companies have
proposed a solution by incorporating an elevating front camera that uses a microelectronic
motor to control the camera’s pop-up mechanism. While this design allows for a full-
screen experience, the additional control system can potentially impact the reliability of
the smartphone and add weight. Moreover, this approach still maintains the split design of
the camera and screen. To achieve a more robust solution for full-screen smartphones, the
concept of under-display cameras has garnered significant attention[108, 109]. Under-display
cameras involve hiding the camera beneath the display to capture images. There are two
primary approaches to achieving this: enlarging the pixel distance above the camera to
allow light to pass through[110, 111] or making certain pixels transparent to enable light
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transmission[112, 113]. Both methods can enable a see-through screen camera and a full-
screen display. However, it’s important to note that these approaches may decrease display
quality due to lower resolution in the area above the camera. Additionally, the camera’s
performance can be affected by diffraction influences[114].

Front
camera
, camera
e @
[ ]
Captured
user screen  image

Fig. 5.1 Limitations of IoT devices (Left) full-screen design of smartphone; (Middle) Con-
ventional online-meeting device (Right) Touchless screen.

The split design of the camera and screen not only impacts the full-screen experience but
also hinders the user’s interaction between the two. One common function in IoT devices is
online meetings or video calls. However, due to the limited field of view of the camera and the
separate design of the camera and display, the camera cannot capture the user’s frontal image
accurately, resulting in a strange image being displayed to others shown in Fig.5.1). This lack
of accurate eye contact and other emotional expressions during the meeting can diminish
the overall meeting quality, as these non-verbal cues are crucial for effective communication
[115, 116]. Additionally, cameras are sometimes utilized to support touchless screens for
gesture recognition or face detection. While this design enables the main functionality, it
imposes limitations on user gestures. If a user’s finger is outside the detection area specified
by the device, it cannot be captured and detected, thus affecting the overall user interaction

(shown in Fig.5.1).
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To address the aforementioned issues, a software solution[117] has been proposed to
correct the captured frontal image of the user. However, this solution is still dependent
on the split design of the camera and display, and it cannot be applied to other scenarios.
This is primarily due to the fixed field of view of the camera, which limits the captured
information. Additionally, relying solely on computer vision solutions may introduce an
unrealistic feeling to the corrected images. There are also hardware-based solutions that
have been proposed to address these issues. These solutions [118—121]involve the use of
a half-mirror and/or a separately aligned camera to capture the frontal image of the user.
However, one limitation of these solutions is their bulky size, which restricts their application
to mobile devices and other compact devices. A thin ’see-through’ lens-less camera[122]
has been proposed as a possible solution for capturing frontal images, enabling features
such as eye-contact video meetings and near-screen gesture detection in a portable form
factor. However, this camera faces challenges due to its low light efficiency, which negatively
impacts its performance in practical applications. Furthermore, the resolution and image
quality of this camera are severely limited, further restricting its usability in real-world
scenarios. Based on the advantages of HOE, previous research[123, 124] has explored
solutions to correct the photographic angle during online meetings. One proposed solution
involves an off-axis virtual imaging system with a volume HOE (VHOE), which is capable of
capturing the frontal image of the user’s face. However, this system requires the separate
placement of the holographic mirror and camera, and its size and calibration pose limitations
on its extended functionality.

5.2 Ray-tracing analysis of STS camera

5.2.1 Proposed STS camera system

In this thesis, I propose a holographic waveguide device (HWD)-based see-through screen
(STS) camera. The optical system of the proposed HWD-based STS camera is shown in
Fig.5.2. It consists of two volume reflection HOEs attached to different surfaces of transparent
glass plates. These volume HOEs are designed to have a large diffraction angle, exceeding the
critical angle of the glass plate. The incident light from the object, which is Bragg-matched,
is diffracted by the lower rear volume HOE. It propagates within the screen through total
internal reflection and reaches the upper volume HOE. Finally, it is diffracted onto the image
sensor by the upper front surface volume HOE. The screen acts as a waveguide device and
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enables the proposed HWD-based STS camera to capture the frontal image of a user looking

at the screen.

camera
vHOE |§ '
} (] L J
* a vHOE
Captured
user Screen image

Fig. 5.2 Optical system of the proposed HWD-based STS camera.

The STS camera offers a potential solution for eye-contact telecommunication systems
by incorporating a display behind the screen. This design is convenient and eliminates the
need for precise optical calibration. In addition to its application in video communication
systems, the proposed STS camera holds great potential for various visual media applications
due to its compact and slim form factor, showcasing its versatile capabilities. One notable
application of the proposed STS camera is its integration as an under-display camera for full-
screen smartphones (Fig.5.3(a)), enabling a seamless and uninterrupted display experience
without any spacing between pixels. Furthermore, the system finds utility in near-screen
gesture recognition and touchless user interface displays. Traditional touchless user interface
systems rely on infrared or capacitive sensing, limiting the types of gestures they can detect.
Conversely, camera-based gesture recognition systems face challenges in detecting near-
screen gestures due to their narrow field of view, as depicted in Fig.5.1. However, the

proposed system overcomes this limitation, as illustrated in Fig.5.3(b).

One issue encountered with the HWD-based STS camera is the need for a larger vHOE
to achieve a wider field of view. However, this leads to image superimposition and shifts on
the image sensor, resulting in a significant vertical discrete blur that adversely affects the
image quality. In the optical system depicted in Fig.5.4(a), dashed and solid lines represent

incident light rays from different object points with varying numbers of total reflections
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Fig. 5.3 Applications of HWD-based STS camera (a) Under-display-camera for a full-screen
smartphone (b) near-screen touchless display.
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Fig. 5.4 (a) Schematic of the overlapping in the HWD-based STS camera; (b) Captured
image from the optical experiment using Pointgray color camera with RGB module. The
alphabet shown on the monitor is used as the object.
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received by the same sensor pixel after diffraction by the top VHOE. The captured image in
Fig.5.4(b) exhibits noticeable blurring caused by the multiplexing of images with different
total reflection numbers. Additionally, color variations are observed where the top appears
red, the middle is green, and the bottom is blue, despite using a VHOE recorded at a single
wavelength, as shown in the image in Fig.5.4(b). This occurs because the received wavelength
varies vertically due to the angle of incidence from the object, as governed by the Bragg
diffraction law [125].

5.2.2 Model of blurred imaging by ray-tracing analysis

The blur observed in the system is a result of the superimposition of images from different
counts of total reflections. To quantitatively analyze the optical transfer function of the
proposed system, a ray-tracing method is employed. By tracing the light rays obtained by the
sensor pixel based on the Bragg condition[126, 127], the relationship between the object and
captured image can be calculated. As depicted in Fig.5.5, I assume a Cartesian coordinate
system centered in the middle of the image sensor, with the sensor situated in the x-y plane
and the z-axis perpendicular to the see-through screen (STS) plane. The camera lens is
positioned at a distance of d; mm from the top volume holographic optical element (VHOE)
and has a focal length of f mm. The distance from the lens to the sensor is dy mm. The
object is located d> mm away from the STS, which has a width of w mm. The propagation of
light is described by the azimuth angle ¢ and elevation angle 6. The horizontal (x) direction
follows the law of reflection, while the vertical (y) direction involves Bragg diffraction and
total reflection. To elucidate the vertical light propagation, a side view of the imaging system

is presented in Fig.5.5(b).

Starting from a pixel point Py(xg,yo,0) on the sensor, it receives the incident light ray
Uc originating from the point Q;(ji,k1,/;) on the top volume holographic optical element
(VHOE). This ray passes through the point Q/] ( j/],k/l , l/l) on the glass surface of the holo-
graphic waveguide device (HWD). The elevation angle 0 and azimuth angle ¢ determine the

direction of the incident light ray Uc, calculated as,

/2 42
V7o Jo Yo (5.1)

tang = —.

tan0 =
do ’ X0
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Fig. 5.5 Imaging model based on ray-tracing (a) 3D view and (b) side view.
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The geometric relationship between Q,1 ( j/1 , k/1 , lll) and Py (xp,y0,0) can be modelled as,

J d
J1 _%XO
ki | =] =%y |.and (5.2)
h do+d;
J1 j/1 wtan® cos (¢ + 1)
ki | = |k | +]| wtan@sin(¢p+7) |, (5.3)

I I w
The elevation angle ® inside the glass medium can be related to the elevation angle 6 outside
the medium using the equation sin & = nsin®, where n represents the refractive index of the
glass medium. In this equation, the refractive index of air is assumed to be 1 for simplicity.
The azimuth angles remain the same both inside and outside the medium. Additionally, for

simplicity, the refractive indices of the glass and hologram medium are assumed to be equal.

The close-up view in Fig.5.5(b) illustrates the recording process of the volume holo-
graphic optical element (VHOE). The green dashed lines represent the recording waves of
the VHOE. The object wave, denoted as Up, enters the photopolymer vertically with an
incident angle ®@g = 0. On the other hand, the reference wave, denoted as Ug, enters the
photopolymer at an angle ®r. Both Uy and Ug propagate perpendicular to the x-axis. Angles
inside the medium will be represented by capital ® with suffixes, and the grating vector
K = [Ky, Ky, K;]T (Fig.5.6) can be expressed as follows:

K, 0
Ky | =| #(sin®, —sin6g) |, (5.4)
K. Zlﬂ(cos ®, —cosBR)

where A is the wavelength of the recording beams. From the diffraction formula of a thick
grating, the relationship between the diffracted and incident beams can be expressed by the
Bragg condition, which is given by:

K sin ®¢ cos Pc — sin @lc cos ¢(/: 1 0
= sin@csin ¢ — sinOpsing. | = 7| sin@o —sinGr (5.5)

Ac

27n

gl

!/
cosOc — cosOx cos®p — cos Br
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where Oc, ¢c, @/C, and d)é represent the elevation and azimuth angles inside the medium for
the incident and diffracted beams, respectively. The incident angles can be determined using
Eq.53asOc =0 and ¢c = ¢ + 7.

Fig. 5.6 K-space.

Eq.5.4 represents the Bragg condition, as illustrated in Fig.5.6. This relationship allows
us to determine the wavelength and angles of the diffracted beam at point Q;. Building upon
the previous explanation, I can calculate the position of the diffraction point Q, on the bottom

VHOE using the following equation:

J2 J1 —kw'[an@,C cos ¢/C
ky | = | ki+wtan@;sing. | . (5.6)
l2 ll — W

The top and bottom vVHOE:s are produced using the same fabrication process and adhere to
the same Bragg condition. Consequently, the diffraction angles of the bottom vHOE at Q, are
@,C and gb,C. This implies that Q, receives incident light from the object with angles &¢ and

@c. The location of the object point P; can be determined using the following calculation:

X1 J2 +wtanO¢ cos ¢c + d> tan O cos Pc
yi | = | ko+wtanOcsin@c +drtanOsinc | . 5.7
21 bL+w+dp

In the scenario where total reflection is involved, as depicted in Fig.5.5, Q; will also receive

light after a single total reflection from object point P,. Utilizing the previous analysis, the
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position of P, can be computed using the following equation:

X2 J2+2wtan ®/C cos ¢('3 + wtan Oc cos @c + d» tan 0 cos Pc
yv2 | = | ky+2wtan @é sin q)/C +wtanOcsinPc +dytanOsingc | . (5.8)
22 bh+w+ds

In general, the pixel point Py(Xo, yo,0) on the sensor receives the light ray from the object

point P(xi,yi,z;), and this relationship can be modeled as follows:

X —%xo +(2i — 1)wtan @(/: cos ¢)/C + 2wtan Oc¢ cos Pc
yi | = —dldLOdzyo + (2i — 1)wtan @/C sin (l)lc +2wtanOc¢sin¢c |, (5.9)
Zi do+di+dr+w

where the index i indicates the number of total reflections. The propagation will stop when
the diffraction point exceeds the boundary of the bottom VHOE screen. Based on the previous
analysis, one sensor pixel will receive multiple light beams from different object points after
a varying number of reflections by ray-tracing. As a result, various images with vertical
shifts are multiplexed on the sensor. Furthermore, it is important to note that the wavelength
of the received light varies depending on the position of the object point due to the Bragg
condition given by Eq.5.5.

5.2.3 Deblurred method

From the ray-tracing analysis of the relationship between the object and captured image, the

imaging system can be described by a linear model:

g=Hf n, (5.10)

In this equation, g = [g1,---g2]" is an M?-dimensional column vector representing
the captured image of size M x M. f=[f,--- fy2]" is an N?>-dimensional column vector
representing the intensity of the original object of size N x N. H is an M? x N? matrix
that describes the system transform model, and n is an N2-dimensional column vector

representing the noise.
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To reconstruct the image £, this study utilized the alternating direction method of multi-
plier (ADMM) with total variation (TV) regularization [38]. The reconstruction is formulated

as:

A o1
f = argmin 5|’Hf—gH%+T||‘P(f)H17 (5.11)
f

In this equation, ¥(+) represents the 2D gradient operator, and || - ||; denotes the /; norm.
The regularization parameter T controls the trade-off between fidelity to the measurements

and the total variation regularization term.

5.3 Experiment

5.3.1 Fabrication of the vHOE

Right angle prisms

/'

Objective lenses

Laser \ L2

DPSS
100 mW
532 nm

Photopolymer

Fig. 5.7 Optical systems for recording the vVHOE used in the HWD.
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The optical system used in this study for fabricating the reflection-type volume holo-
graphic optical elements (VHOES) is illustrated in Fig.5.7. A diode-pumped, solid-state
continuous-wave laser (Samba 100 mW, Cobolt) operating at a wavelength of 532 nm served
as the light source. The hologram recording was performed using a photosensitive material
(Bayfol HX200, Covestro). To expose the HOE, parallel light was injected into the pho-
topolymer perpendicular to its surface using a right-angled prism. The reference light was
directed through the oblique side of the prism, entering the photopolymer at an angle of
61.2°, which exceeded the critical angle of the glass. Interference fringes were then recorded
in the photopolymer to form the vHOEs. The dimensions of the vHOEs were 20 mm x 50
mm and 50 mm x 50 mm. The system’s field of view (FOV) was 34.3°.

5.3.2 [Experiment preparation

Monitor ~Camera

black tape [_ Hml

vHOE

550 mm s

Glass

(@ (b) (©

Fig. 5.8 (a) Configuration of measuring the system matrix; Optical experiment of (b) measur-
ing the system matrix (c) capturing the target.

In the optical experiment, a liquid crystal display (LCD) monitor (HP ZR2440W) was
employed to display the 2D targets. The monitor had a size of 1920 x 1200 pixels and a pixel
pitch of 0.27 mm. A Pointgrey camera (CM3-U3-13Y3C-CS) operating in monochrome
mode was utilized for capturing the images. The camera had a sensor size of 1280 x 1024
pixels, a pixel pitch of 4.8 um, and a focal length of 6 mm. As depicted in Fig.5.8(a), the
display was positioned 550 mm in front of the see-through screen camera. To prevent the
camera from capturing the environment scene, black tape was employed to cover the top
vHOE. The images captured on the camera sensor were cropped to a size of 440 x 440

pixels for further processing. The system’s transformation matrix was measured using the
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Hadamard basis patterns, which will be described in detail in the subsequent subsection. The

actual implementation of the experiment is illustrated in Fig.5.8(b) and (c).
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Fig. 5.9 Portion of the 64 x 64 size Hadamard basis patterns.

In order to measure the transformation matrix of the real imaging system, the following
experimental preparation is carried out. In the optical experiment, a set of N x N Hadamard
basis patterns (Fig.5.9) were used as input images to measure the system matrix H of the

imaging system. The imaging process of the Hadamard patterns can be expressed as:

[Vi,V2,..., Vv, = H[up,up,. .. u,], (5.12)

Here, [uj,uy,...,u,] is a combination of column vectors representing the Hadamard

patterns, and [v{,V,,...,V,] is the column vector of the captured images on the sensor.
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To obtain the original mathematical expression, a modification process was performed.
Let ug represent the all-one Hadamard pattern shown on the monitor, and v be the captured

image. The following transformations were applied:

!
u; = 2u; —ug
!

V; =2v;— V) (5.13)
i=0,1,...,n,

Using these modified vectors, Eq.5.12 can be rewritten as:

V =HU, (5.14)

where V' = [V&,...,V;] and U = [ull,...,u;l]. The matrix U satisfies the Hadamard

property that its rows are mutually orthogonal, which can be expressed as:

U =1, (5.15)

where (-)T denotes the transpose operator and I is the identity matrix. By multiplying

both sides of Eq.5.14 by (U/)T, we obtain the following equation:

vV (U)T=HU (U)T, (5.16)

H=V (U)". (5.17)

The system matrix H is then calculated and applied to the ADMM-TV reconstruction
method in the subsequent steps. In this experiment, 4096 Hadamard basis patterns with a size
of 64 x 64 pixels were displayed on the monitor at 640 x 640 pixels. The images captured
on the sensor were cropped to 440 x 440 pixels for processing. u; is a 4096 x 1 column
vector, v; is a 193600 x 1 column vector, and the calculated system transform matrix, H, is a
193600 x 4096 vector.
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Table 5.1 Evaluation indicators of the experiment’s reconstruction images.

Object CGM ADMM
PSNR[dB] Time[s] PSNR[dB] Time]s]

Apple 16.8 72.6 17.1 71.2
Bee 15.2 72.9 15.3 71.7
Face 18.7 73.1 18.7 71.4
Cameraman 12.0 76.7 15.1 75.8
Clock 9.6 77.5 11.9 75.1
Text 13.2 77.3 14.2 75.6

5.3.3 Result and analysis

In the optical experiment, three binary images (apple, bee, and face) and three grayscale
images (cameraman, clock, and text) were used as targets. These images were resized to
64 x 64 pixels before being displayed on the monitor, which had a resolution of 640 x 640
pixels, to match the size of the Hadamard basis patterns.

The captured images exhibited significant vertical shift blurring, especially in the horizon-
tal patterns, consistent with the theoretical analysis described in Section5.2.2. To reconstruct
the images, the ADMM-TV method with a regularization parameter T = 5 was employed with
50 iterations, resulting in convergence to a threshold value. For comparison, the conjugate

gradient method (CGM) was also used for image reconstruction.

The reconstruction results, as shown in Fig.5.10, effectively removed the blurred parts
of the captured images, allowing for the reconstruction of the original objects using both
the CGM and ADMM methods. However, some noise was still present at the top and
bottom of the images in the binary image reconstruction using CGM. On the other hand, the
ADMM method exhibited better noise elimination in the grayscale image reconstruction,
resulting in smoother and clearer reconstructed images compared to CGM. The image quality
was evaluated using the peak signal-to-noise ratio (PSNR), and the results are presented in
Table.5.1. The numerical comparison demonstrated that the ADMM method possesses a

more powerful denoising ability compared to CGM.

The results of the optical experiment verified the feasibility of the proposed frontal
imaging system using the deblurring method. However, it is worth noting that the CGM
and ADMM methods required a long reconstruction time, making them unsuitable for real-
time communication systems. Future work will focus on developing more efficient image

reconstruction algorithms to reduce the reconstruction time.
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Original object Captured image Reconstructed by CGM  Reconstructed by ADMM-TV

Fig. 5.10 Original objects (1st column), captured images (2nd column), and reconstructed
images by the CGM (3rd column) and the ADMM-TV (4th column) of (a)Apple, (b)Bee,
(c)Face, (d)Cameraman, (e)Clock and (f)Text in the experiment.
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5.4 Screen-to-Sensor Imaging System (STIS)-a combina-

tion of STS camera and Lensless camera

In this study, an HWD-based STS camera is proposed that takes advantage of HOE technol-
ogy to transform the screen into a camera. This design offers several advantages, including
seamless integration of the camera with the display or other vision tasks, enabling the realiza-
tion of a frontal imaging system in a compact and portable form factor. The HWD-based STS
camera represents a new computational camera system that combines imaging capabilities
with the functionality of a display, opening up possibilities for various applications. However,
it still uses a conventional camera unit to capture the image, which adds weight and thickness

to the overall computational imaging system and limits further application.

To further enhance the compactness and functionality of the imaging system, the combina-
tion of the HWD-based STS camera and lensless imaging can be explored. Lensless imaging
eliminates the need for bulky lenses, enabling a more compact and lightweight system. It
relies on computational algorithms to reconstruct images from the captured raw data. By
integrating the lensless imaging approach with the STS camera, the overall size and weight
of the system can be significantly reduced. This combination offers the advantages of both
techniques, providing a compact and functional imaging system, named a Screen-to-Sensor

Imaging System (STIS) as shown in Fig.5.11.

mask
vHOE
sensor
vHOE

Glass screen

Fig. 5.11 Design of Screen-to-Sensor Imaging System.

The proposed STIS (Screen-to-Sensor Imaging System) offers versatile integration possi-
bilities with various IoT devices, expanding its applications beyond online meeting terminals.

Here are a few examples:
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1. ADAS in Car Cabin: The STIS can be integrated into the modern car cabin as a
screen for the electronic dashboard. Simultaneously, it can capture the driver’s image with
a wider field of view to monitor their safety. This integration provides a compact solution
that combines display functionality with driver monitoring, enhancing the overall driving

experience and safety.

2. Ultra-Thin Fingerprint Recognition Device: Traditional fingerprint recognition devices
often have a bulky optical structure and limited functionality. By utilizing the STIS, an
ultra-thin fingerprint recognition device with a built-in display function can be achieved. This
integration improves user experience and allows for additional features, such as displaying

notifications or interactive prompts.

3. Smart Mirror with Camera Function: By incorporating the STIS, a smart mirror can
be designed with the capability to capture pictures of users. This integration adds a camera
function to the mirror, enabling users to take selfies or capture images conveniently. It
enhances the functionality of the smart mirror, making it a multi-purpose IoT device.

In each of these applications, the STIS offers the advantage of integrating imaging
capabilities with a display function, resulting in compact and multifunctional IoT devices.
By eliminating the need for separate camera units and leveraging the HOE-based technology,
these devices can achieve thin form factors, improved functionality, and seamless integration
of imaging and display capabilities.

5.5 Summary

In this chapter, the limitations of conventional camera systems or camera unit designs in
IoT devices are discussed. These limitations include issues with full-screen smartphones,
unsatisfactory online meeting experiences, and limited detection areas for touchless screens.
To address these challenges, a solution is proposed using a holographic optical element (HOE)
based waveguide device integrated into the imaging system, resulting in the development of

the See-through-Screen (STS) camera.

The proposed imaging system faces a dilemma. To achieve a wider field of view, a larger
volume holographic optical element (VHOE) is required. However, increasing the size of the
VHOE causes diffracted light rays from the same object point to be diffracted at different

Bragg conditions and reflect different numbers of times, resulting in blurring of the captured
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image. To overcome this issue, the imaging process of the system is analyzed using ray
tracing techniques to mitigate the vertical multiplexed blur caused by the larger size of the
vHOE.

Subsequently, the Alternating Direction Method of Multipliers (ADMM) with Total Varia-
tion (TV) regularization is employed for image reconstruction based on the system transform
matrix measured from the Hadamard matrix. Compared to the see-through lensless camera,
the proposed STS camera offers higher light efficiency, a simpler image reconstruction

method, and the potential for better image quality.

A prototype camera is developed and tested in an optical experiment using binary and
grayscale images as targets. The evaluation results validate the effectiveness and practicality
of the proposed theory, although the reconstruction quality is not yet optimal. Future

advancements in reconstruction methods are expected to further enhance image quality.

The vHOE functions as a large-angle off-axis mirror, diffracting the Bragg-matched
object light to the waveguide, which then carries the diffracted light to the camera positioned
behind the screen. This setup enables the capture of the user’s frontal image while they
gaze at the screen, facilitating eye contact in telecommunication systems when combined
with a display behind the screen. The compact size and integrated design of the proposed
computational camera make it suitable for various visual devices. Potential applications
include near-window gesture recognition and transparent communication systems when

combined with a transparent display.

To realize a truly super-thin and functional camera system, a discussion on the combina-
tion of the STS camera with lensless imaging technology is provided in the thesis, exploring

the potential for further advancements and improvements in the field.

There are several limitations of this study. The image reconstruction process using CGM
and ADMM methods was time-consuming, and not suitable for real-time communication
systems. Faster image reconstruction techniques should be explored in future work. Addi-
tionally, the experiments only used grayscale images, and future work should consider the
use of full-color volume holographic optical elements (VHOEs) for reconstructing full-color
images. Furthermore, the system matrix used for image reconstruction was measured at a spe-
cific distance, requiring remeasurement if optical conditions change or when reconstructing

objects at multiple depths.






Chapter 6

Conclusion

Over the past few decades, cameras have undergone tremendous advancements in terms of
performance and functionality. However, the fundamental structure of cameras has remained
unchanged, relying on optical lenses and image sensors. This conventional lens-based camera
system imposes limitations on the size and capabilities of cameras. Moreover, integrating
cameras into media devices or IoT devices is an important application. The inclusion of
lens-based cameras introduces weight and thickness restrictions to these devices and limits

the user experience.

To address these challenges, I explored solutions in computational imaging, driven by
the concept of eliminating optical lenses. As described in Chapter 2, computational imaging
involves front-end optical encoding and back-end digital decoding, shifting the burden
from optical lenses to digital processing. This approach opens up new possibilities and
potential benefits for vision systems, including enhanced performance, access to additional

information, and a more compact and lightweight structure.

In my research, I specifically chose to employ a lensless camera based on Fresnel
zone aperture (FZA) to develop a thin, depth-sensitive camera system with fast image
reconstruction. A common issue in amplitude mask-based lensless cameras is diffraction. In
Chapter 3, leveraging the unique design of FZA, I proposed a wave-optics-based analysis
that incorporates diffraction propagation. I conducted theoretical and qualitative analysis on
the influence of diffraction on frequency response, followed by proposing an image synthesis
method based on the mask-sensor distance to mitigate diffraction effects and enhance image

resolution. To achieve more robust performance in practical applications, I also introduced
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a mask-pattern-based image synthesis method. Both methods were proven effective not
only through numerical simulations but also in optical experiments. It’s noteworthy that
model-based approaches tend to be more susceptible to noise and can be considerably time-
intensive, especially when incorporating regularization terms. Conversely, learning-based
methods, predominantly guided by data, typically exhibit fewer artifacts in their reconstructed
results. Yet, a majority of these learning-based techniques predominantly produce all-in-focus
images, even if they inherently assimilate depth information during the mapping process,
because of the lack of a special dataset and control mechanism. In Chapter 4, I delved
into a learning-based refocusing reconstruction model, introducing an external control code
specifically designed to determine the focusing distance of the reconstructed output. While
the experiments underscore the efficacy of this control code, there remains room for refining
the model to achieve more flexible refocusing capabilities. This aspect is earmarked for

future exploration.

Beyond the camera itself, it is crucial to consider integrating cameras with other digital
devices due to the emerging trend of IoT. I argue that limitations in functional integration
and user experience stem from the lens-based camera system and the traditional design that
separates cameras from other media functions, such as displays. In Chapter 5, I proposed
a see-through screen (STS) camera utilizing a holographic optical element (HOE)-based
waveguide device. This STS camera employs the unique wavelength and angle sensitivity of
HOE, allowing for frontal imaging with eye contact in online meetings and true near-screen
gesture recognition in touchless displays. I also presented a ray tracing analysis, considering
the Bragg law, for deblurring when using larger HOEsS to achieve a wider field of view. A
prototype camera was proposed and extensively tested in optical experiments. Additionally,
combining lensless imaging with HOE-based imaging is a promising direction, but it poses

new challenges that need to be addressed.

Overall, while this dissertation presents innovative approaches to address the limitations of
traditional camera systemes, it also highlights the need for continued research and development
to overcome the remaining challenges and enhance the capabilities of thin and functional

camera systems.

Future work

For lensless or STS cameras, as well as a combination of lensless and STS cameras, the accu-

rate analysis of physical imaging models is crucial for image reconstruction and deblurring.
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The quality of the reconstruction result heavily relies on the accuracy of the imaging model.
Additionally, the imaging model is specific to objects at certain distances, meaning that any
changes in distance require adjusting the model accordingly. This limitation restricts the
flexibility of the device.

In the current landscape, Al is gaining popularity and playing a significant role in various
research areas. However, most learning-based models are designed to learn a specific mapping
based on a fixed object-camera distance. The learning-based refocusing reconstruction model
presented in this study represents an initial exploration of a dynamic reconstruction model for
lensless cameras. Moving forward, there is a need for more sophisticated and high dynamic

range image reconstruction techniques that provide smoother results.

Furthermore, the proposed computational cameras should not be limited to capturing
still scenes but should also consider moving objects. This presents a new challenge as fast
reconstruction with depth localization becomes essential in such scenarios. The ability to
quickly reconstruct images while accurately localizing the depth information is an important

aspect to address in future developments.
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