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Abstract i

Abstract

Lensless cameras replace conventional lenses with thin coded masks placed near the sensor,

enabling compact imaging systems. However, the resulting measurements arise from ill-posed

operators whose point spread functions vary with depth and lateral translations, making recon-

struction highly sensitive to model mismatch. Existing methods typically address this either

through (1) explicit depth modeling, using multi-plane 3D formulations, dense calibration, and

slow iterative solvers or through (2) supervised deep networks trained on lensed ground-truth

data or simulated volumetric scenes. While effective in controlled settings, these strategies

impose heavy calibration or computational demands and often generalize poorly to real-world

scenes, limiting the practicality of current lensless systems.

This thesis aims to move lensless cameras toward practical all-in-focus 2D imaging, by

jointly designing depth-robust coded masks and self-supervised reconstruction algorithms. The

contributions span three main components.

First, we investigate restricted-aperture radial coded masks as a means to extend DOF

while preserving a simple 2D shift-invariant convolution model. By comparing radial and

non-radial masks in simulation and prototype-camera experiments with planar, dual-depth, and

transparent-object scenes, we show that radial patterns in general reduce PSF depth dependence

and already provide a clear EDoF advantage over conventional non-radial designs. Within this

radial family, we introduce a radial shape parameterization and optimize the mask pattern to

achieve a more broadband modulation response than handcrafted or randomly generated radial

masks. As a result, the optimized radial mask simultaneously offers extended DOF and higher

reconstruction quality across spatial frequencies, while remaining compatible with standard 2D
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Abstract ii

deconvolution.

Second, we generalize to full-aperture radial masks that extend beyond the sensor area to

improve light efficiency and support wider depth of field. Using a new printed-mask proto-

type, we experimentally characterize PSF depth dependence and spatial shift-variance for both

restricted- and full-aperture designs. This analysis reveals a trade-off: full-aperture masks im-

prove depth robustness but introduce strong shift-variance, as different regions of the mask are

projected onto the sensor. To address this, we propose an artificially extended PSF model,

constructed by upsampling a centrally calibrated PSF to approximate the uncropped optical

PSF. This enables an approximate shift-invariant forward model for full-aperture masks, imple-

mented as a large-PSF convolution followed by cropping. Experiments with MNIST digits, QR

codes, planar face images, and continuous-depth scenes demonstrate that this approximation

supports all-in-focus lensless imaging while benefiting from increased light throughput.

Third, we explore self-supervised neural reconstruction as an alternative to supervised train-

ing. Instead of training on paired lensless–lensed images or on simulated data, we train recon-

struction networks using only lensless measurements and a known forward model, by minimiz-

ing the discrepancy between measured sensor data and simulated measurements generated from

the network output. We instantiate this idea with a standalone UNet and two convex–neural hy-

brid architectures that combine a Wiener or few-step ADMM deconvolution with a denoising

UNet. Experiments on simulated and prototype-camera FFHQ datasets show that these self-

supervised models can match or approach the perceptual quality of more expensive iterative

methods, while reducing inference time to a few milliseconds per image and avoiding bright-

ness/color biases potentially induced by lensed targets.

Collectively, these results demonstrate that depth-robust radial mask designs, extended-PSF

modeling, and self-supervised neural priors form a coherent pathway toward practical, all-in-

focus lensless imaging systems that do not rely on restrictive supervised approaches.
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Chapter 1 Introduction 1

Chapter 1

Introduction

1.1 Background and motivation

Conventional cameras rely on lenses to focus light from a three-dimensional (3D) scene onto a

two-dimensional (2D) sensor. The lens both collects light and maps rays from different direc-

tions to distinct sensor locations, enabling a single snapshot to be inverted into a recognizable

image with minimal computation. In contrast, lensless cameras [3, 4] replace the refractive

lens with a thin coded mask placed directly in front of the sensor. The resulting measure-

ment is a coded superposition of scene irradiance, and image formation becomes a noisy linear

inverse problem in which computational reconstruction is essential for recovering a human-

interpretable image.

Lensless architectures offer compelling advantages. Eliminating the lens enables extremely

thin form factors [5], compatibility with non-visible spectral bands [6–9], and optical designs

that are difficult or impossible to realize using conventional optics [10, 11]. These benefits are

most compelling for space-constrained, close-up imaging where object distance can vary over

centimeters and mechanical focusing is impractical. This includes applications in biomedical

imaging, such as distal computational microendoscopy [12] and in-vivo lensless microscopy [13],

where working distances are of centimeters and scene depth varies rapidly. Similar constraints

appear in close-range visible-light sensing, including non-contact scanning with millimeter-
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scale standoff variation [14] and QR-code recognition under uncertain target distance [15].

Beyond the visible spectrum, lensless designs are also being explored for long-wave infrared

sensing, where refractive optics can be bulky or costly [16]. At the same time, removing the

focusing element (i.e., lens) makes image formation highly geometry-dependent: the PSF can

vary with depth and position, and reconstruction quality hinges on controlling and modeling

these variations precisely. This is one of the motivations for the depth-robust optical design and

physics-constrained reconstruction developed in this thesis.

Despite rapid progress in coded-mask design and reconstruction algorithms, most existing

lensless systems remain tailored to constrained laboratory scenarios. Typical 2D deconvolution

demonstrations assume a planar scene at a fixed distance and rely on supervised models trained

with paired lensless–lensed captures, often acquired through beam-splitter setups [17, 18]. In

contrast, 3D methods jointly estimate depth and intensity using multi-plane forward models, but

these approaches generally require dense depth-wise PSF calibration, strong sparsity assump-

tions, and slow iterative solvers [19,20]. Recent learning-based 3D techniques alleviate some of

these burdens by training on synthetic volumetric datasets, yet they depend heavily on forward-

model accuracy and often exhibit a performance gap when applied to real scenes [21–23]. Taken

together, current pipelines either operate under restrictive conditions or incur substantial calibra-

tion and computational overhead, limiting their practicality in real-world settings where scenes

span a range of depths and imaging conditions vary over time.

The goal of this thesis is to move lensless imaging toward a more practical regime where

a single mask and reconstruction pipeline can operate robustly across depth variation without

relying on lensed supervision. Rather than estimating depth explicitly or depending on ex-

tensive simulated training data, we pursue an alternative strategy: shaping the optical design

and reconstruction model so that depth-dependent effects are suppressed, enabling all-in-focus

2D imaging for real scenes. This perspective motivates the three obstacles and corresponding

solutions developed throughout this work.
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1.2 Three obstacles to practical lensless cameras

Achieving this goal is challenging because lensless cameras face three tightly coupled obstacles:

• Obstacle A: Limited depth of field. In a naive lensless system, a single PSF is calibrated

at one depth, and reconstruction assumes that the entire scene lies on that plane. In reality,

scene points at different distances produce different PSFs; using a mismatched PSF leads

to defocus-like artifacts and rapidly degrading image quality. Thus, the effective depth

of field (DOF) of a standard lensless camera is limited, especially for close-range scenes

where PSF scaling with depth is most pronounced.

• Obstacle B: Model breakdown for large apertures and extended scenes. Many recon-

struction methods rely on a 2D shift-invariant convolution model, where the measurement

is modeled as a convolution between the scene and a single PSF. This approximation can

hold reasonably well when the coded mask occupies a restricted region near the sensor

center and the field of view is modest. However, when the mask extends over the full

aperture, as desired to collect more light, the PSF becomes strongly shift-variant: point

sources at different locations see different portions of the mask pattern, and the measured

PSFs change shape across the sensor. For large objects and wide fields of view, this inval-

idates the simple convolutional forward model and undermines standard deconvolution

strategies.

• Obstacle C: Slow and supervision-dependent reconstruction. Classical model-based

methods (e.g., ADMM with total variation regularization) provide physically faithful re-

constructions but require many iterations per image and careful tuning, leading to high

computational cost. Recent learning-based methods achieve impressive quality and speed

by training deep networks to map lensless measurements to sharp images, but almost all

rely on paired supervision: they either assume access to lensed reference images captured

in parallel with lensless measurements or rely on simulation-approaches to generate the

training data. This supervision can be expensive to acquire, may not reflect the long-term
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deployment environment, and can introduce biases (e.g., brightness or color mismatch)

that are hard to control.

We argue that these three obstacles are not independent. Depth-dependent PSFs (Obstacle

A) motivate complex 3D forward models, whose size and shift-variance (Obstacle B) make

reconstruction harder and more ill-conditioned, increasing the reliance on powerful priors or

supervised training (Obstacle C). This thesis argues that significant progress can be made by

jointly shaping both the optical design (the coded mask and camera geometry) and the recon-

struction strategy, with a particular emphasis on:

• designing mask patterns that are inherently more robust to depth variation;

• developing approximations that recover a usable 2D shift-invariant model even for full-

aperture masks; and

• leveraging self-supervised neural priors that avoid lensed ground-truth images while en-

abling fast inference.

1.3 Approach: Optics and algorithms for depth-robust lens-

less imaging

To address the above obstacles, this thesis takes a two-step approach, alternating between optical

design and computational reconstruction.

From depth modeling to depth-robust masks. Chapter 2 develops the forward model perspec-

tive used throughout the thesis. We start by formulating lensless imaging as a linear operator

mapping the scene to the sensor, both for planar scenes and for 3D scenes modeled as stacks of

depth planes. A simple geometric model clarifies how the PSF scales with depth and why DOF

collapses for near-field objects. We then review existing extended-DOF and 3D lensless ap-

proaches, distinguishing between methods that explicitly reconstruct multi-plane intensity and

depth, and those that aim to engineer the PSF so that a single 2D model remains effective over a
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wider depth range. This background motivates the search for mask designs that are intrinsically

more depth-robust, and for reconstruction algorithms that can exploit such designs.

Obstacle A: Extending DOF with restricted-aperture radial masks. Chapter 3 tackles the

limited-DOF problem under a restricted-aperture configuration, where the coded mask occupies

a central region of the sensor. We investigate radial coded masks whose pattern is invariant

under uniform scaling. The key idea is that if the PSF is invariant to uniform scaling, then

variations in object distance do not affect the lensless measurement as severely. We introduce a

radial mask parameterization, optimize the mask pattern within this parameterized framework,

and compare the resulting design against random and other radial/non-radial baselines. Through

simulated and prototype-camera experiments (including planar scenes, dual-depth scenes, and

transparent-object setups) we show that the optimized radial mask offers significantly improved

DOF while still allowing reconstruction via a simple 2D shift-invariant deconvolution model.

Obstacle B: Full-aperture radial masks and extended PSFs. Chapter 4 extends this idea to

full-aperture radial masks that cover the entire sensor area. Such masks are desirable because

they collect more light and allow larger fields of view, but they also introduce strong PSF shift-

variance as different scene points illuminate different mask regions. We first build an improved

prototype camera with lithographically printed masks and characterize its PSFs across depth

and across the sensor. Comparing restricted- and full-aperture masks, we show experimentally

that full-aperture radial masks yield PSFs that change more slowly with depth but more strongly

with lateral translations.

To reconcile this with shift-invariant deconvolution, we then propose a novel approximation:

an artificially extended PSF. By upsampling a centrally calibrated PSF beyond the sensor area,

we approximate the “optical” PSF — the full shadow of the mask — and model shift-variance

as a combination of shift-invariant convolution followed by cropping. Crucially, the scale-

invariant geometry of radial masks makes this extension physically meaningful, which is not

the case for generic mask patterns. We validate this approximation via PSF size sweeps, planar

face-image experiments (FFHQ) and continuous-depth scenes, demonstrating that full-aperture

radial masks can achieve all-in-focus behavior comparable to restricted masks while offering
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improved light efficiency.

Obstacle C: Fast, self-supervised reconstruction with neural priors. Chapter 5 addresses

the remaining obstacle: how to reconstruct lensless images quickly and robustly without rely-

ing on supervised training. We frame lensless reconstruction as a noisy linear inverse prob-

lem and review three families of reconstruction methods: classical model-based, supervised

learning-based, and unsupervised/self-supervised approaches. Building on this, we propose

self-supervised training schemes in which a reconstruction network is optimized only using

lensless measurements and the known forward model. The loss compares measured sensor data

to synthetic measurements obtained by passing the network output through the lensless forward

operator, ensuring physics consistency without requiring ground-truth lensed images.

We instantiate this paradigm using three architectures: a standalone UNet, and two hybrid

models that compose classical methods (Wiener deconvolution or a small number of ADMM it-

erations) with a learned UNet denoiser. Using simulated and prototype-camera FFHQ datasets

captured with the same radial mask design as in previous chapters, we compare these self-

supervised models against purely convex optimization baselines. The results show that hybrid

self-supervised models can approach or surpass the perceptual quality of more expensive itera-

tive schemes while reducing inference time to a few milliseconds per image, and they avoid the

brightness and color biases that can arise when training on lensed supervision.

1.4 Contributions

This thesis advances lensless imaging toward practical all-in-focus 2D operation through joint

optics-algorithm design. Its primary contributions span optical design, forward-model approxi-

mation, and self-supervised reconstruction.

1. Depth-robust restricted-aperture radial masks. We investigate radial coded masks whose

patterns are invariant under uniform scaling and show that such designs intrinsically reduce PSF

sensitivity to depth. Building on this insight, we propose a radial mask parameterization and
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develop an optimization framework that discovers radial patterns with broadband modulation

response. Simulated and prototype-camera experiments demonstrate that the optimized radial

mask extends depth of field and improves reconstruction quality over both non-radial designs

and handcrafted radial patterns, while remaining compatible with fast 2D shift-invariant decon-

volution.

2. Full-aperture radial masks and an extended-PSF forward-model approximation. We

generalize radial-mask design to full-aperture configurations that increase light throughput and

support wider depth ranges, but introduce strong PSF shift-variance. Through experimental

characterization, we analyze the depth and spatial variability of these PSFs and identify a fun-

damental trade-off between depth robustness and shift-invariance. To recover a tractable 2D

model, we introduce an artificially extended PSF, obtained by upsampling a centrally cali-

brated PSF to approximate the uncropped optical footprint of the mask. This leads to a simple

large-PSF convolution followed by cropping formulation that approximates shift-variant imag-

ing with a shift-invariant operator. Experiments with QR codes, MNIST digits, planar face

images, and continuous-depth scenes validate the feasibility of all-in-focus lensless imaging

with full-aperture radial masks.

3. Self-supervised neural reconstruction for lensless imaging. To avoid the limitations

of paired supervision and simulation-based training, we develop self-supervised reconstruction

methods that rely solely on measured lensless images and the known forward model. We instan-

tiate this approach using (i) a standalone UNet and (ii) two physics-informed hybrid architec-

tures combining Wiener or few-step ADMM deconvolution with a denoising UNet. These mod-

els are trained by enforcing measurement consistency in the image formation process, without

requiring lensed ground truth. Experiments on simulated and prototype-camera FFHQ datasets

show that the resulting reconstructions match or approach the quality of slower iterative opti-

mization methods while achieving millisecond-scale inference and avoiding potential brightness

or color biases induced by supervised training.
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Overall. Collectively, these contributions demonstrate that depth-robust optical design, tractable

forward modeling for full-aperture masks, and self-supervised neural priors form a coherent

pathway toward practical, all-in-focus lensless cameras that operate without restrictive super-

vised pipelines or explicit depth estimation.

1.5 Thesis organization

The remainder of this thesis is organized as follows.

• Chapter 2 introduces the forward models and reconstruction algorithms used throughout

the thesis. We derive 2D and 3D lensless forward models, illustrate PSF depth depen-

dence, review existing extended-DOF and 3D lensless techniques, and discuss classical,

supervised, and unsupervised reconstruction methods in the general linear inverse imag-

ing framework.

• Chapter 3 focuses on restricted-aperture radial coded masks as a means of extending

DOF while retaining a simple 2D shift-invariant convolution model. We present the radial

parameterization and optimization, analyze PSF depth robustness, and validate the design

through simulations and prototype-camera experiments, including continuous-depth and

transparent-object scenes.

• Chapter 4 extends the radial mask concept to full-aperture designs and examines their

depth and shift-variance properties using a new printed-mask prototype camera. We in-

troduce the extended-PSF approximation that enables shift-invariant deconvolution with

full-aperture masks and demonstrate all-in-focus reconstruction for planar and continuous-

depth scenes.

• Chapter 5 investigates self-supervised reconstruction for lensless imaging. We formulate

self-supervised training objectives based on measurement-domain consistency, instantiate

them with UNet and convex–neural hybrid architectures, and compare their performance
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against classical optimization-based methods on both simulated and prototype-camera

FFHQ datasets.

• Chapter 6 concludes the thesis by summarizing the main findings, discussing limitations,

and outlining future research directions toward practical lensless cameras that can operate

robustly in complex real-world environments.
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Chapter 2

Theoretical background

2.1 Lensless imaging forward models

In this thesis, we first consider lensless cameras in a two-dimensional, single-plane setting.

Specifically, we model the object as a single irradiance distribution on a plane at a fixed distance

from the mask, and study how this plane is mapped to the sensor. As illustrated in Fig. 2.1, the

resulting measurement can be interpreted as a superposition of position-dependent point spread

functions (PSFs) generated by individual bright points on this object plane. More specifically,

let x ∈ RN denote a discretized representation of this object-plane irradiance, y ∈ RM the

corresponding sensor measurements, and n ∈ RM an additive noise term; the lensless imaging

process under incoherent lighting conditions can then be written in the general linear form

y = Ax+ n, (2.1)

where A ∈ RM×N is the forward operator that encodes how each object-plane element con-

tributes to each sensor pixel, including the effects of the coded mask, sampling, cropping, and

any shift- or position-dependent variation in the PSF. In the remainder of this section, we review

several common structural assumptions on A, from full matrices to convolutional forms, that

simplify the model to different degrees and have direct implications for memory usage, com-

putational cost, and reconstruction algorithm design. All of these formulations assume a two-
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Figure 2.1: Lensless measurement formation as a superposition of shifted point spread functions

(PSFs). Left: a single bright point source on the object plane casts a coded shadow of the mask

onto the sensor; translating the point source laterally translates the PSF. Right: with multiple

bright sources, the sensor measurement is the sum of their projected PSFs, forming the basic

linear forward model used in this thesis.

dimensional, single-plane scene; in Sec. 2.2, we extend this framework to three-dimensional

settings with multiple depth planes and depth-dependent PSFs.

2.1.1 Full-matrix models

The most general discrete representation of (2.1) treats A as a generic matrix. For a fixed object

plane at a given distance, the full-matrix model can, in principle, capture arbitrary space-variant

behavior, including diffraction patterns, and vignetting effects. This makes it an attractive con-

ceptual starting point for analyzing the conditioning of the 2D inverse problem [5].

However, full-matrix models become quickly impractical for realistic sensor resolutions.

For an object plane and measurement with resolution of 1024×1024 pixels, a fairly low resolu-

tion as per current standards, A would have on the order of 1012 entries, far beyond the memory

capacity of typical embedded systems. Moreover, explicitly storing and multiplying by a dense

A makes fast algorithms difficult to exploit, and increase the complexity of PSF-based cali-
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bration. For these reasons, full-matrix models are rarely used directly for reconstruction, and

are instead replaced by more structured representations that trade some modeling flexibility

for computational tractability in the 2D plane. When moving to 3D, one would conceptually

stack such operators across depth planes, further increasing memory and computational loads,

as discussed in Sec. 2.2.

2.1.2 Separable operator models

A simplification of the full-matrix modeling is to assume that the forward operator is separable

across spatial dimensions. A seminal work on this line of research is that of the doubly Toeplitz

separable mask [24]. This approach leverages a coded mask with a separable pattern along

vertical and horizontal directions, so that A can be approximated by separate convolutions as

y = ALxAT
R + n (2.2)

where AL and AR act along rows and columns of x, respectively. Separable models signif-

icantly reduce storage requirements, enabling both iterative optimization methods [5, 25] and

single-step inversion [18] methods.

Despite these advantages, strict separability remains an approximation for practical lensless

cameras, and severely restricts the design space of the coded pattern of the mask, not being

useful for general non-rectangular mask patterns (e.g., random or radial designs). Furthermore,

despite its improvement in memory usage, its application to 3D scenes would require a stacking

of these matrices along depth dimension further increasing computational cost. Consequently,

we regard separable models as useful conceptual tools, but not as the primary modeling choice

for the systems considered in this thesis.

2.1.3 Local convolution models

A more flexible and physically grounded alternative for a single object plane is to model lensless

imaging as a space-variant convolution. In this approach, each point on the plane produces a
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localized point spread function (PSF) on the sensor that varies minimally for adjacent regions

of the object plane. Following this idea, the forward model can be approximated as a sum of

patch-wise convolutions as

y =
∑
p

hp ∗ xp + n, (2.3)

where xp denotes the p-th patch in the object-plane and hp is the approximate PSF observed for

the patch p of adjacent elements in the object plane.

Local convolution models strike a balance between expressiveness and efficiency. They

can model space-variance due to off-axis aberrations or sensor nonuniformities, while still al-

lowing reconstruction via convolution-like operations within each patch that can be performed

efficiently in the frequency domain. These models have been used in traditional reconstruction

settings [26] and single-step inversion [27]. However, their use comes with limitations. First,

they require the calibration and storage of multiple PSFs, increasing both experimental and

computational complexity [26, 28]. Second, patch boundaries can introduce stitching artifacts

due to PSF discontinuity between adjacent patches [29, 30]. Third, extending this framework

to 3D would also require a separate bank of local PSFs for each depth plane, further increasing

calibration and storage demands.

2.1.4 Shift-invariant convolutional models

A particularly appealing special case, and the one adopted in this thesis as the baseline 2D

model, is the shift-invariant convolutional formulation [31]. Here, the forward operator A cor-

responds to a discrete convolution with a single PSF h associated with a fixed object plane,

y = C[h ∗ x] + n, (2.4)

where ∗ denotes two-dimensional convolution, and C(·) is a cropping function that models

the finite size of the image sensor. In practice, (2.4) can be efficiently computed via FFT-

based circular convolution with appropriate padding and cropping [32]. The shift-invariant

model assumes shift invariance of the PSF, meaning that the PSF does not depend on the spatial
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position of the scene point, only on its relative displacement with respect to the sensor. This

approximation on a single plane is justified under the following conditions: (i) Small distance

between coded mask and image sensor, thus minimizing off-axis aberrations; (ii) restricted-

aperture mask allowing the full mask pattern to be observed from an on-axis calibrated PSF.

The shift-invariant convolutional model offers several advantages in the 2D setting. It al-

lows the forward operator to be represented compactly by a single PSF, drastically reducing

memory requirements and enables efficient computation via FFTs, which is crucial for both it-

erative reconstruction and recent learning-based methods [17,18,27,33]. In Sec. 2.2, we extend

this formulation to three-dimensional scenes, discuss how depth-information on the measure-

ments limits the DOF of general lensless cameras, and how previous methods in the literature

addressed this challenge to achieve extended depth of field.

2.2 Depth of field and depth-dependent forward models

The 2D single-plane models in Sec. 2.1 assume that the scene lies on a plane at a fixed distance

from the coded mask, so that the measurements are described by a forward operator A that

models exclusively translations and shift-variant effects on a single depth plane. Real scenes,

however, occupy a volume, and objects at different depths produce different patterns (i.e., PSF)

on the sensor [19,20]. In this section, we first illustrate the geometric origin of PSF change with

depth in lensless cameras, then extend the single-plane formulation in (2.4) to three-dimensional

scenes. This depth-aware viewpoint allows us to define depth of field (DoF) in lensless imaging

in terms of PSF–model mismatch, and to review existing strategies for extending DoF, with

particular emphasis on depth-robust mask designs that motivate the contributions of this thesis.

2.2.1 PSF depth dependence

The effective depth of field (DoF) of a lensless camera is closely tied to how its point spread

function (PSF) scales with scene depth. To make this relationship explicit, we consider a simple

geometric ray model of PSF formation for a coded mask system, illustrated in Fig. 2.2(a). Let
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Figure 2.2: (a) Diagram illustrating the relationship between the light source depth D and the

projected PSF size A. (b) Graph showing how the PSF size A scales depending on the point

source depth D.

a denote the lateral size of the mask aperture, d the distance between mask and sensor, D the

distance between a point source and the mask, and A the lateral size of the PSF observed on the

sensor. We assume a square sensor and mask aperture for simplicity.

Geometric PSF scaling model. Under this geometric model, rays passing through the edges

of the aperture form similar triangles between the point source and the sensor plane. From this

similarity, the PSF size on the sensor can be approximated as

A = a

(
1 +

d

D

)
, (2.5)

which captures the inverse dependence of PSF scaling on the object distance D. As the point

source moves closer to the mask (smaller D), the PSF size A grows rapidly; conversely, for

distant points (large D), changes in depth produce only modest variations in PSF size.

Figure 2.2(b) illustrates this relationship for typical mask and sensor parameters. The curves

are computed from Eq. (2.5) using a mask–sensor distance of 4 mm. The nonlinearity is evi-

dent: small depth changes near the mask cause large changes in A, whereas the PSF becomes

relatively stable for larger values of D.

Depth sensitivity and aperture size. The same model also clarifies how depth sensitivity
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depends on the optical geometry. Considering two depths D and D′, the ratio of PSF sizes is

A

A′ =
a
(
1 + d

D

)
a
(
1 + d

D′

) =
1 + d

D

1 + d
D′

. (2.6)

The ratio of change becomes independent of the aperture term a, showing that the relative

change in PSF size between depths is governed only by the distances d and D. For a fixed

mask–sensor spacing d, the system is therefore most sensitive to depth variations in the near

field (small D), while far-field depth changes (large D) induce only mild PSF scaling. This

geometric depth sensitivity underlies the strong DoF limitations often observed for close-range

objects in lensless systems.

Implications for general coded-mask design. Although Fig. 2.2(a) is drawn for a simple

restricted aperture, the same scaling principle applies to general coded masks (e.g., full-aperture

masks) whose patterns do not enforce any depth-invariant structure. In such designs, the spatial

variation of the pattern can be viewed as an ensemble of local apertures, each contributing to

depth-dependent changes in the PSF. In the following subsections, we embed this per-point

behavior into depth-aware forward models for 3D scenes and use that viewpoint to formalize

depth of field in lensless imaging and motivate depth-robust mask designs.

2.2.2 Depth-aware lensless forward model for 3D scenes

We now embed the depth-dependent PSF behavior from Sec. 2.2.1 into a forward model for

three-dimensional scenes. We model the scene as a stack of K object planes at discrete depths

{zk}Kk=1 relative to the coded mask. Let x(k) ∈ RN denote the discretized irradiance on the k-th

plane, and let A(k) denote the linear forward operator that maps x(k) to the sensor for that depth.

General 3D linear model. Under incoherent imaging and a linear sensor response, the contri-

butions of different depth planes add linearly. The total measurement can therefore be written

as

y =
K∑
k=1

A(k)x(k) + n, (2.7)

where n represents measurement noise and model mismatch. Each operator A(k) may be fully
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shift-variant and can, in principle, capture diffraction, occlusion, mask–sensor geometry, and

any additional optical behaviour from the mask and image sensor [19].

By stacking all planes into a single vector

x̃ =
[
(x(1))T, . . . , (x(K))T

]T
,

(2.7) can be written compactly as

y = A3Dx̃+ n, A3D =
[
A(1) · · · A(K)

]
, (2.8)

where A3D concatenates the depth-specific operators along columns. The overall 3D operator

is substantially larger than its 2D counterpart, which directly impacts memory usage and the

cost of applying A3D in most reconstruction settings.

Shift-invariant convolutional approximation. In many lensless imaging systems, a common

simplification is to assume that, for each depth plane zk, the system is approximately shift

invariant over the field of view. In this case, the operator A(k) reduces to a 2D convolution with

a depth-dependent PSF h(k), yielding

y = C

[
K∑
k=1

h(k) ∗ x(k)

]
+ n, (2.9)

where ∗ denotes 2D convolution. This multilayer convolutional model can be viewed as a direct

extension of the single-plane formulation in (2.4) to a stack of depth slices, each with its own

PSF.

The depth dependence encoded in {h(k)} reflects how the PSF shape change with zk, due

to geometric scaling (Sec. 2.2.1), diffraction effects, or additional optical components related

to depth variation. For generic mask patterns, these PSFs can vary significantly with depth,

leading to strongly depth-dependent blur and making reconstruction of extended 3D scenes

ill-conditioned unless strong priors, multiple measurements, or task-specific constraints are im-

posed. In the following subsection, we use this multilayer model to formalize depth of field in

lensless cameras in terms of the mismatch between the true depth-dependent operator and the

single-PSF models commonly used in practice.
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2.2.3 Extended depth of field and 3D modeling in lensless imaging

The depth-aware model in Sec. 2.2.2 shows that a general 3D scene is mapped to the sensor

through a superposition of depth-dependent PSFs. In principle, one could follow this full 3D

structure and attempt to recover all planes {x(k)}, together with their associated PSFs. In prac-

tice, however, such 3D lensless reconstructions are costly: they require depth-wise calibration,

larger forward operators, and stronger priors, and are often unnecessary when the goal is sim-

ply to keep objects visually sharp over a range of depths. In this context, EDoF techniques

for lensless imaging are naturally divided into two broad families: (1) 3D-based methods that

explicitly model and jointly recover intensity and depth, and (2) 2D-based methods that focus

on designing the PSF, so that a single 2D forward model remains valid over an extended depth

range.

(3D) Joint intensity–depth reconstruction. A first class of methods embraces the full 3D

structure of the forward model and aims to reconstruct both intensity and depth (or multiple

depth slices) from the lensless measurement. Under the multi-plane formulation of Eq. (2.9),

these approaches seek estimates of {x(k)}, sometimes together with a continuous depth map, in

a depth-from-defocus (DFD) or light-field-like fashion. To mitigate the severe ill-posedness of

this high-dimensional inverse problem, they typically increase the number of measurements or

the expressivity of the forward operator, for example by:

• time-multiplexing coded patterns or variable-illumination conditions to enrich lensless

measurements [34–36],

• calibrating PSFs at multiple depths and using them within an explicit 3D reconstruction

algorithm [19, 20, 37],

• Data-driven optimization approaches, including end-to-end deep-optics frameworks [22,

23, 38–40].

These methods can achieve impressive 3D reconstructions or strong EDoF, but at the cost

of increased system complexity: they often require multiple measurements, dense calibration
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across depth, strong priors, and heavy computation. Moreover, the resulting pipelines may be

tightly coupled to specific training datasets and hardware configurations, which can limit their

deployability in unconstrained, general-purpose settings.

(2D) PSF design for depth-robust 2D models. A different strategy is to retain the simplicity

of a single 2D forward model and instead engineer masks and optics so that the effective PSF

changes more slowly with depth over a target range. In this view, the goal is not to reconstruct

{x(k)} plane by plane, but to design a coded mask for which a single calibrated PSF h remains

a good approximation for all relevant depths z ∈ [zmin, zmax]. When successful, this allows the

use of standard 2D deconvolution or learning-based reconstruction methods while still covering

a substantial depth range.

This approach focuses on designing coded apertures whose patterns are more robust to

depth-induced scaling or distortion [10, 22, 41–44]. In these systems, the effective EDoF is

determined by how slowly the PSFs h(k) deviate from one another as zk varies, so that residual

mismatch can be absorbed by the reconstruction algorithm without severe artifacts.

Positioning of this thesis. The work in this thesis is primarily aligned with the second strategy,

but informed by the 3D perspective above. In Chapters 3–4, we explore radial mask designs

that aim to suppress explicit depth cues in the measurements, so that a single 2D forward model

can be used over an extended depth range. We show that such masks can effectively trade

some in-focus sharpness for greatly improved robustness to PSF mismatch, enabling wide-DoF

reconstructions even with simple 2D algorithms.

2.3 Reconstruction algorithms for noisy linear inverse imag-

ing

Figure 2.3 illustrates the core difficulty of reconstruction in lensless imaging and related inverse

imaging problems. A single noisy measurement y typically corresponds to many candidate

solutions x that are consistent with the forward model, so the data alone cannot uniquely deter-
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Figure 2.3: Conceptual view of a noisy, ill-posed linear inverse imaging problem. Left: many

candidate images x can produce the same measurement y through the forward model. Right:

adding a regularizer (prior) introduces additional information to restrict the search for solutions

with desirable properties.

mine the scene. Regularization (or priors) effectively shrinks this set of feasible solutions to a

smaller subset that reflects desirable image structure, such as smoothness, sparsity, or realism.

Lensless reconstruction can be viewed as one instance of a broader class of noisy linear in-

verse imaging problems. In this setting, a general measurement process is modeled as described

in Eq. 2.1:

y = Ax+ n, (2.10)

where x denotes the information to be reconstructed (e.g., a 2D image or a stack of depth

planes), A is a general linear forward operator, and n represents measurement noise and model

mismatch. In the context of lensless imaging, A encodes the effect of the coded mask, propaga-

tion to the sensor, and any additional optics as shown in Sec. 2.1 and 2.2. The same formulation,

however, also covers other thoroughly well-researched inverse imaging tasks such as motion de-

blurring, super-resolution and inpainting.

Ill-posed tasks. Even in the idealized noiseless setting y = Ax, many imaging operators A are

rank-deficient. In this case, the measurement y does not uniquely determine x. Let xp be any

particular solution satisfying y = Axp, and let null(A) denote the null space of A. As such,

given a null-space element v ∈ null(A) with Av = 0, all possible solutions to the ill-posed
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inverse imaging can be written as

x = xp + v. (2.11)

Equivalently, leveraging range-null decomposition [45, 46], if we decompose x into a compo-

nent in the row space of A and a component in its null space,

x = xR + xN, xR ∈ range(AT), xN ∈ null(A),

then the measurement depends only on xR:

y = AxR +AxN = AxR.

The null-space component xN is completely invisible to the sensor. Thus, even with perfect,

noiseless measurements, there are infinitely many scenes x consistent with the same y whenever

null(A) ̸= {0}.

Noise amplification and instability. In realistic settings, the measurements are corrupted by

noise,

y = Ax+ n, (2.12)

which further complicates reconstruction. Formally, even the row-space component xR be-

comes difficult to recover stably: small perturbations in y can lead to large errors in any naive

inversion of A, especially along directions associated with small singular values. For example,

using the Moore–Penrose pseudoinverse A† yields

x̂ = A†y = A†Ax+A†n,

so that noise is amplified in proportion to the inverse singular values of A [46]. As a result,

unregularized solutions tend to be both non-unique (due to the null space) and numerically

unstable (due to noise amplification), leading to poor reconstructions.

Role of priors. To obtain useful reconstructions, one must therefore combine the physics en-

coded in A with some form of prior information on x. Intuitively, the data term constrains the

component of x that is visible and stable through A, while the prior controls how the remaining
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degrees of freedom are filled in, especially those in or near the null space and along poorly con-

ditioned directions. Different reconstruction paradigms embody this principle in different ways:

classical optimization methods impose hand-crafted regularizers (e.g., 2D total variation [47]);

supervised deep networks learn a direct mapping from paired examples and implicitly encode

a prior through their training data; and more recent unsupervised approaches use the forward

model itself (i.e., A), together with learned priors, to guide reconstruction without requiring

paired ground-truth images.

Three families of reconstruction methods. In the remainder of this section, we group recon-

struction algorithms for (2.10) into three broad families:

• Classical model-based methods, which explicitly minimize a regularized objective that

balances measurement consistency with hand-crafted priors;

• Supervised learning methods, which learn a parametric mapping from measurements to

target images using paired training data with implicit regularization;

• Self-supervised and unsupervised methods, which exploit the known forward model, often

together with powerful neural priors, to reconstruct images without explicit ground-truth

supervision.

All three families are applicable to both 2D and 3D linear models, provided that the forward

operator A is known or can be approximated. In the following subsections, we review each

class.

2.3.1 Classical model-based methods

Classical reconstruction methods approach (2.10) by explicitly trading off measurement consis-

tency and prior information through an optimization problem. A common starting point is the

least-squares data term

∥y −Ax∥22,
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which enforces consistency between Ax and the measurement y, combined with a regularizer

Ψ(x) that encodes prior assumptions on the image (e.g., smoothness or sparsity). The recon-

struction is then obtained as

x̂ = argmin
x

{
∥y −Ax∥22 + τ Ψ(x)

}
, (2.13)

where the regularization coefficient τ > 0 balances data fidelity against prior strength. In

lensless imaging, A is the forward operator derived from the coded-mask model (e.g., a 2D

convolution with a PSF or a depth-dependent operator), so (2.13) directly couples the optical

design with the reconstruction algorithm.

Linear inverse filtering. In the special case where A is a shift-invariant convolution with a

known PSF h (see Eq. (2.4)), and the regularizer in (2.13) is a quadratic Tikhonov penalty

Ψ(x) = ∥x∥22, the problem admits a closed-form solution as [48]

x̂ = F−1

(
F(h)∗∣∣F(h)
∣∣2 + λ

F(y)

)
, (2.14)

where F(·) and F−1(·) denote the discrete Fourier transform and its inverse, (·)∗ denotes com-

plex conjugate, and λ is a (scalar) regularization parameter that damps the reconstruction to

avoid noise amplification. Intuitively, the filter in (2.14) inverts the blur where
∣∣F(h)

∣∣ is large,

and suppresses frequencies where
∣∣F(h)

∣∣ is small and inversion would otherwise strongly am-

plify noise.

In lensless imaging, this Wiener-like deconvolution is often used as a fast baseline: given

a calibrated PSF for a particular depth, one can compute an approximate reconstruction via a

single forward–inverse FFT pair. However, because the filter is linear and tied to a fixed PSF,

it struggles with strong depth dependence and shift dependence, as well as large field-of-view

scenes or large-aperture masks that are more susceptible to cropping effects, often yielding

noisy or over-smoothed results. These limitations motivate more flexible iterative formulations.

Iterative regularized reconstruction. When reconstruction conditions are not sufficient for

linear inverse filtering, one solves (2.13) by iterative optimization. The basic idea is to start

from an initial guess x(0) and refine it by repeatedly applying updates that reduce the objective

while respecting both the data-fidelity and the regularization prior terms.
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A simple example is gradient descent on the smooth part of the objective. If we discard the

regularization, we have

f(x) =
1

2
∥y −Ax∥22,

then the gradient of f is

∇f(x) = AT(Ax− y),

which measures the mismatch between simulated and observed measurements, back-projected

through AT. A gradient step

x(t+1) = x(t) − η∇f(x(t))

reduces this mismatch by moving x in the direction that best aligns Ax with y, with the step

size η controlling the rate of change. To incorporate priors, classical methods augment this

basic scheme with regularization-aware updates:

• Proximal and accelerated methods such as ISTA and FISTA [49] handle objectives of

the form f(x) + λΨ(x), where f is smooth and Ψ may be non-smooth (e.g., 2D total

variation). Each iteration alternates between a gradient step on the data term and a prox-

imal step that enforces the prior, often interpreted as a shrinkage or denoising operation.

FISTA further adds a momentum-like term that combines the current and previous iterates

before the proximal step, accelerating convergence for convex problems.

• TwIST [50] (Two-step IST) is another accelerated proximal scheme designed with sparse

and TV-regularized imaging problems in mind. Like FISTA, it is based on proximal

gradient updates, but it uses a different two-step recurrence that explicitly combines x(t)

and x(t−1) before applying the shrinkage step. This modified recurrence can provide

more stable and faster convergence than standard ISTA/FISTA in highly ill-conditioned

deconvolution problems, while still alternating between a data-consistency update and a

prior-enforcing update.

• Splitting methods such as ADMM [51] rewrite the reconstruction problem by introducing

auxiliary variables that decouple the data term, the prior, and simple constraints. For lens-
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less imaging, DiffuserCam [19] adopts this strategy by introducing separate variables for

(i) the convolved image, (ii) a TV-regularization constraint, and (iii) a non-negative image

estimate. ADMM then alternates between a least-squares update enforcing (i) measure-

ment consistency, (ii) a proximal step that applies TV denoising, (iii) a projection enforc-

ing non-negativity, and finally the dual-variable updates that keep the representations (i

– iii) consistent. This splitting keeps each subproblem simple while still combining the

physics operator, prior, and constraints into a single convergent optimization scheme.

3D extension for iterative optimization methods replace the 2D forward model (Sec. 2.1)

by 3D forward models (Sec. 2.2) [19, 20, 34, 37]. This approach requires more careful

depth-based PSF calibration, stronger sparsity assumptions, and longer compute times

for convergence as they recover a 3D voxel of the captured scene.

From an intuitive standpoint, all these iterative methods iterate between two roles:

1. enforcing physics consistency, by pulling Ax towards the observed measurement y;

2. enforcing prior consistency, by nudging x towards images that conform to assumed struc-

ture (smoothness, sparsity, non-negativity, etc.).

In lensless reconstruction, these classical model-based methods provide a transparent, inter-

pretable baseline: the influence of the mask design and the forward model appears explicitly

through A and AT, and the effect of the prior can be controlled via the choice of Ψ(·) and its

weight λ. However, their expressiveness is ultimately bounded by the chosen regularizer, which

motivates the learning-based approaches discussed in the following subsections.

2.3.2 Supervised learning methods

Supervised learning approaches treat reconstruction as a data-driven mapping from measure-

ments to target images. In lensless imaging, this typically involves capturing paired datasets

{(yi,xi)} where yi are lensless measurements and xi are "ground-truth" images acquired with

a lensed camera, often using a beam-splitter setup and planar targets such as LCD screens [17,
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25, 52]. A neural network fθ is then trained to minimize a loss between fθ(yi) and xi (e.g., ℓ2,

perceptual, or adversarial losses). Pure black-box architectures that do not explicitly include in-

formation of the optical system generally struggle even in this simplified setting [17], producing

color-mismatched and lower quality reconstructions.

Physics-informed supervised models. Recent works therefore embed the physics into the net-

work architecture. leADMM [17] unrolls an ADMM solver coupled with a UNet denoiser,

enforcing data consistency while learning powerful priors. The learned primal–dual network

of [33] follows a similar unrolling strategy in a primal–dual framework. FlatNet [18] couples

an analytic inversion layer followed by a CNN that refines artifacts, and MWDN [48] extends

this idea with multi-scale Wiener-like blocks. PhoCoLens [27] follow a similar logic of learn-

able single-inversion layer but applying it on a shift-variant modeling and extending previous

approaches with a strong diffusion-based prior. In all these cases, knowledge of the optical

system (PSF, cropping, etc.) is explicitly incorporated into the architecture, yielding recon-

structions that are more robust than purely black-box networks trained on the same data.

Limitations for depth-varying scenes. Despite their success, supervised models inherit the

assumptions of their training data. Most lensless datasets are acquired from planar scenes at

a fixed distance, so the learned reconstructions are implicitly tied to a 2D setting at a single

depth, and usually do not explicitly model additional PSF-varying effects such as shift-variance.

Mismatch-aware architectures [53,54] attempt to improve robustness by explicitly modeling or

compensating for model errors, but still rely on paired supervision. More recent 3D exten-

sions [22, 23, 38, 39] jointly design optics and reconstruction networks for depth-from-defocus

or extended-DoF tasks, yet require multi-depth or volumetric training data that is challenging

to obtain. As a result, current methods heavily rely on simulated data, which can create a mis-

match between training (synthetic 3D scenes) and testing (in-the-wild real, continuous-depth

scenes).

In this thesis, we focus instead on classical methods and self-supervised/unsupervised re-

construction frameworks that we introduce next.
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2.3.3 Unsupervised and self-supervised neural reconstruction

The reconstruction algorithms in Sec. 2.3 can all be seen as ways of solving the same noisy

linear inverse problem in (2.10), differing mainly in how they inject prior information on x.

Classical methods (e.g., ISTA, FISTA, ADMM) use analytic priors, while supervised learning

methods train a reconstruction network directly from paired measurement–target data. Next, we

define methods that rely on neural priors in scenarios without ground-truth images. We separate

these methods into two classes: we use unsupervised for methods that do not train a network

specifically for the given inverse problem, and use self-supervised for methods that do train a

task-specific reconstruction network, but without access to ground-truth targets.

Unsupervised methods. Unsupervised methods in our terminology retain the same reconstruc-

tion objective as classical approaches,

x̂ = arg min
x

1
2
∥y −Ax∥22 + λΨ(x),

but replace the hand-crafted regularizer Ψ(x) with a neural prior. Most importantly, these meth-

ods do not train the network using measurement–ground-truth pairs for the target task.

Two approaches are most commonly used:

• Untrained neural priors, where the network is optimized only for the measurement at

hand. Deep Image Prior (DIP) [55] is a seminal example: a randomly initialized CNN fθ

maps a fixed noise vector z to an image x̂ = fθ(z), and the parameters θ are optimized to

minimize a data-consistency loss as

L(θ) = 1
2
∥y −Afθ(z)∥22.

No external training images or targets are required: the convolutional network itself

provides an implicit prior. Empirically, randomly initialized CNNs tend to reconstruct

smooth, low-frequency structures first and only gradually fit high-frequency details and

noise as optimization proceeds. As a result, if the optimization is stopped early, the

network output typically captures the main edges and textures of a natural image while
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suppressing pixel-wise noise; only with prolonged training does it begin to overfit the

measurement noise. This frequency-biased behaviour of convolutions effectively acts as

a built-in regularizer. This approach was extended to lensless imaging by Untrained Deep

Networks (UDN) [56], which follow the same DIP strategy but applied to compressive

lensless imaging tasks.

• Pretrained generic priors, where the network is trained for a different task (typically

natural-image synthesis or denoising), and then reused as a prior for many inverse prob-

lems without further supervision. Examples include GAN- [57] and diffusion-model-

based priors [46, 58–64] that are trained on large image collections and later used in

plug-and-play, score-based, or diffusion-guidance frameworks for deblurring, inpainting,

and super-resolution. Seminal methods such as diffusion posterior sampling (DPS) [58]

and denoising diffusion null-space models (DDNM) [46] fall into this category: the dif-

fusion model is trained for unconditional image generation, and at reconstruction time it

is combined with the known forward operator A to solve new inverse problems without

paired training data. One drawback of such methods is the inefficient multi-step sampling

of diffusion models when compared to single-pass models (e.g., GAN), so recent works

have focused on speeding up sampling using techniques such as distillation [65, 66].

In both cases, the inverse problem remains “unsupervised” in the sense that no ground-truth

targets for the specific imaging task (e.g., lensless measurement → sharp scene) are used during

training. The forward model enters only at inference time, through the data-consistency term.

Self-supervised methods. Compared to unsupervised methods, self-supervised reconstruction

has been less explored in the inverse imaging literature. It occupies a different point in the

design space: these methods do train a reconstruction network specifically for the target inverse

problem, but use only unpaired or measurement-only data. Instead of minimizing a loss between

the network output and ground-truth images, they construct surrogate objectives derived from

the physics model, noise statistics, or redundancy in the measurements themselves. In the

broader imaging literature, representative examples are the Noise2Noise [67], Noise2Self [68],
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and Noise2Fast [69] families of denoising methods, which learn to remove noise without ever

observing clean targets.

Formally, a typical self-supervised approach learns parameters θ of a reconstructor fθ by

minimizing a measurement-domain loss of the form

min
θ

Ey

[
L
(
y,Afθ(y)

)]
,

where L enforces consistency with the forward model. The key point is that the network learns

to approximate (or invert) A using only the observed measurements and the known physics,

without access to paired ground-truth images.

Status in lensless imaging. While unsupervised and self-supervised neural-prior methods have

been actively developed for generic inverse problems, their adoption in lensless imaging re-

mains relatively limited. Most existing lensless pipelines either rely on classical model-based

methods with analytic priors (e.g., TV) or on supervised networks trained from beam-splitter-

based paired datasets. This gap is precisely where the later chapters of this thesis contribute: we

design reconstruction frameworks for lensless cameras that (i) avoid supervision from lensed

“ground-truth” targets, and (ii) leverage unsupervised/self-supervised training strategies, to in-

vestigate the impact of combining explicit physics-based forward models with neural priors on

lensless imaging reconstruction quality and inference speed.
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Chapter 3

Optimized radial mask for

extended-depth-of-field lensless imaging

3.1 Problem statement and related work

In this chapter, we study how to design a lensless imaging system whose depth-dependent be-

havior can be well approximated by the 2D convolutional model in (2.4) over an extended range

of scene depths. As discussed in Sec. 2.2, a general 3D scene is mapped to the sensor via a sum

of depth-dependent PSFs,

y =
∑
z

hz ∗ xz,

so that a reconstruction based on a single PSF calibrated at depth z∗ can only recover objects

lying near z∗. The gap between an object’s true depth and the assumed depth manifests as blur

or artifacts, and the range of depths for which this single-PSF reconstruction remains acceptable

defines the depth of field (DOF) of the lensless system.

Existing approaches to extend DOF or recover 3D structure from lensless measurements can

be roughly divided into two categories.

(I) Joint estimation of intensity and depth. A first line of work performs joint estimation

of scene intensity and depth in a depth-from-defocus fashion. These EDoF and 3D imaging
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methods aim to model the full multi-plane forward operator and reconstruct {xz} for a set of

depth planes z based on focus cues in the measurements. To ease this high-dimensional inverse

problem, they typically increase the number of effective measurements using time-multiplexed

coded patterns [34, 38] or multi-depth calibrated PSFs [19, 20]. Another direction jointly op-

timizes the optical system and reconstruction network in a data-driven, “deep optics” frame-

work [22, 23, 39]. While powerful, these joint depth–intensity approaches lead to ill-posed,

high-dimensional inverse problems that tend to require strong priors, multiple measurements,

substantial computational cost, or learned components that can be difficult to interpret and ana-

lyze.

(II) PSF design for depth-robust measurements. A less explored strategy is that of designing

coded masks with more depth-invariant PSFs. Instead of explicitly recovering depth, these

methods design a coded mask that produces PSFs that are intrinsically more robust to depth,

i.e., hz changes as little as possible over a target depth range. By making the depth dependence

of the PSF weak, one can recover scenes across a wider DOF while still using efficient 2D

forward models and standard reconstruction algorithms.

Our approach. We investigate radial coded masks as a way to engineer depth-robust PSFs. As

illustrated in Fig. 3.1, a random mask produces PSFs whose pattern changes noticeably under

depth-induced scaling and sensor cropping, leading a 2D deconvolution calibrated at a single

depth to reconstruct one object sharply while blurring another at a different depth. In contrast,

radial patterns are approximately invariant under uniform scaling, so the central structure of

the PSF remains similar across depths and can, in principle, support extended depth of field

within a single 2D reconstruction model. In this chapter, we test this hypothesis by introducing

a shape-preserving optimization procedure for the radial pattern and comparing the resulting

optimized mask against handcrafted radial, randomly generated radial, and non-radial baseline

masks, probing the limits of both reconstruction quality and DOF enabled by this design choice.
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Figure 3.1: Conceptual illustration of depth behavior for different coded masks. (Top) A random

mask yields depth-dependent PSFs and limited DOF when using a single-depth 2D reconstruc-

tion. (Bottom) A radial mask exhibits approximate scaling invariance, suggesting the potential

for extended DOF within the same 2D reconstruction model. Adapted from [70](© 2023 IEEE).

3.2 Radial mask optimization

In this section we introduce our radial-shape-constrained optimization process. We start by pre-

senting a radial mask parameterization, which constrains the radial shape of the mask through-

out the optimization process. We then show the optimization objective, and explain how that is

tied to the reconstruction quality achievable by the coded mask.

3.2.1 Mask parameterization

Past deep-optics studies typically optimize the mask by treating each element m(x, y) indepen-

dently, where m(x, y) denotes the light transmittance at the discretized Cartesian coordinates

(x, y) on the mask plane. This offers high design flexibility but yields masks with unconstrained

global structure. Here, we introduce an additional constraint by enforcing a radial structure as

illustrated in Fig. 3.2.
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Figure 3.2: Overview of the radial coded mask parameterization. (Left) Conventional modeling

with per-pixel transmittance m(x, y) in Cartesian coordinates. (Right) Proposed radial parame-

terization, where the mask is divided into angular sections indexed by θ, each with transmittance

m(θ) obtained by applying a sigmoid σ(·) to the corresponding entry of the parameter vector

Θ. Reproduced from [70] (© 2023 IEEE).

We split the coded mask area into Nt radial sections

Θ = [θ0, θ1, . . . , θNt−1]

along the angular coordinate, with each section originating at the center of the mask and ex-

tending toward the edge. All mask elements inside a given radial section share the same light

transmittance value, i.e.,

m(x, y) = m(θk) ∀ (x, y) ∈ θk, (3.1)

where k is the index of the k-th radial section and (x, y) ∈ θk denotes that the element m(x, y)

lies inside that section. We model the light transmittance of the k-th section as

m(θk) = σ
(
m′(θk)

)
, (3.2)

where σ(·) is a sigmoid function that constrains the value to the interval [0, 1], and m′(θk) is

a scalar parameter associated with section k. This parameterization allows us to represent the

coded mask using a dimension-reduced vector

mθ ∈ RNt ,
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and we define an operation p(·) that maps these angular-domain parameters to a coded mask in

Cartesian coordinates. Ignoring additional effects such as diffraction, we approximate the PSF

in (2.4) at the design distance (or at infinity) as

h = p(mθ). (3.3)

3.2.2 Optimization objective

Our goal is to obtain a radial coded mask with a good broadband frequency response (i.e., MTF),

so that information from the scene across a wide range of spatial frequencies (from smooth

regions to sharp edges) is effectively transmitted to the lensless measurements. To that end, we

leverage the modulation transfer function (MTF) of the PSF as the optimization objective.

Given a PSF h, its normalized MTF is computed as

MTF(h) = normalize
(
|F [h]|

)
, (3.4)

where F(·) denotes the 2D discrete Fourier transform, | · | is the magnitude, and normalize(·)

divides the spectrum by its DC value so that the MTF equals one at the origin. We then define

the loss as

L(mθ) = −mean
(
MTF(h)

)
(3.5)

= −mean
(
MTF(p(mθ))

)
, (3.6)

where mean(·) computes the average over all spatial frequencies up to the cutoff. Since we

wish to maximize the average MTF, we introduce the negative sign so that the problem can be

expressed as the minimization

m̂θ = arg min
mθ

L(mθ). (3.7)

We solve (3.7) using gradient descent with the Adam optimizer [71], with a learning rate of

0.01 and 2,000 iterations. We optimize a PSF with resolution of 140×140. The mask parameters

mθ are initialized by sampling uniformly in the interval [−0.5, 0.5]. We also employ gradient

accumulation during optimization to speed up convergence.
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3.2.3 Optimization analysis

We next analyze the masks obtained with the proposed optimization and compare their fre-

quency responses against several radial and non-radial baselines.

Experiment 1: Comparison against handcrafted radial baselines. From the optimization

experiments, we first select a representative optimized radial mask and compare its MTF against

handcrafted radial baselines. Specifically, we consider cyclic (periodic) radial coded masks with

20, 40, and 60 radial sections, as well as a randomly generated radial mask. The cyclic masks are

constructed by splitting the aperture into R radial sections of equal angular width and alternating

zeros and ones between adjacent sections. The random radial mask uses the same number of

sections as the optimized mask (i.e., 70), with each section’s transmittance independently set to

zero or one with equal probability.

The line MTFs of these handcrafted baselines and of the optimized radial mask are shown

in Fig. 3.3 (top-left), and the corresponding patterns are shown in Fig. 3.3 (top-right). From the

line MTFs, we observe that the optimized pattern achieves the desired broadband response: it

competes with the sparser masks (e.g., Cyclic-20 and Radial-random) at lower frequencies and

with the denser masks (e.g., Cyclic-40 and Cyclic-60) at higher frequencies.

Experiment 2: Comparison against randomly generated radial masks. To assess the effect

of optimization statistically, we repeat the procedure 100 times and compare the resulting masks

with 100 randomly generated radial masks. Both sets use the same number of radial sections

(i.e., 70), and the random radial masks are created by assigning each section a binary transmit-

tance (zero or one) with equal probability. For each type of mask, we compute the line MTF

and report the mean and standard deviation across the 100 experiments.

As shown in Fig. 3.3 (bottom-left), the optimized radial masks consistently exhibit a stronger

overall frequency response than the randomly sampled radial baselines, indicating that the MTF-

based optimization provides a systematic advantage within the radial design class.

Experiment 3: Comparison against random (non-radial) masks. Finally, we compare the

optimized radial mask with fully random (non-radial) coded masks. Random masks are known
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Figure 3.3: (Top-left) Line MTF comparison between our selected optimized radial mask and

handcrafted radial masks with cyclic and random patterns. (Top-right) Mask patterns for hand-

crafted and random radial baselines, as well as our selected optimized radial mask. (Bottom-

left) Comparison between the average line MTF obtained from 100 optimized radial masks and

100 randomly generated radial masks. (Bottom-right) Comparison between our selected opti-

mized radial mask and random (non-radial) coded masks with feature sizes of 2 and 3 pixels.

Adapted from [70] (© 2023 IEEE).
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to have a well-balanced broadband response up to their cutoff frequency and thus serve as

strong baselines for in-focus reconstruction quality. We generate two such masks with minimum

feature sizes of 2 and 3 pixels; their patterns are shown in Fig. 3.3 (top-right). The corresponding

line MTFs, together with that of our selected optimized radial mask, are shown in Fig. 3.3

(bottom-right).

As expected, the random masks provide stronger high-frequency response than the radial

mask. This reflects the fact that the radial constraint significantly restricts the mask design

space: some in-focus resolution is traded for the potential to enable extended depth of field.

We revisit this trade-off between in-focus reconstruction quality (where random masks are ad-

vantageous) and out-of-focus robustness (where the radial mask is expected to excel) in the

simulation study presented in Sec. 3.3.

3.3 Extended depth of field evaluation in simulations

In Sec. 3.2, we analyzed the frequency response of our optimized radial mask and compared it

with several radial and non-radial baselines. That analysis provides insight into the information

content of the corresponding lensless measurements and into the upper bound of reconstruction

quality under a perfectly calibrated PSF and a matching scene. In this section, we extend the

evaluation to three-dimensional settings by studying how object distance variations affect re-

construction quality for the same set of masks. The lensless measurements are generated using

the multi-plane convolutional model in (2.9) under a noiseless setting, so that we can isolate the

effect of PSF depth dependence and mask design on the effective DOF. Through these simu-

lated experiments, we investigate whether radial masks can extend the DOF of a lensless camera

and whether the optimized radial mask can achieve high-quality reconstructions under extended

depth-of-field operation.
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Figure 3.4: Planar scene simulations to evaluate the impact of mismatch between object and PSF

depths on reconstruction quality. (Top-left) Experimental setup for simulated PSF calibration

and object capture. (Top-right) Reconstruction metrics (PSNR and LPIPS) as a function of

object distance when using a fixed-depth PSF. (Bottom) Reconstructions for objects placed at

various distances from the coded mask for the optimized radial mask and the random mask.
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3.3.1 Planar scene simulation

We first consider a single-plane reconstruction experiment. To evaluate the DOF of each mask,

we vary the depth of a planar scene with respect to the lensless camera while keeping the PSF

calibration depth fixed. This allows us to measure how reconstruction quality degrades as the

mismatch between the object distance and the assumed PSF distance increases.

Experimental setup. The experimental setup is shown in Fig. 3.4(top-left). The scene consists

of three cards arranged on a planar surface, whose distance from the camera is varied from

1, 000 mm down to 50 mm. For each evaluated depth, we simulate the measurement using

the PSF corresponding to that depth, but reconstruct the scene using only the PSF calibrated

at the reference distance. To isolate the effect of depth-dependent PSF mismatch, we simulate

a noiseless setting and compare the optimized radial mask with a random (non-radial) mask.

In this experiment, the calibration PSF is measured at 1, 000 mm, so objects placed at or near

that depth should be reconstructed accurately, while objects farther away will exhibit increasing

model mismatch.

Reconstruction and evaluation. We use the ADMM algorithm [19] for reconstruction using

the same hyperparameters for all coded masks. We evaluate the results using Peak Signal-

to-Noise Ratio (PSNR) and Learned Perceptual Image Patch Similarity (LPIPS) [72]. The

reconstruction metrics as a function of depth are shown in Fig. 3.4(top-right), and example

reconstructions for different object distances are shown in Fig. 3.4(bottom).

Results. As expected, the random mask achieves higher reconstruction quality for objects

placed near the calibration depth, consistent with its stronger broadband MTF enabled by an

unconstrained design space. In contrast, the optimized radial mask yields higher reconstruc-

tion quality at depths that deviate from the calibration distance, highlighting its advantage in

extending the effective depth of field of the lensless imaging system.
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Figure 3.5: Diagram of the dual-depth scene simulated experiment. A near object is placed at

50 mm and a far object at 300 mm from the coded mask. PSFs are calibrated at a far depth,

making the near object more challenging to reconstruct with a single fixed PSF. Reproduced

from [70] (© 2023 IEEE).

3.3.2 Dual depth scene simulation

We next consider a dual-depth scene, where one object is placed close to the lensless camera

and another is placed farther away. This setting allows us to compare refocusing capabilities

of non-radial masks (e.g., random and Fresnel zone aperture (FZA) patterns), as demonstrated

in [20], with the extended depth-of-field behavior of radial masks, which ideally do not require

refocusing.

Experimental setup. The simulated setup is illustrated in Fig. 3.5: a near object is placed

at 50 mm from the coded mask and a far object at 300 mm. As in Sec. 3.3.1, we calibrate

the PSFs at a far depth (i.e., 300 mm) so the object closer to the mask is more challenging

to reconstruct when using a single, fixed PSF. We compare our optimized radial mask against

cyclic-20, cyclic-60, and randomly generated radial masks, as well as against FZA and random

(non-radial) masks

Reconstruction and evaluation. We reconstruct the dual-depth scene using the ADMM [51]

and the UDN algorithms [56], and evaluate PSNR separately for the in-focus (far) object and

the out-of-focus (near) object. Reconstructions are shown in Fig. 3.6.
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Figure 3.6: Reconstructions for the dual-depth scene simulation using different coded masks

and reconstruction algorithms. Radial masks, and in particular the optimized radial mask, better

preserve the near (out-of-focus) object while maintaining competitive quality on the far (in-

focus) object. Reproduced from [70] (© 2023 IEEE).
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Results. Overall, radial masks tend to achieve higher PSNR for the out-of-focus object (i.e., the

OU pattern), and the optimized radial mask provides the highest PSNR for the near object for all

tested reconstruction algorithms, while maintaining competitive performance on the far object.

These results support the use of optimized radial masks as a means to extend the effective depth

of field in lensless imaging.

3.4 Prototype lensless camera experiments

In Sec. 3.3, we used the multi-plane forward model to study how different coded masks behave

under depth variations in an idealized setting. The simulations indicated that, while uncon-

strained random masks provide superior in-focus resolution near the calibration depth, radial

masks—and in particular the optimized radial pattern—yield more stable reconstructions as the

object moves away from the calibrated plane, effectively extending the depth of field.

In this section, we investigate the practical feasibility of our proposed radial mask by build-

ing a prototype lensless camera. Using the same family of coded masks, we conduct two optical

experiments. The first involves a continuous-depth scene composed of a tilted chessboard and

colored pawns placed at different distances from the mask, providing a direct counterpart to

the simulated experiments. The second employs transparent objects in a challenging setup for

depth estimation-based EDoF methods. We begin by describing the prototype setup and the

continuous-depth scene experiment.

3.4.1 Continuous-depth experiment with a prototype camera

Prototype camera setup. To validate the extended DOF behavior of the radial masks in a real

system, we built a prototype lensless camera consisting of an axial stack of a coded mask and an

image sensor (Fig. 3.7(a)). The coded mask is implemented using a transmissive liquid-crystal

spatial light modulator (SLM; LC2012 by HOLOEYE Photonics) and two polarization plates

arranged in a crossed-Nicols configuration. Since all coded masks considered in this work are

binary, the SLM transmittance is configured to approximate a binary response, and the central
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Figure 3.7: (a) Our protoype camera built using a CMOS image sensor and a spatial light

modulator. (b) Setup for the continuous scene experiment, composed of a slanted plane with a

checkerboard pattern on top and 4 pawns placed at multiple distances from the lensless camera.

(c) Experimental reconstructions for the continuous depth scene. First row shows calibrated

PSFs. The second shows the captured measurements, normalized for visualization. The third

and fourth present the ADMM and UDN reconstructions, respectively. Reproduced from [70]

(© 2023 IEEE).

Graduate School of Information Science and Technology, The University of Osaka



Chapter 3 Optimized radial mask for extended-depth-of-field lensless imaging 44

188× 228 pixels (with 36× 36 µm pitch) are used to display the mask patterns. The fill factor

of the SLM is 58%.

Approximately 4.0 mm behind the SLM modulation plane, we place a color CMOS image

sensor (BFS-U3-28S5C-BD, Teledyne FLIR) with 1464×1936 pixels and a pixel pitch of 4.5×

4.5 µm. In the experiments, 8-bit RGB images are read out from the sensor and downsampled to

732× 968 pixels for reconstruction. As in the simulations, the periphery of the mask is blocked

to improve reconstruction stability, yielding an effective mask area of approximately 50%. The

centers of the effective SLM area and the sensor are aligned using translation stages, and the

planes of the two elements are adjusted to be parallel.

PSF calibration. The top row of Fig. 3.7(c) shows the calibrated PSFs. The PSF is mea-

sured experimentally by capturing the spherical wave emitted from a point light source placed

approximately 60 cm away from the coded mask. The point source is constructed from a semi-

conductor laser with central wavelength 532 nm (Stradus 532 by Vortran Laser Technology)

followed by a spatial filter (SFB-16DMRO-OBL40-25, SIGMA KOKI) containing a 25 µm

pinhole, which together generate a spherical wave.

Experimental setup. Figure 3.7(b) shows the continuous-depth scene used in the experiments.

A chessboard pattern is placed on an inclined plane in front of the prototype camera, and four

colored pawns are positioned at different distances from the coded mask. The distances of

the board and pawns are indicated in the figure. The scene is illuminated by a white LED

light mounted above the lensless camera and directed toward the targets. The second row of

Fig. 3.7(c) shows the captured lensless measurements for the different coded masks. Although

these images are difficult to interpret visually, they contain multiplexed information from ob-

jects at multiple depths according to the multi-plane forward model in Eq. (2.9). The lensless

captures are normalized independently for visualization. We use the ADMM (100 iterations)

and UDN (150, 000 iterations) methods for reconstructing the scene.

Results. Since the PSF is calibrated using a point source at 60 cm from the coded mask, objects

located farther from the mask are closer to the calibrated depth and are expected to be easier to

reconstruct, whereas objects closer to the camera should be more challenging. This trend can be
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Ambient Scene PSF Capture ADMM(a) (b)

Figure 3.8: (a) Experimental setup for the transparent object reconstruction. (b) Calibrated

PSFs, lensless captures and ADMM reconstructions for the transparent object scene. Repro-

duced from [70] (© 2023 IEEE).

observed in the ADMM and UDN reconstructions shown in Fig. 3.7(c). For non-radial masks,

the chessboard squares nearer to the camera exhibit blurrier edges, and the red pawn—closest

to the camera—is poorly reconstructed. In contrast, all radial masks provide extended depth of

field, yielding sharper chessboard edges and more recognizable pawns across a wider range of

depths.

Consistent with the simulation results in Sec. 3.3, a trade-off between high- and low-frequency

behavior is observed for the periodic radial masks. The radial mask with 20 sections produces

less sharp edges in the chessboard and pawns, whereas the mask with 60 sections yields sharper

edges but slightly noisier reconstructions. The optimized radial mask achieves a balance be-

tween these extremes, reconstructing sharp chessboard edges while also preserving smoother,

sparse regions such as the pawn bodies.

3.4.2 Reconstruction through transparent objects

A natural alternative approach to extended-DOF lensless imaging is to first estimate a depth

map of the scene and then refocus the calibrated PSFs accordingly, so that each object is re-

constructed using a PSF matched to its depth. In practice, however, depth-estimation-based
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methods struggle in the presence of semi-transparent or transparent planes. In such scenarios,

light from objects at multiple depths is mapped onto the same sensor pixels, and it is not obvi-

ous which depth should be assigned to those mixed measurements. As a result, depth estimates

can become unreliable or ambiguous, limiting the effectiveness of subsequent refocusing.

Experimental setup. To gain further insight into the potential of radial masks in such cases,

we conduct an experiment involving both a semi-transparent target and an object located behind

a transparent plane. A red "O" pattern is printed on a transparent OHP film and mounted on a

glass plate. The glass plate containing the "O" pattern is placed 12 cm in front of the prototype

lensless camera, and a plush toy is positioned behind the glass at approximately 60 cm from

the coded mask. The scene geometry is shown in Fig. 3.8(a). The PSFs are calibrated using a

point source placed at 60 cm, so that, in principle, the reconstruction is biased in favor of the

plush toy at the farther depth. Illumination is provided by two white LED lights placed on either

side of the camera and directed toward the plush toy. We use the same prototype camera and

calibration method described in Sec. 3.4.1, but now with only the random mask as a baseline.

Results. Figure 3.8(b) shows the calibrated PSFs, the captured lensless measurements, and the

corresponding ADMM reconstructions for the different masks. The optimized radial mask is

able to reconstruct a sharp semi-transparent "O" pattern on the glass plate while simultaneously

recovering the plush toy behind it, despite the interference of the transparent plane. In contrast,

the non-radial baseline (e.g., random masks) reconstruct the "O" poorly and exhibit reduced

robustness to the layered depth structure. These results indicate that the proposed radial-mask-

based system can maintain extended depth of field even in scenarios where depth-estimation-

based approaches are expected to fail due to transparency-induced ambiguities.

3.5 Discussion and summary

In this chapter, we explored PSF engineering as a means to extend the depth of field of lens-

less cameras while retaining a simple 2D convolutional reconstruction model. We introduced

a radial parameterization of the coded mask that enforces a shared transmittance along radial
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sectors and enables a low-dimensional description of the mask. Within this constrained design

space, we formulated an MTF-based optimization objective and showed that the resulting op-

timized radial pattern exhibits a broadband frequency response that systematically outperforms

randomly generated radial masks. While fully random (non-radial) masks still offer superior

high-frequency response at the calibrated depth, the radial constraint provides a principled way

to trade some in-focus resolution for improved depth robustness.

Using multi-plane simulations, we then evaluated how these masks behave under object–PSF

depth mismatch. For planar scenes, the random mask delivers the highest reconstruction qual-

ity near the calibration depth, but its performance degrades rapidly as the object moves away

from that plane. In contrast, the optimized radial mask maintains higher reconstruction quality

over a broader range of depths, indicating an extended effective DOF. A dual-depth experiment

further highlighted this behavior: radial masks, and especially the optimized design, achieve

better reconstruction of the near (nominally out-of-focus) object while remaining competitive

on the far object for both ADMM and UDN reconstruction methods. These results support the

view that radial masks can approximate the multi-depth forward model by a single-depth 2D

convolution, enabling extended-DOF operation without explicit depth estimation.

We validated these findings on a prototype lensless camera. In the continuous-depth scene

with a tilted chessboard and pawns at different distances, non-radial masks failed to reconstruct

sharp details for objects far from calibration depth, whereas radial masks preserved sharper

edges and recognizable details across a wider depth range. Among the radial designs, periodic

masks with few sectors favored smoothness, while those with many sectors reconstructed high-

frequency details. The optimized radial mask struck a balance between these extremes, provid-

ing sharp chessboard edges and smooth reconstruction of the pawns. In the transparent-object

experiment, the optimized radial mask successfully reconstructed both a semi-transparent fore-

ground pattern and a plush toy behind a glass plate, in a configuration where depth-estimation-

based strategies are prone to fail due to transparency-induced ambiguities.

Overall, this chapter demonstrates that radial coded masks, optimized within a simple MTF-

based framework, can extend the depth of field of lensless imaging systems while remaining
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compatible with standard 2D reconstruction algorithms. At the same time, the use of an SLM

and restricted aperture means that the radial structure is not fully exploited across the entire

sensor area. In the next chapter, we build on these insights and investigate full-aperture radial

mask designs aimed at achieving near depth-invariant PSFs and potentially paving the way

toward all-in-focus lensless imaging.
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Chapter 4

Full-aperture radial masks for all-in-focus

lensless imaging

4.1 Motivation and overview

In Chapter 3, we showed that enforcing a radial structure on a coded mask and optimizing its

MTF can extend the effective DOF of a lensless camera while still using a 2D shift-invariant

convolution model for reconstruction. Using an SLM-based prototype camera with a restricted

mask region, we demonstrated that radial masks yield more stable reconstructions across depth

than non-radial patterns, and that the optimized radial design achieves a favourable trade-off

between MTF response (i.e., compared to baseline radial patterns) and robustness to object–PSF

depth mismatch (i.e., compared to baseline non-radial patterns).

Current limitations. This first-generation system, however, has two important limitations.

First, from an aperture perspective, only a central portion of the SLM is used and the periphery

is blocked to improve stability. Even if the displayed pattern is radial, this truncation reintro-

duces depth-dependent changes in the PSF, as shown in Fig. 4.1(Left), which can constrain

the achievable DOF. Second, from an implementation perspective, the SLM’s relatively coarse

pixel pitch and limited fill factor reduces the spatial resolution and contrast of the PSFs, which
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Restricted-aperture radial mask
(Previous method)

Ful-aperture radial mask
(Proposed method)

Figure 4.1: (Left) Restricted-aperture radial mask with a depth-induced PSF variation. (Right)

Full-aperture radial mask with a depth-invariant PSF. Adapted from [1].

in turn constrains its achievable reconstruction quality.

Proposed solutions. In this chapter, we address both limitations from our previous research.

(1) On the aperture side, we investigate full-aperture radial masks designed to be larger than

the sensor area, thus exploiting the radial structure across the camera’s entire FOV, as shown in

Fig. 4.1(Right). The goal is to obtain PSFs that are more strongly correlated across depth than in

the restricted-aperture case, pushing the multi-depth forward model closer to a depth-agnostic

behavior and potentially paving the way to a true all-in-focus snapshot lensless camera. (2)

On the implementation side, we replace the SLM with passive, printed amplitude masks. This

change improves the optical quality of the PSFs and increases light efficiency. To isolate this

implementation effect from aperture effects, we fabricate not only a full-aperture radial mask

but also a restricted-aperture radial mask following the design used in Chapter 3. This allows

us to separate the gains due to better mask realization from those due to increased aperture.

Chapter outline. To investigate whether the full-aperture radial mask achieves wider DOF

than its restricted-aperture counterpart, we proceed in four steps. (1) We describe the printed-

mask prototype camera, calibrate PSFs at multiple depths for both restricted- and full-aperture

radial masks; we then quantify depth robustness via cross-correlation across depth planes. (2)

We perform a proof-of-concept DOF evaluation using small objects aligned near the optical

axis, where the impact of shift-variance is reduced and 2D shift-invariant deconvolution can
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be applied, enabling a fair comparison between restricted- and full-aperture masks under the

same reconstruction model. (3) We present a second proof-of-concept experiment in a data-

driven reconstruction setting, where learned models can implicitly accommodate shift-variance,

allowing us to compare restricted- and full-aperture masks on larger objects. (4) We propose

an approximate shift-invariant deconvolution strategy based on an artificially extended PSF that

enables the use of full-aperture radial masks within a 2D convolution framework, making it

possible to reconstruct large planar targets and continuous-depth scenes.

4.2 Prototype camera and PSF characterization

In this section, we describe the new prototype lensless camera built around printed radial

masks and analyze its depth-dependent PSFs. We consider two variants of the radial design:

a restricted-aperture mask that follows the approach used in Chapter 3, and a full-aperture

mask that extends the radial pattern to cover the full FOV of the sensor. Using this prototype,

we first compare the depth robustness of these two masks via multi-depth PSF calibration and

cross-correlation, and then assess the degree of spatial shift-variance in each design and its

implications for 2D shift-invariant deconvolution that we used previously.

4.2.1 Prototype camera with printed radial masks

Mask fabrication. The new prototype lensless camera is designed to address two limitations

of the lensless camera in Chapter 3: (1) the limited optical quality of the SLM-based mask

and (2) the restricted effective aperture. we replace the previously used SLM with passive

amplitude masks fabricated on a chromium-coated glass substrate. The optimized radial pattern

is first designed in software and then transferred onto the chromium layer through standard

mask fabrication procedures, yielding binary transmittance with well-defined edges and high

fill factor. This fabrication procedure increases the mask resolution by one order of magnitude,

from a feature size on the order of 36 µm in the SLM implementation to approximately 1.62 µm

for the printed chromium mask. It also reduces aliasing and staircasing along radial directions
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Figure 4.2: (a) Prototype camera built with restricted- and full-aperture printed radial masks and

3D printed holders for ease of mask swapping. (b) Multiple depth PSF calibration setup. (c)

PSFs calibrated at multiple depths for restricted- and full-aperture masks. (d) Confusion maps

with maximum cross-correlation values of PSFs at different depths. Reproduced from [1].

that arise when radial patterns are represented at low spatial resolution, potentially improving

even further the depth-invariance of the radial PSF.

From this base pattern, we fabricate two masks: a restricted-aperture radial mask, in which

only a central region is opened to reproduce the effective aperture used in the SLM prototype,

and a full-aperture radial mask, in which the radial pattern occupies the entire clear area of the

substrate so as to occupy the full FOV of the image sensor. This pair of masks printed masks

provides a fair comparison between restricted- and full-aperture radial masks by allowing us to

disentangle improvements due to a better physical realization (printed chromium mask versus

SLM) from those due to increased aperture (full versus restricted).

Mechanical assembly. The masks are mounted in front of a color CMOS image sensor using

custom 3D-printed holders. These holders maintain a fixed axial spacing between mask and

sensor, align their optical axes, and block stray light entering from the periphery. As the sensor,
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we use a Teledyne FLIR BFS-U3-28S5C-BD with a resolution of 1936×1464 pixels and a pixel

pitch of 4.5 µm. The restricted-aperture radial mask is fabricated so that its clear aperture covers

approximately one quarter of the sensor extent along each axis. The full-aperture radial mask,

in contrast, is printed larger than the sensor in order to cover its entire FOV. The assembled

prototype camera is shown in Fig. 4.2(a).

Data acquisition and reconstruction. Raw RGB images are captured, optionally cropped and

downsampled for reconstruction, and normalized for analysis. By swapping only the mask

element while keeping the rest of the camera unchanged, we can directly compare the PSFs and

reconstruction behavior of the restricted- and full-aperture radial designs.

4.2.2 PSF depth dependence analysis

Multi-depth PSF calibration. To quantify how strongly each mask design suppresses depth

information in the PSF, we calibrate PSFs at multiple distances using the prototype camera. For

a set of depths {zk} within the working range of the system, we place a point-like light source on

the optical axis and record the corresponding lensless measurements. Each capture is treated as

an estimate of the PSF h(zk) at depth zk for a given mask. The point light source is created using

an LED source (Optosigma SLA-100B) with an attached pinhole aperture (200 µm pinhole),

mounted on a linear stage to facilitate its depth variation. The PSF calibration setup is shown in

Fig. 4.2(b). The PSFs are calibrated for 4 depths (i.e., 1, 3, 5, and 10 cm). Results are shown in

Fig. 4.2(c).

Cross-correlation across depth. For both restricted- and full-aperture masks, we evaluate

PSF similarity for all pairs of depths d1, d2 ∈ {1, 3, 5, 10}. Since the calibrated PSFs are not

perfectly aligned, we compute a 2D normalized cross-correlation map by sliding one PSF over

the other and then take the maximum correlation value as the similarity score between the two

depths. Formally, for a pair of PSFs h(zd1) and h(zd2), we define

ρ(zd1 , zd2) =
h(zd1) ⋆ h(zd2)

∥h(zd1)∥2 ∥h(zd2)∥2
, (4.1)
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as the normalized correlation map, where ⋆ is the cross-correlation operation, and ∥·∥2 is the L2

norm. We compute ρ(zd1 , zd2) for all pairs d1, d2 ∈ {1, 3, 5, 10}, get the maximum value, and

display the results as confusion maps in Fig. 4.2(d). The full-aperture radial mask consistently

yields higher correlation values over a wider depth range, indicating that its PSFs change more

slowly with depth variation. In other words, extending the radial pattern across the full aperture

makes the forward model closer to the ideal depth-invariant behavior illustrated in Fig. 3.1, and

suggests that a single PSF calibrated at a predefined depth may remain usable over a broader

DOF. This analysis is performed with PSFs measured on-axis and does not yet account for

spatial shift-variance across the field of view, which we analyze next.

4.2.3 PSF shift-variance observation

Restricted-aperture masks. Lensless cameras with restricted-aperture masks are often mod-

eled with shift-invariant PSFs. Intuitively, even when the point source moves within the field of

view, most of the coded mask pattern still projects onto the sensor, so the PSF shape changes

are minimal. This is illustrated in Fig. 4.3(a): three point sources at different incidence angles

but on the same depth plane project nearly the full mask pattern onto the sensor. On the right

of Fig. 4.3(a), the two calibrated PSFs from the prototype camera (one on-axis and one near

the edge) exhibit similar structure, differing primarily in intensity distribution but not on PSF

shape.

Full-aperture masks. For full-aperture masks, this assumption breaks down. As shown in

Fig. 4.3(b), point sources at different lateral positions on the same depth plane illuminate differ-

ent regions of the coded mask, so distinct portions of the pattern are projected onto the sensor.

This is reflected in the two calibrated PSFs in Fig. 4.3(b): unlike the restricted-aperture case, the

on-axis and off-axis PSFs differ not only in overall intensity but also in shape, since different

areas of the mask are illuminated. This position-dependent change in PSF structure indicates a

stronger shift-variance of the full-aperture radial mask’s PSF.

Challenges and solutions. The stronger shift-variance observed for full-aperture masks im-
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Figure 4.3: (a) Restricted-aperture radial mask, with entire mask pattern being projected onto

the sensor from all directions, so that a centrally calibrated PSF and shifted PSF have the same

information, albeit with different intensity values. (b) Full-aperture radial mask, with different

angles projecting different mask regions and therefore producing different centrally calibrated

and shifted PSFs. Adapted from [1].

plies that the simple shift-invariant model in Eq. (2.4) no longer provides a good approximation

of the lensless measurements across the field of view. As a result, the deconvolution-based

methods used in the previous chapter, which assume a single global PSF, are not immediately

applicable in this setting. In the following sections, we explore three differing strategies that al-

lows us to evaluate the full-aperture mask’s DOF by circumventing this limitation. In Sec. 4.3,

we target small objects placed near the optical axis of the camera, thus reducing the impact

of shift-variance and allowing the 2D convolution model to remain a reasonable approxima-

tion; this allows a fair DOF comparison between restricted- and full-aperture masks under the

same reconstruction methods as before, albeit in a limited scenario. In Sec. 4.4, we turn to

data-driven reconstruction and use learned models to implicitly handle shift-variance, enabling

DOF analysis for larger objects occupying larger amount of the FOV while acknowledging the

black-box and training-dependent nature of this approach. Finally, in Sec. 4.5, we introduce a

novel approximation based on artificially extended PSFs that allows us to apply shift-invariant-

like deconvolution to full-aperture radial masks, making it possible to reconstruct large planar

targets and continuous-depth scenes within a single, general framework.
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4.3 Shift-invariant deconvolution for small on-axis objects

The goal of this section is to evaluate the effective DOF achieved by the full-aperture radial mask

when reconstructing small objects at varying depths using a single calibrated PSF. As discussed

in Sec. 4.2.3, the full-aperture mask exhibits strong shift-variance and is not well approximated

by a 2D shift-invariant convolutional forward model. To make the problem tractable, we con-

strain our analysis to small, centered objects—specifically MNIST digits—so that the spatial

variation of the PSF across the object support remains limited. In this localized setting, the

convolutional forward model in Eq. (2.4) serves as a reasonable approximation, which allows

us to apply efficient convex optimization-based reconstruction methods based on the 2D convo-

lutional model.

Despite the model mismatch, we show that the reconstructed images are of sufficient quality

to analyze the system’s depth invariance. We first present simulation results and then reconstruc-

tions from physical captures acquired with the prototype camera. The physical experiments also

serve to validate that using the convolutional model as an approximation in simulation is fair,

by comparing depth-sensitivity trends across both domains. Taken together, these experiments

provide a consistent evaluation of the depth-robust behavior of the proposed full-aperture mask

design relative to the restricted-aperture baseline.

4.3.1 MNIST simulation experiment

Experimental setup. This experiment evaluates the effective DOF of both the restricted- and

full-aperture radial masks in simulation using small MNIST digits. The objective is to analyze

how robust reconstruction is to PSF mismatch across varying object depths when using a single,

fixed PSF for deconvolution. To isolate the effect of depth and avoid confounding factors such as

sensor noise or quantization, all simulations are performed in a noiseless setting. The geometric

parameters of the optical system used to simulate PSF scaling with depth are summarized in

Table 4.1.

For each mask type, we simulate PSFs at four depths: 1, 3, 5, and 10 cm from the coded

Graduate School of Information Science and Technology, The University of Osaka



Chapter 4 Full-aperture radial masks for all-in-focus lensless imaging 57

Table 4.1: Optical parameters used to simulate PSF scaling with depth for the MNIST and QR-

code experiments. Reproduced from [1].

MNIST simulation QR-code simulation

Mask aperture a 1.6 mm 1.6 mm

Mask–sensor distance d 4 mm 4 mm

Sensor width 6.5 mm 6.5 mm

Pixel pitch 6.5/500 ≈ 0.013 mm 6.5/360 ≈ 0.018 mm

Mask–object distance D 10, 30, 50, 100 mm 10, 100 mm

mask. MNIST digit images are placed at each of these depths, and synthetic sensor measure-

ments are generated by convolving the object with the corresponding depth-specific PSF. The

geometric parameters of the optical system and the PSF dimensions are summarized in Ta-

ble 4.1.

Reconstruction and quantitative analysis. Reconstruction is performed using ADMM [51]

under a shift-invariant convolutional model, with a single PSF calibrated at either 10 cm or

1 cm. This allows us to qualitatively assess how each calibrated PSF generalizes to other depths

for each mask design.

To quantify DOF, we compute the average mean squared error (MSE) over 100 MNIST

digit reconstructions for each pair of calibration depth and object depth. This yields a 4 × 4

“confusion matrix”, where each entry corresponds to the average reconstruction error when

using a PSF calibrated at depth zd1 ∈ {1, 3, 5, 10} to reconstruct an object located at depth

zd2 ∈ {1, 3, 5, 10}.

Results. The qualitative simulation results in Fig. 4.4 (left) show that the restricted-aperture

mask is more sensitive to PSF mismatch: a PSF calibrated at 10 cm yields poor reconstructions

at 1 cm, and a PSF calibrated at 1 cm performs poorly at 10 cm. In contrast, the full-aperture

radial mask produces visually consistent reconstructions across depths, even when there is a

large mismatch between calibration and object depth. The MSE confusion matrices in Fig. 4.4

confirm this trend quantitatively: the full-aperture mask exhibits lower errors in the off-diagonal
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Figure 4.4: MNIST digit reconstruction for simulated and prototype-camera experiments. Left:

simulation results for a representative digit and the corresponding MSE confusion matrices

showing the impact of PSF depth mismatch for restricted- and full-aperture radial masks. Right:

reconstructions of the same digit from real measurements captured with the prototype camera

using a monitor-based display setup at multiple depths. Reproduced from [1].
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entries, indicating a broader depth-invariant response than the restricted-aperture design.

4.3.2 MNIST prototype camera experiment

Experimental setup. We next evaluate the depth-dependent reconstruction performance of the

restricted- and full-aperture radial masks using real measurements captured by our prototype

lensless camera. The goals are twofold: (i) to validate, under real-world conditions, the DOF

behavior observed in simulation, and (ii) to assess whether the convolutional model approxima-

tion provides a fair basis for analyzing DOF in the full-aperture setting.

MNIST digits are displayed on a monitor mounted on a platform with adjustable z-axis

translation, allowing us to control the display depth, as illustrated in Fig. 4.4(right). We capture

measurements at four object depths: 1, 3, 5, and 10 cm from the coded mask. The digit size on

the monitor is chosen to be 20× 20 pixels at 1 cm and to scale linearly with depth, resulting in

sizes of 60×60 pixels at 3 cm, 100×100 pixels at 5 cm, and 200×200 pixels at 10 cm. Given a

monitor pixel pitch of approximately 116 µm, the smallest object has a size of roughly 2.3 mm

and the largest of roughly 23 mm on the display. This setup yields small, localized objects near

the optical axis, for which the shift-invariant approximation is most reasonable.

Reconstruction procedure. For each mask design, the objects are reconstructed using two

fixed PSFs, one calibrated at 1 cm and the other at 10 cm, allowing us to evaluate how well

each PSF generalizes across depth. Reconstructions are obtained using ADMM under a shift-

invariant convolutional model with total variation regularization, mirroring the simulation set-

ting in Sec. 4.3.1. This ensures that qualitative trends in depth sensitivity can be compared

directly between simulated and real data.

Results. Figure 4.4 (right) shows representative reconstruction results for the prototype camera.

For the restricted-aperture mask, reconstruction quality degrades markedly when the object is

placed far from the calibration depth: digits at 1 cm become blurry and distorted when recon-

structed with the 10 cm PSF, and the inverse mismatch exhibits similar artifacts. This behavior

highlights the limited DOF of the restricted-aperture system. In contrast, the full-aperture radial
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mask produces visually consistent reconstructions across all tested depths for both calibration

PSFs, confirming its robustness to PSF mismatch in practice. Although minor discrepancies

relative to simulation are expected due to factors such as noise, calibration errors, and monitor

non-idealities, the overall trends align well with the results of Sec. 4.3.1 and support the con-

clusion that the full-aperture radial mask provides substantially improved depth invariance for

localized objects.

4.4 Data-driven shift-variant deconvolution for large objects

In this section, we evaluate the performance of the proposed full-aperture radial mask on scenes

with larger objects. Specifically, we consider QR codes placed at different distances from the

camera. In contrast to the localized MNIST digits used in Sec. 4.3, these QR codes occupy

a substantial portion of the field of view and thus experience strong spatial variation in the

observed PSF. As illustrated in the PSF analysis (Sec. 4.2.3), the shift-invariant convolutional

model becomes a poor approximation in this setting, and the deconvolution methods used up to

this section in this thesis are no longer applicable.

To handle this shift-variance, we adopt a supervised learning approach: we train a deep neu-

ral network (U-Net) on lensless captures acquired at a single far depth (10 cm) and evaluate its

generalization to a closer, unseen depth (2 cm). Since the network is trained on data from only

one depth, successful reconstruction at 2 cm indicates that the optical system—rather than the

network—supports depth-invariant reconstruction. We present experiments in both simulation

(Sec. 4.4.1) and with real measurements from the prototype camera (Sec. 4.4.2), comparing the

full-aperture and restricted-aperture radial masks under the same learning-based regime.

4.4.1 QR code simulation experiment

Motivation and setting. The MNIST experiments in Sec. 4.3 demonstrated extended DOF

for small, centered digits, where the shift-invariant model remains a reasonable approximation.

Many practical applications, however, involve larger objects that span a significant portion of
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Figure 4.5: U-Net reconstruction of QR codes for near and far depths using a model trained

only on far-distance captures. Left: simulation results for restricted- and full-aperture radial

masks. Right: corresponding reconstructions from real measurements acquired with the proto-

type camera. Reproduced from [1].

the camera’s FOV. For such scenes, the PSF varies strongly across the field of view and the

convolutional model breaks down. Here we investigate whether the proposed full-aperture ra-

dial mask can still support depth-robust reconstruction of large QR codes by using an implicitly

learned shift-variant inverse mapping.

Experimental setup. We consider binary QR codes as test patterns and train a U-Net model [17]

to map lensless measurements to the corresponding QR code images. The training set consists

of 20,000 synthetically generated QR codes, created from random alphanumeric strings of up

to 20 characters. For both full- and restricted-aperture masks, we simulate forward captures

at two depths: 10 cm (used for training) and 2 cm (used only for testing). All simulations are

performed at a resolution of 360×360 pixels, matching the prototype experiments in Sec. 4.4.2.

Neural reconstruction model. For training, we use a U-Net architecture following the im-

plementation of [17], with a sigmoid activation in the final layer to produce outputs in [0, 1]

suitable for binary reconstruction. The network is trained for 300 epochs using the Adam opti-
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mizer [71] with a learning rate of 1 × 10−4 and a batch size of 64. To encourage robustness to

small misalignments and to better match the prototype setup, we apply random cropping from

360 × 360 to 300 × 300 pixels during training. We monitor validation loss during training and

retain the model checkpoint that achieves the lowest validation error.

Results. Figure 4.5 (left) shows representative reconstruction results for a test QR code at both

the training depth (10 cm) and the unseen test depth (2 cm). At 10 cm, both the restricted-

and full-aperture masks produce accurate reconstructions, indicating that the learned model can

successfully invert the lensless measurements at the training depth for either optical design. For

the depth of 2 cm unseen during training, however, the behavior diverges: only the full-aperture

radial mask continues to yield reliably decodable QR codes, whereas the restricted-aperture

mask produces reconstructions that are severely degraded.

To quantify this effect, we evaluate reconstruction performance over 100 randomly gener-

ated QR codes at 2 cm. For each reconstruction, we decode the output image using a standard

QR-code reader and compare the recovered string with the ground-truth content. The full-

aperture mask achieves 100% reconstruction accuracy, recovering the correct encoded content

in all 100 cases. In contrast, the restricted-aperture mask fails to produce a single correctly

decoded QR code under the same conditions. These results indicate that, when paired with a

learned model, the full-aperture radial mask supports significantly better depth generalization

for large, shift-variant scenes than the restricted-aperture design.

4.4.2 QR code prototype camera experiment

Experimental setup and dataset. We now replicate the QR-code experiment using real mea-

surements captured with the prototype camera, with the goal of validating the simulation find-

ings in a physical setting. The overall setup mirrors that of the MNIST experiments in Fig. 4.4:

a monitor displays QR codes at controlled depths in front of the lensless camera.

For training, we display QR codes at a fixed distance of 10 cm from the coded mask and

capture lensless measurements for both the restricted- and full-aperture radial masks. The tar-
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get images are the corresponding QR-code renderings shown on the monitor. The resulting

dataset consists of three components: (1) the 20,000 synthetic QR-code targets, (2) the associ-

ated lensless measurements captured with the restricted-aperture mask, and (3) those captured

with the full-aperture mask. The sensor images, originally 1464 × 1936 pixels, are cropped to

1440× 1440 pixels and then downsampled to 360× 360 to match the simulation resolution.

To test generalization, we display and capture 10 additional QR codes at a closer distance

of approximately 2 cm from the coded mask, using the same monitor and camera configuration.

These close-up captures are never shown during training and serve as a real-world counterpart

to the 2 cm test depth in simulation.

Neural model and training protocol. The reconstruction network and training protocol are

identical to those used in the simulation experiment (Sec. 4.4.1). For each mask type, we train a

separate U-Net using the 10 cm training data and random cropping from 360×360 to 300×300

pixels, which helps remove alignment bias as a confounding factor. As before, we select the

model checkpoint that achieves the lowest validation loss.

Results. Figure 4.5 (right) shows representative reconstructions from the prototype camera

experiments. At the training depth of 10 cm, both the restricted- and full-aperture masks yield

accurate and decodable QR codes, in line with the simulation results. When evaluated on the

extreme close-up captures at 2 cm, however, only the full-aperture radial mask continues to

produce reconstructions that can be reliably decoded. Although the close-up reconstructions for

the full-aperture mask exhibit minor visual deviations from the target, the encoded content is

recovered correctly in all tested cases. In contrast, the restricted-aperture mask fails to produce

any correctly decoded QR codes at 2 cm; the reconstructed patterns are visibly distorted and

cannot be decoded by a standard QR reader.

We repeated the 2 cm evaluation for 10 different QR codes. All reconstructions obtained

with the full-aperture mask were successfully decoded, while none of the reconstructions from

the restricted-aperture mask yielded the correct content. These findings reinforce the simulation

results of Sec. 4.4.1 and further confirm that, when combined with a learned shift-variant de-

convolution, the full-aperture radial mask provides wider depth generalization for large objects
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Figure 4.6: (a) Optical (unbounded) and observed (sensor-cropped) PSFs for on-axis and off-

axis point sources: the on-axis case preserves shape up to scale, whereas off-axis shifts cause

the observed PSF to change shape due to cropping. (b) Proposed extended-PSF approximation,

where a centrally calibrated PSF is upscaled to approximate the optical PSF, enabling an ap-

proximately shift-invariant convolutional model followed by cropping. Reproduced from [1].

compared to its restricted-aperture counterpart.

4.5 Approximate shift-invariant deconvolution with extended

PSFs

4.5.1 Extended-PSF forward-model approximation

Motivation. The experiments in Secs. 4.3 and 4.4 were intentionally designed to work around

the increased shift-variance of the full-aperture radial mask. In the localized MNIST setting

(Sec. 4.3), we restricted the object size and position so that the PSF could be approximated

as shift-invariant. In the QR-code experiments (Sec. 4.4), we instead relied on a data-driven

model to implicitly learn the spatially varying deconvolution. While both strategies were used to

demonstrate the depth robustness of the full-aperture design, neither provides a general, physics-

based forward model that can be used with standard deconvolution algorithms for large objects
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and continuous-depth scenes.

In this section, we propose an alternative approach. Rather than constraining the scene or

relying on learned inversion, we introduce a forward-model approximation that allows the full-

aperture system to be treated as approximately shift-invariant by using an extended PSF. This

approximation enables shift-invariant deconvolution for large planar targets and continuous-

depth scenes, using the same class of convex optimization methods employed in the restricted-

aperture case.

Optical versus observed PSF. To formalize this idea, we distinguish between the optical PSF

and the observed PSF. The optical PSF corresponds to the full shadow of the coded mask that

would be formed on an ideal, unbounded sensor plane: it extends beyond the physical sensor

area and reflects only the geometry of the mask, the mask–sensor distance, and the object depth.

In contrast, the observed PSF is the portion of this shadow that actually falls onto the finite

sensor and is therefore captured in practice.

When a point source lies on the optical axis, the optical PSF is centered on the sensor. In this

case, the observed PSF can be seen as a central crop of the optical PSF, and for a radial pattern

specifically, their structure matches up to a scaling factor, so the two are effectively equivalent

for modeling purposes. When the point source shifts laterally on the same depth plane, the

optical PSF is simply translated across the (conceptual) infinite sensor plane, much like the

shift-invariant PSFs considered in the previous chapter. However, because the physical sensor

covers only a fixed window, the observed PSF becomes a crop of a different region of the same

optical PSF. As a result, the optical PSF remains shift-invariant (it only translates), while the

observed PSF becomes strongly shift-variant, since its shape changes with the cropping region

selected by the sensor (see Fig. 4.6-a).

Extended PSF and shift-invariant modeling. The forward-model approximation we propose

is to model the system at the level of the optical PSF rather than the observed PSF. Since the

optical PSF is shift-invariant across lateral shifts at a fixed depth, we can write an approximate

forward model as

y ≈ C
(
hopt ∗ x

)
,
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where hopt denotes an extended PSF representing the full mask shadow on an idealized plane, ∗

is 2D convolution, x is the scene, and C(·) crops the convolved image to the sensor region. All

the position dependence is concentrated in the cropping operator, while the convolution itself

remains shift-invariant and can be implemented efficiently.

In practice, we do not directly observe hopt, since the sensor always crops the PSF. Our ap-

proach is therefore to construct an artificially extended PSF hext that approximates hopt by syn-

thetically enlarging a centrally calibrated observed PSF. For the full-aperture radial mask, this

construction is reasonable because the mask pattern is approximately scale-invariant: upscaling

the central observed PSF preserves its structural properties and provides a plausible estimate of

the unseen outer regions of the coded mask. In other words, a single centrally calibrated PSF,

together with an upsampling operation, is sufficient to approximate the full extended kernel, as

shown in Fig 4.6(b).

By contrast, for generic full-aperture masks (e.g., random patterns or non-radial designs)

simple upscaling of a central PSF would not faithfully represent the unobserved regions: differ-

ent lateral positions would reveal genuinely different mask structures that are never seen by the

central calibration. Accurately recovering the optical PSF in such cases would require explicit

shift-variant calibration at multiple positions, which is considerably more complex. Thus, the

full-aperture radial mask is attractive not only because it improves DOF, but also because its

geometric structure makes the extended-PSF approximation both physically plausible and easy

to calibrate from a single on-axis measurement.

4.5.2 Validating the extended-PSF shift-invariant model

Motivation. The extended-PSF approximation proposed in Sec. 4.5.1 models the full-aperture

system as a shift-invariant convolution with a synthetically enlarged PSF, followed by cropping

to the sensor region. Before relying on this model for large-scale reconstructions, we must ver-

ify two key aspects in practice: (1) that an extended PSF constructed from a single centrally

calibrated measurement can indeed compensate for the strong shift-variance of the full-aperture
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Figure 4.7: Results of the artificially extended PSF size sweep for an FFHQ capture. Adapted

from [1].

mask, and (2) that there exists a practical kernel size (i.e., upsampling factor) for which recon-

structions are stable and free of artifacts. To this end, we perform a PSF-size sweep using real

FFHQ captures from the prototype camera, and empirically identify the smallest extended PSF

that yields reliable reconstructions under the proposed shift-invariant framework.

Experimental setup. To determine a suitable size for the extended PSF, we perform a sweep

experiment using real measurements from our prototype lensless camera and face images from

the FFHQ dataset [73]. We adopt the same display configuration as in the MNIST experi-

ments (Sec. 4.3): FFHQ images are shown on an LG Ultrafine 5K monitor and captured by

the prototype camera equipped with both the restricted- and full-aperture radial masks. For this

subsection, we focus on a representative capture obtained with the full-aperture mask.

The monitor is placed approximately 40 cm in front of the coded mask. We display 1800×

1800-pixel face images, which correspond to a physical object size of roughly 21 × 21 cm

given the monitor pixel pitch of 116.7 µm. During capture, the sensor gain is fixed at 0 dB

and gamma correction is disabled. Exposure time is varied in later experiments to compare

light efficiency, but for the PSF-size sweep we use a single exposure setting that yields a well-

exposed measurement. The raw lensless image is cropped from the native sensor resolution of

1464×1936 pixels to a square region of 1464×1464 pixels and then downsampled to 512×512

pixels for reconstruction.

Extended-PSF candidates and reconstruction procedure. The full-aperture PSF is calibrated
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using an on-axis point source placed at the same depth as the display (approximately 40 cm).

From this centrally calibrated observed PSF, we construct a family of extended PSFs by syn-

thetically enlarging its support. Specifically, we consider six candidate sizes for the extended

kernel:

512× 512, 640× 640, 768× 768, 820× 820, 870× 870, 920× 920

For each candidate size, we upsample the calibrated PSF to the desired resolution and use it as

hext in the shift-invariant forward model

y ≈ C
(
hext ∗ x

)
,

where x is the unknown scene, and C(·) crops the convolved image back to the 512 × 512

measurement region.

Reconstruction is performed using FISTA [49] with the same regularization and optimiza-

tion settings employed later in Sec. 4.5.3. For each PSF size, we reconstruct the image for

10,000 iterations. When hext is larger than the 512 × 512 measurement, the forward model

naturally produces an estimated measurement with the same size as the PSF; this estimate is

then center-cropped to 512 × 512 before computing the data-fidelity term. Representative re-

constructions for each PSF size are shown in Fig. 4.7.

Results and choice of PSF size. The sweep reveals a clear dependence of reconstruction qual-

ity on the extended-PSF size. When the PSF support matches the measurement resolution

(512×512), the reconstruction fails to recover a recognizable face: the model cannot adequately

compensate for the strong shift-variance induced by sensor cropping of the full-aperture mask.

Enlarging the PSF to 640 × 640 and 768 × 768 improves the result but still introduces visible

artifacts, indicating that the extended kernel does not yet capture the effective spatial extent of

the optical PSF.

At a size of 820 × 820, these artifacts largely disappear and the reconstruction becomes

visually stable and consistent, while further increases in kernel size do not produce noticeable

improvements for this setup. We therefore adopt an extended PSF of 820× 820 as the smallest
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size that yields artifact-free reconstructions for large planar FFHQ targets. This choice strikes

a practical balance between physical plausibility and computational cost, and is used in all

subsequent experiments with the full-aperture radial mask in this chapter.

4.5.3 In-focus FFHQ reconstruction: simulation and prototype

Motivation. Having validated in Sec. 4.5.2 that an extended PSF of size 820 × 820 enables

stable shift-invariant deconvolution for the full-aperture radial mask, we now investigate how

this model performs relative to the restricted-aperture mask when reconstructing in-focus planar

targets. In this section, the scene depth is fixed at the PSF calibration distance, so depth-of-field

is not the limiting factor. Instead, we focus on the trade-off between sharpness, noise, and light

efficiency for the two mask designs under a common shift-invariant reconstruction framework.

We use both simulated and prototype-camera experiments based on FFHQ face images to assess

reconstruction quality.

Simulation setup. We first perform a controlled simulation to compare reconstruction quality

quantitatively. Using the optical geometry described in Table 4.1, we simulate lensless mea-

surements for 100 FFHQ images resized to 256× 256 pixels. For each mask type, we generate

measurements by zero-padding the target images to the PSF size and convolving them with

the corresponding kernel: a 512 × 512 PSF for the restricted-aperture mask and an 820 × 820

extended PSF for the full-aperture mask. Gaussian noise with standard deviation σ = 0.005 is

added to the simulated measurements.

Reconstructions are performed with FISTA [49] under a shift-invariant forward model and

identical regularization for both masks. For the full-aperture case, the estimated measurement

is center-cropped to match the target resolution before computing the data-fidelity term, as in

Sec. 4.5.2. We evaluate reconstruction quality using PSNR and LPIPS [72], reporting the mean

and standard deviation over the 100 images.

Simulation results. Quantitative results are summarized in Table 4.2. The restricted-aperture

mask achieves a PSNR of 24.17 ± 1.23 dB and an LPIPS score of 0.489 ± 0.039, while the
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full-aperture mask attains 24.11 ± 1.22 dB and 0.497 ± 0.035, respectively. The differences

are marginal, indicating that, at in-focus depths, the full-aperture radial mask combined with

the extended-PSF model yields reconstruction quality that is essentially comparable to that of

the restricted-aperture mask. Representative simulated reconstructions are shown in the bottom

row of Fig. 4.8, and visually corroborate the quantitative metrics: both masks produce similar

perceptual quality, with the restricted-aperture mask exhibiting slightly crisper high-frequency

details.

Table 4.2: FFHQ simulation analysis of in-focus reconstruction quality for restricted- and full-

aperture radial masks. Reproduced from [1].

Mask type PSNR (dB) (↑) LPIPS (↓)

Restricted-aperture mask 24.166± 1.23 0.489± 0.039

Full-aperture mask 24.110± 1.22 0.497± 0.035

Prototype-camera setup. We next validate these observations using real measurements from

our prototype lensless camera. The hardware and display configuration follow the setup used in

Sec. 4.5.2. FFHQ face images are shown on an LG Ultrafine 5K monitor placed approximately

40 cm from the coded mask. Each image is displayed at 1800 × 1800 pixels, corresponding to

a physical size of roughly 21× 21 cm for a pixel pitch of 116.7 µm.

The prototype camera captures lensless images with both restricted- and full-aperture radial

masks. During capture, the sensor gain is set to 0 dB and gamma correction is disabled. To eval-

uate light efficiency, we vary only the exposure time across four settings: 2000, 5000, 10,000,

and 15,000 µs. Raw measurements of size 1464× 1936 pixels are cropped to a square region of

1464× 1464 pixels and downsampled to 512× 512 for reconstruction.

Prototype reconstruction model and results. Reconstruction from real measurements is per-

formed with the same shift-invariant framework as in simulation. For the restricted-aperture

mask, the calibrated PSF is resized to 512 × 512 and used directly as the convolution kernel.

For the full-aperture mask, we employ the 820 × 820 extended PSF selected in Sec. 4.5.2: we

Graduate School of Information Science and Technology, The University of Osaka



Chapter 4 Full-aperture radial masks for all-in-focus lensless imaging 71

reconstruct an 820×820 image, generate an 820×820 estimated measurement, and then center-

crop it to 512× 512 for the data-fidelity term. FISTA is run for 10,000 iterations with identical

regularization parameters for both masks. For visualization in Fig. 4.8 (top row), reconstruc-

tions are shown with enhanced brightness and contrast.

The prototype results align well with the simulation findings. At higher exposure times,

both masks reconstruct visually convincing faces, with the restricted-aperture mask yielding

slightly sharper fine detail. However, at the lowest exposure of 2000 µs, the restricted-aperture

reconstructions become significantly noisier, while the full-aperture mask still produces clean,

stable reconstructions. This behaviour reflects the larger light-collecting area of the full-aperture

design.

Discussion. Taken together, the simulation and prototype experiments indicate that, for in-focus

scenes, the full-aperture radial mask combined with the extended-PSF shift-invariant model

achieves reconstruction quality that is on par with the restricted-aperture mask, while offering

markedly better light efficiency. This supports the use of full-aperture designs not only for

their depth-of-field benefits (as shown in previous sections), but also as practical alternatives in

low-light or short-exposure conditions where noise becomes a critical factor.

4.5.4 Continuous-depth scene reconstruction

Motivation. The FFHQ experiments in Sec. 4.5.3 evaluated the extended-PSF model in a pla-

nar, in-focus setting. To further assess the practical feasibility of the full-aperture radial mask

and the proposed shift-invariant approximation, we now consider a scene with continuous depth

variation. In this experiment, objects span a wide range of distances from the coded mask, so

both depth-of-field and light efficiency play a central role. Our goal is to test whether the combi-

nation of full-aperture design and extended-PSF deconvolution can deliver robust reconstruction

across depth, and how it compares to a conventional restricted-aperture mask under the same

reconstruction framework.

Experimental setup. We use a small tabletop scene composed of two chess pawns (red and
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Figure 4.8: Prototype and simulated results for the FFHQ reconstruction experiments of

Sec. 4.5.3. Reproduced from [1].
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green) and a plush toy, placed at different depths along the optical axis, from approximately

2 cm up to 50 cm from the coded mask. The approximate layout is illustrated in Fig. 4.9(left),

where the plush toy is positioned near a reference depth of 40 cm and the red pawn is placed

closer to the camera. For both restricted- and full-aperture radial masks, we calibrate the PSF

using an on-axis point source at 40 cm, so that objects near this distance are nominally “in

focus,” while those significantly closer or farther lie outside the calibration depth.

Lensless measurements are captured at four exposure times, {2000; 5000; 10, 000; 15, 000 µs},

with sensor gain fixed to 0 dB and gamma correction disabled, mirroring the settings used in

Sec. 4.5.3. Raw images of size 1464×1936 pixels are cropped to a square region of 1464×1464

pixels and downsampled to 512× 512 pixels prior to reconstruction.

Reconstruction model. Reconstruction follows the same shift-invariant deconvolution pipeline

used for the FFHQ experiments. For the restricted-aperture mask, the calibrated PSF is resized

to 512×512 and used directly as the convolution kernel. For the full-aperture mask, we employ

the 820 × 820 extended PSF introduced in Sec. 4.5.2. As before, we reconstruct an 820 ×

820 image, generate an estimated measurement of the same size via convolution, and then

center-crop it to 512 × 512 for the data-fidelity term. In both cases, we use FISTA [49] with

identical regularization and run 10,000 iterations. Reconstructions at different exposure times

are displayed in Fig. 4.9(right).

Results and discussion. For the restricted-aperture mask, objects near the calibration depth

(around 40 cm) are reconstructed with relatively sharp edges, especially at higher exposure

times. However, the red pawn, which lies at a considerably different depth, appears notice-

ably degraded: its shape is blurred and corrupted by artifacts, and the reconstruction becomes

increasingly noisy at lower exposures. This behaviour reflects the limited DOF of the restricted-

aperture system and its lower light throughput.

In contrast, the full-aperture radial mask produces more balanced reconstructions across the

entire depth range. While some fine details are slightly less sharp than in the best-case restricted-

aperture reconstructions, the overall structure of the objects across all depths is preserved, and

the reconstructions remain significantly less noisy at short exposure times. The red pawn, in
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Figure 4.9: Experimental setup for the continuous depth scene reconstruction. (Left) Scene to

be images, containing two pawns near the prototype camera (i.e., ≈ 2 and ≈ 5 cm, and a plushie

toy placed 50 cm from the camera. (Right) Reconstructions of the captured scene for restricted-

and full-aperture masks for multiple exposure times. Reproduced from [1].

particular, is much better resolved by the full-aperture mask under the extended-PSF model,

demonstrating improved robustness to depth mismatch.

These continuous-depth results complement the planar FFHQ experiments: together, they

show that the full-aperture radial mask, combined with the extended-PSF shift-invariant ap-

proximation, can deliver near in-focus quality, higher light efficiency, and more uniform recon-

struction across depth than a restricted-aperture baseline, without resorting to depth estimation

or multi-plane PSF calibration.

4.6 Discussion and summary

Summary of contributions. This chapter advances the radial-mask framework along two main

axes. First, we move from an SLM-based prototype to a printed chromium mask, increasing

mask resolution by an order of magnitude. With this higher-fidelity hardware, we revisited the

depth-of-field behavior of the restricted-aperture radial mask and found that, in a continuous-
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depth tabletop scene, its usable DOF is broader than suggested in the previous chapter: recog-

nizable reconstructions extend from the far object at about 50 cm down to roughly 3 cm from

the mask. Second, we extend the radial pattern to the full aperture and systematically compare

restricted- and full-aperture designs. Across MNIST, QR-code, FFHQ, and continuous-depth

experiments, we show that the full-aperture radial mask further widens the effective DOF, en-

abling reconstructions down to approximately 1 cm from the mask while maintaining in-focus

quality near the restricted-aperture mask and offering significantly higher light throughput.

Depth robustness and shift-variance. The multi-depth PSF calibration experiments showed

that extending the radial pattern across the full aperture significantly improves depth invariance:

cross-correlation analysis across depth planes indicated that full-aperture PSFs change more

slowly with depth than restricted-aperture PSFs, bringing the system closer to the ideal behavior

illustrated in Chapter 3.1. At the same time, PSF measurements at different lateral positions

revealed that full-aperture masks are more strongly shift-variant: different parts of the radial

pattern are projected onto the sensor for off-axis point sources, leading to position-dependent

PSF shapes. This trade-off of enhanced depth robustness at the cost of increased shift-variance

motivated the subsequent experimental design and the development of the extended-PSF model.

Localized and learned shift-variant reconstruction. In the MNIST experiments, we restricted

the scene to small digits centered near the optical axis so that the PSF variation across the

object support remained limited. Under this localized regime, the full-aperture radial mask

demonstrated a markedly broader effective depth of field than the restricted-aperture mask,

even when using a single calibrated PSF and a standard ADMM-based deconvolution. The QR-

code experiments relaxed the localization constraint by using large binary patterns that occupy

a substantial portion of the field of view. Here, the shift-invariant convolutional model breaks

down, and we instead employed a U-Net trained at a single depth. Both in simulation and with

the prototype camera, the learned model generalizes across depth only when paired with the full-

aperture radial mask: QR codes captured at unseen close-up distances are correctly decoded for

the full aperture and fail for the restricted aperture. These results confirm that the optical design

itself, rather than the network architecture, is responsible in enabling depth-generalization.
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Extended-PSF approximation and shift-invariant deconvolution. To handle the stronger

shift-variance of the full-aperture mask while retaining the efficiency of 2D deconvolution, we

introduced an extended-PSF approximation: a centrally calibrated PSF is upsampled to a larger

kernel that approximates the underlying optical PSF, and used in a shift-invariant convolution

followed by cropping. A simple sweep over candidate PSF sizes on prototype FFHQ data

showed that an 820 × 820 extended kernel is sufficient to obtain stable, artifact-free recon-

structions. With this model in place, both simulated and real FFHQ experiments demonstrated

that the full-aperture radial mask achieves in-focus reconstruction quality near the restricted-

aperture baseline, while offering notably better performance under short exposure times and

more wider DOF reconstruction in continuous-depth scenes.

Implications and limitations. Taken together, the results of this chapter paint a coherent pic-

ture: full-aperture radial masks combine (i) improved depth robustness, (ii) higher light through-

put, and (iii) compatibility with efficient shift-invariant deconvolution via the extended-PSF ap-

proximation. At the same time, the approximation is not exact: residual shift-variance remains,

and the method requires tuning of the extended PSF size and regularization parameters. Addi-

tionally, extremely wide fields of view or highly off-axis content may still challenge the model.

Finally, the extended-PSF approximation critically relies on the scale-invariant geometry of the

radial pattern and is not expected to transfer directly to arbitrary mask designs.

Connection to subsequent chapters. From the perspective of the overall thesis narrative, this

chapter strengthens the case for radial coded masks as a practical optical front-end for lensless

imaging. Chapter 3.1 showed that restricted-aperture radial masks can extend a lensless cam-

era’s depth of field while remaining compatible with simple 2D deconvolution techniques. The

present chapter demonstrates that a full-aperture version can achieve even wider DOF while

having better light efficiency, and that its apparent shift-variance can be effectively managed

through an extended-PSF forward model. In the subsequent chapters, we build on the results ob-

tained so far and turn our attention to unsupervised reconstruction methods, an area of research

under-explored in the recent literature. Our goal moving forward is to enable higher-quality

lensless imaging without relying on beam-splitter-based supervision by relying on ground-truth-
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less reconstruction methods.
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Chapter 5

Self-supervised lensless imaging

In the previous chapters, we focused on the optical design of lensless cameras, showing how

radial coded masks can substantially alleviate depth-of-field limitations and enable extended-

DoF imaging with 2D reconstruction models. In this chapter, we turn to the reconstruction side

of the problem. Our goal is to develop lensless reconstruction frameworks that (i) avoid reliance

on paired lensed "ground-truth" images, and (ii) leverage neural priors to achieve fast, single-

pass reconstructions once trained, while remaining tightly coupled to the underlying physics

model.

5.1 Motivation

As discussed in Sec. 2.3, lensless reconstruction can be cast as a noisy linear inverse problem

y = Ax+ n, (5.1)

where A encodes the physics of the lensless camera (coded mask, propagation, sensor response)

and n models noise and mismatch. Classical model-based methods such as FISTA and ADMM

reconstruct x by minimizing a regularized objective for each measurement, combining the data

term with an explicit hand-crafted prior (Sec. 2.3). These approaches are interpretable and

require no training data, but their expressiveness is limited and each new reconstruction may
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Figure 5.1: (Left) Supervised approach to train neural models for lensless imaging. (Right)

Self-supervised approach for training neural models for lensless reconstruction. Reproduced

with permission of Springer Nature [2].

require dozens or hundreds of iterations.

Supervised learning offers a complementary path: a reconstruction network fθ is trained on

paired lensless–lensed datasets, typically acquired via beam-splitter setups. Once trained, fθ

produces reconstructions in a single forward pass, dramatically reducing per-image compute.

However, such models inherit the biases of the reference camera, depend on carefully aligned

paired data, and are usually restricted to planar, depth-limited scenes.

In this chapter, we explore an alternative: self-supervised lensless reconstruction with neu-

ral priors. Instead of training on lensed ground truth, we train a reconstructor fθ directly from

lensless measurements and a known forward model, using a loss defined in the measurement

domain. This keeps the reconstruction anchored to the physics of the lensless system, avoids

cross-optics supervision bias, and—once training is complete—enables fast single-pass recon-

structions comparable in speed to supervised networks but learned from measurement-only data.

The following section formalizes this self-supervised formulation and describes the proposed

architectures.
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5.2 Methodology

Problem setting. Throughout this chapter we focus on the shift-invariant forward model intro-

duced in Sec. 2.1.4, written as

y = h ∗ x+ n,

where x is the unknown scene, h is a calibrated PSF for the lensless camera, and n models

measurement noise and residual mismatch. Given only a set of lensless measurements {yi}Ni=1

and the forward model in Eq. (5.2), our goal is to learn the mapping function

fθ : y 7→ x̂

parameterized by θ, that can be applied in a single forward pass at test time.

From one-image priors to pretrained network. A closely related idea to our work is the Deep

Image Prior (DIP) [55], where a convolutional network is optimized per image so that its output,

when passed through the forward model, matches the observed measurement. In the lensless

setting, UDN [56] extends this idea by using a UNet whose weights are optimized from scratch

for each measurement, leveraging the a convolutional network’s inductive bias as a powerful

prior to filter the measurement noise.

While such DIP-style methods can produce high-quality reconstructions and require no

training dataset, the neural model must be retrained from scratch for each image to be re-

constructed. In contrast, our aim is to pretrain a single reconstruction network fθ in a self-

supervised fashion, so that after training, each new measurement can be reconstructed with a

single forward pass while still being constrained by the physics model.

Self-supervised objective. Instead of minimizing a supervised loss between fθ(y
i) and paired

lensed targets (as shown in Fig. 5.1-left), we define a self-supervised loss directly in the mea-

surement domain (as shown in Fig. 5.1-right). We simulate the measurement corresponding to

the reconstruction as ỹi = fθ(y
i) ∗ h and penalize its discrepancy from the observed measure-

ment yi. Formally, we solve

θ∗ = argmin
θ

N∑
i=1

L
(
fθ(y

i) ∗ h, yi
)
, (5.2)
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where L is the mean squared error loss.

This objective has a structure similar to supervised training, but replaces ground-truth lensed

images by a physics-consistency term. The reconstruction network fθ is encouraged to produce

reconstructions that, when mapped back to the measurement space through the known forward

model, reproduce the actual lensless measurements.

Expected benefits. By minimizing (5.2), the learned reconstruction network combines three

desirable properties:

1. Fast inference. After training, each new measurement is reconstructed by a single forward

pass through fθ, making inference as fast as in supervised pipelines and significantly

faster than iterative optimization from scratch.

2. Physics consistency. The loss is defined through the forward model F , ensuring that

reconstructions remain consistent with the actual measurements and the calibrated PSF.

3. Implicit neural prior. The convolutional architecture and training dynamics of fθ provide

an implicit regularization effect, similar in spirit to DIP and UDN [55, 56], but amortized

over a dataset rather than per-image optimization.

Hybrid physics–learned architectures. To assess how self-supervised training compares to

classical convex optimization, we consider three architectures of increasing coupling between

the physics-based and learned components:

• naive UNet. A UNet gθ with the architecture and parameters defined in [17] is trained

directly with the self-supervised loss (5.2). Here, the network is responsible for both

inverting the forward model and enforcing prior structure. In this scenario, the estimated

reconstruction is obtained as:

x̂UNet = gθ(y).

• Wiener-U. A hybrid model that first applies a fixed Wiener-like deconvolution (Sec. 2.3)

to provide an initial estimate of the information to be reconstructed and then refines the
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result with the denoising UNet gθ:

x̂Wiener-U = gθ

(
Wiener(y;h)

)
The physics layer handles a large portion of the inverse problem in a linear, interpretable

way, while the UNet focuses on removing artifacts. The entire pipeline is trained end-to-

end using (5.2), but only the UNet parameters are learnable.

• ADMM-U. A second hybrid model that replaces the Wiener step with a small, fixed num-

ber of ADMM iterations based on the DiffuserCam formulation [19]. Starting from the

measurement y, we run a fixed number of ADMM steps (e.g., five) to obtain an initial

estimate of the scene information that incorporates a TV prior and non-negativity con-

straints. A UNet gθ then refines this estimate as:

x̂ADMM-U = gθ

(
ADMM(y;h)

)
This design leverages a strong, interpretable model-based reconstructor as the first stage,

while the UNet acts as a learned denoiser. As in Wiener-U, only the UNet is trained; the

ADMM steps are fixed and derived from the known forward model and regularizer.

All three architectures are trained under the same self-supervised objective (5.2), differing

only in how much of the inverse problem is handled by explicit physics (Wiener or ADMM)

versus the neural network. This allows us to systematically evaluate the trade-offs between pure

learned reconstruction and hybrid physics–learned designs in terms of reconstruction quality,

robustness, and computational cost.

Relation to classical and supervised methods. Conceptually, the proposed self-supervised

models sit between classical convex optimization and fully supervised deep networks:

• Like classical methods, they are anchored to the physical forward model and require no

lensed ground-truth images.

• Like supervised methods, they leverage an offline training phase that enables fast single-

pass inference for new measurements.
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In the subsequent sections of this chapter, we evaluate these self-supervised models on both sim-

ulated and prototype-camera datasets, comparing them against Wiener deconvolution, ADMM,

and UDN baselines, and comparing these methods in terms of reconstruction quality and infer-

ence speed without lensed supervision.

5.3 Experiments

In this section, we evaluate the proposed self-supervised reconstruction framework on both

simulated and real lensless data, and compare it against classical convex optimization baselines.

Throughout, we use the optimized radial coded mask introduced in Chap. 3 and implemented as

a printed mask in Chap. 4. For the hardware experiments, we reuse the prototype camera from

Sec. 4.2, operated in its restricted-aperture configuration.

Our goals are: (i) to assess how close self-supervised neural reconstructions can come to

well-tuned convex optimization in terms of PSNR and perceptual quality; and (ii) to quantify

the corresponding reduction in inference time.

5.3.1 Simulation experiments

Experimental setup and implementation details. We first perform controlled simulations

using the FFHQ [73] dataset as a representative natural-image prior. We select 20,000 images

for training and 1,000 images for testing. Each image is resized to match the PSF support and

is transformed into a synthetic lensless measurement via the convolutional forward model in

Eq. (2.4), using the optimized radial mask from [70] and additive Gaussian noise with standard

deviation σ = 0.005.

As convex baselines, we consider: UDN [56], Wiener filtering [48], and TV-regularized

ADMM [51] with both 5 and 100 iterations. Hyperparameters for these methods (e.g., regular-

ization weights, step sizes) are selected by random search on a validation subset.

For the self-supervised models, we instantiate three architectures: (i) a UNet similar to [17];

(ii) Wiener-U, i.e., Wiener deconvolution followed by a denoising UNet; and (iii) ADMM-U,
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Figure 5.2: Reconstructions for simulated and prototype camera experiments comparing clas-

sical methods and self-supervised models on the FFHQ lensless dataset. Reproduced with per-

mission of Springer Nature [2].
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Table 5.1: Quantitative analysis for simulated results on 20 reconstructions from the test set.

For UDN method we show the metrics for the best reconstruction and the last (in parentheses)

reconstruction over 20, 000 iterations. Bold and underlined indicate best and second best meth-

ods, respectively. Reproduced with permission of Springer Nature [2].

Convex Opt. PSNR (dB)(↑) LPIPS(↓) Time (ms) batch size(↓)

UDN (20k iter) 19.00(22.44) 0.475(0.348) 404× 103 1

Wiener 10.03 0.723 0.179 64

ADMM (100 iter) 26.01 0.167 4× 103 64

ADMM (5 iter) 24.81 0.246 3.703 64

Self-supervision (ours)

UNet 20.61 0.483 2.551 64

Wiener + UNet 21.18 0.386 2.643 64

ADMM(5 iter) + UNet 23.67 0.239 6.355 64

i.e., ADMM with 5 iterations followed by a UNet denoiser. In Wiener-U and ADMM-U, the

convex modules use exactly the same hyperparameters as in their convex-only counterparts. All

networks are trained end-to-end with the self-supervised loss, using mean squared error in the

measurement domain and the Adam optimizer [71] for 400 epochs.

Evaluation methodology. For quantitative comparison, we select 20 images from the 1,000-

image test set and reconstruct them with classical and self-supervised methods. We report the

average PSNR and LPIPS [72] as reconstruction quality metrics, and inference time (ms) in

Tab. 5.1. For UDN, we show the metrics at the final iteration and, in parentheses, the best value

attained within 20,000 iterations, to highlight its sensitivity to the stopping criterion.

Inference time is measured on an RTX 5090 GPU, using batch size 64 whenever possible.

The average per-image runtimes are reported in Tab. 4.2. Qualitative examples of reconstructed

FFHQ faces are shown in Fig. 5.2(a), where the first row contains convex baselines and the

second row contains self-supervised models.
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Results and analysis. The quantitative results in Tab. 5.1 reveal the trade-offs between recon-

struction quality and computational cost:

• ADMM with 100 iterations achieves the highest PSNR and a strong LPIPS score, but

requires on the order of 4 × 103 ms per image, making it impractical for real-time or

high-throughput applications.

• UDN can reach better-quality reconstructions at its best iteration than at its final one,

but its performance is highly sensitive to the number of iterations, with a total runtime

exceeding 4× 105 ms per image.

• The self-supervised UNet alone attains moderate PSNR and perceptual quality, but often

produces overly smooth reconstructions, consistent with the known low-frequency bias

of CNNs (see Fig. 5.2(a)).

• Hybrid self-supervised models (Wiener-U and ADMM-U) significantly improve both

PSNR and LPIPS relative to their convex-only counterparts, while keeping inference

times in the few-millisecond range. In particular, ADMM-U narrows the quality gap

to ADMM-100 while being roughly three orders of magnitude faster.

Taken together, these results indicate that self-supervised hybrid models can approach the

reconstruction quality of carefully tuned iterative solvers while providing orders-of-magnitude

faster inference, making them attractive candidates for practical lensless systems.

5.3.2 Prototype camera experiments

Experimental setup and camera configuration. We next validate the self-supervised ap-

proach on real measurements acquired with the prototype lensless camera introduced in Chap. 4.

The camera uses a CMOS image sensor (BFS-U3-28S5C-BD by Teledyne FLIR) with 1936×

1464 pixels and 4.5 µm pitch, and a chromium-deposited radial coded mask on a 4 cm× 4 cm

glass substrate. In this chapter, we operate the system in a restricted-aperture configuration,
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using only the central region of the mask; after cropping, the active mask area occupies approx-

imately 17% of the effective sensor area.

We use the same acquisition setup used for the QR codes and the FFHQ experiments of

Chap. 4, placing a display in front of the lensless camera, as shown in Fig. 4.4. FFHQ im-

ages are displayed on a monitor placed approximately 10 cm away from the coded mask, and

21,000 lensless measurements are captured. Raw sensor images are cropped from the native

1936× 1464 resolution to 1000× 1000 pixels and subsequently downsampled to 250× 250 for

reconstruction. Calibrated PSFs for this configuration are obtained following the procedure de-

scribed in Sec. 4.2, and are used both in the convex baselines and in the self-supervised forward

model.

For the prototype experiments, we reuse the same algorithmic configurations as in simu-

lation: UDN, Wiener, and ADMM with 5 and 100 iterations as convex baselines, and UNet,

Wiener-U, and ADMM-U as self-supervised models. Training is performed directly on the

real lensless measurements, using the same self-supervised loss and optimization settings as in

Sec. 5.3.1.

Evaluation methodology. Because the prototype captures involve real sensor noise, illumi-

nation variations, and calibration imperfections, we mainly focus on qualitative comparisons.

Representative reconstructions are shown in Fig. 5.2(b) for all methods. For reference, we also

display the corresponding PSF and captured measurement.

Although it is possible to compute PSNR and LPIPS against the displayed FFHQ images af-

ter suitable brightness and contrast normalization, such metrics are sensitive to global gains and

offsets that may differ between simulation and hardware. We therefore treat them as secondary

and emphasize visual fidelity, noise characteristics, and structural sharpness in our analysis.

Results and analysis. The trends observed in simulation largely carry over to the prototype

camera:

• Wiener and short-iteration ADMM reconstructions tend to be either noisy or overly smoothed,

depending on the chosen regularization level and iteration count.
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• UDN frequently produces blurry outputs for the prototype data within the practical iter-

ation limit, illustrating its sensitivity to the number of iterations and to model mismatch

between simulation and hardware.

• The self-supervised UNet alone yields reconstructions that are globally plausible but

somewhat soft, with occasional color or brightness shifts relative to the display images.

• Hybrid self-supervised models (Wiener-U and especially ADMM-U) produce sharper,

more natural-looking reconstructions that better suppress noise and artifacts, while re-

maining consistent with the measurement data through the embedded physics-informed

modules.

An additional observation from Fig. 5.2(b) is the mismatch in absolute brightness and con-

trast between some reconstructions and the displayed reference images. This highlights a po-

tential source of bias in fully supervised pipelines: when trained directly against lensed ground-

truth targets (e.g., beam-splitter pairs or display images), networks may implicitly absorb cali-

bration errors and exposure differences, leading to unpredictable brightness corrections at test

time. In contrast, the self-supervised models considered here are anchored in the measurement

domain via the forward model, and do not rely on cross-optics supervision.

Overall, the prototype results support the main conclusions drawn from simulation: self-

supervised hybrid reconstructions can deliver high-quality images from real lensless measure-

ments, with substantially lower inference time than iterative convex solvers and without requir-

ing lensed ground-truth supervision.

5.4 Discussion and summary

Reconstruction quality versus classical methods. The experiments in this chapter show

that self-supervised neural reconstructions can approach the reconstruction quality of well-

tuned classical methods while avoiding their high per-image computational cost. In simulation,

ADMM with a large iteration budget still provides the strongest baseline in terms of PSNR
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and LPIPS, as expected from a carefully regularized convex formulation. However, the self-

supervised combinations of convex optimization and a UNet denoiser (Wiener-U and ADMM-

U) consistently improve upon their purely convex counterparts with only a modest increase in

inference time. A similar trend is observed for the prototype camera: the convex-only Wiener

and shallow-iteration ADMM reconstructions tend to be noisier or over-smoothed, whereas the

self-supervised variants recover sharper details and more visually pleasing textures.

Speed–quality trade-offs. A key motivation for this chapter was to decouple reconstruction

latency from the number of optimization iterations. The comparison between UDN, iterative

ADMM, and the self-supervised models highlights this point. Methods such as UDN or ADMM

with many iterations can yield high-quality reconstructions but require seconds to minutes per

image when run to convergence. In contrast, once trained, the self-supervised models perform a

single feed-forward pass (optionally preceded by a small fixed number of convex steps), achiev-

ing inference times on the order of a few milliseconds for batched reconstructions. This sug-

gests a practical regime in which lensless imaging benefits from the interpretability of classical

physics-based methods during training, while leveraging neural networks for fast deployment-

time inference.

Benefits of self-supervision for lensless imaging. Unlike supervised reconstructions, the pro-

posed approach does not rely on paired lensed ground truths acquired via beam splitters or

separate high-quality cameras. Instead, it uses only lensless measurements and a calibrated for-

ward model to define the training loss. This has two advantages. First, it removes supervision

bias: the network is not encouraged to match the brightness, contrast, or color balance of a

separate reference imaging system, but is instead constrained to be consistent with the actual

lensless measurements. Second, it simplifies data collection, since building a large-scale paired

dataset is often more challenging than capturing unlabeled lensless measurements with a fixed

prototype camera.

Limitations and scope. At the same time, the proposed self-supervised framework has limita-

tions. It still assumes access to an accurate forward model (here, a shift-invariant convolution

with a calibrated PSF), and the training distribution is tied to the scene statistics of the chosen
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dataset (FFHQ faces in our case). Thus, generalization to very different scene classes or to

strongly depth-varying settings is not guaranteed. In addition, while the self-supervised models

reduce per-image inference time, they require an up-front training phase whose cost scales with

dataset size and network capacity. Finally, our experiments in this chapter focus on restricted-

aperture radial masks and planar scenes near a given calibration depth; extending the framework

to fully exploit the depth-robust optics developed in previous chapters remains an open direc-

tion.

Summary of contributions in this chapter. This chapter has: (i) formulated lensless re-

construction as a self-supervised learning problem driven solely by measurement-domain con-

sistency; (ii) proposed hybrid architectures that couple classical convex optimization (Wiener

and ADMM) with a UNet denoiser in a self-supervised training loop; and (iii) demonstrated,

through both simulations and prototype-camera experiments, that these models can achieve re-

construction quality comparable to iterative methods at a fraction of the inference time, without

relying on lensed ground-truth supervision. These findings position self-supervised neural re-

construction as a possible building block for future lensless imaging systems, particularly when

combined with the depth-robust optical designs developed in the earlier chapters of this thesis.
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Chapter 6

Conclusion

Concluding thoughts. In summary, this thesis demonstrates that practical all-in-focus 2D lens-

less imaging can be achieved without explicit depth estimation or lensed supervision by jointly

designing the optical system and the reconstruction model. Our contributions are threefold.

First, we established that radial mask structures provide a principled way to supress depth

cues on the lensless measurement. By introducing a radial parameterization and optimizing the

mask pattern within this framework, we demonstrated both experimentally and in simulation

that restricted-aperture radial masks achieve simultaneous extended depth of field and broad-

band MTF, while preserving compatibility with simple, fast, shift-invariant 2D reconstruction

techniques.

Second, we extended the radial concept to full-aperture masks, revealing a core trade-off

between increased depth robustness and increased shift-variance. We addressed this challenge

through an artificially extended PSF approximation that recovers a usable 2D convolutional

model from shift-variant measurements. This approximation enabled all-in-focus performance

even for large-aperture masks that offer significantly improved light throughput.

Third, we showed that high-quality lensless reconstructions can be obtained without any

lensed ground-truth images by leveraging self-supervised training based solely on measurement

consistency. The proposed neural and hybrid architectures achieved reconstruction quality com-

parable to or better than traditional physics-based methods while operating at millisecond-scale
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inference times and avoiding the potential biases inherent to supervised training.

Taken together, these results show that rather than treating depth dependence, shift-variance,

and supervision as individual limitations, they can be mitigated or removed through carefully

coordinated and complementary choices in mask shape/geometry, forward modeling, and recon-

struction strategy. The resulting system moves lensless imaging closer to real-world viability,

supporting robust and efficient 2D reconstruction across large depth ranges, scenes, and capture

conditions.

Future directions. The contributions of this thesis also highlight several limitations and open

questions to be addressed in future works.

Regarding the radial-mask design, our systems deliberately trade depth information for ex-

tended depth of field. By making the PSF more invariant to depth, we enable in-focus 2D recon-

structions over a wide range of distances, but at the same time reduce the sensitivity needed for

explicit 3D recovery. The proposed masks are therefore well-suited for all-in-focus 2D imag-

ing, but not compatible with depth-estimation tasks. An important open question is whether it is

possible to construct hybrid mask designs or multi-stage systems that retain the depth-robust be-

havior of radial patterns for 2D reconstruction, while still encoding sufficient depth-dependent

structure for 3D recovery. This could involve combining radial structure with additional depth-

encoding features or multi-mask configurations that switch between "EDoF mode" and "3D

mode" depending on the task.

A second limitation of the radial mask lies in its restricted design space. As shown in

Sec. 3.3.1, an unoptimized random coded mask can achieve a broader MTF response than our

optimized radial pattern, which translates into higher in-focus reconstruction quality. This re-

veals an inherent trade-off between peak in-focus performance and extended depth of field.

In this work, our optimization objective was tailored to obtain a broadband radial response

under the radial-structure constraint. A promising direction for future research is to move be-

yond purely broadband MTF criteria and instead design objectives that emphasize natural image

statistics, so that the radial pattern is optimized for the frequencies and structures that matter

most for reconstructing real-world scenes.
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A third limitation stems from the use of large aperture radial masks. While enabling larger

DOF than restricted aperture masks, it was shown to produce lower reconstruction quality for

objects within its DOF, as shown in Sec. 4.5.1. This is further highlighted by the quantiza-

tion experiments in Sec. A.1, where we see that lost information in larger apertures due to

cropping effect degrades reconstruction quality more severely than bit quantization. Addition-

ally, the extended-PSF forward model proposed in Sec. 4.5.1, while physically motivated by

the scale-invariant geometry of the radial mask and supported by current experiments, remains

an approximation that may break down for very wide angles, or stronger off-axis aberrations.

Developing more accurate yet tractable models for shift-variant lensless systems, and charac-

terizing when extended-PSF approximations remain valid, are promising directions for future

work, especially for applications requiring large fields of view or strict quantitative accuracy.

A fourth limitation stems from the use of relatively simple priors (i.e., UNet-based denoisers

combined with Wiener or few-step ADMM) for our self-supervised approach in Ch. 5. This de-

sign, while competitive against traditional reconstruction methods (e.g., Wiener filter, ADMM),

fall short of the photorealistic quality enabled by the current supervised training approaches

in the literature. An exciting line of research is to integrate more powerful generative pri-

ors into the unsupervised/self-supervised lensless reconstruction pipeline. In particular, recent

diffusion-based priors for inverse problems have shown state-of-the-art results in deblurring,

inpainting, super-resolution, and compression artifact removal by guiding pretrained diffusion

models with data-fidelity terms [46, 61, 63, 64]. However, these methods have rarely been eval-

uated in other challenging optical settings such as lensless imaging, where the forward operator

can be highly ill-conditioned, depth-dependent, and shift-variant [66]. Systematically investi-

gating diffusion-guided reconstruction for lensless cameras, understanding their failure modes

under model mismatch and calibration errors, and adapting their guidance strategies to coded-

mask physics are important open research directions.

Finally, this thesis has focused on controlled laboratory setups and scenes. Extending radial-

mask designs, extended-PSF modeling, and self-supervised reconstruction to outdoor and high-

dynamic-range scenes, and resource-constrained hardware platforms (e.g., embedded or mo-

Graduate School of Information Science and Technology, The University of Osaka



Chapter 6 Conclusion 94

bile devices) would move lensless cameras closer to real-world deployment. Addressing these

challenges will likely require co-design across optics, reconstruction algorithms, and learning

frameworks, continuing the theme that runs throughout this work: practical lensless imaging

emerges not from specific choices of optics or computation alone, but from a carefully designed

balance between the two.
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Appendix A

Additional experiments

A.1 Quantization analysis via simulation

Motivation. In this section, we analyze how analog–digital quantization interacts with coded-

mask aperture size and how this interaction affects reconstruction quality. We focus on two

questions: (1) Does bit quantization degrade reconstruction quality more severely for larger-

aperture masks, and if so, by how much? (2) For large-aperture masks, is the impact of quan-

tization more critical than the information loss caused by PSF cropping due to finite sensor

size? This investigation provides additional insight onto the tradeoff between restricted- and

full-aperture radial masks with respect to reconstruction quality, now considering quantization

along with the increase in aperture size.

Methodology. We study the effect of quantization and aperture size using the following simu-

lation pipeline: (1) simulate lensless measurements at high numerical precision (32-bit floating

point) using the forward model; (2) apply an B-bit quantization model,

yquant = round
(
y × (2B − 1)

)/
(2B − 1), (A.1)

where B denotes the number of bits and y ∈ [0, 1] is the pre-quantization measurement; (3)

reconstruct the scene from the quantized measurement yquant using a fixed reconstruction algo-

rithm.
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Figure A.1: Simulation pipeline for the quantization experiments. A high-precision (32-bit)

lensless measurement is first generated by the forward model, then quantized by an B-bit ADC

model, and finally used as input for reconstruction.

This procedure, illustrated in Fig. A.1, is repeated for multiple aperture sizes and bit depths.

By evaluating reconstruction quality with metrics such as MSE and LPIPS, we can systemat-

ically assess how quantization and aperture size jointly influence the performance of lensless

reconstruction.

Experiment. The simulation setup follows the planar-scene experiment in Sec. 3.3.1, using

the same object (three cards arranged on a planar surface) and our optimized radial mask. The

object plane is discretized on a 1024 × 1024 grid, with the target scene occupying the central

512× 512 region. The sensor plane is likewise modeled as a 1024× 1024 grid.

To study the interaction between aperture size and quantization, we vary the effective coded-

mask aperture as a fraction of the sensor area. Specifically, we evaluate five aperture sizes

corresponding to 1.6%, 6.3%, 25%, 56%, and 100% of the sensor area. For each aperture

configuration, we simulate high-precision (32-bit) lensless measurements and then apply bit-

depth quantization with

B ∈ {8, 10, 12, 14, 16}.

For every combination of aperture size and bit depth, we reconstruct the scene using the same

deconvolution method (i.e., ADMM algorithm) and hyperparameters as in Sec. 3.3.1, and eval-

uate reconstruction quality with MSE and LPIPS metrics. The results are summarized as
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Figure A.2: Quantization analysis for the optimized radial mask. Left: MSE of reconstructed

planar scenes as a function of aperture size (mask area with respect to sensor area) and ADC

bit depth. Right: corresponding LPIPS values. In both metrics, reconstruction error increases

primarily with aperture size, while bit-depth has a minor effect above 10–12 bits; a noticeable

degradation appears only for the 8-bit setting, especially at large apertures.

heatmaps in Fig. A.2, enabling a direct comparison of how reconstruction quality varies jointly

with aperture size and quantization level.

Results and discussion. The quantitative results reveal two trends. First, for any fixed bit depth,

increasing the aperture size monotonically degrades reconstruction quality. At 16-bit quantiza-

tion, the MSE increases from 3 × 10−4 to 4.0 × 10−3 when the aperture grows from 1.6% to

100% of the sensor area, while LPIPS rises from 0.0146 to 0.1360. Similar monotonic behavior

is observed for all other bit depths. This indicates that, in our setting, the loss of information due

to cropping associated with larger apertures has a stronger impact on reconstruction accuracy

than quantization itself.

Second, the influence of quantization is relatively mild for bit depths of 10 bits and above.

Across all aperture sizes, the MSE and LPIPS values for 12, 14, and 16 bits are nearly identical,

and even 10-bit quantization introduces only mild degradation (e.g., for a 25% aperture, MSE

remains constant while LPIPS slightly worsen from 0.0848 to 0.0854). A noticeable drop in

quality appears only at 8 bits, particularly for the largest apertures: for a 100% aperture, LPIPS
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increases from 0.1360 (16 bits) to 0.4227 (8 bits), indicating visible quantization-related arti-

facts. Nonetheless, even in this extreme case, the performance gap induced by changing the

aperture from 1.6% to 100% is substantially larger than the gap between 16- and 8-bit quanti-

zation at a fixed aperture.

Overall, these results suggest that, for the optimized radial mask, quantization with 10–12

bits has a negligible effect on reconstruction quality compared to the dominant optical factors.

Reconstruction degradations observed for large-aperture masks are primarily driven by crop-

ping, rather than by ADC bit depth. In other words, within typical sensor bit depths, optical

design choices (e.g., aperture size) remain the main determinant of reconstruction performance.
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