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1. Proposal
I propose to codesign a coded aperture and reconstruc-

tion algorithm for a lensless imaging system.

2. Motivation
Modern imaging systems can be bulky, expensive, and

relatively complex to manufacture. Notably, camera lenses
take up significant volume not only by the thickness of the
glass of the lens, but also through the distance between the
sensor and lens required for light focusing. Lensless imag-
ing systems using a coded aperture offer an attractive alter-
native for reducing the camera volume while also reducing
the costs and steps to manufacture a camera with a glass
lens. This reduction in size and cost can enable improved
applications of in vivo microscopy and depth sensing on au-
tonomous vehicles.

3. Related Work
A typical camera will use a lens to map points on a scene

to a point on a CMOS sensor. In a lensless imaging sys-
tem, computational reconstruction algorithms are required
for demultiplexing the signal as each point source of the
scene is mapped to multiple points on the sensor array.

The FlatCam is an imaging system that places a binary
coded aperture in front of the sensor array, in which the
phase mask modulates the incoming light with a designed
mixture of transparent and opaque features (Figure 1) [2].
For a surface S in the field of view of the sensor, the sensor
measurements y were described as

y = Φx+ e (1)

in which Φ represents the transfer matrix of the phase mask
and x represents the image unrolled, and e represents noise
in detection. To ensure a well-conditioned system that
would allow stable inversion and reduced computational
complexity, their system utilizes separable phase masks that
allow (1) to be rewritten as

Y = ΦLXΦT
R + E (2)

in which X ∈ RN×N represents the scene, Y ∈ RM×M

represents the sensor measurements. ΦL and ΦR repre-
sent the separable mask as a outer product of two one-
dimensional patterns. They place the coded aperture as
close as 0.5 mm away from the sensor. Their image re-
construction algorithm is based on solving the least-squares
problem

X̂LS = argmin
x
||ΦLXΦT

R − Y ||2F , (3)

typically with a regularization term.

Although the system provides impressive success given a
computationally simple reconstruction algorithm, the linear
demultiplexing based system leads to noise amplification
and a reduction in resolution. There is also about a 100 ms
delay between capture and image display, which may not be
as acceptable in real-time systems such as virtual reality.

Another lensless imaging system is the DiffuserCam,
which provides single-shot volumetric imaging under in-
cohrerent light using a diffuser placed over a sensor [1].
Each point source on the 3D surface creates a unique pseu-
dorandom pattern on the sensor, and with the help of com-
pressed sensing algorithms, 3D renderings can be generated
from a diffuser phase mask in front of a 2D sensor array.
Contrary to the FlatCam, the calibration process does not
require precise alignment, and the system is more light ef-
ficient than those that use amplitude phase masks. For the
phase mask, the system uses a thin transparent diffuser with
varying thickness. DiffuserCam uses similar matrix inver-
sion as the FlatCam as part of its reconstruction algorithm
combined with a convolution model.

To diverge away this pipeline of designing the phase
mask first and then solving a modified inverse problem, I
propose to take and end-to-end optimization approach. This
method involves the joint optimization of a phase mask de-
sign and the reconstruction algorithm over a large set of im-
ages, which has been demonstrated in achromatic extended
depth of field and super-resolution imaging [5].



Figure 1. FlatCam architecture. Every every light source contributes to the measurement of each pixel on the sensor. The reconstructed
image can be retrieved by solving an inverse problem. [2]

4. Project Overview

For the duration of the quarter, I would like to set up
the simulation pipeline to perform wave-based propagation,
post-processing reconstruction, and backwards propagation
on the reconstruction weights and phase mask design. I
will be conducting this work in PyTorch using the Semantic
Boundaries Dataset [3].

5. Milestones

By week 7, I would like to have a module set up to simu-
late point spread function (PSF) of point sources to a sensor.

By week 8, I would like to have set up a U-Net to perform
deconvolution on some simulated blur images [4].

By week 9, I would like to have the point spread function
module incorporated into the propagated feedback and per-
form training to start learning the optimal phase mask and
Iights for convolutional neural network-based reconstruc-
tion.

By week 10, I would like to have plots of loss curves
and PSNR for images over a large dataset. I would have a
written report and poster summarizing our work.
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